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Abstract: Water quality control remains an important topic of public health since some diseases, such
as diarrhea, hepatitis, and cholera, are caused by its consumption. The microbiological quality of
drinking water relies mainly on monitoring of Escherichia coli, a bacteria indicator which serves as an
early sentinel of potential health hazards for the population. In this study, an electronic nose coupled
to a volatile extraction system (was evaluated for the detection of the emitted compounds by E. coli in
water samples where its capacity for the quantification of the bacteria was demonstrated). To achieve
this purpose, the multisensory system was subjected to control samples for training. Later, it was
tested with samples from drinking water treatment plants in two locations of Colombia. For the
discrimination and classification of the water samples, the principal component analysis method
was implemented obtaining a discrimination variance of 98.03% of the measurements to different
concentrations. For the validation of the methodology, the membrane filtration technique was used.
In addition, two classification methods were applied to the dataset where a success rate of 90% of
classification was obtained using the discriminant function analysis and having a probabilistic neural
network coupled to the cross-validation technique (leave-one-out) where a classification rate of 80%
was obtained. The application of this methodology achieved an excellent classification of the samples,
discriminating the free samples of E. coli from those that contained the bacteria. In the same way,
it was observed that the system could correctly estimate the concentration of this bacteria in the
samples. The proposed method in this study has a high potential to be applied in the determination
of E. coli in drinking water since, in addition for estimating concentration ranges and having the
necessary sensitivity, it significantly reduces the time of analysis compared to traditional methods.

Keywords: E. coli; drinking water; electronic nose; volatiles extraction; data processing

1. Introduction

Water quality coming from drinking-water treatment plants (DWTPs) continues being a worldwide
problem, especially in developing countries [1]. Deficiencies in water sanitation cause a serious impact
on the population, as it affects health causing a large number of diseases caused by microorganisms [2].
Waterborne disease is a global problem. According to the World Health Organization (WHO), each
year 3.4 million people, mostly children, die from water-related diseases [3]. This organization reported
that more than 2.6 billion people cannot access to clean water of which is responsible for about
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2.2 million deaths annually whereas 1.4 million were children [4]. Although water-associated diseases
in developing countries are prevalent, they are also a serious challenge in developed countries [5].

The microbiological quality control of water for human consumption requires a simple and reliable
assessment of the presence of pathogens [2,6]. One of the most abundant bacteria associated with the
sanitary risk of water is Escherichia coli [6]. The presence of E. coli indicates that there is a high risk
of the incidence of other bacteria and viruses of faecal origin in which many of them are pathogenic.
For this reason, E. coli is used as an indicator organism to identify water samples that may contain
unacceptable levels of faecal contamination [7,8]. That is why E. coli has become a quality parameter for
the creation of regulations or standards where the maximum admissible limits of this bacterial indicator
are established. For drinking water, the parameter is used to evaluate the efficiency of the disinfection
process. In such case, the necessary corrective measures must be taken in order to offer water of
optimum quality for human consumption and complying with the requirements of the regulations [8].

Nowadays, for the E. coli detection in water, standardized and regulated conventional techniques
are used. These techniques are based on the cultivation of bacteria such as fermentation of multiple
tubes, membrane filtration, and methods that use defined substrates, among others [9-11]. Membrane
filtration is perhaps the most used method for the routine enumeration of coliforms in drinking
water due to its practicality. In spite of that, all these techniques present important limitations.
The most important is the prolonged incubation time for the final detection of E. coli, requiring at
least 24-28 h [12,13]. It is worrisome that a positive result of this pathogen is detected when the
water has already reached the distribution system of the different houses of the population being too
late to generate a suitable response. Furthermore, some conventional methods are questioned for
their sensitivity to the interference of microorganisms or antagonistic substances and the deficient
detection of viable but non-cultivable bacteria. The above can lead to false negatives of E. coli in water
samples [10]. In other cases, including molecular techniques, cannot differentiate between viable and
non-viable bacteria; so, this tends to overestimate the contamination of the sample. Additionally, these
are expensive methods that require complex equipment, specific reagents, and lack the standardization
process to obtain protocols for the sample’s analysis [14]. These limitations can place public health at
risk. This is why many research studies have focused on the development of fast and accurate methods
for E. coli detection in drinking water [15-20].

The use of smell detection technology, well known such as the electronic nose has been investigated
as an alternative instrumental method of great utility for the specific analysis, identification and
recognition of volatile organic compounds (VOCs) emanated by bacteria [21-27]. The electronic noses
(e-noses) are composed by a set of chemical gas sensors with overlapping sensitivities whereas each
one responds differently to the composites emanating from the sample, obtaining a characteristic
smell-print to be analysed.

In the samples collection, it requires that each sample in gas phase contains composites of the
bacterial species in order to be measured using a sensor array with good sensitivity and selectivity.
The sensor responses should be represented regarding the specific components of the bacterial
species that makes up the sample as well as improving the quality of classification and robustness
in the measurement. Some references of electronic noses applied in water quality control are listed
below [28-36]. A way to increase the sensitivity and selectivity is to incorporate different sampler
methods. For this, there are some techniques such as Solid Phase Microextraction (SPME) that consists
of two steps: extraction and desorption of the analyte. Although this method is very effective, it
depends on certain sampling parameters such as the type of fibre coating (this means that VOCs vary
according to fibre type), extraction time, equilibrium time, extraction temperature, and desorption.
Additionally, there are dynamic and static headspace methods. The first one consists of submitting a
sample at a certain temperature by means of an inert gas [37]. The volatile compounds are subsequently
retained in an adsorbent trap and then they are injected for its separation through gas chromatography.

Furthermore, the static headspace method is very simple to use and it is inexpensive. That is
why in this research study a static headspace sampler system “home-made” was developed. This
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mechanism consisted of introducing the sample in a closed vial through a septum applying a determined
temperature with the objective to extract an aliquot of the vapour fraction with a syringe for gaseous
samples [38] that was injected in the gas-chromatographic and mass-spectrometry (GC-MS) [39,40].
In this study, a multisensory system was tested using samples collected from Pamplona and
Toledo DWTPs located in the north of Santander department (Colombia). The tests were carried out in
a parallel way. As a validation technique, the membrane filtration (MF) method was used to detect the
E. coli concentration in water. Finally, the results obtained by means of both techniques were compared.

2. Materials and Methods

Figure 1 illustrates the general measurement and classification system: (1) sample preparation
and suitability on the vials, (2) headspace sampler (Head sampler), (3) sensory perception system,
and (4) a data acquisition card connected to the sensor chamber and the computer. The individual
components are described below.
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Figure 1. Scheme of the measurement system.

2.1. Bacterial Strain and Control Samples Preparation

In this study, the bacterial strain Escherichia coli (ATCC 25922) was used. It was preserved in the
microbiology collection centre of the University of Pamplona.

Initially 10 mL of a bacterial suspension was prepared on sterile water at a concentration of
3 x 108 CFU/mL. For this, isolated colonies of E. coli that were grown in nutritive agar at 35 + 2 °C for
18-24 h were taken.

This bacterial suspension was diluted to obtain the final concentrations: 1 X 107,1 x 10°, 1 x 102,
1x10%,1x10',1x10% 1 x 107" and 1 x 1072 CFU/mL (see Figure 2) [41]. The choice of this final
concentration (1 x 1072 CFU/mL) was due to the fact that the local regulations establish that there
should not be presence of E. coli in 100 mL of sample. From each of the Erlenmeyer, 20 mL were taken
in a vial to be analysed by the e-nose. This analysis was repeated ten times for each concentration.
The negative control was prepared by sterilizing drinking water (121 °C/15 psi/15 min). As was
mentioned above, the aim of this study was to verify the capability of the e-nose to discriminate
different concentration of E. coli. The bacterial classification approach can be seen in the first study
made by the authors of this research [42].
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Figure 2. Procedure carried out for the dilution of the control of E. coli.
2.2. Sampling and Treatment of Samples

As was mentioned above, this study was developed in the municipalities of Toledo and Pamplona
located in North of Santander (Colombia). The samples were taken from both DWTPs of these
municipalities. In order to make the comparison between the conventional methodology and the
proposed method, several sampling points were selected in each treatment plant. Entrance of the plant,
after the sedimentation and the outlet from the plant and water taken from the tap of a house were the
sampling points for the Toledo plant. In Pamplona, the sampling points were the same, except the
outlet from the plant.

The samples were analysed in parallel way by a Volatiles Extraction System (VES) coupled to the
e-nose and the MF conventional method. These methodologies were tested to determine the E. coli
concentration in the samples collected. When the analysis by VES coupled to the e-nose was carried
out, the control samples were prepared as indicated in Section 2.1 (see above). The sterilized water
from the respective treatment plant was used and the samples from the treatment plants were analysed
together with the control samples. Furthermore, the membrane filtration method was performed as
follows: a sample of 100 mL of water was passed through a 47-mm diameter cellulose sterile filter
(0.45-um, Millipore, Burlington, MA, USA) and transferred to a plate on a selective medium to allow
the growth of bacteria for 24 h at 35 + 2 °C. The selective medium used was Chromocult®Coliform
Agar, (Merck, Darmstadt, Germany) [15].

Figure 3 illustrates the stages that were part of the drinking-water treatment plants.
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Figure 3. Diagram of the unit operations that makes up the drinking-water treatment plant.



Water 2019, 11, 774 50f 15

2.3. Generation of HeadSpace of the Samples

In this research, the VES technique for the extraction and concentration of composites emanating
from the sterile water samples was applied and the water with E. coli samples were collected from the
different points of the treatment plants.

Since there was no equipment to perform this procedure, a “home-made” volatile extraction
system was constructed, taking into account the combination of incubation time and temperature to
increase the concentration of volatile analytes in order to reach a balance before to be detected with the
multisensory system (see Figure 4).

Figure 4. Design of the volatiles extraction system (VES).

The operation of the VES was based on the temperature control of a heating capsule (3) and the
operation of a stepper motor (1) for automatic control of the injector (2). The temperature of the heating
capsule was regulated by a proportional, integral, and derivative (PID) controller of discrete-type
implemented in a low-cost data acquisition card used in an embedded way (Arduino Mega, 2560).
This flexible and easy process began when the sample was prepared. A 20 mL vial was sealed by a
septum which was placed inside the capsule with the objective to apply and maintain the temperature
at 50 °C and generate the volatile components to a vapour phase (upper space of the road known as
“Headspace”). Through a user graphical interface (5, 6) (liquid crystal display (LCD)) the incubation
time necessary to generate the volatilization of the compounds and temperature of the sample in a
range of 0 to 110 °C was defined.

All components were energized by using two power supplies (4, 7) of 12 VDC and 24 VDC,
respectively. Table 1 shows the parameters used to generate the headspace of the samples.

Table 1. Parameters used in the experiments of Escherichia coli discrimination.

Parameters of Headspace Sampler

Sample Volume 10 mL
warm-up time 15 min
Incubation vials temperature 50 °C

It should be noted that 10 mL of sample volume were used in this study since the electronic nose
and the VES system (using vials of 20 mL) were conditioned to detect less amount of the sample.
For this reason, although the international regulation recommends to evaluate the E. coli to 100 mL of
volume, in this case 10 mL it was enough to test the sensibility and selectivity of the proposed system.
It allowed to avoid the saturation of the sensors in order to improve the recovery time. Once the
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warm-up-time was reached (around 15 min) it was possible to make measurements in rapid way since
all vials could also be heated in just a few minute (five minutes).

Once the desired temperature was reached, the stepper motor was activated. It moved down
to a stainless-steel syringe in order to extract the volatile compounds from the vial. In this step,
an electro-pump and a three-way solenoid valve were activated for a specific time that allowed all the
generated volatile compounds to be drawn into the sensor chamber inlet.

2.4. Generation of Headspace.

A chamber composed by 16 metal oxide gas sensors (Taguchis from the Figaro company, Arlington
Heights, IL, USA) was coupled to the headspace system. Table 2 describes the gas sensors implemented
in this study. It is important to clarify that five duplicate-sensors (i.e., TGS 826, TGS 831, TGS 821,
TGS 842, and TGS 880) were placed inside of the sensor chamber since they showed good sensitivity
and selectivity. Although these duplicate-sensors belonged to the same model, their responses were
different. Therefore, useful and reliable information in the dataset were obtained in order to achieve
the expected results. These commercial gas sensors are manufactured by means of a resistive sensing
material and its responses will never be equal to each other.

Table 2. List of sensors that make up the sensor matrix of the e-nose.

Sensor Application Type of Sensible Heat Label
TGS 826 Odour detection Ammoniate and amine S1
TGS 831 Halocarkfons gas detection R-22 Monoclorodifluoromethane S2

(refrigerant gases)
TGS 821 Combustible gas detection Hydrogen S3
TGS 826 Odour detection Ammoniate and amines S4
TGS 842 Combustible gas detection Methane and natural gas S5
TGS 880 Cooking control Smoke of the food (Alcohol, odour) S6
TGS 825 Toxic gas detection Hydrogen sulphide S7
TGS 813 Combustible gas detection Hydrocarbons in general S8
TGS 800 Air quality monitoring Air pollutants in general S9
TGS 880 Cooking control Smoke of the food (Alcohol, odour) S10
TGHS 822 Solvent vapour detection Alcohol and organic solvents S11
TGS 821 Combustible gas detection Hydrogen 512
Halocarbons gas detection R-134°
TGS 832 (refrigerant gases) 1,1,1,2-Tetrafluoroethane S13
TGS 842 Combustible gas detection Methane and natural gas 514
TGS 831 Halocarl?ons gas detection R-22 Monoclorodifluoromethane S15
(refrigerant gases)
TGS 830 Halocarbons gas detection R-22 Monoclorodifluoromethane S16

(refrigerant gases)

The system was composed of three stages, such as: (1) the sampling stage (e.g., static headspace)
which was replaced by the VES with flow control, (2) a sensor array and (3) a computational system.
Table 3 shows the time parameters defined in the e-nose system.

Table 3. Parameters.

Sampling Parameters of the Electronic Nose

Concentration time 5 min
Capture time 10 min
Cleaning time 10 min
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2.5. Generation of Headspace of the Samples

Once the signals were acquired, a data pre-processing stage was applied to the samples [43]. This
stage was applied since the outputs of the sensors could present drifts and redundant information
that must be treated before obtaining the responses of the e-nose system. The signals obtained by the
sensor matrix were adjusted. Furthermore, several static parameters were extracted from the sensor
signals and data normalization.

It was considered the maximum conductance parameter (AG = Gmax — Gmin) to extract the
relevant information of each sensor where Gmax corresponded the maximum response value of the
sensor to the reaction with the compound and Gmin was the baseline and/or the value of the steady
state of the sensor. Once the parameters of the sensors were extracted, it was necessary to scale the
information in order to apply the pattern recognition algorithms. There were several types of scaling:
linear, logarithmic, variables or measures. It should be noted that for this research, four types of
standardization methods were tested: auto-scaling, centring, and normalization by column and by
matrix. All measurements were analysed using multivariate statistics techniques such as PCA and
DFA. On the other hand, a PNN network was applied to the dataset. A short description of each
method is shown below.

Principal Component Analysis (PCA): PCA is a multivariate analysis method that is widely useful
in feature reduction, data compression, variable selection, and sometimes used for noise reduction.
This statistical powerful procedure for data analysis was selected in this application since it is an
effective linear unsupervised method to extract the most relevant information and project data from
several sensors to a two-dimensional plane using scores plot. Therefore, it is possible to discriminate
properly a data set, finding the directions of maximal variance. PCA returned a new basis which is a
linear combination of the original basis [44]. Each vector (orthogonal) has an amount of variance in the
data set with a different degree of importance. The scalar product of the orthogonal vectors gives the
value of the principal component.

Discriminant Function Analysis (DFA): It is a supervised method unlike PCA analysis, which
it is able to reduce the dimensionality and classify a dataset while preserving as much of the class
discriminatory information as possible. DFA maximizes the ratio of between class variance to the
within-class variance in any data set, further it provides maximal discrimination and usually a number
of two latent variables (i.e., first two canonical variables) of a linear combination of independent
variables can be selected for classification [45].

Probabilistic Neural Network (PNN): This method was applied in this study to classify the data
set, it provides a solution to measure classification problems. It is a biologically-inspired process that
works similar to the human brain and that uses a training set to generate distribution functions (i.e.,
Gaussian distribution) with different layers. The algorithm requires less computational cost and high
training speed compared to other methods [46].

3. Results

To use the PCA statistical technique, the static parameter AG was applied. Afterwards, the matrix
normalization method was obtained and applied to be used with the PCA analysis making all the
sensors with equal weight. At the end of this procedure, a statistical PCA model was created in
order to project a new group of measurements into the plot. Figure 5 presents the first analysis of
the main components of sterile water samples and the contaminated samples with E. coli at different
concentrations. This experiment was done in order to verify the performance of the e-nose to distinguish
the different categories. For data processing, a number of representative information was acquired
(10 measurements for each category) by means of the first two principal components (PC1 and PC2).
It is very important to clarify that those 10 measurements were acquired with the VES and e-nose
system, but there were some outliers due to the experimental problems (e.g., power supply fluctuations
on temperature control of VES). Therefore, two and three measurements were removed from dataset.
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Figure 5. PCA plot of sterile water and different concentrations of E. coli.

According to the plot, good discrimination between two study groups (sterile water and water
inoculated with E. coli) was obtained. The separation of two categories (i.e., sterile water and E. coli)
is clearly observed leaving in the upper part the free samples of any contaminant and in the lower
part the contaminants samples with E. coli at different concentrations. The discrimination of the seven
groups of different concentrations was clearly determined by obtaining a total variance of 98.03%.

In the same way to PCA, through analysing the results obtained with DFA (see Figure 6) there
were some overlapping in some samples, especially at low concentrations. Therefore, the clusters
corresponding to the categories under study could be clearly identified. By means of the first two
factors a DFA analysis of 91.5% was obtained, getting a good response to the functioning of the system.
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Figure 6. DFA chart of sterile water and different concentrations of E. coli.
3.1. Comparison between the Samples Collected in the Treatment Plant

Table 4 summarizes the results obtained with the normalization and data processing methods from
two plants, where P1 corresponds to the Pamplona plant and P2 to the Toledo plant. It can be seen that
the best result for the discrimination of the measurements was obtained using the matrix normalization
method and applying the PCA and DFA pattern recognition methods. Likewise, applying the PNN with
the cross-validation technique (leave-one-out), a better success rate was obtained for the measurements
classification using the matrix normalization method.
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Table 4. Results of the methods of normalization and data processing.

Method for Standardization

Processed Method

Centred (%) Auto-Scaled (%) Per Column (%) Per Matrix (%)

P1® P2@ P1 P2 P1 P2 P1 P2
PCA 80.1 77.9 70.7 67.8 70.7 85.9 80.4 90.2
DFA 90.5 80.5 95.9 80.5 95.9 80.5 95.9 90.5
Neuronal system PNN 243 714 100 100 100 100 100 100
Neuronal system PNN 0 0 50 40 50 25.7 80.2 80.4

“Leave-one-out”

M Pamplona plant, @ Toledo plant.

3.1.1. Pamplona Plant

Making the PCA plot, the data of the control samples (A, C-E, G, I) and the water samples from
the water treatment plant (B, F, and H) were used. The comparison was made with the purpose
of evaluating the capacity of the system to discriminate and separate the samples (see Figure 8).
A good cluster discrimination could be observed between different categories by using PCA (80.4%
of variance). Tap water samples (B) were discriminated close to the sterile water (A), indicating the
bacteria absent. On the other hand, sediment (F) and input (H) water samples were differentiated with
the measurements of inoculated concentrations by E. coli (see Figure 7).

Scores for PC# 1 versus PC# 2

@ A: Sterile water
B P> B: Tap water
1t “B8 C: 0.01 CFU/ml
D: 1.0 CFU/ml
< E: 10 CFU/mI
B F: Sediment-water
* G: 100 CFU/ml
AH Input water
32 |: 1.000 CFU/mI

Scores on PC# 2

05
Scores on PC# 1

Figure 7. PCA plot of the set of measurements of training samples and samples taken of Empopamplona
plant.

3.1.2. Toledo Plant

In a similar way to the Pamplona plant, the data from the control samples (A, D-F, H, J) and water
samples from the Toledo treatment plant (B, C, G, I) were used. Figure 8 depicts the two categories
that were discriminated using PCA (uncontaminated water and the contaminated water with E. coli at
different co-concentrations) where a variance of 90.2% was reached from the first two components.
We could observe that Toledo plant presented a similar behaviour to the Pamplona one but in this case
the samples of the outlet of the plant were added and grouped on the left part of the PCA plot with the
sterile water samples and tap water samples, indicating that there was not E. coli presence. On the
other hand, the samples of the settler and the inlet water were grouped in different concentration
ranges on the right part of the PCA plot.
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Figure 8. PCA plot of the set of measurements of training samples from Toledo plant.

For the E. coli quantification of the collected samples from two plants, the membrane filtration
technique was used. It was applied in parallel way with the VES and e-nose system. The E. coli counted
in plates were reported in colony, forming units per millilitre (CFU/mL) which are listed in Table 5,
where the P1 (Pamplona plant) data ranged from 0 to 345 CFU/mL and P2 (Toledo plant) between 0 to
125 CFU/mL.

Table 5. Comparison of the results obtained by the two techniques.

Collection Point

Method

Ent‘;f::: f)rfotr}?eﬂl‘;lean ¢ Sediment Water Outlet Water of the Water Taken from
(CFU/mL) (CFU/mL) Plant (CFU/mL) the Tap (CFU/mL)
P1 P2 P1 P2 P1 P2 P1 P2
Membrane 345 125 31 26 <0.01 <0.01 <0.01 <0.01
Filtration (MF) ’ ’ ’ ’
e-nose 100-1000  100-1000 10-100 10-100 - 0 0 0

It is important to note that MF values as well as e-nose ranges were matched in order to verify the
amount of CFU/mL obtained in the sample. It was concluded that with more tests the e-nose might be
able to estimate the number of colonies counted by MFE.

4. Discussion

To evaluate the water quality, the microbiological requirements demanded by the Colombian
regulations were taken into account. From a microbiological point of view, in both treatment plants, the
population of E. coli presented similar behaviour. The water from the entrance of the plants showed an
amount of E. coli greater than 100 CFU/mL. After the settler, the amount of E. coli was reduced between
5 and 10 times and, finally, the water of the outlet of the plant did not present viable cells of E. coli
in 100 mL of water as required by the norm. It was also observed that the distribution system was
not a contamination source by this bacterium because the samples of the taps in the houses presented
negative results for E. coli.

On the other hand, from the results obtained by the two methodologies tested, it could be deduced
that in both treatment plants, the samples of outlet water and tap water were grouped in the category
of samples free of E. coli (left part of Figures 7 and 8), that were located next to the reference sample
of sterile water and matching with the obtained concentration by the membrane filtration method,
<0.01 CFU/mL for both cases. Likewise, it was possible to discriminate the contaminated samples
from the plants in ranges of concentrations of 100 to 1000 CFU/mL. This is the case of the samples of
water from the entrance of the plants, for which the membrane filtration method generated counts
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of 345 CFU/mL and 145 CFU/mL, for plants P1 and P2, respectively. In the same way, through the
response of the e-nose, concentrations between 10 and 100 CFU/mL were determined for the samples
from the settler. When compared to the microbiological method, a total coincidence was observed,
since in the P1 the count was of 31 CFU/mL and in the P2 of 26 CFU/mL. These results indicated an
excellent correlation between the data obtained by both methodologies.

According to what is observed in the two plants, it can be seen that the proposed method has
a degree of repeatability and reproducibility in the measurements, since the same procedure was
applied for the two DWTP’s, the same operating conditions and the results achieved follow the same
behaviours. In addition, the two methods implemented showed similarity in terms of detection
capacity, identification and an approximation in concentration ranges.

Figure 9 shows the response time comparison among the two methods. By means the conventional
method of membrane filtration (a) and their different stages, such as the mixture preparation process,
followed by the detection and confirmation stages of the bacteria. Results were obtained around
24-28 h approximately. On the other hand, the proposed method (b) using the different electronic nose
subsystems such as: gas sensors, feature extraction technique, and data discrimination/classification
methods coupled to the VES system performed on this study. Results were obtained in 30 min.
Therefore, it was possible to reduce the response time for concentration detection of E. coli in drinking
water using the proposed method. It should be noted that to train the system was necessary to create a
model (PCA or DFA) by using 10 measurements for each category (Total: 80 measurements). Therefore,
this procedure took 15 h approximately. Afterwards, the analysis was done in just 30 min.
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A MIXTURE
PREPARATION DETECTION CONFIRMATION
Escherichia Coli
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—— i in Chromocult i loni
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Agua Es!érx E-coli
_

e

DFA
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Figure 9. Response time comparison: (a) Conventional method and (b) proposed method.
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The procedure of the dilutions carried out also allowed us to make an approximation of the
sensitivity for the proposed method. In the first instance, as can be seen in Figures 5 and 6, regardless
of whether the data were treated by PCA or DFA, our methodology generated a good discrimination
between all tested concentrations, being able to discriminate very well between sterile water and water
with concentrations of 1 and 0.1 CFU/mL of E. coli. Furthermore, these results were obtained in lower
concentrations (i.e., 0.01 CFU/mL of E. coli). As mentioned in materials and methods (Section 2.1), in
the election of this final concentration, the limit required by the regulations was taken into account.
Thus, when testing this limit concentration, we observed how the e-nose, certainly, distinguished
between water samples with concentrations of up to 0.01 CFU/mL and separated them from water
samples free of the bacteria (see Figures 8 and 9). These results showed the ability of the e-nose to
discriminate samples with very low concentrations of E. coli, which indicates that the sensitivity of the
proposed methodology is optimal for the analysis of this type of samples, especially from the point of
view of public health.

In this study the e-nose was able to detect E. coli concentrations by using a sample volume of
10 mL due to the experimental design of the sensing system. The measurement protocol and tests
performed with the VES coupled to e-nose were conducted taking into account others studies that
used headspace sampler techniques such as gas sensors and others methods (GC-MS) [17,18]. In these
experiments, different bacterial suspensions of 5 mL to 10 mL were transferred into standard 20 mL
headspace vials. Regarding to e-nose, it was an easily-operated tool with a quickly-response and
portable tool for bacterial samples detection. However, this methodology has some limitations since
it is not able to detect VOCs in a specified way due that e-nose it is a “all or nothing” process in
comparison with MF, which can detect bacterial colonies by count.

As a future work, it would be important to use conventional methods such as gas GC-MS in order
to evaluate and validate the identification and classification of E. coli concentration in DWTP’s, by
comparing with the MF technique and the proposed method.

5. Conclusions

As was mentioned, although the international regulation recommends to evaluate the E. coli to
100 mL of volume from drinking water samples for the determination of this bacteria, the results in
the proposed methodology showed that the e-nose had a good sensitivity to detect the bacteria at the
concentrations required by the standard. It should be noted, however, that the volume requirement
was used to avoid false negatives, since the membrane filtration method was based on the cultivation of
viable cells that were retained on the membrane surface. For its part, the proposed technique was able
to analyse the gas phase generated by the sample, so it is not a crop-dependent procedure. With the
obtained results we can infer that the potential use of the e-nose is to detect E. coli at low concentrations.

The results demonstrated that the proposed methodology allowed an effective evaluation between
the contaminated samples and control samples. It is observed an excellent discrimination of the
categories for the samples obtained from both drinking water treatment plants. The negative samples
for E. coli were clustered together with the sterile water, while the test samples were located between
concentration ranges that allowed to estimate the concentration of E. coli in water.

The system VES coupled to the e-nose allowed to discriminate sterile water samples from
contaminated samples with E. coli at different concentrations. In the same way, it was possible
to classify each of the seven groups belonging to the different concentrations (from 1 x 107 to
0.01 CFU/mL) obtaining a total variance captured of 98.03% using the PCA technique. Additionally,
the system demonstrated sufficient sensitivity to detect and discriminate contaminated samples with
concentrations of 0.01 CFU/mL of E. coli from sterile samples. Moreover, this tool could be used for
other purposes (e.g., spoilage of fruits, early detection of microbial contamination in processed food,
screening of fungal species, pesticides detection, among others) in developing and developed countries.

By comparing the concentration ranges estimated by the VES coupled to the e-nose, with the
results of the quantification of E. coli by using the membrane filtration method, the relation was
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observed through PCA statistical analysis. These results supported the capacity and certainty of the
proposed method to estimate the concentration of this bacteria in drinking water samples.

Taking into account that the main disadvantage of conventional methods is the time it takes to
obtain results due to the long periods of incubation, it can be said that the biggest advantage of the
tested methodology was the rapid response time (i.e., 28 h with MF and 30 min with e-nose) to obtain
results because once the system was trained, the analysis could be done in a few minutes. Likewise,
the proposed method could save the operation costs as it does not require the purchase or preparation
of culture media and everything related to conventional analysis.

The system VES coupled to the e-nose could be a promising analysis tool to be applied for bacterial
detection due to its speed and ease of use.
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