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Tracing the chemical composition of the surrounding environment appeals to the design of highly sensitive and

selective gas sensors. Primarily driven by IoT, miniaturized multisensor systems, like e-noses, are considered to

address both selectivity and sensitivity issues. Although e-noses might enable discrimination between close

homologs and isomers, they are required to be “trained”, i.e. to project analyte-related signals into artificial

space, prior to their in-field applications. In this study, using the programmed co-precipitation method, we

synthesized aluminum-doped zinc oxide (AZO) and employed it as a sensing material in an e-nose to

examine the sensing performance towards close C1–C5 alcohol homologs and isomers, e.g. 1-propanol and

2-propanol, 1-butanol and isobutanol in the frame of the multisensor paradigm. For the first time, we

demonstrated selective recognition of the alcohol vapors without prior training of the e-nose. This was

realized by matching projections of the known analytes' “fingerprints”, used to build a chemical space, with

the projections of analyte-related signals acquired using the e-nose in artificial space under machine

learning algorithms. Moreover, the AZO based e-nose demonstrates a remarkable, up to 0.87,

chemoresistive response to alcohol vapors, 0.9 ppm, in the mixture with air at 300 �C with a detection limit

down to sub-ppb level. This opens a new avenue for the development of self-learning gas analytical

systems, which might recognize new analytes whose profiles are not yet stored in their library.
Introduction

Information transmitted with gaseous species, smells,
comprises a valuable source in many practical applications,
such as air pollution monitoring,1,2 methanol detection in
beverages,3 human health assessment,4 detection of viruses5 or
explosives.6 It was evolutionarily required for human survival,
stimulating fast avoidance response to traces of dangerous
smells.7 Obvious demands for easy detection of these smells
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have led to the appearance of a large family of sensors and gas
analytical systems.

The analytical gure of merit of every sensor or gas analytical
system is dened by several parameters, such as sensitivity,
selectivity, stability, speed of operation, cross-sensitivity, limit
of detection, etc.8–10 A natural primary ambition is to achieve
maximum performance for a sensor, e.g. detection of a single
molecule is an ultimate characteristic of sensor sensitivity.11

The other important characteristic, i.e. the ultimate selectivity,
should address differentiation between two isomers or very
close homologs, still complicated by undeveloped approaches
to the description of the basis of the smell.12,13

Several analytical techniques meet the demands for selective
detection of isomers or homologs, such as photoacoustic
sensors, which also enable sensitivity down to sub-ppt level,14

sensors based on Fourier-transform infrared spectroscopy
(FTIR), which enable recognition of many analytes in the
wavelength region of molecular ngerprints,15 ion mobility
mass spectrometry (IMS),16 also mass spectrometry (MS)
coupled with liquid or gas chromatography (GC).17 While
traditional MS methods handle the differentiation of particles
using a mass-to-charge ratio, dri time IMS separation is
directly based on particle collision cross-section,18,19 enabling
J. Mater. Chem. A, 2022, 10, 8413–8423 | 8413
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the determination of isomers. In 2019 Ono et al. reported
a vapochromic sensor for discrimination of small aromatic
molecules.20 Their device was proved to have good sensitivity to
1 ppm of toluene, p-xylene, 4-uorotoluene, and anisole. The
high selectivity of the device allowed one to differentiate
between the different isomers of xylene. A combination of gas
sensors with a chromatographic column has been utilized to
approach selective recognition of close homologs. In 2006
Sanches et al. reported a volatile organic compound (VOC)
detection device based on a single gas sensor combined with
a GC micro-column with very high selectivity and with low
response time.21 Thirteen years later van den Broek et al. revived
this approach for the separation of methanol over ethanol.3

Recently, metal–organic frameworks have attracted consider-
able attention relying on highly selective adsorption capabil-
ities.22 In 2021 Kumar et al. demonstrated a highly selective
ethanol sensor made by growing a surface-mounted metal–
organic framework directly onto graphene eld-effect
transistors.23

Alternatively, selective gas analytical systems are designed
employing the principles of biological systems. First proposed
by Persaud and Dodd,24 a classical electronic nose (e-nose)
mimics the operation of the mammalian olfactory system, i.e.
in e-nose, sensors collected in an array, provide a distinct
response pattern towards a target analyte.25,26 This vector
response represents a “ngerprint” of the analyte, to be further
processed by pattern recognition algorithms for its selective
determination.27–30 Such a gas analytical system has been
proven suitable for the discrimination of close homologs.31

Using MOFs, the e-nose approach enhanced with machine
learning yields enantioselective detection and discrimination of
chiral molecules.32 Unlike many other techniques requiring
bulky apparatus, an e-nose is oen made following the lab-on-
chip paradigm.31,33 At this standpoint, an e-nose functionally
occupies a niche between single-unit sensors,2 possessing good
sensitivity, fast response, reasonable stability and low power
consumption, and GC-MS devices with good sensitivity and
selectivity, able to decompose complex gas-mixtures, still
having high power consumption, high price and low portability.

However, the e-nose is required to be “trained” for the task of
recognition of a smell or analyte prior to its real application, i.e.
demanding to project analyte-related signals into an articial
space. At the same time, such techniques with very sophisticated
apparatus as NMR or FTIR offer the possibility of selective deter-
mination without prior training because they rely on the intrinsic
characteristics of molecules; molecular ngerprints modeled by
the DFT can be further matched with the acquired real data.

Nevertheless, portable made-on-chip e-noses nd huge
attention due to a boost in articial intelligence (AI) andmachine
learning (ML) which facilitates related R&D activities. Moreover,
electronic noses are selective enough to distinguish within close
homologs projected in articial space. At the same time, the
modern AI methods are powerful enough to predict the
compound's chemical structure based on its chemical space
coordinates34,35 by grouping chemical properties into high-
dimensional virtual chemical space which is estimated to
contain from 1012 to 10100 elements.36,37 Thus, we hypothesize
8414 | J. Mater. Chem. A, 2022, 10, 8413–8423
that the implementation of ML methods enables the prediction
of compound chemical structure based on e-nose-derived vector
response towards analytes projected in articial space coordi-
nates. Specically, matching chemical space built by AI pro-
cessed data of chemical databases, e.g. database of molecular
ngerprints, with e-nose built articial space helps to design the
MLmodel which predicts the structures of unknown compounds
without a prior analyte mapping, i.e. e-nose training.

Metal oxides remain the most popular materials to be
employed in e-noses due to their low price, easy-to-handle
analytical signals, and rapid response time combined with
good sensitivity.38–41 Aluminum-doped ZnO, or simply AZO, has
demonstrated a remarkable sensitivity down to a sub-ppm
range of analyte concentrations,42–45 stemming from its struc-
tural characteristics. Due to the small size of Al3+ ions compared
to Zn2+, Al-doping induces chemical defects and increases the
conductivity of the sensor.46,47 The sensing mechanism of AZO
sensors belongs to the surface-controlled type where the gas
sensitivity is determined by the number of surface adsorption
sites.42 Al-doping increases the number of oxygen adsorption
vacancies, which yields improved sensitivity. In 2019 Yoo,
Günter et al. reported about the sensing properties of AZO
sensors towards acetone detection in breath. AZO sensors were
evaluated to have a response time of 3 s, and sensitivity of 23
ppm�1 at 10 ppm of acetone, including remarkably good
selectivity versus other gases persistent in breath.48 Al-doped
ZnO is usually obtained by sol–gel,49 hydrothermal50,51 and sol-
vothermal52 methods, atomic layer deposition,53 reactive
magnetron sputtering, pulsed laser deposition,42,54,55 chemical
vapor deposition,56 and sintering.57 One of the most convenient
methods of synthesis of oxide nanoparticles of complex chem-
ical composition is the co-precipitation method.58 However,
employing this method is oen complicated by its reproduc-
ibility affecting the size and shape of the oxide nanoparticles.
Recently, we introduced a programmed co-precipitation
method for efficient control over the mentioned parame-
ters.59,60 The co-precipitation method enables automatization of
the protocols of synthesis of nanomaterials of various chemical
compositions and substantially increases its speed.

Here, we study the synthesis and sensing performance of
aluminum-doped zinc oxide towards different alcohols, homo-
logs, and isomers in the mixture with air. We demonstrate the
remarkable sensitivity of this material towards alcohol mole-
cules with a limit of detection down to a few ppt. The selectivity
of this sensor system is approached by using the multisensor
concept helping to differentiate within close homologs and
isomers (1- and 2-propanol and 1-butanol and isobutanol). We
also demonstrate the possibility of analyte detection using
a simple e-nose system even without prior training by matching
the chemical space built using molecular ngerprints with
articial space built with e-nose data.

Experimental
Synthesis of AZO

Synthesis of AZO nanoparticles was carried out using an
aqueous solution of Zn(NO3)2 and Al(NO3)3 (supplied by
This journal is © The Royal Society of Chemistry 2022
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Khimmed Company, Russia). We used the solution with a total
concentration of salts 0.3 M in a ratio corresponding to the
target composition ZnO – 1.5% Al2O3. We added an aqueous 5%
solution of NH4OH with a controlled rate of 0.05 ml s�1 under
constant steering using an automatic high precision potentio-
metric titrator ATP-02 (Aquilon JSC, Russia) until pH equal to 8
was reached. All chemicals were of analytical grade and used
without further purication.

The synthesized AZO particles were separated by centrifu-
gation, washed with distilled water, and then dried at 100 �C for
3 h. To facilitate crystallization we stabilized the obtained oxide
powder at 350 �C for 1 h in air. We further prepared the
dispersion of the obtained AZO nanoparticles using amixture of
ethanol with distilled water, v(C2H5OH)/v(H2O) ¼ 1, under
ultrasonication. The dispersion contained 5% of the AZO
nanoparticles. The chips with the sensitive AZO layer were made
by drop-casting 1 ml of the dispersion followed by stepwise
drying at a temperature range of 25–100 �C. To fully remove
residual solvents and stabilize the prepared layer we annealed
the chip at 350 �C for 1 h in air. A schematic representation of
chip preparation is given in the ESI (Note 1, Fig. S1†).
Material characterization

X-ray diffraction analysis (XRD) of the powder was performed
using a Bruker D8 Advance diffractometer (Germany), CuKa ¼
1.5418 Å, Ni lter, E ¼ 40 keV, I ¼ 40 mA, signal accumulation
time 0.3 s per point, increment 0.02. @X'Pert HighScore Plus
soware (PANalytical B.V. Almelo, The Netherlands) was used to
perform phase identication and Rietveld renement of the
XRD pattern of the sample under study in order to calculate its
lattice parameters.

To examine the morphology of the AZO layer on a chip, we
utilized scanning electron microscopy (SEM) in a secondary
electron detector regime. The high-resolution SEM images of
the selected areas at the representative chip were taken using
FEI Teneo VolumeScope device (FEI Comp., the USA) at 20 kV.

The chemical composition of materials under study was
conrmed by time-of-ight secondary ion mass spectrometry
(ToF-SIMS) analysis coupled with a scanning electron micros-
copy unit (TOF-Sims, Tofwerk AG, Switzerland; Tescan Solaris,
Tescan Orsay Holding, Czech Republic). We evaluated a chip
area of 30 � 30 mm2 (or 35 � 35 mm2) between two Pt
electrodes with the AZO material placed in-between. The
material was bombarded by gallium ions employing a focused
ion beam (FIB) source at an accelerating voltage of 20 kV and
current 4 nA.

The ToF-SIMS data are acquired in positive ion mode due to
the better sensitivity to Al and Zn.61 Mass resolution, m/Dm, was
ca. 700. Secondary ions were registered using the ToF-SIMS
detector (TOF-Sims C-TOF). The intensity of detection is evalu-
ated by ion counts related to the ToF-SIMS extraction coefficient
(device soware built-in function, @ToF SIMS Explorer, Version
1.12.2.0), i.e. counts per extraction (cts/ToF extraction). The
extraction corresponds to one pulse of the ToF, or, equivalently,
one pixel in the FIB scan. Scan resolution equals ca. 70 nm (i.e.
512 pixels over 35 mm). The pulse length was 30 ns.
This journal is © The Royal Society of Chemistry 2022
The structure of the AZO material was also studied with the
help of transmission electron microscopy (TEM). For the TEM
studies, we prepared samples by placing droplets of dispersion
of AZO in isopropanol onto a lacey carbon lm supported by
a copper grid. Bright-eld (BF) and dark eld (DF) images, and
selected area electron diffraction (SAED) patterns, were
acquired with FEI Tecnai G2 F20 S transmission electron
microscope (FEI Comp., The Netherlands). The ring patterns
were analyzed using @CrysTBox ringGUI soware.62

Sensor chip

Here, we employed a chip, 10 � 10 mm2, with 18 strip co-planar
electrodes, two meander thermoresistors, and two meander
heaters on its front side. The chip was made of thermally
oxidized Si with a 300 nm SiO2 layer. The electrodes, the ther-
moresistors, and the heaters were sputtered using magnetron
sputtering of Pt and Ti targets to reach the thickness of ca.
150 nm. Ti was used as an adhesive layer with a thickness of
about 5 nm. Electrodes' width equaled ca. 50 mm while the
length reached 4mm. A pair of electrodes comprised a sensor or
a sensor segment, making 17 sensor segments on one chip. The
electrodes were distanced by 50 mm what corresponds to the
width of the sensing layer of a sensor. The chip operation
temperature was maintained with the accuracy of �5 �C
controlled by the thermoresistors with feedback to resistive
heating of the meander heater employing a home-made electric
board. Before the measurement, we calibrated the chip
temperature using an IR pyrometer Kelvin Compact 1200 D
(“Euromix” CJSC, Russia) and stabilized it at 300 �C for 24 h.
The chip was wired to a ceramic card with Au wire, 38 mm,
leaving a 1 mm air gap between the chip and the card to miti-
gate the heat dissipation; the card was connected to a home-
made electric board which enabled the temperature control
and data acquisition, i.e. recording sensor segments' resistance
transients. The sampling rate was ca. 0.39 Hz per segment. I–V
curves were measured using the semiconductor analyzer Key-
sight B1500A (Keysight Technologies, the USA) in the range of
voltages from �5 V to +5 V both in forward and backward
directions. In our tests, the chips' performance was evaluated in
the temperature range from RT up to 300 �C. Still, here we have
shown the data for the range 200–300 �C, because of the
prominent response observed in this range only. Here we have
presented all the data for the chip with 13 operating segments,
which we thoroughly characterized aer pre-experimental
testing of several chips with the AZO layer.

Gas-mixing setup and sensor performance evaluation

The card with a wired chip was placed in a gas-tight chamber
with volume ca. 0.76 cm3 and tested in a dynamic ow mode,
200 sccm. We supplied dry air at RT from a pure air source to
serve a background environment. The dry air was forwarded to
three lines through mass ow controllers, MFCs (Bronkhorst®,
The Netherlands), as shown in the ESI (Fig. S2†). One line
contained dry air only and was utilized to set the background
atmosphere. The other two lines were joined to ensure control
of the concentration of the analytes. A diffusion vial
J. Mater. Chem. A, 2022, 10, 8413–8423 | 8415
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DYNACAL®, type A for methanol or type B for other analytes
(VICI Metronics Inc., USA), was placed in a container incorpo-
rated in one of these lines. The vial is a vessel lled with an
analyte to be released through a capillary tube neck.63 The vial
neck is long enough to consider the pressure difference inside
and in the atmosphere as constant. Thus, the vial provides
a continuous and stable diffusion rate of the investigated ana-
lytes, which is dened primarily by analyte vapor pressure,
length, and diameter of the capillary. To control the vapor
concentration, we pumped out the part of the ow passing
through the line with the vial to be compensated by the ow in
the other line. Finally, the line with dry air and the two joint
lines were forked using a switch valve for ows to be forwarded
either to a chamber with the chip or to exhaust. We checked the
ow rates using ow-meters (M-500SCCM-D/5M, Alicat Scien-
tic, USA), ensuring proper setup operation and ow stability.
We set the exposure time to be 5 or 10 min for the analyte mixed
with dry air and 15–20 min was used for exposure of the chip to
pure dry air. We tested the following VOCs, close homologs, and
isomers: methanol, ethanol, 1-propanol, 2-propanol, 1-butanol,
isobutanol, isoamyl alcohol (3-methylbutan-1-ol), and acetone.
Using the B(A) vial enabled us to adjust the concentration in the
range from 0.01 ppm to 13.6 ppm at RT, as presented in the ESI
(Fig. S3†). The maximum concentration of each analyte is
dened by its vapor pressure, which slightly differs from one
analyte to the other. To accurately describe the sensing perfor-
mance, the following protocol was employed: 16 different ana-
lyte concentrations were measured at each operating
temperature. Concentrations were dened with respect to
maximum concentration, i.e. 1%, 5–50% with 5% step, 50–
100% with 10% step. The concentration range has been calcu-
lated using our data collected in multiple gravimetric tests aer
5 days of keeping the vials at a constant ow of dry air, 200
sccm. Based on these data we calculated the relative deviation of
the concentration of an analyte.

We calculated chemiresistive response, S, facilitated by the
appearance of VOC in accordance with the relationship S ¼ DR/
Rair, where Rair is the resistance of the sensor segment in
background air (MOhms) and DR represents the change in the
resistance (MOhms) due to the appearance of VOC. Also, we
estimated sensor response error accounting for uctuations in
the sensor segment resistance. The sensors' response and
recovery time, t90, has been calculated as the time to reach 90%
of the response starting from when the sensor is exposed to an
analyte in the mixture with air, or the time to achieve 10%
difference with the baseline when dry air is pulsed, respectively.
Data processing

To selectively identify the analytes of interest and determine
“unknown” alcohol vapors, i.e. without prior training, we
utilized principal component analysis (PCA) and Decision Tree
(DT) ML algorithm.

PCA is a linear dimension reduction technique based on the
singular value decomposition of a feature matrix,64 which is
a matrix of vectors that contain independent variables to be
processed. The method transforms an array of possibly
8416 | J. Mater. Chem. A, 2022, 10, 8413–8423
correlated variables into an array of linear non-correlated
features, called principal components. It discards less impor-
tant variables and preserves more valuable ones nding prin-
cipal component axes along which the dispersion of data is
high.65

To build a chemical space as a basis for our model we used
molecular “ngerprints”, one of the most common represen-
tations of chemical structures. Those “ngerprints” are
simplications of the chemical information contained in any
chemical entity through binary vectors. For this purpose (to
codify the chemical structure), we utilized the PubChem
Fingerprint database.66 The PubChem ngerprint encodes
molecular fragment information with 881 binary digits. It is
based on substructure analysis, i.e. analysis of the fragments of
a chemical structure.67 A ngerprint is an ordered list of binary
(1/0) bits. Each bit is a Boolean determination of, or test for, the
presence of, for example, an element count, a type of ring
system, atom pairing, atom environment (nearest neighbors),
etc., in a chemical structure. We applied PCA to the “nger-
prints” of selected analytes taken from the database.

Also, we have used PCA to build a space of the tested VOCs,
homologs, and isomers, using a vector signal of 13 sensors
acquired at 300 �C where each combination of sensor signals
(resistance or response) gives a unique “ngerprint” for the
particular analyte. Training data represented the recorded
resistance transients of sensors in an array (or their response, S)
when an analyte in the mixture with air is pulsed, while test data
are obtained in a similar way, though, utilizing the data of
another pulse.

We hypothesized that the chemical structure is correlated
with the sensors' response. To construct a bridge between
chosen PubChem “ngerprints” of VOCs projected to space
made by PC components and PCA results of e-nose signal pro-
cessing, i.e. an articial space built from sensors' array
responses, we employed the DT supervised non-parametric
learning method. We utilized DecisionTreeRegressor from the
Scikit-learn68 Python package with default parameters. k-Fold
cross-validation is applied to estimate the performance of the
model employing the data which was not used for the training,
namely, we trained a regression model to match and relate
chemical “ngerprints” based on a molecular structure (Pub-
Chem) to sensors array “ngerprints” (vector response) for
chosen analytes.

While the space of PubChem “ngerprints” is too large, the
number of points is rather small (n ¼ 8) to train our model. To
overcome this issue, we reduced the dimension of the PubChem
ngerprint vectors from 881 to dimension of 2 using PCA and
sensor array data, i.e. vector of responses of 13 sensors, to
dimension of 1, further referred to as “reduced sensor data”. We
found the DTmodel suitable for such a small dataset, i.e. to prove
the proposed concept (for parameters see the ESI, Note 3†).

Results
Material characterization

According to XRD results, the synthesized material is crystal-
lized in the hexagonal wurtzite structure, space group P63mc
This journal is © The Royal Society of Chemistry 2022
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Fig. 1 XRD pattern and corresponding refinement by Rietveld method data for the synthesized ZnO – 1.5% Al2O3 powder.
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without any crystalline impurities (JCPDF #75-0576), Fig. 1.
Implementing Rietveld analysis to the obtained XRD pattern,
we have rened the parameters of the crystal lattice (a ¼ b ¼
3.251 Å, c ¼ 5.207 Å, a ¼ b ¼ 90�, g ¼ 120�) of synthesized Al-
doped ZnO. By estimating the ratio of c/a (1.602), which char-
acterizes the doping of the crystal with a hexagonal lattice,50 we
have evaluated the content of Al atoms to be ca. 3% in a dis-
torted ZnO lattice that conrms the target composition of ZnO –

1.5% Al2O3.
The material obtained by the method of controlled co-

precipitation, placed on a chip, is represented by nearly
round-shaped nanoakes with a mean width of 0.5 mm (Fig. 2a).
We have also identied agglomerated particles whose close
Fig. 2 Characterization of aluminum doped zinc oxide. (a) SEM image
particles; ToF-SIMS positive ion atomic maps of (b) Al and (c) Zn on the ch
the sample annealed directly at the grid in a muffle oven at 300 �C for 3

This journal is © The Royal Society of Chemistry 2022
inspection evidences the highly porous structure (see the ESI,
Fig. S4a†). ToF-SIMS mapping has been conducted to evaluate
the spatial distribution of Zn and Al over the AZO layer placed
on the chip. The ToF-SIMS maps for Al and Zn, 35� 35 mm2, are
presented in Fig. 2b and c. While ToF-SIMS is considered to be
a very surface sensitive (1–2 monolayers of sampling depth)
technique,69 the maps indicate even distribution of Zn and Al
elements that supports the homogeneous composition of AZO
akes and agglomerates obtained by the programmed co-
precipitation method. The positive mass spectrum for Zn and
Al is presented in the ESI (Fig. S5†). The results of TEM studies
corroborate with SEM data suggesting the material to be crys-
tallized in the form of round plates with a width of up to 400–
of flakes' clusters, i.e. agglomerates of aluminum doped zinc oxide
ip surface; (d) and (e) BF TEM images of AZO flake; (f) SAED patterns of
h in air.
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600 nm (Fig. 2d). The akes are composed of interconnected
crystallites forming a rather porous structure (Fig. 2e and S4b in
the ESI†). The crystallite size is about 20 nm proved by DF TEM
results given in the ESI, Fig. S4c.† The acquired ring pattern
indicates the ZnO crystal phase, space group P63mc (a ¼ b ¼
3.251 Å, c ¼ 5.207 Å, a ¼ b ¼ 90�, g ¼ 120�), as depicted in
Fig. 2f. The phase is identied by (100), (002), (102), (110), (200),
and (203) planes characterized by 2.80, 2.58, 2.00, 1.65, 1.40 and
1.09 Å d-spaces, respectively (JCPDF #75-0576).
Fig. 3 Performance of AZO based sensors: (a) I–V curves of the sensors in
the representative sensor in pure dry air and dry air with the addition of 1-p
different concentrations of 1-propanol [0.01; 1.10] ppm mixed with air at
[0.01; 1.10] ppmmixedwith air at 300 �C, 250 �C, and 200 �C, (d) results o
towards 1.1 ppm of 1-propanol in themixture with air at 300 �C; (e) conce
propanol [0.01; 1.10] ppmmixed with air at 300 �C, 250 �C, and 200 �C; (f)
representative sensor at 300 �C tomethanol, ethanol, 1-propanol, 2-prop

8418 | J. Mater. Chem. A, 2022, 10, 8413–8423
Sensing performance

We have examined the electrical characteristics and sensing
performance of the chip with the AZO layer towards eight
different analytes, methanol, ethanol, 1-propanol, 2-propanol,
1-butanol, isobutanol, isoamyl alcohol, and acetone, at three
operating temperatures (200 �C, 250 �C, 300 �C). Measured I–V
curves for the sensors in pure dry air at 300 �C are presented in
Fig. 3a. The results indicate linear I–V correlation in a wide
pure dry air (top) for several exemplary sensor segments, I–V curves of
ropanol (bottom); (b) resistance transients of a representative sensor at
300 �C; (c) resistance transients of the sensor exposed to 1-propanol

f stability tests of sensor segment after 3months of shelf-life to respond
ntration dependence of the response of the representative sensor to 1-
–(m) concentration dependence of the chemoresistive response of the
anol, 1-butanol, isobutanol, isoamyl alcohol, and acetone, respectively.

This journal is © The Royal Society of Chemistry 2022
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Table 1 Analytical characteristics of the multisensor chip towards the studied analytes at 300 �C

Acetone 2-Propanol Ethanol Methanol Isobutanol 1-Propanol Isoamyl alcohol 1-Butanol

Median LoD, ppb 1.91 1.43 1.96 36.12 0.05 0.15 2.49 1.21
Mean t90 (response), s 69 � 2 33 � 2 36 � 2 54 � 2 20 � 2 28 � 2 43 � 2 15 � 2
Mean t90 (recovery), s 155 � 12 162 � 12 103 � 12 113 � 7 186 � 12 173 � 12 258 � 12 333 � 12
Median S (0.94 � 0.05 ppm) 0.595 0.508 0.531 0.434 0.761 0.789 0.681 0.860
Median n (S ¼ kCn) 0.197 0.246 0.293 0.357 0.169 0.197 0.253 0.174
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voltage range [�5; 5] V, which suggests that the sensors can be
characterized as resistors with an ohmic contact with Pt elec-
trodes. Fig. 3a (bottom) depicts I–V curves recorded for one
representative sensor in pure dry air and in the presence of
1.1 ppm of 1-propanol in air at 300 �C. The appearance of 1-
propanol vapors facilitates a drop of sensor resistance typical
for n-type oxide based sensors, while the ohmic behavior
remains stable.

A change in analyte concentration in air facilitates a corre-
sponding change in resistance (Fig. 3b) demonstrated for the
representative sensor at the chip heated to 300 �C. The results
suggest a nonlinear dependence of the sensor's electrical
properties on concentration with an obvious trend to saturation
at high concentrations of the analyte in air, typical for semi-
conductor oxides due to a limited number of active surface sites
(see the ESI, Fig. S6† for all on-chip sensors' resistance tran-
sients). Fig. 3c shows the concentration dependence of the
sensor recorded at 200, 250, and 300 �C. While the best
performance is achieved at 300 �C, the change to lower
temperatures is accompanied by an increase of resistance,
possessing smaller changes of the sensor resistance under
adsorption of the analyte. We also notice longer response and
recovery times in the results recorded at 200 �C. Mean response
and recovery times, t90, for the presented sensor upon the
appearance of 1-propanol, are correspondingly 28 and 173 s, 43
and 173 s, 98 and 167 s at 300 �C, 250 �C, and 200 �C. We have
further employed this sensor to demonstrate the stability of the
sensing performance of the AZO material. Stability tests have
been handled in 3 months aer acquiring isotherms presented
in Fig. 3b and c. We have checked the properties of the sensor by
the repetitive pulsing of 1.1 ppm of 1-propanol mixed with dry
air followed by dry air pulses (Fig. 3d). We notice that the
absolute resistance of the sensor has changed slightly over the
time of storage. However, despite the differences in absolute
resistance value, the sensitivity (change in resistance normal-
ized by resistance in the air) remains the same and the sensor
demonstrates a highly stable reproducible signal. In Fig. 3e one
nds three representative isotherms (200, 250, and 300 �C) for 1-
propanol mixed with air in a range of concentrations, 0.01–
1.10 ppm, calculated using the data presented in Fig. 3c. The
temperature decay yields a decrease of sensitivity, emphasizing
the best operating temperature to be 300 �C.

The chemiresistive response has been carefully investigated
for all eight analytes. In Fig. 3f–mwe present isotherms for eight
analytes in the mixture with air used in this study at 300 �C.
Interestingly, for the analytes with greater molecular mass, like
butanol, isobutanol, and isoamyl alcohol, saturation is achieved
This journal is © The Royal Society of Chemistry 2022
at lower concentrations. At the same time, the sensor demon-
strates a weaker response to the analytes with lower molecular
mass like methanol and ethanol. We calculated the limit of
detection, LoD, as the triple amplitude of signal noise.70 The
median LoD values belong mainly to the region of concentra-
tions in ppb or even ppt domain, e.g. 50 ppt for isobutanol and
150 ppt for 1-propanol at 300 �C. Using the Freundlich
isotherm, S ¼ kCn, where C is the concentration, we tted the
obtained isotherms to further estimate n values which vary from
0.17 to 0.36 for the analytes at 300 �C which conrms non-linear
response characteristics typical of semiconductor oxide
sensors.31 The mean response and recovery times, along with
median sensor response calculated for 0.94 � 0.05 ppm of
analyte mixed with air, the median value of power in S ¼ kCn,
and median LoD at 300 �C are given in Table 1.
Discussion
Machine learning for analyte prediction

Oxide based gas sensors usually possess fundamentally high
cross-sensitivity to various VOCs. While the sensor response
might be different for analytes at the same concentration in air,
the isotherms might intersect at other concentrations (see
Fig. 3f–m) leaving no chance for selective identication of the
analyte with one sensor. Even though the interaction of the
analyte with the surface of the oxide is rather specic, it is
inuenced by many factors, like microstructure,71 number of
junctions, and particle size (e.g. in the case of nanowires).72–76

Direct mass dependence of homologs shown earlier77 is not
followed in the case of isomers as seen from Fig. 4a–h because
their branched structure might inuence adsorption, and
further the charge exchange. Here we approach the selectivity by
combining the sensors into an array and processing their vector
signal by pattern recognition algorithms. The response of
sensors of the multisensor chip is presented in Fig. 4a–h for the
close concentrations of the studied VOCs in the mixture with
air. Along with a response, we have calculated the so-called
sensitivity coefficient by normalizing the presented responses
by the concentration of an analyte mixed with air. Although the
concentration dependence is nonlinear, using concentrations
close to unity supports the assumption made.

Both chemoresistive responses and sensitivity coefficients
for an array of sensors represent a unique combination, i.e.
ngerprint, that favors using the pattern recognition algorithms
to handle the data and projecting it to articial space to meet
selective discrimination of the analytes. Usually, selective clas-
sication of analytes is approached by using dimension
J. Mater. Chem. A, 2022, 10, 8413–8423 | 8419
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Fig. 4 Selective recognition and analysis of “fingerprints” of the VOCs. (a)–(h) Chemoresistive responses of the sensors of the multisensor chip
towards methanol (0.91 ppm), ethanol (0.99 ppm), 1-propanol (0.88 ppm), 2-propanol (0.96 ppm), butanol (0.90 ppm), isobutanol (0.96 ppm),
isoamyl alcohol (0.88 ppm) and acetone (0.88 ppm) at 300 �C, with calculated sensitivity coefficients; (i)–(k) PCA representation of data acquired
from themultisensor system, and from PubChem “fingerprints” of chosen analytes with the corresponding prediction of the “unknown” analyte in
the mixture with air: (i) PCA of vector signal recorded using the multisensor system for the tested analytes at concentrations of 0.94 � 0.05 ppm
in the mixture with air; (j) PCA projection of PubChem “fingerprints”; (k) Decision Tree prediction of “reduced sensor data” from PubChem
“fingerprints” by training using PCA data of multisensor vector signals shown in (i) to 1D PCA accordingly, circles denote true values, crosses –
predicted ones; compounds are color-coded.
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reduction methods or ML algorithms employing train and test
datasets, or cross-validation routine. Applying the PCA to
project vector responses of 8 studied analytes using acquired
responses of an array of 13 sensors at 300 �C, reduced to the
analyte concentration of 0.94 � 0.05 ppm in the mixture with
air, enables their spatial separation in the space of two principal
components (Fig. 4i). The PCA is performed for the data ob-
tained for concentrations of vapors close to unity, which helps
to mitigate concentration dependence targeting the primary
task of selective discrimination of an analyte. The concentration
of the particular analyte can be evaluated aer its selective
8420 | J. Mater. Chem. A, 2022, 10, 8413–8423
discrimination using one calibrated sensor. PCA featuring the
responses normalized to concentration dependence (Cn) is
given in the ESI, Fig. S7.† Notably, a recent study approaches
this issue by using a multi-task convolutional neural network78

which enables us to obtain the concentration value, type of
analyte, and device status. There is a good separation of pro-
jected vector responses of the studied analytes, conrming their
selective identication. Some data tend to position rather
closely in 2D PC space related to the structural similarity of the
analyte molecules (Fig. 4i). The studied n-alcohols, i.e. meth-
anol, ethanol, 1-propanol, and butanol, are projected mostly
This journal is © The Royal Society of Chemistry 2022
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along the rst PC component, meaning that most information
that helps to differentiate these analytes is described by this
component, but the similarity is supported by a small contri-
bution of the second one. The results of PCA data reduction for
molecular substructure features of analytes' “ngerprints”
taken from the PubChem database are presented in Fig. 4j. The
later data show that almost all alcohol molecule-related clusters
are positioned along the second PC component, i.e. favoring its
spatial separation, with a clear trend for n-chain alcohol mole-
cules. Notably, the 2-propanol related cluster is projected close
to ethanol and 1-propanol, hinting at the similarities of these
alcohols; accordingly, isobutanol is projected close to n-
butanol.

Furthermore, to evaluate the possibility of analyte selective
detection without prior training of the e-nose, we used the ML
method, DT, to relate reduced sensor data and results of PCA of
molecular “ngerprints”. Training a full model to predict
sensor response from PubChem “ngerprints” (or, to predict
molecular “ngerprint” from sensor data, which would be even
better from a practical standpoint) is rather complicated due to
the small number of data points, but not the principal impos-
sibility. We further demonstrate the principle feasibility of this
approach by reducing data dimensionality.

We tted (trained) DecisionTreeRegressor for each analyte
on 7 other molecular PubChem “ngerprints” projected into 2D
space via PCA and reduced sensor data projected into 1D space
via PCA (Fig. 4k) and tried to predict that the reduced sensor
data for the 8th analyte which was not used for tting, i.e. cor-
responded to an unknown analyte. This operation was per-
formed for all studied analytes. The results indicate how
successfully analytes are predicted, showing a good match
between sensor data for the analyte (point), and predicted value
(cross). 2-Propanol, isobutanol, and 1-propanol molecules seem
to have the best prediction accuracy. Training the Decision-
TreeRegressor with a leave-one-out cross-validation strategy
enables us to obtain the R2 value for the prediction to be 0.69,
where R2 denotes the coefficient of determination. The current
results suggest that the best prediction is for 1-propanol for 1D
PCA results indicating closer Euclidean distances to the pre-
dicted point. Given the information presented in the gures,
such a value suggests a good opportunity to predict the analyte
of interest using the proposed approach. We have also evaluated
Mol2vec “ngerprints” for the determination of alcohols and
other VOCs using other chips prepared by a similar method, see
the ESI (Note 6, Fig. S8†).79,80

Detection of close homologs or even isomers is complicated
by the type of interaction of the molecule with the surface, i.e.
shi of Fermi level, or catalytic process with an injection of
charge carriers as in the case of Co oxide.81,82 A particular
response is dened by several parameters of the material, its
receptor or transduction functions, which stem from surface
states, crystal size, type of activation, etc.83,84 It makes the
response of intrinsically cross-sensitive oxides an outcome of
many different material-related input parameters. Although
there is a direct dependence on the molecular mass of n-
homologs of alcohols as shown in the work of Fedorov et al.,77 in
the case of isomers it might be complicated by the way the
This journal is © The Royal Society of Chemistry 2022
molecule is adsorbed on the surface, i.e. deviating from this
direct trend. Thus, we expect no strong linear dependence of
response value on molecular mass when branched isomers are
tested compared to n-alcohols. A particular conguration or
orientation of the isomer molecule near the oxide surface might
be very similar to the orientation of some n-alcohols on the
surface, i.e. the way the isomer molecule approaches the surface
might originate some overlapping of “ngerprints” of sensor
responses in articial space that explains the obtained predic-
tion accuracy. Surely, one might improve it by obtaining a larger
database of sensor array vector signals, i.e. testing a greater
number of various analytes. Still, here we have shown, for the
rst time, that using a miniature e-nose based on simple
resistive cross-sensitive oxide sensors might allow approaching
selective recognition of the analytes' close homologs and
isomers even without prior training, but just with the support of
ML employed for connecting the chemical “ngerprint” data-
bases with sensor vector data projected in articial space.

Conclusions

In this study, we have rst tested programmed co-precipitation
for the synthesis of aluminum-doped zinc oxide. The method
enables precipitation of AZO with a high accuracy towards
target chemical composition, ZnO – 1.5% Al2O3. The material is
crystallized in the form of thin porous akes made of nano-
crystals with a slightly distorted wurtzite structure.

We show a remarkable, up to 0.87, chemoresistive response
of AZO sensors at the e-nose to alcohol vapors, 0.9 ppm, in the
air at 300 �C with a detection limit down to sub-ppb and even
ppt level. The sensors indicate good stability of response and
low response time. We have conrmed a direct dependence of
chemiresistive response on analyte molecular weight for n-
alcohols, disrupted in the case of isomers.

By using PCA analysis and the Decision Tree ML method, we
demonstrate not only the selective recognition of close alcohol
homologs and alcohol isomers but also the feasibility of their
detection without prior e-nose “training” just by matching
available molecular “ngerprints” with e-nose analyte-related
vector responses.
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