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The growing need for highly sensitive and selective gas sensors has spurred extensive research on enhancing
metal-oxide-semiconductor-based sensors. In this study, we explored the gas-sensing performance of ZnO thin
films functionalized with noble metals (Ir, Ru, and IrRu alloys) via atomic layer deposition for the detection of
hazardous gases. The incorporation of noble metals led to significant improvements in the gas-sensing behavior
driven by both electronic and chemical sensitization mechanisms. To further enhance gas selectivity, machine

learning-based data analysis was employed, enabling precise classification of various gases with 100 % accuracy.
These findings underscore the potential of noble metal-functionalized ZnO sensors for advanced gas detection,
illustrating the effective combination of material engineering and cutting-edge data analysis techniques for the
development of intelligent, selective, and stable gas sensor platforms.

1. Introduction

The widespread emission of hazardous gases, including propane
(C3Hg), carbon monoxide (CO), hydrochloric acid (HCl), ammonia
(NHj3), sulfur dioxide (SO2), and volatile organic compounds (VOCs)
such as acetone, ethanol, and benzene, primarily resulting from human
activities like transportation, industrial production, landfill operations,
and livestock farming, has escalated concerns over public health, envi-
ronmental degradation, and the intensification of global warming across
both urban and rural areas [1-6]. Consequently, researchers are actively
innovating and developing advanced gas sensors for the precise and
efficient detection and monitoring of hazardous gases that threaten both
environmental safety and human health. Among the diverse range of gas
sensors, metal-oxide-semiconductor (MOS)-based sensors have
garnered significant attention owing to their numerous advantages,
including high sensitivity, compactness, ease of fabrication,
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straightforward operation, and cost-effective production [7,8].
However, MOS-based sensors have a significant drawback in terms of
their low selectivity because they typically respond to a wide variety of
gases. To address this limitation, pioneering researchers have often
focused on surface functionalization or incorporation of additives into
metal oxides to modulate their intrinsic electronic properties, thereby
enhancing their selective sensing capabilities. Extensive research has
focused on improving the selectivity of gas sensors by introducing het-
eromaterials, including non-metals such as graphene, graphene quan-
tum dots, CNTs, h-BN, and g-C3N4 [9-13], metals such as Au, Pt, Pd, Ni,
and Cu [14-18], and transition metal chalcogenides, including ZnS,
MoSey, MoS,, CdS, and WSe; [19-23], in combination with metal oxides
such as ZnO, SnOs, TiO,, and CuO [24-27]. Despite these advancements,
single sensors often face difficulties in accurately identifying a vast array
of hazardous gases in industrial environments. Therefore, achieving
high-performance, cost-effective, accurate, and stable air monitoring
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requires not only the enhancement of sensor capabilities through func-
tionalized sensing materials but also the integration of multiple MOS
sensor arrays combined with advanced data processing technologies
[28-30].

In this study, we demonstrated MOS gas-sensor arrays utilizing ZnO
and functionalized ZnO thin films (Ir, Ru, and IrRu-ZnO). These gas-
sensor arrays exhibited exceptional stability, reliability, and gas-
sensing performance. Moreover, because both the ZnO and metal
decoration processes utilize atomic layer deposition (ALD), this
approach offers significant advantages for seamless production conti-
nuity. To enhance selective gas identification capability, we developed
an machine learning (ML) classification model based on a statistical data
process for identifying various gas species. This approach achieves
outstanding prediction accuracy and clarity by utilizing pre-
manipulated feature data. Our strategy demonstrates the potential for
ML-based classification, offering superior visibility for the development
of highly sensitive and selective gas sensor platforms.

2. Materials and methods
2.1. Synthesis of sensing materials

2.1.1. Pristine ZnO thin film

Gas sensors based on pristine and metal-decorated ZnO thin films
were fabricated via ALD [31]. First, pristine ZnO thin films were
deposited by ALD onto clean SiOy/ Si substrates by introducing dieth-
ylzinc (DEZ, Sigma-Aldrich) and deionized water (18.2 MQ, Milli-Q) as
the Zn and O sources, respectively. The substrate and DEZ source were
set to room temperature. Ar (99.999 %, Jung-Ang Gas tech.) was used as
the purge gas. The optimal ZnO thin film ALD was implemented in the
following sequence: DEZ supply (0.4 s), Ar purge (10 s), deionized water
supply (1 s), and Ar purge (10 s). The thickness of the ZnO thin films can
be modulated by repeating the ALD cycles, which is a representative
advantage for the implementation of laminated nanofilms with high
uniformity and reliability over a large area. The optimal ZnO thickness
was determined as 30 nm by repeating 159 cycles at a deposition rate of
0.188 nm/cycle.

2.1.2. Heteroatomic hybridization with noble metal nanoparticles

Ir thin films were deposited in a traveling-wave-type ALD reactor
(NCD Technology, Lucida D100, Korea) using a tricarbonyl (1,2,3-
m-1,2,3-tri(tert-butyl)-cyclopro-penyl iridium (CygHy7IrO3 or TICP)
precursor and Oy (99.999 %). TICP was synthesized by TANAKA
Precious Metals (Japan) using a previously reported process.[32]. The
range of deposition temperature was 250°C. The standard cycle of Ir
ALD consisted of precursor pulsing for 7 s, reactant pulsing for 5 s, and
purging for 10 s. This process was established based on the self-limiting
growth criteria discussed below. The precursor was heated at 55 °C to
obtain a suitable vapor pressure during film deposition. N (100 sccm)
was used as the carrier and purge gas for the metal precursor and was
also used between two consecutive pulses during deposition.

Ru-ALD was performed using the same traveling-wave-type ALD
reactor (NCD Technology, Lucida D100, Korea) with [Ru(TMM)(CO)s]
(TANAKA Precious Metals, Japan) and O as the precursor and reactant,
respectively [33]. [Ru(TMM)(CO)3] was stored in a stainless-steel
canister, which was maintained at 10 °C using a cooling system. The
Ru precursor was pulsed into the chamber by N3 gas at a flow rate of 50
sccm. The gas flow rates of reactant Oy and purged N, were 50 and 100
sccm, respectively. The deposition temperature was 220 °C. One cycle of
Ru ALD was composed of a 10 s [Ru(TMM)(CO)3] pulse, 10 s N5 purge,
10 s O, pulse, and 10 s Ny purge. The GPC of the Ru ALD was ~ 1.7 A
cycle L.

IrRu alloy- films were deposited by repeating the super-cycles con-
sisting of Ir and Ru ALD sub-cycles at a deposition temperature of 250 °C
and a working pressure of approximately 0.5 Torr using the same
traveling-wave-type ALD reactor (NCD Technology, Lucida D100,

Applied Surface Science 693 (2025) 162750

Korea). Each sub-cycle consisted of several unit cycles. A single-unit
cycle comprised a precursor injection pulse, purge pulse, reactant in-
jection pulse, and purge pulse. TICP and [Ru(TMM)(CO)3] were used as
the Ir and Ru precursors, respectively, and were carried to the chamber
using Ny gas. The gas flow rates of reactant O, and purged N, were 50
and 100 sccm, respectively. The Ir-ALD cycle consisted of precursor
pulsing for 7 s, reactant pulsing for 5 s, and purging for 10 s. One cycle of
Ru ALD was composed of a 10 s [Ru(TMM)(CO)3] pulse, 10 s N5 purge,
10 s Oz pulse, and 10 s N; purge. By combining these two processes, ALD
Ir-Ru films could be deposited. Here, the number of Ir subcycles was
fixed at 30, and the number of overall supercycles consisting of Ir and Ru
subcycles was 2. The final ALD-Ir step was performed to prevent
oxidation of the Ru film by air exposure after deposition. In each super-
cycle, the number of Ru ALD sub-cycles was fixed at seven immediately
after the Ir sub-cycles to prepare ALD Ir-Ru films with various
compositions.

2.2. Material characterization

The chemical characteristics of ZnO and the novel metal (Ir, Ru, and
IrRu alloy)-coated ZnO films were investigated by X-ray photoelectron
spectroscopy (XPS, K-Alpha, Thermo Fisher Scientific). The surface
morphologies and thicknesses of the ZnO and novel metal-coated ZnO
thin films were characterized using atomic force microscopy (AFM,
Innova, Bruker) and field-emission scanning electron microscopy (FE-
SEM, JSM-6700F, Jeol). The gas sensing measurements were conducted
by a customized gas characterization system (~1111 c¢m®, MSTECH)
integrated with a gas flow controller (SR312, Bronkhorst High-tech) and
an electric source meter (Keithley 2612B, Keithley). To measure the
electrical characteristics of the ZnO thin films, a bias sweep from —3 to 3
V was applied across the electrodes at 250 °C under ambient pressure.
All the gas sensing measurements were performed at 250 °C under
ambient pressure with an applied bias of 1 V.

2.3. Data preparation for machine learning

To collect feature data and answer datasets for machine learning, we
applied a customized exponential curve-fitting algorithm using a stan-
dard open library in Python for the recorded dynamic gas response
curves of the surface-engineered ZnO-based sensors. For the feature
data, four extracted parameters, including exponential fitting constants
and integration under the signal curve, were obtained for a single curve.
Regarding the four different sensor devices and two different signal
curves (response and recovery), we established our feature dataset with
32 characteristic parameters (four features x two regions x four sen-
sors) for a single gas measurement, and the corresponding gas types
were allocated as the answer dataset. The classification was evaluated
using standard training algorithms, including logistic regression, deci-
sion tree, random forest, k-nearest neighbor (kNN), Naive Bayes, sup-
port vector machine (SVM), XGBoost, light gradient boosting machine
(GBM), CatBoost, and neural network models with the k-fold validation
method (k = 5) using Python machine learning libraries. The trained
model was evaluated based on the accuracy, precision, recall, and F1
scores. The correlations between the features and predictions were
analyzed using the mean SHAP value.

3. Results and discussions

The surface engineering of chemoresistive metal oxide materials is
an efficient and facile method that is widely used in various aspects of
gas sensor arrays. By varying the functionalization of the oxide surface,
the device performance can be purposefully modulated, and the in-
teractions with gas analytes can be improved. Typically, metal oxide gas
sensor surfaces are modified with noble metals, especially those from the
platinum group (Pt, Pd, Ir, Ru, and Rh), to induce spillover or electron
sensitization effects, thereby significantly enhancing the sensing
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performance. Fig. 1(a) shows schematic images of the ZnO nanofilms
prepared using ALD. As mentioned above, the optimal thickness of ZnO
was rationally determined to be 30 nm by repeating 159 cycles at a
deposition rate of 0.188 nm/cycle. Following the deposition of the ZnO
thin films, we implemented surface customization using ALD of Ir, Ru,
and IrRu alloys. To evaluate the surface morphologies of the metal (Ir,
Ru, and IrRu alloy)-ZnO hybrid thin films, we conducted FE-SEM
analysis for pristine ZnO and 3 nm-thick Ir, Ru, and IrRu alloy-ZnO
nanofilms, as shown in Fig. 1(b-e) and S1, respectively. The cross-
sectional FE-SEM images of the pristine ZnO thin film confirm that the
film thickness is approximately 30 nm, consistent with our ALD cycle
design. SEM observations revealed that the ZnO nanofilms exhibited
round-grained structures, and the ZnO films coated with Ir, Ru, and IrRu
alloys were conformally decorated on the ZnO surfaces. After coating
the metals onto ZnO, the change in the morphology appeared to be
negligible, as shown in the SEM images. To complement the SEM
morphological analysis, we performed atomic force microscopy (AFM)
topographical observations of pristine ZnO, Ir-ZnO, Ru-ZnO, and IrRu-
alloy-ZnO, as represented in Fig. 1(f-i). The root-mean-square (RMS)
roughness values of pristine ZnO, Ir-ZnO, Ru-ZnO, and IrRu alloy-ZnO
were 1.07, 1.09, 0.99, and 1.00, respectively, indicating that a highly
conformal coated surface was achieved through the ALD process.

To explore the evolution of the chemical states of ZnO thin films
coated with metals (Ir, Ru, and IrRu alloys), we conducted compre-
hensive X-ray photoemission spectroscopy (XPS) analyses. The survey
spectrum of the pristine ZnO nanofilms reveals the presence of Zn and O,
as shown in Fig. 2(a). Following the incorporation of Ir, Ru, and IrRu
into the ZnO nanofilms, the chemical states corresponding to Ir and Ru
became evident in the survey spectra, as shown in Fig. 2(e, j, 0). The Zn
2p core level spectra exhibit two distinct doublet peaks corresponding to
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the Zn 2p3/» and Zn 2p;,» bonding states, located at binding energies
(Ep) of 1021.7 eV and 1044.8 eV, respectively. These peaks indicate the
formation of stoichiometric ZnO regardless of the type of metal coating,
as shown in Fig. 2(b, f, k, p). Fig. 2(c, g, 1, q) displays the O 1s core-level
spectra for both pristine and metal-decorated ZnO nanofilms. The
deconvoluted O 1s core-level spectrum, as shown in figure S2, comprises
three distinguishable components: loosely bound oxygen on the ZnO
surface (Eg = 533.4 eV), 0%~ ions near oxygen vacancies (Eg = 531.88
eV), and 02 ions coordinated with Zn atoms in the hexagonal wurtzite
structure (Eg = 530.18 eV) [34,35]. This spectrum indicates that the
surface-adsorbed oxygen on IrRu alloy-coated ZnO is relatively lower
compared to that on single-metal decorated ZnO (Ir- and Ru-ZnO). These
findings indicated that there was no significant shift in the binding en-
ergy or notable alteration in the spectral shape of the Zn 2p and O 1s
core-level spectra after metal hybridization. After the deposition of the
nanometric metal layers onto the ZnO nanofilms, a noticeable reduction
in the intensities of the two peaks was observed, likely owing to the
suppression of the ZnO vibrational modes induced by the metal coatings.
Furthermore, Fig. 2(d) presents a photographic image of both pristine
and metal-decorated ZnO nanofilms, confirming that there was negli-
gible damage to the sensor devices during the high-temperature metal
deposition process. Fig. 2(h, m, r) show the Ir 4f core-level spectra of the
pristine and metal-decorated ZnO nanofilms. The Ir 4f spectra exhibit
two distinct peaks corresponding to the Ir 4f;/» and 4fs,» doublet at
binding energies of 60.9 eV and 63.9 eV, respectively, indicating the
formation of metallic Ir°. In addition, the C 1s and Ru 3d peaks are
discernible in the same binding energy region, as shown in Fig. 2(i, n, s).
The Ru 3d core level spectra also reveal two pronounced peaks attrib-
uted to the Ru 3ds/; and 3ds/; bonding states at binding energies of
280.1 eV and 284.3 eV, respectively, indicating the formation of
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Fig. 1. (a) Schematic images of atomic layer deposition (ALD) process for ZnO nanofilm. Scanning electron microscopy (SEM) images of synthesized (b) pristine ZnO,
(c) Ir-, (d) Ru-, and (e) IrRu alloy-coated ZnO nanofilm. Atomic force microscopy (AFM) images of (f) pristine ZnO, (g) Ir-, (h) Ru-, and (i) IrRu alloy-coated

ZnO nanofilm.
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Fig. 2. Chemical identification of pristine ZnO and metal-decorated ZnO nanofilms using X-ray photoelectron spectroscopy (XPS). XPS spectra of pristine ZnO: (a)
survey, (b) Zn 2p, and (c) O 1s. (d) Photographic image of pristine ZnO and metal decorated ZnO nanofilms. XPS spectra of Ir-ZnO, Ru-ZnO, and IrRu alloy ZnO: (e)
survey, (f) Zn 2p, (g) O 1s, (h) Ir 4f, and (i) Ru 3d core levels from Ir-ZnO. (j) survey, (k) Zn 2p, (1) O 1s, (m) Ir 4f, and (n) Ru 3d core levels from Ru-ZnO. (o) Survey,

(p) Zn 2p, (@) O 1s, (r) Ir 4f, and (s) Ru 3d core levels from IrRu alloy-ZnO.

metallic Ru® [36].

The deposition of the IrRu alloy was confirmed by the discernible
presence of both Ir and Ru core-level spectra, as shown in Fig. 2(z, s),
verifying the successful incorporation of the IrRu metal alloy. Notably,
the Ir 4f core level of the IrRu alloy shifted toward a lower binding en-
ergy compared to that of pristine Ir. In contrast, Ru 3d shifted toward a
higher binding energy compared to pristine Ru. These shifts suggest that
the electronic states of Ir and Ru are modulated by alloy formation
[36,37]. This indicates that the deposition of the metal nanofilms did not
significantly alter the intrinsic structural or chemical properties of ZnO,
which remains the primary active sensing material. Thus, secondary
effects such as those arising from chemical functionalization, electronic
structure engineering, or charge transfer mechanisms can be reasonably
excluded from influencing the principal sensing behavior [34].

Two-terminal gas sensors were fabricated using a shadow mask to
assess the gas-sensing performance of the hybrid material-based sensors.
To investigate the influence of different gases and deposited catalytic
metals on the material reactivity, gas response measurements were
conducted on pristine ZnO and ZnO coated with Ir, Ru, and IrRu alloys
under various gas types and concentrations. Before measuring the gas
responses of each sensor, we established the baseline resistance of the
devices by measuring the I-V curves at 250 °C, as shown in Fig. S3 and
Table S1. From these results, we demonstrate that the surface modifi-
cation is likely attributable to regulating the spill-over effect. Dry air was
rationally selected as the base gas, and the total gas flow rate was
maintained at 1000 sccm for all experiments. The dynamic gas response
curves of the ZnO-, r@ZnO-, Ru@ZnO-, and [rRu@ZnO-based sensors at
250 °C for 8 different gases—acetone (20-80 ppm), benzene (4-16
ppm), ethanol (20-80 ppm), HCI (4-16 ppm), CO (20-80 ppm), NH3
(20-80 ppm), propane (0.2-0.8 %), and SO, (4-16 ppm) are presented
in Fig. 3(a-h). The gas response was determined by calculating the
percentage change in sensor resistance, defined by the equation: gas
response (%) = (Rgas — Ro)/Ro x 100, where Rg,s represents the resis-
tance under exposure to the target gas, and Ry refers to the resistance in

the baseline state. The gas-sensing mechanism of ZnO-based sensors is
governed by a typical metal oxide semiconductor oxygen adsorption
model [38]. At temperatures above 150 °C, oxygen molecules from the
air adsorb onto the ZnO surface, capturing electrons from ZnO and
forming chemisorbed oxygen species (O3, O™, or 027), which leads to
the creation of an electron depletion layer, thereby increasing the
resistance of ZnO [39]. The relevant reaction processes are as follows:

05 (gas) - O3 (ads) M
0O, (ads) + e~ — O3 (ads) (2)
0z (ads) + e~ — 20 (ads) 3
0~ (ads) + e~ — 02 (ads) 4)

When ZnO is exposed to target gases, the gas molecules that are
adsorbed interact with the chemisorbed oxygen species. This interaction
can either lead to the release of electrons back to ZnO in the case of
reducing gases, or cause the withdrawal of more electrons from ZnO in
the case of oxidizing gases, depending on the redox properties of the
gases. This process altered the width of the electron depletion layer,
leading to a corresponding change in the resistance of ZnO. Specifically,
when a reducing gas is introduced, the electron depletion layer narrows,
resulting in a decrease in the resistance of ZnO. Conversely, exposure to
an oxidizing gas causes expansion of the depletion layer, thereby
increasing the resistance of ZnO. This change in resistance was directly
correlated with the response of the gas sensor.

It is well-recognized that noble metals exhibit catalytic effects that
significantly enhance the gas-sensing performance of metal oxide sen-
sors. The improvement in gas sensing after noble metal decoration is
primarily attributed to two mechanisms: electronic and chemical
sensitization. In electronic sensitization, the majority of carriers are
transferred from noble metals to ZnO owing to a work function
mismatch, resulting in the formation of potential barriers. Because the
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Fig. 3. Gas sensing performances of pristine ZnO, Ir-, Ru-, and IrRu alloy-ZnO nanofilms-based gas sensors for (a) CH3COCH3, (b) C¢Hs, (¢) CoHsOH, (d) HC, (e) CO,

(f) NHg3, (g) C3Hg, and (h) SO, gases.

work function of noble metals is higher than that of ZnO, the electrons
generated during the sensing process flow from the conduction band of
ZnO to the noble metals until the Fermi levels equalize [40-42]. This
leads to the formation of a Schottky barrier and an increase in the
thickness of the electron-depletion layer. These effects prevent the
recombination of electron-hole pairs, resulting in significant resistance
changes when exposed to target gases, thereby amplifying the sensor’s
response.

Chemical sensitization, also known as the spillover effect, occurs
when noble metals facilitate the dissociation of oxygen molecules into
reactive chemisorbed oxygen ions, which then “spill over” to the ZnO
surface and react with gas molecules [43,44]. Oxygen molecules pref-
erentially adsorb onto the surface of noble metal nanoparticles, disso-
ciate into O3, O™, and 02’, and then migrate to the ZnO surface. For
example, in the presence of a reducing gas, the abundant O™ ions react
with a larger number of gas molecules, releasing electrons and rapidly

altering the sensor’s resistance, significantly boosting gas sensing per-
formance. Moreover, noble-metal nanoparticles increase the specific
surface area of the sensing material, providing more catalytically active
sites for gas adsorption and diffusion.

To provide a clear comparison of the gas response of ZnO based on
the type of deposited metal, the response values as a function of gas
concentration were extracted from the dynamic gas response curves in
Fig. 3 and are presented in Fig. S4(a-h) and S5(a-e), which is further
compared with previous literature as summarized Table S2. The results
consistently demonstrate an increase in response to increasing gas
concentrations, irrespective of the type of gas (acetone, benzene,
ethanol, HCl, CO, NHs, propane, and SO3) or metal (Ir, Ru, and IrRu
alloy) used. This behavior aligns with the oxygen adsorption model of
ZnO-based gas sensors, in which higher target gas concentrations
enhance reactions with surface-adsorbed oxygen species, resulting in
significant changes in the resistance of the material [45]. Intriguingly,
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we discovered that ZnO decorated with IrRu alloy, initially anticipated
to exhibit the highest reactivity, demonstrated the lowest gas reactivity
due to the following reasons. As mentioned above, the decoration of
catalytic-metal nanoparticles induces a spill-over effect, which lowers
the Gibbs free energy required for gaseous oxygen molecules to be
adsorbed onto the metal surface, thereby facilitating chemical bonding
and reducing the availability of oxygen ions for gas reactions. However,
according to pioneer researches, while metal catalysts lower the
adsorption energy of oxygen ions, they also reduce the energy required
for the reduction from the ionized oxygen to oxygen molecules, making
it imperative to carefully regulate the type and quantity of the metal
catalyst [8,16]. Considering the DFT calculation results from prior
research, it was observed that the IrRu alloy exhibits a high energy
barrier for oxygen gas desorption [46]. Considering the DFT calculation
results from prior research and the deconvoluted Ols core-level spectra
analysis of IrRu/ZnO, it was observed that the IrRu alloy exhibits a high
energy barrier for oxygen gas desorption [46]. From the Fig. S2 and S3,
we demonstrate that the surface-adsorbed oxygen for IrRu alloy-coated
ZnO was relatively low, compared to the single-metal decorated ZnO (Ir-
and Ru-ZnO). In addition, the I-V curve of IrRu/ZnO measured at 250 °C
also presented the lowest baseline resistance, which further supported
the XPS analysis. Interestingly, contrary to our initial hypothesis that
metal deposition would universally improve the reactivity, we found
that certain gases, such as HCI, exhibited the highest reactivity with
pristine ZnO. This phenomenon can be explained by the rapid oxidation
reaction between ZnO and HCI, as shown in the following equation,
which leads to surface etching and a sharp decline in electrical
conductivity.

2HCI + ZnO — ZnClz + HyO

As depicted in Fig. S6, the etching of the ZnO surface reveals the
underlying SiO5/Si substrate, confirming the disruption of the electrical
contact of ZnO and the gas response driven by rapid oxidation. In
contrast, when Ir or Ru is deposited, the Pt-group metals, which are
known for their superior corrosion resistance, create a surface passiv-
ation effect that significantly reduces the etching caused by HCI expo-
sure. To assess the stability of the metal-coated ZnO sensor, we exposed
the IrRu-ZnO device to HCI gas for five months and subsequently eval-
uated its gas reactivity (Fig. S7). We demonstrate that IrRu decoration
leads to enhanced sensing stability for ZnO-based gas sensors even after
prolonged exposure. Furthermore, previous studies have indicated that
the optimal gas reaction temperature can vary depending on the type
and concentration of the deposited metal. This implies that at a fixed
temperature of 250 °C, the gas reactivity may decrease for specific gases,
even with noble metal decoration on the surface, owing to the unique
interactions between the gas molecules and the metal [47-49].

Generally, the gas response is influenced by the selectivity and
concentration of the target gas. This implies that distinguishing between
a low-concentration gas with a high reactivity and a high-concentration
gas with a relatively low reactivity can be challenging if the response
curves are similar. However, the deposition of Ir, Ru, and IrRu alloys
induced both increases and decreases in gas reactivity, enhancing the
ability of the gas sensor array to differentiate between various gases.
Among the noble-metal-modified ZnO samples, the Ir-decorated sensor
notably favored ethanol, likely because Ir effectively lowers reaction
barriers for partial oxidation steps and enhances oxygen spillover on the
ZnO surface. This combination accelerates the formation and removal of
ethanol-derived intermediates (e.g., CH3CHO), leading to a more pro-
nounced and selective response for ethanol [46]. From I-V curve mea-
surements (Fig. S3), we also confirmed that IrRu-ZnO features a
relatively lower baseline resistance compared to Ir-ZnO and Ru-ZnO.
Consequently, identical absolute changes in resistance (AR) yield
smaller normalized signals (AR/Ry), which may reduce the apparent gas
response even if IrRu-analyte interactions remain strong. This differ-
entiation can be further improved using advanced data analysis
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techniques, such as machine learning (ML) methods. These techniques
allow for more precise gas identification by capturing subtle variations
in reactivity [27-30,50].

Fig. 4(a) shows a schematic of the general process for the ML-driven
classification of several gas species: acetone (CH3COCH3), benzene
(CgHg), CO, ethanol (CH3CH,OH), HCl, NHgs, propane, and SOs. First, we
obtained the dynamic gas response and recovery curves of the surface-
engineered ZnO-based sensors (pristine ZnO, Ir-ZnO, Ru-ZnO, and
IrRu-ZnO) for 8 different gas species at various concentrations. The
dynamic gas response curve corroborated the gas injection-dependent
variation in the electrical signal. In addition, the response can further
suggest several additional features, reflecting the activating dynamics of
the gas molecule-sensor material interactions under gas adsorption and
desorption. Since two classes of datasets consisting of labeled data (or
answer data) and feature data are needed to utilize the machine learning
method, we rationally assigned the class of the target gas as labeled data.
For the feature data of machine learning, three parameters were
extracted from the dynamic response curve via exponential curve fitting
of a single curve, as represented Fig. 3a. The response curve can be
regarded as a combination of two different curves in the gas response
and gas recovery regions. Consequently, the individual response and
recovery curves can be fitted using an exponential growth (or decay)
function, as defined by

Fitting curve = -ares/rec'€XP(—Kres/rec't) + Dres/rec

where ares/rec is the initial constant, Kyes/rec is the time constant, and byes,
rec 1S the offset between the response and recovery regions. In addition,
we organized the feature dataset, including the integrated area under
the response/recovery curves (Ares/rec) and the response values. Because
we collected the gas response results from four different types of surface-
engineered ZnO-based sensors, our feature dataset for the single-
measured labels of the target gas species consisted of 36 features (four
different sensors x nine features). To corroborate a scheme for
discriminating the target gas among the 8 different groups, we employed
a supervised ML approach using the extracted feature dataset. The
classification was evaluated using common training algorithms,
including logistic regression, decision tree, random forest, kNN, Naive
Bayes, support vector machine (SVM), XGBoost, light GBM, CatBoost,
and neural network models with the k-fold validation method (k = 5).
The machine learning results for classification accuracy, precision,
recall, and F1 score for the various classification models are summarized
in Fig. 4(b). Except for Naive Bayes and SVM models, the classification
accuracy, precision, recall, and F1 are scored 100 %. We observed high-
accuracy prediction performance for most classification models, which
validates the robustness and effectiveness of the proposed extraction
process. The Naive Bayes model presents 0.76, 0.77, 0.76, and 0.75 of
accuracy, precision, recall, and F1 scores, respectively. The SVM were
recorded as 0.43, 0.72, 0.43, and 0.50 for accuracy, precision, recall, and
F1 scores, respectively. Fig. 4(c) shows the confusion matrix of 8
different target gases obtained from the classification results of the high-
scoring classification models. The other confusion matrices for the Naive
Bayes and SVM models are represented in Fig. S4. Fig. 4(d) presents the
mean SHAP value rankings of the covariate importance that contributed
to the prediction of cluster classification using light GBM. The top five
SHAP values were arec4, Kres3, Kres4s resz, and Krecq, indicating that the
evolution quantities in the attenuation slope of the curve contributed the
most to the classification of the 8 gas species. Specifically, arec4 was
clearly the most robust predictor, contributing significantly to the
classification of HCL gas (SHAP = 1.20). In contrast, Kyes3 (0.79), Kresa
(053)’ Ares2 (0'74)’ krec4 (0~25)7 Arec3 (0.58), krecZ (0.69), and krec3
(0.33), contribute to identify the CO, NH3, ethanol, propane, SO5, ben-
zene, and acetone with scoring maximum SHAP value, respectively. The
recorded SHAP values are presented in Table S3. From these results, we
can validate that it is strongly correlated with the demonstrated ML
models to our extracted feature parameters originating from the
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Fig. 4. (a) Schematic illustration for machine learning (ML)-driven classification, including data acquisition and feature extraction from exponential fitting pa-
rameters, ML model selection, optimization, evaluation, and interpretation. (b) ML results of prediction accuracy, precision, recall, and F1 scores for logistic
regression, decision tree, random forest, kNN, Naive Bayes, support vector machine (SVM), XGBoost, light gradient boosting machine (GBM), CatBoost, and neural
network model. (c¢) Confusion matrix for ML-predicted results except Naive Bayes and SVM models. (d) Mean SHAP value contribution plot of applied features for 8

different target gas species from the XGBoost model.

quantified gas dynamics with sensing materials.
4. Conclusions

In this study, we present a comprehensive evaluation of metal-
—oxide-semiconductor (MOS)-based gas sensors decorated with noble
metals (Ir, Ru, and IrRu alloys) to enhance their gas-sensing perfor-
mance. Our research demonstrates that the functionalization of ZnO
with these noble metals significantly improves the gas response, which is
attributed to electronic and chemical sensitization effects. Notably, the
sensor arrays exhibited superior performance in detecting various

hazardous gases, including acetone, benzene, HCl, and NHj, at different
concentrations. We found that the catalytic activity of noble metals
plays a pivotal role in enhancing the gas reactivity, with IrRu-alloy-
decorated ZnO sensors showing enhanced stability and selectivity. In
addition, the implementation of machine-learning models facilitated
accurate gas classification and improved sensor selectivity. The inte-
gration of functionalized materials with advanced data-processing ap-
proaches has paved the way for the development of next-generation
intelligent gas sensors. Further optimization of these materials and their
incorporation into multisensor arrays could significantly enhance the
detection and monitoring of a wide range of hazardous gases,
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contributing to industrial

monitoring.

improved environmental safety and
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