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Abstract. Recently virtual sensor arrays (VSAs) have been developed to improve the selectivity of volatile 

organic compound (VOC) sensors. However, most reported VSAs rely on detecting single property change 

of the sensing material after their exposure to VOCs, thus resulting in loss of much valuable information. 

In this work, we propose a VSA with a high dimensionality of outputs based on a quartz crystal 

microbalance (QCM) and a sensing layer of MXene. Changes in both mechanical and electrical properties 

of the MXene film are utilized in detection of the VOCs. We take the changes of parameters of the 

Butterworth-Van-Dyke model for the QCM-based sensor operated at multiple harmonics as the responses 

of the VSA to various VOCs. Dimensionality of the VSA’s responses has been expanded to four 

independent outputs, and the responses to the VOCs have shown a good linearity in multidimensional 

space. The response and recovery times are 16 s and 54 s, respectively. Based on machine learning 

algorithms, the proposed VSA accurately identifies different VOCs and mixtures, as well as quantifies the 

targeted VOC in complex backgrounds (with an accuracy of 90.6%). Moreover, we demonstrate the 

capacity of the VSA to identify “patients with diabetic ketosis” from volunteers with an accuracy of 95%, 

based on detection of their exhaled breath. The QCM-based VSA shows a great potential for detecting 

VOC biomarkers in human breath for disease diagnosis. 
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1. Introduction 

Label-free detection of volatile organic compounds (VOCs) is crucial in many fields such as pollution 

monitoring, public health, explosive detection, and high-quality chip fabrication [1-3]. Many VOCs in 

human breath are known as the effective biomarkers that could be used for early diagnosis of diseases [4-

6]. For example, acetone in a person’s exhaled breath is considered related to diabetic ketosis [7]. 

Correspondingly, the VOCs sensors are required to not only sensitively detect the targeted VOC, but also 

minimize the interferences from other gases effectively.  

Most reported sensors detect VOCs based on variations of a single sensing parameter of the sensor 

(e.g., resistance or frequency) after its exposure to VOCs [8-10]. This causes severe issues such as a poor 

selectivity of the VOC sensor [11]. E-nose system is one of the most common approaches to ameliorate 

the poor selectivity of VOC sensors [12-14]. It usually consists of a gas sensor array, multidimensional 

output vectors, and data analysis algorithms such as principal component analysis (PCA), support vector 

machine (SVM), and artificial neural network (ANN) [15-17]. However, it still faces many problems, such 

as high-power consumption, complicated circuitry, and high failure rate, because damage of a single 

element means the breakdown of the whole e-nose system [18]. 

To overcome the problems of e-noses and improve the selectivity of most sensors based on a single 

sensing parameter, virtual sensor array (VSA) has recently been developed based on multivariable 

response principles [19-21]. Multidimensional output vectors can be generated from a single VOC sensor 

and then processed using data analysis algorithms to quantify the targeted VOCs, which is similar to those 

produced by an e-nose. The most extensively reported VSAs are based on semiconductor sensors and FET 

devices [22, 23]. For example, based on impedance spectra, a flexible VSA was proposed in our previous 

study for recognition and quantification of VOCs [24]. However, these VSAs could only detect the 

changes of electrical properties of the sensing film after their exposure to VOCs, whereas changes of 

mechanical properties have seldom been considered, resulting in loss of crucial information and low 

dimensionality of the VSA outputs. Speller et al. proposed a VSA based on multiple harmonics of quartz 

crystal microbalance (QCM) to identify VOCs, considering the changes of mechanical properties of the 

sensing film [21, 25]. However, they did not considered changes of electrical properties during sensing. 

Properties of sensing films significantly affect the responses of VOC sensors [26]. Recently, MXenes 

have received considerable attention as the sensing layer of VOC sensors because of their large surface 

areas, good adsorption properties, and capabilities of precise detection of VOCs at room temperature [27-

30]. For example, VOC sensors based on Ti3C2Tx have shown a lower limit of detection and a higher 
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signal-to-noise ratio compared with those composed of the other two-dimensional materials [31]. However, 

it has been a challenge to obtain selective MXene-based VOC sensors because the MXenes have strong 

adsorptions on many types of VOCs, as listed in Table S1. 

In this paper, we propose a VSA based on QCM and MXene for selective detection of VOCs, as 

schematically shown in Figure 1. A Ti3C2Tx film was deposited on the surface of QCM as a sensing layer. 

To obtain the high dimensionality of the VSA’s responses to VOCs, we simultaneously detected changes 

of both mechanical and electrical properties of the sensing film based on the Butterworth-Van-Dyke (BVD) 

equivalent circuit model of the QCM-based sensor operated at multiple harmonics. The multidimensional 

responses of the VSA were analyzed using the machine learning algorithms such as PCA, SVM, and ANN, 

in order to identify different types of VOCs and quantify the targeted VOC in multiple backgrounds. 

Moreover, the VSA was applied for identification of “patients with diabetic ketosis” based on the exhaled 

breath from volunteers. This paper is a significant extension of our previously preliminary work, which 

we published in a conference [32]. 

 

2. Experimental Section 

2.1 Fabrication of VSA and material characterization. 

As shown in Figure 1, the proposed VSA consists of an AT-cut QCM as the transducer and a sensing 

layer of Ti3C2Tx. The QCM has a fundamental frequency of 5 MHz and a wafer diameter of 13.97 mm. 

The synthesis process of Ti3C2Tx as the sensing layer was reported in details in our previous work [24]. A 

dispersion of Ti3C2Tx in deionized water with a concentration of 0.5 mg/mL was dropped on both sides of 

the QCM and dried in a vacuum chamber. The area of the sensing layer is much larger than that of 

electrodes. Material characterization methods are shown in S1 of the Supporting Information. 

2.2 Exposure process to VOCs. 

All VOC sensing experiments were performed at room temperature (25℃). The setup of VOCs 

sensing system is presented in Figure S1, which has been reported in the previous paper [24]. The 

resistance and reactance spectra of the QCM-based sensor operated at multiple harmonics (i.e., first, third, 

and fifth harmonics) were recorded by a network analyzer (Agilent E5061B) at various VOC conditions. 

The measurements were made in triplicate, and the results were expressed using the mean value ± its 

standard deviation. 

Firstly, in order to test the VSA’s capacity to detect and identify different types of VOCs, we exposed 

the proposed VSA to four types of VOCs separately, that is, methanol (MeOH), ethanol (EtOH), acetone, 



5 
 

 

and isopropanol (IPA) with concentrations from 100 ppm to 800 ppm. In order to further test the 

recognition capability of the VSA, we exposed the VSA to four types of VOC mixtures, i.e., mixtures of 

acetone and EtOH (E), acetone and MeOH (M), acetone and toluene (T), as well as acetone and IPA (I). 

Table S2 lists the concentrations of these mixtures. In order to test the capacity of VSA to quantify the 

target VOC in different backgrounds, the proposed VSA was exposed to acetone with concentrations from 

100 ppm to 800 ppm in multiple backgrounds of four different humidity levels and ethanol concentrations: 

1) humidity less than 1%RH and ethanol concentration of 0; 2) humidity less than 1%RH and ethanol 

concentration of 100 ppm; 3) humidity of 32%RH and ethanol concentration of 0; 4) humidity of 32%RH 

and ethanol concentration of 100 ppm. Moreover, the VSA was used to simulatively identify “patients 

with diabetic ketosis” among all the volunteers based on their exhaled breath. Two breath samples were 

collected from each of 20 healthy volunteers. One of the two breath samples was added with a certain 

amount of acetone to simulate the exhalation of diabetic ketosis patient. We controlled the volume of 

acetone to ensure the acetone concentrations in the 20 samples were from 20 to 200 ppm [33]. In this way, 

we obtained 20 breath samples from healthy volunteers, and another 20 breath samples from simulated 

“patients with diabetic ketosis”. 

2.3 Data analysis methodology 

Firstly, three parameters in the BVD equivalent circuit model of QCM-based sensor operated at three 

harmonics were extracted by a least square fitting of the obtained resistance and reactance spectra. The 

fitting process is detailed in S2.1 of the Supporting Information. The VSA’s responses to VOCs were 

defined as the changes of nine parameters (3 parameters X 3 harmonics) after exposure to VOCs. Then the 

responses of the VSA to VOCs were input to PCA to determine the data dimensionality of the responses 

 

Figure 1. Schematic illustration of the proposed VSA based on QCM and MXene. 
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and qualitatively classify different types of VOCs. The resultant principal components (PCs) in the PCA 

were used as the input variables to the SVM for quantitative identifications of different types of VOCs 

and mixtures. Then we performed the ANN to quantify acetone in multiple backgrounds. Considering the 

small number of samples, leave-one-out cross validation (LOOCV) was selected as a validation method 

to estimate the identification and quantification models. Data analysis algorithms are detailed in S2.2 of 

the Supporting Information. Multivariate data processing (PCA, SVM, and ANN) was carried out in 

MATLAB programs in this work. 

 

3. Results and discussion 

3.1 Material Characterizations. 

Figure 2a shows photographs of the QCM before and after coated with MXene. Both sides of the 

QCM were coated with MXene, and the area of the sensing layer is much larger than that of the electrodes. 

The surface morphology of the Ti3C2Tx on the QCM is presented in Figure 2b. Figure 2c shows elemental 

mapping analysis results of C, O, F, and Ti elements of the MXene film, indicating a uniform distribution 

of all elements and abundant surface functional groups. Figure S2 shows a SEM image of the Ti3C2Tx 

nanosheets, revealing that the diameter of the 2D nanosheets is about 1 µm. 

X-ray diffraction (XRD) result of the Ti3C2Tx is shown in Figure 2d. A peak at 2θ = 6.7° 

corresponding to (002) peak of Ti3C2Tx indicates an interlayer distance of 3.3 Å [34]. X-ray photoelectron 

spectroscopy (XPS) measurement was performed to explore chemical bonds of the Ti3C2Tx MXene. 

Figures 2e-g show XPS high resolution spectra of Ti 2p, C 1s, and O 1s, respectively. As shown in Figure 

2e, the Ti 2p spectrum is fitted into Ti 2p1/2 and Ti 2p3/2, with an area ratio of 1:2 and a separation of 5.8 

eV. The 2p3/2 can be split into four peaks centered at 455, 456, 457.1, and 459.3 eV, corresponding to Ti−C 

(Ti+), Ti−X (Ti2+), TixOy (Ti3+), and TiO2 (Ti4+), respectively [35]. Three major peaks of C 1s spectrum 

centered at 281.8, 284.8, and 285.4 eV can be assigned to Ti-C bonds, C-C bonds, and C-O bonds, and the 

minor peak at 289 eV corresponds to C=O bonds, which is shown in Figure 2f [36]. The O 1s spectrum 

shown in Figure 2g can be deconvoluted into four peaks, and their corresponding binding energies are 

529.6, 530.4, 533.9, and 535.6 eV, corresponding to those of TiO2, Ti-O-Ti, Ti-OH, and Ti-H2O, 

respectively, which are in good agreements with those in previous XPS studies [37, 38].  

Figures 2h and 2i show resistance and reactance spectra of the QCM operated around its first 

harmonic before and after deposition of MXene. The resonant frequency is decreased from 5.007 MHz to 

4.995 MHz because of mass loading effect after the deposition of MXene [39]. The maximum resistance 
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and reactance are also decreased because of the increase in the effective area of the electrode and energy 

dissipation due to the deposition of MXene. 

 

3.2 Working principle of the VSA and VOCs fingerprints. 

The BVD equivalent circuit models of the QCM before and after MXene deposition are shown in 

Figure S3, in which C0 represents the feed through capacitance before MXene deposition, a “static” 

capacitance determined by two electrodes located on opposite sides of the insulating quartz. R1, C1, and 

L1 are the “motional” components induced by the electromechanical coupling [40]. R1, C1, and L1 are 

related to energy dissipation, mechanical elasticity, and initial device mass of the uncoated QCM, 

respectively. In order to show the influence of the MXene deposition, the BVD model of the QCM-based 

sensor after the deposition was depicted into a modified model as shown in Figure 3a, in which R1, L1, C1, 

and C0 are parameters in BVD model of the uncoated QCM. C2, L2, and R2, indicate changes of feed 

 
Figure 2. Characterizations of the MXene-based VOCs sensor. (a) Photographs of the QCM before and after coating 

with MXene. (b) Surface morphology of the MXene film on the QCM. (c) Elemental mapping analysis for Ti, C, O, and 

F. (d) XRD analysis of the Ti3C2Tx. XPS spectra for Ti 2p (e), C 1s (f), and O 1s (g). Resistance and reactance spectra of 

the QCM before (h) and after (i) MXene deposition. Adapted in part with permission from [32]. Copyright [2021] [IEEE] 
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through capacitance, mass loading, and energy loss caused by the MXene coated on QCM electrodes, 

respectively [40]. Because the area of the MXene layer is much larger than that of the electrodes, the feed 

through capacitance is increased by the deposition. As shown in Figure 3b, the fitting curve based on the 

modified BVD model is close to the resistance spectrum of the QCM-based sensor operated at its first 

harmonic, revealing the accuracy of the BVD model. 

 

The absorption of VOCs is related to both defects and functional groups of Ti3C2Tx nanosheets. Some 

VOCs are bonded on the structural defects of Ti3C2Tx nanosheets, and some are bonded and interacted 

with surface functional groups such as -O and –OH [34]. These interactions cause the conductance changes 

of the MXene film. On the other hand, intercalation of VOC molecules into MXene interlayers can 

increase the spacing of MXene layers [27, 29], which causes the change of viscoelastic properties and 

conductance of the MXene film. The electrical conductivity changes of the MXene film results in the 

variations of the effective areas of the electrode [41, 42], and thus the feed through capacitance as well. 

The viscoelasticity change of the MXene film causes the variations in energy dissipation of the QCM-

based sensor. Adsorption of the VOCs also causes the changes in mass loading of the QCM resonator. 

Therefore, in order to simultaneously detect changes in both mechanical and electrical properties of the 

MXene film, we extracted C2, L2, and R2 from the BVD equivalent circuit.  

 

Figure 3. Modified BVD equivalent model of the VSA and VOCs fingerprints. (a) Modified BVD equivalent circuit 

model of the VSA. (b) Experimental and fitting resistance spectra of the VSA operated at the first harmonic. (c) VOCs 

fingerprints for four types of VOCs 
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Moreover, a single QCM sensor operated at multiple harmonics could generate responses similar to 

those produced by multiple sensors of different thicknesses at a single harmonic [25]. In order to improve 

the dimensionality of the responses, we further extracted and applied parameters of the QCM sensor at 

multiple harmonics. Figure S4 shows the resistance and reactance spectra of the VOCs sensor operated at 

its first, third, and fifth harmonics after exposure to 100 ppm to 800 ppm of four types of VOCs. The 

resonant frequency of the sensor becomes smaller after exposure to four types of VOCs, mainly due to the 

mass loading effect [39]. The four types of VOCs cannot be distinguished by the only changes in the 

resonant frequency of the sensor. Meanwhile, the peak resistance and reactance are decreased due to the 

changes in the feedthrough capacitance and energy loss of the sensor. 

Figure S5 shows the extraction results of L2, R2, and C2 in the BVD equivalent circuit model from 

the resistance spectra of the sensor at multiple harmonics after exposure to VOCs. Changes in the nine 

parameters were taken as the responses of the VSA to VOCs. The responses of the sensor increase as the 

concentration of VOCs increases, but the VSA responses are nonlinear. In order to visualize the response 

patterns to different types of VOCs, the responses of the VSA are depicted into radar plots as shown in 

Figure 3c, in which the units of R2, L2, and C2 are Ω, 10-7 H, 10-14 C. Apparently, different VOCs display 

different fingerprints, which allows a straightforward identification for different VOCs. 

3.3 Detection and identification for single VOCs. 

The responses of VSA to VOCs are input to PCA. After the PCA analysis, the sum of the variance 

percentages of the first four principal components (PCs) exceeds 99%. The variance percentages for PC1, 

PC2, PC3, and PC4 are 71.6%, 15.8%, 7.4%, and 4.8%, respectively. We consider the PC whose variance 

percentage exceeds 3% as the output with a dimension. The dimensionality of the VSA’s output vectors is 

4D, i.e., the number of independent outputs generated by the VSA is 4. High dimensionality of the 

responses from the VSA in this study was obtained compared with that of the other VSAs as listed in Table 

S3 [19, 22, 24, 25, 43, 44]. Figure 4a shows a 3D plot of PCA scores for the first three PCs, and Figure S6 

shows those for the PC1 and PC4. Points with the same color represent same VOCs with different 

concentrations. Points of different colors are scattered in space, and points of the same color roughly lie 

on a line.  

The resulting PCs are then input into the SVM for quantitative identifications of different VOCs. 

Figure 4b shows the identification results for four types of VOCs, indicating a correct rate of 100%. The 

LOOCV result for the SVM identification is shown in Figure 4c, indicating a correct validation rate of 

95.8%. Figures S7a-e show the LOOCV results for identifications using the other machine learning 
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methods, i.e., decision tree, gradient boosted trees, logistic regression, Markov chain, naive Bayes, 

respectively. Their corresponding correct validation rates are 78.3%, 87.5%, 95.8%, 25%, 83.3%, 

respectively. Among them, the SVM is most suitable for VOCs identification using the proposed VSA. 

We performed a linear fitting between VOCs concentrations and PC1-PC4 in a multidimensional space 

using the least squares. The results for multivariate linear fitting between VOCs concentrations and PC1-

PC4 from VSA’s responses to four VOCs are as follows, 

     𝜑𝐸𝑡𝑂𝐻 = −882.3 + 224.2 ∗ 𝑃𝐶1 + 453.3 ∗ 𝑃𝐶2 − 196.6 ∗ 𝑃𝐶3 − 802.4 ∗ 𝑃𝐶4     (1) 

       𝜑𝑀𝑒𝑂𝐻 = −377 − 6.28 ∗ 𝑃𝐶1 − 626.3 ∗ 𝑃𝐶2 + 118.2 ∗ 𝑃𝐶3 − 66.1 ∗ 𝑃𝐶4      (2) 

      𝜑𝑎𝑐𝑒𝑡𝑜𝑛𝑒 = 727.8 + 352.2 ∗ 𝑃𝐶1 − 444.4 ∗ 𝑃𝐶2 − 62.4 ∗ 𝑃𝐶3 − 247.1 ∗ 𝑃𝐶4     (3) 

       𝜑𝐼𝑃𝐴 = 2459.5 + 1598.9 ∗ 𝑃𝐶1 + 717.2 ∗ 𝑃𝐶2 − 406.8 ∗ 𝑃𝐶3 − 61.6 ∗ 𝑃𝐶4     (4) 

in which the 𝜑𝐸𝑡𝑂𝐻, 𝜑𝑀𝑒𝑂𝐻, 𝜑𝑎𝑐𝑒𝑡𝑜𝑛𝑒, 𝜑𝐼𝑃𝐴, are concentrations (ppm) of EtOH, MeOH, acetone, IPA, 

respectively. The Adj. R2 of the multivariate linear fitting for the four VOCs are 0.946, 0.999, 0.987, and 

0.997, respectively. Figures 4d-g show the predicted concentrations by linear fitting versus actual 

concentrations of EtOH, MeOH, acetone, IPA, respectively. The predicted concentration is very close to 

the actual concentration. The responses of the VSA to VOCs have a good linearity in a multidimensional 

space. The above results show that the concentrations of the VOCs can be measured using the multivariate 

linear regression model.  

The short-term repeatability of VOC sensor was studied by repeatedly changing the acetone concentration 

between 0 and 100 ppm. The real-time frequency shifts of the VOC sensor operated at first harmonic are 

shown in Figure S8a. A good repeatability of the VSA was obtained over three cyclic tests. Figures S8b 

and S8c show the detailed responses and recovery processes of the sensors respectively. Response and 

recovery time can be defined as the time from when the resonant frequency starts to change until the 

resonant frequency reaches 90% of its final value. The response and recovery time of the sensor are 16 s 

and 54 s, respectively. Figure S9 shows the frequency shifts of the sensor upon exposure to four types of 

VOCs with a concentration of 100 ppm for 100 s. The MXene-based sensor has fast response and recovery 

to all four VOCs. 

3.4 Detection and identification for VOC mixtures. 

The VSA was exposed to four types of VOCs mixtures as mentioned before. Then the responses of 

VSA to VOCs mixtures are input to PCA. Figure S10a shows a 3D plot for PCA scores of the first three 

PCs. Points representing different mixtures are dispersed in space. The PCA scores of PC1 and PC4 are 

shown in Figure S10b. SVM was performed to quantitatively identify different mixtures. The  
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identification results for these four types of VOC mixture are shown in Figure 5a. A correct rate of 100% 

was achieved. Figure 5b shows the LOOCV result for the SVM identification. The correct validation rate 

is 90%. Figures S11a-e show the LOOCV results for identifications of VOCs mixtures using the other 

methods, such as decision tree, gradient boosted trees, logistic regression, Markov chain, naive Bayes, 

respectively. Their corresponding correct validation rates are 60%, 60%, 85%, 20%, 70%, respectively. 

Among them, the SVM is the most suitable method for identification of VOCs mixtures based on the 

proposed VSA. 

The proposed VSA was exposed to acetone with concentrations from 100 ppm to 800 ppm in the 

presence of different humidity levels and ethanol concentrations, and the obtained responses of the 

proposed VSA in multiple backgrounds are shown in Figure S12. The responses of the sensor are not zero 

in the presence of ethanol and water when the acetone concentration is zero, because Ti3C2Tx MXene also 

has adsorption capacities for both water and ethanol. The interferences of the background factors cannot 

be avoided by only detecting the resonant frequency changes of the QCM.  

The multi-layer ANN was further performed to quantify acetone in multiple backgrounds. Figure 5c 

shows the structure of the adopted ANN model, which consists of six layers with 50 neurons in each layer. 

 

Figure 4. Detection and identification for single VOCs. (a) 3D plot for PCA scores of the first three PCs. (b) 

Identification results for four types of VOCs by SVM. (c) LOOCV results for the identifications by SVM. (d)-(g) VOCs 

concentration predictions by linear fitting in multidimensional space. Adapted in part with permission from [32]. 

Copyright [2021] [IEEE] 
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The first to sixth layers are linear layer, nonlinear function (SELU), dropout layer, linear layer, nonlinear 

function layer (SELU), and linear layer, respectively, in which, 

 

                                                    SELU(𝑥) = {
1.0507𝑥, 𝑥 ≥ 0

1.7581(𝑒𝑥𝑝(𝑥) − 1), 𝑥 < 0
                   (5)  

 

The linear layer in the ANN is in the form of a full connection. The dropout layer was used to reduce the 

overfitting of the ANN. Figure 5d shows the predicted acetone concentrations by ANN versus actual 

concentrations in multiple backgrounds. The points with 100% prediction accuracy are located on the 

diagonal line. All the points are very close to the diagonal line. Figure S13a shows prediction error and 

prediction accuracy for each point, indicating an average accuracy of 95.4%. The LOOCV results for the 

prediction by ANN are shown in Figure 5e. The prediction error and prediction accuracy for each point in 

LOOCV are shown in Figure S13b. A cross-validation accuracy rate of 90.6% is achieved. 

 

3.5 Human exhaled breath detection. 

As shown in Figure 6a, the QCM-based sensor was attached to a breathing mask to monitor human 

breathing in real time. Figure 6b shows the real-time shifts of the resonant frequency and the maximum 

 

Figure 5. Detection and identification for VOCs mixtures. (a) Identification results for four types of VOCs mixtures 

by SVM. (b) LOOCV results for the identifications by SVM. (c) Structure of the adopted ANN model. (d) Acetone 

concentration prediction in multiple backgrounds. (e) LOOCV results for the acetone concentration prediction.  
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resistance of the VOCs sensor operated at its first harmonic. During exhalation, the frequency and 

resistance are decreased due to the absorption of water molecule by MXene and heat in the exhaled breath 

[45]. Frequency and resistance do not change exactly in the same way because the frequency shift is only 

related to the mass change of sensing film, whereas the resistance change is related to change in feed 

through capacitance and energy loss. 

The VSA was further used to identify exhaled breaths from healthy volunteers and “patients with 

diabetic ketosis” [33]. After exposure to two types of exhaled breath, the responses were firstly analyzed 

by PCA. Figures 6c and 6d show 3D plots for PCA scores of the first three PCs as well as PC1, PC4, and 

PC5. Points in red represent the PCA results for breath samples from “patients with diabetic ketosis”. 

Some breath samples of “patients” cannot be distinguished from that of healthy volunteers by PCA.  

SVM was then carried out for quantitative identifications of different breath samples. The 

identification results for two types of breath samples are shown in Figure 6e, indicating the correct rate is 

97.5%. The LOOCV result for the SVM identification is shown in Figure 6f. A cross-validation correct 

rate of 95% is achieved. These results indicate that the QCM-based VSA has a great potential for detection 

of biomarkers in the human breath. 

 

 

Figure 6. Human exhaled breath detection. (a) Photograph of the proposed VSA attached to a breathing mask. (b) 

Real-time shifts in frequency and maximum resistance of the VOCs sensor operated at first harmonic. 3D plot for PCA 

scores of the first three PCs (c) as well as PC1, PC4, and PC5 (d). (e) Identification results for two types of exhaled breath 

by SVM. (f) LOOCV results for the identifications by SVM. 
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4. Conclusion 

In this study, we propose a VSA with a high dimensionality of outputs by simultaneously detecting 

changes in mechanical and electrical properties of the sensing film. A thin film of Ti3C2Tx was deposited 

on the surface of a QCM to form the VSA, which was then exposed to different VOCs. By performing the 

PCA, the dimensionality of the VSA’s outputs is over 4-D and the responses to VOCs have a good linearity 

in multidimensional space. Based on machine learning algorithms, the VSA has the capacity to identify 

VOCs and VOCs mixtures with an accuracy of 95.8% and 90%, respectively, and predict acetone 

concentrations with an accuracy of 90.6% in multiple backgrounds. Blind analysis validates the capacity 

of the VSA to identify exhaled breaths from healthy volunteers and “patients with diabetic ketosis” with 

an accuracy of 95%. The QCM-based VSA has a great potential for detecting biomarkers of VOCs in the 

human breath for disease diagnosis. 
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Material characterizations and data analysis methods; diagram of the VOCs sensing system; 

SEM image of the nanosheets; basic BVD equivalent circuit model; resistance and reactance spectra 

of the QCM; multiparameter responses to four types of VOCs; responses to acetone in multiple 

backgrounds; dynamic response test of the VOCs sensor; frequency responses to 100 ppm of 4 VOCs; 

PCA scores for PC1 and PC4 from responses to four VOCs; PCA scores from responses to four VOCs 

mixtures; LOOCV results for identifications of four VOCs and VOCs mixtures by multiple methods; 

error and accuracy in concentration prediction; stability of the sensor; responses of traditional 
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