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ABSTRACT: As a natural monitor of health conditions for human beings, volatile organic compounds (VOCs) act
as significant biomarkers for healthcare monitoring and early stage diagnosis of diseases. Most existing VOC sensors
use semiconductors, optics, and electrochemistry, which are only capable of measuring the total concentration of
VOCs with slow response, resulting in the lack of selectivity and low efficiency for VOC detection. Infrared (IR)
spectroscopy technology provides an effective solution to detect chemical structures of VOC molecules by
absorption fingerprints induced by the signature vibration of chemical stretches. However, traditional IR
spectroscopy for VOC detection is limited by the weak light—matter interaction, resulting in large optical paths.
Leveraging the ultrahigh electric field induced by plasma, the vibration of the molecules is enhanced to improve the
light—matter interaction. Herein, we report a plasma-enhanced IR absorption spectroscopy with advantages of fast
response, accurate quantization, and good selectivity. An order of ~kV voltage was achieved from the multiswitched
manipulation of the triboelectric nanogenerator by repeated sliding. The VOC species and their concentrations were
well-quantified from the wavelength and intensity of spectra signals with the enhancement from plasma.
Furthermore, machine learning has visualized the relationship of different VOCs in the mixture, which demonstrated
the feasibility of the VOC identification to mimic patients.

KEYWORDS: mid-infrared spectroscopy, healthcare diagnosis, volatile organic compound, machine learning,
triboelectric nanogenerator

Volatile organic compounds (VOCs) are a group of ment of the levels of VOCs from breath reflects the health

chemical compounds that are prone to evaporate under condition of specific organs to identify the disease of a human
ambient conditions due to high vapor pressure, low being for early healthcare diagnosis. Most existing VOC sensors
boiling point, and strong reactiveness.' > VOCs are efficiently use methods such as oxide semiconductors and optical and
emitted as gas-phase molecules by a phase transition from solid electrochemical methods.”™ "¢ However, those kinds of VOC
and liquid phases. The primary sources of VOCs nowadays are sensors are only capable of measuring the total concentration of
from automobile exhaust, industrial emissions, petroleum
refining, solvent evaporation, fossil fuel combustion, and Received: September 4, 2020
biogenic emissions.>* The significant impacts on humans are Accepted: December 8, 2020
the inhalation or exposure to the VOCs’ environment, which Published: December 14, 2020

could induce various acute and chronic health effects, such as
central nervous system impairment, cancer, skin irritation, and
respiratory-system damage. On the other hand, the measure-
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Figure 1. Machine-learning-assisted and plasma enhancement mid-IR methodology for VOC healthcare diagnosis. (a) VOC emission
distribution and the potential illness to humans. (b) Spectrum of VOCs. (c) VOC detection by the coupling of the strong electric field and the
mid-IR. (d) VOC detection by machine-learning-assisted and plasma enhancement mid-IR from a multiswitch manipulation triboelectric
nanogenerator (SM-TENG). (e) Working mechanism of the SM-TENG. (h) Machine-learning-assisted and plasma enhancement mid-IR

methodology for an early healthcare diagnosis.

VOCs and with slow response, resulting in the lack of selectivity
and low efliciency for VOC detection. Thus, the technology that
enables good selectivity, fast response, real-time monitoring, and
high sensitivity to VOCs is of great importance, especially to
early healthcare diagnoses.

To solve the above-mentioned issues, mid-infrared (mid-IR)
spectroscopy is considered a feasible solution for VOC detection
due to the response of the vibrational modes of molecular bonds
in the range 2—25 um,"’ " resulting in absorption and
reflection with the intensity of the subsequent infrared beam.
Other than the VOC sensors measuring physical properties such
as mass, conductivity, density, or viscosity, IR-based VOC
sensors detect the chemical properties of molecules by
absorption peaks, which reflect the bonding energy of chemical
stretches. By retrieving fingerprint absorption in the full mid-IR
spectrum, the chemical structures can be reconstructed to
distinguish the species of VOC molecules. Additionally, by
monitoring the intensity of each absorption peaks, the
concentration of specific VOC molecules can be identified
through Beer—Lambert’s law, which indicates the linear
relationship between concentration and absorptance. However,
the vibrational modes of VOC molecules in the mid-IR are
weakly coupled to incident IR light, which dramatically
constrains the sensing accuracy.zo_22 To improve the sensitivity,
the coupling effect between the strong electric field generated by
plasma and the molecules provides a way to amplify the IR
absorption fingerprint. Therefore, plasma-enhanced infrared
absorption (PEIRA) spectroscopy becomes a good candidate
for ultrasensitive VOC detection and identification in a mixture
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by analyzing absorption fingerprints. Unfortunately, plasma is
usually generated by high-voltage direct-current power supplies,
which is bulky and power-consuming and does not control the
number of charges. The triboelectric nanogenerator
(TENG)*™° was proposed in 2012 with the advantage of the
potential for a high-voltage output based on the coupling of
triboelectric and electrostatic induction.”*™*’ The TENG
microplasma was proposed in 2018. Compared with bulky
high-voltage portable power sources for plasma discharge, the
concept of this TENG microplasma showed the possibility of the
application with advantages of controllable energy output, easy
fabrication, and the safe operation.**™>” Leveraging the tip—
plate electrode configuration, the TENG provides an ideal
solution to obtain a strong electric field®' ~>* to generate plasma
for PEIRA application, which could dramatically aid VOC
sensing with high sensitivity. Besides, with the trends of fifth-
generation cellular network technology (5G),”*”* machine
learning (ML) enables data analytics to be exercised at the cloud
server to aid the Internet of Things (IoT).0'~¢* Leveraging ML
for VOC analysis, real-time dynamic monitoring with fast
response and high accuracy can be achieved based on massive
spectral data for multiple absorption peaks. The principal
component analysis (PCA) in ML provides a feasible solution to
enhance the identification accuracy by reinforcing the difference
of different data sets from massive spectra for various VOC
species and their concentrations.

To realize VOC detection with the advantages of good
selectivity, fast response, real-time dynamic monitoring, and
high sensitivity, motivated by multiswitch manipulation for a

https://dx.doi.org/10.1021/acsnano.0c07464
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Figure 2. Plasma discharge and VOC characteristics. (a) Schematic diagram of plasma discharge enhancement mid-IR for VOC species. (b)
Optical image of the needle tip; scale bar 0.5 mm. (c) 3D schematic diagram of the SM-TENG. (d) V,_from FEP vs PMMA and (e) Q,.. (f) V;
from 100 MQ oscilloscopes to demonstrate the output voltage from the SM-TENG. (g) Plasma discharge spectrum from the needle—plate
electrode configuration under air pressure, (h) in methanol, (i) in ethanol, and (j) in acetone.

high-voltage output, we proposed machine-learning-assisted
plasma discharge enhancement of mid-IR for a variety of VOC
species detection, such as methanol, ethanol, and acetone. The
voltage with the order of ~kV was easily achieved from the
multiswitched manipulation of a triboelectric nanogenerator
(SM-TENG)," the output voltage of which is further leveraged
in a particular type of tip—plate electrode configuration, making
it possible to obtain plasma discharge in a wide range of VOC
species. The coupling effect of the strong electric field generated
by plasma and mid-IR absorption fingerprints of VOC molecular
bonds was demonstrated to enhance VOC sensing and
identification. With the aid of PEIRA, a high degree of accuracy
of VOC species (methanol, ethanol, and acetone) can be well
quantified even in the mixture environment. Furthermore, we
demonstrated that the ML-assisted PEIRA could be well
visualized the relationship of the different VOC classifications
in the sub-ppm concentration level. Finally, the healthcare
diagnosis applications of the breath from mimic patients further
demonstrated the feasibility of the PEIRA. This work not only
shows the possibility of exploring the fundamental phenomenon
of plasma—molecule interaction but also presents the feasibility
of accurate detection of VOC species for early stage healthcare
diagnosis through ML.

RESULTS AND DISCUSSION
ML-Assisted PEIRA for VOC Sensing. Due to the process

of industrialization, more and more VOC emissions from
various fields have become a serious issue to human healthcare
nowadays; for example, the area of industrial products is
responsible for almost 50% of all VOC emissions, as shown in
Figure la.”* Humans’ exposure to VOC environment in the

896

long term might result in severe healthcare problems, such as
headaches, itchy eyes, or high blood pressure. To meet the needs
of the IoT application for fast and on-site detection of VOC
species, the absorption and reflection spectroscopy in the mid-
IR could become a solution due to the resonant frequency of the
moleculear structure of VOCs in a vibrational mode as shown in
Figure 1b. Light irradiation is usually classified as mid-IR region
(5000—400 cm™), near-IR (10000—4000 cm™), and far-IR
(less than 200 cm™'). The response of different molecular
structures with their vibrational mode in the mid-IR is shown in
Figure S1. However, the sensitivity of this VOC sensing does not
satisfy the needs of the IoT and early healthcare diagnosis
applications, and no report has studied the spectral features of
VOCs under the effect of a strong electric field, as shown in
Figure 1c. With infrared spectroscopy, the characterizations of
all the molecular components were accurately achieved using
absorption and reflection in a wide range of VOCs by Fourier-
transform infrared spectroscopy (FTIR) equipment. Further-
more, it is assumed that the mid-IR in a strong electric field
dramatically affects the sensitivity of the VOC detection due to
the high-voltage fluctuation from the plasma discharge onto the
vibrational mode of the molecular structure.

Motivated by the logic of the charge accumulation, the SM-
TENG was developed to reach a high-voltage output without
any external battery. Leveraging the output voltage from the SM-
TENG in a special type of tip—plate electrode configuration,
machine-learning-assisted plasma enhancement of mid-IR
absorption was proposed for an early and fast response to
VOCs as shown in Figure 1lc. The back and forth sliding and
switching operation in time sequence can easily generate a high-
voltage output in the SM-TENG, as shown in Figure le. The

https://dx.doi.org/10.1021/acsnano.0c07464
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Figure 3. Discharge enhancement mid-IR spectrum for VOC detection. (a) Vibrational mode of gas molecules in a strong electric field by mid-
IR methodology. (b) Response of the mid-IR to ethanol with/without plasma discharge and (c) to acetone with/without plasma discharge. (d)
Response of the mid-IR of different concentrations in methanol with plasma, (e) zoom-in at the range of 2500—4000 cm ', and (f) the
concentration versus the response of methanol. (g) Response of the mid-IR of different concentrations in ethanol with plasma, (h) zoom-in in
the range of 2500—3500 cm ™', and (i) concentration versus the response of ethanol. (j) Response of the mid-IR of different concentrations in
acetone with plasma, (k) zoom-in in the range of 1500—2300 cm ™', and (1) concentration versus the response of acetone.

initial charges of all the dielectric materials (“A”, “B”, “C”, “D”) electrode configuration for the plasma discharge in the VOC gas
are from the triboelectric effect by its friction. The conductive chamber. Meanwhile, the mid-IR beam was focused onto the
electrodes were located at the backside of all the dielectric bottom electrode to broaden its response area for the VOC
materials for charge accumulation (electrode “A” and “B”) from detection in the FTIR equipment. With the coupling effect of the
the electrostatic induction by multiswitch operation “on” and plasma discharge from a particular type of tip—plate electrode
“off”. Figure S2 depicts the basic unit for charge generation. Due configuration and the response of the mid-IR, the high
to the electrostatic effect and the material interface effect, the sensitivity of a wide range of VOCs was observed due to the
electrodes of “C” and “D” will obtain charges from the ground, as high-voltage fluctuation. With the different motion speeds of the
shown in Figure 1e(I). The function of the multiswitches “off” VOCs and gas ions, the drift time to the electrode collector
maintains a separation of charges, as shown in Figure le(II)— would be present in a pattern due to the fixed weight and volume
e(IV), resulting in more charges (“D” and “B”) from the ground of the different VOCs, as shown in Figure 2a(II). Due to the
for balance. Finally, more charges will accumulate onto the “A” different molecule structures and their vibrational modes, as
for a high-voltage output. The continuous charge accumulation shown in Figure 2a(Ill), the mid-IR response of the VOCs
on dielectric “A” would produce a high-voltage output with would be affected in the strong electric field. The optical image
more operation cycles. To visualize the relationship of the of the tip of the needle and discharge is shown in Figure 2b. The
different VOC species and their concentrations, the PCA 3D schematic diagram of the SM-TENG with a sliding motion is
algorithm of the machine-learning-assisted method was shown in Figure 2¢. The sliding mode and the chosen materials
adopted. As shown in Figure 1f, when a human being is in the triboelectric are shown in Figure S3. To investigate the
breathing, the VOCs from human breath are detected by the dielectric materials of their electrical performance, different
proposed sensing mechanism based on plasma enhancement of contact areas of similar and different polarity triboelectric
the mid-IR. Then the raw data from the FTIR equipment are fed materials can be seen in Figure S4. It showed that similar
to the machine-learning-assisted computer server for further materials resulted in low change transfer efficiency. It also
analysis. demonstrated that the device achieves more charges with a

Characterization of Plasma Generation and VOC larger contact area. The stable output of the open-circuit voltage
Sensing. The system of the plasma discharge enhancement of (V,.) and the accumulative open-circuit charges (Q,.) was
the mid-IR for VOC detection is shown in Figure 2a and Video performed, as shown in Figure 2d,e, respectively. The unidirec-
S1. The high voltage was generated from the sliding operation of tional flow during the operation dramatically benefited and

the SM-TENG, which was leveraged by the needle—plate simplified the system in the plasma discharge. Each step-increase

897 https://dx.doi.org/10.1021/acsnano.0c07464
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charge meant a periodic sliding. The output voltage V,; from the
SM-TENG (49 cm?) resulted in a 3 times higher voltage than
the smallest contact area device (10 cm?), as shown in Figure 2f.
V,; was obtained from the resistor (close to the plate side), which
was used to evaluate the output energy from the needle—plate
configuration by oscilloscope (1 MQ). In an in-depth study of
similar materials in the SM-TENG, the results show that similar
triboelectric materials induce low charge transfer efficiency and
small output voltage, as shown in Figure S5 and Figure S6.
Compared with both similar and dissimilar materials in the SM-
TENG, the different triboelectric materials have a much higher
power transfer efficiency. Thus, the steady discharge output
from the electrode “A” would benefit from the air breakdown in
an infinite accumulation.

The optical image of the needle—plate electrode configuration
is shown in Figure S7a, and the numerical relationships of the
output voltage from the different air gaps of the needle—plate
electrode configurations are shown in Figure S8. The result
shows that the gap of the needle—plate electrode configuration
dramatically affects the output voltage. A longer air gap of the
needle—plate electrode configuration will induce a smaller
output voltage. To demonstrate the status of the discharge in the
gas chamber, the dark current patterns of the air pressure are
shown in Figure 2g. It shows the first peak of N, the second peak

898

of O,, and the third peak of CO,. As the premixed VOCs were
injected into the gas chamber, the dark current patterns in
different VOCs (methanol, ethanol, and acetone) were
obtained, as shown in Figure 2h—j. The results show that the
dark current patterns were dramatically different. The reason for
this phenomenon could be the different weight and volume of
the VOC molecules. The large volume of the VOC molecules
would be a damper to decrease the motion of the small
molecules (N, and O,). Here, gas-phase ions contain air
molecules and VOCs that are colliding with each other (few net
losses of energy from the collisions due to the elasticity of gas-
phase molecules).

Demonstration of PEIRA. To increase the sensitivity of the
VOC species, the focus area in the gas chamber should be
optimized. With a slow adjustment for the maximum irradiation
power source in FTIR, the focus sensing area of the mid-IR is
shown in Figure S7b. The typical frequency response of the air
pressure gases and VOC molecules is shown in Figure 3a.
However, the real vibrational mode of the molecules would be
affected by the coupling of the strong electric field and the mid-
IR during the operation. As shown in Figure S9a, we can observe
the response of the mid-IR with/without plasma of the air
pressure in the gas measurement chamber. The wavenumber
around ~2400 cm™' was from CO,, and a coupling effect
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Figure 5. Machine-learning-assisted and plasma-enhanced mid-IR methodology for the detection of a mixture of VOCs. (a) VOC premixture
chamber with two different VOCs. (b) Response of the mid-IR from two different VOCs in the mixture, ethanol and acetone, and (c)
distribution of two different VOCs in 2D and (d) in 3D. (e) VOC premixture chamber with three different VOCs. (f) Response of the mid-IR
from three different VOCs in the mixture, methanol, ethanol, and acetone, and (g) the distribution of three different VOCs in 2D and (h) in 3D.

phenomenon was observed (the slight difference between the
red curve and the light blue curve). Figure S9b and Figure 3b,c
depict the response of the mid-IR with/without any plasma in
the gas of methanol, ethanol, and acetone, respectively. The
results show that the plasma discharge can increase the response
of the mid-IR compared with that without any plasma discharge
(strong electric field). PEIRA did affect the response
dramatically (~1—3 times more than the original response
without plasma enhancement). The response range was
calculated by FTIR in plasma and without plasma. The reason
for this enhancement can be explained by the coupling effect of
the strong electric field and the mid-IR on the resonance of the
molecular structure. It showed wavenumbers of ~2800 and
~3700 cm™! for methanol, the wavenumber of ~2950 cm™! for
ethanol, and the wavenumber of ~1800 cm™ for acetone,
respectively. The four different VOC concentrations of the
response of the mid-IR with plasma are shown in Figure 3d—f. A
higher concentration of methanol will induce a large value of the
peaks around the wavenumber of ~2800 and ~3700 cm™, as
shown in Figure 3e. The relationship of methanol concentration
versus the response of the mid-IR around the wavenumber can
be as shown in Figure 3f. The result shows the almost linear
numerical relationship, which can be used to quantify the
methanol. Meanwhile, the response of the mid-IR of the ethanol
with the plasma discharge is shown in Figure 3gh, where the
wavenumber is ~2800 cm ™. The numerical relationship of the
concentration versus response can be calculated as a wave-
number of ~2950 cm™!, as shown in Figure 3i. As for the
acetone, the relative information is shown in Figure 3j—I with a
wavenumber of ~1800 cm™'. The result shows that all the
mentioned VOCs can be well identified by the response around
their wavenumbers. Thus, VOC species and their concen-
trations (methanol, ethanol, and acetone) can be well quantified
with both good selectively and high sensitivity. To identify the
methodology for all kinds of VOC gases, three typical VOCs

were chosen for the measurement: a VOC with one carbon

899

(methanol), a VOC with two carbons (ethanol), and a three-
carbon VOC (acetone).

ML-Assisted PEIRA Mixture VOC Detection. Machine
learning is a useful method for better identification than most
existing sensing applications. The PCA algorithm in machine
learning is one of the standard tools in exploratory data analysis
and for model prediction, which can be done by eigenvalue
decomposition of data matrix covariance (or correlation). The
goal of the PCA is the visualization of the big data for readers to
figure out the differences. The 1, 2, and 3 mean the parameters
with respect to the direction. The 3D space clusters would
contain more information than 2D clusters in PCA. As shown in
Figure 4a, the basic logic of PCA is based on the mathematical
statistics, where the machine learning method is aimed at the
parameters of eigenvalue decomposition of the raw data from
the FTIR equipment. Those raw data relating to the mid-IR can
be well handled to visualize the VOC species and their
concentrations by the PCA algorithm. As shown in Figure
S10, all the VOC species and their different concentrations can
be observed with a degree of acceptable 2D cluster data dots.
The different colors and the shape of marks mean the VOC
species at a certain concentration. The results show apparent
differences in different concentrations of VOCs. The results also
show enough clusters of data dots under the same concentration
of a VOC. Figure 4b, d, and f depict three VOCs (methanol,
ethanol, and acetone) in 2D space, with significant differences at
different concentrations. The results demonstrate the feasibility
of the PCA algorithm for VOC detection. To further clarify the
difference between them, the various concentrations of VOCs
(ethanol, methanol, and acetone) in the modified 3D space are
shown in Figure 4c, e, and g, with an apparent cluster of data for
the same concentration. The advantages and disadvantages of
VOC detection in the existing mechanisms can be found in
Table S1 and Table S2.

The premixture chamber was designed for a mixture of the
VOCs, as shown in Figure Sa. It was shown that the
combinations of VOCs were well premixed with fan rotation
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Figure 6. Healthcare diagnosis applications using the plasma-enhanced mid-IR for VOCs. (a) Two common illnesses of human beings related to
VOCs. (b) 3D schematic diagram of VOCs from a human being’s breath for early healthcare diagnosis. (c) Mimic breath by plasma discharge
enhancement of the mid-IR from a healthy person; the high peak means CO, from the breath, and (d) mimic drunk patient, showing ethanol
detection. (e) Mimic of breath from a healthy person and (f) mimic of a diabetic patient; the wavenumber around 1800 cm™" demonstrates
acetone. (g) Distribution of VOCs in the breath in 2D, ethanol, and (h) in 3D. (i) Distribution of VOCs in the breath in 2D, acetone, and (j) in

3D.

before being injected into the gas measurement chamber. Due to
the fixed volume in the premixture chamber, we assumed that
each VOC kept its concentrations. To investigate the
concentrations of each VOC in a mixture of VOCs, the mid-
IR responses of two different concentrations of a variety of
VOCs (ethanol and acetone) are shown in Figure Sb. A higher
concentration of the mixture of VOCs will induce a more
substantial peak around the wavenumbers of ~1800 cm™
(acetone) and ~2950 cm™! (ethanol). The wavenumbers and
the peak value can be used to identify the VOC species and their
concentrations, respectively. It was calculated that the “high”
and “low” concentrations of the mixture of VOCs were ~2970
ppm + ~1290 ppm and ~1320 ppm + ~860 ppm, respectively.
To better explain the visualization relationship of these mixtures
of VOCs, the PCA algorithms in 3D and 2D space were adopted,
as shown in Figure 5c,d, respectively. The result indicates that
the mixture of VOC species and their concentrations can be
well-identified based on the cluster of data dots. Moving toward
three VOCs (the concentrations of “high” and “low” were
~3630 ppm + ~2970 ppm + ~1290 ppm and ~1100 ppm +
~1320 ppm + ~860 ppm, respectively), as shown in Figure Se/f,
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we can still well distinguish the VOC species and concentrations
based on the wavenumbers (methanol of ~3800 cm™, ethanol
of ~2950 cm™!, and acetone of ~1800 cm™') and the peak
values, respectively. The PCAs in 3D and 2D space are shown in
Figure Sgh, respectively. Compared to three VOCs in the
mixture, the results showed a much better cluster for two VOCs
in the mix. It assumed that the more variable parameters in
VOCs decreased the cluster discrimination using PCA. Thus,
the machine-learning-assisted method is enough to demonstrate
that the system can identify the VOC species and their
concentrations by visualization.

Healthcare Diagnosis Applications. With the dramati-
cally increasing VOC emissions and healthcare diagnoses for
humans, there is a vast need for VOC species detection with
good selectivity, fast response, real-time monitoring, and high
sensitivity. Figure 6a depicts the common illnesses (alcohol
diagnosis and diabetes) associated with long-term exposure to
VOCs. Typically, almost no VOCs would be generated from
human beings with a good health status. However, when people
drink alcohol or are drunk, they will breathe the VOC ethanol.
The existing sensors would take at least 3 to 5 min to identify it,
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with low efficiency. With the technology of early and fast
response in ethanol detection, it would dramatically help police
officers find a drinker quickly and avoid transportation accidents.
The other example concerns diabetes in early diagnosis; people
with this disease breathe acetone molecules due to problems
with the stomach, as shown in Figure 6b. The technology using
plasma discharge enhancement of mid-IR provides a solution to
identify VOC species with fast and on-site detection. The open
environment measurement using the mid-IR without/with any
plasma can be seen in Figure S11a. As shown in Figure 6¢, almost
no peaks around the wavenumber of ~2950 cm™ were
demonstrated without any alcohol, but a huge value around a
wavenumber of ~2400 cm ™" was present with a large amount of
CO, from the breath. Figure 6d and Video S2 depict the
detection of ethanol due to a wavenumber of ~2950 cm™". The
zoom-in curve of a drunk person is shown in Figure S11b. The
absolute value of this peak refers to the measured concentrations
of ethanol. Figure 6c,d (measurement of human breath) and
Figure Gef (measurement of a mimic by air flow) were
conducted in different scenarios. The former one was observed
with a strong response peak of CO, due to the breath from a
person, whereas the other one did not. The obvious CO, peak
from Figure 6¢,d resulted in relatively small ethanol detection
from the breath. The small peaks around 1800 and 2900 cm™
from Figure 6¢,d were from the unpredictable air from a “healthy
looking person” who did the test. The differences from Figure 6¢
and e were from a “healthy looking person” in breath and the
open air conditions, respectively. The wavenumber around
~2400 cm™' (CO,) with different directions came from the
background calibration. The wavenumber around ~1800 cm™"
demonstrated the VOC acetone, as shown in Figure 6f and
Video S3, which gave information about the potential risk of the
diabetic. The response value to this peak meant the degree of the
severity of the diabetic disease. Furthermore, Figure 6gh and
Figure 6i,j depict three different statuses based on the mid-IR
raw data in 2D/3D, respectively, which show significant
visualization differences using the machine-learning-assisted
method. Thus, the plasma discharge enhancement of the mid-IR
provides an ideal solution for the feasibility of early and accurate
detection of VOCs in healthcare diagnosis.

CONCLUSIONS

In summary, we proposed an ML-assisted PEIRA to detect a
variety of VOCs in early stage diagnosis, having advantages of
fast response, noncontact, good selectivity, real-time monitor-
ing, and high sensitivity. The plasma discharges in the various
VOC environments came from a leveraging of the tip—plate
electrode configuration, where the voltage with the order of ~kV
was from repeatable sliding in the SM-TENG. The enhance-
ment sensing performances of the VOCs were obtained through
the coupling of plasma and mid-IR absorption fingerprints. We
demonstrated that the various VOCs (methanol, ethanol, and
acetone) could be well quantified from the mid-IR spectra
within the environment of the mixture of VOCs. Furthermore,
the ML-assisted tool was conducted using PCA to visualize the
relationships of the different VOC species and concentrations,
which demonstrated obvious discrimination according to the
right cluster of relevant data. Finally, monitoring of breath from
humans showed the feasibility of VOC diagnosis from ML-
assisted PEIRA spectroscopy. Our work explores the funda-
mental phenomenon of plasma—molecule interaction, which
indicates the arising of the state-of-the-art PEIRA spectroscopy
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technology. We also demonstrate an effective VOC detection by
PEIRA for early healthcare diagnosis through ML.

METHODS

Fabrication of the SM-TENG. Two SM-TENGs were fabricated
with a contact area of 10 and 49 cm?, respectively. The SM-TENG
contains the bottom pair of plates (dielectric “A” and “C”, both of them
are PMMA) and a top movable pair of plates (dielectric “B” and “D”,
both of them are FEP). The PMMA dielectric presents positive surface
charges when it contacts FEP (negative charges) in operation. The
connection wire used in the SM-TENG was a conductive nickel textile.
The substrate of the SM-TENG was made of an acrylic plate that was
cut by a laser cutting machine. Finally, the entire component was
assembled to form the SM-TENG. The FEP film and PTFE film are 220
and 300 pm thick, respectively. The electrode and multiswitches (“on”
or “off”) were made of a conductive nickel textile. The reason for
choosing this material was its mechanical property with enough
mechanical robustness and easy integration to our device. The three
states of the SM-TENG are shown in Figure S12: initial, sliding
between them, and sliding to a side.

Characterization. A programmable electrometer (Keithley model
6514) was used to obtain the V,, and Q,, respectively. The output
voltage of the measurement was tested by an oscilloscope (Keysight,
DSOX3034T) with an internal resistance of 1 and 100 MQ. The
infrared spectra are provided by a Fourier transformed infrared
microscope (Agilent Cary 610 Series) from 4 to 8 um. The
measurement of VOC sensing is conducted at room temperature,
and the calibration of the VOC concentration is done with a
commercial VOC meter.

VOC Platform. Figure S13 in the Supporting Information depicts
the setup for VOC detection. The optical images of the SM-TENG and
each component are shown in Figure S14. It contains the SM-TENG,
the premixture VOC chamber, and the FTIR equipment. The premixed
VOC chamber was designed for a mixture of VOC species. The
calibration sensor was used to identify the specific concentration of the
chosen VOC. The mass flow controllers (MECs) were connected to the
VOC measurement gas chamber. The VOC chamber was sealed well
during the measurement and the SM-TENG in operation. The SM-
TENG was used to provide the power source for the needle—plate
electrode configuration. The oscilloscope was connected to the plate
collector to record the dark current response. The computer was used
to record the data from FTIR for further machine learning.
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