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Abstract: Lung cancer is a prevalent and life-threatening disease worldwide. The primary
diagnostic approach for lung cancer is the utilization of low-dose spiral CT scans. However,
repeated scans can expose patients to harmful radiation. Consequently, there is growing interest
in exploring alternative methods such as the analysis of exhaled volatile organic compounds
(VOCs) for lung cancer detection. In this study, we employed a gas chromatography-mass
spectrometry analyzer to identify and quantify a total of 108 VOCs of lung cancer patients. Our
objective is to investigate the correlation between VOCs in exhaled breath and lung cancer.
Through the application of orthogonal partial least squares-discriminant analysis and
correlation analysis, we identified several VOCs, including acetone, ethanol, isopropanol, and
ethyl acetate, which exhibited a strong association with lung cancer. Unlike the use of a single
marker, our study employed a multi-parameter regression method, resulting in superior
accuracy. A diagnostic model based on the neural network algorithm was established,
demonstrating an accuracy of 93.5% after screening, surpassing the accuracy before screening
at 81%. Furthermore, we optimize the model by incorporating the gender factor, leading to an
accuracy exceeding 96%. Numerous studies have demonstrated that the analysis of VOCs in
exhaled breath holds significant potential for effectively distinguishing lung cancer patients
from healthy individuals. These findings emphasize the potential of respiratory analysis as a
novel diagnostic tool for early detection of lung cancer.
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1. Introduction

Currently, the global condition of lung cancer is extremely serious. According to
the World Health Organization, over 1.8 million people die from lung cancer annually
worldwide, including many non-smokers. Lung cancer is one of the most prevalent
and lethal cancers globally [1]. The incidence and mortality rates of lung cancer are
on the rise in many countries, particularly in developing nations [2,3]. The primary
risk factors for lung cancer include smoking, air pollution, radiation, genetic factors,
and occupational exposure [4]. Due to the relatively insidious onset of lung cancer,
symptoms such as hemoptysis, chest pain, and dizziness often indicate that the tumor
has progressed to a late stage [5]. Therefore, early detection of lung cancer is crucial
for patient prognosis. According to statistics, the 5-year survival rate of early-stage 1A
patients is 90%, while that of late-stage IV patients is less than 5% [6]. Currently, the
most important screening method worldwide is low-dose spiral CT, which is 4-10
times more sensitive than conventional chest x-rays for early lung cancer detection
[7,8]. The National Lung Cancer Screening Trial in the United States has demonstrated
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that low-dose spiral CT screening can reduce lung cancer mortality in high-risk
populations by 20% [9,10]. However, low-dose spiral CT screening for lung cancer
also poses certain problems [11]. The judgment of benign and malignant pulmonary
nodules involves subjective and objective factors of the attending doctor, leading to a
high false positive rate [12]. Consequently, there is an urgent need to establish a more
economical, non-invasive, efficient, universal, high-throughput, and accurate
screening method for lung cancer [7].

Expiratory diagnosis is a current hot topic in medical research. This diagnostic
technique detects the presence of certain diseases by analyzing the type and
concentration of VOCs in exhaled breath [13,14]. It offers several advantages,
including non-invasiveness, low cost, high sensitivity and specificity, low false
positive rate. Expiratory diagnosis is a promising method for screening and diagnosing
lung cancer. Currently, research on exhalation markers for lung cancer is gaining
momentum, primarily focusing on hydrocarbons, alcohols, aldehydes, ketones,
aromaticity, and esters [15]. In 1985, Gordon et al. conducted a pioneering study on
detecting VOC biomarkers in exhaled breath, analyzing 12 lung cancer patients and
17 control samples using computer-aided chromatography-mass spectrometry (GC-
MS) [14]. In 1999, Phillips et al employed GC-MS to screen 22 VOC-specific
compounds in the exhaled breath of lung cancer patients [16]. In 2016, Saalberg
identified 77 VOCs from the literature on lung cancer markers published between
1985 and 2015 [14]. Table 1 shows lung cancer exhalation markers reported in the
literature and screened from lung cancer patients and healthy people. Due to
differences in detection technologies and analytical methods, there is still no
recognized marker with sufficient specificity.

Table 1. Lung cancer breath testing performance and biomarkers.

Author, year Sensitivity  Specificity Exhalation markers

Bousamra, 2014 [17] 879 775 1. 2-butanone, 2. 3-hydroxy-2-butanone, 3. 2-hydroxyacetaldehyde, 4. 4
hydroxyhexenal

. 1. Butane, 2. 2methylbutane, 3. 4-methyloctane, 4. propane, 5. 2-pentanone, 6.

Ligor, 2015 [18] 635 124 propionaldehyde, 7. 2,4-dimethylheptane, 8. propylene

Nisreen, 2016 [19] 87 82 1. Heptane, 2. Decane, 3. 2-methylpentane, 4. 2-ethyl-1-hexanol, 5. Propanal, 6.
Valeraldehyde, 7. Acetone

Sanchez, 2017 [20] 32 87.6 1. Hexanal, 2. Heptanal, 3. Octanal, 4. Nonanal, 5. Propionic acid, 6. Nonanoic acid

1. 3-ethyltoluene, 2. 1,2,3-trimethylbenzene, 3. n-propylbenzene, 4. propylcyclohexane,
Wang, 2018 [21] 80.8 84 5. indene, 6. 1-methyl-3-propylbenzene, 7. 0-xylene, 8. 4-Methyl-2-pentanone, 9. 5-
methylindole, 10. methylcyclohexane

Several methods are currently used for breath detection, including electronic nose,
spectral analysis, and GC-MS [22]. Electronic nose technology has limitations such as
a short service life and insufficient detection accuracy [23-25]. Spectral analysis is
limited by the light source and can only measure a limited number of VOCs. In contrast,
GC-MS has high sensitivity, and a low detection limit [26]. When combined with a
pre-concentration device, it can provide qualitative and quantitative measurements of
hundreds of VOCs at parts-per-billion (ppb) levels [27]. The operation is simple, and
the method is well-established, making it an ideal detection method for breath VOCs
[28]. Currently, the challenge in the clinical application of breath analysis for the



Molecular & Cellular Biomechanics 2024, 21, 105.

diagnosis of lung cancer lies in several factors. On one hand, due to the diversity and
complexity of physiological and pathological states in humans, no single marker can
distinguish healthy individuals from lung cancer patients. On the other hand, there is
a lack of quantitative correlation between breath biomarkers and diseases, metabolic
abnormalities, and human body parameters. The relationship between lung cancer and
markers is complex and usually non-linear, making it difficult to identify lung cancer
through markers. For instance, studies have found that lung cancer patients have
higher exhaled acetone levels compared to controls, suggesting that acetone may be a
potential biomarker for lung cancer [29]. However, increased exhaled acetone is also
associated with several other diseases, such as diabetes, alcoholic hepatitis, as well as
heart failure. Therefore, screening breath markers for lung cancer and establishing a
correlation model between markers and diseases will be key to the clinical application
of breath diagnosis of lung cancer.

In this study, a diagnostic model for lung cancer was constructed using multiple
VOC indicators. Compared to using a single VOC as an indicator, the diagnostic
model exhibited better specificity and sensitivity, while avoiding errors caused by a
single indicator. Furthermore, the non-linear relationship between multiple indicators
and lung cancer was filtered out using the orthogonal partial least squares-discriminant
analysis (OPLS-DA) method, which eliminated poorly correlated feature variables. A
neural network algorithm was then employed to establish a correlation model for lung
cancer diagnosis, and the stability of the model was verified through experimental
validation. These findings provide a novel approach to developing a more accurate
and reliable diagnostic model for lung cancer.

2. Materials and methods

2.1. Study population

All participants in this study were from the Department of Thoracic Surgery, Sir
Run Run Shaw Hospital, Zhejiang University. The subjects consisted of 75 lung
cancer patients and 50 healthy controls. Patients included in this study must meet the
following criteria: (1) All cases were diagnosed as lung cancer by histopathology and
CT imaging, and had clear TNM staging information; (I1) No cancer-related surgery,
radiotherapy, chemotherapy and other cancer-related treatments were received before
admission. (I1l) No other lung diseases; no heart, liver, kidney and other organ
dysfunction; (IV) no infection or pregnancy, no blood disease; the healthy subjects
included in the study must meet the following criteria: (1) good health, no previous
medical history and no family history of lung cancer; (I1) individuals without other
lung diseases, heart, liver, kidney and other organ dysfunction; (I11) no infection or
pregnancy, no blood disease; prior to sample collection, all participants provided
informed consent to ensure that they were fully aware of the purpose, procedures and
potential risks of sample collection. The collection procedure followed the
requirements of medical ethics, respected the rights of participants, avoided
unnecessary physical and mental harm, and ensured that each participant understood
and supported the sampling process. Subject information is shown in Table 2.
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Table 2. Characteristics of the patients and healthy controls.

Characteristic Patients Healthy controls
Age (year) 59.8 +10.4 52.3 +15.3
gender

male 35 26

female 40 24

BMI 232428 228 +2.6
Clinical stage

1l 5

11 21

v 49

History of COPD no no

History of pulmonary infection no no

family history of lung cancer no no

2.2. Exhaled breath collection and sampling

Due to individual differences in breathing patterns, diet, and other factors, the
composition of exhaled breath can show significant variations. To obtain repeatable
and reliable breath samples, the sampling procedure was as follows: subjects were
asked not to brush their teeth or eat prior to sampling, rinse their mouth with water,
and breathe in a quiet and well-ventilated environment for 5 min without engaging in
any strenuous exercise. A 1L Tedlar bag and blow nozzle were used, with the gas bag
inlet valve turned 1/2 turn counterclockwise to open it. The subjects were instructed
to blow into the bag with moderate force, and to strictly avoid any backward suction.
After the gas was collected, the gas bag inlet valve was turned 1/2 turn clockwise to
close it. A mark was made on the white label outside the gas bag, and the patient
information was recorded. Environmental background air samples were also collected
as a control.

2.3. GC-MS equipment

The detection instrument is a gas chromatography mass spectrometer produced
by Agilent, and the model is 5977A-7890B. And ENTECH’s three-layer cold sink pre-
concentrator, model ENTECH7200. The GC-MS instrument parameters are set as
follows. Chromatographic conditions: The column type was DB-5 ms (60 m>=320 um
%1 pm), the forward sample port was connected to the mass spectrometry, and the
constant current was 2 mL/min. The temperature of the forward sample port was
230 °C, the carrier gas was He, the split ratio was 10:1, and the split flow rate was 20
mL/min. Column temperature program: the initial temperature of 35 °C for 5 min,
5 °C/min to 150 °C for 7 min, then at a rate of 10 °C/min to 200 °C and maintained for
4min, the end of the analysis. The analysis took a total of 44 minutes, and the use
temperature of the cold sink was 50 °C. Mass spectrometry conditions: ion source
temperature of 230 °C, quadrupole stability of 150 °C, acquisition mode of selective
ion scanning (SIM), EMV voltage of 1221.9 V, emission current of 34.6 pA, emission
energy of 70.0 eV.
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The standard substances were TO-15 and PAMS, a total of 108 substances, and
a mixed standard gas of 1 ppb was configured.

2.4. Statistical analysis

In this study, two statistical methods, orthogonal partial least squares
discriminant analysis (OPLS-DA) and Spearman correlation coefficient, were used to
verify the correlation between volatile organic compounds in exhaled breath and
disease. In the OPLS-DA analysis, we focus on the importance projection (VIP) value
of the variable, and a VIP value higher than 1 is considered to be statistically
significant. At the same time, we use the Spearman correlation coefficient as a non-
parametric measure. When the p value is greater than 0.8, we think it is statistically
significant.

2.5. The construction of multi-parameter regression model

In this study, we adopt a complex neural network architecture, which consists of
an input layer, two hidden layers and an output layer. The input layer preliminarily
processes the original data and transmits the processed information to the hidden layer.
These hidden layer neurons are activated using the Leaky ReL U function. This unique
activation function allows neurons to pass some information after being activated,
helping the network avoid potential inactive neuron problems. After these two layers
of processing, the data is finally collected to the output layer. In the output layer, we
use the Sigmoid activation function, which can map the output of the neuron to
between 0 and 1, so that it can be interpreted as probability. In order to evaluate the
performance of the model, we use the binary cross entropy loss to measure the
consistency between the model output probability and the real label. Finally, in order
to optimize our network parameters, we choose adaptive moment estimation as the
optimizer. This optimizer combines the advantages of the adaptive gradient algorithm
and root mean square propagation algorithm, which can adaptively adjust the learning
rate and improve the speed and stability of our model learning.

3. Results

3.1. Data dimension reduction and feature extraction

In this study, pre-concentrator and GC-MS were employed to analyze 125
respiratory samples, aiming to investigate the differences in VOCs exhaled by lung
cancer patients and healthy individuals. A total of 108 VOCs were identified,
including 44 hydrocarbons, 12 ketones, 26 alcohols, 9 aldehydes, 8 esters, and 9 acids.
The contents and types of these VOCs are of great significance in the early diagnosis
and treatment of lung cancer.

To establish a reliable model, the OPLS-DA method was utilized with 108 VOCs
as independent variables and disease status as dependent variables to distinguish
patients and healthy individuals. The fitting indices of independent variables (R2X),
dependent variables (R2Y), and model prediction (Q2) were 0.891, 0.924, and 0.769,
respectively. Both R2 and Q2 values were over 0.5, indicating that the fitting results
were acceptable. The R2X and R2Y values of the model indicate a strong correlation
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between independent and dependent variables, while the Q2 values indicate a good
prediction ability of the model. In addition, 200 permutation experiments were
conducted, and the intersection of the Q2 regression line and the vertical axis was
found to be —0.19, proving that the model was not over-fitting, and the reliability and
robustness of the model were also verified, as illustrated by Figure 1. These results
suggest that our model can be used to distinguish lung cancer patients from healthy
individuals and has good predictive ability.
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Figure 1. OPLS-DA pretreatment results. (A) OPLS-DA scatter plot; (B)
permutation test.

In OPLS-DA, the VIP value is a crucial metric for evaluating the contribution of
each independent variable to the model. The calculation of the VIP value is based on
the projection direction in the OPLS-DA model. The projection direction divides the
independent variables into two parts: the part related to the dependent variable and the
part not related to the dependent variable. The VIP value indicates the importance of
each independent variable in the dependent component. The greater the VIP value, the
greater the contribution of the independent variable to distinguish between different
categories of samples. The significance of the VIP value lies in its ability to help us
determine which independent variables are most important in distinguishing between
different categories of samples. By using the VIP value, we can select the most
discriminative independent variables to improve the predictive ability and reliability
of the model. Additionally, the VIP value can be used for feature selection, which
involves selecting the most representative and discriminative independent variables
from a large number of independent variables to simplify the model and improve its
interpretability. The VIP values of six substances were greater than 1, as shown in
Table 3.

Table 3. VOCs with significant VVIP value.

VOCs name

ethanol

acetone

ethyl acetate isopropyl alcohol cis-1,2-dichloroethene 2,3,4-Trimethylpentane

VIP value

6.8

4.3

2.7 2.1 11 1

3.2. Analysis of relationship

The present study aimed to investigate the distribution of VOCs in all breath
samples, with a particular focus on discerning differences between healthy individuals
and lung cancer patients. Notably, the concentrations of acetone and methyl ethyl
ketone were found to be more concentrated in healthy individuals, while more
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dispersed in patients with lung cancer (Figure 2).
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Figure 2. Comparison of VOCs content in exhaled breath between healthy people

and lung cancer patients.
1. acetone; 2. Isopropanol; 3. disulfide carbon; 4. trans-1,2-dichloroethylene; 5. methy| ethyl ketone.

Before conducting correlation analysis, it is important to check whether the data
conforms to normal distribution. Normality tests can use various methods, such as the
Shapiro-Wilk test, the Kolmogorov-Smirnov test, and the Anderson-Darling test. If
the data conforms to a normal distribution, the parameter correlation analysis method,
such as the Pearson correlation coefficient, can be used. Pearson’s correlation
coefficient measures the strength and direction of a linear relationship between two
continuous variables. It assumes that the data follows a normal distribution and that
the relationship between the two variables is linear. However, if the data does not
conform to normal distribution or if the relationship between the two variables is not
linear, using the Pearson correlation coefficient may result in inaccurate results. Non-
parametric correlation analysis methods, such as Spearman correlation coefficient, can
be used if the data does not conform to normal distribution. The Spearman correlation
coefficient is a non-parametric method that does not require the assumption that the
data conforms to normal distribution or that the relationship between two variables is
linear. It calculates the strength and direction of the relationship between two variables
by converting the data to rank. The Spearman rank correlation coefficient is applicable
to non-normal distribution data and non-linear relationship data.

The Shapiro-Wilk test is suitable for data sets with small sample sizes (less than
50) and has higher sensitivity for normally distributed data. Therefore, the Shapiro-
Wilk test was used to analyze the normality of the 108 VOCs. Of the 108 VOCs, 104
VOCs did not conform to normal distribution. In the present study, Spearman's
correlation coefficient was utilized as an indicator to evaluate the relationship between
VOCs and Disease Risk [30], which is a robust approach for assessing non-linear
relationships (Figure 3). The findings revealed a significant association between
certain VOCs and Disease Risk, including commonly occurring organic compounds
such as acetone, ethanol, and ethyl acetate (Table 4).
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Figure 3. Heat map of correlation between VOCs in exhaled breath and disease.

Table 4. p-value of Spearman correlation analysis.

VOCs name

acetone

ethanol isopropyl alcohol ethyl acetate  n-Heptane  2,3,4-Trimethylpentane methyl butyl ketone

p-value

0.95

0.93 0.96 0.91 0.87 0.86 0.89

3.3. Establishment and optimization of lung cancer diagnosis model

In this study, we employed a statistical significance level (p > 0.8) and a variable
importance index (VIP > 1) to screen for VOCs related to lung cancer. After analysis,
we identified four VOCs, namely ethanol, acetone, isopropanol, and ethyl acetate,
which exhibited significantly higher levels in the exhaled breath of lung cancer
patients compared to healthy individuals (Table 5). These VOCs hold potential
diagnostic value for lung cancer.

Table 5. Comparison of four VOCs content.

VOCs Patients Healthy controls
ethanol 3037 +2966 817 621
acetone 1663 +1507 565 357
isopropanol 354 +450 134 +94

ethyl acetate 1058 +1067 627 +367

A confusion matrix is a tool used to evaluate the performance of classification
models. It includes four metrics: True Positive (TP), False Positive (FP), True
Negative (TN), and False Negative (FN). TP refers to the number of samples correctly
identified as positive by the classifier, while FP refers to the number of samples
incorrectly identified as positive. TN refers to the number of samples correctly
identified as negative, and FN refers to the number of samples incorrectly identified
as negative. These metrics can be used to calculate various performance indicators
such as accuracy, recall, and precision, which help assess the model’s classification
ability and optimize its performance. Specificity, sensitivity, precision, and accuracy
are commonly used to evaluate the non-invasive monitoring performance of lung
cancer [31]. Specificity refers to the probability that a sample is correctly identified as
negative when it is indeed negative. Sensitivity, also known as recall, refers to the
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probability that a sample is correctly identified as positive when it is indeed positive.
Accuracy represents the proportion of correct predictions among the total number of
samples. Precision represents the proportion of true positive samples among all
samples predicted as positive.

Specificity = N X 100% (2
pecificity = TN £ FP 0)
Sensitivit TP 100% 3
=———X
ensitivity = TEN 0]
Precision = i X 100% 4)
recision = TP L FP ()
TP+ TN
Accuracy = X 100% 5)

" TP+ TN+ FP + FN
Figure 4 illustrates the accuracy of the neural network-based model before and

after screening. The accuracy of the VOCs model noticeably improved from 81% to
93.5% following the screening process. This improvement can be attributed to the
potential interference that arises when all VOCs are simultaneously used as inputs to
the model. It is likely that the presence of multiple VOCs simultaneously affected the
accuracy of the model negatively. However, through the screening process, the model
was optimized by minimizing the interference and refining the input variables,
resulting in a significant enhancement in accuracy.
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Figure 4. Comparison of model accuracy before and after screening.

In order to study the performance differences between single-marker and multi-
marker combination models, four VOCs, ethanol, acetone, isopropanol, and ethyl
acetate, were used to establish diagnostic models. As shown in the Figure 5, the
accuracy of the model using a single marker is less than 70%, of which the accuracy
of acetone and ethyl acetate is only 58% and 57%. This shows that the use of a single
marker cannot accurately distinguish lung cancer patients. The use of multiple markers
can identify lung cancer patients from multiple dimensions and greatly improve the
accuracy of the model.
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Figure 5. Comparison of accuracy of single marker and multi-marker combination
models.

To select the most suitable algorithm for lung cancer diagnosis, we utilized
ethanol, acetone, isopropanol, and ethyl acetate as input variables for the diagnosis
model. Four machine learning algorithms, namely neural network, decision tree,
support vector machine tree, and random forest, were employed to establish the
diagnosis model. Through comparative analysis, we found that the neural network
algorithm-based diagnosis model was the best, with a training set accuracy of 93.5%
and a test set accuracy of 81% (Figure 6). These results demonstrate that the neural
network algorithm has high accuracy and reliability in the diagnosis of lung cancer.
Compared to other algorithms, the neural network algorithm can handle non-linear
relationships and high-dimensional data more effectively, thereby improving the
accuracy and reliability of the diagnosis model.
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Figure 6. Comparison of the effects of four types of models. (A) training sets; (B)
testing set.

Due to the close correlation between the concentration of VOCs in exhaled breath
and sex, it is essential to exclude the influence of sex in the diagnosis of lung cancer.
To ensure the accuracy and reliability of diagnostic results, fractional analysis of
patients of different sexes is required, and the influence of gender factors must be
considered when establishing diagnostic models.

In this study, healthy individuals and patients were categorized by gender, and
the distribution of four VOCs—ethanol, acetone, isopropanol, and ethyl acetate - in
healthy men, healthy women, male patients, and female patients were analyzed. The

10
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results showed that in the healthy group, the mean value of exhaled ethanol in male
subjects was 685 201 ppb, acetone was 506 401 ppb, isopropanol was 117 +106
ppb, and ethyl acetate was 519 + 386 ppb. In female subjects, the mean value of
exhaled ethanol was 1114 206 ppb, acetone was 698 +220 ppb, isopropanol was
171 49 ppb, and ethyl acetate was 867 175 ppb (Figure 7). Overall, the levels of
these four VOCs in the breath of healthy women were significantly higher than those
in healthy men.
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Figure 7. Comparison of four VOCs content dlstrlbutlon in exhaled breath of
healthy groups of different genders. (A) ethanol; (B) acetone; (C) isopropanol; (D)
ethyl acetate.

In contrast, the results showed that in lung cancer patients, the mean value of
exhaled ethanol in male patients was 2291 +1676 ppb, acetone was 2806 2013 ppb,
isopropanol was 708 £596 ppb, and ethyl acetate was 1768 +1210 ppb. The mean
value of exhaled ethanol in female patients was 874 657 ppb, acetone was 12654885
ppb, isopropanol was 228 £310 ppb, and ethyl acetate was 1150 1109 ppb (Figure
8). Overall, the levels of these four VOCs in the breath of male patients were
significantly higher than those in female patients. These findings suggest that gender
plays a significant role in the distribution of VOCs in exhaled breath, and this effect
differs between healthy individuals and patients. Therefore, gender should be
considered as an input in diagnostic models.

After incorporating gender as a factor into the model, a diagnostic model was
established based on a neural network algorithm. As shown in Figure 9, the efficiency
of the training set is increased to 96.8%, and the efficiency of the test set is increased
to 85% This indicates that gender is an important factor for the diagnostic model,
significantly improving its accuracy and reliability. Further research will be conducted
to investigate other factors that may affect the diagnosis results and improve the
performance of the model.

1
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Figure 8. Comparison of the distribution of four VOCs in the exhaled breath of lung
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To further confirm the performance of our model, we have initiated an additional
data collection process. This includes exhaled samples from 10 patients diagnosed
with lung cancer and 10 healthy participants, maintaining a balanced gender ratio with
each group consisting of 5 men and 5 women. According to the diagnostic results of
the model, all the patients in the lung cancer cohort were accurately identified with the
disease. However, in the healthy cohort, one participant was mistakenly diagnosed
with lung cancer. Consequently, the overall diagnostic accuracy of this Confusion
matrix of model diagnosis results model reached 95%. This reiterates the superior
capacity and potential utility of our model in the detection of lung cancer.

4. Discussion

In this study, 75 lung cancer patients and 50 healthy subjects were used to explore
the differences in the content of volatile organic compounds in exhaled breath. A total
of 108 VOCs were identified, including 44 hydrocarbons, 12 ketones, 26 alcohols, 9
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aldehydes, 8 esters, and 9 acids. It can reflect the patient's physiological condition
more comprehensively. The results showed that there was a significant correlation
with the disease in the four substances of ethanol, acetone, isopropanol and ethyl
acetate. The diagnostic model established by the neural network showed excellent
performance, with an accuracy of 96%, a sensitivity of 95.8%, and a specificity of
96.7%.

By using solid-phase microextraction (SPME) combined with GC-MS, poli
measured the content of straight-chain aldehydes C3-C9 in exhaled breath. Non-small
cell lung cancer (NSCLC) patients had higher levels of aldehydes compared to a
control group of asymptomatic non-smokers [32]. Ligor found that eight volatile
organic compounds, such as butane, 2-methylbutane, propane, and 4-methyloctane,
were potential biomarkers for lung cancer by using an artificial neural network model
[33]. Current research mostly focuses on a single type of substances in exhaled breath,
such as alkanes and aldehydes. Although effective results can be obtained in some
cases, there are also some shortcomings. Metabolic processes in living organisms are
very complex, and changes in a type of substance often only reflect part of the
physiological process, making it impossible to comprehensively assess disease status.
This study detected hydrocarbons, ketones, alcohols, aldehydes, esters, acids, and
other substances in breath. Compared with previous studies, the detection content was
more comprehensive. By combining it with machine learning, significant
improvements in accuracy, sensitivity, and specificity are achieved, enabling more
accurate diagnosis of patients and requiring fewer markers to achieve it. This
innovation promotes the promotion of respiratory diagnostic methods and provides
strong support for progress in the field of early detection and diagnosis of lung cancer.

In order to capture the diversity of the patient population more comprehensively,
future research plans will focus on expanding the age range and geographical scope of
the subjects. This will help to establish a more widely applicable model and provide
more representative research conclusions. At the same time, we plan to further
increase the sample size to strengthen the statistical effectiveness of the experiment
and ensure the reliability of the research results.

5. Conclusions

In this study, we employed Gas chromatography-mass spectrometry to quantify
108 VOCs in respiratory samples obtained from lung cancer patients. Through
statistical significance level and variable importance index screening, we identified
four VOCs closely associated with lung cancer: ethanol, acetone, isopropanol, and
ethyl acetate. After the screening process, the accuracy of our diagnostic model
increased from 81% to 93.5%. To determine the most suitable machine learning
algorithm, we established a lung cancer diagnosis model based on four commonly used
algorithms: neural network, decision tree, support vector machine tree, and random
forest. The neural network algorithm-based diagnosis model demonstrated the highest
accuracy, achieving 93.5% on the training set and 81% on the test set.

Considering the influence of gender on the content of VOCs in exhaled breath
samples, we included the gender factor in the model input to mitigate its impact on the
diagnosis results. Through model optimization, the accuracy of the diagnostic model
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further improved, reaching 96.8% on the training set and 85% on the test set. Moving
forward, we will continue to investigate factors affecting the exhaled breath diagnosis
of lung cancer, aiming to enhance the accuracy of the diagnostic model and provide
better support for early diagnosis and treatment of lung cancer.
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