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= Volatile organic compounds (VOCs) predict outcomes in esophageal squamous cell carcinoma (ESCC).
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= VOCs dynamically change during chemoradiotherapy (CRT) and vary between complete response (CR) and non-CR.

= Breath-based biomarkers may help monitor ESCC in real time and guide personalized therapy.

ABoJjoouQ uonpAouuU| aY |

[I J—

The Innovation Oncology 1(3): 100040, October 26, 2026

1



mailto:ximian@sysucc.org.cn
mailto:zhuyuj@sysucc.org.cn
mailto:liqq@sysucc.org.cn
mailto:ximian@sysucc.org.cn
mailto:zhuyuj@sysucc.org.cn
mailto:liqq@sysucc.org.cn
https://doi.org/10.59717/j.xinn-oncol.2026.100040
https://doi.org/10.59717/j.xinn-oncol.2026.100040
https://doi.org/10.59717/j.xinn-oncol.2026.100040
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.59717/j.xinn-oncol.2026.100040&domain=pdf

www.the-innovation.org/the-innovation-oncology

/:\:3) (=M=l Cancer Clinical Trials |

OPEN aAccess s
Y

Exhaled volatile organic compounds as predictors of chemoradiother-
apy response in locally advanced ESCC: A prospective study

Yilu Gao,** Xingyuan Cheng,"** Baoqing Chen,">** Lei Zhao,"” Shiliang Liu,"* Yingxin Lv," Qiaoqiao Li,"*" Yujia Zhu,"** and Mian Xi"***

'State Key Laboratory of Oncology in South China, Collaborative Innovation Centre for Cancer Medicine, Guangdong Esophageal Cancer Institute, Guangzhou 510060, China
“Department of Radiation Oncology, Sun Yat-sen University Cancer Center, Guangzhou 510060, China

3United Laboratory of Frontier Radiotherapy Technology of Sun Yat-sen University & Chinese Academy of Sciences lon Medical Technology Co., Ltd, Guangzhou 510060, China

“These authors contributed equally

*Correspondence: ximian@sysucc.org.cn (M.X.); zhuyuj@sysucc.org.cn (Y.Z.); liqg@sysucc.org.cn (Q.L.)

Received: June 3, 2026; Accepted: August 26, 2026; Published Online: September 10, 2026; https://doi.org/10.59717/].xinn-oncol.2026.100040

© 2026 The Author(s). This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/).

Citation: Gao Y., Cheng X., Chen B,, et al. (2026). Exhaled volatile organic compounds as predictors of chemoradiotherapy response in locally advanced ESCC: A prospective study. The

Innovation Oncology 1:100040.

Definitive or neoadjuvant chemoradiotherapy (CRT) is a standard treat-
ment for locally advanced esophageal squamous cell carcinoma (ESCC).
However, noninvasive biomarkers for treatment response assessment
remain lacking. We investigated the predictive value of exhaled volatile
organic compounds (VOCs) in ESCC patients undergoing CRT. In this
prospective observational study, exhaled VOCs were analyzed using high-
pressure photon ionization time-of-flight mass spectrometry before, during,
and after CRT. Patients were classified as complete responders (CR) or non-
complete responders (non-CR) based on pathological or imaging assess-
ment. VOCs were selected through univariate analysis, least absolute
shrinkage and selection operator regression, and recursive feature elimina-
tion. Machine learning models integrating VOCs and clinical variables were
developed. Survival outcomes were evaluated using Cox regression and
Kaplan—Meier analysis. Among 72 patients enrolled between Oct 8, 2022,
and Aug 23, 2023, 44 achieved CR and 28 were classified as non-CR after
CRT. Four VOCs and three clinical characteristics were identified as
response predictors. Among four machine learning algorithms, the random
forest model showed the best performance (AUC, 0.873; sensitivity, 90.9%;
specificity, 60.7%; accuracy, 79.2%). The multivariable Cox model predicted
12-month overall survival with an AUC of 0.945. Exhaled VOC profiling
represents a promising noninvasive approach for predicting treatment
response and survival in ESCC patients receiving CRT.

INTRODUCTION

Esophageal cancer is the 11" most prevalent malignancy worldwide and
the 7" leading cause of cancer-related mortality.' China represents a high-
incidence region, with esophageal squamous cell carcinoma (ESCC) being
the predominant histological subtype.” The current standard of care for
locally advanced ESCC consists of definitive chemoradiotherapy (CRT) or
neoadjuvant CRT followed by surgery.” However, the identification of reliable
biomarkers to predict treatment response after CRT in ESCC remains an
unmet clinical need. Although various serum-based biomarkers have been
investigated, their performance has been inconsistent and insufficient for
clinical utility.” For example, circulating tumor DNA (ctDNA) has emerged as a
promising liquid biopsy biomarker for predicting therapeutic response and
prognosis in several malignancies, including ESCC.” Nevertheless, its
widespread clinical implementation has been hindered by several limitations,
such as the lack of standardized detection protocols, vulnerability to pre-
analytical variability, and high costs.” These challenges underscore the urgent
need for developing accurate, noninvasive, and cost-effective biomarkers for
assessing treatment response in ESCC.

Human exhaled breath comprises thousands of volatile organic
compounds (VOCs), some of which represent metabolic byproducts that
enter the lungs via the bloodstream and are subsequently eliminated through
gas exchange.”” The VOC profile varies under different physiological and
pathological conditions, enabling disease characterization and treatment
guidance through precise analytical detection.”” Substantial evidence has
demonstrated the utility of VOCs in cancer diagnosis, therapeutic response
prediction, and recurrence monitoring; however, their application in evaluat-
ing ESCC treatment efficacy remains unexplored.'"®

Gas chromatography—mass spectrometry is the most commonly used

analytical technique for VOC detection.'® However, its clinical implementation
is limited by labor-intensive sample preparation, high costs, and require-
ments for thermal stability.'” High-pressure photon ionization time-of-flight
mass spectrometry (HPPI-TOFMS) provides several advantages, including
pretreatment-free operation, cost-effectiveness, resistance to humidity, and
enhanced sensitivity, making it a promising alternative for breath analysis.'
Previous studies have demonstrated the potential of HPPI-TOFMS for cancer
detection; however, its utility in predicting treatment efficacy following CRT in
ESCC remains unclear.'*”" This prospective study aimed to longitudinally
monitor dynamic changes in VOCs during CRT and evaluate their predictive
value for therapeutic efficacy in locally advanced ESCC.

MATERIALS AND METHODS
Study design

The overall study design is presented in Figure 1. Briefly, exhaled breath
samples were collected before, during, and after CRT from patients with
locally advanced ESCC who received neoadjuvant or definitive CRT in this
prospective observational study between October 8, 2022, and August 23,
2023, at Sun Yat-sen University Cancer Center. Patients were stratified into
complete response (CR) and non-CR groups based on pathological or imag-
ing assessments and differences in VOC profiles between the two groups
were investigated. The study was approved by the Ethics Committee of Sun
Yat-sen University Cancer Center and registered at ClinicalTrials.gov
(NCT05557955). Written informed consent was obtained from all patients
prior to the study procedures.

Participants

Patients 1) aged 218 years, 2) with pathologically confirmed ESCC prior to
treatment, 3) who had not previously received anticancer therapy, 4) who had
stage II-IVA or stage IVB disease with non-regional lymph node metastasis
ESCC according to the 8th TNM staging system of the American Joint
Committee on Cancer, 5) who were scheduled to undergo neoadjuvant CRT
followed by surgery or definitive CRT, 6) who provided written informed
consent were included in the analysis.

Conversely, patients who 1) were pregnant or breastfeeding at the time of
the study; 2) had a history of malignancies other than esophageal cancer;
3) previously received antitumor therapy, 4) had stage IVB disease and
distant metastasis to solid organs; 5) developed conditions rendering patients
unfit for CRT (e.g., severe cardiac, pulmonary, hepatic, or renal dysfunction;
hematopoietic system disorders; or cachexia); 6) were unable to provide a
0.5-L exhaled breath sample in a single session due to poor physical condi-
tion; 7) were unable to provide informed consent because of psychological,
familial, or social factors; and 8) had any unstable condition that could
compromise patient safety or study compliance were excluded.

Treatment

All patients received concurrent taxane- and platinum-based chemotherapy
during radiotherapy, and a subset of patients underwent two cycles of induc-
tion chemotherapy prior to definitive CRT. External-beam irradiation was
delivered using intensity-modulated radiotherapy. The prescribed dose for
definitive CRT was 50—-50.4 Gy in 25—28 fractions, whereas 40—45 Gy in 20
fractions was typically administered for neoadjuvant CRT. Esophagectomy
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Figure 1. Patient recruitment and sample collection procedures (A) The flow chart depicts the process of patient recruitment and allocation. (B) The workflow illustrates the
collection and analysis of exhaled breath samples. VOCs: volatile organic compounds; CR: complete response.

was performed 6—8 weeks after the completion of neoadjuvant CRT. For
patients who underwent surgery, CR was defined as the complete absence of
residual cancer cells in all layers of the esophagus and in resected lymph
nodes. For patients who received definitive CRT, CR was evaluated by
computed tomography (CT) or positron emission tomography-CT imaging in
combination with endoscopy and biopsy at 3—4 months after CRT comple-
tion.”

Breath collection

Prior to exhaled breath collection, sampling bags were baked at 60 °C for
3 hours to thoroughly eliminate potential contaminants and subsequently
purged four consecutive times with high-purity nitrogen. Exhaled breath
samples were collected at baseline, on the day of mid-course radiotherapy,
and on the day of completion of radiotherapy. The mid-course breath
samples were collected after completion of half of the total prescribed radio-
therapy fractions. Trained researchers followed a standardized protocol to
ensure consistency. All patients rinsed their mouths with pure water 2 hours
prior to sample collection and abstained from food, alcohol, and smoking.
The use of toothpaste or mouthwash was prohibited within 15 minutes prior
to sampling. After resting in a seated position for 5 minutes in the sampling
room, the patients rinsed their mouths with 20 mL of pure water for 10
seconds immediately prior to sampling. Ambient air in the collection chamber
was sampled beforehand to minimize environmental interference. Exhaled
breath samples were collected using pre-prepared air bags, which were
promptly transported to the laboratory and analyzed using HPPI-TOFMS
within 4 hours of collection.

HPPI-TOFMS analysis
The structure and working principles of HPPI-TOFMS have been described
in detail previously.”” In brief, the system consists of 1) a high-pressure

photon ionization ion source, 2) an ion transmission system, and 3) an
orthogonal acceleration TOF mass analyzer. The system operates through
dual ionization mechanisms, in which 10.6 eV photons directly ionize
compounds with ionization potentials below this threshold to generate
molecular ions (M*), while also facilitating photo-induced chemical ionization
processes. The resulting ions are efficiently guided through the system by
optimized electric field gradients (16 V—12 V) and focused by a radio
frequency-only quadrupole before undergoing pulsed orthogonal acceleration
at 33 kHz into the TOF analyzer. Their mass-to-charge ratios are then deter-
mined through precise TOF measurements using a 100 ps time-to-digital
converter.

Breath data analysis

Given the wide variety of VOCs in exhaled breath, an initial screening of the
detected VOCs was performed based on the following criteria: 1) a mean
peak intensity greater than 5 and 2) a non-zero peak intensity in more than
90% of the samples. Based on these criteria, 108, 114, and 113 VOCs were
identified before, during, and after radiotherapy, respectively. The intersection
of these three sets yielded 107 VOCs, which were subsequently subjected to
univariate logistic regression. Given the limited sample size, a more liberal
threshold (P < 0.1) was adopted for univariate screening to reduce the risk of
prematurely excluding potentially informative variables. Nineteen VOCs with a
P value <0.1 were selected. These VOCs were subsequently subjected to
three complementary feature selection methods: LASSO, RF-RFE, and SVM-
RFE. LASSO retained nine features corresponding to the minimum cross-vali-
dation error. RF-RFE selected four features that achieved the highest predic-
tion accuracy, whereas SVM-RFE retained eight features corresponding to
the lowest cross-validation classification error. In addition, three clinical vari-
ables with a P value <0.1 in univariate logistic regression were incorporated
into the model.
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Table 1. VOCs with a Pvalue <0.1 in the univariate logistic regression and selected by feature selection methods.

Variable Pvalue Lasso RF-RFE SVM-RFE
m/z=42 (baseline) 0.064 v v
m/z=43 (baseline) 0.067

m/z=47 (baseline) 0.089 v

m/z=54 (baseline) 0.052 v v v
m/z=56 (baseline) 0.025 v v v
m/z=76 (baseline) 0.080

m/z=77 (baseline) 0.061

m/z=85 (baseline) 0.092 v

m/z=97 (baseline) 0.038 v v v
m/z=105 (baseline) 0.050

m/z=107 (baseline) 0.089

m/z=108 (baseline) 0.080

m/z=126 (baseline) 0.058

m/z=133 (baseline) 0.087

m/z=28 (during radiotherapy) 0.092

m/z=29 (post-radiotherapy) 0.063 v
m/z=43 (post-radiotherapy) 0.068

m/z=44 (post-radiotherapy) 0.096

m/z=104 (post-radiotherapy) 0.071 v v

VOCs: volatile organic compounds; RF-RFE: random forest-recursive feature elimination; SVM-RFE: support vector machine- recursive feature elimination.

V: Feature selected by the model.

Model construction

Four machine learning (ML) models—random forest (RF), support vector
machine (SVM), K-nearest neighbors (KNN), and eXtreme gradient boosting
(XGBoost)—were applied. Owing to the limited sample size, leave-one-out
cross-validation was used for internal validation. In each iteration, one patient
was held out as the test sample while the remaining patients were used for
model training. This process was repeated until every patient had served
once as the test sample. Diagnostic performance was optimized using a grid
search algorithm to reduce the risk of overfitting. A prognostic model was
subsequently developed through multivariate Cox regression analysis based
on the selected features. A risk score for each patient was derived from the
multivariate Cox analysis. To achieve optimal discrimination, the surv_
cutpoint function from the R package survminer was applied, yielding an opti-
mal cutoff value of 2.98. Patients were subsequently stratified into low-risk
(risk score <2.98) and high-risk (risk score =2.98) groups.

Statistical analysis

Baseline patient characteristics were summarized using descriptive statis-
tics. Changes in VOC peak intensity across the three timepoints were
assessed using the Friedman test with pairwise comparisons performed
using the Dunn—Bonferroni post-hoc test. Between-group differences in VOC
peak intensity were evaluated using the Mann—Whitney U test. VOCs with a P
value <0.7 in univariate logistic regression were further screened using Lasso,
SVM-RFE, and RF-RFE, with the final set of VOCs for model construction
determined based on the intersection of these three methods (Table 1). The
performance of ML models was evaluated in terms of sensitivity, specificity,
accuracy, area under the curve (AUC), and decision curve analysis (DCA). The
optimal model was selected based on the AUC. SHAP values were calculated
for each feature using the optimal model. Overall survival (OS) was defined as
the interval from enrollment to death from any cause or last follow-up. A
multivariate Cox analysis was used to construct a prognostic model based on
the selected features. Model accuracy was further evaluated using time-

dependent receiver operating characteristic (ROC) curves. Survival analyses
were performed using Kaplan—Meier estimates with comparisons assessed
by the log-rank test. All statistical analyses and model construction were
performed using RStudio 4.3.2. SHAP value analyses were conducted using
Python version 3.9. A Pvalue <0.05 was considered significant.

RESULTS
Patient characteristics

In total, 72 patients with ESCC were included in this study. The median age
was 61 years, and the majority of the participants were men (75.0%). Of
these, 39 patients received definitive CRT, whereas 33 underwent neoadju-
vant CRT followed by surgery. CR was achieved in 44 patients, whereas non-
CR was observed in 28 patients after CRT. The recruitment process and clini-
cal characteristics are presented in Figure TA and Table 2. Additionally, a
schematic illustration of the sample collection and detection process is
provided in Figure 1B. At the data cutoff date of January 15, 2025, the median
follow-up duration was 20.9 months (interquartile range: 17.1-23.2), and the
1-year OS for the entire cohort was 87.5%.

Prediction model construction based on breath test

Four VOCs—m/z=54 (baseline), m/z=56 (baseline), m/z=97 (baseline), and
m/z=104 (post-radiotherapy)—together with three clinical characteristics
(tumor length, tumor location, and T stage) were incorporated into model
development (Table 3). Based on these variables, four ML models were
constructed to predict CR in patients with ESCC after CRT. Figure 2 presents
the ROC curves of the four models, with their discriminative performance
quantified by the AUC. The RF model achieved the highest AUC (0.873, 95%Cl
0.794-0.953), followed by XGBoost (0.703, 95%Cl| 0.578-0.828), SVM (0.672,
95%Cl 0.539-0.805), and KNN (0.626, 95%CI 0.5-0.752). Clinical applicability
was further evaluated using DCA (Figure ST). The RF model provided consis-
tently superior net benefit compared with the baseline across threshold prob-
abilities of 0.2—0.85, whereas XGBoost showed optimal performance within
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Table 2. Patients' baseline clinical characteristics.

Cancer Clinical Trials :;3j[¢83

Characteristic

Total (n=72), %

CR (n=44), %

non-CR (n=28), %

Age (years)
Median (range)
Sex
Male
Female
Smoking history
Yes
No
Alcohol history
Yes
No
BMI (kg/m?)
<18.5
218.5
Histologic grade
Gx/1/2
G3
Tumor location
Upper
Middle thoracic
Distal thoracic
Primary tumor length
<5cm
25cm
Clinical TNM stage
]
Il
\Y
T stage
1-2
3-4
N stage
0-2

M stage
0
1
Treatment patterns
Definitive chemoradiotherapy

Neoadjuvant chemoradiotherapy

61 (38-79)

54 (75.0)
18 (25.0)

38 (52.8)
34 (47.2)

35 (48.6)
37 (51.4)

6(8.3)
66 (91.7)

47 (65.3)
25 (34.7)

20 (27.8)
22 (30.5)
30 (41.7)

27 (37.5)
45 (62.5)

8(11.1)
36 (50.0)
28 (38.9)

22 (30.6)
50 (69.4)

58 (80.6)
14 (19.4)

64 (88.9)
8(11.1)

39 (54.2)
33 (45.8)

60 (38-79)

31 (70.4)
13 (29.6)

22 (50.0)
22 (50.0)

19 (43.2)
25 (56.8)

4(9.1)
40 (90.9)

30 (68.2)
14 (31.8)

17 (38.6)
11 (25.0)
16 (36.4)

21 (47.7)
23 (52.3)

8(18.2)
19 (43.2)
17 (38.6)

18 (40.9)
26 (59.1)

37 (84.1)
7(15.9)

40 (90.9)
4(9.1)

27 (61.4)
17 (38.6)

64 (40-74)

23 (82.1)
5(17.9)

16 (57.1)
12 (42.9)

16 (57.1)
12 (42.9)

2(7.1)
26 (92.9)

17 (60.7)
11(39.3)

3(10.7)
11(39.3)
14 (50.0)

6 (21.4)
22 (78.6)

0(0.0)
17 (60.7)
11(39.3)

4(14.3)
24 (85.7)

21 (75.0)
7(25.0)

24 (85.7)
4(14.3)

12 (42.9)
16 (57.1)

CR: complete response; BMI: body mass index.
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Table 3. Variables incorporated into the predictive models.

Variable 0dds ratio (95%Cl) Pvalue
m/z=54 (baseline) 1.008 (1.000-1.016) 0.058
m/z=56 (baseline) 1.060 (1.012-1.121) 0.025
m/z=97 (baseline) 0.995 (0.990-0.999) 0.038
m/z=104 (post-radiotherapy) 0.971 (0.936-0.997) 0.071
T stage (T1-2 vs. T3-4) 0.241 (0.063-0.754) 0.022
Tumor location (upper vs. middle/lower) 0.191 (0.041-0.652) 0.016
Tumor length (<5 vs. =5 cm) 0.299 (0.095-0.843) 0.028
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Figure 2. Receiver operating characteristic curves of machine learning models for predicting CR (A) ROC curve for RF. (B) ROC curve for SVM. (C) ROC curve for KNN. (D) ROC
curve for XGBoost. CR: complete response; RF: random forest; AUC: area under curve; KNN: K-nearest neighbor; ROC: receiver operating characteristic; SVM: support vector

machine; XGBoost: eXtreme gradient boosting.
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Table 4. Sensitivity, specificity, and accuracy of the machine learning models for predicting CR in patients with ESCC.
Model Sensitivity Specificity Accuracy
RF 90.9% 60.7% 79.2%
SVM 67.3% 58.8% 65.3%
KNN 39.3% 77.3% 62.5%
XGBoost 60.7% 72.7% 68.1%
CR: complete response; RF: random forest; SVM: support vector machine; KNN: k-nearest neighbor; XGBoost: eXtreme gradient boostingta.
m/z=104 (post-radiotherapy) em/z=104 (post-radiotherapy) e Jeps. . “l‘-l -l'IMl--"rH High
m/2=56 (baseline) m/z=56 (baseline) . L] o o de -u‘ 1Il|l
m/z=97 (baseline) m/z=97 (baseline) . et ,|| l g
T stage Tstage (early=1) 34l T g
m/z=54 (baseline) m/z=54 (baseline) l- E
Tumor location Tumor location (upper=1)
Tumor length Tumor length (<5cm) [ l 1
Low
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mean (]SHAP value|)
(average impact on model output magnitude)

-0.25-0.20 -0.15 -0.10-0.050.00 0.05 0.10 0.15
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(impact on model output)

Figure 3. Feature-ranking plots (A) and beeswarm plots (B) of the random forest model for predicting CR The color indicates the feature value, while the SHAP value on the x-
axis represents the contribution of that feature to the model prediction. Patients with the same feature value may exhibit different SHAP values due to interactions among
features and the non-linear nature of the model. RF: random forest; CR: complete response.

the 0.4—0.7 threshold range. By contrast, both SVM and KNN models yielded
relatively lower net benefits. Additionally, the accuracy, sensitivity, and specificity
were calculated for all four models (Table 4). The RF model demonstrated the
highest accuracy (79.2%) and sensitivity (90.9%). Although its specificity was
not the highest, the RF model exhibited the best overall performance when
these metrics were considered comprehensively.

To elucidate how individual features contributed to the predictive perfor-
mance of the RF model, the SHAP value of each variable was calculated. As
illustrated in Figure 3A, features were ranked according to their relative
contribution to CR prediction. The most influential feature was m/z=104 (post-
radiotherapy), followed by m/z=56 (baseline), m/z=97 (baseline), T stage,
m/z=54 (baseline), tumor location, and tumor length. Figure 3B further
depicts the associations between feature values and CR probability. Specifi-
cally, early T stage, upper tumor location, shorter tumor length, lower levels of
m/z=104 (post-radiotherapy) and m/z=97 (baseline), and higher levels of
m/z=56 (baseline) and m/z=54 (baseline) were associated with a higher like-
lihood of achieving CR.

Furthermore, dynamic changes in the four VOCs were evaluated during
treatment, revealing varying degrees of alteration in peak intensities as therapy
progressed (Figure S2). Comparative analysis between the CR and non-CR
groups demonstrated that patients with CR consistently exhibited higher
peak intensities of m/z=54 and m/z=56 before and after treatment, whereas
patients in the non-CR group showed higher peak intensities of m/z=97 and
m/z=104 (Figure S3).

Prognostic model construction based on breath test

The prognostic value of VOCs and clinical features for OS was evaluated
using multivariate Cox analysis (Figure 4A). None of these features emerged
as independent prognostic factors. However, based on the multivariate
regression model, a risk score was calculated for each patient, and the
patients were stratified into low-risk and high-risk groups according to the
optimal cutoff value (2.98). The ROC curve of the prognostic model yielded an
AUC value of 0.945 (95%Cl: 0.89-1.00) for predicting the 12-month 0S
(Figure 4B). The KM survival analysis indicated a significant difference
(P<0.05) in OS between the high- and low-risk groups (Figure 4C).

DISCUSSION

In this prospective observational study, HPPI-TOFMS was employed to
analyze breath omics profiles before, during, and after radiotherapy, with the
aim of identifying predictive breath biomarkers in patients with ESCC treated
with CRT. A panel of four VOCs, in combination with three clinical variables,
effectively distinguished between patients with CR and non-CR and demon-
strated promising predictive value for OS.

Several studies have explored the role of VOCs in cancer diagnosis and
treatment efficacy. One study demonstrated the feasibility of predicting short-
term efficacy in patients with ESCC receiving neoadjuvant chemoim-
munotherapy using VOCs.”” Similarly, De Vries et al. reported that baseline
VOCs could predict the efficacy of anti-programmed cell death protein 1 anti-
bodies in patients with non-small cell lung cancer.”” However, these investi-
gations were limited to the analysis of VOC levels exclusively at the pre-treat-
ment stage. Reliance on pre-treatment VOC measurements alone neglects
the impact of treatment on tumor metabolism and the tumor microenviron-
ment. In a separate study, Wang et al. explored perioperative VOC dynamics
in patients with lung cancer and observed significant post-treatment alter-
ations in the levels of specific VOC classes, including aldehydes, hydrocar-
bons, and ketones.'” Similarly, the present study evaluated the levels of four
VOCs incorporated into the predictive model before, during, and after treat-
ment. Significant differences in VOC levels were observed throughout the
treatment course. This finding further indicates that dynamic monitoring of
VOCs during treatment provides a more comprehensive assessment of
tumor metabolic status, as it captures real-time changes in tumor biology
that static pre-treatment measurements alone cannot reveal.

Furthermore, most previous studies developed models based solely on
VOCs. By contrast, the present model incorporated both VOCs and clinical
features as predictive variables. Models relying exclusively on VOCs are
vulnerable to interference from non-pathological factors, which may reduce
their generalizability across patient populations. The integration of clinical
features facilitated multi-dimensional patient profiling, thereby enhancing
model robustness and enabling the identification of potential target groups.
Although the AUC of our predictive model did not demonstrate a significant
advantage over those reported in the previous studies, a more comprehen-
sive modeling framework was employed. The incorporation of dynamic VOC
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Figure 4. Prognostic model for overall survival constructed using the variables selected in the RF model (A) Forest plot presenting the multivariate Cox regression analysis for
overall survival. (B) ROC curve evaluating the predictive performance for 12-month overall survival. (C) Kaplan—Meier analysis for overall survival between the high-risk and low-
risk groups. ROC: receiver operating characteristic. Squares represent ORs, and horizontal lines represent 95% Cls. The vertical dashed line indicates OR = 1.

data with clinical features enabled a holistic assessment of patients, nation of VOCs with clinical features yielded superior predictive performance
addressing the limitations of static or single-variable models. This approach ~ compared with VOC-only models.”” In summary, compared with previous
is consistent with previous research: Liu et al. incorporated clinical risk  studies, our research investigated longitudinal changes in VOC levels in
factors into a breast cancer diagnostic model, demonstrating that the combi-  patients with locally advanced ESCC before and after CRT. By integrating
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clinical characteristics, both the predictive value of VOCs for short-term effi-
cacy and their role in survival prediction were explored. Ultimately, VOC-
based prediction models demonstrated substantial potential for predicting
tumor response and OS.

The biological mechanisms underlying VOC alterations remain incom-
pletely understood. Previous studies suggest that tumor-associated oxida-
tive stress, hypoxia, metabolic reprogramming, and genetic alterations may
all contribute to changes in endogenous VOC production.”* During radiother-
apy, ionizing radiation exerts direct cytotoxic effects, inducing cell death.
Concurrently, interactions between radiation and surrounding water
molecules trigger the ionization of a large number of water molecules, result-
ing in the formation of hydroxyl radicals.”” These hydroxyl radicals not only
exacerbate cell death but also cause damage to other macromolecules,
thereby contributing to the increased production of VOCs. Therefore, the VOC
changes observed during treatment likely reflect a combination of tumor biol-
ogy and treatment-induced metabolic responses.

The results obtained from HPPI-TOFMS characterized specific VOCs by
their m/z values but did not allow for precise structural identification. Using
the Human Breathomics Database,” m/z values of 54 and 56 were tenta-
tively assigned to butadiene and butene, whereas m/z = 97 may represent a
fatty acid cleavage fragment associated with lipid peroxidation. Given that
chemoradiotherapy induces oxidative stress, changes in these VOCs may
reflect both treatment-related metabolic alterations and tumor-associated
biological processes. The m/z = 104 signal was preliminarily assigned to
styrene, which has previously been reported as a candidate exhaled
biomarker in lung cancer.'” In our cohort, m/z = 104 showed the highest
baseline abundance and progressively decreased during treatment while
remaining consistently higher in non-CR patients, suggesting a potential
association with tumor burden and treatment response. Nevertheless, these
compound assignments remain tentative and require confirmation using
complementary analytical platforms.

From a clinical perspective, early prediction of treatment response is
crucial for optimizing the management of locally advanced ESCC, as radio-
logical changes often lag behind biological responses. Dynamic breath VOC
monitoring may detect treatment-related metabolic changes earlier than
conventional imaging and serve as a complementary, noninvasive, rapid, and
repeatable approach for serial assessment during CRT. Such information
may facilitate timely treatment adaptation and support individualized thera-
peutic decision-making.

This study has several limitations. The single-center design, relatively small
sample size, and lack of external validation may limit the robustness and
generalizability of the model. In addition, HPPI-TOFMS provides only mass-to-
charge ratios rather than definitive chemical identities, requiring further
analytical validation. The inclusion of both cCR and pCR may also introduce
response heterogeneity. Furthermore, post-treatment breath samples were
collected immediately after radiotherapy, when radiation-induced inflamma-
tion may influence VOC profiles. Future multicenter studies with larger
cohorts, longitudinal follow-up, external validation, and stratified analyses of
different response categories are warranted.

CONCLUSION

In conclusion, this study proposes a novel, noninvasive VOC-based
approach for predicting treatment response in patients with ESCC treated
with CRT. These findings underscore the potential of exhaled breath analysis
to serve as a complementary tool in the clinical management of ESCC.
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