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Background: Arachidonic acid 5-lipoxygenase (ALOXS) may play an important role in non-small cell lung
cancer (NSCLC) progression and treatment and may be a potential prognostic biomarker for NSCLC. This
study aimed to predict the clinical prognosis of NSCLC patients by predicting ALOXS5 expression using a
radiomics model.

Methods: Clinical and transcriptomic data of NSCLC patients were obtained from Gene Expression
Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases and used for survival analysis (Kaplan-Meier
survival curves: univariate and multivariate factors, Cox regression analysis, subgroup analysis and interaction
test), correlation analysis of tumor clinical characteristics and immune cell abundance, and differential
analysis of ferroptosis-related genes to evaluate the prognostic value of ALOXS5. Contrast-enhanced
computed tomography (CECT) scans of NSCLC patients from The Cancer Imaging Archive (T'CIA)
database were used to extract radiomics features to establish two radiomics models [logistic regression
(LR) and Support Vector Machine (SVM) models]. Receiver operating characteristic (ROC), calibration,
and decision curves were used to evaluate the two models, and the radiomics score (RS) of the model with
the best prediction performance was selected to establish the Cox model for predicting NSCLC prognosis. A
nomogram was used to visualize the prediction model, and its efficacy was evaluated and verified.

Results: The prognostic value analysis of ALOXS5 showed that high ALOXS5 expression was a protective
factor for overall survival (OS) of NSCLC patients, and it negatively correlated with histology (P<0.001).
Overall, 107 features were obtained from CECT images of NSCLC patients, and 8 optimal features
were selected. The LR [area under the curve (AUC) =0.783] and SVM (AUC =0.763) models with good
performance and clinical benefit were established using the LR and SVM algorithms, respectively. The RS
output by the LR model strongly correlated with ALOXS expression (P<0.05).

Conclusions: The findings suggest that evaluating ALOXS expression using a radiomics model to predict
the clinical prognosis of NSCLC patients could have potential clinical applications.
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Introduction

Lung cancer is the leading cause of cancer-related deaths
worldwide. The projected number of deaths due to lung cancer
is expected to range between 1.1 and 1.6 million for men,
and between 1.2 and 1.8 million for women by 2040 (1). The
most common type of lung cancer is non-small cell lung
cancer (NSCLC), with a dismal prognosis in patients who
are in the late or final stages. Approximately 6% of patients
survive for five years (2). In 2020, NSCLC had the highest
mortality rate, with 1.8 million deaths, primarily as a result
of late diagnosis (3). NSCLC includes lung adenocarcinoma
(LUAD) and lung squamous cell carcinoma (LSCC). To
accurately identify the histological subtypes of patients,
invasive procedures such as bronchoscopy, transbronchial
needle aspiration, transthoracic fine needle aspiration (4),
and liquid biopsy technology (5) are required. However,
these methods can lead to complications, such as bleeding
and pneumothorax.

Arachidonic acid 5-lipoxygenase (ALOXS5) is a member
of the lipoxygenase (LOX) family. In mammalian cells, six
members of the ALOX family are believed to selectively
regulate ferroptosis (6). ALOXS is closely linked to tumors;
Melstrom et al. (7) found that inhibiting 5-LOX in an in vive
colon cancer xenograft model suppressed tumor growth.
A study by Tang er al. (8) indicated that the overexpression
of ALOXS5 activates gastric cancer cells. Zhou ez al. (9)
reported that ALOXS mediates the growth and migration
of breast cancer cells. Currently, the detection of ALOXS5
expression levels is limited to peripheral blood cytokines,
fresh tissue samples, or paraffin tissue samples. These
methods face challenges in sample collection and are
influenced by the operator and antibodies. Therefore, the
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search for a novel, inexpensive, non-invasive biomarker for
the diagnosis of NSCLC is crucial.

The initial screening of patients with NSCLC is
typically conducted using radiological methods (10).
Radiomics is a high-throughput “image sequencing” technique
with the capacity and parameters to record various different
images (11,12). The advantages of radiomics include its non-
invasive, inexpensive, and efficient nature. D’Arnese et /. (13)
calculated the radiomics features of patients’ positron
emission tomography/computed tomography (PET/
CT) scans and employed machine learning algorithms to
characterize cancer. Le et 4l. (14) used PET/CT to create
a machine learning-based model that can correctly predict
KRAS and EGFR mutations in patients with NSCLC.

We hypothesize that the molecular characteristics
driving different tumor subtypes are also reflected in their
imaging features. To date, no research has investigated
radiomics models for predicting the expression levels of
ALOXS5. Our study makes a ground-breaking suggestion
to use contrast-enhanced computed tomography (CECT)
radiomics technology to non-invasively forecast the
expression of ALOXS messenger RNA (mRNA) in lung
cancer tissues. To investigate the potential molecular
pathways driving ALOXS5 expression and its association
with the immunological microenvironment, we also
combine bioinformatics analysis. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://jtd.amegroups.com/article/view/10.21037/jtd-24-
1596/rc).

Methods
Data and image sources

Medical imaging data were sourced from the NSCLC
Radiogenomics dataset of The Cancer Imaging Archive
(T'CIA) database (NSCLC Radiogenomics-TCIA Public
Access-Cancer Imaging Archive Wiki). Transcriptome
sequencing data, along with clinical and follow-up data,
were downloaded from the Gene Expression Omnibus
(GEO) database (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgiracc=GSE103584). The cutoff value was determined
by using the “survminer” R program. Figure I outlines the
research process for patients with NSCLC. In addition,
we downloaded the transcriptome sequencing data of the
LUAD dataset from The Cancer Genome Atlas (TCGA)
(https://portal.gdc.cancer.gov), and the bioinformatics
analysis was consistent with that of NSCLC dataset. The
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Figure 1 Study flow chart. Step 1 outlines the inclusion and exclusion criteria; we used GEO data for bioinformatics analysis. In Step 2,

we delineated the regions of interest in the images. Step 3 involves feature extraction and model establishment. In Step 4, we validated the

model’s performance and applied it to clinical practice. ***, P<0.001. ALOXS, arachidonic acid 5-lipoxygenase; AUC, area under the curve;

CECT, contrast-enhanced computed tomography; GEO, Gene Expression Omnibus; NSCLC, non-small cell lung cancer; OS, overall

survival; RNA-seq, RINA-sequencing; ROC, receiver operating characteristic; ROIL, region of interest; RS, radiomics score; TCIA, The

Cancer Imaging Archive.

study was conducted in accordance with the Declaration of
Helsinki (as revised in 2013).

Survival analysis

To demonstrate the differences in survival rates between
several groups, the Kaplan-Meier (KM) survival curve was
used. The effect of ALOXS (groups with high and low
expressions) on patient prognosis was evaluated across
the various subgroups of each covariate using exploratory
subgroup analysis and univariate Cox regression. The main
variable, ALOXS5, was used to measure the differences in
the ferroptosis-related genes (15) between the high- and
low-expression subgroups. The Wilcoxon test was used

© AME Publishing Company.

to assess these differences. The results are presented in a
boxplot graph.

Correlation analysis

The link between ALOXS5 and the clinical traits of
the malignancies was examined using Spearman’s rank
correlation coefficient. Wilcoxon test was used to analyze
the difference of ferroptosis-related genes among the
different ALOXS groups. NSCLC sample gene expression
matrices were submitted to the CIBERSORTx database
(https://cibersortx.stanford.edu/). The infiltration of
immune cells in each sample was then calculated. Using
the “corrplot” R package, we investigated the link between
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the expression of ALOXS5 and the level of immune cell
infiltration.

Screening and model construction of radiomics features

We used the R package “survminer” to determine the
cutoff value for ALOXS expression levels, separating the
patients into groups with high- and low-expression. Data
were collected from GEO and TCIA image databases.
The radiomics feature values were standardized, with
107 features extracted using the pyradiomics package.
Feature selection was performed using repeated least
absolute shrinkage and selection operator (LASSO)
screening. Utilizing the R package glmnet, we conducted
1,000 LASSO regression feature screenings and selected
features that appeared more than 800 times during these
1,000 screenings. Employing the stats package’s glm
function and R’s caret package, we established binary
classification models to predict ALOXS5 gene expression,
using both logistic regression (LR) and Support Vector
Machine (SVM) algorithms. Two doctors defined regions of
interest contours, from which radiomics characteristics were
extracted. The consistency of these contours was evaluated
using the intraclass correlation coefficient (ICC). A random
number table was used to select 20 samples at random after
a single physician outlined all the cases. A second doctor
then outlined these samples to extract radiomics features
to check for consistency. The regions of interest contours
was decided blinded to clinical information and based
on consensus. These two doctors were blinded to both
predictor variables and patient outcomes.

Radiomics model evaluation and consistency assessment

We assessed the efficacy of the radiomics model using a
5-fold internal cross-validation. By depicting the decision
curve analysis (DCA) curve, the clinical benefit level of
the radiomics prediction model was demonstrated. The
likelihood of predicting gene expression levels using the
radiomics score (RS) was compared using the Wilcoxon
test. This comparison aimed to discern differences between
high- and low- expression groups. Additionally, the model’s
area under the curve (AUC) values before and after cross-
validation were compared using the DeLong test.

TCIA-GEO clinical intersection samples and survival analysis

The probability value (RS) from the radiomics model,
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which had a higher AUC value, was integrated with the
clinical data to obtain NSCLC patient data that included
the RS. We calculated the cutoff value for RS (dichotomous
variables), thereby dividing the patients into high- and low-
expression groups.

Construction and evaluation of the Cox regression model

Using the Akaike Information Criterion (AIC) as the
criterion, feature selection was performed on the included
variables. A model was then constructed by selecting the
variables with the smallest AIC values. Nomograms were
created using the Cox regression analysis for the 1-, 3-,
and S-year survival probability. Additionally, we developed
a time-dependent receiver operating characteristic (ROC)
curve, a model calibration chart, and DCA curve.

Statistical analysis

The standard deviation and mean were displayed for each
clinical quantitative indicator. To determine whether
the differences between each indicator and outcomes
were significant, the independent sample #-test was used
to determine whether the quantitative data followed a
normal distribution. Otherwise, Mann-Whitney U test
was utilized. The log-rank test was used to determine the
significance of the survival rate differences between groups.
The link between the expression of ALOXS5 and the other
factors was investigated using a likelihood ratio test. The
Hosmer-Lemeshow goodness-of-fit test was used to assess
the calibration of the radiomics prediction model. A 95%
confidence interval and a P value lower than 0.05 were
regarded as statistically significant. R program was utilized
to run all statistical analyses (version 4.1.0).

Results
Patient characteristics

Overall, 122 patients were chosen from the GEO database
for subsequent bioinformatics analysis, and 63 patients were
selected from the TCIA database for radiomics analysis.
To increase the credibility of the study, 320 patients were
chosen from the TCGA-LUAD database for subsequent
bioinformatics analysis, both datasets were validated
simultaneously. There were two groups of patients with
122 NSCLC included in the survival analysis: one group
with high ALOXS expression of (n=56), while the other
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had low expression (n=66), based on a cutoff value of
3.5234. Table 1 displays the clinical data for patients with
NSCLC. There was no statistically significant difference
in the age distribution between the groups with high- and
low-expression levels of ALOXS5 (P=0.62). The clinical
information of the LUAD dataset is presented in Table S1.

High ALOXS predicts better overall survival (OS)

In NSCLC, the findings showed that the tumors expressed
significantly lower ALOXS5 than normal tissues (P<0.001)
(Figure 24). The same results were observed in LUAD
(Figure S1A). According to the KM curve, high ALOXS
expression was generally associated with improved OS,
with a P value of 0.06 (Figure 2B). Low ALOXS expression
predicts lower OS in patients with LUAD (Figure S1B).
OS was protected by high ALOXS5 expression in univariate
analysis [hazard ratio (HR) =0.541, 95% confidence interval
(CI): 0.282-1.036, P=0.06]. After adjusting for multiple
factors, both high ALOXS5 expression (HR =0.453, 95%
CI: 0.213-0.963, P=0.04) and chemotherapy (HR =0.216,
95% CI: 0.071-0.653, P=0.007) emerged as statistically
significant protective factors against OS (Figure 2C). We
also observed similar results in LUAD (Figure S1C).

In subgroup analysis, for the subgroups aged <66 and
>66 years, elevated ALOXS levels provided OS with
protection, and the interaction test had a P value of 0.97.
We conclude that the effect of ALOXS5 on OS is consistent
across different age groups (Figure S2A). In the ALOXS5-
overexpression group, the ferroptosis-related genes,
ACSL4 and ATG7, were expressed at considerably
higher levels (P<0.001), while the expression of
ACSL3, TP53, SAT1, GPX4, and other genes did not
reveal any evident differences between the two groups
(Figure 3A4). Additionally, we observed similar results in
LUAD (Figure S2B).

ALOXS is associated with the degree of immune cell
infiltration

We also examined the infiltration of immune cells in
NSCLC and discovered that ALOXS5 and the amount
of T cell CD4 naive, memory B cells, macrophages M2,
and resting mast cells infiltration were strongly positively
associated (Figure 3B). The correlation heatmap indicated
a negative correlation (P<0.001) between the ALOXS
expression and histology in NSCLC (Figure 3C).

© AME Publishing Company.
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Screening of radiomics features and establishment of
models

Using a cutoff value of 3.5234 for ALOXS5 expression
levels, patients were divided into groups based on their
expression levels. The results of the LASSO regression
feature screening are displayed in Figure 44,4B. The first
eight features shown in Figure 4C were selected as the
radiomics features for this screening. Table S2 provides the
regression coefficients for these features in the LR model.
The importance of the selected features in the LR model is
illustrated in Figure 4D, while the importance in the SVM
model is presented in Figure S3A.

All of the radiomics features in the model had ICCs
that were higher than 0.9, suggesting suitable consistency
among these radiomics features (7able 2). Since the AUC
score for the LR model was better than that for the SVM
model, the predicted value from the LR model was chosen
for subsequent analyses.

Radiomics model displayed good performance

The AUC value for the LR model was 0.819, as shown
in the ROC curve in Figure 5A. After 5-fold internal
cross-validation, the AUC was 0.783 (Figure 5B). The
LR radiomics model demonstrated good predictive
performance, with an AUC-precision-recall (PR) curve
value of 0.782 (Figure 5C). The Hosmer-Lemeshow
goodness-of-fit test for the calibration curve indicated
that the radiomics prediction model showed good
consistency between the predicted probability of gene
overexpression and the actual value (P>0.05) (Figure 5D).
DCA demonstrated the strong clinical value (Figure SE) of
the model. RS distribution in the high- and low-ALOXS5
expression groups was significantly different from one
another (P<0.05), and RS values were higher in the group
with high ALOXS5 expression (Figure SF).

The AUC score of the SVM model was 0.810. After
5-fold internal cross-validation, the AUC was 0.763
(Figure S3B,S3C). The calibration curve is depicted in
Figure S3D, and the DCA curve in Figure S3E. Figure S3F
illustrates the variance in the RS distribution across the
groups with high and low ALOXS5 expression. Similarly,
in the SVM model, the high ALOXS5 expression group
displayed a higher RS. Before cross-validation, the DeLong
test neither found any evident differences between the two
models’ AUC values (P=0.63), nor were there significant
differences in AUC values after cross-validation (P=0.81).
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Table 1 Patient characteristics of non-small cell lung cancer

Variables Total (n=122) Low (n=66) High (n=56) P

Age 0.62
<66 years 44 [36] 22 [33] 22 [39]
>66 years 78 [64] 44 [67] 34 [61]

Gender >0.99
Female 33 [27] 18 [27] 15 [27]
Male 89 [73] 48 [73] 41 [73]

Histology 0.002
Adenocarcinoma 92 [75] 42 [64] 50 [89]
Squamous cell carcinoma 30 [25] 24 [36] 6 [11]

Smoking status 0.28
Nonsmoker 20 [16] 13 [20] 7012]
Current 24 [20] 15 [23] 9[16]
Former 78 [64] 38 [58] 40 [71]

T stage 0.24
Tis/T1 56 [46] 34 [52] 22 [39]
T2/T3/T4 66 [54] 32 [48] 34 [61]

N stage 0.66
NO 97 [80] 51 [77] 46 [82]
N1/N2 25 [20] 15[23] 10 [18]

M stage 0.66
Mo 117 [96] 64 [97] 53 [95]
M1 5 [4] 23] 309

KRAS mutation status 0.042
Mutant 23 [19] 8[12] 15 [27]
Unknown 27 [22] 19 [29] 8 [14]
Wildtype 72 [59] 39 [59] 33 [59]

EGFR mutation status 0.22
Mutant 18 [15] 8[12] 10 [18]
Unknown 28 [23] 19 [29] 9[16]
Wildtype 76 [62] 39 [59] 37 [66]

Radiotherapy 0.60
No 108 [89] 57 [86] 51 [91]
Yes 14 [11] 9[14] 51[9]

Chemotherapy 0.42
No 86 [70] 44 [67] 42 [75]
Yes 36 [30] 22 [33] 14 [25]

Data are presented as n [%].
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Figure 2 Clinical characteristics and the level of gene expression in NSCLC. (A) ALOXS5 expression in normal and tumor tissues. (B)

Kaplan-Meier curve for ALOXS5 expression and OS in NSCLC. (C) Univariate and multivariate Cox regression analyses. ***, P<0.001.

ALOXS5, arachidonic acid 5-lipoxygenase; CI, confidence interval; FPKM, fragments per kilobase of transcript per million mapped reads;

HR, hazard ratio; NSCLC, non-small cell lung cancer; OS, overall survival.

High RS is significantly associated with improved OS

The clinical characteristics data for the 63 TCIA-GEO
clinical intersection samples are presented in Table S3.
The cutoff value for RS is 0.4238. Based on RS, patients
were divided into two groups: a group with high expression
(n=36) and low expression (n=27). Upon incorporating
these groups into survival analysis, the KM curve reveals a
significant correlation between high RS and improved OS
(P<0.05) (Figure 6A4).

The prediction effect of the nomogram prediction model is
good

Next, we utilized the GEO variables in conjunction with
RS from the LR radiomics model to establish a COX
nomogram prediction model (Figure 6B) and then evaluated
this prediction model. The ROC curve depicted in
Figure 6C demonstrates that the AUC values for the
predictive ability of the model regarding patients’ OS at
1, 3, and 5 years are 0.88, 0.84, and 0.75, respectively.
The calibration plot of the model indicates that the curves
at various time points closely align with the diagonal,
signifying low prediction error (Figure 6D). The 5-year

© AME Publishing Company.

DCA reveals that the model has high clinical utility within a
threshold range of 0.25-0.9 (Figure 6E).

Discussion

This study innovatively proposes to use CT radiomics
technology to non-destructively predict the mRNA
expression of ALOXS5 in NSCLC tissues, which has certain
guiding significance for the judgment of prognosis and the
selection of diagnosis and treatment methods. First, we
analyzed and found that ALOXS expression was closely
related to NSCLC prognosis. Functional enrichment and
immune cell infiltration analyses were performed to explore
the molecular function of ALOXS5 in NSCLC. We also used
the LUAD dataset to validate the same analysis. Different
datasets and different pathological subtypes showed similar
conclusions: ALOXS expression was closely related to
prognosis, which makes our study more compelling. The
radiomics phenotype showed a significant correlation
with NSCLC’s OS. We extracted radiomics features from
CT data and constructed a radiomics model using LR for
predicting ALOXS expression and then tested the model’s
performance. The association between RS and ALOXS
expression was examined in the final step, and conducted
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Figure 3 ALOXS expression in NSCLC and immune cell infiltration analysis. (A) Differential analysis of the ferroptosis-related gene set
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Figure 4 Establishment and evaluation of radiomics models. (A,B) LASSO for feature selection. (C) Selected features and their coefficients.

(D) The model’s importance of the chosen features. LASSO, least absolute shrinkage and selection operator.

Table 2 ICC of radiomics features

characteristics of “non-invasive”. The greatest advantage

of radiomics prediction model is that it is non-invasive.

The use of radiomics model to predict mRNA expression
and prognosis of patients can bring inspiration for clinical

We analyzed 122 samples from the GEO database
and found low ALOXS expression in tumor tissues. High
ALOXS5 expression was identified as a protective factor
against OS. A study by Wei ez 4. (16) suggests that ALOXS

is an immune-related gene potentially involved in lung

Features X

Original_shape_Flatness 0.900690004
Original_glszm_SizeZoneNonUniformity 0.958312035 e
Original_firstorder_Minimum 0.982934911 application.
Original_gldm_LargeDependenceHighGrayLe  0.972177477

velEmphasis

Original_glcm_ClusterProminence 0.966206556
Original_glszm_LowGrayLevelZoneEmphasis ~ 0.900690799
Original_ngtdm_Strength 0.94230887
Original_glrim_RunVariance 0.912802954

cancer development. Another study by Miao et 4/. (17)

ICC, intraclass correlation coefficient.

indicated that ALOXS is a differentially expressed gene
related to ferroptosis in patients with LUSC, and it is closely
related to its prognosis. According to Zhao et 4l. (18), normal

survival analysis using the radiomics model. In the actual
clinical diagnosis and treatment process, we usually use
invasive tissue sampling, so in recent years, the research

focus of prognostic markers has mostly incorporated the

© AME Publishing Company.

lung tissue expresses ALOXS at higher levels than NSCLC
tissues and impacts the prognosis of patients with NSCLC,
consistent with our findings. Li et 2. (19) found that
ALOXS5 knockdown inhibits gefitinib resistance in NSCLC
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Figure 5 Radiomics model development and assessment. (A) ROC curve analysis of the radiomics model. (B) Cross-validation ROC curve

of the radiomics model. (C) The PR curve of the radiomics model. (D) Radiomics model calibration curve evaluation. (E) DCA of the radio-

mics model. (F) Analysis of differences between model groups; ****, P<0.0001. ALOXS, arachidonic acid 5-lipoxygenase; AUC, area under

the curve; DCA, decision curve analysis; FPR, false positive rate; HL, Hosmer-Lemeshow; PR, precision-recall; ROC, receiver operating

characteristic; TPR, true positive rate.

cells by inhibiting autophagy, potentially explaining the
molecular action of ALOXS5. A recent study (20) found that
prognosis and immune cells in the tumor microenvironment
are closely related. A positive link between ALOXS and
immune cells that infiltrate tumors was also revealed in our
study. Bruni ez 4/. (21) summarized numerous studies and
found that longer lifespan is linked to cytotoxic T cells,
memory T cells, Thl cells, follicular helper T cells (TFH
cells), and B cells. However, current research primarily
focuses on the correlation between immune cells and tumor
prognosis. A comprehensive evaluation involving multiple
cells is still required.

The concept of was first introduced by the Dutch scholar
Lambin’s team in 2012 (22). In our study, we extracted
enhanced chest CT images from patients with NSCLC and
used the LASSO algorithm to filter out the optimal feature

© AME Publishing Company.

subset. We employed a LR algorithm for the prediction
model, achieving good accuracy. The calibration curve also
indicated that the probabilities predicted by our radiomics
model were consistent with the true values. There was a
noticeable distinction in the distribution between high and
low RS gene groups, confirming the efficacy of the model in
distinguishing between high and low gene expression.

This study ultimately identified eight significant
radiomics features; original_Shape_Flatness ranked the
highest in importance, representing the original flatness of
lesion morphology in patients with NSCLC. This could
be connected to the lower flatness of lesion structures in
patients with lung cancer. Among the eight prominent
features, six were second- or higher-order texture features,
emphasizing their critical role in reflecting expressions.
Notably, feature extraction in this study relied on contrast-

7 Thorac Dis 2025;17(3):1387-1399 | https://dx.doi.org/10.21037/jtd-24-1596



Journal of Thoracic Disease, Vol 17, No 3 March 2025 1397
. o} 10 20 30 40 50 60 70 80 90 100
1.00 Points ‘
- RS Low
5075 High T2/T3/T4
S T _stage Tism1
<) N1/N2
S 0.50 ; N_stage o
g ' M1
S H M_stage v )
€ 0.25 P value =0.043 : Mo Wildtype
n ' KRAS_mutation status " y
1 Mutant NO Unknown
0.00 ' Chemotherapy vEs '
0 24 48 72 . e —————
Time, months Total points 0O 20 40 60 80 100 120 140 160 180 200 220 240 260
Number at risk " 0 : — . ————
1-year survival probability 0.9 0.85080 070 0.6 0.50.4
» LQW 27 17 9 1
o High{1 36 29 15 2 3-year survival probability 09 085 080 070 0.6 05040.302 0.1
0 24 48 72 ) -
Time, months 5-year survival probability 0.9 0.85 0.80 0.70 0.6 0.50.40.3 0.2 0.1
1.0 1
0.4 4
0.8
2 0.3
z B 0.6 H g —Treat all
:4”2J <] | § 0.2 —Treat none
S ;‘ H P —5 years
3 3 0.4+ 4 z
» < p ---Errbar 0.1
0.2 - —— AUC (1-year) =0.88 0.2 | " Errbar
—— AUC (3-year) =0.84 N — 1-year calibration curve
P AUC (5-year) =0.75 — 3-year calibration curve 0.0 1
0.04.} V! e 0.0 — 5-year calibration curve
T T T T T T T T T T T I 1 T T I
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.6 0.8 1.0 0 25 50 75 100

1-Specificity

Nomogram-predicted probability

Threshold probability

Figure 6 Establishment and evaluation of prediction models. (A) Kaplan-Meier survival curves for RS groups. (B) Nomograms for 1-, 3-, and

5-year survival probabilities. (C) ROC curve of the model. (D) Calibration diagram for the model. (E) DCA for the 5-year prediction model.

AUG, area under the curve; DCA, decision curve analysis; OS, overall survival; ROC, receiver operating characteristic; RS, radiomics score.

enhanced CT images, which when compared with standard
plain CT scans, can more accurately capture valuable
information such as the lesion’s edge, tumor blood supply,
and internal structure.

The nomograms indicated that if a patient with
TINOMO stage, KRAS mutation, or no chemotherapy had
a score of approximately 47.5, they were at low risk, with
a 5-year OS greater than 0.9. The model could intuitively
predict outcomes. Zhou et 4/. (23) found a significant
correlation between 12 CT radiological features and
Ki-67 in lung cancer but did not establish a predictive
model. Tian er al. (24) conducted deep learning on the
imaging data of 939 patients with stage IV NSCLC and
revealed that the clinical effects of immunotherapy can
be predicted by radiomics, which can also predict high
programmed cell death ligand 1 (PD-L1) expression in
NSCLC. All these studies underscore the clinical potential

of radiomics. Radiomics is a non-invasive, dynamic, and

© AME Publishing Company.

quantitative technique to reflect tumor characteristics.
Our radiomics-based model exhibited good efficiency in
predicting ALOXS expression and could be valuable in
guiding clinical prognosis prediction. Compared with
traditional methods, our model reduces invasive procedures
and simplifies the actual clinical workflow. For patients,
non-invasive examinations are more easily accepted, and
image data acquisition is more convenient.

There are some limitations in this study. First, we used
a public database, and variations in data and images can
be significant. Second, most cases included in the study
were adenocarcinomas, which could introduce bias in data.
Third, manually outlining the volume of interest (VOI)
could lead to human bias. Although manual delineation of
VOI is currently the most accurate among various lesion
segmentation methods, it is still subject to some extent of
subjective influence. Chemotherapy and immunotherapy

are also important treatments for lung cancer. In the next
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part of our study, we will further analyze the significance
of radiomics model in guiding the decision-making
of chemotherapy and immunotherapy for lung cancer
patients. There are many deep learning models, and recent
advancements in deep learning, such as convolutional neural
networks (CNNs) or transformer-based architectures,
have shown significant improvements in processing and
analyzing medical imaging data. Comparing different deep
learning models and finally selecting the best model is also
our next research direction.

Conclusions

According to the study findings, the prognosis for NSCLC
is highly associated with the degree of ALOXS expression.
A comprehensive prediction model, based on CECT
radiomics and clinical feature indicators, can effectively
predict ALOXS5 expression level in patients with NSCLC.
This offers a new approach for the clinical evaluation of
patient prognosis.
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