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Abstract

To predict the epidermal growth factor receptor (EGFR) T790M status of patients with
advanced non-small cell lung cancer (NSCLC) following the first-line first-/second-
generation EGFR-tyrosine kinase inhibitor (EGFR-TKI) therapy, the related clinical
features and chest computed tomography (CT) images of patients with advanced
NSCLC in our hospital were retrospectively collected. All patients who met the criteria
were randomly divided into training and validation cohorts. Then, a clinical model with
the filtered clinical characteristics and a deep-learning model (DLM) were constructed.
The area under the curve (AUQ), specificity, sensitivity, accuracy, and decision curve
analysis were used to evaluate model performance. In total, 66 patients met theinclusion
criteria of the study (training cohort, n = 40; validation cohort, n = 26). EGFR19del
and the use of gefitinib were significant (P < 0.05), and then, the clinical model was
established using multivariate logistic regression analysis. The AUCs of the clinical
model were 0.862 (95% confidence interval [Cl], 0.570 — 0.966) and 0.755 (0.566 — 0.943)
in the training and validation cohorts, respectively. The AUCs of the DLM from the
chest CT image analysis were 0.839 (95% Cl, 0.708 — 0.970) and 0.842 (0.680 - 1.000)
in the training and validation cohorts, respectively. In the validation cohort, the DLM
and clinical model exhibited an accuracy of 0.7308 and 0.5000, specificity of 0.6667
and 0.2000, positive probability values of 0.6429 and 0.4545, and negative probability
values of 0.8333 and 0.7500, respectively. The DLM was developed using chest CT
images to predict the EGFR T790M status following the first-line first- and second-
generation EGFR-TKI treatment of advanced EGFR-positive NSCLC.

Keywords: Non-small cell lung cancer; Epidermal growth factor receptor; Epidermal
growth factor receptor T790M; Chest computed tomography image; Deep learning
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1. Introduction

Non-small cell lung cancer (NSCLC), as an aggressive
malignant tumor, has high incidence and mortality rates,'?
representing approximately 80% of all lung cancer cases.
They are typically in an advanced stage at the time of
diagnosis.** At present, the treatment of advanced NSCLC
is mainly based on targeted therapy, immunotherapy, and
chemotherapy.®® First-line molecular targeted therapy
was approved for patients with advanced driver mutation-
positive NSCLC, and the most common mutation of
epidermal growth factor receptor (EGFR) gene accounts
for approximately 50% of lung adenocarcinomas in Asian
patients.'”> EGFR-tyrosine kinase inhibitor (TKI) is
within the recommended guidelines for patients with
EGFR-positive advanced NSCLC,”*! with a median
progression-free survival under 11 months following
first-/second-generation =~ EGFR-TKIs."”'®  However,
the rapid development of therapeutic resistance and
disease advancement in patients who received first-line
treatment with either first- or second-generation EGFR-
TKIs poses a significant challenge, particularly those
accompanied with EGFR T790M mutation and activation
of alternative signaling pathways.”” The EGFR T790M
mutation is the most prevalent mechanism of resistance
to first-/second-generation EGFR-TKIs,***" which can be
effectively overcome by third-generation targeted drugs.
Unfortunately, patients without EGFR T790M mutation
can only receive chemotherapy and/or immunotherapy,
which is less efficient, has more side effects, and is more
costly than third-generation EGFR-TKIs. Therefore,
predicting EGFR T790M status following first- and second-
generation EGFR-TKI therapy is crucial for the long-term
management of patients with advanced NSCLC with EGFR
mutations.

The EGFR T790M mutation entails a change from
threonine to methionine at the 790" position within the
EGFR-tyrosine kinase domain,”** leading to a change in
the spatial structure of EGFR and resulting in resistance.
For patients with advanced EGFR-positive NSCLC, the
EGFR T790M mutation rate following first-line treatment
with first-/second-generation EGFR-TKIs ranges from
57% to 60%.>* However, only few studies have reported
the prediction of T790M mutation status before first-/
second-generation EGFR-TKI therapy. Previous studies
have reported that the presence of favorable EGFR 19
mutations is correlated with a higher incidence of EGFR
T790M mutation.”” TP53-negative mutations correlate with
EGFR T790M mutation.”*?* In addition, a research team
adopted whole-exome sequencing at initial diagnosis to
demonstrate the association between extended molecular
profiling and the emergence of T790M resistance mutation

following first-/second-generation TKI therapy.* Clinically,
the detection of T790M mutation after disease progression
despite treatment with first- or second-generation EGFR-
TKIs is currently the sole method for determining the use
of third-generation TKIs, which are invasive, painful, and
time-consuming.

Radiomics, which utilizes medical imaging, is a non-
invasive method of extracting features from medical
image data to construct suitable models that assist in
medical diagnosis. Traditional radiomics methods require
manual annotation of tumor contours, which not only
reduces the accuracy of lesion boundaries but also requires
considerable manual effort. Recently, deep-learning (DL)
methods have been applied to radiological analysis because
they can automatically extract task-relevant features from
image data without precise tumor contour annotations,
thereby aiding clinical diagnosis.*»*> Many radiomic
studies have attempted to investigate the subtle diagnosis,
molecular typing, and prognostic prediction of NSCLC.>*3
In our previous study, an excellent radiomics model was
established to estimate the programmed death-ligand 1
(PD-L1) expression in patients with NSCLC, which lays
the foundation for the present study.”

We have innovatively constructed a DL model (DLM)
by analyzing pretreatment chest computed tomography
(CT) images of patients newly diagnosed with advanced
NSCLC, thereby predicting the EGFR T790M status
following first-line first-/second-generation EGFR-TKI
therapy. Based on radiomics features derived from chest
CT data, the DLM was characterized as non-invasive, fast,
and user-friendly. In addition, the area under the curve
(AUC) demonstrated outstanding predictive capability, the
decision curve analysis (DCA) demonstrated good decision
ability, and the calibration curve revealed strong predictive
power. The DLM developed using chest CT image data
to estimate the EGFR T790M status following first-line
first-/second EGFR-TKI therapy in advanced NSCLC with
EGFR mutation will assist clinicians in selecting the initial
treatment plans and managing the overall treatment course
for patients with first-line EGFR-positive status.

2. Materials and methods
2.1. Patients

Following the approval of our hospital’s ethics committee,
this retrospective study collected data on all patients with
NSCLC treated in our hospital between January 2014 and
December 2021. The inclusion criteria were as follows:
(1) confirmation of NSCLC through histopathological
examination, including squamous cell carcinoma,
adenocarcinoma, large cell carcinoma, adenosquamous
carcinoma, and sarcomatoid carcinoma; (2) availability of
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chest CT images before first-line treatment; (3) documented
EGFR mutations before first-line treatment, including
common exon 19 deletions, some point mutations in exon
21, or other rare EGFR mutations; (4) receipt of first-/
second-generation EGFR-TKIs as first-line treatment, such
as erlotinib, gefitinib, and icotinib; (5) assessment of EGFR
T790M status following disease progression after the initial
EGFR-TKI therapy. The exclusion criteria were as follows:
(1) patients with NSCLC in the early or intermediate stage
and (2) patients with unclear chest CT images. In total,
66 patients with advanced lung cancer were included in the
study: data from 40 patients were used for DLM training,
whereas data from 26 patients were used for model
validation. Patient data are presented in Table 1.

2.2, CT imaging equipment

Non-contrast CT images of the chest were obtained using
SOMATOM equipment (Siemens, Forchheim, Germany).
The CT scanning parameters were set as follows: 120 kV,
automatic tube current modulation, slice thickness of
0.75 - 1.5 mm, collimation of 128 x 0.6 mm, scan field of
336 x 336 mm, and pixel matrix of 512 x 512. The CT scan

Table 1. Clinical features of the training and validation cohorts

dose ranged from 50 to 300 mGy-cm, determined by the
patient’s body mass index. High-resolution or standard
images (slice thickness of 1.0 mm and interslice spacing of
1.0 mm) were reconstructed simultaneously.

2.3. EGFR and EGFR T790M status assessment

Before the initial treatment of patients newly diagnosed
with advanced NSCLC, EGFR testing was performed
using polymerase chain reaction (PCR) or next-generation
sequencing (NGS). If the disease progressed despite
receiving first-line treatment with first/second-generation
EGFR-TKI therapy, the EGFR T790M status was reassessed
using PCR or NGS. Tissue and peripheral blood samples
were used, and peripheral blood samples were primarily
utilized for patients without accessible tissue samples or for
whom tissue sampling was challenging.

2.4. Construction of the clinical model

The clinical model was constructed in two steps. First,
statistical analysis was performed on clinical characteristics
(age, sex, etc.) using the Wilcoxon rank-sum test and
Pearson’s Chi-square test. Clinical features that exhibited

Classification Training cohort (n=40) P-value Validation cohort (n=26) P-value

metrics T790M Unmutated T790m Mutated T790M Unmutated T790m Mutated

EGFR 19
Expression 19 5 0.001 10 10 0.147
Non-expression 4 12 5 1

Gefitinib
Present 14 4 0.019 7 10 0.019
Absent 9 13 8 1

Sex
Male 10 4 0.331 5 7 0.257
Female 13 13 10 4

Age (years)
<65 10 10 0.337 12 4 0.064
>65 13 7 3 7

Brain metastases
Present 6 5 0.816 6 0 0.055
Absent 17 12 9 11

Liver metastasis
Present 3 0 0.347 1 1 1.000
Absent 20 17 14 10

Bone metastases
Present 11 7 0.676 6 4 1.000
Absent 12 10 9 7

Abbreviation: EGFR: Epidermal growth factor receptor.
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P < 0.05 were selected. Subsequently, a multivariate logistic
regression model was constructed by employing stepwise
backward variable selection based on these significant
clinical features.

2.5. Construction of the DLM

The construction of the DLM involved feature extraction
and classifier construction. In this study, BotNetl8 was
used as the model for extracting DL features, with its
specific structures shown in Figure 1. The feature extraction
process was as follows: first, a pre-trained BotNetl8
model, trained on the ImageNet dataset, was imported
to accelerate model convergence. Then, the pre-trained
model was retrained using local T790 data until it reached
the pre-defined training epoch number (120 epochs in the
study) or the model converged, at which point the training
was stopped. Finally, the outputs of all convolutional
layers” kernels in the BotNet18 model were extracted as DL
features for each CT image. The DL features of multiple
CT image slices from the same patient were averaged to
obtain the patient’s DL feature set. A total of 14,400 DL
features were extracted using BotNetl8, as illustrated in
Figure 2. The Mann-Whitney U test was used to identify
significant DL characteristics. To prevent overfitting in the
classifier model due to redundant features, the maximum
relevance minimum redundancy method was utilized for
dimensionality reduction of the DL features. Finally, to
construct the classifier model, the top 23% of the most
valuable and least redundant DL characteristics were
selected.

The construction of the classifier involved several key
steps. Initially, DL features with non-zero coefficients were
identified in the training set using least absolute shrinkage
and selection operator (Lasso) logistic regression combined
with threefold cross-validation. These features were
deemed valuable for distinguishing between EGFR T790M-
positive and EGFR T790M-negative cases. Subsequently,
the selected features and their corresponding coefficients
were integrated to generate the classifier’s predictive values.

2.6. Model evaluation

To calibrate and evaluate the DLM, DCA and calibration
curve analysis were employed. For a comprehensive
validation of the model’s outcomes, the study utilized the
receiver operating characteristic (ROC) curve. In addition,
a range of metrics was utilized to comprehensively assess
the model’s performance, including the AUC, negative
predictive value, positive predictive value, sensitivity,
specificity, and accuracy.

2.7. Statistics

All data were analyzed using R language and Python
version 3.7. Categorical variables (such as sex and smoking
status) were investigated by the Chi-square test and
continuous variables (such as age) by the Wilcoxon rank-
sum test. All statistical tests were performed on both tails,
and significance was determined using a p-value threshold
of <0.05. Based on the Akaike information criterion,
factors/variables showing significant differences (k > 0.60)
were employed. A multivariate logistic regression clinical
model was then constructed utilizing stepwise backward
variable selection.

3. Results
3.1. Results and analysis of the clinical model

In constructing the clinical model, 40 patients were
randomly assigned to the training cohort (male, n = 14;
female, n = 26). Statistical tests on all clinical factors showed
that EGFR T790M mutation status was significantly related
to two clinical factors: EGFR19del and the use of gefitinib
(P <0.05). However, EGFR T790M mutation status was not
significantly related to any other factors, such as age, sex,
and brain, bone, and liver metastases (P > 0.05). Specific
details are provided in Table 1.

Considering the above factors, the clinical model was
built by multivariate logistic regression analysis, which
included EGFR19 factor (odds ratio [OR], 3.279; 95%
confidence intervals [CI], 1.127 - 8.462; P = 0.004), use of
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Figure 1. Structure of the deep-learning model. This model comprises 23 convolutional layers (yellow blocks), two multihead self-attention layers (blue
blocks), two max-pooling layers (red blocks), and one fully connected layer (purple block).
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Figure 2. Feature extraction structure diagram. The mean value of each convolutional kernel feature map corresponds to a depth feature in the model,

and all convolutional kernel features are extracted, and by column splicing, a total of 14,400 computed tomography image depth features are obtained.

gefitinib (OR, 2.624; 95% CI, 1.140 - 5.297; P = 0.021), and
constant (OR, 2.671;95% CI, 1.092 - 5.986; P = 0.014). The
AUC:s of the clinical model were 0.862 (95% CI, 0.570 -
0.966) and 0.755 (95% CI, 0.566 — 0.943) in the training
and validation cohorts, respectively.

3.2. DLM diagnostic performance

In this study, 43 features exhibited significant differences in
EGFR T790M expression, and the top 10 most valuable and
least redundant features were selected to construct a Lasso
classifier. The Lasso feature selection process is presented in
Figure 3. Figure 3A shows the tuning parameter A selection,
where three-fold cross-validation based on the minimum
criterion was used. The Log A values are plotted on the
X-axis, and classification errors are plotted on the Y-axis.
The dashed lines represent the optimal values determined
by the one standard error of the minimum criterion, with
the optimal A = 0.000315, Log_ A = —8.0629. Figure 3B
illustrates the Lasso coeflicients for the selected features.
According to the three-fold cross-validation, 11 non-zero
coeficients of the best DL features were identified. The
AUC:s of the DLM were 0.839 (95% CI, 0.708 — 0.970) and
0.842 (95% CI, 0.680 - 1.000) in the training and validation
cohorts, respectively. In Figure 4, the DCA results indicate
that the DLM provides a higher net benefit in distinguishing
EGFR T790M expression compared with the clinical model.
The calibration curves presented in Figure 5 reveal that the
predictions from the DLM are closer to the ideal probability
curve than those from the clinical model, indicating better
predictive performance.

3.3. Comparison of diagnostic performance of
models

Figure 6 displays the ROC curves for both models.
Compared with the clinical model (0.755), the DLM
exhibits a significantly higher AUC (0.842) in the
validation cohort, indicating that the diagnostic efficiency
of the DLM is significantly better than that of the clinical
model. The specific diagnostic performance of the clinical
model and DLM is summarized in Table 2.

4. Discussion

Molecular targeted therapy is an important component
of the treatment for patients with lung cancer,
including adjuvant therapy, consolidation therapy, and
maintenance therapy. First-/second-generation EGFR-
TKIs are the standard initial treatment for patients
with advanced EGFR-positive NSCLC. However, only
patients harboring the EGFR T790M mutation can
derive benefit from third-generation EGFR-TKIs if the
first-/second-generation EGFR-TKIs are ineffective.’®*
Compared with chemotherapy and immunotherapy,
third-generation EGFR-TKIs (osimertinib, almonertinib,
etc.) are characterized by oral delivery, high efficacy, low
risk, and short hospital stays. Moreover, predicting the
EGFR T790M mutation status before starting first-line
treatment can greatly optimize the management of patients
with advanced EGFR-positive NSCLC. In this study, by
analyzing pretreatment chest CT images, a clinical factor
model and a DLM were constructed to predict EGFR
T790M mutation status following the initial treatment
(first-/second-generation EGFR-TKIs). Compared with
our previous DLM based on PD-LI using ResNet18, the
present model adopted BotNetl8 method, and natural
images (ImageNet) were used to enhance its ability to
extract features relevant to the present task, thereby
improving its diagnostic performance. As expected, the
DLM showed great diagnostic performance compared
with the clinical model.

The AUC of the clinical model was 0.755, which
represented fair predictive performance. The clinical
model identified EGFR19del and gefitinib use as
associated with EGFR T790M mutation status following
first- or second-generation EGFR-TKI therapy, similar to
previously reported results, which may be due to the longer
progression-free survival that promoted the continuous
activation of the EGFR pathway to induce EGFR T790M
mutation.*** The molecular mechanism underlying the
close correlation between EGFR19del and T790M is
linked to intrinsic structural characteristics of EGFRI9, in
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Table 2. Diagnostic performance tables for the models

Classification Training cohort (n=40) Validation cohort (n=26)

metrics Clinical model Deep-learning model Clinical model Deep-learning model
AUC (95%CI) 0.862 (0.757 - 0.966) 0.839 (0.708 - 0.970) 0.755 (0.566 — 0.943) 0.842 (0.680 - 1.000)
Sensitivity 0.4706 (8/17) 0.2273 (5/22) 0.9091 (10/11) 0.8182 (9/11)
Specificity 0.9565 (22/23) 1.0000 (18/18) 0.2000 (3/15) 0.6667 (10/15)
Accuracy 0.7500 (30/40) 0.5750 (23/40) 0.5000 (13/26) 0.7308 (19/26)
PPV 0.8889 (8/9) 1.0000 (5/5) 0.4545 (10/2) 0.6429 (9/14)
NPV 0.7097 (22/31) 0.5143 (18/35) 0.7500 (3/4) 0.8333 (10/12)

Abbreviations: AUC: Area under the curve; CI: Confidence interval; PPV: Positive predictive value; NPV: Negative predictive value.
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Figure 3. Lasso feature selection diagram. (A) The Lasso tuning parameters A are filtered based on the 3-fold cross-validation of the minimum criteria. The
dashed line indicates the optimal determined by the minimum criterion A = 0.000315, and Loge A = —8.0629; (B) Lasso coefficient diagram of all features.
The horizontal coordinate is the tuning parameter A, the vertical coordinate represents the corresponding coefficient of the depth feature, and the vertical
dashed line A is the value of the optimal parameter. When selecting the optimal parameters A, a total of 11 depth features with nonzero coefficients are
screened to build the regression model.
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into the o.C-helix, whereas the EGFR21 L858R mutation
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4-anilinoquinazoline core, could form a hydrogen bond The accuracy and specific underlying mechanisms need
with the EGFR T790 residue. T790M mutation confers further validation. The construction of the clinical model
resistance to gefitinib, thereby allowing EGFR to maintain provides us with a reference for predicting EGFR T790M
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Figure 6. ROC curves for the training (left) and validation (right) sets of different models, including the clinical (black line) and deep-learning (red line)

models

Abbreviations: DLS: Deep learning signature; AUC: Area under ROC curve; CI: Confidence interval; ROC: Receiving operating characteristics.

mutation following the initial EGFR-TKI therapy (first or
second generation).

In addition, radiomic analysis of chest CT images was
performed to predict EGFR T790M mutation status. The
DLM demonstrated superior performance to the clinical
model in the validation dataset (AUC = 0.842; 95% CI,
0.680 - 1.000 vs. AUC = 0.755; 95% CI, 0.566 — 0.943).

The proposed DL method offers the following
advantages:
(1) Detailed focus on lesion boundaries is no longer
needed: DLMs can automatically learn relevant
features without requiring precise delineation of
lesion boundaries.
Extraction of multilayer abstract features: The method
can extract high-level abstract features from the
images, which are crucial for distinguishing EGFR
T790M mutation status.
Convenient use without complex preprocessing: The
model can validate raw CT images without needing
intricate preprocessing steps, making it user-friendly
and efficient. The superior diagnostic performance
of the DLM highlights its potential utility in guiding
initial treatment decisions and comprehensive patient
management.

()

3)

This study has several limitations: first, its retrospective
design introduces potential selection bias. Second, the
sample size is small and consists of data from a single center,
with validation performed only internally. Therefore, larger
prospective studies are necessary to validate the model’s
generalizability. Fortunately, the imaging reconstruction
model used a slice thickness of 1.0 mm. Third, some
samples relied on blood specimens for detecting the

EGFR T790M mutation due to difficulties in obtaining
tissue samples, with the advantage that patients are spared
the pain of secondary puncture. Thus, to enhance the
discriminative capability of our model for EGFR T790M
expression, future research should involve the collection of
additional clinical data.

5. Conclusion

In this study, a non-invasive clinical model and a DLM
derived from pre-treatment chest CT image data were
constructed to predict the EGFR T790M status in patients
with advanced NSCLC after failure of first-line EGFR-
TKI therapy (first or second generation). The DLM
exhibited superior diagnostic performance to the clinical
model, providing strong support for oncologists in
formulating initial treatment strategies and comprehensive
management for patients newly diagnosed with advanced
EGFR-positive NSCLC.
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