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Abstract

Background Epidermal growth factor receptor (EGFR) mutations are present in 10-60% of all non-small cell lung
cancer (NSCLC) patients and are associated with dismal prognosis. Lung cancer brain metastases (LCBM) are a
common complication of lung cancer. Predictions of EGFR can help physicians in decision-making and, through
optimizing treatment strategies, can result in more favorable outcomes. This systematic review and meta-analysis
evaluated the predictive performance of machine learning (ML)-based models in EGFR status in NSCLC patients with
brain metastasis.

Methods On December 20, 2024, the four electronic databases, Pubmed, Embase, Scopus, and Web of Science,
were systematically searched. Studies that evaluated EGFR status in patients with brain metastasis from NSCLC were
included.

Results Twenty studies with 3517 patients with 6205 NSCLC brain metastatic lesions were included. The majority

of the best-performance models were ML-based (70%, 7/10), and deep learning (DL)-based models comprised 30%
(6/20) of models. The area under the curve (AUC) and accuracy (ACC) of the best-performance models ranged from
0.765 to 1 and 0.69 to 0.93, respectively. The meta-analysis of the best-performance model revealed a pooled AUC of
0.91 (95%Cl: 0.88-0.93) and ACC of 0.82 (95%Cl: 0.79-0.86) along with a pooled sensitivity of 0.87 (95%Cl: 0.83-0.9),
specificity of 0.86 (95%Cl: 0.79-0.9), and diagnostic odds ratio (DOR) of 35.2 (95%Cl: 21.2-58.4). The subgroup analysis
did not show significant differences between ML and DL models.

Conclusion ML-based models demonstrated promising predictive outcomes in predicting EGFR status. Applying
ML-based models in daily clinical practice can optimize treatment strategies and enhance clinical and radiological
outcomes.
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Introduction

Lung cancer (LC) stands as a principal cause of can-
cer-related death and is responsible for approximately
1.18 million annual deaths worldwide [1, 2]. Lung cancer
brain metastases (LCBM) are a frequent complication
in individuals with lung cancer, accounting for 10-36%
of cases and comprising approximately 51% of all brain
metastases [3, 4]. The incidence of LCBMs has escalated
in recent years mainly due to advancements in imaging
and prolonged survival of patients [5]. Small cell lung
cancer (SCLC) and non-small cell lung cancer (NSCLC),
which comprises adenocarcinoma, squamous cell carci-
noma, and large cell carcinoma, are the two main types
of lung cancers (LCs) [6]. Tumor subtypes, molecular
mutations, and patient attributes noticeably affect the
development and progression of LCBM, necessitating
personalized and tailored management [7]. The mount-
ing incidence of LCBM underscores the necessity of
enhancing diagnostic tools and treatment protocols to
achieve more favorable outcomes.

Epidermal growth factor receptor (EGFR) mutations
are identified in 10-60% of all NSCLC patients [8]. EGFR
mutation mainly occurs at exon 19 and exon 21, and the
19 deletions and 21 L858R constitute about 85% of all
mutation subtypes [9]. EGFR mutation is associated with
a more dismal prognosis in LCBM patients as EGFR acti-
vation by ligand binding triggers receptor tyrosine kinase
activity, resulting in cell proliferation and invasion [10,
11]. Recent investigations demonstrated that the applica-
tion of tyrosine kinase inhibitors (TKIs) in LCBMs with
EGFR mutation results in improved progression-free sur-
vival and radiological outcomes [12]. This indicates the
importance of early detection of EGER status in patients
with LCBM when choosing the proper therapeutic
intervention.

Substantial advancements in machine learning have
recently led to the broad utilization of machine learning-
based models in the medical field [13—16]. Several studies
developed ML-based models to predict the EGFR sta-
tus of NSCLC in patients with brain metastasis [17-36].
These models exhibited encouraging predictive perfor-
mance in predicting EGFR status in NSCLC patients with
brain metastasis [17-36]. Predictions of EGFR can help
physicians in decision-making and, through optimizing
treatment strategies, can result in more favorable clini-
cal and radiological outcomes. This systematic review
and meta-analysis evaluated the predictive performance
of ML-based models in EGFR status in NSCLC patients
with brain metastasis.

Materials and methods

Objective

This study aimed to assess the predictive performance
of ML-based models for EGFR status in NSCLC patients
with brain metastasis. It was based on the “Preferred
Reporting Items for Systematic Reviews and Meta-Analy-
ses (PRISMA)” guidelines [37].

Search strategy

On December 20, 2024, a comprehensive search was
conducted in the four electronic databases: “PubMed’,
“Embase’, “Scopus’, and “Web of Science’, using a unique
search query for each database. The keywords were
“Artificial intelligence,” “Machine learning,” “Deep learn-
ing, “Radiosurgery, “Epidermal growth factor recep-
tor, “Lung Neoplasms,; and “Brain metastasis” and their
equivalents. No limitations, such as “publication year” or
“language’, were used in the search process (Supplemen-

tary Table S1).

'

Eligibility criteria
To address the eligibility criteria, the following PICO was
developed:

+ Population (P): Patients with NSCLC brain
metastasis.

+ Intervention (I): Artificial intelligence (AI)-based
models, including ML, deep learning (DL), and
neural network (NN) developed to predict EGFR
status.

+ Comparison (C): None.

+ Outcome (O): “Area under the curve (AUC),
“accuracy (ACC)’, “sensitivity”, and “specificity” for
the prediction of EGFR status in LCBM.

The inclusion criteria were: (1) Studies that employed
the ML-based models to predict EGFR status in NSCLC
patients with brain metastasis and (2) Studies that
reported “AUC’ “ACC’, “Sensitivity’, and “Specificity”
of the predictive model. The exclusion criteria were: (1)
Inability to separate the predictive results for NSCLC
brain metastasis from other LCBM types or brain
metastases, (2) Lack of “AUC’, “ACC’, “Sensitivity’, and
“Specificity,” of the model, (3) Book chapters, conference
abstracts, preprints, commentaries, and editorials, and
(4) Studies published in languages other than English.

Study selection process
The search results were imported into the “Covidence
software”. After identifying and resolving the duplicates,
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two reviewers (B.H. and I.M.) screened the studies, and
the third author (M.H.) resolved the conflicts. Studies
that met the inclusion criteria were enrolled in the study.

Data extraction

Two authors performed the data using a predesigned
Microsoft Excel datasheet. The data sheet comprised two
sections: “Demographic characteristics” and “Predictive
outcomes”. The baseline section included the “Publica-
tion year’, “Recruitment period’, “Number of patients’,
“Number of lesions”, “Mean age”, “Number of males’,
“Number of females’, “Number of smokers’, “Number of
non-smokers’, “Number of EGFR mutation’, “Number of
EGER wild-type’;, “Number of adenocarcinomas’, “Num-
ber of non-adenocarcinoma’, “Number of exon 18 muta-
tion’, “Number of exons 19 mutations’, “Number of exons
20 mutations’, “Number of exons 21 mutations” The
performance section comprised the “ML model’;, “Algo-
rithm’, “Validation method’, “Reference standard’, “Out-
come type’, “AUC’, “ACC’, “Sensitivity’;, and “Specificity”.
Then, the data for the best-performance model were
extracted based on the highest AUC or ACC for each OS,

LC, and DR, if available.

Quality assessment

The “Quality Assessment of Diagnostic Accuracy Stud-
ies-2 (QUADAS-2)” tool was the tool for risk of bias
(ROB) assessment [37]. The QUADAS-2 consists of four
domains: “Patient selection’, “Index test’, “Reference stan-
dard’, “Flow, and timing’, each of which was answered by

“High’, “Low’; or “Some concerns”.

Statistical analysis

Statistical analyses were conducted in R language (R
foundation of statistical computing V R-4.4.2). The
“meta’; “mada’; “metafor’; “dplyr’, “officer’, “flextable’, and
“ggplot” packages were used. The “True positive’, “True
negative’, “False positive, and “False negative” values
were calculated from “Sensitivity’, “Specificity”, “Preva-
lence’, and “Sample size” The medians were converted
to mean values through the method by Luo et al. [38].
An I>50% or Cochran’s Q with P<0.05 was consid-
ered substantial heterogeneity, and the random-effects
model was used. The pooled “Sensitivity’, “Specificity’,
“AUC’, “ACC; and “Diagnostic odds ratio (DOR)” were
calculated concurrently with their corresponding 95%
confidence intervals (CIs). Pooled AUC and ACC esti-
mates were calculated by the “metagen() function,” using
study-specific estimates by random-effects models with
the Hartung-Knapp adjustment. Sensitivity and specific-
ity were calculated by applying the’metaprop() function”
with logit transformation and Clopper-Pearson confi-
dence intervals. The “Hierarchical summary receiver

operating characteristic (HSROC)” model was utilized to
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form a “Summary ROC (SROC)” curve. The robustness
of the outcomes was evaluated through the leave-one-out
sensitivity analysis.

Results

Study selection process

The comprehensive search of the literature resulted in the
identification of 585 studies (Fig. 1). Of these, 234 were
identified as duplicates and were omitted; as a result, 351
were enrolled for screening. During the title and abstract
screening, 280 of the studied did not meet the eligibility
criteria and were excluded. Therefore, 71 studies were
included for full-text evaluation. During the dull-text
screening, 43 studies were excluded due to irrelevancy,
and eight were excluded due to conference abstracts.
Ultimately, 20 studies were included for data extraction.

Quality assessment

The majority of the included studies exhibited a “Low”
ROB across the four domains, especially in the “Index
test” and “Fow and timing” (Supplementary Fig. S1-S2).
However, some studies demonstrated “High” ROB in the
“Patient selection” domain, resulting in concerns with
recruitment protocols or eligibility criteria. The “Refer-
ence standard” and “Flow and timing” had an occasional
evaluation of “Some concerns,” but the overall ROB
remained acceptable for most studies.

Baseline characteristics

Twenty studies with 3517 patients with 6205 NSCLC
brain metastatic lesions were included (Table 1). The
mean age ranged from 55.5 to 62.3 years. Female and
male genders comprised 50.1% (1581/3155) and 49.9%
(1574/3155) of the included population. Most included
patients were non-smokers (60.2%, 1718/2854), while
39.8% (1136/2854) were smokers. Regarding the EGFR
status, 54.8% (1930/3522) were EGFR mutated, and
45.2% (1592/3522) were EGFR wild-type. Adenocarci-
noma was the primary histology in most available data
(93.5%, 1066/1140). Of these 20 best-performance mod-
els, radiomics-based models (90%, 18/20) were the most
frequent type of input features, followed by clinical-based
(5%, 1/20) and clinical + radiomics-based (5%, 1/20).

Best-performance model characteristics

Table 2 illustrates the characteristics of the best-perfor-
mance models. The majority of the best-performance
models were ML-based (70%, 14/20) and DL-based
models comprised 30% (6/20) of models. The most
common validation method was train-test split (50%,
10/20), followed by 10-fold cross-validation (25%, 5/20),
5-fold cross-validation (20%, 4/20), and leave-one-out
cross-validation (5%, 1/20). Least Absolute Shrinkage
and Selection Operator (LASSO) (35%, 7/20) was the
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Fig. 1 PRISMA flowchart of the study selection process

most frequently used ML-based algorithm, followed by  best-performance models ranged from 0.765 to 1 and
logistic regression (LR) (10%, 2/20), random forest (RF)  0.69 to 0.93, respectively. The sensitivity and specificity of
(10%, 2/20), ResNet50 (10%, 2/20), and support vector  the best-performance models ranged from 0.687 to 1 and
machine (SVM) (10%, 2/20). The AUC and ACC of the 0.55 to 1, respectively.
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Table 2 Characteristics of all best-performance ML-based models
Study ML Algorithm Validation Reference standard AUC ACC SEN SPE
model method
Huetal, 2015 ML SVM 5-fold CV Clinical 0.9186 0.879 0.886 0.875
Chen et al, 2020 ML RF LOOCV T1-CE, T2WI 0912 0.777 0.731 0.906
Ahn et al,, 2020 ML SVM 10-fold CV TIWI 0.8908 0.8906 0.8928 1
Park et al, 2021 ML RF 10-fold CV T1-CE, DTI 0.765 0.69 0.813 0.615
Zheng et al,, 2022 ML LASSO Train-Test Split T1-CE, T2WI, FLAIR 0.85 0.778 0.837 0.738
Shietal, 2022 DL ResNet50 Train-Test Split T1-CE 0.85 0.7 1 0.55
Haim et al,, 2022 DL ResNet50 5-fold CV T1-CE 091 0.898 0.687 0977
Fan et al,, 2022 - Fusion ML LASSO 10-fold CV T1-CE, T2WI 0.945 NA 0.878 0.937
Cao et al, 2022 ML LASSO Train-Test Split T1-CE, T2WI 0.968 093 0.902 0.959
Zhou et al, 2023 DL MTSA-Net Train-Test Split T1-CE NA 0.8788 0.8421 0.921
Shi et al, 2023 ML LASSO 5-fold CV T1-CE, T2WI 0.837 0.761 0.783 0.783
Mahajan et al,, 2023 DL EfficientNetBO Train-Test Split TIWI, T1-CE, T2WI, FLAIR  0.894 NA NA NA
Fan et al, 2023 - Multiregional ML LASSO 10-fold CV T1-CE, T2WI 0.89 0.804 0911 0.746
Fan etal., 2023 - BTI ML LASSO 10-fold CV T1-CE, T2WI 0.896 0817 0.822 0.841
Yang et al, 2024 ML LASSO Train-Test Split T1-CE, T2WI, FLAIR 0.955 NA 0.891 0.897
Lietal, 2024 DL Radio-GCN Train-Test Split DWI, T1-CE, T2WI, FLAIR 1 0.906 1 0.87
Huang et al,, 2024 ML LR Train-Test Split TIWI, T2WI, FLAIR, DWI,  0.814 0.767 0.889 0.634
T1-CE, Clinical
Hu et al, 2024 ML LR Train-Test Split T1-CE 0.885 0.825 0914 0.758
Caoetal, 2024 DL MSF-Net 5-fold CV T1-CE, T2WI 0.96 0.81 0.9 0.87
Ouyang et al., 2025 ML XGBoost Train-Test Split cT 0.889 0.863 0.752 0677

NA: Not available, ML: Machine learning, DL: Deep learning, CV: Cross-validation, LOOCV: Leave-One-Out cross-validation, EGFR=Epidermal growth factor receptor,
T1-CE: T1 contrast-enhanced, T2WI: T2-Weighted, FLAIR: Fluid-Attenuated Inversion Recovery, CT: Computed Tomography, SVM: Support Vector Machine, RF:
Random Forest, LASSO: Least Absolute Shrinkage and Selection Operator, ResNet50: Residual Network 50, MTSA-Net: Multi-Scale Transformer-Aided Network,
EfficientNetBO: Efficient Network Base Model 0, Radio-GCN: Radiomics-based Graph Convolutional Network, LR: Logistic Regression, MSF-Net: Multi-Scale Feature
Network, XGBoost: Extreme Gradient Boosting, AUC: Area under the curve, ACC: Accuracy, SEN: Sensitivity, SPE: Specificity

Meta-analysis of outcomes

The meta-analysis of the best-performance model AUC
revealed a pooled AUC of 0.91 (95%CI: 0.88-0.93) with
substantial heterogeneity (I°=63%, P<0.001) (Fig. 2).
The subgroup analysis for AUC based on the ML model
showed no significant difference between ML- and DL-
based models (ML: 0.9 [95%CI: 0.88-0.93] vs. DL: 0.92
[95%CI: 0.85-0.99], P=0.54) (Supplementary Fig. S3).
The meta-analysis of the ACC demonstrated a pooled
ACC of 0.82 (95%CI: 0.79-0.86) with high heterogene-
ity (I*=84.5%, P<0.001) (Fig. 3). The subgroup analysis
for ACC based on the ML model showed no significant
difference between ML- and DL-based models (ML:
0.82 [95%CI: 0.78-0.86] vs. DL: 0.84 [95%CI: 0.73-0.95],
P=0.68) (Supplementary Fig. S4).

The meta-analysis of the sensitivity resulted in a
pooled sensitivity of 0.87 (95%CI: 0.83-0.9) for best-
performance model with high heterogeneity (I*>=6.1%,
P<0.001) (Fig. 4). The subgroup analysis for sensitivity
based on the ML model showed no significant difference
between ML- and DL-based models (ML: 0.85 [95%CI:
0.81-0.89] vs. DL: 0.89 [95%CIL: 0.84-0.92], P=0.28)
(Supplementary Fig. S5). The meta-analysis for specific-
ity showed a pooled specificity of 0.86 (95%CI: 0.79-0.9)
with high heterogeneity (I* = 78.3%, P<0.001) (Fig. 5). The
subgroup analysis for specificity based on the ML model

showed no significant difference between ML- and DL-
based models (ML: 0.85 [95%CI: 0.76—0.91] vs. DL: 0.87
[95%CI: 0.74—0.95], P=0.67) (Supplementary Fig. S6).

The meta-analysis for DOR exhibited a pooled DOR
of 352 (95%CI: 21.2-58.4) with high heterogeneity
(I?=71.5%, P<0.001) (Fig. 5). The subgroup analysis for
DOR based on the ML model showed no significant dif-
ference between ML- and DL-based models (ML: 28.9
[95%CIL: 16.1-51.8] vs. DL: 66.8 [95%CIL: 35.3-126.5],
P=0.0057) (Supplementary Fig. S7).

Summary receiver operating characteristic curve

The SROC curve demonstrated an AUC of 0.899 for fore-
casting EGFR status in NSCLC brain metastasis (Fig. 6).
The estimated sensitivity is 0.851, with a false positive
rate of 0.167, which indicates high sensitivity with a low
false positive rate.

Sensitivity analysis

The leave-one-out sensitivity analysis of the AUC meta-
analysis showed that the omission of each study did not
significantly impact the AUC pooled estimated (Supple-
mentary Fig. S8). Similarly, the leave-one-out sensitiv-
ity analysis of the ACC meta-analysis exhibited that the
omission of each study did not significantly affect the
AUC pooled estimated (Supplementary Fig. S9). The
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Meta-Analysis of Area Under the Curve (AUC)
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Weight Weight AUC AUC
Study AUC SE (common) (random) IV, Fixed + Random, 95% Cl 1V, Fixed + Random, 95% CI
9
Park et al., 2021 0.7650 0.0640 0.8% 2.3% 0.77 [0.64; 0.89] § '
Huang et al., 2024 0.8140 0.0561 1.0% 2.8% 0.81[0.70; 0.92] —-——:
Shi et al., 2023 0.8370 0.0584 0.9% 2.6% 0.84[0.72; 0.95] —_—
Zheng et al., 2022 0.8500 0.0357 2.5% 5.0% 0.85[0.78; 0.92] —-—H
Shi et al., 2022 0.8500 0.0587 0.9% 2.6% 0.85[0.73; 0.96] —_—
Hu et al., 2024 0.8850 0.0329 3.0% 5.4% 0.89[0.82; 0.95] —-—:—
Ouyang et al., 2025 0.8890 0.0584 0.9% 2.6% 0.89[0.64; 0.87] o !
Fan et al., 2023 - Multiregional  0.8900 0.0265 4.5% 6.5% 0.89 [0.84; 0.94] —
Ahn et al., 2020 0.8908 0.0265 4.5% 6.5% 0.89 [0.84; 0.94] —IJ—:—
Mahajan et al., 2023 0.8940 0.0355 2.5% 5.0% 0.89[0.82; 0.96] ——
Fan et al., 2023 - BTI 0.8960 0.0245 5.3% 6.9% 0.90 [0.85; 0.94] —l—:—
Haim et al., 2022 0.9100 0.0372 2.3% 4.8% 0.91[0.84; 0.98] ——
Chen et al., 2020 0.9120 0.0133 18.2% 9.1% 0.91[0.89; 0.94] ‘
Hu et al., 2015 0.9186 0.0500 1.3% 3.3% 0.92 [0.80; 1.00] —'-:—
Fan et al., 2022 - Fusion 0.9450 0.0176 10.3% 8.3% 0.94 [0.91; 0.98] —:l—
Yang et al., 2024 0.9550 0.0171 11.0% 8.4% 0.95[0.92; 0.99] i
Cao et al., 2024 0.9600 0.0153 13.7% 8.7% 0.96 [0.93; 0.99] :—.—
Cao et al., 2022 0.9680 0.0140 16.3% 9.0% 0.97 [0.94; 0.99] i =
Li et al., 2024 1.0000 0.0% 0.0% 1.00 [1.00; 1.00] E '
vl
Total (common effect, 95% CI) 100.0% . 0.93 [0.92; 0.94] *
Total (random effect, 95% CI) 100.0% 0.91 [0.88; 0.93] I‘

Heterogeneity: Tau? = 0.0011; Chi® = 45.95, df = 17 (P = 0.0002); I = 63.0%

Fig. 2 Meta-analysis of the best-performance model area under the curve

Meta-Analysis of Accuracy

05 06 07 08 09

IR

Area Under the Curve (AUC)

Weight Weight ACC ACC
Study ACC SE (common) (random) IV, Fixed + Random, 95% Cl 1V, Fixed + Random, 95% CI
Park et al., 2021 0.6900 0.0714 0.0% 3.2% 0.69 [0.55; 0.83] -
Shi et al., 2022 0.7000 0.0388 0.2% 5.6% 0.70[0.62; 0.78] _—
Shi et al., 2023 0.7610 0.0510 0.1% 4.5% 0.76 [0.66; 0.86] —
Huang et al., 2024 0.7670 0.0454 0.1% 5.0% 0.77 [0.68; 0.86] —'JI—
Chen et al., 2020 0.7770 0.0194 0.6% 7.4% 0.78 [0.74; 0.81] ——
Zheng et al., 2022 0.7780 0.0015 96.4% 8.3% 0.78 [0.78; 0.78] “ :
Fan et al., 2023 - Multiregional  0.8040 0.0224 0.4% 71% 0.80 [0.76; 0.84] ‘}_’_"
Cao et al., 2024 0.8100 0.0311 0.2% 6.3% 0.81[0.75; 0.87] ——
Fan et al., 2023 - BTI 0.8170 0.0255 0.3% 6.9% 0.82[0.77; 0.87] -}—‘—
Hu et al., 2024 0.8250 0.0311 0.2% 6.3% 0.82[0.76; 0.89] —:—'—
Ouyang et al., 2025 0.8630 0.0383 0.2% 5.7% 0.86 [0.79; 0.94] ———
Zhou et al., 2023 0.8788 0.0561 0.1% 4.1% 0.88 [0.77; 0.99] 1'—'—'—
Hu et al., 2015 0.8790 0.0587 0.1% 4.0% 0.88 [0.76; 0.99] :——'—
Ahn et al., 2020 0.8906 0.0268 0.3% 6.8% 0.89 [0.84; 0.94] e
Haim et al., 2022 0.8980 0.0416 0.1% 5.4% 0.90[0.81; 0.97] ! —
Li et al., 2024 0.9060 0.0291 0.3% 6.5% 0.91 [0.85; 0.96] | ——
Cao et al., 2022 0.9300 0.0255 0.3% 6.9% 0.93[0.88; 0.98] | —
I
I
Total (common effect, 95% CI) 100.0% . 0.78 [0.78; 0.78] LI
Total (random effect, 95% Cl) 100.0% 0.82 [0.79; 0.86] -

Heterogeneity: Tau? = 0.0031; Chi? = 103.15, df = 16 (P < 0.0001); I = 84.5% ' ' ' ' ' '
05 06 07 08 09 1
Accuracy

Fig. 3 Meta-analysis of the best-performance model accuracy
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Sensitivity Meta-Analysis

Study Events Total GLMM, Fixed + Random, 95% Cl GLMM, Fixed + Random, 95% CI

=
Haim et al., 2022 11 16 0.69 [0.41; 0.89] —a—
Chen et al., 2020 245 335 0.73[0.68; 0.78] s
Ouyang et al., 2025 51 68 0.75 [0.63; 0.85] —8
Shi et al., 2023 27 35 0.77 [0.60; 0.90] e
Park et al., 2021 34 42 0.81[0.66; 0.91] —
Fan et al., 2023 - BTI 74 90 0.82[0.73; 0.89] —-
Zheng et al., 2022 59 70 0.84 [0.74; 0.92] 1
Zhou et al., 2023 70 83 0.84 [0.75; 0.91]
Fan et al., 2022 - Fusion 79 90 0.88 [0.79; 0.94] —_—
Ahn et al., 2020 55 62 0.89 [0.78; 0.95] —il-
Yang et al., 2024 74 83 0.89 [0.80; 0.95] |-
Cao et al., 2024 68 76 0.89 [0.80; 0.95] ..
Cao et al., 2022 44 49 0.90[0.78; 0.97] —
Huang et al., 2024 28 31 0.90 [0.74; 0.98] —-
Fan et al., 2023 - Multiregional 82 90 0.91[0.83; 0.96] -
Hu et al., 2015 11 12 0.92 [0.62; 1.00] — -
Hu et al., 2024 67 73 0.92[0.83; 0.97] ~ilt
Shi et al., 2022 30 30 1.00 [0.88; 1.00] i —l
Li et al., 2024 33 33 1.00 [0.89; 1.00] i —H

¥

¥
Total (common effect, 95% Cl) 1368 0.83 [0.81; 0.85] 0
Total (random effect, 95% CI) 0.87 [0.83; 0.90] < :

Heterogeneity: Tau? = 0.2283; Chi? = 45.07, df = 18 (P = 0.0004); I? = 60.1% ' ' ' ' '

Fig. 4 Meta-analysis of the best-performance model sensitivity

leave-one-out sensitivity analysis of the sensitivity meta-
analysis showed robust results, and the estimate consisted
of (Supplementary Fig. S10). The leave-one-out sensitiv-
ity analysis of the specificity showed the high robustness
of the results, and the pooled estimate remained stable
(Supplementary Fig. S11). The leave-one-out sensitivity
analysis of the DOR meta-analysis showed that the omis-
sion of each study did not significantly impact the DOR
pooled estimate (Supplementary Fig. S12).

Discussion

Some mutations in the setting of LC lesions are associ-
ated with a higher likelihood of development of LCBM,
including EGFR. Anaplastic lymphoma kinase (ALK),
Kristen rat sarcoma viral oncogene homolog (KRAS),
and ROS proto-oncogene 1 (ROS1) mutations [39]. EGFR
mutation in LC tumors is associated with an increased
risk of development of brain metastasis due to higher
proliferation, invasiveness, and tendency to hematog-
enous spread than EGFR wild-type lesions [40, 41]. ML-
based predictive models have revolutionized medical
practice, especially for predicting molecular biomarkers
involving EGFR status in NSCLC brain metastases [17—
36]. These models utilize large-scale datasets to recognize

sophisticated connections, providing unique potential
for individualized medicine [42, 43]. Yet, the application
of these models in daily clinical practice is challenging.
Our systematic review and meta-analysis investigated the
predictive performance of various ML and DL tools in
forecasting EGFR status. Our findings showed that these
models can achieve a pooled AUC of 0.91, ACC of 0.82,
sensitivity of 0.87, specificity of 0.86, and DOR of 35.2
(Table 3).

ML models have several advantages, encompassing
their substantial predictive performance [44]. ML-based
models like SVM, RF, and LR achieve considerable accu-
racy by determining non-linear links in large-scale data
[45]. For instance, the AUC of the included studies ranged
from 0.765 to 1 [17-36]. In addition, ML-based tools are
substantially adaptable and can incorporate high-dimen-
sional data encompassing radiological, histopathological,
and clinical parameters, enhancing prediction robustness
[46, 47]. Another advantage of ML models is automation,
which enables them to automate the decision-making
process following training. Therefore, they can diminish
the time needed for manual analysis and result in swift
clinical employment [42, 48, 49]. Despite the encour-
aging advantages of ML-based models, these tools are
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Specificity Meta-Analysis
Study Events Total GLMM, Fixed + Random, 95% Cl GLMM, Fixed + Random, 95% CI
o
Shi et al., 2022 16 29 0.55 [0.36; 0.74] —u—
Park et al., 2021 35 57 0.611[0.48; 0.74] ——
Huang et al., 2024 17 27 0.63 [0.42; 0.81] — B
Ouyang et al., 2025 79 117 0.68 [0.58; 0.76] =
Zheng et al., 2022 68 92 0.74 [0.64; 0.83] —-
Fan et al., 2023 - Multiregional 48 64 0.75[0.63; 0.85] —I—:—
Hu et al., 2024 58 77 0.75[0.64; 0.84] —-
Shi et al., 2023 27 35 0.77 [0.60; 0.90] —
Fan et al., 2023 - BTI 53 63 0.84 [0.73; 0.92] ——
Li et al., 2024 52 60 0.87 [0.75; 0.94] — -
Cao et al., 2024 73 84 0.87 [0.78; 0.93] -
Hu et al., 2015 17 19 0.89[0.67; 0.99] —i-
Yang et al., 2024 78 87 0.90[0.81; 0.95] -
Chen et al., 2020 115 127 0.91[0.84; 0.95] il
Zhou et al., 2023 66 72 0.92 [0.83; 0.97] s o
Fan et al., 2022 - Fusion 59 63 0.94 [0.85; 0.98] s
Cao et al., 2022 49 51 0.96 [0.87; 1.00] v—l
Haim et al., 2022 42 43 0.98 [0.88; 1.00] i —i
Ahn et al., 2020 75 75 1.00 [0.95; 1.00] |
i
i
Total (common effect, 95% Cl) 1242 0.83 [0.80; 0.85] %
Total (random effect, 95% CI) 0.86 [0.79; 0.90] I‘

Heterogeneity: Tau? = 0.9039; Chi? = 82.81, df = 18 (P < 0.0001); I? = 78.3% ' ' ' '

Fig. 5 Meta-analysis of the best-performance model specificity

associated with some limitations. ML models heav-
ily rely on data quality and quantity, necessitating large,
high-quality datasets for training and validation [50, 51].
A limited number of included participants can result in
overfitting and poor generalizability [52, 53]. In addition,
various developed ML models, especially DL-based mod-
els such as ResNet50 and Multi-Scale Fusion Network
(MSEF-Net), operate as “black boxes,” resulting in chal-
lenging interpretability of these models that affect the
explanation of them to patients by physicians [54—56].

ML-based models, unlike other predictive tools, pro-
vide distinct advantages and disadvantages, like nomo-
grams. Traditional predictive tools are developed by
applying predefined parameters and linear links to fore-
cast results [57]. Traditional models’ easy interpret-
ability and ability to be applied by physicians in daily
applications without advanced computational resources
are the advantages of these models [58—-60]. In contrast,
these models are inherently restricted by the inability to
determine advanced, non-linear relationships between
the several variables [61]. ML models can analyze vast
amounts of data and recognize the connection of various
variables [14, 62].

0O 02 04 06 08

—_

Compared with DL tools, ML models demand fewer
computational resources and provide easier interpreta-
tion and clinical utilization [63-65]. ML-based models
are perfect for small datasets, providing interpretability
and the capability to incorporate additional data, encom-
passing demographics and risk factors [63]. ML mod-
els apply hand-crafted radiomic characteristics that can
be standardized and simply elucidated, yet they require
substantial feature selection and data curation, extending
the processing time [63]. Alternatively, DL models dem-
onstrated exceptional capacity for large datasets, auto-
matically capturing complex characteristics and handling
advanced tasks, including radiological segmentation and
classification [63]. By avoiding manual feature selection
and performing transfer learning and data augmenta-
tion, DL models demand considerable computational
resources, tend to overfit, and lack inherent interpret-
ability, typically known as a “black box“ [63]. ML-based
models are generally preferable for smaller, structured
datasets demanding interpretability, while DL-based
tools are more suitable for large-scale, unstructured data-
sets requiring high performance and automation [63].
Our findings proposed that DL models have a slightly
better predictive performance in forecasting EGFR status
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Diagnostic Odds Ratio (DOR)

Page 1

0of 14

Experimental Control Weight Weight Odds Ratio Odds Ratio
Study Events Total Events Total (common) (random) IV, Fixed + Random, 95% CI IV, Fixed + Random, 95% CI
Ouyang et al., 2025 51 89 17 96 13.0% 73% 6.237[3.186; 12.207] [ B
Park et al., 2021 34 56 8 43 6.7% 6.5%  6.761[2.650; 17.253] Ll
Shi et al., 2023 27 35 8 35 4.7% 59% 11.391[3.732; 34.763] -
Zheng et al., 2022 59 83 1 79 9.3% 6.9% 15.197 [6.868; 33.629] =)
Huang et al., 2024 28 38 3 20 2.9% 50% 15.867 [3.820; 65.906] —=-
Fan et al., 2023 - BTI 74 84 16 69 7.8% 6.7% 24.512[10.319; 58.231] :
Chen et al., 2020 245 257 90 205 14.2% 7.3% 26.088[13.731; 49.564]
Fan et al., 2023 - Multiregional 82 98 8 56 6.9% 6.5% 30.750[12.249; 77.192] :
Hu et al., 2024 67 86 6 64 6.1% 6.3% 34.088[12.757; 91.084] &
Cao et al., 2024 68 79 8 81 6.2% 6.4% 56.409 [21.410; 148.622] i
Zhou et al., 2023 70 76 13 79 5.6% 6.2% 59.231[21.270; 164.937] -
Yang et al., 2024 74 83 9 87 6.1% 6.3% 71.259[26.821; 189.326] -
Shi et al., 2022 30 43 0 16 0.7% 22% 74.556 [4.162; 1335.507] —rr—
Haim et al., 2022 1 12 5 47 1.2% 3.2% 92.400[9.765; 874.319] ——
Hu et al., 2015 1 13 1 18 0.9% 2.7% 93.500 [ 7.542; 1159.074] ——
Fan et al., 2022 - Fusion 79 83 1 70 4.1% 5.7% 105.932[32.129; 349.264] -
Cao et al., 2022 44 46 5 54 2.1% 4.3% 215.600 [39.799; 1167.964] I——
Lietal., 2024 33 41 0 52 0.7% 2.2% 413.824 [23.116; 7408.237] ——
Ahn et al., 2020 65 &5 7 82 0.7% 2.2% 1117.400 [62.499; 19977 .662] i ———
Total (common effect, 95% Cl) 1357 1253 100.0% . 25.559[20.062; 32.562) ¢
Total (random effect, 95% Cl) 100.0% 35.230 [21.236; 58.446] *
Heterogeneity: Tau? = 0.8020; Chi = 63.21, df = 18 (P < 0.0001); I* = 71.5% f T
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Fig. 6 SROC plot for ML-based models in the prediction of EGFR status in NSCLC brain metastasis

in NSCLC brain metastases; however, the superiority was
insignificant.

Using ML models to forecast EGFR status in brain
metastases from NSCLC can lead to groundbreaking
upsides in clinical practice [17-36]. These models lever-
age imaging data, clinical characteristics, and complex
imaging methods, like radiomics, to achieve precise

and non-invasive predictions of EGFR mutation status
[17-36]. These tools diminish the necessity for invasive
tissue biopsies, reducing NSCLC patients’ discomfort
and intervention risks [17-36]. Moreover, by analyz-
ing complex and high-dimensional data, ML models can
recognize subtle patterns that traditional tools may miss,
improving diagnostic accuracy [17-36]. Precise and early
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Table 3 Summary of the meta-analysis results

Page 11 of 14

Outcome No. of studies Overall estimate ML DL P-value Sensitivity Analysis
AUC 18 091 09 092 0.54 Robust
[95%Cl: 0.88-0.93] [95%Cl: 0.88-0.93] [95%Cl: 0.85-0.99]
ACC 17 0.82 0.82 0.84 0.68 Robust
[95%Cl: 0.79-0.86] [95%Cl: 0.78-0.86] [95%Cl: 0.73-0.95]
Sensitivity 19 0.87 0.85 0.89 0.28 Robust
[95%Cl: 0.83-0.9] [95%Cl: 0.81-0.89] [95%Cl: 0.84-0.92]
Specificity 19 0.86 0.85 0.87 0.67 Robust
[95%Cl: 0.79-0.9] [95%Cl: 0.76-0.91] [95%Cl: 0.74-0.95]
DOR 19 352 289 66.8 P=0.0057 Robust

[95%Cl: 21.2-584]

[95%Cl: 16.1-51.8]

[959%Cl: 35.3-126.5]

No: Number, ML: Machine learning, DL: Deep learning, AUC: Area under the curve, ACC: Accuracy, DOR: Diagnostic odds ratio

prediction of EGFR status is crucial for the timely admin-
istration of targeted therapies, like TKIs, which are cru-
cial in enhancing outcomes and quality of life in NSCLC
individuals with brain metastases [17-36]. Integration
of multimodal datasets and a combination of radiomics,
clinical data, and histopathological biomarkers should
be the main focus of further studies aiming to develop
ML-based models in the prediction of EGFR in NSCLC
patients. In addition, external validation should be con-
ducted in independent cohorts to enhance the generaliz-
ability of the models and the facilitation of these models
in clinical routine.

The heterogeneity seen in the results of the current
meta-analysis arises from the variability in model perfor-
mance, study designs, and datasets. Differences in sample
size, individuals’ baseline characteristics, radiological
modalities, and distinctions in feature selection and vali-
dation methods increase the heterogeneity. Future mod-
els should utilize more standardized data and model
assessment frameworks to diminish heterogeneity and
increase the reliability of ML-based predictions.

Study limitations

Limited sample size in some of the included studies
can affect the reliability and generalizability, along with
concern about overfitting our findings’ results. Most
included models were developed based on retrospective
data that may limit their application in real-world clinical
practice. Most of the best-performance models were not
based on external validation, which limits their applica-
bility. Imbalance in the model type is another limitation,
as ML models are more prominent, while DL models,
which have the potential for cutting-edge performance,
remain limited. However, we performed the subgroup
analysis to overcome this limitation. Heterogeneity access
to the models is another limitation of our study that may
limit the generalizability of findings. Another limitation
of our study is the predominance of ML models over DL
models, which may limit the generalizability due to the
requirement of larger datasets and a greater ability to
capture more sophisticated patterns, which may result

in enhanced function in real-world practice. This pre-
dominance of ML models can result in the application of
simpler and more interpretable tools that may lead to the
inability to fully use these Al models’ potential. The lack
of external validation in some of the models is another
limitation of the study, which is associated with the like-
lihood of overfitting that can lead to mitigation of these
models’ reliability and clinical application. Further mod-
els with larger sample sizes and external validation are
needed to verify our outcomes and their generalizability.

Conclusion

Early and accurate prediction of EGER status is crucial in
NSCLC patients with brain metastasis as it helps physi-
cians in the decision-making process. ML-based models
demonstrated promising predictive outcomes in predict-
ing EGER status; however, clinical validation is required
to verify the application of ML tools in daily clinical prac-
tice. The application of ML-based models in daily clinical
practice can optimize treatment strategies and enhance
clinical and radiological outcomes. Further models with
larger sample sizes and external validation are needed to
verify our outcomes and their generalizability.
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ML Machine Learning

DL Deep Learning
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