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Abstract

Purpose: Optimal treatment for synchronous brain metastases at lung cancer diagnosis depends on
subtype, but histologic/molecular profiling is often delayed. We developed machine-learning models
using clinical and imaging data to classify lung cancer into three subtypes with distinct brain metastasis
treatment implications: small cell lung cancer (SCLC), EGFR-mutated non-small cell lung cancer
(NSCLC), and EGFR-wild-type NSCLC.

Methods: We retrospectively identified patients with metastatic lung cancer diagnosed from 2016-2025
at a single institution. Patients without brain metastases at diagnosis formed the training cohort; those
with synchronous brain metastases formed the validation cohort. Clinical variables and thoracic imaging
features from diagnostic chest CT reports were used to train LASSO logistic regression and random
forest models, evaluated via AUC and standard diagnostic metrics. Feature contributions were assessed
using logistic regression coefficients and random forest permutation importance.

Results: Of 305 patients, 182 were used for training and 123 for validation. Logistic regression achieved
AUCs of 0.900, 0.797, and 0.799 for EGFR-mutated NSCLC, SCLC, and EGFR-wild-type NSCLC,
respectively; random forest achieved 0.914, 0.766, and 0.808. Adding imaging features to clinical
variables improved prediction for EGFR-mutated NSCLC and SCLC. Contributory imaging features
included fibrosis, emphysema, mediastinal lymphadenopathy, pleural attachment, and vessel
encasement, among others. Three-way prediction showed highest positive predictive value for EGFR-
mutated NSCLC and high negative predictive value for SCLC.

Conclusion: Combined clinical and chest imaging features can help predict lung cancer subtype,
supporting early multidisciplinary discussions for patients with synchronous brain metastases.

Introduction

Brain metastases represent a pressing oncologic development, requiring urgent management to prevent
highly morbid and potentially irreversible sequelae. Decision making can be particularly challenging
when patients present with synchronous brain metastases at the time of a new lung cancer diagnosis, as
the optimal treatment strategy may depend on tumor histology and molecular subtype. For example,
except in true emergencies, patients with small cell lung cancer (SCLC) may derive limited benefit from
surgical resection owing to SCLC'’s exquisite radiosensitivity.' 3 Conversely, patients with large tumors
from non-small cell lung cancer (NSCLC) may benefit from surgical resection prior to radiotherapy to
reduce mass effect and improve local control.*~® Meanwhile, select patients with subsets of NSCLC
harboring driver mutations may be able to defer upfront radiotherapy to trial a tyrosine kinase inhibitor
(TKI) with intracranial activity.” "9

Prompt identification of lung cancer subtype is critical to optimizing brain metastasis management.
However, time required to obtain biopsies, process pathological specimens, and assess for actionable

biomarkers can delay diagnosis by days to weeks.'" In this context, a predictive tool capable of
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estimating lung cancer subtype using readily available clinical and radiographic features could provide
meaningful guidance for early treatment planning and multidisciplinary discussion. In the present study,
we developed predictive models integrating clinical and thoracic computed tomography (CT) imaging
features to classify lung cancer subtype among three clinically relevant groups: SCLC, EGFR-mutated
NSCLC, and EGFR-wild-type NSCLC.

Methods

Study Cohort

The study was approved by the institutional review board. The records of patients diagnosed with
metastatic lung cancer between 2016-2025 were retrospectively obtained from a single institutional
database. Those with initially localized disease or who received prior cancer treatment were

excluded. Eligible patients were required to have available radiology reports of the initial diagnostic chest
CT with or without contrast and brain MRI with and without contrast performed within two months of
diagnosis, as well as documented histologic and molecular classification of lung cancer subtype.
Patients were categorized into three groups according to final histologic and molecular diagnoses: small
cell lung cancer (SCLC), EGFR-mutated non-small cell lung cancer (EGFR+), and EGFR-wild-type non-
small cell lung cancer (EGFR-). Of all possible driver mutations, only EGFR was selected for independent
categorization because (1) with exception of KRAS, it is significantly more prevalent than other driver
mutations and (2) unlike KRAS, multiple CNS penetrating targeted therapies are approved for EGFR+

patients.’%13

Data Partitioning

To maximize the availability of training data, the study was designed to include all patients with
synchronous presentation of metastatic lung cancer, not only those with brain metastases. To maintain
the relevance of the findings to the synchronous brain metastasis population, the dataset was
partitioned into two cohorts for the primary analysis. The first cohort included patients without brain
metastases at diagnosis, while the second cohort included patients with brain metastases at diagnosis.
The first cohort was used to train the model while the second cohort was used for testing. A sensitivity
analysis was also run to assess whether presence vs. absence of brain metastasis patients in the
training cohort had an impact on model performance.

Clinical and Imaging Feature Selection

Variables that may help distinguish lung cancer subtypes were extracted from the electronic medical
record. These included baseline clinical information and radiographic features reported in literature to be
associated with SCLC or EGFR+. 114722 Clinical variables included sex, age at diagnosis, race, smoking
history, pack-years, and prior history of lung disease such as emphysema, chronic obstructive pulmonary
disease or interstitial lung disease. Thoracic imaging features were obtained from the initial diagnostic
chest CT reports. To standardize interpretation and minimize bias, an institutional, firewalled large
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language model (Anthropic Claude Sonnet 4.6) blinded to patient identifiers and tumor subtype was
used to determine the presence or absence of the following predefined imaging features: location
(central vs peripheral), pleural attachment, cavitation, lymphangitic spread, endobronchial component,
fibrosis, miliary pattern, emphysema, T3 or T4 classification, multifocality, mediastinal lymphadenopathy,
bulky nodal involvement, vessel encasement, superior vena cava (SVC) involvement, and osseous
metastases. A standardized prompt was engineered to extract imaging features and is shown in
supplemental document 1.

Model Development and validation

Two machine learning approaches were evaluated to predict tumor subtype. The first approach used
logistic regression with least absolute shrinkage and selection operator (LASSO) regularization, which
allows for feature selection and reduces overfitting by penalizing less informative variables. The second
approach employed a random forest classifier, an ensemble learning method that constructs multiple
decision trees and aggregates predictions to improve classification performance. To determine the
incremental predictive value of incorporating imaging features, the models were developed and tested
using two different feature sets. The first included clinical variables alone, while the second incorporated
both clinical and imaging features.

A one-versus-rest classification strategy was used to evaluate model performance for each lung cancer
subtype. Model performance was assessed using the area under the receiver operating characteristic
curve (AUC) as the primary metric of discrimination. For each one-versus-rest subtype comparison,
predictors with nonzero LASSO coefficients were entered into an unpenalized multivariable logistic
regression model to estimate adjusted odds ratios and 95% confidence intervals. Random forest feature
importance was assessed using out-of-bag permuted predictor delta error, defined as the increase in
out-of-bag prediction error after randomly permuting each predictor, with larger values indicating greater
contribution to model performance. DelLong'’s test was used to compare performances between
models.

Positive predictive value (PPV) and negative predictive value (NPV) were calculated to evaluate clinical
utility. Because AUC analyses were performed using one-versus-rest subtype comparisons, an additional
3-way prediction analysis was performed for interpretability. For this analysis, each patient in the testing
cohort was assigned to the subtype with the highest predicted probability among EGFR+, SCLC, and
EGFR-, and 3-way confusion matrices were generated for the LASSO logistic regression and random
forest models.

Machine learning models were developed and evaluated using MATLAB R2025b (The MathWorks Inc.,
Natick, MA, USA) with the Statistics and Machine Learning Toolbox, utilizing the Classification Learner
framework for model training, cross-validation, and performance evaluation. Additional statistical
analyses were performed using R version 4.5.2 (R Foundation for Statistical Computing, Vienna, Austria).
A simplified study design is shown in figure 1.
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Data Partitioning Sensitivity Analyses

Following the completion of the primary analysis, additional sensitivity analyses were performed to
determine the appropriateness of the primary data partitioning approach. To assess whether model
training on patients without brain metastases substantially affected performance when applied to
patients with brain metastases, we performed a supplemental size-matched sensitivity analysis. Sixty
patients with brain metastases were randomly selected and held out as a common testing cohort.
Models were then trained using either 60 additional patients with brain metastases or 60 randomly
selected patients without brain metastases. Testing AUCs for EGFR+, SCLC, and EGFR- classification
were compared between the two training strategies using paired DeLong tests.

Results

A total of 324 patients with metastatic lung cancer at initial presentation were identified from 2016 to
2025. After exclusion of 19 patients without available chest CT or brain MRI reports, 305 patients were
included in the final analysis. Patients without brain metastases at diagnosis were used for model
training and included 182 patients, consisting of 57 patients with SCLC, 66 with EGFR+, and 59 with
EGFR-. Patients with brain metastases at diagnosis were used as the testing cohort and included 123
patients, consisting of 19 patients with SCLC, 53 with EGFR+, and 51 with EGFR-.

Baseline characteristics of the training and testing cohorts are shown in Table 1. The two cohorts were
generally well balanced across most clinical variables. The training and testing cohorts had similar sex
distribution, with women comprising 46% and 44% of patients, respectively. The mean age was 65.6
years in the training cohort and 63.1 years in the testing cohort. Smoking history was present in 64% of
the training cohort and 58% of the testing cohort, and mean pack-year history was 22.5 and 18.6,
respectively. Prior lung disease was more common in the training cohort than the testing cohort,
occurring in 51% versus 39% of patients. Most imaging features were also similar between cohorts.
Cavitation was more common in the testing cohort than the training cohort, occurring in 17% versus 7%
of patients, while fibrosis was less common in the testing cohort, occurring in 15% versus 25%.

In the primary analysis, LASSO logistic regression and random forest models were trained using the
cohort without brain metastases and tested in the independent cohort with brain metastases. Models
were evaluated using both clinical variables alone and combined clinical plus imaging variables. Across
both modeling approaches, incorporation of imaging features generally improved discrimination
compared with clinical variables alone, as shown in Figure 2. For the LASSO logistic regression model,
the combined clinical and imaging model achieved testing AUCs of 0.900 for EGFR+, 0.797 for SCLC, and
0.799 for EGFR-. In comparison, the clinical-only LASSO model achieved testing AUCs of 0.863 for
EGFR+, 0.684 for SCLC, and 0.761 for EGFR-. The largest relative improvement with addition of imaging
features was seen for SCLC classification, where AUC improved from 0.684 to 0.797 (DeLong's test,
p=0.022). The EGFR+ model showed strong discrimination with clinical variables alone, but performance
further improved with addition of imaging features (DeLong'’s test, p=0.018). For the EGFR- group, the
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difference in AUC did not reach statistical significance (DeLong's test, p=0.132). For the random forest
model, the combined clinical and imaging model achieved testing AUCs of 0.914 for EGFR+, 0.766 for
SCLC, and 0.808 for EGFR-. The clinical-only random forest model achieved testing AUCs of 0.888 for
EGFR+, 0.690 for SCLC, and 0.783 for EGFR-. Similar to the LASSO model, the addition of imaging
features provided the greatest gain for SCLC classification, and the DeLong's test showed statistical
improvement for EGFR+ (p=0.031) and SCLC (p=0.008) but not EGFR- (p=0.199). Overall, the random
forest and LASSO models demonstrated similar performance (DeLongs test, EGFR+ p=0.372; SCLC
p=0.563; EGFR- p=0.615), while the highest discrimination was observed for the EGFR+ subtype.

To assess overall prediction performance in the testing cohort, 3-way confusion matrices were
generated by assigning each patient to the subtype with the highest predicted one-vs-rest probability
among EGFR+, SCLC, and EGFR- disease, as shown in Figure 3. Using combined clinical and imaging
features, the LASSO model demonstrated PPVs of 82.7%, 26.9%, and 64.4% for EGFR+, SCLC, and
EGFR-, respectively, with corresponding NPVs of 85.9%, 87.6%, and 71.8%. The random forest model
demonstrated PPVs of 83.3%, 29.6%, and 69.0% for EGFR+, SCLC, and EGFR-, respectively, with
corresponding NPVs of 88.4%, 88.5%, and 72.8%. Overall, both models showed the strongest PPV for
EGFR+ classification, while SCLC classification had lower PPV but preserved relatively high NPV in the 3-
way prediction framework. Of the six patients who were incorrectly classified as EGFR+, three harbored
other driver mutations associated with non-smoking related lung cancer (Supplementary Table 1).

In the sensitivity analysis, model performance was not statistically different when training was
performed using size-matched cohorts of patients with brain metastasis versus patients without
(Supplemental Table 2), suggesting that training cohort composition did not affect performance on the
test set for either the LASSO logistic regression or Random Forest model.

To determine which features contributed to subtype classification, LASSO-selected predictors were refit
in multivariable logistic regression models to estimate odds ratios and 95% confidence intervals,
demonstrated in figure 4. For EGFR+, Asian race, pleural attachment, and miliary pattern were associated
with higher odds of EGFR-mutated disease, while smoking history, greater pack-year history, and fibrosis
were associated with lower odds, though only Asian race, smoking history, and fibrosis remained
statistically significant on multivariable analysis. For SCLC, LASSO-selected predictors included smoking
history, pack-year history, emphysema, SVC involvement, and pleural attachment. Greater pack-year
history and SVC involvement were associated with higher odds of SCLC, while pleural attachment was
associated with lower odds on multivariable analysis. Finally, smoking history, cavitation, and pleural
attachment were associated with higher odds of EGFR-. In contrast, older age, lymphangitic spread, and
SVC involvement were associated with lower odds.

In figure 5, random forest feature importance was evaluated using out-of-bag permuted predictor delta
error, which estimates how much model error increases when each predictor is randomly shuffled and
provides a measure of which variables contributed most to model performance. Importantly, it does not
indicate whether a feature increased or decreased the likelihood of a given subtype. For EGFR+, the most
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important predictors were pack-years, smoking history, prior lung disease, Asian race, and emphysema.
Additional contributors included fibrosis, White race, sex, pleural attachment, and miliary pattern. For
SCLC, the most important random forest predictors were pack-years, pleural attachment, SVC
involvement, smoking history, and prior lung disease. Emphysema, White race, vessel encasement,
cavitation, and mediastinal lymphadenopathy also contributed to model performance to a lesser extent.
For EGFR-, the highest-ranking random forest predictors were pack-years, smoking history, cavitation,
pleural attachment, and SVC involvement. Other important predictors included White race, lymphangitic
spread, vessel encasement, prior lung disease, and Asian race.

Discussion

Contemporary management of brain metastases for patients with advanced lung cancer depends
significantly on histological and molecular tumor features. For patients who present with synchronous
brain metastatic disease, comprehensive classification introduces delays that may compromise
outcomes or lead to non-optimal treatment strategies. Methods of predicting tumor subtype with
immediately available information may help guide decision making in this critical period.

In this study, we developed and tested predictive models dependent only upon clinical information and
reported findings from chest CT imaging, data that is readily obtainable for hospitalized patients in this
clinical scenario. The goal of the models was to distinguish amongst EGFR-mutated NSCLC, SCLC, and
EGFR-wild-type NSCLC in patients presenting with new lung cancer diagnoses and synchronous brain
metastases. Both LASSO logistic regression and random forest models were tested, and both models
were trained using either clinical data alone, or clinical data supplemented with CT imaging data. To
maximize available data for training and testing, patients with synchronous metastatic disease but
without brain metastases were used for training, while patients with brain metastases were reserved for
testing. The validity of this data partitioning decision was assessed with a sensitivity analysis.

Both logistic regression and random forest models demonstrated good discriminatory performance,
particularly for identifying EGFR-mutated disease, with neither modeling approach demonstrating
superiority. Clinical variables alone were sufficient to maximize discriminatory power for the EGFR-
cohort, while the addition of CT imaging features improved discrimination of EGFR+ and SCLC. The 3-
way prediction analysis further supports the potential clinical utility of these models. Both LASSO
logistic regression and random forest models demonstrated the highest PPV for EGFR-mutated NSCLC,
with PPVs exceeding 80% and NPVs approaching 90%, suggesting that patients predicted to have EGFR-
mutated NSCLC may represent a particularly informative group for early multidisciplinary discussion. In
contrast, SCLC classification was associated with lower PPV but relatively preserved NPV, indicating that
the models may be more useful for ruling out SCLC rather than for definitively assigning small cell
histology. The specific feature analyses provide additional context for these performance patterns.
Features such as pleural attachment and miliary pulmonary metastases were associated with EGFR-
mutated NSCLC, consistent with previously described imaging phenotypes of this molecular
subtype.'®20-21 Similarly, features such as superior vena cava involvement and central thoracic disease
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distribution were associated with small cell histology.’?? These findings highlight the potential value of
thoracic imaging features as biomarkers of tumor histology, and taken together, suggest that readily
available chest CT features provide complementary information beyond clinical variables alone and may
improve early subtype estimation.

Several limitations and strengths of the study should be acknowledged. First, this single institutional
retrospective study is subject to selection bias based on the geographic location, which may have a
higher relative incidence of EGFR+ lung cancer compared with other regions of the United States and
globe. This may inflate the positive predictive value of the model compared with regions with lower
relative incidence of EGFR+ lung cancer and high incidence of smoking related lung cancer. In addition,
imaging features were derived from clinical radiology reports. While this may increase the feasibility of
implementing this approach in the clinical setting, it also means that the reports were not structured in a
standardized way, potentially introducing noise into the model via mis-identification of presence or
absence of features. However, the effect of this noise is unlikely to bias the predictions in a systematic
way and would more likely lead to underestimation than overestimation of model performance. Future
work will include investigation of effects of standardization of image interpretation as well as of more
quantitative but less intuitive approaches such as radiomics analysis. Finally, patients were stratified into
cohorts based on the presence or absence of brain metastases at presentation. This approach may
introduce confounders, as patients presenting with brain metastases may represent a population with
more aggressive tumor biology and more advanced systemic disease, which could influence the thoracic
imaging characteristics observed. To address this limitation, we performed a supplemental size-
matched sensitivity analysis which showed no significant difference in performance w the different
training cohorts. However, this analysis was limited by small sample size and class imbalance,
especially for SCLC, and therefore should be cautiously interpreted as a supportive evidence that cohort
partitioning did not influence model performance.

Conclusion

Predictive models integrating clinical and chest CT imaging features can discriminate among EGFR-
mutated NSCLC, small cell lung cancer, and EGFR-wild-type NSCLC with good accuracy. Model
performance remained robust when applied to patients presenting with synchronous brain metastases, a
clinical scenario in which early subtype estimation may influence treatment decisions.

These findings suggest that clinical and radiographic information available at initial presentation may
help guide early multidisciplinary discussions regarding intracranial management in metastatic lung
cancer. Further validation and prospective implementation studies are warranted to determine whether
such predictive tools can meaningfully improve clinical decision-making and patient outcomes.
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Table 1

Baseline clinical and imaging characteristics of the training and testing cohorts.

Variable

Lung Cancer Subtype

SCLC

EGFR+

EGFR-

Clinical

Sex

Female (%)
Male (%)

Age,y

Mean (SD)
Median (Range)
Race

White (%)

Asian (%)

Other (%)
Smoking history
Yes (%)

No (%)
Pack-years
Mean (SD)
Prior lung disease
Yes (%)

No (%)

Imaging
Location

Central (%)

Training (n=182)

57
66
59

83 (46)

99 (54)

65.6 (9.3)
66 (42-99)

82 (45)
72 (40)

28 (15)

117 (64)
65 (36)

22.5 (25)

93 (51)

89 (49)

78 (43)
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Testing (n = 123)

19
53
o1

54 (44)

69 (56)

63.1 (11.1)
64 (18-90)

40 (33)
65 (53)

18 (15)

71 (58)
52 (42)

18.6 (22)

48 (39)

75 (61)

44 (36)

p-value

0.769

0.089

0.055

0.248

0.201

0.038

0.456




Variable

Peripheral (%)
Unspecified (%)
Pleural attachment
Yes (%)

No (%)

Cavitation

Yes (%)

No (%)
Lymphangitic spread
Yes (%)

No (%)
Endobronchial component
Yes (%)

No (%)

Fibrosis

Yes (%)

No (%)

Miliary

Yes (%)

No (%)
Emphysema

Yes (%)

No (%)

T3orT4

Yes (%)

No (%)

Multifocal

Yes (%)

Training (n=182)

42 (23)
62 (34)

75 (41)
107 (59)

12 (7)
170 (93)

47 (26)
135 (74)

31 (17)
151 (83)

45 (25)
137 (75)

9 (5)
173 (95)

54 (30)
128 (70)

128 (70)
54 (30)

120 (66)

Page 14/21

Testing (n = 123)

33 (27)
46 (37)

53 (43)
70 (57)

21(17)
102 (83)

27 (22)
96 (78)

30 (24)
93 (76)

18 (15)
105 (85)

11 (9)
112 (91)

28 (23)
95 (77)

81 (66)
42 (34)

74 (60)

p-value

0.744

0.004

0.439

0.115

0.033

0.166

0.182

0.468

0.304




Variable Training (n=182) Testing (n=123) p-value
No (%) 62 (34) 49 (40)
Mediastinal lymphadenopathy 0.809
Yes (%) 112 (61) 74 (60)
No (%) 70 (39) 49 (40)
Bulky nodal involvement 0.432
Yes (%) 63 (35) 48 (39)
No (%) 119 (65) 75(61)
Vessel encasement 0.743
Yes (%) 40 (22) 29 (24)
No (%) 142 (78) 94 (76)
superior vena cava involvement 0.533
Yes (%) 12 (7) 6 (5)
No (%) 170 (93) 117 (95)
Osseous Metastases 0.321
Yes (%) 44 (24) 36 (29)
No (%) 138 (76) 87 (71)

Figures
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324 patients with metastatic
lung cancer at mitial
presentation 2016-2025

Excluded 19 with unavailable
CT chest or MRI brain reports

182 patients without brain
metastases
e 57SCLC
¢ 066 EGFR+
¢ 59EGFR-

123 patuents with bramn

metastases
e 19SCLC
e 53 EGEFR+
¢ 51 EGFR-

Tramming cohort
6 clinical features
15 imaging features

L ]

Testing cohort
6 chinical features
15 imaging features

Machine learning model

development

e L[ASSO logistic
regression

¢ Random Forest

e Clinical vs clinical
& 1maging
predictors

Model performance
AsSsessment

Figure 1

Patient selection and study design.
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i ROC Curves - LASSO Logistic Regression Model, Testing Cohort
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. ROC Curves - Random Forest Model, Testing Cohort
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Figure 2

Testing cohort receiver operating characteristic curves for (a) LASSO logistic regression and (b) random
forest models. Dashed curves represent model performances utilizing clinical variables only, and the
corresponding solid curves illustrate the improvement in lung cancer subtype predictability when
imaging features are incorporated.
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LASSO Logitic Regressicn Madel 3wy Prediction, Clinical + Imagang Predictars

LGFR=

20.C 3 T ]

True Class

EGFR L] LS
EGFR+ SCLL EGFR-
Procficted Claia

Random Foreal Madel 3-way Pradictien, Chalesl + Imaging Prédicton

EGERs

BELE 3 3 &

True Class

EGFR= SCLC EGFR-
PrinScied Class

EGFR+1E EGFE+RF SCLCLR SCLCEF EGFE-LE  EGFR-EF

PPV 82.7% 83.3% 26.9% 20.6% 64.4% 69.0%

NPV §5.0% 88.4% 87.6% 88.5% 71.8% 72.8%

Sensitivity | 81.1% 84.0% 36.8% 42.1% 56.0% 56.0%

Specificity | 87.1% 87.1% 81.7% 81.7% 77.8% £1.0%
Figure 3

Three-way prediction confusion matrices for the testing cohort using combined clinical and imaging
features. Confusion matrices are shown for (a) LASSO logistic regression and (b) random forest models,
with (c) corresponding performance metric values shown for each subtype.
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Multivariable Logistic Regression: EGFR+ vs Rest
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Figure 4

Forest plot showing odds ratios of multivariable logistic regression for clinical and imaging predictors of
lung cancer subtype (a) EGFR+, (b) SCLC, and (c)EGFR-. Included variables are selected by LASSO
penalization.
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Random Foresl Feature Importance: EGFR® vi Rest
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Figure 5

Top 10 important features of random forest model (a) EGFR+, (b) SCLC, and (c)EGFR-. Feature
importance was calculated using out-of-bag permuted predictor delta error, where higher values indicate
variables that contributed more strongly to model classification performance. Bars represent the relative
importance of each clinical or imaging feature in the subtype-specific random forest models.
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