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Background: Spread through air spaces (STAS) is associated with adverse out-
comes in non-small cell lung cancer (NSCLC). We investigated the association between
the combined set of available clinicopathological characteristics and STAS status and
assessed the ability of a multivariable model to discriminate STAS-positive from
STAS-negative cases under internal validation.

Methods: The single-center retrospective cohort comprised 230 patients with
NSCLC who underwent surgical treatment between 2022 and 2025: 81 with STAS
and 149 without STAS. An AutoGluon TabularPredictor model was trained using
19 clinicopathological predictors. Internal evaluation used five repetitions of 5-fold
outer cross-validation (25 outer test folds); within each outer training set, 4-fold cross-
validation was used to select the resampling strategy. Labels from the outer test folds
were not used for configuration selection. ROC-AUC and average precision (AP) were
calculated from mean patient-level out-of-fold (OOF) probabilities, whereas F1 and
other threshold-dependent metrics were calculated using majority voting at a prespec-
ified threshold of 0.5. Ninety-five percent confidence intervals were estimated using
1,000 nonparametric patient-level bootstrap samples from the aggregated 230-patient
OOF table.

Results: For the 19-feature model, ROC-AUC was 0.685 (95% CI 0.611–0.751),
AP was 0.523 (95% CI 0.422–0.641), F1 was 0.548 (95% CI 0.435–0.621), and the
Brier score was 0.211. At the 0.5 threshold, sensitivity was 0.531, specificity 0.779,
PPV 0.566, and NPV 0.753 (TP = 43, FN = 38, FP = 33, TN = 116); 38 of 81
STAS-positive cases were classified as negative. After Holm correction, none of the
six paired comparisons between the full and reduced feature configurations reached
statistical significance.

Conclusions: The available clinicopathological data contain a moderate inter-
nal discriminatory signal for STAS; however, a substantial proportion of predictors
become available only after resection, and probability calibration shows noticeable
deviations from ideal calibration. The resulting configuration should therefore be con-
sidered an exploratory model of association with STAS rather than a preoperative
clinical tool. Further studies should assess the incremental value of truly preoperative
clinical, imaging, and molecular features, followed by independent external validation.
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1 Introduction

Selection of the extent of surgical resection in non-small cell lung cancer requires ac-
curate assessment of factors associated with recurrence risk. One such factor is spread
through air spaces (STAS), an invasion pattern in which tumor cells are identified
within alveolar spaces beyond the edge of the main tumor. The association of STAS
with recurrence and adverse outcomes has been demonstrated in lung adenocarcinoma
[1–6] and squamous cell carcinoma [7–9].

A key clinical problem is that the final assessment of STAS is usually made on
resection specimens, after the decision regarding the extent of surgery has already
been made. The inclusion of STAS in the 2015 World Health Organization classifi-
cation as an additional histologic descriptor of lung adenocarcinoma [10] emphasized
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its relevance to contemporary thoracic pathology. However, recognition of this pat-
tern requires expert morphologic assessment and remains vulnerable to interobserver
variability even among thoracic pathologists [11]. This diagnostic gap provides a ra-
tionale for cautious investigation of features associated with STAS and of its potential
preoperative assessment.

Previous studies have evaluated computed tomography features [12] and radiomic
characteristics [13] as potential sources of information about STAS. Imaging data were
not used in the present study; the analysis was limited to available clinical, morpho-
logic, and molecular characteristics. The aim was to assess the association of their
combined information with STAS status and the ability of the resulting multivari-
able model to discriminate STAS-positive from STAS-negative cases under internal
validation.

Automated machine-learning methods, including AutoGluon TabularPredictor
[14], enable the analysis of structured clinical data while maintaining separa-
tion between model tuning and independent internal evaluation. Using AutoGluon
TabularPredictor, we assessed the discriminative performance of a 19-feature clini-
copathological configuration and the uncertainty of the resulting estimates, and we
examined the stability of permutation importance for individual features across re-
peated internal validation. Comparisons with 15- and 10-feature configurations were
secondary exploratory analyses.

The findings may serve as a clinicopathological reference for subsequent multi-
modal studies of STAS. A promising direction is to assess the incremental information
provided by imaging and molecular features, including mass-spectrometric profiles,
beyond the baseline clinicopathological configuration.

2 Methods

2.1 Study design and cohort

We conducted a single-center retrospective study of patients who underwent surgi-
cal treatment for non-small cell lung cancer at the Cancer Research Institute, Tomsk
National Research Medical Center, Russian Academy of Sciences (Tomsk, Russia),
between 2022 and 2025. The analytical cohort included 230 patients with morpholog-
ically verified adenocarcinoma (n = 137) or squamous cell carcinoma (n = 93) and
a defined STAS status. In the cohort, 192 patients underwent lobectomy, 20 under-
went atypical resection, and 18 underwent pneumonectomy; no recorded neoadjuvant
therapy was present in any patient. The outcome was the presence of STAS in the
resection specimen. No external validation was performed; all reported performance
estimates refer to internal validation within this single cohort.

Of the 19 analyzed variables, only age was documented as unequivocally preoper-
ative; 11 features were postoperative pathologic characteristics, while the acquisition
timing of seven variables could not be unambiguously reconstructed. Accordingly,
the analysis was designed to investigate the association of clinicopathological charac-
teristics with STAS status and should not be interpreted as a preoperative clinical
prediction tool.
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2.2 Outcome and predictors

STAS was determined by morphologic examination of resection specimens in accor-
dance with the 2015 World Health Organization classification [10], as the presence
of tumor cells or tumor cell clusters within alveolar spaces beyond the edge of the
main tumor. Histologic slides were reviewed by four pathologists. When assessments
differed, the final STAS status was established by consensus. The analytical co-
hort comprised 230 observations: 81 STAS-positive (35.2%) and 149 STAS-negative
(64.8%).

The primary configuration included 19 clinicopathological predictors. In the source
table, features were represented by numeric values or numeric codes; by data type,
however, the set comprised continuous, binary, and ordinal/categorical variables. Cat-
egorical and ordinally coded variables were processed separately from continuous
variables: missing values in categorical variables were imputed with the most frequent
value, whereas missing values in continuous variables were imputed using K-nearest
neighbors. Imputation parameters were fitted using only the training portion of each
split and subsequently applied to the corresponding test portion. When SMOTENC
was used, categorical variables were passed to the algorithm as discrete features. The
acquisition timing of each variable is documented in Table 1. The overall proportion
of missing values in the feature matrix was 25.5%. The origin of the reduced feature
sets could not be confirmed as fold-local within a unified feature-selection procedure,
and the exact composition of local reduced feature sets could not be reconstructed
from the retained artifacts.

2.3 Training and evaluation scheme

Training and internal evaluation were performed using repeated nested cross-
validation. The outer level consisted of 5-fold cross-validation repeated five times with
different fixed random seeds, yielding 25 outer test folds in total. Within each outer
cycle, 4-fold inner cross-validation was performed on the corresponding training por-
tion to select the class-imbalance correction strategy. An AutoGluon TabularPredictor
pipeline [14] was used for each outer fold. The class-imbalance correction strategy
was selected exclusively from the inner training data, with a fixed seed, among Ran-
domOverSampler, ADASYN [15], Borderline-SMOTE, SMOTENC [16, 17], and no
resampling. Resampling was applied only to training subsets. The outer test fold
was never resampled, and its labels were not used to select the resampling strat-
egy, features, or threshold. The threshold of 0.5 was prespecified and used only for
threshold-dependent summaries.

2.4 Out-of-fold aggregation and statistical analysis

For each repetition of the outer cross-validation, out-of-fold (OOF) predictions were
obtained, after which repeated predictions from the five outer repetitions were ag-
gregated at the patient level. Each participant could receive up to five predictions.
ROC-AUC and AP were calculated using the mean patient-level probability; F1, sensi-
tivity, specificity, PPV, NPV, and the confusion matrix were calculated using majority
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voting at the fixed threshold of 0.5. Ninety-five percent confidence intervals for ag-
gregated metrics were estimated using a nonparametric patient-level bootstrap (1,000
repetitions) applied to the aggregated OOF table (n = 230). The resampling unit
was the patient. Bootstrapping was performed after aggregation of repeated OOF
predictions and therefore quantifies uncertainty in the aggregated metrics but does
not capture the full variability associated with repeated model training. Calibration
of the aggregated OOF probabilities for the primary 19-feature configuration was
additionally assessed using a calibration curve and the Brier score.

The primary null hypothesis was that ROC-AUC equaled 0.5. This was tested
with a two-sided patient-level permutation test using fixed aggregated probabilities
and 10,000 permutations. AP was tested as a secondary metric against the observed
positive-class prevalence of 0.352 (81/230); this analysis was post hoc.

Six paired comparisons were performed: 19 versus 15 features and 19 versus 10
features for ROC-AUC, AP, and F1. Each comparison used 10,000 valid paired boot-
strap repetitions (no rejected repetitions) and a two-sided paired randomization test
with 10,000 randomizations. Holm correction was applied across the six hypothe-
ses. The aggregation rule for repeated predictions was not preserved in the historical
artifacts; the present analysis therefore uses the explicitly stated aggregation rule.
Point estimates from the 25 outer folds are dependent descriptive quantities because
participants contribute to multiple outer folds. Reporting followed the TRIPOD+AI
recommendations [18].

3 Results

The primary measure of internal discrimination was ROC-AUC; results of secondary
comparisons with the reduced feature sets are reported below.

3.1 Cohort, internal discrimination, and threshold-dependent

performance

Cohort and demographic characteristics are presented in Table 2.
Age, sex, vascular invasion, tumor location, and histologic type were available for

N = 230. Tumor size, neural invasion, and pleural invasion were available for n = 142;
the distribution of available observations by STAS status is given in the caption to
Table 2.

For the primary 19-feature configuration, ROC-AUC was 0.685 (95% CI 0.611–
0.751), indicating moderate ability to discriminate STAS-positive from STAS-negative
cases under internal validation. AP was 0.523 (95% CI 0.422–0.641). The Brier score
for the primary configuration was 0.211. The calibration curve deviated from the
line of ideal calibration, with the most pronounced deviations in some ranges of high
predicted probabilities; therefore, the resulting probabilities should be interpreted
as exploratory estimates rather than clinically calibrated individual probabilities of
STAS (Supplementary Fig. S6). At the threshold of 0.5, the confusion matrix con-
tained TP = 43, FN = 38, FP = 33, and TN = 116; sensitivity was 0.531, specificity
0.779, PPV 0.566, and NPV 0.753. These threshold-dependent measures describe the
error profile at the prespecified threshold, whereas ROC-AUC remains the primary
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threshold-independent result. Performance estimates for all three configurations are
shown in Table 3.

ROC and precision–recall curves for the three feature-set sizes are shown in
Supplementary Fig. S1.

Threshold-dependent summaries for the three configurations at the fixed threshold
of 0.5 are provided in Supplementary Table S1. The confusion matrix for the 19-feature
configuration is shown in Supplementary Fig. S2; its key feature is the presence of 38
false-negative predictions among 81 STAS-positive cases.

3.2 Permutation tests and paired comparisons of feature sets

The primary permutation test yielded a ROC-AUC of 0.685061 versus a null value of
0.5 (difference 0.185061; two-sided p = 0.0001; 10,000 permutations; seed 20260811).
The secondary AP test yielded an AP of 0.522875 versus 0.352174 (difference 0.170701;
p = 0.0002; 10,000 permutations; seed 20260812) (Supplementary Fig. S3).

The 19-feature configuration yielded slightly higher point estimates; however, af-
ter Holm correction, none of the paired comparisons reached statistical significance,
and all confidence intervals included zero. Thus, the data did not demonstrate a con-
vincing advantage of one configuration over another, but neither do they establish
interchangeability (Supplementary Table S2).

3.3 Outer-fold variability and permutation importance of

features

Supplementary Fig. S4 shows point estimates of ROC-AUC and AP for the 25 outer
folds. These values are dependent descriptive quantities (see Methods); statistical
inference is based on the aggregated patient-level OOF estimates.

Permutation importance was used to describe which variables were most consis-
tently used by the models across outer folds. Tumor grade, pN, vascular invasion, solid
and micropapillary patterns, tumor size, and age occupied the most stable positions.
Supplementary Table S3 and Fig. 1 summarize stability across all 19 predictors, while
Supplementary Fig. S5 shows their ranking. Histologic type had a mean importance
of 0.034, a mean rank of 9.4, a positive-importance frequency of 1.00, and availability
in 25/25 folds; ROS1 was available in 24/25 folds, had a positive-importance fre-
quency of 0.417 and mean importance of 0.003, and did not enter the top 10. These
results represent post hoc attribution for the fitted models and do not establish causal
relationships between predictors and STAS.

4 Discussion

4.1 Main findings

This study evaluated the internal discriminative performance of a 19-feature clinico-
pathological configuration using repeated nested cross-validation with a deterministic
prediction pipeline. ROC-AUC was 0.685 (95% CI 0.611–0.751), and AP was 0.523
(95% CI 0.422–0.641). The permutation test showed that ROC-AUC differed from the
null value of 0.5, with a difference of 0.185061 (p = 0.0001).
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Figure 1 Mean permutation importance of the 15 features with the highest mean importance across
25 outer test folds. Horizontal error bars reflect variability of estimates across folds; numerical values
for mean importance, mean rank, and the frequency of positive importance are provided in Supple-
mentary Table S3.

Taken together, the results indicate a statistically detectable but moderate discrim-
inatory signal contained in the combined set of evaluated clinicopathological features.
The 19-feature configuration produced the highest point estimates among the three
variants; however, after Holm correction, paired comparisons did not confirm a statis-
tically significant advantage. These findings are best regarded as a basis for refining
research hypotheses rather than as a ready-to-use clinical rule.

4.2 Clinical interpretation

At the fixed threshold of 0.5, the model failed to identify 38 of 81 STAS-positive cases.
Together with the fact that a substantial proportion of the analyzed features become
available only after surgical resection, this error profile precludes direct use of the
resulting configuration as a preoperative clinical tool.

At the same time, the study provides a reproducible research framework com-
prising a deterministic pipeline, fixed random seeds, an explicit rule for aggregation
of repeated predictions, and complete reporting of outer-fold results. These proper-
ties make the model suitable as a baseline for subsequent comparisons with extended
predictor sets and candidate biomarkers.
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4.3 Relationship to previous studies and future directions

STAS was recognized as an invasion pattern in the 2015 WHO classification [10]. Nu-
merous studies have associated STAS with adverse outcomes and clinicopathological
characteristics [1–3, 5–9], and a systematic review and meta-analysis confirmed its
adverse prognostic significance in NSCLC [4]. CT features and radiomic models have
also been investigated as potential sources of information for preoperative assessment
of STAS [12, 13]. The present analysis complements this line of research by evaluating
the association between routine clinicopathological characteristics and STAS status
before incorporating imaging and additional molecular data sources.

The resulting clinicopathological configuration may serve as a baseline for sub-
sequent multimodal studies. The next step should be to assess the incremental
information provided by preoperative imaging and candidate molecular features, in-
cluding mass-spectrometric profiles, in an independent cohort using a prespecified
analysis protocol.

4.4 Limitations

This was a single-center retrospective study with an overall missing-data rate of 25.5%
in the feature matrix; missing values were handled automatically within the pipeline.
The complete predictor contract includes postoperative variables and variables with
uncertain acquisition timing, and the model therefore cannot be regarded as a pre-
operative tool. Threshold-dependent metrics—F1, sensitivity, specificity, PPV, NPV,
and the confusion matrix—describe model performance at the fixed threshold of 0.5.
Test-fold labels were not used for threshold or feature selection; however, the rule
used to aggregate repeated predictions was not preserved in the historical artifacts
and is explicitly defined in the present analysis. Bootstrapping was performed on ag-
gregated OOF predictions and does not account for additional uncertainty associated
with complete retraining of the prediction pipeline. The Brier score and calibration
curve indicate that the aggregated probabilities should not be interpreted as clinically
calibrated individual risk estimates.

The AP test and comparisons of reduced feature sets were secondary post hoc
analyses; the origin of the reduced feature sets could not be confirmed as fold-local
in the retained artifacts. ADASYN operates in a numerical feature space and does
not directly account for the categorical nature of numerically encoded variables;
its use in some inner cycles should therefore be considered an additional method-
ological limitation. Permutation importance does not establish causal relationships.
Feature interactions, prognostic performance in subgroups, and clinical utility were
not evaluated.

5 Conclusions

The available clinical and morphologic characteristics contain a measurable but
moderate internal discriminatory signal for STAS. The 19-feature configuration dis-
criminated STAS-positive from STAS-negative cases better than chance; however, its
error profile, calibration, and predictor composition do not support translating this
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result into preoperative decision-making. The principal contribution of this study is a
quantitative assessment of the association between a combined set of clinicopatholog-
ical features and STAS status, together with a transparent methodological basis for
the next stage of investigation.

Further studies should assess the incremental value of truly preoperative clinical,
imaging, and molecular features, followed by independent external validation of the
complete analytical pipeline.
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Table 1 Predictor contract for the 19-feature configuration. Acquisition timing was
defined according to the audited availability manifest; “uncertain” indicates that the
available provenance did not allow the variable to be classified unequivocally as
preoperative. Missingness is reported among 230 observations.

Feature Description Acquisition timing Missing, n
(%)

pN Pathologic N stage Postoperative
pathology

0 (0.0)

Lymphatic
metastasis

Indicator of lymphatic
metastasis

Postoperative
pathology

0 (0.0)

Tumor size Tumor size, mm Uncertain 88 (38.3)
EGFR EGFR mutation status Uncertain 88 (38.3)
KRAS KRAS mutation status Uncertain 88 (38.3)
ALK ALK status Uncertain 88 (38.3)
ROS1 ROS1 status Uncertain 88 (38.3)
PD-L1 status PD-L1 status Uncertain 0 (0.0)
Age Age, years Preoperative 0 (0.0)
Number of lymph
nodes

Total number of lymph
nodes

Postoperative
pathology

88 (38.3)

Tumor grade Degree of tumor
differentiation

Postoperative
pathology

0 (0.0)

Solid pattern Presence of a solid pattern Postoperative
pathology

91 (39.6)

Trabecular pattern Presence of a trabecular
pattern

Postoperative
pathology

131 (57.0)

Micropapillary
pattern

Presence of a
micropapillary pattern

Postoperative
pathology

93 (40.4)

Lepidic pattern Presence of a lepidic
pattern

Postoperative
pathology

94 (40.9)

Vascular invasion Presence of vascular
invasion

Postoperative
pathology

0 (0.0)

Neural invasion Presence of neural invasion Postoperative
pathology

88 (38.3)

Pleural invasion Presence of pleural
invasion

Postoperative
pathology

88 (38.3)

Histologic type Adenocarcinoma or
squamous cell carcinoma

Uncertain 0 (0.0)
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Table 2 Study cohort and clinicopathological characteristics according to STAS status. Tumor size,
neural invasion, and pleural invasion were available for 142 observations (92 STAS-negative and 50
STAS-positive); percentages for these variables were calculated among available observations within
each group.

Characteristic Value/category All patients,
N = 230

STAS-negative,
n = 149

STAS-positive,
n = 81

Age, years Median [IQR] 63 [56–69] 63 [56–69] 63 [56–69]
Mean ± SD 62.1± 8.9 62.0± 9.0 62.3± 8.7

Tumor size, mm Median [IQR] 35 [20–45] 35 [20–45] 31 [19.3–45]
Mean ± SD 34.8± 19.4 35.2± 20.3 34.0± 17.9

Sex Male 158 (68.7%) 104 (69.8%) 54 (66.7%)
Female 72 (31.3%) 45 (30.2%) 27 (33.3%)

Vascular invasion Present 45 (19.6%) 18 (12.1%) 27 (33.3%)
Absent 185 (80.4%) 131 (87.9%) 54 (66.7%)

Neural invasion Present 8 (5.6%) 3 (3.3%) 5 (10.0%)
Absent 134 (94.4%) 89 (96.7%) 45 (90.0%)

Pleural invasion Present 14 (9.9%) 8 (8.7%) 6 (12.0%)
Absent 128 (90.1%) 84 (91.3%) 44 (88.0%)

Tumor location Central 115 (50.0%) 73 (49.0%) 42 (51.9%)
Peripheral 115 (50.0%) 76 (51.0%) 39 (48.1%)

Histologic type Adenocarcinoma 137 (59.6%) 82 (55.0%) 55 (67.9%)
Squamous cell
carcinoma

93 (40.4%) 67 (45.0%) 26 (32.1%)

Table 3 Internal discrimination for the 19-feature configuration and secondary
exploratory comparisons with the 15- and 10-feature configurations

Feature set ROC-AUC (95% CI) AP (95% CI) F1 (95% CI)

19 features 0.685 (0.611–0.751) 0.523 (0.422–0.641) 0.548 (0.435–0.621)
15 features 0.670 (0.594–0.737) 0.481 (0.383–0.597) 0.540 (0.354–0.557)
10 features 0.667 (0.593–0.734) 0.488 (0.389–0.599) 0.510 (0.380–0.575)
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