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Abstract

Background: Pulmonary sarcomatoid carcinoma (PSC) is difficult to distinguish from conventional non-
small cell lung cancer (c-NSCLC) before pathological diagnosis. We evaluated whether clinical-CT
semantic features, radiomics and deep-learning features can support this distinction.

Methods: After image quality control, 397 patients (83 PSC, 314 c-NSCLC) from three institutions were
analysed. Six models (clinical-only, radiomics-only, deep-only, clinical+radiomics, clinical+deep and full
fusion) were developed and evaluated with repeated nested cross-validation (five outer folds repeated
20 times, five inner folds), with preprocessing, feature selection, hyperparameter tuning, classifier
selection and threshold selection confined to training folds. Discrimination, calibration and operating-
point performance were estimated from patient-level out-of-fold predictions. The influence of CT
acquisition heterogeneity was examined in sensitivity analyses.

Results: The prespecified full fusion model achieved an AUROC of 0.890 (95% Cl 0.848-0.930) and an
AUPRC of 0.739 (0.643-0.823; PSC prevalence 0.209). At a training-derived high-sensitivity threshold,
sensitivity and specificity were 0.855 and 0.755. The clinical+radiomics model performed similarly
(AUROC 0.895, 0.851-0.934), the clinical-only model reached 0.843 (0.796-0.887), and deep features
alone were not discriminative (AUROC 0.533). Intratumoral low-attenuation area (LAA) presence and
LAA ratio were independently associated with PSC. Acquisition parameters alone also discriminated the
groups (AUROC 0.901); after adjustment for acquisition variables, radiomics retained incremental value
over clinical features (AAUROC 0.075, P<0.001), but residual confounding by source or protocol cannot
be excluded.

Conclusions: Intratumoral LAA features and CT radiomics may help flag PSC before pathology in an
internally validated setting, whereas Kinetics-pretrained deep features added no value. Because
acquisition heterogeneity may contribute to imaging-based performance and a negative prediction
cannot exclude PSC, the model should be regarded as exploratory and requires external validation with
standardized acquisition before clinical use.

1. Background

Pulmonary sarcomatoid carcinoma (PSC) is a rare form of non-small cell lung cancer with epithelial and
mesenchymal differentiation. [1,2] Clinical series describe aggressive behaviour and adverse outcomes,
while case reports also document disseminated presentation. [3,4,5,6] These features make recognition
before treatment clinically relevant.

PSC has substantial biological and therapeutic heterogeneity. Genomic and clinical studies have
examined molecular alterations, immune characteristics and treatment outcomes. [7,8] Studies of
advanced disease also report variable responses to immune checkpoint inhibition. [9,10]
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MET exon 14 alterations have been investigated in PSC and broader NSCLC cohorts, providing a
rationale for molecularly informed management. [11,12] Occasional EGFR-mutated spindle-cell
carcinomas have also been reported. [13] These developments highlight the need to distinguish
pathological subtypes rather than assume a uniform treatment strategy. [14]

CT studies of pulmonary pleomorphic carcinoma have examined central low attenuation, cavitation and
other clinicoradiological features in relation to prognosis. [15,16] PSC has also been characterized with
fluorodeoxyglucose PET/CT. [17] However, imaging findings overlap with conventional NSCLC (c-NSCLC),
and pathological confirmation remains necessary. [18]

Intratumoral low-attenuation area (LAA) and CT enhancement are candidate descriptors for
distinguishing PSC from c-NSCLC. [18] This tumour-level construct differs from lung parenchymal low
attenuation used to quantify emphysema in surgical NSCLC cohorts. [19]

Quantitative imaging has been studied across several lung-cancer tasks. CT radiomics has been applied
to mediastinal lymph-node characterization, mutation prediction and immunotherapy-related outcomes.
[20,21,22,23] Deep learning has also been applied to histopathology for immunotherapy prognosis. [24]
These applications support further investigation but do not directly validate CT-based PSC diagnosis.

PSC-specific studies have combined CT texture and semantic features to predict MET exon 14 skipping.
[25] Machine-learning and population-based models have also addressed distant metastasis and cancer-
specific survival in PSC. [26,27] Their endpoints differ from the present diagnostic task.

We compared clinical-CT semantic, radiomic and deep-feature models for distinguishing PSC from c-
NSCLC. We evaluated discrimination, calibration and operating thresholds using repeated nested cross-
validation. We also examined LAA associations, feature robustness and the influence of CT acquisition
heterogeneity.

2. Methods

2.1 Patients

This retrospective study included patients from January 2013 to June 2023. PSC eligibility required
immunohistochemical confirmation of a sarcomatoid component exceeding 10% of the tumour, with
mesenchymal and epithelial marker expression, and CT before treatment. Patients with treatment before
CT, poor image quality or missing images were excluded. The comparator group comprised
contemporaneous, untreated patients with histopathologically confirmed lung adenocarcinoma or
squamous cell carcinoma following surgery or biopsy and available contrast-enhanced chest CT. PSC
was coded 1 and c-NSCLC 0.

Patients were recruited from Southern Hospital of Southern Medical University, Ganzhou People's
Hospital and The First Affiliated Hospital of Gannan Medical University. Patient-level centre identifiers
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were not retained in the de-identified research dataset; therefore, centre-specific counts could not be
reported and centre-held-out validation was not possible. [28,29]

2.2 Image quality control and cohort

Of 504 clinical records, 502 had paired images and masks. We excluded 100 windowed exports without
original Hounsfield units (HU), one empty mask and four duplicate images. The final cohort comprised
397 patients: 83 PSC, 117 adenocarcinoma and 197 squamous cell carcinoma cases (Figure 1). Missing
clinical values did not exclude otherwise eligible patients.

Each image and mask was checked for readability, nonempty tumour labels, physical-grid agreement
and original CT intensity. Masks requiring geometric repair were resampled to the image grid with
nearest-neighbour interpolation and reviewed on overlays. Duplicate detection used image pixel hashes
and geometry, retaining one record per identical image group. The low padding value outside the field of
view was distinguished from loss of HU throughout a windowed export. Representative repaired overlays
are shown in Figure S1.

2.3 CT acquisition

The reported acquisition protocol used a 256-slice Revolution CT scanner (GE Healthcare), 100—-120 kV,
automatic tube current modulation and a 512 x 512 matrix. Reconstruction thickness was 1.25 mm.
Non-contrast, arterial-phase and venous-phase acquisitions were described, with arterial and venous
scans at 25 s and 60 s after contrast injection. In the available image files, slice spacing ranged from 0.6
to 10 mm, reflecting nonuniform spatial sampling across stored examinations (Table S1, Additional file
1). Image export format (background padding value) was used as a proxy for acquisition source. We call
these categories export-format strata.

2.4 Clinical-CT semantic features

The binary outcome was PSC versus c-NSCLC, with PSC as the positive class for probability estimation.
The clinical predictor set contained 12 prediagnostic clinical-CT variables: sex, smoking, central or
peripheral tumor location, calcification, cavity or parenchymal vacuole, LAA presence, age, maximum
tumor diameter, maximum plain CT attenuation, maximum arterial-phase CT attenuation, maximum
venous-phase CT attenuation, and LAA ratio. Survival, treatment, postoperative, stage, invasion,
metastasis, and symptom variables were not included in this model specification.

Sex was coded 1 for male and 0 for female. Presence/absence variables were coded 1 for present or yes
and 0 for absent or no. Maximum tumour diameter was measured in cm.

LAA denotes low attenuation within the tumour, rather than lung parenchymal emphysema. Tang et al.
described intratumoral low-attenuation, nonenhancing regions and an area ratio using the largest LAA
and tumour sections, which need not be the same section. [18] We cite this framework to explain the

recorded LAA presence and ratio variables. The specific source-cohort measurement protocol was not
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retained, so a same-section ratio and the precise tumour-ROI procedure for the recorded maximum CT
values could not be verified.

2.5 Segmentation and radiomics

Tumour volumes of interest were manually delineated. We checked each available mask against its CT
grid; geometric repair and empty-mask exclusions followed the quality-control rules above.

Radiomic features were extracted with PyRadiomics 3.0.1 from the original CT and tumor mask. The
pipeline included original-image features, Laplacian-of-Gaussian filtering at sigma values of 1, 2, and 3
mm, and wavelet-derived features. Images were resampled with B-spline interpolation to 1-mm isotropic
spacing, with a fixed gray-level bin width of 25; intensity normalization was disabled. The radiomic table
contained 1,130 feature columns. Extraction definitions and the parameter file are documented in the
reproducible analysis code. [30] All available shape, first-order and texture classes were enabled; mask
correction and label 1 were used. Diagnostic-prefixed outputs were stored separately and never entered
the predictor matrix.

Feature robustness was assessed with a simplified mask-perturbation procedure. A spherical structuring
element of radius one native voxel was used for three-dimensional erosion and dilation, followed by
extraction with unchanged settings. Eroded masks that became empty or had fewer than 10 voxels were
unavailable for that perturbation only; original feature values were retained. Perturbation reliability was
summarized with a two-way random-effects, absolute-agreement, single-measure ICC (ICC[2,1]) across
original, eroded, and dilated conditions, using feature-specific complete cases without imputation. [31]

This perturbation analysis addresses sensitivity to small mask changes; it is not interobserver
agreement or repeat annotation. No second independent contour set was available. Features with ICC of
at least 0.75 formed the radiomic eligibility pool; 344 features met that threshold for downstream fold-
specific modeling. Clinical variables were not subjected to the radiomic ICC screen. [31]

2.6 Deep features

We extracted deep features using torchvision R3D-18 with official Kinetics-400 pretrained weights. The
network remained frozen in evaluation mode, without fine-tuning. Global average pooling after layer four
produced a 512-dimensional vector for downstream classification. [32]

We cropped each image to the mask bounding box with a 10-mm margin. Values below -1,000 HU were
clamped before B-spline resampling to 1-mm spacing. Intensities were clipped to [-1,000, 400] HU and
scaled to [0,1]. We replicated the volume into three channels, applied Kinetics channel normalization and
resized it to 16 x 112 x 112 using trilinear interpolation. Original image axes were preserved. Channel
replication retained all pretrained first-layer convolution weights; we neither replaced nor trained the
input convolution.

2.7 Model development and evaluation
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We evaluated six models: Clinical-only, Radiomics-only, Deep-only, Clinical+Radiomics, Clinical+Deep and
Full fusion. Candidate classifiers were L2-regularized logistic regression, radial-basis-function support-
vector classification, random forest and histogram-based gradient boosting. The search sampled 30
configurations, with 8, 8, 7 and 7 allocated to these families, respectively. [28]

We used stratified five-fold outer cross-validation repeated 20 times. Each outer training set used
stratified five-fold inner cross-validation to select the classifier and hyperparameters by AUROC. All six
models shared the same outer splits. We fitted imputation, filtering, feature selection, scaling and
threshold selection within training folds. [28]

The label-blind perturbation ICC screen defined eligible radiomic features before cross-validation. All
remaining processing was fitted within the training folds. For radiomic and deep features, we removed
zero-variance features and applied two-sided Mann—Whitney U screening at P<0.05. We pruned features
with absolute Spearman correlation above 0.90, retaining the feature with higher training AUROC.
Balanced L1 logistic regression selected features, with C chosen in the inner search. We standardized
image features using training-fold means and standard deviations. Deep features followed this process
without ICC screening. Clinical categorical and continuous variables used training-fold mode and median
imputation, respectively, without missingness indicators. We concatenated selected image features for
early fusion and retained all clinical variables in models containing them. Table S2 provides the search
space.

Primary classifiers used balanced class weights; histogram gradient boosting replaced unavailable
LightGBM. Inner out-of-fold predictions within each outer training set defined two thresholds. We
selected the maximum Youden index and the largest finite threshold achieving training sensitivity of at
least 0.80. We then applied these thresholds to the outer test predictions. For patient-level classification,
we compared each patient's average probability across repeats with the median of their fold-specific
thresholds. No outer test outcome informed preprocessing, selection or threshold choice.

2.8 Statistics

We calculated primary probability metrics from patient-level out-of-fold predictions, averaged across
repeats. Two-sided 95% percentile intervals used 2,000 patient-bootstrap samples with seed 2026. Each
sample retained the patient's outcome and probability together. We checked that each point estimate fell
within its interval. Comparisons used paired DeLong tests and paired patient-bootstrap intervals where
specified. Repeat-level means and standard deviations describe variation across splits and are reported
separately. [33]

Continuous variables are summarized as median (IQR) and compared with Mann—Whitney U tests.
Categorical variables are reported as n (%) and compared with x2 or Fisher tests. Table 1 includes group-
specific missingness.
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We examined associations with PSC using unpenalized logistic regression. Variables with pooled
univariable P<0.05 entered the multivariable model. We used 20 imputations and pooled coefficients and
variances using Rubin's rules with small-sample degrees of freedom. CT attenuation was scaled per 10
HU, LAA ratio per 0.1, age per year and maximum tumour diameter per cm. These association analyses
were separate from cross-validated prediction.

We tested the added association of LAA ratio beyond LAA presence using a likelihood-ratio comparison
in the same complete cases. We assessed incremental discrimination separately using out-of-fold
predictions from the nested LAA models. We also estimated a descriptive full-cohort Youden cut point
for arterial-phase attenuation. [33]

We calculated Brier score, calibration-in-the-large, calibration slope and decision curves using the same
original probabilities as the discrimination analysis. Approximate training-fold prior correction was
assessed only as a sensitivity analysis (Table S7 and Figure S4). [34,35,36,37]

We examined acquisition heterogeneity by adding acquisition variables and evaluating performance
across export-format strata. The five-repeat sensitivity models reused the first five outer splits of the
primary analysis. The acquisition-only and radiomics-plus-acquisition comparison used matched search
capacity.

We reported AUROC, AUPRC with the prevalence baseline, sensitivity, specificity, PPV, NPV, F1, accuracy
and confusion-matrix counts. Calibration measures were Brier score, calibration-in-the-large and
calibration slope. Full-cohort apparent fits quantified optimism relative to nested estimates. Stratified
AUC compared PSC—control pairs only within the same export-format stratum, weighting strata by their
pair counts. Patient bootstrap resampling provided percentile intervals. Other sensitivity analyses
examined correlation pruning, complete records, disputed LAA records and class weighting.

Analyses used Python 3.10.20, NumPy 1.26.4, scikit-learn 1.5.2, statsmodels 0.14.4 and SHAP 0.46.0.
Extraction used PyRadiomics 3.0.1; the fixed seed was 2026. Code and environment records accompany
the reproducible analysis. Supplementary Tables S1-S10 and Figures S1-S4 are provided in Additional
file 1.

Additional analyses reused the first five outer splits of the full cohort. Before outcome-guided selection,
we regressed each radiomic feature on export-format category, pixel type, voxel z/x/y spacing and matrix
x/y/z dimensions. We used the residuals to develop Radiomics-only and Clinical+Radiomics models.
Imputation and regression coefficients were fitted within each inner training fold and then refitted on the
outer training set. We applied the fitted transformations unchanged to held-out patients. Clinical
variables remained in Clinical+Radiomics. Separately, we trained Clinical-only and unadjusted
Clinical+Radiomics models within the -1024 HU export-format stratum. Both used shared stratified five-
fold outer splits repeated five times and the same inner search. We calculated AUROC, patient-bootstrap
intervals and paired DeLong tests from out-of-fold predictions averaged across repeats.
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3. Results

3.1 Cohort and clinical characteristics

The cohort comprised 397 patients: 83 with PSC and 314 with c-NSCLC, including 117 adenocarcinoma
and 197 squamous cell carcinoma cases. Figure 1 summarizes exclusions from the 504 received
records. Table 1 reports clinical characteristics and missingness; Table 2 and Table S9 report regression
results. [29]

In multivariable analysis, LAA presence was associated with PSC (odds ratio 4.585; 95% Cl 1.783-
11.789; P=0.002). LAA ratio was also associated per 0.1 increase (odds ratio 1.245; 95% Cl 1.026-1.510;
P=0.026). Arterial-phase attenuation was not significant after adjustment (odds ratio per 10 HU 0.767;
95% C1 0.540-1.088; P=0.135).

Adding LAA ratio to LAA presence improved model fit among 371 complete records, comprising 63 PSC
and 308 c-NSCLC cases. The likelihood-ratio statistic was 12.173 with 1 degree of freedom (P<0.001).
Table S10 reports the incremental analysis and descriptive arterial-phase cut point. [18]

Table 1. Clinical-CT semantic characteristics by pathological diagnosis
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Variable / source
code

Age
Maximum tumor
diameter (cm)

Maximum plain CT
value

Maximum arterial CT
value

Maximum venous CT
value

LAA ratio

Sex — female

Sex — male
Smoking — 0.0
Smoking — 1.0
Central/peripheral

location — 0.0
Central/peripheral
location — 1.0
Calcification — 0.0

Calcification — 1.0

Cavity — 0.0

PSC

62.000
(56.000,
68.000);
missing 0

5.500 (4.100,
7.250);
missing 0

35.000
(30.500,
39.500);
missing 20

45.000
(37.500,
52.500);
missing 20

51.000
(41.000,
58.500);
missing 20

0.268 (0.123,
0.541);
missing 20

15(18.1%);
missing 0

68 (81.9%);
missing 0

23 (27.7%);
missing 0

60 (72.3%);
missing 0

54 (65.1%);
missing 0

29 (34.9%);
missing 0

72 (86.7%);
missing 0

11 (13.3%);
missing 0

66 (79.5%);
missing 0

c-NSCLC

62.000
(55.000,
68.000);
missing 0

4.450 (3.300,
6.175);
missing 0

34.000
(30.000,
40.000);
missing 6

57.500
(47.000,
69.000);
missing 6

64.000
(53.000,
76.000);
missing 7

0.000 (0.000,
0.105);
missing 6

66 (21.0%);
missing 0

248 (79.0%);
missing 0

93 (29.6%);
missing 0

221 (70.4%);
missing 0

234 (74.5%);
missing 0

80 (25.5%);
missing 0

261 (83.1%);
missing 0

53 (16.9%);
missing 0

255 (81.2%);
missing 0
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LUAD

60.000
(54.000,
67.000);
missing 0

3.800 (2.800,
5.300);
missing 0

33.000
(29.000,
39.000);
missing 6

58.000
(48.500,
70.000);
missing 6

69.000
(55.250,
79.750);
missing 7

0.000 (0.000,
0.000);
missing 6

45 (38.5%);
missing 0

72 (61.5%);
missing 0

58 (49.6%);
missing 0

59 (50.4%);
missing 0

112 (95.7%);
missing 0

5(4.3%);
missing 0

99 (84.6%);
missing 0

18 (15.4%);
missing 0

93 (79.5%);
missing 0

LUSC

62.000
(55.000,
68.000);
missing 0

4.700 (3.700,
6.500);
missing 0

35.000
(30.000,
40.000);
missing 0

57.000
(46.000,
69.000);
missing 0

61.000
(52.000,
72.000);
missing 0

0.000 (0.000,
0.215);
missing 0

21 (10.7%);
missing 0

176 (89.3%);
missing 0

35(17.8%);
missing 0

162 (82.2%);
missing 0

122 (61.9%);
missing 0

75 (38.1%);
missing 0

162 (82.2%);
missing 0

35(17.8%);
missing 0

162 (82.2%);
missing 0

0.550

<0.001

0.591

<0.001

<0.001

<0.001

0.554

0.554

0.734

0.734

0.086

0.086

0.424

0.424

0.727



Variable / source PSC c-NSCLC LUAD LUSC P
code

Cavity — 1.0 17 (20.5%); 59 (18.8%); 24 (20.5%); 35(17.8%); 0.727
missing 0 missing 0 missing 0 missing 0

LAA presence — 0.0 12 (19.0%); 216 (70.1%); 95 (85.6%); 121 (61.4%); <0.001
missing 20 missing 6 missing 6 missing 0

LAA presence — 1.0 51 (81.0%); 92 (29.9%); 16 (14.4%); 76 (38.6%); <0.001
missing 20 missing 6 missing 6 missing 0

Continuous variables: median (IQR); categorical variables: n (%) among observed records. Missing
values are reported separately. PSC versus c-NSCLC tests are Mann—Whitney U or x?/Fisher tests as
appropriate. Sex: 1 male, 0 female. Presence/absence variables: 1 present/yes, 0 absent/no. Tumour
diameter is in cm.

Table 2. Multivariable associations with PSC

Variable Contrast / increment  Adjusted OR(95%CI) P

Maximum tumour diameter ~ Per cm 0.968 (0.849-1.105) 0.634
Maximum arterial CT value  per 10 HU 0.767 (0.540-1.088) 0.135
Maximum venous CT value  per 10 HU 0.989 (0.704-1.388) 0.947
LAA ratio per 0.1 1.245 (1.026-1.510) 0.026
LAA presence 1vsO 4.585 (1.783-11.789)  0.002

PSC is the positive outcome. Estimates are pooled across multiple imputations using Rubin’s rules.
Variables meeting the univariable screening criterion entered the multivariable model. LAA ratio: per 0.1
increase; CT attenuation: per 10 HU. Full univariable and multivariable estimates are in Table S9. Binary
presence contrasts are 1 versus 0; tumour diameter is per cm.

3.2 Model performance and ablation

Full fusion was the prespecified primary model and achieved AUROC 0.890 (95% CI 0.848-0.930).
Clinical+Radiomics performed similarly, with AUROC 0.895 (0.851-0.934). AUROCs were 0.845 (0.799-
0.888) for Radiomics-only, 0.843 (0.796-0.887) for Clinical-only, 0.842 (0.795-0.885) for Clinical+Deep
and 0.533 (0.455-0.606) for Deep-only.

Clinical+Radiomics exceeded Clinical-only by 0.051 AUROC (95% DeLong CI 0.017-0.086; P=0.003). Full
fusion minus Clinical+Radiomics was -0.004 (95% CI -0.010 to 0.001; P=0.148). Clinical+Deep did not
improve on Clinical-only. Figure 4 presents the paired comparisons. [33]
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Full fusion exceeded Clinical-only by 0.047 AUROC (95% DeLong Cl 0.014-0.080; P=0.005). Its AUPRC
was 0.739 (0.643-0.823), against a prevalence baseline of 0.209. Table 3 and Figure 2 present all six
models.

At the Youden threshold, Full fusion sensitivity was 0.771 (0.679-0.859) and specificity was 0.815
(0.772-0.855). At the high-sensitivity threshold, sensitivity was 0.855 (0.775-0.928), specificity was
0.755 (0.708-0.801) and NPV was 0.952 (0.924-0.976). Table 4 reports both thresholds, predictive
values, F1 and confusion-matrix counts for every model.

Table 3. Discrimination and original-probability calibration

Model AUROC AUPRC Brier (95% CITL (95% CI) Slope (95%
(95% CI) (95% CI) Cl) Cl)
Clinical-only 0.843 0.622 0.127 -0.578 1.152
(0.796- (0.524- (0.110- (-0.866—-0.333) (0.905-
0.887) 0.719) 0.143) 1.477)
Radiomics-only 0.845 0.650 0.117 -0.274 1.123
(0.799- (0.551- (0.098- (-0.567--0.021) (0.902-
0.888) 0.744) 0.136) 1.409)
Deep-only 0.533 0.281 0.171 -0.299 0.295
(0.455- (0.210- (0.151- (-0.570--0.063) (-0.241-
0.606) 0.376) 0.191) 0.799)
Clinical+Radiomics  0.895 0.752 0.096 -0.252 (-0.545- 1.218
(0.851- (0.657- (0.079- 0.010) (0.977-
0.934) 0.833) 0.113) 1.556)
Clinical+Deep 0.842 0.602 0.129 -0.604 1.213
(0.795- (0.499- (0.113- (-0.889--0.367) (0.958-
0.885) 0.704) 0.145) 1.562)
Full fusion 0.890 0.739 0.099 -0.326 1.247
(0.848- (0.643- (0.081- (-0.612--0.065) (1.008-
0.930) 0.823) 0.116) 1.580)

Estimates use original patient-level out-of-fold PSC probabilities, averaged across repeats. Patient
bootstrap resampling provided percentile intervals. CITL: calibration-in-the-large; ideal CITL and slope are
zero and one, respectively. AUPRC prevalence baseline: 0.209.

Table 4. Classification at two training-derived operating points
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Model / point

Clinical-only
A: Youden

Radiomics-only
A: Youden

Deep-only
A: Youden

Clinical+Radiomics
A: Youden

Clinical+Deep
A: Youden

Full fusion
A: Youden

Clinical-only
B: High sensitivity

Radiomics-only
B: High sensitivity

Deep-only
B: High sensitivity

Clinical+Radiomics
B: High sensitivity

Sensitivity

0.855
(0.778-
0.927)

0.663
(0.557~-
0.767)

0.494
(0.386-
0.600)

0.783
(0.697-
0.870)

0.843
(0.764~-
0.919)

0.771
(0.679-
0.859)

0.807
(0.718-
0.890)

0.819
(0.731-
0.896)

0.843
(0.759-
0.916)

0.831
(0.750-
0.908)

Specificity

0.697
(0.648-
0.747)

0.774
(0.728-
0.822)

0.576
(0.522-
0.630)

0.799
(0.754-
0.843)

0.685
(0.634-
0.734)

0.815
(0.772-
0.855)

0.729
(0.682-
0.777)

0.653
(0.602-
0.704)

0.057
(0.033-
0.085)

0.764
(0.717-
0.809)

PPV

0.428
(0.351-
0.500)

0.437
(0.352-
0.520)

0.236
(0.173-
0.297)

0.508
(0.419-
0.594)

0.414
(0.338-
0.486)

0.525
(0.437-
0.613)

0.441
(0.360~-
0.517)

0.384
(0.314-
0.455)

0.191
(0.151-
0.232)

0.483
(0.401-
0.566)
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NPV

0.948
(0.918-
0.974)

0.897
(0.859-
0.931)

0.812
(0.760-
0.861)

0.933
(0.903-
0.962)

0.943
(0.912-
0.971)

0.931
(0.900-
0.959)

0.935
(0.903-
0.963)

0.932
(0.898-
0.963)

0.581
(0.400-
0.743)

0.945
(0.916-
0.971)

F1

0.570
(0.491-
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Model / point Sensitivity Specificity PPV NPV F1 TP/
FP/
TN/
FN
Clinical+Deep 0.843 0.691 0.419 0.943 0.560 70/
B: High sensitivity ~ (0.764- (0.640- (0.343- (0.913- (0.483- 97/
0.919) 0.739) 0.491) 0.971) 0.629) 217/
13
Full fusion 0.855 0.755 0.480 0.952 0.615 71/
B: High sensitivity ~ (0.775- (0.708- (0.400- (0.924- (0.537- 77/
0.928) 0.801) 0.560) 0.976) 0.686) 237/
12

A: maximum Youden index; B: largest training-fold threshold with sensitivity at least 0.80. Values are
estimates (95% Cl), except confusion-matrix counts. Each patient’s average out-of-fold probability is
compared with their median training-fold threshold.

3.3 Calibration and decision curves

Using the original out-of-fold probabilities averaged across repeats, Full fusion had a Brier score of 0.099
(0.081-0.116), calibration-in-the-large -0.326 (-0.612--0.065) and slope 1.247 (1.008-1.580). Clinical-
only had a Brier score of 0.127 (0.110-0.143), calibration-in-the-large -0.578 (-0.866—-0.333) and slope
1.152 (0.905-1.477). Table 3 reports original-probability calibration for all six models. Negative
calibration-in-the-large indicates risk overestimation, while positive values indicate underestimation.
Approximate prior correction, evaluated only as a sensitivity analysis, caused systematic risk
underestimation (calibration-in-the-large 0.66-0.90) and increased every Brier score, supporting
recalibration in the target population before clinical use (Table S7 and Figure S4). [36]

Figure 3 shows calibration and decision curves using the original out-of-fold probabilities averaged
across repeats, with treat-all and treat-none strategies. [37]

3.4 Robustness and sensitivity analyses

Of 1,130 radiomic features, 344 met the perturbation ICC threshold of at least 0.75. Median ICC was
0.622, with first and third quartiles of 0.378 and 0.791 (Table S4). [31]

Table S3 lists features retained in at least half the outer training folds and their radiomic ICC values.
Table S5 reports classifier-selection frequencies, and Figure S2 shows the leading feature-selection
frequencies. Repeat-level means and standard deviations are in Table S6.

Full fusion apparent AUROC was 1.000, compared with nested AUROC 0.890, giving optimism of 0.110.
Table S8 reports optimism for all models.

Full fusion/Radiomics-only AUROCs were 0.882/0.823, 0.878/0.836 and 0.889/0.832 at the lower,
primary and higher correlation-pruning thresholds, respectively (Figure S3). The primary-threshold

sensitivity analysis reused the first five repeats.
Page 14/26



In complete-case analyses, Clinical-only AUROC was 0.830 and Full fusion AUROC was 0.860 (n=370).
After excluding disputed LAA records, Clinical-only AUROC was 0.848 (n=392). Table S8 provides
uncertainty intervals.

Unweighted Full fusion had AUROC 0.896 and calibration-in-the-large 0.195. At the fixed probability
threshold, sensitivity/specificity were 0.506/0.971 without weighting and 0.554/0.946 with weighting
(Table S8).

The initial acquisition-only model had AUROC 0.808 (0.750-0.862). Stratified AUROCs were Clinical-only
0.831 (0.780-0.879), Radiomics-only 0.843 (0.788-0.891), Clinical+Radiomics 0.893 (0.848-0.932) and
Full fusion 0.889 (0.844-0.927). Clinical-only point estimates were similar across export-format strata.
Table S8 gives stratum-specific counts and intervals.

In the matched five-repeat analysis, acquisition-only AUROC was 0.901 (0.861-0.937). Adding
acquisition variables yielded AUROCs of 0.919 (95% CI 0.880-0.953) for Full fusion, 0.926 (0.889-0.958)
for Clinical+Radiomics and 0.917 (0.883-0.948) for Radiomics-only.

Radiomics plus acquisition exceeded acquisition-only by 0.016 AUROC (95% Cl -0.004 to 0.037; paired
DeLong P=0.129). Table S8 presents this matched-search comparison.

Adding acquisition variables increased Full fusion AUROC by 0.042 (95% CI 0.019-0.065; P<0.001).
Clinical+Radiomics increased by 0.048 (95% Cl 0.024-0.074; P<0.001), relative to its matched five-repeat
baseline.

After acquisition adjustment by linear regression, Radiomics-only AUROC was 0.894 (95% Cl 0.847-
0.935) and Clinical+Radiomics AUROC was 0.917 (95% Cl 0.881-0.949). Their respective gains over the
matched original models were 0.058 (95% Cl 0.010-0.104; P=0.015) and 0.039 (95% CI 0.010-0.067,
P=0.007). Adjusted Clinical+Radiomics exceeded matched Clinical-only by 0.075 AUROC (95% CI 0.031-
0.117; P<0.001). The -1024 HU export-format stratum included 185 patients: 58 PSC and 127 controls.
Models trained within this stratum achieved AUROCs of 0.831 (95% CI 0.763-0.893) for Clinical-only and
0.940 (95% CI 0.903-0.969) for Clinical+Radiomics. The paired gain was 0.110 (95% Cl 0.049-0.174;
P<0.001). Table S8 reports these five-repeat sensitivity analyses.

3.5 Exploratory model explanations

We used TreeExplainer to explain PSC probability from the final Full fusion histogram gradient boosting
model fitted to all 397 patients. The background comprised 100 patients sampled without replacement
using seed 2026. Figure 5 shows the summary and dependence plots in original clinical units. Each
clinical dependence panel includes 371 observed values and omits 26 missing values. LAA-presence
SHAP contributions were zero in this fitted model, despite its separate adjusted regression association.

4. Discussion
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Clinical-CT semantic features and radiomics supported internal discrimination of PSC from c-NSCLC.
LAA presence and ratio remained independently associated with PSC. Clinical+Radiomics performed
similarly to Full fusion, while Kinetics-pretrained deep features provided no observed gain. These findings
extend the investigation of CT semantic and texture measurements in PSC. [18,25]

Repeated nested cross-validation evaluated each patient without using that patient's outcome for model
development. Averaging predictions across repeats reduced dependence on a single split. This approach
follows reporting and evaluation principles for prediction models. [28,36] Previous PSC models
addressed metastasis or survival rather than this diagnostic distinction, so their performance cannot be
directly compared with ours. [26,27]

LAA presence and ratio retained adjusted associations with PSC, and adding ratio improved model fit
beyond presence alone. These observations complement prior work examining LAA and enhancement in
PSC. [18] However, the regression association does not imply that LAA presence drove the final fusion
model; its SHAP contributions were zero.

Central low attenuation has been interpreted as necrosis in CT studies of pulmonary pleomorphic
carcinoma. [16] Our data lacked lesion-level pathological correlation, so we could not establish its
substrate here. A reproducible protocol should specify tumour boundaries, attenuation criteria, the ratio
denominator and partial-volume handling. [18] Lung parenchymal emphysema represents a different
anatomical construct and should not define intratumoral LAA. [19]

Acquisition parameters alone discriminated the groups well (AUROC 0.901), raising concern about
source or protocol effects. Scanner-dependent radiomic variation has been documented in phantom and
patient CT data. [38] We therefore evaluated export-format strata, removed linear acquisition
associations from radiomic features within training folds and rebuilt models within one export-format
stratum. Radiomics retained incremental value over clinical features after adjustment (AAUROC 0.075,
P<0.001) and within-stratum training (AAUROC 0.110, P<0.001). These findings support an additional
radiomic contribution, although unmeasured source or protocol differences may still influence it.

ComBat has been evaluated for harmonizing CT radiomic features across imaging protocols in phantom
and lung-cancer datasets. [39] We did not apply ComBat; our sensitivity analysis removed measured
linear acquisition associations within training folds. Future studies could evaluate harmonization
alongside standardized acquisition and verified source labels.

The fixed extraction settings and training-fold feature selection make the radiomic pipeline reproducible.
Mask perturbation provided a practical robustness screen, retaining features less sensitive to small
contour changes. This screen complements the predictive analysis without measuring agreement
between independent readers. [30,31]

The deep branch used a frozen network pretrained on Kinetics human-action videos. [32] Its fixed 512-
dimensional representation showed no independent discrimination or additional benefit in fusion.
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Models Genesis investigated self-supervised pretraining on three-dimensional medical images and
transfer to medical-imaging tasks. [40] Such pretraining merits separate evaluation, but our results do
not establish whether it would improve PSC classification.

These models may support diagnostic triage by flagging patients for further pathological assessment.
At the high-sensitivity threshold, the observed NPV reflects the study prevalence. A negative prediction
cannot exclude PSC. Independent evaluation of calibration and clinical net benefit is needed before
choosing an operating threshold. [36,37]

4.1 Limitations

Acquisition heterogeneity is the principal limitation. Linear adjustment and export-format analyses
cannot remove all scanner, reconstruction, protocol, referral or patient-mix effects; adjustment may also
remove correlated biological information. Patient-level centre identifiers were not retained, preventing
centre-held-out evaluation. This retrospective study therefore provides internal validation only. Excluding
100 windowed exports without original HU may introduce selection bias because exclusions differed
across histological groups. The image phase of the stored volumes used for segmentation was not
recorded in the available dataset. Only one mask per patient was available; contour perturbation cannot
establish interobserver reproducibility. The specific LAA and maximum-CT-value measurement protocols
were not retained, limiting reproducibility of these semantic variables. Kinetics pretraining differs
substantially from CT, and medical-image pretraining was not evaluated. The 83 PSC cases limit
subgroup precision; class imbalance and missing measurements further constrain interpretation. The
high-sensitivity threshold targets training sensitivity rather than guaranteeing sensitivity in new patients.
Weighting comparisons also involved feature and classifier reselection, so they do not isolate the effect
of class weights. Calibration and decision curves depend on the study case mix; probabilities require
external recalibration before clinical use. We did not evaluate prospective clinical impact.

5. Conclusions

Intratumoral LAA features and CT radiomics may help flag PSC before pathological diagnosis. Kinetics-
pretrained deep features added no observed value. The models remain exploratory and require external
validation with standardized acquisition and recalibration before clinical use; a negative prediction
cannot exclude PSC.
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Discrimination of the six models. A receiver operating characteristic curves with patient-bootstrap
confidence bands; B precision-recall curves with the PSC prevalence baseline. Curves use patient-
level out-of-fold predictions, averaged across repeats.

Full fusion and Clinical-only: patient-mean OOF predictions
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Figure 3

Calibration and decision curves using original probabilities. A calibration curves for Full fusion and
Clinical-only, with calibration-in-the-large, slope and Brier score. B decision curves, including treat-all
and treat-none strategies. Both panels use patient-level out-of-fold predictions, averaged across
repeats, without recalibration.
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A Ablation AUC comparisons
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Figure 4

Paired AUROC differences between Full fusion and the other models. Estimates use patient-level out-
of-fold predictions, averaged across repeats. Confidence intervals and paired DeLong tests are
reported in the corresponding result table.
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SHAP interpretation of Full fusion for PSC (label 1)

Full cohort n=397 | TreeExplainer | 100-row background sampled without replacement (seed 2026)
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Panel Aranks the complete transformed feature set by mean absolute SHAP value and displays the top 20; per-case SHAP values for every transformed feature are saved. Panels B-D use raw clinical values on the x-axis.
Cases with a missing source value are excluded only from that dependence panel. Deep feature IDs retain their source names; deep features do not have direct biological interpretability.

Figure 5

Feature value (low to high within feature)

SHAP explanations of PSC probability from the final Full fusion model. A summary; B LAA ratio; C LAA
presence; D maximum arterial-phase attenuation. The model was histogram gradient boosting fitted to

the full cohort and explained using TreeExplainer. Clinical axes show original units. LAA-presence
contributions were zero in this fitted model; deep-feature identifiers have no direct biological

interpretation. Background: 100 patients sampled without replacement, seed 2026; explanation cohort:

397 patients. Each clinical dependence panel uses 371 observed values and omits 26 missing raw
values.
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