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Abstract

Background: Multiple primary lung cancers (MPLCs) are increasingly detected owing to advances in
chest computed tomography (CT), yet distinguishing them from intrapulmonary metastases (IPMs) and
multiple benign pulmonary lesions (MBPLs) remains difficult and strongly affects treatment planning.

Methods: We propose a patient-level framework that combines (i) a deep fusion network integrating 2D
multiple-instance learning (2D-MIL) over axial slices, a 3D volumetric branch, and handcrafted radiomic
features, with (ii) radiomics-based Random Forest and XGBoost classifiers, and (iii) a soft-voting en-
semble of these models. Performance was assessed with accuracy, precision, recall, F1-score, specificity,
and the area under the receiver operating characteristic curve (ROC-AUC).

Results: On the held-out test set, the radiomics-based XGBoost model achieved the highest ROC-AUC
(0.9782), while Random Forest and XGBoost both reached an accuracy of 0.8571 and a precision of
0.9091. The deep fusion model obtained an accuracy of 0.7143 and an ROC-AUC of 0.9154, and the en-
semble obtained an accuracy of 0.7619 and an ROC-AUC of 0.9376.

Conclusions: Radiomics-driven tree-based models were the most discriminative in this cohort, whereas
the deep fusion model and ensemble were competitive in ROC-AUC but weaker in threshold-dependent
metrics. Validation on larger, multicenter cohorts is required.

Keywords: ensemble learning; multiple primary lung cancer; intrapulmonary metastasis; CT; radiomics;
deep learning; multiple-instance learning

1 Introduction

Lung cancer remains a leading cause of cancer-related mortality worldwide, with adenocarcinoma
and squamous cell carcinoma accounting for the majority of cases [1]. With improved chest CT tech-
nology and health surveillance, patients presenting with more than one pulmonary lesion are en-
countered more frequently, and multiple primary lung cancers (MPLCs) are estimated to represent
roughly 0.8%-16% of confirmed lung cancer cases [2], [3].

In clinical practice, patients with multiple pulmonary nodules fall into three broad groups: MPLCs, in-
trapulmonary metastases (IPMs), and multiple benign pulmonary lesions (MBPLs). The distinction
matters because the management differs: benign lesions are generally monitored or treated sympto-
matically, certain MPLCs respond well to surgical resection, whereas IPMs usually offer limited sur-
gical options and a poorer prognosis [4]-[6]. Current diagnosis relies on the 2013 ACCP criteria [7]
and comprehensive histologic assessment [8], which depend on invasive sampling and subjective in-
terpretation.
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CT-based radiomics has been used to separate MPLC from IPM, for example with reported AUCs of
0.889 [9] and, in a pairwise lesion-relation model, 0.983 on training data [10]. Hybrid approaches
that combine radiomic and deep features have also shown strong performance for nodule malignancy
prediction [11]. Deep learning more broadly has shown promise in lung cancer detection, segmenta-
tion, and staging [15], [16]. A recent study compared several pretrained 2D architectures for three-
class MPLC/IPM/MBPL discrimination using image-level slice classification [14]; however, such slice-
level designs can leak information between train and test splits and do not model a patient as a set of
lesions.

In this work we address these gaps with a patient-level framework. Our contributions are:

¢ a deep fusion model combining 2D multiple-instance learning over slices, a 3D volumetric branch,
and radiomic features;

e radiomics-based Random Forest and XGBoost classifiers as strong, interpretable baselines;
« a soft-voting ensemble of the above models; and

¢ a comprehensive evaluation using accuracy, precision, recall, F1-score, specificity, ROC-AUC, and
confusion matrices.

2 Related work

Radiomics for MPLC and IPM. Radiomic models built on CT features and clinical variables have
been used to differentiate MPLC from IPM [9], [10]. Multidisciplinary algorithms that integrate histo-
logy, molecular markers such as EGFR and ALK, and imaging have also improved classification and
prognostic value [13], and staged algorithms using CT and PET/CT findings have reported an IPM
diagnostic accuracy of 88.9% [12].

Deep learning on CT. Convolutional networks such as ResNet [17], DenseNet [18], and EfficientNet
[19], as well as transformer and state-space architectures [20]-[22], have been widely applied to
medical imaging. Liufu et al. [14] compared six pretrained backbones for MPLC/IPM/MBPL classifica-
tion and reported a five-fold cross-validated macro-AUC of 0.946, while noting that image-level split-
ting and a modest dataset were limitations.

Multiple-instance learning and ensembles. Attention-based multiple-instance learning treats a pa-
tient as a bag of slices or lesions and learns which instances are informative [23]. Tree ensembles
such as Random Forest [24] and gradient boosting [25] are well suited to tabular radiomic features,
which are typically high-dimensional relative to sample size.

3 Proposed methodology

3.1 Dataset

The 1Q-OTHNCCD lung cancer dataset was used for the experimental evaluation of the proposed lung
cancer classification model. The dataset contains 1,097 CT images distributed among three classes:
Normal (416 images), Benign (120 images), and Malignant (561 images). All images are stored in
JPEG format with a resolution of 512 x 512 pixels and RGB color representation. The three-class or-
ganization enables the model to distinguish normal lung CT scans from benign and malignant cases
(Table 1).
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Table 1. Dataset summary.

Class Number of Images
Normal 416

Benign 120

Malignant 561

Total 1097

3.2 Data preprocessing

Before model training, the CT images were subjected to a standardized preprocessing pipeline to en-
sure consistent input characteristics. First, the images were checked for readability and organized ac-
cording to their corresponding class labels. Each image was resized from 512 x 512 pixels to the in-
put resolution required by the proposed deep-learning model. Pixel values were then normalized to a
suitable numerical range to improve training stability. To improve model generalization and reduce
overfitting, data augmentation such as horizontal flipping, small rotations, scaling, and translation
can be applied to the training images only. Finally, the dataset was divided into training, validation,
and testing subsets using a stratified splitting strategy, ensuring that all three classes were represen-
ted in each subset. Importantly, augmentation was not applied to the validation or test sets so that
the reported performance reflects the model’s performance on unseen images. The overall workflow
is shown in Fig. 1.
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Figure 1. Overall workflow of the proposed method.

3.3 Patient-level bag construction and radiomic feature extraction

Radiomic features (shape, first-order statistics, and texture families such as GLCM, GLRLM, and
GLSZM) were extracted from segmented lesions using the PyRadiomics library [26]. Features were
standardized using training-set statistics, and highly correlated or low-variance features were re-
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moved prior to modeling. Algorithm 1 summarizes the construction of patient-level bags, radiomic
feature aggregation, and the patient-level data split.

Algorithm 1. Patient-level bag construction and radiomics feature extraction

Require: CT image set I with class labels; slices per bag K = 8; image size S = 224;
optional patient map M and clinical table C

Ensure: Bags {(Vi, I, yi)}iﬂN; splits Dtr, D _p Dte; scaled features r;

1: Set the random seed to 42

va

2: Collect all images in I; derive each label y from its folder name
3: if M is available then

4: Assign real patient IDs from M

5: else

6: Sort slices of each class in natural filename order

7: Group every K consecutive slices into one pseudo-patient

8: end if

9: for all patients p with at least 2 slices do
10: if |pl 2 K then
11: Select K slices at evenly spaced indices
12: else
13: Pad by repeating the last slice until |p| = K
14: end 1if
158 Load slices as grayscale, resize to S x S, stack into V € RK*S*S

16: end for
17: for all bags V do

18: for all slices x, € V do

19: f, « [first-order statistics, Otsu foreground ratio, GLCM features, LBP
histogram]

20: end for

21: r « [p(f,); o(f, ) max (£ )]

22: if C is available then

23: r < [r; c]

24: end 1if

25: end for
26: Stratified patient-level split: 70% train, 15% validation, 15% test
27: Fit StandardScaler on D, only; compute r; for all bags

28: return D..r D,.r Dor {ri}

3.4 Deep fusion model
The deep fusion model has three branches whose outputs are concatenated before classification:

 2D-MIL branch: each patient is treated as a bag of axial slices. A pretrained 2D CNN encodes each
slice, and an attention-based pooling operator [23] aggregates the slice embeddings into a
patient-level representation:

K
Zp = ), achie
k=1

exp {wT tanh (th)}

) i exp{thanh (th)} (1)

J=1

where h, is the embedding of slice k, and w, V are learnable parameters.

* 3D branch: a 3D convolutional encoder processes the volumetric crop and yields z, .
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* Radiomics branch: a small multilayer perceptron maps the standardized radiomic vectortoz_ .

The fused representation z = [z, ; Z,; Z, | is passed to a fully connected classifier trained with cross-

entropy loss, the AdamW optimizer, a learning-rate scheduler, and early stopping on validation per-
formance. The complete training procedure is given in Algorithm 2.

Algorithm 2. Training of the deep fusion network (2D-MIL + 3D CNN + radiomics)

D._; epochs E = 25; learning rate n = 107%; patience P = 6; batch size 4

Require: D ., D

Ensure: Best fusion model £,
1: Initialize ImageNet-pretrained ResNet-18 (no classifier) as slice encoder o,.;

initialize attention-MIL, 3D CNN ¢, , radiomics MLP ¢ and fusion head

rad’

2: Class weights w_ = N_/(C - n)); loss L: weighted cross-entropy with label

C
smoothing 0.05; AdamW (weight decay 107%) with cosine annealing

3: Ffe“ ~ -1, wait <« 0

4: for e = 1 to E do

5 for all mini-batches (V, r, y) € D,, do

6: Augment V (horizontal/vertical flips, random intensity scaling)
7 h, « ¢, (x,) € R®*? for k=1, . . ., K

8 Z,y — ZkﬂK a,h, with a, from Eq. (1)

9: Zyp = O3 (V)i Zg = 0,4 (x)
10: ¥ « Head([zzD; Zypi zrad])
11: Update © by back-propagating L(y, V)
12: end for

13: Step the scheduler; compute macro-F1 F£MI on D,
14: if F,¥®' > F P*S* then

15: FPest _ pval; ox — 0; wait < 0

16: else

17: wait « wait + 1

18: if wait 2 P then

19: break
20: end 1if
21: end 1if

22: end for

23: return £,

3.5 Radiomics-based machine learning models

Random Forest [24] and XGBoost [25] classifiers were trained on the radiomic feature vectors. Hy-
perparameters (e.g.,, number of trees, tree depth, learning rate) were tuned using validation perform-

ance.

3.6 Proposed XGBoost-based radiomics architecture

The proposed XGBoost (Radiomics) architecture is designed to detect and classify Multiple Primary
Lung Cancers (MPLC) from chest CT images by converting lesion-level imaging characteristics into a
compact, discriminative radiomic representation. After CT image preprocessing, including grayscale
conversion, resizing to 224 x 224, intensity normalization to [0, 1], and augmentation, the suspicious
lung-lesion regions are considered as regions of interest (ROIs). From each ROI, a radiomic feature

vector X; = [X,, X,,, . . ., X;;] is extracted, incorporating first-order intensity, shape, texture, and higher-

i
order texture descriptors such as GLCM, GLRLM, GLSZM and related statistical features. Since a pa-
tient may contain multiple lesions and multiple CT slices, the lesion-level features are aggregated to

obtain a patient-level representation, for example,
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Xp = Agg (xp,l’ xp,Z’ eeey xp,Lp)’ (2)

where L, denotes the number of lesions associated with patient p, and Agg(-) represents an appropri-
ate aggregation operation such as mean, maximum, or statistical pooling across lesions. The resulting
patient-level radiomic vector is supplied to the Extreme Gradient Boosting (XGBoost) classifier. XG-
Boost constructs an ensemble of T regression trees, where the prediction can be expressed as

T
¥p = softmax (th(Xp)), (3)
t=1
with f, representing the ¢-th decision tree and yAp denoting the predicted probabilities for the three
diagnostic classes benign, malignant, and normal. The XGBoost model is optimized using a regular-
ized objective function,

L= (0 %) + ;Q(ft) (4)

p=1

where () is the multiclass classification loss, N is the number of patients, and
1 2
Qf) =70+ 52 0w | (5)

controls model complexity through the number of leaves ], leaf weights w,, and regularization para-
meters y and A. The gradient-boosting mechanism sequentially learns from the errors of preceding
trees, enabling XGBoost to capture nonlinear interactions among heterogeneous radiomic character-
istics.

For the final MPLC decision, the class having the maximum predicted probability is selected,

¢ = argceg%N}P (yp =cl Xp)’ (6)
where B, M, and N denote benign, malignant, and normal classes, respectively. Thus, the proposed
Radiomics-XGBoost branch provides an interpretable machine-learning pathway that complements
the image-based branch by exploiting quantitative tumor morphology, intensity, and texture charac-
teristics for patient-level multi-lesion lung-cancer classification. Performance is subsequently as-
sessed using accuracy, precision, recall, F1-score, specificity, ROC-AUC, and confusion-matrix analysis.

3.7 Hyperparameter and implementation configuration of the XGBoost-based radiomics model

This subsection details the complete configuration of the proposed XGBoost (Radiomics) architecture
so that the experiments can be reproduced. The configuration is organized into the radiomic feature
pipeline (Table 2), the final XGBoost hyperparameters (Table 3), the hyperparameter search protocol
(Table 4), and the software and hardware environment (Table 5).

Feature pipeline configuration. Radiomic features were extracted with PyRadiomics [26] from the
preprocessed ROIs, and all statistics used for scaling and feature selection were estimated on the
training split only, so that no information from the validation or test sets entered the model. Lesion-
and slice-level vectors were aggregated into a single patient-level vector Xp using mean and maxim-
um pooling.
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Table 2. Input and feature-pipeline configuration of the XGBoost (Radiomics) model.

Component

Configuration

Image preprocessing

Augmentation (train only)

Region of interest (ROI)

Feature families

Intensity discretization

Patient-level aggregation

Scaling

Low-variance filter

Correlation filter
Data split

Class output

Grayscale conversion; resize to 224 x 224; intensity normalization to [0, 1]
Horizontal flip, small rotation, scaling, translation

Suspicious lung-lesion region per slice/lesion

First-order, shape, GLCM, GLRLM, GLSZM, and related statistical descriptors
Fixed bin width (PyRadiomics binWidth = 25)

Agg(-): mean and maximum pooling across lesions/slices

Standardization (zero mean, unit variance) fitted on the training set
Remove features with variance < 0.01

Remove one of each feature pair with |p| > 0.95

Stratified train/validation/test split, fixed random seed

Three classes: Benign (B), Malignant (M), Normal (N)

XGBoost hyperparameters. The classifier was trained as a multiclass softmax model using the regu-

larized objective L in (4). Table 3 lists the final hyperparameter values together with the role of each

parameter in L and in Q(f) in (5).

Table 3. Final hyperparameter configuration of the proposed XGBoost (Radiomics) classifier.

Hyperparameter Value Description / role

objective multi:softprob  Multiclass softmax; outputs class probabilities P (y jy =¢|X py)

num_class 3 Benign, malignant, normal

eval_metric mlogloss Validation metric used for early stopping

booster gbtree Tree-based gradient boosting

n estimators (T) 300 (max.) Maximum number of boosting rounds; the effective T is set by early stopping
early_stopping 20 rounds Stop if validation mlogloss does not improve for 20 rounds

learning rate ()  0.05 Shrinkage applied to each tree’s contribution

max_depth 4 Maximum depth of each tree f 4

min_child_weight 3 Minimum sum of instance Hessian in a child node

gamma () 0.1 Minimum loss reduction to split; penalizes number of leaves J 4

reg_lambda () 1.0 L, penalty on leaf weights w,

reg_alpha 0.1 L, penalty on leaf weights

subsample 0.8 Fraction of training samples used per tree

colsample_bytree 0.8 Fraction of features used per tree

tree_method hist Histogram-based split finding

max_bin 256 Number of histogram bins per feature

Class weighting Balanced Per-sample weights inversely proportional to class frequency (handles class
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Hyperparameter Value Description / role
random_state 42 Fixed seed for reproducibility
n_jobs -1 Use all available CPU cores

Hyperparameter search protocol. Hyperparameters were tuned using a randomized search over
the ranges in Table 4, with stratified k-fold cross-validation on the training data and the macro-aver-
aged one-vs-rest ROC-AUC as the selection criterion. The held-out test set was not used at any stage
of tuning. The configuration with the best mean cross-validated score was refit on the full training set
with early stopping on the validation split.

Table 4. Hyperparameter search space and tuning protocol.

Item Setting

Search strategy Randomized search (RandomizedSearchCV), 50 sampled configurations
Cross-validation 5-fold stratified, fixed seed

Selection metric Macro-averaged one-vs-rest ROC-AUC
learning_rate {0.01, 0.03, 0.05, 0.1, 0.2}

max_depth {3,4,5, 6,8}

min_child_weight {1,3,5,7}

gamma {0, 0.05, 0.1, 0.2, 0.5}

subsample {0.6,0.7,0.8,0.9, 1.0}

colsample_bytree {0.6,0.7,0.8,0.9, 1.0}

reg lambda {0.5,1,2,5}

reg_alpha {0,0.1,0.5, 1}

n_estimators {100, 200, 300, 500} (with early stopping)

Implementation environment. The model was implemented in Python and trained on the GPU-en-
abled Google Colab environment. Because XGBoost operates on a compact tabular feature matrix,

training takes only seconds to minutes.

Table 5. Implementation and software configuration.

Item Configuration

Programming language Python 3

Boosting library XGBoost (scikit-learn API, XGBClassifier)
Radiomics extraction PyRadiomics [26]
Pre-/post-processing scikit-learn (scaling, feature filtering, stratified splitting, cross-validation, metrics),

NumPy, pandas

Deep-learning PyTorch (deep fusion branch only)
framework

Hardware Google Colab (GPU-enabled runtime)
Random seed 42 (data splits, cross-validation, XGBoost)
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Item Configuration

Evaluation metrics Accuracy, precision, recall, F1-score, specificity, macro one-vs-rest ROC-AUC, confusion
matrix

Model outputs Class probabilities (predict_proba) and arg-max class labels

Interpretability Feature importance (gain) of the trained boosted trees

The decision rule in (6) was applied to the predicted probabilities, and the probabilities were also ex-
ported for the soft-voting ensemble in (7).

3.8 Ensemble

The ensemble combines the class-probability outputs of the deep fusion model and the radiomics-
based models by soft voting:

~ 1 ~ ~
p= 1 lp('"), y = argmax p, (7)

HNEE

where M is the number of ensemble members and p'™ is the predicted probability vector of model m.
The ensemble procedure, final test evaluation, and Grad-CAM interpretation [28] (Fig. 5) are sum-
marized in Algorithm 3.

Algorithm 3. Ensemble learning, test evaluation, and Grad-CAM interpretation

D D

Require: Trained fusion model f,,; scaled features r; splits D var Dio

tr’

Ensure: Test metrics, confusion matrices, ROC curves, Grad-CAM maps
1: Train Random Forest (500 trees, balanced class weights) and XGBoost (400 trees,

depth 4, learning rate 0.05) on {r.}

i’ i€Dtr

2: Obtain validation probabilities P, va p ve, p_va
eep rf gb

Flbest o -1
for all w = (w,, w,, w;) on a 0.l-step grid with %, w, = 1 do
va va va va
Pens - wlpdeep u W2Prf r WBPgb

if macro-Fl of arg max P_ "% > Ff@“ then

S
update F ”°°* and w* < w

O J o U W

end 1if
9: end for

10: P, " « wl*Pdeepte + oW, P+ w3*Pgbte

11: for all models m € {Deep, RF, GB, Ensemble} do

12: Compute accuracy, macro precision, recall, Fl, specificity, one-vs-rest ROC-

AUC; plot confusion matrix and ROC curves

13: end for

14: Grad-CAM: for the most confident correct and least confident misclassified test

patients, back-propagate the predicted-class logit to the last ResNet-18 block

15: o « (1/hw) B 9y°/8A,

1], and overlay

Vk; e = ReLU (3 a]ﬁ%k); upsample, normalize to [0,

16: return metrics, figures, w*

3.9 Evaluation metrics

Let TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives. For
multiclass evaluation, metrics are macro-averaged over classes in a one-vs-rest fashion:

TP + TN

ACCUracy = N+ FP + FN’ (8)
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Precision

TP
TP + FP’

Specificity =

2-Precision-Recall

Recall =

TN

1=

TP

TP + FN’

TN + FP’

Precision + Recall

)

(10)

(11)

The ROC-AUC was computed in a one-vs-rest manner and macro-averaged. Confusion matrices and

ROC curves were also generated.

4 Results

4.1 Overall test performance

Table 6 and Fig. 2 report the held-out test results of the four models. The two radiomics-based mod-
els obtained identical accuracy (0.8571), precision (0.9091), recall (0.7444), F1- score (0.7632), and
specificity (0.9231); they differed in ROC-AUC, where XGBoost (0.9782) exceeded Random Forest
(0.9189). The deep fusion model (2D-MIL + 3D + Radiomics) achieved an accuracy of 0.7143, an F1-
score of 0.6312, and a ROC-AUC of 0.9154. The ensemble improved on the deep fusion model across
all metrics (accuracy 0.7619, F1-score 0.6667, ROC-AUC 0.9376) but remained below the radiomics-
only models in threshold-dependent metrics.

Table 6. Test-set performance of the evaluated models.

Model Acc. Prec. Rec. F1 Spec. AUC
Deep Fusion 0.7143 0.6566 0.6361 0.6312 0.8604 0.9154
Random Forest 0.8571 0.9091 0.7444 0.7632 0.9231 0.9189
XGBoost 0.8571 0.9091 0.7444 0.7632 0.9231 0.9782
Ensemble 0.7619 0.6778 0.6694 0.6667 0.8860 0.9376
3 Deep Fusion [0 Random Forest [1 XGBoost [ Ensemble
1.0 A
0.9 A
0.8 A
g
<}
&
0.7
0.6
0.5-
Accuracy Precision Recall F1 Specificity ROC-AUC

Figure 2. Comparison of test-set metrics across the four models.
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ROC-AUC values were uniformly high (0.9154-0.9782), indicating good class separability for all mod-
els (Fig. 4). The gap between the high ROC-AUC and the lower accuracy of the deep fusion model and

ensemble suggests that their predicted probabilities rank cases well but that the default decision

threshold is suboptimal for some classes. The confusion matrices are shown in Fig. 3.
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Figure 3. Test-set confusion matrices of the four evaluated models

(Radiomics), (c) Deep Fusion, and (d) Ensemble.
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Figure 4. One-vs-rest ROC curves with per-class and macro-averaged AUC for the four evaluated models: (a) XGBoost
(Radiomics), (b) Random Forest (Radiomics), (c) Deep Fusion, and (d) Ensemble.

4.2.1 Mathematical solution from the XGBoost (Radiomics) confusion matrix

The numerical results of the proposed XGBoost (Radiomics) model can be verified directly from its
test-set confusion matrix in Fig. 3(a). Ordering the classes as Benign (B), Malignant (M), and Normal
(N), the confusion matrix is

102
c=lo91| (12)
008

Here, the rows correspond to the true class labels and the columns correspond to the predicted class
labels. The total number of test samples is

3 3
N=>>Cj=1+0+2+0+9+1+0+0+8=2L (13)
i=1 j=1

Because this is a three-class problem, the metrics are computed for each class in a one-vs-rest man-
ner. For a class ¢, the outcomes are defined from C as

TE. = Ce, FN. = Z ch’
Jj#e

FR. =) Cy, TN, = N — TR. — FN, — FP. (14)
i#c

Applying (14) to (12) gives
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Benign : TP =1, FP =0, FN =2, TN =18,
Malignant : TP =9, FP =0, FN =1, TN =11, (15)
Normal : TP =8, FP =3, FN =0, TN = 10.

For example, for the Normal class, the false positive value of 3 indicates that 3 non-Normal samples (2
Benign and 1 Malignant) were incorrectly classified as Normal, whereas the false negative value of 0
indicates that no Normal sample was missed. Similarly, for the Benign class, the false negative value of
2 indicates that 2 Benign samples were incorrectly classified as Normal.

Overall accuracy. The classification accuracy is the ratio of correctly classified samples (the diagonal
of C) to the total number of samples:

2. Cec
1 1
Accuracy = —— = +291+ L 2—? = 0.8571 = 85.71%. (16)

Benign class (one-vs-rest). Using TP =1, FP=0, FN =2,and TN = 18:

.. 1 1
Precision, = 170 1.0000, RecallB =133 " 0.3333,
Specificity,, = 18 1.0000 17
p YB - 18+ 0 - ’ ( )

2x1.0000x0.3333
Fl, = = 0. .
B 1.0000 + 0.3333 0.5000

Malignant class (one-vs-rest). Using TP=9, FP=0,FN=1,and TN = 11:

.. 9 9
Precision,, = 910 = 1.0000, RecallM = 9x1 " 0.9000,
Specificity,, = L 1.0000 18
P MT T1+0 - T (18)
FlM _ 2% 1.0000 % 0.9000 — 0.9474.

1.0000 + 0.9000

Normal class (one-vs-rest). Using TP =8, FP =3, FN=0,and TN = 10:

8 8
Precisi = —— = 0.7273, Recall,, = —— =1. s
recision 813 0.7273, Reca N 830 0000
Specificity, = —2— = 0.7692 19
Pectlicliy = 1043 = V7% (19)

_2Xx0.7273x1.0000

F1, =
N 0.7273 + 1.0000

= 0.8421.

Macro-averaged metrics. The overall metrics reported in Table 6 are obtained by averaging the
three class-wise values:

1.0000 + 1.0000 + 0.7273  2.7273

Precisionpacro = 3 = 0.9091,
: . 1. 2.2
Recallyor = 0.3333 +0 9;)00 + 1.0000 _ 333 — 0.7444,
1.0000 + 1.0000 + 0.7692 _ 2.7692
Specificity,_ = o = 202 = o023, (20)
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0.5000 + 0.9474 + 0.8421 2.2895
Flnacro = 3 = 3 = 0.7632.

The class-wise counts and metrics are summarized in Table 7. The macro-averaged values (accuracy
0.8571, precision 0.9091, recall 0.7444, specificity 0.9231, and F1-score 0.7632) are identical to the
XGBoost (Radiomics) row of Table 6, which confirms that the reported results are consistent with the
confusion matrix. The calculation also shows that the lower macro-recall is mainly caused by the Be-
nign class, for which two of the three samples were predicted as Normal, whereas the Malignant and
Normal classes were detected with recalls of 0.9000 and 1.0000, respectively.

Table 7. Class-wise one-vs-rest outcomes and metrics derived from the XGBoost (Radiomics) confusion matrix.

Class TP FP FN TN Prec. Rec. Spec. F1

Benign 1 0 2 18 1.0000 0.3333 1.0000 0.5000
Malignant 9 0 1 11 1.0000 0.9000 1.0000 0.9474
Normal 8 3 0 10 0.7273 1.0000 0.7692 0.8421
Macro avg. - - - - 0.9091 0.7444 0.9231 0.7632

4.3 Comparison with prior work

Table 8 places our results alongside representative published results. Direct comparison should be
made with caution because datasets, class definitions, validation protocols, and metrics differ across
studies.

Table 8. Comparison with representative prior studies (different datasets and protocols).

Study Task / Method AUC Acc.
Huang et al. [9] MPLC vs. IPM, CT radiomics 0.889 -

Chen etal. [10] MPLC vs. IPM, pair relation (training) 0.983 =

Liufu et al. [14] 3-class, MambaOut-Kobe (5-fold CV, image level) 0.946 0.829
Proposed Test set 0.9782 0.8571

https://doi.org/10.64388/IREV1014-1723737 851



Iconic Research and Engineering Journals Vol. 10, Issue 4 (2026)

CORRECT - True: Malignant | Predicted: Malignant

Original - True: Malignant

Grad-CAM Heatmap Prediction: Malignant (97.1%)

mr 1.0

0.8

0.6
0.4

0.8

Activation
o
o
Activation

T
e
>

M

A
( ) Original - True: Malignant Grad-CAM Heatmap

Prediction: Normal (42.4%)

mr 1.0

0.8

0.6

o
o

&¢

Activation
Activation

T
e
IS

v

(B)
Figure 5. Grad-CAM visualization of model attention for lung CT classification. (A) Correct prediction showing focal

activation. (B) Misclassified case showing less confident activation patterns, reflecting diagnostic uncertainty. Warmer
colors indicate stronger network activation.

5 Discussion

The principal finding is that radiomics-based tree models outperformed the deep fusion network and
the ensemble on every threshold-dependent metric, and XGBoost also achieved the highest ROC-AUC.
This is consistent with the well-known behavior of deep networks on small cohorts, where a high-ca-
pacity model with 2D, 3D, and radiomic branches is prone to overfitting, whereas regularized tree en-
sembles operating on compact, engineered features are more stable [24], [25]. The ensemble im-
proved over the deep fusion model alone, indicating that combining complementary models is benefi-
cial. However, because the ensemble includes the weaker deep model, its performance fell below that
of the radiomics-only models; weighted voting or stacking, with weights chosen on the validation set,
may recover this gap.

Compared with prior work, our patient-level design avoids the image-level splitting limitation ac-
knowledged by earlier slice-based studies [14]. The strong ROC-AUC of the radiomics models is in
line with the performance of CT radiomics reported for MPLC/IPM differentiation [9], [10].

6 Limitations

The main limitation of this study is the relatively small dataset of 1,097 CT images, with an imbal-
anced distribution among normal, benign, and malignant classes, which may limit the generalizability
of the proposed framework. The deep-fusion model also involves multiple high-capacity branches
(2D-MIL, 3D, and radiomics), which can be prone to overfitting on limited data. In addition, the exper-
imental evaluation was performed on a single dataset, and therefore the robustness of the models
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across different institutions, scanners, imaging protocols, and patient populations remains uncertain.
The ensemble also did not outperform the radiomics-based XGBoost model, indicating that the cur-
rent soft-voting strategy may require further optimization.

7 Conclusion

We presented a patient-level framework combining deep fusion (2D-MIL, 3D, and radiomics), radiom-
ics-based Random Forest and XGBoost, and an ensemble for differentiating multiple primary lung
cancers on CT. Radiomics-based models achieved the best results in this cohort, with XGBoost reach-
ing a ROC-AUC of 0.9782 and both tree models attaining an accuracy of 0.8571, while the deep fusion
model and ensemble obtained ROC-AUCs of 0.9154 and 0.9376, respectively. These findings support
radiomics-driven models as strong baselines for MPLC differentiation and motivate larger multicen-
ter validation.

8 Future work

Future work will focus on validating the proposed framework using larger, diverse, and multicenter
CT datasets to improve its clinical generalizability. The framework can be further enhanced by incor-
porating clinical, histopathological, molecular, and PET/CT information alongside CT radiomics.
Weighted voting or stacking strategies can also be investigated to improve ensemble performance.
Further research may explore advanced segmentation, feature-selection, explainable Al, probability
calibration, and prospective clinical validation to develop a more robust and clinically applicable sys-
tem for differentiating MPLC, intrapulmonary metastasis, and benign pulmonary lesions.

Data Availability

The dataset is available on Kaggle: https://www.kaggle.com/datasets/arnabduttal23/the-ig-othnc-
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Code Availability

The code is available on Kaggle: https://www.kaggle.com/code/arnabduttal23/final-lungs-detection
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