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Abstract 

Purpose: The objective of this study is to develop a hybrid model combining K-Nearest Neighbor (K-NN) and 

Bidirectional Convolutional Long Short-Term Memory (BiConvLSTM) for effective detection of lung cancer 

nodules in chest CT images. 

Materials and Methods: A dataset of 200 high-resolution CT images (100 nodular, 100 healthy controls) was 

utilized. Preprocessing steps, including wavelet-based noise reduction and GAN-enhanced contrast refinement, 

ensured standardized image quality. Spatial features were initially extracted using K-NN, optimized across 

multiple values of k. Temporal dependencies were processed through BiConvLSTM, supported by residual 

pathways to preserve information integrity. Evaluation metrics and advanced optimizers (Adam, Nadam, and 

AdamW) were compared to assess performance. 

Results: The hybrid model achieved peak accuracy (97.2% ± 1.1) with k = 7, while k-fold cross-validation with 

k = 5 maintained strong performance. AdamW optimizer outperformed others in generalization metrics and Dice 

similarity (0.93), while Nadam demonstrated faster convergence, reducing training epochs by 20%. Metrics such 

as AUROC (0.98) and the Jaccard index confirmed the robustness of the model compared to conventional 

architectures like U-Net. Additionally, the statistical significance of the proposed model was validated with a P-

value of 1.2E-5. 

Conclusion: This proposed hybrid AI model addresses challenges in nodular identification and provides a 

scalable, reliable solution for lung cancer detection in clinical imaging workflows. 

Keywords: Lung Cancer; Computed Tomography Image; K- Nearest Neighbor; Bidirectional Convolutional Long 

Short-Term Memory; Optimization; Neural Network; Deep Learning. 
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1. Introduction  

Lung cancer persists as a major global health 

challenge, claiming more lives annually than any other 

form of cancer [1-3]. This alarming mortality rate 

underscores the urgent need for precise diagnostic 

tools capable of detecting malignancies at the earliest 

possible stage [4]. Central to this endeavor is the 

identification of malignant nodules in chest Computed 

Tomography (CT) scans. These nodules exhibit 

considerable variability in their spatial structure, size, 

and morphology, coupled with temporal dependencies 

across sequential CT slices [5]. Such complexities 

make their accurate detection a formidable task, 

demanding methodologies that can bridge the gap 

between spatial precision and temporal coherence. To 

address these challenges, advanced computational 

models are being developed to automate and enhance 

diagnostic workflows. Among the most promising 

approaches are hybrid frameworks that synergize the 

unique capabilities of different machine learning 

algorithms [6]. This study introduces such a hybrid 

architecture, uniting k-Nearest Neighbor (K-NN) and 

Bidirectional Convolutional Long Short-Term 

Memory (BiConvLSTM) algorithms. This 

combination is specifically tailored to address the dual 

demands of spatial and temporal feature extraction 

within chest CT imaging. K-Nearest Neighbor (K-

NN), a non-parametric algorithm, forms the spatial 

feature extraction backbone of the model [7]. It 

operates by identifying the ‘k’ nearest data points in a 

multi-dimensional feature space, effectively 

distinguishing nodular regions based on pixel-level 

intensity patterns. The choice of an optimal value for 

k is critical, as it directly influences the resolution of 

spatial features captured. Lower k values can lead to 

noise oversensitivity, whereas higher values risk 

blurring fine-grained distinctions within the image [8]. 

This highlights the algorithm's reliance on careful 

parameter tuning to achieve robust and meaningful 

feature extraction. In parallel, the temporal complexity 

of CT slices is addressed by the Bidirectional 

Convolutional Long Short-Term Memory 

(BiConvLSTM) network. This component combines 

the strengths of convolutional layers and recurrent 

LSTM units. Convolutional layers excel at capturing 

localized spatial features within individual slices, 

while the LSTM architecture models dependencies 

across sequential slices. The bidirectional nature of 

this configuration ensures that both past and future 

contexts are considered during temporal feature 

extraction [9]. This dual-directional processing is 

particularly advantageous in medical imaging, where 

sequential slice data provides critical diagnostic 

context. The integration of these algorithms into a 

unified framework necessitates several architectural 

innovations. A cross-modal attention mechanism is 

employed to effectively merge spatial and temporal 

insights, ensuring that the extracted features contribute 

cohesively to the classification and segmentation 

tasks. This mechanism dynamically adjusts the weight 

of spatial versus temporal contributions, depending on 

the specific characteristics of the input data. 

Furthermore, residual pathways within the 

BiConvLSTM layers mitigate gradient vanishing 

problems, ensuring the preservation of critical 

diagnostic information throughout the depth of the 

network [10]. Preprocessing plays a pivotal role in 

preparing the raw CT data for hybrid modeling. To 

further enhance the visibility of nodules, a Generative 

Adversarial Network (GAN)-based contrast 

refinement pipeline is utilized [11]. This approach not 

only improves the quality of individual slices but also 

maintains consistency across the entire sequence, a 

crucial factor for effective temporal analysis. Pixel 

intensities are normalized to a fixed range, ensuring 

uniform input data representation across the network. 

In addition, stochastic data augmentation techniques 

are employed to diversify the training dataset. These 

include geometric transformations such as rotations 

and flips, as well as intensity-based manipulations like 

elastic deformations and domain randomization. 

These augmentations effectively simulate real-world 

variability in imaging data, improving the 

generalizability of the model and reducing the risk of 

overfitting to specific patterns within the training set. 

Dynamic node scaling is another critical architectural 

feature, allowing the model to adapt to varying 

nodular sizes and shapes. This dynamic approach 

ensures that the model remains versatile across various 

morphological characteristics without compromising 

precision. It is particularly effective in 

accommodating the inherent heterogeneity of 

malignant nodules, which may exhibit irregular and 

unpredictable growth patterns. This hybrid framework 

represents a significant advancement in leveraging 

algorithmic synergies for medical imaging. By 

addressing spatial and temporal challenges in an 
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integrated manner, the proposed model lays the 

groundwork for a robust diagnostic tool capable of 

enhancing accuracy and efficiency in lung cancer 

detection. 

2. Materials and Methods  

The dataset used for this study was obtained from 

The Cancer Imaging Archive (TCIA), a publicly 

accessible repository that provides high-quality 

medical imaging data. This dataset consists of 200 

high-resolution CT images, including 100 images with 

nodular findings and 100 healthy controls, ensuring a 

balanced representation for training and evaluation. 

Pre-processing involved advanced techniques, 

including wavelet-based noise reduction to eliminate 

high-frequency artifacts and GAN-enhanced contrast 

refinement to improve the visibility of nodular 

structures. Pixel intensities were normalized to a [0, 1] 

range for uniformity. Stochastic augmentation 

pipelines introduced geometric (rotations, flips) and 

intensity variations (elastic transformations and 

domain randomization) to further enhance diversity 

and mitigate overfitting risks. Early detection of lung 

cancer can save lives. Figure 1 shows two CT scan 

images of an unhealthy and healthy lung.  

2.1. Hybrid Model Design 

The hybrid model integrates K-NN and 

BiConvLSTM into a unified architecture for spatial 

and temporal feature extraction. K-NN achieves peak 

accuracy at k=7, optimizing spatial feature 

recognition. BiConvLSTM captures temporal 

dependencies across CT slices, enhanced with residual 

pathways to preserve information integrity. Figure 2 

visualizes K-NN clustering results for healthy (green) 

and unhealthy (red) lung samples, with decision 

boundaries plotted for k=7. 

Figure 3 provides a detailed illustration of the 

BiConvLSTM model, showcasing its architecture and 

functionality, including the integration of bidirectional 

LSTM layers and convolutional operations for 

capturing both spatial and temporal features in data. 

The BiConvLSTM model is a powerful 

combination of Convolutional Neural Networks 

(CNNs) and bidirectional long short-term memory 

(BiLSTM) for processing spatiotemporal data [12], 

such as videos or dynamic images. It first extracts 

spatial features using a convolutional layer (𝐻𝑐𝑜𝑛𝑣 =

𝑓(𝑊𝑐𝑜𝑛𝑣 ∗ 𝑋 + 𝑏𝑐𝑜𝑛𝑣)), then analyzes temporal 

sequences with ConvLSTM, which replaces standard 

LSTMs' linear operations with convolutional ones. 

Equations 1 to 4 are the structural formulas of the 

neural network [13]. 

• Gates: 

 

 

Figure 1. A: CT scan showing a lung with cancerous 

nodules, and B: Healthy lung CT scan with no abnormalities 

detected 

 

 

Figure 2. Clusters of Healthy (green) and Unhealthy (red) 

Lung samples visualized with K-NN decision boundaries 

at k=7 

 

Figure 3. The illustration of BiConvLSTM 
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Input: 𝑖𝑡 = 𝜎(𝑊𝑖 ∗ 𝑋𝑡 + 𝑈𝑖 ∗ ℎ𝑡−1 + 𝑏𝑖) (1) 

Forget: 𝑓𝑡 = 𝜎(𝑊𝑓 ∗ 𝑋𝑡 + 𝑈𝑓 ∗ ℎ𝑡−1 + 𝑏𝑓) (2) 

Cell State: 𝐶𝑡 = 𝑓𝑡 ∘ 𝐶𝑡−1 + 𝑖𝑡 ∘ tanh(𝑊𝑐 ∗

𝑋𝑡 + 𝑈𝑐 ∗ ℎ𝑡−1 + 𝑏𝑐) 
(3) 

Output: ℎ𝑡 = 𝑜𝑡 ∘ tanh(𝐶𝑡) (with 𝑜𝑡 = 𝜎(𝑊𝑜 ∗

𝑋𝑡 + 𝑈𝑜 ∗ ℎ𝑡−1 + 𝑏𝑜)) 
(4) 

In the bidirectional part, two layers of forward 

LSTM (ℎ𝑡
forward) and backward LSTM (ℎ𝑡

backward) are 

executed simultaneously, and the final output is 

combined by concatenation (𝐻𝑡 =

[ℎ𝑡
forward; ℎ𝑡

backward]) to preserve information from both 

temporal directions. This model excels in applications 

like video activity recognition, weather forecasting, 

and medical image segmentation due to its integration 

of spatial (CNN) and temporal (Bidirectional LSTM) 

capabilities. 

2.2. Spatiotemporal Modeling in Lung CT 

Analysis 

In spatiotemporal modeling for lung CT analysis, 

the integration of convolutional neural networks 

(CNN) and bidirectional long short-term memory 

(BiConvLSTM) enables simultaneous processing of 

spatial features and temporal dependencies. CNN 

layers first extract structural attributes such as edges, 

textures, and intensity variations, ensuring a 

comprehensive spatial representation. BiLSTM then 

performs bidirectional temporal encoding, capturing 

progressive morphological changes in pulmonary 

nodules across sequential CT images. An attention 

mechanism further enhances diagnostic accuracy by 

prioritizing clinically significant features. 

Additionally, optimizing convolutional filter sizes, 

activation functions, and parameter tuning improves 

the model’s efficiency and performance compared to 

conventional approaches. This hybrid architecture not 

only strengthens sensitivity and specificity in nodule 

classification but also facilitates a more precise 

assessment of disease progression in medical imaging. 

The detailed processing flow of the BiConvLSTM 

architecture, incorporating convolutional layers for 

spatial features, bidirectional LSTM for temporal 

modeling, and normalization techniques for 

efficiency, is shown in Table 1. 

2.3. Hyperparameter Tuning and 

Optimization Strategies 

Three optimizers, Adam, Nadam, and AdamW, 

were meticulously compared to determine their 

efficiency and effectiveness. Adam employed 

adaptive learning rates along with gradient 

normalization to ensure stable training [14], and 

Nadam combined momentum and adaptive techniques 

to accelerate convergence [15]. AdamW, on the other 

hand, focused on mitigating overfitting by directly 

regularizing weight updates [16]. Hyperparameter 

Table 1. The step-by-step transformation of input tensors in a neural architecture using specified operations and parameters 

Step Operation 

Input 

Dimensions (H 

× W × C) 

Output 

Dimensions (H 

× W × C) 

Kernel 

Size 
Stride Padding 

Activation 

Function 

1 

Convolution 

(Feature 

Extraction) 

128 × 128 × 3 128 × 128 × 16 3 × 3 1 Same ReLU 

2 
Batch 

Normalization 
128 × 128 × 16 128 × 128 × 16 N/A N/A N/A N/A 

3 Max Pooling 128 × 128 × 16 64 × 64 × 16 2 × 2 2 Valid N/A 

4 
Convolution (Deep 

Features) 
64 × 64 × 16 64 × 64 × 32 3 × 3 1 Same ReLU 

5 
Batch 

Normalization 
64 × 64 × 32 64 × 64 × 32 N/A N/A N/A N/A 

6 

BiLSTM 

(Temporal 

Dynamics) 

64 × 64 × 32 64 × 64 × 64 N/A N/A N/A Tanh 

7 
Dropout 

(Regularization) 
64 × 64 × 64 64 × 64 × 64 N/A N/A N/A N/A 

8 
Fully Connected 

(Output Layer) 
64 × 64 × 64 64 × 64 × 10 N/A N/A N/A Softmax 
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tuning, executed via Bayesian optimization, 

systematically refined configurations such as learning 

rates, batch sizes, and dropout rates, ultimately 

achieving optimal performance on both training and 

validation datasets. To optimize the performance of 

the proposed hybrid model, an extensive 

hyperparameter tuning process was conducted. The 

optimization followed a Bayesian Optimization 

framework, specifically employing the Tree-

structured Parzen Estimator (TPE) to explore both 

continuous and discrete hyperparameter spaces 

efficiently. The optimal hyperparameter tuning 

process was conducted using various search and 

evaluation methods to enhance the performance of the 

proposed hybrid model. Bayesian Optimization with 

the Tree-structured Parzen Estimator (TPE) was 

employed for learning rate selection, refining it to 

1×10⁻³ over 100 iterations. Additionally, Bayesian 

Optimization guided the selection of the k-value (K-

NN) and Weight Decay (L2) parameters, while 

Random Search with Early-Stopping determined the 

batch size at 32. Comparative assessments identified 

AdamW as the optimal optimizer, and convergence 

speed analysis favored ReLU as the activation 

function. Grid Search optimized the dropout rate at 

0.3, and Early-Stopping ensured the epoch count of 

100, balancing model stability and performance. Loss 

function evaluations confirmed Categorical Cross-

entropy as the best choice based on Jaccard and Dice 

analyses. The comprehensive tuning approach 

improved the model’s robustness across key metrics. 

Table 2 shows a comprehensive summary of the 

adjusted parameters. 

2.4. Model Training and Validation 

The dataset was carefully divided into training 

(70%), validation (15%), and testing (15%) subsets to 

ensure class balance across all sets. Additionally, 

learning rate scheduling with cosine annealing 

dynamically adjusted the training process, while early 

stopping mechanisms prevented overfitting, ensuring 

efficient convergence. The evaluation encompassed 

diverse metrics to comprehensively analyze the 

model's performance. For classification tasks, metrics 

such as accuracy, sensitivity, specificity, precision, 

and F1 score were utilized [17, 18]. Spatial precision 

was assessed through the Dice similarity coefficient 

and the Jaccard index, specifically for nodular 

segmentation. Finally, discrimination analysis was 

conducted using the AUROC metric to evaluate the 

model's ability to distinguish between nodular and 

non-nodular cases [19-21]. 

2.5. Computational Infrastructure 

All experiments were executed on a computational 

cluster equipped with NVIDIA Tesla A100 GPUs.  

Mixed-precision training was employed to optimize 

memory usage and training efficiency. Advanced 

libraries, including MONAI for medical image 

processing, and frameworks such as Optuna and Ray 

 

Table 2. Optimal hyperparameter tuning to enhance machine learning model performance using various search and 

evaluation methods 

Hyperparameter Search Space Optimization Method Final Value 

Learning Rate [1E-4, 5E-4, 1E-3, 5E-3, 1E-2] 
Bayesian Optimization (TPE), 

100 iterations 
1×10⁻³ 

Batch Size {16, 32, 64, 128} 
Random Search + Early-

Stopping (patience=10) 
32 

Optimizer {Adam, Nadam, AdamW} 
Comparative performance 

evaluation 
AdamW 

Weight Decay 

(L2) 
[1E-6, 1E-5, 1E-4, 1E-3] Bayesian Optimization 1×10⁻⁴ 

Dropout Rate [0.2, 0.3, 0.4, 0.5] Grid Search 0.3 

k-value (K-NN) {3, 5, 7, 9, 11,15} Bayesian Optimization 7 

Epochs [30, 50, 75, 100] 
Early-Stopping on validation 

loss 
100 

Activation 

Function 
{ReLU, Leaky ReLU, ELU} 

Convergence speed & final 

accuracy evaluation 
ReLU 

Loss Function 
{Categorical Cross-entropy, Focal 

Loss, Dice Loss} 

Comparative Jaccard & Dice 

analysis 

Categorical Cross-

entropy 
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Tune facilitated hyperparameter optimization and 

distributed computation. 

3. Results 

The hybrid model achieved superior classification 

performance, with AdamW delivering an accuracy of 

97.2%, a Dice coefficient of 0.93, and an AUROC of 

0.98. Optimal k values for K-NN were found at k = 7, 

with significant degradation observed beyond k = 15. 

Nadam demonstrated a 20% reduction in training 

epochs, highlighting its convergence efficiency. A 

comparative evaluation confirmed the superiority of 

the proposed architecture over traditional methods, as 

validated through statistical significance tests. Table 3 

focuses on the metrics specific to segmentation tasks, 

such as the spatial-temporal Dice similarity coefficient 

and the Jaccard index. 

Training time, parameter count, and hardware 

requirements, emphasizing their computational 

demands and scalability for real-world applications. 

These specifications are detailed and summarized 

comprehensively in Table 4. 

The impact of preprocessing techniques is 

highlighted by their ability to significantly enhance 

critical performance metrics, such as accuracy, 

AUROC, and Dice similarity coefficient. These 

improvements are clearly outlined, as shown in Table 

5. 

The evaluation of model performance highlights 

critical metrics across various classes, including 

classification accuracy, sensitivity, specificity, 

precision, and F1 score. This detailed assessment is 

summarized comprehensively, as shown in Table 6. 

4. Discussion 

The hybrid model combining k-Nearest Neighbor 

(K-NN) and Bidirectional Convolutional Long Short-

Term Memory (BiConvLSTM) demonstrates 

substantial advancements in addressing the spatial and 

temporal complexities inherent to lung cancer nodule 

detection in chest CT scans. The model’s design 

incorporates key innovations that enhance its 

diagnostic performance, such as cross-modal attention 

mechanisms for effective feature integration, residual 

pathways to mitigate vanishing gradient issues, and 

dynamic node scaling to accommodate nodular 

morphological variability. These architectural 

elements enable the hybrid framework to extract and 

process critical diagnostic information efficiently, 

outperforming several traditional and hybrid 

methodologies. A central component of the evaluation 

is the model's performance across standard metrics, 

including accuracy, sensitivity, specificity, precision, 

and F1 score. For spatial analysis, metrics such as the 

Dice similarity coefficient and the Jaccard index 

 

Table 4. Comparative Analysis of Model Performance 

Metrics Using Dice Similarity Coefficient and Jaccard 

Index 

    l 
Di    imil  it  

   ffi i  t 

J       

I   x 

K-NN 0.85 0.78 

 V  0.80 0.72 

 i     0.87 0.80 

 V -     0.88 0.81 

 V -

         
0.89 0.82 

 V -

 i         
0.90 0.85 

K-NN-

         
0.89 0.83 

K-NN-

 i         
0.93 0.89 

 

Table 3. Comparative Overview of Model Specifications, Including Training Time, Parameter Count, and 

Hardware Requirements 

    l    i i g  im  (h u s) P   m t  s (milli  s) H        R qui  m  t 

K-NN 0.2 N/A Standard CPU 

 V  0.3 N/A Standard CPU 

 i     2.5 10 GPU Recommended 

 V -     3.5 12 GPU Recommended 

 V -         4.2 18 GPU Recommended 

 V - i         5.0 22 GPU Required 

K-NN-         4.5 20 GPU Required 

K-NN- i         5.8 25 High-P  f  m     GPU 
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provide insights into the model's ability to segment 

and classify nodular structures accurately. In terms of 

discrimination capabilities, the Area Under the 

Receiver Operating Characteristic curve (AUROC) 

demonstrates the robustness of the hybrid approach in 

differentiating between nodular and non-nodular 

cases. Collectively, these metrics validate the model’s 

effectiveness and reliability in clinical scenarios. 

When compared with other models, the hybrid 

framework exhibits distinctive strengths. For instance, 

while standalone K-NN achieves high spatial 

precision, it lacks temporal analysis capabilities, 

which limits its applicability to complex imaging 

tasks. Similarly, SVM, although effective in linearly 

separable classification problems, struggles with 

multidimensional and sequential data. On the other 

hand, hybrid models incorporating deep learning 

components, such as SVM-ConvLSTM and SVM-

BiConvLSTM, offer improved temporal feature 

extraction but often lack the bidirectionality provided 

by BiConvLSTM, which is crucial for comprehensive 

sequential data analysis. 

 

Quantitative performance evaluations further 

underscore the hybrid model’s superiority. For 

example: 

Accuracy: The hybrid model achieved 97.2% 

accuracy, significantly higher than SVM-ConvLSTM 

(91.6%) and K-NN (87.5%). 

Sensitivity and Specificity: It demonstrated 

balanced sensitivity (94%) and specificity (95%), 

outperforming models like SVM-LSTM, which 

exhibited sensitivity and specificity of 90% and 89%, 

respectively. 

Dice Similarity Coefficient: 0.93 The hybrid model 

surpasses K-NN (0.85) and SVM-BiConvLSTM 

(0.90), emphasizing its spatial segmentation 

capabilities. 

AUROC: With a value of 0.98, the hybrid approach 

excels in discrimination analysis, outperforming 

standalone methods such as SVM (0.85) and K-NN 

(0.88). 

Table 5. Performance Evaluate(k-fold=5) 

    l  l ss P   isi   (%) R   ll (   siti it , %)  p  ifi it  (%)  1       

K-NN Nodular 83 85 89 0.84 
 Non-Nodular 86 89 85 0.87 

 V  Nodular 81 83 86 0.82 
 Non-Nodular 84 86 84 0.85 

 i     Nodular 86 89 88 0.87 
 Non-Nodular 88 88 87 0.88 

 V -     Nodular 89 90 89 0.89 
 Non-Nodular 90 89 90 0.90 

 V -         Nodular 90 91 90 0.90 
 Non-Nodular 91 90 91 0.91 

 V - i         Nodular 92 92 91 0.91 
 Non-Nodular 92 91 92 0.91 

K-NN-         Nodular 91 91 92 0.91 
 Non-Nodular 92 92 91 0.91 

K-NN- i         Nodular 93 94 95 0.93 
 Non-Nodular 95 96 94 0.95 

 

  bl  6. Impact of Preprocessing Techniques on Key Performance Metrics, Demonstrating Improvements in Model 

Accuracy, AUROC, and Dice Similarity Coefficient 

P  p    ssi g    h iqu  Imp        t i  
  t i  V lu    f    

P  p    ssi g 

  t i  V lu  Aft   

P  p    ssi g 

GAN-  s      t  st 

R fi  m  t 
AUROC 0.92 0.98 

W   l t N is  R  u ti   
Dice Similarity 

Coefficient 
0.89 0.93 

 t  h sti  Augm  t ti   Accuracy 91.0 97.2 
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Furthermore, computational considerations reveal 

key trade-offs. Although models like SVM-LSTM and 

K-NN-LSTM are less computationally demanding, 

they compromise on temporal feature extraction 

accuracy, particularly for bidirectional data. The 

hybrid model’s reliance on BiConvLSTM ensures 

robust bidirectional processing but comes at the cost 

of increased computational complexity, necessitating 

high-performance hardware for scalability in clinical 

settings. 

4.1. Overall Performance Metrics Table 

The comparative performance analysis provides an 

in-depth evaluation of the hybrid model against 

alternative architectures. It emphasizes the superiority 

of k-fold = 5 in diagnostic accuracy and evaluates key 

metrics like precision, AUROC, accuracy, F1 score, 

and P-value. This detailed comparison is 

comprehensively outlined in Tables 7 and 8. 

5. Conclusion 

The accurate and early detection of lung cancer 

remains a critical challenge in healthcare, given its 

impact on global mortality rates. This study introduced 

a hybrid K-NN-BiConvLSTM framework, aiming to 

enhance diagnostic precision by integrating spatial 

feature extraction with temporal analysis. The model 

achieved superior performance compared to 

conventional methods, demonstrating strong 

Table 7. Analysis of Machine Learning Models Based on k-fold Values 

Model Class Precision (%) (k-fold=5) Precision (%) (k-fold=10) 

K-NN Nodular 83 81 
 Non-Nodular 86 84 

SVM Nodular 81 79 
 Non-Nodular 84 82 

BiLSTM Nodular 86 84 
 Non-Nodular 88 86 

SVM-LSTM Nodular 89 87 
 Non-Nodular 90 88 

SVM-ConvLSTM Nodular 90 88 
 Non-Nodular 91 89 

SVM-BiConvLSTM Nodular 92 90 
 Non-Nodular 92 90 

K-NN-ConvLSTM Nodular 91 89 
 Non-Nodular 92 90 

K-NN-BiConvLSTM Nodular 93 91 

K-NN-BiConvLSTM Non-Nodular 95 93 

 

Table 8. Comparative Performance Analysis of the Hybrid Model Versus Alternative Models Across Key Evaluation 

Metrics 

Model 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Precision 

(%) 

F1 

Score 

Dice 

Coefficient 

Jaccard 

Index 
AUROC 

Mean 

Accuracy 

± SD 

P-Value 

vs. 

Proposed 

Model 

K-NN 87.5 85 89 84 0.84 0.85 0.78 0.88 
87.5% ± 

1.9 
3.2E-5 

SVM 84.3 83 86 82 0.82 0.80 0.72 0.85 
84.3% ± 

2.1 
1.1E-6 

BiLSTM 88.4 89 88 86 0.87 0.87 0.80 0.91 
88.4% ± 

1.7 
5.5E-4 

SVM-LSTM 91.2 90 89 90 0.90 0.88 0.81 0.92 
91.2% ± 

1.4 
1.7E-3 

SVM-

ConvLSTM 
91.6 91 90 91 0.90 0.89 0.82 0.93 

91.6% ± 

1.3 
2.1E-3 

SVM-

BiConvLSTM 
93.0 92 91 92 0.91 0.90 0.85 0.96 

93.0% ± 

1.2 
4.5E-3 

K-NN-

ConvLSTM 
92.2 91 92 91 0.91 0.89 0.83 0.94 

92.2% ± 

1.3 
3.9E-3 

K-NN-

BiConvLSTM 
97.2 94 95 93 0.93 0.93 0.89 0.98 

97.2% ± 

1.1 
1.2E-5 
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generalizability and robustness in lung nodule 

classification. By leveraging advanced cross-modal 

attention mechanisms, the framework effectively 

combined spatial and temporal dependencies, 

ensuring a more comprehensive analysis of complex 

imaging scenarios. Additionally, optimized 

preprocessing techniques played a crucial role in 

improving model stability and mitigating data 

inconsistencies, further reinforcing its clinical 

viability. These innovations highlight the potential of 

hybrid deep learning architectures in transforming 

automated medical diagnostics. 

Despite its promising results, the study has 

limitations. The dataset size (200 high-resolution CT 

images from TCIA) may affect generalizability across 

broader demographics. Additionally, the 

computational demands of the BiConvLSTM model 

pose challenges for scalability. Future research should 

explore optimization strategies, larger datasets, and 

clinical validation to ensure real-world applicability. 
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    H  c o n v = f (   W  c o n v ∗ X +   b  c o n v )


    i  t = 𝜎 (   W  i ∗   X  t +   U  i ∗  h  t − 1 +   b  i )


    f  t = 𝜎 (   W  f ∗   X  t +   U  f ∗  h  t − 1 +   b  f )


    C  t =   f  t ∘   C  t − 1 +   i  t ∘ tanh ⁡ (   W  c ∗   X  t +   U  c ∗  h  t − 1 +   b  c )


   h  t =   o  t ∘ tanh ⁡ (   C  t )


    o  t = 𝜎 (   W  o ∗   X  t +   U  o ∗  h  t − 1 +   b  o )


   h  t  forward


   h  t  backward


    H  t = [  h  t  forward ;  h  t  backward ]

