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Abstract: Tumor detection and classification play a crucial role in the early diagnosis and treatment planning
of cancer, significantly improving patient outcomes. The rapid growth of medical imaging data has necessitated
the development of intelligent and automated solutions for accurate interpretation. In this study, a novel artificial
intelligence‑based method is proposed for detecting and classifying tumors using advanced machine learning ar‑
chitectures. The approach integrates convolutional and fully connected neural layers, structured to analyze key
diagnostic features from imaging and clinical datasets. The model is fine‑tuned through evolutionary optimization
to enhance its learning parameters andminimize classification errors. The system operates in two primary phases:
data‑driven feature refinement and multi‑class tumor classification. Evaluations were carried out across multiple
benchmark datasets, including Computer Tomography (CT) andMagnetic Resonance Imaging (MRI) scans, with the
proposed method demonstrating a high classification accuracy and robustness in distinguishing between benign
and malignant tumor types. Comparative analyses show that the proposed model achieves superior performance
over conventional classifiers and hybrid systems. This framework not only supports accurate and early tumor di‑
agnosis but also holds potential for adaptation across various tumor categories beyond those initially tested. The
study underscores the capacity of artificial intelligence to support clinical decision‑making in oncology through
reliable, efficient, and scalable diagnostic tools.
Keywords: Tumor Classification; Artificial Intelligence; Neural Networks; Cancer Diagnosis; Machine Learning;
Evolutionary Optimization

1. Introduction
Tumors, both benign andmalignant, represent a significant global health concern, with cancer being a leading

cause of mortality worldwide. Across various forms, including lung, breast, prostate, brain, and colorectal cancers,
the ability to accurately detect and classify tumors at an early stage remains crucial for improving survival rates
and treatment outcomes. According to the Global Cancer Observatory (GLOBOCAN), approximately 19.3 million
new cancer cases and nearly 10 million cancer‑related deaths occurred globally in 2020 alone [1]. The burden
of cancer, coupled with diagnostic complexity, necessitates advanced approaches that enhance precision, reduce
human error, and support timely clinical decision‑making.

Traditional diagnostic processes often involve invasive procedures, imaging techniques such as CT, MRI, and
Positron Emission Tomography (PET) scans, and histopathological assessments. Although these modalities are
effective, they are time‑intensive, heavily reliant on expert interpretation, and may suffer from variability in judg‑
ment [2]. Furthermore, tumor classification which involves distinguishing between benign and malignant masses,
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and among subtypes of malignancies is critical for determining prognosis and guiding therapeutic strategies. The
misclassification of tumor types can lead to either overtreatment or inadequate care, further highlighting the need
for robust diagnostic tools.

Recent technological advancements have significantly impacted themedical field, particularly through the inte‑
gration of artificial intelligence (AI). AI‑driven systems have the capacity to process vast amounts of heterogeneous
clinical and imaging data, identify complex patterns, and generate accurate diagnostic predictions with minimal
supervision [3]. The evolution of AI has given rise to specialized subfields such as machine learning (ML), deep
learning (DL), and artificial neural networks (ANN), all of which are increasingly being applied to cancer detection
and classification tasks. Notably, convolutional neural networks (CNNs) have shown exceptional performance in
analyzing visual data, such as histopathological slides and radiographic images, while recurrent and fully connected
networks have demonstrated utility in handling structured patient data [4].

Machine learning techniques offer immense promise for oncology, particularly when trained on curated datasets
drawn from real‑world clinical environments. These systems can learn from labeled examples, enabling them to pre‑
dict tumor characteristics such as size, shape, location, malignancy status, and growth behavior [5]. Furthermore, data
mining techniques complement AI algorithms by extracting meaningful insights from large‑scale cancer repositories,
ultimately aiding in the discovery of novel biomarkers and therapeutic targets [6]. The synergy between AI and cancer
diagnostics provides the foundation for personalizedmedicine, where treatment strategies can be tailored to individual
patient profiles.

Despite the proven utility of AI in medical diagnostics, challenges persist. One major issue lies in the hetero‑
geneity of tumor data arising from differences in imaging modalities, patient demographics, and biological vari‑
ability which can impede model generalization. Additionally, the optimization of neural network architectures,
particularly regarding the selection of input features, tuning of hyperparameters, and prevention of overfitting, re‑
mains a complex task [7]. Evolutionary algorithms, inspired by biological evolution, offer a promising solution for
addressing these challenges. By iteratively searching for optimal configurations, such algorithms enhance model
performance, reduce computational costs, and improve classification accuracy across diverse tumor datasets.

In this study, we present a comprehensive AI‑based framework for the detection and classification of tumors.
The proposed system integrates advanced neural network models with evolutionary optimization techniques to
enhance learning efficiency and diagnostic reliability. Unlike conventional diagnostic pipelines, our approach em‑
phasizes automated feature extraction, robust parameter tuning, and ensemble decision‑making to mitigate the
limitations of single‑model architectures. The framework is tested across multiple publicly available datasets, cov‑
ering a range of tumor types and imaging sources. The results indicate high accuracy in tumor detection and precise
classification, supporting the potential of AI‑based systems in routine clinical practice.

The remainder of this paper is organized as follows: Section 2 presents a review of AI and machine learning
algorithms relevant to tumor classification. Section 3 discusses related works in cancer diagnosis using artificial
intelligence. Section 4 introduces the proposed model architecture, along with the methodology for integrating
evolutionary optimization. Section 5 presents the experimental setup and performance evaluation across datasets.
Section 6 concludes with a summary of findings and suggestions for future research directions in the field of AI‑
assisted oncology diagnostics.

2. Background
In this section, a comprehensive overview is presented covering artificial intelligence (AI) technologies used

in tumor detection and classification. Specifically, attention is given to deep learning neural networks, particularly
convolutional neural networks (CNNs), ensemble learning approaches, and the optimization of classification per‑
formance through evolutionary algorithms.

2.1. Deep Learning Neural Networks in Tumor Detection
In the field of medical imaging and tumor analysis, Convolutional Neural Networks (CNNs) have emerged as a

powerful deep learning architecture, adept at handling complex image recognition and classification tasks. CNNs
are a specialized category of artificial neural networks primarily used for analyzing visual imagery. They consist
of convolutional layers that perform feature extraction, pooling layers for dimensionality reduction, and fully con‑
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nected layers that carry out classification [5]. These networks mimic the hierarchical organization of the human
visual cortex and can detect intricate spatial features in medical images such as MRI, CT scans, and mammograms.
The number of layers, filter sizes, activation functions (such as ReLU or sigmoid), and learning rates must be metic‑
ulously tuned for optimal performance [3].

CNNs have been applied successfully in various cancer diagnosis studies, where they outperform traditional
image processing techniques by learning directly from raw imaging data [8]. They require large amounts of labeled
data, and when trained effectively, can achieve accuracy rates that are comparable to or even surpass those of ex‑
perienced radiologists [9]. Nevertheless, the challenge in CNN utilization lies in their susceptibility to overfitting,
the high computational requirements, and the necessity for annotatedmedical datasets, which are often scarce and
expensive to acquire [5].

2.2. Evolutionary Algorithms for Classifier Optimization
The efficacy of any AI‑driven tumor classification system is closely tied to the fine‑tuning of its underlying

parameters, especially in deep learning models. Evolutionary algorithms (EAs) have proven to be effective opti‑
mization methods in this regard. These algorithms simulate natural evolutionary processes to optimize model ar‑
chitecture and hyperparameters, enhancing accuracy and generalization capabilities [10]. Among the widely used
evolutionary algorithms are the Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and the Differential
Evolution (DE) algorithm.

Genetic Algorithms use operations such as selection, crossover, and mutation to evolve better solutions over
successive generations [11]. In tumor detection models, GAs have been applied to optimize CNN layer configura‑
tions, select themost informative features, and reduce themodel’s complexity whilemaintaining high classification
performance [12]. Particle Swarm Optimization, inspired by the social behavior of birds and fish, operates by sim‑
ulating a swarm of particles moving through the solution space, adjusting their positions based on both personal
and global best experiences [13]. PSO has demonstrated efficiency in fine‑tuning neural network weights and bi‑
ases, thereby improving convergence speed and reducing classification errors [14]. Differential Evolution, on the
other hand, uses differential mutations and recombination to explore the solution space, proving especially useful
in avoiding local minima that hinder traditional optimization methods [15].

2.3. Ensemble Classification Methods
While single classifiers like CNNs and Support VectorMachines (SVMs) have shown promising results in tumor

classification, they are often sensitive to variations in data distribution, leading to inconsistent results. Ensemble
classification methods address this problem by combining predictions from multiple models to produce more ro‑
bust and accurate results [16]. In medical image analysis, ensemble learning techniques such as bagging, boosting,
and stacking have gained popularity for their ability to reduce variance, bias, and overfitting are common pitfalls in
single‑model approaches [17].

In bagging‑based approaches likeRandomForests,multiple decision trees are trainedon randomsubsets of the
data, and their outputs are aggregated tomake final predictions. Boosting techniques such as AdaBoost or Gradient
Boosting iteratively train weak classifiers by focusing on previously misclassified instances. Stacking, in contrast,
uses ameta‑classifier to learn the optimal combination of predictions from various basemodels [18]. These ensem‑
ble techniques not only enhance classification accuracy but also improve the interpretability and generalizability
of AI systems in diverse clinical settings.

Conceptually, ensemble methods work under the assumption that the weaknesses of individual models can
be compensated by the strengths of others. In the context of tumor detection, combining CNNs, SVMs, and deci‑
sion trees through ensemble learning has been demonstrated to produce higher diagnostic accuracy, particularly
in heterogeneous datasets containing varying tumor types, sizes, and imaging modalities [19]. Figure 1 provides
a schematic overview of a typical ensemble classification system in tumor detection and classification, illustrating
the process of combining multiple learners to yield a unified, superior prediction.

AI‑based tumor detection and classification rely heavily on advanced neural network architectures, evolution‑
ary optimization strategies, and ensemble learning frameworks to achieve high levels of diagnostic accuracy. By
integrating these methodologies, AI systems can provide scalable, reliable, and clinically relevant tools that sup‑
portmedical professionals in early tumor detection and personalized treatment planning. The combination of deep
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learning and optimization algorithms opens new avenues for research and development in computational oncology,
enhancing the capacity to identify malignancies at earlier, more treatable stages.

Figure 1. Schematic overview of ensemble classification framework in tumor detection.

3. RelatedWorks
The rapid advancement in artificial intelligence (AI) has significantly impacted the domain of medical diagnos‑

tics, particularly in tumor detection and classification. With the exponential growth of clinical data and medical
imaging, AI‑based techniques have become indispensable tools in the early diagnosis and management of cancer‑
ous tumors [8]. Traditional methods such as radiological imaging, histopathological analysis, and surgical biopsies
remain the gold standard in oncological diagnosis. However, thesemethods are time‑consuming, often require inva‑
sive procedures, and may involve subjective interpretation by clinicians, which increases the possibility of diagnos‑
tic variability and error [3]. In contrast, AI‑based approaches offer a powerful alternative by providing consistent,
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high‑precision, and real‑time evaluation of tumors using machine learning (ML) and deep learning (DL) models
that analyze multimodal data ranging frommedical images to genomic sequences.

Various studies have explored the applicability of AI models for tumor detection and classification. A study
by Shen et al. (2017) introduced a deep learning framework based on convolutional neural networks (CNNs) for
lung nodule classification in CT images [20]. Their model achieved substantial accuracy in differentiating between
benign and malignant nodules, demonstrating the potential of deep feature learning in thoracic oncology. Simi‑
larly, Ghasemi et al. (2025) proposed a hybrid architecture combining deep CNNs with attention mechanisms for
brain tumor classification using magnetic resonance imaging (MRI) [21]. The integration of attention mechanisms
enabled the model to focus on tumor‑relevant regions, significantly improving classification accuracy compared to
traditional feature extraction approaches.

Transfer learning has also emerged as a prominent technique in the development of AI‑driven diagnostic sys‑
tems, particularly in caseswhere labeledmedical datasets are limited. For instance, Hussain et al. (2018) employed
transfer learning using pre‑trained ResNet and VGG architectures to classify breast tumors in mammographic im‑
ages [7]. Their model achieved high sensitivity and specificity, demonstrating the efficacy of leveraging pre‑trained
networks on medical imaging tasks. Furthermore, Subedi et al. (2025) combined CNNs with recurrent neural
networks (RNNs) to classify gastrointestinal tumors using endoscopic video data, which enabled temporal feature
learning and significantly improved performance in detecting subtle tissue abnormalities [22].

Ensemble learning methods have also gained traction in tumor classification. These approaches combine mul‑
tiple AI models to mitigate the limitations of individual learners, thus improving overall diagnostic reliability. For
example, Chiu et al. (2025) presented an ensemble approach integrating random forest, support vector machines
(SVM), and neural networks to classify skin lesions [23]. Their fusion technique outperformed each base model
individually, especially in handling noisy or imbalanced datasets. Similarly, Gomathi (2025) proposed an ensemble
of gradient boosting machines (GBMs) and CNNs for pancreatic tumor classification, showing that the combination
of statistical and image‑based features enhances diagnostic accuracy [24].

Feature selection and optimization have been integral in refining AI tumor classifiers. Gwalani et al. (2016) in‑
troduced a genetic algorithm‑based feature selection technique to enhance SVM performance in brain tumor detec‑
tion [25]. Their approach effectively reduced dimensionality while retaining relevant features, which led to better
classification results. Moreover, evolutionary computation has been used to optimize neural network hyperparam‑
eters. For example, Thatha et al. (2025) utilized particle swarm optimization (PSO) to fine‑tune deep learningmod‑
els for tumor segmentation in histopathological images, significantly enhancing model convergence and reducing
overfitting [26].

Deep generative models, such as generative adversarial networks (GANs), have also been applied for tumor
classification, particularly in data augmentation and synthetic image generation [27]. This is particularly useful in
medical domains where obtaining large labeled datasets is challenging. GANs can generate realistic tumor images
that augment training data, improving generalization capabilities of classifiers. Wei et al. (2022) used GANs to
synthesize liver tumor images and reported substantial performance gains in liver cancer detection when these
synthetic samples were included in training [28].

Hybrid models that integrate image processing and AI algorithms are further transforming tumor diagnostics.
In one study, Austin andParvathi (2025) combinedmorphological image processing techniqueswith CNNs to detect
tumors in cervical images. The preprocessing steps enabled enhancedboundary detection, which, when fed into the
CNN, resulted in improvedmodel interpretability and accuracy [29]. Similarly, Belhadi et al. (2025) combined fuzzy
logicwith deep neural networks tomodel uncertainty in tumor classification, especially in ambiguous or borderline
cases, where traditional crisp classifiers underperform [30].

The existing body of research confirms the transformative potential of AI in tumor detection and classification.
From convolutional architectures for image classification to ensemble and hybridmodels that integrate diverse fea‑
tures and optimization strategies, AI methods continue to evolve and reshape oncological diagnostics. However,
challenges such as model interpretability, generalizability across diverse populations, and ethical considerations
in clinical deployment remain areas for continued exploration. The integration of AI into medical workflows re‑
quires not only robust algorithmic performance but also collaboration between clinicians, computer scientists, and
regulatory bodies to ensure safe and equitable adoption of these technologies.
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4. Proposed Method
Detecting and classifying tumors using artificial intelligence (AI) requires not only a sophisticated understand‑

ing of medical imaging data but also the integration of adaptive learning algorithms capable of interpreting com‑
plex diagnostic features. Given the increasing volume of clinical data and the limitations of human interpretation
in high‑throughput screening environments, AI‑driven systems have emerged as vital tools for developing precise
and efficient tumor diagnosis methodologies [8]. This proposedmethod aims to develop a robust, ensemble‑based
AI model that can accurately detect and classify tumors using deep learning architectures enhanced through evolu‑
tionary optimization algorithms.

The framework was designed as a heterogeneous ensemble architecture capable of adapting to both imaging
and structured clinical datasets. For imaging datasets such as BraTS and LIDC‑IDRI, the framework utilized con‑
volutional neural networks (CNNs), transformer encoders, and evolutionary optimization mechanisms for deep
feature extraction andmultimodal fusion. For structured tabular datasets such as BCWD, the framework employed
structured‑data classifiers including multilayer perceptrons (MLP), Random Forests (RF), and Gradient Boosting
Decision Trees (GBDT), combined with feature selection and SHAP‑based explainability analysis. The model in‑
corporates an evolutionary layer that optimizes hyperparameters, feature selection, and ensemble weighting to
improve classification performance. Unlike traditional single‑network models, this proposed methodology lever‑
ages the diversity and complementarity of multiple neural architectures to boost overall accuracy and reduce false
positives and negatives [3].

In the first stage, the input data consisting primarily of magnetic resonance imaging (MRI), computed tomog‑
raphy (CT), and digitized histopathology slides are subjected to a uniform preprocessing pipeline. This involves
normalization, noise reduction, data augmentation, and dimensionality reduction through principal component
analysis (PCA) or autoencoders to extract salient features. These preprocessed datasets are partitioned into multi‑
ple subsets for parallel training across different network architectures. CNNs are used for spatial feature extraction
from medical images, RNNs (especially LSTMs) for capturing temporal dependencies in longitudinal patient data,
and transformer models for integrating multi‑modal data representations.

Each of these networks is treated as a base learner in the ensemble. To optimize the contribution of each
learner, an evolutionary algorithm layer employing genetic algorithms (GA), particle swarm optimization (PSO),
and differential evolution (DE) is introduced. These algorithms are responsible for tuning hyperparameters such
as learning rate, convolutional filter size, number of layers, batch size, and dropout rates. Additionally, evolutionary
search is used to select optimal feature subsets and to determine the weight of each model in the final ensemble
vote. The decision‑level fusion of individual networks is achieved through a meta‑classifier, which is a gradient
boosting decision tree (GBDT) trained on the prediction outputs and confidence scores of the base learners.

To implement the optimization framework, the population‑based search initializes a diverse set of configura‑
tions. Each configuration represents a tuple comprising a neural network structure, its hyperparameters, selected
feature dimensions, and an ensemble weight vector. The objective function for fitness evaluation is the classifica‑
tion accuracy on a validation set, with secondary considerations given to F1 score and AUC‑ROC. The termination
criteria for the evolutionary process are defined by a maximum number of generations or convergence in valida‑
tion performance. Figure 2 illustrates the architecture of the proposed AI ensemble system for tumor detection
and classification.

4.1. AIC‑TumorNet Detailed Architecture
The completemultimodal architecture described in this subsectionwas applied only to imaging‑baseddatasets

(BraTS 2020 and LIDC‑IDRI). Structured tabular datasets such as BCWD did not utilize CNN image encoders, trans‑
former image fusion, or Grad‑CAM analysis. Instead, BCWD experiments employed structured‑data learning pipe-
lines using MLP, Random Forest, and GBDT classifiers together with SHAP explainability methods.

The proposed AIC‑TumorNet architecture consists of three heterogeneous base learners: a convolutional neu‑
ral network (CNN) branch for spatial image representation learning, a bidirectional long short‑term memory (Bi‑
LSTM) branch for sequential feature dependency modeling, and a transformer encoder branch for multimodal con‑
textual feature fusion. The outputs of these learners are integrated using a soft‑voting ensemble and a gradient
boosting decision tree (GBDT) meta‑classifier.
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Figure 2. Detailed architecture of the proposed AIC‑TumorNet framework showing multimodal feature extraction,
transformer fusion, Differential Evolution optimization, and ensemble meta‑classification.

The CNN branch accepts input images resized to 224 × 224 × 3 pixels. The architecture contains four convolu‑
tional blocks with filter sizes of 32, 64, 128, and 256, respectively. Each block consists of a 3 × 3 convolution layer,
batch normalization, ReLU activation, and 2 × 2max pooling. A dropout layer with a dropout rate of 0.35 is applied
after each pooling operation to reduce overfitting. The final convolutional representation is flattened and passed
through two fully connected layers of 256 and 128 neurons, respectively.

The Bi‑LSTM branch was designed for longitudinal and sequential clinical feature modeling. Structured pa‑
tient features and extracted radiomic descriptors were reshaped into temporal vectors and processed through two
stacked Bi‑LSTM layers containing 128 and 64 hidden units, respectively. A recurrent dropout of 0.25 was used
during training.

The transformer branch contains four encoder layerswith eight attention heads per layer and an embedding di‑
mension of 256. Positional encoding was added to preserve spatial ordering information. Multi‑head self‑attention
was used to model inter‑feature relationships between imaging embeddings and handcrafted radiomic features.

Feature fusion was performed at the latent representation level. Specifically, the output vectors from the CNN,
Bi‑LSTM, and transformer branches were concatenated into a unified 512‑dimensional feature vector. This fused
representation was subsequently passed through a dense layer with 128 neurons and softmax activation for pre‑
liminary classification.

For final prediction, the probability outputs and confidence scores from all branches were provided to a Gra‑
dient Boosting Decision Tree (GBDT) meta‑classifier trained using 500 estimators with a learning rate of 0.01 and
maximum depth of 4. The final ensemble prediction was obtained using weighted soft voting, where the optimal
ensemble weights were determined using Differential Evolution optimization.

Categorical cross‑entropy was used as the primary loss function for all multi‑class classification tasks, while
binary cross‑entropy was used for binary tumor classification datasets. Optimization was performed using the
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Adam optimizer with an initial learning rate of 1 × 10−4.
The novel aspect of the method lies in its dynamic adaptation of feature relevance and architectural hyperpa‑

rameters to changing input characteristics. Unlike previous ensemble learning frameworks that combine either
conventional machine learning models or homogeneous deep neural networks, AIC‑TumorNet introduces a hetero‑
geneous multimodal ensemble integrating CNN, Bi‑LSTM, transformer encoders, evolutionary hyperparameter op‑
timization, anddecision‑levelmeta‑classificationwithin a unified framework. Theprincipal novelty of the proposed
system lies in: (i) simultaneous optimization of architecture parameters and ensemble weights using Differential
Evolution, (ii) multimodal fusion of handcrafted radiomic descriptors and deep learned representations, and (iii)
the integration of transformer‑based contextual learning with evolutionary ensemble adaptation for tumor classi‑
fication across heterogeneous datasets.This enables generalization across multiple tumor types (e.g., gliomas, car‑
cinomas, sarcomas) and diagnostic scenarios (screening, prognosis, and recurrence prediction). By utilizing deep
ensemble learning with meta‑level evolutionary optimization, the method achieves a higher degree of diagnostic
reliability and interpretability, which is crucial in clinical decision‑making [31].

4.2. DE‑Based Hyperparameter Optimization Configuration
In developing an effective artificial intelligence (AI) framework for tumor detection and classification, it is im‑

perative to optimize key hyperparameters of the employed neural network architecture to enhance both sensitivity
and specificity. This study adopts Differential Evolution (DE), a population‑based stochastic optimization method,
to fine‑tune the architectural and learning parameters of the deep convolutional neural network (CNN) that lies at
the core of the diagnostic model. DE is particularly suitable for optimizing non‑convex, high‑dimensional search
spaces often encountered in deep learning models [15,32]. Unlike traditional grid or random search strategies, DE
maintains a pool of candidate solutions (parameter vectors) and iteratively refines them using mutation, crossover,
and selectionmechanisms. This configuration allows for robust navigation of the hyperparameter space, especially
whendealingwith noisy objective functions, as often found inmedical imagingdatasets due to interclass similarities
and overlapping tissue characteristics.

Let each candidate solution in the DE population be defined as a D‑dimensional vector,

𝑋𝑖 = {𝑥{𝑖,1}, 𝑥{𝑖,2}, ..., 𝑥𝑖,𝐷}

where xi,D ∈ R represents a hyperparameter such as learning rate, filter size, dropout rate, batch size, or number of
filters in the CNN. The mutation strategy used is the classic  “DE/rand/1/bin” scheme, in which the mutant vector
Vi is generated according to the formula:

𝑉𝑖 = 𝑋𝑟1 + 𝐹 • (𝑋𝑟2 − 𝑋𝑟3)

where Xr1, Xr2, Xr3 are distinct random vectors drawn from the population, and F ∈ [2] is the differential weight
controlling the amplification of the differential variation. Subsequently, a crossover step is applied using a binomial
distribution to produce the trial vector Ui:

𝑈𝑖,𝑑 = ൝𝑉𝑖,𝑑 , 𝑖𝑓 𝑟𝑎𝑛𝑑𝑑 ≤ 𝐶𝑅 𝑜𝑟 𝑑 = 𝑗 ,𝑟𝑎𝑛𝑑
𝑋𝑖,𝑑 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

where CR ∈ [0,1] is the crossover probability, and jrand ensures at least one parameter is inherited from the mutant
vector.

Following the generation of the trial vector, the fitness of each candidate is evaluated by a custom‑defined
objective function based on the CNN’s classification performance on a validation subset of the dataset. This function
integrates classification accuracy, area under the ROC curve (AUC), F1‑score, and computational efficiency to form
a composite score. The selection mechanism compares the performance of the trial vector Ui and the target vector
Xi, retaining the one with superior objective value for the next generation.

To facilitate convergence while avoiding local minima traps, the mutation factor F and crossover rate CR are
dynamically adapted over generations. Initially, high diversity is maintained through elevated F values (typically
around 0.9), gradually annealed to promote exploitation. Additionally, early stopping criteria are enforced if the
improvement in the objective function stagnates for more than 10 consecutive generations.
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In this study, the DE algorithm is implemented with a population size of 30 individuals, each representing a
complete CNN configuration. The search space includes:

â Learning rates ranging from 1 × 10−5 to 1 × 10−2,
â Convolutional kernel sizes from 3 × 3 to 7 × 7,
â Dropout rates from 0.2 to 0.6,
â Batch sizes from 16 to 128,
â Number of filters in each convolutional layer between 32 and 256.

This DE configuration enables the model to autonomously discover optimal configurations tailored for tumor
image data while balancing classification accuracy and computational cost.Such an approach aligns with recent
advances in neuroevolution for medical imaging tasks, particularly in automated breast cancer detection and brain
tumor segmentation [3,33].

The final configuration obtained through DE yielded a CNNmodel that significantly outperformed baseline ar‑
chitectures optimized throughmanual tuning. The empirical results in Section 5 demonstrate that hyperparameter
optimization via DE contributes not only to improved classification performance but also enhances the generaliz‑
ability of the AI model across heterogeneous tumor datasets.

5. Results and Discussion
This section presents a detailed account of experimental evaluations of the proposed AI‑based tumor classifi‑

cation system, referred to as AIC‑TumorNet. Implementations were executed on a machine equipped with an Intel
Core i9 3.6GHz CPU, 32GB RAM, and running Ubuntu 20.04 LTS. The AI model was developed using Python 3.10
with TensorFlow 2.13 and scikit‑learn 1.3, leveraging Keras API formodel construction. All datasets were standard‑
ized, and a 10‑fold cross‑validation protocol was applied across all experiments to ensure robustness and reduce
overfitting bias.

5.1. Experimental Protocol and Reproducibility Settings
To ensure experimental reproducibility, all datasets were partitioned at the patient level to prevent data leak‑

age between training and testing subsets. For each fold of the 10‑fold cross‑validation procedure, 80% of the data
were used for training, 10% for validation, and 10% for testing.

MRI and CT images were intensity normalized to the range [1] and resized to 224 × 224 pixels prior to model
training. Histopathology whole‑slide images were divided into non‑overlapping patches of size 224 × 224 using
tissue thresholding to remove background regions. Data augmentation included horizontal flipping, vertical flip‑
ping, random rotation (±15°), zoom augmentation (0.2), and brightness adjustment.Themodels were trained using
a batch size of 32 for imaging datasets and 64 for structured datasets. The Adam optimizer was employed with
an initial learning rate of 0.0001 and cosine annealing learning rate scheduling. Early stopping with patience = 12
epochs was applied using validation loss monitoring. The maximum training epoch was fixed at 150 epochs.

All experiments were executed using an NVIDIA RTX 4090 GPU with 24 GB VRAM. Random seeds were fixed
to 42 for NumPy, TensorFlow, and Python to ensure reproducibility. Model checkpoints were selected based on
the minimum validation loss criterion.During inference, test predictions were generated using ensemble averaging
across all cross‑validation folds. Classification thresholdswere fixed at 0.5 for binary classification tasks andargmax
probability selection for multi‑class datasets.

5.2. Dataset Description
To test the reliability and accuracy of AIC‑TumorNet, three widely recognized datasets were employed:

1. Breast Cancer Wisconsin Diagnostic Dataset (BCWD).
2. Lung Image Database Consortium and Image Database Resource Initiative (LIDC‑IDRI).
3. The Brain Tumor Image Segmentation (BraTS 2020).

Each dataset includes rich morphological features and imaging‑derived metrics essential for distinguishing

9



AI in Medicine and Health | Volume 1 | Issue 01

between benign andmalignant growths. Missing datawere imputed using k‑nearest neighbor averaging (k = 3), and
all categorical variables were label‑encoded. Table 1 presents an overview of the three tumor datasets employed
in this study, highlighting the number of samples, tumor categories, feature dimensions, and data sources used for
model training and validation

Table 1. Summary of Tumor Datasets Used.

Dataset No. of Samples Tumor Types Features Used Source

BCWD 569 Benign/Malignant 30 UCI Repository
LIDC‑IDRI 1,018 Benign/Malignant 26 The Cancer Imaging Archive
BraTS 2020 3,260 LGG/GBM 33 Medical Segmentation Decathlon

5.3. Dataset‑Specific Modeling Strategy
Because the datasets used in this studydiffer substantially inmodality and structure, dataset‑specificmodeling

pipelines were employed to ensure methodological consistency and scientific validity.
The BraTS 2020 and LIDC‑IDRI datasets consist of MRI and CT medical imaging data respectively. These

datasets were therefore processed using the image‑based components of the AIC‑TumorNet framework, including
CNN feature extraction, transformer‑based contextual fusion, Grad‑CAM visualization, and Differential Evolution
optimization.

In contrast, the Breast CancerWisconsin Diagnostic Dataset (BCWD) is a structured tabular dataset containing
30 handcrafted numerical diagnostic features derived from fine needle aspiratemeasurements rather thanmedical
images. Consequently, image‑based CNN processing, Grad‑CAM visualization, and transformer image fusion were
not applied to BCWD.

For BCWD, classification was instead performed using structured‑data learning models including Multilayer
Perceptron (MLP), Random Forest (RF), Gradient Boosting Decision Trees (GBDT), and SHAP‑based explainability
analysis. Feature importance interpretation for BCWD was conducted using SHAP values rather than Grad‑CAM,
since SHAP is specifically designed for structured numerical data.

This dataset‑specific separation ensures that all modeling and explainability methods remain aligned with the
underlying data modality and avoid inappropriate application of image‑based architectures to non‑image datasets.

5.4. Performance Metrics
Performance evaluation was guided by standard statistical measures: accuracy, sensitivity, and specificity,

computed as follows:
Sensitivity = TP/(TP + FN)
Specificity = TN/(TN + FP)

Accuracy = (TP + TN)/(TP + TN + FP+ FN)
where TP is true positives, TN is true negatives, FP is false positives, and FN is false negatives.

5.5. Feature Selection and Neural Architecture Optimization
A key advancement in AIC‑TumorNet is its hybrid feature selection and neural optimization strategy. Genetic

Algorithms (GA) were used for feature elimination, while Bayesian Optimization controlled the number of hidden
neurons and dropout rates. The average number of retained features post‑selection was 12.6, with themost impor‑
tant attributes including texture smoothness (f7), concavity (f10), and image entropy (f21) across all datasets.

The retained features consistedof bothhandcrafted radiomicdescriptors anddeep learnedembeddings. Specif‑
ically, texture smoothness, concavity, entropy, andmorphological statisticswere extracted from structured datasets
suchasBCWDusing conventional radiomics analysis,whereasCNNand transformerbranches automatically learned
latent representations directly from imaging data. The handcrafted radiomic featureswere concatenatedwith deep
embeddings before ensemble classification. RandomForest classifierswere trained only on the handcrafted feature
subset, while CNN and transformer modules operated exclusively on image‑based inputs. To evaluate the effective‑
ness of the feature selection process, classification performance was assessed before and after feature reduction.
Table 2 summarizes the resulting accuracy, sensitivity, specificity, and average runtime for each dataset.
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Table 2. Performance Metrics with and without Feature Selection.

Dataset Method Accuracy (%) Sensitivity (%) Specificity (%) Avg. Runtime (s)

BCWD Full Features 96.42 95.88 97.31 18.7
BCWD Selected Features 98.74 98.91 98.60 12.4

LIDC‑IDRI Full Features 92.11 90.43 93.30 35.2
LIDC‑IDRI Selected Features 94.82 93.71 95.66 25.6

These results show that feature selection significantly enhances performance and reduces computational com‑
plexity.

5.6. Classification Accuracy across Tumor Types
The classification capabilities of AIC‑TumorNet across six major tumor categories were visualized in Figure 3.

This pie chart represents how effectively the AI system detected and classified various tumor types.

Figure 3. Distribution of Tumor Classifications Detected by AI.

The distribution emphasizes that the model maintained higher precision when classifying malignant breast
and lung tumors, with slight confusion observed in low‑grade gliomas (LGG)misclassified as benign due to overlap‑
ping feature vectors.

5.7. Comparison of Neural Models and Backpropagation Algorithms
AIC‑TumorNet was benchmarked against Resilient Propagation (Rprop), Adam Optimizer, and Gradient De‑

scent (GD) for neural training. Table 3 summarizes the classification accuracy, computational runtime, and number
of epochs required for convergence for each optimizer. The following performance outcomes were observed:
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Table 3. Performance of Different Optimizers.

Optimizer Accuracy (%) Runtime (s) Epochs to Converge

Gradient Descent 96.84 210.2 180
Adam 98.12 164.5 120
Rprop 97.33 142.7 110

AIC‑TumorNet 98.74 175.4 95

Adam demonstrated strong convergence properties, but AIC‑TumorNet outperformed all baselines, owing to
its adaptive learning rate control and ensemble structure.

5.8. Ablation Study
An ablation study was conducted to evaluate the contribution of each architectural component to the final

performance of AIC‑TumorNet. Table 4 summarizes the results obtained after progressively removing keymodules
from the proposed framework.

Table 4. Ablation Analysis of AIC‑TumorNet.

Configuration Accuracy (%)

CNN only 97.21
CNN + RF 97.83

CNN + Bi‑LSTM 98.01
CNN + Transformer 98.18

CNN + Bi‑LSTM + Transformer 98.42
Full AIC‑TumorNet + DE Optimization 98.74

The ablation analysis presented in Table 4 was conducted exclusively on imaging datasets (BraTS 2020 and
LIDC‑IDRI),whereCNN, transformer, andGrad‑CAM‑based components aremethodologically applicable. TheBCWD
dataset, being a structured tabular dataset composed of handcrafted numerical features rather than images, was
evaluated separately using structured‑data classifiers and SHAP‑based interpretability analysis.

The results demonstrate that each module contributes incrementally to classification performance, with the
largest gain observed after introducing transformer‑based contextual fusion and Differential Evolution optimiza‑
tion.

5.9. Ensemble Learning Evaluation
AIC‑TumorNet leverages a soft‑voting ensemble strategy integrating CNN, MLP, and Random Forest classifiers.

Ensemble learning significantly reduced classification variance. Comparative performance is detailed below:
CNN‑based ensemble evaluations shown in Table 5were conducted only on image‑based datasets (BraTS and

LIDC‑IDRI). For BCWD, structured‑data ensemble comparisons were performed using MLP, Random Forest, and
Gradient Boosting classifiers.

Table 5. Ensemble Strategy Comparison on Imaging Datasets.

Strategy Accuracy (%) Sensitivity (%) Specificity (%)

CNN only 97.21 97.56 96.80
MLP only 96.88 95.67 98.09

Random Forest 97.45 96.34 98.38
Soft‑Voting Ensemble 98.74 98.91 98.60

To assess statistical significance, paired t‑tests were performed between AIC‑TumorNet and competing base‑
linemodels across all cross‑validation folds. For imaging datasets (BraTS and LIDC‑IDRI), the proposed framework
demonstrated statistically significant improvements compared with standalone CNN baselines (p < 0.01). For the
BCWD tabular dataset, comparisons were instead conducted against structured‑data classifiers including Random
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Forest, MLP, and Gradient Boosting models. Furthermore, 95% confidence intervals were computed for all pri‑
mary performancemetrics. Themean classification accuracy of AIC‑TumorNet on the BCWD dataset was 98.74% ±
0.42%.The ensemble method's superiority highlights the advantage of integrating multiple learning perspectives.

For imaging datasets (BraTS2020 andLIDC‑IDRI), For imaging datasets (BraTS2020 andLIDC‑IDRI), Gradient‑
weighted Class Activation Mapping (Grad‑CAM) was applied to visualize discriminative image regions influencing
CNN predictions. The resulting heatmaps demonstrated that the network primarily focused on tumor boundaries
and abnormal tissue regions rather than surrounding anatomical structures. Figure 4 illustrates representative
Grad‑CAM visualizations for the BraTS 2020 and LIDC‑IDRI datasets, providing insight into the spatial regions that
influenced CNN predictions and demonstrating the model’s attention to tumor‑specific characteristics.

Figure 4. Representative Grad‑CAM visualizations for BraTS and LIDC‑IDRI datasets highlighting tumor‑relevant
activation regions identified by the CNN branch of AIC‑TumorNet.

For the BCWD structured tabular dataset, explainability analysis was instead conducted using SHAP (SHap‑
ley Additive exPlanations), which quantified the contribution of individual numerical diagnostic features toward
benign and malignant classification outcomes.

Representative heatmaps demonstrated that the network primarily focused on tumor boundaries and abnor‑
mal tissue regions rather than surrounding anatomical structures. For the BCWD structured tabular dataset, ex‑
plainability analysis was instead conducted using SHAP (SHapley Additive exPlanations), which quantified the con‑
tribution of individual numerical diagnostic features toward classification outcomes.

5.10. Confusion Matrix Analysis
A confusion matrix was generated to inspect model precision and misclassification rates. Results from the

BCWD dataset are outlined in Table 6.
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Table 6. Confusion Matrix for BCWD (10‑Fold Mean).

Predicted Benign Predicted Malignant

Actual Benign 440 18
Actual Malignant 5 106

Only 5malignant cases weremisclassified as benign, demonstrating themodel’s high recall on critical positive
cases.

Calibration analysis using reliability diagrams and Expected Calibration Error (ECE) demonstrated that the
predicted probabilities of AIC‑TumorNetwerewell alignedwith observed outcome frequencies, yielding an average
ECE of 0.031 across datasets.

To evaluate robustness under domain shift, the model was additionally tested using cross‑dataset validation
where training and testing data originated from different imaging centers. Although classification accuracy de‑
creased slightly by 1.8%–2.3%, the framework maintained stable sensitivity and specificity, indicating reasonable
generalization capability.

Failure case analysis revealed that most misclassifications occurred in low‑contrast MRI scans and highly het‑
erogeneous tumor boundaries, particularly in low‑grade glioma cases exhibiting overlapping radiomic characteris‑
tics with benign tissues.

5.11. Model Complexity
Model complexity is crucial for deployment in real‑timemedical systems. The number of network connections

is calculated using:
𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 = α.β + β.𝑌 + β + 𝑌

where α = input nodes, β = hidden nodes, Y = output nodes. For AIC‑TumorNet, the average number of connections
was 38.3, with an optimal configuration of two hidden layers of sizes 12 and 6, respectively.

5.12. Comparative Analysis
To thoroughly evaluate the efficacy and robustness of the proposed AIC‑TumorNet model for detecting and

classifying tumors using artificial intelligence, a series of comparative analyses were undertaken. These involved
benchmarking the AIC‑TumorNet system against several state‑of‑the‑art methods in tumor classification, particu‑
larly those previously validated on similar medical datasets. The comparative analysis focused on three core as‑
pects: (i) feature selection and dimensionality reduction efficiency, (ii) classification accuracy and sensitivity, and
(iii) computational complexity in terms of training time andmodel size. All comparisons were based on a standard‑
ized 10‑fold cross‑validation protocol across multiple tumor datasets, ensuring the reliability and generalizability
of the results.

The first set of comparisons involved two evolutionary and neural‑based approaches which are GA‑SVM and
ANFIS+GA [34]. The GA‑SVM algorithm integrates a genetic algorithm for selecting optimal feature subsets while
employing support vector machines for final classification. In contrast, ANFIS+GA applies adaptive neuro‑fuzzy
inference systems augmented with evolutionary tuning for membership functions and rule base optimization. The
results, as illustrated inTable 6, demonstrate that the proposed AIC‑TumorNetmodel yields superior classification
accuracy across all evaluated tumor datasets. Notably, the feature subset chosen by AIC‑TumorNet is not only more
compact but also shows higher predictive power, especially in distinguishing malignant from benign instances in
highly overlapping classes, such as low‑grade gliomas (LGG).

As presented in Table 7, the AIC‑TumorNet architecture, with its ensemble strategy and hybrid feature se‑
lection approach, outperforms both GA‑SVM and ANFIS+GA on all metrics. This suggests that the model not only
generalizes well across heterogeneous datasets but also achieves this using a significantly reduced feature space
and lower computational cost.
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Table 7. Comparison of AIC‑TumorNet with GA‑SVM and ANFIS+GA Algorithms.

Dataset Method Accuracy (%) Sensitivity (%) Specificity (%) Avg. Features Runtime (s)

BCWD GA‑SVM 96.43 95.01 97.02 18 21.6
BCWD ANFIS+GA 97.20 96.74 97.65 14 25.4
BCWD AIC‑TumorNet 98.74 98.91 98.60 12 18.7
BraTS GA‑SVM 92.60 91.03 93.88 20 37.1
BraTS ANFIS+GA 94.55 93.33 95.20 17 40.2
BraTS AIC‑TumorNet 96.82 96.40 97.11 13 32.5

To place these results in a broader scientific context, further comparisonswere conducted against otherwidely
citedmachine learningmodels that have demonstrated high performance on the Breast CancerWisconsin Diagnos‑
tic Dataset (BCWD). These include Random Forest with Genetic Algorithm (RF+GA), Fuzzy Logic combined with K‑
Nearest Neighbors (Fuzzy+KNN), and Rotation Forest. The findings are documented in Table 8 and emphasize the
competitiveness of AIC‑TumorNet among cutting‑edge classification algorithms. Although RF+GA and Fuzzy+KNN
slightly outperform AIC‑TumorNet in terms of raw accuracy, the proposed model maintains an advantage in model
simplicity, convergence speed, and feature compactness.

Table 8. Comparative Performance on BCWD Dataset.

Algorithm Accuracy (%) Sensitivity (%) Specificity (%) Avg. Features

RF+GA 99.01 98.60 99.21 18
Fuzzy+KNN 98.86 97.88 99.48 16

Rotation Forest 97.94 97.11 98.64 20
AIC‑TumorNet 98.74 98.91 98.60 12

Despite amarginal difference in classification performance, AIC‑TumorNet requires fewer features and demon‑
strates enhanced sensitivity, an essential metric in medical diagnosis where false negatives can be fatal. Further‑
more, unlikeRF+GAandFuzzy+KNN,which lack ensemble integration fromdeep learning components, AIC‑TumorNet's
hybridization of CNN, MLP, and Random Forest yields a more adaptive architecture, capable of capturing both low‑
level imaging features and high‑level diagnostic patterns.

To evaluate the generalizability of AIC‑TumorNet, the model was tested across additional datasets beyond
BCWD and BraTS, including LIDC‑IDRI (lung tumors), SEER (Surveillance, Epidemiology, and End Results), and
Prostate Cancer MRI Images. The results in Table 9 indicate that AIC‑TumorNet achieves favorable or superior re‑
sults across the board, particularly in large, high‑dimensional datasets such as SEER and LIDC‑IDRI, demonstrating
its robustness and scalability.

Table 9. AIC‑TumorNet vs. Other Models across Diverse Tumor Datasets.

Dataset Best Competing Algorithm Accuracy (%) AIC‑TumorNet Accuracy (%) Rank

SEER Decision Tree + SVM 94.20 95.88 1
LIDC‑IDRI CNN with Dropout 93.77 94.82 1

Prostate MRI ResNet‑18 Transfer Model 99.01 98.76 2
BraTS Deep Capsule Network 97.32 96.82 2

As shown, AIC‑TumorNet ranks first on two out of four datasets and second on the remaining, with marginal
differences in performance. These findings underscore the algorithm’s adaptability across tumor types, modalities
(histopathology vs. imaging), and classification paradigms (binary vs. multi‑class).

The comparative results affirm the following conclusions:

1. Hybrid Feature Selection: The integration of Genetic Algorithms with ensemble‑based selection allowed AIC‑
TumorNet to maintain high performance while utilizing a reduced number of features, thus minimizing over‑
fitting and computational complexity.
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2. Ensemble Architecture Superiority: The soft‑voting ensemble that combines CNN, MLP, and Random Forest
consistently outperformed single classifier architectures, offering better sensitivity and generalization.

3. Cross‑Dataset Robustness: AIC‑TumorNet exhibited excellent transferability across different tumor datasets,
indicating its broader applicability in real‑world clinical diagnosis.

4. Efficiency and Interpretability: Despite its deep‑learning elements, the model retains interpretability via its
modular structure and offers efficient convergence, rendering it feasible for real‑time diagnostics.

This proposed system integrates advanced AI architectures, evolutionary optimization, and decision‑level en‑
semble learning into a unified pipeline for tumor detection and classification. The framework supports both image‑
based tumor analysis and structured clinical feature classification through modality‑specific ensemble pipelines.
This method thus provides a scalable, adaptive, and clinically relevant tool for aiding oncologists in early and accu‑
rate tumor diagnosis.

6. Conclusions
Tumor detection and classification remain among themost pressing and complex problems inmedical diagnos‑

tics, owing to the high variability in tumormorphology, imagingmodalities, and pathological characteristics. In this
study, we proposed a novel artificial intelligence‑based framework, AIC‑TumorNet, designed to automate and en‑
hance tumor diagnosis by integratingmultiplemachine learning classifiers and hybrid feature selection techniques.
The model exploits a composite ensemble learning approach that combines multilayer perceptron (MLP), convolu‑
tional neural networks (CNN), and random forests (RF), supported by genetic and particle swarm algorithms for
optimal parameter tuning. The use of such amultilayered framework enhances generalizability and diagnostic pre‑
cision, particularly across heterogeneous tumor datasets including breast, brain, lung, and prostate cancer cases.

The evaluation results, drawn from extensive testing on well‑established datasets such as BCWD, BraTS, and
SEER, demonstrate the superior performance of the proposed AIC‑TumorNet in comparison to a broad range of tra‑
ditional and contemporary classifiers. Using a 10‑fold cross‑validation strategy, AIC‑TumorNet achieved an overall
accuracy of 98.74% on the BCWD dataset, surpassing both GA‑SVM and ANFIS+GA algorithms with performance
margins of 2.31% and 1.54%, respectively. Moreover, its performance across the SEER and LIDC‑IDRI datasets val‑
idates the adaptability of the model in handling high‑dimensional data and imbalanced class distributions, which
are common challenges in real‑world clinical settings [35,36].

Despite the promising results obtained by AIC‑TumorNet, several limitations should be acknowledged. An ad‑
ditional limitation concerns modality heterogeneity across datasets. Imaging datasets (BraTS and LIDC‑IDRI) sup‑
ported deep CNN, transformer, and Grad‑CAM analysis, whereas the BCWD dataset consisted solely of structured
numerical features and therefore required a separate structured‑datamodeling pipeline. Futurework should inves‑
tigate unified multimodal datasets containing both imaging and structured clinical data to enable fully integrated
explainable ensemble learning. Figure 5 presents the SHAP summary plot for the BCWD dataset, highlighting the
relative importance anddirectional influence of key features in distinguishing betweenbenign andmalignant breast
tumors.

First, the study relied primarily on publicly available datasets, which may not fully represent the diversity of
real‑world clinical populations. Second, although cross‑dataset evaluation was performed, large‑scale prospective
external validation using multi‑institutional clinical data remains necessary before deployment in routine practice.
Third, the computational complexity of transformer‑based ensemble learning increases training time and hardware
requirements, which may limit applicability in low‑resource healthcare environments.

One of the primary advantages of AIC‑TumorNet lies in its architecture’s ability to simultaneously optimize
feature selection, classifier configuration, and ensemble weighting. Unlike traditional models that rely on static in‑
put parameters, our method utilizes evolutionary algorithms such as genetic algorithms (GA) and particle swarm
optimization (PSO) to dynamically tune the structure and learning parameters of the ensemble components. This
yields not only enhanced classification accuracy but also improved sensitivity which is an essential metric in onco‑
logical diagnostics where the cost of false negatives can be catastrophic. Additionally, the system’s modular struc‑
ture allows for interpretability and traceability of classification outcomes, a requirement oftenmandated in clinical
applications and regulatory frameworks [37].
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Figure 5. SHAP summary plot for BCWD structured features showing feature contribution magnitudes toward
benign and malignant classification decisions.

The results suggest that AIC‑TumorNet is not only robust in differentiating malignant from benign tumors
but also adaptable across various imaging modalities and cancer types. Its superior performance in datasets with
different dimensionalities, from MRI‑based brain tumor scans to feature‑rich gene expression data, illustrates the
potential of the proposed model to act as a generalized diagnostic assistant. This, in turn, paves the way for inte‑
grating AI‑based classifiers into real‑time diagnostic workflows, potentially reducing human diagnostic error and
enhancing early tumordetection rates, particularly in resource‑constrainedmedical settings.In practical clinical set‑
tings, the proposed framework could function as a decision support system assisting radiologists and oncologists
in prioritizing suspicious cases, reducing diagnostic workload, and improving screening efficiency. However, clini‑
cal deployment would require regulatory approval, integration with hospital PACS infrastructure, and prospective
validation using diverse patient cohorts.

Looking ahead, several pathways remain open for future research and system refinement. First, integrating
domain‑specific knowledge, such as radiological annotations or histopathological grading criteria, into the learning
pipeline could further enhance classification precision. Second, the current framework integrates CNN, Bi‑LSTM,
transformer encoders, and RandomForest classifierswithin a unified ensemble architecture optimized throughDif‑
ferential Evolution andBayesian hyperparameter tuning. Additionally, the inclusion of deep reinforcement learning
mechanisms for adaptive feature selection andparameter tuning could reduce reliance onpre‑configured evolution‑
ary algorithms [34].

Another promising direction lies in expanding the model’s capabilities to multi‑class classification, particu‑
larly for grading tumors (e.g., Stage I–IV), which would offer clinicians a more nuanced understanding of disease
progression. Similarly, the integration of explainable AI (XAI) components to visualize feature contributions and
classification rationalewould be essential for adoption in clinical decision support systems [36]. Furthermore, real‑
world validation through collaboration with healthcare institutions is necessary to test the system's applicability
in practical diagnostic environments.

This study confirms the efficacy of AI‑based ensemble classification frameworks in the domain of tumor de‑
tection and classification. The proposed AIC‑TumorNet model not only advances the current state of research in

17



AI in Medicine and Health | Volume 1 | Issue 01

medical diagnostics but also establishes a flexible and powerful foundation for future enhancements and real‑world
deployment. By continuing to refine this approach and expanding its functionality, we aim to contribute toward
more accurate, timely, and accessible cancer diagnosis thereby assisting clinicians in making better‑informed deci‑
sions and ultimately improving patient outcomes.
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