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Diagnosing brain cancer with Magnetic Resonance 

Imaging (MRI) is not only critical but also a very difficult 

and time-consuming task in medical analysis of images. 

Despite the Deep Learning (DL) model's performance with 

interpretability, the DL still dramatically enhances the 

ability to automate the procedure. In this research study, 

we first trained a convolutional neural network (CNN) 

from scratch on 2,000 MRI images, comprising 1,000 

tumors and 1,000 non-tumors, and then tested it on 600 

images, comprising 300 tumors and 300 non-tumors. The 

scratch model (CNN) achieved 98% accuracy with 

sensitivity 100%, precision 96%, F1-score 98%, and 

specificity 96%. To enhance performance, we proceeded to 

transfer learning using four models: DenseNet121, 

InceptionV3, ResNet50, and VGG16. Among these 

architectures, VGG16 achieved the best results, achieving 

perfect classification across all evaluation metrics (e.g., accuracy, precision, sensitivity, 

F1-score, and specificity: 100%). To discuss the challenges in interpretability, we also 

applied model explainability techniques to visualize the result-making procedures of 

VGG16, e.g., Shapley Additive Explanations (SHAP) and Local Interpretable Model-

agnostic Explanations (LIME). Both local and global insights from these explainability 

methods were provided, highlighting critical tumor regions, validating the model's 

predictions, and enhancing trust in its real-world clinical applications. The results 
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confirmed that VGG16 achieved the highest performance and provided interpretable 

explanations, making it a robust and trustworthy model for automating the brain cancer 

diagnosis process. asifrahman557/Explainable-AI-using-SHAP-LIME 

 

1. Introduction 

The most important functions of the human body, such as decision-making, 

coordination, and communication, are performed by the central nervous system (CNS). 

The CNS has mainly two parts: the brain and the other is the spinal cord [1, 2]. As the 

structure of this body part is extremely complex, that is why it is more vulnerable to 

various kinds of disorders like stroke, infections, headaches, and particularly brain 

tumors, which is among the most critical situations to detect and deal effectively [3]. 

There are benign and malignant tumors, with more than 200 neoplasm subtypes 

recognized in medical literature[4]. In the human body, the abnormal enhancement of 

brain cells is actually a brain tumor, but even a minor growth can also disturb 

neurological function, posing life-threatening dangers [5-9]. Brain tumors have become 

a major global health challenge, which is actually formed by the abnormal growth of 

tissue in the brain.  Among the ten leading causes of death in children and adults, the 

Brain cancer ranks among them [10], with varying survival rates which greatly depend 

on tumor type, the location in the CNS, and severity [11-13]. Four million people fight 

brain cancer, and more than 1.2 million die [14]. A huge figure of 300% growth in brain 

cancer deaths in the past three decades was stated  in the report of the National Brain 

Tumor Foundation (NBTF) [15], pinpointing the eagerness for timely diagnosing and 

precise categorization [16, 17]. National Brain Tumor Foundation (NBTF) also 

reported that demise ratio have tripled in the middle- as well as low-income lands [18]. 

Specific and early diagnosis is extremely important, as the growth of brain cancer could 

be fast, which can severely affect patient survival [19]. As the physical monitoring of 

MRI brain scans is lengthy and labor-intensive, it also requires a number of experts and 

is prone to obvious human errors, emphasizing the requirement for an automated 

diagnostic system [20]. 

MRI is a non-invasive and widely used tool for brain cancer detection [21, 22]. Each 

year, Millions of MRI scans are conducted, but only a few detect malignancy [23]. In 

adults and children, a steady rise in brain cancer has been recorded by the global cancer 

statistics [24-26]. Accurate diagnosis of brain cancer is persistently difficult due to the 

size variability, structures, and locations. Biopsies and gamma knife (traditional 

procedures) are lengthy, frustrating, and time-consuming, underscoring the importance 

of MRI as an ideal tool. ML techniques can analyze large datasets, reduce redundancy, 

and improve diagnostic results by focusing on the most pertinent characteristics [27]. 

Feature selection techniques (FSTs), such as Linear Discriminant Analysis (LDA), 

Principal Component Analysis (PCA), and Mutual Information (MI), play a significant 

role in dataset filtering, improving classification accuracy, and reducing computational 

complexity [28]. 

Brain cancer detection has been enhanced by recent advancements in computational 

intelligence. Due to their superior performance compared with traditional techniques, 

ML and DL methods have been widely adopted. Almadhoun et al. [29] attained 98% 

test accuracy on 10,000 MRI scans using DL approaches, while Musallam et al. [30] 

conveyed 97.72% accuracy with a DCNN in four tumor subtypes. Correspondingly, 

EfficientNet [31] and residual CNNs [32] attained accuracies above 97%, whereas 

Khalil et al. [33] employed an improved Dragonfly algorithm for tumor detection with 

98.2% accuracy. Strong results have also been demonstrated by Hybrid CNN models, 

as shown by Sajid et al. [34] gaining 91% specificity. DL algorithms, which are a subset 

of ML, have expanded approval for processing medical images like MRI brain scans 

and are broadly functional in cancer diagnosing, including lung [35], gastroscopy 

biopsy [36], and brain tumors [37-40]. To precisely spot tumor-affected scans, a large 

MRI dataset was proficiently processed with DL models [14]. 

https://github.com/asifrahman557/Explainable-AI-using-SHAP-LIME
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In the medical domain, the MRI remains the most common imaging modality. Research 

studies using CNNs have revealed strong performance: Abiwinanda [41] attained 

98.51% training accuracy on 3064 T1-weighted MRI brain scans, and Rehman et al. 

[42] found that VGG16 outclassed AlexNet and GoogLeNet with 98.69% accuracy. 

Pashaei et al. [41] confirmed CNN dominance over MLP, XGBoost, and SVM, while 

Paul et al. [43] completed 91.43% accuracy by means of fully connected networks. 

Ensemble classifiers have also been discovered, with Garg et al. [19] giving 97.3% 

accuracy. Noreen et al. [44] presented a manifold feature extraction technique, while 

K-means clustering was used for tumor segmentation, for early finding [45, 46]. Deep 

neural networks have also been used for the purpose of brain tumor examination [47]. 

Amin et al. [19] proposed an AI model achieving 96.08% accuracy on 1321 MRI scans 

from 153 patients. Rehman et al. [48] established a Brain Tumor Localization strategy 

through Gabor filters, which exposed restrictions in accurate detection. 

Traditional techniques of ML originally depended on hand-crafted features [49], but 

the after-research studies exposed CNNs with optimization methods such as PSO [50, 

51] can increase segmentation accuracy more than 92%. CNN-based architectures, 

including 3D-VGGNet and 3D-ResNet, described accuracies close to 80% for 

Alzheimer’s and tumor classification processes [52], whereas models like ResNet-50 

touched 96.5% in tumor diagnosis [53]. 

New hybrid and multimodal methods have also developed. VGGNet-SVM groupings 

reached 96% accuracy [54], while CNNs with genetic algorithms improved 

glioblastoma recognition [55]. Classification performance additionally upgraded image 

preprocessing and enhancement [56]. Segmentation-focused networks such as 

“DeepMedic” and BraTS-based ML models verified good performance on standard 

datasets [57, 58]. The hybrid techniques merging ML classifiers and DL-extracted 

features have been thoroughly studied, yet they are often computationally expensive 

[59]. Younis et al. [60] conveyed 98.15% accuracy using VGG-16 and 98.41% with 

ensemble models, while Zahid et al. [61] accomplished 94.4% accuracy with 

ResNet101. A 3D deep neural network reached Dice scores of 0.81, 0.69, and 0.55 [62] 

for the BRATS datasets, while Sharif et al. [63][36] reported accuracies above 98% on 

BRATS2018 and BRATS2019. 

DL and ML techniques are increasingly applied in medical imaging with the rapid 

advances in artificial intelligence (AI). Exceptional success in image classification [64-

67], medical diagnosis [68-70], and tissue segmentation [71-73] was demonstrated by 

Convolutional Neural Networks (CNNs). In medical imaging, CNNs outperform 

conventional methods, acquiring state-of-the-art detection accuracy [74-76]. 

Supervised learning methods are generally effective for brain cancer categorization, in 

which labeled MRI datasets distinguish tumor from non-tumor scans [77-81]. Previous 

research has evaluated ML models such as Random Forests (RF), Support Vector 

Machines (SVM), and k-Nearest Neighbors (KNN) for medical analysis, but often with 

an imperfect examination of feature selection strategies [82-84]. Most of the preceding 

studies have identified numerous DL models for brain tumor diagnosis [21, 85-91], but 

many of them lack complete judgements using traditional ML techniques, or they need 

more complex computations [42, 43, 92, 93]. 

Therefore, this research study reports the grave need for precise and explainable brain 

cancer categorization models by analytically comparing CNNs trained from scratch 

with transfer-learning architectures, e.g., DenseNet121, InceptionV3, ResNet50, and 

VGG16. Our results validate that VGG16 not only achieves superior accuracy and the 

best results across all evaluation metrics but also, when combined with explainable AI 

methods, e.g., LIME and SHAP, delivers transparent, explainable predictions. This 

combination of high-performance DL with explainability confirms that the models are 

not only technically robust but also appropriate for potential clinical implementation, 

which supports radiologists and other healthcare professionals in making more 

informed and consistent problem-solving decisions. 
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2.  Materials and Methods 

2.1.Dataset Acquisition 

For this research, a dataset of brain MRI scans was obtained from Kaggle, which 

included both tumor and non-tumor instances. A sub-total of 2,600 MRI scans was 

acquired and used. This group of images was distributed as 2,000 images, with 1,000 

tumors and 1,000 non-tumors for training; however, 600 images, with 300 tumors and 

300 non-tumors, were used for testing. This dataset was preprocessed to ensure 

homogeneous image scope and quality, facilitating consistent performance throughout 

model training. 

 

2.2. Data Preprocessing 

To match the CNN architectures' requirements, all MRI brain scans were resized to 224 

× 224 pixels. Additionally, pixel intensity standardization was performed to ensure the 

values fell within the [0, 1] range, which improved convergence during training. 

Various data expansion methods, such as spinning, overturning, and enhancement, were 

applied to the training dataset to improve model generalization and avoid overfitting. 

 

2.3.Experimental Setup 

This research aimed to assess the DL model’s performance for brain cancer detection 

and categorization by comparing the learning from scratch and transfer learning 

methods. 

 

2.4.CNN Learning from Scratch 

The CNN architecture was trained from scratch using the training dataset. This 

architecture consisted of many convolutional and pooling layers. 

 

2.5.Transfer Learning Models 

To power the knowledge from models, earlier trained on large image datasets, pre-

trained architectures were utilized through transfer learning. These models included: 

• DenseNet121 

• InceptionV3 

• ResNet50 

• VGG16 

The top layers of each model were replaced with fully associated layers tailored for 

binary classification. The transfer learning method was guided by pre-trained weights 

on the MRI brain scan dataset, with dropout layers incorporated to mitigate overfitting. 

 

3. Model Evaluation 

Accuracy, sensitivity, specificity, precision, and F1 Score were used to assess the 

model's performance. These metrics are the most important for delivering a 

comprehensive valuation of a model’s ability. 

 

3.1.Explainable AI Analysis 

VGG16 achieved superior performance across all evaluation metrics, which is why this 

model was examined using explainable AI-based methods to fully understand its 

decision-making process. LIME and SHAP were used to provide visual descriptions of 

the parts/sections of the MRI scans that substantially influenced the model's decision. 

For clinical implementations, the model analysis not only provided interpretability but 

also increased confidence. 

 

3.2.Implementation Details 

Python 3.9 with TensorFlow 2.12 and Keras API were used in these experiments. All 

visualizations of LIME and SHAP explanations were generated using their respective 
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Python libraries, producing interpretable heatmaps for qualitative examination. 

 

3.3.Enhanced Materials and Methods with Workflow Diagram 

Figure 1 summarizes the overall methodology of this research, illustrating the 

step-by-step procedure from dataset collection to the examination of explainable AI. 

 
Figure 1: Workflow of Brain Tumor Classification of this study 

 

4.  Classification Models 

In this research, we utilized both the learning-from-scratch and transfer-learning 

approaches to categorize brain scans into tumor and non-tumor classes. Models used 

are CNN trained from scratch and four pre-trained models: DenseNet121, InceptionV3, 

ResNet50, and VGG16. These models are shortly described below. 

 

4.1.CNN Learning from Scratch 

CNNs are commonly used for MRI classification because they automatically absorb 

spatial hierarchies of features. A CNN typically contains convolutional, pooling, and 

fully connected layers. 

Convolution Operation: For an input image ( I ) and a filter ( K ), this operation 

can be mathematically expressed in an equation 1, as: 

𝑆(𝑖, 𝑗) = (𝐼 ∗ 𝐾)(𝑖, 𝑗) = ∑  

 

𝑚

∑ 𝐼(𝑖 − 𝑚, 𝑗 − 𝑛) .  𝐾(𝑚, 𝑛)                  Equation 1

 

𝑛

 

Where: 

𝑰(𝒊 − 𝒎, 𝒋 − 𝒏): Represents the Input Image or the feature map from a previous 

layer. The indices (i, j) track the current position of the filter on the image.  

𝑲(𝒎, 𝒏) : Represents the Kernel or Filter. It is a small matrix of learnable 

weights designed to detect specific patterns, such as edges, textures, or tumor 

boundaries. 

*: Represents the convolution mathematical operator performed on the image. 

𝑺(𝒊, 𝒋): Represents the Feature Map (Output). It highlights where the specific 

features defined by the filter K were found in the image I.  

ReLU as an activation function: This function is applied immediately after 

the convolution. It keeps positive values (important features) and turns all negative 

values to zero (noise), refining the feature map 𝑺(𝒊, 𝒋)  before it moves to Model 
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Evaluation. The ReLU function is written in equation 2. 

𝑓(𝑥) = max (0, 𝑥)                                                 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 2 

Pooling Layer: To reduce computational complexity and extract dominant 

features from brain MRI scans, a Max Pooling layer is applied after the activation 

phase. Which performs a down-sampling operation by selecting the maximum value 

within a specified local neighborhood (window). The Max Pooling equation is written 

in equation 3. 

𝛾𝑖,𝑗 = 𝑚𝑎𝑥
(𝑚,𝑛)∈𝜔ⅈ̇𝑛𝑑𝑜𝑤

𝑥𝑖+𝑚,𝑗+𝑛                                          Equation 3 

Where: 

𝒙𝒊+𝒎,𝒋+𝒏: Represents the pixel value (activation) within the local window of the 

input feature map. 

𝜸𝒊,𝒋: Represents the resulting value in the reduced output feature map. 

𝝎ⅈ̇𝒏𝒅𝒐𝒘 : Defines the spatial neighborhood (e.g.,2 X 2) over which the 

maximum operation is computed. 

 

4.2.DenseNet121 Transfer Learning 

Dense connectivity represents a fundamental shift in how information flows through a 

neural network. Unlike traditional architectures, in which each layer connects only to 

its immediate successor, dense connectivity creates a more collaborative learning 

environment in which every layer receives direct input from all preceding layers.  This 

elegant concept is captured mathematically in Equation 4. 

 $𝑋_𝑙 =  𝐻_𝑙([𝑋_0, 𝑋_1, . . . . . . , 𝑋_{𝑙 − 1}])$                       Equation 4 

Where: 

$𝑿_𝒍: represents the output of the current layer.  

$𝑯_𝒍$: denotes the transformation function applied at this layer. The input to 

this function is the concatenation of feature maps from every previous layer - from the 

initial input $X_0$ all the way through $X_{l-1}$. This means that each layer has direct 

access to the raw features and all the refined representations developed earlier in the 

network. 

 

4.3.InceptionV3 Transfer Learning 

This model is based on the Inception module, which uses parallel convolutional filters 

of diverse sizes. The output of the inception module is represented in equation 5. 

y = 𝐶𝑜𝑛𝑐𝑎𝑡 [ 𝑓1∗1(𝑥), 𝑓3∗3(𝑥), 𝑓5∗5(𝑥), 𝑃𝑜𝑜𝑙(𝑥)]              Equation 5 

Here, f_{n* n} represents a convolutional operation with an $n * n$ filter. The 

1 * 1 convolutions capture pointwise features and help manage dimensionality, while 

the 3 * 3 and 5 * 5 filters progressively capture increasingly broader spatial patterns. 

The parallel pooling operation preserves essential spatial information while adding 

another layer of feature extraction. 

 

4.4.ResNet50 Transfer Learning 

ResNet50 utilizes residual connections to train very deep networks easily. This concept 

is formalized in the residual learning formula shown in Equation 6. 

         𝑌𝑙 = 𝐹(𝑋𝑙 , 𝑊𝑙 ) + 𝑋𝑙                                  Equation 6 

Where: 

XI represents the input to a residual block, while F(Xl, Wl) denotes the residual 

mapping to be learned—essentially, the transformation that captures what needs to be 

added to the input. The output Yl is obtained by simply adding the original input to this 

learned residual. 

4.5.VGG16 Transfer Learning 

A deep CNN with 16 weight layers is VGG16. It is known for its ease and even 

architecture using 3×3 convolutional filters. In a convolutional layer, the network 
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applies a filter (kernel) to the input feature map to extract spatial patterns such as edges, 

textures, and shapes. Each filter slides across the input image, performing an element-

wise multiplication followed by a summation to produce a feature map. 

The convolution operation can be expressed as:  

 

𝑦𝑖  ,𝑗
(𝑘)

= ∑  

2

𝑚=0

∑  𝑥𝑖+𝑚,𝑗+𝑛 .

2

𝑛=0

𝑤𝑚 ,𝑛
(𝑘)

+ 𝑏 
(𝑘)                       Equation 7 

where: 

𝒙𝒊+𝒎,𝒋+𝒏: Represents the input pixel value within the receptive field. 

𝒘𝒎,𝒏 
(𝒌)

: 𝐷enotes the weight of the 𝒌𝒕𝒉convolution filter. 

𝒃(𝒌): Represents the bias term associated with the filter. 

𝒚𝒊,𝒋
(𝒌)

 : Represents the resulting output feature map value at location (𝒊, 𝒋) 

Table 1 provides a comprehensive overview of the models utilized in this study.  

Table 1: Summary of Model Properties 

Model Depth Key 

Feature 

Advantage 

CNN 

Scratch 

Custom Learned 

from MRI dataset 

Flexible, 

dataset-specific 

DenseNet121 121 Dense 

connectivity 

Feature reuse, 

gradient flow 

improvement 

InceptionV3 48 Multi-

scale 

convolutions 

Captures 

multi-scale features 

ResNet50 50 Residual 

connections 

Solves 

vanishing gradient, 

deep learning 

VGG16 16 Uniform 

3×3 convolutions 

Simple, 

effective, interpretable 

 

5. Quantitative Performance Valuation Metrics 

The five standard performance metrics were calculated to examine the efficiency of 

brain cancer classification models: Accuracy, Sensitivity, Specificity, Precision, and F1 

Score.  

 

5.1.Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 (𝑁𝐶𝑃)

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 (𝑇𝑁𝑃)
            Equation 8 

where: 

Number of Correct Predictions (NCP) is the total number of instances correctly 

classified by the model. 

Total Number of Predictions (TNP) represents the overall number of samples 

evaluated by the model. 

 

5.2.Sensitivity (Recall) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃)

𝑇𝑃 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝐹𝑁)
               Equation 9 

where: 

True Positives (TP) are the number of positive instances correctly identified 

by the model. 

False Negatives (FN) represent the number of positive instances that the model 
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incorrectly classifies as negative. 

 

5.3.Specificity 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝑇𝑁)

𝑇𝑁 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝐹𝑃)
            𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 10 

where: 

True Negatives (TN) are the number of negative instances correctly classified 

by the model. 

False Positives (FP) are the number of negative instances incorrectly classified 

as positive. 

 

5.4.Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃)

𝑇𝑃 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝐹𝑃)
                 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 11 

where: 

True Positives (TP) are the number of positive instances correctly identified 

by the model. 

False Positives (FP) are the number of negative instances incorrectly classified 

as positive. 

 

5.5.F1 Score 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 . 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
          𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 12 

where: 

Precision measures the proportion of correctly predicted positive instances 

among all predicted positive instances. 

Sensitivity (Recall) measures the proportion of actual positive instances that 

are correctly identified by the model. 

 

6. The Deep Learning Models 

Table 2 below presents a brief overview of several DL models applied to brain cancer 

categorization. The models assessed, shown in Table 1, include a CNN trained from 

scratch and pre-trained transfer-learning architectures: DenseNet121, InceptionV3, 

ResNet50, and VGG16. Every model was assessed using metrics, namely Accuracy, 

Sensitivity, Precision, F1 Score, and Specificity, to deliver a complete assessment of 

their classification abilities. 

All the DL models reached high overall accuracy, with CNN, DenseNet121, and 

InceptionV3 feat 98%, and VGG16 attaining a perfect 100%. Sensitivity and precision 

metrics indicate that VGG16 accurately recognized all tumor and healthy cases, 

outperforming the other DL models. On the other hand, ResNet50, while reaching 

comparable overall accuracy, presented lower sensitivity (86%) and precision (80%). 

Generally, the outcomes indicated that VGG16 Transfer Learning delivers better 

performance across all metrics and demonstrates robust, balanced classification, 

making it the most appropriate model for further explainable AI assessment. 

Table 2: The Deep Learning Models 

Model Acc

uracy (%) 

Sens

itivity (%) 

Pre

cision (%) 

F

1 Score 

(%) 

Spec

ificity (%) 

CNN 

Learning 

from Scratch 

98 100 96 9

8 

96 

Dense

Net121 

98 99 97 9

8 

97 
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Transfer 

Learning 

Incept

ionV3 

Transfer 

Learning 

98 98 98 9

8 

98 

ResNe

t50 Transfer 

Learning 

98 86 80 8

3 

79 

VGG1

6 Transfer 

Learning 

100 100 100 1

00 

100 

 

 
Figure 2: VGG16   Transfer Learning Spider Chart 

 
Figure 3: VGG16   Transfer Learning Line graph 

 

The graphic representations in Figures 2 and 3 show that the performance metrics 

provide a strong pictorial comparison of the five DL models. From the above figures, 

it is clear that VGG16 consistently outperforms all other models, achieving perfect 

scores in Accuracy, Sensitivity, Precision, F1 Score, and Specificity. The CNN trained 

from scratch, as well as InceptionV3, also validate strong overall performance; 

however, subtle alterations are noticeable in their sensitivity and precision results. It 

was observed that ResNet50, though preserving high overall accuracy, exhibits lower 
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sensitivity and precision, indicating a higher rate of misclassifying tumor cases 

compared with the other DL models. DenseNet121 displays improved balance among 

sensitivity and specificity. Overall, the visual assessment fortifies the numerical results, 

which confirmed that VGG16 delivers the best performance. They made us the perfect 

choice for explainable AI-based examination through LIME and SHAP. 

 

6.1.Analysis of Learning from Scratch and Transfer Learning Models 

This research assessed the performance of DL architectures, e.g., CNNs (trained from 

scratch) and transfer-learning models (e.g., DenseNet121, InceptionV3, ResNet50, 

VGG16). The objective was to classify brain MRI scans for tumors. These models were 

evaluated using metrics (e.g., accuracy, sensitivity, precision, F1-score, specificity) to 

gain a comprehensive understanding of their classification performance. 

 

6.2.CNN (Learning from Scratch) 

The CNN recorded 98% accuracy, 100% sensitivity, and 96% precision. The results 

show that this model identified all tumor images without missing any, which is an 

extremely important characteristic in medical image diagnosis. However, its somewhat 

inferior precision relative to VGG16 suggests the occurrence of some false positives. 

The specificity of 96% further supports the conclusion that, while the CNN performed 

well at detecting non-tumor images, there was still room to improve false-positive rates. 

However, reaching such high performance without pre-trained weights imitates the 

strength of the custom architecture in learning discriminative features directly from the 

dataset. These results are illustrated in Figure 4 as follows: 

 
Figure 4: CNN (Learning from Scratch) confusion matrix 

The training accuracy increases effortlessly and stabilizes around 95%. Validation 

accuracy is also high, with a 90% score and not deviating too far, which means your 

model generalizes well. The gap between training and validation is sensible, but no 

huge overfitting has been mitigated. Figure 5 shows the training and validation accuracy 

curve.  

The training loss declines steadily and stabilizes around 0.2–0.25.  Validation loss is a 

bit noisier but generally going downward and staying well below 0.5. The gap between 

the training and validation losses was slightly associated with regularization before it 

improved. Figure 6 below shows the training and validation loss curve. 



 Page 389  

 
Figure 5: CNN (Training VS Validation) Accuracy Curve 

 
Figure 6: CNN (Training VS Validation) Loss Curve 

 

6.3.DenseNet121 Transfer Learning 

The DenseNet121 [94] with transfer learning also attained 98% accuracy with 99% 

sensitivity and 97% precision. Stability among sensitivity-precision shows that 

DenseNet121 generalized efficiently, with low positives (false) and negatives (false). 

97% specificity supports the reliability of this DL model in categorizing non-tumor 

images. DenseNet’s feature reusability and condensed connectivity pattern resulted in 

superior generalization compared to the baseline CNN. This is shown in Figure 7. 
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Figure 7: DenseNet121 (Transfer Learning) Confusion Matrix 

 

Training accuracy developed gradually, reaching 93–94% by epoch 14. Validation 

accuracy increases rapidly, stabilizes at 98–99%, and remains outstanding after epoch 

2. The model generalizes well, as validation accuracy consistently exceeds training 

accuracy. No overfitting because validation accuracy does not decline as epochs 

progress. Figure 8(a) shows the model's learning accuracy graph.  

Training loss declines gradually from 1.05 to below 0.15 in 14 epochs. Validation loss 

decreased abruptly early on and stabilized at around 0.05, lower than the training loss. 

The gap between the training and validation losses indicates strong generalization 

without excessive overfitting. Even declining movement in both curves shows stable 

convergence of the DenseNet121 model. Figure 8(b) shows the model's loss graph. 

 

 
         Figure 8(a) DenseNet121 Model Accuracy Graph                                 Figure 

8 (b) DenseNet121 Model Loss Graph 

 

6.4.InceptionV3 Transfer Learning 

InceptionV3 got 98% in all metrics (accuracy, sensitivity, precision, F1-score, and 

specificity). These results confirm that the model does not favor one class over the 

other. This made the model well-suited for medical applications in which both 

sensitivity and specificity are of similar importance. Critical role may have played in 

taking heterogeneous shapes and sizes through the multi-scale feature-extraction ability 

of InceptionV3, which led to steady metric results. The results are shown in Figure 9. 
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Figure 9: InceptionV3 (Transfer Learning) Confusion Matrix 

 

The model shows a high increase in training accuracy in the early epochs, reaching 95% 

in epoch 6, and then stabilizes. Test accuracy remains consistently high compared to 

training, at about 98%, indicating solid generalization. Both curves approach stability 

with small fluctuations, indicating that the model is well-trained without overfitting. 

Accuracy is above 97–98%, which shows the efficiency of transfer learning with 

InceptionV3. Figure 10(a) shows the training and testing accuracy of the model. 

Training loss declined abruptly at the start and has continued to decrease gradually, 

indicating efficient learning. Test loss shows a descending trend and stabilizes around 

0.05, which is remarkably low. Test loss is gradually lower than training loss, 

suggesting that the InceptionV3 model generalizes well. Both curves flatten after epoch 

8, showing that the model has converged successfully. Figure 10(b) shows the training 

and testing loss of the model. 

 
Figure 10(a) InceptionV3 Model Accuracy Graph                                   Figure 

10(b) InceptoinV3 Model Loss Graph 

 

6.5.ResNet50 Transfer Learning 

The Deep Learning model ResNet50 performed worse than the other models, achieving 

98% accuracy, but the other metrics were low: sensitivity (86%), precision (80%), F1-

score (83%), and specificity (79%). These results suggest that ResNet50 generalizes 

poorly on the given dataset, leading to missed tumor images (false negatives) and 

misclassifying healthy images (false positives). Although ResNet50 is considered an 

impressive model due to its outstanding architecture, in its current state it may be prone 

to overfitting or inadequacy. These metrics’ results underscore the importance of 

choosing models that align perfectly with the data characteristics, rather than relying 

solely on model depth or approval. Figure 11 shows the confusion matrix for ResNet-
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50. 

 
Figure 11: ResNet50 (Transfer Learning) Confusion Matrix 

 

Training accuracy increased rapidly at the start and then stabilized above 85%, which 

suggests that the model is learning satisfactorily from the dataset. Validation accuracy 

was between 70–77%, consistently lower than training accuracy. The gap between 

training and validation accuracy indicates the likelihood of overfitting. Validation 

accuracy fluctuates after 10 epochs, then becomes comparatively stable. Figure 12(a) 

shows the training and testing accuracy of the model. 

Training loss drops easily from 0.70 to 0.32, showing effective optimization. Validation 

loss shows fluctuations and remains higher than training loss, presenting some 

generalization glitches. The deviation between the training and validation loss curves 

indicates overfitting. In later epochs, the validation loss decreases slightly, suggesting 

the possibility of growth with regularization. Figure 12(b) shows the model's training 

and testing losses. 

 
Figure 12(a): ResNet50 Model Accuracy Graph                    Figure 12(b) 

ResNet50 Model Loss Graph 

 

6.6.VGG16 Transfer Learning 

VGG16 proved to be the optimal performer among all models, achieving a perfect score 

of 100% across all metrics. This showed that all tumor and healthy MRI scans were 

categorized correctly with no mistakes. Instead of being an old model, VGG16 is known 

for extracting highly discriminative features. This pinpointed the model’s suitability for 
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a medical image categorization task where texture (i.e., surface) and physical patterns 

(e.g., shapes) are very important. Despite these perfect results, they may raise concerns 

about possible overfitting; they found VGG16 to be the most reliable model in this 

experimental setup. Figure 13 below shows the outcomes. 

 
Figure 13: VGG16 (Transfer Learning) Confusion Matrix 

 

Training accuracy increased rapidly from 91% to 97%, showing that the VGG-16 Deep 

Learning model learned effective structures early. Validation accuracy is progressively 

higher, reaching 98%–100%, indicating generalization. Both curves plateau after epoch 

7, showing the model has converged. Training and validation curves are very close, 

with validation slightly better than training. Figure 14(a) shows the training and testing 

accuracy of the model. 

Training loss drops suddenly at the start, indicating fast learning. Validation loss 

remains small and below training loss, showing perfect generalization. Both training 

and validation losses are steady at very low values, 0.01–0.02. Deviation was nil 

between the training and validation losses, indicating that the model is not overfitting 

despite the high accuracy. Figure 14(b) shows the model's training and testing losses. 

 
Figure 14(a): VGG16 Model Accuracy Graph              Figure 14(b): VGG16 

Model Loss Graph 

 

7. Overall Discussion 

Results show that, although all DL models performed well, each model's strong points 

differ across metrics. CNN (learning from scratch) demonstrated efficiency, confirming 

the competence of training on the specific dataset without the use of external pre-trained 

weights. On the other hand, DenseNet121 and InceptionV3 exhibit stable 

generalization, which reflects the advantage of transfer learning due to their rich feature 



 Page 394  

representations. Moreover, ResNet50, despite its depth and architectural novelties, 

yielded less-effective results. VGG16 outperformed the other DL models, achieving 

perfect classification results across all assessment metrics. 

The results showed that, in medical image classification, the choice of DL models is 

not only dependent on experimental validation across multiple performance indicators 

but also on architectural complexity. DL models, e.g., VGG16 and InceptionV3, stand 

out for their steady, reliable classification performance in clinical applications, whereas 

ResNet50 may require additional fine-tuning or data augmentation to strengthen its 

performance. 

 

7.1.LIME Explanation on VGG16 (Best Model) 

The following figure provides a spatial visualization of the LIME explanation for a 

tumor on an MRI scan, complementing the quantitative features shown in Figure 15. 

The three pictures demonstrate the model's decision, with increasing levels of detail, by 

highlighting the top 5, 10, and 15 most effective super pixels. The emphasized regions, 

mainly the essential areas present in all three pictures, specify the image features that 

the VGG16 model relies on for classification. Significantly, these regions are 

particularly intense in the abnormal brain tissue, indicating that the model's decision-

making is clinically reasonable and associated with radiological awareness. This visual 

contract between the AI's explanation and the predictable pathological location is vital 

for confirming the model's trustworthiness and building trust for probable clinical use.  

 
Figure 15(a): LIME Explainability on Top 5    Figure15(b): LIME 

Explainability on Top 10   Figure 15(c) LIME Explainability on Top 15 

The LIME scrutiny, as shown in Figure 16, provides a post-hoc explanation of the AI 

model's decision for a specific Tumor MRI. This procedure identifies which sections of 

the scan were most persuasive in the decision-making process by segmenting the MRI 

into clear super pixels and then assessing their individual influence. The bar chart 

clearly positions these features by their rank. For this specific prediction, Super pixel 

18 was the most important positive contributor, strongly driving the model toward the 

tumor result. This was then followed by other crucial sections, such as Super pixels 14, 

33, and 29. This picturing is critical for building confidence and transparency because 

it allows clinicians to verify that the model is focusing on clinically pertinent areas 

rather than on inappropriate or false noise in the image. 
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Figure 16: LIME Feature Importance - Tumor MRI 

 

Figure 17 below shows the LIME explanation for an appropriately classified non-tumor 

MRI scan, which illustrates the image areas that most significantly contributed to the 

model's negative decision. The super pixels highlighted as the top 5, 10, and 15 most 

effective features are not concentrated in a central abnormal area but are distributed 

across various regions of the normal brain. This pattern specifies that the model's 

decision was based entirely on the positive identification of healthy anatomical features, 

rather than on the mere absence of a tumor. The uniformity of these highlights across 

all panels validates that the model has established a robust internal depiction of a 

healthy brain on MRI. This capability to recognize normality is a critical feature of the 

model's trustworthiness, as it helps reduce false-positive diagnoses. 

 
Figure 17(a): LIME Explainability on Top 5    Figure17(b): LIME 

Explainability on Top 10   Figure 17(c) LIME Explainability on Top 15 

 

Figure 18 illustrates the LIME explanation for the model's prediction for an MRI scan 

appropriately categorized as healthy (non-tumor). This examination discloses the scan 

image areas that most strongly suggest the model discarded a tumor verdict. Unlike the 

positive weights observed in the tumor case, the super pixels here show negative 

weights because they indicate that their occurrence reduces the model's certainty of a 

positive tumor result. The super pixel 89 was the most prominent feature, serving as the 

strongest indicator of healthy tissue in the MRI scan. This result was also supported by 

other areas, e.g., Super pixels 74 and 20. All of these together provided a graphic 

indication of non-tumor tissue. The ability to recognize features related to healthy MRI 

is equally important because it not only validates that the model is not merely 

diagnosing tumors but also detecting the presence of normal brain tissue, thereby 
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reducing the probability of false-positive detections. 

 
Figure 18: LIME Feature Importance - Non-Tumor MRI 

 

7.2.SHAP (SHapley Additive exPlanations) Explanation on VGG16 (Best Model) 

The heatmap in Figure 19 (Tumor MRI - SHAP Heatmap) explains why the VGG16 

model classified the MRI scan as a Tumor. The areas shaded in red (with positive SHAP 

values around 0.075) highlight the pixels that were the most important positive 

contributors to the Tumor prediction result. These areas have pictorial patterns that 

these models have learned are highly revealing of tumorous tissue, such as irregular 

shapes and textures. 

The regions shaded in blue (with negative SHAP values around -0.075) indicate pixels 

that would have been classified against a tumor prediction result. In the context of a 

tumor image, these likely denote regions of normal, healthy brain, such as white or grey 

matter. The model appropriately classifies their occurrence as unpredictable in the 

presence of a prevalent tumor, but their effect is outweighed by the robust positive 

evidence from those red areas. 

This permits clinicians to authenticate that the model's results are clinically reasonable. 

If the red hotspots align with radiologically confirmed tumor areas, this builds trust in 

the decision-making process. It determines that the model is not relying on 

inappropriate image artifacts or biases but is focusing on pathologically pertinent 

regions. 

Figure 20 (Non-Tumor MRI - SHAP Heatmap) shows why the model correctly 

classified a different MRI-scanned image as non-tumor. The main regions here are 

those with the strong negative SHAP values (e.g., the blue sections, with a prominent 

value of -0.100). These pixels are the most significant indication of the nonappearance 

of a tumor. They denote features of healthy composition. Their presence powerfully 

reduced the model's score for the tumor class. 

To understand the prediction results of our best model (VGG16) and to ensure its 

clinical credibility, we applied SHAP analysis. SHAP measures the contribution of each 

feature (e.g., a pixel) to the final result, providing a detailed explanation (e.g., pixel-

level). As can be seen in Figure 19 (Tumor MRI - SHAP Heatmap), for an MRI scan 

correctly classified as a tumor, the SHAP heatmap highlights specific areas in red with 

high positive values, indicating that they were the principal drivers of the tumor 

detection. These regions align well with radiologically doubtful areas, thereby 

confirming the model’s emphasis on clinically applicable features. On the contrary, 

Figure 20 (Non-Tumor MRI - SHAP Heatmap) illustrates a non-tumor prediction result, 

where specific regions with strong, high negative SHAP values, represented in blue, 
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indicate features of healthy/normal structure that actively reduced the tumor 

classification score, representing the model's learned depiction of normality. These high 

levels of interpretability are important not only for building trust but also for enabling 

clinical implementation by allowing experts to validate the model's decision-making 

process against their own field knowledge. Figure 21 shows the class contributions for 

the tumor image, while Figure 22 shows the class contributions for the tumor image. 

 
Figure 19: SHAP Explainability Heatmap, Tumor MRI 

 

 
Figure 20: Figure 19: SHAP Explainability Heatmap, Non-Tumor MRI 

 

 
Figure 21: Class Contributions for Tumor Image 
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Figure 22: Class Contributions for Non-Tumor Image 

 

8. Results and Discussion 

This specific unit presents the results of DL models applied to brain tumor 

categorization and discusses their implications. We assessed five DL models (CNN 

trained from scratch, DenseNet121, InceptionV3, ResNet50, and VGG16) on a dataset 

containing 2,000 training brain scans (1,000 tumor and 1,000 healthy) and 600 testing 

brain scans (300 tumor and 300 healthy) on the metrics, e.g., accuracy, sensitivity, 

precision, F1 score, and specificity. 

 

8.1.Results Comparison of DL Models 

Quantitative results revealed that all DL models tested in the study achieved high 

overall accuracy, with VGG16 achieving the best score of 100% across all metrics. 

CNN from scratch, as well as InceptionV3, got 98% of accuracy. Here, the CNN 

showed 100% sensitivity but lower precision at 96%. This showed that a slight rate of 

false-positive guesses was observed. The DenseNet121 achieved a steady accuracy of 

98%, sensitivity of 99%, and precision of 97%, indicating that its efficacy extends 

beyond feature extraction to gradient propagation. ResNet50, even though preserving 

high overall accuracy (98%), exhibited lower sensitivity (86%) and precision (80%), 

resulting in less consistent identification of tumor scans. 

The pictorial visualizations of results, e.g., the bar and radar charts, provide an amusing 

visual representation of model outcomes. VGG16 consistently outperformed across all 

metrics, while ResNet50 showed clear gaps in sensitivity and precision. DenseNet121 

and InceptionV3 produce reliable, consistent results, but still underachieve compared 

with VGG16. These results suggested that classification performance is enhanced when 

using transfer learning, specifically with VGG16, compared to learning from scratch. 

 

8.2. Analysis of Model Characteristics 

VGG16 enables well-organized feature extraction while preserving model simplicity, 

and its higher performance can be attributed to its uniform 3×3 convolutional 

architecture. The DenseNet121 model uses dense connectivity, which improves 

gradient flow and feature reuse. InceptionV3 has multi-scale convolutional layers with 

characteristics at different resolutions, which, in turn, strengthen dynamic brain tumor 

detection. ResNet50’s enduring connections appear less suitable for the current dataset, 

although designed to improve training in very deep networks, as it showed lower 

sensitivity and precision. 

 

8.3.Implications for Brain Cancer Classification 

These results showed that CNN (trained from scratch) was beaten by DL transfer 

learning models, with the VGG16 model being the most consistent for accurate brain 
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cancer categorization. Misclassification of brain tumors in medical diagnosis is greatly 

dependent on sensitivity and precision. The stable and best results of VGG16 across all 

assessment metrics suggest that this model is suitable for integration with explainable 

AI-based approaches (e.g., LIME and SHAP) to deliver explainable calculations, which 

will, in turn, improve clinical applicability and trustworthiness. 

 

8.4. Overall Observations 

Generally, it is observed that DL models (learning from scratch and transfer learning) 

actually effect the classification of brain scans through the proportional assessment. 

Transfer learning quickens this process and improves accuracy and steadiness, 

especially in situations where datasets are limited, e.g., in size, as is the case with the 

current MRI dataset. VGG16’s best performance across all selected metrics makes it 

the ideal model for the explainable AI examination, as well as for possible placement 

in clinical decision support systems in real-life environments. 

 

8.5.Conclusion and Future Work 

This research work examined the performance of DL models for brain cancer 

classification using a dataset of MRI brain scans. The models include those trained from 

scratch (CNN) and transfer learning (DenseNet121, InceptionV3, ResNet50, and 

VGG16). This quantitative work confirmed that all these DL models achieved high 

accuracy, while VGG16 consistently outperformed all other DL models, attaining 

perfect scores of 100% across Accuracy, Sensitivity, Precision, F1 Score, and 

Specificity. The quantitative results highlighted the efficacy of transfer learning due to 

the availability of pre-trained feature representations. This strategy not only improves 

categorization performance but also reduces computational cost and training time 

compared with the learning-from-scratch method. 

These results highlighted the strengths of each model. DenseNet121 performed well 

because of its dense connections, which encourage feature reuse. While the 

InceptionV3 successfully took multi-scale characteristics. On the other hand, ResNet50 

presented inferior sensitivity and precision on this brain MRI scans dataset despite its 

deep residual architecture. After applying explainable AI-based techniques, e.g., LIME 

and SHAP, we obtained interpretable insights into VGG16’s predictions, thereby 

ensuring transparency, consistency, and building trust, which are crucial for a medical 

diagnostic system in clinics. 

Future work will mainly focus on enhancing the dataset (MRI scans) by including a 

wider range of MRI images from multiple institutions to improve the model’s 

generalization and robustness. Moreover, integrating multi-source imaging datasets, 

e.g., CT scans and PET images, with MRI could further improve the accuracy and 

consistency of brain cancer classification. Further research will also identify hybrid 

models that combine DL with classical ML methods and progressive explainable AI 

agendas to provide clinicians with more actionable insights, eventually helping to 

generate initial findings and modified treatment approaches for brain tumor patients. 
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