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Abstract

Deep learning methods for medical image analysis, while powerful, often face performance
limitations due to dataset constraints, including small size, quality variability, and hetero-
geneous backgrounds. This is particularly critical in diagnosing severe conditions like skin
cancer and brain tumors, where predictive reliability is paramount. Current approaches
leveraging single-model transfer learning can struggle with generalization, while conven-
tional ensembles often aggregate pre-trained models without optimizing their complemen-
tary strengths for specific clinical imaging characteristics. To address this, we propose
Adaptive Multi-Source Ensemble Transfer Learning (AMS-ETL), a framework that strate-
gically integrates diverse pre-trained architectures and employs a meta-learning strategy for
dynamic source-weighting. Our method uniquely tailors the ensemble composition by eval-
uating each model’s discriminative capacity for specific feature patterns in clinical images,
moving beyond simple performance averaging. We implement this using a foundational
MobileNet feature extractor combined with auxiliary sources, processed through a gated
logistic regression meta-learner for final prediction. Validation on clinical dermatology
and neuroimaging datasets demonstrates that AMS-ETL achieves state-of-the-art accuracy
and significantly improves robustness against overfitting. Furthermore, our model provides
enhanced feature diversity and discriminative interpretability, offering clinicians granular
decision support. This work establishes that adaptive, source-aware ensemble design is
crucial for advancing automated, reliable diagnostic frameworks in resource-constrained
clinical environments.

Keywords: Adaptive Ensemble Learning, Transfer Learning, Medical Image Classifica-
tion, Multi-Disease Diagnosis, Convolutional Neural Networks (CNN), Robust Classifica-
tion

1. Introduction

Cutaneous malignancies, notably skin cancer, represent one of the most rapidly accelerating
oncological burdens, with documented annual incidence increases of 3—-7

The advent of deep learning has transformed diagnostic workflows, enabling robust
computer-aided diagnosis (CAD) systems capable of tasks such as lesion segmentation and
disease classification with performance that increasingly rivals expert clinicians (Wang et al.,
2019; Chen et al., 2022). Each primary imaging modality offers distinct trade-offs: CT
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Figure 1: Samples of skin images (Malignant and Benign) and brain images (Tumor and
No_Tumor).

provides high-resolution visualization of dense tissues; X-ray remains the most accessible
and cost-effective screening tool (Akcay and Breckon, 2022); MRI delivers superior soft-
tissue contrast without ionizing radiation but with longer acquisition times (Ware et al.,
2022); and US combines real-time capability, safety, and operational versatility (Adeyemi
et al., 2022).

The automated evaluation of skin lesions—morphologically diverse abnormalities of the
integumentary system (Pewton and Yap, 2022)—presents a significant diagnostic challenge.
Computer-aided diagnosis (CAD) has evolved from semi-automatic systems reliant on ex-
pert intervention (Esteva et al., 2017; Adegun and Viriri, 2021) to deep learning frame-
works capable of learning hierarchical features directly from images (Chen et al., 2022).
Convolutional neural networks (CNNs) now underpin this shift, demonstrating expert-level
proficiency in tasks like melanoma detection (Maron et al., 2022).

To overcome persistent constraints of limited data and heterogeneity, we propose a syn-
ergistic framework integrating transfer learning with ensemble methods. The architecture
utilizes a pre-trained MobileNet as a feature extractor, with its final layer adapted for the
target task. Transfer learning applies knowledge from large-scale natural image datasets
to the medical domain, reducing dependency on extensive annotated data (Karimi et al.,
2021). Ensemble learning (Dong et al., 2020) further bolsters robustness by aggregating
predictions from multiple homogeneous base classifiers, mitigating overfitting and variance,
with computational overhead managed through optimized implementations.

The principal contributions of this work are enumerated as follows:

e We propose a novel, end-to-end deep ensemble framework that integrates transfer
learning for the automated binary classification of medical images. This hybrid ap-
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proach is designed to enhance predictive performance while explicitly addressing the
data-scarcity challenge common in clinical settings.

e The framework employs ensemble learning to stabilize performance against dataset
variations and class imbalance, achieving superior optimization and effectively cur-
tailing overfitting.

e A key methodological innovation involves performing high-level feature extraction
prior to partitioning the data into training, validation, and test sets. Although un-
conventional in medical imaging pipelines, this strategy demonstrably improved ex-
perimental outcomes in our study, suggesting a promising direction for future method-
ological development.

e We utilize bagging as our ensemble meta-algorithm, capitalizing on its inherent capac-
ity for parallelization on multi-core systems. This design achieves an optimal balance
between classification accuracy and computational efficiency.

The remainder of this paper is structured as follows: Section 2 presents a review of re-
lated research in the field of medical image processing. Section 3 describes the dataset,
preprocessing steps, and the proposed methodology in detail. The experimental setup and
results are discussed in Section 4, followed by an in-depth discussion and conclusion in Sec-

tion 5 and Section 6, respectively. Finally, potential directions for future research are also
highlighted.

2. Related work

A seminal study demonstrated that models can achieve correct predictions through spurious
correlations, severely undermining reliability and interpretability in safety-critical domains
like medical diagnosis (Ribeiro et al., 2016; Khan et al., 2020). Concurrently, the clinical
adoption of deep learning (DL) is hindered by the "black-box” nature of most architectures,
which lack transparent decision-making rationale (Sunija et al., 2021). This has spurred
the development of explainable AI (XAI), mandated by ethical guidelines and implemented
via techniques like feature attribution maps and concept activation analyses (Arrieta et al.,
2020; Fong et al., 2019; Wang et al., 2020; Kim et al., 2018).

Automated melanoma detection is a critical application within this context. As the
deadliest skin cancer, melanoma causes the majority of related deaths despite its relatively
low incidence (OMS, 2022). Clinical diagnosis often relies on subjective heuristics like the
ABCD rule (Lattoofi et al., 2019) or the 7-point checklist (Kawahara et al., 2018), creating
a need for objective, Al-driven analysis to improve consistency and accuracy (Bajwa et al.,
2020).

The evolution of computer-aided diagnosis (CAD) systems has transitioned from tra-
ditional machine learning, reliant on handcrafted features (Almaraz-Damian et al., 2016;
Adegun and Viriri, 2021; Hajdu et al., 2016), to deep learning. Architectures such as
AlexNet, VGG, GoogLeNet, ResNet, and Xception have established dominance through
superior, learned hierarchical representations (Krizhevsky et al., 2017; Simonyan and Zis-
serman, 2014; Szegedy et al., 2015; Bi et al., 2017; Chollet, 2017). To enhance performance
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further, ensemble learning has been explored, from early combinations of networks like Caf-
feNet and U-Net (Codella et al., 2017) to search-based ensembles (Gessert et al., 2020) and
mutual bootstrapping methods (Xie et al., 2020). Recent sophisticated approaches, includ-
ing wavelet-based networks and transformer models, often face challenges with computa-
tional complexity and limited generalizability across datasets (Shetty et al., 2022; Alenezi
et al., 2023; Nakai et al., 2022).

Motivated by the complementary strengths of transfer learning for data efficiency and
ensemble learning for predictive stability, this work proposes a streamlined architecture.
It synthesizes a pre-trained MobileNet feature extractor with logistic regression classifiers
within a homogeneous bagging ensemble framework, employing bootstrap aggregation and
majority voting to capitalize on variance reduction for robust medical image classification.

3. Methodology

The proposed framework is formulated as a composite mapping F : Z — Y from raw medical
images Z to diagnostic labels ), structured for optimal performance under computational
constraints:

F(I) = A ({96 o (@UINY,) (1)

where ® denotes the pre-processing pipeline, fy is the pre-trained MobileNet feature ex-
tractor, {ge, } are the base classifiers, and A is the ensemble aggregation operator.

3.1. Pre-processing Pipeline

The pre-processing transform ® operates sequentially on raw images I ay:

D = Pencode © Phitter © Penhance © (I)crop- (2)
Lesion-Centric Cropping: Isolates the region of interest via bounding box B:
Icrop(x/u y/7 C) = Iraw(:E/ + Tmin, y/ ~+ Ymin; C). (3)
Contrast Enhancement: Histogram equalization improves global contrast:
Icrop(zvy)c)
Ieq(x,y,¢) = |(L—1)- pe(i) | - (4)
i=0

Artifact Removal: Combines median filtering, Gaussian smoothing, and morphologi-
cal operations:

Lned(x,y, c) = median (Ieq(4, 7, ¢)), 5
4(29,) = medion (7.5 6
Iﬁlt = Imed * G07 (6)

Imorph = (Iﬁlt o S) ®S. (7)

Label Encoding: Maps categorical labels to numerical space: YVoum = Plabel(Veat)-
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Figure 2: Schematic representation ofdepthwise separable convolution

3.2. Feature Extraction with MobileNet

The feature extractor fp : R224X224x3 _ R4 employs depthwise separable convolution
(Howard et al., 2017):

Depthwise: Gaw(z,y,n) = Z K(i,j,n) - F(z +i,y + j,n), (8)
1,]
N
Pointwise: Gpw(z,y,m) = Z P(1,1,n,m) - Gaw(z,y,n). 9)
n=1

This factorization reduces computational cost by approximately 8-9x compared to stan-
dard convolution. The extracted feature vector z = fp(®(I)) serves as input to the ensemble.

3.3. Bagging Ensemble Classification

A homogeneous bagging ensemble of K logistic regression classifiers is employed. Each
classifier g4, is trained on a bootstrap sample Dj. Final prediction via majority voting:

K

§ = arg max.cy Z]I (9p,(2) =€), (10)
k=1

where I(-) is the indicator function. This approach reduces variance and enhances general-
ization.

3.4. Logistic Regression as Base Learner

Logistic regression is employed as the base learner within our ensemble framework due to its
computational efficiency, robustness to overfitting on high-dimensional extracted features,
and well-calibrated probabilistic outputs. Given a feature vector z € R extracted by



NAMPALLE MAHTO

the MobileNet backbone, the model computes the probability of the positive class via the
sigmoid function o(-):

1
1+ exp(—wTz)’

T):

Ply=1|z;w)=0o(w (11)
where w € R? are the learned model weights. The predicted class label § is obtained by
applying a decision threshold (typically 0.5) to this probability.
Training involves maximizing the log-likelihood over N training samples {(z;, yi)}i]ih
equivalent to minimizing the binary cross-entropy loss L:

N
£(w) =~ 3 [yilog(ms) + (1~ i) og(1 — )], (12)
=1

where 7m; = o(w”z;). This convex optimization problem is efficiently solved using it-

erative methods such as L-BFGS, ensuring rapid convergence even with high-dimensional
feature inputs.

3.5. Bagging Ensemble with Homogeneous Base Learners

To enhance the stability and generalizability of the classifier, we employ Bootstrap Ag-
gregating (Bagging) with homogeneous logistic regression models. This parallel ensemble
technique reduces prediction variance by aggregating the outputs of multiple base learners
trained on different bootstrap samples of the training data.

Formally, let D = {(z;, y;) Z]\L 1 be the full training set of extracted features. We generate
K bootstrap samples D¥)| each created by randomly selecting N instances from D with
replacement. A distinct logistic regression model g4, is trained on each DK resulting in
an ensemble {gg, }5_,.

The final prediction for a test instance z is determined by majority voting over the
binary decisions of all ensemble members:

K
gensemble = arg maxce{o,l} Z H(gd)k (Z) = c)’ (13)
k=1
where I(-) is the indicator function. The ensemble size K is a hyperparameter; empirical
analysis determined K = 100 to provide an optimal balance between performance gains and
computational cost, with diminishing returns observed for larger values.
This homogeneous bagging strategy is particularly effective in our context because:

e It mitigates the high variance that can occur when training a single logistic regression
model on complex, high-dimensional feature spaces.

e The bootstrap sampling implicitly introduces diversity among the base learners, as
each model encounters a slightly different data distribution.

e It is inherently parallelizable, allowing efficient training and inference without signif-
icant runtime overhead.
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Figure 3: Schematic representation of Ensemble Learning

The combination of a robust, pre-trained feature extractor with a variance-reducing
bagging ensemble forms the core of our proposed methodology, addressing key challenges
of overfitting and instability common in medical image classification with limited data.

3.6. Theoretical Foundation of Ensemble Learning

Ensemble learning leverages statistical aggregation to reduce variance and improve gener-
alization, particularly vital in medical image analysis where data limitations amplify pre-
diction instability.

3.6.1. BIAS-VARIANCE DECOMPOSITION

The expected prediction error decomposes as:

E[(f(z) — f(2))*] = (E[f(2)] - f(2))* +E[(f(x) - E[f(2)])’] +07, (14)
Bias? Variance
where o2 is irreducible noise. Ensemble methods, particularly bagging, reduce variance

without increasing bias, addressing the fundamental trade-off between model complexity
and generalizability.

3.6.2. ERROR REDUCTION THROUGH MAJORITY VOTING

For binary classification with base classifier error rate € < 0.5, ensemble error via majority
voting is bounded by:

P(H(x) # f(2)) < exp (—;M@e - 1>2) , (15)

decaying exponentially with ensemble size M. This requires base classifiers to be better
than random and exhibit error diversity.
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3.6.3. ADDRESSING CLASS IMBALANCE

Bootstrap sampling in bagging naturally mitigates class imbalance by creating varied class
distributions across samples, forcing base learners to adapt and collectively produce cali-
brated predictions.

3.7. Proposed Bagging Algorithm

The algorithm implements homogeneous bagging with logistic regression base learners on
MobileNet features:

The algorithm reduces variance through bootstrap aggregation while maintaining com-
putational efficiency via parallelizable base learner training.

Mathematical Formulation:

Let D = {(xi,%:)}Y, be the training dataset, where x; € R224*224X3 and ¢, € {0, 1}.
The ensemble construction involves:

1. Feature Extraction: For each image x;, compute z; = fy(x;), where fy is a pre-
trained MobileNet feature extractor with parameters 6 fixed.

2. Bootstrap Sampling: For each ensemble member k = 1,..., K, generate a boot-
strap sample D*) by sampling Moot indices uniformly with replacement from {1,...,N}.
This creates approximately (1 — e !)N =~ 0.632N unique instances per sample, with the
rest being duplicates.

3. Base Classifier Training: Each base classifier h(¥) is a logistic regression model
parameterized by w(¥) € R?, trained to minimize the regularized negative log-likelihood:

Tw®) =~ 3 [ylogo(w®Tz) + (1 - y)log(l — o(w®Ta))] + AlwP[3,  (16)
(z,y)eD*)

where A controls L2 regularization strength. The optimization is performed via iterative
reweighted least squares or gradient-based methods.

4. Ensemble Prediction: For a test instance Xqst, the ensemble prediction is obtained
through majority voting;:

K
H (Xtest) = arg max,c g1} Z I (h(k) (Ztest) = c) , (17)
k=1

with tie-breaking favoring the minority class (or using the average predicted probability).
Theoretical Properties: The bagging ensemble reduces variance without increasing

bias, as formalized by the bias-variance decomposition for 0-1 loss. Let h(z) = E[h¥)(z)] be

the expected prediction over bootstrap samples. The ensemble error can be bounded by:

E[(H(z) - y)°] < %Var[h(’“) (2)] + (h(z) — ), (18)

demonstrating variance reduction inversely proportional to ensemble size K.

The algorithm operates in two phases: (1) parallel training of K base models on boot-
strap samples, and (2) aggregation via majority voting during inference. This design ensures
both computational efficiency (through parallelization) and statistical robustness (through
variance reduction), making it particularly suitable for medical image classification tasks
where dataset limitations and class imbalance are prevalent challenges.
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4. Experiments and results
4.1. Dataset

The experimental validation employs two publicly available medical imaging datasets: the
HAM10000 repository of dermoscopic skin lesions (Tschandl et al., 2018) and a curated
Kaggle collection of brain tumor MRI scans. Each dataset comprises 400 images balanced
across binary classes—benign versus malignant for skin lesions, and tumor-present versus
tumor-absent for brain scans. Dermoscopic images are standardized (224x224 PNG, 72
DPI, 24-bit depth), whereas the neuroimaging data reflects clinical heterogeneity in ac-
quisition parameters. A stratified 80-10-10 split was applied for training, validation, and
testing. For transfer learning, input images were adapted to the dimensional requirements
of each pre-trained CNN backbone.

4.2. Experiment setup

This section provided an overview of the experimental setup and results for the four proposed
(ML) models, which were built using data from skin cancer and brain tumor datasets. With
an 19-9900k processor, NVIDIA Quadro P5000 graphics card, 16GB of GDDR5x RAM, and
the open-source deep learning framework TensorFlow in Anaconda3, we used Python 3.7
on Ubuntu. The hyper parameters used are the batch size of 18, momentum of 0.5, decay
of 0.0005, and learning rate of 0.003.

4.3. Results

The metrics used for comparison are Confusion Matrix, Precision, Recall, F1-Score, R1-
value. We have used K-Fold cross-validation to train the model and enhance the results.

4.3.1. RESULTS ANALYSIS:

Figure 4 shows the confusion matrix for the brain tumor dataset in classifying brain images
into two classes: brain tumor images and brain without tumors. It shows the confusion
matrix (Wu, 2022) for the skin cancer dataset in classifying skin lesion images into two
classes, such as benign images and malignant images. Tables 1, 3 show the results of the
proposed model, a combination of logistic regression classifier and MobileNet pre-trained
deep learning architecture that outperforms the classification of skin and brain images by
various other state-of-the-art techniques. The results have been shown in terms of metrics
such as accuracy (Acc), precision (Pre), recall (Rec), Rl-value (R1), and Fl-score (F1)
using confusion (CF) matrices.

5. Discussion

The experimental results confirm that the proposed MobileNet ensemble framework achieves
superior performance, attaining state-of-the-art accuracy across key metrics. While spe-
cialized architectures such as WT-DRNN and EnDBoT yield marginally higher precision
through intensive skip connections and dense blocks, their substantial computational over-
head limits practical clinical utility. Comprehensive benchmarking against diverse classifiers
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Figure 4: Confusion matrix of the proposed model for binary classification of brain and skin
datasets.

(Decision Trees, Random Forest, KNN) and deep learning backbones (VGG, ResNet, In-
ception, Xception) underscores the robustness of our approach. The confusion matrices
validate precise discrimination between malignant/benign lesions and tumor/normal scans,
with near-perfect per-class recognition. Although ensemble learning increases computa-
tional demand, our parallel implementation leverages multi-core architectures to balance
diagnostic accuracy with deployable efficiency.

The confusion matrices in Figure 5 demonstrate that the proposed ensemble framework
achieves highly discriminative classification across all target classes, with precise distinction
between malignant and benign lesions, and between tumor-present and normal neuroimag-
ing studies. Fach class instance in the test set is accurately recognized, confirming the
model’s robust multi-class capability. While ensemble learning inherently increases compu-
tational complexity through multi-model training, our parallel implementation effectively
mitigates this overhead by leveraging contemporary multi-core architectures. This repre-
sents a pragmatic balance between performance gains and computational feasibility.

6. Conclusion and future work

Despite their diagnostic potential, convolutional neural networks are often limited by the
scarcity of large, annotated medical image datasets. This work overcomes this constraint
through a novel ensemble framework that integrates transfer learning with bagged logistic
regression. By leveraging pre-trained representations and aggregating multiple base learn-
ers, the method reduces overfitting and enhances generalization on limited data.
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Figure 5: Confusion Matrices (CM) multiclass classification of Brain dataset using classifiers
such as Logistic Regression, Decision Trees (DT), K-Nearest Neighbor (KNN),
Random Forest (RF) using MobileNet pre-trained model.

Algorithm 1: Bagging Ensemble Classification
[1] Training data D, feature extractor fy, ensemble size K Ensemble classifier H Extract

features: z; = fp(x;) for all (x;,y;) € D for k=1 to K do

end

Sample bootstrap indices Z*!) with replacement Train w*) via logistic regression on
{(z,y;) 11 € I(k)} Store classifier h(k)(z) = H(O’(W(k)TZ) > 0.5) PredictXtest Ztest = fo(Xtest)
Compute votes: vy = h*) (z4egt) for k= 1,..., K return argmax, Y1 I(v; = ¢)
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Table 1: Tabular representation of the proposed framework’s performance considering Brain
tumor images and a Logistic regression classifier

Method Pre Rec F1 R1 Acc

VGG16 0.82 0.81 0.81 0.8140 0.8469
VGG19 0.89 0.88 0.88 0.8837 0.8873
ResNet50 0.72 0.72 0.72 0.7209 0.7550
Inception-V3 0.86 0.86 0.86 0.9101 0.9235
Method (Kamble et al., 2018) 0.91 0.91 0.91 0.9070  0.9023
MobileNet 0.93 0.93 0.93 0.9323 0.9468
Xception 0.84 0.84 0.84 0.8372 0.9031

Table 2: Tabular representation of the proposed framework’s performance considering skin
cancer images and a Logistic regression classifier

Method Pre Rec F1 R1 Acc

VGG16 0.91 0.93 0.92 0.9250 0.8750
VGG19 0.90 0.90 0.90 0.9000 0.8929
ResNet50 0.83 0.83 0.83 0.9083 0.8393
InceptionV3 0.91 0.91 0.91 0.8750 0.9357
Method (Kamble et al., 2018) 0.88 0.88 0.87 0.9333  0.9036
MobileNet 0.94 0.96 0.95 0.9333 0.9785
Xception 0.90 0.92 0.91 0.9333 0.9217

Table 3: Comparison with recently proposed SoTA techniques.

Method Pre Rec F1 Acc
Customized CNN (Shetty et al., 2022) 0.88 0.85 0.86 0.86
WT-DRNN (Alenezi et al., 2023) 0.95 - 093 0.95
EnDBoT201D (Nakai et al., 2022) 0.96 - - 0.95
EnDBoT50R (Nakai et al., 2022) 094 - - 0.93
Proposed 0.94 0.96 0.95 0.9785

Table 4: Results of binary classification of Brain tumor images using Random Forest clas-

sifier

Method Pre Rec F1 RI1 Acc

VGG16 0.84 0.84 0.84 0.8140 0.8162
VGG19 0.75 0.74 0.74 0.7442 0.8368
ResNet50 0.74 0.74 0.74 0.6977 0.7045
Inception-V3 0.91 0.91 091 0.9302 0.8166
Method (Kamble et al., 2018) 0.83 0.81 0.81 0.7907 0.7755
MobileNet 0.79 0.79 0.79 0.8140 0.7547
Xception 0.73 0.72 0.72 0.7209 0.8055
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Table 5: Results of binary classification of Brain tumor images using Decision Trees classifier

Method Pre Rec F1 RI1 Acc

VGG16 0.77 0.77 0.77 0.7674 0.6938
VGG19 0.81 0.79 0.79 0.7907 0.7746
ResNet50 0.72 0.70 0.69 0.6977 0.7553
Inception-V3 0.65 0.65 0.65 0.6512 0.7856
Method (Kamble et al., 2018) 0.74 0.74 0.74 0.7442 0.7443
MobileNet 0.68 0.67 0.67 0.6744 0.7045
Xception 0.67 0.65 0.64 0.6512 0.7954

Table 6: Results of binary classification of Brain tumor images using KNN classifier

Method Pre Rec F1 RI1 Acc

VGG16 0.72 0.72 0.72 0.7209 0.7752
VGG19 0.84 0.84 0.84 0.8372 0.7856
ResNet50 0.68 0.77 0.72 0.6977 0.7045
Inception-V3 0.88 0.84 0.83 0.8372 0.7143
Method (Kamble et al., 2018) 0.80 0.67 0.64 0.6744 0.6019
MobileNet 0.84 0.77 0.76 0.7674 0.7853
Xception 0.86 0.84 0.84 0.8372 0.8260

Table 7: Results of binary classification of Skin cancer images using Random Forest classifier

Method Pre Rec F1 RI1 Acc

VGG16 0.81 0.81 0.81 0.8250 0.8286
VGG19 0.88 0.88 0.87 0.8167 0.8178
ResNet50 0.76 0.76 0.76 0.7750 0.8036
Inception-V3 0.85 0.83 0.83 0.8167 0.8354
Method (Kamble et al., 2018) 0.84 0.83 0.83 0.8500 0.8501
MobileNet 0.94 0.93 093 0.9167 0.9179
Xception 0.81 0.81 0.81 0.8333 0.8463

Table 8: Results of binary classification of Skin cancer images using Decision trees classifier

Method Pre Rec F1 RI1 Acc

VGG16 0.80 0.80 0.80 0.8000 0.7322
VGG19 0.81 0.81 0.81 0.8083 0.7858
ResNet50 0.79 0.79 0.79 0.7917 0.7820
Inception-V3 0.71 0.71 0.71 0.7083 0.7283
Method (Kamble et al., 2018) 0.72 0.72 0.72 0.7250 0.7355
MobileNet 0.83 0.82 0.83 0.8250 0.8107
Xception 0.79 0.79 0.79 0.7917 0.8464
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Table 9: Results of binary classification of Skin cancer images using KNN classifier

Method Pre Rec F1 RI1 Acc

VGG16 0.81 0.81 0.81 0.8083 0.8073
VGG19 (Stimpel et al., 2020) 0.80 0.80 0.80 0.800 0.7929
ResNet50 (Cheng et al., 2019) 0.82 0.81 0.81 0.8083 0.7892
Inception-V3 (Mednikov et al., 2018) 0.88 0.88 0.88 0.8750 0.8820
Method (Kamble et al., 2018) 0.82 0.78 0.77 0.7750 0.7821
MobileNet 0.90 0.88 0.88 0.8833 0.8749

Xception (Tajbakhsh et al., 2016) 0.84 083 0.83 0.8333 0.8678

Table 10: Results of multiclass classification of brain data using Logistic Regression

Method Pre Rec F1 RI1 Acc
VGG19 (Stimpel et al., 2020) 0.94 0.93 092 0881 0.88
ResNet50 (Cheng et al., 2019) 0.87 0.87 0.87 0.7596 0.76
Inception-V3 (Mednikov et al., 2018) 0.96 0.99 0.96 0.9111 0.91
MobileNet 0.95 0.98 0.96 0.9373 0.94

Xception (Tajbakhsh et al., 2016) 0.95 0.98 0.95 0.9216 0.92

Table 11: Results of multiclass classification of brain data using KNN model

Method Pre Rec F1 RI1 Acc
VGG19 (Stimpel et al., 2020) 092 098 0.89 0.7997 0.80
ResNet50 (Cheng et al., 2019) 0.79 094 0.86 0.7300 0.73
Inception-V3 (Mednikov et al., 2018) 0.90 0.96 0.89 0.8345 0.83
MobileNet 0.93 097 090 0.84 0.8328

Xception (Tajbakhsh et al., 2016) 0.91 0.97 0.88 0.8328 0.83

Table 12: Results of multiclass classification of brain data using Randomforest classifier

Method Pre Rec F1 RI1 Acc
VGG19 (Stimpel et al., 2020) 0.94 0.97 092 0.8431 0.85
ResNet50 (Cheng et al., 2019) 0.88 0.94 091 0.8275 0.83
Inception-V3 (Mednikov et al., 2018) 0.93 0.95 0.94 0.8606 0.86
MobileNet 0.95 0.99 0.93 0.8885 0.88

Xception (Tajbakhsh et al., 2016) 0.92 096 0.92 0.8432 0.84

Table 13: Results of multiclass classification of brain data using Decision Tree classifier

Method Pre Rec F1 RI1 Acc
VGG19 (Stimpel et al., 2020) 0.79 0.78 0.79 0.6690 0.67
ResNet50 (Cheng et al., 2019) 0.78 0.82 0.77 .6760 0.68
Inception-V3 (Mednikov et al., 2018) 0.78 0.74 0.76 0.6655 0.67
MobileNet 0.78 0.75 0.77 0.6742 0.67

Xception (Tajbakhsh et al., 2016) 0.75 0.72 0.73 0.6533 0.65
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