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Abstract---Identification of medical diseases is a multidomain task 

that involves design of effective models for data collection, pre-

processing, segmentation, feature extraction & reduction, with 

classification & post-processing. To design a medical expert system, 

researchers need to incorporate various input-specific processing 

models, that can cater to numerical, sequential, and image datasets. 
A wide variety of such system models are proposed by researchers 

for medical expert system design. Each of them utilizes some form of 

machine learning & deep learning interfaces. These interfaces assist 

in high-efficiency feature extraction, and disease classification via 

augmentation & interpolation of input datasets. But the scalability & 
performance of these models is limited due to their general-purpose 

architectural characteristics. Models that have high scalability, 

showcase moderate accuracy & precision performance when tested 

under multiple types of medical datasets. To improve this scalability, 

while maintaining high accuracy, precision & recall performance, a 

novel intrinsically scalable model for medical disease identification 
using hybrid swarm intelligence with augmented transfer learning is 

proposed in this text. The proposed ISM2SAITL model initially 

converts all input datasets into dynamically scaled & quantized 2D 

representations, which assists in deploying effective feature 

extraction methods. To extract these features, an ensemble feature 
evaluation engine is deployed, which assists in maximizing feature 

variance via hybrid swarm intelligence (HSI) model. The HSI model 
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uses a combination of particle swarm optimization (PSO) with 

elephant herding optimization (EHO) in order to extract disease-

specific feature sets. These feature sets are classified using an 
ensemble of GoogLeNet, ResNet-18, and DenseNet models, which 

assists in high-accuracy feature classification. The results & 

patterns extracted from one type of disease are used to classify other 

disease types via a novel transfer learning model. The proposed 

ISM2SAITL model was evaluated for skin cancer, ophthalmic cancer, 

blood cancer, and Parkinson’s disease datasets. These datasets had 
a variation in feature inputs,that included, clinical features, genomic 

features, and image features. These features were uniformly 

processed by the proposed model to achieve an accuracy of 98.9% 

across different datasets. Performance of the proposed ISM2SAITL 

model was compared w.r.t. various state-of-the-art approaches, and 
a precision improvement of 8%, recall improvement of 7.6%, and 

sensitivity improvement of 6.5% was observed. This performance 

enhancement was consistent across multiple disease types, which 

assists the model to achieve high scalability across different clinical 

applications. 

 
Keywords---medical, expert, augmented, bioinspired, convolutional, 

neural, network, transfer, learning, feature, quantization, PSO, EHO, 

GoogLeNet, ResNet, DenseNet. 

 

 
Introduction 

 

Designing medical expert systems is a multidomain task that involves effective 

data collection, disease specific pre-processing, & segmentation, dataset specific 

feature extraction & feature selection, and application-specific classification & 

post-processing model designs. A typical medical expert system model is depicted 
in figure 1, wherein components like e-health sensors, clinical experts, patient 

information, and technologies are combined for final patient diagnosis [1]. 

 

 
Figure 1. A typical medical expert system model 
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Based on this model, it can be observed that patients, e-health sensors, and 

clinical experts are non-tangible components, whose efficiency cannot be 

improved above a certain extent. Patients might give falsified information, sensors 

have quantization & other errors, while clinical experts always have diagnosis 
errors, which causes improper treatments. To reduce the probability of these 

errors, researchers develop high-efficiency classification modes, that can analyze 

patient & sensor inputs to simplify decision making at clinical-expert level. A 

review of these approaches [2, 3], along with their nuances, advantages, 

limitations & future research scopes is discussed in the next section of this text. 

From this review, it is observed that these models have moderate to high accuracy 
depending upon input dataset, which limits their scalability for real-time clinical 

applications. To improve this scalability, section 3 discusses design of an 

intrinsically scalable model for medical disease identification using hybrid swarm 

intelligence with augmented transfer learning.  

 
This discussion proposes a dataset independent model for medical expert system 

design, and is capable of detecting multiple diseases with high precision, 

accuracy, recall & AUC performance. The proposed model uses incremental 

learning, which assists in continuous accuracy improvement, w.r.t. number of 

evaluations. The proposed model also uses transfer learning, which assists in 

adaptively transferring feature knowledge from one CNN model to other depending 
upon class types. Performance of the proposed model was compared with various 

state-of-the-art approaches in section 4, wherein accuracy, precision, recall, AUC 

and computation delay was evaluated. Based on this performance evaluation, it 

was observed that the proposed model is highly scalable, and has higher 

efficiency when compared with various state-of-the-art models. Finally, this text 
concludes with some interesting observations about the proposed model, and 

recommends various methods to further improve its performance. 

 

Literature review 

 

A wide variety of system models are deployed for clinical disease detection, and 
medical expert system designs. These models utilize multiple data representation 

modules, which assist in converting raw clinical readings into class-dependent 

feature vectors. For instance, work in [4, 5, 6] proposes design of heart disease 

prediction model using Density-Based Spatial Clustering of Applications with 

Noise (DBSCAN) with augmented classifiers, short-term kidney disease 
classification via semi-supervised Multiple task learning, and long-term 

aggregation mechanism for better classification performance. These models 

showcase good performance for low-density datasets, but cannot be used for 

datasets with larger variance, due to which their scalability is limited. To 

overcome this limitation, work in [7] proposes a model for multiple support vector 

machines (MSVMs), which can be used to classify dense features without 
compromising classifier performance.  

 

Extensions to this model are discussed in [8, 9, 10], wherein researchers have 

proposed use of hybrid random forest with a linear model (HRFLM), Conditional 

Random Field with Fully Convolutional Network (CRF FCN), & Genomic data use 
for classification of different diseases. These models are applied for disease 

specific datasets, but can be extended for multiple disease evaluations via 
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parameter tuning, & dataset-specific feature extractions. Such models are 

proposed in [11, 12, 13], wherein researchers have used Region of Interest based 

Transfer Learning with Convolutional Neural Network (CNN), Multiple view filtered 
Transfer Learning, and Multiple Task Deep Learning for skin diseases. Here, each 

of the reviewed model is trained for one type of disease, and then extended for 

other skin disease types via Transfer or Deep Learning Mechanisms, thus 

assisting in high scalability design of classifiers.  

 

Models that utilize Deep Learning via CNNs outperform linear classification 
Methods, for instance, work in [14, 15, 16] proposes use of parallel cascades of 

Convolutional Neural Networks (PC CNN), Multiple Source Transfer Learning Via 

Multiple Kernel Support Vector Machine Plus (MSTL MKSVM), and multiple 

stratification models using CNN & its variants. These models assist in estimation 

of highly variant features, thereby improving overall classification performance, 
without compromising on delay & scalability performance. Performance of these 

models must be validated under different datasets, and can be extended via use of 

Dense Convolutional Neural Network [17], fuzzy logic-based classification [18], 

Deep Multiple instance Learning via Multiple Modalities [19], ensemble 

classification models [20], semi supervised Multitask Learning (SSMTL) [21], and 

Variance Maximized Deep Networks [22], which assist in improving feature 
variance for better signal representation under different datasets.  

 

Specialized approaches that utilize Deep Learning Models for Keratoconus and 

Sub-Clinical Keratoconus Detection [23], Multivariate Analysis using CNNs & 

Decision Trees [24], Learning from Label Fuzzy Proportions (LLFP) [25], and 
Gaussian mixture models (GMM) with sensor CNN (SCNN) [26] are discussed 

which assist in improving correlative feature mapping between clinical & test 

features in order to improve overall classification performance. Extensions to 

these approaches are proposed in [27, 28, 29], wherein collaborative variational 

deep learning model (CVDL) with autoencoder, Deep CNN with 

photoplethysmography signals, and View classification CNN are proposed. These 
models are applicable to General purpose datasets, and can be extended via Q-

Learning, Recurrent NN, and Long-Short-Term-Memory (LSTM) based models. 

Such extended models are discussed in [30, 31, 32], wherein Residual CNN, 

Robust sleep Network, and Graph Convolutional Networks are proposed. These 

models assist in extraction of high-density features, which assist in correlation-
based matching of context-independent feature vectors. Thus, it can be observed 

that these Deep learning Models outperform linear classification models, but they 

are generic in nature, thus cannot be scaled for wider applications. To remove 

these limitations, next section proposes design of an intrinsically scalable model 

for medical disease identification using hybrid swarm intelligence with augmented 

transfer learning process. This model was evaluated on multiple datasets, and its 
performance was compared with various state-of-the-art techniques for validation 

of accuracy & scalability metrics under different scenarios. 
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Design of the proposed intrinsically scalable model for medical disease 

identification using hybrid swarm intelligence with augmented transfer 

learning 

 
Based on the literature survey it can be observed that multiple models are 

proposed by researchers for identification of diseases based on scanned body 

parameters. Each of these models utilize machine learning & deep learning 

mechanisms to identify disease-specific feature patterns. The performance of deep 

learning models is limited due to use of general-purpose convolutions & 

classification layers. In contrast, models that use disease specific feature 
extraction & classification methods are highly specific to a particular disease type, 

which limits their scalability. To improve this scalability, while maintaining high 

accuracy, precision & recall performance, a novel intrinsic model for medical 

disease identification using hybrid swarm intelligence with augmented transfer 

learning is proposed in this text.  
 

The proposed model is depicted in figure 2, and uses a combination of augmented 

feature extraction models, and uses domain specific hybrid swarm intelligence to 

extract highly variant feature sets. These feature sets are converted into 2D 

feature vectors, which are classified using an ensemble of GoogLeNet, ResNet-18, 

and DenseNet models. These models are selected due to their high-performance 
under separate datasets. For instance, GoogLeNet showcases better performance 

for skin cancer & and Parkinson’s disease, while ResNet-18 performs better for 

ophthalmic cancer, and DenseNet model outperforms other models for blood 

cancer datasets. Design of the proposed model is segregated into multiple sub-

parts, and is discussed in different sub-sections of this text. This will assist 
researchers to implement them in part(s) or as a whole depending upon their 

deployment requirements. 

 

Design of the feature extraction layer 

 

Input datasets are converted into multispectral features in order to enhance its 
representation capabilities. To perform this task, discrete wavelet features, 

discrete cosine transform (DCT) features, Fourier features, & iVector features are 

extracted. The wavelet features are able to identify entropy features, while DCT is 

able to reduce redundancy from features via converting them into frequency 

domain. Similarly, Fourier transform is used to extract these frequency 
components, while iVector is used for representing features into multispectral 

domains. To extract these features, different sets of identities are used, for 

instance, wavelet transform is evaluated via equation 1 & 2, wherein consecutive 

feature sets are utilized, 
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Figure 2. Overall flow of the proposed model 

 

𝐹(𝑊𝑎) = ⋃
𝑥𝑖 + 𝑥𝑖+1

2

𝑁𝑓−1

𝑖=1

                                … (1) 

𝐹(𝑊𝑑) = ⋃
𝑥𝑖 − 𝑥𝑖+1

2

𝑁𝑓−1

𝑖=1

                              … (2) 

 

Where, 𝑊𝑎 & 𝑊𝑑 represents approximate & diagonal wavelet components, 𝑥 

represents dataset feature samples with 𝑁𝑓 features. Similarly, DCT components 

are extracted via equation 3 as follows, 
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𝐹(𝐷𝐶𝑇𝑖) =
1

√2 ∗ 𝑁𝑓

∗ 𝑥𝑖 ∑ 𝑥𝑗 ∗ cos [
√−1 ∗ (2 ∗ 𝑖 + 1) ∗ 𝜋

2 ∗ 𝑁𝑓

]

𝑁𝑓

𝑗=1

           … (3) 

 

From these feature vectors, values which are above DCT threshold are used, while 

others are discarded from the feature set. This threshold is evaluated via equation 
4 as follows, 

 

𝐷𝐶𝑇𝑡ℎ =
∑ 𝐹(𝐷𝐶𝑇𝑖) ∗ 𝐿𝑓𝐷𝐶𝑇

𝑁𝑓

𝑖=1

𝑁𝑓

                … (4) 

 

Where, 𝐿𝑓𝐷𝐶𝑇
 is DCT learning factor, which is evaluated via the hybrid swarm 

intelligence layer described in section 3.2 of this text. The discrete Fourier 

transform (DFT) is evaluated via equation 5 as follows, 

 

𝐷𝐹𝑇𝑖 = ∑ 𝑥𝑗 ∗ [cos (
2 ∗ 𝜋 ∗ 𝑖 ∗ 𝑗

𝑁𝑓

) − √−1 ∗ sin (
2 ∗ 𝜋 ∗ 𝑖 ∗ 𝑗

𝑁𝑓

)]           … (5)

𝑁𝑓

𝑗=1

 

 
These features are evaluated to obtain multiple values of frequency component 

intensities. Some of these components have lower intensities, and thus introduce 

redundancies during classification. To remove these components, a Fourier 

threshold is evaluated via equation 6, 

 

𝐷𝐹𝑇𝑡ℎ = ∑ 𝐷𝐹𝑇𝑖 ∗
𝐿𝑓𝐷𝐹𝑇

𝑁𝑓

                   … (6)

𝑁𝑓

𝑖=1

 

 

Where, 𝐿𝑓𝐷𝐹𝑇
 represents DFT learning factor, and is tuned via the swarm 

intelligence layer as described in section 3.2 of this text. Both DCT & DFT are 
used for frequency level analysis, and are capable of extracting high intensity 

frequency patterns. To extend this analysis, iVectors are extracted via equation 7, 

which represents dataset features into multispectral scales. 

 

𝐹(𝑖𝑉𝑒𝑐𝑡𝑜𝑟𝑖) = 𝑀𝐴𝑋 (⋃ 𝑥𝑗

𝑁𝑓

𝑗=1

) + [
(1,1)𝑣𝑎𝑟 ⋯ (1, 𝑛)𝑣𝑎𝑟

⋮ ⋱ ⋮
(𝑛, 1)𝑣𝑎𝑟 ⋯ (𝑛, 𝑛)𝑣𝑎𝑟

] ∗ 𝑥𝑖                      … (7) 

 

Where, (𝑥, 𝑦)𝑣𝑎𝑟 represents feature variance between samples 𝑥 & 𝑦, which is 

estimated via equation 8 as follows, 

 

(𝑥, 𝑦)𝑣𝑎𝑟 =
exp (

𝑥2

2
)

2 ∗ 𝑝𝑖 ∗ 𝑉(𝑥) ∗ 𝑉(𝑦)
                       … (8) 

 

Where, 𝑉(𝑥) represents variance for the feature 𝑥, and assists in evaluation of 

feature consistency across different inputs. This variance is estimated via 
equation 9, 
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𝑣𝑎𝑟(𝑥) = (𝑁𝑓 − 1)
−1

∗ ∑ (𝑥𝑖 − ∑ 𝑥𝑗 ∗ 𝑁𝑓
−1

𝑁𝑓

𝑗=1

)

2

                    … (9)

𝑁𝑓

𝑖=1

 

 

Based on these identities, different features are extracted, which are capable of 

representing clinical observations into multispectral vectors. But due to use of 

multiple frequency components, these vectors contain feature-level redundancies 

which must be minimized for better classification performance. To reduce this 

redundancy, a hybrid swarm intelligence layer is deployed, which combines PSO 
& EHO models for highly variant feature selection. Design of this layer is 

described in the next sub-section of this text. 

 

Design of hybrid swarm intelligence layer 

 

The hybrid EHPSO model uses a combination of EHO & PSO for feature selection. 
As observed from figure 3, the model initially generates a set of Herds using EHO, 

and then optimizes each herd using PSO method.  

 

 
Figure 3. Overall flow of EHPSO Model 
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This model is capable of maximizing feature variance via continuous herd 

updates, and uses the following process to perform this task, 

 

• Initialize EHPSO parameters, 

• Number of herds (𝑁ℎ) 

• Number of iterations (𝑁𝑖) 

• Learning rate (𝐿𝑟) 

• Number of particles (𝑁𝑝) 

• Number of PSO iterations (𝑁𝑖𝑃𝑆𝑂
) 

• Initially mark all herds as ‘to be modified’ 

• For each iteration in 1 to 𝑁𝑖 

• For each herd in 1 to 𝑁ℎ 
▪ If the herd is marked as ‘not to be changed’, then go to the next herd 

▪ Else, modify this herd via the following PSO process, 

• Each herd is processed via PSO for continuous performance improvement.  

• To perform this task, and Generate New particles for this herd, the following 

process is used, 

• Generate stochastic values for DCT learning factor, DFT learning factor via 

equation 10, 

 

𝐿𝑓𝐷𝐶𝑇
= 𝑆𝑇𝑂𝐶𝐻(0.1, 1), 𝐿𝑓𝐷𝐹𝑇

= 𝑆𝑇𝑂𝐶𝐻(0.1,1)                        … (10) 

 

Where, 𝑆𝑇𝑂𝐶𝐻(𝑥, 𝑦) represents a stochastic number between 𝑥 & 𝑦, which is 

generated via gold code random number generation process. 

 

Select stochastic number of features from the input feature set via equation 11, 

𝑆𝑓 = 𝑆𝑇𝑂𝐶𝐻(𝐿𝑟 ∗ 𝑁𝑓 , 𝑁𝑓)                        … (11) 

 

Based on these features, evaluate particle velocity via equation 12, 

 

𝑉𝑖 =

√∑ (𝐹𝑎 −𝑚
𝑎=1

∑
√∑ (𝐹𝑗−

∑ 𝐹𝑙
𝑛
𝑙=1

𝑛 )2𝑛
𝑗=1

𝑛−1
𝑚
𝑖=1

𝑚
)2

𝑚 − 1
                    … (12) 

 

Where, 𝑚 represents number of features in the current class, while 𝑛 represents 

number of features in other classes.  

 

Identify global best particle via equation 13, 

 

𝐺𝐵𝑒𝑠𝑡 = 𝑉𝑖 , 𝑤ℎ𝑒𝑟𝑒 𝑉𝑖 = 𝑀𝑎𝑥 [⋃ 𝑉𝑖

𝑁𝑝

𝑖=1

]                      … (13) 

Assign current velocity of the particle as its present best position (𝑃𝐵𝑒𝑠𝑡). 
For each PSO iteration in 1 to 𝑁𝑖𝑃𝑆𝑂

 

Update particle velocity via equation 14, 
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𝑁𝑒𝑤𝑣𝑖
= 𝑟 ∗ 𝑉𝑖 + 𝐶𝑐𝑜𝑔 ∗ [𝑉𝑖 − 𝑃𝐵𝑒𝑠𝑡𝑖] + 𝐶𝑠𝑜𝑐 ∗ [𝑉𝑖 − 𝐺𝐵𝑒𝑠𝑡]                    … (14) 

 

Where, 𝑟, 𝐶𝑐𝑜𝑔 , & 𝐶𝑠𝑜𝑐 represents random number, cognitive learning factor, and 

social learning factor for the PSO model. 

 

Based on this new velocity, features are randomly added or removed from the 

current particle. Select the particle with maximum velocity, and select it as 
current herd. Repeat this process for all modifiable herds, and assign PSO velocity 

as EHO fitness value via equation 15, 

 

𝑓𝐸𝐻𝑂 = 𝐺𝐵𝑒𝑠𝑡                         … (15) 
 
After each iteration, identify fitness threshold via equation 16, 

 

𝑓𝑡ℎ = ∑ 𝑓𝑖 ∗
𝐿𝑟

𝑁𝑠

                              … (16)

𝑁𝑠

𝑖=1

 

 

Herds with fitness lower than 𝑓𝑡ℎ represents features with lower variance, thus are 

discarded from the solution set by marking them as ‘to be modified’. Remaining 

herds are marked as ‘not to be modified’. This process is repeated for all 

iterations, and herd with maximum fitness is marked as ‘Matriarch’ herd. At the 

end of 𝑁𝑖 iterations, herd with maximum fitness is selected, and its particles are 

used for final feature selection. To identify these features, select the particles with 

velocity more than threshold, which is evaluated via equation 17 as follows, 

 

𝑣𝑡ℎ = ∑ 𝑣𝑖 ∗
𝐿𝑟

𝑁𝑝

                             … (17)

𝑁𝑝

𝑖=1

 

 

Where, 𝑣𝑖 represents particle velocity for particles with maximum variance. Based 

on this threshold, particles with velocity more than 𝑣𝑡ℎ are selected, and their 

features are evaluated via equation 18 as follows, 

 

𝑃𝑠𝑒𝑙 = 𝑈𝑛𝑖𝑞𝑢𝑒 [⋃ 𝑃[𝑣𝑖 > 𝑣𝑡ℎ]

𝑁𝑝

𝑖=1

]                    … (18) 

 

Where, 𝑃[𝑣𝑖] represents features for the particle with velocity 𝑣𝑖, while 𝑈𝑛𝑖𝑞𝑢𝑒 

operator is used to reduce redundancy in the selected features. These features are 

converted into a standard 2D vector of size 224x224, which is compatible with 

CNN classification layers. To perform this conversion, following process is used, 
 

• Initialize a 2D feature array (𝐴𝑟𝑟𝑓), also initialize 𝑟 = 0, 𝑐 = 0, 𝑖 = 0 

• Assign values to array via equation 19, 

• 𝐴𝑟𝑟𝑓(𝑟, 𝑐) = 𝑃𝑠𝑒𝑡(𝑖)                        … (19) 

• Now increment, 𝑖 = 𝑖 + 1, & 𝑐 = 𝑐 + 1 

• If 𝑐 ≥ 128, 𝑡ℎ𝑒𝑛 𝑟 = 𝑟 + 1, 𝑖 = 0 
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Based on this process, a 2D feature vector is generated, which assists in training 

the underling CNN classification model. Design of this model is discussed in the 

next section of this text. 

 
Design of classification layer with augmented similarity evaluation for 

continuous database update 

 

Once relevant features are extracted, and 2D feature vectors are obtained, then 3 

different CNN models are trained to classify these vectors into 1 of 𝑁 different 

classes. Due to the Generic Nature of feature extraction model, designs of these 

CNNs are used in their original forms, and utilize various convolutional, 

Maximum Variance Pooling, Dropout, and fully connected Neural Network (FCNN) 

layers. Standard configurations of GoogLeNet, ResNet-18, and DenseNet are 
depicted in figure 4 (a), 4 (b), and 4 (c) respectively, which are directly used 

without any modifications. Each of these models have common convolutional 

layers, which vary in terms of window sizes, stride sizes & padding sizes. This 

layer is used for extraction of augmented features from the 2D feature vector. 

These features are extracted via equation 20 as follows, 
 

𝐶𝑜𝑛𝑣𝑜𝑢𝑡𝑖,𝑗
= ∑ ∑ 𝐴𝑟𝑟𝑓(𝑖 − 𝑎, 𝑗 − 𝑏) ∗ 𝑅𝑒𝐿𝑈 (

𝑚 + 2𝑎

2
,
𝑛 + 2𝑏

2
)                      … (20)

𝑛

2

𝑏=−
𝑛

2

𝑚

2

𝑎=−
𝑚

2

 

 

Where, 𝑅𝑒𝐿𝑈 represents feature activation rectilinear unit kernel, and is used to 

extract non-zero feature vectors, while 𝑚, 𝑛 represents window sizes, and 𝑎, 𝑏 

represents stride & padding sizes respectively. These layers estimate a large 

number of features from the input set, which assist in design of a high-density 

feature classification process. The number of features can be estimated via 

equation 21, 

 

𝐹𝑐𝑜𝑛𝑣 =
𝑁𝑓 + 2 ∗ 𝑝 − 𝑘 + 𝑠

𝑠
                                            … (21) 

 

Where, 𝑝 represents padding size, 𝑘 represents window size of 𝑅𝑒𝐿𝑈, and 𝑠 

represents stride size used for the given convolutional layer.  
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Figure 4 (a). The GoogLeNet model used for classification 

 

As number of layers are increased, total number of features extracted via these 
layers is also increased. To reduce these features, a Maximum Pooling layer is 

used. 
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Figure 4 (b). The ResNet-18 model for classification 
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This layer estimates feature variance, and then evaluates a variance threshold in 

order to select most variant features. 

 

 
Figure 4 (c). The DenseNet model used for classification 

 

This feature variance is estimated via equation 22, 

 

𝑣𝑎𝑟𝑡ℎ = (
1

𝑓𝑑𝑖𝑓𝑓

∗ ∑ 𝑉𝑎𝑟𝑥

𝑥∈𝑁𝑓

)

𝑉𝑎𝑟𝑥
−1

               … (22) 

 

Where, 𝑓𝑑𝑖𝑓𝑓 & 𝑉𝑎𝑟𝑥 represents feature difference, and feature variance for the given 

convolutional layer. Features with variance more than 𝑣𝑎𝑟𝑡ℎ are selected, and 

passed to the next convolutional layer. Once the input vector is passed through 
all the layers, then a fully connected NN Model is used for final classification. This 

Model uses SoftMax activation for classifying the input vector into 1 of 𝑁 classes 

as observed from equation 24, 

 

𝑐𝑜𝑢𝑡 = 𝑆𝑜𝑓𝑡𝑀𝑎𝑥 (∑ 𝑓𝑖 ∗ 𝑤𝑖

𝑁𝑓

𝑖=1

+ 𝑏)            … (24) 

 

Where, 𝑓𝑖 represents convolutional features from the final layer, 𝑤𝑖 represents 

their weights, 𝑏 is a tuned bias value, while 𝑐𝑜𝑢𝑡 represents output disease class. 

Based on this evaluation, input feature vector is categorized into 1 of 𝑁 different 

classes. This process is repeated for GoogLeNet, ResNet & DenseNet classifiers, 

and the final output (𝑓𝑜𝑢𝑡) class is evaluated via equation 25, 

 

𝑓𝑜𝑢𝑡 = 𝑀𝑂𝐷𝐸(𝐺𝑜𝑜𝑔𝐿𝑒𝑐𝑜𝑢𝑡 , 𝑅𝑒𝑠𝑐𝑜𝑢𝑡 , 𝐷𝑒𝑛𝑠𝑒𝑐𝑜𝑢𝑡)               … (25) 
 
After classification, the feature vector is compared with training dataset via cosine 

similarity metric for correlation checks. The cosine similarity metric is evaluated 

from equation 25, 

 

𝑆𝐼𝑀(𝐹𝑡𝑒𝑠𝑡 , 𝐹𝑡𝑟𝑎𝑖𝑛) =
∑ 𝐹𝑡𝑒𝑠𝑡𝑖

∗ 𝐹𝑡𝑟𝑎𝑖𝑛𝑖

𝑁𝑓

𝑖=1

∑ √𝐹𝑡𝑒𝑠𝑡𝑖

2𝑁𝑓

𝑖=1
∗ ∑ √𝐹𝑡𝑟𝑎𝑖𝑛𝑖

2𝑁𝑓

𝑖=1

                   … (26) 

 

If this similarity value is more than 0.999, then the test input is added to a 

retraining dataset with respective tag, else it is removed from the testing set. Once 

number of entries in the retraining set are more than 𝐿𝑟 ∗ 𝐿𝑒𝑛(𝑆𝑒𝑡𝑡𝑟𝑎𝑖𝑛), then the 

model is retrained for continuous performance improvement. This performance is 

validated in multiple datasets, and is compared with various state-of-the-art 
models in the next section of this text. 
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Result analysis and comparison 

 

The proposed ISM2SAITL model uses a combination of bioinspired computing 

with augmented feature extraction & deep convolutional Neural Networks (CNNs) 
in order to identify different disease classes. To validate performance of the 

proposed model, the following datasets were used, 

 

• MNIST: HAM10000 dataset for Skin cancer, which is available at, 

https://www.kaggle.com/kmader/skin-cancer-mnist-ham10000 

• Aberrant epithelial-mesenchymal transition (EMT) dataset for Ophthalmic 

cancer, which is available at, http://biogps.org/dataset/E-GEOD-

15205/tgf-or-tnf-time-series-in-arpe19/ 

• Blood Cancer Diagnosis dataset, available at, 
https://www.kaggle.com/sarques/blood-cancer-diagnosis/data 

• Parkinson’s Data Set, available at 

https://archive.ics.uci.edu/ml/datasets/parkinsons 

 

These datasets were combined to form a set of 48k tagged records, which vary in 

terms of number of features, feature type, and intensity of features. The dataset 

was split in 70:30 ratio, wherein 70% entries were used for training, while 
remaining 30% were used for testing the classifier performance. The combined 

dataset was evaluated in terms of accuracy (A), precision (P), recall (R), & 

sensitivity (S) metrics, and compared with CRF FCN [9], SCNN [26], and CVDL 

[27] models. Based on this comparison, researchers will be able to identify 

performance patterns of the proposed model when compared with standard 
classification approaches. Based on these conditions, accuracy of classification is 

tabulated in table 1 & figure 5 as follows, 

 

Table 1 

Accuracy of classification for different datasets 

 

Number of test samples 
A (%) 
CRF FCN [9] 

A (%) 
SCNN [26] 

A (%) 
CVDL [27] 

A (%) 
ISM2 SAITL 

1000 85.60 86.20 88.21 92.57 

1500 85.90 86.30 88.44 93.00 

2000 86.20 86.50 88.85 93.79 

2500 86.90 86.90 89.85 94.60 

3000 88.50 88.10 90.74 95.28 

3500 89.10 88.20 91.10 95.62 

4000 89.50 88.50 91.41 95.92 

4500 89.60 88.90 91.67 96.23 

5000 89.90 89.10 91.97 96.56 

5500 90.40 89.30 92.31 96.94 

6000 90.70 89.60 92.67 97.31 

6500 90.90 90.20 93.05 97.63 

7000 91.20 90.60 93.33 97.87 

7500 91.30 90.90 93.51 98.04 

8000 91.40 91.10 93.67 98.18 

8500 91.50 91.30 93.77 98.35 

https://www.kaggle.com/kmader/skin-cancer-mnist-ham10000
http://biogps.org/dataset/E-GEOD-15205/tgf-or-tnf-time-series-in-arpe19/
http://biogps.org/dataset/E-GEOD-15205/tgf-or-tnf-time-series-in-arpe19/
https://www.kaggle.com/sarques/blood-cancer-diagnosis/data
https://archive.ics.uci.edu/ml/datasets/parkinsons
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9000 91.50 91.40 93.95 98.54 

9500 91.60 91.90 94.18 98.74 

10000 91.60 92.20 94.33 98.88 

11000 91.60 92.50 94.46 99.00 

12000 91.70 92.60 94.56 99.09 

13000 91.70 92.80 94.64 99.20 

14000 91.70 92.90 94.74 99.31 

14500 91.80 93.10 94.86 99.42 

 

From this comparison & figure 5, it can be observed that the proposed model is 

8.5% better than CRF FCN [9], 6.3% better than SCNN [26], and 4.6% better than 
CVDL [27], which is due to use of different CNN models, which assist in improving 

classification performance for different datasets. Moreover, the proposed model 

utilizes various feature selection & variance maximization techniques, which 

assists in improving classification performance. This makes the model applicable 

for various real-time clinical applications. Similarly, precision of different models 

is tabulated in table 2 as follows, 
 

 
Figure 5. Accuracy of classification for different datasets 
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Table 2 

Precision of classification for different datasets 

 

Number of 

test samples 

P (%) 

CRF FCN [9] 

P (%) 

SCNN [26] 

P (%) 

CVDL [27] 

P (%) 

ISM2 SAITL 

1000 81.81 78.50 88.53 90.91 

1500 82.29 78.73 89.14 91.51 

2000 83.19 79.36 89.79 92.23 

2500 83.81 79.59 90.47 92.79 

3000 84.76 80.27 91.08 93.27 

3500 85.10 80.50 91.38 93.59 

4000 85.43 80.73 91.69 93.90 

4500 85.71 81.00 91.99 94.23 

5000 86.00 81.23 92.32 94.57 

5500 86.33 81.59 92.68 94.91 

6000 86.62 81.91 93.00 95.21 

6500 86.76 82.32 93.28 95.45 

7000 86.95 82.59 93.50 95.63 

7500 87.05 82.82 93.64 95.80 

8000 87.10 82.95 93.81 95.96 

8500 87.19 83.27 93.97 96.15 

9000 87.19 83.45 94.14 96.30 

9500 87.24 83.82 94.32 96.46 

10000 87.29 84.00 94.45 96.57 

11000 87.29 84.23 94.55 96.68 

12000 87.33 84.32 94.65 96.78 

13000 87.38 84.50 94.75 96.89 

14000 87.40 84.61 94.85 96.99 

14500 87.47 84.77 94.96 97.10 

 

From this comparison & figure 6, it can be observed that the proposed model has 

9.4% better precision than CRF FCN [9], 12.5% better precision than SCNN [26], 

and 2.3% better precision than CVDL [27], which is due to use of different CNN 

classifiers for each disease type.  
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Figure 6. Precision of classification for different datasets 

 

Furthermore, the proposed model utilizes various feature selection & variance 

maximization techniques, which assists in improving classification performance. 
This makes the model applicable for multiple real-time clinical applications. 

Similarly, recall of different models is tabulated in table 3 as follows, 

 

Table 3 

Recall of classification for different datasets 

 

Number of test samples R (%) 
CRF FCN [9] 

R (%) 
SCNN [26] 

R (%) 
CVDL [27] 

R (%) 
ISM2 SAITL 

1000 83.90 82.43 88.58 92.00 

1500 84.39 82.72 89.05 92.63 

2000 85.03 83.09 89.74 93.35 

2500 85.99 83.72 90.54 93.99 

3000 86.86 84.27 91.08 94.44 

3500 87.28 84.48 91.40 94.76 

4000 87.56 84.78 91.69 95.07 

4500 87.80 85.06 91.99 95.40 
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5000 88.16 85.30 92.32 95.75 

5500 88.51 85.60 92.66 96.09 

6000 88.75 86.01 93.00 96.40 

6500 88.95 86.43 93.29 96.65 

7000 89.13 86.73 93.50 96.84 

7500 89.21 86.94 93.66 96.99 

8000 89.30 87.16 93.80 97.16 

8500 89.35 87.36 93.96 97.34 

9000 89.38 87.64 94.15 97.51 

9500 89.43 87.98 94.32 97.67 

10000 89.44 88.23 94.45 97.79 

11000 89.48 88.41 94.56 97.89 

12000 89.53 88.55 94.65 97.99 

13000 89.54 88.70 94.75 98.10 

14000 89.59 88.84 94.85 98.20 

14500 89.65 89.00 94.96 96.94 

 

From this comparison & figure 7, it can be observed that the proposed model has 

6.8% better recall than CRF FCN [9], 16.2% better recall than SCNN [26], and 

1.9% better recall than CVDL [27], which is due to use of feature augmentation & 
selection processes.  

 

 
Figure 7. Recall of different models 
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Furthermore, the proposed model utilizes various classification models for 

different datasets, which assists in improving recall performance. This makes the 

model applicable for multiple real-time clinical applications. Similarly, sensitivity 
of different models is tabulated in table 4 as follows, 

 

Table 4 

Sensitivity of classification for different datasets 

 

Number of test samples S (%) 

CRF FCN [9] 

S (%) 

SCNN [26] 

S (%) 

CVDL [27] 

S (%) 

ISM2 SAITL 

1000 83.77 79.72 85.58 88.86 

1500 84.19 79.92 86.01 89.40 

2000 84.81 80.31 86.57 90.12 

2500 85.57 80.71 87.37 90.77 

3000 86.71 81.50 88.03 91.29 

3500 87.16 81.67 88.35 91.60 

4000 87.50 81.94 88.64 91.90 

4500 87.71 82.24 88.92 92.21 

5000 88.02 82.46 89.23 92.54 

5500 88.42 82.74 89.56 92.88 

6000 88.69 83.07 89.89 93.20 

6500 88.87 83.53 90.20 93.46 

7000 89.09 83.84 90.43 93.66 

7500 89.19 84.08 90.58 93.82 

8000 89.26 84.26 90.74 93.97 

8500 89.35 84.49 90.87 94.14 

9000 89.36 84.68 91.04 94.31 

9500 89.42 85.06 91.23 94.47 

10000 89.44 85.30 91.36 94.59 

11000 89.46 85.53 91.47 94.70 

12000 89.52 85.64 91.57 94.80 

13000 89.54 85.81 91.66 94.90 

14000 89.56 85.92 91.76 95.00 

14500 89.64 86.08 91.87 94.66 

 

From this comparison & figure 8, it can be observed that the proposed model has 

4.9% more sensitive than CRF FCN [9], 7.6% more sensitive than SCNN [26], and 

2.5% more sensitive than CVDL [27], which is due to use of different CNN 
classifiers for each disease type. Furthermore, the proposed model utilizes various 

feature selection & variance maximization techniques, which assists in improving 

classification performance.  
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Figure 8. Scalability of classification for different datasets 

 

Due to such a wide improvement in performance, the proposed model is 
applicable for clinical deployments, that require high-accuracy, better precision, 

higher recall, and more sensitivity for different datasets & different application 

scenarios. 

 

Conclusion and future work 

 
The proposed ISM2SAITL model uses a combination of various deep learning 

classification methods for improving disease detection performance. These 

classifiers are combined with a general-purpose high-density feature extraction 

unit, which utilizes wavelet, cosine, Fourier, and iVector feature sets. These 

feature sets are processed via an intelligent Hybrid EHPSO model, that integrates 
variance maximization-based fitness evaluation for selection of highly variant 

features. The extracted features are converted into 2D arrays for better 

convolutional processing capabilities. Due to use of such intelligent techniques, 

the proposed model is capable of achieving an accuracy of 98.72% when averaged 

across multiple feature sets, this performance is 8.5% better than CRF FCN [9], 

6.3% better than SCNN [26], and 4.6% better than CVDL [27], which makes the 
model highly applicable for a wide variety of deployment scenarios. Similarly, the 

proposed model is observed to have higher precision, better recall, and better 

sensitivity when compared with various state-of-the-art Methods.  

 

Due to this improvement in performance, the proposed model is useful for real-
time clinical applications. Moreover, the model uses a correlation-based matching 

framework, which modifies its internal training metrics and assists in incremental 

accuracy improvement. Thus, the model’s performance improves w.r.t. number of 
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clinical evaluations, thereby making it highly applicable & versatile for real-time 

applications. In future, researchers can integrate Q-Learning, Deep Reinforcement 

Learning (DRL), Recurrent Neural Networks (RNNs), etc. to further improve 
classification performance. Researchers can also validate performance of the 

proposed model for different datasets, which will assist in estimating any lacunas 

in the current research, which can assist in modelling better techniques for 

context-sensitive application deployments. 
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