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At present times, computer aided diagnosis (CAD) models become familiar in the healthcare sector. Medical diagnosis is 

identified to be subjective and it is based on the available data as well as physician’s experience. Machine learning (ML) 

techniques are commonly employed to design effective CAD models due to its stronger ability of identifying the complicated 

relationship in the medical data. This paper aims to develop a novel data classification model using squirrel search algorithm 

(SSA) with Mode Ranking method called MRISSA for healthcare diagnosis. Experiments were done on heart disease 

datasets available in Kaggle to evaluate the performance of the suggested technique. The outcomes show how effective the 

hybrid (MRISSA+ XGBoost) strategy is improved. 

 

Keywords: Medical data classification, Machine learning, Mode Ranking 

 

1. Introduction 

Basically, medical diagnosis tends to enhance the human lifespan which depends upon the clinical and non-

clinical outline. The earlier disease diagnosis is more significant and essential in healthcare application where 

the abnormality is examined and treated accordingly [1]. However, providing a complete medical report is 

impossible for medical experts which are performed using numerous clinical tools [2]. Followed by, smart 

clinical models are composed of voluminous details where clinical diagnosis have partial data, instability, and 

unreliable information, that is required for resolving the issues involved in medical diagnosis [3]. Due to the 

disease severity and inexistence of medical experience regarding the problems, accurate data is not available as 

clinical analyzing process is comprised of irregularities, and inefficiency. Thus, uncertainty is one of the basic 

factors which affect the quality of clinical data [4, 5]. 

The clinical information showcases exclusive features along with the noise that results in manual and logical 

failures, missing values as well as sparseness. The supremacy of a data shows better impact in the superiority of 

mining results [6]. In recent times, severe neuro cognitive infections are examined as a serious disorder. 

Accurate and well-trained analysis of these infections are important as they are linked to diverse results with 

enhanced management of under-recognized neuropsychiatric presentations, which are assumed as a major 

healthcare target [7]. In order to resolve these issues, diverse corrective solutions have been employed. An 

effective disease analyzing module is named as sequential diagnosis is developed, which contributes in 

resolving the multifaceted decision crisis [8]. Similarly, supervised learning models has been used to map the 

input data to output (labels) from a collection of training instances, that has ensured a better efficiency in clinical 

analysis. Supervised quantification methods are used in healthcare analysis, and disease prediction operations 

[9]. Furthermore, medical support system or clinical decision support system has been developed in medical 

sciences for assisting physicians in making clinical decisions, especially in finding the type of disease by 

examining the symptoms effectively [10]. 

Studies in computerized intelligent systems for clinical domains are essential. Actually, medical experts collect 

the patient details according to the patients’ signs and name the disease. Besides, prognostic relevance of 

symptoms in specific diseases and diagnostic precision of a patient depends upon the knowledge of medical 

experts. Nowadays, medical experience and services are developed in a rapid manner, for instance, new 

medicines and drugs were introduced and regular maintenance of patient’s details with accuracy is highly 
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complex for the medical experts [11]. Followed by, using the advent of computing methods, it is simple to 

gather the data in digital fashion, for sample, in dedicated databases of electronic patient details. Next, the 

developments of programmatic clinical decision support systems are one of the feasible models to guide the 

doctors for accurate disease diagnosis [12]. Regardless, massive problems are solved before developing an 

effective clinical decision support system where an appropriate solution can be deployed under the existence of 

uncertainty as well as inaccuracy [13]. 

As clinical experts’ experience and knowledge are highly essential, examining the patient’s condition is carried 

out using a proficient model named as Machine Learning (ML) [14]. Here, the clinical experts have applied 

computerized intelligent systems to decision support such as surgical imagery and X-ray photography. When the 

patient undergoes a treatment, a doctor has to find the major cause of a disease under the examination of 

symptoms and 

assures the disease and offer the treatment accordingly [15]. Concurrently, computerized intelligent systems are 

applicable for physician to make a robust and effective decision, for sample, by learning from previous cases in 

a large-scale database of electronic patient records with appropriate justifications. The benefits of applying 

intelligent systems ate enhanced accuracy in s disease analysis, and simultaneously, reduced time and costs 

related with patient recovery [16]. 

The ML approaches were deployed to support diverse clinical decision making operations. Then, intelligent 

classification models were employed to prognosis, diagnosis, diabetes screening, breast cancer prediction and 

Parkinsons disease [17]. The count of neural-fuzzy schemes are employed as classifiers in heart disease, as it is 

suitable for learning the data samples and generalize the training samples [18]. Some of the classifiers are Fuzzy 

Neural Networks (FNN), fuzzy probabilistic neural networks, and fuzzy learning vector quantization systems 

[19]. Hence, a disadvantage of this approach is that it is not capable to define the predictions [20]. Finally, the 

central premise of this study is to make a ML-relied system as potential one to resolve the input case, and to 

offer a possible definition for disease prediction. 

 

2. The Proposed ISSA-MR Model 

 

     The working process involved in the proposed ISSA-MR model. As depicted, the input medical data is 

initially preprocessed to enhance the data quality. Next, ISSA-MR based classification model is applied to 

identify the presence of disease. The detailed working processes of these models are discussed in the subsequent 

sections. 
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 Block diagram of  ISSA-MR Model 

 

2.1. Preprocessing 

 

Initially, the input medical data in any .arff format is converted into CSV format. Then, data normalization 

process is executed using minimum-maximum (min-max) technique. At this point, the maximum and minimum 

values in the data gathering are assumed. Each data is normalized to the interval of [0, 1]. The aim is to fix the 

least value to 0 and highest value to 

1. It is utilized for defining the procedure involved in min.-max normalization. At last, the class labeling 

procedure is carried out where the medical data instances are assigned to appropriate classes. 

2.2 Basic Squirrel Search Algorithm 

SSA mimics the dynamic foraging behavior of southern flying squirrels via gliding, an effective mechanism used by 

small mammals for travelling long distance, in deciduous forest of Europe and Asia . During warm weather, the 

squirrels change their locations by gliding from one tree to another in the forest and explore for food resources. They 

can easily find acorn nuts for meeting daily energy needs. After that, they begin searching hickory nuts (the optimal 

food source) that are stored for winter. During cold weather, they become less active and maintain their energy 

requirements with the storage of hickory nuts. When the weather gets warm, flying squirrels become active again. 

The abovementioned process is repeated and continues throughout the life space of the squirrels, which serves as a 

foundation of the SSA. According to the food foraging strategy of flying squirrels, the optimization SSA can be 

modeled by the following phases mathematically. 

2.3. Initialize the Algorithm Parameters 

The main parameters of the SSA are the maximum number of iteration , the population size , the number of decision 

variables n, the predator presence probability , the scaling factor , the gliding constant , and the upper and lower 

bounds for decision variable  and . These parameters are set in the beginning of the SSA procedure. 
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2.4. Initialize Flying Squirrels’ Locations and Their Sorting 

The flying squirrels’ locations are randomly initialized in the search apace as follows: where  is a uniformly 

distributed random number in the range .The fitness value  of an individual flying squirrel’s location is calculated by 

substituting the value of decision variables into a fitness function: Then the quality of food sources defined by the 

fitness value of the flying squirrels’ locations is sorted in an ascending order: After sorting the food sources of each 

flying squirrel’s location, three types of trees are categorized: hickory tree (hickory nuts food source), oak tree 

(acorn nuts food source), and normal tree. The location of the best food source (i.e., minimal fitness value) is 

regarded as the hickory nut tree (), the locations of the following three food sources are supposed to be the acorn nuts 

trees (), and the rest are considered as normal trees (): 

2.5. Generate New Locations through Gliding 

Three scenarios may appear after the dynamic gliding process of flying squirrels. 

Scenario 1. Flying squirrels on acorn nut trees tend to move towards hickory nut tree. The new locations can be 

generated as follows where  is random gliding distance,  is a function which returns a value from the uniform 

distribution on the interval , and  is a gliding constant. 

Scenario 2. Some squirrels which are on normal trees may move towards acorn nut tree to fulfill their daily energy 

needs. The new locations can be generated as follows: where  is a function which returns a value from the uniform 

distribution on the interval . 

Scenario 3. Some flying squirrels on normal trees may move towards hickory nut tree if they have already fulfilled 

their daily energy requirements. In this scenario, the new location of squirrels can be generated as follows:where  is a 

function which returns a value from the uniform distribution on the interval . 

In all scenarios, gliding distance  is considered to be in the interval between 9 and 20 m . However, this value is quite 

large and may introduce large perturbations in and hence may cause unsatisfactory performance of the algorithm. In 

order to achieve acceptable performance of the algorithm, a scaling factor () is introduced as a divisor of  and its 

value is chosen to be 18  

2.6. Check Seasonal Monitoring Condition 

The foraging behavior of flying squirrels is significantly affected by season variations .Therefore, a seasonal 

monitoring condition is introduced in the algorithm to prevent the algorithm from being trapped in local optimal 

solutions. 

A seasonal constant  and its minimum value are calculated firstly:Then the seasonal monitoring condition is checked. 

Under the condition of , the winter is over, and the flying squirrels which lose their abilities to explore the forest will 

randomly relocate their searching positions for food source again:where  distribution is a powerful mathematical tool 

to enhance the global exploration capability of most optimization algorithms [44]:where  and  are two functions 

which return a value from the uniform distribution on the interval ,  is a constant ( = 1.5 in this paper), and  is 

calculated as follows:where . 

2.7. Stopping Criterion 

The algorithm terminates if the maximum number of iterations is satisfied. Otherwise, the behaviors of generating 

new locations and checking seasonal monitoring condition are repeated. 

2.8 Create new positions 

 

By considering the above mentioned facts, 3 scenarios might be feasible in a dynamic scavenging of SQ. In 

every scenario, it is better to consider that when there is no predator, SQs glide and search effectively in the 

entire forest and accomplish the favourable food source while if the predator exists, SQs are forced to travel in 

random walks and identify the adjacent hidden place. The numerical modeling of dynamic foraging embeds the 

representation as shown in the following. 

Scenario 1. The SQs in acorn nut trees (𝑆𝑄𝑜𝐶𝑡𝑙) walk to the hickory nut tree. Hence, current place of the SQs are 

exhibited as: 
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𝑓 

𝑓 

 

𝑆𝑄𝑛𝑖  + 𝑑 × 𝐺 × (𝑆𝑄𝑛𝑖   − 𝑆𝑄𝑛𝑖  ) 𝑅𝑁 ≥ 𝑃𝐷 

𝑆𝑄𝑛𝑖+1 = { 𝑎𝑐

𝑛 

𝑔𝑙 𝑐𝑛 ℎ𝑐𝑘 𝑎𝑐𝑛

 

1 

𝑝𝑟

𝑏 

(10) 

𝑜𝑐𝑛 𝐴𝑟𝑏𝑖𝑡𝑟𝑎𝑟𝑦𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

where 𝑑𝑖𝑔𝑙 implies the gliding distance, 𝑅𝑁1 defines the random value from [0,1], 𝑆𝑄ℎ𝑐k 

refers the location of SQ has reached at hickory nut tree, and 𝑛𝑖 represents the current round. 

𝐺𝐿𝑐𝑛 guides in reaching the management among exploration and exploitation. In this method, the measure of 𝐺𝐿𝑐𝑛 

is considered as 1.9. 

Scenario 2. In SQs residing in normal trees (𝑆𝑄𝑛𝑟𝑚)walks to the acorn nut trees for satisfying the regular 

power demands. Hence, the current location of SQs is referred as: 

 

𝑆𝑄𝑛𝑖 + 𝑑 × 𝐺 × (𝑆𝑄𝑛𝑖   − 𝑆𝑄𝑛𝑖   ) 𝑅𝑁 ≥ 𝑃𝐷 

𝑆𝑄𝑛𝑖+1 = { 𝑛𝑟

𝑚 

𝑔𝑙 𝑐𝑛 𝑎𝑐𝑛 𝑛𝑟𝑚

 

2 

𝑝𝑟

𝑏 

(11) 

𝑛𝑟𝑚 𝐴𝑟𝑏𝑖𝑡𝑟𝑎𝑟𝑦𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

 

where 𝑅𝑁2denotes the ransom value from [0,1]. 

 

Scenario 3. Few SQs on normal trees, and already eaten acorn nuts are developed towards the hickory nut tree 

for acquiring the hickory nuts that is applied under the inexistence of energy. Here, the current location of SQs 

is depicted as: 

 

𝑆𝑄𝑛𝑖 + 𝑑 × 𝐺 × (𝑆𝑄𝑛𝑖   − 𝑆𝑄𝑛𝑖   ) 𝑅𝑁 ≥ 𝑃𝐷 

𝑆𝑄𝑛𝑖+1 = { 𝑛𝑟

𝑚 

𝑔𝑙 𝑐𝑛 ℎ𝑐𝑘 𝑛𝑟𝑚

 

3 

𝑝𝑟

𝑏 

(12) 

𝑛𝑟𝑚 𝐴𝑟𝑏𝑖𝑡𝑟𝑎𝑟𝑦𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

where 𝑅𝑁3signifies the random value from [0,1]. 

 

2.9 Aerodynamics of gliding 

 

The gliding principles of SQs are implied with respect to equilibrium glide (EG). In 𝐸𝐺, inclusion of the lift (𝐿𝑓) 

drag (𝐷𝑟) force develops a resultant force (𝑅𝑓). The 𝑅𝑓 is a magnitude is which equivalent and opposite 

direction to weight of a SQ(𝑉𝑉𝑆𝑄). Hence, the SQs provide a linear gliding path with constant velocity (𝐶𝑉) . A 

SQ gliding at constant speed goes down at an angle 𝜃 horizontally. The 𝐿𝑓 to 𝐷𝑟 proportion is defined as given in 

(13). 

𝐿𝑓 

= 

𝐷𝑟 

1 

tan 𝜃 
(13) 

 

The SQs make an enhanced glide‐path length by developing tiny glide angle (𝜃). The improved glide‐path 

length maximizes the ratio of 𝐿𝑓 to 𝐷𝑟. A 𝐿𝑓 results in downward deflection of air whereas the passage over 

wings are determined as given in (14). 

𝐿𝑓 = 1/2𝜌𝐶𝐿 (𝐶𝑉)2𝑆𝐴 (14) 

 

Where 𝜌refers the density of air (1. 204𝑘𝑔/𝑚3), 𝐶𝐿 demonstrates the lift coefficient, CV 

implies speed (5. 25𝑚/𝑠), and 𝑆𝐴 denotes 𝑠 the surface area of body. The frictional 𝐷𝑟is represented as per (15). 
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𝑐 

 

𝐷𝑟 = 1/2(𝐶𝑉)2𝑆𝐴𝐶𝐹𝐷 (15) 

 

where 𝐶𝐹𝐷𝑟 showcases the frictional drag coefficient. In lower speeds, the drag component is dominant always. 

In case of higher speeds, dominance of component becomes lower. Therefore, from (13), the 𝜃 at steady‐state as 

defined below. 

𝐷𝑟 

𝜃 = arctan ( 

𝑓 

 

) (16) 

 

The randomly evaluated 𝑑𝑖𝑔𝑙is determined as given in (17). 

 

𝑑𝑔𝑙 = (ℎ𝑔𝑙/ tan 𝜃) (17) 

 

where ℎ𝑔𝑙represents the loss in height behind the gliding [22]. The SQ is composed of ability in adjusting the 

glide length or 𝑑𝑔𝑙 by changing the 𝐿𝑓𝑡𝑜𝐷𝑟 ratio and considers the essential landing position. The value of 𝑑𝑔𝑙 is 

scaled down to reach suitable results. Hence, scaling down embeds the division by a non‐zero numeral named as 

scaling factor (𝑠𝑐𝑓). Differences in 𝐶𝐿𝑓among 0.675 and 1.5 is considerable while 𝐶𝐷𝑟 is equalized as 0.60. 

2.10 Seasonal monitoring condition 

 

Occasional variants influence the foraging nature of SQs effectively. Therefore, actions of SQs ate impacted by 

diverse environmental conditions. By considering the behaviour might be realistic towards optimization. Thus, 

addition of seasonal supervising condition in a method secures the model from trapping in local optima(s). 

Estimation of seasonal constant (𝑺𝒆𝒄) 

 

 

𝑒 

𝑆= √∑( 𝑆𝑄𝑛𝑖 − 𝑆𝑄𝑛𝑖 )2𝑓𝑜𝑟∀𝑡𝑚 = 1,2, … (18) 

𝑐 

𝗆=

1 

𝑎𝑐𝑛,

𝑚 

ℎ𝑐𝑘,𝑚 

 

Verify of the seasonal monitoring criteria 

 

It should be assured that 

 

𝑆𝑒𝑡𝑚 ≺ 𝑆𝑒  

mi

n 

(19) 

 

where 𝑆𝑒 min denotes the lower feasible value of seasonal constant. It is determined as: 

 

10𝐸−6 

𝑆𝑒 min   = 
(365)𝑛𝑖/(𝑛𝑖 max /2.5) (20) 

where ni and 𝑛𝑖 max refers the on‐going and higher iteration value, correspondingly. 

𝑟 

𝐿 
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1 

2.10.1 Arbitrary relocation after completion of the winter season 

 

Here, seasonal monitoring condition is meant to be true (after winter season), the SQs are allocated randomly 

which is not applicable to identify the food source in winter season. The relocation of SQs is carried out as per 

(21). 

 

𝑆𝑄𝑛𝑒𝑤 = 𝑆𝑄 + 𝐿é(𝑡) × (𝑆𝑄 − 𝑆𝑄 ) (21) 

𝑛𝑟𝑚 𝑙 𝑤 𝑙 

 

where Lévy distribution enforces the effective exploration of search space. This distribution is represented as 

given in (22). 

(𝑠) ∼ |𝑠|−1−𝛼 (22) 

 

Where 0 ≺ 𝛼 ≤ 2implies an index. Arithmetical function of the distribution is (23). 

 

 

 
 𝛽    −𝛽  1 

√ exp ( ) 

 

0 ≺ 𝜇 ≺ 𝑠 ≺ ∞ 

𝐿(𝑠, 𝛽, 𝜇) = { 2𝜋 2(𝑠 − 𝜇)  

 
(𝑠 − 𝜇)1.5 

(23) 

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

where 𝛽, 𝜇 ≻ 0 with 𝛽 and 𝜇showcases the scale and shift parameter. A Lévy flight is estimated as per (24). 

 

𝐿é(𝑥) = 0.01 × 
𝑅𝑁𝑎 × 𝑣

 

|𝑅𝑁𝑏|𝛾 

 

(24) 

 

where 𝑅𝑁𝑎 and 𝑅𝑁𝑏 denote 2 distributed random values from [0,1].  refers a constant, and 

𝑣 can be measured as per (25) with (𝑔) = 𝑔 − 1 (with ‘g’ as certain value). 

 

1 

(1 + ) × sin (
𝜋𝛾

) 
𝛾

 

𝑣 = ( 2 ) 

𝛤 (
1+𝛾

) ×  × 2 (
𝛾−1

) 
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3.  Results and Discussions 

3.1 Dataset Description 

Utilizing the process shown in figure 1 the initial experimental setup is created. In this study, CDC’s heart 

disease dataset [23] is used for evaluating the proposed feature selection model. Table 1 describes the total number 

of instances and attributes in the datasets. The data sample, which includes 319 thousand patients based on 18 

criteria, is quite instructive. Figure 2 depicts the distribution of class label of the datasets. It shows the highly 

imbalance of the dataset. The target variable contains around 250k instances of ‘No’ variable where the ‘yes’ 

variable is less than 50k. The proposed feature selection is evaluated with the following machine learning classifier 

models: Support Vector Machine (SVM), Naïve Bayes (NB), Decision Tree (DT), Random Forest (RF) and Extreme 

Gradient Boost (XGBoost). 

 

Dataset No. of 

Instances 

No. of 

Attributes 

Heart Disease 319795 18 

Table 1.  Dataset Description. 

 
Figure 2. Distribution of Class Label 

 

The feature selection outcome of the MRISSA model is examined in Table 2 with comparative ISSA model in terms 

of best cost. On the used dataset, the MRISSA model has proven to be successful in selecting the best features at the 

lowest possible cost. For the taken dataset, the MRISSA and ISSA models have obtained 0.899 and 0.905, 

respectively, whereas the ISSA model has acquired a lower best cost. The proposed model shown 0.006 increase in 

the best cost. Since, it is minimal, but it shows an improvement. 

Methods Best Cost Selected Features 

ISSA 0.899 2,3,4,6,7,8,9,13,15 

MRISSA 0.905 1,2,3,11,12,14,15,16 

Table 2.  Selected Features using MRISSA and ISSA algorithm. 

The results of classification models for Heart disease dataset are represented in figure 3, where XGBoost had the 

greatest precision, recall, F1-score and accuracy values, with regard to 0.791, 0.785, 0.788 and 0.784. While SVM’s 

precision, recall, F1-score and accuracy values were the lowest 0.768, 0.763, 0.766 and 0.76101083 respectively. 

NB attained greater than SVM, 0.774, 0.769, 0.771 and 0.766 with regard to precision, recall, F1-score and 

accuracy. DT attained 0.780, 0.774, 0.777 and 0.772 with regard to precision, recall, F1-score and accuracy. 

Although RF’s values are greater than DT, it also reported the nearest accuracy to the XGBoost. It demonstrated an 

average level of performance with values for precision, recall, F1-score and accuracy that were around 0.785, 0.780, 

0.783 and 0.778, respectively. 
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Figure 3 Comparative Results of Heart Disease Dataset 

 

 

4. Conclusion 

A framework for nature inspired optimization algorithm with machine learning classifiers is presented in this study. 

On the publicly available heart disease  datasets, the performance of the suggested algorithm has been examined and 

assessed. The findings demonstrated that the characteristics chosen using MRISSA significantly improved accuracy 

in comparison to other techniques. Based on evaluation results, it can be said that the heart-disease dataset showed 

good performance from both RF and XGBoost models in terms evaluation metrics and MRISSA-XGBoost produced 

better results. Additionally, it could be inferred that the taken dataset has a problem with class imbalance in addition 

to the existence of strongly correlated features. Therefore, it is necessary to designed a quick and effective class 

imbalance technique to improve the accuracy of prediction. 
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