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Abstract

:

Environment and climate change have caused a rise in a wide range of diseases and infections. In countries where overpopulation is a problem, many infections spread severely. The main focus of this paper is the detection and identification of blood diseases. An automated system that examines all potential diseases using patient information and data is needed to deal with unpredictable circumstances. Having an automated and intelligent system that evaluates the reports and counsels doctors in any other area or nation is a demand of the time. The same solutions can be identified by the proposed system. To apply the adaptive neuro-fuzzy inference system (ANFIS) and related techniques to predict chronic diseases early, the authors have gone through various existing models and case studies on diabetics and other patients. The proposed approach, called S-ANFIS which is using the hybrid approach, is based on ANFIS and includes content curation and intelligence analysis in addition to comparison with current models. As a result, the suggested model outperforms other approaches in terms of disease prediction accuracy, with a score of 88.6%.
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1. Introduction


In developing countries such as India, the health sector is not as developed and advanced in comparison to developed countries. With the increase in population and changes in the environment, a wide variety of diseases, sicknesses, and infections are growing. To deal with uncertain circumstances, an automatic system is required which takes the details of the patient and the statistics and understands all the possible sicknesses. Every minute, information about patients gets retrieved. For instance, there is some hassle in Brazil and an identical situation is occurring in India, so the health practitioner in India would come to recognize approximately it. Eventually, the doctor in India can consent to the physician abroad and then be able to check the contamination history and the treatment. The proposed solution assists doctors to get accurate detection of newly introduced viruses and infections. The model is based on the adaptive neuro-fuzzy inference system with content curation and an intelligent analyzer; here, the proposed system has been given the name S-ANFIS. Before moving to the proposed system, the article discusses the basics of artificial intelligence and neural network for new researchers.



Nowadays, in the medicinal field, the classification and segmentation part becomes easy using machine learning methodologies. Ferraz, A. et al. highlighted in their research computer vision and machine learning methods for the classification of blood types [1]. Similar to the work in the mentioned article, the authors are using machine learning and a smart hybrid approach to work on blood infections. Vellido [2] discussed the importance of machine learning approaches in the health and medicine sector. In the paper, Vellido listed various methods and techniques for interpretability and the visualization of the various factors in medicine and the health sector. Current research has focused heavily on the use of cloud computing and image recognition technology to aid in medical diagnosis, which has enormous potential to further improve real-time detection and advance medical diagnosis [3]. This is the main reason, in this paper, the machine learning techniques and the smart ANFIS algorithm are applied to improve the efficiency of the system in the detection of blood infections.



Various papers used simple approaches such as fuzzy rules and simple methods which take the user parameters. Based on the range, the outcome is defined. Emmanuel et al. [4] discussed a similar approach in their paper; the authors focused on the data collected at the Tafo hospital in Ghana. The dataset is of pregnant women and blood protozoan infections. Similarly, Keisuke Okaba et al. [5] discussed the study of blood-borne infections in the special cases of Chiba, Japan. In another paper, Mesut et al. discussed the classification of white blood cells and how the change has occurred in the formation of white blood cells. The authors had done the task using the convolution neural network and machine learning algorithms [6]. In addition to the above scenario, Yan Lu et al. [7] also used the algorithm based on UNet++ and ResNet, where the white blood cells are identified and segmented. These are not the only articles to work with machine learning; there are thousands of articles available where machine learning and artificial intelligence are applied to the system to make it efficient and accurate.



Outcome


The main problems in the current scenario of medical science are the increase in population and changes in the environment, a wide variety of diseases, sicknesses, and infections are growing. To deal with uncertain circumstances, an automatic system is required which takes the details of the patient and the statistics and understands all the possible sicknesses. From the information of patients, information gets retrieved every minute. There are various countries where many diseases are un-curable, and doctors are unable to deal with the diseases. The proposed system will help in such scenarios.



In the article, a novel hybrid approach is used to find out the blood infections based on the blood samples. Currently, reports have been generated that highlight the normal range of parameters considered; however, the proposed system will also give the name of the infection if it exists in the person’s report and the most suitable treatment based on the experts’ advice. In the system, the Smart adaptive neuro-fuzzy inference system (S-ANFIS) is used and demonstrated on 1000 blood samples.





2. Literature Survey


Various works have been done in the field of infection detection and prediction. Some of the major contributions are highlighted in this section in Table 1.



Edward et al. (1970) [8] discussed the approach of MYCIN, which is a well-known expert system. The authors discussed the rule-based system, which takes the input and matches the data within the dataset of existing rules. Now the system is changed. The need is to add new rules with the existing ones so that the data fetched by the end users are more accurate and the efficiency of the system will increase. Ayangbekun et al. [20] also discussed the same concept and added updates to the dataset. In their paper, specific diseases are targeted and identified to work on. Various countries have many diseases that are un-curable and doctors are unable to deal with the diseases. The proposed system will help in such scenarios [21,22,23].



Alexander Hawley, “Fuzzy Nets: Fuzzy Logic and Neural”, and how neural networks and fuzzy logic work with one another [24]. There is a system derived for medical purposes where high computing services can be availed. The computing systems can have the power of CPU and GPU. The blood reports can also be used as scanned documents and the GPU fetches the details of the blood parameters. Likewise, the parameters are curated and analysed to give the proposed model the outcome after mining the results from the database [25,26].



There are two technologies, i.e.,



	
Fuzzy logic



	
Neural Network






These two different technologies can be combined to complete things with great quickness. The easiest way to connect both fuzzy logic and neural network technologies is to make a Fuzzifier as shown in Figure 1.



Shikha Aggarwal et al. discussed their work in their study where cancer is diagnosed using a neural network. Cancer is a dreadful disease, and every year many people died from the disease, in their survey of various neural network techniques for the classification of cancer [27]. Jangra et a. 2020 [28] elaborates on the study done on mice. Their paper showed substantial evidence which identified various diseases. In their paper, the authors also indicated the reasons for psychological and physiological anomalies. Gupta and Patil 2020 [29], have suggested remedial actions for Alzheimer’s disease.



The second part of the survey discussed the approaches related to the adaptive fuzzy system. Like in Figure 2, ANFIS-Net for automatic detection of COVID-19 is shown [30]. The parameters taken are well discussed and computed the outcome in the form of the COVID-19 positive or not.



Similarly, to process the data fetching and processing contain multiple steps. In the model discussed in the paper by M. M. Islam et al. [31], the data pre-processing is shown in Figure 3.



As discussed above, many applications in the medical field are based on neural networks and fuzzy logic. Wherein ANFIS is an adaptive method that incorporates both solved and various issues. However, the neural network is not suitable for modelling when the information is incomplete or imprecise. M. Nilashi et al. [32] discussed a method shown in Figure 4 which uses the ANFIS model for hepatitis diagnosis.



In the same manner, the authors in [33] elaborated on the approach for diabetes control using a decision-making system based on multiple criteria; another work is to find chronic disease prediction using machine learning [34]. The scope in the medical field is much more than the expectation. Padmavathy et al. insight into the method and system for breast cancer detection using adapting clustering [35]. Various other approaches are also discussed in the paper, and the proposed work is inspired by the above-cited contributions.



In this paper, the focus of the authors is on the hybrid approach of ANFIS and other factors which gives better results. Though, many versions of ANFIS are used on various applications and domains; on the same road, authors tried to explore the major versions of the ANFIS algorithm on multiple applications. Jagan M. R. T. et al. [36] used the adaptive fuzzy algorithm for the transmission line controllers, where the authors implemented the results on a MATLAB simulator. Zhan Zhang et al. [37] explained the system based on the ANFIS model which takes the 3D pulse image of Chinese medicine. The authors of the paper discussed the analysis of the image and the contour of the medicinal images. In the paper, with ANFIS, a genetic algorithm is also used to make the hybrid model for implementation and got better results. In another paper, Ali Behnood et al. [38] expressed their views on the COVID-19 virus infections in the US and how the virus optimization algorithm is determined. The paper elaborated on the combination of ANFIS and virus optimization algorithm (VOA), and the infection rate of COVID-19 is investigated.



The papers discussed in the above paragraph were related to the ANFIS and its versions. Similarly, other papers are also available which ensure better results in the hybrid or curated model of ANFIS. In a paper titled “Long-term prediction of blood pressure time series using ANFIS system based on DKFCM clustering”, the same sort of hybrid ANFIS was applied which outperformed FCM, KFCM, and other clustering methods [39]. In another paper [40], authors used the ANFIS classifier for probable Alzheimer’s disease and early detection of mild cognitive impairment (MCI) [40].




3. Proposed Work


The proposed model is an Intelligent Automated System that takes a patient’s blood report from a diagnostic centre and applies fuzzy rules, a database, and a neural network to it. Fuzzy rules imply that the inference engine retrieves the blood report parameters and recognizes new infections, and how neural networks operate is when a new case is received, the neural network learns the new rules and cases.



Fuzzy Logic Algorithm


The algorithm used in the proposed model is based on the Adaptive neuro-fuzzy inference system (ANFIS). The smarter and automated rules are implemented in the proposed system to give accurate and better results. The pseudo-code of the algorithm is shown below as Algorithm 1. and the proposed model are shown below:





	Algorithm 1. Pseudocode.



	 Input: Blood Report



	 Output: Abstracted summary with infection and treatment



	 Steps to perform:



	 1. Perform pre-processing to convert input values into readable values and reduce the dimensionality.



	 2. Extract the major features from the input values and match the input value with respect to the ideal parameter range, and treat this as an outcome (1).



	 3. Use the fuzzy inference system rules on the outcome values (1).



	 4. Based on the scores and the ANFIS model, the prediction of blood infection is considered as the outcome (2).



	 5. Check the outcome (2) and apply the Neuro-fuzzy system to get the appropriate treatment from experts’ databases; this treatment string is considered as the outcome (3).



	 6. The obtained values (2) and (3) are shown to the users on the interface as the final output.






The above code expressed the way how the proposed system will work and extract the major features using PCA. Following the application of criteria, our system generates statistical results, such as the detection of infection and subsequent treatment with a doctor or expert consultant. Figure 5 illustrates the details [41,42].



The nine input parameters were considered from the patient’s blood report, which was taken by a professional blood sample collection centre or given by the authorized blood testing centre. Based on the values of nine blood report parameters, the values are examined. The role of the proposed system starts from this step. The inference rules are applied to the values of the parameters and the multiple cross-validating factors to identify the infection in the patient’s body. The novel approach to the model is to suggest the disease and its remedial plan with treatment and deficiency. All such outcomes are derived from the blood report.



Based on the above pseudo-code, the Algorithm 2 to work is as follows:








	Algorithm 2. Blood Infection Algorithm.



	
	
Initialize → iterative_parameters N as total parameters



	
Processing_parameters (   I r   , N) where    I r    are considered values only.



	
For each    I r   , check the range with lower bound Lb and the upper bound value Ub



	
if Lb ≤    I r    ≤ Ub, then take the value x → N



	
For    I r    iterations do



	
For all   i → m   // (fuzzy rules to get the membership value:  m )



	
Compute gradient function using partial outcome (1)



	
For all j → m // (check the combination of i and  j  count the number of rules applicable



	
Compute the outcome (2) as D



	
Check the experts’ module and match the treatment for the outcome (2) as T



	
Output: Disease or infection D; and Treatment T











The above algorithm is demonstrated and implemented with the sigmoidal membership function. The implementation is discussed in Section 4.





4. Implementation


The simulation of the proposed model and the algorithm is done on the Param-Shavak system. For high-performance computation, the Param-Shavak desktop supercomputer by CDAC India is used. The Param Shavak has dual intel Xenon Gold 6132, 14 cores server-grade processors with each core having a minimum 2.6 GHz clock speed, 96 GB (expandable) DDR4 2666 MHz RAM in a balanced configuration, two 1 GbE networks ports, 2 × 16 PCI-E Gen3 slots for GPU/Co-processors with NVIDIA P5000 GPUs. The detailed code is available at https://github.com/harshkhatter/blood_infection_code/tree/main (accessed on 4 October 2022). In this application, various packages are used which are listed below:




	
MainActivity.java




	○

	
MainActivity




	○

	
Fuzzylogic()









	
MedihelpDatabase.java



	
AndroidMenifest.xml




	○

	
Manifest




	○

	
Application




	○

	
Activity_main.xml




	○

	
Linearlayout




	○

	
Scrollview









	
utility.java




	○

	
Utility (parameters/range)









	
colours.xml




	○

	
Resources




	○

	
colors









	
main_menu.xml



	
Translation editor



	
Bloodsample.java




	○

	
BloodSample














4.1. Components of Complete Blood Count


In the blood sample, the list and the abbreviation of the parameters are mentioned below. These parameters are taken to analyze and conclude the outcome of the proposed model.



4.1.1. Haemoglobin (HB)


Haemoglobin (Hb) is the protein contained in red blood cells that is responsible for the delivery of oxygen to the tissues. To ensure adequate tissue oxygenation, a sufficient haemoglobin level must be maintained.




4.1.2. Red Blood Cells (RBC)


The red blood cell (RBC) count is a test used to measure the number of oxygen-carrying blood cells in a volume of blood. It is one of the main tests doctors use to determine how much oxygen is being transported to cells of the body.




4.1.3. Platelet Count (PC)


Platelets are tiny cells made in the bone marrow. Platelets are very important, as they prevent bleeding by forming clots and sealing blood vessels if they become damaged. A normal platelet count ranges from 150,000 to 450,000 per microliter (mcL) of blood.




4.1.4. Hematocrit Value (HCT)


Hematocrit (HCT) is the proportion, by volume (expressed in percentage) of the blood that consists of red blood cells. For example, a hematocrit of 35% means that there are 35 mL of red blood cells in 100 mL of blood.




4.1.5. Mean Corpuscular Vol. Mass (MCV)


The mean corpuscular volume (MCV) is the average size of your red blood cells. If the value is bigger than normal, the MCV score goes up. That could indicate low vitamin B12 or folate levels. If the red blood cells are smaller, they could have a type of anaemia. A normal MCV score is between 76 and 96.




4.1.6. Mean Corpuscular Haemoglobin (MCH)


Mean corpuscular (or cell) haemoglobin is an estimate of the amount of Haemoglobin in an average red blood cell. Haemoglobin is a substance in the blood that carries oxygen to the cells in the body from the lungs.




4.1.7. Mean Corpuscular Haemoglobin Concentration (MCHC)


MCHC checks the average amount of Haemoglobin in a group of red blood cells.




4.1.8. Red Blood Cell Distribution width (RDW-CV)


It is a measure of the range of variation of red blood cell (RBC) volume that is reported as part of a standard complete blood count




4.1.9. Blood Sugar (BS)


Glycaemia, also known as blood sugar level, blood sugar concentration, or blood glucose level is the measure of glucose concentration in the blood.



The total taken blood components are mentioned in Table 2, for each component of blood, the specified range of the parameter is also shown in the table.



Table 3, Table 4, Table 5 and Table 6 shows the four samples and the ranges of the taken parameters and the ideal ranges are also shown. The ideal range with the dataset created and the rules used are considered. Similarly, the rules are applied to all taken inputs and the processed outcome is the Disease, Treatment predicted by the system in the expert’s observation.



In Table 3, patient 1 details were taken. Based on the nine defined parameters, the ideal range is mapped and analyzed. This analysis results in the output of the system which highlighted the possible disease of patient 1 and the most preferred treatment based on the expert’s validation. In the case of patient 1, Vitamin (B12) deficiency is found; the suggested treatment is the injections of B12 which is based on the values fetched by the proposed system.
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Table 3. Sample 1 and its outcome.






Table 3. Sample 1 and its outcome.





	
Parameters

	
Input Values of Sample 1

	
Ideal Range

	
Disease

	
Treatment

	
Expert






	
HB

	
6.5 (L)

	
13.5 to 17.5

	
Vitamin (B12)

	
Injection (B12)

	
(V)




	
RBC

	
1.8 (L)

	
3.5 to 6.5




	
PC

	
180 (N)

	
150 to 450




	
HCT

	
19.5 (V.L.)

	
35 to 54




	
MCV

	
109.6 (H)

	
76 to 96




	
MCH

	
36.5 (H)

	
27 to 32




	
MCMC

	
33.3 (N)

	
30.5 to 34.5




	
RDW-CV

	
17.0 (H)

	
11 to 16




	
BS

	
101.4 (N)

	
70 to 150









In Table 4, patient 2’s details were taken. Based on the nine defined parameters, the analysis is done which highlighted the possible disease of patient 2 and the preferred treatment based on the expert’s validation. Like in the case of patient 2, no disease is suggested by the system and the outcome is Healthy. No deficiency is found, and No suggested treatment is given by the proposed system.
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Table 4. Sample 2 and its outcome.






Table 4. Sample 2 and its outcome.





	
Parameters

	
Input Values of Sample 1

	
Ideal Range

	
Disease

	
Treatment

	
Expert






	
HB

	
14.9 (N)

	
13.5 to 17.5

	
Healthy

	

	
(V)




	
RBC

	
4.25 (N)

	
3.5 to 6.5




	
PC

	
305 (N)

	
150 to 450




	
HCT

	
33.6 (L)

	
35 to 54




	
MCV

	
95.5 (N)

	
76 to 96




	
MCH

	
31.0 (N)

	
27 to 32




	
MCMC

	
31.50 (N)

	
30.5 to 34.5




	
RDW-CV

	
16.5 (H)

	
11 to 16




	
BS

	
121 (N)

	
70 to 150









In Table 5, patient 3’s details were taken. In the case of patient 3, a deficiency of iron is detected by the proposed system. As the deficiency can be overcome by the supplements, then the system suggested the intake of the “Iron supplement”.
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Table 5. Sample 3 and its outcome.






Table 5. Sample 3 and its outcome.





	
Parameters

	
Input Values of Sample 1

	
Ideal Range

	
Disease

	
Treatment

	
Expert






	
HB

	
10.1 (L)

	
13.5 to 17.5

	
Iron Deficiency

	
Iron Supplement

	
(V)




	
RBC

	
2.8 (L)

	
3.5 to 6.5




	
PC

	
232 (N)

	
150 to 450




	
HCT

	
31 (L)

	
35 to 54




	
MCV

	
55 (V.L.)

	
76 to 96




	
MCH

	
31.9 (N)

	
27 to 32




	
MCMC

	
31.8 (N)

	
30.5 to 34.5




	
RDW-CV

	
11.0 (N)

	
11 to 16




	
BS

	
91 (N)

	
70 to 150









In Table 6, the critical patient details were taken. In the analysis, it was found that the values of the nine parameters are deriving a severe impact on the patient’s health and concluded that blood cancer. This is the outcome of the parameter values and the training and testing of the proposed model on specific conditions and implementation details. The treatment for such cases is chemotherapy.
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Table 6. Sample 4 and its outcome.






Table 6. Sample 4 and its outcome.





	
Parameters

	
Input Values of Sample 1

	
Ideal Range

	
Disease

	
Treatment

	
Expert






	
HB

	
11.2 (L)

	
13.5 to 17.5

	
Blood Cancer

	
Chemo-Therapy

	
(V)




	
RBC

	
4.92 (N)

	
3.5 to 6.5




	
PC

	
365 (N)

	
150 to 450




	
HCT

	
36.8 (N)

	
35 to 54




	
MCV

	
74.8 (L))

	
76 to 96




	
MCH

	
22.8 (L)

	
27 to 32




	
MCMC

	
30.60 (N)

	
30.5 to 34.5




	
RDW-CV

	
14.7 (N)

	
11 to 16




	
BS

	
128.4 (N)

	
70 to 150











4.2. Fuzzy Inference System


In the proposed model, the rules are applied to the blood report parameters and the ranges of the parameters are defined. Based on the rules, the database of rules is created. Whenever a new query is asked, the query goes via the fuzzy inference system and the dataset starts searching. When the query is mined and results are curated, the respective details are shown to the end user, i.e., doctor or patient.



The dataset of reports of previous patients gets stored and compiled at regular intervals. Here, the adaptive machine learning algorithm is applicable and clubbed with the RNN model; the outcome is discussed in Section 5, i.e., results and discussions.





5. Results and Discussion


The outcome of the proposed model and the suggested algorithm is to help the end users. The results are highly convincing. The diagnosis of blood diseases will be easier to recognize with the proposed model and approach used. Fuzzy Inference System with the help of S-ANFIS which interacts with users via a user interface.



Creating a database for Patient Blood Sample Parameters and the ranges as:




	
If the input value is greater than the range



	
If the input value is lesser than the range



	
If the input value is in between the range








Range Limit of Linguistic Variables and the Corresponding of Input Data


The Range limit of linguistic Variables (LOW, VERY_LOW, NORMAL, HIGH, VERY_HIGH) and the corresponding input data (HB, RBC, PC, HCT, MCV, MCH, MCHC, RDW_CV, BS) as shown in Table 7.



To test the proposed system and its functionality, the sample blood reports and the fetched parameters are taken. The blood parameters have some values to check on the simulator and the outcomes are shown in the figure. Table 8, Table 9 and Table 10 show the parameters and the values of a person after the blood test. The results fetched from our proposed system are very much accurate.



The user can also input the parameters manually via the user interface as shown in Figure 6, Figure 7 and Figure 8 which are the snapshots of the user interface. In Figure 6, the user interface takes the basic details and the values of the parameters. This interface is an Android-based application, and users can access it through a handheld android-based device.



Figure 6 represents the data input values as sample 1 where the user name is Pinku, whose age is 24 with the mentioned details. Similarly, Figure 7 shows another sample with the name Shivam and age 23.



In Figure 8, the third sample is by a female user named Twinkle aged 30. Based on the input values, the S-ANFIS concluded the Folate Deficiency Anemia and the outcome as a recommendation is to Take Hydroxocobelamin (B12) injection.



This is one way for the users to enter the details. This interface is quite easy to operate and gets the results on the screen. Various backend functions are running to compile and analyze the inputs entered by the user. The results are the proposed model is tested on 500 epochs, 1000 epochs, 1500 epochs, and 2000 epochs with a learning rate of 0.001. The outcome is shown in Figure 9, demonstrated on the 1000 blood samples shown.



The random 1000 samples were taken from the dataset of Rehabilitation acute care hospitals (REHABs) which are defined by the Social Security Administration during the period January through December 2013 available at https://data.world/health/bloodstream-infections-rehab (accessed on 16 March 2022).



If the same results are compared with the three existing models, the result of the proposed model is performing better. In the existing models [16,17,18], the working of models is based on ANN and ANFIS methodology. The results comparison is shown in Figure 10.





6. Conclusions


The proposed model is designed in such a manner to give automated results to help doctors in identifying the diseases in the blood. Many diseases are not curable in a specific amount of time. In such cases, the proposed system helps a lot in giving descriptions of such cases. The proposed system will be helpful in such circumstances. The suggested concept and algorithm are intended to help end users. Clinicians can accurately detect newly discovered viruses and disorders with the help of the suggested technique. Based on the adaptive neural fuzzy inference system (ANFIS) with content curation and an intelligent analyzer, S-ANFIS is the proposed system. The proposed concept and methodology will make it easy to diagnose blood diseases. The suggested model outperforms with 88.6% accuracy in comparison to the performance of the existing models [16,17,18], which were 83.2%, 86.4%, and 76.2% after testing on the same dataset and on 1000 samples.
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Figure 1. Combination of two technologies, i.e., Fuzzy and Neural. 
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Figure 2. Combination of two technologies, i.e., Fuzzy and Neural. 
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Figure 3. Data pre-processing of the evaluation of the result. 
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Figure 4. ANFIS model for hepatitis diagnosis. 
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Figure 5. Proposed system model and flow process [41,42]. 
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Figure 6. A user interface to fill in the details of user 1. 
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Figure 7. The user interfaces to fill in the details of user 2. 
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Figure 8. User interface with details of the third person. 
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Figure 9. Comparison of results on various epochs. 
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Figure 10. Comparison of the proposed model with three existing models [16,17,18]. 
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Table 1. Comparison Table.
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	S.No
	Author’s Name
	Approaches
	Advantages
	Disadvantages
	Still in Use





	1
	Edward et al. (1970) [8]
	Backward Chaining, a Rule-based system
	It provides accurate results
	It is only for diagnoses of a few blood infections
	Yes



	2
	Ayangbekun et al. (August 2014) [4]
	Use as MYCIN, Caduceus
	Suggest the cause based on symptoms
	Limited database
	No



	3
	Saad et al. (April 2009) [9]
	Fuzzy system
	Easy to use
	No diagnostic
	No



	4
	N.Congiliaro et al. (August 2002) [10]
	FIS and rule-based
	An automatic system that diagnoses based on rules
	Few rules only
	No



	5
	Irfan et al. (March 2013) [11]
	Use for Heart disease and approach is CNN
	Easy to use and scan
	Limited Data set
	Yes



	6
	Mahajan S. et al. (August 2013) [12]
	Fuzzy Logic
	This is only for specific disease
	Not global, only for a particular disease
	Yes



	7
	Bharat et al. (July 2015) [13]
	Genetic algorithm
	This identifies the disease of chikungunya and related fever
	Prediction accuracy is 85%
	Yes



	8
	Qu et al. (2016) [14]
	Data mining and Rule-based algorithm
	It reduces the cost, time, and energy
	Only for remote areas
	Yes



	9
	Singh et al. (July 2017) [15]
	MYCIN and fuzzy logic
	It helps to detect the Dengue
	Specific disease only
	Yes



	10
	Ferraz et al. (2017) [1]
	Use of a Support vector machine to determine the blood compatibility
	Prototypes are small in size, lightweight, easy transportation, ease of use, fast results, high reliability, and low cost
	The system gives the result as Yes or No. No further membership or fuzzy value was generated.
	Yes



	11
	Na Dong et al. (2021) [3]
	Use of particle swarm optimisation support vector machine (PSO-SVM) classifier
	99.76% classification accuracy, which well demonstrates its effectiveness
	Only for one parameter WBC
	NO



	12
	Yan Lu et al. (2021) [7]
	Use of ResNet and Fuzzy rules
	Better results and classification
	Only for one parameter WBC
	NO



	13
	Prayag Tiwari et al. (2018) [16]
	CNN is used on the blood images
	Accuracy is more
	Only used for the classification of blood cells
	No



	14
	Kutlu et al. (2020) [17]
	Based on the CNN version, Regional CNN.
	Better in Comparison to other models
	Only for White Blood Cells.
	No



	15
	Balaji et al. (2021) [18]
	Better on Catheter-Related Blood Stream Infection based on a survey of the patients after discharge.
	Implemented on Real scenarios, i.e., hospitals
	Only for the south Indian region
	Yes



	16
	Emmanuel et al. (2022) [4]
	Based on the study of intestinal and blood protozoans’ parasitic load and their risk factors which uses fuzzy rules
	Taken dataset of the patients of Tafo Hospital, Ghana
	Dataset corpus is less and has only three months of data
	No



	17
	Keisuke Okaba et al. (2022) [5]
	Based on the patient report and hepatitis types, i.e., HBV, HCV, HIV, HTLV, and TP, the work has concluded
	Concluded the various combinations of blood-borne infections of the patients of Chiba, Japan
	In the paper, only the cases prescribed by the doctors and autopsy cases are considered.
	No



	18
	J.Khodaei-mehr et al. (2018) [19]
	Used the ANFIS to train the coefficient and further applied the Genetic algorithm
	The authors worked on 14 parameters and worked on the minute details.
	The results are compared with the model which was published in 2014 and still performance is not good.
	No
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Table 2. Blood Report Parameters and their ideal range with measuring units.
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	Parameters
	Ideal Range
	Units





	HB
	13.5 to 17.5
	g/dL



	RBC
	3.5 to 6.5
	million/c



	PC
	150 to 450
	thous/mm3



	HCT
	35 to 54
	%



	MCV
	76 to 96
	Fl



	MCH
	27 to 32
	Pg



	MCMC
	30.5 to 34.5
	g/dL



	RDW-CV
	11 to 16
	%



	BS
	70 to 150
	mg/dL
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Table 7. Range Limit of Linguistic Variables and the Corresponding of Input data.
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	Input
	Low
	Very Low
	Normal
	High
	Very High





	HB
	13.5 > x ≥ (13.5 − 10)
	X < (13.5 − 10)
	13.5 ≤ x ≤ 17.5
	17.5 < x ≤ (17.5 + 10)
	(17.5 + 10) < x



	RBC
	3.5 > x ≥ (3.5 − 10)
	X < (3.5 − 10)
	3.5 ≤ x ≤ 6.5
	6.5 < x ≤ (6.5 + 10)
	(6.5 + 10) < x



	PC
	150 > x ≥ (150 − 10)
	X < (150 − 10)
	150 ≤ x ≤ 450
	450 < x ≤ (450 + 10)
	(450 + 10) < x



	HCT
	35 > x ≥ (35 − 10)
	X < (35 − 10)
	35 ≤ x ≤ 54
	54 < x ≤ (54 + 10)
	(54 + 10) < x



	MCV
	76 > x ≥ (76 − 10)
	X < (76 − 10)
	76 ≤ x ≤ 96
	96 < x ≤ (96 + 10)
	(96 + 10) < x



	MCH
	27 > x ≥ (27 − 10)
	X < (27 − 10)
	27 ≤ x ≤ 32
	32 < x ≤ (32 + 10)
	(32 + 10) < x



	MCMC
	30.5 > x ≥ (30.5 − 10)
	X < (30.5 − 10)
	30.5 ≤ x ≤ 34.5
	34.5 < x ≤ (34.5 + 10)
	(34.5 + 10) < x



	RDW-CV
	11 > x ≥ (11 − 10)
	X < (11 − 10)
	11 ≤ x ≤ 16
	16 < x ≤ (16 + 10)
	(16 + 10) < x



	BS
	70 > x ≥ (70 − 10)
	X < (70 − 10)
	70 ≤ x ≤ 150
	150 < x ≤ (150 + 10)
	(150 + 10) < x
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Table 8. Patient Blood Report 1.
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	Parameters
	Ideal-Range/Units
	Input Formula
	Input Value
	Output Range





	Haemoglobin
	13.5–17.5 g/dL
	13.5 > x ≥ (13.5 − 10)
	10.1
	Low



	RBC
	3.5–6.5 mil/c
	3.5 > x ≥ (3.5 − 10)
	2.8
	Low



	PC
	150–450 t/mm3
	150 ≤ x ≤ 450
	231
	Normal



	HCT
	35–54%
	35 > x ≥ (35 − 10)
	31
	Low



	MCV
	76–96 fl
	X < (76 − 10)
	55
	Very Low



	MCH
	27–32 pg
	27 ≤ x ≤ 32
	31.9
	Normal



	MCHC
	30.5–34.5 g/dL
	30.5 ≤ x ≤ 34.5
	31.8
	Normal



	RDW-CV
	11–16%
	11 ≤ x ≤ 16
	11
	Normal



	Blood Sugar
	70–150 mg/dL
	70 ≤ x ≤ 150
	100
	Normal
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Table 9. Patient Blood Report 2.
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	Parameters
	Ideal Range/Units
	Input Formula
	Input Value
	Output Range





	Haemoglobin
	13.5–17.5 g/dL
	13.5 > x ≥ (13.5 − 10)
	11.5
	Low



	RBC
	3.5–6.5 mil/c
	3.5 > x ≥ (3.5 − 10)
	2.2
	Low



	PC
	150–450 t/mm3
	150 ≤ x ≤ 450
	256
	Normal



	HCT
	35–54%
	35 > x ≥ (35 − 10)
	30
	Low



	MCV
	76–96 fl
	X < (76 − 10)
	101
	High



	MCH
	27–32 pg
	27 ≤ x ≤ 32
	30.8
	Normal



	MCHC
	30.5–34.5 g/dL
	30.5 ≤ x ≤ 34.5
	33.5
	Normal



	RDW-CV
	11–16%
	11 ≤ x ≤ 16
	15
	Normal



	Blood Sugar
	70–150 mg/dL
	70 ≤ x ≤ 150
	140
	Normal
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Table 10. Patient Blood Report 3.






Table 10. Patient Blood Report 3.





	Parameters
	Ideal Range/Units
	Input Formula
	Input Value
	Output Range





	Haemoglobin
	13.5–17.5 g/dL
	13.5 > x ≥ (13.5 − 10)
	10.6
	Low



	RBC
	3.5–6.5 mil/c
	3.5 ≤ x ≤ 6.5
	6.3
	Normal



	PC
	150–450 t/mm3
	150 ≤ x ≤ 450
	234
	Normal



	HCT
	35–54%
	35 > x ≥ (35 − 10)
	32
	Low



	MCV
	76–96 fl
	76 ≤ x ≤ 96
	86
	Normal



	MCH
	27–32 pg
	27 ≤ x ≤ 32
	30.6
	Normal



	MCHC
	30.5–34.5 g/dL
	30.5 ≤ x ≤ 34.5
	31.6
	Normal



	RDW-CV
	11–16%
	11 ≤ x ≤ 16
	11.8
	Normal



	Blood Sugar
	70–150 mg/dL
	70 ≤ x ≤ 150
	120
	Normal
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