

PREDICTION OF CHRONIC KIDNEY DISEASE USING DEEP NEURAL NETWORK
                                                    ABSTRACT

Deep neural Network (DNN) is becoming a focal point in Machine Learning research. Its application is penetrating into different fields and solving intricate and complex problems. DNN is now been applied in health image processing to detect various ailment such as cancer and diabetes. Another disease that is causing threat to our health is the kidney disease. This disease is becoming prevalent due to substances and elements we intake. Death is imminent and inevitable within few days without at least one functioning kidney. Ignoring the kidney malfunction can cause chronic kidney disease leading to death. Frequently, Chronic Kidney Disease (CKD) and its symptoms are mild and gradual, often go unnoticed for years only to be realized lately. Bade, a Local Government of Yobe state in Nigeria has been a center of attention by medical practitioners due to the prevalence of CKD. Unfortunately, a technical approach in culminating the disease is yet to be attained. We obtained a record of 400 patients with 10 attributes as our dataset from Bade General Hospital. We used DNN model to predict the absence or presence of CKD in the patients. The model produced an accuracy of 98%. Furthermore, we identified and highlighted the Features importance to provide the ranking of the features used in the prediction of the CKD. The outcome revealed that two attributes; Creatinine and Bicarbonate have the highest influence on the CKD prediction.
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CHAPTER 1
1.1  INTRODUCTION

Machine Learning is the scientific field dealing with the ways in which machines learn from experience. For many scientists, the term “machine learning” is identical to the term “artificial intelligence”, given that the possibility of learning is the main characteristic of an entity called intelligent in the broadest sense of the word (Joshi and Chawan, 2018). The purpose of machine learning is the construction of computer systems that can adapt and learn from their experience. With the use of machine learning to extract useful information can be lend in solving various problems, kidney disease included. Purusothaman and Krishnakumari, (2015) indicated that kidney failure falls one among several classes of disease such as heart disease, blindness etc. which results due to chronic diabetes. Dialysis and transplant are the only method to keep the kidneys function artificially and it is also painful and expensive process. According Luyckx, and Stanifer, (2018) kidney disease increased globally from 19 million in 1990 to 33 million in 2013 in 2016 and in 2010 2.62 million people received dialysis worldwide and the need for dialysis is projected to double by 2030. In Nigeria, the situation is such that Chronic Kidney Disease (CKD) represent about 8-10% of hospital admissions (Ulasi and Ijoma,2010). Therefore, diagnosis technique is needed so that control or precautions can be taken before becomes late. To acquire important information from medical databases, techniques from various data mining was found very much useful (Chahal and Gulia 2019). By combining machine learning and statistical analysis, very useful information can be drawn from medical databases. Machine learning methods coordinates various statistical analyses and databases helps to extract hidden patterns and relationships from huge and multiple variable data. The accuracy of a given classifier is ensured through testing the model or technique. Moreover, attributes like Specificity, Sensitivity, and Accuracy are common for disease detection (Padmanaban and Parthiban 2016). In this paper we used a Deep Neural Network model to predict CKD and evaluate the performance of the model by computing the Specificity, Sensitivity, Recall, ROC Score, Kohens Kappa, F1 Score and Precision.
Chronic kidney Disease (CKD) means your kidneys are damaged and not filtering your blood the way it should. The primary role of kidneys is to filter extra water and waste from your blood to produce urine and if the person has suffered from CKD, it means that wastes are collected in the body. This disease is chronic because of the damage gradually over a long period. It is flattering a common disease worldwide. Due to CKD may have some health troubles. There are many causes for CKD like diabetes, high blood pressure, heart disease. Along with these critical diseases, CKD also depends on age and gender. If your kidney is not working, then you may notice one or more symptoms like abdominal pain, back pain, diarrhea, fever, nosebleeds, rash, vomiting. There are two main diseases of CKD: 

· diabetes and 

· high blood pressure.

So that controlling of these two diseases is the prevention of CKD. Usually, CKD does not give any sign till kidney is damaged badly. CKD is being increased rapidly as per the studies hospitalization cases increase 6.23 per cent per year but the global mortality rate remains fixed . 

There are few diagnostic tests to check the condition of CKD: 

· estimated glomerular filtration rate(eGFR) 

· urine test 

· blood pressure.

A. EGFR 

eGFR value shows that how your kidney cleaning the blood. If your eGFR value is greater than 90, that means the kidney is normal. If eGFR value is less than 60, that means you have CKD. 

B. URINE TEST 

The doctor also asks for urine test for kidney functionality because kidneys make urine. If the urine contains blood and protein, that means your kidney is not working properly. 

C. BLOOD PRESSURE 

Doctor measures blood pressure as Blood pressure range shows how your heart is pumping blood. If eGFR value reaches less than 15, that means the patient has end-stage kidney disease. At this point, there are only available treatments: (i) dialysis and (ii) kidney transplant. Patient’s life after dialysis depends on such factors as age, gender, frequency and duration of dialysis, physical movement of the body and mental health. If dialysis is not possible, the doctor has only one solution, i.e., kidney transplantation. However, it is extremely expensive. Therefore, it is critical noteworthiness in early recognition, monitoring and handling of the disease. It is essential to predict the striding of CKD with appropriate accuracy due to its dynamic and secretive nature in the early stages and patient abnormality. Medical treatment of CKD is prescribed by the stage. Anything other than this, it is very imperative to characterize the organization of the infection because it gives a few indications. It underpins the assurance of fundamental intercessions and medications. Medical treatment is a very significant application area of intellectual intelligent systems. Afterwards, Data mining can play a big role to find out hidden information from the huge patient medical and treatment dataset that doctors frequently obtain from patients to get pieces of knowledge about the symptomatic data and to execute precise treatment plans. Data mining can be categorized as the method of extracting hidden information from a huge dataset. Data mining strategies are connected and utilized broadly in various contexts and areas. Using data mining methods, we may predict, classify, filter and cluster data. The objective states the algorithm processing of a training set containing a set of attributes and targets. Data mining is suitable to mining in data if the dataset is huge but we can also do it with the help of machine learning with a small dataset. The machine learning can also find data analysis and pattern detection. A variety of health dataset is present so machine learning algorithms are best fit to improve the accuracy of diagnosis prediction. As healthcare electronic dataset grows rapidly, machine learning algorithms are becoming more common in healthcare.
1.2 Objectives: 

· Identify populations that may benefit from more systematic screening for CKD and provide an overview of methods for screening and diagnosis. 

· Outline treatment options for patients with CKD to decrease progression of renal deterioration and potentially decrease morbidity and mortality.

· Highlight common co-morbid conditions such as cardiovascular disease and diabetes, emphasizing the importance of aggressive management of these conditions to potentially decrease morbidity and mortality among patients with CKD.
1.3 METHODS AND MATERIALS

In this section, the research methodology and a dataset will be discussed. 

1.3.1 DATASET 

Chronic Kidney Disease dataset is used for this research work. Many researchers had also used this dataset [26]. This dataset is being provided by the UC Irvine Machine Learning Repository and it is available on the UCI website. This dataset contains 400 instances and 24 attributes with 1 target attribute. The target attribute has labelled in two-class to represent CKD or non-CKD. The dataset was collected from various hospitals in 2015. It contains also missing value. The description of all 24 attributes is represented in the table 1 below. 

1.3.2 METHODOLOGY 

In this research, we have developed a model to predict CKD disease in patients. The performance of the model was tested on both all attributes and selected features. Among feature selection methods there were Wrapper, Filter and Embedded [27] allowing to select vital features. Classifier algorithms performance was tested on the selected features. IBM SPSS tool is used for preparing the model. The machine learning classifiers such as artificial neural network (ANN), C5.0, logistic regression, linear support vector machine (LSVM), K- nearest neighbors (KNN) and random tree were used for training the model. Each classifier validation and performance matrix were computed. The procedure of this research including five stages: (i) dataset preprocessing, (ii) feature selection, (iii) classifier application, (iv) SMOTE and (v) analyzing the performance of the classifier. Along with machine learning models, a deep neural network was applied for comparing the result of machine learning models and deep neural network. Artificial Neural network classifier was used for this purpose. In this research the significance of two model were checked by statistic testing namely McNemar’s test. 

1.3.3 PREPROCESSING OF DATA 

Data preprocessing could be a strategy that is utilized to change over the raw information into a clean dataset. It is a the basic step to train every machine learning classifier algorithm. This technique concludes such actions as handle missing values, rescaling of the dataset, transform into binary data and standardize of the dataset. When the dataset included attributes with varying scales, rescaling is used to scale the dataset. The binary transformation has been applied to convert the value into 0 and 1. All values of every attribute are considered as 1 for above the threshold and as 0 for below the threshold. Standardized method ensures that each attribute has mean 0 and standard deviation 1. 

1.3.4 FEATURE SELECTION 

Feature selection is needed for trained each machine learning classifier because without removing unnecessary attributes from the dataset result may be affected. The classifier algorithm with feature selection gives better performance and reduce the execution time of the model. For this process, three different feature selection methods were used in this research. 

1.3.5 CLASSIFICATION ALGORITHMS 

 Classification technique is an important feature of supervised learning. Classifiers learn from the training dataset and apply on the testing dataset for finding the target attribute. Below there are classification techniques used in research. 

1) ARTIFICIAL NEURAL NETWORK Artificial neural network is a part of artificial intelligence. It is a type of supervised machine learning. Its structure is the same as the human brain. ANN also have neurons and just like in human all neurons are interconnected to one another, ANN neurons are connected to each other in layers of the network. Neurons there are known as nodes. ANN can solve the problem that has been impossible for human or statistical standards. ANN consists of three layers: input, hidden and output layers. The input layer takes input and weight and passes to hidden layer for performing calculation and finding the hidden structures and patterns. The number of hidden layers can be increased as required. The output layer computes the output. The weight values from the output, i.e. predicted, and actual value were recomputed and the network again restarts for finding the class from the previous learning. Therefore, ANN works based on backpropagation. 
2) C5.0 
C5.0 is a type of decision tree because it creates the decision tree from the input. The tree has the number of branches. It utilizes the tree structure to model the relationship between features and potential outcomes. At each node of the tree, the attribute of the dataset is chosen. It can handle nominal and numeric features both. C5.0 is the extended version of the C4.5 classification algorithm and uses information entropy concept. Entropy is used for finding the impurity of features. Information entropy is produced based on the calculation of parent and child entropy values. This process is iterative and works until there is no the further split. 

3) LOGISTIC REGRESSION 

Logistic regression is also a type of supervised learning algorithm. It is a statistical model. The probability of target value is predicted from logistic regression. It is divided the target attribute into two-classes: success or not success. For success, it returns 1 whereas it returns 0 for not succeeding. Logistic regression is represented by equation  where P is the predicted value, b0, b1, b2 are biases and x is is an attribute. It is used in various field of machine learning application in social sciences and medical arena, for example, for spam detection, diabetes detection, cancer detection, etc. Logistic regression is the advanced version of linear regression. Through this technique, we only concern about the probability of the outcome variable. 

4) CHAID 

Chi-square automatic interaction detection (CHAID) is a type of decision tree technique. It is used to determine the relationship between variables. Nominal, ordinal and continuous data can be used in CHAID for finding the outcome. For each categorical predictor, all possible cross-tabulation is created in the CHAID model and it process works until the best outcome is attained. The target or dependent variable becomes a root node in the tree, the target variable is split into two or more parts as per the categories in target variable and child of the root node are created using the statistical method and variable relationship. Such a process will be till leaf nodes of the tree. Ftest is used for the continuous dependent variable and the Chi-square test is used for the categorical dependent variable. 

5) LINEAR SUPPORT VECTOR MACHINE (LSVM) 

linear support vector machine (LSVM) is the modern particularly fast machine learning algorithm for solving multiclass classification problem for the large dataset based on a simple iterative approach. It is created the SVM model in linear CPU time of the dataset. LSVM can be used for the high dimensional dataset is the sparse and dense format. It is used for solving the large dataset machine learning problems in less expensive computing resource. Support Vector Machine is a supervised classifier algorithm. It is used kernel trick for solving the classification problem. Based on these transformations, ideal edge is found between the possible outputs. SVM is used for the nonlinear kernel, such as RBF. For the linear kernel, LSVM is an appropriate choice. LSVM classifier is sufficient for all linear problems. 

6) K- NEAREST NEIGHBORS (KNN) 

KNN is a simple type of supervised algorithm. It can be used for both classification and regression problems. However, it is largely used for classification problems. KNN does not use a particular training stage and use all the data for training so that it is a lazy learning algorithm and also it does not consider anything about the underlying data, so that is a nonparametric learning algorithm. KNN stores the whole dataset because it has no model so that there is no learning required. When the new data enter for predicting the outcomes, it compares K – neighbors so that selection of K’s value is very important. The distance is calculated between two already label data. The distance helps to find the nearest neighbor of the new data. A Euclidian method is used for finding the distance. 

7) RANDOM TREE 

The random tree is a type of supervised classifiers. It produces lots of distinct learners. The stochastic process is used to form the tree. It is a type of ensemble learning technique for classification. It works the same as decision tree, but a random subset of attributes uses for each split. This algorithm uses for both classification problems and regression problems. A group of random trees is known as a forest. The random trees classifier takes the input feature set and classifies input for every tree in the forest. The output of the random tree selects from the majority of votes. In the tree, every leaf node holds a linear model. The bagging training algorithm is used to train the model.
This methodology depicts the design of the method to be exploited to carry out the experiment. It incorporates data collection, data preprocessing, and target variable selection, prediction DNN model and performance evaluation.
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1.3.6 Data Collection 

Patient’s kidney disease record is selected as the source of data for this work. This dataset is collected from General Hospital in Gashua Local Government Area of Yobe State. It contains 400 patients record with 11 attributes/parameters: Age, Gender, Sodium, Potassium, Chloride, Bicarbonate, Urea, Creatinine, Urea Acid, Albumin and Classification including a target variable classified into a binary classification of CKD and non CKD disease.
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1.3.7 Data Pre-processing 

Data Pre-processing represent the most important task in data mining techniques, it involves cleaning, extraction and transformation of data into a suitable format for machine execution, Raw data contains missing information, bad formats, invalid information and it leads to disaster in prediction with machine learning. The dataset used had some missing cells which was replaced using simple imputation with the mean value of the attribute and the attribute Sex was converted to numeric values as ‘1’and ‘0’ for Male and Female respectively to make it possible for the machine to process since the machine will not understand string values. 

1.3.8 Target variable 

CKD dataset has got a lot of useful variables which are key and necessary for the identification of the disease in patients.we used our variables based on the test and method used by the Hospital in determining the occurrence of kidney disease which is Ten blood test and that are the once we used as our input variables. Names too was among the test, but we decided to remove it since it has no impact on our test and the privacy of the patients must be kept. 

1.3.9 Prediction using DNN 

DNN is a subset of Artificial Neural network which simulate the structure and functionalities of biological neural network consisting of an input, weights and activation function, the structure of DNN has an input, hidden layer and an output. In DNN, a is referred to the output, where Wi and Xi are the weight and input respectively. This is represented as: We used model has ten (10) inputs, two (2) hidden layers and one (1) output in the adopted model. Input layer is set of neurons which take the actual input data for processing. The number of neurons can be decided in accordance with the input data. To train the model, three layers were used. For input and the hidden layer, “Relu” is used as activation function. Relu outputs in 0 or 1. The output layer has only one output result either KD or NKD with Sigmoid as activation function. Stochastic Gradient was used as the optimizer of the model. The experiments are constructed with Python Programming Language.
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Deep Neural Network
1.3.10 Evaluation of The Model 

In this work, the performance is measured by Accuracy, specificity, sensitivity, kappa statistic, precision, F1 score, ROC Score and recall described as follows. 

· Confusion Matrix: confusion matrix indicates statistical suitability of the model and its compatibility with the dataset; it can also be defined as a table layout that is specifically used for visualization of algorithm.
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Accuracy- it is used to identify the number of correctly predicted data points out of all data points. It is defined as the number of all correct predictions made divided by the total number of predictions made, it is expressed as;
Sensitivity- (Recall or True Positive Rate):it is defined as the proportion of actual positive cases that got predicted as positive. It is a ratio of true positive to the sum of true positive and false negative. In medical diagnosis, test sensitivity (Recall) is the ability of a test to correctly identify those with the disease, it is expressed as; 

Specificity- (True Negative Rate): it is defined as the proportion of actual negative that got predicted as the negative. it is calculated as the number of correct negative predictions divided by the total number of negatives. It is also called true negative rate, it is expressed as; 

Cohen Kappa: This is a classifier performance measure between two sets of classified data. Kappa result values are between 0 to 1. The results become meaningful with increasing values of kappa. it measures how closely instances classified by the machine learning classifier matched the data labelled as the truth, it is expressed as; 

Precision: It is defined as the fraction of relevant instances among the retrieved instances. This is given as the correlation number between the correctly classified modules to entire classified faultprone modules, it is expressed as; 

Recall/ Sensitivity: Recall is a metric that quantifies the number of correct positive predictions made out of all positive predictions that could have been made, it is expressed as; 

F1 Score: This is the harmonic mean between precision and recall. Range for f1-score is from 0 to 1. It describes the preciseness (how many records can be correctly classified by the model) and robustness (it avoids missing any significant number of record) of a model. 
1.4 Chronic Kidney Disease 

Humans have two kidneys that are roughly the size of a fist. Their primary purpose is to filter blood. They remove waste and excess water, which turn into urine. They also help to keep the body’s chemical balance, control blood pressure, and produce hormones. Chronic kidney disease means that the kidneys are damaged and are unable to filter blood as effectively as they should. This damage can cause waste to accumulate in the body and cause other issues that can be harmful to health. The most common causes of chronic kidney disease are diabetes and high blood pressure. Kidney damage occurs gradually over a long period of time. Many people have no symptoms until their kidney disease is advanced. Only blood and urine tests can inform you if you have kidney disease. Treatments cannot cure kidney disease, but they can help to slow its progression. They include blood pressure medications, blood sugar control medications, and cholesterollowering medications. Chronic kidney disease can worsen over time. It can occasionally result in kidney failure. Dialysis or a kidney transplant will be required if your kidneys fail. Based on population studies from developed countries, a systematic review found a mean prevalence of 7.2% in individuals older than 30 years. According to WHO data, it affects approximately 10% of the adult population and more than 20% of those over the age of 60, and it is undoubtedly underdiagnosed. The prevalence of CKD can reach 35–40% in patients followed up in primary care for diseases as common as high blood pressure (HBP) or diabetes mellitus (DM). The magnitude of the problem is magnified by the increase in morbidity and mortality, particularly cardiovascular mortality, caused by renal deterioration. CKD is thought to be the common final destination of a group of pathologies that affect the kidney in a chronic and irreversible manner. Once the diagnostic and therapeutic options for primary kidney disease have been exhausted, CKD necessitates common protocols of action that are, in general, independent of it. The most common causes of ACKD are described below, along with links to further information. More than one cause frequently coexists and worsens kidney damage. In this work, the primary objective is to identify the best early-stage prediction model [5] for renal disease based on the most optimal attributes possible [6]. The following sub-goals are included:

· Review the existing approaches for the detection of kidney disease. 

· Determine the best feature by applying various feature selection techniques. 

· Build various prediction models on a kidney dataset using different machine learning algorithms and analyze their accuracy in the detection of kidney disease.
1.5 Identify & Evaluate Patients with Chronic Kidney Disease
Urine and blood tests are used to detect and monitor kidney disease. Currently, the key markers used include abnormal urine albumin levels and a persistent reduction in the estimated glomerular filtration rate (eGFR). Identification of the etiology may help guide management. Diabetes and hypertension are the leading causes of CKD in adults. Many diseases that cause kidney failure may have their origins in childhood. Early detection and appropriate treatment may improve prognosis in all age groups.
1.5.1 Identify Patients with CKD
Screen people at risk for CKD, including those with
· diabetes mellitus type 1 or type 2
· hypertension
· cardiovascular disease (CVD)
· family history of kidney failure
The benefit of CKD screening in the general population is unclear.
The two key markers for CKD are urine albumin and eGFR. To screen for CKD:
· Assess urine albumin excretion to diagnose and monitor kidney damage. Screen using a spot urine albumin-to-creatinine ratio.
· Calculate eGFR from stable serum creatinine levels to assess kidney function. Use the Modification of Diet in Renal Disease (MDRD) Study Equation or the Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) equation.

CKD is generally diagnosed when there is evidence, for more than 3 months, of

· kidney damage (usually urine albumin > 30 mg/g creatinine, but includes other clinical findings such as hematuria, congenital malformations, etc.) and/or

· decreased kidney function (eGFR < 60 mL/min/1.73 m2)
1.5.2 Patient Characteristics 

In patients with CKD, characteristics that may have been associated with progression to kidney failure (baseline demographics, clinical characteristics, comorbidities, and drug utilization) were evaluated during the BY. Demographic characteristics included age, sex, geographic region (Midwest, Northeast, South, West), and type of insurance (Medicare or commercial). Clinical characteristics included CKD stage (defined by latest eGFR value or ICD-9/10-CM code) during the BY, CKD stage switch (from stage 3 to stage 4), and most recent episode risk group (ERG) prospective score (using OPTUM Insight’s ERG methodology, which relies on the patient’s underlying medical conditions, the source of which are the ETGs produced by the software, ETG 10.0 version).26 Comorbidities identified by ICD-9/10-CM code included: anxiety, atrial fibrillation, cerebrovascular disease, chronic obstructive pulmonary disease (COPD), chronic thyroid disorders, congestive heart failure, depression, DM, hyperlipidemia, hypertension, ischemic heart disease, malignant neoplasms, obesity, osteoarthritis, osteoporosis, and peripheral artery disease.27 The comorbid HK was identified using previous described method.8,25 Medications taken during the BY were extracted from the National Drug Codes of dispensed medications and categorized by drug class as: angiotensin II receptor blocker (ARB), angiotensin-converting enzyme inhibitors (ACEi), beta-blocker, calcineurin inhibitor, direct renin inhibitors (DRI), mineralocorticoid receptor antagonist (MRA), nonsteroidal antiinflammatory drug (NSAID), or potassium-sparing diuretic (see specific generic drug names and their drug class in Sharma et al).25 Among the aforementioned, RAAS inhibitors (RAASi) included ACEi, ARB, MRA, and DRI. Patients were deemed to have received optimal dosing of RAASi if they were given the maximum dose recommended by the Food and Drug Administration during the BY, whereas those patients who received any dose less than that were deemed to have received suboptimal dosing.28 Adherence to RAASi was calculated using the proportion of days covered (PDC); patients were considered adherent to RAASi if PDC was ≥0.8
1.5.3 STAGING

Staging systems for chronic disease should identify risk for progression and complications. The current staging system for CKD, based exclusively on eGFR, does not appear to reliably identify those people at greatest risk for progression. Emerging research suggests an approach that includes multiple factors, such as urine albumin, age, and diabetes status may better predict progression. In addition, the current staging requires accuracy of eGFR above 60 mL/min/1.73 m2. However, values above 60 calculated using the MDRD Study equation are not accurate. When using the MDRD Study equation, NIDDK encourages laboratories to report eGFR above 60 as age "≥ 60" rather than as numerical values. While the CKD-EPI equation has increased accuracy for eGFR values above 60 mL/min/1.73 m2 compared to the MDRD Study equation, the influence of imprecision of creatinine assays on the uncertainty of an eGFR value is greater at higher eGFR values. Although kidney function tends to decrease with age, this process has not been well investigated. Many people with age-related kidney function decline may not progress to kidney failure. Thus, the prognosis for a 75-year-old patient with an eGFR of 55 may be different than that for a 45-year-old patient with the same eGFR. In addition, GFR may be too narrow a basis on which to assess risk for progression. The approach to staging is likely to evolve as it is informed by ongoing longitudinal research.

1.5.4 Establish Cause of CKD

Because kidney damage is generally irreversible, it is important to identify the etiology as early as possible. Specific treatments are available in many cases (e.g., membraneous nephropathy, lupus nephropathy) and a diagnosis will guide management.

Although diabetes is the most common cause of CKD, it is important not to assume that a patient with diabetes and CKD has diabetic kidney disease. However, non-diabetic kidney disease is unlikely in a person with diabetes of long duration with other diabetic complications, physical findings of end-organ diabetic damage, and negative screening laboratory studies.
1.6 MANAGEMENT OF CKD 

The direct management of CKD focuses on renin angiotensin aldosterone blockade (RAAS) and blood pressure control. Management also includes optimal management of common comorbid conditions such as diabetes and addressing cardiovascular risk factors to decrease risk for CVD. Also essential are patient education and a multidisciplinary approach to disease management that include dieticians and social workers in addition to other health care providers.
1.6.1 Renin Angiotensin Aldosterone Blockade 
Single RAAS agent therapy
RAAS therapy with either an angiotensin converting enzyme inhibitor (ACEI) or an angiotensin receptor blocker (ARB) is recommended for patients with CKD to prevent or decrease the rate of progression to ESRD. An ACEI or ARB should be the firstline agent for antihypertensive therapy for CKD patients and is recommended for patients with albuminuria regardless of need for blood pressure control. Angiotensin causes greater vasoconstriction of efferent arterioles than afferent arterioles, leading to glomerular hypertension. This leads to hyperfiltration, and prolonged hyperfiltration leads to glomerular structural and functional deterioration. Both ACEI and ARB can reverse this process and delay renal disease progression. While the reduction of intraglomerular pressure has longterm benefit, it may cause a small rise in serum creatinine in the short term, since GFR is directly correlated to intraglomerular pressure. A rise of up to 20-30% above the baseline is acceptable and not a reason to withhold treatment unless hyperkalemia develops. In conditions such as bilateral renal artery stenosis, where angiotensin serves the critical role of preserving the intraglomerular pressure and GFR, its blockade could lead to acute renal failure. Thus, checking serum creatinine and potassium about 1-2 weeks after initiating or changing the dose of ACEI or ARB is recommended. 

Selecting ACEI or ARB. ACEIs and ARBs do not differ significantly in terms of overall mortality, progression to ESRD, or their anti-proteinuric effects. Initial selection of a specific drug should be based on cost, potential side effects, and patient preference. Both classes of medications have been studied extensively. However, a higher volume of evidence and more landmark studies have been done with ACEIs than with ARBs. Therefore, experts generally recommend starting with an ACEI. However, ACEIs have a higher rate of cough and may cause a slightly greater increase of potassium and serum creatinine levels compared with ARBs. With decreasing kidney function, starting doses for both ACEIs and ARBs are lower. Dose titration should occur slowly as needed for control of blood pressure or albuminuria. 

Starting ACEI or ARB. As discussed above, when starting an ACEI or an ARB, monitoring blood pressure, potassium, and serum creatinine levels is important. Potassium and/or serum creatinine are expected to increase when starting or changing the dose of an ACEI or an ARB. Assess potassium and serum creatinine levels before starting or changing the dose. (If already measured within the previous two weeks, that measurement can be used.) One to two weeks after initiation or dose change, check potassium and serum creatinine levels. For most patients, a potassium level of up to 5.5 mEq/L and a serum creatinine increase of up to 30% from baseline are acceptable within the first three months with close monitoring. However, the ACEI or ARB may need to be reduced or discontinued if the potassium level remains elevated at > 5.5 mEq/L, or if the serum creatinine continues to rise or does not improve. For further discussion of management of potassium, see the section below on potassium, phosphorus, and sodium balance.

Dual RAAS therapy. In general, dual therapy with ACEI and ARB is not recommended. Studies to date have not shown any clinically significant benefits on overall mortality for dual therapy over monotherapy. Although some additive anti-proteinuric effect occurs when two RAAS agents are used, the ONTARGET study showed that dual therapy increased the risk of worsening of kidney function and hyperkalemia. Several large RCTs are currently ongoing to assess the role of dual therapy for CKD patients specifically. Dual therapy with an ACEI and an ARB should be considered only for patients with severe albuminuria (> 1 g/day). A nephrology consult should be obtained at this point to help initiate and monitor dual RAAS therapy. 

1.6.2 Spironolactone
Increasing evidence indicates that the aldosterone receptor antagonist spironolactone can decrease albuminuria and several small studies have evaluated its combination with an ACEI or an ARB. One theory for this combination regimen is the “aldosterone escape” phenomenon, which refers to the fact that ACEIs and ARBs do not provide sustained decreases in aldosterone levels. The combination of ACEI and spironolactone is commonly seen in patients with concomitant heart failure, but may also be considered for those with severe albuminuria with nephrology input. Patients on combined spironolactone and ACEI or ARB therapy should be monitored carefully for hyperkalemia.
Blood Pressure Control 

Optimum blood pressure control reduces renal disease progression and cardiovascular morbidity and mortality. For patients with CKD, BP targets are: 

· < 130/80 mm Hg if without risk for hypotension (eg, without: orthostatic hypotension, heart failure, older age). (SBP of < 130 mm Hg ([IA] for ASCVD); DBP < 80 mm Hg [IA].) 

· Consider < 140/90 mm Hg if risk for hypotension. The BP target is higher to avoid hypotension, which may result in insufficient blood flow to the kidneys, dizziness, and fainting. (The prevalence of hypotension increases with age, from 4% for individuals age 50-59 years to 19% for individuals over 80 years.)
Recommendations for BP targets in patients with CKD have changed as more evidence becomes available. The 2017 ACC/AHA guidelines recommended reducing SBP to < 130 mm Hg and DBP to < 80 mm Hg, based on new data from SPRINT. Systolic blood pressure had not been evaluated as rigorously as diastolic blood pressure until SPRINT looked at SBP control and clinical outcomes. For patients with elevated blood pressure and elevated ASCVD risk, aggressive treatment of hypertension provides significant improvements in clinical outcomes. Current available data suggest that a SBP target of < 130 mm Hg is reasonable. For CKD, the “Kidney Disease: Improving Global Outcomes” (KDIGO) group in 2012 recommended BP targets for patients with CKD of < 140/90 mm Hg if urine albumin excretion is < 30 mg per 24 hours and of < 130/80 mm Hg if urine albumin excretion is ≥ 30 mg per 24 hours. KDIGO is reviewing its recommendations based on the results of SPRINT, which included CKD patients. Based on the results of SPRINT, our recommendation is also to apply the target of 130/80 mm Hg to CKD patients with urine albumin excretion < 30 mg per 24 hours. We add practical cautions to avoid hypotension and to monitor for hyperkalemia. In certain CKD populations, including the elderly and those with diabetes mellitus, aggressive BP control could lead to negative outcomes such as acute deterioration in kidney function, increased risk for cardiovascular events and orthostatic hypotension. In general, systolic blood pressure should remain > 110 mm Hg and even higher if orthostatic symptoms occur. For diastolic blood pressure, caution is suggested when diastolic BP falls below 60 mm Hg or less. Mortality increased when patients with diabetes had diastolic BP below 70. Of the antihypertensive agents, ACEIs and ARBs are particularly effective in slowing disease progression in both diabetic and non-diabetic CKD. If ACEI or ARB is not effective on its own to control BP, then a thiazide or dihydropyridine calcium channel blocker (eg, amlodipine) may be added. It should be noted that dihydropyridine calcium channel blockers should not be prescribed without the concomitant usage of ACEI or ARB, since their sole use may lead to greater hyperfiltration and albuminuria. Once GFR declines to stage G4 or worse, thiazides are generally ineffective, and loop diuretics (eg, furosemide) are usually needed to control volume-dependent hypertension. It should also be noted that patients with more advanced CKD often have resistant hypertension requiring multiple medications. These patients can be prone to orthostatic hypotension, and aggressive blood pressure control (< 120/80) should be avoided. Combined use of ACEI and ARB for blood pressure control is controversial, with no clear evidence of its benefit and possibly an increase in adverse events, including hyperkalemia and worsening of renal function. 
Chronic kidney disease of clinical status 

Chronic kidney disease not only leads to end stage renal failure with the necessity to start renal replacement therapy but also is a potent risk factor for cardiovascular events. The Chronic Kidney Disease Consortium analysed data from more than 2 million participants of general or vascular high risk population and CKD cohort studies on an individual level meta-analysis basis. Hazard ratios of mortality and end stage renal disease according to eGFR and albuminuria were determined across age categories after adjusting for sex, race, cardiovascular disease, diabetes, systolic blood pressure, cholesterol, body mass index and smoking status. Low eGFR and high albuminuria were associated with mortality and ESRD regardless of age. In general and high risk populations the mortality risk associations with eGFR were weaker on the relative (probably due to the higher risk in the elderly reference population due to higher comorbidities) but stronger on the absolute scale at older ages. For albuminuria the relative risk attenuation was smaller but the absolute increase in risk with age was even more pronounced. In cohorts specifically selected for CKD age did not modify the risk of mortality.
CKD of molecular basis 

For many years chronic kidney disease progression was considered a purely hemodynamically mediated process. Loss of functionally active nephrons by any disease process was accused to lead to counterregulatory mechanisms in order to maintain glomerular filtration rate (GFR). Alterations in glomerular hemodynamics were considered of upmost importance. Both afferent arteriolar glomerular vasodilation and efferent vasoconstriction increase intra-glomerular filtration pressure thus leading to hyperfiltration, which on the short term stabilizes GFR but on the long term leads to progressing glomerular sclerosis thereby initiating a vicious cycle (Klahr S et al. N Engl J Med. 1988). However, during the last decade a large variety of molecular pathways has been described to be involved in chronic renal disease especially in diabetic subjects. For example oxidative stress caused by increased free radical production is believed to play a central role in the development of microvascular complications of diabetes, including diabetic kidney disease (Badal SS et al. Am J Kidney Dis. 2014). Under physiologic conditions, steady-state concentrations of oxidants are maintained at nontoxic levels by antioxidant defense and repair enzymes. Disturbance of the delicate balance between reactive oxygen species (ROS) that promote oxidative stress and antioxidant defense systems may play a critical role in DN pathogenesis. Mitochondria are the main source of ROS, while the NOX protein family, the catalytic component of the multiprotein enzyme complex NADPH (reduced nicotinamide adenine dinucleotide phosphate) oxidase, represents the primary nonmitochondrial source. Changes in mitochondrial morphology and dynamics under hyperglycemic conditions contribute to increasing mitochondrial ROS, while increased ROS secondary to upregulation of certain NOX subunits may underlie microvascular damage and progression of DKD. Animal studies suggest that mitochondrial-targeted therapies may reduce oxidationinduced cell damage, interstitial fibrosis, and glomerular damage and improve tubular and glomerular function. Further examination of mitochondrial machinery, as well as increased understanding of the role of ROS in vascular complications of diabetes, may help identify therapeutic targets for intervention. A number of local endogenous factors that retard the progression of diabetic nephropathy have recently been identified and include angiopoietin-1 (Angpt1), Smad7 and nuclear factor (erythroid-derived 2)-like 2 (Nrf2). Calciumdependent regulation of podocyte actin dynamics involving transient receptor potential canonical (TRPC) channels and the Rho and Rac small GTPases has been shown to play important functions in glomerular health and disease. A central role for mammalian target of rapamycin (mTOR) activation in the development of diabetic nephropathy and regulation of autophagic flux in podocytes during aging has been demonstrated. Discovery of a circulating factor (suPAR) that can modulate outside-in beta3 integrin signaling in recurrent focal segmental glomerulosclerosis provides exciting therapeutic possibilities. Another secreted factor, the hyposialylated form of angiopoietin-like-protein 4 (ANGPTL4) was found to favor albuminuria in rats and in minimal change disease. Therapeutic sialylation of ANGPTL4 could limit albuminuria. Finally, neutralization of de novo paracrine activation of glomerular epithelial cells by heparin-binding epidermal growth factor (EGF)- like growth factor or EGF receptor antagonists could limit crescent formation and renal failure in immunemediated vasculitis (Henique C et al., Curr Opin Nephrol Hypertens. 2012). Flux through the hexosamine pathway has been implicated in diabetic glomerulopathy. Under normal physiological conditions, a small percentage (1–3%) of glucose transported into the cells is metabolized through the hexosamine pathway. The rate-limiting enzyme glutamine:fructose-6-phosphate amidotransferase converts fructose-6-phosphate to glucosamine-6-phosphate favouring the accumulation of uridine diphosphate N-acetylglucosamine, substrate for O- and N-protein glycosylation. In mesangial cells, the flux of glucose through the hexosamine pathway has been implicated in activation of p38MAPK, increased expression of TGF-β1 and NF-κB activation. AGEs represent a heterogeneous group of proteins, lipids and nucleic acids, irreversibly cross-linked with reducing sugars that directly or via receptor-mediated mechanisms (receptor for AGEs—RAGE) determine alteration in gene expression and activation of cellular signalling proteins that results in increased oxidative stress, increased inflammation and cytokines release. Blockade of RAGE in experimental animal models of diabetes ameliorates both functional (albuminuria) and structural diabetes-mediated renal alterations (glomerulosclerosis). Similarly, studies in RAGE null mice support a key role for RAGE in glomerular perturbations in diabetes.
1.8 KITS FOR IDENTIFYING CKD RISK/PROGRESSION 

The primary goal of SysKid activities in the scope of prognostic assays is providing a better estimate on risk for onset as well as progression of CKD with specific focus on the most prevalent cause of ESRD, diabetic nephropathy (DN), compared to present clinical routines. Such improvements are pivotal for assessing the value of preventive measures, but also for optimizing therapeutic strategies. SysKid executed screening for biomarker candidates indicative of CKD risk/progression on the genetic, transcript, peptide/protein and metabolite level. Experimental procedures involved execution of nested casecontrol discovery studies for identifying candidates (first project phase), followed by large scale validation of promising candidates (second project phase). The SysKid team had the unique opportunity of combining top level experimental capacities in Omics profiling, and assay development with large bio banks and clinical databases, complemented by dedicated statistics teams offering novel approaches for analysis of high dimensional data. On top, the biomarker-centric screening studies provided a rich molecular data basis for computational Systems Biology efforts aimed at integrating molecular mechanisms associated with the clinical presentation of diabetic nephropathy. The biomarker validation results in turn allowed to also assess the effective relevance of molecular mechanism at the various stages of disease development and progression. 
The genetic level 

Genetic analysis aims at identifying determinants on the DNA level with impact on predisposition for developing the clinical presentation, or adding to the pace of disease progression. By making use of two prominent clinical trials in renal and diabetes medicine, ONTARGET and ORIGIN, the consortium together with the Population Health Research Institute (PHRI, Hamilton, Canada) discovered a single nucleotide polymorphism in the CERS2 gene (ceramide synthase 2) in a GWAS (genome-wide association study) to be significantly associated with incidence and progression of CKD.
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The annual chance in urinary albumin to creatinine ratio was found to be highest in homozygous carriers of the A risk allele compared to homozygous G non-risk allele carriers as reference. The A risk allele frequency was found to be 0.79. This CERS2 SNP could be confirmed in an independent validation study also performed together with PHRI in the ORIGIN study (N=1,916). Multivariable mixed linear regression model adjusted for age, sex and population structure showed the same significant increase in albuminuria as in the discovery cohort. 

The transcript level 

As second molecular level of analysis SysKid evaluated tissue transcript changes associated with progressive CKD, including both RNA from protein coding genes as well as regulatory RNA elements, at the first time combined from the very same sample base enabling integrative analysis of transcript composition. For the discovery setting total RNA was isolated from renal biopsies from patients with diabetic nephropathy, hypertensive nephrosclerosis and other proteinuric kidney diseases (n=43), split into stable and progressive disease. Furthermore, we also collected zero hour pre-transplant wedge biopsies which served as control tissue. Differentially regulated transcripts were identified further allowing correlation of miRNAs and mRNAs from the same subjects. In the progressive phenotype we identified down-regulation of 7 miRNAs (miR-30d, miR-140- 3p, miR-532-3p, miR-194, miR-190, miR-204, and miR-206), and up-regulation of 29 target mRNAs involved in inflammatory response, cell-cell-interaction, apoptosis, and intracellular signaling. Reduced expression of miR-206 in progressive disease correlated with the upregulation of target mRNAs of CCL19, CXCL1, IFNAR2, NCK2, PTK2B, PTPRC, RASGRP1, and TNFRSF25, all participating in inflammatory pathways. Progressive cases also showed a lower expression of miR-532-3p and an increased expression of cognate target transcripts MAP3K14, TNFRSF10B/TRAIL-R2, TRADD, and TRAF2, all being involved in apoptosis pathways. To validate these results we collected an independent cohort of n=29 cases (renal diseases). We confirmed the results from the discovery cohort regarding decreased expression of miR-206 and miR-532-3p in progressive subjects, and the inverse correlation of these miRNAs with the expression of 9 of the 12 target genes identified in the discovery run. 

The peptides, protein and metabolite level 

A third level of biomarker analysis aimed at the effector levels, hence proteins and metabolites, where the consortium composition allowed utilization of various technologies and platforms for studying single markers as well as marker combinations. We assessed a series of individual proteins either alone or in combination for their predictive performance of transition in albuminuria stage, examples including GDF-15 and TroponinT.
1.9 MECHANISMS UNDERLYING CKD IN AGED PEOPLE 

The cause of age-related increases in renal fibrosis, which leads to glomerulosclerosis, interstitial fibrosis, tubular atrophy, vascular sclerosis, and loss of renal function, is poorly understood; however, in animal models, collagen seems to accumulate with age in the glomerulus, peritubular capillary, and tubu lointerstitium because of increased transcription of the gene encoding type III collagen. Preliminary studies in aged rats showed a loss of polycomb-mediated (epigenetic) collagen gene silencing despite a significant decrease in histone modifications associated with repressed genes, suggesting that other polycombrelated abnormalities contribute to ageassociated loss of gene regulation. Calorie restriction, a robust antiaging intervention in animal models, resulted in increases in histone modifications, similar to those seen in aged rats on a regular diet, but restored gene expression and prevention of kidney sclerosis in the calorie-restricted animals suggest the restoration of effective polycomb-mediated silencing. How increases in epigenetic silencing mechanisms are circumvented in these models is not known. Telomere shortening and increased p16INK4A expression, which are implicated in somatic cellular senescence pathways, are observed in aging human kidneys.Increased p16INK4A expression is also observed in aging rodents,but telomere shortening is not. Cellular senescence is associated with several features of the aging kidney and accelerates in patients with progressive kidney disease and transplant nephropathy in biopsies from patients with hypertensive nephropathy,and in animal models of experimental hypertension20 and ischemia/ reperfusion-induced injury.
1.10 GENES AND CKD 

Efforts are under way to identify genes associated with CKD and diabetic nephropathy and to establish biomarkers of risk for CKD and likelihood of benefit from intensive treatment; however, replication of potential CKD candidate genes is inconsistent because of phenotype specificity, varying genotyping technologies, and challenges with study design. How genetic variation will predict CKD risk, how patients will respond to their individual risk assessment, and how genetic risk contribution differs across ancestral groups are not clear. Gene– gene and gene– environment interactions are also poorly understood. Several candidate age-associated genes have been identified, including genes involved in regulating metabolism and enhancing tissue integrity. Global age-associated changes in gene expression also have been observed for the kidney. Selection pressure, epigenetic mechanisms, and changes in telomere biology and the proliferative capacity of renal stem or progenitor cells also might modulate dysfunction in the aging kidney.
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1.11 ACUTE KIDNEY INJURY AND CKD PROGRESSION 

The incidence of acute kidney injury (AKI) is increasing, particularly among older patients. Patients with CKD are more likely to experience AKI, and AKI is a risk factor for progression to ESRD. In the rat ischemia/reperfusion model, AKI is characterized by a temporary but substantial decrease in GFR, compromised urine-concentrating ability, proteinuria and interstitial fibrosis, and impaired sodium processing. Injured kidneys in this model also show a dramatic increase in hypoxia and renal fibrosis. Glomerular capillary density and interstitial peritubular vascular density decrease with age in the absence of other insults and are exacerbated by acute injury,and the ability to repair and regenerate tissue after injury declines with age. Thus, progression of CKD might not be a smooth, continuous course so much as a stepwise function marked by repeated episodes of AKI.
1.12 Modules:

SQL Alchemy: 

Database-In  this  system,  we  used  sqlite3  database  to  save  the  users  information  and  their  login  details. SQLite is a C-language library that implements a small, fast, self-contained, high-reliability, full-featured, SQL database  engine.  We  interact  with  this  database  using  SQL  Alchemy.  SQL  Alchemy  is  an  open-source  SQL toolkit and object-relational mapper for the Python programming language.
Flask Forms:

Forms-Forms are used to collect user inputs or to get user requests. In Flask, each form is defined as a class because of easier interaction in the server. There are four methods available to communicate between server and client. In this system, POST method is used to communicate securely. 
Routes-Routing:

Routes-Routing is used to map every URLs defined in the Flask System. In other words, ifthe users enter the  login  page,  the  flask  maps  the  login  page  to  the  app  route  to  login  operation  defined  in  the  system  to authenticate the user. The flask routing can handle the user data dynamically sent to the server, regardless of the type of data.
User Interaction: 

User  Interaction-User  can  interact  with  the  system  by  asking  the  admin  to  register  their  account.  And,  by using  the  login  details  the  user  can  check  their  health.  In  the  home  page,  users  are  able  to  give  their  data  and make the system to check about the health status. The system provides its analysis in graphs also.
Prediction: 

For  Predicting  the  early  stage  of  Chronic  Kidney  Disease,  We  used  machine  learning  algorithms  to  make the  prediction  using  different techniques.  In  this  system,  Random  Forest,  KNN  Classifier,  Logistic  Regression techniques are used. Finally, Hybrid Ensemble Technique is used to integrate all ML algorithms to provide more accurate results.In our proposed work, dataset is loaded andpreprocessed to avoid noisy data from the dataset. Then feature extraction is implemented which extracts required features from dataset and avoid unwanted fields from it. Then hybrid  ensemble  classifier  is  implemented  to  train  our  training  dataset.  Initially  KNN  is  used  to  classify  our dataset  once  classified  dataset  is  undergone  for  Random  Forest  (RF)  then  finally  LogisticRegression  (LR)  is deployed to classify our dataset in accurate way.
CHAPTER 2
LITERATURE SURVEY

1. “PREDICTION AND FACTORS AFFECTING OF CHRONIC KIDNEY DISEASE DIAGNOSIS USING ARTIFICIAL NEURAL NETWORKS MODEL AND LOGISTIC REGRESSION MODEL” AHMED, R. M., &ALSHEBLY, O. Q. (2019). 
In this paper, we applied two different machine learning algorithms to a problem in the domain of medical diagnosis and analyzed their efficiency in prediction the results. The problem selected for the study is the diagnosis and factors affecting Chronic Kidney Disease. The dataset used for the study consists of 153 cases and 11 attributes of CKD patients. The objective of this research is to compare the performance of Artificial Neural Networks (ANNs) and Logistic Regression (LR) classifier on the basis of the following criteria: Accuracy, Sensitivity, Specificity, Prevalence, and Area under curve (ROC) for CKD prediction. From the experimental results, it is observed that the performance of ANNs classifier is better than the Logistic Regression model. With the accuracy of 84.44%, sensitivity of 84.21%, specificity of 84.61% and AUCROC of 84.41%. It had to be highlighted to study this disease and the factors affecting it and the use of statistical methods and artificial intelligence techniques, artificial techniques have been receiving a lot of interest nowadays. Chronic kidney disease (CKD) also known as chronic renal failure, or chronic kidney failure, is much more widespread than people realize; it often goes undetected and undiagnosed until the disease is well advanced. Often, CKD is diagnosed as a result of screening of people known to be at risk of problems, such as those with high blood pressure or diabetes and those who have relatives with CKD. It may also be identified when it leads to one of its recognized complications, such as cardiovascular disease or anemia. (Andrew et al., 2005) (Wang et al., 2013). The national estimated prevalence of CKD is 141 patients per million populations. Diabetes mellitus (33%) and HTN (22.6%) were the most common causes of CKD, followed by obstructive uropathy in 17.3%, undetermined causes in 14%, pyelonephritis in 4.7%, glomerulonephritis in 4.3%, and polycystic kidney disease in 3.9% ( Moukeh et al., 2009). Machine learning is a branch of computational sciences that deals with learning the systems automatically based on inputs. The Classification is the main problem which is located in supervised machine learning. The main aim of this study is to use two methods of supervised machine learning algorithms to predict and diagnose chronic kidney disease between two groups of patients (presence and absence) to identify the best classifier depend on a number of performance evaluation criteria. In addition, the study tested the most important factors affecting chronic kidney disease. The artificial neural network is an adaptive system, changing its structure based on the information through which it passes through the so-called learning stage (Wu and Larty, 2000). On the other hand, ANNs has the right to solve many of the problems as it entered in many areas, the most important, field Medicine: An application of instant medicine which is related to the principle of memory as in the case of the human mind, principle of Pathological signs and diagnosis, the field of telecommunications: such as the disposal of resonance The sound that may be produced in the telephone lines, the military response to the target setting, and the field Banking: To open bank accounts by touch, sound or fingerprint Eye, as well as to identify bank signatures and handwriting. The weights in the artificial neural network represent the initial information that the network will learn. 
2. “APPLYING MACHINE LEARNING TECHNIQUES FOR PREDICTING THE RISK OF CHRONIC KIDNEY DISEASE” ANANTHA PADMANABAN, K. R., & PARTHIBAN, G. (2016). 
This paper aims at predicting the early detection of chronic kidney disease also known as chronic renal disease for diabetic patients with the help of machine learning methods and finally suggests a decision tree to arrive at concrete results with desirable accuracy by measuring its performance to its specification and sensitiveness. The behaviour of learning algorithms determined on a set of data mining indicators has a proportionate effect on the resulting models. Discovering the knowledge from wide databases is termed as Data mining. Besides studying the existing available Clinic Foundation Heart Disease dataset, 600 clinical records collected by us from a leading Chennai based diabetes research centre. We have tested the dataset for classification using Naïve Bayes and Decision tree method. On comparing the classification algorithms with respect to Naïve Bayes and Decision tree, we came to conclusion that the accuracy is up to 91% for Decision tree classification. Data mining is becoming more popular nowadays in healthcare, as also in fraud, abuse detection etc. In1 classification is a more useful data mining function to handle items in a collection to target categories or classes. In2 kidney failure falls one among several classes viz heart disease, blindness etc which results due to chronic Diabetes3 . Dialysis is the only method to keep the kidneys function artificially and it is also painful and expensive process. According to World Health Organization about millions of people around the world are suffering from severe kidney disorder and its number is increasing every year4,5. Therefore, an early diagnosing technique is immediately required so that precautions or controls can be taken before hand in time. For obtaining essential information from medical databases Data mining technique was found very much useful. By combining machine learning and statistical analysis intelligently, very useful information can be drawn from medical databases. Machine learning methods which coordinates various statistical analyses and databases helps us to extract hidden patterns and relationships from huge and multiple variable data. In order to ensure the chosen classifier’s accuracy the available test phases are verified. Moreover, these attributes like Specificity, sensitivity, and accuracy are common for disease detection. By applying Naïve Bayes and Decision tree techniques for our desired classification methods, we were able to achieve the result of identification of Kidney disorder at the early stages. The two different methods viz classification and evaluation which comes under Data mining technique, helps to build training data, classified predictive model and also testing the classification efficiency8 . The guidance for future activities are also derived and attained from the above classification data9,10. Several corporate also apply Rapid miner software for theirresearch, training etc., for their good governance. Rapid miner software is also being used ineducation and rapid prototyping etc., which very much help in coordinating the activities in machine learning, data mining, text mining, predictive analytics and business analytics etc11. The two data mining tools such as WEKA (Waikato Environment for Knowledge Analysis) and YALE (Yet Another Learning Environment) both written in Java, developed at the University of Waikato, is useful in contributing to commerce and industry, knowledge bases, scientific and clinical research.
3.“ CLASSIFICATION OF CHRONIC KIDNEY DISEASE (CKD) USING DATA MINING TECHNIQUES” ARAFAT, F., FATEMA, K., & ISLAM, S. (2018). 
In proportion to it, the medical data has also seen a massive surge of expansion. With the availability of structured clinical data, researchers have attracted scores to study clinical disease detection automation with machine learning and data mining. Chronic Kidney Disease (CKD), also known as the renal disorder, has been such a field of study for quite some time now. Therefore, our research aims to study the automated detection of chronic kidney disease using several machine learning classifiers with clinical data. The purpose of this research work is to diagnose kidney disease using a number of machine learning algorithms such as the Support Vector Machine (SVM) and the Bayesian Network (BN) and to select the most effective one to assess the extent of CKD patients. The amount of expertise in the medical field in relation to CKD is limited. Many patients have to wait a long to get their test results. The experience of medical staff is declining in value. Upon retirement, new employees replace them. It helps professional doctors or medical staff in their diagnosis of CKD. As the medical technologies of our time, making groundbreaking contributions to reduce human death due to many fatal chronic diseases, eradicating it and transcending above the grasp of diseases is still far from a reality. There have been many fatal diseases over past centuries—some of those formed into an epidemic and affected millions. Deadly diseases like Smallpox, SARS, Marliese, and polio has been cured with the vaccine in the past century. We are still fighting to cure the likes of Cancer, HIV but the rVSV-ZEBOV vaccine is a single-dose vaccine protocol that has been found to be safe and secure only against Ebolavirus strains of Ebolavirus. This is the first FDA approval to vaccinate against Ebola. One of the most deadly health hazards of our time is chronic kidney disease or in abbreviation. CKD is defined as the gradual degradation of the normal kidney function, and the consequence can be catastrophic. The kidney is essential for the filtering and purification process of our blood. Without at least one functioning kidney, death is imminent and inevitable within a few days. As it is a chronic disease and the symptoms are mild and gradual, it often goes unnoticed for years until the very late stage. So, the scope of this research is to build a model using data mining techniques to predict if a patient does indeed have CKD by reviewing and analyzing symptoms and various health parameters; Using Data Mining tools to classify those data and compare the results acquired through different techniques. In most cases, patients develop ESRD (End-Stage Renal Disease) without knowing they even had a chronic renal disorder in the first place. Chronic kidney disease - a gradual loss of kidney function - when an advanced stage is reached. In end-stage kidney disease, your kidneys can no longer function because they need to meet your body's needs. The lack of federal funding, Lengthy process in healthcare, persistent lack of quality, and unsatisfactory service in public health institutes have forced the general public to seek private healthcare. This consequently has flourished the private sector but at the price of high medical costs. So a massive amount of people affected by ESRD face dreadful consequences with the lack of proper treatment and dialysis, which often leave the patient and the family in unfathomable sufferings and humanitarian crises.
4. “RISK LEVEL PREDICTION OF CHRONIC KIDNEY DISEASE USING NEURO- FUZZY AND HIERARCHICAL CLUSTERING ALGORITHM (S)” CHIMWAYI, K. B., HARIS, N., CAYTILES, R. D., & IYENGAR, N. C. S. N. (2017). 
Chronic Kidney Disease (CKD) is usually characterized by a gradual loss of the functioning which the kidney does over time due to various factors. Early prediction and treatment save the kidney and halts the progress of CKD. CKD disease is being viewed as global public health issue for the past decade. The greatest threat for this deadly disease is developing countries where getting therapy is very expensive. The importance of predicting individuals who are at risk of CKD as well as applying clustering techniques cannot be underestimated since these can modify the progression of the disease. Identifying the silent killer disease early offers best opportunities for implementing possible strategies for lessening the probability of kidney loss. Neuro-fuzzy algorithm is applied to determine the risk of CKD in patients. Predictions done using neuro-fuzzy gave an accuracy of 97 percent. Using selected features, prediction for CKD disease is done so as to identify the risk. The results of the prediction are clustered to identify the percentage of patients with a high risk of having kidney disease who have a higher probability of being diabetic This healthcare data is being collected each second from various healthcare organizations all over the world. Utilizing big data for healthcare analytics offers great benefits to all stakeholders in healthcare which include healthcare providers, payers, patients and management. With terabytes of health data information being generated, especially through various electronic health records of huge hospitals, great insight about high risk disease predictions and much better ways of diagnosing them are acquired. One problem in the healthcare domain is the CKD that the world faces now. Huge amount of data is being generated related to CKD, from which various insights can be drawn for an effective solution through decision making among the health care sectors. CKD is damage to kidneys due to factors related to lifestyle changes. Nowadays due to exposure to environmental changes, there are changes even observed in health which many do not recognize due to busy lifestyles. CKD can be caused due to lack of water consumption, smoking, improper diet, loss of sleep and many other factors. Researches also state that being diabetic is a highest risk which by time leads to kidney failure. CKD is unique in its nature among most diseases since it is mostly discovered when it is in the final stages of progression whereby it will be much risky as well as expensive to treat due to being in the final stage called kidney failure. In the domain of healthcare, this paper aims in building a model for risk level prediction in CKD considering all of the symptoms and causes contributing to it. The symptoms are the attributes that will define different stages of kidney diseases. Based on the different stages, one can classify a set of patient records to identify to which class of kidney disease a patient may belong to. On classifying patients, it results in easy recognition of the dominant attributes of CKD. Certain solutions can be provided with respect to the dominant attributes to avoid progression of CKD. this research can be added to the domain of healthcare and can be used for providing suggestions in the domain by making it easy for healthcare professionals in diagnosis and treatment of patients as well as for identifying relationships within diseases that patients.
2.1 EXISTING SYSTEM

· We found that there is another way to measure CKD as described in the work. Features of age, gender, the existence of diabetes, hypertension, anemia, and cardiovascular disease are used to measure the risk score of CKD using a simple grid search method.
· The existing method treats the existence of related diseases, like diabetes or hypertension, as binary variables, 0/1, to predict CKD risk.

· A large number of features exist in the raw data in which some may cause low information and error; hence feature selection techniques can be used to retrieve useful subset of features and to improve the computation performance.

· The proposed MDFS model performs superior to existing works in terms of accuracy and the number of reduced features.
· The effect of sodium intake on the progression of CKD is controversial, and multiple inconclusive studies exist. No specific recommendation is advisable at this time beyond general recommendations to limit sodium in patients with hypertension and/or fluid overload,

· Currently, no age-specific definitions exist for CKD. In general, older individuals with reduced kidney function are at higher risk for acute kidney injury from pre-renal, renal and post-renal causes.

· The effect of sodium intake on the progression of CKD is controversial, and multiple inconclusive studies exist.
2.1.1 Disadvantages of existing system

· In any machine learning problem preprocessing of the data before applying any algorithm. Data mining statistical techniques are used for data preprocessing.
· Wrapper methods are better than filter methods in selecting the most useful features but they need a large dataset otherwise there is a problem of overfitting.

· SMOT technique is used to oversample minority class in the dataset in classification problem. In our dataset, we have more patient records having CKD disease than nonCKD. Classifier's performance reduces because of imbalanced classes.

· We used undersampling method and proposed a new cost-sensitive mean-squared error (MSE) loss function to deal with the problem.
· As the creatinine value, which is the target variable, is extremely unbalanced, we used an undersampling method and proposed a cost-sensitive mean squared error (MSE) loss function to deal with the problem.

2.2 PROPOSED SYSTEM
· Using commonly available health parameters, the proposed system can assess the risk of CKD for public health.
· The proposed model will fail to classify, and the classification result will not be acceptable when we consider actual data.

· They proposed to compare Decision Tree to Support Vector Machine (SVM) technique in predicting CKD. The classification stage revealed that Decision Tree has more successful than SVM recognition in correct classification.
· In this paper, a novel Mixed Data Feature Selection (MDFS) model is proposed to select and filter preeminent features from the medical dataset for earlier CKD prediction, where CKD clinical data with 12 numerical and 12 nominal features are fed to the MDFS model.
· The proposed system aims to identify the most dominant attributes that can aid in the early CKD prediction by involving separate feature selection algorithms on numerical and nominal data.
2.2.1 Advantages of proposed system

· It enhances the comprehensibility of data, facilitates better visualization of data, reduces training time of learning algorithms, and improves the performance of prediction.

· They usually work according to a specific learning algorithm which helps in optimizing the performance of a learning algorithm.

· The performance of Decision tree method is 91% accurate when compared with naive Bayes method. 

· Various performance parameters like accuracy, specificity, precision, sensitivity, false-positive rate, Fmeasure are used in health care to analyze the performance of the model.

· Even with a small amount of data, a hybrid neural network shows better performance compared to SVM and Random forest.

· Bidirectional Long Short Term memory (BiLSTM) for text analysis and autoencoder network for properties are used. The hybrid neural network is more efficient than statistical methods.
· The advantage of this method is that it can not only increase the importance of rare data, but also avoids the negative effects from high-order exponential errors applied to all samples in the training data set.
2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6

RESULT AND DISCUSSION 
6.1 Results 

This Section provides the results of the DNN algorithm produced based on the dataset.
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Confusion Matrix for Deep Neural Network
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Performance evaluation for Deep Neural Networks Model
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Graph of training against Validation Accuracy
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Graph of Training against Validation Loss
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6.2 Discussion 

We divided our dataset into 70% (280) and 30% (60) for testing and training respectively, the confusion matrix provided a visualization summary of DNN model on the dataset, the model has succeeded in classifying 34 samples correctly which are non CKD and 25 samples correctly which are CKD but 1 sample which is CKD was classified wrongly. Totaling to 59 samples classified correctly indicating that the DNN model perform well on our dataset since only one sample out of the sample selected for testing was not classified. performance evaluation of the model and it indicate that the model had succeeded in predicting kidney patients record into CKD and non-CKD with 98% overall prediction accuracy when the model was tested with an unseen data. Based on this accuracy of 98% the model indicated that it is hyper intelligent to seamlessly make prediction into CKD and non-CKD. Other metrics used to evaluate the performance of the DNN model are Precision :100%, Recall:96%, F1 Score:98%, Cohens Kappa:96.6%, ROC Score:100%, Sensitivity:96% and Specificity:100%. Figure5 shows both validations set and training set accuracy loss of our model as it iterated 100 times and based on the result in the figure. This shows no overfitting since there is improvement because as it iterates the loss accuracy decreases in both the training and testing sets with almost the same level of declining. Figure 4 shows the level of our model accuracy as it iterated in both training set and validation set and the more it iterates the more the accuracy increases in both sets and with almost the same level of advancement with the validation set even surpassing the training set indicating effectiveness of our model and no overfitting. Figure 6shows the ranking of features in the dataset that has more influence in CKD prediction from the 10 attributes, Creatinine and Bicarbonate has the highest ranking followed by Urea, Potassium, Sodium, Urea Acid, Age, Chloride, Gender and Albumin, Creatine and Bicarbonate has much influence during the prediction with the DNN model.
CHAPTER-7

CONCLUSION
CONCLUSION
The main goal of this research is to use DNN model for the prediction of kidney disease to high degree of accuracy. We succeeded in classifying kidney disease dataset into CKD and non-CKD with 98% overall accuracy when the model was tested with a set of data that were not used during the training process. The adopted DNN model proved to be efficient and suitable for the prediction of kidney disease. The study also highlighted the importance of the features used in the prediction of kidney disease. This revealed that from the 10 attributes, Creatinine and Bicarbonate are the attributes with highest influence on CKD as opposed to the findings by Ahmed and Alshebly (2019) that found that Creatinine and Urea has the highest influence on CKD prediction.
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