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Kidney Failure Detection Using Machine Learning Techniques

Renal insufficiency is the loss of kidney function, which is responsible for the filtration of residues, salts and liquids present in the blood. Being considered a silent disease, as the symptoms are often only detected in advanced stages of the disease. Loss of kidney function can be measured by the Glomerular Filtration Rate, which represents the volume of fluid that is filtered into the Browman capsule, located in the glomerulus, per unit of time. It is an important indicator for detection, evaluation and treatment of kidney failure. According to a census conducted in 2018 by the Brazilian Society of Nephrology (SBN), the number of chronic dialysis patients in Brazil from 2002 to 2017 increased by 159.4%, while Acute Kidney failure has been showing a mortality rate around 50%. Early detection is a goal to be pursued by those dealing with public health. In this work, a system was developed to detect kidney failure early and thus increase the chances of treatment for these patients. For this, several Machine Learning techniques were used, where through these techniques were calculated their respective accuracy. The data were using the MIMIC-II database and it was shown that techniques such as decision trees and random forests provided good results and could be important life saving strategies.

Introduction

Kidney failure is the loss of kidney function, which has a range of functions, such as: filtering salts, impurities and blood fluids; regulate the level of water in the body and the level of potassium, sodium, phosphorus and calcium in the blood; and eliminate medicines and toxins from the body and release hormones in the blood. Its functioning can be measured by calculating the Glomerular Filtration Rate(GFR), which uses empirical mathematical equations based on serum creatinine dosage. GFR is important in the clearance of a substance that is freely filtered by the glomeruli and does not undergo tubular resorption or secretion [START_REF] Neuma De Souza | Taxa de filtração glomerular estimada em adultos: características e limitações das equações utilizadas[END_REF], so it is commonly used as the standard measure of renal function and is an important indicator for detection, evaluation and treatment of both chronic kidney failure(CKD) and acute kidney failure(AKF).

In its normal state, the kidney filters the blood and eliminates the end products of metabolism, preserving other solutes. However, in most renal diseases GFR decreases over time as a result of a decrease in the total number of nephrons or a decrease in GFR per nephron, which may be reduced even before symptoms appear, and is related to disease severity level [START_REF] Andrew S Levey | K/doqi clinical practice guidelines for chronic kidney disease: evaluation, classification, and stratification[END_REF].

Renal insufficiency is a silent disease where symptoms are only detected in advanced stages of the disease through various tests, such as blood tests, and can be classified as CKD or AKF. In the case of CKD there is a gradual loss of kidney function, resulting in an irreversible stage of the disease. While AKF is the acute reduction of renal function due to injury, which may occur in hours or days. However, there may be a possibility of reversal of AKF if diagnosed and treated early. According to a census conducted in 2018 by the Brazilian Society of Nephrology (SBN) [START_REF] Saldanha Thomé | Brazilian chronic dialysis survey 2017[END_REF] the number of chronic dialysis patients in Brazil from 2002 to 2017 has increased by 159.4%, while AKF has a higher rate of mortality around 50% [START_REF] Yu | Diretrizes da amb e sociedade brasileira de nefrologia para insuficiência renal aguda[END_REF].

This work proposes a system aiming to identify patients with kidney disease using machine learning techniques. To obtain the desired results, we used the MIMIC-II database, which has data from patients who went through the intensive care unit of Beth Israel Deaconess medical center between 2001 and 2012 [START_REF] Lee | Open-access mimic-ii database for intensive care research[END_REF]. In order to compare the results obtained will be taken into consideration three existing studies that aim to diagnose patients with chronic kidney failure. This paper is organized as follows. Section 2 presents the background related renal insufficiency and machine learning techniques. Section 3 describes some related works, while Section 4 details the proposed system. Section 5 shows the experimental results and discussion. Finally, Section 6 concludes the paper and presents some direction for future works.

Theoretical Foundation

This section presents a brief study on Kidney Failure and some Machine Learning techniques: Decision Trees (DT), Random Forest (RF), and Support Vector Machine (SVM).

Kidney Failure

Creatinine is used in the calculation of GFR because its filtration is performed by the glomerulus and it is not reabsorbed, secreted or metabolized by nephrons, the basic functional unit of the kidney responsible for producing urine. Thus, the amount of creatinine excreted through the urine is directly related to the amount of creatinine filtered by the glomerulus, but it should be noted that creatinine is not completely filtered by the kidneys, only 15% to 20% of it, as well as the others filtrate substances [START_REF] Neuma De Souza | Taxa de filtração glomerular estimada em adultos: características e limitações das equações utilizadas[END_REF].

Measurement of creatinine clearance, the result of all the processes by which a substance suffers in nephrons, acts as a marker of GFR because it is a freely filtered and unabsorbed compound. Therefore, practically all creatinine content in the final urine came from glomerular filtration [START_REF] Neuma De Souza | Taxa de filtração glomerular estimada em adultos: características e limitações das equações utilizadas[END_REF] and is commonly used as the standard measure of renal function, an important indicator for detecting kidney failure.

Kidney failure, considered a silent disease, is due to decreased renal function, which may be reversed or progressively decline. It can be classified as CKD or AKF. In CKD there is a slow, progressive and irreversible loss of kidney function, so the diagnosis can be made by the relationship between GFR and the level of renal function. The importance of GFR in CKD goes beyond detecting it, and is also one of the parameters to determine the need for indication of renal replacement therapy (RRT) which consists of intervening either through dialysis, kidney transplantation, among others, to offer a quality patient's life and try to prevent the patient from dying. It should be borne in mind that the sooner a patient begins medical follow-up, before starting RRT, the less likely they are to die. Patients referred 3 months earlier had 13% deaths, while those referred less than a month earlier had 29% deaths [START_REF] Barretti | Indicações, escolha do método e preparo do paciente para a terapia renal substitutiva (trs), na doença renal crônica (drc)[END_REF]. In addition, this early referral reduces the therapeutic cost per patient and decreases the hospitalization rate per year. CKD can cause various problems in the body such as: anemia due to decreased red blood cell production; increased uric acid, causing what is called gout; more acidic blood due to decreased excretion of body acids, among others. CKD may be directly related to other diseases such as diabetes and hypertension, as these diseases cause damage to the small blood vessels of the kidney. It is extremely important to detect CKD in its early stages, as the disease may progress to a stage of terminal kidney failure and if the patient does not receive the necessary treatment, he or she may die within a few months. However, even when undergoing treatment, their life expectancy decreases compared to people of the same age who do not have terminal kidney failure, besides the fact that 40% of these patients are diabetic.

AKF is the acute reduction of renal function due to injury, which may occur within hours or days. The most common causes of AKF occur when the kidneys are deprived of oxygen and may be due to surgery or side effects of a drug. In addition to oxygen deprivation, some physical problems such as kidney stones and autoimmune diseases can lead to AKF. Treatment for AKF is more varied depending on what is causing kidney damage.

Machine Learning

Machine learning consists of a set of methods that can automatically identify patterns in data and use them to predict future data or perform other types of decision making in a scenario of uncertainty. Machine learning has wide applicability in health sciences field, and these techniques have become successful when applied in this area. In this paper we use Decision Tree, Random Forest and Support Vector Machine.

Decision trees (DT) consist of a tree-like structure in which each node represents a check of a characteristic, with each branch representing one of the possible outcomes of the check, and each leaf node representing a classification. This technique is based on statistical models that use supervised training for data classification and prediction, where they apply the splitto-conquer strategy. To construct this model, entropy or gini can be used. Entropy is the calculation of information gain based on a measure used in information theory. It is used to measure the degree of purity or impurity of a data set. In order to identify whether entropy is high, i.e with a high level of disorder, one must analyze whether the entropy calculation result is closer to 0 or 1, where 1 means a highly impure set and 0 a group fully pure. The gini index, on the other hand, consists of a statistical measure of distribution, being used to measure the degree of heterogeneity of the data so that when the index equals 0 we have a pure node.

Random Forest (RF) is a supervised machine learning technique, which consists in randomly creating a combination of decision trees using a method called bangging most often. Sorting is done by voting, where all trees that make up the forest give a result and the class that gets the most votes will be used as a result for that entry.

The support vector machine (SVM) is yet another supervised machine learning technique based on the Statistical Learning Theory, which allows to classify a particular set of data points, a kernel function, by mapping them to a multidimensional feature space. SVM is widely used in the field of bioinformatics due to its ability to provide high precision, handle large data and its flexibility with respect to modeling various data types. Some of the key features of SVMs that make it attractive to use include good generalization its ability is defined as the measure of efficiency in classifying data that does not belong to the set used in your training; large robustness the Overfitting is not present in SVMs, making them robust when confronted with large objects such as images; convexity of the objective function convexity is present, since the quadratic function, objective function to be optimized, has only one global optimal; theoretical basis is well established within Mathematics and Statistics.

Related Work

The section discusses some works considered relevant for this proposition and that use the same techniques used in our work for detection of kidney failure.

Levey et al. [START_REF] Andrew S Levey | A new equation to estimate glomerular filtration rate[END_REF] has developed a more accurate formula for determining GFR in adults. This formula is called CKD-EPI, Formula 1, where Scr means creatinine, k and α are variables that have different values according to gender: for women it is 0.7 and -0.329 and for men 0.9 and -0.411, respectively. The relationship between estimated GFR and gender occurs through creatinine level. The CKD-EPI equation has predefined values according to gender and ethnicity.

CKD = 141 * min(Scr/k, 1) alpha * max(Scr/k, 1) -1,209 * 0.993 Age * 1, 018[if f emale] * 1, 159[if black] (1) 
Another equation named MDRD, represented by Formula 2, has a fixed ratio 0.74 between GFR and gender, regardless of the level of patient's creatinine. Thus, this difference can be observed through the formulas 1 and 2, where in MDRD if the patient is female, the equation is multiplied by 0.742. In CKD-EPI, although there is a gender-dependent fixed value, there is a relationship between creatinine and the patient's gender.

M DRD = 175 * Scr -1,154 * Age -0.203 * 0.742[if f emale] * 1.212[if black] (2) 
Levey et al. demonstrated that even when the formulas showed good accuracy, CKD-EPI was able to achieve higher accuracy than MDRD. This is due to some restrictions existing in the MDRD formula, such as reduced accuracy with increased GFR and in different ethnicities. Therefore, in this work, we chose to use the CKD-EPI.

Ahmad et al. [START_REF] Ahmad | Diagnostic decision support system of chronic kidney disease using support vector machine[END_REF] applied the SVM technique to detect chronic kidney failure. The work was divided into 5 stages, namely: data collection, data preparation, data grouping and classification. Data collection was performed from the UCI Machine Learning database which was created by Dr. P. Soundarapandian. M.D. This database has only 400 patients and 25 available parameters. In the data preparation phase among the parameters available in the database, only five were selected to be used in the classification, being chosen through statistical methods and interviews. These parameters were: blood pressure, creatinine, compressed cell volume, hypertension factor and anemia factor, but Ahmad et al. did not use some extremely important biomarkers to detect kidney problems that were present in the database, such as urea. In the data grouping phase, the data selected in the previous step were divided into two groups, a test group with 30% of the total data and a training group with 70% of the total data. Finally, in the classification phase was used the language R which has a package with the implementation already ready for SVM. Before the data was passed to the SVM construct it was necessary to convert it to a data frame that could be read by the method.

Al-Hyari et al. [START_REF] Abeer | Clinical decision support system for diagnosis and management of chronic renal failure[END_REF] uses Decision Tree to diagnose Chronic Kidney Failure. In this approach the data were collected in collaboration with Prince Hamza Hospital in Amman. The database has a record 102 patients. Fifteen parameters were used here: age, weight, gender, blood pressure, hemoglobin, glucose, urea, creatinine, sodium, calcium, potassium, total protein serum, albumin and phosphorus. From these parameters the training and classification by the DT is performed. If the DT classifies that the patient has CKD, the GFR is calculated to inform at what stage of the disease the patient is. For this calculation, Al-Hyari et al. chose to use the Cockcroft-Gault formula. However studies have already shown that the accuracy of this formula is lower than the MDRD and CKD-EPI formula.

Salekin et al. [START_REF] Salekin | Detection of chronic kidney disease and selecting important predictive attributes[END_REF] uses Random Forest to detect CKD using the same database as Ahmad et al. [START_REF] Ahmad | Diagnostic decision support system of chronic kidney disease using support vector machine[END_REF].The authors made a selection of attributes considering the most relevant to the model. The formulas Cockcroft-Gault, 1 and 2 are used in order to compare with their results. In our work we use the CKD-EPI formula as an attribute to aid detection.

Proposal

This work proposes a system capable of detecting kidney failure through the analysis of six biomarkers directly related to renal function, together with GFR, body mass, age, sex and ethnicity. It uses various supervised machine learning techniques, such as: decision tree(DT), support vector machine(SVM) and random forest(RF). These techniques were chosen due to their wide applicability and the capacity to provide high precision in bioinformatics [10][4].

In order to select the parameters, a study was conducted through biomarkers that are directly related to renal function and other physical characteristics that could also aid in the diagnosis. From this study, some attributes were selected with the help of a renal specialist, thus choosing 7 attributes that are most affected by the loss of renal functions and 4 related to physical characteristics that may affect the determination of the disease, so in total, we selected 11 attributes. This attributes are GFR consists of the rate of glomerular filtration, i.e the rate of volume of blood filtered by the kidneys. This rate is extremely important in determining whether the kidney is functioning properly, and is extremely simple to calculate. There are several equations that perform the calculation of GFR, however, for this work will be used the CKD-EPI; Age in addition to being directly related to the calculation of GFR, when the human body is aging some substances present in the body tend to decrease; Sex and Ethnicity are used exclusively in the calculation of GFR due to the difference between the amount of components, such as creatinine, in a man's body in relation to a woman's body, just as this difference is also shown in relation to ethnicities; Body Mass people with a high BMI need a higher blood flow to irrigate the whole body, this creates an overload for the kidneys that need to work harder to filter all the blood; Creatinine when the kidneys lose their ability to filter blood, this substance increases in value and is easily clinically evaluated by blood testing; pH Blood and Urea when the kidneys lose their ability to filter blood, urea values rise and the blood tends to become more acidic; Phosphorus when the kidney begins to slow down, it tries to adapt by maintaining phosphorus levels. However, as insufficiency progresses, this adaptation no longer has an effect and phosphorus levels increase and the kidneys can no longer produce the required amount of vitamin D; Potassium the kidneys are responsible for eliminating about 90% of the potassium present in the body, when the kidney does not function properly the potassium rate rises. A fall or rise in potassium levels in the body can lead to cardiac arrhythmia and sudden death; Glucose when the human body goes through a long period of time with the high glucose rate, this can lead to kidney damage known as diabetic nephropathy. Thus, the measurement of blood glucose is associated with the relationship between kidney failure and diabetes, a disease that affects 40% of patients with terminal kidney failure.

The purpose of the algorithm is to assist health professionals in the early diagnosis of chronic or acute kidney failure, as this is a disease in which symptoms manifest late. Thus, a binary classification of has KF or not. Differently from the existing studies, we sought to classify KF regardless of type, i.e, AKF will also be taken into account as both need early diagnosis.

The first phase of the algorithm consists of grouping data from each patient's urea, creatinine, glucose, blood pH, phosphorus and potassium tests according to the time of collection along with age and body mass. For each set the GFR is then calculated from the creatinine, gender, age and ethnicity values. Sex and ethnicity are used exclusively to obtain the value of Accuracy DT RF Linear RBF Sigmoid Polynomial 87% 80% 71% 79% 71% 77%

Table 1: Cross Validation Accuracy glomerular filtration. The use of GFR is directly linked to renal function. Decreasing this rate indicates some type of insufficiency and together with the selected biomarkers, it is possible to more accurately detect if the patient has kidney failure.

After cluster formation and GFR calculation, this data set will serve as input to machine learning algorithms. This data set consists of records of several healthy and kidney failure patients that will be divided into two groups, one for testing and one for training. After training phase each machine is saved to a file so that sorting can be performed from them.

Through the generated files begins the classification phase, which consists of loading the information of the machines to perform the classification of the desired set. To classify a patient, the machine must receive the 8 attributes, that is the algorithm can receive just the 8 parameters, with GFR already calculated, or all the parameters without the GFR.

Experiments and Results

In order to validate the algorithm, we decided to use the MIMIC-II database updating the patients diagnosis in renal insufficiency (chronic or acute kidney failure) and healthy.

The following strategies were adopted for training: in the case of DT classification, the gini criterion was used and the best split was always chosen; with the RF classifier, the gini criterion was also used and a forest with ten decision trees was stipulated; Finally, the SVM used linear, polynomial, sigmoid and rbf functions.

For the algorithm evaluation phase, the cross validation technique, the confusion matrix and the classification report were used. Cross-validation uses K-Fold, which is a technique for evaluating machine learning models. The confusion matrix helps in the evaluation of the algorithm, indicating if it has a good ability to predict the desired class, which in the case of this work consists of KF, using 4 metrics: True Positive (TP) when the class to be predicted was correctly classified, in this case kidney failure; False Positive (FP) when the class to be predicted is incorrectly classified, the patient is classified as healthy; True Negative (TN) when the nonpredictive class has been correctly classified, in this case a healthy patient; and False Negative (FN) when the non-predictive class has been misclassified, the healthy patient is classified as kidney failure.

Finally the rating report which has 4 metrics also important like Precision provides the percentage of hits when classifying the class to be predicted; Recall number of examples correctly classified as belonging to a class divided by the total samples belonging to that class, regardless of the given classification. When using binary classification the recall of the desired class is also known as sensitivity and for unwanted class specificity; F1-Score fundamental when you have a disproportionate data set, which combines recall with accuracy to indicate overall model quality; and Accuracy indicates how well the machine is able to correctly classify both the desired class and the unwanted class.

For this work a K-Fold with 5 groups was used and the results obtained for this technique and the others approached are presented in Table 1, 2 and 3 .

From the results obtained with all these techniques, can be observe that the algorithm has 3, we have that the algorithm is easier to predict healthy patients, this happens due to the difficulty in detecting the AKF. When the insufficiency affects only one kidney, the other tends to compensate, thereby maintaining laboratory measurements at normal levels. In addition, when creatinine levels are elevated, it becomes more difficult to assess whether the patient has AKF or CKD, mainly because this work does not include urinary tract obstruction and non-steroidal anti-inflammatory drugs that are directly related to the AKF [START_REF] Kang | Acute kidney injury predicts all-cause mortality in patients with cancer[END_REF]. This difficulty in identification may have been one of the factors that led the authors [START_REF] Salekin | Detection of chronic kidney disease and selecting important predictive attributes[END_REF] [2] [START_REF] Ahmad | Diagnostic decision support system of chronic kidney disease using support vector machine[END_REF] to disregard the detection of AKF.

According the results, the six supervised learning machines used were able to achieve the table 3. DT stands out because it has the lowest values of PF and FN.

Conclusion and Future Works

Through the proposed algorithm it was possible to identify the difficulty to diagnose kidney failure, especially when taking into account acute kidney failure. It is necessary to develop more works and studies in this area in order to improve the identification of AKF, in this way assisting the doctors to identify this illness early and providing to the patient the possibility of recovering the renal function.

As future work, we pretend to use neural networks and deep learning as a classifiers and evaluating their performance; turn the classification into a multi-class classification, ie, the patient is classified as renal insufficiency acute or chronic, and healthy; inform the patient the stage of their disease; and associate CKD with diseases other than diabetes, like sepsis.

Table 3 :

 3 Classification Report a good ability to classify both renal and normal patients. Due to the sensitivity and specificity provided by the recall, Table

		RF	DT	SVM Linear
		Normal Kidney failure Normal Kidney failure Normal Kidney failure
	Normal	356	11	362	5	314	53
	Kidney failure	133	226	91	268	155	204
		SVM Sig	SVM RBF	SVM Poly
		Normal Kidney failure Normal Kidney failure Normal Kidney failure
	Normal	284	83	364	21	341	26
	Kidney failure	124	235	128	231	138	221
			Table 2: Confusion Matrices		
		RF		DT		SVM Linear
	Normal Kidney failure Normal Kidney failure Normal Kidney failure
	Precision 0.73	0.95	0.80	0.98	0.67	0.79
	Recall	0.97	0.63	0.99	0.75	0.86	0.57
	F1-Score 0.83	0.76	0.88	0.85	0.75	0.66
	Accuracy	0.80		0.87		0.71	
		SVM Sig	SVM RBF	SVM Poly
	Normal Kidney failure Normal Kidney failure Normal Kidney failure
	Precision 0.70	0.74	0.73	0.92	0.71	0.89
	Recall	0.77	0.65	0.94	0.64	0.93	0.62
	F1-Score 0.73	0.69	0.82	0.76	0.81	0.73
	Accuracy	0.71		0.79		0.77	
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