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Abstract 
 

Data is transforming the healthcare sector and making it more dependent on data 

science. Data science is becoming a critical tool that allows looking at the data 

generated from various sources, such as patient health records, diagnosis, treatment, 

smart devices, and wearables. Extracting insights from health data has the potential to 

transform the healthcare from traditional symptom-driven practice into a precision 

personalized medicine. The dialysis treatment generates a vast amount of data that can 

be utilized. Data of each dialysis patient constitutes over 100 parameters that must be 

regulated every dialysis session. Moreover, an individual dialysis dosing may depend 

upon complex linkage within multiple clinical and demographical parameters, early 

dialysis prescriptions, medications, or other health interventions. With dialysis 

complications, understanding the electrolyte parameters and predicting their outcome 

for each patient to deliver the optimal dialysis dosing is a challenge. This research 

approach is intended to improve dialysis dosing from the emerging data and the rising 

volume of dialysis patients, with the purpose of increasing patient’s quality of life and 

their welfare from the right dialysis treatment. Exploratory data analysis and data 

prediction approach were performed to provide insights on how to improve the patients’ 

dialysis dosing. Analysis of vital electrolytes displayed high variability amongst 

patients, which identified the needs to improve the dialysis dosing. Four data prediction 

models were used to predict patient electrolytes from various parameters. The models 

include decision tree, neural network, support vector machine, and linear regression. 

The results from the prediction identified that pre urea (BUN), anticoagulation, HBA1C, 

gender, and cumulative blood volume, had the most significant predictor weights. The 

important predictors interpreted that patient’s lifestyle and diet patterns are the major 

factors towards improper variability of the electrolytes. 

 

Keywords: Big data; dialysis dosing; machine learning; data analytics; AI; data 

science; exploratory data analysis; data prediction. 
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Chapter 1. Introduction 
 

In this chapter, a brief introduction is presented about the human kidney 

anatomy, physiology, related kidney disorders, and comorbidities. Then a description 

of big data analytics and their purpose in the medical field is presented. Also, a 

description of the problem investigated in this study and the research contribution is 

provided. Lastly, the general organization and thesis objectives are introduced. 

1.1. Overview 

Kidney disease is now termed as one of the most common effects of early deaths 

worldwide. It has been studied that the number of patients having Chronic Kidney 

Disease (CKD) reached up to 700 million in 2017, typically more than the number of 

patients with other disorders [1]. Approximately 1.2 million patients have died globally 

from CKD, which has been expected to increase between 2.2-4.2 million by 2040 [1]. 

According to the Emirates Nephrology society, more than 1040 individuals per two 

million in the United Arab Emirates’ (UAE) general population suffer from CKD. 

Therefore, the only treatment options available to kidney diseases include either a 

kidney transplant or to retain under dialysis [2].  

When undergoing dialysis, most end-stage kidney disease patients rely on three 

times per week dialysis sessions, which is quite costly as it ranges between 650 to 1000 

AED per session in the UAE [2]. Also, dialysis prescription and therapy are often 

complicated, where several factors may impact the patient’s rate of survival. Dialysis 

prescription mainly relies on patient’s medical data, which is stored digitally as 

electronic health records (EHR). EHR consists of big sets of data with countless in-

patient and out-patient information. Also, the previous decade of medicine met with an 

enormous volume of digital data, which are compressed in the form of EHR [3].  

Recently, machine learning progresses significantly with big data analytics in 

the fields of pharmacokinetics, oncology, genetics, and clinical imaging. However, 

contemporarily there is very little information regarding predictive models of adequate 

dialysis dosage levels for patients having kidney disease complications [4]. Therefore, 

there is a need to develop a model that predicts accurate and optimized dialysis dosing 

using big data analytics. 
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1.2. Kidneys 

Kidneys are organs of the urinary system, as the system is split into lower and 

upper portions. The upper part of the urinary tract makes kidneys and ureter, while the 

lower part includes urethra and urinary bladder [5]. Kidney organs relate to bean-shaped 

structure, weighing about 120-200 grams in humans, whereas 120-135 grams in 

females and 150-200 grams in males. The size of each kidney is of a closed fist, having 

dimensions of 10-12 cm in length and 5-7 cm in width. The thickness of each kidney 

varies between 3-5 cm. Kidneys are merged to ureters, which are 25-30 cm long hollow 

tubes passing the urine to the urinary bladder. Each kidney contains 1 million nephrons 

that are the basic functional and structural units of the kidneys [6]. Every minute, the 

kidneys receive more than one liter of blood which constitutes to cardiac output (CO) 

of more than 20 percent [6].  

Kidneys play vital body roles that feature great significance in daily lives. The 

common role comprises of urination, which is the waste product excretion of toxic 

contents like urea, ammonia, and creatinine. Another main role of the kidney involves 

the regulation of electrolytes, where the body’s water and salt content are balanced with 

the homeostatic mechanism. Also, maintaining acid-base in balance is another crucial 

function of the kidneys that aims to control the blood pH level of the body.  

Other essential roles of the kidney involve blood pressure regulation and the 

conservation of certain intravascular volume by the renin-angiotensin-aldosterone 

system. During the process of forming urine, kidneys not only eliminate waste products 

but also restore the essential products into the blood by reabsorption, including calcium, 

amino acids, water, phosphates, glucose, and other electrolytes. Kidneys secrete vital 

hormones, like erythropoietin, which plays a crucial role in the red blood cell 

production, along with calcitriol that is released during low calcium levels in the body 

[6]. 

1.2.1. Anatomy and physiology. Kidneys are positioned overlying the 

posterior of the abdominal wall in the retroperitoneal location (as shown in Figure 1.1). 

The right kidney is posterior to the liver, whereas the left kidney is posterior to the 

spleen, which makes the right kidney level slightly lower than the left kidney level. 

Also, the left kidney is somewhat longer and less wide as compared to the right kidney 

[5]. Atop each kidney presents the adrenal gland, with the kidney itself being covered 
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by a capsule and layers of fat that protects, supports, and provides cushioning effect to 

the kidneys.  

 
Figure 1.1: Position and parts of the kidneys [7][8]. 

From Figure 1.1, a kidney is divided into three main regions: the outer renal 

cortex, the middle renal medulla, and the inner renal pelvis. The renal cortex and 

medulla comprise of cone-shaped lobes of the renal pyramid. By the tip of renal 

pyramids, called papilla, are cup-shaped calyces (minor calyx and major calyx) that 

funnel the urine towards the renal pelvis. 

 
Figure 1.2: Structure of the nephron [9]. 

Within the renal cortex, and sometimes to the lower renal medulla, incorporate 

nephrons (shown in Figure 1.2). Nephrons are the main building blocks of the kidneys 

that form the urine. Nephrons that are located entirely in the renal cortex are termed 

cortical nephrons and are found to be 80 percent of one million nephrons within the 
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region. The rest 20 percent of the nephrons are found at the intersection of the renal 

cortex and medulla; they are termed as juxtamedullary nephrons. 

 
Figure 1.3: Urine formation in a nephron [10]. 

Urine is formed in the nephrons by the three processes: glomerulus filtration, 

tubular reabsorption, and tubular secretion. Glomerulus filtration is a passive, 

nonselective process, where the solutes (salts, nutrients, and waste material smaller than 

proteins) and water are pushed through the walls of the capillaries (forming filtrate), 

leaving blood cells and proteins as they cannot pass through the filtration membrane. 

This process takes place in the bowman’s capsule. The filtrate is denoted by subtracting 

proteins and plasma proteins with blood plasma. Normally, the glomerular filtration 

rate (GFR) that is the amount of glomerular filtrate produced in both kidneys (in all 

nephrons) is 125 milliliters per minute (125ml/min) or 180 liters per day [11]. 

The next process is tubular reabsorption. As the name states, it reabsorbs amino 

acids, glucose, water, and ions from the filtrate and into the peritubular blood capillaries. 

Structures involved in tubular reabsorption are shown in Figure 1.3. In tubular secretion, 

specific molecules (excess hydrogen ions, potassium ions, and creatinine) are excreted 

into the DCT filtrate [12]. The remaining filtrate, known as urine, comes out into the 

ureter and contains toxic materials that must be eliminated from the body. 

1.2.2. Diseases and treatment options. Kidney diseases are commonly 

caused as a result of organ strain by other chronic diseases, commonly high blood 
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pressure and/or diabetes. Within time, kidneys become inefficient to remove the waste 

products from the blood at a point where the patient needs an alternative treatment 

method [13]. Table 1.1 presents several types of kidney diseases along with their brief 

description. 

Table 1.1: Types of kidney diseases [14]. 

Disease Type Description 

CKD 

CKD results from high blood pressure or blood sugar and leads to the 
destruction of the glomerulus gradually due to intolerable 
pressure/sugar level in its vessels. This initiates kidney malfunction 
and progressively towards kidney failure when the body is laden with 
toxins. 

PKD 
Polycystic Kidney Disease relates to a serious genetic disorder where 
numerous sacs of fluid (cysts) are grown in kidneys. This hinders the 
functioning of the kidneys and triggers kidney failure. 

Glomerulonephritis It is an inflammatory disorder of the glomeruli (singular: glomerulus) 
that prevents appropriate glomerulus filtration. 

UTI 
Urinary Tract Infections are bacterial contaminations and usually start 
from the bladder or urethra that may lead to kidney failure if not 
treated.  

Kidney Stones 

A universal problem that occurs from crystallization in kidneys, 
forming stones of ranging sizes. Crystallization results from minerals 
or blood components coagulation. Small stones pass through urination, 
whereas massive stones cause an immense obstruction and lead to 
significant disorder. 

Fortunately, kidney diseases can be treated, and with the technological enhances 

there are several treatment options where the patient himself may decide, or the doctor 

may recommend, the best option depending upon the kidney’s situation. One of the 

treatment methods for kidney stones and infections, involve prescribing medication and 

drugs to the patient. Doctors also tend to alter the patient’s lifestyle and prescribe a 

healthy diet routine to enhance kidney recovery and prevent them from deterioration. 

However, the condition of the kidneys may worsen over a certain time, causing 

kidney failure. Failures occur when kidneys are hardly working, sometimes not 

working at all. With failures, the body is packed with waste products and water, the 

fluid homeostasis mechanism is impaired, and the kidney’s endocrine functions are 

deranged, leading to various organ systems impairment. This situation may cause death 

if the condition of uremia (toxicity) is left untreated.  
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Chronic Renal (kidney) Failures (CRF) result when the kidney operates at less 

than 50 percent of normal kidney operating capacity, whereas End-Stage Renal Disease 

(ESRD) results from less than 10-15 percent of the normal functioning of the kidneys 

[15]. Therefore, the only options include either a complete kidney transplant or to retain 

under dialysis. Transplant is, however, not the best option as finding a kidney donor is 

not readily available, nor may it be suitable for young growing or elderly patients [16]. 

Another option may involve implantation of an artificial kidney, which is not certainly 

compatible as mimicking the organ and biocompatibility is tough and is not an 

appropriate treatment for elderly patients. Therefore, in such cases, the remaining 

option for kidney failure is undergoing a dialysis machine, which is a ‘washing machine’ 

that purifies the blood and returns it to the patient’s body. The estimate of worldwide 

cure of ESRD patients that occurred in 2016 is shown in Figure 1.4 [17]. 

 

Figure 1.4: Worldwide ESRD cured patients in 2016 [17]. 

1.3. Dialysis  

Dialysis is termed as the extra water and waste removal process from the blood. 

It resembles the artificial replacement to the functioning of the kidneys in cases of renal 

failure. Dialysis, however, cannot entirely perform the lost function of kidneys, though 

they still manage important tasks with ultrafiltration and diffusion. The dialysis is 
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certainly a treatment option for patients with CRF to excrete the toxins that are 

accumulated in the body [18].  

According to S. Vadakedath et al. [18], dialysis may be a reason for the 

oxidative stress development due to disparity among toxins overproduction and the 

body’s reduced defense mechanism. Oxidative stress disrupts abnormal cell functioning. 

The study in CRF [18] showed that there might be raised levels of plasma urate, further 

negotiating the body’s defense mechanism and enhancing the oxidative stress. Overall, 

the indication for receiving dialysis treatment is simply the disturbed functioning of the 

kidneys, which includes hyperkalemia, uremic syndrome, extracellular expansion in 

volume, acidosis, hemorrhage diathesis, low creatinine clearance rate, or irresponsive 

medical treatment.  

For dialysis treatment, a clinician may opt either of the two modes, hemodialysis 

(HD) or peritoneal dialysis (PD). Both modalities of dialysis provide patient treatment, 

and both have similar features that constitute to the purification of the patient’s blood. 

1.3.1. Peritoneal dialysis. More than 20 percent of the dialysis patient 

population uses this mode. It works on the exact rules of fluid ultrafiltration and solute 

diffusion compared to HD. However, the blood is filtered internally (within the body) 

rather than via an external machine, which is why the person may get their treatment 

while residing in their own houses [16]. With such conveniences, PD is generally 

advised to younger patients for its flexibility towards daily work routine. 

 

Figure 1.5: CAPD (left) and APD (right) [19]. 
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During the PD process, as shown in Figure 1.5, a suitable dialysate is passed 

along the flexible tube and into the peritoneum through a few inches’ incision. The 

contents of the dialysate enter the abdominal cavity and due to the semipermeable 

membrane of the organs, the blood and dialysate contents are exchanged gradually, 

where the blood removes waste to the dialysate. Later, the dialysate (in this case, filtrate) 

is flushed out of the abdominal cavity and is later disposed of.  

PD, in its simplest method, is continuous ambulatory PD (CAPD), which is a 

manual process allowing patients who are trained to perform exchanges of the dialysis 

using a sterile practice. There has been significant attention given to the attachment 

technology to reduce the contamination risk of patients undergoing CAPD. Whereas 

automated PD (APD), another PD method and is also termed continuous cycling PD, 

brought numerous advantages permitting the overnight performance of several 

exchanges during sleep, likewise lessening the need for the daytime performance of 

filter bag exchanges. In addition to incrementing dialysis dose for certain patient groups 

and managing water removal difficulties, APD can be prescribed for social purposes 

with regards to locomotion during working hours, preventing dialysate bag exchange 

during daytime [20]. Some common advantages and disadvantages of PD are 

summarized in Table 1.2. 

Table 1.2: Advantages and disadvantages of PD in general [21]. 

Advantages Disadvantages 

Patient independence and autonomy. Occurrence of exit site infection and peritonitis. 

Advantages to lifestyle, like traveling or 
working. 

Caretaker or patient must be able to perform the 
technique. 

Vascular access sites preservation. Survival of the technique is a constrain. 

Reduction to the blood-borne virus 
transmission. 

Adequate dialysis becomes difficult to achieve 
due to the failure of residual renal function. 

Improved conservation of residual renal 
function. 

Fatigue in some patients due to exchange 
performances. Less strictness towards dietary controls. 

After kidney transplantation, there is less 
chance of early graft dysfunction.  

 

1.3.2. Hemodialysis. HD is the popular dialysis mode, where 80 percent of 

dialysis patients use it. It is conducted within clinical settings and is delivered in a 

typical session of three times per week, with each session lasting three to four hours. In 
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this lengthy treatment, patients likely obtain hospitalization due to other infections or 

by the carelessness of the caregiver, which accounts for the HD patients being 

hospitalized in previous years [16]. 

 
Figure 1.6: Circuit of hemodialysis [22]. 

In the HD process, as shown in Figure 1.6, blood flows across an extra-corporal 

route from the arteries, eliminating metabolites (waste material), re-establishing acid-

base equilibrium, and removing excess water and salt from the incoming blood. 

Diffusion takes place across the semipermeable cellophane tubes (within the dialyzer 

unit), where the exchange of solutes and metabolites occurs, splitting the dialysate and 

the blood. A process using a negative pressure gradient (termed ultrafiltration) removes 

the water during the exchange. Transiting from the dialyzer is the filtered clean blood 

which is returned to the body into the veins. Regulation of the entire process takes place 

by the hemodialyzer [16].  

In-center (within hospitals) conventional hemodialysis results in an interdialytic 

absence of 2 days per week, leading to increased patient morbidity and mortality. Hence, 

Intensive Home Hemodialysis (IHHD) gave a solution to the problem which led to 

better survival and improved solute clearance than in-center HD. With IHHD, treatment 
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is provided at least 4 times every week with a total of at least 20 hours, removing the 

interdialytic 2 days gap [23]. 

1.3.3. Parameters. The dialysis treatment is different from one patient to 

another because the dose depends upon several parameters. It is a challenging task as 

each dialysis patient differs from the other, with some patients requiring more 

medication, some lesser, making the clinicians’ job very strenuous to fine-tune the 

dialysis dosing along with the monthly courses. It is necessary to continually alter the 

parameters to come to a cycle’s sweet spot, where the patient receives adequate 

medication that retains the normal count of RBCs and other vital electrolytes. 

Disproportionate medication to the patient may lead to harmful side effects and wastage 

of expensive medicines. Tables 1.3 and 1.4 show some measured parameters during the 

dialysis sessions and their normal values for consideration. 

Table 1.3: Dialysis essential clinical parameters [24][25]. 

Parameters Normal Ranges 

Systolic blood pressure (SBP) (pre-dialysis) ≤ 130 mmHg 
Diastolic blood pressure (DBP) (pre-dialysis) ≤ 85 mmHg 
Calcium 2.25-3.0 mEq/L  
GFR > 60 mL/min/1.73m2 

Hemoglobin (Hb) Female: 10-14, male: 13-17 
Kt/V urea 2.3; minimum: 2.1 
spKt/V urea 1.4; minimum: 1.2 
Magnesium 0.85-1.1 mmol/L 
Parathyroid hormone (PTH) 1.3-6.8 pmol/L 
Phosphorous 2.5-4.5 mg/dl 
Potassium 3.6-5.2 mmol/L  
Sodium 135–145 mEq/L (in dialysate) 
Glucose 100-200 mg/dl 
Bicarbonate 30-40 mEq/L  
Serum ferritin > 100 µg/L 
Serum albumin 3.5-5 g/dl 
Transferrin saturation (TSAT) > 20 % 
Weight (pre-dialysis) Measured 
Weight (post dialysis) Measured  
Interdialytic weight gain Calculated 
Urea reduction rate (URR) ≥ 0.65 
Blood urea nitrogen (BUN) 7-20 mg/dL 
Dialysate flow rate ≥ 500 mL/min 
Blood flow rate ≥ 300 mL/min 
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Volume removal Dependent  
Serum creatinine 0.6-1.2 mg/dL 
Serum uric acid 2.5-6.5 mg/dL 
pH 7.35-7.45 
Dialysis session time 2-4 hours 
Urine volume ~ 120 ml/day 
Total cholesterol < 200 mg/dL 

 

Table 1.4: Dialysis outcome and demographical parameters [24][39]. 

Demographical Parameters Outcome Parameters 

Age Death date 
Gender Kidney transplant date 
D.O.B. (date of birth) Transfer to dialysis center date 
Race  Transfer out of dialysis center date 
Previous diseases, health conditions Diagnosis codes (primary/secondary) 

 
From Table 1.3, blood pressure is measured each time before and after the 

dialysis treatment. The amounts of sodium, glucose, calcium, potassium, phosphorous, 

and bicarbonates administered in the dialysate are recorded and monitored. Hb and 

nPNA are measured from the patient to indicate any problems with minerals, cells, bone 

health status, or anemia. Calcium concentration in the dialysate of 2.5 mEq/L is 

constituted to a level of 10 mg/dL serum calcium [26].  

GFR standard precision is measured using urinary clearance or plasma of an 

exogenous marker of filtration. However, this procedure is not routinely performed and 

is complex, so GFR is estimated (termed eGFR) using cystatin C level or serum 

creatinine with combining demographic elements like age, gender and race using 

equation 1.  

     eGFR = 141  min(Scr/k,1)  max(Scr/k,1)-1.029  0.993Age 1.018 [if female]                                                                                                             

c                                                    1.159 [if male]                                                     (1)  

where α is -0.329 for female and -0.411 for male, k is 0.7 for female and 0.9 for male, 

min is minimum of Scr/k or 1 and max is the maximum of Scr/k or 1, and Scr is the 

serum creatinine (mg/dL) [27]. 

Another measure, Kt/V is the urea clearance rate or volume of urea cleared 

during dialysis. K is urea clearance in ml/min, t is the time in min which is multiplied 
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and is normalized to urea distribution volume V in ml, resulting in the unit-less 

parameter also called as Kt/Vurea. It is difficult to measure K and V from a person’s 

body, and consideration of urea removal is not mainly accountable for urea generation 

through dialysis or during its procedure with fluid removed (altering V). Various 

equations have been generated for calculating Kt/V using regression analysis, where 

some limitations are addressed. The major limitation is the assumption of enough urea 

clearance along with dialysis that associates with enough entire removal of uremic 

toxins. This is considered a false case, as the highly grouped and protein-bound solutes 

are inefficiently removed, even though the removal of urea may be adequate [28]. 

A single pool or compartmentalized assumption for urea is termed spKt/V. It is 

calculated using levels of urea before and instantaneously after initiation of dialysis, as 

shown in equation 2. 

          spKt/Vurea = –ln (R–0.008 x T) + (4-3.5 x R) x 0.55 x Weight loss/V            (2) 

where R is pre-dialysis/post-dialysis urea, T is the dialysis treatment duration in hours, 

Weight loss is calculated by equation 3, V is the total volume of body water (computed 

using the equation of Watson), and ln is the natural logarithm [29]. 

Normally the dialysate temperature is maintained at 37ºC. A lower temperature 

declared an association with low intradialytic hypotension risk, and a dialysate of lower 

than 0.5ºC lowers injurious ischemic brain. To improve hypotension, the use of the cool 

dialysate between 35.6-36.0 ºC should balance the patient’s irritation and increased risk 

of dialyzer clotting incidences [28]. Moreover, a balance between levels of potassium 

must be maintained to prevent harm from extremely low level (hypokalemia) or high 

level (hyperkalemia). 

URR is another calculation to define how well working dialysis treatments are 

in clearing blood wastes. It is the urea fraction reduction within a single dialysis therapy. 

It involves a blood test rather than urine collection, which is calculated using equation 

3 [29].  

                             URR = 1 – (Post-dialysis BUN/Pre-dialysis BUN)                        (3) 

Moreover, maintaining body weight is essential for the overall health of patients 

undergoing dialysis. A target weight, else dry weight, is measured and defines the 
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patient’s weight after the removal of the body’s excess weight by dialysis. Furthermore, 

interdialytic weight gain is the gained weight during dialysis treatment every day. 

Likewise, excessive fluid weight is gained by unfollowing salt and fluid limits within 

the treatments [29]. 

1.4. Associative Comorbidities 

With improper dialysis prescriptions, kidney disease patients may further 

evolve to other problems such as anemia, which is the lack of red blood cells in the 

body. According to Barbeiri et al. [30], anemia is one of the foremost disorders 

encountered in ESRD (or uremic) patients. ESA and iron supplements are the preferred 

prescriptions to treat them. However, an adequate dose is still a concern as the dosage 

is primarily based on average patient behavior. Also, dosage upon the patient 

individuality and anemia stage variability are not deemed precisely. Hence, an AI 

model was developed for the precise estimation of iron and ESA therapy reaction. 

Moreover, Toft et al. [31] raised concerns about the safety of cardiovascular 

state while handling anemia by delivering more hemoglobin (Hb) levels, particularly 

when ESAs are used. Such studies resulted in the practices of anemia management since 

2011 to lower the targeted Hb and intensive treatment. Along with the management 

shift, there is a lack of perfect longitudinal real data on the anemia impact on clinical 

outcomes. Also, cardiovascular risks and other problematic patient comorbidities that 

subsequently develop to more intense anemia stay undetermined. 

Barbeiri et al. [32] stated that ESRD crucial points involve BP and fluid volume 

management. Clinicians may control the BP by lowering the overload volume of 

extracellular fluid, which is done by terminating the targeted weight of post-dialysis. 

Therefore, the study approach exposed dialysis patients to episodes of intradialytic 

hypotensive and reducing BP. 

Furthermore, with regards to hemodialysis patients, the dosage directed for the 

survival of the patient is controversial. Hence, Argyropoulos et al. [33] experimented 

with the hypothesis where survival analysis methods may impact inferences regarding 

mortality and dialysis dosage. It is crucial to connect the result of survival techniques 

to the dialysis dosing to understand the importance of survival methods to the effects 
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of ESRD. The results were found stable with the use of an analytical model for the 

survival of hemodialysis patients.  

1.5. Big Data in Healthcare 

Big data in healthcare refers to the big sets of data within EHR, having multiple 

information regarding products (mostly patients in healthcare systems). Also, 

healthcare sectors are swimming in an escalating sea of data that is either very 

unstructured or very voluminous to be analyzed and managed through conventional 

means [34]. Therefore, the task of healthcare is how to collect, find, control, and 

evaluate the information to create easier and healthier lives by not simply aiming to 

comprehend new therapies and diseases, but also to expect earlier stage outcomes and 

apply real-time judgments [35].  

1.5.1. Data analytics. Data analytics in healthcare is described as a method of 

data transformation into events involving analysis and awareness from the perspective 

of solving problems and decision making in an organization. Several terms are 

interchangeably used that are often mis-conceptualized, including data analysis, data 

analytics, and data mining. Data analysis is a data mining superset that involves the 

method of cleaning, investigating, converting, and preparation of data in order to find 

some useful content, derive conclusions, and make current decisions. Data mining is a 

sequential and systematic process of discovering and identifying hidden information 

and patterns in a large dataset. Whereas data analytics is exploiting data, statistical 

analysis, machine learning, and computer models to get a clearer understanding of the 

problem for making proper future predictions from the data [36]. 

1.5.2. Big data analytics. Big data analytics corresponds to advanced logical 

methods that run on big sets of data. Therefore, big data analytics considers two factors: 

analytics and big data, along with how these factors have been collaborated to establish 

one of the most insightful trends [37]. The elevating big data analytics field has started 

to perform a crucial role in the advancement of healthcare research and practices. It has 

provided means to collect, manage, evaluate, and integrate huge volumes of structured, 

distinct, and unstructured data generated by contemporary healthcare systems [38]. 

Recently, big data analytics has been applied to study and predict outcomes for the 

kidney related diseases (mainly CKD, ESRD, or anemia) in dialysis patients. However, 

while making use of big data analytics, a well-defined and prescribed dialysis dosing 
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level is still not rendered. In this paper, we consider this as a challenge to overcome 

precise dialysis dosing levels with multiple parameters of kidney disease patients.  

1.6. Problem Statement 

Kidney disease patients that are upon dialysis are increasing worldwide and 

their cure mainly relies on technology, which accounts for their need of proper dialysis 

dosing levels to ensure patients are receiving the right dialysis treatment at the right 

time. Shah et al. [39] state that reducing the dialysis costs along with greater 

improvement towards a patient outcome is a demanding task, as dialysis care is 

multifaceted and patient vitality depends on multiple factors. In dialysis patients, blood 

electrolytes are the most important parameters considered from the medical point of 

view and must be controlled. Also, understanding the electrolyte parameters and 

predicting their outcome for each patient to deliver the optimal dialysis dosing is a 

challenge. Therefore, it is essential to have a comprehensive understanding of the 

parameters that correlate to the electrolytes before determining and prescribing 

improved dialysis dosing to the patients.  

To understand patients’ electrolytes, big data analytics tool can be used to 

provide some insights and interpret the significance of trends. Furthermore, data 

prediction models can be used to state the most significant attribute in the prediction of 

electrolytes, which aid as a final decision-making tool to prescribe and improve the 

dialysis dosing for patients. This study will help analyze and predict patients’ 

electrolytes to provide insights to improve dialysis dosing levels for the patients, which 

will have a positive impact towards patients’ quality of life and welfare, hospitals, and 

the entire healthcare. 

1.7. Thesis Objectives 

The objective of this research is to build a clinical decision-making support tool 

to analyze and predict certain dialysis electrolytes, which will determine and improve 

patients’ dialysis dosing levels. To achieve our goal, we plan to: 

1) Utilize data analytics tools for EDA, by which sifting through the dataset 

records will provide useful insights and certain electrolyte trends from dialysis 

patients. 
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2) Build predictive models to predict patients’ electrolytes, which will identify the 

most significant predictor parameter from the outcomes. 

3) Interpret analysis and prediction results to allow clinicians to determine factors 

and improve patients’ dialysis dosing levels. This will provide the dialysis 

patients the right dialysis dosing. 

4) Improve the patient’s quality of life, welfare, life expectancy, and prevent 

further kidney disease comorbidities from the rising volume of kidney disease 

patients.  

1.8. Research Contribution 

The contribution of this research is building an AI/ML-based predictive model 

that will provide a clinical decision-making support system based on the electrolyte 

parameters of kidney disease patients under dialysis. This work is further to be 

implemented in healthcare facilities to generate a better understanding of patient’s 

profile which will aid the clinicians in prescribing the right dialysis dosing at the right 

time. Big data on multiple parameters from multiple patients will be collected and then 

analyzed. The use of a data analytics tool from EDA software will facilitate the task by 

analyzing the electrolyte parameters, which were collected from the local source. After 

EDA, further predicting the electrolytes will allow clinicians to determine factors to 

prescribe improved dialysis dosing and prevent further disorders that evolve from 

kidney disease. The impact of proposed approach will majorly be reflected upon cost, 

time, efforts, improved quality of life, welfare, and life expectancy. 

1.9. Thesis Organization 

The rest of this proposal is arranged as follows: Chapter 2 reviews data analytics 

in healthcare and the renal system, followed by a discussion of big data in dialysis 

modeling as well as dialysis estimation. Chapter 3 describes the methodology of the 

proposed approach, along with the prediction techniques used in the process. Chapter 

4 presents implemented work from the proposed model, as well as execution of the 

performance evaluation. Chapter 5 comprises the following results from 

implementation, which are analyzed and further interpreted from prediction output. 

Finally, Chapter 6 concludes the thesis proposal and discusses the future work to be 

done. 
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Chapter 2. Literature Review 
 

In this chapter, we will discuss the reviews on data analytics in healthcare in 

general and specifically for the renal system. Furthermore, we present the recent 

literature of big data in dialysis modeling, along with mentioning current related studies 

of dialysis estimation. 

2.1. Data Analytics in Healthcare 

A variety of challenges faced by the healthcare sector can be addressed through 

data science. Different methods of big data analytics have widely been utilized for 

various problems and applications, such as diabetic retinopathy detection and data-

exploit models for skin cancer classification. Also, machine learning has been applied 

in asthma, cardiovascular medicine, and other medical specialties [40]. According to 

M. Hueso et al. [41], the result of having several technological devices that generate 

the data around the patient’s point of care is an advantage. This is due to the data being 

in a continuous electronic format that is the primary input requirement for the data 

analytics tool. The data analytics tool will then convert the data into ultimate knowledge 

which is helpful for dosing prediction and patient therapy. Therefore, AI/ML field is 

currently providing promising results from its tools for data analytics in healthcare [41].  

Currently, the healthcare sector did not completely recognize the potential 

benefits that can be achieved from big data analytics. A clearer concluding knowledge 

from the outcomes of big data is instantly required, as there is a continuous development 

of the intellectual study on big data analytics, using technology. To further examine the 

absence of knowledge, a study by Wang et al. [42] analyzes architectural design, 

historical development, and component purpose of big data analytics. From the study 

implementation of using 26 cases of big data in healthcare, the results were able to 

distinguish five benefits of big data analytics, including decision support, unstructured 

data analytics, predictive, care patterns, and traceability capability. Therefore, the 

resulting benefits of big data analytics were further organized into five classifications, 

including: operational, strategic, organizational, IT infrastructure, and managerial 

benefits. However, the study results indicated that it is still an early stage for the 

presence of big data analytics in healthcare due to the limited benefits in the strategic, 

managerial, and organizational levels [42]. 
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Along with the presence of big data in healthcare, Boukenze et al. [43] stated 

that various attempts were made to manage the surge of medical data, and to attain a 

precise knowledge from it. This encouraged researchers to utilize predictive analytics, 

big data analytics, deep algorithms, and machine learning (ML), for the gain of precise 

knowledge that will aid in the decision-making process. With promising results of big 

data analytics and ML algorithms, it is no longer a challenging task to predict the future, 

especially in healthcare medicine, as disease prediction and cure anticipation are simply 

possible. Furthermore, the terms ‘predictive analytics’ and big data analytics show 

impressive growth in google trends since 2011. This growth is due to the uninterrupted 

process of medical data analytics utilizing not only the large database management level, 

but surpassing this level in retrieving future knowledge that is required by many experts 

and researchers [43]. 

2.2. Data Analytics in The Renal System 

Utilizing data analytics in the renal system related problems mostly includes the 

use of patient datasets for the diagnosis and early detection of various renal-specific 

conditions. These involve CKDs, renal failures, kidney stones, diabetic kidney diseases, 

and anemia treatment management. Diagnosis and management of renal failure or CKD 

is often complex due to poor health management, lack of knowledge associating with 

extreme risk, and improper lifestyle. With time, CKD intensifies the damage to the 

kidneys, which can be identified by the glomerulus filtration rate (GFR) value. 

Therefore, GFR can be prevented or treated if identified and diagnosed earlier, 

otherwise for further mishaps organ transplantation or dialysis therapy may be required.  

Since CKD is complex to identify and predict, appropriate medical tests are 

considered necessary in which numerous attributes from the test results can disclose 

valuable CKD information. With greater details, the importance of these attributes 

should be analyzed when applying them to deliver precise cure or treatment. A study 

by Banarjee et al. [44] suggested classification models that utilized permutation feature, 

GreedyStepwise search methods, attribute inspector correlation-based feature subset, 

and various classifying algorithms for the data analytics of non-CKD and CKD patients. 

The results of the study classified and categorized the patient outcome as CKD and non-

CKD with better accuracy than the conventional prediction methods [44]. 
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Furthermore, the study of Boukenze et al. [43] also applied data analytics using 

a learning algorithm to the CKD medical dataset. The study was aimed for the 

prediction of CKD patients by using a decision tree algorithm. Big data of CKD patients, 

which included 400 cases with 24 attributes of two classes (non-CKD and CKD), were 

used from the UCI repository for machine learning. In conclusion to the study 

experiment, the C4.5 algorithm that was applied had performed much enhanced 

prediction of CKD patients, with optimized results and performance towards least 

execution time and greater accuracy. 

In addition to the data analytics in the renal system for CKD patients, P. Sinha 

et al. [45] likewise implemented a predictive model using a dataset that was sourced 

from several clinics, hospitals, and medical labs. A testing dataset of kidney function 

for the kidney disease study was developed, which involved 400 cases and 25 attributes. 

The study employed three various ML algorithms with their comparative performance 

measured. From the results of testing, Bayesian algorithm showed better performance 

than the k-nearest neighbor and the support vector machine, and further improved the 

rate of the CKD patient prediction. Moreover, the ML algorithm performed efficiently 

for the prediction of other various diseases [45].  

Another research study for the data analytics of CKD patients in renal system 

involved the use of a support vector machine algorithm. This study, by Amirgaliyev et 

al. [46], is based on data analytics of CKD datasets that had historical records, 

laboratory tests, and physical examinations. The results of the study experimentation 

then showed a success rate of over 93 percent in the prediction of kidney disease 

patients, with performance metrics in sensitivity, accuracy, and specificity. Precisely, 

the performance rate of the proper algorithm model displayed 94.602 percent sensitivity, 

with the value of sensitivity compared with a linear kernel of 93.1 percent. The study 

also demonstrated the importance on the prediction of diseases at an early stage and on 

promoting patient’s welfare. 

Moreover, Zixian et al. [47] studied the prediction of CKD patients using CKD 

dataset from data warehouse of UCI machine learning. Detection of CKD was done by 

a technique of Apriori association for 400 patients, with a validation testing of a 10-

fold cross. The results of the study were compared across several ML algorithms, 

including OneR, J48, ZeroR, K-nearest neighbor, and naïve Bayes. Following the steps, 
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the initial preprocessing of the dataset was done with the completion and normalization 

of the missing data values. Next, specific data attributes were selected from the data 

analytics approach for the reduction in training time and to improve accuracy. Study 

results had indicated accurate detection of CKD patients of 99 percent using the Apriori 

ML algorithm. The study technique was later tested and performed using data samples 

for more patients for the prediction of other CKD patients [47]. 

Furthermore, a study research by Wickramasinghe et al. [48] was targeted to 

identify the appropriate CKD patient diet plan by applying ML algorithm on the data 

analytics test results. The main aim of the work was to control the disease using an 

appropriate diet plan, which was identified by ML algorithms. The proposed work dealt 

with several diet plan recommendations, also estimating the potassium zone for CKD 

patients according to their levels of blood potassium. Different algorithm experiments 

were performed, including multi-class decision forest, decision jungle, logistic 

regression, and neural network. The study results determined that a better result was 

achieved by the decision forest algorithm in comparison to the rest of the algorithms, 

obtaining an accuracy of 99.17 percent. 

Maurya et al. [49] proposed an automated tool, where machine learning methods 

were used for the determination of patients with improper kidney conditions, to aid the 

doctors for CKD prediction and provide better treatment. The proposed method used 

data analytics that extracted main features for CKD data, which determined CKD 

patient severity using a ML algorithm. With that, the objective of the study illustrated 

the use of a ML algorithm for the patient’s suitable diet plan using a data analytics tool. 

From the study, the patient’s diet recommendation was prescribed by estimating the 

potassium zone, which was calculated from the level of blood potassium to lower the 

CKD progression.  

Additionally, Shankar et al. [50] study proposed an approach of a learning tool 

and an inspired optimization data analytics model to predict CKD. The approach 

selected the applicable features of kidney data by Ant Lion Optimization technique that 

decides ideal features for the classification method. Later, data analytics using CKD 

dataset was done by deep neural networks ML algorithm. A comparison of the model 

performance in the study results indicated a better prediction, accuracy, sensitivity, and 

F-measures with respect to the other algorithms. 
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In addition to CKD prediction, as mentioned previously, data analytics have 

also been used for the prediction of Hb, to guide the ESA dose selection for the result 

of optimized anemia management. Prediction models were used and experimented on 

the individual patient data, which supported to optimize prediction to the numbers of 

Hb observations within the target range. One such model, proposed by Brier et al. [51], 

displayed an optimized outcome that decreased the use of ESA and the amount of 

transfusions to the patient. The study results also confirmed, when compared with 

earlier smaller studies, a greater achievement for further beneficial results. 

Apart from Hb, CKD anemia is one of the major comorbidities in ESRD patients. 

ESA and iron supplements have become the cure choice for anemia. To identify an 

adequate treatment or cure is very complicated for each patient in every situation as the 

guidelines for dosage are in terms of average responses, so the particular response by 

different patients are not considered when delivering the dosage. Some drug responses 

may differ extremely for a different patient, or with the same patient in different anemia 

stages. A study by Gatti et al. [30] proposes an advancement to the previous works, 

confronting CKD anemia problem, by applying distinct machine learning (ML) 

methodologies.  

The study by Gatti et al. [29] presented a consistent ML model for the prediction 

of Hb values of secondary stage anemia in CKD patients. This study is a result of the 

author’s long experience of the problem and previous works that created unsatisfactory 

models. The newer approach to the ML model added the previous potential models 

(ML) to produce a precise model that exploits datasets with better information to predict 

RBCs lifespan before the effects of ESA and iron are displayed. The study resulted in 

an improvised data analytics method that surpassed any previous ML models that had 

encountered the same problem. 

One such major challenge in providing proper patient treatment is an accurate 

and rapid diagnosis of the disease, which is why the healthcare uses various machine 

learning techniques. A study by Vinayagam et al. [52] uses 20 test data for the data 

analytics of having abnormal and normal kidney predictions. Magnetic resonance 

imaging produced patient kidney illustrations, which were then classified by the back 

propagation method of neural network (BPNN) technique. The BPNN output was 

displayed using a liquid crystal display, which was linked to the Arduino board. Fuzzy 
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clustering mean (FCM) algorithm was used for the accurate prediction of the stones in 

the kidney using the patient dataset. Comparing with various filters in the software, 

proper stages of kidney stones were distinguished. The study results stated accurate 

detection of kidney stones and proper prediction of their stages accordingly. 

Using former natural language and longitudinal data, which were based upon 

EMR of 64,059 diabetes patients, a study of Makino et al. [4] generated an advance 

predictive model for diabetic kidney disease (DKD) patients. The study applied three 

novel methods to optimize the predictive ability for certain disease complications. First, 

the new predictive model was constructed for diabetic complications prior to patient 

symptoms or any clinical signs. Second, AI/ML algorithm was used for big data 

analytics without any clinical research objective. Third, time-series data was used by 

the artificial intelligence tool to provide predictions.  

From the previous six months, AI extracted raw features as a reference period 

and 24 factors were selected to identify patterns of time series. This provided a linkage 

to the DKD aggravation of six-month by applying a convolutional auto-encoder. The 

applied predictive model was constructed by AI with 3,073 attributes that involved time 

series data formed by logistic regression analysis. The results of the model displayed 

accurate prediction by 71 percent. Furthermore, DKD aggravation group had shown 

higher hemodialysis incidence than others, for over ten years. The proposed model 

could also identify DKD progression and may provide more accurate and effective 

mediation for the reduction of hemodialysis [4].  

2.3. Big Data in Dialysis Modeling 

Several researched presented work in the literature on utilizing big data for 

dialysis care. Erickson et al. [53] stated that in 1970s or 1980s, Medicare datasets were 

used to detect major trends in access to the dialysis care, costs, and value of care 

delivered. An increase in the access to Medicare’s organizational data for an 

investigation was made by the policymakers and research communities. Efforts were 

also made to address the skyrocketing expenses of injectable drugs, in 1990 and 2000, 

which demonstrated to an increased role of big data. While there are non-governmental 

and enormous governmental administrative datasets, it is crucial to understand the 

limitations and challenges that correlate with their use [53]. 
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According to Dr. Bowman [13], dialysis patients endure high healthcare costs, 

hospitalization rates, and mortality rates than various chronic disease patients. This led 

to the study of improving the treatment outcome as well as cutting the treatment costs. 

About 650,000 ESRD disease patients undergo prolonged dialysis treatment in America. 

Each change of the dialysis dose requires two to three months approximately to 

influence the patient, although the clinicians make monthly dosage decisions. With the 

dosing impact, there is a tendency of change of conditions to the hemoglobin cycling, 

which is the alternation of RBC count values, going to either too low or too high. In too 

low RBC count, the patients experience symptoms of anemia, and being in a too high 

count leads to the drug side effects.  

Adjustments and control of the problem need to be done, which is the standard 

engineering approach, where the historical data is used to notify predictions for the 

future condition to take effect. Hence Bowman’s [13] study included using big data 

with dialysis dosing records of about 3,000 patients for over a period of care. The study 

aimed to develop a model that helped clinicians in the accurate prediction and control 

of patient’s RBC counts, from huge data samples of over previous years. The big data 

used may be able to identify dosing levels within a large scale of conditions, that is a 

challenging task and would require a technique for the data analytics, which would be 

applicable to predict treatment outcomes for a variety of diseases [14]. 

Furthermore, Barbieri et al. [32] study exploited big data by developing patient 

and session-specific ANN model. The model was used for the prediction of heart rate 

and SBP (systolic BP) profiles, Kt/V, and post-dialysis body weight for each session of 

hemodialysis. The ANN model comprised about 60 attributes that represented 

characteristics of patients, physiological response from historical records, previous 

dialysis sessions results, data of pre-dialysis, and index session that prescribed dialysis 

dose. The modeling big data comprised of dataset of 760,000 patients, each 

demonstrating a recorded dialysis session from Spanish NephroCare center, from years 

2015 until 2018. 20 percent of the records were used to test the finalized model, and the 

first 80 percent were used to verify the preliminary model. The study trial showed the 

dialysis patients with regards to intradialytic hypotensive episodes. Such modeling tool 

was used to anticipate the reaction of the patients through simulation, where the 
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appropriate strategy can be selected accordingly to qualified utility purposes or clinical 

judgment. 

 
Figure 2.1: Observed preliminary results [32]. 

Preliminary results in Figure 2.1 showed that at modeling of the lowest heart 

rate and SBP tends to be difficult and slightly inaccurate, while post-dialysis weight 

prediction and Kt/V were error-free. The inaccuracy may be due to the errors of 

measurement by the integrated sensors of the machine, and the naturally inconsistent 

alterations of the hemodynamic reaction. Therefore, the study model resulted to be 

sufficiently precise and accurate that predicted the risk from intradialytic hypotensive 

before each dialysis session [32]. 

Estimation and proper prescription of dialysis dosing are necessary for the 

patients undergoing dialysis. This is because other factors are necessary to be 

considered when prescribing dialysis, including adequate electrolyte levels of sodium, 

potassium, chlorine, and calcium. Adverse effects may result if the electrolyte levels 

are imbalanced in the body; such cases involve high blood pressure (hypertension), 

weakening of the bones, dehydration, high risk of diabetes, and so on.  

According to Davenport [54], increasing dialysis dosing will not be beneficial 

to every patient. Dialysis patients having lower than 2 mL/min residual renal urea 

clearance have a large gain of weight, or for the increased dialysis approaches, there 

should be no consideration to cardiovascular reserve. Also, treating the patients 

individually in prescribing dialysis is the most important consideration as one 

prescription point does not suit everybody, so the patients require distinct targets. 

Dialysis estimation issues may also include potential biasing that are formed 

with the knowledge of data. Similarly, data that are derived from observational studies, 

as compared to the randomized studies, may also tell a different story during the control 

trials. Erickson declared that several dialysis dosing studies, an example of HEMO trial, 

have been seen which indicated that providing high dialysis dose does benefit in some 
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patients, but not others. The HEMO trial did not display any improved survival rate, or 

lower morbidity when the high-flux membrane was used. This proved so far that the 

large dataset results are reliable with the data; however, not all problems can be 

addressed by dataset size [55]. 

In measuring multi-dimensional parameters for dialysis adequacy, removal of 

urea is the crucial measure in the increase of dialysis treatment for kidney failures. Kt/V 

urea, i.e. the small solute removal, is widely used to quantify hemodialysis dose of three 

times per week. However, relying on only small solute clearance value for the measure 

of dialysis adequacy fails completely to achieve better clinical effects with dialysis 

therapy. In this case, Perl et al. [56] study aimed to present the potential wide construct 

for the better dialysis dosing, which considered broad goals of ESRD patient care to 

enhance survival of the patient, the quality of life, and to understand the strength and 

limitations of the small solute kinetics, which would indicate the replacement of a 

proper dialysis dose (as shown in Figure 2.2). 

 

Figure 2.2: Multi-dimensional measures for optimal dialysis [56]. 

The study concludes that the time of dialysis (per week sessions), including both 

the therapy duration and the frequency-time, with the basic biochemical indices signify 
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a single important indicator, but not an adequate dialysis dosing. Parameters of clinical 

physiology, including heart rate, BP, cardiac function, and nutrition, signify the 

measures for the proper outcome to quantify the dialysis therapy results. Furthermore, 

Perl et al. [56] acknowledged the need for further research to validate the application 

of multi-dimensional measures, which would compute adequate dialysis dosing level 

for patient treatment. 
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Chapter 3. Methodology 
 

This section outlines the proposed approach for analyzing and predicting 

patients’ electrolytes, to conclude insights and provide improved patients’ dialysis 

dosing levels. The research plan follows in collecting patient’s datasets, along with 

utilizing data analytics tools and building AI/ML models to predict patients’ 

electrolytes, as shown in Figure 3.1. Moreover, the proposed AI/ML prediction model 

types for this research are presented, with a brief description of each. The methodology 

steps are as follows: 

 

Figure 3.1: Steps of methodology. 

3.1. Data Collection 

The first step towards building a precise dialysis dosing approach is the data 

collection of pre-recorded datasets. Dataset collection is the foremost step as lack of 

appropriate patients in the study may make the prediction processes unreliable and 

inaccurate. Therefore, this study involved 45 dialysis patients into consideration, which 

would be suitable for data analytics and would predict precise dialysis dosing for each 

patient. 
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3.2. Data Pre-processing 

The second and most important step after retrieving the raw data is to convert it 

into a format that can be used in further processing and within data prediction models. 

There are four sub-stages into this step, including data integration, data cleaning, data 

transformation, and data reduction of the noisy and raw dataset. These sub-stages are 

further explained below. 

3.2.1. Data integration. Since the data is collected from several dialysis 

patients, data integration is the necessary stage in pre-processing. It allows prediction 

models to run efficiently, providing low redundancy and time consumption with 

consistent data, and good accuracy amongst results. Data consolidation is to be 

considered, where the data from several patients are merged to be used as a single big 

dataset in the model processes. 

3.2.2. Data cleaning. The term ‘cleaning’ basically involves any row (or cell) 

amendments to be made for incomplete data or noise from the dataset. After data 

integration, amendments can be done by inserting values (from the average value 

generated per patient) to some of the incomplete data values. Further cleaning of the 

dataset involves replacing errors manually into a defined value for some of the noises 

the dataset has. This may either be done by generating attributes to define precise values 

(e.g., binominal class values), by generating values based upon defined attribute 

calculations, or by simply replacing the value into a known logical form to reduce 

further noise. 

3.2.3. Data transformation. This stage goes hand-to-hand with the data 

cleaning stage. For particular attributes with patients having some missing values (not 

all), the data average is taken per patient. The average values are generated as new 

attributes per patient, which are combined with the original dataset and used in the 

cleaning stage to impute missing values upon the central tendency of the mean per 

patient. Also, normalizing data to a small range is done by dividing the dataset into 

training and testing parts, to be utilized in prediction models. The data is divided into 

two sets; 70 percent is a training dataset, whereas the remaining 30 percent is used as a 

testing dataset of the final prediction model. 
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3.2.4. Data reduction. At this stage, if the patient values are entirely missing 

for all the months for a particular attribute, then deletion of the entire rows of missing 

values is done from the dataset. This stage is executed as data prediction algorithms do 

not run with missing values. To a note, the missing values were not imputed by any 

other means as it would clutter up the dataset and will not sustain data integrity. 

Moreover, only certain attributes are considered during the prediction model’s process, 

including demographics, patient dialysis factors that are measured pre-dialysis sessions 

(including pre-urea ‘BUN’ and HBA1C). 

3.3. Exploratory Data Analysis 

This step utilizes data acknowledge and visualization tools to understand the 

relationship between certain important patient attributes. Exploratory data analysis 

(EDA) is related to inferential type statistics, which includes visualizing and describing 

datasets from various perspectives and briefing them. This allows to drill down to 

information and gain initiatives for prediction enhancements [57].  

EDA was implemented in this study using scatterplots and boxplots to visualize 

vital blood electrolytes per patient and decipher their trends in the dataset. Also, a time-

lapse view of those electrolytes was taken for further realization upon dialysis sessions 

on a monthly basis. Besides, with many patients taken into consideration upon data 

analysis is a difficult task and requires compatible visualization tools (software), which 

are later mentioned and briefly described.  

3.4. Data Algorithms 

In this step, prediction models are then created to predict some electrolytes from 

the big data for the analysis of precise dialysis dosing. The information obtained from 

the exploratory data analysis step will be taken accordingly as per the patient policies 

and will be added to the building algorithm model. The trained prediction model is then 

added with the final testing dataset in performing predictions to generate the predicted 

output. 

Distinct machine learning (ML) algorithms, which are the prediction techniques, 

are utilized to predict patient electrolytes from selected attributes. The preferred 

algorithms, as shown in Figure 3.2, were Decision Tree (DT), Neural Network (NN), 

Linear Regression (LR), and Support Vector Machine (SVM). All these techniques 
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were selected with regards to their popularity in AI data science field, study accuracies, 

and their ease of use. 

 

Figure 3.2: Illustration of ML algorithms; A) SVM [58], B) LR [59], C) NN, and D) 
DT. 

A DT is a graphical illustration predictive technique that utilizes the method of 

branching. Nodes at the internal display the attribute tested, where the branching of the 

node displays the outcome, and the terminal leaf displays the decision from attribute 

computing. Besides, DT can adaptably be used for this study in the prediction of the 

patients’ electrolytes.  

LR is the most common model used in ML prediction technique. It includes 

both statistical and ML approaches to interpret the relationship between predicted 

output with input variables (predictors). Also, the algorithm requires numerical 

predictor variables that would provide the numerical output [59]. A SVM algorithm, 

also termed as support vector networks, tends to minimize the error by adapting a 

hyperplane to maximize the decision boundary while tolerating a certain error. The 

hyperplane is the dividing middle line to predict constant output, whereas the decision 

boundary are the margin lines for the demarcation of positive and negative values from 

the hyperplane [58].  
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A NN algorithm comprises numerous algorithmic layers (decision matrices) in 

predicting an output. It is created with hidden layers, where inputs and their respective 

weights are multiplied and summed within the layers, added to bias value, and inserted 

into an activation function to produce an outcome.  

Besides, algorithms like SVM, NN, DT, and LR, can be re-processed with 

ensemble techniques like boosting and bagging to achieve improvised and accurate 

electrolyte results for different patients’ predictor values.  

3.5. Data Prediction and Interpretation 

This step represents the output display of the predicted attributes to be later 

analyzed for precise dialysis dosing of each kidney disease patient. Each predicting 

model from the algorithms can be taken as a digital expert. Hence, a confident 

prediction is generated and concluded if the overall outcome is the same for all digital 

experts. Subsequently, the outcomes can then be displayed using tables, charts, reports, 

etc. The conclusions from the prediction models may then identify the most significant 

attribute as the predictor for electrolytes. This may further interpret our results and 

achieve to prescribe precise dialysis dosing for each dialysis patient. 

3.6. Model Comparison 

In the last step, model comparison of four different predictive techniques are 

evaluated and recorded according to the model performances in regards to squared 

correlation and root mean square error. This will represent the best model that can 

generate better prediction results as compared to the rest, and reduce prediction errors 

and uncertainties.  

Squared correlation is the determination coefficient (R2) that denotes the 

variance proportion between the predicted output with respect to the input predictors of 

the model. Root mean square error (RMSE) is also known as root mean squared 

deviation, which is mainly the measure of standard deviation from the output data line 

of regression. 
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Chapter 4. Implementation 
 

This section covers the implementation of the proposed methodology. The use 

of the data prediction software and visualization tools are presented along with the 

deployment of the different prediction models. 

From the first step of methodology, datasets for 45 patients were obtained, 

which constituted kidney malfunctioning patients undergoing several months of 

dialysis. The data for the patients had multiple recorded attributes, including the 

patient’s condition before, during, and after the dialysis sessions per month. With a 

large set of attributes within the dataset, patient attributes were manually assorted into 

14 different categories for understanding and simplification. These categories included 

demographics, pre-HD assessments, pre-vascular assessments, patient dialysis factors, 

anticoagulation factors, vascular access complications, post-vascular assessments, 

discharge criteria assessment, discharged factors, blood investigations, full blood count, 

dates of investigation, electrolytes, and other investigations. 

Next, the data pre-processing step was implemented using Rapidminer software. 

Rapidminer is a data science platform built for the purpose of utilizing several AI tools 

that makes it a combined environment for the users. Since data integration was the first 

sub-stage in data pre-processing, it was simply implemented by the consolidation of 45 

datasets of kidney dialysis patients, with each having multiple dialysis data entries of 

several months. Therefore, the data from several patients were physically merged 

altogether into a single data file to be utilized in further analysis. Further data pre-

processing stages were implemented using the required operators in Rapidminer, as 

shown in Figure 4.1.  

From Figure 4.1, the process takes in the big dataset of several dialysis patients 

with multiple attributes. From the dataset, attributes that had more than 80 percent of 

missing values were removed. Also, attributes that had just one value different from the 

rest of the values were also excluded. Removing such attributes was executed as they 

did not imply any significant meaning towards the dataset from voluminous values 

missed or being equivalent.  
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Figure 4.1: Schematic execution of data pre-processing. 

Multiple attributes had noisy data, which required some values to be replaced. 

Therefore, Figure 4.2 shows the operators used for the raw data cleaning of some 

attributes, as follows:  

 Replace (1): Replaces any ‘NA’ value into blank/missing value from two 

attributes, namely KT/V and Exit site clean and dry. With this, the prediction 

model would rely on the integrity of the valid existing data values, where noisy 

values are left empty to be imputed later by other means.  

 Replace (2) – (9): Corrects any nominal data values into numerical attribute 

format, including Dry weight, Bilirubin total, Hepatitis BsAb, and Intact PTH.  

 Replace (10) – (24): Corrects any nominal texts into proper and similar 

alphabets and words to avoid multiple indices. These attributes include Dual 

lumen catheter type, Fistula/graft site, and Dressing type.  

 Replace Missing (1) – (3): Any missing nominal values were replaced from the 

attributes EPO, Suture present, and Exit site clean and dry. 
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Figure 4.2: Schematic execution of data cleaning in subprocess (1). 
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Furthermore, Figure 4.3 shows the operators implemented for data 

transformation, further data cleaning, and data reduction, which are as follows: 

 Aggregate (1): Used to define average values per patient from the entire dataset 

of certain numerical attributes with missing values.  

 Join (1): The averaged attributes generated from the original dataset were 

merged here altogether. 

 Generate Attributes (1): Any missing values from the original dataset were 

replaced by the average values from specific averaged attributes.  

 Generate Attributes (2): Several other attributes with missing values were 

replaced by means of proper nominal values, or function expressions. Generated 

attributes included Post weight, Dry weight, HBA1C, Bruit, Thrill, Vitamin D3, 

Fistula_graft/Dual_lumen_catheter_type, IV iron injection, and 

Anticoagulation.  

 Generate Attributes (3): Nominal attribute (EPO) was converted to numeral 

values by generating corresponding values and replacing the created numerical 

attribute with the original one. 

 Select Attributes (3): All the average generated attributes were removed and any 

redundant attributes were eliminated, which had no remaining significance in 

the processed dataset. 

 

Figure 4.3: Schematic execution of data pre-processing in subprocess (2). 

From earlier steps in Figure 4.3, certain attributes were unable to define the 

average per patient as the attribute types were nominal, including Hepatitis BsAb, 

Bilrubin Total, and Intact PTH. Therefore, the dataset was read again for further data 



48 

pre-processing, as shown in Figure 4.1, where the software retakes the mentioned 

attributes in the form of real numbers. The read dataset then follows several operators 

in Figure 4.4 below, which again execute the similar process from operators seen in 

Figure 4.3. The built process was executed and the pre-processed dataset was saved and 

stored for the implementation of EDA and electrolyte predictions. The saved dataset 

still contained some missing values, which was due to patient attributes having no data 

values at all to be averaged.  

 

Figure 4.4: Schematic execution of data pre-processing in subprocess (3). 

Next, in implementing EDA step, two software were used to best achieve our 

findings and understand the relationship between certain important patient attributes. 

One of the software was Rapidminer, where the electrolyte profiles were visually 

analyzed. The EDA process involved the use of several operators, as shown in Figure 

4.5 below. 

From Figure 4.5, the semi-cleaned dataset was inserted into the process and only 

certain attributes were selected from the entire dataset for the analysis purpose. These 

attributes included Calcium, Sodium plasma, Potassium, Post urea, Magnesium, 

Duration, and Date taken. The process was run, and electrolyte profiles were analyzed 

and reported in the following Chapter 5. Moreover, the resulting dataset from the 

selection of attributes in Rapidminer was saved for further EDA to be implemented in 

the other software. 
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Figure 4.5: Schematic execution of EDA using Rapidminer software. 

The second software used in the EDA step was Minitab. Minitab is a statistical, 

data analysis, and process enhancing tool, specially designed for the users and working 

industries to identify trends, determine important insights, and answer various problems 

in data. To implement the EDA, the boxplots were generated and likewise, time-lapse 

EDA was implemented by the same process with manually inserting the time step 

attribute to the dataset within the Minitab software. 

After the EDA step, data prediction and interpretation step was built and 

executed in Rapidminer, as shown in Figure 4.6. To build the prediction models, the 

dataset was applied and was allowed to multiply to be used in the prediction of certain 

electrolytes, including post-urea (BUN), uric acid, magnesium, calcium, creatinine 

plasma, chloride plasma, phosphate, albumin, potassium, alkaline phosphatase, sodium 

plasma, carbon dioxide, and protein total. Each electrolyte prediction model had the 

exact same operators with the same purpose to predict the particular electrolyte from 

the same predictor attributes. 
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Figure 4.6: Schematic execution of prediction models for several electrolytes.



51 

 

Figure 4.7: General schematic execution of data prediction. 

 

Figure 4.8: Schematic execution of data prediction with additional operators.
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In each electrolyte sub-process, as shown in Figure 4.7 and 4.8, the following 

operators were used to build the data prediction model: 

 Set Role: Electrolyte attributes were labelled here, which defined the model the 

desired attribute to be predicted.  

 Nominal to Numerical: In some prediction models as shown in Figure 4.8, any 

nominal attribute is converted to numerical, including in LR, SVM, and NN 

prediction models, as the model algorithms do not operate on any nominal type 

values.  

 Select Attributes: Allows the user to opt for only specific attributes in 

consideration for the model. In this study, demographical and other certain 

attributes that were inserted into the model as predictors included Age, 

Anticoagulation, Blood flow, Cumulative blood volume, Dry weight, Dialysis 

duration, Gender, HBA1C, KT/V, Pre urea, Pre weight, UF goal, and Weight 

loss. These attributes were selected based on relevance and correlation with 

respect to electrolytes from the EDA step.  

 Filter Examples (1) – (2): Any missing values were removed from the dataset 

with selected attributes in both the predictors and the labeled attribute, as the 

prediction models would not execute with attributes encountering any missing 

values. 

 Split Data: The dataset here is then split into two portions, where one part is 

taken as a training dataset for training the prediction model and constitutes 70 

percent of the entire dataset after data pre-processing. The other part is taken as 

the testing dataset to test the finalized validated prediction model and constitutes 

to remaining 30 percent of the entire dataset. A higher percentage is used for 

the training dataset as the models need to be well trained and validated to 

achieve accuracy in their performances and to provide better prediction results. 

 Cross Validation: Cross validation of 10 folds was implemented to make sure 

that the training dataset performs well and prevents biasing and overfitting. This 

operator is a sub-process operator, which is divided into two sections, training 

and testing, as shown in Figure 4.9. 
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Figure 4.9: Schematic execution within cross validation operator. 

In Figure 4.9, the training division included the data prediction algorithm, either 

DT, NN, LR, or SVM. In the SVM prediction model, the kernel type ‘radial’ was 

selected and executed. Also, in NN model, the algorithm parameters involved two 

hidden layers, named as ‘Hidden 1’ and ‘Hidden 2’ with hidden layer sizes of 5 and 3, 

respectively. Moreover, DT prediction model had the ‘least_square’ criterion selected, 

with the maximal depth of five to display the entire resulting tree from the model output.  

In the testing division from Figure 4.9, the operators proceed with the selected 

model to give the desired electrolyte prediction outcome, where the trained model 

performance is evaluated in terms of selected parameters as squared correlation and 

root mean square error.  

After the model training process, the data prediction step then takes 70 percent 

validated trained dataset from the predicted model output and apply it to the rest of the 

30 percent testing dataset, to predict the electrolyte outcome from the testing dataset. 

The tested final model performance is then evaluated from each of the prediction model 

based on graphical or weights distribution.  

Furthermore, from Figure 4.8, the algorithms were then modeled to demonstrate 

the most significant predictor attribute in terms of weights or figures, which would 

determine the most impact to predict the particular electrolyte. Therefore, an additional 

operator was used to state and explain the importance of the predictor attributes as the 

output by various means. Once the models were built for each prediction algorithm, the 

processes were run, where the results were produced, demonstrated, and later 

interpreted in Chapter 5. 
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Chapter 5. Results and Analysis 
 

In this section, we present the results of the basic analysis of the information, 

EDA and prediction models, and we provide some discussion on the results.  

5.1. Data Collection 

In this study, the data is comprised of 45 distinct patients in total, for a duration 

of several months, i.e., from January 2020 until August 2020. From the datasets 

provided, the entire dataset represented 384 rows (examples) after tabulation, where 

each patient’s dataset represented 117 distinct attributes (also known as variables, or 

patient parameters).  

Figure 5.1 represents the 14 categories that comprised 117 attributes, 

respectively. The most significant categories used for EDA or data prediction were the 

demographics, electrolytes, and patient dialysis factors. Besides, certain studies 

emphasized that certain blood electrolytes are vital and the medical experts must 

regulate them for dialysis patients [44][48][49]. Also, patient demographical records 

are the necessary attributes considered for diagnostic or prediction purposes 

[29][32][46].  

From Figure 5.1, important electrolytes in dialysis patient’s body need to be 

regulated consistently to measure the adequacy of dialysis, as well as to maintain the 

function of the patient’s body. Potassium, sodium plasma, chloride plasma, magnesium, 

and post urea, are the most considered electrolytes when it comes to kidney patients 

under dialysis. It is also important to know that some electrolytes associate with one 

another in case of an increase or decrease of a particular electrolyte. For instance, a 

decrease in calcium levels may cause a decrease in magnesium levels, which may 

further cause an increase in blood phosphorous levels. Other important patient 

categories involve blood investigations. Tests are usually done to make sure that the 

patient is not prone to other diseases or may not have encountered further disorders 

from kidney disease. The parameter HBA1C is another important attribute considered 

to measure the blood glucose (sugar) levels in the blood, which may diagnose the 

patient as diabetic or normal. Usually tests are done as a percentage and normally 

should be less than 6%, which may also state the fact that dialysis and dialysate 

solutions are given properly. 
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Figure 5.1: Defined categories and dialysis patient attributes.
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5.2. EDA Output 

In executing the EDA step using Rapidminer software, the results displayed 

several tabs of important electrolytes, which were mentioned during implementation. 

From these tabs, the output was seen in the form of connected scatterplots, with x-axis 

independent variable as the date taken and the y-axis dependent variable as the 

electrolyte attribute. Each line in the scatterplot represent data points for one particular 

patient. Figures 5.2-5.7 display the resulting plots of each important electrolyte profile. 

The plots displayed that some patients had high variability of electrolytes over a 

particular duration of months. Therefore, analysis results demonstrated to further check 

upon important electrolytes as well as the cause of such high variability from the 

medical point of view.  

Besides, Figure 5.4 displays the highest variability of the potassium electrolyte 

for 45 patients throughout their monthly checkups. Hence, it elicits the fact that the 

course of dialysis within eight months had some positive and negative effects on some 

of the patients’ electrolytes. To further study the cause of high variability on the vital 

electrolytes, electrolyte trends were visualized by other means of EDA, which were 

implemented using Minitab software. 

 

Figure 5.2: Sodium plasma profile for a single patient. 
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Figure 5.3: Potassium profile for a single patient. 

 

Figure 5.4: Potassium profile for all the patients. 
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Figure 5.5: Post urea profile for a single patient. 

 

Figure 5.6: Magnesium profile for a single patient. 
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Figure 5.7: Calcium profile for a single patient. 

The first alternative EDA approach on the electrolyte profiles was achieved by 

creating boxplot illustrations. Boxplots of significant electrolytes were created, 

including potassium, sodium plasma, calcium, magnesium, and post urea, which are 

shown in Figures 5.8-5.12. The plots displayed x-axis variable as patient ID and the y-

axis displayed the electrolyte values. Each box represented the range of the particular 

electrolyte, for 45 dialysis patients, upon monthly dialysis checkups. The boxplots 

illustrated clearer insights towards specific electrolyte profiles. Within each electrolyte 

profile plot, mean of every patient is shown as dark blue circles, whereas the electrolyte 

minimum and maximum ranges are plotted as dotted horizontal red lines. Additionally, 

black lines displayed the connection of the mean from one dialysis patient to another, 

further emphasizing on the variability.  

Insights from the boxplots noticeably demonstrated high variability of 

electrolytes from patient to patient, which can be recalled from similar insights seen 

earlier in Figures 5.2-5.7. Dialysis patients displayed the highest variability in sodium 

plasma and potassium electrolyte profiles than others, with the fact that patients’ 

electrolytes are fluctuating and is a serious concern from the medical point of view. The 

insights may demonstrate that high variations could either be due to the lack of removal 

of potassium levels during the dialysis sessions. However, additional reasoning was 

associated in regards to sodium plasma electrolyte profile, as changes in blood sodium 

plasma levels have been acknowledged to inversely affect the blood potassium levels. 
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Therefore, as the blood sodium plasma levels illustrated a decrease in dialysis patients 

in Figure 5.12, this subsequently illustrated an increase in blood potassium levels of 

dialysis patients in Figure 5.8. 

 

Figure 5.8: Boxplot electrolyte profile of Potassium. 

 

Figure 5.9: Boxplot electrolyte profile of Post urea. 
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Figure 5.10: Boxplot electrolyte profile of Calcium. 

 

Figure 5.11: Boxplot electrolyte profile of Magnesium. 
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Figure 5.12: Boxplot electrolyte profile of Sodium plasma. 

After achieving remarkable insights from important electrolytes, time lapse 

study was analyzed to further add value to the insights and view the important 

electrolytes from a different perspective in terms of dialysis sessions over time. Time 

lapse analysis is the approach to acquire and analyze electrolyte differences with 

changing time from dialysis patients. It is important to identify how the electrolytes 

change with time from a comprehensive view of the electrolyte from all the patients.  

Therefore, time-lapse results were achieved and plotted as boxplots, as shown 

in Figures 5.13-5.17. The plots represented the electrolyte variable on the y-axis for 

potassium, sodium plasma, calcium, magnesium, and post-urea, with the time step 

variable along the x-axis. The mean was plotted as dark blue circles with red connecting 

lines. However, each box in the plots represented as the range of a particular electrolyte, 

for overall patients, upon receiving dialysis on a monthly basis.  

The electrolyte trends of dialysis patients displayed low variability with respect 

to the time lapse input. High variability of potassium electrolyte as seen in Figure 5.8 

had now demonstrated very low variability in Figure 5.13. Moreover, the time lapse 

electrolyte results further stated the fact that the dialysis sessions were indeed working 

well, with proper dialysate solutions and dialysis sessions. Hence, the analysis 

demonstrated that other certain factors were the cause of the high variability of vital 



63 

electrolytes in patients. Furthermore, Figures 5.8-5.12 required the need for the 

electrolyte prediction models to display the results and further interpret the factors that 

caused such high electrolytes’ variability. 

 

Figure 5.13: Boxplot time lapse of Potassium. 

 
Figure 5.14: Boxplot time lapse of Post urea (BUN). 
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Figure 5.15: Boxplot time lapse of Calcium. 

 

Figure 5.16: Boxplot time lapse of Magnesium. 
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Figure 5.17: Boxplot time lapse of Sodium plasma. 

Moreover, Figure 5.17 demonstrates slight variability in the sodium plasma of 

patients through time. The reason is that the dialysate solution tries to maintain the salt 

concentration of dialysis patients, where the response is only noticeable after every 

three months of adjusted dialysate. This allows the clinicians to regulate the dialysate 

contents as per the patient’s body metabolism and other patient medications. Also, 

blood sodium plasma is an important electrolyte for muscle activity and cell’s 

metabolism, which alters on a daily basis. 

5.3. Data Prediction and Interpretation 

The results from four AI/ML prediction models, Neural Network, Decision Tree, 

Support Vector Machine, and Linear Regression, are displayed in this sub-section. The 

outcome from each model is either represented as a weight or as a graphical illustration 

to define the most significant prediction attribute. For each of the prediction model, 

only one electrolyte outcome was displayed in results for illustration, analysis, and 

interpretation purposes. The rest are further displayed in Appendix A. 

5.3.1. Decision tree outcome. In the outcome from the decision tree AI/ML 

model, the results demonstrated a tree-like structure output, as shown in Figure 5.18, 

which displays a sample output for post-urea (BUN) electrolyte prediction.  
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Figure 5.18: DT model output for post urea (BUN). 

 

.



67 

From Figure 5.18, the model displays several sub-trees with many nodes and 

branches, which start from the root node to the leaf node in predicting post-urea (BUN). 

Likewise, other electrolytes’ predictions resulted similar graphical illustration with 

decision-making outcome from the highest weight of the predictors.  

Since the model had a parameter depth of 5, the outcome model displays 5 layers 

of nodes represented horizontally. The root node of the decision tree usually represents 

the best predictor for the model. Therefore, this study visually determined the three 

most significant model attributes from the first three layers of the depth, which are the 

root node and the other two sub-tree parent nodes. In Figure 5.18, pre-urea (BUN), 

cumulative blood volume, and dry weight were the most significant attributes to predict 

post-urea (BUN). Other electrolytes represented similar results where the most 

significant predictor for each electrolyte was later noted and tabulated. 

5.3.2. Linear regression outcome. In the outcome from the linear regression 

AI/ML model, the results provided a statistical measure table output, as shown in Figure 

5.19, which displays a sample output for post-urea (BUN) electrolyte prediction. From 

Figure 5.19, the model displays several columns for the determination of the most 

significant attribute weight, where the rows provide the corresponding values of each 

predictor used in the model. To interpret the results and state the most significant 

predictor from the model, Coefficient and p-Value are basically considered.  

Coefficient corresponds to the relationship between dependent and independent 

variable, whereas p-Value states whether the relationship of coefficients are statistically 

important. A p-Value of less than 0.05 states that coefficient is having an effect, is not 

equal to zero, and is a meaningful predictor to the model. On the other hand, p-Value 

of 0.05 or more state the predictor does not affect changes to the model and has no 

importance. Therefore, Figure 5.19 displays the p-Values in ascending order, where the 

predictor attributes were arranged according to the most significance vertically. For 

instance, the top three significant attributes with the lowest p-Values were pre-urea 

(BUN), gender, and KT/V, and demonstrated in Figure 5.19 as the most important 

predictor for the prediction of post-urea (BUN) electrolyte. Likewise, other electrolytes’ 

prediction outcome from LR were noted and top significant attribute from each 

outcome was tabulated, which is shown later.
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Figure 5.19: LR model output for post urea (BUN).
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5.3.3. Support vector machine outcome. In the outcome from the support 

vector machine AI/ML model, the results provided a weighted table output, as shown 

in Figure 5.20, which displays a sample output for post-urea (BUN) electrolyte 

prediction. From Figure 5.20, the model displays a weight column that defines the 

corresponding set of weights for each predictor used in the model. Attributes that 

contribute more towards predicting the electrolyte will display the highest weight, with 

negative and positive signs that corresponds to their relationship in predicting the 

electrolyte.  

The results from the prediction of post-urea (BUN) demonstrated the highest 

three weights for pre-urea (BUN), pre weight, and dry weight, with values of 80.338, 

37.828, and 43.758, respectively. The prediction outcome verified as pre-urea (BUN) 

to most significant predictor towards the prediction of the electrolyte, which was noted 

and tabulated. Likewise, other electrolytes’ prediction outcome from SVM were noted 

and top significant attributes from each outcome were tabulated, which is shown later. 

 

Figure 5.20: SVM model output for post urea (BUN). 

5.3.4. Neural network outcome. The outcome from the neural network 

AI/ML model provided a weighted table output, as shown in Figure 5.21, which was 
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only provided after ‘explain predictions’ operator was used. Figure 5.21 displays the 

weighted table sample output for post-urea (BUN) electrolyte prediction, with weights 

ranging from the positive highest (most significant contributor in prediction) to zero 

(no contribution in prediction). The results, from Figure 5.21 shown below, verified 

that pre-urea (BUN), anticoagulation, and UF goal, as the top three significant attributes 

to predict post-urea (BUN), with weights of 0.758, 0.327, and 0.154, respectively. 

Likewise, other electrolytes’ prediction outcome from NN were noted and top 

significant attributes from each outcome were tabulated as shown later. 

 

Figure 5.21: NN output from explain prediction operator for post urea (BUN). 

 

The weights of predictors demonstrated different results for the four AI/ML 

prediction model outcomes. Moreover, each electrolyte prediction outcome varies from 

another. Since the model incorporated predictions of 13 electrolytes with the output of 

weights, the most important predictor attribute from each model was tabulated in Table 

5.1.  
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Table 5.1: List of top five important predictor attributes for patient electrolytes. 

1 2 3 4 5 6 7 8 9 10 11 12 13 

Anti-
coagulation 

UF 
goal 
/L 

HBA1C 
% KT/V 

Dry 
weight 

/kg 

Duration 
/hr Gender Weight 

loss /kg 

Pre 
weight 

/kg 

Cumulative 
blood 

volume /L 

Age 
/yrs 

Pre Urea 
(BUN) 

/(mg/dL) 

Blood 
flow 

/(ml/min) 

Attribute 
Name 

LR DT SVM NN 
level 

1 
level 

2 
level 

3 
level 

1 
level 

2 
level 

3 
level 

1 
level 

2 
level 

3 
level 

1 
level 

2 
level 

3 

Sodium plasma 5 10 1 9 8 10 3 1 7 1 10 12 

Potassium 12 9 7 12 7 10 1 12 3 12 13 10 

Chloride 
plasma 5 10 12 9 10 12 1 3 12 10 5 9 

Carbon dioxide 4 5 3 1 4 2 3 1 7 4 3 1 

Creatinine 
plasma 5 12 2 12 5 9 1 3 12 12 1 2 

Post Urea 
(BUN) 9 12 3 12 5 2 3 1 12 12 1 2 

Protein total 7 2 9 4 7 12 3 1 12 7 12 6 

Albumin 9 3 4 5 12 6 1 3 12 4 6 13 

Calcium 5 7 2 6 7 4 3 1 7 7 13 6 

Phosphate 9 12 13 10 12 9 1 3 12 12 7 10 

Magnesium 5 8 7 4 7 10 1 3 12 7 13 10 

Alkaline 
Phosphatase 2 5 10 10 2 4 3 1 11 2 10 13 

Uric Acid 1 9 2 9 12 5 1 3 12 1 12 3 

 

From Table 5.1, it can be seen that various attributes had an impact on predicting 

certain electrolytes. Comprehensively, Table 5.1 displays the specific color code for 

each input attribute to the model, where the values were also added and were 

characterized. The levels show the most important feature from the prediction models, 

where level 1 is the most important feature outcome from the model, following level 2, 

then level 3.  

Based on the prediction models, only the corresponding attributes at the top 

three levels from each electrolyte model were noted, which was mentioned earlier. 

Therefore, the resulting table illustrated multiple attributes with many repeating colors 

and values seen in some of the prediction outcomes. In Table 5.1, the most repeating 

color and its corresponding value can be seen as light green with a value of 12, which 
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represented the attribute pre urea (BUN). For further statistical details from the 

illustrations, a frequency table was arranged as shown in Table 5.2.  

Table 5.2: Frequency table for the predictor attributes in each importance level. 

Color 
code Attribute Name 

Frequency Total 
count Level 1 Level 2 Level 3 

1 Anticoagulation 11 8 2 21 
2 UF goal /L 2 2 7 11 
3 HBA1C % 6 8 4 18 
4 KT/V 5 1 3 9 
5 Dry weight /kg 6 5 1 12 
6 Duration /hr 1 1 3 5 
7 Gender 4 6 5 15 
8 Weight loss /kg 0 2 0 2 
9 Pre weight /kg 6 2 4 12 
10 Cumulative blood volume /L 3 5 7 15 
11 Age /yrs 0 0 1 1 
12 Pre Urea (BUN) /(mg/dL) 8 9 12 29 
13 Blood flow /(ml/min) 0 3 3 6 

 

In simpler means, Table 5.2 displays the frequency of the input attribute at three 

importance levels from the four prediction models. Also, the total count of the attribute 

was generated that corresponds to how many times the attributes showed on these 

models in one of the top three importance levels from the prediction results. For 

instance, the first ‘anticoagulation’ attribute showed that it was used as the level 1 most 

important predictor 11 times. Besides, it had been the second most important attribute 

(in level 2) only eight times and the third most important attribute (in level 3) only two 

times in all the prediction models. Next, the second attribute as ‘UF goal’ showed a 

total count of 11 times to predict the electrolytes, regardless of the prediction model. 

Likewise, the frequency of other important input attributes in the prediction models was 

taken from Table 5.1 and were summed up for their total count in Table 5.2.  

From Table 5.2, the top five input attributes are identified as pre urea (BUN), 

anticoagulation, HBA1C, gender, and cumulative blood volume. It is obvious from this 

table that pre urea (BUN) input is the first and foremost important attribute, because it 

is showing a total count of 29 times from all the models. The following important 

attributes are anticoagulation, HBA1C, gender, and cumulative blood volume, with the 
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total counts of  21, 18, 15 and 15, respectively. Upon the understanding from the 

medical point of view, pre urea (BUN) electrolyte is tested on a monthly basis from 

each dialysis patient before the dialysis is being administered. 

Hence, this study expresses in following the decision-making support system, 

as the results interpret and state the physicians to get the dialysis patient’s post urea 

levels within the acceptable range. To achieve adequate blood post urea levels from 

dialysis patients’ blood tests, the physicians need to pay attention to the patient’s 

lifestyle in advance to the dialysis. Such interpretation is declared because the pre urea 

(BUN), anticoagulation, HBA1C, gender, and cumulative blood volume, attributes 

were seen as the most important predictor parameters, which are basically the lifestyle 

features of dialysis patients. The other variables (like duration, age, etc.) included in 

the model were not much of significance as predictors.  

5.4. Models’ Performances 

Upon achieving the electrolyte prediction results from each built prediction 

model, the models were then evaluated based on their squared error (R2) and root mean 

square error (RMSE). The output values of R2 and RMSE were tabulated for each 

predicted electrolyte. All four AI/ML prediction models’ performances were noted and 

created as integrated tables for a better illustration, as shown in Tables 5.3 and 5.4 below. 

Table 5.3 displays the performances of the prediction models from the validated and 

trained output, using the training dataset. On the other hand, Table 5.4 displays the 

performances of the prediction models from the tested finalized model output, using 

the testing dataset. 

In comparison to the prediction models, Support vector machine results 

demonstrated the least accuracy in achieving much lower values of R2 and higher values 

of RMSE. On the other hand, DT achieved the best and far most accurate results by 

getting higher values of R2 and lower values of RMSE for both the training and testing 

model performances. For the training output performances, DT achieved R2 an average 

of 0.4649 ± 0.1639 and RMSE of an average of 18.8783 ± 4.74369, respectively. 

Besides, the testing finalized model performances for R2 and RMSE on average were 

0.4099 and 21.7011, respectively. NN and LR model outcome performances were 

acceptably higher than SVM, but were not better than the DT model’s performance. 
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Table 5.3: Performances of prediction models from the training dataset. 

Electrolyte 
Name 

LR DT SVM NN 
RMSE R2 RMSE R2 RMSE R2 RMSE R2 

Sodium 
plasma 4.080 ± 0.743 0.171 ± 0.124 3.602 ± 0.642 0.367 ± 0.164 4.044 ± 0.494 0.446 ± 0.157 3.966 ± 0.821 0.234 ± 0.164 

Potassium 0.701 ± 0.155 0.357 ± 0.170  0.659 ± 0.069 0.375 ± 0.116 0.632 ± 0.099 0.442 ± 0.119 0.718 ± 0.142  0.360 ± 0.145 

Chloride 
plasma 4.249 ± 0.933 0.166 ± 0.149 3.189 ± 0.632 0.407 ± 0.240 3.808 ± 0.790 0.413 ± 0.162 3.701 ± 0.505  0.272 ± 0.164 

Carbon 
dioxide 2.178 ± 0.309 0.248 ± 0.179  2.107 ± 0.342 0.313 ± 0.197 2.161 ± 0.207 0.417 ± 0.194 2.254 ± 0.359 0.260 ± 0.183 

Creatinine 
plasma 172.176 ± 33.484 0.440 ± 0.248  131.578 ± 39.111 0.621 ± 0.168 216.273 ± 51.463 0.599 ± 0.125 153.821 ± 34.722 0.566 ± 0.147 

Post Urea 
(BUN) 1.692 ± 0.458 0.722 ± 0.103 1.866 ± 0.446  0.644 ± 0.177 2.331 ± 0.683 0.555 ± 0.135 1.736 ± 0.383 0.736 ± 0.112 

Protein total 4.559 ± 0.318 0.107 ± 0.085 4.142 ± 0.885 0.338 ± 0.197 4.453 ± 0.452 0.307 ± 0.151 4.617 ± 0.678 0.185 ± 0.157 

Albumin 4.436 ± 0.925 0.148 ± 0.120 3.693 ± 0.759 0.329 ± 0.158 4.032 ± 0.791 0.335 ± 0.146 4.421 ± 0.749 0.120 ± 0.125 

Calcium 0.212 ± 0.038 0.249 ± 0.110 0.173 ± 0.034 0.490 ± 0.131 0.167 ± 0.043 0.525 ± 0.170 0.199 ± 0.037 0.324 ± 0.106 

Phosphate 0.452 ± 0.097  0.357 ± 0.139 0.495 ± 0.079 0.279 ± 0.199 0.411 ± 0.090 0.465 ± 0.132 0.418 ± 0.046 0.458 ± 0.163  

Magnesium 0.158 ± 0.022 0.305 ± 0.185 0.103 ± 0.008 0.668 ± 0.062 0.099 ± 0.017 0.699 ± 0.106  0.138 ± 0.026  0.455 ± 0.197 

Alkaline 
Phosphatase 86.337 ± 21.066 0.190 ± 0.121 38.438 ± 9.977 0.794 ± 0.197 94.496 ± 30.171 0.304 ± 0.166 90.978 ± 23.182 0.174 ± 0.130 

Uric Acid 54.453 ± 8.507 0.446 ± 0.114 55.373 ± 8.684 0.419 ± 0.125 70.037 ± 5.910 0.402 ± 0.146 49.279  ± 8.477  0.570 ± 0.130 

Average 25.6679 ± 5.5497 0.3005 ± 0.1421 18.8783 ± 4.74369 0.4649 ± 0.1639 30.9956 ± 7.0162 0.4545 ± 0.1468 24.3266 ± 5.3944 0.3626 ± 0.1479 
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Table 5.4: Performances of prediction models from the testing dataset. 

Electrolyte Name 
LR DT SVM NN 

RMSE R2 RMSE R2 RMSE R2 RMSE R2 

Sodium plasma 4.21 0.123 4.048 0.247 3.818 0.467 4.203 0.121 

Potassium 0.675 0.338 0.695 0.325 0.677 0.339 0.71 0.316 

Chloride plasma 3.511 0.336 3.927 0.415 5.315 0.443 4.605 0.214 

Carbon dioxide 2.082 0.154 1.975 0.275 2.353 0.219 2.071 0.151 

Creatinine plasma 176.332 0.427 160.993 0.512 237.395 0.772 139.677 0.72 

Post Urea (BUN) 1.951 0.613 1.991 0.611 2.53 0.343 1.927 0.638 

Protein total 4.805 0.035 4.686 0.035 3.952 0.242 4.225 0.088 

Albumin 4.075 0.234 4.333 0.204 4.144 0.382 4.508 0.164 

Calcium 0.229 0.157 0.184 0.438 0.183 0.454 0.217 0.238 

Phosphate 0.416 0.377 0.388 0.42 0.326 0.571 0.413 0.427 

Magnesium 0.139 0.362 0.096 0.749 0.1 0.727 0.132 0.515 

Alkaline 
Phosphatase 77.871 0.128 40.216 0.752 80.345 0.278 81.411 0.079 

Uric Acid 54.093 0.442 58.582 0.346 70.881 0.323 53.316 0.463 

Average 25.4145 0.2866 21.7011 0.4099 31.6937 0.4276 22.8780 0.318 

 

From the performance evaluation of the four prediction models, DT model is 

the most recommended outperforming model to predict patient electrolytes. DT model 

precisely predicted the electrolytes based on the same input parameters used for other 

models and displayed the five most important predictor attributes, including pre urea 

(BUN), anticoagulation, HBA1C, gender, and cumulative blood volume, in its top three 

importance levels in the model outcome. The model also verified pre urea as the top 

most important attribute, along with anticoagulation the second most important 

attribute; following the next three important attributes as HBA1C, gender, and 

cumulative blood volume. From Table 5.4, the highest R2 value of the DT model is 

shown for alkaline phosphatase electrolyte of 0.752, along with the lowest RMSE value 

for magnesium electrolyte of 0.096. 

 



76 

Chapter 6. Conclusion and Future Work 
 

In this thesis, a clinical decision-making support system was developed for 

dialysis patients using data analytics. The study results realized the potential of 

extracting insights from the big dataset in the transformation of the healthcare from 

traditional symptom-driven practice into a precision personalized medicine.  

This study utilized big data of more than 100 of several patients’ pre-recorded 

dialysis parameters, where some critical electrolyte parameters were taken into 

consideration to analyze, predict, and provide insights on how to improve patient’s 

dialysis dosing. Therefore, the electrolyte parameters were investigated with respect to 

demographical and dialysis patient factor attributes, including HBA1C and pre-urea 

(BUN) parameters. Based on the understanding from the results of analysis, the findings 

concluded that vital electrolytes (i.e., magnesium, calcium, sodium, potassium, and post 

urea) displayed high variability in patients, which can either be due to insufficient 

electrolytes removed during dialysis sessions or with respect to the inverse correlation 

with other electrolytes’ profile. One such inverse proportionality involved the 

increasing levels of potassium in patients due to the lower sodium levels, as illustrated 

in results. On the other hand, it was also demonstrated that the electrolyte levels were 

consistent with time for each month when time-lapse view of each electrolyte was 

analyzed. This clarified that the patients were receiving proper dialysis sessions and the 

dialysis was undeniably working well. 

Furthermore, AI/ML prediction models of the decision tree, neural network, 

support vector machine, and linear regression were built for further investigations and 

predicted the electrolytes within a range of demographical and vital dialysis parameters. 

Upon the interpretation of predictions, pre urea (BUN), anticoagulation, HBA1C, 

gender, and cumulative blood volume, were stated as the five most important predictors 

in predicting the electrolytes. Moreover, the best AI/ML model from the evaluation of 

four prediction models demonstrated to be the decision tree, which provided higher 

squared correlation average output and achieved a lower root mean square error average 

values for certain electrolytes.  

Ultimately, the prediction results achieved the goal of our study in determining 

important factors for the improvement of patients’ dialysis dosing levels, where the 
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interpretations from predictors verified that the duration and frequency of dialysis were 

not that of significant attributes for determining patient’s important electrolyte levels. 

The five most important attributes were, therefore, pre urea (BUN), anticoagulation, 

HBA1C, gender, and cumulative blood volume, which are the lifestyle features of the 

dialysis patients.  

Moreover, in practical use to the nurses or physicians, the prediction models can 

be executed with multiple patients’ datasets and the three most important attributes 

noted from the models’ significant levels, which will support the decision making and 

provide implications based upon the results of the prediction models. Thus, from the 

results and the interpretation of the most important attributes from the prediction 

models, physicians need to educate and prescribe the patients based on their adequate 

diet patterns, what patients need to eat and drink, and the amount of nutrition in each 

diet the patient needs to intake. This, likewise, provides patients improved dialysis 

dosing using big data analytics from the rising volume of dialysis patients, to increase 

the patient’s quality of life, life expectancy, welfare, and conversely reduce costs, 

efforts, and time consumption, for patients and the physicians from the right dialysis 

treatment. 

On the note, this study comprised of 45 patients in total, with dialysis sessions 

recorded from January 2020 to August 2020. In future, this study can further be 

enhanced by either utilizing a much higher number of patients, or by having temporal 

data with a history of dialysis earlier than January 2020. This could further improve the 

prediction models and declare better prediction results. Also, other dialysis machine 

parameters can be added to the built prediction models, to achieve additional 

interpretation in determining their correlation with the patient electrolytes, which may 

opt the researchers for an advanced series of investigations.  
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Appendix A 
 

 

Figure A.1: DT model output for calcium. 
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Figure A.2: DT model output for potassium. 

 

Figure A.3: DT model output for carbon dioxide. 
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Figure A.4: Decision Tree model output for creatinine plasma. 

 

Figure A.5: DT model output for albumin. 
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Figure A.6: Decision Tree model output for protein total. 

 

Figure A.7: DT model output for phosphate. 
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Figure A.8: Decision Tree model output for uric acid. 

 

Figure A.9: DT model output for magnesium. 
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Figure A.10: Decision Tree model output for chloride plasma. 

 

Figure A.11: DT model output for sodium plasma. 
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Figure A.12: DT model output for alkaline phosphatase. 
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Figure A.13: LR model output for magnesium. 
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Figure A.14: LR model output for chloride plasma. 
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Figure A.15: LR model output for sodium plasma. 
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Figure A.16: LR model output for protein. 

 

 



94 

 

Figure A.17: LR model output for phosphate. 
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Figure A.18: LR model output for uric acid. 
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Figure A.19: LR model output for carbon dioxide. 
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Figure A.20: LR model output for potassium. 
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Figure A.21: LR model output for calcium. 
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Figure A.22: LR model output for creatinine plasma. 
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Figure A.23: LR model output for albumin. 
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Figure A.24: LR model output for alkaline phosphatase. 
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Figure A.25: NN model weight output for creatinine plasma (left), albumin (middle), and alkaline phosphatase (right). 
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Figure A.26: NN model weight output for sodium plasma (left), protein total (middle), and carbon dioxide (right). 
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Figure A.27: NN model weight output for chloride plasma (left), phosphate (middle), and potassium (right). 
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Figure A.28: NN model weight output for magnesium (left), uric acid (middle), and calcium (right). 
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Figure A.29: SVM model output for magnesium (left), uric acid (middle), and calcium (right). 
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Figure A.30: SVM model weight output for chloride plasma (left), phosphate (middle), and potassium (right). 
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Figure A.31: SVM model weight output for sodium plasma (left), protein total (middle), and carbon dioxide (right). 
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Figure A.32: SVM model weight output for creatinine plasma (left), albumin (middle), and alkaline phosphatase (right).
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