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ABSTRACT

A DATA MINING APPROACH TO PREDICTING

PATIENT-BASED LASER MACHINE SETTINGS FOR

KIDNEY STONE TREATMENT OPERATION

Urinary tract stone disease is a common health problem that affects human health

and quality of life. The main goal for the treatment of this disease is to reach a complete

stone-free status by causing minimal damage to the patient. The advancement in

technology has brought many modalities for the treatment of kidney stones. Selecting

the best treatment option by considering patient characteristics is an important factor

affecting the success of the treatment. In this study, it is aimed to estimate patient-

specific machine settings for successful completion of an operation performed using

the Retrograde Intrarenal Surgery method. With this motivation, the performance

of linear regression, regression trees, random forest, and extreme gradient boosting

methods in machine setting estimation are analyzed. The study is carried out using a

dataset provided by the Urology Department of İstanbul Medipol University Hospital.

Since the dataset has many missing values with only few complete observations and

imputation methods do not provide good results, synthetic data is generated using

the original dataset. Models constructed on synthetic data are tested on the original

data. Models established on synthetic data have been found to give better estimates.

In addition, the models trained on successful observations and the models trained

on unsuccessful observations give different estimates, since the data groups they are

trained on are different.
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ÖZET

BÖBREK TAŞI TEDAVİ OPERASYONUNDA HASTA

BAZLI LAZER-MAKİNE AYARLARININ TAHMİNİ İÇİN

BİR VERİ MADENCİLİĞİ YAKLAŞIMI

Üriner sistem taş hastalığı, insan sağlığını ve yaşam kalitesini etkileyen yaygın

bir sağlık problemidir. Bu hastalığın tedavisinde ana amaç hastaya en az zarar veril-

erek komplet taşsızlık halinin sağlanmasıdır. Teknolojik gelişmelerle birlikte hastalığın

tedavisine yönelik yaklaşımlar çeşitlilik kazanmıştır. Tedavi yöntemlerinin çeşitli ol-

masının yanı sıra hasta için uygulanması planlanan tedavi yönteminin, hasta karak-

teristiği göz önünde bulundurularak uygulanması tedavi başarısını etkileyen bir etk-

endir. Bu çalışmada, böbrek taşlarının RIRS yöntemi ile tedavi edilmesi durumunda

operasyonun başarıyla tamamlanması için hastaya özel makina ayarlarının tahmin

edilmesi hedeflenmiştir. Bu motivasyonla lineer regresyon, regresyon ağaçları, rassal

orman ve ekstrem gradyan arttırma metodlarının makina ayar tahminindeki perfor-

mansları analiz edilmiştir. Uygulama, İstanbul Medipol Üniversitesi Hastanesi Üroloji

Bölümünden sağlanan veri seti kullanılarak gerçekleştirilmiştir. Söz konusu veri se-

tinin, görece az gözlem içermesinin ve uygulanan imputasyon yöntemlerinin başarılı ol-

mamasının, beklenen sonuçların elde edilememesinde etkili olduğu kanısına varılmıştır.

Bu sebeple orijinal veri seti kullanılarak sentetik veri üretilmesi yoluna gidilmiştir.

Sentetik veri üzerinde kurulan modeller orijinal veri üzerinde test edilmiştir. Sentetik

veri üzerinde kurulan modellerin daha az hatalı tahminler verdiği görülmüştür. Ayrıca

başarılı ve başarısız alt gruplar üzerinde eğitilen modeller, beklenildiliği gibi üzerinde

eğitildikler veri grupları farklı olması sebebiyle birbirinden farklı tahminler vermiştir.
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1. INTRODUCTION

Kidney diseases, especially nephrolithiasis (kidney stones), are prevalent among

people all over the world [16]. Around 12% of the world population suffers from urinary

tract stones [17]. Males, people with obesity, and patients with diabetes are more likely

to face urolithiasis [18]. The kidney stone disease, which occurs in 5-6% of females and

10-12% of males, is a common health issue in the Western world [19]. According to the

studies, it is estimated that 600,000 people experience kidney stones annually in the

United States [20]. 50% of kidney stone disorders seen in 12% of the Indian population

result in loss of kidney function or kidney damage [20].

The advancement in technology has brought many modalities for the treatment

of kidney stones. In the past, patients with kidney stones were treated with open

surgery. There are several available methods for lithotripsy including Extracorporeal

Shock Wave Lithotripsy (ESWL), Percutaneous Nephrolithotomy (PCNL), and cur-

rently Retrograde Intrarenal Surgery (RIRS).

ESWL and RIRS are among the most common treatment options for ureteral

stones [21]. Nevertheless, the type of the treatment that depends on the stone place-

ment, size, and chemical properties differ from patient to patient [22]. The size of the

stone is the most significant among these, because it heavily affects the stone-free rate

(SFR) [23].

RIRS, which is applied under anesthesia, involves the placement of a fine viewing

tube–known as fiberoptic endoscope–through the urethra, beyond the bladder and up

to the stone in the ureter or kidney [24]. Thus, the endoscope is moved retrograde (up

the urinary tract system) to within the kidney (intrarenal). In this treatment modality,

the stones are divided into small pieces using a laser, and larger fragments are removed

by a basket. Following this stage, a stent (hollow thin tube) is placed in the ureter to

prevent kidney obstruction. Then, the stent can be removed by a minor operation.
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Achieving a high success rate and accessing the stone through a natural route have

made RIRS a significant and extensively used treatment method [25]. The advancement

of half and flexible ureteroscopes, smaller caliber, and the introduction of enhanced

devices have made URS more powerful and admissible for the treatment of stones in

all pieces of the urinary tract [26].

In 1964, Marshall reported the first usage of f-URS [27]. The use of f-URS

has accelerated in the late 1980s with the introduction of a device with an irrigation

channel and a flexible tip [25]. In 2004, digital f-URS has been launched to the market

enhancing the quality of image compared to the fiberoptic f-URS [28].

The present laser lithotripters allow users to adjust multiple parameters that

contain pulse duration, pulse energy (J), and pulse frequency (Hz) [28]. Although

the determination of the most appropriate technique depends on factors such as the

stone size, surgeon preference, stone composition and location, these techniques can

be combined during the same process to obtain better results [28]. However, it can

be a hard task for urologists to decide on the settings of laser lithotripter for optimal

use. The power, which is one of the machine settings, increases heat production in the

environment as its level increases. The heat generated in the environment due to high

power can cause thermal tissue damage [29].

In this study, laser machine settings are tried to be estimated in order to achieve

high success in the treatment of patients diagnosed with stones. These settings are

unique for each patient. Pre-operative and some peri-operative variables belonging to

the patients are processed in the R program using a few techniques from data mining.

The remaining part of this thesis is structured as follows. In Section 2, the

literature related to kidney stones is reviewed. In Section 3, methodologies used in this

study are explained. In Section 4, the data used in the study and the results of the

methods are presented. Finally, conclusions of the study are stated in Chapter 6.
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2. LITERATURE REVIEW

Salt and minerals accumulated in the urine form hard masses of kidney stones.

Under normal conditions, the minerals and salt dissolved in the urine are removed

from the urinary tract without any problem. However, when urine becomes more

concentrated with higher levels of certain minerals, stone formation is observed. The

chemical composition of kidney stones varies according to the ratio of various chemicals

in urine [30]. According to alterations in the mineral composition, kidney stones are

divided into several groups [31]. Although kidney stones usually appear in kidneys,

they might pass lower down in the urinary tract, which consists of three parts: bladder,

ureters, and urethra [32].

A stone formation that does not have any symptoms at first, results in symptoms

such as urinary tract infections, flank pain (pain in the backside), hydronephrosis

(dilation of the kidney), and blockage of urine flow as time progresses [33].

Kidney stone, a kidney disease that is common among people all over the world,

affects about 12% of the world’s population [17]. Men, people with obesity, and patients

with diabetes are more prone to encounter urolithiasis [18]. Urinary system stone

disease, which is 1.5 times more common in men than in women, is a common health

issue in the Western world [19]. According to the studies, it is estimated that 600,000

people experience kidney stones per year in the United States [20], while 50% of kidney

stone disorders seen in 12% of the population of India cause loss of kidney function or

kidney damage [20].

The increase in the prevalence of kidney stone disorders in recent years is at-

tributed to warm climates (fluid loss) and lifestyle characteristics such as lack of phys-

ical activities [34]. The formation of stones might be caused by genetic factors, and

also depends on geographical factors and age [35].
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The advancement of technology has brought many alternatives for the treatment

of kidney stones. Kidney stones treated with open surgery in the past are treated with

alternative methods such as ESWL, RIRS, and PCNL.

2.1. Extracorporeal Shock Wave Lithotripsy (ESWL)

ESWL, which is a non-invasive method, has been used as a treatment method

since the early 1980s [36]. In this treatment, the stones are broken with shock waves,

which are produced by a device called lithotripter. After the ESWL treatment, the

small pieces of stones are excreted in the urine. The goal of ESWL treatment is to

maximize the fracture of the stone by giving the least damage to the kidneys and

nearby tissues. In an ESWL process, the urologists are interested in three parameters:

voltage (or energy) of the shock wave generator, the number of shock waves applied,

and the repetition rate [37].

The stone size and the SFR of ESWL treatment are inversely proportional. Since

the SFR is not sufficient for stones with a diameter of 2 cm, ESWL is a method used

in stones with a diameter less than 2 cm [38].

Factors that reduce the success of ESWL [39] are

• Stones larger than 3 cm,

• Existence of multiple stones,

• The presence of stones in the localization of the lower pole calyx,

• Large skin-stone distance,

• Hounsfield units(HU), which stands for the hardness of the stone, with a value

more than 1000, and

• Obesity.

Abdel-Khalek et al. [40] study to determine the factors that are effective on SFR

of post-ESWL. Using multivariate analysis, they identify the important factors as the

stone location, stone size, and existence of ureteric stent. They also design a logistic
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regression model that helps to select the appropriate patients for ESWL.

Choo et al. [41] apply a machine-learning algorithm to analyze the factors that

determine the success of a single-session ESWL in ureter-stone cases. In order to

determine the probability of treatment success, they develop a 92.9% accurate decision

support model consisting of 15 parameters. As a result of this study including 791

patients, they find the success rate of single-session ESWL to be 64.4% (509). The

success rates are found to be 59.8%, 65.5%, and 69.6% for upper, middle, and lower

ureteral stones, respectively.

In a study, where the cost-effectiveness of ureteroscopic lithotripsy (URS) versus

ESWL is evaluated, it is shown that URS provides more SFR for the ureteral stones

than ESWL [21]. Besides, the decision analysis model that exists in the study demon-

strates that ESWL is not a cost-effective alternative when SFR of ESWL is less than

60-64% or URS has an SFR greater than 57–76%.

2.2. Percutaneous Nephrolithotomy (PCNL)

Percutaneous nephrolithotomy (PCNL) treatment, which emerged in the 1980s

[42], is preferred to treat stones larger than 2 cm or ESWL-resistant stones [43]. In this

method, which is applied under anesthesia, the stones that are broken by laser are taken

out utilizing a device placed in an incision opened in the skin. While PCNL is preferable

for stones larger than 2 cm, staghorn, partial staghorn stones, it has contra-indications

such as bleeding disorders, pregnancy, and uncontrolled urinary tract infections [44].

PCNL, which is proposed as the first option for treatment of stones greater than

2 cm in the 2017 European Association of Urology (EAU) guideline, has SFR up

to 95% [44]. It is found to be more effective in the treatment of 20-30 mm single

renal pelvic stones, whereas ESWL has fewer complications and causes a lower cost

for the same cases [23]. Although PCNL is an effective modality in the treatment

of renal calculi, it might cause kidney damage and various complications [45]. The

drawbacks of standard PCNL–compared to RIRS and ESWL–include greater pain,
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longer hospitalization duration, and an increase in bleeding [46].

The risk of PCNL complications is connected with the diameter of the device used

in operation [47]. Since the optimal stone treatment method requires a combination

of the high SFR of PCNL and the low morbidity of ESWL, studies on miniaturization

of PCNL are performed. The main purpose of these studies is to minimize the cross-

section of the nephroscope used in PCNL [48].

Bagcioglu et al. [49] conduct a study to analyze the cost of micro-percutaneous

nephrolithotomy (microperc) and RIRS. The cost that is audited includes the cost of

hospitalization, devices, additional required treatments, and disposables. At the end

of the statistical analysis performed in the study, it is found that the use of microperc

is less expensive than RIRS due to additional required treatments and auxiliary equip-

ment in RIRS. Besides, one of the results obtained in this study supports the efficacy

of RIRS for the duration of the operation.

Aminsharifi et al. [50] developed an Artificial Neural Network (ANN) system that

predicts different outcome variables of PCNL. In this study, a dataset that includes

pre-operative and post-operative data belonging to 200 patients are used as a train-

ing set to examine how the pre-operative values affect the post-operative variables.

Stone morphometry and stone burden are shown to be among the most important

pre-operative features affecting all post-operative outcome variables.

Treatment of kidney stone disorders requires many parameters to be considered.

A treatment procedure is multi-factorial. Therefore, a decision support system (DSS),

which can help surgeons predict the outcome of treatment and decide on the appro-

priate treatment method, can be efficient in lessening the potential risks of treatment.

Shabaniyan et al. [51] create a promising DSS to provide consultancy before the oper-

ation. The developed DSS is promising for estimation of post-operative outcome of a

kidney stone treatment operation, especially for PCNL.
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2.3. Retrograde Intrarenal Surgery (RIRS)

In 1854, the physicist John Tyndall was able to bend the light in a flexible glass,

the light was propagated through the glass fiber. The first usage of ureterorenoscope

was declared in 1929 by Young and McKay [52]. Since the first ureteroscope did not

have active deflection ability and a working channel, it was used only for diagnostic

purposes [52, 53]. In 1980, the first rigid ureteroscope with a working channel was

developed by Karl-Storz. In the same year, Bagley and his colleagues laid the foun-

dations of F-URS by adding technical features such as passive and active deflection

to the ureteroscope [54, 55]. The use of f-URS has accelerated in the late 1980s with

the introduction of devices with an irrigation channel and a flexible tip [25].Thus, the

kidney stone treatment by retrograde route has gained speed.

Retrograde intrarenal surgery (RIRS), which is applied under anesthesia, is a

procedure that involves the placement of a fine viewing tube (known as fiberoptic

endoscope) through the urethra, beyond the bladder and up to the stone in the ureter

or kidney [24]. Thus, the endoscope is moved retrograde (up the urinary tract system)

to within the kidney (intrarenal). In this method of treatment, the monitored stones are

divided into small pieces using a laser and larger fragments are removed by a basket.

After this stage, a stent (hollow thin tube) is placed in the ureter to avoid kidney

obstruction. Then, the stent can be removed by a minor operation. This treatment is

an alternative modality for patients with kidney anomalies, morbid obesity, and ESWL

failure [56].

In present, using digital flexible ureterorenoscopes with a thinner and wider work-

ing channel, the development of endoscopic devices, the use of holmium laser lithotripsy

in the treatment of renal calculi have increased the success rate of the RIRS treatment

method and the complication rates resulting from treatment have been reduced [57,58].

Achieving a high success rate with low morbidity and accessing the stone through

a natural route have made RIRS an important and widely used treatment method [25].

The development of smaller caliber, half and flexible ureteroscopes, and the introduc-



8

tion of improved devices, including the Ho:YAG laser (an effective stone crusher), have

made ureteroscopy (URS) safer and more effective for the treatment of stones in all

parts of the ureter [26].

RIRS surgical technique is prone to change due to advances in technology. The

equipment produced parallel to the advancements in technology has the potential to

reduce the cost/benefit ratio as well as the complication rate that may arise due to the

operation [25]. The main instruments used in RIRS are briefly summarized below.

• Flexible Ureterorenoscope

Flexible ureterorenoscopes mainly consist of three parts: optical system, bend-

ing mechanism, and working channel (Figure 2.1). The optical system can be

digital or fiberoptic [59]. Fiberoptic ureterorenoscopes generally have a sandy

image [60]. Digital f-URS have been developed to obtain better quality images

and they achieve this by providing real-time images through the optical chip on

their ends [61].

Both types of f-URS are prone to degradation by their delicate nature. f-URS may

be impaired due to misuse, such as the surgeon firing the laser inside the device

or forcing it to over-deflection in the wrong position [62]. In addition, changes

such as duration of use, operation time, number of ureteral accesses, lower pole

operation time, auxiliary instrument usage time also affect the durability of the

device [63].

Figure 2.1. Flexible Ureterorenoscope [1].
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• Ureteral Access Sheath (UAS)

UAS, which is started to be used in RIRS operations after 2000, was first devel-

oped by Takayasu and Aso in 1974 [64,65]. The equipment used to facilitate the

entry into the kidney collecting system reduces the damage that may occur in

f-URS in repeated entries, decreases the cost, reduces the operation time, and in-

creases the surgical success [32,66]. On the other hand, some studies have shown

that UAS causes post-operative ureteral edema and requires post-procedure DJ

stents [67].

In a study conducted by Traxer et al. [68], it is indicated that using UAS during

f-URS to remove stones is safe, but has no significant effect on post-operative

SFR.

Figure 2.2. Ureteral Access Sheath [2].

UAS, shown in Figure 2.2, may not be necessary for kidney stones where all stones

can be broken in one go. However, in cases where it is necessary to extract more

than one piece, repeated entries of f-URS can be done easily and safely using

UAS [67].

• Guidewire

Guidewires are used to facilitate the access of semirigid and flexible ureteroreno-

scopes to the upper urinary system [69]. In a study conducted by Ulvik et al. [70],

it has been observed that the use of safety guidewire provides significant benefit
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during the placement of ureteroscope. Since a flexible tip facilitates a maneuver

around the stone, the ideal guidewire should have a flexible and soft tip [69]. In

addition, its slipperiness and stiff body are other important factors that facilitate

the placement of a UAS or stent [25]. Despite these advantages and benefits,

there is a possibility of ureteral injury during the use of guidewires.

• Basket Catheter

Basket catheter is an auxiliary equipment used in both rigid and flexible ureterorenoscopy

to remove fragmented stone pieces or to move the stone [69]. It consists of wires

resembling a cage at the distal end (shown in Figure 2.3).

Placing the stone in a more convenient place with a basket catheter before starting

to break the stone during f-URS will reduce the risk of damage to the ureteroreno-

scope [69].

(a) Helical basket (b) Flatwire basket (c) Tipless basket

Figure 2.3. Three different forms of basket catheters [3].

Basket catheters with helical shapes are opened and rotated behind the stone to

grab the stone. The most suitable stone extraction device in RIRS made with a

flexible ureterorenoscope is a tipless basket [71]. Due to its success and ease of

use, tipless nitinol basket catheters are preferred more frequently to grab stones

in the calyx or renal pelvis [25,72].

• Double J Stent

Double J (DJ) stent is a device that facilitates the passage of urine from kidney

to the bladder with a J-shaped curve at both ends. This equipment (illustrated

in Figure 2.4), which is used by many surgeons as a routine part of ureteroscopy,

is mostly used to prevent remaining stone fragments from blocking the kidney
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and to repair small-scale ureter damage occurring during the surgery [73].

Figure 2.4. DJ stent placement [4].

• Laser Lithotripsy (LL)

Laser lithotripsy is used in f-URS. The thin and flexible laser fibers make the

laser energy the ideal stone breaking method for the f-URS process. The most

used laser type is Holmiyum-YAG laser (Ho:YAG) [57,74].

Ho:YAG laser was introduced in the early 1990s [75]. It is a pulsed laser type,

meaning that laser energy is generated and used in a series of pulses instead of

a continuous energy beam [76]. Thus, it causes less damage to the surrounding

tissues and provides more effective use of laser energy [76]. It is absorbed by the

water molecules that make up a significant part of the structure of the stones.

As a result of the application of laser energy, the chemical structure of the stone

deteriorates, its tension decreases ,and the stone breaks as a result of evaporation

of the water in the stone [77]. Since it does not affect the stone mechanically

but affect thermally, it ensures that the stone is broken without causing migra-
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tion [78]. Besides all these advantages, there are some disadvantages such as

high cost, potential to damage the ureter and endoscopic instruments, and long

working time [79].

The thing that makes LL a proposed ureteroscopic energy source by the Amer-

ican Urology Association (AUA) and the European Urology Association (EUA)

is its compatibility with rigid, semi-rigid, and flexible ureteroscopes [80].

The present laser lithotripters enable the urologists to set up some parameters:

pulse energy (J), pulse frequency (Hz), pulse duration, and consequently total

power, which is obtained by the product of pulse energy and pulse frequency [7,28]

(see Figure 2.5).

Figure 2.5. Laser parameters [5].

Basketing and dusting are two alternatives for the fragmentation of stones with

LL. In the “basketing”, stones that are fragmented into smaller pieces by us-

ing high-power and low-frequency laser settings are removed. “Dusting”, on the

other hand, involves the utilization of low-power, high-frequency laser pulses to

fragment stones into powder-like pieces that can pass through the urine sponta-

neously [81]. Another setting named “popcorn effect” might be utilized after the

basketing to produce smaller pieces of fragments [79].



13

Keller et al. [28] have specified laser settings for these techniques as follows:

– Popcorn effect: High frequency (1 J) and high energy (10-20 Hz).

– Basketing: High frequency (1-2 J) and low energy (3-5 Hz).

– Dusting: low frequency (0.2-0.5 J) and high energy (10-20 Hz).

Figure 2.6. Treatment algorithm for renal calculi [6].

Although the determination of the most appropriate technique depends on factors

such as the stone size, stone composition, stone location, and surgeon preferences, these

techniques can be unified during the process to obtain superior results [28].

Urologists’ preferences regarding laser setting for LL do not follow the same pat-

tern. A questionnaire is applied to an international group of urologists at the World

Endourology Congress to make an understanding of patterns in the laser machine set-

tings preferences of urologists [82]. In this study, 136 participants were asked about the

laser preferences they applied to the treatment of proximal ureter stones. The results

show that the general preferred laser setting is 0.8 J and 10 Hz.

The application of the aforementioned LL techniques depends on the character-

istics of the stone and its location. Sarah et al. [83] provide the optimum settings for
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several lithotripsy techniques, considering the characteristics of stones.

The results of numerous studies in the literature show that the use of Ho:YAG

lithotripsy at low pulse energy generates fragments smaller than 1 mm at a slow fraction

rate, while its use in higher pulse energy forms greater fragments at a quicker fraction

rate [84–87]. Sea et al. [88] irradiate phantom stones with Ho:YAG to investigate the

effect of factors such as pulse energy, pulse frequency, and retropulsion on the efficiency

of lithotripsy. In the study where 6 different settings are tested, stabilization devices

were shown to be more effective, especially in high pulse energies.

One of the conducted studies [88] shows that, in general, low pulse energy pro-

duces smaller fragments and minimizes stone retropulsion, but increases operation time.

In laser lithotripsy, besides the aim of successfully ending the operation, another im-

portant goal is to complete the operation as quickly as possible. Previous findings have

shown that the use of high pulse energy ends the operation faster [89, 90]. However,

a high pulse energy setting causes an increase in retropulsion [91]. Larger fragments

resulting from the preference of high pulse energy might necessitate the basketing pro-

cess and raise the cost depending on basket usage [88]. In addition, high pulse energy

brings about fiber tip degradation, which leads to a decrease in fiber lifetime [92]. Since

this degradation in the fiber tip reduces the amount of energy reaching the stone, it

can reduce fragmentation efficiency, increase operation time, and increase cost due to

the replacement of the fiber [29].

Although some laser lithotriptor manufacturers claim that the high-frequency

setting is more ablative [93], several studies have shown that the increase in pulse

frequency does not have a significant effect on the ablation volume [79,88]. In a recent

study in which the total power was kept steady, a linear relationship was detected

between pulse energy and ablation volume [7].
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Figure 2.7. Comparison of the outcomes of different lithotripter settings by keeping

the total power constant and using the identical laser fiber: a) 30 Hz × 0.2 J (high

frequency-low pulse energy) b) 5 Hz × 1.2 (low frequency-high pulse energy) [7].

The new lithotriptor models offer the new long-pulse form alongside the tradi-

tional short-pulse form, allowing urologists to choose different pulse duration [7]. The

energy conveyed by a single laser pulse is distributed over a longer period of time in the

long pulse form compared to the short pulse mode [7]. As a result of the experiment

conducted on the artificial stones, Kronenberg and Traxer conclude that the long-pulse

form is considerably less ablative than the short-pulse one.

It is important to accomplish a stone-free status after the operation to prevent

incidents arising from residual stones [94]. Numerous studies are carried out to de-

termine factors contributing to the stone-free status after the operation. The first of

these studies, carried out by Ito et al. [94], shows that the number of stones, lower pole

stones, and the presence of hydronephrosis are predictive factors for the post-operative

stone-free status. In another study conducted by Tonyalı et al. [95], the use of UAS

is shown to be one of the most significant predictors for the prediction of stone-free

status after RIRS.

A string of scoring systems has been constructed to estimate the SFR after the

operation. Resorlu et al. [96] report a scoring system for the probability of stone

clearance. Later, Jung et al. establish a score that does not consider stone burden and
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numbers [97], although the stone burden is considered as an indispensable indicator for

the SFR [98, 99]. Xiao et al. [100] develop a more comprehensive scoring system that

takes the stone burden into account and ranges from 4 to 10.

As mentioned above, there are various studies in the literature regarding the laser

treatment of kidney stones. These studies are very diverse and cover topics such as laser

fibers, laser lithotripters and related complications, laser settings and techniques [101].

However, as far as we know, no study has been carried out to date, offering a specific

laser machine setting for each stone case. In this study, the pre-operative and some

peri-operative data belonging to patients, who come with the complaint of stone in

the urinary system are analyzed. Personalized laser settings are provided using data

mining techniques.
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3. METHODOLOGY

A regression problem is a prediction problem in which the dependent variable

is continuous quantitative variable. Estimating the price of a house based on some

characteristics of the house or estimating daily electricity consumption for a region are

examples for regression problems.

This study aims to determine patient-based machine settings for an RIRS oper-

ation to be completed successfully. An operation that ends in a stone-free status is

described as successful. Since the current dataset contains two parameters of machine

setting, i.e. power and frequency, two different predictions are made. For this purpose,

firstly, each observation in the dataset is labeled by the guidance of a field expert.

Observations with a successful treatment are labeled as “success”, while those that do

not satisfy the condition for a successful operation are labeled as “failure”. The labeled

observations are divided into two groups according to their success status. After this

phase, data mining algorithms are performed on these two subgroups. In other words,

two models have been constructed for each subgroup using a data mining method:

one for frequency and one for power setting estimation. Models trained on successful

cases and models trained on failed cases are expected to give different estimates for

machine settings. In conclusion, the constructed models’ predictions for the successful

(unsuccessful) completion of an operation are expected to be different.

In this section, forecasting methods that are used and evaluated in this thesis are

summarized.

3.1. Linear Regression

The linear regression method is used to estimate the value of a continuous variable

by the value(s) of other continuous and categorical variable(s). In this technique, a

linear mathematical model is used to explain the relationship between two (simple
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linear regression) or more variables (multiple linear regression).

Y = β0 + β1X1 + β2X2 + ...βpXp + ε (3.1)

where,


Y : dependent variable or target/response

Xi : independent variables

ε : error

In practice, β1, β2, ..., βp (so called regression coefficients) are not known and need

to be estimated from the given data. By using the estimated β̂1, β̂2, ..., β̂p, predictions

can be made by the following formula

ŷ = β̂0 + β̂1x1 + β̂2x2 + ...β̂pxp. (3.2)

Linear models are fitted by minimizing the sum of squared residuals between

fitted values and real values. β̂1, β̂2, ..., β̂p are chosen in such a way that they minimize

the RSS in Equation 3.3.

RSS =
n∑

i=1

e2i =
n∑

i=1

(yi − ŷi) =
n∑

i=1

(yi − β̂0 − β̂1xi1 − β̂2xi2 − ...− β̂pxip)2 (3.3)

3.2. Regression Tree

A decision tree is an efficient method for both the regression and classification

problems. It consists of a root node, a group of internal nodes, and a set of terminal

nodes. The basic concept is to split a complex decision into several simpler ones, which

may provide a more interpretable solution [102].
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A regression tree, which is a variant of decision trees, is an algorithm where the

target variable is continuous. On the contrary, when the target variable is discrete, it

is named a classification tree.

The process of creating a regression tree follows a greedy approach known as

binary recursive partitioning. In this process, all the observations that are initially

grouped into the same region are divided into separate regions by considering every

possible binary split on each variable (region). For the variable Xj and cut point c,

the region is partitioned as shown in Equation 3.4. The algorithm determines Xj and

c that yield the lowest residual sum of squares (RSS) (shown in Equation 3.5 where

ŷR1 and ŷR2 represent the mean of the output variable for the observations in R1(j, c)

and R2(j, c) respectively) [103]. The splitting rule is performed on each newly obtained

branch. This process continues until each node meets the conditions set by the user.

Nodes that satisfy user-specified conditions are called terminal nodes.

R1(j, c) = { X : Xj < c} and R2(j, c) = { X : Xj ≥ c} (3.4)

∑
i:xi∈R1(j,c)

(yi − ŷR1)
2 +

∑
i:xi∈R2(j,c)

(yi − ŷR2)
2 (3.5)

There are several parameters that may have an impact on the quality of predictions.

A few of these parameters are depth of the tree, the minimum number of samples re-

quired to split, and the minimum number of samples existing at a leaf node [104]. The

depth specifies the complexity of the tree. A deeper tree represents more splits and

catches more information about the data. The models created by trees with a high

depth fit perfectly to the training data, however, cannot generalize well for unseen data.
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Figure 3.1. Regression tree [8].

3.3. Random Forests

Random Forests are an advantageous ensemble learning method that can be used

for both classification and regression problems. Bootstrap aggregating method (bag-

ging) is utilized for building a series of trees. During the building of these trees,

Random Feature Selection method comes into play. Random Feature Selection decor-

relates trees by splitting each node based on a random sample of m predictors chosen

from the complete set of M predictors. In this manner, RF provides an improvement

over bagging.

A process, called voting, is carried out to forecast a new instance. For regression

problems, the average of prediction of each tree is taken as the ultimate estimate, while

the majority vote for classification problems is chosen as the final result. Figure 3.2

briefly explains the prediction process of the random forest algorithm.
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Figure 3.2. Simple random forest model [9].

The number of trees, the number of observations per leaf node, and the number

of features used for splitting are several of the significant parameters set by users.

The “number of trees” parameter indicates the number of trees to be constructed.

Each tree is a different learner created using a different part of the training set and

different feature list. The “number of observations” parameter specifies the minimum

number of observations at a leaf node. If the resulting split node would be less than

this value, a node cannot be split further. Larger values result in smaller trees and

less computational time. Setting this value smaller results in larger trees and higher

computational time. Additionally, keeping the node size small may cause over-fitting.

The “number of features” parameter determines the number of features to be considered

for splitting at each node.
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3.4. Boosting Tree

Boosting is an ensemble method that seeks to improve prediction power by build-

ing a strong learner from a set of weak learners. The idea of this method is to train

weak models sequentially, each attempts to compensate for the weakness of its prede-

cessor. Observations that are misclassified or with large residual errors in the former

iteration are re-weighted to upgrade the performance of the simple base-learner [105].

The ensemble output is the weighted sum:

Ŷ (x) =
∑
t

wtht(x) (3.6)

where,

ht(x) : output of tree t

wt : weight of tree t relative to its accuracy

Figure 3.3. Schema of AdaBoost, which is the original version of boosting [10,11].
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Gradient Boosting is a method that combines boosting and gradient descent

algorithm. Unlike AdaBoost, which adjusts the sample weights at each iteration, this

strategy utilizes the gradient descent algorithm to minimize the errors in sequential

models. The final prediction is obtained by summing up the prediction of all trees.

There are some important parameters to be adjusted such as interaction depth,

number of trees, learning rate, etc.

• Interaction depth: It stands for the number of splits in each tree so that it controls

the complexity of the boosted ensemble. It also specifies the maximum number

of variables to be interacted during these splits. When the depth simply equals

to one, each tree performs only one split and only one variable is included. When

the depth is greater than one, more than one split is observed in each tree.

• The number of trees: It represents the number of trees in the forest. Each tree is

constructed sequentially in order to model the residuals from the previous learner.

More trees can provide better learning. However, depending on the magnitude

of this parameter, the training process may slow down.

• Learning rate: This parameter stands for the contribution of each tree to the

model. The small value of this parameter necessitates a very large number of

trees to accomplish a good performance, whereas larger values result in over-

fitting and require less computational time.
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Figure 3.4. Gradient Boosting iterations [12].

XGBoost that stands for the Extreme Gradient Boosting is an enhanced version

of the gradient boosting algorithm in terms of performance and speed. The goal of the

XGBoost method is to minimize the following objective function:

O(x) =
∑
i

l(ŷi, yi) +
∑
i

Ω(ft) (3.7)

where l(ŷi, yi) represents the distance between the truth and the prediction of the i th
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sample, and Ω(ft) stands for the regularization function that penalizes the complexity

of the t th tree to avoid over-fitting [106]. Since the standard gradient boosting does

not provide regularization, XGBoost is known as “regularized boosting” [107].

Figure 3.5. Evolution of XGBoost [13].
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4. EXPERIMENTS

In this study, statistical software R has been used for data analysis and model im-

plementation. For regression analysis, the “caret” package is used with methods back-

ward and forward stepwise regressions. The packages rpart and tree, randomForest,

xgboost are utilized for regression tree, random forest, and XGBoost methods, respec-

tively.

4.1. Data

Between October 2013 and December 2016, the f-URS procedures for the treat-

ment of urinary tract stones are retrospectively analyzed.

The variables used in the analysis are shown in Table 4.1.
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Table 4.1. Variables considered for analysis.

Pre-operative variables Intra-operative variables

Age Type of anesthesia

Gender Patient position

Weight(kg) UAS length

Height(cm) UAS thickness

ASA score UAS placement level

Patient’s complaint Guidewire

Previous treatment Semi-rigid URS

Stone history of patient Stone opacity

Stone history of patient’s family Lithotripsy technique

Comorbidity Residual stone size (if observed)

Additional urinary system disease Laser probe thickness

Pre-operative hydronephrosis Power (Laser setting)

Pre-operative urinary culture Frequency (Laser setting)

Anticoagulant-Antiaggregant use

Pre-operative antibiotic use

Pre-operative DJ stent

Pre-operative WBC

Pre-operative hemoglobin

Pre-operative radiological imaging technique

Maximum hounsfield units

Surgical site

Stone location

Number of stones

Stone size (sum of long axes)
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4.1.1. Data Preprocessing

Data serves as the backbone for data mining and knowledge discovery. However,

real-world data is generally not presented in a convenient format for data mining ap-

plications. Even if the data is stored in a database, it can be cumbersome to extract

the right data from the database.

Data cleaning refers to the transformation of raw data into a useful and efficient

format. In most data mining studies, the most time-consuming part is data cleaning

and data organizing. Research shows that data preparation accounts for about 80% of

the total time spent on the entire data mining process [108].

Observing missing values in a dataset is a commonly encountered problem in

many real-world datasets. A dataset may contain missing values for various reasons,

and this may lead to problems for in-depth analysis. Therefore, many alternative ap-

proaches for handling the missing data have been developed. One way to overcome the

missing data problem is to discard the observations that contain missing data. How-

ever, this approach entails the risk of losing data points with important information.

For this reason, it may be more beneficial to infer the missing values from the existing

part of the data. This strategy is referred to as missing data imputation.

In the pre-processing stage, firstly, each observation is labeled by the instructions

of a field expert. The instances with the residual stone observed at the end of the

operation are labeled as “failure”, while those with stone-free status as “success”.

Three different approaches are applied to the missing data:

(i) List-wise Deletion

Elimination of observations containing one or more missing values turns the orig-

inal dataset with 1166 observations into a dataset containing 135 failures and 360

successes. This dataset is referred to as Dataset 1 in the rest of the document.

(ii) Imputation with Multiple Imputation by Chained Equations (MICE)
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Instead of imputing a single value for a missing entry, which is the case in the

single imputation method, the multiple imputation (MI) method attempts to im-

pute multiple values for the missing entry. Thus, it narrows the bias by providing

several different options for the missing value. Several versions of the same data

created for the missing values are combined to obtain the ultimate prediction.

MICE, sometimes referred to as “sequential regression multiple imputation” [109],

is a special version of the MI. In this approach, each variable containing the miss-

ing value(s) is treated as the dependent variable and regressed on some or all of

the remaining variables. It is preferred for the cases where missing values are

observed in several variables [110].

In this study, the “mice” package in R statistical software is utilized for imputa-

tion. The mice-imputed version of the raw dataset containing 1166 observations

consists of 871 successes and 295 failures. This dataset is referred to as Dataset

2 in the rest of the document.

(iii) Step-by-step Imputation with KNN

In this approach, the observations with a missing value ratio greater than 30%

are ignored. The resulting dataset is divided into two parts:

Dm: The set containing instances in which at least one of the variables is missing.

Dc: The set containing instances with complete variables.

Then, the following steps are carried out:

(a) For each observation s in Dm:

Divide the observation s into two parts as s = [so, sm], where sm represents

missing variables, and so indicates the complete ones.

(b) Select the instance with the least number of missing values from Dm.

(c) Calculate the distance between the so and all observations in Dc. During

the calculation of distances, use only variables in the observation vectors Dc

which are observed in vector s.

(d) Identify the five closest observations. If the missing attribute is continuous,

replace the missing value with the mean of the attribute values found for

the 5-nearest neighbors. For the categorical ones, implement the majority
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voting method.

(e) Include the observation in the Dc.

(f) Carry out the steps (b)–(e) until no observations remain in Dm.

The KNN-imputed version of the raw dataset contains 1142 observations, con-

sisting of 854 successes and 288 failures. This dataset is referred to as Dataset 3 in the

rest of the document.

The methods for missing data imputation stated above are implemented in ac-

cordance with the need. Several descriptive statistics related to machine settings for

each of the aforementioned datasets can be seen in Table 4.2.

Table 4.2. A few descriptive statistics for constructed datasets.

Dataset 1

(List-wise deletion)

Dataset 2

(MICE)

Dataset 3

(KNN imputation)

Power

min 0.60 0.10 0.40

max 3.00 3.00 3.00

mean 1.59 1.49 1.52

sd 0.64 0.64 0.60

Frequency

min 1.00 1.00 1.00

max 20.00 20.00 20.00

mean 9.81 11.21 10.35

sd 2.67 4.57 3.62

# of observations 495 1166 1142

4.1.2. Model Implementation

For almost all methods, there exist parameters to be set to appropriate values.

The number of parameters depends on the method. In this study, the default values are

used as initial parameter values. Then, the parameter tuning procedure is performed

by 10-fold cross-validation. Root Mean Square Error (RMSE) and Normalized Root
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Mean Square Error (NRMSE) are used as performance measures.

RMSE =

√∑n
i=1(yi − ŷi)2

n
(4.1)

NRMSE =
RMSE

ymax − ymin

(4.2)

where ŷi and yi represent the predicted and observed value, respectively.

The missing data is first handled using the “mice” package. Thereafter, regression

tree and linear regression methods are applied to Dataset 1 (list-wise deleted) and

Dataset 2 (MICE-imputed). For the first stage only, the datasets are not separated

into two subgroups as test set and training set. The results of these two methods are

shown in Table 4.3.

Table 4.3. The RMSE and NRMSE values for each machine setting.

Dataset 1 Dataset 2

(List-wise deletion) (MICE)

Method RMSE NRMSE RMSE NRMSE

Linear Regression

Success-Power 0.44 0.18 0.44 0.18

Success-Frequency 1.92 0.10 2.93 0.15

Failure-Power 0.55 0.23 0.46 0.19

Failure-Frequency 2.51 0.13 3.14 0.17

Regression Tree

Success-Power 0.36 0.15 0.43 0.18

Success-Frequency 1.75 0.09 2.77 0.15

Failure-Power 0.35 0.15 0.38 0.16

Failure-Frequency 1.97 0.10 2.71 0.14
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As can be seen in Table 4.3, list-wise deleted dataset yields better results than the

mice-imputed dataset in terms of RMSE values. For this reason, another imputation

method called step-by-step KNN imputation method (mentioned above) is applied.

The obtained results are listed in Table 4.4.

Table 4.4. The RMSE and NRMSE values for each machine setting.

Dataset 1 Dataset 2 Dataset 3

(List-wise deletion) (MICE) (KNN)

Method RMSE NRMSE RMSE NRMSE RMSE NRMSE

Linear Regression

Success-Power 0.44 0.18 0.44 0.18 0.44 0.18

Success-Frequency 1.92 0.10 2.93 0.15 2.87 0.15

Failure-Power 0.55 0.23 0.46 0.19 0.49 0.20

Failure-Frequency 2.51 0.13 3.14 0.17 2.74 0.14

Regression Tree

Success-Power 0.36 0.15 0.43 0.18 0.42 0.18

Success-Frequency 1.75 0.09 2.77 0.15 2.50 0.13

Failure-Power 0.35 0.15 0.38 0.16 0.34 0.14

Failure-Frequency 1.97 0.10 2.71 0.14 2.21 0.12

Although Dataset 3 yields better RMSE values compared to Dataset 2, it is still

not as good as Dataset 1 which is obtained by the list-wise deletion method. Therefore,

after this stage, Dataset 2 is excluded from the process. The study is continued using

Dataset 1 and Dataset 3. In addition to linear regression and regression tree, XGBoost

and random forest methods are applied to the available datasets.

For extreme gradient boosting method, model performances are tested by evalu-

ating different values of max depth (interaction depth), learning rate (eta), and number

of trees (nrounds), as can be seen in Table 4.5.
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Table 4.5. Parameter values of the XGBoost method.

Parameters Values

Interaction Depth (max depth) 1, 3, 5, 7

Learning Rate (eta) 0.01, 0.02, 0.03, 0.05, 0.1, 0.2, 0.3

Number of Trees (nrounds) 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000

For random forest, three parameters are estimated: number of trees, number of

predictors for each tree, and node size. These parameters are searched over the values

shown in Table 4.6.

Table 4.6. Parameter search for random forest.

Parameters Values

Number of trees 200, 250, 300, 500

Number of predictors for each tree 10, 12, 15

Node size 3, 5, 10

As a result of the applied methods, the results shown in Table 4.7 are obtained.



34

Table 4.7. The RMSE and NRMSE values for each machine setting.

Dataset 1 Dataset 3

(List-wise deletion) (KNN)

Method RMSE NRMSE RMSE NRMSE

Linear Regression

Success-Power 0.44 0.18 0.44 0.18

Success-Frequency 1.92 0.10 2.87 0.15

Faiure-Power 0.55 0.23 0.49 0.20

Faiure-Frequency 2.51 0.13 2.74 0.14

Regression Tree

Success-Power 0.36 0.15 0.42 0.18

Success-Frequency 1.75 0.09 2.50 0.13

Faiure-Power 0.35 0.15 0.34 0.14

Faiure-Frequency 1.97 0.10 2.21 0.12

Random Forest

Success-Power 0.17 0.07 0.17 0.07

Success-Frequency 0.91 0.05 1.16 0.06

Faiure-Power 0.21 0.09 0.21 0.09

Faiure-Frequency 1.12 0.06 1.31 0.07

XGBoost

Success-Power 0.46 0.19 0.36 0.10

Success-Frequency 0.21 0.01 5.24 0.28

Faiure-Power 0.16 0.07 0.55 0.23

Faiure-Frequency 0.89 0.05 1.75 0.09

4.1.3. Implementation of Established Models on Unseen Observations

The following steps are performed for both Dataset 1 and Dataset 3 in order

to see the machine settings prediction power of the models and their differentiation

capability.

(i) Divide Dataset 1 into two subgroups, “success” and “failure”.

(ii) Select five observations randomly from the subgroup “success” (“failure”), and

exclude them from the subgroup. Apply linear regression, regression tree, random

forest, and XGBoost methods using data remaining in this subgroup.

(iii) Apply regression tree, random forest, and XGBoost methods using data from the
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other subgroup “failure” (“success”).

(iv) Estimate settings for five observations that have been removed from the subgroup

“success” (“failure”) using models constructed on successful (failed) observations.

(v) Estimate settings for five observations that have been removed from the subgroup

“success” (“failure”) using models constructed on failed (successful) observations.

(vi) Compare the results.

As can be seen in Figures 4.1, 4.2, 4.3, and 4.4, there is not a significant difference

between predictions of models trained on the “success” cases and models trained on

the “failure” cases. In other words, the differentiation capability of the models is not

as strong as expected.
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There are two potential reasons why the analysis does not yield satisfactory re-

sults. The first and more important one is that the raw dataset contains a significant

amount of missing data. The dataset obtained as a result of removing incomplete obser-

vations contains 135 “failure” and 405 “success” observations. The obtained dataset,

called Dataset 1, contains relatively few data for data mining problems. Therefore,

it is possible that the desired degree of learning from the data cannot be achieved.

The other possible reason is that the step-by-step imputation method with KNN is

problematic. This can explain why the models trained on Dataset 3 do not provide the

expected prediction success.

4.2. Synthetic Data Generation

In order to overcome the obstacles stated in the previous section, synthetic data

generation is considered as an alternative. In the process of synthetic data generation,

a package called “synthpop” is utilized. This package enables users to create synthetic

versions of an original dataset. In this tool, variables are synthesized one-by-one.

Synthetic values are generated by taking the advantage of conditional distributions

fitted to the original data using CART (Classification and Regression Trees) as default.

The basic steps followed in the synthpop package are illustrated in Figure 4.5.
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Figure 4.5. Basic synthpop process [14].

The “utility.gen” function in the package allows users to compare generated

dataset with the original dataset using propensity scores. Propensity scores repre-

sent the probabilities of group memberships. To use this score as a quality indicator, it

is needed to model group membership between the original and the synthetic data to

obtain a prediction of differentiation. Small differentiation relates to high distributional

similarity between the original and synthetic data [15]. The propensity score approach
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proceeds as described in Figure 4.6. The method can be assumed as a classification

problem where the expected result is poor classification.

Figure 4.6. The propensity score method [15].

The mean squared difference between propensity scores p̂i (calculated for each

row of the dataset which is the combination of the original data and the synthetic

data) and the actual proportion of the synthetic data c yields a utility statistic which

is referred to as propensity score mean-squared-error (pMSE). The pMSE value near

zero indicates a small differentiation between the original data and the synthesized

data, where the value of zero is obtained in the state of the identicalness of the original

data and the synthetic data [15].

Another function offered in the package is “compare”, which compares synthesized

dataset with the original dataset using the frequency distribution of each variable. The

comparison is provided in both tabular and graphic form.

Since Dataset 1 yields the lowest RMSE values compared to the Dataset 2 and

Dataset 3 (as seen in Tables 4.4 and 4.7), a synthetic dataset is decided to be generated

based on Dataset 1. To do this, firstly, observations in Dataset 1 are divided into

two subgroups according to their labels “success” or “failure”. Based on these two

subgroups, two synthetic datasets are generated: one for the success cases, the other

for the failures as illustrated in Figure 4.7.
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Dataset 1 (n=495)

Subgroup 1 (n=360)
(observations with label “success”)

Subgroup 2 (n=135)
(observations with label “failure”)

Synthetic version of subgroup 1 
(n=10000)

Synthetic version of subgroup 2 
(n=10000)

Figure 4.7. Synthetic data generation.

Comparison of synthetic and original datasets for each “success” and “failure”

observations are shown in Figure 4.8 and 4.9, respectively. As the figures suggest,

synthetic data and original data follow a similar distribution pattern in terms of variable

frequency.

Another function offered in the package is “utility.gen”, which enables users to

assess the quality of the synthetic datasets. When this function is applied to each

synthetic dataset, pMSE values are found to be 0.03 and 0.01 with p-values < 0.0001,

respectively. These results indicate insignificant difference between the original and

synthesized dataset.
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4.2.1. Model Implementation on Synthetic Dataset

In this section, the previous methods are applied for synthesized datasets. The

models trained on synthetic datasets are tested on their original versions.

For extreme gradient boosting method, model performances are tested by evalu-

ating different values of max depth (interaction depth), learning rate (eta), and number

of trees (nrounds) as can be seen in Table 4.8).

Table 4.8. Parameter values of XGBoost method.

Parameters Values

Interaction Depth (max depth) 1, 3, 5, 7

Learning Rate (eta) 0.01, 0.02, 0.03, 0.05, 0.1, 0.2, 0.3

Number of Trees (nrounds) 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000

For random forest, three parameters are estimated: number of trees, number of

predictors for each tree, and node size. These parameters are searched over the values

shown in Table 4.9.

Table 4.9. Parameter search for random forest.

Parameters Values

Number of trees 200, 250, 300, 500

Number of predictors for each tree 10, 12, 15

Node size 3, 5, 10

After the determination of the best parameter combinations, the obtained models

are tested on the original datasets. RMSE and NRMSE are used as performance

measures.
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RMSE =

√∑n
i=1(yi − ŷi)2

n
(4.3)

NRMSE =
RMSE

ymax − ymin

(4.4)

where ŷi and yi represent the predicted and observed value, respectively.

Tables 4.10 and 4.11 summarize the results of models constructed on synthetic

datasets for the prediction of “original success” and “original failure” datasets, re-

spectively. The results indicate that the random forest method yields better results

compared to the other methods. Furthermore, models trained on success cases and

models trained on failure cases provide different estimates for machine settings.
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5. CONCLUSION

The main motivation of this study is to determine patient-based machine set-

tings for successful completion of an operation using the Retrograde Intrarenal Surgery

(RIRS) method. In order for an operation to be considered as successful, a stone-free

status must be observed at the end of the operation. Based on this definition, observa-

tions in the dataset provided by the urology department of İstanbul Medipol University

Hospital are labeled by the guidance of a field expert. Following this labeling process,

the dataset is divided into two subgroups: observations with the label “success”, and

observations with the label “failure”.

At the beginning of the study, it is aimed to establish models using various data

mining methods on these two groups for machine setting estimations. Models trained

on successful cases and on failed cases are separately expected to give different estimates

for machine settings since the datasets on which they are trained are different. However,

the expected results are not obtained. Two things have been considered as potential

reasons for the failure to achieve the expected goal. The most important of these is

that the raw dataset contains a significant amount of missing entries. Thus, the desired

degree of learning from the data could not be achieved. The other possible reason is

the failure of imputation methods.

As a different approach, it is decided to produce synthetic data based on the

original dataset. Models trained on synthetic data are tested on the original data.

The models that are trained on synthetic data yield better estimates. Furthermore,

the expectation of observing a difference between predictions of models constructed on

“success” cases and “failure” cases is met.

The dataset utilized during the study consists of information about a small num-

ber of patients. Besides, the dataset contains a significant amount of missing data.

Better results can be achieved with a more comprehensive dataset for a larger number

of patients.
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Ve Araştırma Merkezi, 2019.

70. Ulvik, Ø., T. Wentzel-Larsen and N. M. Ulvik, “A Safety Guidewire Influences the

Pushing and Pulling Forces Needed to Move the Ureteroscope in the Ureter: A

Clinical Randomized, Crossover Study”, Journal of Endourology , Vol. 27, No. 7,

pp. 850–855, 2013, https://doi.org/10.1089/end.2013.0027.
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