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ABSTRACT 
 

PRESUMPTION OF COMPLEX APPENDICITIS IN CHILDREN AND 

PREDICTING WITH MACHINE LEARNING ALGORITHMS 

 

Taha Eren Sarnıç 

Master of Science, Applied Data Science 

Supervisor: Assoc. Prof. Dr. İbrahim Ünalmış 

Co-Supervisor: Dr. İnan Utku Türkmen 

August, 2021 

This study aims to understand the complexity of appendicitis which is frequently seen 

in children and predict the presence of the disease based on several blood test values. 

The analysis is conducted among children that have abdominal pain and who are under 

18 years old. Descriptive statistics demonstrated that there are differences and 

correlations between the red blood cell, thrombocyte, and c-reactive protein values 

which are potentially significant explanatory for the machine learning algorithms to 

capture, explain and predict the disease. Basic and most used linear, non-linear, and 

tree-based algorithms are used to predict both the existence of appendicitis and 

complex appendicitis in patients. A total of 71 models are created through the study 

and compared via classification model performance metrics. The best performing 

algorithm outperformed the Alvarado Score, pediatric appendicitis score (PAS), and 

RIPASA scores which are clinical scoring systems used to diagnose acute appendicitis 

in children. With the use of such a tool, unnecessary medications and surgeries can be 

avoided. 

 

Keywords: Acute Appendicitis, Machine Learning, Alvarado Score, Pediatric 

Appendicitis Score (PAS), RIPASA Score  
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ÖZET 
 

ÇOCUKLARDAKİ KOMPLEKS APANDİSİTİ ANLAMA VE MAKİNE 

ÖĞRENMESİ ALGORİTMALARIYLA TAHMİN ETME 

 

Taha Eren Sarnıç 

Master of Science, Uygulamalı Veri Bilimi 

Tez Yöneticisi: Doç. Dr. İbrahim Ünalmış 

Ortak Tez Yöneticisi: Dr. İnan Utku Türkmen 

Ağustos, 2021 

Bu çalışmanın amacı, çocuklarda sık görülen hastalıklardan biri olan apandisit 

hastalığındaki kompleksiteyi anlama ve hastalığı bazı kan değerlerine göre 

sınıflandırmaktır. Analiz, karın ağrısı şikayeti olan ve 18 yaşından küçük çocuklar 

arasında yapılmıştır. Çalışmada gerçekleştirilen betimsel istatistikler, kırmızı kan 

hücreleri, trombosit ve c-reaktif protein değerleri arasında farklar ve ilişkiler olduğu, 

ayrıca, hastalığı anlama ve tahmin etmede kullanılabilecek potansiyel açıklayıcı 

değişkenler oldukları tespit edilmiştir. Literatürde en çok kullanılan temel doğrusal, 

doğrusal olmayan ve ağaç-tabanlı algoritmalar, apandisit ve kompleks apandisit 

hastalığının varlığını tespiti amacıyla kullanılmıştır. Toplam 71 farklı model kurulmuş 

olup, bu modeller sınıflandırma algoritmalarına özgü performans metrikleriyle 

kıyaslanmıştır. En iyi performansa sahip algoritma, akut apandisiti tespit etmede 

kullanılan alvarado, pediyatrik apandisit (PAS) ve RIPASA klinik skorlama 

sistemlerinden daha iyi sınıflandırmalar yaptığını göstermiştir. Bunun gibi bir aracın 

geliştirilip kullanımı, gereksiz ilaç ve ameliyat tedavilerin önüne geçilmesinde katkıda 

bulunabilir. 

 

Anahtar Kelimeler: Akut Apandisit, Makine Öğrenmesi, Alvarado Skoru, Pediyatrik 

Apandisit Skoru (PAS), RIPASA Skoru 
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1. INTRODUCTION 
1.1. Motivation 

Acute appendicitis is one of the most frequently observed abdominal pathology in 

children (Pagane & Rothrock, 2000; Omari et al., 2014). It is seen as the most common 

emergency abdominal surgery made in children, which if appendicitis perforates, both 

morbidity and mortality are increased (Frush et al., 1992). The rates are 1-5% for 

mortality and 10% for morbidity in children (Ashdown et al., 2012; Atema et al., 

2015). With the improvements in the medical field, these rates stated above can be 

interpreted as high. 

Beginning with the meaning of appendicitis, which is known with the acute abdominal 

pain as the major sign in both children and the elderly, is the inflammation of the 

appendix that protects from the colon, which is placed in the lower right side of the 

abdomen (Birnbaum & Wilson, 2000; Humes & Simpson, 2006). The main causation 

for the acute appendicitis situation is unknown but, the probable reasons are familial, 

dietary, and luminal obstruction (Bowen, 1943). Since the source of the inflammation 

in the appendix is not known, any human being can have a chance of facing this issue. 

The study conducted by Addiss et al. (1990) found that in every estimated 1 million 

hospital visits for a year, there is an appendiceal issue in 250,000 patients in the United 

States every year (Addiss et al., 1990). This means that with acute abdominal pain, a 

person can have a potentially inflamed appendix.  

 

Abdominal pain is the most common presenting symptom in patients diagnosed as 

acute appendicitis in the hospitals' emergency departments, which are defined as acute 

abdomen. There are accompanying symptoms such as fever, vomiting, poor feeding, 

dysuria, constipation, diarrhea, upper and lower respiratory symptoms, body 

temperature, irritability or lethargy, ear, nose, and throat infection, altered bowel 

sounds, maximal tenderness, peritoneal signs, and rectal tenderness (Rothrock et al., 

1991). These symptoms and complaints are confusing with the differential diagnosis 

since most of them can be seen in other diseases or infections. 

An ultrasound scan is a tool that is used in the differential diagnosis of acute abdomen. 

The study conducted by Frush et al. (1992) showed that among 70 children patients, 

ultrasound scans were able to catch 31 appendicitis patients and 33 with no 
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appendicitis at follow-up correctly. The remaining six patients were misdiagnosed 

(Frush et al., 1992). The differential diagnosis includes but is not limited to mesenteric 

adenitis, ileitis, Crohn's disease, intussusception, and Burkitt lymphoma. This shows 

that patients with suspected acute appendicitis may have other diseases, making acute 

appendicitis a complex problem. 

Besides abdominal pain and following signs such as vomiting, guarding, tenderness, 

or right lower quadrant (RLQ) pain (Reynolds & Jaffe, 1992), some studies are 

conducted in terms of considering complete blood count (CBC) test parameters as 

explanatory variables in diagnosing appendicitis (Bozkurt et al., 2015; Z. Fan et al., 

2015; Kucuk & Kucuk, 2015; Yardımcı et al., 2016). In these studies, CBC test 

parameters are compared between patients and controls to find significant differences 

in the two groups. Since appendicitis is considered an inflammatory incident and there 

is an appendicitis inflammatory response score used in diagnosing appendicitis (M. 

Andersson & Andersson, 2008), CBC test parameters are worth exploring, which also 

indicates the inflammation in a human body. CBC tests are considered the initial 

routine start and contain an important set of indicators for examining patients who 

register for emergency departments (Journal, 2007). It takes around 23 to 28 minutes 

for the reporting of CBC count stat test, and around 30 to 44 minutes for routine tests 

(J. W. Winkelman & Wybenga, 1994; James W. Winkelman et al., 1994). Depending 

on the computational power used to predict a patient’s acute appendiceal status using 

machine learning algorithms, this procedure will not take much time according to 

statistics given above. Likewise, CBC test parameters, another test conducted by 

medical professionals is the C-reactive protein (CRP) test. The result of this test 

indicates several bacterial and viral infections. For example, higher CRP values such 

as serum CRP level above 100 mg/L can be related most likely with bacterial infections 

(Unit et al., 1991). Since it is associated with inflammation in the human body, CRP 

values of a patient are a potential explanatory variable in understanding acute and 

complex appendicitis, which will be examined in this study together with CBC test 

parameters in detail. 

In addition to physical and chemical signals such as abdominal pain and complete 

blood count parameters, several clinical scoring systems are developed to classify the 

patient acute appendicitis status in the medical literature. The first and the oldest 

scoring parameter is the Alvarado score, which takes several indicator symptoms into 
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accounts, such as abdominal pain migration, anorexia, nausea or vomiting, rebound 

tenderness, fever, leukocytosis, and neutrophilia (Alvarado, 1986). Other clinical 

scoring systems that are developed for predicting acute appendicitis and present 

broadly in literature are, modified Alvarado score (MAS) (Kalan et al., 1994), Pediatric 

Appendicitis Score (PAS) (Samuel, 2002), Appendicitis Inflammatory Response 

(AIR) score (Alvarado, 2018) and Raja Isteri Pengiran Anak Saleha Appendicitis 

(RIPASA) score (Chong et al., 2010). These are the most used scores in literature to 

predict acute appendicitis. Not limited to these scores, all developed clinical scoring 

systems require physical and chemical test results to calculate the scoring index 

(Alvarado, 2018). In this study, these clinical scores will not be used as explanatory 

variables since they can affect and dominate other explanatory variables such as CBC 

test parameters and CRP, which can cause misinterpretation of these complete raw 

blood and chemical test indicators and the relationships between the variables may 

disappear. However, since these scores are considered powerful indices in predicting 

acute appendicitis, models developed in this study will be compared with these clinical 

scoring indices by classification performance metrics. 

So far, several diagnosis methods are discussed, and potential explanatory variables 

are determined to explain and predict acute appendicitis. There can be patients with 

abdominal pain as the prior complaint that register to emergency departments. These 

patients can be diagnosed as acute appendicitis or not diagnosed as appendicitis. Other 

diseases or inflammations can be present rather than appendicitis, such as 

Gastroenteritis, upper respiratory infection, lower respiratory infection, or sepsis 

(Rothrock et al., 1991). If acute appendicitis is present, it can be in a complicated 

situation, for instance, appendicitis with contained perforation and with an abscess 

(Simillis et al., 2010), which the complex and diverse relationships between the 

variables can be captured, analyzed, and interpreted for the use of predicting acute and 

complex appendicitis in this situation. 

All of the discussions and statements above are the fuels for data science, which is the 

field of extracting valuable and usable information from data or sets of data. With the 

recent technological developments and the increased computational power, the use of 

data science sub-fields such as data mining and big data has been elevated (Dhar, 2013; 

Provost & Fawcett, 2013; Waller & Fawcett, 2013; Van der Aalst, 2016). Hence, 

medicine is one of the assertive candidates in using data and making decisions using 
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it (Tatonetti et al., 2012; Swan, 2013; Spruit & Lytras, 2018). This study will 

contribute to literature using data science tools to understand the relationships between 

the potential predictive variables and predict acute and complex appendicitis in 

children. 

When everything is considered, acute appendicitis in children is still a problem with 

mortality and morbidity rates present today, and misdiagnosing them can cause wrong 

treatment decisions (Rothrock et al., 1991; Frush et al., 1992; Doria et al., 2006). Since 

complete blood count and c-reactive protein tests are routine and cheap methods to 

obtain some data about the patient that shows up in the emergency department with 

abdominal pain, a machine learning algorithm that can predict and explain the acute 

appendiceal situation using this information can be beneficial for, the patient and 

medical professionals in terms of preventing unnecessary drug or surgical 

implementations which can be beneficial by means of economic and time costs of these 

procedures. Which are the goal and the major outcome of this study is to develop a 

predictive and powerful classification machine learning model that can capture the 

relationships between acute complex appendicitis and the CBC and CRP values of the 

patients. 

1.2. Outline of the Thesis 

From the second chapter on, this thesis will start with discussing different approaches 

for understanding, diagnosing, and predicting appendicitis. The stated chapter will 

include the literature review of the studies related to acute appendicitis and the studies 

that use machine learning models to predict diseases in the medical field. The literature 

review chapter can give a sense of appendicitis disease in general, different approaches 

for diagnosing appendicitis, and the predictive power of machine learning models in 

the medical field.    

After discussing the related studies and research in the area, chapter 3 will include the 

study's methodology. Data preprocessing for linear and distance-based models 

(Kotsiantis & Kanellopoulos, 2006; García et al., 2015), cross-validation (Schaffer, 

1993), and hyperparameter tuning (Bischl et al., 2016) strategies will be conferred. 

Afterward, some technical machine learning algorithms such as logistic regression, k-

nearest neighbors, support vector machines, decision trees, and random forest will be 
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explained to understand these methods' predictive capabilities. Finally, classification 

model performance metrics will be mentioned that are used in this study. 

To give a sense of the dataset and application, the data gathering process, variables in 

the dataset, applied data preprocessing methods, reasons for selected predictor 

features, and used machine learning algorithms will be explained in chapter 4. 

Chapter 5 will include the whole application and analytical results of the study. 

Starting with descriptive statistics and exploratory data analysis, some visualizations 

and tables reflecting the differences between the appendiceal and non-appendiceal 

patients will be provided. Chosen machine learning algorithms and variables that 

explain the appendiceal situation will be discussed commonly. The end of the chapter 

will consist of the machine learning algorithms’ classification performance metrics 

results and the performance metrics results for the best performing model versus the 

three clinical scoring systems' classification performance metrics. 

Chapter 6 will include an evaluation of the models created in terms of predicting the 

appendiceal status. The models will be evaluated with classification performance 

metrics such as accuracy, sensitivity, specificity, and area under the receiver operator 

curve rates. The best performing model will be compared with three clinical scoring 

systems: Alvarado, PAS, and RIPASA scores (Alvarado, 2018). The comparison will 

include the performance results of predicting the whole dataset and the performance 

results of predicting the clinical scoring systems’ misclassified observations with the 

best performing model and the vice versa scenario. 

In the last chapter, the conclusion and the future works that can be made will be 

discussed utilizing machine learning and artificial intelligence use in medicine and 

healthcare. The importance of catching up the technological and computational 

developments will be argued widely. Also, the significance of data-related works and 

the future of these works will be discussed in detail. 

2.  LITERATURE REVIEW 

In literature, studies that try to understand and diagnose appendicitis situation of the 

patients can be clustered into four groups. Diagnosing appendicitis via one to two 

blood test parameters is the most studied approach in literature. These studies are 

descriptive studies that detects cut-off values of one to two blood test parameters which 
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are determined with statistical analysis and inferences. Appendicitis situation of 

patients are predicted by depending on the found cut-off values of blood test 

parameters. 

Other group of studies that try to diagnose appendicitis situation of patients are the 

studies that take radiological results into account. In these studies, researchers are keen 

about the diagnosis performance of ultrasound and computed tomography (CT) images 

that are taken by radiology departments of hospitals. 

Third group includes studies that try to create scores or indices that determines the 

level of appendicitis of the patients. Since there are no clinical tests directly diagnosing 

the appendicitis or the level of the appendicitis, researchers thought of creating scores 

based on patients’ complaints, physical examination of doctors and complete blood 

count test results. The scores are formulated simply by checking the presencse of stated 

parameters. Higher scores are associated with appendicitis or complex appendicitis, 

lower scores are related with normal appendix. 

Last, there are studies that take machine learning approaches into account. The studies 

are based on creating machine learning models with predictors such as patients’ 

demogprahic features and complaints, blood test parameters and physical 

examinations of doctors. Studies also include creating multiple models with different 

algorithms and comparing predictive performances among these models. 

Studies that are made in these four approaches of diagnosing and predicting 

appendicitis situation of patients will be discussed in detail in the following 

subchapters. 

2.1. Complete Blood Count Results 

Several diagnostic procedures were developed till now for acute appendicitis. The 

most common signs are the central abdomen pain, vomiting, and the migration of the 

pain to the lower right part of the abdomen, which is considered as the historical verbal 

complaint of the patient, but this may be present in only 50% of the patients (Humes 

& Simpson, 2006). According to a meta-analysis of the clinical and laboratory 

diagnosis implemented by R. E. B. Andersson (2004), Losing appetite, constipation, 

and nausea are dominant diagnostic features. The same study suggests the strongest 

historical discriminator in diagnosing acute appendicitis as the migration of the pain 
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in the abdominal area. Since the patients' historic properties can not be the only 

indicator for deciding whether a patient has an inflamed appendix, some further 

investigations are needed in addition to the historical features of the patients. Another 

clinical diagnosis for acute appendicitis is to see the potential inflammation in the body 

with blood and urine tests. There is no laboratory test for directly determining acute 

appendicitis, so additional evidence of urine and blood test which can reflect the 

inflammation in the body, which can help for decisions (R. E. B. Andersson, 2004). 

Examining the complete blood test (CBC) and c-reactive protein test through 897 

patients with a potential appendiceal issue, a study done by Yang et al. (2006) found 

that in 740 patients who were diagnosed as having acute appendicitis, the neutrophil 

percentage and leucocyte count were linked with the degree of appendicitis when the 

higher values of these indicators are considered. The same study stated that the c-

reactive protein (CRP) concentration in burst appendicitis was dramatically higher 

when compared to patients with a normal appendix. The median CRP concentration 

level was 96.8 mg/L in patients with burst appendicitis and 39.6 mg/L in patients with 

a normal appendix. Besides these findings, median CRP concentration levels in 

uncomplicated appendicitis were lower when compared to patients with a normal 

appendix which is 24.1 mg/L in uncomplicated appendicitis and 39.6 mg/L in the 

normal appendix (Yang et al., 2006). Another study carried out by van Dieijen-Visser 

et al. (1991) resulted as if the C-reactive protein concentration, segmented leukocytes, 

and white blood cell counts were in normal range values, the patient is not likely to 

have acute appendicitis. The highest sensitivity1 with 99% was obtained with the cut-

off values of white blood cell count (WBC) greater than 10, CRP greater than 12, or 

segmented granulocytes greater than 70%. The highest specificity2 was 99% with the 

cut-off values WBC greater than 10, CRP greater than 12, and segmented granulocytes 

greater than 70% (van Dieijen-Visser et al., 1991). 

Rather than studies considering CRP, WBC, and leucocyte values, a study undertaken 

by Bilici et al. (2011) examined the mean platelet volumes (MPV) in diagnosing acute 

appendicitis in children. This pediatric study included 100 children as a control group 

and 100 children as acute appendicitis diagnosed group. They found a statistically 

 
1 The ratio of the correctly predicted presence of a disease in the observations that are having the 
disease (Hastie, 2009). 
2 The ratio of the correctly predicted nonpresence of disease in the observations that are not having the 
disease (Hastie, 2009). 
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significant difference between these two groups in terms of MPV values. The mean 

MPV (fL) was 8.90 in the control group and 7.55 in the acute appendicitis group. 

Another similar study carried out by Bozkurt et al. (2015) could not find any difference 

in MPV and CRP values between the non-appendicitis and appendicitis groups. 

However, they found statistically significant results regarding having higher WBC and 

neutrophil counts in acute appendicitis patients (Bozkurt et al., 2015). All the given 

studies above have some common or contradictory findings in terms of clinical 

laboratory results. These common, contradictory, and new findings will be argued and 

presented in this study in the upcoming chapters. The studies referred to above are 

considering descriptive statistics ranges of non-appendiceal patients' laboratory results 

as the reference guide to predicting acute appendicitis. This study will include the 

relationships and cut-off points with explainable machine learning models with high 

sensitivity, specificity, and ROC curve ratios. 

2.2. Radiological Results 

Appendicitis can be categorized as simple and complicated, where simple appendicitis 

is the one with an absence of abscess around the appendix or absence of perforation. 

In complicated appendiceal situations, these stated issues are present in the appendix 

(Humes & Simpson, 2006). To prevent negative appendectomy3, which causes the 

usage of the institution's resources insufficiently, the diagnostic procedures should be 

made carefully (Alhamdani et al., 2018). In addition to laboratory results, radiological 

results such as ultrasound and computed tomography scannings can be used to 

determine the appendiceal situation (Doria et al., 2006). Meta-analysis made by Doria 

et al. (2006) showed that in 26 studies covering 9356 patients, the average sensitivity 

for computed tomography (CT) was around 88%, and the average specificity was 

around 94% in children. When ultrasound (US) scannings are considered, around 94% 

sensitivity and around 95% specificity were present. However, in adults, the average 

diagnosing appendicitis sensitivity was around 83% and specificity was around 93% 

for US scans, and average sensitivity and specificity rates were around 94% for CT 

scans (Doria et al., 2006). Compared to historical and laboratory results, the predictive 

rates are higher in radiological results in diagnosing acute appendicitis. It is also clear 

that CT scannings are more predictive than US scannings while diagnosing acute 

 
3 When a patient has a normal appendix, but a surgical operation is done in terms of false or 
insufficient examination (Humes & Simpson, 2006). 
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appendicitis. A study undertaken by Balthazar et al. (1994) also claims that in 100 

patients included in the study, CT results performed better in diagnosing acute 

appendicitis than US results. Since the abnormal prospects such as thickened 

appendiceal walls in the appendiceal area can be seen through these images, 

diagnosing both simple and mostly complicated appendicitis can be made with these 

images (Balthazar et al., 1994). From the machine learning perspective, together with 

the clinical and historical variables of the patients, features that are extracted from 

these images can boost the model performance in terms of predicting the acute and 

complex appendicitis as well as training a large image dataset containing appendiceal 

and non-appendiceal instances using recent deep learning methods can classify acute 

appendicitis, which some example research papers will be presented in this chapter 

later on. 

2.3. Clinical Scoring Systems 

To continue diagnosing appendicitis, the absence of a clinical test to directly detect 

appendicitis was mentioned earlier. However, some clinical scoring systems are 

developed to help through diagnosing appendicitis. These scores can be thought of as 

indexes that can provide extra clues about the patient's appendiceal situation. The first 

developed score in this area was the Alvarado score (Alvarado, 1986). Alvarado (1986) 

developed this score using three symptoms, three signs, and two laboratory indicators 

which are migration of the pain, acetone-anorexia, vomiting-nausea (symptoms), 

tenderness in the right lower area, rebound pain, an increase of temperature (signs), 

and leukocytosis and shifting to the left (laboratory). With this study, Alvarado (1986) 

aimed to determine whether a patient should be observed more or the situation is 

surgical. Between the range of 1-10, scores of 9-10 indicate that there is a potential 

surgical situation and scores of 5-6 can indicate a compatible appendicitis situation, 

and scores of 3-4 can reflect that further examinations are needed, such as examining 

CT or US scans (Alvarado, 1986).  

Of course, the Alvarado score is not the only clinical scoring system developed in the 

literature. Pediatric appendicitis score, known as PAS, was developed by Samuel 

(2002) on top of Alvarado score, which resulted in tremendously high sensitivity, 

specificity, positive predictive value, and negative predicted values of 1, 0.92, 0.96, 

and 0.99, respectively. The only difference when creating the PAS index is replacing 
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rebound pain and increasing the temperature with other signs such as cough and 

hopping tenderness and pyrexia (Samuel, 2002). This score is one of the most 

competitive scores when classifying appendiceal situations in children. The results 

discussed in chapter 5 will show the accuracy of this score while predicting acute 

appendicitis.  

Another score that outperformed the Alvarado score was developed by M. Andersson 

& Andersson (2008), called appendicitis inflammatory response (AIR) score, which 

uses eight different explanatory such as vomiting, body temperature, right lower 

quadrant pain, muscular defense, rebound tenderness, neutrophils proportion, WBC 

and CRP (M. Andersson & Andersson, 2008). The study conducted by Andersson 

(2008) resulted in a ROC curve score of 0.97 for complex appendicitis and 0.93 for 

general acute appendicitis, which outperformed the scores of 0.92 and 0.88, 

respectively, with Alvarado. AIR score of 0-4 are categorized as follow-up patients 

which has the low probability of having acute appendicitis, the score of 5-8 is the 

intermediate group which needs active examination in the hospital, and the scores of 

9-12 reflect the high probability of surgical process for the removal of appendicitis (M. 

Andersson & Andersson, 2008). Comparing the development procedures of these 

indices, including laboratory test results such as CRP and WBC, yielded a better 

prediction ratio, making this laboratory test results in potential explanatory variables 

predicting acute and/or complex appendicitis.  

Last but not the least, study made by Chong et al. (2010) argues that the Alvarado 

score performed poorly in terms of sensitivity and specificity in the people living in 

Asian and Middle Eastern regions. They developed another score called Raja Isteri 

Pengiran Anak Saleha Appendicitis (RIPASA) score in which 15 different parameters 

were used, including parameters such as age and gender (Chong et al., 2010). Chong 

et al. (2010) found the optimal cut-off point as the score of 7.5, and considering this 

score, the accuracy of the diagnosis was 0.81. There are several studies in the literature 

that include these clinical scoring systems to predict appendicitis in children. One of 

these studies conducted by Macco et al. (2016) compared the predictive capabilities of 

Alvarado, AIR, and PAS scores in 747 children. Comparing them with an area under 

the receiver operator curve ratio, the best ratio was 0.9 with AIR score, followed by 

Alvarado with 0.87 and 0.82 for PAS; even the Pediatric Appendicitis Score was 

developed specifically for children (Macco et al., 2016). To sum up, all these scores 
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can give a sense of the appendiceal situation of a patient. However, most of the scores 

require laboratory test results to calculate the scoring index. An explainable machine 

learning algorithm can capture the relationships and cut-off points of the laboratory 

test results, providing potential and additional information about a patient with simple 

or complex appendicitis. These scores can also be used as explanatory variables in 

machine learning models; however, using them all at once or using them with other 

signs, symptoms, or laboratory test results can result in poor performances since they 

already contain several information about the patient, it can dominate other 

explanatory variables' effects on the appendicitis variable resulting in losing the 

potential information about an explanatory variable. Also, for linear algorithms, the 

assumption of multicollinearity can be violated. Including linear algorithms, if all the 

scores and laboratory results are used to predict the appendiceal situation, the 

algorithms can face the curse of dimensionality problem (Hastie, 2009). In this thesis, 

laboratory test results will be used in different scenarios. The best performing model 

will be compared with clinical scoring systems performance on the dataset used in this 

thesis. 

2.4. Machine Learning Approaches 

When all the diagnostic procedures stated above are taken into consideration, 

diagnosing appendicitis requires historical information about the patient, clinical tests, 

laboratory tests, physical examinations, the use of imaging technologies in the field of 

radiology, and the interpretation made by medical professionals based on some or all 

of these pieces of information. Since human activity is involved in making a decision, 

more evidence and information can result in better decisions, reducing the possibility 

of misdiagnosis of a disease. Nonetheless, a research made by Flum et al. (2001), 

among 63707 patients which the 84.5% were diagnosed as having acute appendicitis, 

even with the information gained from blood, urine, CT, and US scans, the 

misdiagnosis frequency of patients can lead to negative appendectomy did not change 

over time (Flum et al., 2001). According to Flum et al. (2001), the yearly 

misdiagnosing rate increased by 1% in women and 8% in the elderly over 65. 

Unnecessary treatments and surgical operations are costly for the patient, related 

institution, and the government. Mock et al. (2016) stated in their study that, in 180,958 

appendectomy registrations, the prevalence of negative appendectomy decreased, 

resulting in a decrease of cost of $2 million a year. Simultaneously, the cost for 
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perforated appendicitis increased from $70 to $72 million (Mock et al., 2016). All 

these situations are the cause of misdiagnosing and making wrong decisions. 

All the problems we have mentioned so far can happen with the lack of information 

and support of decision-making processes. The field of machine learning and artificial 

intelligence, which are the most popular sub-fields of data science, can support 

decision-makers in almost every area, and the field of medicine is one of the biggest 

candidates in the use of data and extracting usable decision making information from 

it. Today, with image recognition and deep learning, tasks such as image classification 

and object detection can be implemented (Krizhevsky et al., 2012; Z. Q. Zhao et al., 

2018; Y. Zhang et al., 2020) as well as texts can be understood with the researches and 

studies done in the field of natural language processing (NLP) and natural language 

understanding (NLU) (Devlin et al., 2019; Manning et al., 2014). Tasks such as these 

do not require any explainable information extracted from the model which these types 

of models are expressed as black-box machine learning models in the literature, and 

there are many studies made trying to explain the black-box models (Ribeiro et al., 

2016; Evans et al., 2019; McGovern et al., 2019; Q. Zhao & Hastie, 2021). Since these 

black-box models lack interpretability, the relationships between the explanatory and 

the dependent (predicted) variables can not be captured. Hence, resulting in not helping 

in terms of making decisions. Of course, these complex models 

are incontrovertible when predictive powers are taken into account. Depending on the 

task and the structure of the data, interpretable machine learning algorithms such as 

linear algorithms, decision trees, and algorithms that can give feature importance 

information such as tree-based bagged and boosting algorithms can provide decent 

performance in terms of predictive power. Since the relationships can be interpreted, 

it can give extra pointers to a decision-maker. A study undertaken by Watson et al. 

(2019) summarizes the key points of usage of interpretable machine learning models 

as that making correct predictions are important as well as the reasoning of the 

prediction. They also are like-minded in that machine learning models can increase the 

capabilities of diagnosing a disease. For scientific and legal reasons, doctors and 

patients need to understand the reason for the prediction (diagnosis) made by the 

machine learning algorithm (Watson et al., 2019). 
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2.4.1. Machine Learning Studies in Medical Field 

Mentioning machine learning and artificial intelligence applications, there are plenty 

of studies made in the medical field for diagnosing different types of diseases. 

Temurtas (2009) conducted a study to predict three thyroid disease classes consisting 

of normal, hyper, and hypo in 215 patients using neural networks. He built six different 

neural network models, and the best performing model had a 94.81% accuracy (F. 

Temurtas, 2009). Since there were 150 normal patients in the dataset, the model could 

have a potential bias towards predicting these classes, and other performance metrics 

such as sensitivity, specificity, and area under the receiver operator curves could give 

a better sense of the model performance. Another research implemented by Wroge et 

al. (2019) tried to predict Parkinson's Disease using different machine learning 

algorithms. The best performing model resulted in 85% accuracy, which was higher 

than the clinical diagnosis of 73.8% accuracy (Wroge et al., 2019). Average 

performance scores that are coming from cross-validation were higher in 

precision4  when compared to recall, which use of subsampling technique could boost 

recall5 rate together with an overall accuracy of the model (Vluymans, 2019). The 

study carried out by H. Temurtas et al. (2009) was able to predict diabetes with the 

accuracy with 82.37% with Levenberg–Marquardt (LM) neural network structure, 

which the dataset included demographic and some blood test results of the patients (H. 

Temurtas et al., 2009). A recent study implemented by Maghdid et al. (2020) took 

images from 5 different sources and used pre-trained AlexNet6 and their own 

convolutional neural network model (CNN) to diagnose pneumonia caused by Covid-

19 infection (Maghdid et al., 2020). They compared the results of 2 models both in CT 

and X-ray image data. AlexNet neural network architecture performed higher with an 

accuracy of 98% in terms of detecting pneumonia when compared to the CNN model 

created by Maghdid and his friends in X-ray images. However, in CT images, the CNN 

model performed in much higher accuracy when compared to AlexNet with 94.1% 

versus 82% (Maghdid et al., 2020). In this thesis, both black-box algorithms such as 

support vector machines (SVM) and k-nearest neighbors (KNN) algorithms and 

 
4 Correctly predicted positive class rate in instances that are predicted as positive (Hastie, 2009) 
5 Correctly predicted positive class rate in all actual positive classes (Hastie, 2009) 
6 Name of a neural network architecture (Krizhevsky et al., 2012) 
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interpretable algorithms such as logistic regression, decision trees, and tree-based 

ensemble methods will be used to classify the appendicitis situation of the patients. 

2.4.2. Machine Learning Studies in Predicting Appendicitis 

So far, the importance of machine learning models which can help in decision making 

have been discussed, and several machine learning and artificial intelligence-based 

studies conducted in the medical field were cited to give a sense of data-enabled 

studies. There are machine learning and artificial intelligence-based research and 

studies to predict acute and complex appendicitis. A study carried out by Hsieh et al. 

(2011) compared three different algorithms, which are random forest, support vector 

machines, and neural networks. Explanatory variables used in models were migration 

of pain, anorexia, rebounding pain, diarrhea, progression of pain, right flank pain, 

which are the binary7 variables, and body temperature, WBC, and neutrophil 

percentage were the continuous variables to classify appendicitis in 180 patients with 

the mean age of 39.4 years. According to the study, the random forest algorithm 

outperformed other algorithms with 0.98 area under the receiver operator curve ratio 

and 0.94 sensitivity and 1.0 specificity (Hsieh et al., 2011). Another research made by 

Akmese et al. (2020) compared seven different machine learning algorithms in terms 

of classifying whether a patient with appendicitis should have a surgical operation or 

not. The predictor variables were complete blood count test results together with the 

gender of the patient. The ensemble method of gradient boosted trees algorithm 

outperformed the other six algorithms with an accuracy rate of 95.31% on the test set 

(Akmese et al., 2020). There are also two studies involving CT scan image data from 

suspected appendicitis patients (Park et al., 2020; Rajpurkar et al., 2020). Rajpurkar et 

al. (2020) developed a 3D deep learning model only with 438 training images, which 

with the pre-trained weights on video images, the model developed, performed a 0.810 

AUC on the independent test set (Rajpurkar et al., 2020). Park et al. (2020) developed 

a CNN architecture with a CT scan images dataset of 215 patients with appendicitis 

and 452 patients with a normal appendix which the average accuracy from the 8-fold 

cross-validation was 91.5%, average specificity was 92%, and average sensitivity was 

90.2% (Park et al., 2020).  

 
7 Categorical variables encoded as one if the situation is present and 0 if not. 



15 
 

3. METHODOLOGY 

This thesis includes exploratory data analysis and creation of machine learning models 

to predict appendicitis siutations of the patients. Before, creating models, different 

types of data preprocessing methods have been implented in order to ensure the 

machine learning algorithms to work efficiently. 

Starting with the preprocessing strategies used in dataset and continuing with machine 

learning algorithms and performance metrics, theories and formulas related to the 

stated concepts will be given in this chapter. 

3.1. Data Preprocessing 

Data preprocessing is essential for machine learning algorithms to function efficiently. 

Both for prediction of appendicitis and non-appendicitis patients and simple and 

complex appendicitis patients, the same preprocessing strategies are implemented. 

However, while creating models for the prediction of simple and complex appendicitis 

patients, an extra subsampling algorithm has been implemented in order to overcome 

the class imbalanced situation present in dataset. 

3.1.1. Preprocessing for Classification of Acute Appendicitis 

Different scales and outliers of potential predictor variables can effect the performance 

of linear and distance-based models. To reduce the outliers' effect in distance-based 

models and fulfill the assumptions of linear models, a Yeo-Johnson power 

transformation of the variables is implemented (Kay & Little, 1987; Weisberg, 2001). 

It is a non-parametric transformation technique used to stabilize the variance and to 

obtain more gaussian-like distribution. The transformation is implemented via the 

below conditions: 

 

 

 

 

Where y is the variable that is being transformed, and λ can be any real number which 

is considered as a parameter that is learned from the related variable being transformed, 

and optimal λ is determined by calculating log-likelihoods in different λ values and 

choosing the one that gives the maximum log-likelihood (R. A. Johnson, 2000). So 

(1) 
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both the train and test set predictor variables are transformed using the optimal λ value 

learned from the train set variables. Since a linear model and non-linear distance-based 

models are built to obtain consistent predictions and correct model parameters, it is 

crucial to center and scale the data to have all the predictor variables on the same scale. 

This type of action will cut up the effect caused by large or minimal values, which will 

lead to better and logical results. The centering is done by subtracting the related 

variable's data points from its mean, and scaling is done by dividing the stated equation 

by the standard deviation of the related variable. Again the learned mean and standard 

deviation from the training set predictor variables are used to standardize both the train 

and test set. This process is done in this way in order to prevent overfitting8 caused by 

applying different preprocessing strategies for train and test sets.  

For tree-based algorithms, the preprocessing process has not been implemented. These 

algorithms are considered robust for conditions such as outliers and different scales of 

the numerical predictor variables, which allows interpreting directly the rule-based 

results coming from the decision tree algorithm. 

3.1.2. Preprocessing for Classification of Complex Appendicitis 

The discussed preprocessing strategy is also valid for the problem of classification of 

complex appendicitis patients. However, the imbalanced class distribution of the target 

(predicted) variable of appendiceal complexity type is an issue in building 

generalizable models. Since there are 3658 (92.5%) non-complicated and 296 (7.5%) 

complicated appendicitis patients, the algorithms will tend to learn more relations for 

the dominant category of non-complicated patients, resulting in successfully 

predicting the non-complicated class but performing poorly when predicting the 

complicated appendicitis patients.  

 There are many methods to cope with this issue, such as downsampling the dominant 

class and upsampling the minority class. Chawla et al. (2002) developed another 

method called Synthetic Minority Oversampling Technique (SMOTE) (Chawla et al., 

2002). The SMOTE algorithm synthesizes new minority class instances. While 

considering the feature (variable) space, it generates virtual training records by linear 

interpolation. The new synthetic observations are obtained, resulting in a 1:1 or near 

 
8 When the fitted model is not a generalizable model which performs poorly on unseen data (Hastie, 
2009). 
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ratio in class distributions (Fern & Garc, 2018). The SMOTE algorithm workflow is 

like in Figure 1. 

 

Figure 1: Smote algorithm workflow 

After creating new synthetic observations for the minority class in the training set, the 

linear and distance-based models are built upon using a transformed, standardized, and 

class imbalanced issue solved training set. Therefore, this subsampling technique is 

implemented only for the training set of complex appendicitis classification problems. 

For tree-based algorithms, SMOTE is implemented without any transformation and 

standardization of the training set's predictor variables. 

3.2. Machine Learning Algorithms 

In this subsection, a brief sense of working of the basic machine learning algorithms 

will be explained that are used in this study. In this study, the problem is a supervised 

machine learning problem, in which there is a labeled category, in this case, the 

diagnosis variable, which indicates an observation (patient) has acute appendicitis or 

not. All the problems that include a labeled (target) variable and predictor variables 

are considered a supervised machine learning problem. 

Supervised machine learning algorithms are divided into two problems (tasks), 

regression and classification (Baştanlar & Özuysal, 2014). In regression problems, the 
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target (predicted) variable is a continuous numerical variable. On the other hand, 

classification problems deal with the target (predicted) variable as a discrete, in other 

words, categorical variable. In this case, this study's problem is to predict whether a 

patient has acute appendicitis or not, and the second problem is if the patient has acute 

appendicitis, predict whether it is complex or not (see Figure 2). So the target 

(predicted) variable is the patient's diagnosis and the variable that indicates the 

appendicitis complexity situation of a patient. Both of the problems are considered as 

binary classification problems and are taken into two different problems. However, 

there are studies in literature conducted to predict multiple target variables at the same 

time (Álvarez & Lawrence, 2011; Aho et al., 2012; Spyromitros-xioufis, 2016). 

 

 

Figure 2: Machine learning workflow 
 

The common logic behind machine learning is to capture the relationships between the 

predictor (explanatory) and predicted (target) variables. These stated relationships may 

be simple relationships that can be spotted using statistical univariate or multivariate 

analysis, descriptive statistics, and even data visualization. As a result of these 

analyses, some simple rules or equations can be extracted in order to conduct 

predictions depending on the task. Nevertheless, most of the problems in real-life 

scenarios are including complex relationships, which are either too hard or impossible 

to detect with simple statistical analysis and visualizations. To derive equations and/or 

rules to understand the relationships between the dependent and independent variables, 

the use of machine learning algorithms can be beneficial. Of course, besides the 

advantages of interpreting the relationships, these algorithms are used to conduct 
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predictions. In this study, not all complete blood count variables are used to make the 

predictions. Selected variables with their reasons will be discussed in the results 

chapter of the study. 

Interpretable and black-box machine learning algorithms were discussed in the 

literature review chapter of this thesis. Five different commonly used algorithms in the 

data science field will be used in this study. Logistic regression and decision tree 

algorithms will be used in terms of interpretable machine learning algorithms. Three 

black-box algorithms of k-nearest neighbors (KNN), support vector machines (SVM), 

and random forest will also be used to predict both the diagnosis of acute appendicitis 

and complex appendicitis situation. The logic behind these algorithms will be covered 

in the upcoming subsections. Since the study is made by means of application, the 

theory and the mathematics will be explained briefly. Also the reasons of using the 

stated algorithms will be covered in further chapters (see Chapter 4).  

3.2.1. Logistic Regression 

Logistic regression is one of the oldest, simplest, and most used linear learning 

algorithms in statistical and machine learning literature. Developed by Joseph Berkson 

(1944),  it is used to model the probability of a specific dichotomous event (Cramer, 

2005). It is not restricted only to model the dichotomous event where the dependent 

variable can be formed of more than two categories. This type of model is named as 

multinomial logistic regression model (Böhning, 1992). However, this study focuses 

on a dichotomous dependent variable of whether a patient has acute appendicitis or 

not and whether a patient has a complex appendicitis problem or not. 

In logistic regression, the categories independent variable is coded as “0” and “1”. The 

logarithm of the odds (log-odds) for the category as coded 1 is a combination of one 

or more predictor (explanatory, independent) variables. These predictor variables can 

be categorical binary or continuous numerical variables. The coded “1” can take 

probability values between 0 and 1, where the probabilities of 0 or 1 reflect certainty. 

The function that converts the log-odds to probabilities is the logistic function. After 

obtaining the related event probabilities, the classification can be made due to a cut-

off value. Choosing the correct cut-off value is crucial, and it can change due to the 

problem at hand. Most of the studies take 0.5 into account. However, there are other 

studies conducted to choose an optimal cut-off point while making the predictions 
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(classifications) (Z. Zhang et al., 2020). In this study, 0.5 cut-off point is taken into 

consideration, meaning if the patients have a probability of having acute appendicitis 

that is more than 0.5, they are more likely to behave acute appendicitis. Probabilities 

below this cut-off point are considered as the vice versa situation.  

The primary goal of the study is to use algorithms for predicting the appendiceal 

situation. Mathematics and the theories behind the algorithms will not be directly 

stated in this thesis. Logistic regression parameters and coefficient estimations are 

calculated by fitting the maximum likelihood. Hastie (2009) defines and expresses the 

formulas of a logistic regression coefficient estimation optimization with maximum 

likelihood (see Hastie, 2009, Section 4.4.1., p. 120). The estimated coefficients are 

then used to build the general equation of the created model. This equation provides 

an interpretable model where the estimated predictor coefficients can calculate the 

odds of an event. Also, the estimated coefficients of predictor variables can give a 

sense of the magnitude and the effect on the dependent variable. Since logistic 

regression is considered as an interpretable model and has a potential answer for the 

relationships between the predictor and dependent variables, it is used in various 

studies in the medical field (Kurt, 2008; P. Johnson et al., 2014; Shipe et al., 2019; 

Nusinovici et al., 2020). The unseen patterns can be extracted from logistic regression. 

However, since it is a parametric linear method, some assumptions should be met to 

have consistent coefficient estimations and predictions. To talk about the assumptions 

briefly, the dependent variable should be binary, the observations in the dataset should 

be independent, little or no multicollinearity is a must with the linear relationship with 

independent variables, and log-odds of the dependent variable is also required (Peng 

et al., 2010). If one of these assumptions is not met, the logistic regression model 

results can not be reliable. Hence, if logistic regression is the only option, engineering 

the features (predictor variables) and taking variable transformation actions can be 

beneficial to fulfill the assumptions. Another approach would be to adjust the 

regularization parameters of the algorithm (Ng, 2004). If logistic regression is not the 

only option for the related problem, tree-based algorithms can be considered in terms 

of interpretable models. Otherwise, non-linear machine learning algorithms can be 

taken into account. 
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3.2.2. Classification and Regression Trees 

Classification and Regression Trees (CART) is another algorithm used in the 

supervised learning field. As it is expressed in the algorithm's name, CART is used 

both for classification and regression tasks. In this study, it will be used to classify the 

appendiceal situation of the patients. If the related study requires a white box 

interpretable model, CART is one of the preferred non-linear tree-based algorithms. 

Unlike logistic regression, it does not require much handling with the preprocessing of 

the data. It is robust for multicollinearity issues. Dividing the feature (predictor) space 

into subsets, the CART algorithm's optimization process can give interpretable rules 

between the dependent and independent predictor variables. These derived rules from 

the algorithm are similar to human-like action rules consisting of if-else statements, 

which are easy to understand and interpret (Loh, 2011). To give a sense of splitting the 

feature space and constructing the tree based on these splittings, a two-dimensional 

visualization can be examined in Figure 3. 

 

Figure 3: Two-dimensional feature space splitting and derived decision tree rules. From The 

Elements of Statistical Learning Data Mining, Inference, and Prediction (2nd ed., p.306), by 

T. Hastie, 2009, Springer. Copyright 2009 by Springer Nature Switzerland AG. 

 

Starting with a root node, the tree is split into children nodes based on the predictor 

variables' rules. Several metrics such as Gini impurity and Information Gain are used 

when the splitting feature and the rules are determined (Raileanu & Stoffel, 2004; 

Tangirala, 2020). The recursive splitting based on the rules derived from the data stops 

when splitting does not change the information gained or according to the rule, if the 

node contains all the predicted categories as the same category (see Hastie, 2009, 

Section 9.3.1, p. 308). Since it is a greedy algorithm in which the decision nodes split 
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until the class distribution of a node is pure, the model's generalizability decreases, 

which can cause potential overfitting on unseen observations. To overcome this issue, 

pre-pruning or post-pruning of the tree methods can be implemented. In post-pruning, 

unnecessary splitting of the nodes can be detected by visualizing the decision tree. By 

pruning the tree, a simpler and generalizable model can be obtained. The pruning 

process can also be done before constructing the model. With the adjustment of the 

hyperparameters such as the maximum depth of the tree, the minimum number of 

samples in a node, or the required number of samples in a node to split are some 

hyperparameters that can be determined before fitting the CART algorithm (Mingers 

Bsrcd, 1989; Esposito et al., 1997; Mantovani et al., 2017). Hyperparameter tuning 

strategies are explained in the model selection and evaluation subsection of this study. 

Some essential findings between the CBC test values and appendiceal situation 

extracted from the CART algorithm will be presented in the results chapter of the 

study. 

3.2.3. K-Nearest Neighbors 

Developed by Fix & Hodges (1951), k-nearest neighbors (KNN) is a non-linear 

algorithm for classification and further extended by Thomas Cover for the use of 

regression problems (Fix & Hodges, 1951; Altman, 1992). It is one of the simplest 

algorithms in statistical learning. Unlike the covered white box algorithms so far, the 

k-NN algorithm can be considered as a black-box model. With the clusterable sets of 

features, the k-NN algorithm can perform very decently in terms of classification and 

regression. The “k” alphabet in the algorithm's name represents the number of 

neighbors considered while making predictions. This is the basic hyperparameter of 

the algorithm, which is determined before fitting the algorithm. If it is set to 1, a related 

observation will be classified as the nearest observation class. This type of model can 

lead to overfitting since the model will learn the training data's related distances. 

Unseen data may not be similar to training data, which can result in poor predictions. 

Since the model is based upon distances, scaling of the numerical features (predictors) 

can result in better performing models (Altman, 1992; Hastie, 2009). 

The algorithm classification process relies on the majority voting depending on the 

determined neighbor size of “k”. Using generally the euclidean distance, a new 

observation class is predicted according to the class of the number of closest data 
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points to this new observation while considering the neighbor size (Keller & Gray, 

1985). The new observation will be assigned to the class most common among its k-

nearest neighbors. In this study, an optimal number of neighbors is selected with 

hyperparameter tuning and cross-validation, which will be discussed later in the related 

subsection. A brief explanation of the classifying process of the k-NN algorithm is like 

in Figure 4. As seen in the related two-dimensional figure, with the determined number 

of 3 neighbors, the new point can be classified as the orange category since 2 out of 3 

nearest neighbors to the new observation area in the orange category when the 

euclidean distances are taken into consideration (see Figure 4). Euclidean distance is 

one of the most used and simplest distance metrics. Depending on the structure of the 

data at hand, other distance metrics can also be considered (Chomboon et al., 2015). 

 

Figure 4: Two-dimensional demonstration of the k-NN algorithm 

3.2.4. Support Vector Machines 

Developed in AT&T Bell Laboratories by Boser et al. (1992), support vector machines 

(SVM) is one of the powerful machine learning algorithms that can be both used for 

regression and classification purposes (Boser et al., 1992). SVM is considered a black-

box algorithm used not only in simple statistical and machine learning tasks but also 

in complex image classification tasks (Bovolo et al., 2010; Wang et al., 2010; Thai et 

al., 2012). Since it is a robust learning algorithm like the discussed k-NN algorithm, it 

does not require any assumptions except for the predictor variables' scaling (R. Fan et 

al., 2008). The reason for the necessity of scaling predictor variables is based on 

optimizing the algorithm for making classifications. SVM divides the related classes 

in feature space with a hyperplane by maximizing the gap between the classes, which 

is illustrated in Figure 5. The vector term in the name of the algorithm refers to the 
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data points in the feature space, used as support (reference) points to determine the 

optimal hyperplane that classifies the categories (Hastie, 2009, Section 12.2, p. 417). 

 

Figure 5: Maximization of the margin and optimal hyperplane. From The Elements of 
Statistical Learning Data Mining, Inference, and Prediction (2nd ed., p.418), by T. Hastie, 
2009, Springer. Copyright 2009 by Springer Nature Switzerland AG. 

The two-dimensional representation of the support vector classifier algorithm in 

Figure 5 illustrates a linearly separable set of features. Since most of the real-world 

problems include complex relationships, there are some mathematical transformation 

tricks developed in order to obtain powerful models that are created using SVM. These 

tricks are stated as kernel tricks, which is also considered as one of the 

hyperparameters that can be tuned in the SVM algorithm. The kernel trick's logic relies 

on the idea of a low dimensional feature space where the classes that can not be 

separated linearly can be separated by adding an extra dimension with implementing 

a chosen kernel (mathematical representation) (Amari & Wu, 1999). Two of the most 

used kernel trick functions are polynomial and radial basis function kernels in the non-

linear feature space of data (S. Wu & Amari, 2002). A two-dimensional representation 

of SVM with a kernel trick that adds a new dimension can be seen in Figure 6. 

 

Figure 6: Non-linear SVM with kernel trick 

Since the feature space in this thesis was not linearly separable, the radial basis 

function kernel is used while training the models for predicting the appendiceal 
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situation with SVM, which gave decent results in predicting both the acute and 

complex appendiceal situation, which will be discussed in model evaluation chapter. 

However, since it is a black-box model, no insight was retrieved about the predictor 

and dependent variables' relationships. 

3.2.5. Random Forest 

Before diving deep into the random forest supervised learning algorithm, there should 

be a concept discussed called bootstrap aggregation (Bagging). The bootstrapping 

process is simply sampling data with replacement. In statistics, it is used to form a 

distribution of any statistic by randomly sampling and computing the related statistic 

in different samples more than once (Horowitz, 2001; Hesterberg, 2011). The 

bootstrapping process can be seen in Figure 7. 

 

Figure 7: Bootstrap process 

As it is seen in Figure 7, bootstrapping allows to generate a distribution of a statistic 

by adding randomness, which provides more reliable statistical estimates. A similar 

approach has been taken in the statistical and machine learning field. The idea of 

bearing on predictions of more than one trained algorithm and aggregating the 

predictions led to the development of the bootstrap aggregation (Bagging) algorithm 

(Hothorn & Lausen, 2003). Hothorn & Lausen aggregated only two bootstrapped 

samples back then in 2003 and found the bagging model's performance better than 

single machine learning algorithms. Today, with the high computational advantages, 

hundreds and thousands of algorithms' predictions can be aggregated with a bagging 

algorithm. The idea of bagging is based on not relying on predictions of a single “weak 

learner”, which a single predictor model is called as “weak learner” (Bauer & Kohavi, 

1999).  Training models of chosen homogenous machine learning algorithms on 
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different bootstrapped samples can lower the variance, hence, can prevent potential 

overfitting, which can lead to obtaining more rigid and generalizable predictive models 

(Fitzgerald et al., 2013; Brodeur et al., 2020; O’Connor et al., 2020). The general 

functioning of a bagging algorithm is shown in Figure 8, which can be considered the 

continuing process of Figure 7. For regression problems, the aggregation is done by 

averaging the models' predictions, and for classification algorithms, the aggregation is 

done by majority voting of the classifier models. 

 

Figure 8: Boostrap Aggregation (Bagging) algorithm 

Since algorithms are trained on different samples, various relationships can be 

captured. Using these different relationships to implement predictions and aggregating 

the predictions can build a more reliable model. Since more than one model is trained 

in parallel, the algorithm's interpretability is being lost, resulting in a black-box model. 

However, feature importance information can be obtained by a random forest 

algorithm, which will be discussed later. Bagging algorithm relies on aggregating the 

results of homogenous machine learning algorithms. There are studies conducted 

aggregating different machine learning algorithms in the literature, which are called 

voting classifiers or voting regressors, depending on the problem at hand (Tsoumakas 

et al., 2004; Kumar et al., 2017). The common name of conducting predictions using 

more than one algorithm is called ensemble methods. Random forest algorithm is one 

of the uniquely named ensemble methods, which is based on bagging algorithm. Since 

decent results are obtained using bagged decision trees, the development of a random 

forest algorithm started with these results (Ho, 1995). The idea is the same as the 

bagging algorithm. More than one decision tree algorithm fits different samples of 

training data, and the predictions are aggregated for the final prediction (Pavlov, 2019). 

Since the decision tree algorithm can handle both regression and classification 
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problems, a random forest can handle them also. While discussing the decision tree 

algorithm, the prone of the algorithm for overfitting was stated. A random forest can 

help deal with the issue of overfitting the training set and obtaining a generalizable 

model (Hastie, 2009, Section 15, p. 587). One of the disadvantages of ensemble 

methods, including random forest algorithm, is the algorithm's computational cost 

because of running more than one model in parallel. So the hyperparameter of random 

forest, which is called the number of trees, should be chosen wisely for the optimal 

computational cost. Out-of-bag sample errors are computed while training the random 

forest algorithm. This statistic is simply the aggregated error rate of each trained 

decision tree on the remaining data that was not sampled while bootstrapping. By 

fitting different random forests with a different number of trees, these out-of-bag errors 

can give an indicating threshold of a number of trees that the algorithm can not reduce 

the error rate anymore, preventing to build a model with an excessive number of trees 

(Perner, 2012, p.154). 

Another advantage of the random forest algorithm is that it gives information about 

the important predictor variables, which can also be used as a feature selection method 

(Kursa & Rudnicki, 2010). As stated before, ensemble methods are considered as 

black-box models. However, an ordering of important features can be considered 

helpful information in several sectors, including health (Archer & Kimes, 2008; Strobl 

et al., 2008; Grömping, 2009). Random forest algorithm gave the best performing 

results in terms of predicting the appendiceal situation of a patient. The results will be 

discussed in the Results and Evaluation chapters. 

3.3. Model Comparison and Selection 

The last part to discuss in the methodology chapter is comparing the models built and 

deciding the most appropriate model to predict the appendicitis situation. In this 

subsection, cross-validation, hyperparameter tuning, and classification problem 

performance metrics will be taken at hand. 

The main purpose of a machine learning process is to make predictions and gain 

insights depending on the problem. The procedure in most industrial processes is that 

a product must be tested before it meets with the customers. The same logic is valid in 

machine learning and artificial intelligence-based products. Built predictive model has 

to be tested before an end-use (Raschka, 2018). The main goal is to develop models 
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that are generalizable as possible. The stated “generalizable” word is related to the 

overfitting and underfitting terms, which determines the created model's 

generalizability. 

Before discussing the overfitting, underfitting, and optimal fit terms, the “model” term 

in machine learning will be argued. Different elements create a model in machine 

learning. The chosen machine learning algorithm, predictor variables, optimal 

parameters of the models (coefficient estimates, decision tree rules, etc.), adjustable 

hyperparameters are the basic elements while creating a machine learning model. All 

the stated factors affect the complexity of a model. For example, a random forest 

algorithm is a more complex algorithm than logistic regression. Adding a dimension 

(predictor feature) to a model increases the complexity also (Yao et al., 2017). If data 

involves complicated dependencies between the predictor variables and the target 

variable, increasing the model's complexity can lead to better prediction results. In the 

opposite situation, if there are noncomplex relationships between the predictors and 

the predicted variable, simple models can give better and optimal predictions. All the 

discussed components so far depend on the problem and the data at hand. A carefully 

done exploratory data analysis can give a sense of the problem at hand and a starting 

point of creating machine learning models (Vierheller, 2014). 

To talk about overfitting, underfitting, and optimal fit concepts, the fitting is used by 

means of matching (fitting) of the feature space (predictor variables) data points and 

the used algorithm parameters. Since the dataset at hand is divided into train and test 

sets, the algorithms' optimal predictive parameters are learned from the train set. If the 

feature space in the train set fits perfectly with the used algorithm, it can cause 

overfitting, leading to a model lacking generalizability. On the other hand, if the 

feature space in the train set does not fit with the used algorithm, an underfitting 

situation can be present (see Figure 9). 

 

Figure 9: Two-dimensional overfitting, underfitting and optimal fit representation 
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To understand the model complexity and the prediction errors caused by them (bias 

and variance), it is presented in Figure 10 with the bias-variance tradeoff concept, 

where the bias is the difference between the average predictions from the model 

created and the actual dependent variable data points and variance is the variability of 

model prediction on a particular data point which a model with high variance tend to 

capture many relationships in training data and the generalizability of the model 

decreases in such situation (Hastie, 2009, Section 2.9, p.37).  

 

Figure 10: Train and test error as a function of model complexity. Reprinted from The 
Elements of Statistical Learning Data Mining, Inference, and Prediction (2nd ed., p.38), by T. 
Hastie, 2009, Springer. Copyright 2009 by Springer Nature Switzerland AG. 

From Figure 10, it can be concluded that a high bias and low variance model can lead 

to a high prediction error in both train and test sets, which is a sign of an underfitting 

model. As the model complexity increases, the variance in the error function increases, 

and bias decreases, leading to a low prediction error in the train set but a high 

prediction error in the test set, which is an indicator of the overfitting model.  The 

optimal predictive model is in the area of both low bias and variance, where the 

training and test set prediction errors are low and close to each other (see Figure 10).  

3.3.1. Cross-Validation 

Cross-validation is the concept of validating the model performance. It flags and gives 

a sense of both model performance and the generalizability of the created model. 

Another aspect of cross-validation is to compare different model performances in 

terms of determining a final model for the related problem.  
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One of the basic cross-validation (CV) techniques is to split the data into train and test 

sets, which is called the hold-out validation method. Training the model on the training 

set and evaluating its performance on the test set can not be so reliable since the 

algorithm used in the model sees only the randomly split train set and estimates the 

predictive parameters of the model according to split train set and evaluation of the 

model is done with the test set (Yadav & Shukla, 2016). If the splitting is done with 

different random seeds every time, the instances could be different in train and test 

sets, which the model can perform worse or better. To handle this uncertainty, several 

cross-validation methods are developed. However, suppose the data size is immense, 

which can cause a vast computational power in training the model. In that case, the 

hold-out validation method can be taken into account carefully if the variable 

distributions are similar in train and test sets (Hawkins et al., 2003). 

Another cross-validation technique called k-fold cross-validation is the most used 

cross-validation technique that can be considered a standard in the machine learning 

field when comparing and assessing models (Rodríguez et al., 2010). The “k” letter in 

the name refers to the number of randomly partitioned equal-sized subsamples of data. 

A subsample is retained for validation, and remaining k-1 samples are used to fitting 

the data. Iteratively, this process keeps going on for k subsamples, resulting in creating 

k models. With this method, data is being trained and evaluated in different 

subsamples, giving a sense of model performance and overfitting in general. However, 

since more than one model is created and evaluated, descriptive statistics such as mean, 

median, and standard deviation should be calculated. In literature, mostly 10-fold and 

5-fold cross-validation is conducted (Anguita et al., n.d.; Yadav & Shukla, 2016; Jung, 

2018). In this thesis, 5-fold cross-validation is implemented because of the 

computational constraints depending on the data size. A visual process of the 5-fold 

cross-validation strategy used in this study is given in Figure 11. 
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Figure 11: 5-fold cross-validation 

Another commonly used cross-validation method is repeated random sub-sampling 

validation, called the Monte-Carlo cross-validation technique (Xu & Liang, 2001). 

This method creates random train and validation sets with the selected training set size 

or validation set size ratio (Kuhn & Johnson, 2013). One of the advantages of the 

method is that, unlike k-fold cross-validation, the proportion of the train and validation 

sets are not dependent on the selected k value. For example, in 5-fold cross-validation, 

%80 of the data is retained for training and the remaining %20 is for evaluating the 

performance metric. A considerable disadvantage of the Monte-Carlo cross-validation 

method is since the split is at random, in every repeat, some observations may not be 

selected for the validation set, which can result in potential overfitting indication (Xu 

et al., 2004). 

Last but not least, an exhaustive method for cross-validation of a model can be done 

by leave-one-out cross-validation (LOOCV). LOOCV method is related with k-fold 

cross-validation where k equals to the sample size of the data. One observation is 

retained for validation in every split, and the remaining observations are used for 

training the model. This process is done until all of the data observations are being 

evaluated by the created models (Kearns & Ron, 1999; Wong, 2015). As in k-fold 

cross-validation, the descriptive statistics of the calculated performance metrics and 

distribution can be visualized and given to detect potential overfitting and compare 

different machine learning models. Since the sample size is taken into consideration, 

this cross-validation method can be pretty costly in the means of computation. 
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3.3.2. Hyperparameter Tuning 

Hyperparameters are the adjustable parameters of the statistical and machine learning 

algorithms that control the algorithm's fitting process and the data. In other words, 

besides predictor variables and the algorithm itself, hyperparameters can be used to 

regulate the complexity of the machine learning algorithm (Claesen & De Moor, 

2015). Every machine learning algorithm has its adjustable hyperparameters, and 

generally, in machine learning tools and packages, the algorithms' hyperparameters 

exist with their default values. Complex algorithms have more controllable 

hyperparameters. To give an example of a random forest algorithm, the number of 

decision trees constructed, maximum predictor features that are going to be taken into 

account, and a minimum number of samples in a node to continue the splitting are 

some controllable hyperparameters of the algorithm (Probst et al., 2019). When 

compared to the random forest, a more uncomplicated algorithm is the ridge regression 

from the linear algorithms family. By fine-tuning the algorithm's alpha hyperparameter 

and regularizing the l2-norm, which penalizes the calculated coefficients from the 

model, a multicollinearity issue can be solved with such an adjustment (Hellton & 

Hjort, 2018). 

With the help of exploratory data analysis and visualizations, a hyperparameter tuning 

strategy can be made. But, it is hard to detect the values of the hyperparameters 

directly. So, several methods are developed to determine the optimal hyperparameters 

of an algorithm.  

Two widely used methods will be discussed in this subsection which is also 

implemented in this study. Starting with the grid search method is the search of the 

optimal hyperparameters of an algorithm in a pre-defined set of possible 

hyperparameter values, which is called a grid (Eitrich & Lang, 2006; Liashchynskyi 

& Liashchynskyi, 2019). With the help of cross-validation, the optimal combination 

of hyperparameters can be evaluated and selected for model creation. A grid search of 

two hyperparameters of an algorithm is demonstrated in Figure 19. In grid search, all 

the possible combinations of the pre-defined hyperparameters are evaluated with a 

chosen cross-validation method. The best set of hyperparameters in terms of 

performance is selected to finalize a model (see Figure 12). Since all the possible 

combinations are considered, the computation is costly. 
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Figure 12: Grid search with cross-validation 

Another developed method for optimal hyperparameter search is the random search of 

the hyperparameter values of an algorithm. Similar to grid search, the difference is 

caused only by the randomized part of the method. A random search randomly 

combines the possible hyperparameter values in a pre-defined set of possible 

hyperparameter values until a defined iteration number (Bergstra & Bengio, 2012). An 

example of a hyperparameter grid of 9 possible combinations and three iterations of 

the random search process is given in Figure 13. With computational constraints, if a 

large grid of hyperparameter search is being implemented, the random search method 

can be optimal in hyperparameter optimization. 

 

Figure 13: Random search with cross-validation 

In this study, several different approaches have been implemented for hyperparameter 

optimization. For logistic regression, no search was conducted. When working with 

complex algorithms such as support vector machines and random forest, a random 

search was done for selecting optimal hyperparameters. In the k-nearest neighbors 

algorithm, the optimal number of neighbors hyperparameter was selected, 

implementing grid search in odd numbers between 1 and 20. For the decision tree 

algorithm, a different way of the search was done. First, a random search of 20 

iterations was conducted for the tree complexity hyperparameter. Afterward, with the 
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found optimal hyperparameter value, a grid search was implemented near around 

values of the optimal complexity hyperparameter value found in a random search. 

3.3.3. Classification Model Performance Metrics 

So far, cross-validation and hyperparameter tuning techniques were discussed, and the 

logic behind these concepts was given. To compare the models, there should be a 

measured performance unit existing. These units are called machine learning model 

performance metrics (Kuhn & Johnson, 2013, p. 247). Since the problem is a binary 

classification problem, the classification model performance metrics used in this study 

will be discussed briefly.  

Metrics will be argued through a confusion matrix, which is a cross-table of the 

observed target variable and the created model's predictions. The predicted classes are 

generally represented in rows, and the actual condition classes are represented in 

columns (see Figure 14). From the created cross-table, several metrics can be derived. 

 

 

Figure 14: Confusion matrix 

As it is seen in Figure 14, positive class commonly represents a situation of existence, 

and they are coded as a numerical value of 1. To give an instance from this study's 

problem, positive classes are the patients who have acute appendicitis and patients who 
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have a complex appendicitis issue. Vice versa, negative classes, are the patients who 

do not have an appendiceal issue and patients who do not have complex appendicitis, 

which is coded as a numerical value of 0. Several different performance metrics can 

be calculated from a confusion matrix. Starting with accuracy, is the measure of the 

correct prediction ratio of the created model. Which can be calculated as follow: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	 !"#!$
!"#!$#%"#%$

   (2) 

True positive rate is the correct positive class prediction ratio in true positive classes. 

Which is also called sensitivity or recall, can be calculated as in (3). 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 	 !"
!"#%$

   (3) 

The true negative rate is the correct negative class prediction ratio among true negative 

classes. Which is also called specificity or selectivity, can be calculated as in (4). 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 	 !$
!"#%"

    (4) 

These are the basic metrics used in this study. However, several other classification 

model performance metrics are used in different scenarios and problems (Powers, 

2020). Different problems and scenarios can require different metrics in terms of 

comparing the machine learning model performances. For example, comparing the 

models in terms of accuracy can be misleading in imbalanced data scenarios since the 

machine learning models learn the relationships better in the majority class. Hence, 

resulting in predicting the majority class better. The accuracy metric can be misleading 

in such a scenario because it may reflect a high accuracy, but it can lack performance 

in terms of sensitivity or specificity. There are also scenarios where specificity or 

sensitivity comparison of the created models is optimal. In the appendicitis problem, 

predicting the positive class (existence of appendicitis and complex appendicitis) and 

predicting the negative class (non-existence of appendicitis and complex appendicitis) 

are taken into consideration because false predictions in both situations can be costly 

in every term. False prediction of a patient who has an appendiceal issue can lead to a 

patient's complex appendicitis problem. False prediction of a patient who does not 

have appendiceal issues can bring unnecessary use of drugs and even a negative 

appendectomy, which is an economical and physical unfavorable consequence for the 

patient. For these reasons, when selecting models in the cross-validation and 
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hyperparameter tuning process, the area under the receiver operator curve (area under 

the curve (AUC)) is used in this study. 

The optimal model, with its used variables and possible hyperparameters, is selected 

by comparing AUC metrics. AUC is a metric explicitly used for binary classification 

problems. A receiver operator curve is a probability curve that plots the sensitivity 

versus false-positive rates (1-specificity) at different threshold values where it 

separates the signal from noise (Bradley, 1997). With the curve plotted using the 

mentioned rates, AUC can be measured, which is the area covered under the plotted 

ROC curve. AUC is an indicator of a classifier's ability to distinguish between the 

predicted classes (Hilden, 1991; Faraggi & Reiser, 2002). Ranging from 0 to 1, 1 is a 

perfect classifier that can predict the classes without any mispredictions. An AUC 

score of 0.5 and under is a sign of a poor performing model. 

In this study, after determining the hyperparameters of the algorithms by comparing 

the AUC performance metrics, the potential overfitting will be checked with the 

comparison of the average AUC metric coming from the 5-fold cross-validation and 

the model AUC performance metric on the split test set which the results will be given 

in the next chapter. A final evaluation of the test set will be conducted, and accuracy, 

AUC, sensitivity, and specificity metrics will be compared in different scenarios. After 

selecting the best algorithm, predictor variables, and hyperparameter combination for 

creating a model, the model creation will be finalized. In the Evaluation chapter, with 

the usage of the finalized model, the model's performance and several clinical scoring 

system scores will be compared in terms of predicting the appendiceal situation of a 

patient in the whole data set. 

4. DATA & APPLICATION 

In this chapter, data that is used in this thesis will be presented in detail together with 

the general application of data science/analytics approaches. The subchapters will 

include data gathering, dataset properties and data preprocessing. Last subchapter will 

give a sense of the analysis and modelling process to predict appendicitis and non-

appendicitis, and simple and complex appendicitis patients. 
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4.1. Data Gathering 

Data for this study has been gathered from different hospitals that are based in Istanbul, 

Turkey. Data from patients that register for the child emergency and pediatric surgery 

departments in designated hospitals are gathered in volunteering of these departments 

and under the ethical permissions taken from the local ethics committee. The data has 

been stored via the RedCap9 platform installed in the related servers of the Koç 

University School of Medicine. 

After the standard approach (examination, treatment, follow-up, or surgery) conducted 

by the medical attendant and after discharging the patient from the hospital in the most 

possible healthy condition, demographic data, complete blood count in the first 

registrary, radiological examinations and if the patient has been through a surgical 

process the surgical diagnosis and pathological results are gathered through the 

installed system. 

Patients who are aged under 18, registration with an abdominal pain complaint, and 

patients’ approval of participating in the study are the criteria for the gathering of the 

data. Patients that fulfill the stated criteria but who have another disease or used 

antibiotics one week before the registration are excluded from the data gathering 

process. 

4.2. Dataset 

Data gathered through the installed system includes demographics, CBC test results, 

radiological examinations, historical information, Alvarado, AIR, lintula, PAS, 

RIPASA, and the diagnostic information using these scores. Together with the general 

diagnosis of the patient, there are 63 variables and 8589 observations in total. Since 

data is gathered from different hospitals' databases, there are missing values present in 

data due to some technical, medical constraints, or the medical attendants' decisions. 

However, most of the missing values are in the variables that are not used in predicting 

the appendiceal situation. Therefore, there are not any missing value imputations 

implemented in this study. Models are built by omitting the rows that include missing 

data points in CBC test values. 

 
9 Please see for detailed information: https://www.project-redcap.org/ 
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There are two unusual values (See Figure 15) and one missing data point in red cell 

distribution width (RDW) from CBC test results. These observations are excluded 

from the dataset, resulting in 8586 observations in total. 

 

A study conducted by Boshnak et al. (2018), who specifically evaluated the red cell 

distribution width in acute and complex appendicitis patients, presented the average 

RDW percentage in non-complicated appendicitis patients as 13.02 with a standard 

deviation of 0.4, which in the complex appendicitis situation was calculated as 13.30 

with a standard deviation of 0.58 (Boshnak et al., 2018). When compared to 2 RDW 

percentages above 80, these values can be considered very unusual. Hence removal of 

these observations can help to build more generalizable predictive models. Outliers 

present in other CBC test results were in an acceptable range which the descriptive 

statistics of these variables will be given in the results chapter of the study. 

Among 8586 child patients, the patients' mean age is 7.5, with a standard deviation of 

5.38. Gender distribution is 1770 (20%) female versus 6816 (80%) male patients. 

There is an agglomeration towards the male child patients. However, a chi-square test 

of independence showed no statistically significant relationship between gender and 

Figure 15: Extreme values present in RDW 
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the patient's diagnostic result, X2 (1, N = 8586) = 0.37, p = .54. Which the predictions 

of the built models can be interpreted and used without considering gender. 

The frequency of the patients who are diagnosed having acute appendicitis is 3954 

(46%), and patients who are not diagnosed with inflamed appendicitis is 4632 (54%). 

In patients diagnosed with acute appendicitis, the number of non-complicated 

appendicitis patients is 3658 (92.5%), and complicated10 appendicitis patients are 296 

(7.5%). The distribution the classes is heavily imbalanced, indicating a need to use a 

subsampling technique to make better predictions for complicated appendicitis 

patients. In this study, the synthetic minority over-sampling technique (SMOTE) has 

been used to handle the complex appendicitis variable's imbalanced situation (Goos et 

al., n.d.). 

The density of missing values in other variables except the CBC test values is not 

basic, but one reason is not used to predict acute and complex appendicitis. Since it is 

one of the fastest, cost-efficient, and routine examination processes, CBC test results 

will be analyzed and used to predict acute and complex appendicitis. The first five 

observations and scale of the seven variables with their names can be seen in Table 1. 

The remaining seven variables and the first five observations can be seen in Table 2. 

Table 1: 7 CBC test results of first five patients in the dataset 

WBC HGB HTC RDW MCV MCHC MPV 
8300 13 41 15 82 33 5 

14850 14 43 12 84 34 8 

9000 12 35 15 75 34 7 

16900 14 40 14 83 34 8 

13000 12 37 12 70 35 8 

Note. WBC: White blood cell; HGB: Hemoglobin; HTC: Hematocrit; RDW: Red cell 
distribution width; MCV: Mean corpuscular volume; MCHC: Mean corpuscular hemoglobin 
concentration; MPV: Mean platelet volüme 

 

 

 

 

 
10 Patients with or without abscess in the appendix. 
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Table 2: Other seven CBC test results of first five patients in the dataset 

PLT PDW LYMP NEUT NEUT% NLR% CRP 

228000 19 2460 5670 0.68 230.49 1 

274000 44 1290 12700 0.86 984.50 1 

410000 20 700 8200 0.91 1171.43 0 

309000 18 3300 12700 0.75 384.85 1 

303000 NA 2180 10520 0.81 482.57 3.3 

Note. PLT: Platelet count; PDW: Platelet distribution width; LYMP: Lymphocytes; NEUT: 
Neutrophils; NLR: Neutrophil-to-lymphocyte ratio; CRP: C-reactive protein 

The scales of the variables differ from each other (see Table 1 and Table 2). This can 

affect the predictions of the distance-based algorithms such as k-nearest neighbors and 

support vector machines used in this study. The predicted coefficients for linear 

algorithms will also be affected because of the vast differences between the scales of 

the variable values, resulting in a fallacious interpretation of the coefficients (Hastie, 

2009). Not all CBC test variables are selected for predicting acute and complex 

appendicitis. Selected predictor variables are given in Chapter 6 with their reasons (see 

Chapter 6). 

4.3. Data Preprocessing 

In this subsection, data preprocessing actions taken will be discussed in detail. Two 

problems are taken into consideration. The first problem is classifying patients as 

having an acute appendicitis issue or not. The second problem is classifying patients 

who are facing noncomplex or complex appendicitis issues. There is a slightly 

different approach between these two problems in preprocessing the data, which will 

be discussed in further subsections. 

4.3.1. Data Splitting Strategy 

One of the basic procedures of any supervised machine learning process is to split the 

data into training and test, or training, validation, and test sets. There are many 

strategies used in literature to split the data, such as 70% to 30% and 80% to 20% in 

terms of training and testing data. In this study, splitting of 80% to 20% was used. This 

means 80% of the observations were present in training data, and the remaining 20% 

were present in testing data. The models are trained, and the related parameters of 
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machine learning algorithms are learned from 80% of the dataset, and the performance 

of this model is assessed on the remaining 20%. 

The reason for having more data in the training set is that most machine learning 

algorithms require more data to find the optimum parameters of the algorithm, 

resulting in more consistent development of a model. In short, more data means better 

learning of the predicted parameters, which can affect the prediction performance of a 

model. Different types of algorithms will be trained in the training set, and the 

performance of a model will be evaluated in the remaining test set in both stated 

classification problems. 

The data splitting process has been made randomly and taking the equal distribution 

of the appendicitis diagnosis variable class distribution into account. The random seed 

has been selected as 42 in order to make the splitting results reproducible. The 

predictor variables' distributions (CBC test results) are similar in train and test sets (see 

Figure 16). The performance metrics of the models in the train and test set can be close 

to each other. 

4.3.2. Preprocessing for Classification of Acute Appendicitis 

Preprocessing of data is implemented by Yeo-Johnson transformation followed by 

centering and scaling the data. The main reason for applying these preprocessing steps 

Figure 16: Distribution of potential predictor variables in train and 
test sets 
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is to reduce potential outliers' effects and bring the potential predictors into the same 

scale. Without these data preprocessing steps, distance-based models such as k-nearest 

neighbors and support vector machines and linear models such as logistic regression 

can be negatively affected when learning the optimal parameters from the data. 

Since tree-based algorithms are robust to outliers and the difference of scales in 

predictor variables, when creating models with tree-based algorithms, these 

preprocessing methods were not implemented due to the mathematical nature of the 

algorithm. However, it would not make much difference in predictive performances if 

tree-based models were created after preprocessing the data. 

4.3.3. Preprocessing for Classification of Complex Appendicitis 

The same preprocessing methods were also implemented to predictor variables while 

creating models for classifying simple and complex appendicitis patients. The main 

difference is among 3954 appendicitis patients, 3658 (92.5%) of the patients had 

simple, 296 (7.5%) of the patients had complex appendicitis. This imbalanced situation 

of the data can cause of creating models that can predict uncomplicated appendicitis 

patients correctly. However, when it comes to predicting complex appendicitis 

patients, the machine learning model could perform poorly. The main reason is that 

the algorithm would learn the patterns in uncomplicated appendicitis patients more 

when compared to complex appendicitis patients. To overcome this issue, there are 

several methods developed to balance the train set of the dataset. In this thesis, 

Synthetic Minority Oversampling Technique (SMOTE) technique was used to balance 

the train set. The stated technique is one of the most used methods both in literature 

and industry. Synthetic observations are created in the minority class (in this case, 

complex appendicitis patients) using distance-based algorithms such as KNN to 

balance the classes. 

4.4. Data Analysis and Modelling Process 

Exploratory data analysis among 14 blood test parameters was conducted as the first 

step of the analysis process in this thesis. Since the data is gathered from multiple 

sources, due to technical and human-based error constraints, there were missing values 

present in most features except for complete blood count and chemical laboratory 

results. These 14 blood test parameters had a minimal amount of missing values 

present in the data. However, as discussed in the beginning chapters of the thesis, most 



43 
 

of the studies rely on CBC and CRP values. Which the selected predictor variables 

were from these parameters. After detailed exploratory data analysis, machine learning 

models were created using five mainstream and most used algorithms in the literature. 

In the following subchapters, the analytical and modeling process will be discussed in 

detail. 

4.4.1. Exploratory Data Analysis 

Exploratory data analysis was implemented through groups of blood test parameters. 

These groups included white blood cells (white blood cell count, lymphocyte, 

neutrophil level, neutrophil ratio, neutrophil-to-lymphocyte ratio), red blood cells 

(hemoglobin, hematocrit, red cell distribution width, mean corpuscular volume, mean 

corpuscular hemoglobin concentration), thrombosis (platelet count, mean platelet 

volume, platelet distribution width) and c-reactive protein that comes from chemical 

laboratory results. The remaining variables in the dataset were not included in the 

analysis due to a lack of data.    

The analysis included descriptive statistics of the stated variables to give a sense of the 

variables. Data visualizations were obtained to capture the patterns between 

appendicitis and non-appendicitis patients and simple and complex appendicitis 

patients in terms of blood test parameters. The interpretation of the visualizations was 

supported by conducting statistical inference tests. 

This stage of the analysis gave a brief understanding of blood test parameters, and it 

helped determine high predictive variables for predicting the appendicitis situation of 

patients. 

4.4.2. Creating Machine Learning Models 

A total of five mainstream and popular supervised machine learning algorithms were 

used while creating machine learning models to predict the appendicitis situation of 

patients. A linear algorithm (logistic regression), a distance-based algorithm (k-nearest 

neighbors), support vector machines, and tree-based algorithms (classification and 

regression trees and random forest) were used. 

There are hundreds of different machine learning algorithms, yet there are no specific 

rules for matching these algorithms with the problem at hand. So, the reason for 

choosing these algorithms while creating models was to start creating models with 
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basic and most used algorithms both in literature and industry. Since other types of 

algorithms are derived from these main algorithms (except neural network algorithm), 

in a scenario where the algorithms used in this thesis did not perform well, other 

algorithms could be used. However, the stated five algorithms gave decent predictive 

performances.  

Three variables showed distinguishable patterns between appendicitis and non-

appendicitis patients and simple and complex appendicitis patients. These variables 

were potential high predictive variables, which single predictor machine learning 

models were created to observe these variables' predictive powers. Also, multiple 

predictor models were created with combinations of these three variables. The best-

performing model came out to be the model created with these three variables. Besides 

selecting predictor variables based on exploratory data analysis, a variable selection 

algorithm was implemented. Among 14 potential predictor variables, the stated 

algorithm also selected the variables determined during exploratory data analysis. So, 

both exploratory data analysis and variable selection algorithm gave parallel results. 

In this part of the analysis, after creating models, decision tree visualizations were 

created to observe the cut-off values of the predictor variables that the CART 

algorithm has learned from data. These cut-off values were compared to the descriptive 

complete blood count test studies conducted in the literature. Also, associations 

between predictor variables and patients’ appendicitis situations were discussed. 

4.4.3. Model Performance Comparison 

A total of 5 different algorithms and three predictor variables were used, resulting in 

creating a total of 71 models when creating models by different combinations of 

predictor variables are taken into consideration. 

While comparing the models' performances on the test set, the area under the receiver 

operator curve (AUC) metric was the primary metric for selecting the best-performing 

model. However, other metrics such as accuracy, sensitivity, and specificity were also 

analyzed. The main reason for using the AUC metric can be associated with the 

problem at hand. Since the false prediction of actual appendicitis patient can lead to 

consequences such as the development of complex appendicitis. On the other hand, 

false prediction of an actual non-appendicitis patient can lead to unnecessary treatment 

and even a negative appendectomy. AUC metric is the classification metric that takes 
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both sensitivity and specificity into account, which best fits the classification problem 

at hand. 

4.4.4. Best Performing Model Evaluation via Clinical Scoring Systems 

After selecting the best performing machine learning model, the model's predictive 

power was evaluated with the predictive powers of three different clinical scoring 

systems. Again, the classification metrics stated before were used to assess the 

performances, and descriptive analysis was conducted on the patients that clinical 

scoring systems could not predict correctly. However, the created machine learning 

model could predict. 

The analytical process and modeling results are given in detail in the next chapter of 

this thesis. 

5. RESULTS 

This section will include two subsections. In the first subsection, the reasons for chosen 

predictor variables in predicting whether a patient has acute appendicitis or not will be 

stated with descriptive statistics and exploratory data analysis. The statistical 

differences of the CBC test values between appendicitis and non-appendicitis patients 

will be shown with statistical tests and visualizations. Afterward, the machine learning 

models' evaluation on the test set will be provided together with the average of the 5-

fold cross-validation metric results. During the models' evaluation process, some 

discussions will be made on the results of the interpretable models, such as logistic 

regression and decision trees. The same resulting process will be implemented for the 

prediction problem of complex appendicitis in the second subsection. 

5.1. Prediction of the Appendicitis 

Acute appendicitis is the inflammation in the appendix placed in the lower right side 

of the abdomen, as stated in the Literature Review chapter in this study. A complete 

blood count test, also known as a hemogram, is considered an inexpensive and simple 

test that can be interpreted easily (Walters & Abelson, 1996). These test results give 

clues about an abnormal status present in a human body, such as infections. 

The CBC results present in the data set can be categorized into white blood cells, red 

blood cells, and platelets (George-Gay & Parker, 2003). Another blood test 
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differentiated from the complete blood count test is the c-reactive protein measured in 

the hospitals' chemistry departments. This protein’s serum or plasma levels rise in 

terms of infections giving a sign of an abnormal status present in a human body (Black 

et al., 2004). The test results of c-reactive protein (CRP) will be considered separately 

in this study, resulting in four different blood test categories to investigate the 

prediction of a patient's appendiceal situation. 

5.1.1. Exploratory Data Analysis and Statistical Inferences 

White Blood Cell Analysis 

White blood cells contain five subtypes: neutrophil, eosinophil, basophil, lymphocyte, 

and monocyte (Horne et al., 2005). The data set at hand consists of different white 

blood cell results obtained from the hemogram test. The obtained results of the white 

blood cell variables with their descriptive statistics can be seen in Table 3. 

Table 3: Descriptive statistics of white blood cell variables 

White Blood Cell 

Variables 
N M SD Min. Mdn Max. 

WBC 8,586 13,240.414 5,459.989 1,207 12,160 35,200 

Lymphocyte (μL) 8,586 3,162.094 2,065.851 73 2,700 16,000 

Neutrophil (μL) 8,586 8,430.327 5,666.264 56.718 7,055 32,700 

Neutrophil (%) 8,586 0.584 0.220 0.040 0.6 0.970 

NLR 8,586 5.317 6.780 0.049 2.387 58.667 

 
Some visualizations of distributions were conducted to see the differences in the white 

blood cell values between appendicitis and non-appendicitis patients (see Figure 17). 

These visualizations can also help identify whether these variables can be potential 

explanatory variables to predict the appendiceal situations. Visible differences in 

distributions can be a sign of a potential predictive variable. The related visualizations 

can also give a hint about machine learning algorithm selection. However, one should 

keep in mind that it is hard to directly match the set of predictor variables and the 

machine learning algorithms. For this reason, after some statistical analysis and data 

visualizations, a model creation strategy has to be made. The strategy used in this 

problem will be explained in the following discussions. 
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Figure 17: White blood cell distribution and relationships 

To make conclusions from Figure 17, it is seen that the variable distributions overlap 

in the diagonal density plots, in which a distribution difference between appendicitis 

and non-appendicitis patients is not visible. There are minor density differences in high 

values of the variables in WBC and lymphocyte values, but the difference might not 

be statistically significant. In the scatter plots, it is seen that when the points are colored 

with the appendiceal situation of a patient, there are not any distinguishable or 

clusterable patterns (see Figure 17). Hence, including these variables in the machine 

learning model while predicting appendicitis and non-appendicitis patients can add 

extra noise and complexity. Adding extra noise to a model can affect a machine 

learning algorithm's performance in terms of overfitting and the curse of 

dimensionality (Bessa et al., 2017). Machine learning models can catch patterns 

between the variables; however, this does not mean that every available variable 

should be used to create predictive models. Predictor variables that can contribute at 

optimal levels should be considered. Median differences between appendicitis and 

non-appendicitis patients of the white blood cell variables with standard deviations 

and a statistical p-value of Mann-Whitney U test are given in Table 4. 
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Table 4: Statistical differences between appendicitis and non-appendicitis patients in terms 
of white blood cell variables 

White Blood Cell 

Variables 
Appendicitis Non-appendicitis Ua p 

 MD SD MD SD   

WBC 12315 5459.989 12050 5400 9340056 0.1107 

Lymphocyte 

(μL) 
2710 2037 2690 2090 9139758 0.8771 

Neutrophil (μL) 7220 5732 6895 5609 9299950 0.2133 

Neutrophil (%) 0.61 0.220 0.6 0.220 9242245 0.4589 

NLR 2.47 6.79 2.34 6.77 9243050 0.4547 
aNon-parametric Mann-Whitney U test statistics 

As shown in Table 4, there are no statistically significant differences between 

appendicitis and non-appendicitis patients in terms of white blood cell variables (p > 

0.05). Nonetheless, in every white blood cell variable, the median value is greater in 

appendicitis patients when compared to non-appendicitis patients. When everything is 

considered, white blood cell variables will not be used when creating predictive 

models. There are no clear patterns in terms of distinguishing between appendicitis 

and non-appendicitis patients. However, in higher dimensions, there can be, but this 

can result in complex models that the interpretability could decrease. 

Several studies take mostly WBC into account in terms of conducting statistical 

analysis or predicting appendicitis. Al-gaithy (2012) states that an increase of WBC 

and neutrophils should not be an indicator of acute appendicitis but can help in 

decision-making in terms of a possible appendectomy (Al-gaithy, 2012). Another 

study conducted by Beltrán et al. (2007) for predicting appendicitis in 198 children 

patients, which 27 normal appendix and the rest of the patients are with simple or 

complex appendicitis, found a statistical difference between these groups concerning 

WBC. They also determined cutoff value ranges for WBC in regular appendix patients 

and acute appendicitis patients and made predictions accordingly. The cutoff points' 

predictive power resulted in high specificity performance but poor performance in 

terms of sensitivity  (Beltrán et al., 2007). Similar results are found in the research 

implemented by Coleman et al. (1998). They state that WBC is a poor predictor since 

the experiment resulted in no statistically significant difference between the 
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appendicitis patient groups (Coleman et al., 1998). To sum up, WBC is one of the most 

argued complete blood count test results in appendicitis literature. Nevertheless, there 

is no study or research indicating the WBC or any other white blood cell subtype as a 

specific predictor for appendicitis (Cardall et al., 2004; Yang et al., 2006; Sarsu & 

Sarac, 2016). 

Red Blood Cell Analysis 

There are several red blood cell-related indicators calculated from the complete blood 

count tests. One of the variables is hemoglobin (HGB), a protein in red blood cells 

whose basic duty is to help red blood cells transport oxygen to the lungs (Kampen & 

Zijlstra, 1966). A study conducted by Beutler & Waalen (2006) suggests the typical 

value of HGB as 14 g/dl in men 12.3 g/dl in women. From the CBC test, the 

hemoglobin concentration in grams per deciliter (g/dl) in red blood cells is calculated. 

Another feature is the hematocrit (HTC), which shows the proportion of red blood 

cells in the blood. The usual range of HTC in women ranges from 37 to 48 and  42 to 

52 percent in men (Besarab et al., 1998). The volume and size of the red blood cells 

are measured in the name of red cell distribution width (RDW). A study implemented 

by Qurtom et al. (1989) proposes 13.2 ± 0.9 as the normal range of RDW in children 

(Qurtom et al., 1989). Mean corpuscular volume (MCV) measures the average size of 

the red blood cells, which is obtained by multiplying the blood volume by the 

hematocrit and dividing it by the number of red blood cells that the normal reference 

range is considered as 80-100 fL. The last measured red blood cell-related component 

is the mean corpuscular hemoglobin concentration (MCHC), which is calculated by 

dividing hemoglobin by hematocrit. The expected value range is considered as 32-36 

g/dl (CHANDA et al., 1963). All these red blood cell-related elements can indicate the 

abnormalities in red blood cells, which generally signify anemia-related illnesses and 

the lack of minerals and vitamins in a human body (Scharte & Fink, 2003). The overall 

descriptive statistics for the red blood cell-related CBC test values can be found in 

table 5. 
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Table 5: Descriptive statistics of red blood cell related CBC test variables 

Red Blood Cell 

Variables 
N M SD Min. Mdn Max. 

HGB (g/dl) 8,586 12.616 1.406 6.400 12.600 21.400 

HTC (%) 8,586 37.721 3.928 22.800 37.535 62.550 

RDW (%) 8,586 13.222 1.707 5.180 13.200 41.100 

MCV (fL) 8,586 80.033 6.890 49.500 80.000 110.700 

MCHC (g/dl) 8,586 33.306 1.465 23.200 33.300 40.500 

 

Likewise, the white blood cell analysis, visualization of the red blood cell-related 

indicators can be seen in figure Figure 18. Some discussions on the related 

visualization will be made corresponding to the creation of simple and interpretable 

machine learning models. 

 

Figure 18: Red blood cell related indicator distributions and relationships 

Similarly, as in white blood cell distributions and relationships visualization, the 

distributions of HGB, HTC, and RDW in appendicitis and non-appendicitis patients 
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overlap. For creating simple machine learning models, these three features can lack in 

creating such models since there are no visible differential patterns. These three 

variables can be considered in higher dimensional machine learning models if 

necessary. While having some overlapping parts, there is a density of appendicitis 

patients in higher values of MCHC. One of the critical variables is the mean 

corpuscular volume (MCV); as shown in Figure 18, it is visible that in the very high 

and very low values, the appendicitis patients' density is higher. This variable can be 

beneficial in respect of creating simple models with fewer dimensions (features). It 

can be inferred from the relationship plots (scatter plots) that, by creating simple k-

nearest neighbors or decision tree-based model, a predictive model formed of two or 

even one dimensions can be obtained. It is important to be able to create simple models 

in every aspect. This aspect includes the predictor variables and used machine learning 

models. Simple models have advantages in every way, such as interpretability and 

computation cost. When creating models, only MCV included models will be created, 

and the results will be presented in further this study.  

Median differences with their standard deviations and non-parametric statistical test 

result between appendicitis and non-appendicitis patients are presented in Table 6. 

Table 6: Statistical differences between appendicitis and non-appendicitis patients in terms 
of red blood cell variables 

Red Blood Cell 

Variables 
Appendicitis Non-appendicitis U p 

 MD SD MD SD   

HGB (g/dl) 12.6 1.40 12.6 1.41 9170591 0.9087 

HTC (%) 37.5 3.92 37.6 3.94 9045405 0.3276 

RDW (%) 13.1 1.85 13.2 1.57 8869044 0.01174* 

MCV (fL) 83.8 8.96 78.5 3.54 13003485 0.000*** 

MCHC (g/dl) 33.6 1.37 33.1 1.53 10642974 0.000*** 
***p < .001, *p < .05 

From Table 6, it can be concluded as there are no statistically significant differences 

between HGB and HTC values. Especially in MCV, the median value is higher in 

appendicitis patients when compared to on-appendicitis patients. There are no studies 

directly related to hemoglobin values in patients that take the appendicitis situation 

into account. However, in a study conducted by Bass et al. (2012) in 2718 treated 
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appendicitis patients, 8 patients developed Crohn's disease. The average HGB was 

lower with 10.4 ± 1.0 than treated patients with an HGB value of 13.3 ± 0.2. Likewise, 

MCV was lower with 72.5 ± 3.4 when compared to treated appendicitis patients, which 

included 84.1 ± 0.5 (Bass et al., 2012). Another study made by Hsieh et al. (2011), 

analyzed the hemoglobin values obtained from patients and did not use while creating 

machine learning models for predicting appendiceal issue (Hsieh et al., 2011). A study 

made by Narci et al. (2013) examined mainly the red cell distribution width (RDW) 

and did not find any meaningful difference between appendicitis and non-appendicitis 

patients. Hence, chosen cut-off points for RDW variables resulted in poor sensitivity 

and specificity metrics (Narci et al., 2013). There were no studies directly taking MCV 

values into account in appendicitis patients. In this study, MCV will be one of the 

strongest predictors amongst other complete blood test indicators, which will be 

argued in the model evaluation part. 

Thrombosis (Platelets) Analysis 

There are three thromboses (platelets) related measures obtained from the CBC tests. 

These variables are platelet count (PLT), mean platelet volume (MPV), and platelet 

distribution width (PDW). PLT reflects the number of platelets in a blood sample, 

MPV is the average size of the platelets, and PDW is a sign of how platelets are 

uniformly distributed in size (Walters & Abelson, 1996). These indicators' abnormal 

values can be related to diseases such as bleeding disorders (Cattaneo, 2003). Overall 

descriptive statistics of the thrombosis-related indicators can be found in Table 7. 

Table 7: Descriptive statistics of thrombosis related CBC test variables 

Thrombosis 

Variables 
N M SD Min. Mdn Max. 

PLT 8,586 315,732.029 93,125.852 22,800 303,000 883,000 

MPV (fL) 8,462 7.515 1.511 3.000 7.300 19.500 

PDW (%) 7,903 23.053 12.339 7.200 18.770 84.000 
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As it is seen from Table 7, there are some missing values present in MPV and PDW 

values. While creating machine learning models using these variables, the 

observations containing missing values regarding these variables will be omitted. 

Similarly, as it is implemented in white blood cell and red blood cell analysis, the 

distribution and relationship visualizations are like in Figure 19. 

 

Figure 19: Thrombosis related indicator distributions and relationships 

From Figure 19, it can be inferred that in MPV and PLT, the frequency distributions 

of appendicitis and non-appendicitis patients overlap in most values. However, there 

is a density towards the higher values in MPV and lower values of PLT. In higher 

dimensional machine learning models, these variables can capture some relationships. 

When we check the density distribution plot of PDW, most of the patients are 

distributed around the value of 20%. Like the MCV distribution plot, clear cut-off 

points are determined for the PDW variable as most of the appendicitis patients are 

present in this variable's higher values. Again, usage of the PDW can be beneficial in 

terms of creating lower-dimensional simple models. The predictive power of only the 

PDW variable will be given in the model evaluation chapter. However, using PDW 
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with other variables such as MCV and CRP resulted in better prediction performances 

which will be discussed further. 

Median and standard deviation differences between appendicitis and non-appendicitis 

patients are given in Table 8. All the thrombosis-related CBC test values have a 

statistically significant difference according to conducted non-parametric Mann-

Whitney U test, as expected from the visualization done for these variables. 

Table 8: Statistical differences between appendicitis and non-appendicitis patients in terms 
of thrombosis related variables 

Thrombosis 

Variables 
Appendicitis Non-appendicitis U p 

 MD SD MD SD   

PLT 295000 93305 310000 92694 8345215 0.000*** 

MPV (fL) 7.9 1.46 6.84 1.44 11996684 0.000*** 

PDW (%) 18.9 16.0 18.7 5.02 9073812 0.000*** 

***p < .001 

There are several studies and researches made in terms of thrombosis-related variables. 

Primarily, mean platelet volume is taken into account and has been related to 

appendicitis. Apart from mean platelet volume, platelet distribution width has also 

been a topic associated with appendicitis. Albayrak et al. (2011) state that MPV can 

be a new predictor variable in acute appendicitis. They found an optimal cut-off value 

of 7.6 (fL) for the MPV value and suggest that with WBC, MPV should be considered 

in patients suspected of acute appendicitis (Albayrak et al., 2011). A similar study 

made by Bilici et al. (2011) differs in considering children appendiceal patients. Like 

in this study, they found that some patients had a lower MPV value and some had 

higher MPV values, which they also suggest examining these values together with 

WBC results (Bilici et al., 2011). Besides the MPV-related studies, a study undertaken 

by Dinc et al. (2015) examined and compared three different CBC test indicators, 

which are WBC, neutrophil percentage, and platelet distribution width. They 

concluded the research by suggesting using PDW as a diagnostic variable in 

appendiceal patients since it outperformed the predictive performances of WBC and 

neutrophil percentage individually in sensitivity, specificity, and accuracy metrics 

(Dinc et al., 2015). As stated before, all these three thrombosis-based CBC test 

variables can be a potential explanatory variable. Especially, PDW will be used alone 
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to create simple machine learning models. It will also be considered together with high 

explanatory variables such as MCV and CRP, which will be examined in the following 

subsection. PLT and MPV will be taken into account when creating high-dimensional 

machine learning models. 

C-Reactive Protein (CRP) 

Another measure that can be obtained from a blood test is the c-reactive protein amount 

in the blood. It is a protein made by the liver and generally known as the protein levels 

increase if an inflammatory situation is present in a human body (Unit et al., 1991). 

Since acute appendicitis is the appendix's inflammation, CRP can be a potential 

indicator for this condition. Overall descriptive statistics for CRP levels can be seen in 

Table 9. There are missing values present in CRP, and half of the patients have a CRP 

value of 0 (see Table 9). 

Table 9: Descriptive statistics of CRP 

CRP (mg/L) 
N M SD Min. Mdn Max. 

8,446 6.243 27.878 0.000 0.000 405.400 

 

While creating machine learning models using CRP, the missing values will not be 

filled, but they will be omitted. CRP-based visualizations can be found in Figure 20. 

 

Figure 20: CRP visualizations 
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The plot has been zoomed in the density plot, showing the CRP values between 0 and 

25. It is seen that most of the non-appendicitis observations are gathered around the 

value 0. There are also appendicitis patients who have 0 or around values, but higher 

values can be associated with appendicitis patients, as seen in the jitter plot (see Figure 

20). Like in MCV and PDW complete blood count results, cut-off points can be 

determined using machine learning models for CRP values. Hence, a lower-

dimensional simple model can be created using the CRP variable as an explanatory 

predictor. Median and standard deviation differences with Mann-Whitney U statistical 

test results are given in Table 10. 

Table 10: Statistical differences between appendicitis and non-appendicitis patients in 
terms of CRP values 

Diagnosis Appendicitis Non-appendicitis U p 

 MD SD MD SD   

CRP (mg/L) 1 39.3 0 7.06 17171896 0.000*** 

***p < .001 

The calculated p-value suggests a statistically significant difference between 

appendicitis and non-appendicitis patients in terms of CRP values. Although the 

difference is only 1 unit, which is higher in appendicitis patients, the vast difference in 

standard deviations shows that appendicitis patients tend to have higher CRP values 

since the minimum value that CRP can have is 0. 

Since CRP is an indicator of inflammation in a body part, it has taken much attention 

in inflammation-based diseases, especially in appendicitis-related studies and 

research. Albu et al. (1994) examined the CRP levels on 56 patients and found higher 

levels than 2.5 mg/L CRP in appendicitis patients (Albu et al., 1994). Another study 

conducted by H. P. Wu et al. (2005) found different CRP cut-off points for 

distinguishing no appendicitis, appendicitis, and perforated appendicitis in 568 

patients. The cut-off points were determined by taking the days into account. To 

classify the appendicitis patients, the found cut-off points were 1.5, 4, and 10.5 for the 

first, second, and third days respectively. For perforated appendicitis, these cut-off 

values were 3.3, 8.5, and  12, respectively (H. P. Wu et al., 2005). The decision tree 

cut-off points of the CRP predictor variable will be given in this thesis. 
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Similar to H. P. Wu et al. (2005) results, the cut-off points for complicated and simple 

appendicitis patients will have visible differences in CRP values which will be 

discussed in machine learning model results. Another study implemented by 

Yokoyama et al. (2009) found a cut-off value of 4.95 mg/dl for an indication of 

appendectomy. They examined 150 patients and their CRP information, WBC, 

neutrophil percentage, duration, age, and gender. By conducting a multivariate 

statistical analysis, they found differences in CRP levels in surgical and simple 

appendicitis patients and could not find any difference in other variables. Using the 

stated cut-off point, they obtained a 0.862 AUC score of classifying surgical patients 

and simple appendicitis patients (Yokoyama et al., 2009). There are several more 

studies associated with appendicitis and CRP levels (M. M. Thompson et al., 1992; 

Sengupta et al., 2009; Panagiotopoulou et al., 2013). So far, all the stated findings 

suggest CRP as a strong predictor for classifying appendicitis and even complex 

appendicitis. Simple models only formed with CRP as a predictor variable, and their 

performances will be given in the next subsection. 

5.1.2. Single Predictor Machine Learning Model Evaluations 

In this subsection, the performance results of the created machine learning models will 

be presented. In any real-life problem, a simple solution is a preference in every aspect. 

Because a simple solution is more understandable, and most of the time, costs can be 

held in minimal. For this reason, there are no complex feature selection methods 

applied in this study except for the creation of complex models. In the light of the 

exploratory data analysis, statistical inferences, and the studies conducted in the field, 

the simple machine learning models are created with the variables that give a sense of 

easily distinguishable patterns. These potential predictors are c-reactive protein levels 

(CRP), mean corpuscular volume (MCV), and platelet distribution width (PDW). 

These variables showed separable patterns between appendicitis and non-appendicitis 

patients even in two dimensions. Hence, simple models with only one predictor 

variable with these stated variables and a combination of them will be created. Lastly, 

a complex model will be created using the random forest as the base algorithm for the 

recursive elimination method, which is one of the best subset selection methods of the 

predictor variables (Granitto et al., 2006). 
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The model performances will be evaluated and compared mostly with the area under 

the receiver operator curve metric on test data. However, other metrics such as 

accuracy, sensitivity, and specificity will also be given. 

First, as most of the studies are made for the prediction of appendicitis by using CRP, 

which is an indicator of an inflammatory situation in a body, the model performance 

metrics created with CRP are like in Table 11. 

Table 11: Performances of models created with CRP as a predictor variable 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.968 0.971 0.961 0.985 0.942 

KNN 0.974 0.974 0.965 0.995 0.940 

SVM 0.968 0.974 0.963 0.991 0.940 

CART 0.972 0.974 0.966 0.990 0.945 

RF 0.972 0.973 0.966 0.983 0.941 
                    a5-fold cross validation average of area under the reciever operator curve metric 
 
From performance metrics of the created models on test data presented in Table 11, it 

can be derived that CRP is a clear decent predictor on its own when classifying 

appendicitis and non-appendicitis patients. The AUC metrics are very close to each 

other when comparing the different algorithm performances. Other metrics are close 

also, and decent performances are obtained. When sensitivity is taken into account, the 

model with the k-nearest neighbor algorithm has a 0.995 sensitivity. Since the field is 

medicine and human life is at issue, misclassification of several patients can not be 

ignorable. 

Additionally, relying only on one indicator can be misleading since rather than 

inflamed appendicitis, any other disease can cause abdominal pain and increase the 

CRP levels (Solem et al., 2004). However, in addition to abdominal pain, with other 

historical signs and physical examinations and the abundance of the studies that relate 

CRP with appendicitis, the prediction of a simple machine learning model formed with 

CRP as a predictor can give a clue about the situation of a patient to the medical 

professional. To give a sense of the association between the CRP levels and the 

diagnosis of the patients, the decision tree in Figure 26 can be examined. As seen from 

the decision tree plot, all patients who have CRP levels below 0.013 are classified as 

non-appendicitis. By looking at the left-hand side of the plot and ignoring the 
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complexity, the acute appendicitis patients' density can be seen between 0.92 and 4.9 

levels of CRP (see Figure 21). These values can help in decision-making for the 

medical professionals by taking patient's historical examinations into account. 

 

Figure 21: Decision tree visualization of CRP 

The second potential strong predictor is the mean corpuscular volume (MCV) of the 

red blood cell. Likewise CRP and PDW, this CBC variable also showed discernible 

patterns in visualizations with two dimensions. As discussed before, there were no 

studies conducted directly taking MCV values as a predictor value for the appendicitis 

prediction. The median MCV value was high in the appendicitis patients compared to 

non-appendicitis patients, and this difference was statistically significant (see Table 

6). Performances of created machine learning models on test set with MCV as a 

predictor variable are specified in Table 12. 
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Table 12: Performances of models created with MCV as a predictor variable 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.709 0.713 0.843 0.722 0.946 

KNN 0.980 0.977 0.960 0.990 0.934 

SVM 0.974 0.975 0.953 0.999 0.915 

CART 0.975 0.975 0.962 0.990 0.938 

RF 0.975 0.973 0.961 0.989 0.938 
a5-fold cross validation average of area under the reciever operator curve metric 

 
When MCV is taken into account as a single predictor variable in machine learning 

models, logistic regression failed to catch the appendicitis patients since the sensitivity 

is dramatically lower when compared to other algorithms' performances. Hence, this 

resulted in a poor AUC metric score amongst other non-linear machine learning 

algorithms. Similarly, like in the CRP performance metrics, all the other metric results 

are pretty close to each other. Model created with support vector machines almost 

predicted all appendicitis patients correctly with a sensitivity of 0.999, but this model's 

specificity performance was lower than other algorithms. A similar interpretation can 

be made to the MCV indicator also. The models created with this predictor variable 

gave decent results. However, this variable's usage can only result in misdiagnosing 

appendicitis since the MCV is generally used in detecting iron deficiency and anemia 

(W. G. Thompson et al., 1988; Kobrinsky et al., 1995; Beutler & West, 2005). There 

are studies that associate abdominal pain with iron deficiency anemia (Kori et al., 

2007; Kaitha et al., 2015; Cannalire et al., 2018). These diseases can also include other 

historical signs such as diarrhea and nausea, which are similar indicators that an 

appendicitis patient can have. Because of this, it can be logical and beneficial to use 

MCV together with other variables as predictors if necessary. 

Regardless of the complexity of the built decision tree, all of the patients with values 

between 74 and 82 are classified as non-appendicitis. The density of the patients 

classified as appendicitis is higher in the cut-off value of 82 and higher levels of MCV 

(see Figure 22). So far, while having complex relationships, higher MCV and CRP 

values can be associated with more density of the acute appendicitis patients. 
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Figure 22: Decision tree visualization of MCV 

Third and last potential strong predictor is the platelet distribution width (PDW). There 

were separable patterns in two-dimensional visualizations of this variable. However, 

the existed patterns were not so separable when compared to CRP and MCV. For this 

reason, when creating models with only the PDW as a predictor variable, model 

performances are not expected to be good as CRP and MCV variables. Performance 

evaluation of PDW-based machine learning models is given in Table 13. 

Table 13: Performances of models created with PDW as a predictor variable 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.595 0.600 0.748 0.437 0.975 

KNN 0.899 0.877 0.804 0.794 0.813 

SVM 0.864 0.839 0.766 0.703 0.812 

CART 0.896 0.879 0.813 0.781 0.837 

RF 0.875 0.854 0.803 0.796 0.810 
a5-fold cross validation average of area under the reciever operator curve metric 
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Correspondingly to MCV based model performances, from the AUC metric of the 

logistic regression model, it can be derived that there are no linearly separable patterns 

in PDW since the AUC score is 0.6. The best performing model is the classification 

and regression trees model with a 0.879 AUC score on the test set. Another 

interpretation derived from the table is that, unlike the models created with CRP and 

MCV, which had better sensitivity ratios than specificity. In models created with 

PDW, the vice versa situation is present, resulting in better specificity ratios than 

sensitivity. Models created with PDW can catch the relationships better to predict the 

non-appendicitis patients. Due to this, models created with a combination of these 

variables can lead to obtaining a strong predictive model in predicting appendicitis and 

non-appendicitis patients. 

5.1.3. Multiple Predictor Machine Learning Model Evaluations 

Until now, machine learning model performances with only a single predictor variable 

have been argued. The relevant predictor variables were selected due to their 

visualizations that showed separable patterns in one and two dimensions. These 

models were simple models with only one predictor variable. The way that these 

models could be used was discussed. Such as model created with CRP could help in 

giving clues about patient's appendiceal situation together with historical and physical 

examinations of the medical professional. A model created with MCV should be used 

cautiously since iron deficiency anemia could also have similar historical signs with 

appendicitis patients. These models had decent results in terms of predicting 

appendicitis and non-appendicitis patients. However, PDW did not perform well when 

it is used alone. Most of the real-life problems can not be explained with a single 

predictor variable. In this subsection, multiple predictor machine learning model 

performances will be evaluated. Models will be created with the combination of these 

strong predictor variables and features selected with the usage of random forest feature 

importance metric and recursive feature elimination algorithm. 

Starting with the models created with CRP and MCV which showed the best results 

when they were used as only predictors, the model performances on test set created 

with these two variables are like in Table 14. 
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Table 14: Performances of models created with CRP and MCV as  predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.968 0.973 0.960 0.977 0.945 

KNN 0.981 0.975 0.964 0.985 0.947 

SVM 0.975 0.979 0.966 0.996 0.940 

CART 0.969 0.971 0.966 0.996 0.940 

RF 0.980 0.976 0.961 0.978 0.946 
a5-fold cross validation average of area under the reciever operator curve metric 

 
The models' predictive performances did not change drastically compared to models 

created with only the CRP variable (see Table 11 and Table 14). Nevertheless, a more 

interpretable plain decision tree has been obtained. All of the 3390 patients in the train 

set have been classified as non-appendicitis patients with a cut-off decision value of 

below 0.013 CRP value. The appendicitis patients' density falls in the cut-off points of 

above 0.013 CRP and 66 MCV values (see Figure 23). 

 

Figure 23: Decision tree visualization of CRP and MCV 

According to the above 0.013 CRP level cut-off point, appendicitis patients who fall 

into this category have higher CRP levels on average (M = 13.0, SD = 39.3, n = 3887) 
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when compared to non-appendicitis patients (M = 7.5, SD = 25.9, n = 316). The same 

condition is valid for MCV values which the levels are higher on average in 

appendicitis patients (M = 82.4, SD = 8.78, n = 3887) when compared with non-

appendicitis patients (M = 78.0, SD = 10.3, n = 316). These cut-off points and mean 

average markers of the patients can be used as a support mechanism for the medical 

doctors. However, an increase has not been seen in the AUC score, which in the fields 

like healthcare and medicine, a small bump in this score that can catch several more 

patients can result in more dependable models. 

Other models created with two predictor variables are the CRP and PDW models. The 

model performances on the test set can be found in Table 15. 

Table 15: Performances of models created with CRP and PDW as  predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.973 0.968 0.963 0.986 0.946 

KNN 0.977 0.977 0.965 0.992 0.946 

SVM 0.975 0.972 0.967 0.997 0.946 

CART 0.976 0.973 0.967 0.995 0.946 

RF 0.976 0.980 0.965 0.991 0.947 
a5-fold cross validation average of area under the reciever operator curve metric 

 
The best performing model so far, when the AUC metrics are compared, has been 

obtained with the model created with random forest, which the metric is 0.980. Also, 

the specificity ratios are elevated in small percentages when compared to other models 

created so far. This can be interpreted as that PDW usage as an extra predictor variable 

can catch several more non-appendicitis patients. Similar to the simple decision tree 

structure obtained from CRP and MCV model, an easily interpretable decision tree is 

obtained from CRP and PDW decision tree model. A similar cut-off point is obtained 

as below 0.013 CRP level; all of the 3394 patients are classified as non-appendicitis 

purely. Cut-off points of above 0.013 and 0.94 CRP levels are the points where the 

appendicitis patients are seen frequently (see Figure 24). 
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Figure 24: Decision tree visualization of CRP and PDW 

Since the frequency of studies conducted in terms of associating PDW and CRP with 

appendicitis individually (Albu et al., 1994; Hallan & Åsberg, 1997; Tanrikulu et al., 

2014; Aydogan et al., 2015; Dinc et al., 2015; Z. Fan et al., 2015; Budak et al., 2016), 

prediction results of models created with CRP and PDW can be mostly reliable with 

taking other physical and historical examinations into account. 

Another two predictor model combination is the models created with MCV and PDW, 

in which the model performances on the test set are stated in Table 16. Identically to 

models created with CRP and PDW, adding an extra predictor variable of PDW 

increased the specificity ratio in small proportions, resulting in predicting several more 

non-appendicitis patients. Except for the logistic regression model, all the other models 

gave decent performance results. Despite that, compared to models created only with 

MCV and PDW variables, the logistic regression AUC score increased drastically 

using MCV and PDW variables together as predictor variables (see Table 16). 

 



66 
 

Table 16: Performances of models created with MCV and PDW as  predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.829 0.827 0.852 0.697 0.965 

KNN 0.975 0.976 0.959 0.977 0.944 

SVM 0.973 0.976 0.960 0.979 0.946 

CART 0.978 0.972 0.965 0.991 0.945 

RF 0.979 0.979 0.954 0.965 0.945 
a5-fold cross validation average of area under the reciever operator curve metric 

 
Unlike the two predictor variable models created before, complicated decision tree 

rules are attained. Therefore the stated decision tree visualization will not be shown. 

Even though the found rules and relationships are complex, the created model did not 

overfit the training set, which the model can be considered as a generalizable model 

(see Table 16).  

Since MCV is related to iron deficiency anemia in studies and research, this model can 

not be as reliable as the CRP and PDW-based models without an indicator like CRP. 

Adding CRP as a third predictor variable to the MCV and PDW can give hints about 

appendicitis and non-appendicitis patient CBC test value cut-off points related to these 

variables. The obtained best-performing model so far was the random forest model 

created with CRP and PDW (see Table 15). Extra potential information gained from 

MCV values can increment the model performances. The indicated model 

performances of CRP, MCV, and PDW-based machine learning models are presented 

in Table 17. 

Table 17: Performances of models created with CRP, MCV and PDW as  predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.973 0.968 0.962 0.982 0.948 

KNN 0.979 0.977 0.969 0.997 0.948 

SVM 0.976 0.974 0.967 0.997 0.946 

CART 0.977 0.982 0.968 0.994 0.949 

RF 0.980 0.984 0.968 0.991 0.951 
a5-fold cross validation average of area under the reciever operator curve metric 

 
By adding a strong single predictor variable of MCV to the best performing model so 

far, the CRP and PDW-based random forest model, the AUC increased from 0.980 to 
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0.984. With this model, the best specificity ratio of 0.951 is also obtained. This means 

several more non-appendicitis patients were predicted. However, this amount of slight 

increase can be caused by random noise. For comparison purposes, a confusion matrix 

table has been constructed for the test set's predictions using the two models created 

with CRP, MCV, and PDW, and random forest as the machine learning algorithm (see 

Table 18 and Table 19). 

Table 18: Confusion matrix of predictions on test set created with CRP and PDW 

  True Condition 

  Appendicitis Normal 

Prediction 
Appendicitis 650 48 

Normal 6 852 

     Note. The used machine learning algorithm is random forest. 

Table 19: Confusion matrix of predictions on test set created with CRP, MCV and PDW 

  True Condition 

  Appendicitis Normal 

Prediction 
Appendicitis 650 44 

Normal 6 856 

    Note. The used machine learning algorithm is random forest. 

It can be seen from the confusion matrices that, using CRP, MCV, and PDW and 

machine learning algorithm as the random forest, the model was able to capture 4 more 

non-appendicitis patients (see Table 18 and Table 19). This slight increase can be 

negotiable since the complexity of the model increased by adding another dimension. 

For all that, in the field of medicine, even the tiny amounts of increments can be 

considerable since, in both ways, misdiagnosing a patient who has a disease or who 

does not can lead to adverse consequences. 

Random forest algorithm was discussed before in this study. It is considered as a black-

box algorithm since the predictions are based on the aggregation of the predictions of 

more than one decision tree algorithm (see Subsection 3.4.5.). Since many decision 

tree algorithms are working in parallel, it is hard to read and extract relationships and 

rules between the variables. Nevertheless, the random forest algorithm gives clues 

about the importance of the features used as predictors. The best performing model 

came from the random forest algorithm that used CRP, MCV, and PDW as predictors. 
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Therefore, according to the random forest algorithm, the feature importances of these 

predictor variables are like in Figure 25.  

 

Figure 25: Feature importances of CRP, MCV and PDW model 

From Figure 25, it can be seen that CRP is the most and PDW is the least important 

feature while predicting the appendiceal situation of a patient. While evaluating the 

single variable predictor models, the single predictors' performances can be ordered 

from good to poor performing as CRP, MCV, and PDW, respectively (see Table 11, 

Table 12, and Table 13). The same interpretation can be derived from the decision tree 

model created with these variables. As discussed before, while the decision tree 

structure is formed, it considers the most important features first. The decision tree 

rules and the structure extracted from the CRP, MCV, and PDW-based model can be 

found in Figure 26. 
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Figure 26: Decision tree visualization of CRP, MCV and PDW 

As obtained from previous decision tree models, the cut-off rule of predicting most 

non-appendicitis patients did not change with the value of below the 0.013 CRP level. 

Besides that, the patients' cut-off rules that the appendicitis patients are higher in 

density did not change with the above values of 0.95 CRP and 73 MCV. Since the 

model could capture more non-appendicitis patients, this could come from the rule that 

PDW brings out. Patients that have CRP values above 0.013 and below 0.95, after this 

rule is fulfilled, patients who have MCV values above 73 and PDW value below 16 

were predicted as mostly non-appendicitis patients whom 13 out of 9 patients were 

predicted as non-appendicitis (see Figure 26) 

The best model obtained so far is the machine learning model using the random forest 

algorithm with CRP, MCV, and PDW as predictor variables. This model was 

performed with 0.984 AUC on the test set. It can also be considered a relatively simple 

model with only three predictor variables compared to models that will be created 

furtherly. Besides these properties, another aspect of the model includes two CBC test 

indicators that are mainly associated with a diagnosis of appendicitis in literature, 

which makes the model potential reliable and usable model while predicting the 

appendiceal situation of the patients. Despite this model, more complex models will 

be discussed to determine if any other combination of different higher dimensional 

relationships can be present. For this purpose, a feature selection method of the 
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recursive feature elimination technique is used. This method is briefly used to 

determine the best subset of predictor variables from a set of potential predictor 

variables. The stated method requires an algorithm to calculate the effects or the 

importance of the potential predictor variables. 

For this reason, a recursive feature elimination technique needs a linear model or a 

random forest algorithm to calculate the coefficients or the feature importances based 

on these machine learning algorithms. Since the random forest algorithm is used in 

this study, RFE will recursively fit random forest models and remove the weakest 

features until the specified number of features is reached. This will be done by 

obtaining the feature importance scores of the potential variables. Since the best 

predictor subset of variables can not be known, a different number of feature subsets 

will be fitted, and with the help of cross-validation, the best subset of feature number 

and features will be determined (Granitto et al., 2006; Yan & Zhang, 2015; Darst et 

al., 2018). In this study, with all 13 complete blood count indicator variables taken into 

consideration, the best possible subset of features has been searched with the recursive 

feature elimination method. From a single predictor to 13 predictor variables, all the 

possible number of feature subsets are considered. The best number of subset features 

are selected as 3 features: CRP, MCV, and PDW, with 0.9677 average accuracy of 5-

fold cross-validation. This model is the same found before as the best machine learning 

model. This also indicates that even in higher-dimensional models, white blood cell-

related CBC test indicators were not selected as predictor variables. In future 

examinations, the predictive performances of clinical scoring systems and the random 

forest machine learning model formed with CRP, MCV, and PDW predictor variables 

will be compared. 

5.2. Prediction of the Complex Appendicitis 

As it is conducted in predicting the appendicitis subsection, similar visual and 

statistical analysis and creation of machine learning model approaches will be 

implemented and discussed in this subsection. 

Acute appendicitis patients can have simple or complex appendiceal situations. The 

complexity of appendicitis can occur if the appendicitis is perforated, gangrened, or in 

abscess occurrences (Study & Review, 2014). Appendectomy is one of the most 

surgical operations done in children (Addiss et al., 1990). A study conducted by Pearl 
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et al. (1995) examined 1366 children who had appendiceal symptoms. Among these 

children, 12% had a normal appendix, 68% had acute non-perforated appendicitis, and 

the remaining had perforated appendicitis. All patients that have inflamed appendicitis 

were trying to be treated with antibiotics. At the end of the day, they went through an 

appendectomy (Pearl et al., 1995). A positive appendectomy can be beneficial in terms 

of preventing the disease from developing further issues. However, if an 

uncomplicated appendicitis is present, there are researches and studies made on the 

treatment of appendicitis with medicines such as antibiotics (Styrud et al., 2006; Jan, 

2015; Sallinen et al., 2016). These studies are not the only studies conducted in the 

literature. 

Nevertheless, they all had similar conclusions as most of the patients that are treated 

with antibiotics did not require any surgical operations in the future. However, some 

of the patients required appendectomy due to abdominal pains, other complaints, or 

personal preferences. To conclude, knowing the patient's appendiceal situation in 

terms of simple or complex appendicitis can be beneficial in terms of deciding on the 

treatment process as complex appendicitis mostly requires an appendectomy. 

Since the meanings of the CBC test value indicators have been discussed earlier. While 

conducting exploratory data analysis and extracting statistical inferences of the simple 

and complex appendicitis patients, arguments about these variables will not be 

discussed deeply. 

There is a total of 3954 appendicitis patients in total. While the frequency of simple 

appendicitis patients is 3658 (92.5%), the count of complex appendicitis patients is 

296 (7.5%). As discussed in the earlier chapters, the category ratios are imbalanced. 

Due to this, one of the subsampling techniques of SMOTE will be used while training 

the models (see Subsection 3.3.3.). 

5.2.1.  Exploratory Data Analysis and Statistical Inferences 

White Blood Cell Analysis 

When analyzing the white blood cell CBC test values of acute appendicitis patients in 

general, there were not any significant differences both in visual and statistical ways 

in all white blood cell indicators (see Table 4 and Figure 17). To obtain a general sense 

about white blood cell indicators of simple and complex appendicitis patients, 

descriptive statistics of these variables are given in Table 20. 
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Table 20: Descriptive statistics of white cell variables in simple and complex 
appendicitis patients 

White Blood Cell 

Variables 
N M SD Min. Mdn Max. 

WBC 3,954 13,349.627 5,527.626 1,207 12,315 34,890 

Lymphocyte (μL) 3,954 3,146.994 2,036.787 73 2,710 16,000 

Neutrophil (μL) 3,954 8,537.963 5,731.898 56.718 7,220 29,600 

Neutrophil (%) 3,954 0.586 0.220 0.040 0.610 0.970 

NLR 3,954 5.356 6.794 0.049 2.471 55.500 
 
To create simple machine learning models in lower dimensions (with fewer predictor 

variables) and to see easily distinguishable patterns, the multiple visualizations of 

white blood cell variables are shown in Figure 27. Compared to a general prediction 

of the appendicitis patients, which is analyzed in the subsection priorly, there are still 

no apparent differences between the simple and complex appendicitis patients when 

the white blood cell variables are taken at hand. However, some bulges are caused by 

complicated appendicitis patients, which are seen in WBC, Lymphocyte, and 

Neutrophil (%). However, again in lower-dimensional models (simple models), it 

seems hard to obtain a decently performing model when the density and scatter plots 

are taken into consideration (see Figure 27). 
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Figure 27: White blood cell related variable distributions and relationships in simple and 
complex appendicitis patients 

Median differences between simple and complex appendicitis patients of the white 

blood cell variables with standard deviations and a statistical p-value of Mann-

Whitney U test are given in Table 21. 

Table 21:  Statistical differences between simple and complex appendicitis patients in terms 
of white blood cell variables 

White Blood Cell 

Variables 
Simple Complex Ua p 

 MD SD MD SD   

WBC 12248 5544 12959 5328 562418 0.2655 

Lymphocyte 

(μL) 
2690 2035 2905 2059 563966 0.2319 

Neutrophil (μL) 7255 5735 7055 5698 543447 0.9131 

Neutrophil (%) 0.61 0.220 0.575 0.221 524293 0.3656 

NLR 2.51 6.84 1.98 6.21 531681 0.6075 
aNon-parametric Mann-Whitney U test statistics 
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While the median values of WBC and Lymphocyte are higher in complicated 

appendicitis patients, in neutrophil-based variables, the vice versa situation is present 

when the median values are lower in simple appendicitis patients. Nevertheless, these 

differences are not statistically significant (p > 0.01) (see Table 21). This result is the 

same result obtained before, while the median differences were analyzed in 

appendicitis and non-appendicitis patients. Coleman et al. (1998) also did not find 

significant differences in white blood cell counts of the simple, gangrened, and 

perforated appendicitis. A study conducted among 1919 appendicitis patients suggests 

WBC as a poor predictor while predicting appendicitis (Coleman et al., 1998). Another 

study conducted by Hajibandeh et al. (2020) found cut-off points of neutrophil-to-

lymphocyte ratios to predict simple and complex appendicitis. They found a cut-off 

value of  NLR > 4.7, which predicts acute appendicitis with a 0.96 AUC ratio, and a 

cut-off value of NLR > 8.8, which predicts complex appendicitis with 0.91 AUC 

(Hajibandeh et al., 2020). Some patients fulfill these cut-off points by interpreting 

NLR values' distribution in Figure 32 and median values of NLR in Tables 20 and 21. 

There are other studies that predominantly focus on NLR and find similar cut-off 

points to distinguish simple and complicated appendicitis (Akgül & Gündeş, 2016; 

Bekdas et al., 2017; Prasetya et al., 2019). However, there are no distinguishable 

patterns when considering these cut-off values since the NLR distribution in simple 

and complex appendicitis is most likely similar. But then again, NLR will be 

considered while creating high-dimensional predictive models. 

Red Blood Cell Analysis 

To summarize the red blood cell-related CBC test indicators, general descriptive 

statistics in all appendicitis patients are like in Table 22. There are no missing values 

present in the variables. The variation in HTC (%) and MCV (fL) is higher when 

compared to HGB, RDW, and MCHC (see Table 22). 
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Table 22: Descriptive statistics of red blood cell related variables in simple and complex 
appendicitis patients 

Red Blood Cell 

Variables 
N M SD Min. Mdn Max. 

HGB (g/dl) 3,954 12.625 1.397 6.400 12.600 20.400 

HTC (%) 3,954 37.703 3.919 22.800 37.500 61.320 

RDW (%) 3,954 13.213 1.851 7.990 13.100 41.100 

MCV (fL) 3,954 82.122 8.963 49.500 83.800 110.700 

MCHC (g/dl) 3,954 33.496 1.367 23.200 33.600 40.500 

  
 
As stated before, in order to create simple and understandable machine learning 

models to predict simple and complicated appendicitis, multiple density distribution 

and scatter visualizations are presented in Figure 28.  

 

Figure 28: Red blood cell related variable distributions and relationships in simple and 
complex appendicitis patients 

There are no clear patterns available in HGB, HTC, and MCHC. In RDW, there is 

complicated patient density in higher values. However, most of the values overlap in 

simple and complicated patients. The clear sign is given by the MCV variable, where 

it can be a potential predictor variable while creating simple machine learning models. 
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There is no distinguishable linear pattern; however, a decision tree, k-nearest 

neighbors, or support vector machines algorithms can catch distinguishable cut-off 

points. As seen from the density plot, there are no patients present in near values of 80 

in MCV.  The reason is that in that range, patients who are diagnosed as non-

appendicitis are present (see Figure 29). To sum up, while the density of the simple 

appendicitis is considered, lower values of MCV can be associated with complicated 

appendicitis since most of the non-appendicitis and simple appendicitis patients are 

gathered around 80 and higher values (see Figure 28 and Figure 29). 

 

 

Figure 29: Histogram of MCV values in non-appendicitis patients 

Median differences between simple and complex appendicitis patients of the white 

blood cell variables with standard deviations and a statistical p-value of Mann-

Whitney U test are given in Table 23. 
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Table 23: Statistical differences between the simple and complex appendicitis patients in 
terms of red blood cell related variables 

Red Blood Cell 

Variables 
Simple Complex U p 

 MD SD MD SD   

HGB (g/dl) 12.6 1.39 12.5 1.43 521362 0.2891 

HTC (%) 37.4 3.92 38 3.96 568684 0.1484 

RDW (%) 13.1 1.82 13.7 2.08 664295 0.000*** 

MCV (fL) 84.2 8.49 71.5 4.43 127699 0.000*** 

MCHC (g/dl) 33.5 1.38 33.7 1.23 582935 0.028* 
***p < .001, *p < .05 

There are no statistically significant differences in median differences between simple 

and complex appendicitis patients regarding HGB and HTC variables. On the other 

hand, there are statistically significant median differences in RDW, MCV, and MCHC 

variables. As derived from the density plot of the MCV variable, the median value is 

undoubtedly higher in simple appendicitis patients with 84.2 versus 71.5 compared to 

complex appendicitis patients. 

A study implemented by Gofrit & Abu-Dalu (2001) examined 581 pediatric patients 

aged under 14 and found statistically significant results of higher platelet counts (PLT) 

but lower hemoglobin levels (HGB) in complicated appendicitis patients (Gofrit & 

Abu-Dalu, 2001). In another study made by Boshnak et al. (2018), 200 potential 

appendicitis patients and 20 showed complex appendicitis patients. They found RDW 

levels significantly higher in complicated appendicitis patients when compared to non-

complicated patients (p = 0.006) (Boshnak et al., 2018). Alternatively, Aktürk et al. 

(2019) suggest that complex appendicitis indicators are related to both RDW and c-

reactive protein levels (Aktürk et al., 2019).In this study, the median RDW levels are 

also high in complicated appendicitis patients. However, the density of this variable's 

overlapping values can lead to usage of this variable as a potential predictor variable 

in high dimensional models. MCV was one of the noteless variables that are barely 

considered in literature while trying to relate with acute appendicitis. Regardless of 

how the studies conducted in the field did not get much attention to this variable, it is 

a stronger predictor in predicting appendicitis and complicated appendicitis in this 

thesis.  Likewise, the mean corpuscular volume indicator, MCHC levels were not 
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primarily taken into account while recounting the appendiceal situation, which will be 

considered in this study's high dimensional models. 

Thrombosis (Platelets) Analysis 

Up till now, white and red blood cell-related CBC test indicators have been discussed 

in the perspective of value differences and potential usage when creating machine 

learning models. The same approach will be followed with the platelets related blood 

test indicators. The formed descriptive statistics for these variables are in Table 24. 

There are 122 and 624 missing values in MPV and PDW indicators, respectively (see 

Table 24). The observations of the related missing data will be omitted while creating 

machine learning models. 

Table 24: Descriptive statistics of thrombosis related variables in simple and complex 
appendicitis patients 

Thrombosis 

Variables 
N M SD Min. Mdn Max. 

PLT 3,954 309,917.248 93,305.355 22,800 295,000 845,000 

MPV (fL) 3,832 7.989 1.458 3.000 7.900 19.500 

PDW (%) 3,330 29.384 16.047 7.500 18.900 84.000 

 

To understand the distributions in simple and complex appendicitis patients of 

thrombosis (platelets) related blood test indicators, as done before with other variables, 

multiple visualizations of density and scatter plots are given in Figure 30. Similar 

distributions are obtained when compared to thrombosis-related visualizations of 

appendicitis and non-appendicitis patients (see Figure 19).  While having overlapping 

parts in the density plots, both MPV and PLT complex appendicitis patients have a 

density in higher values. When the scatter plots are also investigated of these variables, 

it can be stated that these variables are not appropriate for creating simple machine 

learning models. A similar interpretation can be made for the PDW indicator in terms 

of overlapping values. However, there is a visible density of complicated appendicitis 

patients in a particular value range of this variable. The rule-based or distance-based 

models can benefit in lower and higher dimensional machine learning models. 
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Figure 30: Thrombosis related variable distributions and relationships in simple and 
complex appendicitis patients 

Differences in the median between the simple and complicated appendicitis variables, 

as well as the Mann-Whitney U test results, are given in Table 25. 

Table 25: Statistical differences between the simple and complex appendicitis patients in 
terms of thrombosis related variables 

Thrombosis 

Variables 
Simple Complex U p 

 MD SD MD SD   

PLT 294000 93652 306000 88851 581479 0.0338* 

MPV (fL) 7.8 1.45 8.5 1.39 575285 0.000*** 

PDW (%) 18.9 16.1 16.1 2.50 61490 0.000*** 

***p < .001, *p < .05 

All the variables show statistically significant differences in medians between simple 

and complicated appendicitis patients. While the medians in the PLT variable are close 

to each other, MPV is higher in complex appendicitis patients, and PDW is lower when 

standard deviations are considered (see Table 25). 
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Generally, in the studies conducted in literature, platelet counts are not argued on their 

own to relate with appendicitis. Instead, it is taken at hand with lymphocyte to 

construct the platelet-to-lymphocyte ratio, which is examined to associate with 

appendicitis (Yazar et al., 2015; Yıldırım et al., 2017; Liu et al., 2020). Since PLT 

showed the least differential results in both density plots and statistical tests, it will be 

considered in this thesis's high-dimensional models. Mean platelet volume (MPV) is 

an indicator that has taken attention from the researchers. Biricik et al. (2019) found 

no statistically significant differences between the control group, complicated and 

simple appendicitis in MPV, platelet count, and mean platelet volume-to-platelet count 

ratio among 424 patients. They also obtained 83.79% sensitivity and 23.21% 

specificity in predicting appendicitis and non-appendicitis patients with MPV. Since 

the low specificity ratio did not fulfill the researchers, they concluded as MPV is poor 

appendicitis and non-appendicitis patient distinguisher (Biricik et al., 2019). There are 

no studies directly taking MPV to relate with complicated appendiceal situations. 

However, this variable is argued mostly to discuss as potential appendicitis or non-

appendicitis identifier. These related studies all argue simple and complicated 

appendicitis patients together while conducting predictions to classify appendicitis and 

non-appendicitis patients. Some state that MPV values are lower in simple 

appendicitis, and some argue that it is lower in complicated appendicitis patients 

(Albayrak et al., 2011; Bozkurt et al., 2015; Budak et al., 2016; Ceylan et al., 2016; 

Boshnak et al., 2018). When everything is considered, MPV will be used while 

creating high-dimensional complex machine learning models in this thesis. The same 

situation is valid for the platelet distribution width (PDW) indicator, where the studies 

are mostly conducted to contend the statistical differences between healthy, simple, 

and complicated appendicitis patients. There are no certain opinions regarding using 

PDW as a predictive variable while taking complicated patients into account (Dinc et 

al., 2015; Yilmaz et al., 2015; Budak et al., 2016). Since PDW showed separable 

patterns between simple and complicated appendicitis patients in the multiple two-

dimensional visualizations, it will be used while creating simple and complex machine 

learning models to predict simple and complicated appendicitis patients. 
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C-Reactive Protein (CRP) 

The last CBC test variable to analyze in simple and complicated appendicitis patients 

is the c-reactive protein (CRP) levels. General descriptive statistics are about this 

variable are like in Table 26. 

Table 26: Descriptive statistics of CRP levels in simple and complex appendicitis patients 

CRP (mg/L) 
N M SD Min. Mdn Max. 

3,887 12.956 39.332 0.025 1.000 405.400 

 

CRP showed clear separable patterns before when analyzing the differences between 

appendicitis and non-appendicitis patients. As discussed before, since the indicator is 

related chiefly to inflammation in a body, to consider complicated appendicitis 

patients, who can contain more inflammatory signs in the body, CRP can again have 

clear, distinguishable patterns between simple and complicated appendicitis. To see 

these relationships, density and jitter plots are created (see Figure 31). From these 

plots, it can be derived that patients diagnosed with simple appendicitis are mostly 

agglomerated in lower CRP levels. Contrastingly, complicated appendicitis patients 

are generally associated with higher levels of CRP. 

 

Figure 31: CRP distributions and relationships in simple and complex appendicitis patients 
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Statistical differences between simple and complicated appendicitis patients can be 

found in Table 27. 

Table 27: Statistical differences between the simple and complex appendicitis patients in 
CRP levels 

Diagnosis Simple Complex U p 

 MD SD MD SD   

CRP (mg/L) 1 28.8 50.3 78.6 921743 0.000*** 

***p < .001 

It is undeniably visible from Table 27 that there is an immense difference between 

simple and complex appendicitis patients in terms of median, which the conducted 

Mann-Whitney U test ended up with statistically significant difference as expected. 

Similar to machine learning models created to classify appendicitis and non-

appendicitis patients, again, this particular variable can be considered as a strong 

predictive variable, which will be used both in simple and complex machine learning 

models. Moon et al. (2011) especially examined CRP levels in simple and complicated 

appendicitis patients. They suggest a cut-off value of 7.05 mg/dL, where the higher 

levels can be considered with a high probability of complicated appendicitis cases, 

especially in elderly and children patients (Moon et al., 2011). Similar findings were 

discussed by Sarsu & Sarac (2016), where they searched cut-off values for both WBC 

and CRP and found CRP as a strong predictive variable while diagnosing complicated 

appendicitis (Sarsu & Sarac, 2016). To conclude, both literature and the statistical and 

visual analysis indicate that CRP is a potential strong predictor when classifying 

appendicitis and non-appendicitis together with simple and complicated appendicitis 

patients. 

5.2.2. Single Predictor Machine Learning Model Evaluations 

In this subsection performance of the machine learning models predicting simple and 

complicated appendicitis patients will be evaluated in a similar approach as in 

appendicitis and non-appendicitis machine learning models. Again, simple machine 

learning models will be created with potential strong predictor variables that show 

separable patterns in two dimensions. Afterward, in this chapter's last subsection, more 

complex multiple predictor machine learning models will be discussed. 
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Likewise, in the subsection where the single predictor machine learning models that 

predicted patients with appendicitis or not, the same c-reactive protein (CRP), mean 

corpuscular volume (MCV), and platelet distribution width (PDW) blood test 

indicators showed some distinguishable patterns in lower dimensions, which can give 

a chance to form a simple machine learning model that can classify simple and 

complicated appendicitis patients. The created single predictor models will be 

evaluated with the average AUC ratio that comes from the 5-fold cross-validation, 

AUC, accuracy, sensitivity, and specificity scores on the test set. 

Starting with the most discussed inflammation indicating variable CRP, the models' 

performance metrics created with this variable are given in Table 28. 

Table 28: Performances of models created with CRP as a predictor variable 

Model AUC(CV)a AUC Accuracy Sens. Spe. 

LR 0.916 0.883 0.835 0.857 0.834 

KNN 0.934 0.920 0.843 0.911 0.838 

SVM 0.908 0.898 0.830 0.911 0.824 

CART 0.915 0.895 0.851 0.750 0.859 

RF 0.921 0.882 0.858 0.607 0.878 

             a5-fold cross validation average of area under the reciever operator curve metric 
 
 
When compared to model performances that predict appendicitis and non-appendicitis 

patients, the AUC ratios decreased noticeably. The fundamental reason for this 

situation can be related to the imbalanced frequencies of the classes of simple and 

complicated appendicitis patients. However, with the SMOTE method, which creates 

synthetic observations for the complicated patients class, the models performed 

decently, which ended in a range of test set AUC scores of 0.882 to 0.920. As seen 

from the performance metrics table, tree-based models performed poorly while trying 

to predict the positive class of complicated patients compared to logistic regression, k-

nearest neighbors, and support vector machines. The best performing model in 

predicting simple appendiceal patients is the random forest model with a 0.878 

specificity. Overall, a model created using k-nearest neighbors had the best AUC score 

metric with 0.92 (see Table 28). A simple machine learning model created with k-

nearest neighbors algorithm and CRP as a predictor variable, the predictions of this 

model can support the medical professional in terms of deciding whether a patient has 
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a simple or complex appendiceal situation, together with other indicators such as 

historical and physical examinations of the patient. 

The second potential single predictor variable is the mean corpuscular volume (MCV), 

in which the performance results of the models created using this variable are given in 

Table 29. 

Table 29: Performances of models created with MCV as a predictor variable 

Model AUC(CV)a AUC Accuracy Sens(%) Spe(%) 

LR 0.885 0.872 0.776 1.000 0.757 

KNN 0.933 0.920 0.823 0.898 0.817 

SVM 0.916 0.912 0.780 1.000 0.762 

CART 0.923 0.903 0.820 0.949 0.810 

RF 0.922 0.922 0.867 0.780 0.874 
a5-fold cross validation average of area under the reciever operator curve metric 

 
From the model performance table, it can be derived that logistic regression and 

support vector machine algorithms can catch all the complicated appendicitis patients 

with a perfect sensitivity score of 1. Nevertheless, despite that, they lack in terms of 

capturing the simple appendicitis patients which the specificity scores are 0.757 and 

0.762 for logistic regression and support vector machines, respectively. All the 

algorithms performed satisfactorily with a score range of AUC from 0.872 to 0.922, 

which the random forest model performed the best among the others. Unlike the 

sensitivity performances of the tree-based models created with CRP, MCV was able 

to classify complicated patients with a decision tree algorithm. The decision tree 

structure and rules extracted from this algorithm are worth exploring. All the patients 

are classified correctly as simple appendicitis patients followed the cut-off rule of 

MCV levels greater than 74. Most of the complicated patients who are correctly 

classified rely on several rules, such as patients with MCV levels between 71 and 74 

and patients with MCV levels of lower than 71. It can be stated that higher levels of 

MCV can be associated with simple appendicitis (see Figure 32). As stated before, this 

blood test indicator is mostly related to anemia, the predictions of this model should 

be handled cautiously since it is not directly associated with inflammation in a body 

(W. G. Thompson et al., 1988; Seward et al., 1990; Kadikoylu et al., 2006; Sim et al., 

2017;). Also, this variable can be more reliable when used in multiple predictor 

machine learning models, especially with CRP, which is associated with inflammation. 
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Figure 32: Decision tree visualization of MCV to predict simple and complicated 
appendicitis patients 

Last single predictor machine learning models to predict simple and complicated 

appendicitis patients are the models that are created using platelet distribution width 

(PDW). The model performances using this variable are presented in Table 30. 

Table 30: Performances of models created with PDW as a predictor variable 

Model AUC(CV)a AUC Accuracy Sens(%) Spe(%) 

LR 0.856 0.846 0.794 0.923 0.789 

KNN 0.895 0.894 0.812 0.808 0.817 

SVM 0.903 0.877 0.782 0.923 0.776 

CART 0.889 0.876 0.833 0.731 0.837 

RF 0.890 0.896 0.847 0.769 0.850 
a5-fold cross validation average of area under the reciever operator curve metric 

 
There were plenty of missing values when compared to other predictor variables in 

PDW. Before creating models, these observations are omitted from the data set. Since 

machine learning algorithms can capture relationships with more data, the AUC 

metrics were lower in PDW predictor machine learning models when compared to 

CRP and MCV results. The best performing models were KNN and RF which the 
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AUC scores on the test set are 0.894 and 0.896, respectively. While RF could catch 

more simple appendicitis patients (0.85 specificity ratio), KNN was better in predicting 

complicated appendicitis patients (0.808). To find distinct cut-off points of PDW, the 

decision tree's pruned version has been constructed in Figure 33.  

 

Figure 33: Decision tree visualization of PDW to predict simple and complicated 
appendicitis patients 

From the decision tree structure, it can be interpreted that almost all the simple 

appendicitis patients are classified correctly in PDW levels, which are greater than 17. 

On the other hand, complicated appendicitis patients are densely lying between the 

lower levels of 11 and 17 PDW values (see Figure 33). Although more studies are 

taking PDW into account and relating to appendicitis patients, the lack of studies 

associating PDW with complications on this disease can be a sign of using this variable 

carefully while predicting simple and complicated appendicitis patients. Again, the 

usage of this variable together with other variables while conducting predictions can 

lead to more reliable and consistent results. 

5.2.3. Multiple Predictor Machine Learning Model Evaluations 

This subsection will involve the machine learning model evaluations created with 

more than one predictor variable. The same approach was made while creating 

multiple predictor models to predict appendicitis and non-appendicitis patients (see 

Subsection 5.1.3.).  
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First, models created with combinations of 3 potential strong predictors of CRP, MCV, 

and PDW will be evaluated. Afterward, more complex models will be assessed, which 

will consider all the CBC test indicators. 

Five-fold cross-validation mean AUC and AUC, accuracy, sensitivity, and specificity 

metrics on the test set of models created with two of the strongest predictors of CRP 

and MCV are presented in Table 31. 

Table 31: Performances of models created with CRP and MCV as predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 
LR 0.918 0.922 0.822 0.946 0.813 

KNN 0.942 0.929 0.870 0.821 0.875 
SVM 0.938 0.876 0.880 0.804 0.886 
CART 0.929 0.930 0.866 0.875 0.865 

RF 0.940 0.927 0.889 0.857 0.892 
a5-fold cross validation average of area under the reciever operator curve metric 
 

Models created with CRP and MCV as predictor variables performed the best so far 

compared to models created with CRP and MCV as single variables (see Table 28, 

Table 29, and Table 31). When the models were created with a single predictor 

variable, either sensitivity or specificity was low in some models. Usage of these 

variables together as predictors balanced the scores of sensitivity and specificity. The 

best performing model is the decision tree model with an AUC metric score of 0.930. 

At the same time, this model captured some tangled relationships while classifying 

simple and complex appendicitis patients. Since the constructed tree is hard to read, 

the decision tree plot will not be shown. However, some critical cut-off points will be 

stated in words. CRP levels lower than 2.4 and higher than 78 MCV levels resulted 

purely as simple appendicitis patients. Most of the complicated appendicitis patients 

lied where the CRP levels are higher than 2.4 and 25 and where the CRP levels are 

lower than 2.4 and lower than 68 MCV levels. It can be argued that higher CRP levels 

and lower MCV levels are primarily associated with complicated appendicitis patients. 

Other two predictor models can be created with MCV and PDW. The same 

performance metrics are evaluated and the resulst can be found in Table 32. 
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Table 32: Performances of models created with MCV and PDW as predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 
LR 0.947 0.945 0.881 1.000 0.876 

KNN 0.955 0.962 0.893 1.000 0.889 
SVM 0.958 0.933 0.905 0.962 0.903 
CART 0.946 0.931 0.898 0.962 0.895 

RF 0.964 0.958 0.923 0.885 0.925 
a5-fold cross validation average of area under the reciever operator curve metric 
 

The best performing model so far is obtained by using MCV and PDW variables as 

predictors. With a 0.962 AUC metric score, the k-nearest neighbors algorithm 

outperformed other algorithms. However, the AUC metrics are close to each other. 

Logistic regression and k-nearest neighbors were able to predict all complicated 

patients perfectly with a sensitivity ratio of 1.0. Another model performed as the best 

after k-nearest neighbors is the random forest algorithm, which classified simple 

appendicitis patients better among all other algorithms with a specificity score of 

0.925. The decision tree model resulted in a simple tree constructed, and the derived 

rules can be interpreted in Figure 39. From the decision tree plot, the rule that classifies 

all patients purely as simple appendicitis patients is the MCV levels equal or greater 

than 78. Patients classified as complicated appendicitis mostly rely on the rule where 

MCV levels are lower than 78 and PDW levels lower than 16 (see Figure 34). The cut-

off value determined for the MCV level that classifies simple appendicitis patients 

went 4 units up compared to the cut-off value obtained from the single predictor MCV 

decision tree model. 
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Figure 34: Decision tree visualization of MCV and PDW to predict simple and complicated 
appendicitis patients 

Other possible two predictor models can be constructed with CRP and PDW variables. 

The model performances are given in Table 33. 

Table 33: Performances of models created with CRP and PDW as predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 
LR 0.972 0.961 0.924 1.000 0.876 

KNN 0.962 0.971 0.916 1.000 0.914 
SVM 0.963 0.962 0.931 0.917 0.932 
CART 0.964 0.962 0.919 0.917 0.919 

RF 0.963 0.965 0.924 0.833 0.927 
a5-fold cross validation average of area under the reciever operator curve metric 
 

The highest AUC ratio is obtained so far with CRP and PDW usage as predictor 

variables and k-nearest neighbors algorithm, which the score is 0.971. Overall all the 

algorithms gave decent AUC metric results with a score range of 0.961-0.971.  The 

highest accuracy, sensitivity, and specificity ratios are also obtained in general (see 

Table 33). Simple rules and cut-off points can be extracted from the decision tree plot 

in Figure 35. 
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Figure 35: Decision tree visualization of CRP and PDW to predict simple and complicated 
appendicitis patients 

The cut-off value of where almost all except one patient were classified as simple 

appendicitis is below levels of 1.2 CRP. Most of the complicated appendicitis patients 

are classified where the CRP levels are equal to or above 17.  Patients who have CRP 

levels between 1.2 and 17 and PDW levels equal or greater than 17 are purely 

categorized as complicated appendicitis patients.  This model can be considered a 

simple two predictor model in which the relationships can be interpreted easily. Since 

it used both CRP and PDW, it is a reliable model to support medical professionals in 

diagnostic decisions. 

The last models created with all three strong predictor variables of CRP, MCV, and 

PDW, and their model performance results are given in Table 34. 

Table 34: Performances of models created with CRP, MCV and PDW as predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 
KNN 0.962 0.973 0.913 0.958 0.911 
SVM 0.968 0.970 0.936 1.000 0.933 
CART 0.956 0.971 0.939 0.833 0.943 

RF 0.968 0.973 0.925 0.875 0.927 
a5-fold cross validation average of area under the reciever operator curve metric 
 

From Table 34, it can be noticed that the model performance metric results of the 

logistic regression algorithm are no present. The reason is that the coefficients 

calculated for MCV and PDW predictors were not statistically significant (see Table 
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35). Since models are created with CRP as a single predictor variable, logistic 

regression model performance metrics are not included in Table 34. 

Table 35: Logistic regression results of CRP, MCV and PDW model 

Variable β SE z p 
(Constant) 4.556 0.631 7.214 0.000*** 

CRP -2.285 0.309 -7.405 0.000*** 
MCV 0.232 0.324 0.717 0.473 
PDW 0.710 0.519 1.369 0.171 

***p < .001 

Other non-linear machine learning models performed decently, and the AUC ratios are 

close with 0.970, 0.971, 0.973, and 0.973 for SVM, CART, KNN, and RF, 

respectively. The constructed decision tree with the determined rules can be seen in 

Figure 36. 

 

Figure 36: Decision tree visualization of CRP, MCV and PDW to predict simple and 
complicated appendicitis patients 

Patients under a cut-off value of 2.1 CRP are classified as simple appendicitis. On the 

other hand, patients who are predicted as complicated appendicitis are densely present 

in where the CRP levels are higher than 43 and MCV levels between 70 and 74 (see 

Figure 36). Other rules followed by complicated appendicitis patients are where the 

CRP levels are lower than 2.1, PDW levels are between 9.9 and 17, and MCV levels 

are smaller than 67. With these rules followed respectively, 32 out of 33 patients that 

follow these rules are predicted as complicated appendicitis patients. 
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All the created multiple strong predictor models gave decent and better results than 

single predictor machine learning models. Since the predictions rely on multiple blood 

test indicators, especially those with CRP, the created models are mostly reliable and 

beneficial for medical professionals when diagnosing a patient with powerful 

predictive capabilities. 

Finally, complex models will be created to capture and analyze other relationships that 

can come from the potential predictors that are not used so far. As it is done in 

predicting appendicitis and non-appendicitis patients, potential predictors among 14 

CBC test indicators will be selected with the help of random forest algorithm feature 

importances and recursive feature elimination method (RFE). Due to the stated 

methods, 8 predictor variables are selected. The variables are CRP, MCV, MPV, NLR, 

RDW, MCHC, and lymphocyte. This means that in addition to observed CRP, MCV, 

and PDW variables, the other 5 variables might help classify more patients as simple 

and complicated appendicitis. To see if the other 5 predictors help capture more 

patients, the model's performance created with 8 predictor variables and using random 

forest algorithm are like in Table 36. 

Table 36: Performances of models created with CRP, MCV, MPV, NLR, RDW, MCHC and 
lymphocyte as predictor variables 

Model AUC(CV)a AUC Accuracy Sens. Spe. 
RF 0.973 0.970 0.916 1.000 0.913 

a5-fold cross validation average of area under the reciever operator curve metric 
 

Compared to previously built models with CRP, MCV, and PDW, additional 5 

variables did not contribute to predicting correctly more patients since the AUC ratio 

is found as 0.970. For this reason, prediction of the simple and complicated 

appendicitis patients can be made with the model created with CRP, MCV, and PDW, 

which performed a 0.973 ratio of AUC metric. However, to confirm the information 

that CRP, MCV, and PDW are the most important variables in classifying simple and 

complicated appendicitis patients amongst the potential 8 predictor variables, feature 

importances are determined by the random forest algorithm is plotted and can be seen 

in Figure 37. 
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Figure 37: Feature importances of CRP, MCV, MPV, NLR, RDW, MCHC and lymphocyte 
model 

To conclude, as argued and suggested earlier, while exploring the potential predictor 

CBC test indicators, CRP, MCV, and PDW showed separable patterns that allowed a 

possibility to form simple machine learning models that classify both appendicitis and 

non-appendicitis, and simple and complicated appendicitis patients. The best model 

for predicting appendicitis and non-appendicitis patients was that CRP, MCV, and 

PDW were used as predictor variables, and a random forest algorithm was used as the 

classifier. This model gave a strong predictive capability with an AUC score of 0.984 

on test data. The same predictor variables were also used for predicting simple and 

complicated appendicitis patients. The classifier algorithm was again random forest, 

which the AUC metric was calculated as 0.973 on test data. Both models show that 

these variables together can be used and related to appendicitis. Using them after 

cautious historical and physical examinations of the patients can help in decision-

making while diagnosing the infants' appendiceal situation. In the next chapter, clinical 

scoring systems and the best-performing machine learning model will be evaluated in 

predictive performances while classifying appendicitis and non-appendicitis patients. 
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6. EVALUATION 

This chapter will include three subchapters that will discuss and compare the predictive 

performances of the random forest model that is created with c-reactive protein (CRP), 

mean corpuscular volume (MCV), and platelet distribution width (PDW) versus the 

three clinical scoring systems, Alvarado score, Pediatric Appendicitis Score (PAS) and 

Raja Isteri Pengiran Anak Saleha Appendicitis (RIPASA) score (for detailed 

explanations of these clinical scoring systems see Chapter 2). Since there are no 

clinical scoring systems developed to diagnose simple and complicated appendicitis 

patients, the evaluation will be made only on appendicitis and non-appendicitis 

patients. 

The stated clinical scoring systems developed to diagnose appendicitis patients could 

be included in the machine learning models as predictors developed in this study. 

However, these scores are indices that are constructed by several diagnostic indicators, 

including historical, physical, and complete blood test examinations, which the effects 

of these potential predictive variables could dominate other predictor variables 

resulting in preventing to see the relationships between complete blood test indicators 

or other predictors and appendiceal situation of the patient. For this reason, the 

predictive capabilities of these scoring systems will be compared individually with the 

best performing model that is created so far, which is the random forest model created 

using the predictor variables CRP, MCV, and PDW. 

Some of the clinical scoring systems, such as Alvarado and RIPASA scores, do not 

directly classify patients as appendicitis and non-appendicitis. Rather than that, 

Alvarado scores classify patients as appendicitis, follow-up, and non-appendicitis, and 

RIPASA categorizes as appendicitis, high risk, low risk, and non-appendicitis. Since 

the created machine learning model is created to classify appendicitis and non-

appendicitis patients, for direct comparison, categories in Alvarado and RIPASA 

scores will be combined and adjusted to have binary categories as appendicitis and 

non-appendicitis patients. Henceforward, follow-up and non-appendicitis categories in 

the Alvarado score will be recorded as non-appendicitis, high risk, low risk, and non-

appendicitis categories in RIPASA score will be recoded as non-appendicitis. 

 

 



95 
 

Comparison of Alvarado Score 

Alvarado score is one of the most used clinical scoring systems to help diagnose 

appendicitis discussed earlier in this thesis (see Chapter 2, p.8). This scoring system 

diagnosed appendicitis and non-appendicitis patients with an accuracy of 0.96 in the 

whole data set consisting of 4785 patients. The observations containing missing values 

in CRP, MCV, PDW, or Alvarado predictions were omitted (see Table 37). 

Table 37: Predictive performance of Alvarado score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 336 82 

Non-appendicitis 114 4253 

 

To make conclusions about the true positive and true negative rate predictive 

performances of the Alvarado score, among 450 appendicitis patients, Alvarado score 

could classify 336 patients correctly with a true positive rate of 0.75. On the other 

hand, it distinguished non-appendicitis patients better with a true negative rate of 0.98. 

These results will be compared with the model's predictive performance created earlier 

with CRP, MCV, and PDW as predictors and random forest as the machine learning 

algorithm. The trained model will be directly used to predict the same 4785 patients 

used to evaluate the Alvarado score predictive performance. The resulted confusion 

matrix of the discussed machine learning model can be seen in table 38. 

Table 38: Predictive performance of the machine learning model to compare with the 
Alvarado score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 446 18 

Non-appendicitis 4 4317 

 

It is seen that the best performing machine learning model outperformed the Alvarado 

score in every classification performance metric. The model especially performed way 

better in classifying appendicitis patients with a sensitivity rate of 0.991. It also 

performed slightly better when classifying the non-appendicitis patients with a 
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specificity rate of 0.995. Overall the accuracy is 0.995, which is better than the 

Alvarado score. 

In general, the trained machine learning model outperformed the Alvarado score 

predictive performances. To clarify, another confusion matrix analysis will be made 

on the patients classified incorrectly by the Alvarado score. These patients are 

predicted with the trained machine learning model, and the results can be seen in Table 

39. 

Table 39: Predictive performance of the machine learning model on the patients which were 
predicted incorrectly by the Alvarado score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 114 15 

Non-appendicitis 0 67 

 

As shown in Table 39, among 196 misclassified patients, the model could predict all 

the appendicitis patients correctly. It only missed 15 patients who are predicted as 

appendicitis but were non-appendicitis patients in true condition. Even though the 

frequency of misdiagnosed patients is not that much, to understand these patients' 

general characteristics, descriptive statistics of these patients are given in Table 40.  

Table 40: Descriptive statistics of the misdiagnosed patients both from Alvarado score and 
the trained machine learning model 

Predictors N M SD Min. Mdn Max. 

CRP 15 31.52 57.40 1.00 12.70 227.20 

MCV 15 70.30 5.37 56.75 70.30 73.10 

PDW 15 16.08 1.70 10.70 16.30 19.00 

 

From Table 40, it is understandable that both the Alvarado score and the machine 

learning model diagnosed these patients as appendicitis while they did not have acute 

appendicitis issues. From the machine learning model perspective, the earlier derived 

rules extracted from the decision tree algorithm were related to the higher values of 

the CRP. The mean and median of these 15 patients can be considered relatively high 

when the earlier descriptive, visual, and model results are considered. These patients 

should be taken in further examinations, and the reason for the inflammation should 
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be investigated in detail. To improve the model performance, historical and physical 

examination results of these patients can be rechecked. Suppose any negative aspects 

exist in terms of the patient's inclusion in the experiment, such as medical drug usage 

that can affect the blood levels. In that case, these patients can be excluded from the 

study. 

Comparison of RIPASA Score 

Previous comparisons that were conducted with the Alvarado score will be 

implemented with the RIPASA score. When the missing values are omitted in CRP, 

MCV, PDW, and RIPASA score variables, the same 4785 observations have remained. 

The overall predictive performance of the RIPASA score is higher than the Alvarado 

score, with an accuracy of 0.98 (see Table 41). 

Table 41: Predictive performance of RIPASA score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 447 91 

Non-appendicitis 3 4244 

 

Compared to the Alvarado score, the true positive rate is decently higher, with 447 

correct predictions in all appendicitis patients resulting in 0.99 sensitivity. On the other 

hand, it misclassified 9 more patients among non-appendicitis patients when compared 

to the Alvarado score. 

Since the observed patients are the same patients when the missing values are omitted, 

the trained random forest model's predictive performance results with CRP, MCV, and 

PDW as predictors are the same as before (see Table 38). Even though RIPASA was 

able to classify 1 more appendicitis patient correctly, the difference in prediction of 

true negatives is drastically higher in the machine learning model with 18 misclassified 

normal patients versus 91 in RIPASA score. 

Amongst a total of 94 misclassified patients by RIPASA score, the trained machine 

learning model was able to classify 76 patients correctly, including the 3 misclassified 

appendicitis patients (see Table 42). 
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Table 42: Predictive performance of the machine learning model on the patients which were 
predicted incorrectly by the RIPASA score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 3 18 

Non-appendicitis 0 73 

 

From Table 42, it can be inferred that the trained machine learning model could not 

capture 18 non-appendicitis patients. To gain some descriptive insights about these 

patients, the descriptive statistics are given in Table 43. 

Table 43: Descriptive statistics of the misdiagnosed patients both from RIPASA score and the 
trained machine learning model 

Predictors N M SD Min. Mdn Max. 

CRP 18 26.46 53.40 0.16 8.30 227.20 

MCV 18 68.84 6.21 56.75 72.40 73.10 

PDW 18 15.97 2.04 10.70 16.35 19.00 

 

In Table 43 the mean and median CRP values are lower than the misdiagnosed patients 

by Alvarado score and the machine learning model. However, these values can be 

considered high when the extracted cut-off points from decision tree models are 

considered. Again, these patients can have other inflammatory problems rather than 

appendicitis. Therefore, further examinations such as CT scans can be conducted to 

end up with a healthy decision. 

Comparison of PAS Score 

The same analysis will be conducted with the PAS score since the remaining 

observations are again the same as the Alvarado and RIPASA scores when the missing 

value rows are omitted. PAS score lay somewhere between Alvarado and RIPASA 

score classification prediction performance with an accuracy of 0.979 (see Table 44). 
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Table 44: Predictive performance of PAS score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 440 89 

Non-appendicitis 10 4246 

 

PAS correctly predicted 440 among 450 appendicitis patients, which is a better 

performance than the Alvarado score. It classified 2 more non-appendicitis patients 

when compared to RIPASA but classified 7 patients less than the Alvarado score. 

To make arguments about the predictive performance of the trained machine learning 

model on 99 misclassified patients, the trained machine learning model confusion 

matrix is given in Table 45. 

Table 45: Predictive performance of the machine learning model on the patients which were 
predicted incorrectly by the PAS score 

  Actual 

  Appendicitis Non-Appendicitis 

Prediction 
Appendicitis 10 17 

Non-appendicitis 0 72 

 

Both the trained machine learning model and PAS score were not able to classify 17 

non-appendicitis patients. The general characteristics of these patients are given with 

descriptive statistics in Table 46. 
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Table 46: Descriptive statistics of the misdiagnosed patients both from PAS score and the 
trained machine learning model 

Predictors N M SD Min. Mdn Max. 

CRP 17 28.01 53.40 1.00 11.90 227.20 

MCV 17 69.35 6.21 56.75 72.40 73.10 

PDW 17 16.25 2.04 10.70 16.40 19.00 

 

The misdiagnosed characteristics of the patients are nearly identical to earlier 

descriptive statistics tables. These patients should be examined furtherly in order to 

conclude in other different possible diseases. 

When everything is considered, the trained machine learning model performed better 

than Alvarado, RIPASA, and PAS clinical scoring systems in several classification 

performance metrics such as accuracy, sensitivity, and specificity. Consequently, 

when making decisions about the patients' situations, the usage of such a model can be 

more helpful compared to these clinical scoring systems. 

7. CONCLUSION & FUTURE WORK 

In this thesis, 8589 children patients aged under 18 that have registered to the 

emergency services with a complaint of abdominal pain were examined. There were 

63 different parameters consisting of demographic information, complete blood count 

test results, anamnesis11, physical examination results, ultrasound results, 

computational tomography results, and clinical scoring systems scores.  

Due to missing value constraints in most of the variables in the dataset and the aim of 

developing a simple model, complete blood count test results and c-reactive protein 

are considered while creating predictive machine learning models. For future work, if 

a complete dataset can be obtained, other relationships in anamnesis, physical 

examination results, and demographics can also be analyzed in terms of the 

appendicitis situations of the patients. 

Most distinguishable patterns were found in c-reactive protein (CRP), mean 

corpuscular volume (MCV), and platelet distribution width (PDW) via visualizations 

 
11 A patient's account of their medical history. 
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and statistical hypothesis tests for between appendicitis and non-appendicitis, and 

simple and complex appendicitis patients (see Chapter 5.1.1. and Chapter 5.2.1.). 

Since this study aimed to build a machine learning model to predict (diagnose) both 

acute appendicitis and the degree of the situation, whether simple or complex 

appendicitis, a total of 71 machine learning models were created and evaluated, as it 

was discussed while arguing the visual and statistical differences between appendicitis 

and non-appendicitis, and simple and complex appendicitis patients, best performing 

models were created using CRP, MCV, and PDW as predictors. Five different popular 

machine learning algorithms in literature were used, and the best classification metric 

score of 0.984 area under the receiver operator curve (AUC) was obtained on test data 

with a random forest algorithm while predicting appendicitis and non-appendicitis 

patients. On the other hand, when classifying simple and complex appendicitis 

patients, a 0.973 AUC metric score on test data was acquired. Besides predictive 

purposes, to understand the associations between the patient's diagnosis and the CRP, 

MCV, and PDW values, several important cut-off points determined by the decision 

tree algorithm were obtained, and the tree-like graphs were constructed (see Figure 26 

and Figure 36). 

Another aim of the study was to outperform the clinical scoring systems' diagnostic 

performances such as Alvarado, Pediatric Appendicitis Score (PAS), and Raja Isteri 

Pengiran Anak Saleha Appendicitis (RIPASA). The trained random forest model with 

CRP, MCV, and PDW as predictors, did better than these clinical scoring systems with 

a sensitivity ratio of 0.991 and specificity ratio of 0.996 in the whole dataset omitting 

the missing value rows. Alvarado's sensitivity and specificity performance ratios were 

0.75 and 0.98, 0.99 and 0.98 in RIPASA, 0.98 and 0.98 in PAS, respectively. 

When everything is considered, the machine learning models created in this study can 

contribute to the literature with high-performance predictive capabilities with only 

three predictors. Besides this contribution, the main idea is that blood test parameters 

are objective results. Other parameters such as anamnesis and physical examination of 

doctors are subjective. Thus, obtaining high predictive models with blood test 

parameters only minimizes possible human-based decision errors. Also, as a 

preference, explainable algorithms such as classification and regression trees-based 

model, which gave a decent result of 0.982 AUC ratio on test data, can be used in terms 
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of legal conditions if necessary. The associations can be seen between the predictors 

and the diagnosis. Medical professionals can benefit from these models while making 

decisions about the patients. Combining the diagnostic output of the model with 

physical and anamnestic examinations can result in a very accurate opinion of the 

doctor. All of these can decrease morbidity, mortality, and negative appendectomy 

rates in infant patients. 

An extra value that can be obtained using this model is the ease and convenience of 

the implementation while diagnosing the disease in a patient. Since a complete blood 

count test is considered a standard procedure in such registrations at the hospitals' 

emergency departments, with a developed application or software, the test result 

values of the patient can be entered. The prediction of the model can be attained 

quickly depending on the computational power of the computer and the system. With 

such a system, the medical professional can make decisions in a short period of time, 

preventing the disease from developing harmful consequences. 

Last but not least, another diagnostic approach was the usage of CT scans and 

ultrasound images. There are studies that investigate the diagnostic rates of CT scans 

and ultrasound, which the performances of these actions do not exceed the 

performance of the machine learning model obtained in this study although they 

perform decently (Kaiser, 2002; Partrick et al., 2003; Martin et al., 2004). Thus, an 

extra effort of taking CT scans and ultrasound imaging can cause a loss of time, energy, 

and money. Bypassing this step with the use of a machine learning model can be 

advantageous. 

For the future usage of this machine learning model, it can have two consecutive 

routes. The first is to design an efficient machine learning operations (MLOps) system, 

which can be taken at hand in four main parts: data engineering and warehousing, 

machine learning, development, and operations (see Figure 38). With a designed 

development system, it is possible to obtain and store new observations (patients), 

integrate the new observations, train new models with new features or optimize the 

currently used model parameters, validate the performance, and deploy the new model 

for the usage. This continuous integration and continuous deployment system can be 

rewarding in the long term with creating a better performing machine learning model, 

relying on more data observations, and continuously optimizing the model parameters. 
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Figure 38: MLops approach 

All in all, in the second phase, the stated MLops system can be used in favor of using 

an artificial intelligence-based solution as a legal procedure in the medical field. An 

experimental design of measuring impact can be conducted. Since the prevalence of 

acute appendicitis is high in children, it can be a perfect start for such an experiment. 

It can be compared with the misdiagnosed and/or correct diagnostic rates with 

traditional diagnosing methods to measure the impact of a machine learning model. 

Suppose the measured rates are significantly differentiated from the traditional 

methods in favor of the artificial intelligence-based solution. In that case, it can 

become a start of a new era of diagnosing acute appendicitis in children and can be a 

potential sample use case for other diseases. 
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