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ABSTRACT

BACKGROUND: The aim of this study is to apply random forest (RF), one of the machine learning (ML) algorithms, to a dataset 
consisting of patients with a presumed diagnosis of acute appendicitis (AAp) and to reveal the most important factors associated with 
the diagnosis of AAp based on the variable importance. 

METHODS: An open-access dataset comparing two patient groups with (n=40) and without (n=44) AAp to predict biomarkers for 
AAp was used for this case−control study. RF was used for modeling the data set. The data were divided into two training and test 
dataset (80:20). Accuracy, balanced accuracy (BC), sensitivity, specificity, positive predictive value (PPV), and negative predictive value 
(NPV) performance metrics were appraised for model performance. 

RESULTS: Accuracy, BC, sensitivity, specificity, PPV, NPV, and F1 scores pertaining to the RF model were 93.8%, 93.8%, 87.5%, 100%, 
100%, 88.9%, and 93.3%, respectively. Following the variable importance values regarding the model, the variables most associated with 
the diagnosis and prediction of AAp were fecal calprotectin (100 %), radiological imaging (89.9%), white blood test (51.8%), C-reactive 
protein (47.1%), from symptoms onset to the hospital visit (19.3%), patients age (18.4%), alanine aminotransferase levels >40 (<1%), 
fever (<1%), and nausea/vomiting (<1%), respectively. 

CONCLUSION: A prediction model was developed for AAp with the ML method in this study. Thanks to this model, biomarkers 
that predict AAp with high accuracy were determined. Thus, the decision-making process of clinicians for diagnosing AAp will be fa-
cilitated, and the risks of perforation and unnecessary operations will be minimized thanks to the timely diagnosis with high accuracy.
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servative treatment consisting of antibiotic combination and 
close follow-up was advantageous in the management of pa-
tients with AAp, appendectomy remains the standard gold 
treatment in the treatment of AAp.[9,10]

The diagnosis of AAp is confirmed by the combined evalu-
ation of anamnesis, clinical symptoms, physical examination 
findings, biochemical blood parameters, and radiological ex-
aminations.[11] However, despite the use of many clinical and 
radiological diagnostic modalities, some of the patients may 
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INTRODUCTION

Acute appendicitis (AAp) is one of the leading causes of ad-
mission to emergency departments for abdominal pain, and 
appendectomy is one of the most commonly performed 
emergency procedures globally.[1,2] Epidemiological studies 
have shown that the incidence of AAp varies between 100 
and 233/1,00,000 population.[3-5] It was reported that the 
lifetime risk of AAp was around 8.6% and 6.7% in men and 
women, respectively.[6-8] Although it was claimed that con-
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experience a diagnostic dilemma. Diagnostic uncertainties in 
the management of AAp pave the way for discussing two ba-
sic problems, such as unnecessary (negative appendectomy) 
and delayed appendectomy. Because there is much discussion 
in the literature about what should be the acceptable ratios 
for these two main problems. Although their incidence varies 
from center to center, it is known that negative appendec-
tomy and perforated AAp are directly related to morbidity, 
mortality, and high cost.[12] It has been shown that 3.8–15% 
and 5.9–23.5% of children and adults who consulted the 
emergency department with a preliminary diagnosis of AAp 
were misdiagnosed, respectively.[13-15] Therefore, the correct 
management of patients with pre-diagnosis of AAp is one of 
the uttermost important issues concerning patient safety and 
evaluation of health care quality.[7] Until the last few years, 
when artificial intelligence (AI) models started to be used 
in the health field, conventional statistical analysis methods 
were used to predict AAp or perforated AAp in almost all 
clinical studies related to AAp. However, the most important 
disadvantage of these classical statistical analysis methods is 
that they are not technically suitable for making inferences 
about new data by learning from data as in data mining and 
AI methods. Recently, AI-based models have become popular 
in medical studies due to their approach to discovering hid-
den patterns from datasets and their ability to detect new 
phenomena faster and with higher accuracy (ACC) rates.[16-18]

Machine learning (ML) is a subfield of AI that employs data-
driven learning to anticipate new data when exposed to 
new data. In recent years, ML models have been widely im-
plemented in both illness diagnosis and systems for clinical 
decision support.[19] ML approaches may be used to extract 
valuable characteristics from retrospective structured and 
unstructured electronic health record data to possibly repro-
duce the clinician’s thinking process in forecasting and detect-
ing illnesses in emergency departments. These features have 
the potential to improve patient safety in emergency units by 
accurately identifying a patient’s diagnosis.[20,21]

The random forest (RF) method used to construct a predic-
tion set in decision trees growing in subspaces of randomly 
selected data, and based on these trees is a ML method.[22] 
RF, popularly with very successful and fast results, is often 
preferred in classification and regression processes.[23] The RF 
method can be used as an effective decision tree method in 
both categorical and continuous data sets, as well as large 
or small-sized data sets.[24] This algorithm has been demon-
strated as a suitable classification method in many studies and 
has been stated to be an effective predictor in determining 
the cause and effect relationship.[23-25] This study aims to apply 
RF, one of the ML algorithms, to a dataset of patients with the 
presumed diagnosis of AAp and to reveal the factors associ-
ated with the accurate diagnosis AAp based on the variable 
importance obtained as a result of the model. Thus, patients 
can be accurately classified as with and without AAp.

MATERIALS AND METHODS

Study Design and Dataset

The current study’s data were collected prospectively and 
examined retrospectively for modeling purposes. The study 
used an open-access dataset consisting of 84 patients to clas-
sify AAp and identify the related factors. The dataset is avail-
able at https://data.mendeley.com/datasets/msymp49s6s/1. 
The dataset was comprised of assenting adult patients (age 
≥18 years) who arrived with abdominal pain at the emer-
gency department of Wujiang District Fifth People’s Hospital 
in 2018.[26] Demographic (age and gender), clinical (nausea/
vomiting, onset to visit, and pregnancy), biochemical (white 
blood cell [WBC], C-reactive protein [CRP], alanine amino-
transferase [ALT>40], fecal calprotectin), and radiological 
features (ultrasonography [US] and computed tomography 
[CT]) of the patients were recorded retrospectively. The 
exclusion criteria included patients with gastrointestinal dis-
eases or those using nonsteroidal anti-inflammatory drugs 
or inhibitors of proton pump, patients with patients with in-
flammatory bowel disease and more than 72 h of stomach 
discomfort who are undergoing anti-inflammatory medica-
tion, and patients for whom stool samples were not obtained 
throughout the study.[26] The data set in this study consisted 
of 84 patients with a preliminary diagnosis of AAp, of which 
40 (47.6%) patients were AAp and the remaining 44 (52.4%) 
were not. Table 1 explains the variables under question and 
their characteristics.

Random Forest

RF method is a classification and regression, including the 
voting method. It comprises several decision trees together, 
and the individual trees are voted to determine the winning 
class. The decision trees in the forest are unrelated of one 
another and are generated using the bootstrap approach and 
samples selected from the data set.[27] There are many clas-
sification trees in the RF method. Each of the input data is 
passed through all of these classification trees. Each element 
of the input data is classified with classification trees. After 
each input data is entered into all classification trees and 
voted, assignments are made to the class with the highest 
number of votes from the tree structures.[28] Determination 
of branching criteria and selecting a suitable pruning method 
in the RF method is a fundamental issue. The Gini index is 
utilized to calculate the RF classifier’s branching criterion. 
The Gini index measures the degree of weakness of class 
attributes.[29] As with other prediction methods, the practi-
tioner must specify the certain parameters for the RF ap-
proach. In constructing the tree structure, these parameters 
are the number of instances to be utilized at each node and 
the number of trees to be constructed. Especially, k user-
specified trees are used to build the decision forest during the 
classification process.[30]
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Machine Learning Modeling and Performance 
Evaluation

In the current study, RF was used in the modeling stage for 
the dataset of AAp in question. The data set was divided as 
80:20 as a training and test dataset. Analyses were conducted 
using the n-fold cross-validation technique. In the n-fold 
cross-validation approach, the data are separated into n parts 
before the model is applied to each of the n parts. One of 
the n components is utilized for testing, while the remaining 
n-plus-one components are used to train the model. In this 
work, 5-fold cross-validation was performed for the model-
ing procedure. As performance assessment criteria, we em-
ployed accuracy (ACC), balanced accuracy (BC), sensitivity, 
specificity, positive predictive value (PPV), negative predictive 
value (NPV), and F1-score. In addition, variable importance 
was determined, which offers information on how much the 
factors assign importance to the outcome variable.

Protocol for Research and Ethical Committee 
Approval

This study, which utilized the open-access Gene Expression 
Omnibus dataset from the National Center for Biotechnol-
ogy Information and involved human participants, was con-
ducted in accordance with the ethical standards of the insti-
tutional and national research committees, the 1964 Helsinki 
Declaration and its later amendments, or other ethical 
standards. The Inonu University Institutional Review Board 
granted clearance for Non-Interventional Clinical Research 
(2022/3768).

Biostatistical Analysis

Since this study was based on open dataset data, the power 
of the study was calculated using the post hoc power analysis 

method. Power analysis (α=0.05, sample size=84, effect size 
=2.30, two-sided) using the Mann–Whitney U-test was per-
formed, and the power (1-β) was calculated as 1.0 (100%).[31] 
The median (minimum-maximum) was employed to summa-
rize the quantitative data, whereas qualitative data are pre-
sented as numbers and percentages. Shapiro–Wilk test for 
normality was used to identify whether the variables had a 
normal distribution. The Mann–Whitney U and Yates’ cor-
rection chi-square tests were evaluated for a statistically sig-
nificant difference between the output and input variables. 
p<0.05 values were considered statistically significant. IBM 
SPSS Statistics 26.0 for the Windows package program was 
employed in all analyses.

RESULTS

The current study consisted of 84 patients (age; mean ± stan-
dard deviation = 47.19±16.76 years) with a presumed diagno-
sis of AAp, 42 (50%) of whom were males and 42 (50%) were 
females. These patients were divided into two groups as with 
(n=40) and without (n=44) AAp based on histopathologi-
cal findings. Twenty-one of the patients without AAp were 
male and 23 were female. Twenty-one of the patients with 
AAp were male and 19 were female. The median age of pa-
tients without AAp is 43 (95% confidence interval [CI]=35–
55) years, and the median age of patients with AAp is 49 
(95% CI=41–62) years. No statistically significant difference 
was found between the groups in terms of categorical vari-
ables, except for the imaging variable (p<0.001; odds ratio 
[OR]= 259; 96% CI=41–1636)]. On the other hand, statis-
tically significant differences were found between groups in 
terms of fecal calprotectin (p<0.001), WBC (p<0.001), and 
CRP (p<0.001) levels. The results of the statistical analyses 
between the target variable and qualitative and quantitative 
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Table 1.	 Explanations of the variables in the dataset and their characteristics

Variables	 Explanations of the variables	 Variable type	 Variable role

Group	 0=Without AAp; 1=With AAp	 Qualitative	 Output

FC	 Fecal calprotectin (µg/g)	 Quantitative	 Predictor

WBC	 WBC	 Quantitative	 Predictor

CRP	 CRP	 Quantitative	 Predictor

Age	 -	 Quantitative	 Predictor

Gender	 0=Male; 1=Female	 Qualitative	 Predictor

Pregnancy	 0=No; 1=Yes	 Qualitative	 Predictor

Onset to visit	 Onset to visit (h)	 Quantitative	 Predictor

Nausea/vomiting	 0=No; 1=Yes	 Qualitative	 Predictor

Fever	 0=No; 1=Yes	 Qualitative	 Predictor

ALT	 ALT (0=≤40; 1=>40)	 Qualitative	 Predictor

Imaging	 0=Negative; 1=Positive	 Qualitative	 Predictor

ALT: Alanine aminotransferase; FC: Fecal calprotectin; WBC: White blood cell; CRP: C-reactive protein; AAp: Acute 
appendicitis.



data are given in Tables 2 and 3, respectively.

According to the results obtained from the analyses made be-
tween the qualitative input variables and the target variable, 
no statistically significant relationship was found between the 
other variables except the imaging variable and the categories 
of the target variable, AAp and non-AAp. The results of the 
statistical analyses between the target variable and quantita-
tive data are given in Table 3.

According to the results obtained from the analyses made be-
tween the quantitative input variables and the target variable, 
there was a statistical difference between the categories of 
the target variable, AAp, and non-AAp, in terms of calpro-
tectin, WBC, CRP variables. At the same time, there was no 
difference in age and onset to visit variables. The values of 
the performance criteria of the RF model used in this study 
to classify the AAp are given in Table 4.

In the training stage, ACC, BC, sensitivity, specificity, PPV, 
NPV, and F1 score for the RF model were 95.6%, 95.5%, 

93.9%, 97.1%, 96.9%, 94.4%, and 95.4%, respectively. Further-
more, in the testing stage, ACC, BC, sensitivity, specificity, 
PPV, NPV, and F1 scores from the RF model were 93.8%, 
93.8%, 87.5%, 100%, 100%, 88.9%, and 93.3%, respectively. 
In the Figure 1, performance metrics are plotted for the con-
structed RF model. The graph of the variables associated with 
the output variable according to the variable importance ob-
tained from the modeling is given in Figure 2.

DISCUSSION
In this case–control study, predictive variables associated 
with the diagnosis of AAp were revealed by using RF, which 
is an ML method. In addition, which of these factors is more 
important was determined by the variable significance values 
obtained as a result of the RF modeling.

The ideal approach in the treatment of AAp is to make a 
correct diagnosis and plan rapid treatment as soon as possi-
ble. However, in practice, it is not always possible to achieve 
this expectation. Because it is relatively easier to diagnose 
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Table 2.	 The results of the statistical analyzes between the target variable and qualitative data

Variables	 Categories	 Without AAp, n (%)	 With AAp, n (%)	 p*

Gender	 Male	 21 (47.7)	 21 (52.5)	 0.827

	 Female	 23 (52.3)	 19 (47.5)	

Pregnancy	 No	 33 (75.0)	 34 (85.0)	 0.386

	 Yes	 11 (25.0)	 6 (15.0)	

Nausea/vomiting	 No	 13 (29.6)	 12 (30.0)	 0.999

	 Yes	 31 (70.4)	 28 (70.0)	

Fever	 No	 30 (68.2)	 21 (52.5)	 0.213

	 Yes	 14 (31.8)	 19 (47.5)	

ALT	 ≤40	 31 (70.4)	 29 (72.5)	 0.999

	 >40	 13 (29.6)	 11 (27.5)	

Imaging	 Negative	 42 (95.4)	 3 (7.5)	 <0.001

	 Positive	 2 (4.6)	 37 (92.5)	

*Chi-square test with Yate’s correction. ALT: Alanine aminotransferase; AAp: Acute appendicitis.

Table 3.	 The results of the statistical analyses between the target variable and quantitative data

Variables	 Median (95% CI)		  p*

	 Without AAp	 With AAp	

Fecal calprotectin (µg/g)	 61 (44–80)	 259 (221–298)	 <0.001

WBC	 8.535 (7.5–9.5)	 17.27 (14.2–21.2)	 <0.001

CRP	 8.92 (7.6–21.2)	 32.45 (20.6–38.7)	 <0.001

Age	 43 (35–55)	 49 (41–62)	 0.531

Onset to visit	 27.5 (20–41)	 29 (15–38)	 0.792

*Mann–Whitney U-test; FC: Fecal calprotectin; WBC: White blood cell; CRP: C-reactive protein; CI: Confidence 
interval; AAp: Acute appendicitis.



AAp in the emergency services with classical signs and symp-
toms for patients. On the other hand, some of the patients 
have atypical symptoms and the diagnostic dilemma in these 
patients may cause either unnecessary laparotomy (negative 
appendectomy) or complications due to delay in treatment 
(perforation, plastron, abscess, and fecal peritonitis).[7]

Negative appendectomy is a condition characterized by the 
histopathological absence of inflammatory cell infiltration in 
the appendectomy specimen. This is almost always due to the 
insufficient and inaccurate use of diagnostic instruments such 
as biochemical and radiological tools. The main reason for 
this is that many inflammatory diseases involving the abdomi-
nal cavity mimic the signs and symptoms of AAp.[32] Although 
negative appendectomy rates vary between 19% and 33.9%, 
they have recently been reduced to <10% in parallel with the 
more frequent and meticulous use of diagnostic instruments.
[33-35] The most important complication associated with AAp 
is perforation and other related complications. Perforation 
is most directly related to delayed admission to the hospital, 

immunosuppressive conditions, prolongation of the diagnos-
tic processes, or misdiagnosis. This complication is associated 
with serious morbidity and mortality, especially in the elderly.

As it can be understood from our explanations above, it is 
still difficult to diagnose accurately and quickly in patients 
with pre-diagnosis of AAp who applied to the emergency ser-
vices even today. Therefore, it has become imperative to de-
velop easily accessible, economical, and proper instruments 
that can help in the differential diagnosis of patients with sus-
pected AAp or complicated AAp, and that these instruments 
be independent of individuals.

ML methods have been commonly utilized in the prediction, 
diagnosis, and medical decision support systems of diseases 
in recent years. With ML methods, which are frequently used 
in the field of health, early diagnosis of diseases and revealing 
the factors affecting the disease are carried out.[17,36]

The a ACC, BC, sensitivity, specificity, PPV and NPV, and 
F1 score metrics obtained with the RF model were 93.8%, 
93.8%, 87.5%, 100%, 100%, 88.9%, and 93.3%, respectively. In 
the metrics of the proposed model, specificity and PPV were 
100%, which indicated this model performs well in the diag-
nosing the AA. However, NPV and sensitivity demonstrated 
weak predictions as compared to specificity and PPV. Regard-
ing the variable importance values as a result of the model, 
the variables most associated with the diagnosis of AAp were 
fecal calprotectin, imaging, WBC, CRP, from symptoms onset 
to hospital visit, age, ALT >40, fever, and nausea/vomiting, 
respectively. This ML-based study showed that the two most 
important independent variables associated with the diag-
nosis of AAp were fecal calprotectin and imaging modalities, 
respectively. Fecal calprotectin is a calcium- and zinc-binding 
heterodimer with a molecular weight of 36.5 kDa identified 
as the predominant cytosolic protein in neutrophil granulo-
cytes.[37] Ambe et al.[38] demonstrated that the histopatho-
logical expression of fecal calprotectin in the appendectomy 
specimen obtained from patients with AAp was significantly 
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Table 4.	 Performance metrics of the random forest model

Metric	 Percentage (95% CI)

	 Training set value	 Test set value

Accuracy	 95.6 (90.7–100)	 93.8 (81.9–100)

BC	 95.5 (90.6–1)	 93.8 (81.9–100)

Sensitivity	 93.9 (79.8–99.3)	 87.5 (47.35–99.7)

Specificity	 97.1 (85.1–99.9)	 100 (63.10–100)

PPV	 96.9 (83.8–99.9)	 100

NPV	 94.4 (81.3–99.3)	 88.9 (51.8–99.7)

F1 score	 95.4 (90.4–100)	 93.3 (81.1–100)

PPV: Positive predictive value, NPV: Negative predictive value, CI: Confi-
dence interval, BC: Balanced accuracy.

Figure 1. Graph of values for performance metrics for random for-
est model.

Figure 2. Variable importance graph.



higher than specimens obtained from patients without AAp, 
and the authors suggested that this situation was directly re-
lated to the increase in fecal calprotectin levels. In addition, in 
medical practice, implementation of FC may be the possible 
difficulty and time delay in achieving stool specimens of the 
patients from emergency departments. In the current study, 
the stool specimens were collected from the emergency de-
partment. Fecal calprotectin is resistant to proteolytic degra-
dation and can be stable in feces samples for up to 7 days at 
room temperature, according to previous research.[26]

Zhou et al.,[26] who have the open data set we used in this 
study, stated that they determined an optimal threshold 
value for fecal calprotectin by the ROC curve and that this 
cutoff point is an effective predictor for AAp. Cikot et al.[39] 
reported that plasma calprotectin level is markedly increased 
in patients with AAp and is an excellent tool to be used in 
the differential diagnosis of patients with and without compli-
cated AAp. When these results are evaluated together, it is 
understood that both plasma and stool calprotectin levels can 
be used successfully in the diagnosis of AAp patients.

In a study conducted to identify individuals with AAp, an 
ACC of 95.31% was obtained with gradient boosted trees, 
one of the ML methods, and there is no fecal calprotectin 
among the data that can be used in the diagnosis of AAp in 
the study.[40] Another study aimed to determine the diagnosis 
of AAp by using different ML methods and obtained high re-
sults. However, in the present study, there is no fecal calpro-
tectin among the parameters that may be associated with the 
diagnosis.[41] In a recent study, many ML models were used for 
AAp diagnosis, and the highest ACC result was obtained with 
the RF model, which is 84%. Similarly, when the data set used 
in the study is examined, the fecal calprotectin variable is not 
among the data.[42]

When the studies on AAp in the literature were exam-
ined, there was no study that detects fecal calprotectin as 
a biomarker with ML methods. Therefore, this study is the 
first to detect fecal calprotectin as an important biomarker 
using the ML method. According to the results of this study, 
which was carried out using the ML model, it was concluded 
that another important instrument that can be used in the 
differential diagnosis of AAp is the imaging method. Although 
it has been observed over the last two decades that CT can 
raise the specificity of diagnostic assessment and lower the 
probability of negative appendectomy, it has drawbacks such 
as misunderstanding, radiation exposure, and contrast ma-
terial.[26] In addition, the necessary equipment and qualified 
personnel for CT are not always available in the emergency 
departments of hospitals and especially on night shifts. These 
problems can be solved by using teleconsultation and remote 
access methods. Especially in cases where the diagnosis of 
AAp cannot be clarified by scoring systems such as the Al-
varado score, which consists of clinical and biochemical blood 
parameters, the only instrument to be applied is non-opera-
tor dependent CT. Conventional statistical analysis methods 

have shown that instruments such as US and CT are valuable 
in the diagnosis of AAp, both in the original text of the study 
from which the data in this study were achieved and in other 
clinical studies. However, to our knowledge, there are limited 
studies investigating the importance of radiological examina-
tions in the prediction of AAp using ML methods.

In a study, ML models were used to determine whether CT 
is beneficial for the diagnosis of appendicitis in the diagnosis 
of AAp. As a result of the ML models used in the study, it has 
been shown that imaging can be used as an aid in the diagno-
sis of AAp and has better sensitivity and specificity than the 
Alvarado score.[43]

This study has several limitations. First, the dataset used in 
the study is an open-access dataset and was obtained from a 
single center. To generalize the results of the study, results of 
this study should be supported by further multicenter stud-
ies. Second, fecal specimens for fecal calprotectin, which is an 
important predictor for AAp are potentially challenging to 
collect in emergency departments. For this reason, to use the 
recommended fecal calprotectin in diagnosis, the importance 
of systems that can perform analysis with a small amount of 
sample without loss of time by improving each step of sample 
collection is increasing, and the development of such systems 
should be encouraged. Third, in the open data set used in this 
study, it is an important limiting factor that there is no clear 
information about whether US and CT are used individually 
or together in radiological diagnosis. Therefore, Zhou et al.[26] 
should have specified which radiological instrument was pos-
itive rather than the terms of imaging positive.

Conclusion

With the ML model in this study, a prediction model was 
developed to diagnose AAp and applied to existing data to 
improve and assist clinicians’ diagnostic decisions. The results 
obtained revealed effective clinical variables that can predict 
AAp with high ACC. Owing to the variables determined as 
a result of the modeling, the decision-making process of the 
clinicians for the diagnosis of AAp will be easier. Thus, proper 
and correct diagnosis will help decrease the risks of perfo-
ration or unnecessary operations and advance overall out-
comes (morbidity, mortality, cost, return to work, and quality 
of life).
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OLGU SUNUMU

Önerilen bir makine öğrenimi modeline dayalı akut apandisit öngörüsünde fekal 
kalprotektinin değeri
Dr. Zeynep Küçükakçali,1 Dr. Sami Akbulut,2 Dr. Cemil Çolak1

1İnönü Üniversitesi Tıp Fakültesi, Biyoistatistik ve Medikal İnformatik Anabilim Dalı, Malatya, Türkiye
2İnönü Üniversitesi Tıp Fakültesi, Genel Cerrahi Anabilim Dalı, Malatya, Türkiye

AMAÇ: Bu çalışmanın amacı, makine öğrenmesi (ML) algoritmalarından biri olan Random Forest’i (RF) akut apandisit (AAp) ön tanısı olan hastalar-
dan oluşan bir veri setine uygulamak ve AAp tanısı ile ilişkili en önemli faktörleri değişken önemliliğine göre ortaya koymaktır.
GEREÇ VE YÖNTEM: Bu vaka-kontrol çalışmasında AAp için biyobelirteçleri tahmin etmek üzere AAp’si olan (n=40) ve olmayan (n=44) iki hasta 
grubunu karşılaştıran açık erişimli bir veri seti kullanıldı. Veri setinin modellenmesinde RF kullanıldı. Veriler eğitim ve test veri seti olmak üzere ikiye 
ayrıldı (80: 20). Model performansı için doğruluk, dengeli doğruluk, duyarlılık, özgüllük, pozitif  tahmin değeri (PPV) ve negatif  tahmin değeri (NPV) 
performans metrikleri değerlendirildi.
BULGULAR: RF modeline ait doğruluk, dengeli doğruluk, duyarlılık, özgüllük, PPV, NPV ve F1 skorları sırasıyla %93.8, %93.8, %87.5, %100, %100, 
%88.9 ve %93.3 olarak hesaplandı. Modele ilişkin değişken önem değerlerinin ardından, AAp tanısı ve öngürüsü ile en çok ilişkili olan değişkenler 
sırasıyla fekal kalprotektin (%100), radyolojik görüntüleme (%89,9), beyaz kan testi (%51,8), C-reaktif  protein (%47,1), semptomların hastane ziya-
retinde başlaması (%19.3), hasta yaşı (%18.4), ALT düzeyleri >40 (<%1), ateş (< %1) ve mide bulantısı/kusma (<%1) olarak belirlendi.
TARTIŞMA: Bu çalışmada ML yöntemi ile AAp için bir tahmin modeli geliştirildi. Bu model sayesinde AAp’i yüksek doğruluk ile öngören biyobelir-
teçler belirlendi. Böylece klinisyenlerin AAp tanısına karar verme süreci kolaylaşacak, yüksek doğruluk ile zamanında tanı konulabilmesi sayesinde 
perforasyon ve gereksiz ameliyat riskleri en aza indirilecektir.
Anahtar sözcükler: Akut apandisit; makine öğrenimi; random forest; modelleme; değişken önemliliği; fekal kalprotektin.
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