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Abstract
Introduction There is a tendency toward nonoperative management of appendicitis resulting in an increasing need for 
preoperative diagnosis and classification. For medical purposes, simple conceptual decision-making models that can learn 
are widely used. Decision trees are reliable and effective techniques which provide high classification accuracy. We tested 
if we could detect appendicitis and differentiate uncomplicated from complicated cases using machine learning algorithms.
Materials and methods We analyzed all cases admitted between 2010 and 2016 that fell into the following categories: healthy 
controls (Group 1); sham controls (Group 2); sham disease (Group 3), and acute abdomen (Group 4). The latter group was 
further divided into four groups: false laparotomy; uncomplicated appendicitis; complicated appendicitis without abscess, 
and complicated appendicitis with abscess. Patients with comorbidities and whose complete blood count and/or pathology 
results were lacking were excluded. Data were collected for demographics, preoperative blood analysis, and postoperative 
diagnosis. Various machine learning algorithms were applied to detect appendicitis patients.
Results There were 7244 patients with a mean age of 6.84 ± 5.31 years, of whom 82.3% (5960/7244) were male. Most 
algorithms tested, especially linear methods, provided similar performance measures. We preferred the decision tree model 
due to its easier interpretability. With this algorithm, we detected appendicitis patients with 93.97% area under the curve 
(AUC), 94.69% accuracy, 93.55% sensitivity, and 96.55% specificity, and uncomplicated appendicitis with 79.47% AUC, 
70.83% accuracy, 66.81% sensitivity, and 81.88% specificity.
Conclusions Machine learning is a novel approach to prevent unnecessary operations and decrease the burden of appendicitis 
both for patients and health systems.
Levels of evidence III.
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Abbreviations
ANOVA  Analysis of variance
AUC   Area under curve
CBC  Complete blood count
KNN  Kth nearest neighbor
MPV  Mean platelet volume
PDW  Platelet distribution width
RDW  Red cell distribution width
SVM  Support vector machine
USA  United States of America
WBC  White blood cell count

Introduction

Acute appendicitis is the most common indication for emer-
gency abdominal surgery both in adults and children [1–3]. 
Since the first description of appendectomy by McBurney, 
surgical intervention has remained the gold standard of treat-
ment. Despite advances in diagnosis and treatment, it still 
has 10% morbidity and 1–5% mortality, with relatively high 
negative appendectomy rates (5–42%) [2–4]. In the USA, 
it was reported that 0.6% of all hospital admissions were 
related to appendicitis and its complications which resulted 
in almost one million hospital days and $3 billion in hospital 
charges in 1997 [5]. Due to this debate, there is a tendency 
toward nonoperative management of appendicitis which 
results in an increased need for preoperative diagnosis and 
classification [6]. Many biomarkers, either through blood or 
urine analysis, have been proposed to predict appendicitis 
and the degree of inflammation, but none have been suf-
ficiently accurate [7, 8].

Complete blood count (CBC) is analyzed routinely in all 
acute abdomen patients. CBC parameters such as neutro-
phil–lymphocyte ratio, mean platelet volume (MPV), and 
red cell distribution width (RDW) have been proposed as 
biomarkers in the differential diagnosis of acute appendi-
citis [9–13]. There is still an enigma, however, regarding 
their significance in this context. Some studies state that they 
are significantly higher in acute appendicitis, while others 
state that they are significantly lower, and some could not 
determine a statistically significant difference [9, 10, 14]. 
Moreover, the specificity and sensitivity of these markers 
are too low to be generalized.

There are several machine learning algorithms and 
approaches which can be used for developing multivariate 
decision criteria in medical studies. For diagnosis and classi-
fication purposes, simple conceptual decision-making mod-
els that can learn are widely used [15–18]. The decision tree 
is a reliable and effective decision-making technique which 
in general provides high classification accuracy; moreover, 
interpretation and implementation of these models are quite 
easy compared to most classification algorithms.

The main questions we investigated in this study were: 
“Can we detect patients with an acute abdomen who were 
operated on, using only age, gender, and CBC parame-
ters?; and if we assume that only patients proven to have 
complicated appendicitis by surgical and/or histopatho-
logical examination need surgical intervention, can we 
detect these patients using only age, gender, and CBC 
parameters?” These questions are classification problems. 
Herein, we aimed not only to derive an accurate classifica-
tion model but also one that could be automated and was 
easy to interpret, so that in the future a decision-making 
workflow could be built upon it.

Materials and methods

Study design

After Institutional Review Board approval was obtained 
(2018.322.IRB2.048), data of all cases under 18 years of 
age admitted between 2010 and 2016 with a diagnosis of 
the diseases listed in Table 1 were retrieved from hospital 
electronic medical records. The diagnosis of the patients 
was confirmed by two researchers through analysis of all 
records of the patients. Patients who had comorbidities 
reported in the electronic records that would affect CBC 
parameters and those whose CBC and/or pathology results 
were lacking were excluded from the study. The remaining 
patients were divided into four groups. All patients were 
free of tumor, infection, and hematological disorders.

Table 1  Groups and diagnoses of the study population

n (%)

Group 1
 Circumcision 3055 (42.2)
 Hernia 353 (4.9)
 Undescended testis 110 (1.5)

Group 2
 Abdominal pain 323 (4.5)
 Constipation 149 (2.1)

Group 3
 Intussusception 254 (3.5)

Group 4
 Acute abdomen 3000 (41.4)
  Group 4a: False 169 (5.6)
  Group 4b: Uncomplicated 1272 (42.4)
  Group 4c: Complicated without abscess 1205 (40.2)
  Group 4d: Complicated with abscess 354 (11.8)
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Participants

Group 1 comprised healthy controls; that is, patients who 
had elective surgeries unrelated to the gastrointestinal sys-
tem; since any infection or abnormality in their routine pre-
operative blood workup would have precluded these patients 
from being eligible for surgery, their CBC parameters were 
included in the study to serve as the reference value. Group 
2 was the healthy sham group of patients admitted to hospi-
tal with gastrointestinal symptoms but without any organic 
cause or documented inflammation, who did not require any 
surgical operation in the follow-up per the electronic health 
records. Group 3 was the sham disease group of patients 
who were admitted to hospital for ileocolic intussusception 
confirmed by clinical examination and radiology; that is, 
they had an inflammatory process other than appendicitis 
in the ileocolic segment of the intestine requiring interven-
tion. All patients in this group were treated by pneumatic 
reduction. Lastly, Group 4 was the acute abdomen group 
of patients who had emergency abdominal surgery with a 
preoperative diagnosis of acute appendicitis (approximately 
90% of patients in this group were subsequently found to 
have appendicitis). All patients had abdominal ultrasonog-
raphy by a radiologist. The final surgical decision was given 
by a surgeon and all had appendectomy regardless of the 
underlying pathology. None of the patients with acute abdo-
men had medical treatment due to appendicitis per the pref-
erence of the surgeons in the clinics. This group was further 
divided according to the results of pathological examination 
of the appendix; the first subgroup included patients whose 
histopathological examination did not confirm appendicitis; 
the second subgroup consisted of patients with early appen-
dicitis whose histopathological examination revealed only 
hyperemia and edema without any necrosis or perforation; 
the third subgroup included patients who had necrosis and/or 
perforation on the appendix without any abscess formation, 
and the fourth and last sub-group included patients who had 
appendicitis complicated with abscess.

Data

Data included demographics, preoperative blood analysis, 
and post-operative diagnosis based on clinical and patho-
logical opinions. Clinical and radiological data were not 
included to generate operator-independent data. C reactive 
protein, which is another common parameter preferred in 
some centers was not included per majority of the patients 
did not have this data. Parental consent was obtained both 
for surgical approach and publication of the data. Diagnosis 
and management of appendicitis were determined through 
clinical, laboratory, radiological, and surgical findings (by 
different surgeons) [19].

Statistical analysis

Statistical analysis was performed with IBM SPSS Statis-
tics 26.0.0 (Chicago, IL). The characteristics of the study 
sample were summarized by descriptive statistics, with 
dichotomous or ordinal data presented as percentages, and 
continuous data as means with standard deviations. The 
Kolmogorov–Smirnov test was used to demonstrate normal 
distribution. One-way ANOVA was used for homogeneity of 
variables, while the Student’s T test and Pearson correlation 
were used for parametric data. Mann–Whitney U, Wilcoxon, 
and Kruskal–Wallis tests and Spearman correlation were 
used for non-parametric data. Statistical associations were 
considered significant if the p value was < 0.05.

To detect patients with a diagnosis of acute appendicitis, 
CBC parameters and age were used as adjustment factors. To 
define decision criteria for CBC parameters and age, various 
machine learning techniques were performed and compared. 
A decision tree model was used for defining variables impor-
tant in detecting appendicitis. All data mining and modeling 
techniques were performed in R version 3.4.0.

The learning approach

To detect patients who were operated on due to suspected 
or complicated appendicitis, data were divided 80:20 into 
training and test sets and a tenfold cross-validation for each 
model was applied to each training set. Six different learning 
models were trained over the same training set: naïve Bayes 
algorithm;  kth nearest neighbor algorithm; support vector 
machine; generalized linear model; random forest algorithm, 
and decision tree algorithm.

Results

There were 7244 patients included in the study with a mean 
age of 6.84 ± 5.31 years, of whom 82.3% (5960/7244) were 
male. Age and gender distributions, and CBC results in the 
all-study population are summarized in Table 2.

The comparison of algorithms gathered from different 
learning models to detect appendicitis patients is summa-
rized in Table 3. All models were good at predicting the 
disease; however, the decision tree model was preferred for 
its superiority in interpreting the results. Each model per-
formed at greater than 90% value in all four performance 
measures. The random forest algorithm was the best in all 
four measures. Our objective, however, was not to construct 
the best performing classification model in one of these or 
other measures but to provide an easily interpretable model 
to understand the relationship between blood variables and 
the disease so that in the future an automated decision sup-
port system can be created. In this regard, the decision tree 
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algorithm was our preferred option; this model performed 
worse than the random forest algorithm but better than the 
generalized linear model and support vector machine, and 
very close to the naïve Bayes and  kth nearest neighbor algo-
rithm in terms of misclassification rate (1-Accuracy). Com-
pared to other models, decision trees are simpler, easier to 
interpret, and a widely used concept in medical decision 
making. In our study, the decision tree model also provided 
satisfactory performance in terms of all four measures in 
predicting appendicitis patients.

The optimal decision tree we developed, and the variable 
importance table, are shown in Fig. 1. Age of the patient was 
a normalization factor while the rest were independent vari-
ables. Platelet distribution width (PDW), white blood cell 
count (WBC), and its subunits neutrophils and lymphocytes 

were the most important factors to detect appendicitis 
patients in the all-study population. The decision tree starts 
with WBC count. If the patient’s WBC value is more than 
13,265, we would look for age over 3.5 years. This would 
be followed by RDW value over 11.02. Results indicate that 
32.85% of patients fall into this branch and among these, 
96.85% have appendicitis.

The second objective of this study was to differentiate 
patients with complicated appendicitis regardless of the 
presence or absence of abscess since these groups would 
definitely not be treatable with antibiotics (albeit not all 
patients with uncomplicated appendicitis would be suit-
able for antibiotic treatment either). One more subanalysis 
was performed, therefore, to detect these patients among 
all patients operated on for suspected appendicitis. The 
resulting performance measures were all worse than those 
achieved when trying to detect patients with acute abdomen 
among the whole data set, with the decision tree again being 
the easiest to interpret. The accuracy to detect complicated 
appendicitis was 70.83%, sensitivity 66.81% and specific-
ity 81.88% with AUC being 79.47%. The decision tree we 
constructed is presented in Fig. 2.

Discussion

Despite being one of the most common surgical emer-
gency causes in children, no algorithms have been estab-
lished to objectively diagnose appendicitis [5–9]. Clini-
cal evaluation has been the gold standard for diagnosis 

Table 2  Demographic data and 
CBC results of study groups

Values expressed as means ± standard deviations or counts (percentage of the group)
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 volume, PLT 
platelet, PDW platelet distribution width, LYMP lymphocyte, NEUT neutrophil

Group 1 Group 2 Group 3 Group 4
Control/healthy Sham/healthy Sham/inflammation Acute abdomen

n = 3518 n = 472 n = 254 n = 3000

Gender (male) 3472 (98.7%) 247 (52.3%) 156 (61.4%) 2085 (69.5%)
Age 3.16 ± 3.11 8.08 ± 4.39 2.97 ± 2.7 11.29 ± 3.99
WBC 9768 ± 3470 9869 ± 3941 9346 ± 3002 17,071 ± 4765
LYMP 4.33 ± 5.39 3.24 ± 1.91 4.2 ± 1.99 2.31 ± 1.92
NEUT 4.3 ± 3.07 5.7 ± 3.88 3.92 ± 2.52 10.18 ± 5.9
HGB 12.28 ± 1.42 13.03 ± 1.21 12.16 ± 1.59 12.71 ± 1.33
HTC 37.23 ± 8.59 38.64 ± 3.34 36.79 ± 4.42 37.76 ± 3.89
RDW 13.01 ± 1.75 10.99 ± 0.4 12.74 ± 1.52 13.64 ± 2.23
MCV 77.53 ± 14.31 93.46 ± 1.85 78.6 ± 8.09 81.09 ± 5.2
MCHC 33.16 ± 1.59 32.93 ± 1.13 33.06 ± 1.53 33.54 ± 5.49
PLT 322,167 ± 92,786 312,422 ± 88,184 322,512 ± 89,600 312,740 ± 97,863
MPV 7.07 ± 1.46 6.9 ± 1.3 7.1 ± 1.49 7.7 ± 1.38
PDW 17.95 ± 3.71 19.23 ± 1.46 18.02 ± 3.17 31.84 ± 16.01

Table 3  Comparison of algorithms from different learning models to 
detect appendicitis

NB naïve Bayes algorithm, GLM generalized linear model, SVM sup-
port vector machine, RF random forest algorithm, DT decision tree 
algorithm, KNN  kth nearest neighbor algorithm, AUC  area under the 
curve

AUC (%) Accuracy (%) Sensitivity (%) Specificity (%)

RF 99.67 97.45 97.79 97.21
KNN 98.68 95.58 95.08 95.93
NB 98.71 94.76 94.06 95.25
DT 93.97% 94.69 93.55 96.55
SVM 96.76 91.24 90.32 91.86
GLM 96.83 90.96 90.66 91.16
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regardless of innovations in technology [6]. On the other 
hand, more and more doctors are looking for alternative 
approaches in the management of appendicitis in children 
to prevent unnecessary surgeries and stress, to decrease 
health care costs, and to improve the child’s quality of life. 
Studies in the literature have reported conflicting results 
both in parameters used for predicting the diagnosis of 

appendicitis and in its categorization for determining treat-
ment [9–12, 20, 21].

The increasing availability of large healthcare datasets 
enables the development of analytic tools in the manage-
ment of many diseases. Decision-making models of data 
analysis have been very popular recently among the medi-
cal community, specifically, in cancer management [19, 

Fig. 1  Decision tree to detect patients operated on due to appendici-
tis. If the condition in the box is satisfied, then the next level on the 
left (yes) should be followed while if the condition is not satisfied the 

next level on the right (no) should be followed. *Indicates the per-
centage of patients who have the disease, and **indicates the percent-
age of patients who fall into that branch

Fig. 2  Decision tree to detect patients diagnosed with complicated 
appendicitis. If the condition in the box is satisfied then the next level 
on the left (yes) should be followed while if the condition is not sat-

isfied the next level on the right (no) should be followed. *Indicates 
the percentage of patients who have the disease, and **indicates the 
percentage of patients that fall into that branch
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22–24]. To predict disease outcome or recurrence, blood 
counts, age, and sex are the most commonly used param-
eters for computational analyses [21, 22]. Accurate patient 
selection was important to minimize the risk of misdiagno-
sis. With the help of machine learning–specifically, using 
decision trees and cross-validation techniques–data-driven 
prediction models could be produced and evaluated [25]. 
Some of the models included (SVM, random forest, KNN, 
Naïve Bayes, generalized linear model) may not clearly 
identify which variables are more likely to be associated 
with appendicitis. As a result, clinicians may not be able to 
discern the specific findings that are indicative of appendi-
citis based on these algorithms. Since the decision tree had 
been applied in medical practice and had some familiarity 
among clinicians, then despite being among the worst for 
predicting cases, it enables the physician to understand how 
the algorithm reached its decision by printing every branch 
of the tree. This knowledge, indeed, could be validated by 
the known functions of the stated biomarker in each branch. 
The decision tree model has the advantage of allowing the 
clinician to see the specific variables used in the model and 
their weights toward a specific classification.

MPV and RDW are indicators of platelet activation. Plate-
let size is correlated with activity and function – the larger, 
the more active. MPV is a marker determined from megakar-
yocytes during platelet production, which is associated with 
platelet function and activation [20, 21]. There are many 
hypotheses regarding how MPV is affected in appendicitis. 
It is found to decrease in acute inflammatory conditions of 
the gastrointestinal tract due to consumption and sequestra-
tion of platelets in vascular segments of an inflamed bowel 
[26]. Although the exact pathophysiology has not been fully 
understood, it has also been proposed that in acute inflam-
matory conditions, activated leukocytes secrete interleukin-6 
which causes a decrease in MPV value by reducing platelet 
production. As a result, a decrease in MPV occurs in acute 
cases while in chronic events, it increases [27]. PDW, on the 
other hand, is an indicator of variation in platelet size which 
might dictate active platelet release. RDW is a quantitative 
measurement of variability and size of erythrocytes. Higher 
RDW values have been reported with worse prognosis in 
other diseases [28, 29]. It has been thought that increased 
cytokines may inhibit maturation of erythrocytes in the bone 
marrow and may cause increased RDW values. Cytokine 
levels are higher in patients with appendicitis compared to 
normal counterparts as well as in complicated compared to 
uncomplicated appendicitis [30].

Studies reported in the literature were structured classical 
hypothesis tests with two groups. Our study is the first to use 
a multivariate learning approach to evaluate the relation-
ship between the degree of inflammation in the appendix 
and all parameters of CBC and compare this with healthy 
control and sham groups. The novelty of this study is the 

algorithm proposed is dynamic, which means it continues 
to learn and improves its outcome as more data imported. 
Hence, we propose an algorithm which has high potential to 
help physicians in the diagnosis of appendicitis. Although 
physical examination and history-taking remain pivotal in 
the management of patients with abdominal pain, computa-
tional measurements of CBC parameters, utilizing artificial 
intelligence, represent promising decision support systems 
for further evaluation of these patients.

There are limitations to our study. It is a retrospective 
review which includes inherent bias. We also could not con-
firm antibiotic usage prior to CBC analyses in all patients, 
or the time between the onset of abdominal pain and CBC 
analysis, which are possible confounding factors. The lack 
of patient symptoms, physical examination findings, and 
diagnostic imaging findings as variables is another limita-
tion in the study, not only due to inability to collect it from 
the medical records, but also these parameters are opera-
tor dependent and may have had a confounding effect on 
the result. On the other hand, there are certain strengths of 
the study. The algorithm developed has high accuracy in 
the diagnosis of appendicitis, although the subanalysis to 
differentiate complicated from uncomplicated appendicitis 
cases was not as accurate and necessitates further prospec-
tive studies with larger datasets. We are currently conducting 
a prospective validation study including more cases with 
preliminary results expected in 2020.

Conclusion

Artificial intelligence is an emerging and fast-improving 
field with a specific emphasis on health issues. The success-
ful coordination of both will have the potential to improve 
health statistics. Appendicitis, which is one of the oldest and 
commonest diseases throughout all ages, would certainly 
benefit from these new models. Our model can be auto-
mated, is easy to interpret, and its accuracy will certainly 
increase once more data have been included.

What is known

• There are few scoring systems that advocates the preop-
erative diagnosis of appendicitis.

• The machine learning algorithms are widely used in clas-
sification problems health.

What is new

• The algorithm proposed which predicts the preoperative 
diagnosis of appendicitis in a clinically readable manner 
is not static but dynamic meaning has the capacity to 
improve itself.
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• The new patient data could be imported into the dataset 
to validate the results as well as the algorithm could be 
inserted into the health systems software to help the phy-
sicians.
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