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ABSTRACT

Background: Screening for varices remains as the best strategy to decrease associated mortality that reaches 25%. 
Diagnostic endoscopy is gold standard but invasive for routine screening. Non-invasive stiffness measurements with 
elastography is costly and impractical. Non-elastogarphic tests that use available laboratory and clinical variables are 
feasible but their performance remains inferior to elastography. Non-invasive, accessible and accurate test is needed. 
Machine learning methods can be used in this sense to provide better diagnostic performances. We aimed to test the 
ability of a machine learning model to predict esophageal varices in patients with cirrhosis. 

Materials and methods: We retrospectively evaluated patients with cirrhosis at the time of their screening upper 
endoscopies from our institutional database. Demographic, clinical, radiologic, endoscopic and laboratory data was 
collected. Child-Pugh, APRI, FIB-4, AAR, PCSD tests were calculated for each patient. Gradient boosted machine learning 
algorithm was constructed for the problem. A logistic regression as well as tests’ and model’s performances with areas 
under ROCs were compared to detect presence of esophageal varices.  

Results: Study population consisted of 201 patients whom 105 had esopheageal varices which 33 were higher risk. 
Patients with varices were older, advanced Child stages, larger splenic diameters and higher MELD-Na scores. Composite 
scores’ were as follows: FIB-4 0.57 (0.49-0.65), APRI 0.47 (0.38-0.55), PCSD 0.511 (0.42-0.59), AAR 0.481 (0.39-0.56). 
Machine learning model’s mean AUC to predict varices was 0.68(0.060), F1- score was 0.7 and accuracy was 63%. 

Conclusions: Machine learning model outperformed non-invasive tests to predict esophageal varices in cirrhotic patients. 
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Sirozlu Hastalarda Yapay Zeka ile Özofagus Varis Tahmini 

ÖZET

Giriş ve amaç: Sirozlu hastalarda özofagus varis taraması, ilişkili mortaliteyi %25’e varan oranlarda azaltmak için 
en iyi strateji olmaya devam etmektedir. Tanısal üst endoskopi altın standarttır ancak invaziv olması rutin taramayı 
güçleştirmektedir. Elastografi ile non-invaziv fibrosis ölçümleri maliyetli ve pratik değildir. Mevcut laboratuvar ve klinik 
değişkenleri kullanan testlerin ise performansları elastografiden daha düşük kalmaktadır. Non-invaziv, erişilebilir ve doğru 
testler gereklidir. Bu bağlamda varis riskini belirlemek için makine öğrenmesi yöntemleri kullanılabilir. Bu çalışmada, bir 
makine öğrenme modelinin sirozlu hastalarda özofagus varislerini tahmin etme performansını ve kullanılabilirliğini test 
etmeyi amaçladık.

Gereç ve yöntem: Kliniğimizin veri tabanından üst endoskopi ile varis taraması yapılan sirozlu hastaları geriye dönük 
olarak değerlendirdik. Demografik, klinik, radyolojik, endoskopik ve laboratuvar verileri toplandı. Her hasta için Child-Pugh, 
APRI, FIB-4, AAR, PCSD testleri hesaplandı. Problem için gradyan destekli makine öğrenme algoritması oluşturulmuştur. 
Özofagus varislerinin varlığını tespit etmek için lojistik regresyon ile testlerin ve modelin ROC’lerin altındaki alanlarla olan 
performansları karşılaştırıldı.

Bulgular: Çalışma popülasyonu, 105’i özofagus varisi olan ve 33’ü daha yüksek riskli olan 201 hastadan oluşturuldu. 
Varisli hastalar daha yaşlı, ileri Child evreleri, daha büyük dalak boyutları ve daha yüksek MELD-Na skorlarına sahipti. 
Testlerin varis olan hastaları tahmin performanslarının AUC değerleri: FIB-4 0,57 (0,49-0,65), APRI 0,47 (0,38-0,55), PCSD 
0,511 (0,42-0,59), AAR 0,481 (0,39-0,56) şeklindeydi. Makine öğrenimi modelinin varisleri tahmin etmek için ortalama 
AUC değeri 0.68(0.060), F1- skoru 0.7 ve doğruluk %63 idi.

Sonuçlar:Makine öğrenimi modellerinin, sirotik hastalarda özofagus varislerini tahmin etmekteki performansı, invazif 
olmayan testlerle karşılaştırılabilir düzeydeydi. 

Anahtar Kelimeler: Karaciğer hastalığı, siroz, özofagus varisleri, yapay zeka, makine öğrenmesi
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Variceal bleeding is a major cause of morbidity and 
mortality in cirrhotic patient. Early identification 
of varices and primary prophylaxis remains as the 

most feasible strategy. The gold standard for detecting 
varices is upper endoscopy but its use is not convenient 
for repeated screening procedures. Liver stiffness mea-
surements with transient elastography reached perfor-
mances enough to be implemented in clinical practice as 
expanded Baveno VI criteria but requires expensive de-
vices along with an experienced operator, thus not also 
an optimal screening strategy (1). Tests without an elas-
tographic measurements have been proposed but their 
performance is inferior to elastography. Therefore, a non-
invasive but practical test is required to stratify patients 
for endoscopic screening. 

Artificial intelligence is a general term includes several do-
mains of advanced computer programs that can achieve 
human like cognitive abilities. Machine-learning is a sub-
domain of artificial intelligence that learns from the data 
and the problem without needing to be programmed so. 
These approaches are increasingly being used in virtually 
every field of medicine as well as hepatology to tackle 
long-standing problems with their inherent abilities to 
and integrate a bigger dimensions and extent of data into 
their solution. 

With the need of a screening tool for varices and the pro-
mise of machine learning approach, we aimed to test a 
machine learning model’s performance to predict the pre-
sence of esophageal varices in patients with cirrhosis. We 
hypothesize that machine learning’s performance will not 
be inferior to already existing non-invasice clinical/labora-
tory depedentent scores.

Materials and Methods 

Study Design and Patient population
We retrospectively evaluated our endoscopy database 
for patients who have undergone upper endoscopy for 
treatment or screening of esophagogastric varices bet-
ween January 2015 and January 2021. We included pati-
ents with an administrative code for cirrhosis or chronic 
liver diseases (ICD-10, 10th revision of the International 
Statistical Classification of Diseases and Related Health 
Problems) who undergone upper endoscopy for the 

purpose of screening or prophylactic therapy of varices. 
We confirmed diagnosis of cirrhosis through evaluation of 
patient charts and radiologic studies. We excluded cases 
with inaccessible endoscopic, clinical, or laboratory data. 
Patients with incomplete vital signs were not excluded. 

Data Collection and Variables 
After confirmation of final patient list, we retrospectively 
collected data from endoscopy reports, physician notes 
during inpatient and outpatient encounters, laboratory 
results and abdominal radiology reports. Patient demog-
raphics, vital signs during encounter (Temperature, blood 
pressure, heart rate, respiratory rate) etiology of liver dise-
ase, presence of ascites or hepatic encephalopathy, sple-
nic length in abdominal imaging studies and laboratory 
values (complete blood count, routine biochemistry, coa-
gulation tests) were collected at the nearest time to upper 
endoscopy. Child-Pugh scores, Child Classes and MELD-
Na scores were calculated. Endoscopy reports were eva-
luated for the presence of esophageal or gastric varices. If 
present, esophageal varices were classified as higher- and 
lower-risk (2)

Machine Learning Models, Feature Selection and Model 
Training  
Adopted machine learning method -Light Gradient 
Boosting Machine- is an ensemble of multiple decision 
trees algorithms that learns from each tree to generate a 
final accurate model of its own (Ke et al. 2017; Chen and 
Guestrin 2016). We used our database both to train and 
test the algorithms prediction performance. To increa-
sing the generalizability of our results, we used multiple 
different splits for training and testing the algorithm. We 
shuffled the data before every iteration and split it into 
different training and test sets with four to one ratio that 
was repeated 50 times. As our population size is limited, 
we were not able to integrate all variables into the final 
model that would cause overfitting. We used two feature 
importance techniques - permutation feature importan-
ce and leave-one-out feature importance - to determine 
which variables to include. Those parameters are selected 
intuitively rather than using a black box optimizer which 
can induce overfitting. As the output, mean of 50 models’ 
area under the rule operator curves (AUC) is  presented 
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and standard deviation of the scores is the confidence 
interval

Outcomes and Statistical Analyses
The characteristics of patient populations was presented 
with descriptive statistics using median with range for 
non-parametric continuous variables, mean with stan-
dard deviation for parametric continuous variables and 
ratios with percentages for categorical variables. Patients 
with and without varices were compared using Mann 
Whitney U and Chi-square tests when appropriate. A bi-
nary logistic regression model was used to find variables 
that predicts presence of varices. Areas under the ROCs  of 
MELD-Na (3), CTP (4), AST to Platelet Ratio Index (APRI)(5), 
and Platelet Count to Spleen Diameter (PC/SD)(6), FIB-4(7) 
scores and AST to ALT ratio were compared to machine 
learning models for prediction of cirrhosis. 

Results

Patient Population
We included 201 patients of clinically or radiologically 
confirmed cirrhosis. Mean age of the population was 58.0 
(16.3). Etiologies of cirrhosis were chronic Hepatitis B, 
chronic Hepatitis C, non-alcoholic steatohepatitis, alcoho-
lic liver disease, autoimmune liver diseases, Wilson’s dise-
ase, primary and secondary hemochromatosis, congenital 
liver diseases, Budd-Chiari syndrome, congenital or acqui-
red hypercoagulatory disorders. Median Child-Pugh score 
of population was 7 (5-13), 86 cases were Class A, 81 cases 
were Class B and 34 cases were Class C. Median MELD-Na 
score of the population was 10 (6-40); 93 patients scores 
were between 6 and 9, 53 patients scores were between 
10 and 19, 23 patients scores were between 20 and 29, 
and 21 patients scores were equal to or greater than 30 
(Table 1).

Varices and Predicting Variables 
One-hundred and five patients had esophageal varices as 
opposed to 96 patients. Of 105 varices, 63 were low-risk 
and 33 were higher risk. Patients with varices were older 
(63 vs 54), higher Child-Pugh scores, larger splenic diame-
ters (15.1 vs 13.9) advanced Child stages (64 Child B-C vs. 
52 Child B-C)as well as higher MELD-Na scores (19 vs 13). 

A binomial logistic regression was performed to ascertain 
the effects of age, splenic vein diameter, platelet counts 
and MELD-Na scores on the likelihood that patients have 
varices. The logistic regression model was statistically 
significant, χ2(4) = 19.20, p < .001. The model explained 
14.0% of the variance in presence of esophageal varices 
and correctly classified 52.% of cases. Composite scores 
were calculated and their AUCs to classify presence of 
varices were as follows: FIB-4 0.57 (0.49-0.65), APRI 0.47 
(0.38-0.55), PCSD 0.511 (0.42-0.59), AAR 0.481 (0.39-0.56) 
(Figure 1). 

Table 1. Characteristics of our study population

Mean (SD) / 
Number (%)

Age 58 (1)

Gender
Male 97 (48.3%)

Female 104 (51.7%)

Etiology of Liver 
Disease

Chronic Hepatitis B 28 (14.4%)

Chronic Hepatitis C 6 (3.1%)

Non-alcoholic steatohepatitis 27 (13.9%)

Alcoholic liver disease 12 (6.2%)

Cryptogenic 58 (29.9%)

Autoimmune liver diseases 6 (3.1%)

Vascular and 
hypercoagulability 39 (20.1%)

Malignancy 12 (6.2%)

Congenital liver diseases 6 (3.1%)

Child Class

Class A 86 (42.8%)

Class B 81 (40.3%)

Class C 34 (16.9%)

MELD-Na Group

<10 93 (48.9%)

19-Oct 53 (27.9%)

20-29 23 (12.1%)

>30 21 (11.1%)

Hemoglobin (g/dL) 12.4 (3)

Platelet Count (^3 / mL) 137 (6)

Sodium (mg/dL) 136 (0)

Creatinine (mg/dL) 0.88 (0.04)

ALT (IU/mL) 35 (2)

AST (IU/mL) 56 (5)

ALP (IU/mL) 149 (9)

GGT (IU/mL) 123 (11)

Bilirubin (mg/dL) 686 (392)

INR 2817 (951)
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Figure 1.  Area under the rule operator curves for APRI, AAR, FIB-4 
scores and PCSD ratio to classify patients with cirrhosis.

Model Outputs 
Machine learning model’s classification performance was 
tested with prediction of esophageal varices in patients 
with cirrhosis. Feature selection as described choose fol-
lowing variables: Gender, presence of ascites, presence 
of encephalopathy, Child-Pugh Score, Platelet counts. 
Machine learning models mean AUC to predict varices 
was 0.68(0.060), F1- score was 0.7 and accuracy was 63%. 
(Figures 2).

Table 2. Features of patients with and without cirrhosis

Varices at Upper 
Endoscopy

pNo Yes  

Mean (SD) Mean (SD)

Age 54 (17) 63 (14) 0.000

Platelet Count 144 (94) 129 (87) 0.235

Splenic largest diameter (cm) 15.1 (3.9) 13.8 (3.5) 0.06

Child Class

Class A 53 33

0.06Class B 38 43

Class C 14 20

MELD-Na 13.9252 19.3 (11) 0.006

Aspartate to Platelet Ratio Index 1.94 (4.72) 1.58 (1.84) 0.875

Platelet Count to Splenic Diameter 10.54 (8.86) 10.16 (8.04) 0.893

FIB-4 Score 5.04 (4.08) 5.95 (4.53) 0.65

Figure 2. Mean of 50 machine learning models area under rule 
operator curves to classify patients with cirrhosis. 

Discussion
We tested the feasibility of a machine learning model to 
predict presence of esophageal varices in  cirrhotic pati-
ents. Our model achieved a higher performance for this 
task when compared to other composite scores with an 
AUC of 0.68 which was higher than FIB-4’s (0.57), APRI’s 
(0.47), AAR (0.481) and PCSD’s (0.511).  

Screening for varices is an essential component of clinical 
management of patients with cirrhosis. Upper endoscopy 
remaining as the gold standard, current recommendati-
on is the use of non-invasive tests to stratify patients for 
screening endoscopy. Transient elastography reached 
sensitivities and specifities over 90% and with the expan-
ded Boveno IV criteria it is now incorporated into clinical 
practice (1). However, transient elastography is operator 
dependent and requires costly imaging. In contrast, non-
elastographic tests such as APRI score, PCSD ratio, FIB-4 
and AAR use readily available laboratory data. However, 
the tests without elastography have not reached the 
performance of transient elastography and low to mo-
derate accuracy (8). Previous studies with APRI score 
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demonstrated specifities between 51%-89% and sensitivi-
ties varying between 56% to 71% (9-11). FIB-4 score’s and 
AAR index’s performances were similar with sensitivities 
between 37%-85% and specifities of 64%-81% of (10, 12); 
sensitivities of 68%-69% and specifities of 34%-89% (8). 

Above mentioned non-elastographic scores and indexes 
use one to three variables to predict a and a complex 
physiology and a multifactorial condition. Artificial intel-
ligence provides a new perspective to this problem with 
its ability to integrate greater number and extent of vari-
ables to the final decision. As such, there have been se-
veral studies using this approach to predict varices. Dong 
et al  created a score using a similar decision tree based 
machine learning algorithm to create a formula using INR, 
platelets, BUN, Hemoglobin and ascites. This composite 
score classified patients with varices with AUC of 0.81 in 
validation cohort (13). 

We acknowledge our studies limitations inherent to ret-
rospective design, small population size, and the use of 
machine learning methods. Artificial intelligence own 
specific limitations such as over-fitting regardless of mul-
tiple training and test splits as mentioned. Further vali-
dation of our model in different and larger datasets is re-
quired. We also acknowledge neither AUC of 0.68 of our 
algorithm nor the sample size of our study is enough to 
implement artificial intelligence alone by a mean of varix 
screening but only as a proof of concept for this clinical 
problem.  Moreover, we need to test different algorithms 
for prediction of varices in different contexts as their pat-
hophysiology, therefore predictive factors, will be presu-
mably different(14).

Knowledge gaps in the management of liver diseases can 
be targeted with artificial intelligence methods as we al-
ready own the required big multimodal data that inclu-
de radiology, genomics, clinical and laboratory variables. 
Despite this promise, the future of artificial intelligence in 
hepatology depends on further efforts and prospective 
studies. 
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