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a b s t r a c t 
Background and Objective: Considered as one of the most recurrent types of liver malignancy, Hepatocel- 
lular Carcinoma (HCC) needs to be assessed in a non-invasive way. The objective of the current study is to 
develop prediction models for Chronic Hepatitis C (CHC)-related HCC using machine learning techniques. 
Methods: A dataset, for 4423 CHC patients, was investigated to identify the significant parameters for 
predicting HCC presence. In this study, several machine learning techniques (Classification and regression 
tree, alternating decision tree, reduce pruning error tree and linear regression algorithm) were used to 
build HCC classification models for prediction of HCC presence. 
Results: Age, alpha-fetoprotein (AFP), alkaline phosphate (ALP), albumin, and total bilirubin attributes 
were statistically found to be associated with HCC presence. Several HCC classification models were con- 
structed using several machine learning algorithms. The proposed HCC classification models provide ade- 
quate area under the receiver operating characteristic curve (AUROC) and high accuracy of HCC diagnosis. 
AUROC ranges between 95.5% and 99%, plus overall accuracy between 93.2% and 95.6%. 
Conclusion: Models with simplistic factors have the power to predict the existence of HCC with outstand- 
ing performance. 

© 2020 Elsevier B.V. All rights reserved. 
1. Introduction 

The primary cause of chronic hepatitis is infection with hepati- 
tis C virus (HCV), which also is a standard predisposing factor for 
development of hepatocellular carcinoma (HCC) [1] . HCC is a ma- 
lignant tumour of the liver [2] . It is the fifth-most common cancer 
in the world and third-most common cause of death from cancer 
[3] . In Egypt, it is the most frequent malignant tumour in Egyp- 
tian men and second-most frequent in Egyptian women [4] . HCC 
is the leading cause of mortality from malignant tumours in Egypt 
and represents 32.35% of total cancer deaths. HCC incidence has 
increased from 7.3% of total cases of malignant tumours in 2003 to 
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19.7% in 2018 [ 5 , 6 ]. This rising incidence may be due to the high 
prevalence of and complications associated with chronic hepatitis 
C infection [ 7 , 8 ]. 

HCC risk increases concurrently with progression of liver fibro- 
sis. It is therefore important to monitor for HCC among patients 
with advanced fibrosis. Cancer in the liver is generally diagnosed 
using tri-phasic computed tomography (CT) and magnetic reso- 
nance imaging (MRI) [9] . Repeat exams are often necessary, but 
this can be costly for patients and difficult in countries that lack 
resources. Cross-sectional studies have identified potential factors 
that are correlated with an elevated risk of HCC, including demo- 
graphic (e.g., gender, age), virus-related (e.g., serum HCV level), and 
disease-related (e.g., alpha-fetoprotein [AFP] level, presence of cir- 
rhosis) factors. However, most of these studies involve a limited 
number of participants [10-12] . 

Machine learning approaches can enhance clinical decision sup- 
port by offering less time-consuming but still accurate and effec- 
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tive early prediction of fibrosis and liver cancer [ 13 , 14 ]. Using ar- 
tificial intelligence and statistical analysis to predict and recognize 
patterns in enormous datasets, machine learning algorithms can be 
used to predict hepatic diseases [10-15] . For example, Wen et al. 
tabulated risk predictors of HCC using the Cox proportional haz- 
ards regression [10] . This method uses age, sex, health history, hep- 
atitis B and C virus status, and serum levels of aspartate amino- 
transferase, alanine aminotransferase, and AFP as statistically sig- 
nificant independent predictors of HCC. In Chang et al. [11] , a Cox 
regression indicated that old age, high AFP, low platelet counts, and 
advanced fibrosis are independent risk features of HCC. 

This study aimed to determine the risk factors for HCC among 
patients with HCV with advanced fibrosis. The study used differ- 
ent decision-tree learning techniques with machine learning to de- 
velop an accurate estimation score for HCC development, as deter- 
mined by the proposed independent risk factors. It also focused on 
patients from Egypt. Data were gathered by specialists from Kasr 
Al-Aini Hospital, Cairo University, Egypt. 
2. Material and methods 
2.1. Patients and Data 

This retrospective study used a dataset of 4,423 patients (af- 
ter filtering), all of whom were diagnosed with HCV of genotype 
4 with advanced fibrosis. Data were collected from two institutes 
in Egypt: the Egyptian National Committee for the Control of Viral 
Hepatitis and the multidisciplinary HCC clinic at Cairo University’s 
Kasr Al-Aini Hospital. 

For HCV patients without HCC, a cohort of 3,099 (1,003 women 
and 2,096 men) with chronic hepatitis C infection was selected 
from patients enrolled in the Egyptian National Committee for 
Control of Viral Hepatitis database from April 2006 to June 2014. 
The data were assessed by local pathologists from 13 centres 
around Egypt. The database contains records for 60,0 0 0 patients 
with HCV and without HCC. However, due to limitations of the 
data for patients with HCC and to avoid over-fitting, we did not 
use the full sample. Based on our inclusion and exclusion criteria, 
we randomly selected 3,099 patients with advanced fibrosis. 

For HCV patients with HCC, a cohort of 1,324 (316 women and 
1,008 men) was assembled from data at the multidisciplinary HCC 
clinic at Kasr Al-Aini Hospital from 2010 to 2015. The database 
contains records for about 2,0 0 0 HCV patients with HCC and ad- 
vanced fibrosis. After eliminating patients based on our criteria, 
our sample comprised 1,324 patients. 

All patients were diagnosed and managed according to guide- 
lines of the European Association for the Study of the Liver [17] , 
American Association for the Study of Liver Diseases [18] , and the 
Barcelona Clinic Liver Cancer [19] , with a case-by-case discussion. 
All study procedures complied with the ethical principles of the 
Declaration of Helsinki Good Clinical Practice guidelines. All par- 
ticipants signed an informed consent that was approved by the lo- 
cal ethical committee of Endemic Medicine Department, faculty of 
medicine, Cairo University, and by the National Committee for Con- 
trol of Viral Hepatitis. 

Blood serum data for patients included demographic (age and 
gender); laboratory (albumin, total bilirubin, alanine aminotrans- 
ferase [ALT], aspartate aminotransferase [AST], AFP, alkaline phos- 
phate [ALP], haemoglobin [Hb], glucose, white blood cells [WBC], 
creatinine, international normalized ratio [INR], coagulation profile 
with prothrombin time and concentration, and platelets); and his- 
tological (for patients with chronic hepatitis C only) information. 
Fibrosis was staged using the METAVIR scoring system. 

All patients in this study underwent a liver biopsy to assess the 
fibrosis stage and detect the presence of cirrhosis. Unfortunately, 
the data did not include values for protein induced by vitamin K 

absence or antagonist-II, because these tests are not routinely done 
in the Egyptian national treatment program. HCC staging was con- 
ducted according to Barcelona Clinic Liver Cancer staging [20] : 
• Stage 0 (very early stage): 72 patients. 
• Stage A (early stage): 677 patients. 
• Stage B (intermediate stage): 460 patients. 
• Stage C (advanced stage): 115 patients. 

At the end of the study, a data for 293 HCV patients was col- 
lected, where 53 patients of them had HCC. This cohort was en- 
rolled as a validation set. Patients in this validation set were under 
the same inclusion and exclusion criteria. The BCLC staging of the 
HCC patients, 53 patients, was found to be: 22 in stage A, 16 in 
stage B, and 15 in stage C. 
2.2. Inclusion criteria and exclusion criteria 

Inclusion criteria were as follows: between 18 and 78 years old; 
positive HCV antibodies and detectable HCV RNA by PCR; positive 
liver biopsy for chronic hepatitis (METAVIR score of F1 and ele- 
vated liver enzymes or METAVIR score of F2/F3); naïve to antiviral 
treatment; normal thyroid function; negative for hepatitis B sur- 
face antigen; prothrombin concentration >  60%; normal bilirubin; 
AFP ≤20 ng/mL; and antinuclear antibody titre <  1/160. 

Exclusion criteria were as follows: presence of mild to moder- 
ate fibrosis; serious comorbidities (e.g., severe arterial hyperten- 
sion, heart failure, significant coronary heart disease, poorly con- 
trolled diabetes with haemoglobin A1C >  8.5%, chronic obstructive 
pulmonary disease, major uncontrolled depressive illness); history 
of solid organ transplant (renal, heart, or lung); history of anti- 
HCV therapy or untreated thyroid diseases; body mass index >  35 
kg/m ²; HIV co-infection; hypersensitivity to pegylated interferon or 
ribavirin; or presence of concomitant liver disease other than hep- 
atitis C (e.g., chronic hepatitis B, alcoholic liver disease, autoim- 
mune hepatitis, hemochromatosis, α-1 antitrypsin deficiency, or 
Wilson’s disease). 
2.3. Variable selection 

Variable selection, also known as feature selection or subset se- 
lection, was used in the model construction for simplicity, for ease 
of interpretation, and to eliminate redundant variables. This pro- 
cess involved choosing a variable subset to maximize classification 
or prediction accuracy. Figure 1 shows the three categories of vari- 
able selection: filters, wrappers, and embedded methods [21] . 
2.4. Statistical Analysis 

The data were analysed using MedCalc, Microsoft Excel, Weka, 
and Matlab software programs to perform the learning techniques. 
Table 1 shows the mean value ± standard deviation (SD) of the 
data. The relationships between highlighted features and the ex- 
istence of significant HCC were assessed using the test of signifi- 
cance (P-value). The Wilcoxon signed mark test was calculated for 
continuous variables with non-normal distribution, and the Chi- 
square test was calculated for categorical variables. Spearman cor- 
relation coefficients between HCC and each variable were assessed. 
P-values <  0.001 were considered statistically significant predictors 
of HCC presence. The precision of the proposed predictive mod- 
els in this study was computed using the area under the receiver 
operating characteristic curve (AUROC). Calculations of sensitivity, 
specificity, positive predictive value, negative predictive value, and 
accuracy also were executed. 
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Figure 1. Variable Selection Methods. 
Table 1 
Characteristics of variables in the dataset. 

Baseline Predictors Mean ± SD P- Value Spearman Correlation coefficients 
Age 50.00 ± 9.70 <  0.001 0.545 
AST 68.43 ± 49.17 <  0.001 0.021 
ALT 64.70 ± 45.39 <  0.001 -0.140 
ALP 80.22 ± 128.67 <  0.001 0.470 
Platelets 558.22 ± 8238.49 <  0.001 -0.409 
AFP 846.25 ± 10688.14 <  0.001 0.491 
Albumin 4.02 ± 3.97 <  0.001 -0.657 
Total Bilirubin 1.05 ± 1.03 <  0.001 0.458 
Hb 13.44 ± 1.84 <  0.001 -0.421 
INR 1.44 ± 3.75 <  0.001 0.393 
Creatinine 0.91 ± 1.28 <  0.001 0.196 
WBC 6.20 ± 2.15 <  0.001 -0.166 
Gender <  0.001 0.085 

Female 1319 (29.8%) 
Male 3104 (70.2%) 

Smoker <  0.001 0.288 
Yes 740 (16.7%) 
No 3683 (83.3%) 

2.5. Machine Learning Techniques 
This current study examined several machine learning methods 

by constructing a linear regression algorithm and decision trees 
(e.g., classification and regression tree, alternating decision tree, 
and reduced error pruning tree) using Weka and Matlab. 

2.6. Decision Tree Learning Techniques 
Decision-tree learning is a promising prediction and classifica- 

tion technique used in statistics, data mining, and machine learn- 
ing. One class of decision-tree learning, called alternating decision 
tree (ADTree), combines boosting and decision-tree algorithms to 
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Figure 2. Correlation Coefficients Chart. It represents the absolute values of Spearman correlation coefficients between the markers and the presence of the HCC. 
generate easier-to-interpret classification rules [22] . ADTree tech- 
niques can address limitations of conventional boosting decision 
tree algorithms, such as classification and regression tree (CART) 
[23] , C4.5 [24] , and reduced error pruning classifier (REP-tree) [25] . 
2.7. Multi-linear Regression 

Multi-linear regression is an analysis method that evaluates 
the power of the association between a set of explanatory vari- 
ables and a single response variable and develops an equation 
that expresses the linear relationship [26] . In this study, the re- 
sponse variable was the risk of HCC development, and the explana- 
tory variables were albumin, age, haemoglobin, total bilirubin, and 
platelet count. 
3. Results 

The dataset included 4,423 (3,104 male and 1,319 female) pa- 
tients aged 16 to 80 years with HCV with advanced fibrosis. Of 
those, 1,324 had HCC. Patients with mild to moderate fibrosis are 
unlikely to have liver cancer and thus were excluded from this 
study. Table 1 references the statistical analysis outcomes and re- 
ports the baseline characteristics of patients as the mean ± SD, 
unless otherwise stated. 

In this study, the filters method was used to pre-process the 
data, and then the learning algorithm was used to perform the 
variable selection (or variable reduction). This method ranks all 
variables or features to select the best ones. It has efficient com- 
putation time and is robust to over-fitting [27] . The test of signif- 
icance (P-value) and correlation coefficient scores were used for 
variable (feature) ranking. The dataset in this study contained labo- 
ratory test results and clinical information, which were considered 
input variables. 

The P-value was calculated using the Wilcoxon signed mark 
for continuous variables and Chi-square test for categorical ones. 
Correlation coefficients were calculated using the Spearman cor- 
relation, as reported in Table 1 . Figure 2 shows the correlation 
coefficient chart indicating that albumin, age, haemoglobin, to- 
tal bilirubin, and platelet count had correlation coefficients higher 
than other markers ( >  0.5) [28] . Using the embedded method of 
decision-tree learning, we obtained the same results as those ob- 
tained using the filters method. 

Five parameters (age, AFP, ALP, albumin, and total bilirubin) 
were strongly linked to the presence of significant HCC (P <  0.001 
with a correlation ≥0.5). These variables thus were used as inde- 
pendent factors to build the HCC risk predictive models. To avoid 

over-fitting, 10-fold cross-validation was used to train all proposed 
models. The sensitivity S n , specificity S p , negative predictive value, 
positive predictive value, overall accuracy, and AUROC for the pro- 
posed models were calculated. Table 2 reports the results, and 
Figure 3 displays a comparison for the ROC curves of the four pro- 
posed models. 

The first proposed model was built using multi-linear regres- 
sion to assess the relationship between HCC presence and the five 
independent variables: age, AFP, ALP, albumin, and total bilirubin 
with a threshold (criteria point) 0.3058. The linear equation of the 
risk of HCC development was produced as follows: 

HC C ident i f icat ion = 0 . 8328 + 0 . 0084 Age + 0 . 0004 ALP 
+0 . 3502 ∗10 −5 AFP − 0 . 2884 Albumin + 0 . 0705 TotalBilirubin (1) 

In the second proposed model, an alternating decision tree was 
used for the cohort dataset with the five variables that had a statis- 
tically significant relationship (P <  0.001) and accepted correlation 
coefficients (|r| >  0.5) with the presence of HCC: age, AFP, ALP, albu- 
min, and total bilirubin. A tree of 31 nodes was produced, of which 
21 were leaf nodes. Figure 4 shows the decision tree diagram of 
model 2. Presence of HCC was considered negative, and absence 
of HCC was considered positive. Presence of HCC was scored by 
summing all prediction nodes (illustrated in squares) that passed 
through decision nodes (illustrated in ellipses) and for which all 
decision nodes were true. If the final score of the tree was <  0, 
then the patient was at high risk for presence of HCC, and if the 
final score of the tree was >  0, then the patient was at low risk for 
HCC. 

Figure 5 shows a flowchart illustrating the ADTree proposed al- 
gorithm. For each patient with a score of ‘S,’ as calculated accord- 
ing to albumin, age, ALP, AFP, and total bilirubin values, the posi- 
tive value of 0.425 in the main root node indicated absence of HCC. 
The albumin value in the first decision node indicated if a patient 
with albumin <  3.45 was at high risk for presence of HCC by adding 
a negative value to the score. If not, we continued to the next path, 
and so on. If the final S score was <  0, then the patient was at risk 
for HCC. For example, our sample included a 60-year-old patient 
with serum markers of 3.7 for albumin, 289 for ALP, 24 for AFP, 
and total bilirubin of 0.8. The patient’s S score was calculated by 
tracing the paths of the tree in Figure 4: S = 0.425 + 0.483 - 0.889 
- 0.271 + 0.015 + 0.708 - 1.881 + 0.334 + 0.001 - 0.329 = -1.404. 
The score is less than zero, so this patient was predicted to have 
HCC. Using the flowchart in Figure 5 yielded the same result. This 
model correctly classified 4,230 instances and incorrectly classified 
193 instances. 
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Table 2 
Sensitivity, Specificity, Positive and Negative Predictive values, overall accuracy and area under the receiver operating characteristic curve (AUROC) for of the proposed 
models. 

Technique Sensitivity S n % Specificity S p % Positive Predictive Value (PPV)% Negative Predictive Value (NPV)% Accuracy % AUROC % 
Linear Regression 89.3 93.9 73.8 97.9 93.2 96.0 
ADTree 91.8 97.3 93.5 96.5 95.6 99.0 
CART 87.8 96.8 92.2 94.9 94.1 95.6 
REP- Tree 86.3 97.1 92.6 94.3 93.8 95.5 

Figure 3. Alternating Decision Tree Model Diagram (Model 2). It contains prediction node at the root (top rectangle as unconditional contribution score), decision nodes (in 
ellipses as introduced features), prediction nodes (in rectangles as contribution scores), and decision paths (in solid lines as decision conditions and prediction contributions). 

In the third model, the CART algorithm was run on the same 
cohort. CART employs 10-fold (default) cross-validation. A tree of 
85 nodes, 43 of which were leaf nodes, was produced. This model 
correctly classified 4,163 instances and incorrectly classified 260 
instances. 

In the fourth model, a REP-tree classifier was used to produce 
a tree with 71 nodes. REP-tree employs 10-fold cross-validation in 
pruning and the rest for growing the rules in this model. Reduced 
error pruning is one of the simplest forms of pruning, character- 
ized by simplicity and speed. Each node starting from the leaves 
is replaced with its most popular class only if it improves predic- 
tion accuracy. This model correctly classified 4,150 instances and 
incorrectly classified 273 instances. 

To conduct multiple validations, a cohort of 293 HCV patients 
was collected at the end of the study, where 53 patients if them 
had HCC. It was and enrolled in this study as a validation set. In 
this validation set, ADTree achieved the highest overall accuracy 
(93.2%), followed by CART and REP-Tree with accuracy 92.8%, then 
linear regression with accuracy 91%. The results were close to the 
cross-validation results. 
5. Discussion 

Egypt has the highest prevalence of HCV worldwide (18%), with 
genotype-4a accounting for almost 90% of infections [29] . The ma- 

jor cause of HCC is HCV. Every 30 seconds, one person in the 
world dies from liver cancer [30] , underscoring the need for HCC 
surveillance for patients with advanced fibrosis. In recent years, 
machine-learning techniques have been used to predict HCC risk. 
The machine-learning process extracts valuable information from 
a dataset and transforms it into logical structures for further use 
in prediction and detection. In the current study, we investigated 
the ability and performance of machine-learning approaches in the 
diagnosis of HCC. 

We analysed and reported on a cohort of 4,423 patients 
with HCV. Table 1 reports the P-values and correlation coeffi- 
cients. Five features (age, AFP, ALP, albumin, and total biliru- 
bin) were found to be strongly correlated with the presence 
of HCC (P <  0.001; correlation ≥0.3). These features were incor- 
porated as independent factors to develop HCC risk predictive 
models. 

Some studies restrict serum AFP levels to develop HCC predic- 
tion models. For example, Abbasi et al. [31] suggested that AFP lev- 
els significantly correlate with HCC and that AFP thus may serve as 
a useful predictor of HCC, including distinguishing between early 
and advanced stages. Omran et al. [14] reported that AFP ≥50.3 
ng/mL is a predictor of HCC. 

However, Peng et al. [15] examined patients with anti-HCV an- 
tibodies and found that AFP level was not a good sole indicator 
of HCC. Kurosaki [16] et al. produced a simple HCC risk-prediction 
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Figure 4. Flow Chart of proposed alternating decision model. 
model using age, platelets, albumin, and aspartate aminotrans- 
ferase as independent factors, without any consideration of AFP. In 
our study, the AFP level was an indicator of HCC presence (corre- 
lation coefficient >  0.3 and P <  0.001). 

This study investigated the accuracy of multi-linear regression, 
ADTree, CART, and REP-Tree in predicting the risk of HCC develop- 

ment in patients with HCV. To avoid problems such as over-fitting, 
a Monte Carlo cross-validation and filter method was used, which 
helped compensate for the uneven number of patients and controls 
[27] . The test was computed using 10-fold cross-validation. Multi- 
ple validations were performed, with similar results to the cross- 
validation results. 
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Figure 5. Receiver Operating Characteristic Curves. ROC of: Linear Regression model 
with 0.96 AUROC, ADTree model with 0.99 AUROC, CART model with 0.956 AUROC, 
and REP with 0.955 AUROC. 

The first proposed model was built using multi-linear regres- 
sion, and it achieved the highest negative predictive value (97.9%), 
with an S p of 93.9%, positive predictive value of 73.8%, and accu- 
racy of 93.2%. However, The ADTree model achieved the highest 
S n (91.8%), S p (97.3%), positive predictive value (93.5%), accuracy 
(95.6%), and AUROC (99%). The CART model had the lowest neg- 
ative predictive value (94.3%), with an S n of 87.8% and AUROC of 
95.6%. Finally, the REP-tree model recorded the lowest S n (86.3%), 
negative predictive value (94.3%), and AUROC (95.5%). The ADTree 
model achieved the highest AUROC, with high overall results in all 
parameters of ROC analysis and accuracy. 

According to the results of this prospective study and previous 
studies of medical prediction models, the ADTree model offers ad- 
vantages over other machine-learning techniques, particularly in its 
generalization and boosting abilities. Using boosted algorithms in 
alternating decision trees gives the data a different distribution at 
each iteration. In the subsequent iteration, they give the misclassi- 
fied instances a larger weight than the previous accurately classi- 
fied instances. The ADTree model also has built-in feature selection 
techniques. Furthermore, the simplicity of this model facilitates in- 
terpretation via interactive visualization. 
6. Conclusion 

Machine-learning techniques can estimate the risk of HCC de- 
velopment with high accuracy. These methods offer efficient and 
non-invasive ways for physicians to diagnose and monitor patients 
with HCC. Age, AFP, ALP, albumin, and total bilirubin were found 
to be strongly correlated with the presence of HCC. This study 
assessed the performance of multi-linear regression, classification 
and regression tree, alternating decision tree, and reduced error 
pruning tree methods in identifying HCC presence. The machine- 
learning techniques under investigation achieved similar results in 
the identification of HCC, with AUROCs ranging between 95.5% and 
99.0% and accuracy between 93.2% and 95.6%. The ADTree model 
achieved the highest overall results in all parameters of ROC anal- 
ysis, with an accuracy of 95.6% and AUROC of 99.0%. We thus con- 
clude that models with simple factors can predict the risk of HCC 
development with good performance. 
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