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SUMMARY. Model for end-stage liver disease (MELD) scoring

was initiated using traditional statistical technique by

assuming a linear relationship between clinical features,

but most phenomena in a clinical situation are not linearly

related. The aim of this study was to predict 3-month mor-

tality risk of acute-on-chronic hepatitis B liver failure

(ACHBLF) on an individual patient level using an artificial

neural network (ANN) system. The ANN model was built

using data from 402 consecutive patients with ACHBLF. It

was trained to predict 3-month mortality by the data of

280 patients and validated by the remaining 122 patients.

The area under the curve of receiver operating characteristic

(AUROC) was calculated for ANN and MELD-based scoring

systems. The following variables age (P < 0.001), prothrom-

bin activity (P < 0.001), serum sodium (P < 0.001), total

bilirubin (P = 0.015), hepatitis B e antigen positivity rate

(P < 0.001) and haemoglobin (P < 0.001) were signifi-

cantly related to the prognosis of ACHBLF and were

selected to build the ANN. The ANN performed signifi-

cantly better than MELD-based scoring systems both in the

training cohort (AUROC = 0.869 vs 0.667, 0.591, 0.643,

0.571 and 0.577; P < 0.001, respectively) and in the vali-

dation cohort (AUROC = 0.765 vs 0.599, 0.563, 0.601,

0.521 and 0.540; P � 0.006, respectively). Thus, the

ANN model was shown to be more accurate in predicting

3-month mortality of ACHBLF than MELD-based scoring

systems.

Keywords: artificial neural network, hepatitis B virus, live

disease, prognostic model.

INTRODUCTION

Hepatitis B virus (HBV) is a major human pathogen that

causes high morbidity and mortality worldwide. HBV is

one of the leading causes for rapid deterioration of liver

function, which is a severe condition termed as ‘acute-on-

chronic liver failure (ACLF)’ with high mortality [1]. There

is a high prevalence of HBV in the developing countries in

Asian where acute-on-chronic hepatitis B liver failure

(ACHBLF) accounts for more than 70% of ACLF and

almost 120 000 patients die of ACHBLF each year [1,2].

Liver transplantation is the only effective therapeutic

option for ACHBLF patients. However, liver transplantation

cannot be extensively applied because of the shortage of

liver donors and other socioeconomic problems [3]. Thus,

an early predictive model, which is objective, reasonable

and accurate, is necessary for severity discrimination and

organ allocation to decrease the mortality of ACHBLF.

So far, model of end-stage liver disease (MELD) scoring

has been widely used for the prediction of live diseases.

MELD is initially applied to predict the mortality risk of

patients with end-stage liver disease undergoing transjugu-

lar intrahepatic portosystemic stent shunt [4]. Based on

MELD score, serum sodium and model for MELD (MELD-

Na), MELD to serum sodium ratio (MESO), incorporating

serum sodium and age MELD model (iMELD), etc., have

been gradually proposed [5–7] to predict the prognosis of
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patients with various severe liver diseases in recent years

[8–10]. Nevertheless, MELD-based scoring systems still

failed to predict the mortality of a considerable proportion

of patients, and their predictive accuracy was not satisfying

enough [11–13].

All of the above models are constructed on the basis of

multiple linear regressions. However, the human body is a

complex biological system, and most of the clinical features

have multidimensional and nonlinear relationship. So it is

ideally difficult to predict the prognosis of liver diseases

with a conventional statistical technique. The artificial

neural network (ANN) is a novel computer model inspired

by the working of the human brain. It can build nonlinear

statistical models to deal with complex biological systems.

In recent years, ANN models have been introduced in clini-

cal medicine for clinical validations, including predicting

hepatocellular carcinoma patients’ disease-free survival

and preoperative tumour grade [14,15], predicting the

mortality of patients with end-stage liver disease [16] and

identifying the risk of prostate carcinoma [17]. The ANN

model has been proved more accurate and performs better

than multiple logistic regression or multiple linear discrimi-

nant analysis models [17,18].

Compared with decompensated cirrhosis, ACHBLF is a

relatively independent system [1]. As current prognostic

models applied in ACHBLF are still not ideal, a suitable

and special predictive model is urgently needed. The aim of

the present study was to establish an ANN model to

predict 3-month mortality of ACHBLF and test its validation.

PATIENTS AND METHODS

Patients

From January 2007 to September 2010, 583 consecutive

patients (416 men; 167 women; mean age, 48.2 ± 12.6

years) were diagnosed with ACLF at the First Affiliated

Hospital of Wenzhou Medical College. Patients with ACH-

BLF were included in the study. ACHBLF was defined as

an acute hepatic insult manifesting as jaundice and coag-

ulopathy, complicated within 4 weeks by ascites and/or

encephalopathy in a patient with chronic HBV infection

according to consensus recommendations of the Asian

Pacific Association for the Study of the Liver in 2009 [1].

Patients with evidence of non-B hepatitis virus, alcohol

abuse, autoimmune, toxic or other causes that might lead

to liver failure, past or current hepatocellular carcinoma,

liver transplantation or serious diseases in other organ sys-

tems were excluded (Fig. 1).

Informed consent was obtained from each patient

included in the study, and the research protocol was

approved by the Ethics Committee of the First Affiliated

Hospital of Wenzhou Medical College. The study procedure

conformed with the Helsinki Declaration and Standards for

the Reporting of Diagnostic Accuracy Studies [19].

Follow-up

The routine therapy of these patients was the same, includ-

ing absolute bed rest, energy supplements and vitamins,

intravenous infusion of albumin, maintenance water, elec-

trolyte and acid-base equilibrium, prevention and treat-

ment complications [1]. The start date of the follow-up

was the date of the diagnosis of ACHBLF. In this study,

patients receiving liver transplantation within 3 months

were considered as dead. All patients with ACHBLF were

followed up for at least 3 months, and the outcome (death

or survival) of corresponding patient was recorded.

Laboratory tests

Liver function tests, complete blood count and coagulation

tests were performed within the first 24 h after admission.

The liver function tests included alanine aminotranferase,

aspartate aminotranferase, total bilirubin (TBil), albumin,

serum sodium, alpha-fetoprotein (AFP) and creatinine.

Complete blood count was made up of platelet and haemo-

globin (Hb). Coagulation tests contained prothrombin

activity (PTA) and international normalized ratio (INR).

Additionally, hepatitis B e antigen (HBeAg) was detected

by conventional serological assays. Serum HBV DNA was

measured by quantitative PCR assay (Roche Amplicor,

limit of detestability of 100 IU/mL) after admission.

MELD-based Scoring Systems

MELD score (R = 9.57 9 ln (creatinine (mg/dL)) + 3.78

9 ln (bilirubin (mg/dL)) + 11.2 9 ln (INR) + 6.43) was

used to measure the mortality risk in patients with end-stage

liver disease [4]. Given the lack of donors, MELD was used as

organ allocation tool to increase graft success rate and

patient survival rates, which was generally accepted [20].

Recently, some adjustments were added to the original

MELD formula to overcome limitations of MELD score. Pub-

lished data suggested that MELD-Na (R = MELD + 1.59

9 (135 – serum sodium (mM))) might improve the prognos-

tic accuracy [5]. Furthermore, several other scoring systems

such as MELDNa (R = MELD – serum sodium (mM) �
(0.025 9 MELD 9 (140 – serum sodium (mM))) + 140),

MESO (R = (MELD/serum sodium (mM)) 9 100), iMELD

(R = MELD + (age (year) 9 0.3) � (0.7 9 serum sodium

(mM)) + 100)) had been described for predicting the mortal-

ity of end-stage liver disease accurately [6,7,21].

Construction of ANN

An ANN can mimic a biological neural system both struc-

turally and functionally. It consists of a set of highly com-

plex, interconnected processing units (neurones) linked with

weighted connections and include an input layer, an output

layer and one or more hidden layers [22–25]. The input

© 2012 Blackwell Publishing Ltd
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layer contains neurones that receive the data available for

the analysis (e.g. various clinical, demographic or labora-

tory data), and the output layer contains neurones that

export different predictive outcomes (e.g. clinical diagnosis

or prognosis). The hidden layers are used to allow complex

relations between the input and output neurones to evolve.

The advantages of ANN over conventional statistical tech-

niques include three aspects, that is, self-learning process,

self-adapting process and inference process. First, it can per-

form self-learning process. ANN can learn through examples

and associate each input with the corresponding output by

modifying the weight of the connections between neurones.

Once an input is applied as a stimulus to the first layer of

neurones, it will be propagated through each upper layer

until an output is produced. Afterwards, a self-adapting pro-

cess is carried out. The output value is compared with the

desired output. If there is a discrepancy between these two

values, an error signal is generated and then a back propa-

gation (BP) method is applied to alter the weight of the con-

nections between neurones to decrease the overall error of

the network. As learning proceeds, the error between the

ANN output and the desired output decreases until a mini-

mum is reached (convergence of the network). After these

two training processes, the ANN can generate outputs

(prognosis) from new input data based on the knowledge

accumulated during training, which is regarded as inference

process. Thus, after training, the ANN can identify patterns

or make predictions on data sets never seen before [22–25].

In this study, we built an ANN by using the graphical

neural network development tool NeuroSolution V5.05

(Neurodimension, Gainesville, FL, USA). Variables found to

be significantly related to the prognosis of patients with

ACHBLF were selected to build the ANN. Four hundred

and two eligible patients were assigned to a training cohort

(n = 280; 70%) and a validation cohort (n = 122; 30%)

randomly. One of the major limitations of ANN is over-

training, which can lead to good performance on training

sets but poor performance on relatively independent valida-

tion sets. To avoid over-training during building of the

ANN, 196 patients (70%) were again randomly selected

from the training group to train the network and the

remaining 84 (30%) were used for cross-validation.

The learning mechanism applied on this ANN was BP by

calculating the errors between output value and desired out-

put value. Then, the weight of the connections was altered

between neurones to decrease the overall errors of the net-

work. Training was terminated when the sum of square

errors was at minimum, compared with the cross-validation

data set. The activation function, representing the outcomes

of ANN, was used with continuous outputs on the interval

from 0 to 1, in which 0 = survival, 1 = death.

Statistical analysis

Statistical analysis was performed using SPSS 13.0 software

(SPSS Inc, Chicago, IL, USA) and MedCalc 10.0 software

(Mariakerke, Belgium). The Kolmogorov–Smirnov test was

applied to determine whether sample data were likely to be

derived from a normal distribution population. Continuous

variables were expressed by mean ± standard deviation and

compared using Wilcoxon signed rank test or Mann–Whitney

U-test when necessary. Categorical variables were described

by proportions or count and compared using proportions chi-

square test or the Fisher’s exact test when necessary.

Fig. 1 Data sets used in the training and validating the artificial neural network.
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Univariate analysis was applied to assess the relationship

between clinical or biochemical parameters (input variables)

and prognosis (output variables). The variables we selected

as the input layer to build the ANN for predicting the prog-

nosis of patients were required to meet the following criteria:

important clinical features and statistically significant differ-

ence. Besides, odds ratio (OR) and corresponding 95% confi-

dence interval (CI) were calculated.

Performances of the ANN prediction in the training

cohort and in the validation cohort were tested using recei-

ver operating characteristic curve (ROC) analysis, in which

area under the ROC curve (AUROC) was used to compare

the performance of the ANN and MELD-based scoring ser-

ies using the Hanley and McNeil method. A value of

P < 0.05 was considered statistically significant.

RESULTS

Baseline characteristic of patients

583 patients diagnosed as ACLF were enrolled in the study.

Of these, 181 patients were excluded (Fig. 1). Finally, a total

of 402 patients were included. The population characteris-

tics, biochemical characteristics and MELD-based scoring

systems of the 402 patients are presented in Table 1. In all

the patients, the mean age was 47.2 ± 13.3 years, and the

male proportion was 78.6%. One hundred and sixty patients

died over a 3-month follow-up (39.8%). The mean MELD,

MELD-Na, MELDNa, MESO and iMELD scores of the entire

study population were 28.2 ± 6.2, 38.8 ± 14.1, 30.4 ± 5.7,

29.5 ± 21.2, 59.7 ± 31.8, respectively. Patients who sur-

vived had lower MELD scores (27.1 ± 6.0 vs 29.8 ± 6.2,

P < 0.001), TBil (16.4 ± 9.8 mg/dL vs 18.9 ± 9.8 mg/dL,

P = 0.014), INR value (2.7 ± 1.9 vs 3.1 ± 1.3, P = 0.035)

and higher serum sodium (135.4 ± 5.1 mM vs 131.8 ± 6.5 mM,

P < 0.001), AFP (207.3 ± 358.2 lg/L vs 142.4 ± 256.5

lg/L, P = 0.035), Hb (120.7 ± 21.7 g/L vs 112.2 ± 24.3 g/

L, P < 0.001), PTA (25.7 ± 15.3% vs 15.5 ± 15.2%, P <
0.001) and HBeAg positivity rate (63.2% vs 45.0%,

P = 0.019) (Table S1). Specific characteristics of the training

and validation cohorts used to build and test the ANN are

described in Table 2 and Table S2.

Construction of ANN

As shown in Table 3, serum sodium (OR = 0.899, 95%

CI: 0.866–0.932, P < 0.001), TBil (OR = 1.026, 95% CI:

1.005–1.047, P = 0.015), age (OR = 1.039, 95% CI: 1.022–

1.055, P < 0.001), PTA (OR = 0.955, 95% CI: 0.941–0.970,

P < 0.001), Hb (OR = 0.984, 95% CI: 0.975–0.993,

P < 0.001) and HBeAg positivity rate (OR = 2.101, 95%

CI: 1.399–3.155, P < 0.001) were significantly associated

with 3-month mortality at the univariate analysis which

were all used to build the ANN.

Multilayer perceptron (MLP) is one of the most popular

and mature ANN architectures with a feed forward neural

network where processing neurones are grouped into lay-

ers and connected by weighted links. We therefore estab-

lished an ANN model using MLP. In this present study,

MLP included the input, hidden and output layers. Neuro-

nes were linked with weighted connections (Fig. 2). In

general, the number of input variables and output vari-

ables were respectively equal to the number of clinical or

biochemical parameters and prognosis we set. As Fig. 2

shows, the MLP has six input neurones and one output

neurone. After the debugging and testing for many times,

three hidden neurones were added to the hidden layer to

increase the MLP’s performance.

Assessment of the predictive accuracy of ANN compared
with MELD-based scoring systems

In the training cohort, the accuracy of the ANN in predict-

ing 3-month mortality was high (AUROC = 0.869, 95%

Table 1 Baseline characteristics of the study population

Variables All patients (n = 402)

Death (%) 160 (39.8)

Age (years) 47.2 ± 13.3

Male gender (%) 316 (78.6)

ALT (IU/L) 204.9 ± 489.1

AST (IU/L) 176.1 ± 310.1

AST/ALT 1.2 ± 1.1

Serum sodium (mM) 134.0 ± 6.0

TBil (mg/dL) 17.4 ± 9.9

Albumin (g/L) 29.5 ± 5.5

Creatinine (mg/dL) 0.9 ± 0.6

Platelet (g/L) 101.9 ± 56.8

Hb (g/L) 117.3 ± 13.3

AFP (lg/L) 181.5 ± 322.8

PTA (%) 21.7 ± 16.0

INR 2.9 ± 1.7

HBV DNA (log10 IU/mL) 5.6 ± 1.6

HBeAg (positivity rate, %) 225 (56.0)

MELD-based scoring systems

MELD 28.2 ± 6.2

MELD-Na 38.8 ± 14.1

MELDNa 30.4 ± 5.7

MESO 29.5 ± 21.2

iMELD 59.7 ± 31.8

AFP, alpha-fetoprotein; ALT, alanine aminotranferase; AST,

aspartate aminotranferase; Hb, hemoglobin; HBeAg, hepati-

tis B e antigen; iMELD, incorporating serum sodium and age

MELD model; INR, international normalized ratio; MELD,

the model for end-stage liver disease; MELD-Na, serum

sodium and model for MELD; MESO, MELD to serum sodium

ratio; PTA, prothrombin activity; TBil, total bilirubin.
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CI: 0.823–0.906), compared to that of the MELD-based

scoring systems, MELD (AUROC = 0.667, 95% CI: 0.608–

0.722, P < 0.001), MELD-Na (AUROC = 0.591, 95% CI:

0.531–0.649, P < 0.001), MELDNa (AUROC = 0.643,

95% CI: 0.584–0.699, P < 0.001), MESO (AUROC = 0.571,

95% CI: 0.510–0.629, P < 0.001), iMELD (AUROC =
0.577, 95% CI: 0.517–0.636, P < 0.001), respectively

(Table S3, Fig. 3a).

When the ANN was finally evaluated in the validation

cohort, the AUROC was 0.765, 95% CI: 0.680–0.837,

performed better than MELD-based scoring systems, MELD

(AUROC = 0.599, 95% CI: 0.507–0.687, P = 0.006),

MELD-Na (AUROC = 0.563, 95% CI: 0.471–0.653, P =
0.001), MELDNa (AUROC = 0.521, 95% CI: 0.429–0.613,

P = 0.006), MESO (AUROC = 0.571, 95% CI: 0.510–0.629,

P < 0.001) and iMELD (AUROC = 0.540, 95% CI: 0.447–

0.630, P < 0.001), respectively (Table S3, Fig. 3b).

DISCUSSION

In our study, we firstly established a model to predict 3-

month mortality risk of ACHBLF on an individual patient

level using an ANN system. The ANN model had been

trained in a large population of ACHBLF patients (n = 280)

and validated in another independent cohort (n = 122).

AUROCs indicated that the predictive accuracy of the ANN

was superior to the MELD-based scoring systems. The better

performance of ANN corroborated the opinion that the pre-

diction of 3-month mortality in ACHBLF patients was related

to its complex, multidimensional and nonlinear function.

The MELD score was initially developed by Malinchoc using

a proportional hazard model to obtain the relative risk of the

defined variables and then built by a logistic regression [4].

The logistic regression, a generalized linear model used for

Table 2 Baseline characteristics of the study population

stratified by ANN cohorts

Variables

Training

cohort

n = 280

Validation

cohort

n = 122 P

Death (%) 114 (40.7) 46 (37.7) 0.571

Age (years) 47.2 ± 13.0 47.4 ± 14.0 0.854

Male gender (%) 219 (78.2) 97 (79.5) 0.771

ALT (IU/L) 198.6 ± 493.3 219.5 ± 481.1 0.694

AST (IU/L) 168.7 ± 306.3 193.2 ± 319.3 0.467

AST/ALT 1.25 ± 1.2 1.1 ± 0.6 0.177

Serum

sodium (mM)

133.8 ± 6.0 134.2 ± 5.8 0.577

TBil (mg/dL) 17.6 ± 9.9 17.1 ± 9.8 0.639

Albumin (g/L) 29.6 ± 5.6 29.4 ± 5.1 0.765

Creatinine (mg/dL) 0.9 ± 0.5 0.9 ± 0.748 0.416

Platelet (g/L) 99.3 ± 54.7 107.8 ± 61.2 0.171

Hb (g/L) 118.0 ± 23.0 115.8 ± 23.2 0.390

AFP (lg/L) 167.7 ± 292.2 213.1 ± 383.4 0.244

PTA (%) 20.6 ± 15.3 24.1 ± 17.2 0.042

INR 2.9 ± 1.8 2.8 ± 1.2 0.371

HBV DNA (log10

IU/mL)

5.6 ± 1.6 5.5 ± 1.6 0.850

HBeAg

(positivity rate, %)

152 (54.3) 73 (59.8) 0.303

MELD-based scoring systems

MELD 28.3 ± 6.2 27.9 ± 6.4 0.508

MELD-Na 39.3 ± 14.2 37.5 ± 13.8 0.218

MELDNa 30.5 ± 5.6 30.0 ± 5.8 0.372

MESO 30.0 ± 22.0 28.3 ± 19.4 0.479

iMELD 60.4 ± 32.0 58.1 ± 31.4 0.510

ANN, artificial neural network; AFP, alpha-fetoprotein;

ALT, alanine aminotranferase; AST, aspartate aminotran-

ferase; Hb, hemoglobin; HBeAg, hepatitis B e antigen;

iMELD, incorporating serum sodium and age MELD model;

INR, international normalized ratio; MELD, the model for

end-stage liver disease; MELD-Na, serum sodium and model

for MELD; MESO, MELD to serum sodium ratio; PTA, pro-

thrombin activity; TBil, total bilirubin.

Table 3 Univariate analysis of risk factors for 3-month

mortality in patients with acute-on-chronic hepatitis B

liver failure

Variables

Univariate analysis

B OR 95% CI P

Sex 0.411 1.508 0.933–2.439 0.094

AFP (lg/L) �0.001 0.999 0.999–1.000 0.054

ALT (IU/L) 0.000 1.000 0.999–1.000 0.578

AST (IU/L) 0.000 1.000 1.000–1.001 0.251

AST/ALT 0.061 1.063 0.881–1.283 0.523

Albumin (g/L) �0.018 0.982 0.946–1.019 0.328

Creatinine

(mg/dL)

0.330 1.391 0.968–1.997 0.074

Platelet (g/L) �0.001 0.999 0.995–1.003 0.598

INR 0.144 1.155 0.995–1.340 0.058

HBV DNA

(log10 IU/mL)

0.008 1.008 0.887–1.146 0.899

Serum sodium

(mM)

�0.107 0.899 0.866–0.932 <0.001

TBil (mg/dL) 0.025 1.026 1.005–1.047 0.015

Age (years) 0.038 1.039 1.022–1.055 <0.001

PTA (%) �0.046 0.955 0.941–0.970 <0.001

Hb (g/L) �0.016 0.984 0.975–0.993 <0.001

HBeAg

(positivity

rate, %)

0.742 2.101 1.399–3.155 <0.001

ACHBLF, acute-on-chronic hepatitis B liver failure; AFP,

alpha-fetoprotein; ALT, alanine aminotranferase; AST,

aspartate aminotranferase; CI, confidence interval; Hb, hae-

moglobin; HBeAg, hepatitis B e antigen; INR, international

normalized ratio; OR, odds ratio; PTA, prothrombin activ-

ity; TBil, total bilirubin.
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binomial regression, was usually used for predicting the

probability of an event’s occurrence by fitting variables to a

logistic curve. Although in recent years, some comple-

mented models were developed based on the original MELD,

these were all traditional linear models. Moreover, MELD score

or other MELD-based scoring systems were mainly used in the

patients of decompensated cirrhosis. ACHBLF represents a com-

plex condition that is significantly different from liver cirrhosis

in many aspects, such as short-term and long-term survival

rates. ANN is a nonlinear statistical data modelling tool and

can be used to model complex relationships.

The present ANN was built and tested on an internal

cohort (cross-validation). So there was a possibility that

data from other centres might conceive a different

prognosis model. However, the ANN could perform an

inference process to mitigate errors caused by new data

Fig. 2 Schematic representation of the artificial neural network developed to predict 3-month mortality risk in patients

with acute-on-chronic hepatitis B liver failure.

(a) (b)

Fig. 3 Receiver operating characteristic curve analysis of the predictive accuracy of the models to predict 3-month

mortality of acute-on-chronic hepatitis B liver failure in the (a) training cohort and (b) validation cohort.

© 2012 Blackwell Publishing Ltd
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sets. The ANN can provide a score ranging from 0 (sur-

vival) to 1 (death), between which the transitional values

were representative of different probabilities of death. The

higher the score is, the higher the risk of a 3-month death

for ACHBLF patients will be.

In the present study, there were significant differences in

PTA, age, serum sodium, TBil, Hb and HBeAg positivity rate

between survivors and nonsurvivors. It had been reported

that PTA was a risk factor for the mortality of ACHBLF [26].

Furthermore, age, serum sodium and TBil were also risk

factors for predicting the prognosis of ACHBLF [5,7,26].

Song et al. [27] found that low Hb concentrations were inde-

pendently associated with regional cerebral oxygen satura-

tion values below 50% in end-stage liver disease patients.

Therefore, it was reasonable to believe that Hb might be an

important risk factor for ACHBLF. Previous studies also

suggested that HBeAg negativity was associated with more

severe types of liver disease [28–30].

There are some limitations of this study. First, it is note-

worthy that the black-box solution (nonlinear mapping) is

a major drawback of neural network models in determin-

ing possible internal associations between input and output

variables. To solve this problem, further analyses are

needed to explain their inference mechanism, such as sen-

sitivity analysis. Second, the study population only came

from a single centre and followed up for only 3 months.

Multi-centred, prospective studies of larger populations

with longer-term follow-up are needed. Finally, dynamic

analysis of ACHBLF is more important and meaningful

than a single measurement.

In summary, we demonstrated that an ANN was a valid

and reliable tool to determine the prognosis of ACHBLF.

The ANN we developed was superior to the MELD-based

scoring systems in predicting 3-month mortality of

ACHBLF.
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