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ABSTRACT

Background & Aims: Decompensation of cirrhosis significantly decreases survival, thus, prevention of
complications is paramount. We used machine learning techniques to identify parameters predicting
decompensation.

Methods: Several machine learning techniques were applied to the INCA trial database containing pro- and
retrospective data from 983 patients. Laboratory, clinical, and genetic data were analysed. After performing
hierarchical clustering, Permutation Feature Importance was used to evaluate the impact of parameters on
the prediction of decompensation.

Results: Achieving an accuracy of 81.6% on training and 70.5% on test data, Random Forests were best
for retrospective prediction. In prospective assessment, Support Vector Machines performed best with an
accuracy of 78.6% and 73.8%, respectively. Permutation Feature Importance demonstrated that baseline
albumin and bilirubin levels and maximum bilirubin were the highest ranked parameters associated with
former decompensation. In the prospective analysis, the maximum bilirubin value and the baseline values of
sodium and albumin were ranked highest. In addition to the parameters of established scores, NOD2 genotype
and inflammatory markers were highly ranked.

Conclusions: Laboratory parameters, genetic variants and infections can help to predict the risk of cirrhosis
decompensation. This proof-of-concept study adds data for the future development of advanced models to
identify patients at risk.

Key words: artificial intelligence - cirrhosis — decompensation - liver - machine learning.

Abbreviations: ALBI: albumin-bilirubin; ALT: alanine aminotransferase; AST: asparatate aminotransferase;
CRP: C-reactive protein; CSPH: clinically significant portal hypertension; DT: decision tree; EPOD: early
prediction of decompensation; HVPG: hepatic venous pressure gradient; INCA-trial: impact of NOD2
genotype-guided antibiotic prevention on survival in patients with liver cirrhosis and ascites; Fib-4: fibrosis-4;
HCC: hepatocellular carcinoma; HE: hepatic encephalopathy; LSM: liver stiffness measurement; MELD:
model of end-stage liver disease; NOD2: nucleotide-binding oligomerization domain-containing protein
2; NN: neural network; PFI: permutation feature importance; RF: random forest; ROC: receiver operating
curve; SVM: support vector machines.

INTRODUCTION stage with long survival, but with the development of
complications of portal hypertension or liver dysfunction the
disease rapidly progresses to the decompensated stage with
significantly increased mortality (median survival of two
years compared to more than 12 years in the compensated
stage [1]). Individual risk stratification is necessary to identify
patients requiring intervention and closer monitoring,
calling for the need to identify risk factors and markers for
decompensation. In contrast to risk factors, risk markers are
not causally associated with the disease, i.e., a direct change
in risk markers does not necessarily influence the probability
of developing the disease.

Cirrhosis is the common
end-stage of chronic liver
diseases. Chronic liver injury
causes structural changes
such as fibrosis with increased
intrahepatic resistance. This
together with raised splanchnic
inflow leads to portal
hypertension. Initially, most
patients are in the compensated
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Although several scores are available and commonly used
in clinical practice to assess the prognosis of the patients, the
parameters predicting a decompensation still have not been
fully defined. The Child-Pugh [2] and Model of End-Stage
Liver Disease (MELD) scores [3, 4] have been used for a long
time in clinical routine, but they only provide information
about the short-term prognosis [5-7]. The albumin-bilirubin
(ALBI) score, which combines serum albumin and bilirubin
concentrations, has been proposed for the assessment of
prognosis of patients with hepatocellular carcinoma (HCC)
[8-11] or chronic liver diseases without HCC [12-14]. The
Fibrosis-4 (Fib-4) index is a simple non-invasive score that
estimates the extent of liver fibrosis based on age, alanine
aminotransferase (ALT) and aspartate aminotransferase (AST)
activities, and platelet count [15]. Guha et al. [16] combined
the ALBI score with the Fib-4 index to develop a model that
identifies those patients with compensated cirrhosis at highest
risk of decompensation. In 2022, Schneider et al. [17] proposed
the Early Prediction of Decompensation (EPOD) score that
uses platelet count, albumin, and bilirubin concentration to
predict decompensation during a 3-year follow-up.

Genetic risk factors might also play a role, such as the
presence of certain NOD2 (nucleotide-binding oligomerization
domain-containing protein 2) variants (p.R702W, p.G908R,
¢€.3020insC), which predict infections and increased risk of
mortality in patients with cirrhosis [18, 19]. Further variants
of the NOD2 gene have been discovered (rs72796367 and
rs5743271) [20] but have not been studied in the context of
cirrhosis. NOD?2 is a pattern recognition receptor primarily
expressed in leukocytes, but also in some intestinal epithelial
cells. Risk variants are associated with an impaired mucosal
barrier in Crohn’s disease [21].In carriers of these variants,
inadequate activation of NF-kB may lead to deficient
elimination and increased translocation of bacteria from the
intestine [21, 22].

In recent years, machine learning tools [e.g. Neural
Networks, Random Forests or Support Vector Machines
(SVMs)] have increasingly been used for prediction purposes.
They can be used to perform nonlinear statistical modelling
and provide an alternative to logistic regression.

In the field of cirrhosis, machine learning has been used
primarily for the analysis of radiological or histopathological
images [23-27], but is also being tested for the prediction of
mortality [28, 29]. For example, Guo et al. [30] analysed a
large dataset with data from 34,575 patients using various
machine learning techniques to predict mortality in patients
with cirrhosis [30]. Recently, Reini$ et al. [31] have shown
that machine learning can be used to assess the severity of
portal hypertension as a risk factor for future decompensation.
However, to our knowledge, machine learning has not yet
been used to predict decompensation in an unselected group
of patients.

In this proof-of-concept study, we aimed to evaluate whether
machine learning algorithms can predict decompensation and
identify associated parameters. We employed machine learning
techniques because they offer advantages over conventional
statistical methods, particularly in identifying non-linear
relationships within datasets. Cirrhosis is a multifactorial
disease, making it difficult to predict outcomes using
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traditional models that rely on a limited number of predefined
parameters. Machine learning algorithms can analyze large
datasets with numerous variables simultaneously and detect
subtle interactions.

METHODS

We exploited the database of the INCA-trial (Impact of
NOD?2 genotype-guided antibiotic prevention on survival
in patients with liver Cirrhosis and Ascites, EudraCT 2013-
001626-26), which contains data of 1,415 patients from
three German university hospitals (Homburg, Halle, Jena)
and was conducted between 2014 and 2021. The study was
performed in accordance with the guidelines of the Helsinki
Declaration. Ethical approvals were obtained (271/11, 71/13,
3683-02/3, 2880-08/10), and all participants gave written,
informed consent. The aim of the INCA trial is to investigate
whether the survival of patients with cirrhosis and NOD2
variants as genetically defined high-risk group is improved
by primary antibiotic prophylaxis of spontaneous bacterial
peritonitis (SBP) with norfloxacin [32]. The database was
built for screening purposes of the INCA-trial and contains a
large cohort of clinically well-characterized patients, including
genetic data for NOD2 variants. It contains both retrospective
and prospective data. Retrospective data was retrieved from
electronic medical records and included clinical data and
medical history, including former decompensation events.
Further information regarding medication use and laboratory
parameters at the time of inclusion were also recorded. In
addition, the minimal and maximal values of the laboratory
parameters were included for patients from Saarland University
Medical Center, Homburg. Cirrhosis was defined by (i) biopsy;
(ii) a combination of clinical, laboratory, ultrasound, and
endoscopy investigations; or (iii) liver stiffness measurement
(LSM) >13.0kPa, as determined by transient elastography. In
patients with LSM <19.7kPa, the diagnosis of cirrhosis was
additionally confirmed by (i) or (ii) [32, 33]. Patients with
severe comorbidities such as chronic heart failure (ejection
fraction <20%) or non-HCC nonresectable cancers were
excluded. As the database was built for screening purposes,
the inclusion and exclusion criteria and the endpoints of the
INCA trial are not relevant for this study.

Decompensation was defined as the presence of ascites,
development of hepatic encephalopathy (HE), jaundice, or
variceal bleeding. Ascites was diagnosed by physical examination
or ultrasound, HE according to the West Haven Criteria,
and jaundice arbitrarily by serum bilirubin concentrations
>3mg/dl or an increase of >3mg/dl from previous levels.
Variceal bleeding was diagnosed by hematemesis/melena and
endoscopic signs of variceal bleeding [32, 33].

For all patients, missing categorial variables were imputed
with the value -1 (unknown). For patients from Homburg,
missing numerical values were replaced with matching
data from the electronic health records (if available); for the
remaining patients, missing values were replaced with the mean
values of the other patients. The appendix provides a table with
the proportion of missing values for each parameter.

Since all patients from Jena were already decompensated
at the index date and had many missing values, they were
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excluded from this analysis. The resulting database contained

data from 983 patients from Homburg and Halle.

Tables I and II summarize the baseline characteristics of

the dataset.

Table I. Baseline characteristics of the dataset -~ Categorial parameters

Parameter Total,n (%) Homburg,n (%) Halle, n (%)
(N =983) (N=771) (N =212)
Decompensation 0 (compensated at index date, never decompensated before) 313 (32) 267 (35) 46 (22)
1 (compensated at index date, decompensated before) 354 (36) 188 (24) 166 (78)
2 (decompensated at index date) 316 (32) 316 (41) 0(0)
Decompensation -1 (unknown) 158 (16) 151 (20) 7 (3)
during follow-up
0 (no) 441 (45) 392 (51) 49 (23)
1 (yes) 384 (39) 228 (30) 156 (74)
Gender 0 (male) 647 (66) 510 (66) 137 (65)
1 (female) 336 (34) 261 (34) 75 (35)
Aetiology 1 (alcoholic) 531 (54) 370 (48) 161 (76)
2 (HCV) 134 (14) 130 (17) 4(2)
3 (HBV) 29 (3) 28 (4) 1(0)
4 (NAFLD) 75 (8) 57 (7) 18 (8)
5 (Autoimmune hepatitis) 31 (3) 20 (3) 11 (5)
6 (Primary biliary cholangitis) 10 (1) 7 (1) 3(1)
7 (Primary sclerosing cholangitis) 17 (2) 15 (2) 2 (1)
8 (Hemochromatosis) 12 (1) 12 (2) 0(0)
9 (Wilson disease) 2 (0) 2 (0) 0(0)
10 (cryptogenic) 101 (10) 91 (12) 10 (5)
11 (other) 40 (4) 38 (5) 2(1)
ACLF at baseline -1 (unknown) 1(0) 0(0) 1(0)
0 (no ACLF) 898 (91) 712 (92) 186 (88)
1 (ACLF 1) 66 (7) 50 (6) 16 (8)
2 (ACLF 2) 15 (2) 7(1) 8 (4)
3 (ACLE 3) 3(0) 2(0) 1 (0)
Diabetes mellitus 0 (no) 668 (68) 532 (69) 136 (64)
1 (yes) 315 (32) 239 (31) 76 (36)
NOD?2 rs5743271 -1 (unknown) 226 (23) 14 (2) 212 (100)
0 (wildtype) 742 (76) 742 (96) 0 (0)
1 (heterozygous) 15 (1) 15 (2) 0(0)
NOD?2 rs72796367 -1 (unknown) 227 (23) 15(2) 212 (100)
0 (wildtype) 720 (73) 720 (93) 0 (0)
1 (heterozygous) 35 (4) 35(5) 0(0)
2 (homozygous) 1(0) 1 (0) 0(0)
NOD2 p.R702W -1 (unknown) 185(19) 3(0) 182 (86)
0 (wildtype) 709 (72) 680 (88) 29 (14)
1 (heterozygous) 89 (9) 88 (11) 1(0)
NOD2 p.G908R -1 (unknown) 209 (21) 3(0) 206 (97)
0 (wildtype) 749 (76) 743 (96) 6(3)
1 (heterozygous) 24 (3) 24 (3) 0(0)
2 (homozygous) 1(0) 1(0) 0(0)
NOD?2 ¢.3020insC -1 (unknown) 198 (20) 3(0) 195 (92)
0 (wildtype) 744 (76) 728 (94) 16 (8)
1 (heterozygous) 41 (4) 40 (5) 1(0)
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Table I (continued)
Varices -1 (unknown) 9 (1) 0(0) 9 (4)
0 (no) 547 (56) 408 (53) 139 (66)
1 (yes) 427 (43) 363 (47) 64 (30)
PPI -1 (unknown) 11 (1) 3(0) 8 (4)
0 (no) 290 (30) 234 (30) 56 (26)
1 (yes) 682 (69) 534 (69) 148 (70)
Betablocker -1 (unknown) 11 (1) 3(0) 8 (4)
0 (no) 543 (55) 419 (54) 12 (58)
1 (yes) 429 (44) 349 (45) 80 (38)
Antibiotic long- -1 (unknown) 12 (1) 5(1) 7 (3)
term therapy
0 (no) 797 (81) 625 (81) 172 (81)
1 (yes) 174 (18) 141 (18) 33 (16)

Baseline characteristics of the categorical parameters in the database. HCV: hepatitis C virus; HBV: hepatitis B virus; NAFLD: non-
alcoholic fatty liver disease; ACLF: acute-on-chronic liver failure; PPI: proton-pump inhibitor.

Table II. Baseline characteristics of the dataset - Numerical parameters

Table II (continued)

Parameter Mean value (standard deviation)
AFPMax (IU/ml) 1344.7 (10050.5)
AlbuminMin (g/1) 27.1(7.9)
Albumin (g/1) 35.3(7.3)
ALT (U/1) 63.3 (148.6)
ALTMax® (U/1) 278.8 (563.1)
AmmoniaMax (ug/dl) 136.8 (78.9)
APMax (U/1) 255.3 (209.3)
AST (U/1) 94.3 (155.5)
ASTMax (U/1) 564.2 (2094.3)
BilirubinMax (mg/dl) 5.8 (6.8)
Bilirubin (mg/dl) 2.5(4.2)
Calcium (mmol/l) 2.3(0.2)
CalciumMax (mmol/l) 2.5(0.2)
CalciumMin (mmol/I) 2(0.2)
CHEMin (kU/1) 3.3(2.3)
CholesterolMax (mg/dl) 195.9 (58.4)
Creatinine (mg/dl) 1.1 (0.78)
CreatinineMax (mg/dl) 2.1(1.5)
CRP (mg/l) 19.6 (31.3)
CRPMax(mg/1) 94.7 (86.2)

FerritinMax (ng/ml)
FerritinMin (ng/ml)
yGTMax (U/1)
GlucoseMax (mg/dl)
HB (g/dl)

HBMin (g/dl)

INR

INRMax

Potassium (mmol/l)
PotassiumMax (mmol/l)
PotassiumMin (mmol/1)

Sodium (mmol/1)

1099.2 (2576.2)
320.7 (658.6)
544.7 (601.4)
222.7 (115.3)

12.1 (2.5)

9.3 (2.5)

1.3 (0.4)

1.8(0.7)
4.1(0.5)
5.1(0.5)
3.4(0.4)

137.7 (4.7)
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SodiumMin (mmol/l) 131.7 (4.3)
Platelets (x10°/1) 154.3 (102.6)
PlateletsMin (x10°/1) 88.5(53)
PTT (s) 31.8(7.8)
PTTMax(s) 53 (27.2)
TAGMax(mg/dl) 194 (172.4)
Urea (mg/dl) 43.6 (31.5)
UreaMax (mg/dl) 92.9 (58.9)
WBC (x10°/1) 7.1 (4.0)
WBCMin (x10°/1) 4.1(1.9)

This table presents the baseline characteristics of the numerical parameters
in the database. *Variable designation followed by Min or Max: minimum
or maximum values of the parameter. AFP: alpha-fetoprotein; ALT:
alanine aminotransferase; AP: alkaline phosphatase; AST: aspartate
aminotransferase; CHE: cholinesterase; CRP: C-reactive protein; yGT:
gamma-glutamyltransferase; HB: haemoglobin; INR: International
Normalized Ratio; PTT: partial thromboplastin time; TAG: triacylglycerol;
WBC: white blood cell count.

In order to determine the parameters indicating the
development of decompensation, we tested multiple machine
learning techniques, using Python 3.7.5, Keras 2.3.1, and
Scikit-Learn 0.22.3 [34]. Keras and Scikit-learn are open-
source machine learning software libraries for the Python
programming language. Keras is commonly used for deep
learning with neural networks, and Scikit-learn provides
various classification, regression, and clustering algorithms.
We tested tree-based approaches like decision trees (DT) and
random forest classifiers (RF), neural networks (NN), and
SVMs. As most machine learning algorithms are not scale-
invariant, the numerical input features were scaled to a mean
of 0 and a variance of 1.

For receiver operating curve (ROC) analysis, we used
macro as weighting strategy for evaluating a multiclass
classification, i.e., the metrics were calculated for each label
and their unweighted mean was returned. We always trained
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two models: one to retrospectively predict a decompensation
prior to the index date (referred to as the retrospective dataset)
and another to predict decompensation events in the follow-
up period (referred to as the prospective dataset). For the
retrospective dataset, we differentiated between patients who
had never experienced a decompensation before, patients who
presented with a decompensation earlier, but showed no signs
of decompensation at the index date, and patients who were
decompensated at the index date. For the prospective dataset,
we only distinguished whether the patient had decompensation
events during follow-up or not.

To evaluate the impact of features on the prediction of a
decompensation, we used the permutation feature importance
(PFI). This is a model inspection technique that can be used to
determine the importance of features for a particular model. It
is defined as the decrease in a model score (e.g. accuracy) when
the value of a single feature is randomly permuted [35]. In this
study, we applied the PFI on the test dataset to highlight the
features that contribute the most to the generalization power.

As PFI can be biased by correlated features, we performed
hierarchical clustering on the numerical variables based on
the Spearman rank-order correlation using Ward’s minimum
variance method [36]. Ward’s method is an agglomerative
hierarchical clustering procedure in which the increase in
variance of the clusters to be merged is decisive.

In line with other studies, we randomly split the resulting
dataset (DS) into two datasets: DS1 (85%) was used for training
and tuning, and DS2 (15%) was used for testing (holdout data).
We always trained two machine learning models: one to predict
a decompensation in the follow-up period and another to assess
a decompensation retrospectively. Possible hyperparameter
combinations (i.e., parameters that are not learned directly
during the training process) were tested and evaluated with 5-fold
cross-validation, and the best combination was selected [37].

After training and tuning the model on DS1, we evaluated
its performance on DS2 and applied the PFI on this dataset.
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As we were interested in the feature importance rather
independent of a specific model, we iterated the process of
randomly splitting the dataset, training/tuning the model, and
permuting features 50 times.

Fig. 1 illustrates the study design based on the examples of
Random Forests and SVMs.

RESULTS

The resulting database contained data from 983 patients
of whom 65.8% were male. The most common aetiology of
cirrhosis was alcohol use (54%), followed by chronic hepatitis C
virus infection (13.6%). At the index date, 313 patients (31.8%)
had never experienced a decompensation before, 354 patients
(36%) were decompensated before, but showed no current signs
of decompensation, and 316 (32.1%) were decompensated.
825 patients (83.9%) attended follow up (median duration:
12 months, maximum: 55 months), of whom 384 (46.5%)
experienced a decompensation event during follow-up (Table
I). The proportion of variables with missing values is shown
in the Appendix.

The dendrogram in Fig. 2 illustrates the results of the
cluster analysis. In this dendrogram, the vertical axis shows
the numerical parameters and the horizontal axis represents
the distances or dissimilarities between the possible clusters.
We selected a threshold value of 0.8 to group the features into
clusters. For each cluster, we chose one feature and dropped the
others to avoid biases induced by highly correlated variables.

As demonstrated in Table ITI, RF achieved the best results in
terms of accuracy for predicting prior decompensation, SVM
performed best for prospective assessment.

For predicting prior decompensation on the retrospective
test data, DT achieved a mean accuracy of 65.5%, RF 70.5%,
SVM 68.5% and NN 65%. For predicting decompensation in
the follow-up period, the respective values were 71.1% for DT,
69.3% for RE, 73.8% for SVM, and 72.9% for NN.
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Fig. 1. Study design. Random Forests and Support Vector Machines were trained on a database containing
clinical data and laboratory values of patients with cirrhosis and the permutation feature importance
was used as a model inspection technique to determine the impact parameters on the prediction of

decompensation.
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“':R INR area under the curve (AUC) was 0.87 and the F1 value was 0.7.
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LTM: -
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Fm; c.::... LeukocytesMin Metric Training data Test data
P— e Accuracy 0.8156 0.7048
latelets
WBC | Leukocytes | ROC AUC (macro) 0.9549 0.8694
AST AST
ALT ALT F1 Score (macro) 0.8147 0.7008
GlucoseMax GlucoseMax
CaleiumMax CalciumMax
AnmoniaMex AmmoniaMax Table IVb. Performance Metrics of the SVM (prospective assessment)
Potassium Potassium . P
ol Fr—— Metric Training data Test data
So:""'\‘(’*‘ | TAGMax | Accuracy 0.7859 0.7384
wmMmn Sodium_‘ﬁ_n
CHEMin ; CHEMin ROC AUC 0.8567 0.8166
PotassiumMin + PotassiumMin
oM o F1 Score 0.7851 0.7372
CalciumMin ¢ CalciumMin
AlbuinMin A]m:mmﬁn Performance metrics of the Random Forest for retrospective and of the
Sodium Sodium Support Vector Machine for prospective assessment of decompensation.
1 Hb ROC: receiver operating characteristic; AUC: area under the curve.
Calcium ! Calcium
Albumin ' Albumin

Fig. 2. Cluster analysis: The dashed line in the dendrogram represents
the threshold value; this table shows the resulting clusters, with the
selected parameters marked in bold. As the variables correlate strongly
within a cluster and can influence the results of the PFI, only one
variable per cluster was used for further analysis. For abbreviations
see Table II. Variable designation followed by Min or Max: minimum
or maximum values of the parameter.

Table III. Comparison of the machine-learning methods

Machine learning technique Accuracy Accuracy Test
Training data data
Decision Trees Retrospective 0.7189 0.6551
assessment
Prospective 0.7862 0.7113
assessment
Random Forests  Retrospective 0.8155 0.7047
assessment
Prospective 0.8264 0.6928
assessment
SVM Retrospective 0.7841 0.6851
assessment
Prospective 0.7859 0.7384
assessment
Neural Retrospective 0.9164 0.6502
Networks assessment
Prospective 0.8225 0.7295
assessment

Accuracy values of the tested machine learning techniques for the
retrospective assessment of a former decompensation as well as for the
prospective prediction of a decompensation during the follow-up period.
SVM: support vector machine.
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As shown in panel A of Fig. 3, the analysis of the PFI
revealed that the baseline levels of albumin and bilirubin, the
maximum bilirubin level and the baseline level of C-reactive
protein (CRP) were the highest ranked parameters for assessing
a former decompensation in the retrospective dataset.

For predicting a decompensation event in the prospective
dataset, the maximum value of bilirubin, the baseline values of
sodium and albumin and the maximum value of ammonium
as well as the baseline value of CRP were the highest ranked
parameters (Fig. 3B).

DISCUSSION

This is the first proof-of-concept study that aimed to
examine whether parameters predicting decompensation
can be identified using machine learning techniques in an
unselected group of patients with cirrhosis. In the field of
hepatology, machine learning has been tested for the diagnosis
and staging of fibrosis, the detection of hepatocellular
carcinoma in radiological imaging and histopathological
analysis [23-26]. Recently, Bosch et al. [27] analysed liver
histology with neural networks to extrapolate the hepatic
venous pressure gradient. Several studies investigated disease
progression in patients with chronic hepatitis B or C virus
infections [38-40]. Furthermore, few studies have used
machine learning for the prediction of mortality in patients
with cirrhosis [28-30]. However, we could not find a study that
investigated the prediction of decompensation with machine
learning, and genetic data (such as NOD2 genotype) have not
been examined in previous studies.
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Fig. 3. The 20 highest ranked parameters of the Permutation Feature Importance.
A) Permutation Feature Importances for the retrospective assessment
of decompensation. B) Permutation Feature Importances for predicting
decompensation during follow-up. These figures show the 20 highest ranked
parameters for the prediction of decompensation. For abbreviations see Table II.

Random Forests and SVMs have some advantages The results of this study partly match the established

compared with “classical” statistical analysis such as logistic ~ scores including MELD, Child-Pugh, ALBI, and FIB-4. The
regression or other machine learning techniques: They are ~ ALBI score combines serum albumin and total bilirubin to
supervised learning models, which can be used for nonlinear  assess liver function, these two parameters were also highly
classification. They are easily scalable and can be trained ranked by the PFI [8]. The FIB-4 index estimates the extent
on large datasets with many variables. In contrast to neural  of fibrosis based on age, AST, ALT, and platelet count [15]. It
networks, SVMs are still effective in high-dimensional spaces.  has been extensively validated and shown to have prognostic
Once trained, Random Forests or SVMs could easily be  ability for patients with chronic liver diseases [41-43]. In our
implemented in the clinical routine and might help to stratify ~ study, the importance of platelet count was relatively low, and

the treatment of patients.

serum aminotransferase activities were ranked among the 20

In this study, machine learning techniques were applied = most important parameters only in retrospective assessment.
to predict the decompensation of cirrhosis and determine The MELD score is an established model to predict the
parameters indicating decompensation. For the prediction  survival probability of patients with end stage liver disease [3,
of a former decompensation, the baseline values of albumin  4]. Over the time, several modifications of the MELD score
and bilirubin and the maximum bilirubin level were the  were proposed, but the values of bilirubin, creatinine, and
highest ranked parameters. The maximum bilirubin leveland ~ INR were consistently included. Initially, the aetiology of the
the baseline values of sodium and albumin were the highest  disease was also considered in the MELD score [3], but later it
ranked for predicting a decompensation in the follow-up  was removed as it was found to be less important for survival

period.

estimation [4]. In our analysis, only alcoholic liver disease was
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relevant. Several investigators have reported that incorporating
sodium into the MELD score increases its predictive accuracy
[44, 45]. In line with these reports, serum sodium levels were
also highly ranked in our analysis.

Our results are only partially consistent with those of
Guo et al. [30] who analysed a dataset comprising 34,575
patients using a deep neural network, random forests, and
logistic regression to predict 30-, 90-, and 180-day mortality
in patients with cirrhosis. They demonstrated that all models
outperformed the MELD score, with NNs performing best. In
addition to MELD score variables, alkaline phosphatase, ALT,
and haemoglobin were important parameters in their analysis.
However, we could not confirm alkaline phosphatase as an
important parameter for the prediction of decompensation.

The newly introduced EPOD score is the only score that
estimates decompensation rather than mortality. It uses platelet
count, albumin and bilirubin concentration [17]. Compared
with this score, our analysis also revealed a high importance
of albumin and bilirubin, whereas platelets were surprisingly
not ranked among the top 20 parameters.

Studies have shown that clinically significant portal
hypertension (CSPH) predicts decompensation, as assessed by
the hepatic venous pressure gradient (HVPG) [46]. However,
because measurement of HVPG is an invasive procedure, its
use as a screening parameter for decompensation is difficult,
especially in compensated patients. According to the Baveno
VII consensus, clinically significant portal hypertension
can also be diagnosed in a non-invasive fashion using
LSM +/- platelet count [47]. Furthermore, Reinis et al. [31]
demonstrated that the severity of portal hypertension can be
assessed by machine learning. Therefore, they tested different
machine learning methods and determined the most important
parameters via recursive feature elimination. They found that
a 3-parameter model with platelet count, bilirubin and INR or
a 5-parameter model with platelet count, bilirubin, activated
partial thromboplastin time, yGT and cholinesterase in
combination with LSM achieved the best results [31].

Further studies identified anaemia and decreased
vitamin D levels as predictors of decompensation [48, 49].
Haemoglobin was ranked among the top 20 parameters in
both our retrospective and prospective analysis; however, we
cannot make any statement about the vitamin D level, as we
have no data available.

The importance of CRP and antibiotics intake confirm a
prominent role of infections as triggers of decompensation.
Consistent with this, another study has already identified
inflammation markers like IL-6 as predictors of decompensation
[50]. This is supported by our finding that the NOD2 genotype,
with variants p.R702W, p.G908R and ¢.3020insC is described
as being associated with early death, spontaneous bacterial
peritonitis and other infections [18, 21], was also considered
as an important factor based on the PFI. Interestingly, variants
rs5743271 und rs72796367 - whose prognostic value in liver
cirrhosis has not been studied so far - ranked higher based on
PFI than the better characterised variants p.R702W, p.G908R
and ¢.3020insC. However, genotypic data were missing for a
relevant number of patients, limiting the robustness of our
model. Future independent studies will need to verify the
prognostic relevance of these variants in liver cirrhosis.

] Gastrointestin Liver Dis, March 2025 Vol. 34 No 1: 71-80

We are aware that our analysis has several limitations. First
of all, the application of Random Forests and SVMs is associated
with several limitations/shortcomings. Most machine learning
techniques cannot deal with missing values, but medical patient
data is often incomplete and difficult to retrieve. In the INCA
trial database, a large part of the numerical and genotypic data
was missing due to the screening character of data collection.
These had to be imputed for our analysis, which could have
biased the results. Although there are several approaches to
make machine learning more explainable, it is still difficult
to identify parameters with good predictive ability. PFI is
one approach to determine the importance of features but
is strongly biased by correlated features. Secondly, our study
lacks an independent external validation cohort, and although
we used a holdout test dataset, further external validation is
necessary. Furthermore, a part of the study had a retrospective
design, and the mean follow-up time was rather short for
the prospective part. Besides that, the size of the dataset was
relatively small, particularly for the prospective part, and all
patients were recruited at tertiary referral centres, limiting the
generalisability to other healthcare settings. In addition, our
database did not contain data regarding hospitalization and for
the patients from Halle laboratory values were only collected at
the time of inclusion. Data on the presence of recompensation
were extracted from electronic health records, but further
information (e.g. regarding therapy) could not be retrieved.
Furthermore, a third of the patients were decompensated at
the index date, which might have biased the results, as current
decompensation is linked to abnormal liver test results. A direct
statistical comparison of our model with established scores was
not possible due to the different endpoints.

Further research is required with larger sample sizes,
extended follow-up periods, and more comprehensive patient
characterization to enhance the predictive accuracy and
generalizability of machine learning models. Independent
external validation in diverse patient populations and across
different healthcare settings is crucial to confirm the robustness
and reliability of these models. Furthermore, the development
and application of advanced model inspection techniques could
help identify clinically relevant predictors and address challenges
such as bias by correlated parameters in permutation feature
importance analyses. Finally, the role of NOD2 genotype variants
(e.g.,rs5743271 and rs72796367) warrants further investigation.

CONCLUSIONS

In this proof-of-concept study, we demonstrated
the potential of machine learning techniques to predict
decompensation and identify key predictive parameters in
patients with cirrhosis. Our findings suggest that machine
learning could play a valuable role in improving risk assessment
and guiding early interventions, although further research
is required to validate these results in prospective studies in
larger cohorts.
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