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ARTICLE INFO ABSTRACT

Keywords: Background: Novel circulating markers for the non-invasive staging of chronic liver disease (CLD) are in high
Biomarkers demand. Although underutilized, extracellular matrix (ECM) components offer significant diagnostic potential.
E.CM fbrosi This study evaluates ECM-related markers in hepatitis C virus (HCV)-positive patients across varying fibrosis
Eéf/r rosis stages.

Methods: Sixty-eight patients with mild-to-moderate fibrosis (F1-F2), sixty-six with advanced fibrosis (F3-F4),

Collagen-1V
and thirty healthy donors were recruited. Inclusion criteria were detectable HCV-RNA and no other liver diseases

Collagen-III N-peptide

Machine learning or co-infections. Levels of ECM markers—hyaluronic acid (HA), laminin (LN), collagen-IIT N-peptide (PIIIP N-P),
XGBoost collagen-IV (C-IV)—along with cholylglycine (CG) and Golgi protein-73 (GP73), were measured in serum using
Explainable Al the MAGLUMI 800 CLIA platform.

Results: Levels of LN, HA, C-1V, PIIIP N-P (p < 0.001), and GP73 (p < 0.01) increased from controls to F1-F2 and
F3-F4. CG levels were higher in pathological subjects compared to controls (p < 0.001), but no significant dif-
ferences emerged between fibrosis stages. These trends persisted after adjusting for age and sex. A multivariate
ordinal regression identified LN, PIIIP N-P, and C-IV as promising markers, with an accuracy of 0.77. An XGBoost
model improved accuracy to 0.87 and enhanced other metrics. SHAP analysis confirmed these variables as key
contributors to the model’s predictions.

Conclusion: This study underscores the potential of ECM biomarkers, particularly LN, PIIIP N-P, and C-IV, in non-
invasively staging CLD. Furthermore, our preliminary data suggest that a machine learning approach, combined
with explainable Al, could further enhance diagnostic accuracy, potentially reducing the need for invasive
biopsies.
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1. Introduction

Chronic liver diseases (CLD) represent a global health problem. It is
known that chronic inflammation of the liver leads to the formation of
fibrotic tissue and in more severe cases to cirrhosis, finally leading to the
development of hepatocellular carcinoma (HCC) [1,2].

Hepatic fibrosis results from several triggers such as chronic infec-
tion caused by hepatotropic viruses (hepatitis B virus [HBV] and hepa-
titis C virus [HCV]), excessive alcohol consumption (alcoholic liver
disease [ALD]), non-alcoholic fatty liver disease (NAFLD) and autoim-
mune liver diseases [3].

Liver fibrogenesis is a dynamic state in which molecular, cellular and
tissue processes are highly integrated. Under conditions of chronic liver
injury, the profibrogenic environment leads hepatic stellate cells (HSC)
to become myofibroblasts like cells (HSC/MFs) through a process of
activation and trans-differentiation. HSC/MFs abundantly synthesize
extracellular matrix (ECM) components, particularly fibrillar collagens,
which are known as the main substrates in liver fibrosis [4,5].

Scar tissue physically replaces liver cells but is not able to replace
liver function. Additionally, fibrosis can deform the internal liver
structure and interfere with hepatic blood flow, limiting blood supply to
hepatocytes. In this condition, the liver cells die, resulting in the for-
mation of further scar tissue [6,7]. In some cases, fibrosis can be
reversible but, unfortunately, a significant percentage of patients with
CLD remain asymptomatic and the diagnosis is delayed, thus bringing
the fibrosis to a more severe stage. Indeed, hepatic cirrhosis can be
prevented by detection of liver fibrosis at an early stage and before the
beginning of clinical symptoms.

Liver biopsy has long represented the “gold standard” to determine
the stage of liver fibrosis. In recent years, however, attention has been
paid to its limits. It is, in fact, an invasive and painful procedure that
requires hospitalization of the patient. Furthermore, the liver biopsy
presents some limitations such as sampling error and interpretation
variability [8]. Blood tests are included in clinical protocols and
combine common available tests (aspartate aminotransferase [AST],
alanine aminotransferase [ALT], platelet count, albumin, international
normalized ratio [INR]) with demographic data and clinical
information.

Furthermore, several commercial panels that combine both indirect
and direct markers of liver function have been developed to improve the
diagnosis and staging of liver fibrosis [9-11]. The introduction of these
biomarkers could enable earlier treatment of patients by providing more
accurate assessments of fibrosis severity [12-14]. These models and
panels are mostly used to distinguish between two levels of fibrosis:
absent-minimal versus moderate-severe; they are not reliable in differ-
entiating between moderate and severe degrees of fibrosis [9].

Given the key role of ECM components in liver fibrosis, we have
focused our attention on hyaluronic acid (HA), laminin (LN), collagen
type III N-peptide (PIIIP N-P), and type IV collagen (C-IV), as well as
other non-ECM emerging markers such as cholylglycine (CG) and Golgi
protein-73 (GP73). Along with these markers, we also considered con-
ventional markers of liver injury.

In particular, it is known that HA is increased by the activation of
HSC cells and high serum HA levels have a positive correlation with the
stage of liver fibrosis in patients with different etiologies of CLD [15,16].
LN is a non-collagenous glycoprotein which is synthesized by HSC and
deposited in the hepatic basement membrane. In a healthy liver, LN is
found around the vessels, while in a liver with cirrhosis LN deposition
appears in other areas. Consequently, increased serum LN levels could
be an indicator of chronic liver injury with changes in the liver paren-
chyma [17]. PIIIP N-P represents the largest ECM components in the
liver. Crucially, this marker increases in serum of patients with liver
fibrosis, but it is not liver specific, in fact its presence also increases in
other pathologies such as lung fibrosis, rheumatoid diseases, and
chronic pancreatitis [18,19]. C-IV is a basement membrane component
and reflects its regeneration [20-22]. The least studied molecule is CG,
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the most abundant form of bile acids in serum. Its increase is related to
the presence of a hepatic pathology [23]. Expression of GP73 trans-
membrane protein expressed in epithelial cells, in acute, chronic liver
diseases and HCC, is remarkably increased in hepatocytes [24].

All these molecules, given current knowledge, have the potential to
serve as biomarkers for hepatic fibrosis. However, they are still
underutilized in routine clinical practice. The aim of this study is to
measure these markers in HCV-positive patients at different stages of
fibrosis and evaluate their potential as a biomarker panel for the non-
invasive staging of liver disease. Additionally, we explore the use of
machine learning and explainable artificial intelligence (AI) to refine
and enhance the performance of this potential biomarker panel.

2. Material and methods
2.1. Patients and methods

One hundred thirty-four patients with HCV infection were enrolled
at the MaSVE Center (Center for Systemic Manifestations of Hepatitis
Viruses), an outpatient clinic at the University of Florence (Florence,
Italy). The stage of liver disease in HCV patients was assessed using liver
elastography performed with FibroScan (Echosens, Paris, France), and
the resulting liver stiffness values were converted to corresponding
METAVIR scores. The inclusion criteria for HCV patients included
detectable HCV RNA, a period of at least 6 months free from antiviral
therapy, and the absence of co-infection with HIV or HBV. Exclusion
criteria included the presence of other forms of liver disease, as indi-
cated by abnormal ceruloplasmin and alpha-1-antitrypsin levels, evi-
dence of autoimmune disorders, plasma cell dyscrasias, or neoplastic
pathologies.

For the healthy donor group (30 subjects), inclusion criteria required
individuals to be adults between 18 and 70 years old, with no history of
liver disease or any other chronic conditions such as diabetes or car-
diovascular diseases. Donors were confirmed to have normal liver
function through clinical and laboratory evaluations, including normal
levels of liver enzymes (ALT, AST), bilirubin, and albumin. Participants
were also required to be negative for chronic infections, specifically
HBV, HCV, and HIV, and to have no history of excessive alcohol con-
sumption. Additionally, they were non-smokers or occasional smokers,
with a body mass index (BMI) within the normal range (18.5 to 25).

2.2. Laboratory investigation

Since biomarker detection requires careful handling starting from
the pre-analytical phase, blood samples were collected and stored
following a strict protocol. Blood was drawn using standard equipment
into anticoagulant-free tubes. The samples were centrifuged at 2500 g
for 10 min, then divided into aliquots and stored at —80°C until analysis.
Specimens were thawed only once and immediately assayed in a blinded
manner, within a single batch, to minimize variability.

Biomarker quantification from the serum of both patients and con-
trols was performed according to a previously established method,
ensuring consistency and accuracy throughout the process. The quan-
tification of biomarkers from the serum of both patients and controls
followed previously established methods.

Analysis was performed on MAGLUMI 800 CLIA Chemiluminescence
Immunoassay (CLIA) System (Shenzhen New Industries Biomedical
Engineering Co. Snibe Diagnostics, Shenzhen, China), using the
commercially available MAGLUMI kits for HA, LN, PIIIP N-P, C-IV, CG
and GP73 according to the manufacturer’s protocol. The system employs
the ABEI procedure, a non-enzyme small molecule with a proprietary
formulation designed to enhance stability in both acidic and alkaline
buffers. Using the chemiluminescence method, ABEI reacts with sodium
hydroxide (NaOH) and hydrogen peroxide (H202), producing measur-
able signals that correspond to different analyte concentrations.
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2.3. Data visualization and statistical analysis

Data visualization and statistical analysis were conducted using R
(version 4.2.1), OriginPro 2022, and Stata 18.0. Discrete variables are
reported as absolute frequencies and percentages. Continuous variables
were assessed for normality using the Shapiro-Wilk test and QQ plots,
revealing non-normal distributions for some variables. Consequently,
continuous variables are described as medians with interquartile ranges
(IQR, Q3-Q1). The R package “gtsummary” was employed for tabular
data presentation [25]. Group comparisons were performed using the
Kruskal-Wallis test for continuous variables. Post-hoc analysis was
conducted with the Wilcoxon-Mann-Whitney U test, corrected with
Bonferroni adjustment for pairwise comparisons. The presence of age-
and gender-adjusted differences was evaluated using the gtsummary R
package. Statistical significance was set at p < 0.05.

A univariate ordinal regression was conducted with group mem-
bership (controls [CTRL], mild-moderate fibrosis [F1-F2], advanced
fibrosis [F3-F4]) as the dependent variable and each ECM marker indi-
vidually as the independent variable. The predicted probabilities of
group membership were computed using the formula: (Y <j) =
m, where P(Y <j) represents the cumulative probability of
being in group j or lower, g; is the threshold coefficient for the group j, #
is the estimated coefficient for the predictor, and X is the observed value
of the predictor. The probability of belonging to group j is then given by:
P(Y=j) =P(Y <j)-P(Y <j-1).

A stepwise selection approach based on the Bayesian Information
Criterion (BIC) [26,27] was used to identify the most informative
combination of markers to discriminate among the three classes. For this
purpose, the dataset was split into a training set (66% of the data) and a
test set (34% of the data). Model performance was evaluated on the test
set by assessing the confusion matrix and calculating metrics such as
accuracy, sensitivity, specificity, and negative predictive value, both
overall and within each fibrosis group.

To further improve classification performance, we implemented an
XGBoost model (eXtreme Gradient Boosting), a widely used machine
learning algorithm known for its efficiency and ability to prevent
overfitting in classification tasks. The model was used to classify patients
into three categories: CTRL, F1-F2, and F3-F4. The XGBoost model was
built and trained using a 5-fold cross-validation approach in Python.

The model was implemented by setting a reduced tree depth of 4 and
a learning rate of 0.005 to allow for more gradual learning. Subsampling
and column sampling rates were set at 0.8 to introduce randomness and
prevent overfitting. Regularization techniques were applied, with L1
(lasso) and L2 (ridge) regularizations set at 1.0 and 2.0, respectively, to
penalize complex models and further reduce overfitting.

The model’s performance was evaluated through accuracy, sensi-
tivity and specificity values for each fibrosis stage. To interpret the
contribution of each variable to the model’s predictions, SHAP (Shapley
Additive Explanations) analysis was employed.

3. Results

3.1. Univariate and adjusted analysis of circulating markers across
fibrosis stages

In Table 1, we present the demographic and laboratory characteris-
tics of patients with mild-to-moderate fibrosis (F1-F2) and advanced
fibrosis to cirrhosis (F3-F4), compared to healthy controls (CTRLs).
Significant differences in gender distribution were observed, with a
higher prevalence of males in the F3-F4 group. The median age
increased progressively from controls to F1-F2 and F3-F4, reflecting
disease progression in the pathological groups. Among the conventional
markers, ALT, AST, GGT, and ALP levels showed progressive increases
across the groups, while albumin and cholesterol levels decreased with
increasing fibrosis severity in the pathological groups.
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Table 1

Comparative analysis of demographic and laboratory parameters between mild-
to-moderate fibrosis patients (F1-F2 METAVIR score) and advanced fibrosis to
cirrhosis patients (F3-F4 METAVIR score). Parameters include gender distribu-
tion and median values with interquartile ranges (IQR) for various clinical
measures. Statistical significance determined by Pearson’s Chi-squared test for
categorical variables and Wilcoxon rank sum test for continuous variables.

Characteristic CTRL, N = F1-F2, N = F3-F4, N = p-
30! 68’ 66’ value®
Sex 0.005
F 12 (40%) 45 (66%) 27 (41%)
M 18 (60%) 23 (34%) 39 (59%)
Age 58 (51, 64) 64 (58, 73) 72 (62, 79) <0.001
ALT 14 (11, 18) 52 (36, 75) 76 (52,137) <0.001
AST 17 (15, 20) 43 (30, 67) 68 (44, 109) <0.001
GGT 15 (11, 20) 58 (31, 80) 70 (47, 106) <0.001
Albumin 4.18 (3.88, 4.20 (4.00, 4.00 (3.70, <0.001
4.47) 4.55) 4.20)
ALP 57 (47, 68) 82(67,114) 103 (75, <0.001
120)
Cholesterol 162 (141, 181 (162, 157 (141, <0.001
177) 200) 187)
HB 14.0 (13.0, 13.9 (13.3, 13.9 (12.7, 0.7
15.0) 14.6) 15.0)
LN (range < 50 ng/mlL) 10 (7,12) 80 (61, 102) 118 (74, <0.001
221)
CG (range < 2,7 pgr/ 0.7 (0.6, 0.8 (0.5, 3.8 (1.6, <0.001
mL) 1.0) 1.2) 11.5)
C 1V (range <30,0ng/ 16 (14, 17) 15 (12, 19) 69 (33, 100) <0.001
mL)
HA (range < 100ng/mL) 56 (50, 62) 65 (52, 72) 95 (74,167) <0.001
PIIIP N-P (range < 30,0 26 (24, 30) 260 (194, 437 (310, <0.001
ng/mL) 321) 585)
GP73 (range< 45 ng/ 21 (19, 23) 16 (10, 24) 32 (18, 45) <0.001
mb)

1 n (%); Median (IQR).
2 Pearson’s Chi-squared test; Kruskal-Wallis rank sum test.

Aside from conventional circulating markers, all ECM markers,
including LN, HA, PIIIP N-P, and C-1V, together with emerging non-ECM
markers such as CG and GP73, show statistically significant differences
among the groups (Table 1). In Fig. 1, we present a more detailed
breakdown of these differences, performing a post-hoc analysis with the
Wilcoxon Mann-Whitney U Test and Bonferroni correction. This analysis
reveals that HA, LN, and PIIIP N-P exhibit a gradual increase across the
three groups (CTRL, F1-F2, F3-F4), with progressively higher values in
each successive group. This difference is particularly pronounced for
PIIIP N-P, which increases from 26 ng/mL in controls to 260 ng/mL in
F1-F2 and 437 ng/mL in F3-F4.

For the remaining variables, including C-IV, CG, and GP73, a sig-
nificant difference is observed between the two pathological groups (p <
0.0001), particularly remarkable in C-IV levels, which rise from 15 ng/
mL in F1-F2 to 69 ng/mL in F3-F4. For these variables, the F1-F2 group
more closely resembles the controls, with no statistically significant
differences or without showing a monotonic increase across the three
groups.

An analysis adjusted for sex and age was conducted to evaluate dif-
ferences between groups, using F1-F2 as the reference group (Table 2).
For the investigated markers, the adjusted results confirmed the patterns
observed in Fig. 1. When comparing F3-F4 to F1-F2, significant adjusted
increases were observed in all markers: C-IV (adjusted difference: 58.9
ng/mL, p < 0.001), CG (5.5 ng/mL, p < 0.001), GP73 (15.6 ng/mL, p <
0.001), HA (70.6 ng/mL, p < 0.001), LN (58.8 ng/mL, p < 0.001), and
PIIIP N-P (163.9 ng/mL, p < 0.001). In the comparison between controls
and the reference group, significant reductions were noted in LN (—66.5
ng/mL, p < 0.001) and PIIIP N-P (—250.1 ng/mL, p < 0.001), high-
lighting the lower levels of these markers in healthy individuals. How-
ever, no significant differences were found for C-IV or CG.

Overall, Table 2 reinforces the role of ECM markers as reliable in-
dicators for differentiating fibrosis stages, particularly in distinguishing
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Fig. 1. Box plot analysis of selected extracellular matrix (ECM) components across three groups: healthy controls (CTRL), mild-to-moderate fibrosis (F1-F2), and
advanced fibrosis to cirrhosis (F3-F4). The plots display the distribution of values for C-IV, HA, LN, and PIIIP N-P (ECM markers), along with emerging non-ECM
markers CG and GP73. P-values from a post-hoc analysis (Wilcoxon rank sum test with Bonferroni correction) are included for each comparison.

Table 2

Adjusted differences for age and gender in laboratory parameters between healthy controls (CTRL), mild-to-moderate fibrosis (F1-F2 METAVIR score), and advanced
fibrosis (F3-F4 METAVIR score), using F1-F2 as the reference group. The table reports adjusted differences, standard errors (SE), p-values, and 95% confidence in-
tervals (CI) for each comparison.

CTRL vs F1-F2

F3-F4 vs F1-F2

OUTCOME Adj. Diff. SE p-value 95 % CI Adj. Diff. SE p-value 95 % CI

ALP -33.41 7.68 2.58E-05 (—48.60, —18.23) 7.61 6.35 2.33E-01 (—4.94, 20.16)
ALT —55.9 14.64 1.93E-04 (—84.82, —26.98) 21.32 11.6 6.80E-02 (—1.59, 44.23)
AST —42.32 10.21 5.48E-05 (—62.47, -22.16) 19.03 8.07 1.96E-02 (3.09, 34.98)
ALBUMIN -0.23 0.09 1.38E-02 (—0.40, —0.05) -0.33 0.08 2.65E-05 (-0.48, —0.18)
CHOLESTEROL -21.77 9.01 1.72E-02 (—39.60, —3.94) —24.19 7.79 2.36E-03 (-39.61, —8.77)
GGT —52.49 10.45 1.38E-06 (-73.12, —31.85) 14.24 8.34 8.95E-02 (—2.23, 30.71)
HB -0.35 0.42 4.06E-01 (-1.18, 0.48) —0.64 0.34 5.74E-02 (-1.31, 0.02)
CIV 2.55 9.89 7.97E-01 (-16.98, 22.08) 58.94 7.82 3.47E-12 (43.50, 74.39)
CG -0.11 1.06 9.20E-01 (-2.21,1.99) 5.54 0.84 6.32E-10 (3.88, 7.20)
GP73 5.56 3.65 1.29E-01 (-1.64, 12.77) 15.61 2.88 2.27E-07 (9.91, 21.31)
HA 0.91 26.37 9.73E-01 (-51.18, 53.00) 70.64 20.86 8.93E-04 (29.44,111.84)
LN —66.45 15.15 2.10E-05 (—96.37, —36.52) 58.82 11.98 2.27E-06 (35.15, 82.49)
PIIIP N-P —250.12 33.11 3.12E-12 (—315.51, —184.73) 163.91 26.19 3.45E-09 (112.19, 215.63)

advanced from mild-to-moderate fibrosis.

3.2. Towards predictive Modelling of fibrosis stages based on Non-
Invasive circulating markers with multivariate ordinal regression

Building on the differences observed in the previous section, we
explored the potential utility of the investigated circulating markers for
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classifying patients according to CLD stage. Given the ordered nature of
the investigated categories, ordinal regression was used to model the
probability of belonging to one of these three groups, with the stages of
fibrosis progressing from controls to F1-F2, and finally to F3-F4.

The results of the ordinal regression analysis for ECM markers,
together with CG and GP73 (Table 3), indicate that all models were
highly significant, as reflected by the low p-values of the coefficients.
Furthermore, the threshold coefficients between F1-F2 and F3-F4 were
significant for all markers (p <0.05), reinforcing the ability of these
circulating markers to distinguish between mild-to-moderate and
advanced stages of fibrosis. Similarly, the thresholds between controls
and F1-F2 were significant for all markers, except for CG and GP73,
where no significant differences were observed.

For completeness, Fig. 2 presents the predicted probability curves,
based on the coefficients from Table 3, for classifying a patient into one
of the three groups. A gradual shift in probabilities is observed for all
markers, with PIIIP N-P (Panel F) showing a particularly sharp
distinction.

To explore in greater detail the diagnostic potential of these markers,
both individually and in combination, we conducted a multivariate
ordinal regression analysis. For this purpose, the dataset was first split
into a training set (66%) and a test set (34%). A stepwise ordinal
regression using the Bayesian Information Criterion (BIC) was then
applied to identify the most informative marker combination. This
process led to the selection of PIIIP N-P, C-IV, and LN as the most
informative combination of markers for classification. The selected
model is summarized in Table 4.

The predicted probabilities of belonging to the three study groups
were visualized in Fig. 3. The plots illustrate the probabilities for the
control group (3A), F1-F2 (3B), and F3-F4 (3C), as a function of C-IV and
PIIIP N-P levels, while holding LN constant at its median value. Based on
the application of the model shown in panels 3A-C, we calculated the
confusion matrix using the test set data, which is displayed in Fig. 3D.
The confusion matrix reveals excellent classification of the CTRL
(healthy) group versus the pathological groups, with minimal mis-
classifications. However, between the two pathological groups (F1-F2
and F3-F4), the model’s classification is less precise, showing some
overlap.

Following the evaluation of the confusion matrix, we calculated
related performance metrics, which are reported in Table 4. The model
demonstrates a moderate accuracy of 0.77 (95% CI: 0.60-0.90),
reflecting reasonable overall classification performance. Sensitivity
analysis shows strong performance for the CTRL group (0.90) and fairly
high performance for the F1-F2 group (0.83), but sensitivity decreases
for the F3-F4 group (0.62). In terms of specificity, the model performs
perfectly for the CTRL group (1.0), with lower but still acceptable values
for F1-F2 (0.78) and F3-F4 (0.86).

3.3. Refining the prediction model with machine learning and explainable
Al

Although the multivariate ordinal regression produced statistically
significant results, the sensitivity for the F3-F4 group (advanced fibrosis)

Table 3
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remained relatively low, highlighting limitations in distinguishing more
severe disease stages. To address this, we implemented an XGBoost
classifier, which uses all the variables listed in Table 1. The choice of this
algorithm is motivated by its ability to handle complex, non-linear
patterns in the data while mitigating overfitting through mechanisms
such as regularization (L1 and L2) and tree pruning. To increase the
robustness of the model, we applied 5-fold cross-validation. The results
of this cross-validation are summarized in Table 5, where we present
performance metrics calculated by XGBoost for each fold, compared to
the metrics from the previous ordinal regression model. XGBoost’s re-
sults are expressed as the mean and 95% CI, calculated across the folds,
and the same analysis is visualized graphically in Fig. 4A.

As shown in Fig. 4A, which compares the key performance metrics
from XGBoost (bars) with those from the multivariate ordinal regression
(blue dots), XGBoost exhibited improved performance across several
metrics. The overall accuracy increased to 0.87 compared to 0.77 from
the ordinal regression. Importantly, XGBoost enhanced sensitivity for
the F3-F4 group, improving from 0.62 to 0.75, while maintaining strong
sensitivity for the CTRL and F1-F2 groups. Specificity also remained
high across all groups, with 1.0 for CTRL, 0.85 for F1-F2, and 0.87 for
F3-F4, demonstrating the model’s robustness. The XGBoost classifier not
only improved sensitivity for advanced fibrosis stages but also main-
tained balanced performance across all groups, resolving the issue of
misclassification seen between the F1-F2 and F3-F4 groups in the ordinal
regression.

To identify the features that contributed most to the model’s pre-
dictions, we applied SHAP analysis. Fig. 4B presents the SHAP results for
a representative fold, where LN, PIIIP N-P, and C-IV rank among the top
three features. For completeness, Fig. 5 displays the SHAP results across
all folds, along with the average rankings, where these variables
consistently rank highly, further underscoring their significance in
fibrosis classification.

4. Discussion

Liver fibrosis is a pathological condition marked by an imbalance in
the synthesis and degradation of the ECM within the liver, leading to
excessive proliferation of mesenchymal cells. Triggers for this condition
include viral infections, excessive alcohol intake, autoimmune diseases,
and fatty acid accumulation in the liver [23,28]. As liver fibrosis pro-
gresses, it may evolve into cirrhosis, a more severe stage characterized
by the liver’s diminished capacity to compensate for damage. This loss of
function leads to a range of complications that significantly degrade
quality of life and impose economic burdens on families and society
[29,30]. Given the chronic nature of liver fibrosis, early diagnosis and
ongoing monitoring of its progression are critical for patient manage-
ment [27,31-39].

In this study, we explored the role of circulating ECM-related
markers, along with non-ECM emerging markers, in differentiating
fibrosis stages across three distinct groups: CTRL, F1-F2, and F3-F4.

In terms of demographic parameters, our study highlights statisti-
cally significant differences in gender and age of participants among the
three groups, necessitating the subsequent evaluation of age- and

Results of the ordinal regression analysis for ECM markers (C-IV, PIIIP N-P, HA, LN), together with emerging non-ECM markers (CG, GP73), used for classifying patients
across the three stages of chronic liver disease (CTRL, F1-F2, F3-F4). Coefficients (Estimates), standard errors (SE), and p-values are reported for each variable.
Threshold coefficients between CTRL|F1-F2 and F1-F2|F3-F4 are included to indicate the significance of distinguishing between these stages of fibrosis. Asterisks
denote statistical significance levels as follows: *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.

VARIABLE ESTIMATE SE P-VALUE CTRL|F1-F2 ESTIMATE CTRL|F1-F2 SE F1-F2|F3-F4 ESTIMATE F1-F2|F3-F4 SE
C-1v 0.072 0.0138 <0.000 0.8142* 0.3543 3.3221* 0.526

PIIIP N-P 0.014 0.002 <0.000 1.4937* 0.3933 4.8856* 0.6881

CG 1.1597 0.2875 <0.000 0.4867 0.3458 2.9628* 0.4972

GP73 0.0703 0.0157 <0.000 0.6198 0.4032 2.4006* 0.4636

HA 0.0643 0.0124 <0.000 3.4077* 0.8158 5.746* 0.9703

LN 0.0304 0.0048 <0.000 0.9427* 0.3444 3.6489* 0.5263
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Fig. 2. Predicted probabilities of group membership (CTRL, F1-F2, F3-F4) for each circulating marker, based on the ordinal regression models. Each panel (A-F)
corresponds to a different marker: (A) C-IV, (B) CG, (C) GP73, (D) LN, (E) HA, and (F) PIIIP N-P. The y-axis shows the predicted probability, while the x-axis displays
the marker concentration in ng/mL or pg/mL. The shaded areas represent the probability distribution for belonging to one of the three groups: grey for healthy
controls (CTRL), gold for mild-to-moderate fibrosis (F1-F2), and cyan for advanced fibrosis (F3-F4).

Table 4

Multivariate ordinal regression model selected through a stepwise procedure
based on the BIC criterion, starting from a full model that included all param-
eters listed in Table 1. The model includes LN (range < 50 ng/mL), C IV (range
< 30.0 ng/mL), and PIIIP N-P (range < 30.0 ng/mL) as independent variables,
with thresholds defined between the CTRL, F1-F2, and F3-F4 groups. The co-
efficients for the variables and thresholds are reported along with their standard
errors, z-values, and statistical significance levels. The model was developed
using the training set, while performance metrics, including accuracy (0.77; 95
% CI: 0.60-0.90), sensitivity, and specificity, were obtained from the test set.
Statistical significance levels are indicated as follows: ***p < 0.001, **p < 0.01,
*p < 0.05.

Variable!/ dataset Estimate  SE Z- P-value

Threshold?/metric® value

LN! Training  0.013 0.011 1.19 0.233

cIv? Training  0.092 0.035 2.66 0.0078 **

PIIIP N-P! Training 0.0084 0.0039 2.16 0.031 *

Threshold CTRL vs Training 2.95 0.795 3.71 0.0002 ***
F1-F22

Threshold F1-F2 vs Training  8.71 1.91 4.56 < 0.0001 ***
F3-F4%

Accuracy® Test 0.77. 95 % CI: (0.60, 0.90)

Sensitivi'{y3 Test 0.90(CTRL); 0.83(F1-F2); 0.62 (F3-F4)

Speciﬁ(:ity3 Test 1.0 (CTRL); 0.78 (F1-F2); 0.86 (F3-F4)

gender-adjusted differences. Specifically, we observed a higher preva-
lence of males among patients with advanced fibrosis to cirrhosis, which
aligns with the current literature [40]. However, it is important to note
that numerous studies in recent years have demonstrated an increase in
cirrhosis among women [41-43]. Additionally, we observed a signifi-
cant increase in age across the groups, consistent with disease devel-
opment and evolution.

The progression of fibrosis is typically associated with significant
changes in liver architecture and function, with ECM markers reflecting
these structural changes [44-46]. Accordingly, our univariate (Table 1)
and age- and gender-adjusted (Table 2) analyses revealed remarkable
changes in the levels of all ECM components across groups. Notably, C-
IV levels showed a marked increase between the mild (F1-F2) and
advanced (F3-F4) stages, corroborating its established role in liver

fibrosis. This is in perfect agreement with previous findings that
demonstrated C-IV’s effective discrimination between early and
advanced fibrosis stages, with significant elevations in stages >F3
compared to FO-F2 (p<0.05) [47]. Similarly, Dong et al. observed in
HBV patients that C-IV had the highest correlation with disease severity
(Spearman’s rho = 0.538), reinforcing its reliability as a fibrosis staging
marker [48]. Indeed, collagen type IV, located in the basement mem-
brane, supports hepatocytes and facilitates the bidirectional flow of
nutrients and metabolites. In a healthy liver, its production is primarily
managed by the sinusoidal endothelium and biliary epithelium, but
during liver damage, portal fibroblasts and hepatic stellate cells also
contribute, emphasizing its crucial role in the liver’s response to injury
[49,50].

PIIIP N-P also emerged as a strong biomarker candidate, with its
gradual increase in concentration from healthy controls to patients with
advanced fibrosis. In this regard, previous studies in the literature have
highlighted its association with the severity of liver fibrosis, as evi-
denced in various clinical scenarios. Rio et al. explored the use of PIIIP
N-P as a marker for early detection of veno-occlusive disease after bone
marrow transplantation, highlighting its role in monitoring hepatic
fibrosis [51]. Walsh et al. analyzed PIIIP N-P in chronic HCV, demon-
strating its utility in assessing liver disease severity through assays
measuring collagen dynamics [52]. Additionally, extensive research has
explored the combined use of multiple markers for liver staging, such as
Guechot et al.’s work combining PIIIP N-P and HA to stage liver fibrosis
in chronic HCV patients [53].

In line with previous research, we conducted a multivariate analysis
to assess the effectiveness of combining circulating and demographic
markers for CLD staging. A stepwise multivariate ordinal regression
identified LN, C-IV, and PIIIP N-P as the most informative markers for
classifying patients across the three fibrosis stages. While the model
showed good specificity and accuracy, its sensitivity for the F3-F4 group
remained suboptimal (Fig. 5), indicating the need for alternative ap-
proaches to improve staging accuracy.

In this context, Hoffman et al. have recently highlighted the trans-
formative role that machine learning is playing in laboratory medicine,
emphasizing its ability to enhance diagnostic and predictive capabilities
in complex medical environments [54]. XGBoost, in particular, stands
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Fig. 3. Probability surface plots illustrating the likelihood for a patient to belong to the control group (A), F1-F2 group (B), and F3-F4 group (C) as a function of C-IV
and PIIIP N-P levels. The surfaces are shown while keeping LN constant at its median value. Panel (D) presents the confusion matrix obtained by evaluating the

selected model on the training set.

Table 5

Performance metrics comparison between the XGBoost classifier and multivariate ordinal regression for liver fibrosis staging. The XGBoost model was implemented
with 5-fold cross-validation, and its results are presented as the mean and 95% confidence interval (CI) across folds.

MODEL ACCURACY SENSITIVITY SENSITIVITY (F1- SENSITIVITY (F3- SPECIFICITY SPECIFICITY (F1- SPECIFICITY
(CTRL) F2) F4) (CTRL) F2) (F3-F4)
XGBOOST FOLD 1 0.79 1 0.73 0.71 1 0.82 0.84
XGBOOST FOLD 2 0.88 1 0.82 0.89 1 0.94 0.88
XGBOOST FOLD 3 0.91 1 0.92 0.87 1 0.9 0.94
XGBOOST FOLD 4 0.88 1 1 0.69 1 0.79 1
XGBOOST FOLD 5 0.88 1 0.85 0.87 0.96 0.95 0.88
AVERAGE (95 % CI) 0.87 1.00 (1.00-1.00) 0.86 (0.74-0.99) 0.81 (0.69-0.93) 0.99 (0.97-1.0) 0.88 (0.79-0.97) 0.91
(0.81-0.93) (0.83-0.99)
ORDINAL 0.77 0.9 0.83 0.62 1 0.78 0.86
REGRESSION

out among machine learning methods for its effectiveness in medical
applications. Its advanced features, such as the combination of weak
learners, tree pruning, and regularization techniques, help prevent
overfitting [55,56]. For instance, Li et al. demonstrated how XGBoost

could identify gene signatures to predict metastatic status in breast
cancer, showcasing its superior performance compared to traditional
classifiers [57]. Additionally, the integration of XGBoost with Explain-
able Artificial Intelligence (XAI) techniques, such as SHAP, has shown
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Fig. 4. (A) Comparison of key performance metrics between XGBoost (bars) and multivariate ordinal regression (blue dots). The bars represent XGBoost results
expressed as mean values with 95% confidence intervals calculated across 5-fold cross-validation. Metrics include accuracy, sensitivity and specificity for the control
group (CTRL), F1-F2, and F3-F4 groups. The blue dots represent the corresponding values from the multivariate ordinal regression model. (B) Representative SHAP
summary plot for one of the cross-validation folds, showing the overall contribution of each feature to the model’s predictions across all three classes (CTRL, F1-F2,
F3-F4). The x-axis shows the SHAP values, representing the impact of each feature on the model’s output. Positive SHAP values indicate that the feature pushes the
prediction towards higher fibrosis stages (F1-F2, F3-F4), while negative SHAP values push it towards the control group (CTRL). The colors represent the feature

values, with yellow indicating high values and purple indicating low values.

great promise. SHAP, a key XAI tool, highlights the features that most
significantly impact model predictions, providing clinicians with clear,
transparent, and actionable insights [58]. Yi et al. employed the com-
bination of XGBoost and SHAP to handle complex, imbalanced data in
Alzheimer’s diagnostics, with SHAP providing insights into the factors
driving predictions [57]. Similarly, Zelli et al. fine-tuned model pa-
rameters and applied SHAP to better understand how demographic and
clinical features contribute to predicting Alzheimer’s disease progres-
sion [59].

Our study aligns with the above-mentioned recent advancements by
implementing a 5-fold cross-validated XGBoost model, which signifi-
cantly outperformed the ordinal regression models, particularly in se-
vere pathological cases (Table 5). The model achieved an overall
accuracy of 0.87, compared to 0.77 for the ordinal regression, with
sensitivity for the F3-F4 group improving from 0.62 to 0.75. Specificity
remained consistently high across all groups, nearing 1.0 for the control
group, with balanced performance across pathological stages.

To further understand the model’s predictions, we employed SHAP
across all folds, which consistently highlighted LN, C-IV, and PIIIP N-P as
the most influential features driving the model’s output (Fig. 5).
Notably, these are the same variables selected by the stepwise regression
approach, further reinforcing the robustness and importance of these
markers across different modeling methodologies. This consistency be-
tween machine learning and traditional statistical methods strengthens
the reliability of these markers for fibrosis staging.

5. Conclusion

In conclusion, the results of this study demonstrate the significant
potential of ECM-related biomarkers in non-invasive staging of CLD,
especially among HCV-positive patients. The notable increase in ECM
components (HA, LN, PIIIP N-P, and C-IV), along with emerging non-

ECM markers (CG and GP73), in patients with advanced fibrosis un-
derscores their utility in reflecting the severity of liver fibrosis. Partic-
ularly, the combination of C-IV, PIIIP N-P, and LN emerged as the most
diagnostically relevant markers, offering robust performance in dis-
tinguishing between mild, moderate, and advanced fibrosis stages.

Furthermore, this study provides preliminary evidence supporting
the application of advanced machine learning techniques like XGBoost
to enhance diagnostic accuracy. The XGBoost model demonstrated su-
perior classification performance compared to traditional regression
models, likely due to its ability to process a larger number of variables
simultaneously, while avoiding overfitting through regularization
techniques. This allows for more reliable predictions on the test set,
maintaining high accuracy across all fibrosis stages.

The use of XAI tools such as SHAP further highlights the clinical
value of this approach, offering transparency in model predictions.
SHAP’s ability to identify key variables such as LN, C-IV, and PIIIP N-P in
the decision-making process supports their role as pivotal markers for
fibrosis staging, and provides clinicians with clear insights that could
guide more personalized treatment decisions.

Our findings suggest that combining traditional fibrosis biomarkers
with modern machine learning approaches could significantly improve
non-invasive fibrosis staging. The consistent ranking of LN, C-IV, and
PIIIP N-P across both statistical and machine learning models reinforces
their importance as key indicators of fibrosis progression. Future studies
should focus on validating these results in larger patient cohorts and
exploring the integration of ECM markers into multi-marker panels,
aimed at improving the non-invasive diagnosis and monitoring of CLD.

6. Institutional Review Board Statement

The study was conducted in accordance with the Declaration of
Helsinki guidelines and received approval from the Regional Ethical
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Fig. 5. SHAP (Shapley Additive Explanations) results across all folds, along with the mean SHAP values among folds. Laminin, PIIIP N-P, and collagen-IV consistently
rank among the top features, with their average contributions among folds further highlighting their importance in fibrosis classification.
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