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ABSTRACT

Background & Aims: To evaluate the diagnostic performance of texture analysis parameters obtained from non-
contrast liver magnetic resonance imaging (MRI) in staging liver fibrosis in patients with chronic hepatitis B.
Methods: Non-contrast MRI examinations of 66 patients with chronic hepatitis B were retrospectively
evaluated. The protocol included in-phase T1-weighted (IP-T1W), out-of-phase T1-weighted (OP-T1W),
fat-suppressed T1-weighted (FS-T1W), fat-suppressed T2-weighted (FS-T2W), and T2-weighted (T2W)
sequences. Histogram-based texture features were extracted from regions of interest placed in the liver
parenchyma. For each sequence, the most informative features were selected from 20 candidate variables
using the minimal-redundancy maximal-relevance (mRMR) algorithm, and multivariable logistic regression
models were constructed. Fibrosis was categorized as early fibrosis (FO-F2) or significant fibrosis (F3-F6).
Diagnostic performance was assessed using receiver operating characteristic (ROC) analysis and area under
the curve (AUC), and model generalizability was evaluated by 10-fold cross-validation.

Results: Sixty-six patients were included (early fibrosis, n=43; significant fibrosis, n=23). ROC analysis showed
that the highest discriminatory performance was obtained with the OP-T1W sequence (AUC=0.789, 95%CI:
0.677-0.900, p<0.001), while the IP-T1W sequence also demonstrated acceptable diagnostic performance
(AUC=0.723, 95%CI: 0.600-0.846, p=0.002). The FS-T1W, FS-T2W, and T2W sequences showed lower AUC
values of 0.686, 0.674, and 0.657, respectively. DeLong test comparisons revealed no statistically significant
differences between the AUC values of the models derived from different MRI sequences (all p>0.05). Based on
the Youden index-derived thresholds, the OP-T1W sequence achieved the highest diagnostic accuracy (72.31%)
and sensitivity (79.17%), whereas the FS-T1W sequence demonstrated the highest specificity (83.72%). In
10-fold cross-validation, the highest mean AUC was observed for OP-T1W (0.785+0.168), followed by FS-
T2W (0.760+0.168), whereas IP-T1W showed a lower mean AUC (0.653+0.128).

Conclusions: Texture analysis parameters derived from routine non-contrast MRI sequences in patients with
chronic hepatitis B may provide additional quantitative information for the noninvasive assessment of liver
fibrosis. These findings suggest that texture analysis may serve as a complementary tool within routine liver
MRI. However, given the single-center design and limited sample size of the present study, further studies
with larger cohorts and external validation are needed before clinical application.

Key words: liver — fibrosis — chronic hepatitis B — magnetic resonance imaging — radiomics — image processing
— computer-assisted.

Abbreviations: AIC: Akaike Information Criterion; AUC: area under the curve; CI: confidence interval;
HBYV: hepatitis B virus; FOV: field of view; FS-T1W: fat-suppressed T1-weighted; FS-T2W: fat-suppressed T2-
weighted; IP-T1W: in-phase T1-weighted; MRI: magnetic resonance imaging; mRMR: minimal-redundancy
maximal-relevance; OP-T1W: out-of-phase T1-weighted; ROC: receiver operating characteristic; ROIL: region
of interest; SSFSE: single-shot fast spin-echo; TR: repetition time; TE: echo time; T2W: T2-weighted.

INTRODUCTION with the hepatitis B virus (HBV), leading to progressive
inflammation and fibrosis in the liver [1]. Fibrosis reflects liver
damage and also contributes to the pathogenesis of hepatic
dysfunction and portal hypertension [2]. Therefore, assessing

its extent and progression is critical in determining the stage

Chronic hepatitis B is a
significant global health issue
caused by persistent infection
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of the disease, its prognosis, and planning treatment strategies
[3]. Currently, treatments aim to prevent disease progression
by suppressing viral replication through reducing HBV DNA
levels. This prevents fibrosis from progressing to cirrhosis,
decompensated cirrhosis, and end stage liver disease [4, 5].

In the clinical management of chronic hepatitis B, a
fibrosis stage of F3 or higher according to the Ishak fibrosis
classification is considered an important clinical threshold
requiring initiation of antiviral therapy [6]. For this purpose,
liver biopsy is considered the gold standard for classifying the
degree of fibrosis [7]. Liver biopsy is an invasive procedure
with potential complications. Additionally, sampling error
resulting from inadequate tissue sampling and inter-observer
variability are important limitations of liver biopsy [8, 9].
Currently, studies are being conducted on noninvasive methods
such as serum markers, combined indices/scores, and imaging
techniques as alternatives to liver biopsy [7, 10, 11]. In a similar
manner, texture/radiomics-based approaches may offer a
means of detecting fibrosis-related microstructural alterations
in the liver parenchyma before overt morphologic changes
become evident on conventional imaging [12, 13].

However, evidence regarding the diagnostic performance
of texture parameters derived from non-contrast liver MRI
for fibrosis staging in chronic hepatitis B remains limited. In
addition, the available studies are heterogeneous with respect to
sequence selection, feature extraction strategies, and analytical
methods. More importantly, data directly comparing multiple
non-contrast MRI sequences within the same chronic hepatitis
B cohort, particularly at the clinically relevant threshold of
significant fibrosis, remain scarce and inconclusive [14-16].

Therefore, the aim of this study was to develop texture
analysis—based diagnostic models using five different sequences
obtained from non-contrast liver MRI in patients with chronic
hepatitis B and to compare their performance in distinguishing
early fibrosis from clinically significant fibrosis.

METHODS

This retrospective study was approved by the University
of Health Sciences Hamidiye Scientific Research Ethics
Committee (Approval No: 25/54). The study complies with
the principles of the Declaration of Helsinki and Good
Clinical Practice. As this was a retrospective analysis of
clinically indicated liver biopsies and MRI examinations, the
requirement for written informed consent was waived by the
Ethics Committee.

This study was conducted between 2018 and 2024 using
the radiology archive records of the Department of Radiology
at the Haydarpasa Numune Training and Research Hospital.
Patients aged 18 years or older with a diagnosis of chronic
hepatitis B who underwent a percutaneous liver biopsy and
had an appropriate liver MRI performed within approximately
6 months before the biopsy were included. Exclusion criteria
were age under 18 years, contraindications to MRI (such
as cardiac pacemaker, advanced renal failure, pregnancy,
and severe claustrophobia), poor cooperation resulting in
significant motion or respiration artifacts, and incomplete
histopathological data after biopsy. A total of 66 patients
meeting the inclusion criteria were finally enrolled.

All liver MRI scans were performed on a 1.5-T clinical
system (Optima MR450w, General Electric, Milwaukee, W1,
USA) using a phased-array body coil as part of a routine
contrast-enhanced liver MRI protocol. For the purposes of
this retrospective study, only the pre-contrast axial sequences
were analyzed: T2-weighted single-shot fast spin-echo (T2
SSESE), fat-suppressed T2-weighted SSFSE, in-phase and out-
of-phase T1-weighted gradient-echo (IP-T1W and OP-T1W),
and a three-dimensional fat-suppressed T1-weighted LAVA
sequence. Throughout the manuscript, these sequences are
referred to as T2-weighted (T2W), fat-suppressed T2-weighted
(FS-T2W), in-phase T1-weighted (IP-T1W), out-of-phase
T1-weighted (OP-T1W), and fat-suppressed T1-weighted
(FS-T1W), respectively.

For the axial T2W single-shot fast spin-echo (SSFSE)
sequence, imaging parameters were as follows: field of view
(FOV) 430 mm, slice thickness 5.5 mm, repetition time (TR) set
to minimum, echo time (TE) 90 ms, and matrix 288 x 128. For
the axial FS-T2W SSFSE sequence, parameters were identical:
FOV 430 mm, slice thickness 5.5 mm, TR set to minimum,
TE 90 ms, and matrix 288 x 128. Axial IP-T1W gradient-echo
imaging was performed with FOV 430 mm, slice thickness 5.5
mm, TR 135 ms, TE 4.3 ms, flip angle 60°, and matrix 288 x
128. The axial out-of-phase T1-weighted sequence used the
same parameters, except for a TE of 2.1 ms. The axial three-
dimensional FS-T1W LAVA sequence was acquired without
intravenous contrast with FOV 400 mm, slice thickness 4.8
mm, TR set to minimum-full, dual-echo TE 2.0/4.2 ms, flip
angle 12°, and matrix 320 x 160.

Liver biopsy samples were obtained from segment VI
according to Couinaud’s liver segmentation, guided by
ultrasound. Histopathological examination was performed
by a pathologist with at least 10 years of experience in
hepatopathology, who was blinded to the patients’ MRI
findings.

Fibrosis staging was performed according to the Ishak
fibrosis scoring system, graded from FO to F6. In this system,
FO indicates the absence of fibrosis, while F1 is defined by the
presence of fibrosis in the portal areas. F2 is defined as portal
fibrosis with rare septa, F3 as multiple septa without significant
nodular formation, F4 as the beginning of incomplete nodular
architecture, F5 as partial cirrhosis with significant nodular
remodeling, and F6 as established cirrhosis [17].

In our study, stages FO-F2 according to the Ishak fibrosis
classification were considered early fibrosis, while stages
F3-F6 were considered significant fibrosis. Since the current
guidelines recommend antiviral treatment for cases of Ishak
F3 and above [6], patients were divided into two groups: the
early fibrosis group not requiring treatment and the clinically
significant fibrosis group requiring treatment.

Magnetic resonance images obtained from the T2W, FS-
T2W, IP-T1W, OP-T1W, and FS-T1W sequences were exported
from the Picture Archiving and Communication System
(PACS) in Digital Imaging and Communications in Medicine
(DICOM) format and transferred to a computer running
the Windows 10 operating system (Microsoft Corporation,
One Microsoft Way, Redmond, WA, USA) for analysis. No
additional image preprocessing steps were applied before
texture analysis (e.g., denoising or intensity normalization).
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Regions of interest were placed directly on the original DICOM
images, and feature extraction was performed using the raw
image data. Because preprocessing procedures may alter pixel
intensity distributions, all examinations were acquired on the
same scanner using the same sequences and fixed acquisition
parameters in order to standardize the imaging protocol and
minimize potential variability. At the level of liver segment
VI corresponding to the biopsy sampling site, major vessels
and bile ducts were excluded using ROIEX 3.1 software, and a
circular region of interest (ROI) measuring approximately 3 cm
in diameter (=7.07 cm?) was manually drawn. To avoid capsular
artifacts, placement was initiated at least 1 cm inward from the
liver capsule. Segmentation was performed by a radiologist
(E.B.) experienced in hepatobiliary imaging who was blinded
to the clinical data. All selected images were then processed
using an in-house analysis pipeline implemented in MATLAB
(R2023b; MathWorks, Natick, MA, USA). The obtained
indicators have been previously defined in the literature and
were applied in a similar manner in the present study [18-20].

Statistical Analysis

All analyses were performed using RStudio version
2023.06.0+421 “Mountain Hydrangea” (R Foundation for
Statistical Computing, Vienna, Austria). Analyses were
conducted separately for each MRI sequence (FS-T1W, IP-
T1W, OP-T1W, FS-T2W, and T2W). In the first stage, datasets
were cleaned of missing observations, and the fibrosis status
defined as the target variable (FO-F2 early, F3-F6 significant)
was verified. Descriptive statistics were presented as mean +
standard deviation for quantitative variables and frequency
(%) for categorical variables.

The modeling process consisted of three main stages:
feature selection, model building, and validation. Prior to
feature selection, predictors with near-zero variance were
removed to reduce the potential impact of non-informative
variables. In addition, highly correlated variables (r > 0.90)
were excluded to minimize redundancy among predictors.

Subsequently, the minimal-redundancy maximal-relevance
(mRMR) algorithm was applied to select the most informative
features from 20 candidate radiomic variables for each sequence.
The selected variables were then included in logistic regression
models, and variable selection was performed using backward
elimination based on the Akaike Information Criterion (AIC).
All feature selection steps, including near-zero variance
removal, high-correlation filtering, mRMR feature selection,
and backward AIC elimination, were performed globally on
the entire dataset before the 10-fold cross-validation procedure.
In the final models, the possibility of multicollinearity was
evaluated using the Variance Inflation Factor (VIF < 10)
threshold. Model fit and explanatory power were assessed using
the Hosmer-Lemeshow (HL) test together with McFadden,
Cox-Snell, and Nagelkerke pseudo-R? statistics.

Model discrimination performance was evaluated using
receiver operating characteristic (ROC) analysis, and the area
under the curve (AUC) was reported together with a 95%
confidence interval (CI). Differences between AUC values
obtained from different MRI sequences were compared using
the DeLong test.

To evaluate the generalizability of the models, a 10-fold
cross-validation was conducted. Due to the numerical encoding
of the target variable, a non-stratified partitioning approach
was utilized. Mean AUC, standard deviation, minimum, and
maximum values were calculated across folds. Calibration
curves were also plotted to evaluate the agreement between
predicted probabilities and observed outcomes. A significance
level of p < 0.05 was accepted for all statistical tests.

RESULTS

A total of 66 cases were included in the study. Forty-three
cases were classified as early-stage fibrosis and 23 cases as
significant fibrosis, forming two separate groups. The mean age
of the early-stage fibrosis group was 46.35+12.83 years, while
that of the significant fibrosis group was 52.70+10.90 years.

MRI Acquisition
Manual ROI Placement
. (Segment 6, Single . Texture Feature Extraction
T2W, FS-T2W, OP-T1W, Radiologist)

IP-T1W, FS-T1W

\

Model Building

Logistic Regression
Backward Elimination
(AIC)

VIF Assessment

. Feature Selection (nRMR) .

Feature Preselection

Near-zero variance removal
High-correlation filtering
(r>0.90)

A g

Performance & Validation

ROC/AUC (95% CI), DeLong
test
HL test, Pseudo-R?
10-fold CV, Calibration Curves

Fig. 1. Flowchart of MRI texture analysis workflow.
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In the early-stage group, 53.5% were male and 46.5% were
female, while in the significant fibrosis group, these rates were
73.9% and 26.1%, respectively.

Backward logistic regression analyses were performed
separately to evaluate the ability of each MRI sequence to
distinguish the presence of significant fibrosis. The variables
included in the models, together with their coefficients and
goodness-of-fit statistics, are presented in Table I. The Hosmer-
Lemeshow test yielded p > 0.05 for all sequences, indicating
that the models demonstrated acceptable calibration. When
the pseudo-R* values were examined, the highest explanatory
power was observed in the OP-T1W sequence (Nagelkerke R
=0.310), followed by the IP-T1W sequence (Nagelkerke R* =
0.230). The FS-T1W, FS-T2W, and T2W sequences showed
relatively lower explanatory power with Nagelkerke R* values
of 0.154, 0.087, and 0.112, respectively. Similarly, McFadden
R? values were higher in the OP-T1W and IP-T1W models
compared with the other sequences.

Evaluation of model fit statistics also showed relatively
lower AIC and BIC values for the OP-T1W model, suggesting

abetter fit to the data. In the OP-T1W model, several variables
contributed significantly to the discrimination of fibrosis stages.
In particular, the Higuchi Fractal Dimension of Matrix (p =
0.021), Uniformity of Histogram (p = 0.022), and Large Zone
Low Gray Level Emphasis of GLSZM (p = 0.045) variables
showed statistically significant associations with the presence
of significant fibrosis. In contrast, in the FS-T2W model the
Small Zone Emphasis of GLSZM variable showed borderline
statistical significance (p=0.066). In the T2W model, the
variables included in the model did not reach statistical
significance (p > 0.05).

ROC analysis results are summarized in Table II. When
examining the AUC values, the highest discriminatory
power was found for the OP-T1W sequence (AUC=0.789,
95%CI: 0.677-0.900, p<0.001). The IP-T1W sequence
also demonstrated acceptable diagnostic performance
(AUC=0.723,95%CI: 0.600-0.846, p=0.002). The FS-T1W, FS-
T2W, and T2W sequences showed relatively lower diagnostic
performance with AUC values of 0.686, 0.674, and 0.657,
respectively.

Table I. Coefficients and goodness-of-fit statistics for stepwise logistic regression models of sequences

Sequence Estimate Std. Error z VIF P
FS-T1W(Intercept) 5.573 2.898 1.923 - 0.054
Gray Level Nonuniformity of GLRLM 0° -1.229 0.575 -2.139 1.09 0.032*
Skewness of Histogram 1.476 0.870 1.697 1.1 0.090
Hosmer-Lemeshow McFadden R*> Cox-Snell R> Nagelkerke R* AIC BIC
X°=5.20, p=0.736 0.091 0.111 0.154 83.542 90.111
IP-T1W (Intercept) 10.418 23.532 0.443 B 0.658
Box Counting Fractal Dimension of Matrix 14.698 6.273 2.343 1.45 0.019*
Short Run Emphasis of GLRLM 90° 26.818 14.484 1.852 1.65 0.064
Size %U of Histogram 0.386 0.259 1.490 1.38 0.136
Higuchi Fractal Dimension of Histogram -30.332 15.798 -1.920 1.80 0.055
Hosmer-Lemeshow McFadden R*> Cox-Snell R> Nagelkerke R* AIC BIC
X°=2.45, p=0.964 0.140 0.168 0.230 84.370 95.318
OP-T1W ((Intercept) -30.626 16.447 -1.862 - 0.063
Higuchi Fractal Dimension of Matrix 26.978 11.701 2.306 1.02 0.021*
Uniformity of Histogram -10.517 4.578 -2.297 1.09 0.022*
Large Zone Low Gray Level Emphasis of GLSZM -0.484 0.241 -2.009 1.60 0.045*
Long Run Low Gray Level Emphasis of GLRLM 90° -4.933 3.711 -1.329 1.51 0.184
Hosmer-Lemeshow McFadden R*> Cox-Snell R> Nagelkerke R* AIC BIC
X’=7.19, p=0.516 0.195 0.227 0.310 78.892 89.764
FS-T2W (Intercept) 0.603 0.618 0.976 - 0.329
Small Zone Emphasis of GLSZM -40.309 21.906 -1.840 - 0.066
Hosmer-Lemeshow McFadden R> Cox-Snell R>  Nagelkerke R? AIC BIC
X°=5.25, p=0.730 0.050 0.064 0.087 87.223 91.603
T2W (Intercept) -2.502 1.856 -1.348 - 0.178
Long Run Low Gray Level Emphasis of GLRLM 13° -1.769 1.087 -1.628 1.33 0.104
Size %L of Histogram 0.204 0.129 1.582 1.01 0.114
Hosmer-Lemeshow McFadden R*> Cox-Snell R> Nagelkerke R* AIC BIC
X°=11.52, p=0.174 0.065 0.082 0.112 89.648 96.307

*: indicates statistical significance; VIF: variance inflation factor; AIC: Akaike Information Criterion; BIC: Bayesian Information Criterion;
FS-T1W: fat-suppressed T1-weighted; FS-T2W: fat-suppressed T2-weighted; IP-TIW: in-phase T1-weighted; OP-T1W: out-of-phase

T1-weighted; T2W: T2-weighted.
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Table II. ROC analysis results for sequences, threshold value determined by the Youden index, sensitivity, specificity, and

AUC values
Threshold  Accuracy  Sensitivity — Specificity AUC CI (%95) p
Lower Upper

FS-T1IW 0.450 71.21 47.83 83.72 0.686 0.552 0.819 0.013
IP-T1IW 0.335 68.18 70.83 66.67 0.723 0.600 0.846 0.002
OP-T1W 0.331 72.31 79.17 68.29 0.789 0.677 0.900 <0.001
FS-T2W 0.445 68.18 56.00 75.61 0.674 0.538 0.810 0.018
T2W 0.341 64.71 80.00 55.81 0.657 0.525 0.788 0.032

AUC: area under the curve; ClI: confidence interval. For the rest of abbreviationssee Table 1.

Furthermore, based on the Youden index-derived threshold
values, the OP-T1W sequence achieved the highest diagnostic
accuracy (72.31%), with a sensitivity of 79.17% and a specificity
of 68.29%.

The FS-T1W sequence followed with an accuracy of
71.21%; while it exhibited a relatively low sensitivity (47.83%),
it provided the highest specificity among all sequences
(83.72%). The IP-T1W sequence demonstrated a more
balanced diagnostic profile with a sensitivity of 70.83% and
a specificity of 66.67% (accuracy: 68.18%). The remaining
sequences, FS-T2W and T2W, yielded overall diagnostic
accuracies of 68.18% and 64.71%, respectively.

The results of the DeLong test comparing AUC values
between sequences are presented in Table III. No statistically
significant differences were detected between the AUC values
of the models derived from different MRI sequences (p > 0.05
for all comparisons), indicating that although some sequences
demonstrated relatively higher AUC values, their overall
discriminative performances were statistically comparable.

The results of the 10-fold cross-validation analysis
evaluating model generalizability are summarized in Table I'V.
The highest mean AUC value was obtained for the OP-T1W
sequence (mean AUC=0.785£0.168), followed by FS-T2W
(0.760+0.168), T2ZW (0.720+0.152), ES-TIW (0.702+0.168),
and IP-T1W (0.653+0.128). However, because feature selection
was performed prior to cross-validation on the entire dataset,
these cross-validated AUC values might represent optimistic
estimates of the models’ true generalizability.

Fig. 2. Example image of ROI placement at the level of segment VI
of the liver in-phase TIW MRI. The gray contour shows a manually
drawn, circular ROI approximately 3 cm in diameter (approximately
7.07 cm?). Similar ROIs were created in the corresponding sections
of other MRI sequences.
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Table III. Comparison of AUC curves for sequences (DeLong test)

Modell Model2 AUC1  AUC2 AUC p
difference

FS-T1W IP-TIW 0.686 0.723 -0.038 0.685
FS-T1W OP-T1W 0.686 0.789 -0.103 0.248
FS-T1W FS-T2W 0.686 0.674 0.011 0.907
FS-T1W T2W 0.686 0.657 0.029 0.764
IP-T1IW OP-T1IW 0.723 0.789 -0.065 0.442
IP-TIW FS-T2W 0.723 0.674 0.049 0.601
IP-T1W T2W 0.723 0.657 0.066 0.471
OP-T1W FS-T2W 0.789 0.674 0.114 0.203
OP-T1W T2W 0.789 0.657 0.132 0.136
FS-T2W T2W 0.674 0.657 0.017 0.857

For abbreviations see Table I.

Table IV. AUC results based on 10-fold cross-validation

CV- fold AUC AUC AUC AUC

(mean) (StD) (Min) (Max)

FS-T1W 10 0.702 0.168 0.5 1.000
IP-T1W 10 0.653 0.128 0.5 0.833
OP-TIW 10 0.785 0.168 0.5 1.000
FS-T2W 10 0.760 0.168 0.5 1.000
T2W 10 0.720 0.152 0.5 1.000

CV-fold: cross-validation fold; AUC: area under the curve; StD: standard
deviation. For the rest of abbreviations see Table I.

In the ROC analysis, Fig. 3 presents the ROC curves of
each sequence in a comparative manner. The ROC curves of
the IP-T1W and OP-T1W sequences are located closer to the
upper left corner, indicating better diagnostic performance
compared with the other sequences.

The calibration curves (Fig. 4) demonstrate acceptable
agreement between the predicted probabilities and the
observed outcomes. This finding is further supported by the
Hosmer-Lemeshow goodness-of-fit test results (p>0.05).

DISCUSSION

In our study, we evaluated the diagnostic value of texture
analysis parameters derived from five different sequences
obtained from non-contrast-enhanced MRI in patients with
chronic hepatitis B infection for distinguishing between early
fibrosis not requiring treatment and clinically significant
fibrosis requiring treatment.
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Fig. 3. ROC curves of the stepwise logistic regression models for
each MRI sequence. The y-axis represents sensitivity, and the x-axis
represents 1 - specificity. The diagonal dashed line serves as a reference
for a random classifier, indicating a situation where the model has
no discriminative ability (AUC = 0.50). Curves that deviate from
this reference line and move closer to the upper-left corner signify
higher diagnostic performance. In this study, the OP-T1W sequence
(represented by the blue line) demonstrated the highest discriminative
power with an AUC of 0.789.

Our findings revealed that the OP-T1W and IP-T1W
sequences, in particular, demonstrated higher discriminatory
performance. In the ROC analysis, the highest AUC value

Calibration - FS-T1W

Calibration - IP-T1W

was observed in the OP-T1W sequence (AUC=0.789; 95%Cl:
0.677-0.900), while the IP-T1W sequence also demonstrated
acceptable diagnostic performance (AUC=0.723; 95%CI:
0.600-0.846). However, the fact that the differences in AUC
values between the sequences were not statistically significant
in pairwise comparisons using the DeLong test suggests
that the overall discriminatory power of the sequences is
comparable. In the 10-fold cross-validation analysis, the
OP-T1W sequence achieved the highest mean AUC value
(mean AUC=0.785 + 0.168), while the FS-T2W sequence
showed a comparable performance in this internal validation
setting (mean AUC = 0.760 + 0.168). However, the observed
min-max variability across folds (0.500-1.000 for OP-T1W
and FS-T2W; 0.500-0.833 for IP-T1W) suggests that model
performance may vary depending on different sample
partitions. From a clinical perspective, the Youden index-
derived thresholds suggested that OP-T1W provided the
best balance for detecting clinically significant fibrosis, with
the highest accuracy (72.31%) and sensitivity (79.17%). In
contrast, FS-T1W showed the highest specificity (83.72%) but
low sensitivity (47.83%), suggesting that it may be less suitable
for screening but may support the presence of significant
fibrosis when positive according to the threshold. When
all findings are evaluated together, the OP-T1W sequence
demonstrated the relatively best performance in predicting
clinically significant fibrosis; however, no statistically
significant difference was detected in the comparisons
between sequences.
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Fig. 4. Calibration curves evaluating the agreement between predicted probabilities and observed
outcomes for the logistic regression models of each MRI sequence. The x-axis represents the
predicted probability of significant fibrosis, while the y-axis shows the actual observed proportion.
The 45-degree diagonal dashed line represents perfect model calibration. Deviations from this
line indicate miscalibration; points falling below the line suggest that the model overestimates
the probability, whereas points above the line suggest underestimation. Overall, the calibration
curves showed an acceptable visual agreement with the reference line, consistent with the
Hosmer-Lemeshow goodness-of-fit test results (p > 0.05).
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The T2W sequence was found to have the lowest
diagnostic accuracy in our study based on ROC analysis. This
sequence’s AUC value was 0.657, lagging behind the other
sequences. Although the average AUC value for the T2W
sequence was calculated as 0.720 in the cross-validation, the
lower discriminatory power in the primary analysis and the
inability to demonstrate an independent texture parameter
reaching statistical significance within the model suggest
that this sequence offers a more limited contribution in
distinguishing clinically significant fibrosis. This finding is
consistent with the literature; in a study by Zhao et al. [21],
the T2W sequence also demonstrated the lowest diagnostic
accuracy among the sequences in distinguishing fibrosis
(AUC=0.87, test accuracy 63%). Sitarcikova et al. [22], who
evaluated texture analysis applied to T1 and T2 relaxation
maps, reported that T2W provided significantly lower AUC
values compared to both T1W-based texture parameters and
magnetic resonance elastography (MRE), and demonstrated
limited performance in distinguishing fibrosis. Similarly,
House et al. [23], who examined texture analysis performed
exclusively on T2-weighted MRI, reported that T2-based
texture parameters offered limited diagnostic performance in
staging liver fibrosis, particularly in distinguishing between
mild and moderate fibrosis. Conventional T2-weighted images
appear to have more limited diagnostic value in distinguishing
fibrosis compared to other sequences. This may be related
to the fact that signal intensity in conventional T2-weighted
images is influenced by factors such as regenerative nodules
and hemosiderin deposition [24, 25].

In the literature, Cannella et al. [26], reported in their
study of the NAFLD population that standard deviation and
entropy parameters derived from IP-T1IW MR images showed
a positive correlation with the degree of fibrosis and provided
an accuracy in the diagnosis of significant fibrosis with an
AUC of 0.75-0.77, and in the diagnosis of advanced fibrosis
with an AUC of 0.74-0.75. However, Zhao et al. [21] reported
that the OP-T1W sequence achieved the highest AUC value
(0.98) in distinguishing between early and significant fibrosis.
Gotta et al. [27] classified fibrosis at the Metavir FO-F4 levels
using radiomic features extracted from automatic whole-liver
segmentation of T1-weighted 3D Dixon VIBE sequences in
79 patients who underwent MRE, and demonstrated that the
model achieved accuracy in the range of AUC 0.62-0.83 in
the test set. In our study, the fact that the OP-T1W sequence
achieved the highest AUC value in the ROC analysis and
also demonstrated the highest mean AUC in cross-validation
supports the notion that T1-based sequences may carry
stronger information for fibrosis differentiation. In contrast,
although the IP-T1W sequence demonstrated acceptable
performance in the primary ROC analysis, it produced a lower
average AUC in cross-validation, suggesting that the sequence
may have more limited generalizability. This difference may
be related to the limited sample size, imbalances in group
distribution, sequence-specific signal variability, and variability
in feature selection across folds.

Schawkat et al. [16] reported that in their histopathology-
referenced analyses, the IP-T1W sequence demonstrated
higher accuracy, while the FS-T2W sequence demonstrated
lower accuracy. In our study, while the IP-T1W sequence
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demonstrated acceptable performance in the primary ROC
analysis, it yielded lower results in cross-validation; conversely,
the FS-T2W sequence, despite showing more modest ROC
performance, was found to be relatively more balanced in cross-
validation. These differences may be related to methodological
and sampling-related factors.

The classification of liver fibrosis based on tissue analysis
features obtained from MRI is still under investigation.
In a recent study, TA parameters derived from T1 and T2
relaxation maps were evaluated using machine learning
models, yielding results comparable in accuracy to MRE for
fibrosis classification. This study demonstrates that TA could
be a promising method for fibrosis assessment not only in
conventional sequences but also in quantitative relaxation
maps [22].

The degree of liver fibrosis is of critical clinical importance
in determining the timing of treatment and predicting the
course of the disease [28]. Although biopsy is the gold standard,
it has significant limitations, including its invasiveness, its
inability to represent the entire liver due to limited sampling,
and the risk of complications [29]. Consequently, interest in
noninvasive and feasible alternative methods for assessing
fibrosis has increased in recent years [30, 31].

Methods such as serological models, transient elastography,
and magnetic resonance elastography (MRE) are widely used
in the noninvasive assessment of liver fibrosis [31]. Although
the widely used serological scores FIB-4 and APRI are practical
and easy to apply, they may demonstrate limited accuracy,
particularly in distinguishing moderate fibrosis [29-31].
While transient elastography is a clinically established method
for assessing liver fibrosis, it does not demonstrate optimal
performance in every patient, particularly due to increased
rates of measurement failure and unreliable measurements in
obese patients [32-34]. While MRE offers higher diagnostic
performance, it is not suitable for routine use in every
center due to cost and accessibility issues [35]. The literature
reports that the clinical value of established noninvasive
imaging methods such as transient elastography and MRE
is well-defined, whereas image-based advanced quantitative
approaches like texture analysis are still considered developing
and under investigation [36]. Therefore, texture/radiomics-
based approaches can be considered complementary methods
capable of providing additional quantitative information to
routine MRI examinations, rather than tools intended to
replace existing methods [37].

Furthermore, since texture features are known to be
sensitive to imaging and analysis parameters, standardization
is crucial [36]. In our study, all analyses were performed on
the same MRI scanner using a fixed scanning protocol to
minimize this effect.

Our study has some limitations. First, including only
patients with HBV infection may have limited the sample
size and reduced the generalizability of the findings. The fact
that fibrosis staging was performed using the Ishak system,
as required by our biopsy report standards, may limit direct
comparability with METAVIR-based studies. However, the
Ishak >3 threshold we used is approximately consistent
with the METAVIR >2 threshold for “significant fibrosis” in
current guidelines [6]. The relatively limited representation
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of cases with advanced morphologic changes in our cohort
may also restrict the generalizability of the results to patients
with distinct cirrhotic morphology. Furthermore, evaluating
ROIs in a single segment of the liver may not fully reflect the
heterogeneous distribution of fibrosis in the parenchyma.

Second, ROIs manually placed at the segment VI level
are susceptible to observer bias, and by the nature of manual
measurements, a certain degree of subjectivity is inherent. In
this study, no inter- or intraobserver reproducibility analysis
was performed; due to the retrospective design and limited
sample size, this additional analysis, which would require ROI
re-placement by multiple observers, could not be conducted
within the scope of the current study. Although the study was
conducted at a single center and on a single device, ensuring
technical consistency, this does not eliminate the need for
independent external validation across different devices and
protocols.

Another important methodological limitation is the
potential for data leakage. The feature selection steps, including
near-zero variance removal, correlation filtering, the mRMR
algorithm, and backward AIC elimination, were performed
globally on the entire dataset prior to the 10-fold cross-
validation iterations rather than independently within each
training fold. As a result, the cross-validated performance
metrics reported in this study should be interpreted with
caution, as they may be somewhat positively biased. A further
limitation is related to the use of non-stratified 10-fold cross-
validation. Given our relatively small sample size and class
imbalance (43 early-stage vs. 23 significant fibrosis), this
approach may have occasionally led to folds with no or very
few minority-class observations, resulting in a minimum
AUC of 0.500 in certain iterations. This finding reflects fold-
level instability rather than a failure of the models themselves
and should be addressed in future studies with larger, more
balanced cohorts.

Finally, the lack of deep learning-based automatic
segmentation and more advanced modeling techniques may
have limited the capture of more complex structural patterns
in the parenchyma.

CONCLUSIONS

Texture analysis parameters derived from routine non-
contrast MRI sequences in patients with chronic hepatitis
B may provide additional quantitative information for the
noninvasive assessment of liver fibrosis. This approach may
serve as a complementary tool within routine liver MRI.
However, given the single center design and limited sample
size of the present study, further studies are needed before
clinical application can be considered. Such studies should
include larger patient cohorts, external validation across
different scanners and protocols, and preferably automated
segmentation.
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