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Abstract
Objectives To explore the value of a T1 mapping-based radiomic model for evaluating liver function.

Methods From September 2020 to October 2022, 163 patients were retrospectively recruited and categorized into 
normal liver function group, chronic liver disease group without cirrhosis, Child‒Pugh class A group, and Child‒Pugh 
class B and C group. Patients were randomly split into training and testing sets. Radiomic features were extracted 
from T1 mapping images taken both pre- and post-contrast injection, as well as during the hepatobiliary phase (HBP). 
Radiomic models were constructed to stratify chronic liver disease, cirrhosis and decompensated cirrhosis. Model 
performance was assessed with receiver operating characteristic curve analysis, and decision curve analysis.

Results The K-Nearest Neighbors model demonstrated the best generalization across native T1 map, HBP T1 
maps and HBP images. In the training set, based on native T1 maps, it achieved accuracies of 0.83, 0.86, and 0.86 in 
distinguishing chronic liver disease, cirrhosis, and decompensated cirrhosis, with corresponding AUCs of 0.92, 0.92, 
and 0.95. In the testing set, the accuracies were 0.75, 0.89, and 0.71, with AUCs of 0.79, 0.92, and 0.83, respectively. 
When using HBP images with T1 maps, the accuracies were 0.72, 0.90, and 0.72 in the testing set in identifying chronic 
liver disease, cirrhosis, and decompensated cirrhosis with AUCs of 0.82, 0.93, and 0.79, respectively.

Conclusion Radiomic analysis based on native T1 map, and HBP with or without T1 map images shows promising 
potential for liver function assessment, particularly in distinguishing cirrhosis.
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Introduction
Chronic liver disease, including liver cirrhosis, imposes 
a heavy global health burden and is one of the leading 
causes of mortality, accounting for approximately 2 mil-
lion deaths annually [1]. Accurate liver function assess-
ment is essential for prognosis prediction, treatment 
guidance, and presurgical planning, particularly for liver 
malignancies. There is a growing demand for precise, 
quantitative liver function evaluation in clinical practice.

Currently, liver function is commonly assessed using 
biochemical markers and clinical scoring systems such 
as the Child‒Pugh classification, Model for End-Stage 
Liver Disease (MELD) score, and the indocyanine green 
(ICG) clearing test [2]. However, each of these methods 
has inherent limitations. The Child‒Pugh score incorpo-
rates subjective clinical parameters, such as ascites and 
hepatic encephalopathy, potentially leading to interob-
server variability. The MELD score, though objective, is 
primarily for end-stage liver disease and lacks sensitivity 
for detecting early-stage cirrhosis. The ICG test, though 
providing a quantitative measure of hepatic uptake func-
tion, is invasive and sensitive to hemodynamic changes 
and fails to reflect the heterogeneity of regional hepatic 
function. These limitations highlight the need for alter-
native, imaging-based quantitative liver function assess-
ment methods.

Gadoxetic acid disodium (Gd-EOB-DTPA)-enhanced 
magnetic resonance imaging (EOB-MRI) has emerged as 
a promising imaging modality for liver function evalua-
tion. Gd-EOB-DTPA is a hepatocyte-specific contrast 
agent that is taken up by hepatocytes via organic anion-
transporting polypeptides (OATPs) and excreted into 
the bile through multidrug-resistant proteins (MRPs), 
simulating bile excretion [3–5]. The resulting hepatobili-
ary phase (HBP) images provide functional insights into 
hepatocellular uptake and biliary excretion. With the use 
of T1 mapping, it enables direct measurement of SI of the 
images [6–13]. However, the utility of native T1 mapping 
for assessing liver function remains debated. Some stud-
ies [14, 15] have shown a negative correlation between 
pre-contrast T1 relaxation time (T1pre) and liver func-
tion, while others have reported paradoxical changes, 
raising concerns about its consistency and clinical appli-
cability [7, 14, 15].

Radiomics enables high-throughput feature extrac-
tion and quantitative analysis of medical images [16] that 
has been applied to the diagnosis, treatment evaluation 
and prognosis prediction of various diseases. Thüring et 
al. used machine learning models based on multiphase 
CT images in assessing Child-Pugh class, and the CNN 
model performs comparable to experienced radiologists 
[17]. Zhang et al. utilized a radiomic nomogram based on 
R2* mapping and clinical biomarkers to stage liver fibro-
sis, showing promising results in identifying significant 

fibrosis, advanced fibrosis, and cirrhosis [18]. Until now, 
no studies have yet applied MRI-based T1 mapping with 
radiomics to assess liver function.

Therefore, this study aims to explore the potential 
of native T1 mapping-based radiomics in quantitative 
assessment of liver function and to evaluate its added 
value to HBP imaging compared to HBP imaging alone.

Materials and methods
Patients
This study was approved by the hospital’s Ethics Com-
mittee on Human Research, with a waiver for informed 
consent. A total of 269 patients who underwent EOB-
MRI of the liver at our hospital from September 2020 to 
October 2022 were retrospectively recruited. The inclu-
sion criteria included patients with chronic hepatitis B, 
with or without cirrhosis, as well as individuals with-
out chronic liver disease who had suspected focal liver 
lesions requiring MRI, serving as the normal liver func-
tion (NLF)group. Of these, 106 (57 males and 49 females) 
were excluded for the following reasons: (1) diffuse or 
multiple lesions (n = 22); (2) prior partial hepatectomy 
(n = 20); (3) prior spleen resection (n = 13); (4) biliary 
obstruction; (n = 18); (5) severe fatty liver (n = 20); and (6) 
significant image artifacts (n = 13). A total of 163 patients 
(117 males and 46 females) were ultimately included in 
the study, with the patient selection process outlined in 
Fig. 1. Clinical and laboratory data collected included sex, 
age, hepatitis type, total bilirubin, prothrombin time, and 
Child‒Pugh class. The patients were separated into four 
groups: the NLF, chronic liver disease (CLD) without cir-
rhosis (hereafter, CLD refers specifically to chronic liver 
disease without cirrhosis), Child-Pugh class A (CPA), 
and Child-Pugh class B and C (CPBC). Subsequently, the 
patients were randomly split into a training set (n = 114) 
and a test set (n = 49) at a ratio of 7:3 for three stratified 
classification tasks:

  • Task 1, for distinguishing chronic liver disease: NLF 
vs. (CLD + CPA + Child–Pugh class B and C (CPBC))

  • Task 2, for distinguishing cirrhosis: (NLF + CLD) vs. 
(CPA + CPBC)

  • Task 3, for distinguishing decompensated cirrhosis: 
(NLF + CLD + CPA) vs. CPBC.

MR protocol
MRI examinations were performed on a 3.0T scanner 
(Magnetom Prisma, Siemens Healthineers, Erlangen, 
Germany) with an 18-channel body phased array coil. 
All patients underwent epigastric EOB-MRI scanning. 
Gd-EOB-DTPA (Primovist, Bayer Schering Pharma, Ber-
lin, Germany) was administered intravenously at a dose 
of 0.025 mmol/kg, with a rate of 1.0 mL/s, followed by a 
20 mL saline flush at the same rate. T1 mapping images 
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were acquired before and 20  min after contrast injec-
tion (i.e., during the hepatobiliary phase or HBP), while 
T1-weighted images were acquired during the HBP 
without T1 mapping. A rapid three-dimensional volu-
metric interpolated breath-hold examination sequence 
was acquired to obtain whole-liver volume T1 mapping 
images in one breath-hold (13–20 s). Before the T1 map-
ping sequence, automatic correction was performed 
with a B1 mapping pulse sequence. The parameters for 
the T1 mapping were: flip angle = 3°, 15°, inversion time 
(TI) = 800 msec, repetition time (TR) = 5.01 msec, echo 
time (TE) = 2.3 msec, scan matrix = 224 × 168 × 112, 
field-of-view (FOV) = 380  mm×305  mm, layer thick-
ness = 4  mm, and interval = 0.8  mm. The T1-weighted 
scan parameters were as follows: flip angle = 9°, TR = 3.37 
msec, TE = 1.33 msec, scan matrix = 352 × 250 × 176, 
FOV = 380  mm×320  mm, layer thickness = 3  mm, and 
interval = 0.6 mm.

Image segmentation
Native T1 maps, HBP T1 maps, and HBP images were 
retrieved for radiomic analysis. The analysis focused on 
these specific imaging modalities due to their relevance 
in assessing liver tissues and their capability to highlight 
pathological changes that are not easily visible in other 
imaging sequences. Two experienced radiologists, each 
with over eight years of specialization in abdominal MRI, 

manually delineated the regions of interest (ROIs) using 
the InferScholar Center platform ( h t t p  : / /  r e s e  a r  c h .  i n f  e 
r v i  s i  o n . c o m / v 2 /, InferVision). ROIs were delineated as 
shown in Fig.  2, avoiding focal liver lesions, major bile 
duct branches, and hepatic vessels. The segmentation 
included the left lateral lobe, left medial lobe, right ante-
rior lobe, and right posterior lobe of the liver, each with 
an area of approximately 100 mm2. Interobserver repro-
ducibility was evaluated using the intraclass correlation 
coefficient (ICC). Features were selected based on their 
ICC values, with those exhibiting ICCs above 0.75 chosen 
for further feature transformation to ensure high consis-
tency across different groups. This decision was informed 
by the widely accepted guidelines on ICC interpretation, 
which categorize values above 0.75 as indicative of ‘good’ 
to ‘excellent’ reliability [19].

Radiomic feature extraction, selection and model Building
The InferScholar Center platform ( h t t p  : / /  r e s e  a r  c h .  i n f  
e r v i  s i  o n . c o m / v 2 /, InferVision) was used for  n o r m a l i z a 
t i o n , radiomic feature extraction, selection and model 
building. All images were normalized using z-score nor-
malization before radiomic feature extraction. Radiomic 
features were automatically extracted from each seg-
mented ROI following image segmentation. The radiomic 
features evaluated in this study were categorized into sev-
eral types: first-order statistics, 2D shape descriptors, and 

Fig. 1 Flow diagram of the study population
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texture features including the gray-level co-occurrence 
matrix (GLCM), gray-level size-zone matrix (GLSZM), 
gray-level run-length matrix (GLRLM), neighborhood 
gray-tone difference matrix (NGTDM), and gray-level 
dependence matrix (GLDM). Additionally, a variety of 
filters—Original, Wavelet, Laplacian of Gaussian (LoG), 
Square, Square Root, Logarithm, Exponential, and Gradi-
ent were applied to enhance the feature extraction pro-
cess. These methodologies were employed to facilitate a 
comprehensive analysis of the imaging data, aiming to 
capture a broad spectrum of information pertinent to the 
underlying pathology.

The feature selection process was conducted in mul-
tiple steps to ensure the relevance, independence, and 
robustness of the selected features. First, Spearman cor-
relation analysis was employed to exclude features exhib-
iting high correlation (correlation coefficient > 0.85). 
Subsequently, univariate analysis was performed to iden-
tify features demonstrating statistically significant differ-
ences among the groups (p < 0.05). Feature selection was 
further refined using the least absolute shrinkage and 
selection operator (LASSO) logistic regression, combined 
with 5-fold cross-validation. Radiomic models were then 
developed using several algorithms, including: Stochastic 
Gradient Descent (SGD), Adaptive Boosting (AB), Linear 
Discriminant Analysis (LDA), Bagging (BAG), Gradient 
Boosting Trees (GBT), Logistic Regression (LR), Support 
Vector Classification (SVC), Nu-Support Vector Clas-
sification (NuSVC), K-Nearest Neighbors (KNN), Deci-
sion Tree (DT), Naive Bayes with Bernoulli distribution 
(NBB), Naive Bayes with Gaussian distribution (NBG), 
Multi-Layer Perceptron (MLP) and Random Forest (RF). 
The efficacy of these models was assessed through 10-fold 
cross-validation, employing receiver operating charac-
teristic curve (ROC) analysis to compute performance 
metrics such as area under the curve (AUC), accuracy, 
sensitivity, and specificity. The model with good general-
ization ability across the three tasks and the highest area 
under the ROC curve (AUC), sensitivity, and specificity 

was selected. Decision curve analysis (DCA) was applied 
to determine the clinical utility of the radiomic model in 
classifying liver function, as illustrated in Fig. 3.

Statistical analysis
Statistical analyses were conducted using SPSS 16.0 
(SPSS, IL, USA). The normality of the measurement 
data was assessed using the Kolmogorov‒Smirnov test. 
Quantitative data were reported as mean ± standard 
deviation for data following a normal distribution, and as 
median ± interquartile range for data that did not exhibit 
normal distribution. Differences between the training 
and test cohorts were evaluated using the Mann‒Whit-
ney U test and Bonferroni correction as appropriate, 
with a threshold for statistical significance established at 
p < 0.05.

Results
Clinical characteristics
A total of 117 male patients with a median age of 
51 ± 12.30 years and 46 female patients with a median age 
of 52.50 ± 12.07 years were included in the study. Among 
the participants, 44 had NLF, 32 had CLD, and 87 had 
cirrhosis. Among those with cirrhosis, 45 were classified 
as CPA, 28 as Child‒Pugh class B (CPB), and 14 as Child‒
Pugh class C (CPC).

Radiomic feature selection and model analysis
For each dataset, 919 radiomic features were initially 
extracted. The segmentation was assessed using the intra-
class correlation coefficient (ICC), and features sensitive 
to the segmentation method were excluded. The number 
of features extracted for the three stratified classifica-
tion tasks from Native T1 maps, HBP T1 maps, and HBP 
images were as follows: 736, 740, and 763, respectively, all 
exhibiting high stability (ICC > 0.75).The mean and stan-
dard deviation of ICC values for Native T1 maps, HBP T1 
maps, and HBP images were: 0.86 ± 0.05, 0.83 ± 0.06, and 
0.83 ± 0.09, respectively. After removing highly correlated 

Fig. 2 Examples of ROIs depicted on native T1 map (a), HBP T1 map (b) and HBP images (c). A 65-year-old patient with chronic hepatitis B viral hepatitis 
for 8 years and liver cirrhosis with Child–Pugh class B. ROI: region of interest, HBP: hepatobiliary phase, T1: T1 relaxation time
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features using Spearman correlation analysis, 180, 184, 
and 177 features were retained for Task 1; 194, 194, and 
193 for Task 2; and 197, 210, and 204 for Task 3. Among 
these, univariate analysis identified 121, 103, and 101 fea-
tures as significantly different between the two groups in 
Task 1; 104, 90, and 110 in Task 2; and 116, 125, and 144 
in Task 3. Finally, using the LASSO method, we selected 
13, 10, and 9 valuable features for Task 1; 7, 10, and 11 for 
Task 2; and 11, 9, and 17 for Task 3, corresponding to the 
three sequences (see Supplementary Material 1). Based 
on these features, 12 radiomics models were developed.

Among the twelve models, the KNN model showed the 
best generalization across native T1 map, HBP T1 maps 
and HBP images across 3 tasks (Table 1). In the training 
set, the KNN model based on native T1 maps achieved 
high accuracy (0.83) in distinguishing chronic liver dis-
ease, 0.86 in distinguishing cirrhosis, and 0.86 in distin-
guishing decompensated cirrhosis, with corresponding 
AUCs of 0.92, 0.92, and 0.95, respectively. In the testing 
set, the accuracies were 0.75, 0.89, and 0.71, with AUCs 
of 0.79, 0.92, and 0.83, respectively (Table 1; Fig. 4). The 
DCA results indicated that the KNN model demon-
strated the best generalized classification ability and 
overall strong performance across different liver function 
groups, providing varying degrees of net clinical benefit 
in distinguishing cirrhosis and decompensated cirrhosis. 
However, its effectiveness was comparatively lower in 
distinguishing chronic liver disease (Fig. 5).

For the model constructed using HBP images with 
T1 maps, the accuracies were 0.87, 0.94, and 0.94 in the 
training set, and 0.72, 0.90, and 0.72 in the testing set 
in distinguishing chronic liver disease, cirrhosis, and 
decompensated cirrhosis groups, respectively. The corre-
sponding AUCs were 0.95, 0.98, and 0.98 in the training 
set, and 0.82, 0.93, and 0.79 in the testing set.

For the model constructed using HBP images with-
out T1 maps, the accuracies were 0.85, 0.99, and 0.96 in 
the training set, and 0.81, 0.88, and 0.90 in the testing 
set in distinguishing chronic liver disease, cirrhosis, and 
decompensated cirrhosis groups, respectively. The corre-
sponding AUCs were 0.94, 1.00, and 0.99 in the training 
set and 0.89, 0.94, and 0.95 in the testing set.

Discussion
To our knowledge, the present study is the first to use 
machine learning-based radiomic models for quantita-
tively evaluating liver reserve function with the T1 map-
ping technique in EOB-MRI. Radiomic analysis based on 
native T1 maps, HBP T1 maps and HBP images showed 
promising results in evaluating liver reserve function. 
The final KNN model that we selected showed favorable 
results in stratified analysis of distinguishing chronic liver 
disease, cirrhosis, and decompensated cirrhosis.

Notably, the radiomic models exhibited good discrimi-
nation performance when the radiomic features were 
extracted from the native T1 maps for stratifying dif-
ferent liver function groups (AUCs in the training set: 

Fig. 3 Workflow for constructing the radiomic models. Task 1, for distinguishing chronic liver disease: NLF vs. (CLD + CPA + Child–Pugh class B and C 
(CPBC)); Task 2, for distinguishing cirrhosis: (NLF + CLD) vs. (CPA + CPBC); Task 3, for distinguishing decompensated cirrhosis: (NLF + CLD + CPA) vs. CPBC. 
NLF, normal liver function; CLD, chronic liver disease without cirrhosis; CPA, Child–Pugh class A; CPBC, Child–Pugh class B + C; AUC, area under the curve; 
DCA, decision curve analysis
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0.92–0.95, AUCs in the test set: 0.79–0.92). This suggests 
the possibility to evaluate liver function without contrast 
agents, thereby mitigating the risk of patient discomfort 
and allergic reactions, reducing financial burdens, and 
concurrently reducing examination times while enhanc-
ing patient comfort. In contrast, previous studies have 
suggested that T1pre measured from native T1 mapping 
has poor diagnostic performance in assessing liver func-
tion. Conflicting results have also been reported from 
several studies in identifying cirrhosis. Heye et al. [20] 
and Katsube et al. [14] reported prolonged pre-contrast 
T1 relaxation values in cirrhotic liver patients compared 
with control individuals, whereas the studies by Haimerl 
[21] et al. and Besa [7] et al. revealed no significant dif-
ferences in the relaxation values between patients with 
normal and abnormal liver function. Moreover, several 
studies have reported paradoxical changes in that the T1 
relaxation value from native T1 maps as liver function 
deteriorates [7]. Specifically, T1pre first increased from 
the normal liver function to the compensating cirrhosis 
group, and then decreased in the decompensated cirrho-
sis patients. This may partly explain the poor diagnostic 
performance of pre-contrast T1 relaxation value in liver 
function evaluation and why it performed better in dis-
tinguishing cirrhosis but failed in stratifying the chronic 
liver disease or the decompensated cirrhosis patients.

The radiomic models based on HBP images achieved 
better diagnostic efficacy in the assessment of liver 
function than native T1 maps, with the use of hepato-
cyte-specific contrast agent. In stratifying chronic liver 
disease, cirrhosis and decompensated cirrhosis, the HBP 
image-based radiomic models showed excellent efficacy 
(training set: AUCs 0.94, 1.00, and 0.99, respectively; test 
group: AUCs 0.89, 0.94, and 0.95, respectively). Previ-
ous studies investigated whether the SI from HBP images 
achieved good performance in evaluating liver function. 
Eiras-Araújo et al. [22] compared the relative enhance-
ment index with the Child–Pugh score, the MELD score, 
and the ICG plasma disappearance rate, and the ROC 
curve revealed an AUC of 0.94 in discriminating patients 
with poor liver function. Ippolito et al. [23] used the SI 
from HBP images to successfully stratify patients with 
different Child‒Pugh classes and MELD scores. Takatsu 
et al. [24] investigated the quantitative liver–spleen con-
trast ratio with the albumin–bilirubin (ALBI) grading 
system, and a strong correlation was observed between 
the quantitative liver–spleen contrast ratio from HBP 
images obtained with Gd-EOB-DTPA and the ALBI 
grade. Other MRI parameters, including T1 relaxation-
based indices (T1post, ΔT1) and two hepatocyte fraction 
indices (HeF and Khep), have also demonstrated prom-
ising results in assessing liver function [25, 26]. Notably, 
the highest AUC of 0.985 was achieved with Khep for dif-
ferentiating cirrhosis [9, 10, 27], though this performance Ta

bl
e 

1 
D

ia
gn

os
tic

 p
er

fo
rm

an
ce

 o
f t

he
 K

N
N

 m
od

el
 in

 th
e 

tr
ai

ni
ng

 a
nd

 te
st

 c
oh

or
ts

St
ra

tifi
ed

 li
ve

r f
un

ct
io

n 
gr

ou
p

Tr
ai

ni
ng

 s
et

Te
st

 s
et

AU
C 

(9
5%

 C
I)

A
cc

ur
ac

y
Se

ns
iti

vi
ty

Sp
ec

ifi
ci

ty
AU

C 
(9

5%
 C

I)
A

cc
ur

ac
y

Se
ns

iti
vi

ty
Sp

ec
ifi

ci
ty

Ta
sk

 1
N

at
iv

e 
T1

0.
91

8 
(0

.8
83

–0
.9

49
)

0.
83

 (0
.7

81
, 0

.8
73

)
0.

85
 (0

.7
45

, 0
.9

39
)

0.
82

 (0
.7

66
, 0

.8
77

)
0.

79
4 

(0
.7

00
–0

.8
70

)
0.

75
 (0

.6
60

, 0
.8

30
)

0.
85

 (0
.7

14
, 0

.9
67

)
0.

70
 (0

.5
90

, 0
.8

09
)

H
BP

 T
1

0.
94

9 
(0

.9
17

–0
.9

75
)

0.
87

 (0
.8

20
, 0

.9
16

)
0.

93
 (0

.8
33

, 1
.0

00
)

0.
86

 (0
.7

94
, 0

.9
10

)
0.

81
4 

(0
.7

06
–0

.9
10

)
0.

72
 (0

.6
12

, 0
.8

21
)

0.
81

 (0
.6

25
, 0

.9
57

)
0.

67
 (0

.5
42

, 0
.8

11
)

H
BP

0.
93

9 
(0

.9
07

–0
.9

66
)

0.
85

 (0
.8

05
, 0

.8
98

)
0.

86
 (0

.7
68

, 0
.9

42
)

0.
85

 (0
.7

86
, 0

.9
04

)
0.

88
7 

(0
.7

99
–0

.9
56

)
0.

81
 (0

.7
14

, 0
.8

96
)

0.
77

 (0
.6

00
, 0

.9
23

)
0.

82
 (0

.7
14

, 0
.9

25
)

Ta
sk

 2
N

at
iv

e 
T1

0.
91

9 
(0

.8
82

–0
.9

48
)

0.
86

 (0
.8

05
, 0

.8
98

)
0.

88
 (0

.8
06

, 0
.9

30
)

0.
84

 (0
.7

76
, 0

.8
98

)
0.

91
8 

(0
.8

45
–0

.9
76

)
0.

89
 (0

.8
26

, 0
.9

46
)

0.
88

 (0
.7

75
, 0

.9
70

)
0.

90
 (0

.8
11

, 0
.9

80
)

H
BP

 T
1

0.
98

3 
(0

.9
66

–0
.9

95
)

0.
94

 (0
.8

95
, 0

.9
71

)
0.

93
 (0

.8
62

, 0
.9

77
)

0.
95

 (0
.8

96
, 0

.9
88

)
0.

93
0 

(0
.8

47
–0

.9
91

)
0.

9 
(0

.8
36

, 0
.9

59
)

0.
96

 (0
.8

67
, 1

.0
00

)
0.

88
 (0

.7
90

, 0
.9

61
)

H
BP

1.
00

0 
(0

.9
99

, 1
.0

00
)

0.
99

 (0
.9

77
, 1

.0
00

)
1.

00
 (1

.0
00

, 1
.0

00
)

0.
98

 (0
.9

52
, 1

.0
00

)
0.

93
5 

(0
.8

69
. 0

.9
85

)
0.

88
 (0

.8
03

, 0
.9

47
)

0.
87

 (0
.7

50
, 0

.9
70

)
0.

89
 (0

.7
94

, 0
.9

76
)

Ta
sk

 3
N

at
iv

e 
T1

0.
95

1 
(0

.9
23

–0
.9

74
)

0.
86

 (0
.8

17
, 0

.9
04

)
0.

83
 (0

.7
79

, 0
.8

89
)

0.
95

 (0
.8

79
, 1

.0
00

)
0.

82
9 

(0
.7

40
–0

.9
15

)
0.

71
 (0

.6
22

, 0
.8

06
)

0.
68

 (0
.5

69
, 0

.7
82

)
0.

83
 (0

.6
54

, 1
.0

00
)

H
BP

 T
1

0.
98

2 
(0

.9
64

–0
.9

94
)

0.
94

 (0
.9

03
, 0

.9
76

)
0.

96
 (0

.9
30

, 0
.9

92
)

0.
88

 (0
.7

91
, 0

.9
63

)
0.

78
79

 (0
.6

64
–0

.8
89

)
0.

72
 (0

.6
25

, 0
.8

25
)

0.
67

 (0
.5

47
, 0

.7
90

)
0.

87
 (0

.7
00

, 1
.0

00
)

H
BP

0.
98

8 
(0

.9
76

–0
.9

97
)

0.
96

 (0
.9

32
, 0

.9
85

)
0.

97
 (0

.9
47

, 0
.9

94
)

0.
91

 (0
.8

18
, 0

.9
83

)
0.

94
6 

(0
.8

96
–0

.9
84

)
0.

90
 (0

.8
37

, 0
.9

54
)

0.
88

 (0
.7

90
, 0

.9
50

)
0.

95
 (0

.8
33

, 1
.0

00
)

N
ot

e:
 1

. t
as

k 
1,

 fo
r d

is
tin

gu
is

hi
ng

 c
hr

on
ic

 li
ve

r d
is

ea
se

: N
LF

 v
s.

 (C
LD

 +
 C

PA
 +

 C
PB

C
));

 ta
sk

 2
, f

or
 d

is
tin

gu
is

hi
ng

 c
irr

ho
si

s:
 (N

LF
 +

 C
LD

) v
s.

 (C
PA

 +
 C

PB
C

); 
an

d 
ta

sk
 3

, f
or

 d
is

tin
gu

is
hi

ng
 d

ec
om

pe
ns

at
ed

 c
irr

ho
si

s:
 (N

LF
 +

 C
LD

 +
 C

PA
) 

vs
. C

PB
C

)

2.
 N

LF
: n

or
m

al
 li

ve
r f

un
ct

io
n,

 C
LD

: c
hr

on
ic

 li
ve

r d
is

ea
se

 w
ith

ou
t c

irr
ho

si
s,

 C
PA

: C
hi

ld
‒P

ug
h 

cl
as

s 
A

, C
PB

C:
 C

hi
ld

–P
ug

h 
cl

as
s 

B 
an

d 
C



Page 7 of 10Li et al. BMC Medical Imaging          (2025) 25:111 

is still inferior to that of our method. Additionally, most 
previous studies did not include an NLF group or a CPC 
group. In contrast, our analyses encompassed all patient 
stratifications, from NLF to CLD, as well as various 
Child-Pugh classes. However, we did not analyze patients 
with CPC separately due to the small sample size, which 
would have hindered a comprehensive radiomic analysis.

In distinguishing cirrhosis, adding T1 mapping to the 
HBP images did not enhance the results of the mod-
els compared to using HBP images alone. Therefore, we 
cannot conclude that adding T1 mapping provides an 
additional benefit to HBP image-based radiomics for 
liver function analysis. Similar findings were reported by 
Makowski et al. [28], who used T1 mapping with bipara-
metric MRI of prostate cancer through radiomics. They 
noted that while the addition of T1 mapping improved 
the accuracy of some classification models, it did not 
enhance the performance of the best model. However, 
when Chen et al. [25] added T1 mapping to HBP images 
in radiomic analysis for the preoperative prediction of 
microvascular invasion in hepatocellular carcinoma 
patients, the combination outperformed HBP images 
alone. Thus, it remains unclear whether T1 mapping 
should be added to HBP or other MR images for radiomic 
analysis. Given that the HBP image-based radiomic 
model developed here already demonstrates excellent 

results, the additional benefit of T1 mapping may be 
minimal. Nonetheless, confirming this assessment may 
require a larger study involving whole-liver ROI analysis 
or the application of a deep learning model.

Given the heterogeneity of liver function impairment in 
chronic liver disease, previous studies have investigated 
the effects of various ROI methods on results using quan-
titative techniques or radiomic analysis [28]. However, 
controversy persists regarding the optimal method for 
ROI delineation. For instance, studies by Vaziri-Bozorg et 
al. [29] found no difference in average apparent diffusion 
coefficient values between large and small ROIs. Simi-
larly, Song J et al. [30] found no statistically significant 
differences in the efficacy of imaging-based models when 
comparing whole-liver and right-liver ROIs during evalu-
ations of hepatic arterial infusion. Additionally, Yeung J 
et al. [31] suggested that choosing a 3D ROI for the whole 
liver might dilute texture features. As a result, we opted 
to select only four small ROIs distributed throughout the 
liver for our analysis. This approach yielded satisfactory 
results and offers a method that enhances clinical feasi-
bility and practicality while simplifying image processing.

Limitation
First, while it involved a larger population compared 
to previous studies, the number of liver cirrhosis 

Fig. 4 ROC curves of the KNN model constructed from native T1 maps in the training and testing sets. ROC: receiver operating characteristic, KNN: K-
Nearest Neighbors, T1: T1 relaxation time, CPA: Child–Pugh class A, CPBC: Child–Pugh class B + C
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participants in the CPC group was relatively small, 
necessitating their analysis alongside patients with CPB. 
Second, we relied solely on the Child-Pugh score to cat-
egorize liver function, without evaluating other standards 
such as the ALBI score, MELD score, or ICG clearance 
test. Further research is needed to compare these catego-
rization methods. Third, our use of small ROIs to repre-
sent whole-liver function may introduce bias, and further 
studies employing whole-liver ROIs are warranted. Addi-
tionally, this was a single-center study, and the perfor-
mance of the existing radiomic model has not been 
externally validated. As such, the generalizability of the 
findings requires verification with multicenter, multiven-
dor studies in larger cohorts before the radiomic analysis 
of quantitative native T1 imaging can be implemented in 
clinical practice.

Conclusions
In conclusion, our study demonstrates that radiomic 
analysis based on native T1 maps and HBP images, with 
or without T1 maps, shows promise in evaluating liver 
function, particularly in identifying cirrhosis. However, 
the additional benefits of the use of T1 maps on HBP 
images remain unclear and require further investigation.
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