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Abstract

Objectives Immunoscore evaluates the density of CD3+ and CD8+ T cells in both the tumor core and invasive margin.
Pretreatment prediction of immunoscore in hepatocellular cancer (HCC) is important for precision immunotherapy. We aimed
to develop a radiomics model based on gadolinium-ethoxybenzyl-diethylenetriamine (Gd-EOB-DTPA)-enhanced MRI for
pretreatment prediction of immunoscore (02 vs. 3—4) in HCC.

Materials and methods The study included 207 (training cohort: n = 150; validation cohort: n=57) HCC patients with hepa-
tectomy who underwent preoperative Gd-EOB-DTPA-enhanced MRI. The volumes of interest enclosing hepatic lesions includ-
ing intratumoral and peritumoral regions were manually delineated in the hepatobiliary phase of MRI images, from which 1044
quantitative features were extracted and analyzed. Extremely randomized tree method was used to select radiomics features for
building radiomics model. Predicting performance in immunoscore was compared among three models: (1) using only
intratumoral radiomics features (intratumoral radiomics model); (2) using combined intratumoral and peritumoral radiomics
features (combined radiomics model); (3) using clinical data and selected combined radiomics features (combined radiomics-
based clinical model).

Results The combined radiomics model showed a better predicting performance in immunoscore than intratumoral radiomics
model (AUC, 0.904 (95% CI 0.855-0.953) vs. 0.823 (95% CI 0.747-0.899)). The combined radiomics-based clinical model
showed an improvement over the combined radiomics model in predicting immunoscore (AUC, 0-926 (95% CI 0-884—0-967) vs.
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0-904 (95% CI 0-855—-0-953)), although differences were not statistically significant. Results were confirmed in validation cohort

and calibration curves showed good agreement.

Conclusion The MRI-based combined radiomics nomogram is effective in predicting immunoscore in HCC and may help

making treatment decisions.
Key Points

* Radiomics obtained from Gd-EOB-DTPA-enhanced MRI help predicting immunoscore in hepatocellular carcinoma.
» Combined intratumoral and peritumoral radiomics are superior to intratumoral radiomics only in predicting immunoscore.
» We developed a combined clinical and radiomicsnomogram to predict immunoscore in hepatocellular carcinoma.

Keywords Carcinoma - Hepatocellular - Gadolinium ethoxybenzyl DTPA - Magnetic resonance imaging - Immunotherapy

Abbreviations

AFP Alpha-fetoprotein

AST Aspartate transaminase

CT Center of the tumor

DAB Diaminobenzidine

DCA Decision curve analysis

Gd-EOB-DTPA  Gadolinium-ethoxybenzyl-
diethylenetriamine

GGT v-Glutamy! transpeptadase

GLCM Gray level co-occurrence matrix

GLRCM Gray level run-length matrix

HBP Hepatobiliary phase

HCC Hepatocellular carcinoma

ICB Immune checkpoint blockade

ICC Intra-class correlation coefficient

M Invasive margin

NPV Negative predictive value

PD-1 Programmed death receptor 1

PD-L1 Programmed death-ligand 1

PPV Positive predictive value

TIL Tumor infiltrating lymphocytes

TME Tumor microenvironment
VOI Volumes of interest
Introduction

Despite improved surveillance and development in treat-
ment strategies, the prognosis of hepatocellular carcino-
ma (HCC) remains poor due to high recurrence rates and
detection at advanced stages [1, 2]. Immunotherapy using
immune checkpoint blockade (ICB) is a recent advance
for the treatment of HCC [2, 3]. However, on top of high
cost, the efficacy of immunotherapy varies greatly across
individuals with an objective response rate of 20% [2, 3].
Thus, identification of potential responders to immuno-
therapy is critical. Previous studies showed that response
and survival were closely related to the density of tumor
infiltrating lymphocytes (TILs) [4-6]. A study revealed
that PD-1 was upregulated on TILs and antibodies
against PD-ligand 1 (PD-L1) restore functions of TILs
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in HCC, which suggested that the density of TILs might
be associated with the efficacy of ICB [7]. Analyses of
the type, functional orientation, density, and spatial loca-
tion of TILs have been developed into immunoscore in
several cancers [8—13]. For HCC, high immunoscore was
significantly associated with a low rate of recurrence and
a prolonged recurrence-free survival [14-17]. HCC
immunoscrore could be crucial for predicting prognosis
and selecting relevant candidates for immunotherapy.
However, the immunoscore is mainly determined on
postoperative histology, prompting the need for non-
invasive pretreatment tools for prediction of immune
infiltrates.

The association between imaging features and TIL den-
sity has been explored [18-20]. However, these features
were either extracted by visual imaging or quantitative
kinetic analysis. Radiomics can extract far more features
than visual imaging [21-23]. Several studies dealing with
glioma, breast, skin, and liver cancers showed that many
image features extracted by radiomics, notvisually ob-
served, were closely related to specific microscopic fea-
tures at the molecular level and could characterize the
tumor and its tumor microenvironment (TME) [24-28].
These imaging features, including texture features, filter
transformed features, and wavelet features, may be used
to predict tumor gene expression, pathological classifica-
tion, molecular subtyping, or treatment response [23-28].
Hepatobiliary-specific MRI contrast agent, gadolinium-
ethoxybenzyl-diethylenetriamine (Gd-EOB-DTPA) im-
prove the delineation of tumor boundaries and could fa-
cilitate radiomics study [29, 30]. Most previous radiomics
studies focused on the intratumoral region and
disregarded boundaries [23, 31-34]. Recently, a breast
cancer study suggested that the combined use of
intratumoral and peritumoral radiomics was more efficient
in predicting treatment efficacy [25].

Thus, we compared an intratumoral only radiomics model,
an intratumoral and peritumoral combined radiomics model
and a radiomics-based clinical model using Gd-EOB-DTPA-
enhanced MRI for pretreatment evaluation of immunoscore in
HCC patients.
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Materials and methods
Patients

A total of 207 patients who underwent surgery between
Nov 2011 and Sep 2017 were consecutively included in this
study. The inclusion criteria were as follows: (1) resectable
solitary HCC lesion or multiple HCC lesions within one liver
lobe; (2) underwent hepatectomy; (3) pathological confirma-
tion of HCC; (4) Child-Pugh A or B; (5) received Gd-EOB-
DTPA-enhanced MRI of the liver within 1 month before sur-
gery. Exclusion criteria included (1) received other anti-tumor
therapies before surgery; (2) with history of any other concur-
rent malignancies; (3) incomplete clinical data; or (4) insuffi-
cient pathological samples. All enrolled patients were allocat-
ed to the training (n = 150) and validation cohorts (n =57) in a
7:3 ratio according to the time sequence. The Institutional
Ethic Review Board has approved our study and the informed
consent was waived. The workflow of the study is shown in
Fig. 1.

Immunohistochemistry

Slides from paraffin blocks prepared with surgical tissue spec-
imen were incubated (24 h at 4 °C) with monoclonal antibod-
ies against CD3 (2GV6, Ventana) and CD8 (C8/44, Dako).
Envision system and DAB-chromogen (Dako) were applied
and counterstained with methylene blue. After reviewing the
center of the tumor (CT) and invasive margin (IM), three
representative areas of CT and IM were respectively captured
under high power magnification (x 200) using ZEISS Axio
Scan Z1 Slide Scanner (University of Sydney, Bosch

Institute) (Fig. 1). The captured images were analyzed using
ImagePro Plus software (Media Cybernetics) to quantify the
positive cells of CD3 and CD8 (Fig. 2). The density was
recorded as the number of positive cells per unit tissue surface
unit in square millimeters [9]. The mean density of the three
areas was used for statistical analysis.

Immunoscore calculation

The medians of cell density were taken as the cutoff values to
stratify patients into groups based on the degree of tumor
infiltration [14, 15]. The cutoff thresholds for CD3 and CD8
cell densities were 189, 92 cells/mm? in the CT and 474,
284 cells/mm? in the IM, respectively. For each patient, a
binary score (0 as low, 1 as high) was given for each immune
cell type (CD3+ and CD8+) in each tumor region (CT and IM)
according to the developed thresholds. An immunoscore for
each patient was derived from the summation of four binary
scores (range, 0—4) [8, 35]. Immunoscore > 3 were defined as
high immunoscore, and immunoscores <2 were defined as
low immunoscore.

MR imaging acquisition

The MRI equipment and settings used in the present study are
detailed in Supplemental Materials and Supplemental Table 1.

Volume of interest identification and segmentation

The volumes of interest (VOIs) were delineated enclosing the
3D volume area of the liver lesions outlined in the
hepatobiliary phase (HBP) of MRI images by three
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Fig. 1 Flow chart of the study. a Enrolling HCC patients who met the
inclusion and exclusion criteria; b extracting radiomics features: (I)
obtaining Gd-EOB-DTPA-enhanced MRI images in the hepatobiliary
phase; (II) segmentation: the volume of interest was delineated by expe-
rienced radiologists and three-dimensional images were formed; (III)
extracting 1044 quantitative features by software; ¢ histopathological
examination: (I) obtaining gross specimens of tumor tissue; (II)

1 Pathology Feature Model
Selection Building

pathologic specimens; (III) immunohistochemistry; d data cleaning and
feature dimension reduction; e establishing the model for predicting
immunoscore by machine learning method: features through dimension
reduction were applied to establish the model by machine learning meth-
od to predict Immunoscore (a diagrammatic sketch of pathological
images)
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Fig. 2 a, b Representative
examples of CD3
immunostaining in tumor center
(CT) and invasive margin (IM) of

HCQC tissue specimens and digital
images of CD3+ T cells analyzed
using the image software
(ImagePro Plus software). ¢, d
Representative examples of CD8
immunostaining in CT and IM of
HCQC tissue specimens and digital

images of CD8+ T cells analyzed
using the image software.
Immunostained cells were brown

and tumor cells were blue in color.
For each marker, an enlargement
of a spot and an enlargement of
stained cells are illustrated. In the
digitial analyzed images, stained
cells were represented in red

independent radiologists with 5 years, 7 years, and 8 years of
experience respectively in liver imaging (Fig. 3). The
intratumoral region was defined as the area within
radiologist-annotated tumor boundaries. Then the annotated
intratumoral region was dilated at a radius of 1 cm by topology
algorithm, generating the combined intratumoral and
peritumoral region (dilated distance was analyzed as dilated

@ Springer

pixel counts multiplied by pixel size). Then the reproducibility
of the three radiologists to delineate VOI was assessed.

Radiomics feature extraction

The MR image features of all patients were extracted and
analyzed by the A.K. software version 2.0.0 (house-made
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a

Fig. 3 Representative MR images. a MR images showing tumor lesion in the hepatobiliary phase. b MR images showing the delineation of intratumoral

region. ¢ MR images showing the delineation of peritumoral region

software; Analysis-Kit, GE healthcare). A total of 1044 imag-
ing features were extracted, including six kinds of features
(Supplemental Table 2): 42 histogram parameters, 10 texture
parameters, 9 form factor parameters, 432 gray level co-
occurrence matrix (GLCM), 540 gray level run-length matrix
(GLRLM), and 11 gray level size zone matrix (GLSZM).

Statistical analysis

The continuous variables were described as mean + standard
deviation or median and quartile, and the categorical variables
were described as frequency and percentage. Independent
sample ¢ test or Kruskal-Wallis (KW) non-parametric rank
sum test was used to compare the clinical characteristics be-
tween training and validation cohorts for the continuous var-
iables with the former test for variables with normal distribu-
tion and the latter one for those with abnormal distribution,
while chi-square test or Fisher exact test for categorical vari-
ables. Skewness and kurtosis test was used to test the normal-
ity of the continuous variables. The inter-observer and intra-
observer reproducibility of feature extraction was assessed by
the intra-class correlation coefficient (ICC). ICC > 0.8 indicat-
ed high consistency, 0.5-0.79 middle, and < 0.5 low [36].

Radiomics feature selection and radiomics model building
The extremely randomized tree (Extra-Trees) method was
used for building predictive models for immunoscore using
features extracted not only from intratumoral region
(intratumoral radiomics model) but also from combined
intratumoral and peritumoral regions (combined radiomics
model) (Fig. 4) [37, 38]. The detailed Extra-Trees method
was described in Supplemental Materials. The diagnostic abil-
ity of the model was assessed with the area under the charac-
teristics operating curves (AUC), which measures the model’s
capability to classify immunoscore into 0 (immunoscore <2)
or 1 (immunoscore > 3). The accuracy, sensitivity, specificity,
positive predictive value (PPV), and negative predictive value
(NPV) were calculated as well.

Development and validation of radiomics-based clinical mod-
el In addition to the above two models, we also tried to inte-
grate the radiomics features with clinical data to provide a
combined radiomics-based clinical model in immunoscore.
The radiomics features and clinical variables were selected
into the logistic regression model based on the backward se-
lection with p values less than 0.1 in the training cohort. A
model was formulated based on the results of the multivariate
logistic regression model, and then tested in the validation
cohort. A calibration plot was generated to compare the
model-predicted versus actual observed probability of high
immunoscore.

Comparison of radiomics model and radiomics-based clinical
model The comparisons of predicting performance in
immunoscore between the combined radiomics model and
intratumoral radiomics model, and between the combined
radiomics model and combined radiomics-based clinical mod-
el were performed using the AUCs and the decision curve
analysis (DCA). DCA was conducted to determine the clinical
usefulness of these models by quantifying the net benefits at
different threshold probabilities. Bonferroni methodology was
used to adjust p values for multiple comparisons of the above
three models.

Association of radiomics features with clinical data A heatmap
analysis was performed to present associations between
radiomics features and clinical data. Spearman correlation
analysis was used to evaluate the associations between
radiomics feature and continuous clinical variables, and KW
non-parametric rank sum test was used between radiomics
feature (continuous variable) and categorical clinical
variables.

The Extra-Trees model is built in Python (version 2.7.14),
utilizing ExtraTreesClassifier from Scikit-learn. Other statisti-
cal analyses were performed by R software version 3.2.3 (Bell
Laboratories, Murray Hill, NJ; https://cran.r-project.org/bin/
windows/base/old/3.2.3). A two-sided p value was considered
statistically significant if less than 0.05.
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Train Data
Label

Features

Test Data

Model Building

Recursive
Elimination Feature
Selection Ranking

Based on Extra-
trees Algorithm

data set:
1044 features,

207 samples

Feature Subset 1

Feature Subset 2

Train data set:
1044 features,
150 samples

Feature Subset N

Test data set:
1044 features,
57 samples

\_

Classification Results

Fig. 4 Flowchart of feature selection and model building

Results
Baseline characteristics

Baseline characteristics were not significantly different be-
tween the training and validation cohorts (Table 1). In the
training and validation cohorts, there were 32 (21.3%) and
13 (22.8%) patients with high immunoscore, respectively. In
the training cohort, platelet count was significantly higher in
the group of low immunoscore than that in the group of high
immunoscore (p = 0.041). In the validation cohort, the propor-
tion of alpha-fetoprotein (AFP) >200 pg/L was significantly
higher in the group of high immunoscore than that in the
group of low immunoscore (p =0.019). Other results were
seen in Supplemental Table 3.

Inter-observer and intra-observer reproducibility
of feature extraction

The inter-observer ICC of the three radiologists was >0.8,
0.5-0.79, and < 0.5 for 82%, 10%, and 8% of the features,
respectively. And the intra-observer ICC of the same radiolo-
gist was > 0.8, 0.5-0.79, and < 0.5 for 85%, 14%, and 1% of
the features, respectively.
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Radiomics feature extraction and selection

We used unsupervised clustering analysis to divide 1044 fea-
tures in the training cohort into six groups as follows: (I)
histogram parameters, (II) texture parameters, (III) form factor
parameters, (IV) GLCM, (V) GLRLM, and (VI) GLSZM. The
heatmap was used to show the correlation coefficient matrix
among features (Supplemental Fig. 1). To reduce dependency
and redundancy, we used recursive feature elimination to re-
duce dimensions of these 1044 features and 863 features were
selected. Then, extremely randomized trees were applied and
70 features were selected to establish the radiomics model.
These 70 features and their importance were shown in
Supplemental Table 4.

Development and validation of radiomics model

The AUC, accuracy, sensitivity, and specificity of our
intratumoral radiomics model in predicting immunoscore
were 0.823 (95% confidence interval (CI), 0.747-0.899),
0.707, 81.3%, and 67.8% in the training cohort and
0.640 (95% CI, 0.477-0.803), 0.597, 53.9%, and 61.4%
in the validation cohort (Table 2). The AUC, accuracy,
sensitivity, and specificity of our combined radiomics
model were 0.904 (95% CI 0.855-0.953), 0.787,
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Table 1 Baseline clinical and pathological characteristics of the training and validation cohorts
Total (n=207) Training (n = 150) Validation (n=157) p values
Age, years, mean = SD 54.5+11.5 55.0+11.3 532+12.0 0.307
Gender 0.901
Male 188 (90.8) 136 (90.7) 52(91.2)
Female 19.(9.2) 14 (9.3) 5(8.8)
HBsAg 0.274
Negative 35 (16.9) 28 (18.7) 7(12.3)
Positive 172 (83.1) 122 (81.3) 50 (87.7)
Child-Pugh class 0.097
A 200 (96.6) 143 (95.3) 57 (100.0)
B 73.4) 7 (4.7) 0 (0.0)
BCLC 0.651
0 16 (7.7) 10 (6.7) 6 (10.5)
A 108 (52.2) 77 (51.3) 31 (54.4)
B 33 (15.9) 24 (16.0) 9 (15.8)
C 50 (24.2) 39 (26.0) 11 (19.3)
ALT, U/L 36.0 (22.0, 51.0) 37.0 (22.0, 52.0) 34.0 (22.0, 47.0) 0.306
AST, UL 35.0 (26.0, 58.0) 35.5(25.0, 56.0) 33.0 (26.0, 59.0) 0.829
GGT, UL 68.0 (35.0, 135.0) 79.0 (40.0, 142.0) 58.0 (34.0, 107.0) 0.102
Platelet count, 10°/L 161.0 (121.0, 219.0) 160.0 (118.0, 210.0) 176.0 (128.0, 219.0) 0.709
AFP, pg/L 46.7 (6.1, 856.3) 51.4 (6.8, 789.4) 35.6 (5.4, 856.3) 0.508
AFP group 0.534
<200 pg/L 131 (63.3) 93 (62.0) 38 (66.7)
>200 pg/L 76 (36.7) 57 (38.0) 19 (33.3)
Tumor size 4.5(2.8,6.9) 4.6 (2.9, 6.6) 43(2.7,8.5) 0.674
Tumor size group 0.967
<5cm 123 (59.4) 89 (59.3) 34 (59.6)
>5cm 84 (40.6) 61 (40.7) 23 (40.4)
Tumor number 1.0 (1.0, 2.0) 1.0 (1.0, 2.0) 1.0 (1.0, 2.0) 0.221
Tumor number group 0.403
1 136 (65.7) 96 (64.0) 40 (70.2)
>2 71 (34.3) 54 (36.0) 17 (29.8)
Macrovascular invasion 0.497
Absent 192 (92.8) 54 (94.7) 138 (92.0)
Present 15(7.2) 3(5.3) 12 (8.0
MVI 0.118
Absent 109 (52.7) 25 (43.9) 84 (56.0)
Present 98 (47.3) 32 (56.1) 66 (44.0)
Edmondson grade 0.616
1 8(3.9) 3(5.3) 5(3.3)
2 185 (89.4) 49 (86.0) 136 (90.7)
3 14 (6.8) 5(8.8) 9 (6.0)
Capsule 0.211
Absent 6(2.9) 3(5.3) 3(2.0)
Present 201 (97.1) 54 (94.7) 147 (98.0)
Capsule invasion 0.780
Absent 36 (17.4) 9 (15.8) 27 (18.0)
Present 165 (79.7) 45 (78.9) 120 (80.0)
Satellite lesion 0.057
Absent 135 (65.2) 43 (75.4) 92 (61.3)
Present 72 (34.8) 14 (24.6) 58 (38.7)

Continuous variables are presented as median (inter-quartile range, IQR) unless noted otherwise. Categorical variables are presented as n (%).

Independent sample ¢ test was used for continuous variables with normal

distribution and Kruskal-Wallis (KW) non-parametric rank sum test was used

for continuous variables with abnormal distribution. Skewness and kurtosis test was used to test the normality of continuous variables. Chi-square test or

Fisher exact test was used for the comparisons of categorical variables

SD standard deviation, HBsAg hepatitis B surface antigen, BCLC Barcelona Clinic Liver Cancer, ALT alanine aminotransferase, AST aspartate amino-
transferase, GGT gamma-glutamyltransferase, AF'P alpha-fetoprotein, MVI microvascular invasion

93.8%, and 74.6% in the training cohort and 0.899 (95%
CI 0.804-0.993), 0.772, 92.3%, and 72.7% in the vali-
dation cohort (Table 2, Supplemental Fig. 2a, 2b), which
suggested that the combined radiomics model yield an

improved performance in immunoscore than intratumoral
radiomics model alone (p =0.036 and p =0.005; adjusted
p=0.072 and p=0.010 in the training and validation
cohorts respectively).

@ Springer
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Development and validation of radiomics-based
clinical model

By integrating the combined radiomics features with all the
significant clinical variables (AFP, GGT, AST), we derived a
combined radiomics-based clinical model and found that it
yielded an AUC of 0.926 (95% CI 0.884—-0.967) in the train-
ing cohort (Table 2, Supplemental Fig. 2c). This model pre-
sented to be more accurate in predicting immunoscore than the
combined radiomics model alone, although the difference was
not statistically significant (p =0.128, adjusted p =0.256). In
the validation cohort, the combined radiomics-based clinical
model (AUC, 0.934 (95% CI 0.865-1.000)) also showed an
improved predicting performance in immunoscore over the
combined radiomics model alone (Supplemental Fig. 2d), de-
spite the non-significant statistical significance (p =0.112, ad-
justed p =0.224). The calibration curves showed good agree-
ment between predicted and actual events (Supplemental
Fig. 3).

The decision curves analysis showed that the combined
radiomics-based clinical model had the highest overall net
benefit compared with the combined radiomics model and
intratumoral radiomics model at different threshold probabil-
ities between 25% and 74% (Fig. 5). The combined
radiomics-based clinical model achieved similar overall net
benefit to the combined radiomics model alone at a range of
thresholds between 0 and 25%.

Association of radiomics features with clinical data

Heatmap results showed that HaralickCorrelation angle0 offset9,
HaralickCorrelation _angle45 offset2 and
HaralickCorrelation AllDirection offset7 were associated with
most of the listed clinical variables (all p < 0.05) except satellite

lesions and Edmondson grade. Other detailed results were in
Supplemental Fig. 4.

Discussion

In this study, we established and validated a model for
pretreatment prediction of immunoscore by combining
clinical factors and radiomics features extracted from the
intratumoral and peritumoral regions of Gd-EOB-DTPA-
enhanced MRI. Results showed that the combined
radiomics approach yielded an incremental accuracy in
predicting immunoscore over the intratumoral only
radiomics model (AUC 0.899 vs. 0.640) while the com-
bined radiomics-based clinical model yielded the highest
performance with an AUC of 0.934 despite of no signif-
icant difference with the combined radiomics model.

To the best of our knowledge, this is the first study
establishing a MRI radiomics model for immunoscore
prediction of HCC so far. The main reasons for high per-
formance of our combined radiomics model in both the
training and validation cohorts might be as followed.
First, many studies have supported the radiomics hypoth-
esis that proteogenomic and phenotypic information of the
tumor can be inferred from radiological images [27, 39].
The radiomics analysis of non-visible imaging traits is
able to quantify the tumor and its microenvironment in
detail [40]. Secondly, radiomics requires accurate discrim-
ination of lesion boundaries, and the use of Gd-EOB-
DTPA-enhanced MRI images in our study makes stable
segmentation possible [29, 30]. Thirdly, because we de-
lineated the intratumoral and peritumoral regions in all the
image slices, a three-dimensional (3D) tumor volume was
extracted, making this 3D analysis of radiomics more

Table2 Comparison of the predictive performance of the three models in immunoscore

Models AUC (%) Sensitivity (%) Specificity (%) Accuracy (%) PPV (%) NPV (%)
Intratumoral radiomics model

Training (n = 150) 82.28 (74.70, 89.86) 81.25 (26/32) 67.80 (80/118) 70.67 (106/150) 40.63 (26/64) 93.02 (80/86)
Validation (n=57) 63.99 (47.66, 80.31) 53.85(7/13) 61.36 (27/44) 59.65 (34/57) 29.17 (7/24) 81.82 (27/33)
Total (n=207) 77.13 (69.87, 84.39) 73.33 (33/45) 66.05 (107/162) 67.63 (140/207) 37.50 (33/88) 89.92 (107/119)
Combined radiomics model

Training (n = 150) 90.41 (85.52, 95.30) 93.75 (30/32) 74.58 (88/118) 78.67 (118/150) 50.00 (30/60) 97.78 (88/90)
Validation (n =57) 89.86 (80.40, 99.32) 92.31 (12/13) 72.73 (32/44) 77.19 (44/57) 50.00 (12/24) 96.97 (32/33)
Total (n=207) 90.16 (85.77, 94.54) 93.33 (42/45) 74.07 (120/162) 78.26 (162/207) 50.00 (42/84) 97.56 (120/123)
Radiomics nomogram

Training (n = 150) 92.58 (88.43, 96.73) 90.63 (29/32) 84.75 (100/118) 86.00 (129/150) 61.70 (29/47) 97.09 (100/103)
Validation (n =57) 93.36 (86.51, 100.00) 84.62 (11/13) 84.09 (37/44) 84.21 (48/57) 61.11 (11/18) 94.87 (37/39)
Total (n=207) 92.73 (89.20, 96.26) 88.89 (40/45) 84.57 (137/162) 85.51 (177/207) 61.51 (40/65) 96.48 (137/142)

AUC the area under the operating characteristic curve, PPV positive predictive value, NPV negative predictive value
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Fig. 5 Decision curve analysis of the radiomics models and radiomics
nomogram. The y-axis measures the net benefit. The net benefit is
determined by calculating the difference between the expected benefit
and the expected harm associated with each proposed model [Net
benefit = true positive rate—(false positive rate x weighting factor),
weighting factor = threshold probability/(1-threshold probability)]. The
highest curve (representing the radiomics-based clinical model) at a range
threshold probability of 25-74% is the optimal decision-making strategy
to maximize the net benefit compared with other models

stable and representative than a 2D analysis [27]. Fourth,
peritumoral radiomics improved the model performance
by adding information on the tumor boundaries.

In addition, by integrating clinical variables with radiomics
features, the derived combined radiomics-based clinical mod-
el had a slightly higher, though non-significantly different,
predicting performance in immunoscore when compared to
the combined radiomics model. This indicated that radiomics
features were the stronger component of this derived model
while the clinical data had limited value for improving the
model.

Indeed, this study is also the first attempt to apply a novel
combined intratumoral and peritumoral radiomics approach
for predicting TIL density in both the CT and IM. TILs in the
peritumoral region are the essential part of the evaluation of
immunoscore. That was why we dilated the annotated
intratumoral region at a radius of 1 c¢m to extract both the
intratumoral and peritumoral radiomics features. The supe-
riority of the combined radiomics approach over
intratumoral radiomics model in this study confirmed that
peritumoral radiomics might provide unique and valuable
features, suggestive of peritumoral TIL infiltration. This is
also consistent with the results observed in breast cancer,
suggesting that a combined radiomics model may be better
in characterizing immune infiltrates by offering a more
comprehensive radiomics profile [25].

Previous studies have found that radiomics features were
closely related to tumor microscopic structure and biological
behavior [41-44]. Our study discovered 20 radiomics quantita-
tive features most relevant for immunoscore of HCC, not pre-
viously reported. Among them, 19 were texture features includ-
ing histogram feature, GLCM, and GLRLM, and 1 was mor-
phological feature. Among texture features, GLCM and
GLRLM reflect signal mixing degree of the lesions by means
of relative relationship between distribution and site of the gray
level, and thus important markers of intra-tumor homogeneity.
The values were higher in tumors with high immunoscore,
which indicated that more cells or tissues with similar texture
features were aggregated in one direction and the intratumoral
heterogeneity was relatively weak. In our study, we observed
that TILs were generally cluster-distributed either in the
intratumoral or peritumoral region. Clustered TILs manifested
as aggregations of similar gray level in radiomics. Highly im-
mune infiltrated tumors were more homogenous, explaining the
high value of GLCM. Besides, “surfacevolumeratio,” the only
morphological feature representing the ratio of the lesion sur-
face area to the volume, was the unique radiomics feature iden-
tified in our study, because this feature could reflect three-
dimensional radiomics feature. Unlike previous studies in
which VOI was only delineated in a single image slice, our
study delineated VOIs in all the layers to reconstruct the tu-
mors’ 3D morphology.

There are several limitations to this study. First, the sample
size is still limited compared with the relatively large number
of variables. As such, extremely randomized tree method was
used because it uses the whole training sample rather than a
bootstrap replica to build a tree in order to minimize bias, and
within each tree, it includes a random subset of features and
splits nodes by choosing cut-points at random as well. Second,
our validation cohort was from the same center as the training
cohort, which restricted us to assess the generalizability of our
findings to other centers. Third, only TILs were considered in
this study while many other components of TME were not.

In conclusion, our study established and validated a Gd-
EOB-DTPA-enhanced MRI-based combined radiomics no-
mogram, for predicting immunoscore in HCC patients. It
may be useful in pretreatment individual prediction of
immunoscore to guide accurate prognosis prediction and pre-
cision immunotherapy for HCC patients.
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