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Abstract

Background: Accurate prediction of early recurrence (ER) is essential to improve the prognosis of patients with hepatocellular carcinoma (HCC)
underwent thermal ablation (TA). Therefore, a deep learning model system using longitudinal magnetic resonance imaging (MRI) was developed
to predict ER of patients with HCC.

Methods: From 2014, April to 2017 May, a total of 289 eligible patients with HCC underwent TA were retrospectively enrolled from 3 hospitals
and assigned into one training cohort (n = 254) and one external testing cohort (n = 35). Two deep learning models (Pre and PrePost) were devel-
oped using the pre-operative MRI and longitudinal MRI (pre- and post-operative) to predict ER for the patients with HCC after TA, respectively.
Then, an integrated model (DL_Clinical) incorporating PrePost model signature and clinical variables was built for post-ablation ER risk stratifica-
tion for the patients with HCC.

Results: In the external testing cohort, the area under the receiver operating characteristic curve (AUC) of the DL_Clinical model was better than
that of the Clinical (0.740 vs 0.571), Pre (0.740 vs 0.648), and PrePost model (0.740 vs 0.689). Additionally, there was a significant difference in
RFS between the high- and low-risk groups which were divided by the DL_Clinical model (P = .04).

Conclusions: The PrePost model developed using longitudinal MRI showed outstanding performance for predicting post-ablation ER of HCC.
The DL_Clinical model could stratify the patients into high- and low-risk groups, which may help physicians in treatment and surveillance strategy
selection in clinical practice.
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Implications for practice

In the present study, several deep learning models (Pre and PrePost) were developed using longitudinal MRI to predict ER for patients
with hepatocellular carcinoma (HCC) who underwent thermal ablation (TA), and the integrated model (DL_Clinical) which incorporated the
PrePost signature and clinical variables yielded the best ER predictive performance in the external testing cohort, which may help doctors
in surveillance strategy selection for patients with HCC who underwent TA.

Hepatocellular carcinoma (HCC) is the second leading cause
of cancer-specific mortality globally, and more than half of
these cases occurred in Asian-Pacific countries, especially in
China.'? Early intervention plays an important role in reduc-
ing the HCC related death and prolonging the lifespan for
these patients.? Surgical resection (SR), liver transplantation
(LT), and thermal ablation (TA) are recommended by multiple
international guidelines practice as the first-line treatment in
patients with HCCin early stage (Barcelona Clinic Liver Cancer
[BCLC] A).** Among them, TA has many advantages includ-
ing less trauma, fewer complication, and cost-effectiveness,
and can be applied not only in patients with HCC ineligible
for surgery as an alternative treatment but also to build a
bridge for LT during the waiting process for liver source.®*

Unfortunately, the 5-years recurrence rate with approx-
imate 50% or more after TA remains a great challenge in
clinical practice, greatly affecting the patients’ with HCC
prognosis.”!® Therefore, accurate prediction of early recur-
rence (ER) for patients with HCC is important for person-
alized surveillance strategy. Several previous studies focused
on predicting HCC recurrence after SR or LT using clinical
variables, imaging data or gene expression data, showing
considerable predictive ability.!"'> However, reliable tools for
recurrence prediction in patients with HCC after TA remain
limited and lack of multi-institutional validation.!*!S

Deep learning (DL) based model, as emerging promising
imaging analysis approaches, have been widely investigated
in tumor characteristics and shown great value in various
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524 patients with HCC who underwent TA
were enrolled at The Third Affiliated Hospital
of Sun Yat-sen University from 2014 to 2017

165 patients with HCC who underwent
TA were enrolled at another two
hospitals from 2014 to 2017

689 patients with HCC who underwent TA were enrolled |

400 Sequentially dropped out
-35 residual tumor
-124 the patients received any treatment before TA
-63 the patients had the history of other malignancies
-178 lack of follow-up information

v

289 patients with large HCC who underwent HAIC were enrolled

Y

Training cohort
n=254

Figure 1. The enrollment pathway of patient with HCC who underwent th
HCC, hepatocellular carcinoma.

prediction tasks.'®!” By using the DL method, abundant infor-
mation from radiographic images can be extracted through
a data-driven way. However, most ER prediction models
are only based on pre-operative images, the performance
of which are inherently limited because the abundant phys-
iological information reflected by the ablation zones in the
post-operative magnetic resonance imaging (MRI) are not
taken into consideration.

Therefore, we aim to propose a reliable DL model for ER
prediction of patients with HCC based on longitudinal MRI
(ie, pre- and post-operative MRI) in this study, which is val-
idated by an external testing cohort to provide guidance for
treatment and surveillance strategies selection for patients
with HCC who underwent TA.

Methods

Patients enrolled

This retrospective study complied with the Transparent
Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) guideline. This retro-
spective, multi-center study protocol was approved by the
Institutional Review Board of Third Affiliated Hospital of
Sun Yat-sen University following the principles of the 1975
Helsinki Declaration, and the written informed consent was
waived because of the retrospective nature of this study.
From 2014, April to 2017, May, a total of 689 patients with
early-stage HCC who underwent initial TA including micro-
wave ablation and radiofrequency ablation at 3 high-volume
medical centers (namely the Third Affiliated Hospital of Sun
Yat-sen University [TAHSYU], the Sun Yat-sen University
Cancer Center [SYUCC], and the Province Hospital of Fujian
Medical University [PHFMU]) were reviewed. HCC was diag-
nosed according to the American Association for the Study of
Liver Diseases (AASLD), and European Association for the

A 4

External test cohort
n=35

ermal ablation. Abbreviations: HAIC, hepatic arterial infusion chemotherapy,

Study of Liver (EASL).*’ The inclusion criteria were listed as
following: (1) Eastern Cooperative Oncology Group perfor-
mance scores < 2 scores: (2) Child-Turcotte-Pugh grade A;
(3) maximum diameter of single tumor <5 cm or 2-3 tumors
<3 cm;y (4 absence of macrovascular invasion or metastasis;
(5) enhanced MRI scanning within 4 weeks before TA. The
exclusion criteria were as follows: (1) residual tumor; (2) his-
tory of other malignancies; (3) those who underwent other
treatments such as surgery, transarterial chemoembolization
[TACE], and chemoradiation before TA; (4) lack of follow-up
information. Figure 1 demonstrates the patient enrollment
pathway. Eligible patients were divided into the training
cohort (the data were collected from TAHSYU) and testing
cohort (another 2 hospitals).

Follow-up and recurrence assessment

The follow-up duration was terminated in September 2023.
The serum AFP and contrast-enhanced imaging were exam-
ined again at 1 month after initial TA and at approximately
3- to 6-month intervals thereafter. The definition of ER
was the lesions presenting abnormal nodular, disseminated,
and/or unusual patterns of peripheral enhancement at the
arterial phase and the washout at the delayed phase in the
contrast-enhanced imaging examination, which were away
from or abutting the ablated area within 2 years.'® A typical
example of the lesion was shown in Figure 2. Recurrence-free
survival (RFS) was calculated by the period between the first
session of TA and identification of recurrence or the last fol-
low up, censoring recurrence-free patients at the date of last
follow-up and those who died of other causes.

MR image review

The MRI data were taken from the picture archiving and
communication system (PACS) database. The MRI data
including 4 phases of T1WI including plain scan (PS),
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Figure 2. A 52 years old, male, patient with HCC who underwent MWA was reviewed. A high signal lesion with 15 mm which was away for the
ablation zone was found at 23 months after MWA. (A) The lesion at the arterial phase. (B) The lesion at the delayed phase. Abbreviations: HCC,

hepatocellular carcinoma; MWA, microwave ablation.

arterial portal (AP), portal vein phase (PVP), and delayed
phase (DP). The images collected from the MRI examination
before TA (ie, pre-operative) and the MRI examination at 1
month after TA (ie, post-operative) were used in the pres-
ent study. The acquisition of TIWI parameters were shown
in Supplementary Table S1. One radiologist (K.L., with 15
years of clinical experience) delineated the regions of interest
(ROISs) of the tumor on the slice including the largest tumor
profile in pre-operative DP, and the ablation zone on the slice
including the largest ablation zone profile in post-operative
DP. A secondary radiologist (C.A., with 10 years of clinical
experience) reviewed and adjusted the ROIs. The delineation
was implemented using the open-source ITK-SNAP software
(http://www.itksnap.org/pmwiki/pmwiki.php).

Data preprocessing

The purpose of data preprocessing is to transform the raw
data into a suitable format for DL models. In the present study,
data preprocessing was implemented on the PS, AP, PVP, and
DP of the pre- and post-operative T1WIs. There were 5 data
preprocessing steps, including data de-identification, image
registration, slices extraction, regions cropping, and data aug-
mentation. Finally, 3 slices were extracted from each phase
of T1WI, which included the slice with the largest profile
of ROI, the slices above and below the one with the largest
profile of ROI. Rectangular regions were cropped from the
extracted slices, and the size of each of the cropped regions
was 128 x 128 pixels for containing the peritumoral tissue
microenvironment. The DL models were developed using the
cropped regions. The flowchart of data preprocessing was
shown in the solid border in Figure 3(A). The details of the
data preprocessing steps were described in Supplementary
Method 1.1.

Models construction

A total number of 289 patients with HCC underwent TA
were used to develop and validate the models. Among them,
254 patients from the TAHSYU were used as the training
cohort, of which 20% of the patients were randomly selected
to compose a tuning cohort. The external testing cohort was
consisted of 20 patients from the SYUCC and 15 patients
from the PHFMU. Thus, the performance of the models can
be validated on a completely independent external testing
cohort. To explore and select the optimal model to predict ER

for the patients with HCC after TA, 4 models were developed,
including the Pre, PrePost, Clinical, and DL_Clinical models.

The flowchart of model construction is shown in Figure
3(B). First, 2 DL models were built with various input images
(ie, PS, AP, PVP, and DP of T1WI). Specifically, one deep learn-
ing model was constructed to predict ER using the PS, AP,
PVP, and DP of the pre-operative TIWI, which was referred
to as the pre model. Furthermore, to explore the incremen-
tal recurrence predictive value of the post-operative T1WI,
another DL model was constructed to predict ER using the
PS, AP, PVP, and DP of both pre- and post-operative T1WIs,
which was referred to as the PrePost model. Then, to investi-
gate the value of independent clinical variables to the predic-
tion of ER, the clinical variables of tumor size,"”” number of
tumors,'” HBV (viral hepatitis type B),?° TP (total protein),?'
and AFP (a-fetoprotein)'” were used to construct the Clinical
model using the extra trees algorithm. Finally, an integrated
model, namely the DL_Clinical model, was developed for
investigating the improvements on the Clinical model for the
prediction of ER when the image information was incorpo-
rated. Specifically, for the 2 DL models (ie, the Pre and the
PrePost models), the signature of the one with the better
AUC on the tuning set was added into the Clinical model to
develop the DL_Clinical model using the extra tree algorithm.
The details of the model construction were described in the
Supplementary Method 1.2.

Statistical analysis

In the present study, normally distributed continuous vari-
ables were presented with mean = standard deviation (SD)
and compared using Student’s ¢-test, and non-normally dis-
tributed continuous variables were presented with median
(interquartile range) and compared using the Mann-Whitney
U test. Categorical variables were presented as frequencies
with percentages and compared using the chi-squared test.
Survival curves were calculated using the Kaplan-Meier
method and compared using the log-rank test. According to
the Youden index calculated using the tuning cohort, a cutoff
for ER prediction score was obtained to stratify the patients
into ER or no ER group. The decision curve analysis was used
to measure the clinical value of the proposed models.

The area under the receiver operating characteristic curve
(AUC), accuracy, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), and F1-score
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Figure 3. The flowchart of the models for ER prediction. (A) Data collection, PS, AP PVP, and DP of pre- and post-operative TTWI were collected; Data
De-identification, the Dicom format of images was converted into Nifti format; Image Registration, PS, AR and PVP of T1WI were registered to the

DP of T1WI; Slices Extraction, the slice with the largest profile of ROI, and the slices above and below the one with the largest profile of ROl were
extracted; Regions Cropping, a refined rectangular region was cropped from each of the extracted slices; Data Augmentation, some data augmentation
operations (eg, random rotation, random horizon filp) were performed on the images in the training set; (B) Model Construction, 4 models for ER
prediction were constructed. Abbreviations: AR arterial portal, Clinical, the machine learning model developed using the independent clinical variables;
Dicom, digital imaging communications in medicine; DL_Clinical, the machine learning model developed using the independent clinical variables and
the signature of PrePost, ER, early recurrence; DP, delayed phase; Nifti, neuroimaging Informatics Technology Initiative; Pre, the deep learning model
developed using the pre-operative images; PrePost, the deep learning model developed using the pre- and post-operative images PS, plain scan; PVR

portal vein phase.

with 95% confidence intervals (Cls) were used to evaluate
the performance of models in the training cohort and exter-
nal testing cohorts. The gradient-weight class activation map-
ping (GRAD-CAM)?>? was used to generate heat maps for the
explanations of the DL model.

Statistical analyses were performed using Statistical
Package for Social Sciences (SPSS) version 26.0 (IBM Corp.,
NY, USA), R software version 4.1.2 (http://www.r-project.
org/), and Python version 3.8.18 (https://www.python.org/).
A 2-tailed P-value of less than .05 was considered as statisti-
cal significance.

Results

Patient and tumor characteristics

After screening of the patients consecutively treated by TA,
a total of 289 patients (41 females and 248 males; mean
age, 53.1 = 10.7 years) were finally recruited in the present
study. Specifically, there were 254 patients (33 females and
221 males; mean age, 52.7 = 10.7 years) from the TAHSYU
included in the training cohort. Additionally, in the train-
ing cohort, there were 51 (about 20%) patients randomly
selected to compose the tuning cohort. Twenty patients (4
females and 16 males; mean age, 54.1 = 11.2 years) from the
SYUCC and 15 patients (4 females and 11 males; mean age,
58.4 +10.0 years) from the PHFMU were included in the
external testing cohort. The characteristics of the patients in

the training cohort and external testing cohort are summa-
rized in Table 1.

Model comparison

The ER prediction performance of the Clinical, Pre, PrePost,
and DL_Clinical models were shown in Table 2. Figure 4(A)
and (C) shows the ROC curves of the developed models in the
training and external testing cohorts, respectively. Figure 4(B)
and (D) shows the decision curves analysis of the developed
models in the training and external testing cohorts, respectively.

Comparison of the performance between the DL and
Clinical models

To explore whether the information in TIWI or the clinical
variables was more appropriate for ER prediction, the DL
models (ie, the Pre and PrePost models) were compared with
the Clinical model. As shown in Table 2, the AUC (0.648,
0.689 vs 0.571), accuracy (0.686, 0.743 vs 0.514), specificity
(0.750, 0.786 vs 0.500), PPV (0.300, 0.400 vs 0.222), NPV
(0.840, 0.880 vs 0.824), and Fl-score (0.353, 0.471 vs 0.320)
of DL models (ie, the Pre and PrePost models) were numerically
higher than those of the Clinical model in external testing test.

Comparison of the performance between the Pre and PrePost
models

To investigate the value of the post-operative TIWI to the
ER prediction, the Pre and PrePost models were compared
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Table 1. Baseline characteristics of patients with HCC who underwent thermal ablation.
Variables Training cohorts Pvalue External testing cohorts P value
(n=254) (n=35)
ER (n=59) Non-ER (n =195) ER (7) Non-ER (28)
Demographics
Mean age (y) 53.6=11.9 52.4+10.2 0.484+  57.6 +10.5 56.5=11.0 0.570%
Gender 0.769" 0.107"
Female 7 (11.9) 26 (13.3) 0 (0.0) 8 (28.6)
Male 52 (88.1) 169 (86.7) 7 (100.0) 20 (71.4)
Comorbidities 0.370" 0.593"
Absence 42(71.2) 150 (76.9) 4(57.1) 19 (67.9)
Presence 17 (28.8) 45 (23.1) 3 (42.9) 9 (32.1)
HBV 0.605" 0.466"
Absence 3(5.1) 7 (3.6) 3 (42.9) 8 (28.6)
Presence 56 (94.9) 188 (96.4) 4(57.1) 20 (71.4)
Median ALBI score 2.8 (-3.0,-2.4) 2.8 (-3.1,-2.4) 0.595" 2.8 (-2.9,-2.4) 2.6 (-2.7,-2.4) 0.4301
Cirrhosis 0.287" 0.593"
Absence 22 (37.3) 88 (45.1) 3(42.9 9 (32.1)
Presence 37 (62.7) 107 (54.9) 4(57.1 19 (67.9)
Tumor feature
Median tumor size (cm) 2.0 (1.5, 2.6) 2.1 (1.6,2.6) 0.728t 2.6 (2.0, 3.3) 2.0 (1.5,2.3) 0.320t
No. of tumor 0.048" 0.042"
Single 41 (69.5) 159 (81.5) 6 (85.7) 28 (100)
Multiple 18 (30.5) 36 (18.5) 1(14.3 0 (0)
Laboratory findings
Median AFP (ng/mL) 22.6 (5.6, 102.5) 20.7 (4.4,165.2) 0.680"  53.5(28.1,102.2) 7.2 (2.7, 49.5) 0.146"
Mean ALB (g/L) 40.0 = 4.1 40.9 £ 4.9 0.469F  43.6=+2.0 42.5=4.3 0.520%
Median TP (g/L) 69.1 (63.6,73.2) 67.7 (64.1,72.8) 0.822t  76.0 (74.5, 86.0) 72.1 (64.0, 81.0) 0.146t
Median AST (U/L) 33.0 (26.5, 40.0) 30.0 (23.0, 40.5) 0201t 48.0 (42.6, 43.5) 30.7 (24.3, 39.2) 0.0041
Median ALT (U/L) 32.0 (22.0,45.5) 30.0 (22.0, 44.5) 0.621t  67.0(53.2,152.0) 32.4 (29.3,44.8) 0.001t
Median TBIL (umol/L)  12.4 (8.7, 16.8) 13.0 (8.7, 18.3) 0.704t  67.7 (14.5,70.9) 70.0 (12.5, 75.3) 0.5311

Normally distributed continuous variables are presented with mean = SD, and non-normally distributed continuous variables are presented with median
(interquartile range). Data in bracket of category variables are percent of patients.

‘P are calculated with y? test.
P are calculated with Mann-Whitney U test.

P are calculated with Student’s #-test. Abbreviations: AFP, a-fetoprotein; ALB, albumin; ALBI, albumin-bilirubin; ALT, alanine aminotransferase; AST,
aspartate aminotransferase; ER, early recurrence; HBV, viral hepatitis type B; TBIL, total bilirubinl TP, total protein

in the external testing cohort. As shown in Table 2, the AUC
(0.689 versus 0.648), accuracy (0.743 vs 0.686), sensitivity
(0.571 vs 0.429), specificity (0.786 vs 0.750), PPV (0.400 vs
0.300), NPV (0.880 vs 0.840), F1-score (0.471 vs 0.353) of
the PrePost model were numerically higher than those of the
Pre model.

Comparison between the integrated and non-integrated
models

To investigate the improvements of ER prediction perfor-
mance in the best DL model when the clinical variables
were incorporated, an DL_Clinical model was developed.
Specifically, because the AUC (0.666 vs 0.551) of the PrePost
model was numerically high than that of the Pre model in the
tuning set, the signature of the PrePost model was combined
with the clinical variables to develop the DL_Clinical model
using extra trees algorithm.

In the external testing cohort, as shown in Table 2, for the
comparison between the DL_Clinical and Clinical models, the

AUC (0.740 vs 0.571), accuracy (0.714 vs 0.514), sensitivity
(0.714 vs 0.571), specificity (0.714 vs 0.500), PPV (0.385 vs
0.222), NPV (0.909 vs 0.824), and F1-score (0.500 vs 0.320)
of the DL_Clinical model were higher than those of the
Clinical model. For the comparison between the DL_Clinical
and PrePost models, although the accuracy (0.743 vs 0.714),
specificity (0.786 vs 0.714), and PPV (0.400 vs 0.385) of the
PrePost model were slightly higher than those of DL_Clinical
model, the total performance of the DL_Clinical model was
numerically superior to the PrePost model when compre-
hensively considering the AUC (0.740 vs 0.689), sensitivity
(0.714 vs 0.571), NPV (0.909 vs 0.880), and Fl-score (0.500
vs 0.471), particularly the great improvement on sensitivity.
Additionally, as shown in Figure 4(D), in the external test-
ing cohort, the decision curve analysis graphically demon-
strated that the DL_Clinical model provided a larger net
benefit across the range of reasonable threshold probabilities
compared with the Clinical and PrePost models. In total, the
DL_Clinical model outperformed the Clinical model and the
PrePost model in the external testing cohort.
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Cohort  Models AUC Accuracy Sensitivity Specificity PPV NPV F1-score
Training  Clinical 0.778 0.807 0.169 1.000 1.000 0.799 0.290
cohort [0.710,0.843] [0.756,0.858] [0.083,0.267] [1.000,1.000] [1.000,1.000] [0.748,0.852] [0.154,0.421]
Pre 0.872 0.764 0.847 0.738 0.495 0.941 0.625
[0.734,0.849] [0.709,0.815] [0.746,0.935] [0.679,0.800] [0.396,0.593] [0.901,0.975] [0.527,0.712]
PrePost 0.854 0.587 0.949 0.477 0.354 0.969 0.516
[0.667,0.758] [0.528,0.646] [0.887,1.000] [0.412,0.550] [0.277,0.430] [0.929,1.000] [0.428,0.596]
DL_Clinical 0.931 0.878 0.559 0.974 0.868 0.880 0.680
[0.900,0.958] [0.839,0.917] [0.441,0.686] [0.949,0.995] [0.744,0.969] [0.834,0.925] [0.568,0.777]
External  Clinical 0.571 0.514 0.571 0.500 0.222 0.824 0.320
testing [0.253,0.885] [0.343,0.686] [0.200,1.000] [0.310,0.704] [0.059,0.444] [0.625,1.0]  [0.091,0.545]
cohort
Pre 0.648 0.686 0.429 0.750 0.300 0.840 0.353
[0.384,0.907] [0.543,0.857] [0.000,0.833] [0.613,0.923] [0.000,0.667] [0.692,0.964] [0.000,0.636]
PrePost 0.689 0.743 0.571 0.786 0.400 0.880 0.471
[0.368,0.935] [0.600,0.886] [0.167,1.000] [0.621,0.926] [0.111,0.714] [0.731,1.000] [0.143,0.714]
DL_Clinical 0.740 0.714 0.714 0.714 0.385 0.909 0.500
[0.462,0.935] [0.543,0.857] [0.333,1.000] [0.519,0.871] [0.133,0.667] [0.760,1.000] [0.200,0.727]

Abbreviations: AUC, area under the receiver operating characteristic curve; Clinical, the machine learning model developed using the independent clinical
variables; DL_Clinical, the machine learning model developed using the independent clinical variables and the signature of PrePost; NPV, negative
predictive value; PPV, positive predictive value; Pre, the deep learning model developed using the pre-operative images; PrePost, the deep learning model

developed using the pre- and post-operative images.

Visualization for the DL model

The GRAD-CAM was applied to the PrePost model to gen-
erate the heatmaps for the original images. The heatmaps
and the original maps of 2 patient examples are shown in
Supplementary Figure S1. These 2 examples are both patients
with ER. However, the left example was predicted as patient
with ER, whereas the right example was predicted as no
patient with ER. There were obvious differences in the heat-
maps between the 2 examples. For the left example, the high
intensity regions (red areas) in the post-operative heatmaps
mainly were the edges of ablation zones, not the tumors,
possibly because the tumor cells were destroyed using the
thermal ablation. Curiously, the high intensity regions in the
pre-operative maps mainly were the edges of tumors as well.
This may be attributed to the fact that the pre- and post-
operative images were simultaneously used to train the
model. The attention of the model may be affected due to
the edges of ablation zones. For the right example, although
the high intensity regions in the pre-operative heatmaps
included the tumors, the edges of ablation zones in the
post-operative images were not be focused.

The features importance of the integrated model

To investigate the importance of each feature used to develop
the DL_Clinical model, the mean decrease in impurity*
was used to evaluate the feature importance. As shown in
Supplementary Table S2, the PrePost signature accounted for
a large percentage (0.764) in total features. This indicated
that the information in TIWI (ie, the PrePost signature) was
more important than the clinical variables for ER prediction.

Association between DL-predicted ER and survival

The patients with HCC were stratified into low-risk group
and high-risk group based on the cutoff for ER prediction
score. As shown in Figure 5 (A)—(C), for the Clinical, PrePost,
and DL_Clinical models, the low-risk group and high-risk

group showed significantly different RFS (P <.01, P <.01,
and P < .01) in the training cohort, respectively. However, as
shown in Figure 5(D) and (E), in the external testing cohort,
there were no significant difference in RFS between the low-
and high-risk groups which were divided by the Clinical
and PrePost models (P =.71 and P =.06), respectively. As
shown in Figure 5 (F), only the DL_Clinical model can strat-
ify patients into low-risk group and high-risk group with a
significant difference of RFS (P =.04) in the external testing
cohort.

Discussion

In the present study, several models were developed using
T1WI to predict ER for patients with HCC who underwent
TA, and the integrated model (ie, the DL_Clinical model)
which incorporated the PrePost signature and clinical vari-
ables yielded the optimal ER predictive performance in the
external testing cohort. The comparisons among the models
were conducted. Additionally, the model interpretation and
risk stratification were implemented in the present study.

To date, several MRI studies have been conducted to pre-
dict the ER for patients with HCC who underwent TA using
artificial intelligence (Al) algorithm. For example, Huang et
al.* and Iseke et al.>’ developed radiomics models based on
pre-operative MRI to predict the ER for patients with HCC
after TA, and their radiomics models achieved the AUCs of
0.77 and 0.75 in testing sets, respectively. However, only
pre-operative MRI was used in their studies,>* and thus the
prediction performance of their models may be limited due
to lack of the abundant physiological information in post-
operative MRI. Based on the experimental results in the present
study, the post-operative MRI can improve the ER predic-
tive performance of the Pre model which was developed
only using pre-operative MRI. Additionally, in these 2 stud-
ies,>**5 the patients were collected from a single center, and
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Figure 4. The ROC curves and decision curve analysis of the models in the training cohort and external testing cohort, respectively. (A) The ROC curves
of the models in the training cohort. (B) The decision curve analysis of the models in the training cohort. (C) The ROC curves of the models in the

external testing cohort. (D) The decision curve analysis of the models in the external testing cohort. Abbreviations: Clinical, the machine learning model
developed using the independent clinical variables; Pre, the deep learning model developed using the pre-operative images; PrePost, the deep learning
model developed using the pre- and post-operative images; DL_Clinical, the machine learning model developed using the independent clinical variables

and the signature of PrePost.

the generalization of their models may need to be validated
in independent external testing sets. In contrast, all models in
our experiments were validated in an external testing set, and
the generalization of the models can be assessed.

In the present study, the longitudinal sequences (images at
pre- and post-operative) were used to develop the PrePost
model. Therefore, in addition to the static semantic infor-
mation in the images, there was a dynamic time-dependent
relation between the images at the 2 time points (ie, pre- and
post-operative). Therefore, the PrePost model was developed
using 2 types of neural networks (ie, CNN?¢ and RNN?).
The CNN was used to extract features of TIWI at each time
point, and the RNN was used to learn the relation between
pre- and post-operative features for the ER prediction.

The present study found that the performance of each DL
model (the Pre or PrePost models) was higher than that of
the Clinical model in the external testing cohort. This sug-
gested that the subtle information which cannot be captured
by naked eye in images may be more important than clinical
variables for the ER prediction. This finding was consistent
with those of Shen et al?® and Yuan et al,* who found that
the ER prediction performance of the models developed using

clinical variables was lower than that of the models developed
using images. The present study found that each of the evalu-
ation results of the PrePost model was higher than that of the
Pre model in the external testing cohort. This suggested that
post-operative T1WI can provide the information which was
not in pre-operative TIWI, for example the information of
the edges of ablation zones, and this information was import-
ant to predict ER for patients with HCC. This finding was
consistent with that of Beleu et al,>* who found that the infor-
mation of ablation zones in post-operative images was critical
to predict the recurrence of patients with HCC. Additionally,
the present study found that the DL_Clinical model which
combined the image information (ie, PrePost signature) and
the clinical variables achieved the best performance, indi-
cating that the 2 types of information were complementary.
Similarly, Kim et al’! found that the model developed using
the radiomics features and clinical variables can provide
a better survival estimation of patients with HCC than the
clinical-only model and radiomics-only model.

The heatmap visualization and feature importance anal-
ysis were conducted for the interpretations of the PrePost
model and DL_Clinical model, respectively. For the heatmap
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Figure 5. The RFS stratification of the Clinical, PrePost, and DL_Clinical models in the training cohort and external testing cohort. (A) RFS of the
patients who were stratified based on the Clinical model in the training cohort. (B) RFS of the patients who were stratified based on the PrePost model
in the training cohort. (C) RFS of the patients who were stratified based on the DL_Clinical model in the training cohort. (D) RFS of the patients who
were stratified based on the Clinical model in the external testing cohort. (E) RFS of the patients who were stratified based on the PrePost model in
the external testing cohort. (F) RFS of the patients who were stratified based on the DL_Clinical model in the external testing cohort. Abbreviations:

Clinical, the machine learning model developed using the independent clinical variables; DL_Clinical, the machine learning model developed using the
independent clinical variables and the signature of PrePost; ER, early recurrence; PrePost, the deep learning model developed using the pre- and post-

operative images; RFS, recurrence free survival.

visualization for the PrePost model, the tumors and edges of
ablation zones were important for the correct ER prediction.
Additionally, for the feature importance analysis for the DL_
Clinical model, the present study found that the information
in TIWI (ie, PrePost signature) was more important than the
clinical variables for ER prediction. Therefore, through the
interpretations of the models, radiologists and physicians
may get profound understandings to the ER mechanism of
patients with HCC.

The PrePost model stratify patients into low-risk group and
high-risk group with a marginal significant difference in RFS
(P =.06) in the external testing cohort. After the clinical vari-
ables were integrated with the signature of the PrePost model,
the DL_Clinical model can stratify HCC patients into low-risk
group and high-risk group with a significant difference in RFS
(P = .04) in the external testing cohort. This suggested that the
clinical variables can improve the performance of the PrePost
model, and the information in TIWI (i.e., PrePost signature)
and clinical variables were complementary for the ER pre-
diction of patients with HCC. Additionally, the DL_Clinical
model may be an appropriate tool that can help doctors to
select personalized surveillance strategy for patients with

HCC. Specifically, low-risk patients may receive no preventive
TACE and a less intensive surveillance regimen, even within
the first 2 years after TA. This less intensive surveillance regi-
men can reduce healthcare cost,* alleviate patients’ anxiety,*
and minimize the risk of overtreatment.’* High-risk patients
should undergo intensive surveillance lasting as much as pos-
sible because of the high risk for recurrence even after 2 years,
accompanied by adjuvant systemic therapies.

There are certain limitations in our study. First, the tumors
and ablation zones were delineated manually by expert radiol-
ogists. This was a time-consuming procedure. Additionally, the
inaccurate delineation may affect the performance of models.
Therefore, an automated model which can segment tumors
accurately needs to be developed. Second, the information of
medical records or gene was not available in this study. The
performance of the models may be improved greatly when
these variables were added. Third, the analysis of distinguish-
ing between the lesions that were away from and those that
were abutting ablated areas may not be conducted due to the
relatively small number of patients with ER in the present
study. In future, more patients need to be collected to develop
a DL model for the distinguishing between the 2 types of the
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lesions, guiding the interventional radiologists to make fur-
ther treatment plans.

In conclusion, the present study developed the ER pre-
diction models based on longitudinal MRI. The integration
model (ie, DL_Clinical) showed a high-level of ER predictive
performance in the external testing cohort, which may help
doctors in surveillance strategy selection for patients with
HCC who underwent TA.
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