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Purpose: The treatment response to initial conventional transarterial chemoembolization
(cTACE) is essential for the prognosis of patients with hepatocellular carcinoma (HCC). This
study explored and verified the feasibility of machine-learning models based on clinical data
and contrast-enhanced computed tomography (CT) image findings to predict early responses
of HCC patients after initial cTACE treatment.

Patients and Methods: Overall, 110 consecutive unresectable HCC patients who were treated
with cTACE for the first time were retrospectively enrolled. Clinical data and imaging features
based on contrast-enhanced CT were collected for the selection of characteristics. Treatment
responses were evaluated based on the modified Response Evaluation Criteria in Solid Tumors
(mRECIST) by postoperative CT examination within 2 months after the procedure. Python
(version 3.70) was used to develop machine learning models. Least absolute shrinkage and
selection operator (LASSO) algorithm was applied to select features with the impact on predicting
treatment response after the first TACE procedure. Six machine learning algorithms were used to
build predictive models, including XGBoost, decision tree, support vector machine, random forest,
k-nearest neighbor, and fully convolutional networks, and their performances were compared using
receiver operator characteristic (ROC) curves to determine the best performing model.

Results: Following TACE, 31 patients (28.2%) were described as responsive to TACE, while 72
patients (71.8%) were nonresponsive to TACE. Portal vein tumor thrombosis type, albumin
level, and distribution of tumors within the liver were selected for predictive model building.
Among the models, the RF model showed the best performance, with area under the curve
(AUQC), accuracy, sensitivity, and specificity of 0.802, 0.784, 0.904, and 0.480, respectively.
Conclusion: Machine learning models can provide an accurate prediction of the early response
of initial TACE treatment for HCC, which can help in individualizing clinical decision-making
and modification of further treatment strategies for patients with unresectable HCC.
Keywords: hepatocellular carcinoma, transarterial chemoembolization, machine learning,

prediction model, treatment response

Introduction

Hepatocellular carcinoma (HCC) is the third-leading cause of cancer death, with an
incidence of more than 900,000 new cases worldwide in 2020." Despite improving
surveillance, approximately 70-80% of HCCs are first diagnosed at an intermediate
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or advanced stage according to the Barcelona Clinic Liver
Cancer (BCLC) staging system.” For patients with stage
B BCLC HCC, transarterial chemoembolization (TACE) is
the only recommended treatment option.” However, the
response to the initial TACE treatment varies greatly
from patient to patient, with a variable median overall
survival (OS) of 1343 months.*> For HCC patients who
do not respond to initial TACE, timely adjustment of
treatment, for example, conversion to treatment with sor-
afenib or lenvatinib, is essential to prevent further progres-
sion of the disease and prolong OS.® Therefore, a reliable
preprocedural prognostic model that predicts therapeutic
response after the first TACE procedure would be benefi-
cial in personalized clinical decision-making and modifi-
cation of future treatment strategies.’

Recently, several radiomic models have been developed
to estimate the response of TACE treatments that have shown
promising results.*'® Chen et al built a clinical radiomics
model that showed good performance in predicting the
response of treatment to the first TACE in patients with
intermediate-stage HCC, with the area under the receiver
operator characteristic curve (AUC) reaching up to 0.94.°
Kong et al developed an MRI-based radiomics model to
predict tumor response after TACE in intermediate-
advanced patients with HCC.” However, radiomics requires
feature extraction from the region of interest (ROI), and the
fact that HCC lesions are usually found in cirrhotic livers
with heterogeneous parenchyma could have affected the
algorithm’s automated discrimination between the tumor
and background liver, which requires a time-consuming and
labor-intensive process of reviewing images and manually
defining layer by layer. In addition, it is difficult to reach
a reasonable medical explanation for some features of radio-
mics, which hinders its application in the clinical setting.""

Machine learning based on clinical and imaging features
has also shown great potential in various aspects of medical
investigations and the construction of prognostic models, and
the features screened for model construction are clinically
explicable. Kawakami et al constructed several machine
learning models based on serological indicators, among
which the random forest (RF) model showed the best perfor-
mance in distinguishing epithelial ovarian cancer from
benign ovarian tumors, with an AUC of 0.968.'> Wang et al
explored factors influencing the postoperative outcomes of
patients with HCC through a machine-learning approach
with different algorithms, and found that the RF model had
the best efficiency in predicting postoperative mortality, with
an AUC of 0.803."

To our knowledge, there are few studies focusing on
model construction to predict TACE treatment responses
using different machine learning algorithms based on clin-
ical and radiological characteristics of patients with unre-
sectable HCCs. Therefore, this study aimed to explore and
verify the feasibility of machine learning models based on
clinical and contrast-enhanced computed tomography (CT)
image features to predict response after initial TACE, and
compare the prediction efficiency of various machine
learning models to determine a model with the best pre-
diction performance.

Patients and Methods

Patients

This retrospective study was conducted in accordance with
the Declaration of Helsinki and was approved by the
Institutional Review Board and the Human Ethics
Committee of our hospital, and informed consent was
obtained from each participant.

Between January 2013 and September 2018, a total of
181 consecutive unresectable HCC patients receiving the
first conventional TACE in our hospital were retrospectively
enrolled. All patients were diagnosed by imaging or histolo-
gical evaluation according to the guidelines of the American
Association for the Study of Liver Diseases (AASLD). Other
inclusion criteria were CT examination performed within 2
weeks before the TACE procedure and followed up until
death or at the end of this study (1 June 2021). Seventy-one
patients were excluded based on the following criteria: (1)
comorbidity with other malignancies (n = 6); (2) spontaneous
tumor rupture (n = 4); (3) combination of other treatments
prior to initial TACE, such as tumor resection, radiation
therapy, or systemic chemotherapy (n = 53); (4) poor image
quality and lack of data (n = 8). Finally, 110 patients were
selected in the present study (Figure 1).

Computed Tomography

Each patient in this study underwent CT examination using
a 64-multidetector spiral CT scanner (Aquilion 64, Canon
Medical, Otawara, Japan), according to the liver protocol,
which included unenhanced, arterial, and portal venous
phases. The arterial and portal venous phase images were
obtained with delays of 18 and 50 seconds after contrast
media injection, respectively. The contrast agent
(Iopromide, Ultravist 370, Bayer Schering Pharma) was
administered at a dose of 1.5 mL/kg of body weight at

a flow rate of 3—4 mlL/s.
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From January 2013 to September 2018
181 patients with unresectable HCC

Comorbidity with other malignancies
(n=6)

Spontaneous tumor rupture
(n=4)

Combination of other treatments before
initial TACE (n=53)

Poor image quality and lacked data
(n=23%)

110 patients were selected for further study (100 males, 10 females)

Figure | Data filtering process.

Clinical Data

The following clinical data were collected as potential
features: age; sex; etiology (hepatitis B virus, hepatitis
C virus or combined infection); comorbidity (combination
with hypertension, diabetes or chronic heart disease);
alpha-fetoprotein level (AFP, ng/mL); alanine aminotrans-
ferase (ALT, U/L); aspartate aminotransferase (AST, U/L);
total bilirubin (TB, pmol/L); albumin (ALB, g/L); pro-
thrombin time (PT, s); and international normalized
ratio (INR).

Imaging Analysis

The CT images of each patient were evaluated by two
trained radiologists with more than 5 and 9 years of
experience in abdominal imaging diagnosis who were
blind to clinical and/or pathological results. For quantita-
tive imaging features, the average value of the measured
data of two radiologists was calculated and recorded,
while qualitative features were recorded based on the
consistent evaluation of two radiologists.

Quantitative Imaging Features

The number of tumor lesions was defined as 1, 2, 3, or
more than 3 lesions. Tumor diameter was defined as the
longest diameter of the largest tumor (if multiple tumors).
The CT values of the tumor parenchyma were measured
on plain scan, arterial phase, and portal venous phase

(CTn, CTa, CTy), and the increasing value (AA) and the
increasing ratio of arterial phase (AA%) were calculated
according to the following equations:

AA = CT5—CTx; AA% =[(CTA—CTy)/CTx]x100%

Qualitative Imaging Features

Qualitative imaging features included: infiltrating growth
pattern, defined as a tumor having no clear visible mar-
gin; tumor distribution within the liver, classified as
within a single segment, within a lobe or multilobular
distribution; tumor vessels, abnormal vessels within the
tumor seen in the arterial phase; peritumoral enhance-
ment, dominant hyperenhancement around the tumor
seen in the arterial phase; arterial hyperenhancement,
referred to as the typical enhance pattern of HCC of
“wash in wash out” enhancement; tumor capsule, delayed
ring enhancement seen in the portal venous phase; necro-
sis within the tumor; portal vein tumor thrombosis
(PVTT) and classification; liver vein thrombosis; biliary
invasion; cirrhosis; ascites; and splenomegaly. Among
these features, infiltrating growth pattern, tumor vessels,
peritumoral enhancement, arterial hyperenhancement,
tumor capsule, necrosis within the tumor, hepatic vein
thrombosis, biliary invasion, cirrhosis, ascites, and sple-
nomegaly were binary (yes/no) variables, while tumor
distribution within the liver and PVTT were categorical
variables.

PVTT evaluation was determined by contrast-enhanced
CT in accordance with Cheng’s classification,'*"® which
defined PVTT as four types based on the extent of tumor
thrombus in the portal vein: type I, tumor thrombus invol-
ving segmental or sectoral branches of the portal vein or
above; type II, tumor thrombus involving the right/left
portal vein; type III, tumor thrombus involving the main
portal vein; and type IV, tumor thrombus involving the
superior mesenteric vein. No visible tumor thrombus
found on CT images was defined as type 0.'°

Treatment Procedures

All patients received an initial TACE treatment in our
hospital. Therapeutic procedures were performed accord-
ing to the current practice guidelines by two interventional
radiologists who had 10 and 5 years of experience. For
TACE treatment, a mixture of 5 mL of ethiodized oil
injection contrast medium (lipiodol, Guerbet) and 30—
50 mg of doxorubicin was used. The emulsion ratio (aqu-
eous to lipid) was 1:2. The tumor feeding branch was
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embolized using absorbable gelatin sponge particles to
achieve complete blockage of the tumor feeding artery.
Successful embolization was confirmed when no contrast
staining in the tumor was detected on post-embolization
angiography.

Evaluation of the TACE Response and
Follow-Up

Treatment responses were evaluated after the first TACE
procedure based on the modified Response Evaluation
Criteria in Solid Tumors (mRECIST)'” by postoperative
CT examination within 2 months after the procedure.
Briefly, the corresponding responses included complete
response (CR), partial response (PR), stable disease (SD),
and progressive disease (PD). In the present study, the
patients were divided into two groups: the TACE response
group (TR) (CR and PR patients) and the TACE non-
response group (TN) (PD and SD patients). Treatment
response was independently evaluated by 2 radiologists
with 5 and 9 years of clinical experience, and conflicting
results were re-examined and determined by a third radi-
ologist with over 20 years of experience.

All patients enrolled in this study were followed up
after the initial cTACE until death or at the end point of
this study (1 June 2021). Clinical data and CT/MR images
of each patient were reviewed and evaluated, and a further
treatment decision was made based on treatment response,
evidence from current guidelines, and patient status. Time-
to-tumor progression (TTP) was defined as the time point
when local or intrahepatic recurrence or distant metastasis
occurred after the first TACE procedure. Overall survival
(OS) was defined as the time from the initial TACE treat-
ment until any cause of death.

Statistical Analysis

Statistical analyses were performed using SPSS software
(version 25.0, IBM Corp, NY, USA). The independent
t-test and Mann—Whitney U-test were applied to compare
numeric variables, while the chi-square test and Fisher’s
exact test were applied to compare categorical variables.
Kaplan Meier analysis was used to compare TTP and OS
between TR and TN groups.

In this study, Python (version 3.70) was used to
develop machine learning models. The least absolute
shrinkage and selection operator (LASSO) was used to
select the features that had the greatest effect on predicting

treatment response after the first TACE procedure based
on clinical characteristics and CT image features.

All patients were randomly divided into the training
group and the validation group through stratified cross-
validation, and the approximate distribution of the out-
come indicators in the two groups was ensured to avoid
systematic errors caused by the division of data sets. In
this study, 5-fold cross-validation was applied, in which
the samples were randomly divided into 5 equal groups.
Four samples (accounting for 80.0% of the total samples)
were defined as the training group each time to construct
the model, while the remaining 1 sample (accounting for
20.0% of the total samples) was used as the validation
group to evaluate the model performance.

In this study, six machine learning algorithms were
used to build models based on selected features, including
XGBoost, decision tree (DT), support vector machine
(SVM), random forest (RF), k-nearest neighbor (kNN),
and fully convolutional networks (FCN). The Bootstrap
self-help method was used to repeat the whole machine
learning process 100 times to ensure the stability of the
models, and finally 6 comprehensive models constructed
by different algorithms were obtained.

The prediction efficiency of each model was evaluated
by AUC, accuracy (ACC), sensitivity (SEN), and specifi-
city (SPE). The performance of each model was then
compared to determine the best model for the prediction
of treatment response after TACE by AUC and ACC.

Results

Clinical Data and CT Imaging Features

This study retrospectively enrolled 110 patients (100
males, 10 females, 53.8+12.7 years) with unresectable
HCC. After the first TACE procedure, 31 patients
(28.2%) were described as TR (CR and PR) according
to the mRECIST evaluation, while 79 patients (71.8%)
were in the TN (SD and PD) group. The clinical and
imaging characteristics of the patients in the TR and TN
groups were summarized and compared. Among all clin-
ical data, ALB, TB, and INR showed a significant dif-
ference between the TR and TN groups (P<0.05)
(Table 1). Imaging features including tumor diameter,
tumor number, distribution, type of portal vein tumor
(PVTT),
growth pattern, tumor vessels, peritumor enhancement,

thrombosis venous thrombosis, infiltrative

necrosis showed a significant difference between the TR
and TN groups (P < 0.05) (Table 2). Other characteristics
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Table 1 Comparison of Clinical Data of Patients Between TR and TN Groups

Characteristics TR TN

N=31 N=79
Age (years) 55 [34-77] 53 [27-92] 0.447
Sex (male) 27 (0.87) 73 (0.92) 0.44
Comorbidity 5 (0.16) 10 (0.13) 0.555
Hypertension 3 (0.1) 7 (0.09)
Diabetes 1 (0.03) 2 (0.03)
CHD 1 (0.03) 1 (0.01)
Hepatitis 27 (0.87) 74 (0.94) 0.074
HBV 23 (0.74) 72 (0.91)
HCV 1 (0.03) 2 (0.03)
Combined 3(0.1) 0
AFP (ng/mL) 51,291.5 [2.23-947,369.72] 30,067.9 [1.64-928,657.85] 0.731
ALT (U/mL) 53.97 [12-220] 55.66 [8-310] 0.862
AST (U/mL) 70.71 [22-281] 88.65 [15-713] 0.241
ALB (g/L) 38.4 [27-48.2] 35.83 [25.447] 0.018
TB (umol/L) 17.6 [7.6—45.9] 21.82 [5.1-79.4] 0.034
PT (seconds) 12.63 [10.9-14.5] 14.58 [10.3-121.3] 0.163
INR 1.07 [0.92-1.23] 1.13 [0.9-1.37] 0.005
Cirrhosis 10 (0.32) 38 (0.48) 0.127
Ascites 2 (0.06) 12 (0.15) 0.153

Abbreviations: AFP, alpha-fetoprotein level; ALB, albumin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; CHD, chronic heart disease; HBV, hepatitis
B virus; HCV, hepatitis C virus; INR, international normalized ratio; PT, prothrombin time; TB, total bilirubin; TN, nonresponsive to transarterial chemoembolization (TACE);

TR, responsive to TACE.

were not statistically different between the two groups (P
> 0.05). CT images of typical cases in the TR and TN
groups are shown in Figure 2.

All patients enrolled in this study were followed up until
death or at the end point of this study (1 June 2021), with no
one lost to follow-up. All patients experienced recurrence or
distant metastasis. The median TTP was 507 days (range: 70-
1919 days) in the TR group and 96 days (range: 17-362 days)
in the TN group, with a statistical difference (P < 0.001)
between the two groups. Only three patients were alive at the
end point of this study, which were censored in the OS analysis.
OS between the TR (median: 1034 days, range: 407-2094
days) and TN (median: 144 days, range: 17-364 days) groups
also showed a significant difference (P<0.001) (Figure 3).

Feature Selection

The clinical and CT imaging features were screened by
LASSO to determine the most significant features to pre-
dict treatment response after the first TACE procedure
(Figure 4). The classifier adds features based on relative
importance until the AUC no longer improves. Finally,
PVTT type, ALB and tumor distribution were selected
for predictive model building.

Predictive Model Building and Evaluation
Machine learning models were built based on the selected
features by six algorithms of XGBoost, Decision tree,
SVM, RF, kNN, and FCN. The prediction efficiency of
each model is shown in Table 3. Among the models, the
RF model showed the best performance with AUC, ACC,
SEN, and SPE of 0.802, 0.784, 0.904, and 0.480, respec-
tively. Then, the AUC and ACC of the RF model and
those of other machine learning models were compared
using the Mann—Whitney U-test, respectively, and showed
a significant difference (P < 0.05) (Table 4). Figure 5
shows the ROC curves of six models for one round five-
fold cross-validation.

Discussion
In this study, we selected the most significant clinical and
CT image features of HCC patients through LASSO for
building six machine learning models. We found that RF
was the best performing model to predict the outcome of
the initial TACE treatment.

LASSO and cross-validation are common methods for
radiomics feature screening and model building.'®'"'®
LASSO is widely used to select the variables that have
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Table 2 Comparison of Imaging Features of Patients Between TR and TN Groups

Characteristics TR TN

N=31 N=79
Diameter 8.23 [1.33-19.01] 11.35 [4.52-28.1] 0.001
Tumor number 0.012
| 18 (0.58) 26 (0.33)
2 5(0.16) 18 (0.23)
3 3(0.1) 5 (0.06)
>3 5(0.16) 30 (0.38)
Distribution 0.006
One segment 7 (0.23) 3 (0.04)
One lobe 15 (0.48) 35 (0.44)
Multiple lobe 9 (0.29) 35 (0.44)
Portal thrombosis 4 (0.13) 44 (0.56) <0.001
Grade | 1 (0.03) 6 (0.08)
Grade I 1 (0.03) 17 (0.22)
Grade llI 2 (0.06) 17 (0.22)
Grade IV 0 4 (0.05)
Venous thrombosis 1 (0.03) 12 (0.15) 0.023
Biliary invasion 1 (0.03) 2 (0.03) 0.851
Infiltrated growth 1 (0.03) 15 (0.19) 0.005
Tumor vessels 19 (0.61) 65 (0.82) 0.039
Peritumor enhancement 10 (0.32) 44 (0.56) 0.026
Arterial hyperenhancement 22 (0.71) 56 (0.71) 0.993
CTn (HU) 43.37 [31-55.6] 43.53 [26.1-58.7] 0914
CTa (HU) 89.3 [46.6—150] 87.91 [38.5-152] 0.787
CTy (HU) 87.8 [50.1-119.3] 86.8 [55.2-127.2] 0.770
AA (HU) 45.94 [2.7-98.9] 44.39 [8.6-103.7] 0.742
AA% 1.06 [0.06—1.97] 1.04 [0.16-2.26] 0.861
Tumor capsule 21 (0.68) 53 (0.67) 0.948
Necrosis 22 (0.71) 71 (0.9) 0.041
Splenomegaly 14 (0.45) 39 (0.49) 0.696

Abbreviations: AA, increased CT value on arterial phase; AA%, increased ratio of CT value on arterial phase; CTa, CT values of tumor parenchyma measure on arterial
phase; CTy, CT values of tumor parenchyma measure on plain scan; CTy, CT values of tumor parenchyma measure on portal vein phase; TN, nonresponsive to transarterial

chemoembolization (TACE); TR, responsive to TACE.

the greatest effect on outcome indicators. In this study,
PVTT type, ALB, and tumor distribution were screened
out by LASSO, which had the greatest effect on the out-
come of the first TACE procedure.

Random forest (RF) is an ensemble learning method
used to build predictive models composed of multiple
decision trees to achieve better predictive results.'”
While the classification of a single decision tree is prone
to overfitting and bias-variance, an RF model creates an
entire forest of random decision trees using bootstrap
aggregation to overcome overfitting and bias-variance pro-
blems, and to arrive at the best possible answer.”’ The
output result of RF depends on the prediction results of all
decision trees and therefore significantly reduces the clas-
sification error and improves the accuracy and robustness

of the model. Even if some of the sample data varies, only
a few decision trees will be affected, which will have less
impact on the final prediction model.*® Therefore, RF
models are considered to have high accuracy with stability
and strong generalizability. Among the models constructed
in this study, the RF model also showed the best predictive
performance.

In this study, PVTT type, ALB and tumor distribution
were selected for model building, as these three features
had the greatest effect on predicting initial TACE
response.

According to our findings, the PVTT type had the most
important effect on predicting response to the first TACE
procedure. PVTT is one of the most representative ima-
ging features of advanced HCC patients. Patients with
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Patient A (CR) Patient B (PR)

Plain scan

Arterial phase

Portal phase

Follow-up

(portal phase)

Patient C (SD) Patient D (PD)

Figure 2 Computed tomography (CT) images of typical cases in TR and TN groups. CT images of patient A (CR, TR group) before TACE show a spherical mass located in
the right lobe, with slight hyperenhancement on the arterial phase and an intact tumor capsule visible on the portal venous phase. Post-procedure CT image shows diffuse
deposit of iodine oil and no enhancement of the lesion. CT images of patient B (PR, TR group) before TACE show an infiltrated lesion with visible tumor vessels on the
arterial phase, and type | PVTT (arrow) on portal venous phase. Post-procedure CT image shows dominant shrinkage of the lesion with slight enhancement. CT images of
patient C (SD, TN group) before TACE show ill-defined infiltrative lesion with type IV PVTT involving the main portal vein (arrow) and the superior mesenteric vein (not
shown) on the portal venous phase. Post-procedure CT image shows no obvious shrinkage or progression of the lesion with some blood supply. CT images of patient D (PD,
TN group) before TACE show a large mass involving multiple segments of liver, with abundant tumor vessels visible on the arterial phase, hepatic vein invasion (arrow) and
type Il PVTT involving the main portal vein (not shown). Dominant enlargement of the lesion can be seen in the post-procedure CT image.

Abbreviations: TACE, transarterial chemoembolization; TR, responsive to TACE; TN, nonresponsive to TACE; CR, complete response; PR, partial response; SD, stable

disease; PD, progressive disease; PVTT, portal vein tumor thrombosis.

PVTT usually experienced early recurrence after radical
resection and poor overall outcomes.>' The role of TACE
in HCC patients with PVTT remains controversial or
unconfirmed. Generally, TACE is not recommended in
patients with PVTT due to concerns that blockage of the
arterial blood supply of the tumor might lead to massive
hepatic necrosis under the circumstance of already com-
promised hepatic blood supply.”” However, some studies
have shown that TACE could significantly prolong the
survival time of patients combined with PVTT.*?

Our results showed that patients with type III or IV
PVTT were prone to not responding to initial TACE treat-
ment. This may be due to the fact that these patients

already had an altered hepatic blood supply, where the
tumor was in a hypoxic situation and was more resistant
to blockage of the arterial blood supply. Furthermore, in
patients with type III or IV PVTT, intervention of arterial
blood supply should be more cautious to avoid massive
hepatic necrosis. Cappelli et al’ proposed a prognostic
model that provides an accurate prediction for patients
with unresectable HCC after TACE treatment. In their
study, PVTT patients were not included to avoid bias
caused by their prognostic weight in determining the prog-
nosis in patients without PVTT.” However, in actual clin-
ical practice, PVTT is frequently observed in patients with
unresectable HCC, and TACE is usually performed after
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Figure 3 Kaplan Meier plots comparing TTP and OS between TR and TN groups. Both TTP (A) and OS (B) show significant differences between TR and TN groups (P < 0.001).
Abbreviations: TTP, time to progression; OS, overall survival; TR, responsive to TACE; TN, nonresponsive to TACE.

Distribution
Necrosis

Etiology

Diameter

Vein thrombosis
Cirrhosis

Number

INR -
0.0

|
]

0.2 0.4 0.6 0.8 1.0

Relative importance

Figure 4 Relative importance rank of features screened using the least absolute
shrinkage and selection operator (LASSO).

careful evaluation and trade-off. Therefore, the patients
with HCC included in this study reflected the real-life
phenomenon in the clinical setting, and the constructed
model can provide individualized responses for patients
with and without PVTT.

ALB was selected as the second most significant fea-
ture for the building of predictive models in this study.

Table 3 Prediction Efficiency of Each Machine Learning Models

From the results of this study, patients with low ALB
tended to show no response to the initial TACE. Serum
albumin is synthesized in the liver and functions as
a carrier protein for steroids, fatty acids, and thyroid
hormones in the blood, reflecting liver function. This
study showed that low ALB was correlated with
a negative response to treatment and a worse outcome in
HCC patients,
studies.*** In some studies, the BCLC staging system

which is consistent with previous
and Child-Pugh classification were applied to assess liver
function of HCC patients, which combined multiple clin-
ical data and provided a comprehensive assessment of
liver function and patient status. However, the majority
of patients suitable for TACE procedure are BCLC B stage
or Child-Pugh B patients.***> To minimize bias caused by
the high prognostic weight of the BCLC staging system or
the Child-Pugh classification, and to search for character-
istics that have the greatest effect on the prediction of
treatment response, we assessed these clinical data sepa-
rately. In addition to ALB, other clinical data including
TB, ALT, AST, PT, INR, cirrhosis, and ascites were

usually applied for the evaluation of liver function in

Models AUC Fl-Score Accuracy Precision Sensitivity Specificity
XGBoost 0.777 0.788 0.716 0.839 0.755 0.617
DT 0.738 0.822 0.745 0.820 0.834 0.516
RF 0.802 0.857 0.784 0.819 0.904 0.480
kNN 0.741 0.823 0.733 0.783 0.874 0.373
SVM 0.787 0.754 0.691 0.868 0.681 0.714
FCN 0.791 0.849 0.774 0.817 0.892 0.474

Abbreviations: AUC, area under curve; DT, decision tree; FCN, fully convolutional networks; kNN, k-nearest neighbor; RF, random forest; SVM, support vector machine.
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Table 4 Comparison of AUC and ACC Between RF and Other
Machine Learning Models

Classifiers AUC P value Accuracy P value
RF 0.802 / 0.784 /
XGBoost 0.777 <0.001 0.716 <0.001
DT 0.738 <0.001 0.745 <0.001
kNN 0.741 <0.001 0.733 <0.001
SVM 0.787 0.010 0.691 <0.001
FCN 0.791 0.034 0.774 0.019

Abbreviations: AUC, area under curve; DT, decision tree; FCN, fully convolu-
tional networks; kNN, k-nearest neighbor; RF, random forest; SVM, support vector
machine.

HCC patients. In this study, TB (P=0.034) and INR
(P=0.005) have showed significant difference between
TR and TN groups, while ALT, AST, PT, cirrhosis, and
ascites have no statistical difference between the two
groups (P>0.05). However, LASSO did not select these
data for model building in the current study, indicating
that these features have less influence on the initial TACE
response compared to ALB. Although these clinical char-
acteristics were not chosen for model building in this
study, they still showed an effect on the prognostic
prediction.

This study showed that tumors located in multiple
segments or multiple lobes of the liver tended to show
no response to the first TACE treatment. In Zhong’s study,

ROC of XGBoost

ROC of Decision tree

tumors with bilobar location, tumor diameter (>7 cm), and
tumor number (>1) were independent risk factors asso-
ciated with 1-year disease control for patients with HCC
treated with TACE combined with sorafenib as initial
treatment.'® Tumor location may affect the specific treat-
ment procedure of TACE in different patients to achieve
an optimal treatment response, which subsequently affects
its prediction weight in the TACE response.

Tumor diameter and tumor number were considered to
be key prognostic indicators in patients with HCC. The
size and number of the tumor directly affect the blocking
effect of the tumor feeding artery and the dosage of the
thus
response to the TACE procedure. In our study, tumor

chemotherapy drug, influencing the treatment

distribution, diameter, and tumor number also had
a significant difference between the TR and TN groups.
However, the tumor distribution was of higher relative
importance than the other two characteristics (Figure 4)
and was chosen to build predictor models.

According to our results, tumor vessels, enhancement
of the peritumor, venous thrombosis, infiltrative growth
pattern, and tumor necrosis showed a significant difference
between the TR and TN groups (P < 0.05). The visible
tumor vessel on imaging usually indicates a rich arterial
blood supply of the tumor. In such a situation, it is more
difficult to reach a complete blockage of the tumor feeding
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Figure 5 The ROC curves of six prediction models for one round cross-validation.
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vessels. Peritumor enhancement has been reported to be an
independent predicator of microvascular invasion of HCC
and was associated with early recurrence after curative
resection.”®?” HCC with venous thrombosis, infiltrative
growth pattern, and necrosis within tumor parenchyma
usually demonstrate rapid growth and a much more
aggressive biological behavior along with early spread of
tumor.” Patients with these CT image features tend not to
respond to the therapeutic TACE procedure and probably
experience a worse clinical outcome. However, these fea-
tures were not selected by LASSO for model building in
this study. One possible reason is that the influence of
PVTT type on the predicting results was so dominant
that other features were relatively less important in the
prediction. Furthermore, to screen out the most significant
features and minimize possible bias in predicting models,
we applied an approach in which the classifier added
features based on relative importance, until the AUC was
no longer improved. Therefore, although these clinical
characteristics were not chosen for model building in the
current study, they still had an influence on the response to
initial TACE treatment.

Previous studies have shown that AFP level and arter-
ial hyperenhancement were significant predictors of objec-
tive response to the first TACE treatment.®'® However, in
this study, these characteristics neither showed significant
differences between the TR group and the TN group, nor
were they selected for the building of prognostic models.
This may be explained by the inherent heterogeneous
characteristics of HCCs. For example, the level of AFP
can vary in different patients even if the tumors share
similar pathological characteristics or biological behavior.
Patients with advanced HCC can also demonstrate
a normal level of AFP."* The increased CT value (AA)
and increased ratio of CT value to arterial phase (AA%)
showed no significant difference between TR and TN
groups (P > 0.05). The possible reason was that the hetero-
geneous parenchyma and enhanced patterns within one
tumor lesion and the background of hepatic fibrosis or
cirrhosis may have a negative effect on the CT
findings.”® However, these factors could still indirectly
contribute to the response to initial TACE treatment and
should not be ignored. The prognostic weight of these
characteristics will be further explored in our future
study with a larger population.

According to our results, the TTP and OS of the TR
group were significantly longer than those of the TN group
(P <0.001). Although treatment after the initial TACE can

contribute to the outcome of patients, the primary response
to the first TACE procedure still has a great impact on
disease progression and clinical decision-making. This
may reflect the further clinical significance of predicting
the response of treatment to the initial TACE.

Our study had several limitations. First, it was a single-
center, retrospective study without external validation,
which leads to inevitable selection bias, and thus may be
subject to nongeneralizability. Second, the small number
of patients in the TR group may have influenced the
accurate prediction of the results. Furthermore, the long
duration of the inclusion period and the relatively small
study population may have influenced the robustness of
the predictive model.

Conclusion

In this study, PVTT type, ALB, and tumor distribution
were selected by machine learning to construct different
prognostic models to predict the response to the initial
cTACE treatment, and the RF model had the best predic-
tion efficiency. The model established in this study can
provide an accurate prediction of the early response to
initial cTACE treatment in HCC patients, and may help
in individualized clinical decision-making and modifica-
tion of further treatment strategies.

Abbreviations

AA, increased CT wvalue on arterial phase; AA%,
increased ratio of CT value on arterial phase; ACC, accu-
racy; AFP, alpha-fetoprotein level; ALB, albumin; ALT,
alanine aminotransferase; AST, aspartate aminotransfer-
ase; AUC, area under the curve; CHD, chronic heart
disease; CR, complete response; CTy, CT values of
tumor parenchyma measure on plain scan; CT,, CT
values of tumor parenchyma measure on arterial phase;
CTy, CT values of tumor parenchyma measure on portal
venous phase; FCN, fully convolutional networks; HBYV,
hepatitis B virus; HCV, hepatitis C virus; INR, interna-
kNN, k-nearest
LASSO, least absolute shrinkage and selection operator;

tional normalized ratio; neighbor;
OS, overall survival; PD, progressive disease; PR, partial
response; PT, prothrombin time; PVTT, portal vein tumor
thrombosis; RF, random forest; ROI, region of interest;
ROC, receiver operating characteristic; SD, stable dis-
ease; SVM, support vector machine; TACE, transarterial
chemoembolization; TB, total bilirubin; TN, nonrespon-
sive to TACE; TR, responsive to TACE; TTP, time of
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