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Abstract

Objective To investigate the clinical value of contrast-enhanced computed tomography (CECT) radiomics for predicting
the response of primary lesions to neoadjuvant chemotherapy in hepatoblastoma.

Methods Clinical and CECT imaging data were retrospectively collected from 116 children with hepatoblastoma who
received neoadjuvant chemotherapy. Tumor response was assessed according to the Response Evaluation Criteria in Solid
Tumors (RECIST). Subsequently, they were randomly stratified into a training cohort and a test cohort in a 7:3 ratio. The
clinical model was constructed using univariate and multivariate logistic regression, while the radiomics model was developed
based on selected radiomics features employing the support vector machine algorithm. The combined clinical-radiomics
model incorporated both clinical and radiomics features.

Results The area under the curve (AUC) for the clinical, radiomics, and combined models was 0.704 (95% CI: 0.563-0.845),
0.830 (95% CI: 0.704-0.959), and 0.874 (95% CI: 0.768-0.981) in the training cohort, respectively. In the validation cohort,
the combined model achieved the highest mean AUC of 0.830 (95% CI 0.616-0.999), with a sensitivity, specificity, accuracy,
precision, and f1 score of 72.0%, 81.1%, 78.5%, 57.2%, and 63.5%, respectively.

Conclusion CECT radiomics has the potential to predict primary lesion response to neoadjuvant chemotherapy in
hepatoblastoma.
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Introduction resection at initial diagnosis (Meyers et al. 2017). Accord-
ing to the International Childhood Liver Tumors Strat-
Hepatoblastoma (HB) is the most common liver malig-  egy Group (SIOPEL) program, neoadjuvant chemother-

nancy in children, with an annual incidence of 1.5 cases  apy should be administered in all cases irrespective of
per million children (Rougemont et al. 2012). However,  the pretreatment extent of disease (PRETEXT) staging
only 30% of tumors are directly amenable to surgical  of HB. The SIOPEL has found that a platinum-based

P4 Ling He Hao Ding
doctorheling @yeah.net 2267044468 @qq.com

> Xin Chen Fang Wang
b2309@126.com wangfang @aifmri.com

Yanlin Yang
yyldwyyx1@163.com

Department of Radiology, Children’s Hospital of Chongqing
Medical University, National Clinical Research Center

Haoru Wang for Child Health and Disorders, Ministry of Education Key
wanghaoru615@126.com Laboratory of Child Development and Disorders, Chongqing
.. . Key Laboratory of Child Neurodevelopment and Cognitive

Jiajun Si Disorders, Chongqing, China
Sjj1278357374@126.com ’ ’
Li Zhang Department of Research and Development, Shanghai United

zhli881208 @ 163.com

Published online: 30 April 2024

Imaging Intelligence Co., Ltd, Shanghai, China

@ Springer


http://orcid.org/0009-0007-2299-2337
http://orcid.org/0000-0003-2497-0872
http://orcid.org/0000-0001-6640-5287
http://crossmark.crossref.org/dialog/?doi=10.1007/s00432-024-05746-x&domain=pdf

223 Page 2 of 12

Journal of Cancer Research and Clinical Oncology

(2024) 150:223

chemotherapy regimen can lead to improved satisfaction
with tumor cytoreduction. This regimen can also result
in more complete tumor resection and a reduction in the
incidence of postoperative adverse events and mortality
(Katzenstein et al. 2019; Zsiros et al. 2013; Hiyama et al.
2020). Therefore, neoadjuvant chemotherapy is a crucial
component of HB treatment, as it significantly increases
the rate of surgical resection to 74-95%, reduces metas-
tasis and recurrence, and ultimately improves patient out-
comes (Marin et al. 2019).

However, due to the heterogeneity of HB, tumor response
to neoadjuvant chemotherapy varies. Children with pure
fetal histology HB treated with complete surgical resec-
tion and minimal adjuvant therapy have been shown to have
excellent outcomes when compared with other patients
(Malogolowkin et al. 2011). Katzenstein et al. (2017) found
that only 14 out of 30 patients with HB responded to chemo-
therapy. According to a study conducted by Venkatramani
et al. (2015), among the 20 patients with PRETEXT types
IIT and IV, most achieved surgical readiness after 2 cycles of
chemotherapy. However, for four children, surgical resection
was not possible even after 4 cycles of chemotherapy, and
they had to undergo liver transplantation. For these drug-
resistant patients, targeted drugs and immunotherapeutic
approaches should be an additional option for preoperative
treatment (Hiyama et al. 2016). Therefore, predicting the
response of HB to neoadjuvant chemotherapy helps clini-
cians to modulate the intensity of treatment and select the
appropriate treatment regimen, ultimately predicting the
prognosis of patients.

Some studies indicate that there are differences in the
transcriptomic signature and epigenetic machinery of HB
with varied treatment responses. These findings contribute to
a deeper understanding of HB development and therapeutic
responses, offering potential predictive biomarkers for per-
sonalized therapy (Song et al. 2022; Claveria-Cabello et al.
2023). However, the development of a simple and practical
predictive model for chemotherapy response in HB is still a
challenge. In recent years, radiomics can serve as a noninva-
sive tool to offer a comprehensive picture of tumor heteroge-
neity (Wang et al. 2023a, b). Radiomics features are widely
used to predict the response to neoadjuvant chemotherapy
in various types of solid tumors in both adults and children,
including neuroblastoma and nephroblastoma. Studies have
shown promising results (Xu et al. 2021; Wang et al. 2021;
Choudhery et al. 2022; Wang et al. 2023a, b; Sharaby et al.
2023). Howeyver, there are limited reports on the use of con-
trast-enhanced computed tomography (CECT) radiomics to
predict the response of HB to neoadjuvant chemotherapy.

Therefore, the objective of this study was to investigate
the clinical value of CECT radiomics for predicting the
response of primary lesions to neoadjuvant chemotherapy
in HB.
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Materials and methods
Patients

This was a retrospective study that was approved by the
Ethics Committee of the Children’s Hospital of Chong-
qing Medical University (File No. 2023-472), and patients’
informed consent was waived. Patients with HB admitted
to our hospital from May 2012 to May 2023 were retro-
spectively collected. Patients who met the following cri-
teria were eligible for enrollment: (1) patients received
neoadjuvant chemotherapy; (2) patients underwent CECT
before neoadjuvant chemotherapy; (3) patients underwent
CECT or MRI after treatment to assess the response of the
primary lesion; and (4) two to four cycles of neoadjuvant
chemotherapy between the two exams; the exclusion cri-
teria were as follows: (1) incomplete clinical data before
and after neoadjuvant chemotherapy and (2) poor image
quality (Fig. 1).

The effectiveness of chemotherapy was assessed based
on the Response Evaluation Criteria in Solid Tumors
(RECIST), and patients were categorized into either a
responder group or a non-responder group, according
to the degree of tumor shrinkage (Therasse et al. 2000).
Subsequently, the participants were divided into a training
cohort and a test cohort in a randomized 7:3 ratio.

CECT scanning protocol

The patient underwent a GE Lightspeed 64/Philips Bril-
liance 256 spiral CT scan at the time of initial diagnosis
with the following parameters—tube voltage 80-100 kV,
tube current 150-200 mA s, acquisition slice thickness
5.0 mm, pitch 1.1 mm, collimation 0.6 mm, and recon-
struction slice thickness 1.25 mm. CT scanning was per-
formed with iodixanol, iodine concentration of 320 mg/l,
dose of 1.5-2.0 ml/kg and flow rate of 0.5-3.5 ml/s. Arte-
rial and venous phase scans were performed 20-28 s and
55-66 s after contrast injection, respectively.

Clinical model construction

The patients in the responder group and non-responder
group were compared based on age, gender, distant metas-
tases, alpha-fetoprotein at initial diagnosis, PRETEXT,
and PRETEXT annotation factor (VPEFR). VPEFR
includes V hepatic vein/inferior vena cava, P portal vein,
F multifocal, R tumor rupture, and E extrahepatic tumor
extension. In addition, a combined factor of VPEFR was
identified as positive (VPEFR+) if one of the V, P, E, F, or
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Fig. 1 Study flowchart of the
enrolled patients. CR: complete

HB patients who were treated in our hospital From May 2012 to
May 2023 were recruited (n=223)

remission; PR: partial remis-
sion; SD: stable disease; PD:
progression disease

Jusi - -
% Without neoadjuvant chemotherapy (n=42) |

Jusi — -

M-| Incomplete clinical information (n=64) |
exclusion - -

4'| Poor CT image quality (n=1) |

’ Final study cohort (n=116) |

l

I

| Training cohort (n=93)

| I Test cohort  (n=23) |

[cr.PrR||  |sD. PD| | CR. PR | SD. PD
Responder Non-Responder Responder Non-Responder
(n=69) (n=24) (n=16) (n=7)

R factors, as described by CHIC-HS, were present. Clini-
cal characteristics were analyzed using univariate logistic
regression analysis in the training cohort. Only those with
a P value less than 0.05 were included in the multivariate
logistic regression.

Region of interest segmentation and feature
extraction

Tumor segmentation and radiomics feature extraction were
carried out using the uAl Research Portal software (ver-
sion 20231115). To reduce differences in image specifica-
tions, window width and window position normalization,
and image resampling (1 x 1 X 1 mm?) were performed on
the images. The region of interest (ROI) was manually and
blindly delineated by a radiologist with 3 years of experi-
ence along the contours of the lesion on the portal venous
phase images. All delineated ROIs were reviewed and cor-
rected by another radiologist with 15 years of experience.
To evaluate the reproducibility of the radiomics features,
approximately 1/3 of the cases were randomly selected
from the training cohort and delineated again. A total of
2264 radiomics features were extracted from each ROI,
including 18 first-order features; 14 shape-based features;
21 Gray-Level Co-occurrence Matrix (GLCM) features; 16
Gray-Level Size Zone Matrix (GLSZM) features; 16 Gray-
Level Run-Length Matrix (GLRLM) features; 5 Neighbor-
hood Gray-Tone Differences Matrix (NGTDM) features; 14
Gray-Level Dependence Matrix (GLDM) features; 2160
higher order statistical features from raw images that had
been processed with 24 filters (box-mean, additive Gaussian
noise, binomial blur, curvature flow, box-sigma, normaliza-
tion, Laplace sharpening, discrete Gaussian, mean, speckle

noise, recursive Gaussian, shot noise, LoG (sigma: 0. 5, 1,
1.5, 2), and wavelet (LLL, LLH, LHL, LHH, HHL, HLH,
HHL, HHH)).

Selection of radiomics features

All features were normalized using z-score standardization
to eliminate the dimensional effects of different features. For
radiomics features extracted from twice delineations, intra-
class correlation coefficient (ICC) analysis was performed,
and radiomics features with an ICC greater than 0.75 were
considered reproducible radiomics features and selected for
further analysis. Finally, the best radiomics features were
selected by the variance thresholding method (threshold =
0.75), the Max-Relevance and Min-Redundancy (MRMR)
(feature retention = 15), and the Least Absolute Shrinkage
and Selection Operator (LASSO).The hyperparameters of
the LASSO were determined by five-fold cross-validation.

Radiomics and clinical-radiomics model building

To prevent overfitting in this small sample size study, we
constructed a radiomics model using the support vector
machine (SVM) algorithm based on the final selected radi-
omics features, and similarly, the optimal clinical and radi-
omics features were selected to build a clinical-radiomics
model, and the C, kernel, gamma, and threshold of the SVM
algorithm were 1.0, rbf, 0.01, and 0.5, respectively.

Model performance evaluation
To avoid sample bias in grouping, fivefold cross-validation

was used to validate the model. Receiver operating charac-
teristic (ROC) curves were plotted to evaluate the predictive
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performance of each model in the training and validation
cohorts. The area under the ROC curve (AUC), 95% confi-
dence interval (CI), sensitivity, specificity, accuracy, and f1
score have been calculated. The calibration curves of each
model in both the training and validation cohorts were plot-
ted. In addition, decision curve analysis (DCA) was utilized
to evaluate the clinical validity of the models by quantifying
the net gain at various threshold probabilities. AUC values
were compared between models by the Delong test (Fig. 2).

Statistical analysis

IBM SPSS Statistics software (version 25.0) and uAl
Research Portal software (version 20231115) were used for
statistical analysis. The abnormally distributed quantitative
variables were compared using a Wilcoxon test. The qualita-
tive variables were tested using a Chi-square test or Fisher’s
test. A statistically significant difference was considered
when the two-tail P value was less than 0.05.

Results
Clinical features

The study enrolled a total of 116 patients diagnosed with
HB, including 76 males and 40 females, with a mean age of
23.14 months (range: 3—139 months). There were 85 patients
in the responder group, with 57 males and 28 females, and
the mean age was 19.56 months (range: 3.0-126.0 months).
The non-responder group consisted of 31 patients, with 19
males and 12 females, and the mean age was 32.71 months

(range: 3—139 months). The training cohort had a total of
93 patients, of which 69 were responders and 24 were non-
responders. The test cohort had a total of 23 patients, includ-
ing 16 responders and 7 non-responders (Table 1).

Clinical model performance

The effects of age, PRETEXT, VPEFR+, and M+ on chem-
otherapy response were statistically significant in univariate
analysis, with P values of 0.009, 0.008, 0.007, and 0.011,
respectively. Incorporating clinical characteristics with cor-
relations into a multivariate logistic analysis revealed that
age had a significant effect on chemotherapy response. It
was also used as an independent predictor for clinical mod-
eling. According to the multivariate analysis (Table 2), age
was identified as an independent risk factor for predicting
response to chemotherapy. This information was used to
build the clinical model.

Radiomics feature selection

From the 2264 radiomics features extracted, 1592 features
were obtained after retaining the features with ICC greater
than 0.75. Due to the Z-score normalization of the features,
1592 features remained after further filtering by the vari-
ance threshold method. The training cohort has been parti-
tioned into five distinct training set and validation cohorts
utilizing a fivefold cross-validation technique. This method
involves dividing the training cohort into five equally sized
subsets, four of which are utilized as the training set, while
the remaining one is used as the validation cohort. In addi-
tion, a tenfold within-group cross-validation strategy has

Tumor’s Delineation Features Extraction

First-order feature
Texture feature
Shape feature

Features selection

Model Analysis

74

Model Evaluation

LR DCA curve

Calibration curve

Heét rﬁap‘

Fig.2 Flowchart showing the process for the development of radiomics
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Table 1 Patient clinical and

. L Clinical features
pathological characteristics

Training cohort (n=93)

Test cohort (n=23)

Responder Non-responder P value Responder Non-responder P value

Gander 0.273 0.621

Male 46 (66.7%) 13 (54.2%) 11 (68.8%) 6 (85.7%)

Female 23 (33.3%) 11 (45.8%) 5@31.3%) 1 (14.3%)
Age (months) 15 (8, 23) 24 (10, 46) 0.036  17.5(7,33.25) 11 (6,34) 0.599
PRETEXT 0.006 0.772

| 2 0 0 1

11 0 3 0

I 43 10 7 4

v 20 14 6 2
AFP (x107° pg/L) 4.1 (1.26,8.1) 7.6(5.9,13.0) 0.586 8.1(2.1,16.4) 4.5(2.4,13.8) 0423
VPEFR+ 12 (17.4%) 11 (45.8%) 0.005  3(18.8%) 1 (14.3%) 1
M+ 7 (10.1%) 8(33.3%) 0.02 4 (25.0%) 2 (28.6%) 1

PRETEXT =Pretreatment Extent of Disease. AFP in newborn drawn postoperatively; VPEFR+: Vmacro-
vascular involvement of all hepatic veins (V) or portal bifurcation (P), contiguous extrahepatic tumor (E),
multifocal tumor (F), and spontaneous rupture (R); M+: distant metastasis

Table 2 Univariate and

multivariate analyses results of Clinical features Univariate Multivariate

clinical features OR (95% CI) P value OR (95% CI) P value
Age 1.154 (0.720-1.791) 0.009 1.891 (1.110-3.481) 0.027
Pretext 2.200 (1.264-4.067) 0.008 2.010 (1.046-4.163) 0.057
AFP 1.154 (0.72-1.791) 0.528
VPEFR+ 1.828 (1.178-2.863) 0.007 1.245 (0.718-2.108) 0.419
M+ 1.734 (1.132-2.687) 0.011 1.226 (0.726-2.065) 0.440

been employed to enhance the model’s stability. The fea-
tures of each fold were screened using the mRMR and
LASSO algorithms. The results of the five feature selec-
tions were then combined using voting ensembles (Sup-
plementary Table S1). Features that appeared more than
twice were considered stable, resulting in the identification
of six stable features. The six features, namely, “wavelet-
LLL_glrlm_RunEntrop”, “wavelet. LHL_glszm_LAH-
GLE”, “specklenoise_firstorder_Kurtosis”, “boxsigmaim-
age_ngtdm_Coarseness”, “normalize_firstorder_Entropy”,
and “original_shape_Sphericity”.

Performance comparison of different models

The mean AUC for the clinical, radiomics, and combined
models was 0.704 (95% CI: 0.563-0.845), 0.830 (95% CI:
0.704-0.959), and 0.874 (95% CI: 0.768-0.981) in the train-
ing cohort, respectively. In the validation cohort, the com-
bined model achieved the highest mean AUC of 0.830 (95%
CI 0.616-0.999), with a sensitivity, specificity, accuracy,
precision, and f1 score of 72.0%, 81.1%, 78.5%, 57.2%, and
63.5%, respectively (Table 3).

According to the Delong test (Supplementary Table S2),
there was no statistically significant difference between the
diagnostic efficacy of the radiomics model and the clinical
model in the training cohorts, but the difference between the
diagnostic efficacy of the combined model and the clinical
model was statistically significant (P=0.009), which also sug-
gests that the radiomics features have an advantage in improv-
ing clinical diagnostic performance (Fig. 3).

Due to the small sample size, there was no significant dif-
ference in the diagnostic efficacy of the three models in our
test cohorts. The calibration curves indicated a high level of
agreement between predicted and actual probabilities (Fig. 4).

According to the decision curve analysis, it appears that
the combined model may offer greater clinical utility when
compared to the use of radiomics features or clinical features
alone (Fig. 5).

Discussion
The current consensus on chemotherapy for HB is to

attempt early resection after two cycles of chemotherapy
when the tumor is amenable to surgery. After four cycles,

@ Springer



223 Page 6 of 12

Journal of Cancer Research and Clinical Oncology

(2024) 150:223

Table 3 Performance of

. Lo Model AUC Sensitivity ~ Specificity =~ Accuracy Precision  fl score

clinical, radiomics, and

combined models in the training Radiomics

and validation cohorts Training cohort  0.830 (0.704-0.959)  0.751 0.783 0.774 0546 0.632
Validation cohort ~ 0.802 (0.543-0.995)  0.680 0.681 0.678 0.416 0.513
Clinical
Training cohort 0.704 (0.563-0.845)  0.532 0.713 0.666 0.409 0.445
Validation cohort ~ 0.690 (0.381-0.982)  0.530 0.710 0.667 0.402 0.444
Combined
Training cohort 0.874 (0.768-0.981)  0.761 0.873 0.844 0.676 0.716
Validation cohort ~ 0.830 (0.616-0.999)  0.720 0.811 0.785 0.572 0.635
Test cohort 0.741 (0.499-0.983)  0.571 0.938 0.826 0.800 0.666

the tumor remains inoperable and liver transplantation is
recommended rather than further chemotherapy (Meyers
et al. 2012). More chemotherapy instead leads to drug
resistance in patients (Venkatramani et al. 2015). There-
fore, this study mainly included patients with HB who
were evaluated after 2—4 cycles of chemotherapy. Cur-
rent clinical risk stratification still depends on imaging
and histologic features at diagnosis and the molecular
marker serum AFP (Pritchard et al. 2000). Clinical factors
associated with HB include patient age, pretext staging,
PRETEXT annotation factors, and alpha-fetoprotein (Wei
et al. 2022). Haeberle et al. (2020) studied and analyzed
the clinical data of 1605 children with HB and showed
that the older the patient, the higher the risk of extrahe-
patic metastasis, AFP < 100 ng/ml, and tumor rupture,
and the worse the prognosis. In addition, several previ-
ous trials have demonstrated that the PRETEXT group
is a strong predictor of overall survival in children with
HB (Perilongo et al. 2004). In the present study, it was
observed that there were no statistically significant dif-
ferences between the two groups in terms of gender,
PRETEXT staging, PRETEXT annotation factors, and
extrahepatic abdominal organ involvement. However, a
significant difference was found in the age at onset, with
the responder group generally being younger. This sug-
gests that a younger age at onset may be associated with
better remission after induction chemotherapy. In addition
to building a clinical model, we also investigated a radiom-
ics model for predicting response to neoadjuvant chemo-
therapy based on CECT. The results suggest that radiomics
may be useful in predicting responder in HB. Although we
are the first study to use a machine learning algorithm to
construct a radiomics model, to predict the response of pri-
mary lesions of childhood HB to chemotherapy. However,
radiomics is now being used to predict the prognosis of
hepatoblasts (Jiang et al. 2021). Our results show that dif-
ferent models can predict the response of HB primary foci
to chemotherapy, SVM model has the best prediction per-
formance, with AUC and precision up to 0.830 and 0.774.

@ Springer

The precision of the combined model combined with the
clinical model can be up to 0.874 and 0.844, respectively.
The combined model has better clinical applicability than
the clinical model. It has been found, through the Delong
test, that the combined model exhibits higher accuracy and
better calibration in predicting preoperative chemotherapy
response in HB, as compared to the clinical models.

The study found that both radiomics shape features
and texture features respond to the heterogeneity within
the tumor tissue (Marusyk et al. 2012). The shape fea-
ture was used to describe the complexity of the identi-
fied tumors in the liver, to improving the sensitivity and
specificity of the response prediction (Gillies et al. 2016;
Gu et al. 2023), and the use of shape feature descriptions
enhances the automatic prediction of tumors. The use
of these features illustrates the complexity of the tumor
and the tendency of the tumor to respond due to its rapid
growth, complex shape, invasiveness, and high likelihood
of non-responsiveness to preoperative chemotherapy. As
per the research conducted by Olya Grove et al., it has
been observed that a considerable amount of texture and
shape features can be derived from the burrs of lung can-
cer. These features can effectively showcase the heteroge-
neity and complexity of the tumor and have been proven to
be a strong predictor (Grove et al. 2015). In HB, the use of
texture features improved the specificity and sensitivity of
chemotherapy response prediction. A recent study (Chen
et al. 2024) used unsupervised machine learning to cluster
HBs based on their heterogeneity. The researchers found
that HBs in different clusters differed in terms of clinical
features and chemotherapy relevance. It is suggested that
the heterogeneity of HBs’ images may correlate with clini-
cal features and chemotherapy response. The likelihood of
non-response to preoperative chemotherapy is high due
to the rapid growth rate and complex morphology of the
tumor, using these characteristics to illustrate the complex-
ity of the tumor and the tendency to respond to the tumor.
In our study, it was observed that first-order and second-
order textural features (NGTDM and GLRLM) had a high



223

Page 7 of 12

223

(2024) 150

Journal of Cancer Research and Clinical Oncology

80

EENEXINYES TR

90 0

(0£8°0=0NV) uvaw

9r6:0=0NV) spiod

9r8°0=0nV) tPlod

(LsL°0=0nV) €piod
(1£9°0=0nV) TPI1od -

(€v6'0=0NV) 1104

ko
Fzo
Fro
H
z
Foo %
Fs0
1 h

| 80

(b£8°0=DNV) uedw —
(198°0=0nV) splod -
(£$8°0=0NV) tPI04

($68°0=0nV) €plod -
(@z60=0nv) prod -

(Ly$'0=0nV) Iplod -

ro
Fzo
Fro F
2
g
z
4
Foo %
Fs0
1 o

ey 2A1S04 S|

1 80 90 0 T0 0
(208°0=0NY) uesw — Lo
(2860=0nV) SPIod =
(008°0=0NV) #PIO4
(6780=DNV) €plod = - o
(679°0=0NV) TPIod - .
(98L°0=0NV) 1PIOd - o) o =
fmmmmm - A
X ' g
! I g
\ g
. ' =
. H
' ] z
...... : I L
'
'
'
'
T
B N B P
: j
:
\ ,
h .
'
g gy ' Fl m
AeY 241104 S[e
1 80 90 0 0 0
(0£870-0NV) ueow — Lo
($8L°0=DNV) PIod -
(Lp8°0=0NV) tPlod -
(+€8°0=DNV) €PIOd ~ ree
(898°0=DNV) ZPiod -
!
(£28°0-00V) [Piod 1 o =
. [vo 2
H
: g
- g
P/ E
S H
Foo %
lllllllll - y --
_ : [
, R S
. j
' '
S
- Q

110400 (J—P) uonepIeA pue (3—e) Sururel) oy} Ul SPOPOW PIUIQUIOD PUE ‘S[OPOW SOUOIPELI ‘S[SPOUW [BOTUT[O JO SIAIND DO

1 80 90 0 0 0
(0690=0NV) ueaw — R Lo
'
($$5°0=0NV) SPIod - '
(69£0-0NV) ¥PIod ¢
]
(6L9°0-0NV) €pIod = H N N
P A L \
(LoL0=0NV) Tpiod - .
-
(0SL0-0NV) IPIod - ! o
d B X2
g
g
z
=
Fo0 %
e
A e g 80
" y
1,
5 '
D '
..... . - U
1 80 90 0 T0 0
($OL0=DNV) uEaw —
(0£L°0-0NV) Spiod = 1
(089°0=0NV) tiod -
(#TL0-0NV) EPIod - "._. 7 reo
y
(00£0-0nV) P10 ~ -
($89°0=0NV) 1pIod 4 -
- rvo
) g
) =
- g
) " =
i Foo %
7 a
PRSP AR
. . ’
Fs0

€ 'bi4

pringer

A's



223

(2024) 150

$)10409 (J—P) uonepifea pue (3—e) Sururer ayj ur S[OPOU PAUIUIOD PUE ‘S[OPOW SOTWOIPEI ‘S[3POW [BITUI[D JO SIAIND uoneIiqie) 4 bi4

Auiqeqoiq parIpa1d [PPO Aupiqeqoig pawipaig [3po Anpiqeqoid panIpaid PO

Journal of Cancer Research and Clinical Oncology

Page 8 of 12

223

1 80 90 0 o 0 . - . .
* + . . * ! 80 o0 o 0 0 1 80 90 0 70 0
- o — L L L \ )
(£21°0=2109g JoLg) uLaWw Fo (FZ1°0=21008 JoLg) UL — N Lo (081 0=01095 1oug) Ueow — .
(92070=21098 12ug]) Splog - (£90°0=21095 32g) Spiod - ’ (SL1°0=21035 10ug) Gpiog -
(821°0=21008 Jaug) pplog ~ ¢ - ’
0 (62r0=0005 22ug) ppiod (£17°0=21008 3211g]) P10
. g Fe L
(1T1°0=21038 12ug]) €PIO 7 (001°0=3005 15ug) EPlod - 0 (851"pmar035 90 9104 2 Lzo
(50z°0=01095 100g1) ZPlO - - -7
A : & ($81°0=01095 Joug) TPIOA y ; (€£1°0=2100§ 1oug) Zplod ~
$80°0=21008 JougD), IPIOd > OpL /
‘ Lvo 2 0p1°0=21055 J2ug) IPlod - > 0=
K 0 m 7 tro 2 (1£1°0=21095 J213g) 1plod Lo Z
. Z 3 2,
/’ oy 90 Z < g
P 4 r £ Log Z
J : ¢ g0 £ Foo %
' , s
K /
! e .
/ Fso P ’ Lo g g
/! v g K 0 g Fso
’, ' ’ '
b ' . )
% ' 1, ’ s '
V4 ! . S '
PRI —— PR Fi ’
[ - -
} 3 p
A1tqeqoid paripa1d 19PON Aujiqeqoid panipalg [2po Au11qeqoid paIpaig [P
l 80 90 v'0 0 | 20 90 +0 0 1 80 90 0 0
(960°0=21038 Jag) UraW — Lo (901°0=21038 12L1g]) UBIW — . Lo (££1°0=2109§ J2ug) ULdW — Lo
(101°0=21005 Joug) gplog  ~ B (611°0-21008 33ug) §plog -, N (TL170=2300G 1o1g) GPIOF =7 4
4 * ¢ ! '
(£01°0=01098 Joug) $PIOg - N . (601°0=21098 Joug) $PIO] - ) (591°0=03005 3213 pplOd ~
' Y . ! oy
3600 - Fzo . Lo . . Lo
(860°0=21098 1211g) €PIOA N . (Z11°0=01098 1o1g) €PIOd 7 o (2L170-01095 3218 gpiod '
(5£0°0=21005 1013g)) ZpIOg - , (580°0=21098 12ug) TpIod, ~ (bL1°0=21055 3oug) TpIOd -~ !
’ ' ‘ s N
(101°0=01095 Joug) [plod ; > (€01°0=21038 J2ug]) [P0 - ; > (SL1°0=0100 Joug) 1PJog ~ Z >
rvo g T 4 f Fvo 2 : Fvo 2
£ DA H . g
S 7 K, ES H
z A : . : i
// Foo £ ; / / ' oo Z Foo £
° .7 g v 90 2 B
;g f
‘ __ \ \\
‘ I ' ‘
F80 ' Fso ' F80
Y ’ '
'
: . '
SRS I L SEEEEEE ! F Q e

pringer

AQs



223

Page 9 of 12

223

(2024) 150

Journal of Cancer Research and Clinical Oncology

Auniqeqoig proysaiyy,

$110409 (J—P) uonepIifeA pue (3—e) Sururer) dy} ul SPPPOW PAUIQUOD PUE ‘S[OPOU SOIWIOIPEI ‘S[OPOW [BOIUI[D JO SOAIND UOISIOAT § b4

£qO1J PlOYSAIYL

Aupiqeqosd ploysam L,

80 90 0 o 1 80 90 o 0 0 § § . .
L L . h <ro- 1 1 1 h sro- 1 80 90 0 0 0
ugow ueOw — L . L . S1o-
. \ L Lo uzaw —
splod - rro-
Plod
0
€pod -
g \ g g
m...u. QUOURLL =\ rro ..m.. SU0U BRI +oe mJ
[1eeal), fewady = L e a1 -
v
1piog 1piod | Lzo 1p1og -
€09 w00
1qeqo1g POYSI L 2q01d PloYsAIY L QU0 proysaI
1 80 90 o 0 0 80 90 0 o0 0 o - " .
L L L L sro- L L L L SIo- ' v.c a,o w._o N.o 0 S1o-
uRAW — W — e —
. Fro-
splog - spiod - splog =
p1od ¥plod +plod
0 0 0
£ g | oS z
g g g
oz g 20U JRALY +re / Fro m
¢ 2
[Ie ea1), -
1plod L 2o 1piod Lzo 1pIod Lzo
12

pringer

A's



(2024) 150:223

Journal of Cancer Research and Clinical Oncology

Page 10 of 12

223

€o-10 @
ro> e

UOTIR[OLI0D

SO0< =0
100> =o-
onpead

uone[aL0d [euaseq—iuiod

€0 (44 ro 00 ro- o €0~
SLTO-
y N
\ 4
8€1'0—
100
*
7900
~—
vTo
-5
A 4
99T°0
&
@
LLTO
9
A 4

- Kiouoydg~adeys eurduo

- Adonuguny Wy T TI-1

FITOHVT WZS[S THT 19[oAeM

+ Addonug1op10)SIdZI[RULIOU

+aSe

L 0 wpIBu

- SISO Y] IOPIOISIYISIOUdPOds

q

SOIMEd) SOIUOIPEY

SUOB[OII00 PUB SJUIIOLFI0O UONBZIIDORILYD JO UONI[AS q ‘PIIO9[as saImjed € 9 bi4

£ o
> L]
g ()
£
*kk Sekokok
Hokk *k
*x

O~ wpiBu-oFewrewsisxoq

- Adonug19pI0)SI1y~9ZITRULIOU

- Kioreydg~adeys TeurSuo

- SISOLINY] IOPIOISILy ~asIOud[Ydds

- Adonuguny w8 T TI-19[oACM

-TIOHVT WzS[3 THTI9[oAeM

e

pringer

AQs



Journal of Cancer Research and Clinical Oncology ~ (2024) 150:223

Page110f12 223

correlation with chemotherapy response. This indicates
that textural features can improve the model’s ability to
detect tumor heterogeneity (Fig. 6).

Furthermore, the CECT image-based histologic analysis
used in this study may provide valuable predictors.

Admittedly, this study has some shortcomings. First,
as a retrospective study, this study included patients with
inconsistent cycles of chemotherapy and was limited by its
single-center retrospective design and small sample size, and
it would be beneficial to consider expanding the sample size
or conducting a multicenter study in the future. Second, it
was recently discovered that the cytosolic fine transcriptome
profile of HB tumors can predict drug sensitivity (Wu and
Rangaswami 2022). Unfortunately, as this was a retrospec-
tive study, we only extracted raw radiomics features and did
not explore the relationship between radiomics features and
biogenetic information. In the future, studies with larger
samples will help to further elucidate the predictive per-
formance of screening-transformed radiomics features for
response to neoadjuvant chemotherapy in HB. In summary,
the CT-based radiomics model of the study was able to
identify sensitivities before neoadjuvant chemotherapy for
HB. This provides predictive value that may support clini-
cal decision-making for patients with HB. In the future, it is
important to test the model’s generalizability by externally
validating it in test cohorts at different institutions using
different device brands. This will demonstrate the model’s
reproducibility and stability.

In conclusion, CECT-based imaging features and machine
learning models can assess the response of HB primary foci
to neoadjuvant chemotherapy, which can help in the devel-
opment and decision-making of clinical treatments.
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