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Predicting the prognosis of patients in advance is conducive to providing personalized
treatment for patients. Our aim was to predict the therapeutic efficacy and progression free
survival (PFS) of patients with liver metastasis of colorectal cancer according to the changes of
computed tomography (CT) radiomics before and after chemotherapy.

Methods: This retrospective study included 139 patients (397 lesions) with colorectal liver
metastases who underwent neoadjuvant chemotherapy from April 2015 to April 2020. We
divided the lesions into training cohort and testing cohort with a ratio of 7:3. Two -
dimensional region of interest (ROI) was obtained by manually delineating the largest
layers of each metastasis lesion. The expanded ROI (3 mm and 5 mm) were also included
in the study to characterize microenvironment around tumor. For each of the ROI, 1,316
radiomics features were extracted from delineated plain scan, arterial, and venous phase
CT images before and after neoadjuvant chemotherapy. Delta radiomics features were
constructed by subtracting the radiomics features after treatment from the radiomics
features before treatment. Univariate Cox regression and the Least Absolute Shrinkage
and Selection Operator (LASSO) Cox regression were applied in the training cohort to
select the valuable features. Based on clinical characteristics and radiomics features, 7
Cox proportional-hazards model were constructed to predict the PFS of patients. C-index
value and Kaplan Meier (KM) analysis were used to evaluate the efficacy of predicting PFS
of these models. Moreover, the prediction performance of one-year PFS was also
evaluated by area under the curve (AUC).

Results: Compared with the PreRad (Radiomics form pre-treatment CT images; C-index
[95% confidence interval (CI)] in testing cohort: 0.614(0.552-0.675) and PostRad models
(Radiomics form post-treatment CT images; 0.642(0.578-0.707), the delta model has
better PFS prediction performance (Delta radiomics; 0.688(0.627-0.749). By
incorporating clinical characteristics, CombDeltaRad obtains the best performance in
both training cohort [C-index (95% CI): 0.802(0.772-0.832)] and the testing cohort (0.744
(0.686-0.803). For 1-year PFS prediction, CombDeltaRad model obtained the best
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performance with AUC (95% CI) of 0.871(0.828-0.914) and 0.745 (0.651-0.838) in
training cohort and testing cohort, respectively.

Conclusion: CT radiomics features have the potential to predict PFS in patients with
colorectal cancer and liver metastasis who undergo neoadjuvant chemotherapy. By
combining pre-treatment radiomics features, post-treatment radiomics features, and
clinical characteristics better prediction results can be achieved.
Keywords: radiomics, computed tomography, progression-free survival, colorectal liver metastases, chemotherapy
INTRODUCTION

Globally, colorectal cancer ranks as the third most common
type of cancer but ranks second in terms of mortality (1).
Approximately 50% to 60% of patients diagnosed with
colorectal cancer will develop colorectal metastases (2–4) and
the liver is the most common location for of metastasis (5).
Colorectal metastasis is usually metachronous (after local
colorectal cancer treatment) (5). An estimated 20%–34% of
patients with colorectal cancer present with synchronous liver
metastases (6, 7). Synchronous colorectal liver metastases
(CRLM) patients tend to have a poor prognosis with a
reported 1-year survival less than 30% and a 5-year survival
less than 5% if untreated. The 5-year survival rates for the
selected group that can undergo curative surgical resection can
be up to 60% (8). For patients with CRLM, complete surgical
resection of all metastases is considered to be the only curative
method (9, 10). However, 80%–90% of the patients with CRLM
cannot receive curative surgical resection due to either the
tumor being too large or medical conditions accompanying the
disease (3, 6, 11–16). Patients with unresectable CRLM have
indications for palliative systemic treatment and will undergo
neoadjuvant chemotherapy (14, 17). Depending on the
therapeutic effect of neoadjuvant chemotherapy, patients may
receive surgical resection or local treatment (18). Predicting the
prognosis of patients with neoadjuvant chemotherapy in
advance will help doctors in making treatment decisions
or adjustments.

Computerized tomography (CT) imaging plays a vital role
in the diagnosis and efficacy prediction of CRLM. To date, the
main content of imaging prediction includes the visual
assessment of the lesion size and morphological changes in
response to treatment. However, the information obtained
from CT is limited because it mainly relies on visual
assessment. Fortunately, recent studies have shown that
texture analysis enhances the interpretation of CT images,
which may reveal underlying tumor biology (19). It can
directly extract biological data from radiographic images
without invasive operations, thereby, saving cost, time, and
avoiding most of all risk to the patient. Texture analysis of CT
images involves a computational process, which can spatially
quantify the voxel of CT images and effectively correlate the
structural features of tumors with the voxel features of CT
images (20). In patients with CRLM, texture analysis has been
studied using CT data. To date, two main settings have been
2

explored: one group of studies focused on the intralesional
texture of the liver metastases itself, which was found to be
significantly correlated with the response to chemotherapy, as
well as with patient survival (21–24). Other studies focused
not on the texture of the metastases but on that of the
surrounding liver parenchyma and showed that diffuse
parenchymal textural changes may hold promise as a
prognostic marker to assess and even predict the occurrence
of metastatic disease in the liver (23, 24). Although the texture
of metastatic liver cancer and their surrounding parenchyma
has been studied, to our knowledge, whether the differences in
the focal image texture before and after treatment can predict
the curative efficacy has not been reported. This will be an
interesting study that will provide valuable insights into
the relationship between novel imaging biomarkers and
underlying tumor behavior.

The purpose of this study is to combine CT imaging and
clinical characteristics to study the image texture changes of
colorectal liver metastases before and after treatment, in the hope
of helping to predict the efficacy of chemotherapy, and thus
contributing to treatment decision-making.
METHODS

Patients
The retrospective study included patients with liver metastases from
colorectal cancer diagnosed at the SixthAffiliatedHospital of SunYat-
senUniversity fromApril 2015 toApril 2020.TheTNMClassification
of Malignant Tumors (TNM) stages, pathological types and
differentiation, chemotherapy regimen, immunohistochemistry,
gene detection and laboratory results (alanine transaminase,
aspartate transaminase, glutamine transaminase, alkaline
phosphatase, total bilirubin, direct bilirubin, total bile acid, alpha
fetoprotein, carcinoembryonic antigen) of the patients were reviewed.
All patients met the following inclusion criteria: (a) pathologically
confirmed colorectal adenocarcinoma, (b) first-time and untreated
patients, (c) CT plain scan and enhanced examination were
performed, and (d) reexamined within 3 months after
chemotherapy. The exclusion criteria for this study were: (a)
patients who had received neoadjuvant chemotherapy or
radiotherapy before surgery and (b) first-time patients without liver
metastases. A total of 139 patientswith an average age of 57± 10 years
were included.
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Treatments and Follow-Up
All patients underwent neoadjuvant chemotherapy and underwent
imaging follow-up. The time of our study began with CT plain scan
and contrast-enhanced CT examination at the first diagnosis. After
chemotherapy, patients were followed up every 2-4months until the
progression of liver metastasis, other distant metastasis, the last
follow-up date, or death occured. Progression free survival (PFS)
was measured in months from the date of first diagnosis to the first
date of local recurrence or progression, distant metastasis, last
follow-up date, or death, whichever came first. Overall survival
(OS) was measured in months from local recurrence or progression
to the date of death or the last follow-up. The last follow-up date was
February 5, 2021.

CT Image Acquisitions
A Toshiba 640-slice CT scanner (Toshiba Medical Systems,
Tokyo, Japan) was used to perform contrast-enhanced CT
examinations at a tube voltage of 120 kV, automatic tube
current modulation, 0.814 pitch, and 0.5 mm reconstruction
section thickness. All patients received intravenous injection of a
contrast agent (Iopromide, Bayer Healthcare, 370 mg / ml, 1.3-
1.5ml / kg, and a injection rate of 3 - 4 ml / s). After the injection
of the contrast agent, double helix scan in the arterial phase and
portal venous phase were acquired. In order to avoid the
possibility of image information loss, we obtained DICOM
images directly from the picture archiving and communication
system (PACS) system without compression and down sampling.

Radiomic Analysis
The four steps of radiomic analysis workflow are presented in
Figure 1, including lesion segmentation, image preprocessing,
radiomic feature extraction, radiomic feature selection, model
building, and model evaluation and application.
Frontiers in Oncology | www.frontiersin.org 3
Lesion Segmentation
Two-dimensional manual segmentation of lesion in axial
image of plain scanning, arterial, and venous phases was
performed by an open-source ITK-SNAP software (www.
itksnap.org). The largest section of the lesion was selected.
Regions-of-interest (ROI) were manually delineated by a
radiologist who had 5 years of experience in abdomen CT
imaging interpretation and checked by a senior radiologist
with 5 years of experience in liver CT imaging interpretation.
Because of the presence of patients with multiple metastases,
only the largest five lesions were selected for analysis in each
patient. When the number of metastases was greater than 5, we
chose to include all of them.

Image Preprocessing and Radiomic
Feature Extraction
Image preprocessing and radiomic feature extraction were
carried out with in-house software (Artificial Intelligence Kit,
v. 3.3.0, GE Healthcare). The steps are as follows: firstly, every
image and the corresponding ROI were resampled to a uniform
pixel dimension size of 1 × 1 mm2; and secondly, each delineated
ROI (ROI_delineated) was expanded the edge by 3mm and 5mm
in AK software, automatically. In this way, we acquired 2 circular
ROIs (ROI_circle3 and ROI_circle5) and two enlarged ROIs
(ROI_expand3 and ROI expand5). The diagram of ROI
expansion is shown in Figure 1. Each circular ROI and
enlarged ROI were checked. The ROI was manually corrected
for regions outside of liver parenchyma. Finally, we performed
radiomics feature extraction on ROI_delineated, ROI_circle3,
ROI_circle5, ROI_ expand3 and ROI_expand5. For each phase
(non-enhanced, arteria,l and venous images phase) in pre-
treatment and post-treatment CT images, we extract 6,580
radiomic features (1,316 radiomic features for one ROI, with 5
FIGURE 1 | Radiomics framework of predicting the PFS of patients with colorectal liver metastases undergo neoadjuvant chemotherapy.
PFS, progress-free survival.
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ROI in total). Finally, we obtained 19,740 features on the pre-
treatment and post-treatment CT images, respectively. In order
to explore the changes in the feature values before and after the
treatment, we obtained the delta feature by subtracting the
features after the treatment from the features before
the treatment.

Among these 1,316 features, 7 categories of features were
extracted: shape features (n = 14), first order features (n = 252),
Gray Level Co-occurrence Matrix (GLCM, n = 336), Gray Level
Run Length Matrix (GLRLM, n = 224), Gray Level Size Zone
Matrix (GLSZM, n = 224), Gray Level Dependence Matrix
(GLDM, n = 196), Neighboring Gray Tone Difference Matrix
(NGTDM, n = 70).

Radiomic Feature Selection
Patients were randomly assigned to training or testing groups
and we ensured that the ratio of the number of lesions in the
training and testing groups was 7:3. All cases in the training
cohort were used to train the predictive model and cases in
the testing cohorts were used to evaluate the model’s
performance. Features with zero variance were excluded and
missing values and outliers were replaced by the median. Finally,
the Z-score is used to standardize the data and the data of
different magnitudes are uniformly converted into the same
magnitude to ensure the comparability between the data (25, 26).

Although a large number of radiomics features were extracted
in previous step, not all of them are relevant to the prognosis of
patients with liver metastases from colorectal cancer. In this study,
the univariate Cox regression and least absolute shrinkage and
selection operator (LASSO) Cox regression were used to select
valuable features from the training cohort. Univariate Cox
proportional hazard regression model was first applied to each
feature. If the p-value of a feature in the univariate Cox model was
less than 0.05, the feature was selected, otherwise the feature was
removed. LASSO Cox regression was then performed for
multivariate feature selection by introducing a penalizing
parameter (lambda). Tuning lambda can affect the weight
coefficients of each feature and the performance of the Lasso cox
model. The features with a weight coefficient of 0 in Lasso cox
model were eliminated. In order to get an optimal feature number
and avoid over-fitting, the parameter tuning was performed under
ten-fold cross-validation. The parameters were finally determined
by the performance of LASSO Cox model.

Model Building
Multivariate Cox proportional hazard model was used to build a
prognostic prediction model for liver metastasis from
colorectal cancer.

Clinical Model
Seven Candidate clinical variables for the prognosis of liver
metastasis from colorectal cancer were selected, including age,
sex, T stage, N stage, M stage, metastasis status, and surgical
treatment. Univariate Cox regression was used to assess
predictive power of the clinical candidates. Clinical variables
with a P value less than 0.05 were selected to construct
clinical models.
Frontiers in Oncology | www.frontiersin.org 4
Radiomics Model
Three radiomic models were constructed using radiomic
features extracted from pre-treatment, post-treatment images,
and differences between the two, namely pre-treatment
radiomics model (PreRad), post-treatment radiomics model
(PostRad), and delta radiomics model (DeltaRad). The feature
selection process is shown in section “Radiomic Feature
selection”. A radiomics score (Rad-Score) was calculated for
each patient by linear combination of radiomic features with
associated weights.

Combined Model
Radscores from pre- and post-treatment imaging features and their
differenceswere separately combinedwith clinical features significant
in the univariate analysis to form three combined predictionmodels:
CombPreRad, CombPostRad, and CombDeltaRad.

Model Evaluation and Application
C-index was used to evaluate model performance. It reflects
the consistency between the PFS predicted by the model and
the actual PFS of all patients. The value range of C-index is
0.5-1 A C-index of 0.5 indicates that the predicted value is poor
and a C-index greater than 0.7 indicates moderate to
excellent performance.

Based on result of the three models in the training cohort, X-
tile was performed to stratify patients into high-risk group and
low-risk group in both training and testing cohorts. The Kaplan–
Meier (KM) survival curve analyses of PFS was performed and
log-tank test is used to compare the difference in survival curves
between high- and low- risk groups.

In addition, we evaluated the effectiveness of the combined COX
model in predicting the probability of PFS at a given time point (PFS
of 1 years in this study). Receiver operating characteristic (ROC)
analysis was performed to estimate the prognostic performance of
the three combined models in predicting 1-year PFS. The
calibration curves and Hosmer-Lemeshow test were utilized to
assess the agreement between predicted and actual probabilities of
various models. The net reclassification index (NRI) and total
integrated discrimination index (IDI) were used to assess the
clinical benefit of different models.

For model visualization and clinical application, we
constructed a nomogram based on the model with the highest
discriminative efficiency.

Statistical Analysis
All statistical analyses were performed using R 3.6.1. Where
appropriate, the two-sample t-test, chi-square test, or Mann-
Whitney U test was applied to the training and validation cohorts
to assess clinical findings, image characteristics, and median PFS
time. The Lasso-based feature selection, C-index calculation, and X-
tile-based threshold acquisition were implemented using the
“glmnet”, “survcomp” and “survminer” package, respectively. The
Cox proportional hazard model construction, Kaplan-Meier curve
analysis, and Log-rank test used the “survival “ package. The
construction of nomogram and calibration curve were
implemented with the “rms” package. A two-tailed P-value less
than 0.05 was considered statistically significant.
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RESULT

Patient Characteristics
In this study, 397 lesions from 139 patients were included. The
patient characteristics are presented in Table 1. The clinical
characteristics of different lesions in the same patient are
assigned the same value as the patient. The average age of the
patients was 56.96 ± 11.06 years. The number of male patients
was 96 (69.06%). There were 43 (30.94%), 22 (15.83%), 22
(15.83%), 15 (10.79%) and 37 (26.62%) patients with 1, 2, 3, 4
and 5 metastases lesions, respectively. The mean PFS time was
11.80 ± 7.93 months.

Feature Selection and Radiomics
Signature Construction
Ct-Stage and surgical treatment were significant clinical features
in the univariate Cox regression analysis. The HR values and 95%
confidence interval (CI) of Ct-stage and surgical treatment in
multivariate cox regression are 2.033 (1.507~0.433) and 0.582
(1.507~0.433), respectively. These two clinical features were used
to construct a clinical model.

Based on the dimensionality reduction methods of univariate
cox regression and lasso cox regression analysis, the PreRad,
PostRad and DeltaRad models are constructed by 7, 15, and 24
features, respectively.

A radscore was calculated based on radiomic features and
their associated weight from lasso cox model. Figure 2 shows the
coefficients of each feature based on PreRad model.
Frontiers in Oncology | www.frontiersin.org 5
PFS Prediction Performance of Various
Models
Seven models were constructed by combining clinical variable
with radscore calculated from CT images before and after
treatment, namely clinical, namely PreRad, PostRad, DeltaRad,
CombPreRad, CombPostRad, and CombDeltaRad, respectively.
The C-index of these models in the training cohort and testing
cohort are shown in Table 2.

The performance of the clinical model is moderate, with a C-
index value and 95% CI of 0.661(0.600-0.721) and 0.673 (0.583-
0.763) in the training and testing cohort. The combined model
demonstrated an increased performance. For radiomics features, the
performance is ranked as DeltaRad, PostRad, and PreRad in
descending order, both in training and testing cohort.
CombDeltaRad achieved the best performance in both training
cohort (C-index (95% CI): 0.802(0.772-0.832)) and the testing
cohort (0.744(0.686-0.803)).

1-Year PFS Probability Prediction of
Various Models
For 1-year PFS probability prediction, the training and testing
performance of different models are shown in Table 3. The
result is consistent with PFS prediction performance.
CombDeltaRad model obtained the best performance with
area under the curve (AUC) and 95% CI of 0.871(0.828-
0.914) and 0.745(0.651-0.838) in training cohort and testing
cohort, respectively. The ROCs for 1-year PFS probability
prediction of various models are presented in Figure 3. The
calibration curves and Hosmer-Lemeshow test results of
various models are presented in Supplementary Material.
The p-value of both the training cohort and the testing
cohort of the CombDeltaRad model is greater than 0.05. The
reclassification measures of discrimination confirmed that
DeltaRad, CombPreRad, CombPostRad and CombDeltaRad
better than the clinical models with NRI of 0.042 [-0.205 - 0.289],
0.008 [-0.180 - 0.195], 0.049 [-0.135 - 0.232] and 0.033 [-0.188 -
0.254] Respectively; and IDI of 0.034 [-0.166 - 0.233], 0.006 [-0.146 -
0.158], 0.039 [-0.109 - 0.187] and 0.026 [-0.152 - 0.205], respectively
(Supplementary Material, Supplementary Tables 2, 3).

Kaplan-Meier Analysis
The X-tile method was used to determine the cutoff value of the
CombDeltaRad model in training cohort data. Then, the patients
were divided into high-risk groups and low-risk groups based on
this cutoff value. In this study, the cutoff value of the
CombDeltaRad model was 0.183. Figure 4 shows the Kaplan-
Meier analysis of the CombDeltaRad model.

For the training cohort, the median PFS times were 8.67
months and 21.67 months in the high-risk and low-risk groups,
respectively. For the testing cohort, the median PFS times were
9.17 months and 16.70 months in the high-risk and low-risk
groups, respectively. There were significant differences between
the low- and high-risk groups (log-rank test, P < 0.0001, P =
0.0013, respectively).
TABLE 1 | Clinical characteristics of patients.

Characteristics Patients (N = 139)

Age (years, mean ± SD) 56.96 ± 11.06
Gender (%)
Male 96 (69.06%)
Female 43 (30.94%)
cT stage (%)
3 85 (61.15%)
4 54 (38.85%)
cM.stage (%)
1 139 (100.00%)
cN stage (%)
0 6 (4.32%)
1 36 (25.90%)
2 97 (69.78%)
Metastasis to other sites
No 93 (66.91%)
Yes 46 (33.09%)
Surgical treatment
No 78 (56.12%)
Yes 61 (43.88%)
Number of metastatic lesions per patient
1 43 (30.94%)
2 22 (15.83%)
3 22 (15.83%)
4 15 (10.79%)
5 37 (26.62%)
Mean PFS time (months, mean ± SD) 11.80 ± 7.93
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Nomogram Construction
For clinical use, we built a nomogram based on the CombDeltaRad
model (Figure 5). The nomogram consists of three factors: N-stage,
surgical treatment, and radscore (delta). A total score was calculated
by summing the scores of each factor for each patient. The higher
the score, the lower the 1-, 3-, and 5- year survival probability.
DISCUSSION

Previous studies have used a large number of clinical,
pathological, and molecular factors to predict the survival rate
of patients with colorectal cancer after hepatectomy (27–33).
This includes: the stage of primary tumor, preoperative serum
CEA concentration, the size and number of metastases, whether
there is extrahepatic metastasis, or the size of the retained edge
during resection. Based on these data, people have established
Frontiers in Oncology | www.frontiersin.org 6
the survival scale, of which the most widely recognized is
described by Fong et al. and Iwatsuki et al. (34, 35). However,
these studies rarely extract useful texture features and clinical
features through imaging images. At the same time, it is difficult
to predict the curative effect for the lesions with no obvious
imaging changes in a short time. In order to solve this problem,
in our study, we predicted the efficacy and prognostic value of CT
imaging features in patients with liver metastasis after
neoadjuvant chemotherapy. The results show that this method
has a good prediction effect on PFS. Our research will help to
predict the efficacy and progress of patients after neoadjuvant
chemotherapy through image texture features and changes, so as
to assist in the clinical treatment decision-making process.

Image feature extraction includes conventional scanning,
arterial scanning, and venous scanning, which helps to increase
the number of extracted features adding diversity of feature
extraction. We chose 2D ROI for sketching, because while
previous studies have shown that both 3D and 2D
segmentation are reliable, the 2D method is more practical,
time-saving, and can reduce the contour change between
readings (34).

When clinical features were combined with radiomics
features, CombDeltaRad performed best in the training cohort
(Cindex (95% CI): 0.802 (0.772-0.832)) and the testing cohort
Cinde (95% CI): 0.744 (0.686-0.803)); The AUC (95% CI) of
CombDeltaRad model obtained the best performance in the
training queue 0.871 (0.828-0.914) and the test queue 0.745
(0.651-0.838). The one-year PFS prediction was consistent with
the PFS prediction performance. This shows that when
TABLE 2 | PFS prediction performance of various models.

Models Training cohort C-index
(95 CI %)

Testing cohort C-index
(95 CI %)

Clinical 0.661 (0.600-0.721) 0.673 (0.583-0.763)
PreRad 0.669 (0.626-0.712) 0.614 (0.552-0.675)
PostRad 0.757 (0.721-0.793) 0.642 (0.578-0.707)
DeltaRad 0.800 (0.771-0.829) 0.688 (0.627-0.749)
CombPreRad 0.701 (0.662-0.740) 0.696 (0.638-0.754)
CombPostRad 0.763 (0.728-0.798) 0.694 (0.633-0.755)
CombDeltaRad 0.802 (0.772-0.832) 0.744 (0.686-0.803)
FIGURE 2 | The coefficients of each feature based on PreRad model.
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combining clinical features with radiological features, the
radiological score can provide more prognostic information
than a single clinical or radiological feature through clinical
features and extracted image features. Therefore, it can be used as
a reference to obtain prognosis, so as to provide the ability to
improve or predict prognosis. At the same time, radscore can
divide patients into high-risk group and low-risk groups, which
is helpful to the stratification of patients. Patients with higher
radscore have poorer PFS, suggesting that the risk of recurrence
and metastasis is higher, and early treatment is more favorable.
Our findings will open a key step to enable surgeons to tailor
different treatment options for high-risk and low-risk colorectal
cancer patients with liver metastasis according to specific clinical
and radiological characteristics.

Among the 1,316 radiological features, 7 categories of image
features were extracted and combined with clinical features to
obta in 3 combined models , namely CombPreRad,
CombPostRad, and CombDeltaRad. Finally, 24 were identified
as predictive features of PFS, of which 16 were wavelet features,
which may indicate that wavelet features contain more
Frontiers in Oncology | www.frontiersin.org 7
prognostic information. In addition, two logarithmic features
are extracted from the image. Wavelet features reflect tumor
information from eight spatial domains and logarithmic features
reflect tumor information from three frequency domains. This
result shows that much prediction information can be mined by
wavelet and logarithmic transformation of the original image.
This further reflects the advantages of the radiomics method,
because it is good at mining high-dimensional information
which is difficult to perceive manually. For example, selecting
“SumEntropy” in wavelet subspace and “skewness” in
logarithmic subspace shows that tumor heterogeneity described
by entropy and tumor intensity has prognostic value in high-
dimensional wavelet and logarithmic space.

Although the radiology score was good, our study had some
limitations. Firstly, we mine seven features from CT images and
combine their manifestations with clinical factors. However, the
association between radioactive characteristics and biological
level events has not been explained. Secondly, this study is a
single center study and the sample size is small. In the future, we
plan to cooperate with multiple centers for research and plan to
FIGURE 3 | ROCs for 1-year PFS probability prediction of various Models. (A) train cohort, (B) test cohort.
TABLE 3 | 1-year PFS prediction performance of various models.

Models cohort AUC (95% CI) ACC (95% CI) Sensitivity (95% CI) Specificity (95% CI)

Clinical training 0.689 (0.626-0.753) 0.622 (0.621-0.624) 0.745 (0.657-0.833) 0.560 (0.488-0.632)
testing 0.708 (0.610-0.805) 0.664 (0.660-0.668) 0.711 (0.566-0.855) 0.642 (0.538-0.746)

PreRad training 0.725 (0.663-0.787) 0.673 (0.671-0.674) 0.638 (0.541-0.735) 0.690 (0.623-0.757)
testing 0.526 (0.414-0.638) 0.395 (0.391-0.399) 0.974 (0.923-1.025) 0.123 (0.052-0.195)

PostRad training 0.804 (0.751-0.856) 0.709 (0.707-0.710) 0.734 (0.645-0.823) 0.696 (0.629-0.762)
testing 0.632 (0.524-0.740) 0.681 (0.677-0.684) 0.421 (0.264-0.578) 0.802 (0.716-0.889)

DeltaRad training 0.852 (0.807-0.897) 0.759 (0.758-0.760) 0.840 (0.766-0.914) 0.717 (0.652-0.782)
testing 0.707 (0.608-0.806) 0.664 (0.660-0.668) 0.789 (0.660-0.919) 0.605 (0.498-0.711)

CombPreRad training 0.777 (0.721-0.832) 0.741 (0.740-0.742) 0.564 (0.464-0.664) 0.832 (0.777-0.886)
testing 0.671 (0.564-0.778) 0.697 (0.694-0.701) 0.632 (0.478-0.785) 0.728 (0.632-0.825)

CombPostRad training 0.840 (0.791-0.888) 0.773 (0.772-0.775) 0.745 (0.657-0.833) 0.788 (0.729-0.847)
testing 0.720 (0.618-0.823) 0.773 (0.770-0.776) 0.500 (0.341-0.659) 0.901 (0.836-0.966)

CombDeltaRad training 0.871 (0.828-0.914) 0.809 (0.808-0.810) 0.745 (0.657-0.833) 0.842 (0.790-0.895)
testing 0.745 (0.651-0.838) 0.639 (0.635-0.642) 0.842 (0.726-0.958) 0.543 (0.435-0.652)
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combine genotyping with radiation characteristics. Thirdly, the
longest PFS of the data we included is only 43 months and the
current model may not be able to predict long-term PFS. We will
continue to follow up the data and verify the model’s prediction
of long-term PFS in the next step. In addition, as an emerging
method in medical image analysis, deep learning can provide
valuable features and supplement radiological features (35).
Frontiers in Oncology | www.frontiersin.org 8
In conclusion, this study provides a noninvasive and
preprocessing method for CT based PFS of colorectal cancer
liver metastasis. In addition, for each patient with colorectal
cancer liver metastasis, the radiation score can divide the patients
into a high-risk group and a low-risk group. This study may
provide some important insights for precise treatment and
valuable guidance for clinicians.
FIGURE 5 | The nomogram for PFS probability prediction based on CombDeltaRad model.
A B

FIGURE 4 | Kaplan-Meier analysis of PFS based on CombDeltaRad model. (A) train cohort, (B) test cohort.
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