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Abstract

Background—~Preoperative prediction of bladder cancer (BCa) recurrence risk is critical for
individualized clinical management of BCa patients.

Purpose—To develop and validate a nomogram based on radiomics and clinical predictors for
personalized prediction of the first two years (TFTY) recurrence risk.

Study Type—Retrospective.

Population—Preoperative MRI datasets of 71 BCa patients (34 recurrent) were collected, and
divided into training (n=50) and validation cohorts (n=21).

Field Strength/ Sequence—3.0T MRI/ T2-weighted (T2W), multi-b-value diffusion-weighted
(DW) and dynamic contrast enhanced (DCE) sequences.
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Assessment—Radiomics features were extracted from the T2W, DW, apparent diffusion
coefficient and DCE images. A Rad_Score model was constructed by using the support vector
machine-based recursive feature elimination approach and a logistic regression model. Combined
with the important clinical factors, including age, gender, grade and muscle-invasive status (M/S)
of the archived lesion, tumor size and number, surgery, and image signs like stalk and submucosal
linear enhancement, a radiomics-clinical nomogram was developed. Its performance was evaluated
in training and validation cohorts. The potential clinical usefulness was analyzed by the decision
curve.

Statistical Tests—Univariate and multivariate analyses were performed to explore the
independent predictors for BCa recurrence prediction.

Results—Of the 1872 features, the 32 with the highest area under the curve (AUC) of receiver
operating characteristic were selected, and were used for the Rad Score calculation. The
nomogram developed by two independent predictors, M/Sand Rad_Score, showed good
performance in training (Accuracy 88%, AUC 0.915, p << 0.01) and validation cohorts (Accuracy
80.95%, AUC 0.838, p=0.009). The decision curve exhibited when the risk threshold was larger
than 0.3, more benefit was observed by using the radiomics-clinical nomogram than using the
radiomics or clinical model alone.

Data Conclusion—The proposed radiomics-clinical nomogram has potential in the preoperative
prediction of TFTY BCa recurrence.
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Introduction

Bladder cancer (BCa) is one of the most common urological malignancies, especially for
males (1-3). These tumors have a high-recurrence rate (3,4). For patients with non-muscle-
invasive BCa (NMIBC), this rate could reach up to 61% during the first two years (TFTY)
after transurethral resection of bladder tumor (TURBT) (3,5). Previous studies support the
idea that an early radical cystectomy (RC) should be performed sooner rather than later for
tumor relapse after TURBT operation to potentially increase the survival interval (6-8).
Besides, for the muscle-invasive BCa (MIBC) patients, although RC with bilateral lymph
nodes dissection and ileal conduit could eliminate most lesions, 5 — 50% patients would

develop local or metastatic recurrences in the next 24 months (9). Preoperative prediction of

the recurrence risk is, therefore, important for prognostication and individualized follow-up
management of patients in TFTY after operation.

Clinically, the European Organization for the Research and Treatment of Cancer (EORTC)

has proposed a risk table based on pre-treatment clinical and histo-pathological diagnoses, to

individually predict the risk of recurrence and progression for patients with NMIBC,
preoperatively (10). However, this predictive model only provides a qualitative stratified
assessment for recurrence with Harrell’s C-index of 0.597 (11,12). Developing a more
precise model for preoperative individualized recurrence risk prediction is, therefore, in
desirable need (12).
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Previous studies have demonstrated that age at the initial surgery, gender, histological grade
and muscle-invasive status (M/S) of the archived tumor with the maximal size in bladder
lumen, tumor size, number of tumors (AMoT), and operation choice are important factors in
association with BCa recurrence (2,4,10,13). Meanwhile, through multiparametric magnetic
resonance imaging (mpMRI), the low signal intensity tumor stalk observed on diffusion-
weighted (DW) images has recently been confirmed useful for recurrence and progression
prediction of pT1 BCa (12), and the slight submucosal linear enhancement (SLE) observed
on dynamic contrast-enhanced (DCE) images is an important predictor for non-muscle
invasiveness condition of BCa (14,15). Whether these image signs could be used for TFTY
BCa recurrence prediction remains inconclusive up to date. In addition, preoperative
radiomics strategy with nomogram models are reported to be capable of individualized
recurrence risk stratification of patients with lung, hepatic and gastric cancer diseases (16—
18), as well as with mental disorders like schizophrenia (19).

Based on these findings above, we hypothesized that: i) the radiomics features extracted
from preoperative mpMRI to characterize the subtle variations of tissue distribution within
the lesion (20-22), might be potential in predicting BCa recurrence; ii) the combination of
the radiomics strategy with important clinical factors, mainly including age, gender,
histological grade and M/S of the archived tumor with the maximal size in bladder lumen,
tumor size, NoT, operation choice, together with the imaging signs like stalk and
submucosal linear enhancement (13,23-25), might add the incremental value for TFTY BCa
prediction.

Materials and methods

Patients

This retrospective study was approved by the institutional Ethics Review Board. The
requirement for informed content was waived. A total of 71 patients from the ** hospital
were enrolled in this study, who had been initially diagnosed with BCa followed by TURBT
or RC operations between November 2011 and November 2015. The inclusion-exclusion
criteria were shown in Fig. E1 of Appendix I. These patients were then successively divided
into the training cohort (n=50) with an equal number of the recurrent and non-recurrent
patients, who received operations before June 2014, and the validation cohort (n=21) with 9
recurrent and 12 non-recurrent patients, who received operations between June 2014 and
November 2015, to make the sample groups roughly balanced in both cohorts.

Archived clinical data, such as age at the time of initial surgery, gender, histological grade,
MIS of the archived tumor with the maximal size in bladder lumen, tumor size, NoT, and
operation choice (TURBT or RC) were extracted from reviewing the medical records. In
addition, the biomarkers like tumor stalk and SLE, which were reviewed independently by
three radiologists with bladder MRI interpretation experience of 8 years (H.J.W.), 9 years
(S.R.L.) and 32 years (Y.G.), respectively, with different opinions being resolved in
consensus, were also considered as important clinical factors.
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Patient follow-up and outcomes

Patients’ follow-up following surgery was every 3-5 months for TFTY, every 6 months for
the next two years, and annually thereafter with clinical examinations mainly including
cystoscopy and imaging examinations (3,4,10,11). Radiological evaluations like CT and
MRI were optionally performed by clinicians if recurrence or metastasis was suspected
(3,4). The recurrent events were time to first relapse within the bladder, prostatic urethra,
pelvic or the ileal neobladder regardless of TNM stage (3,4,10,11). Until the latest archived
follow-ups in December 2017, 34 patients developed recurrence in TFTY. The recurrence
free survival (RFS) time of each patient since the initial operation was extracted.

Image acquisition and region of interest (ROI) delineation

Before receiving the initial surgery, all patients underwent pelvic mpMRI using a 3.0T MR
system (Magnetom Trio, Siemens Medical Solutions, and Erlangen, Germany) with an 8-
channel phased-array pelvic coil. MpMRI including T2-weighted (T2W), DW and DCE
image sequences, were performed to obtain the T2W, DW and DCE images. The
corresponding apparent diffusion coefficient (ADC) maps were generated automatically
from the DW images(26). Primary parameters of these sequences were described in the
Appendix E1.

Before tumorous region of interest (ROI) delineation, an axial image slice of each MRI
modality was selected based on obtaining the largest tumorous area of each patient. After
that, a manually depicted polygonal ROI was used to segment the tumorous area on the
selected images. Two radiologists (H.J.W. and S.R.L.) with bladder MRI reading experience
of 8 and 9 years performed the ROI delineation with a custom-developed package
independently. Then the divergence of their delineation results was carefully corrected in
consensus. Considering that ADC maps were calculated from DW images by using the
biexponential model with b values of 0 and 1000 s/mm? in this study, the tumorous ROI
obtained from DW images were mapped on the ADC maps to obtain the corresponding
tumorous region. Fig. 1 shows an example of the tumorous ROI delineated on T2W, DW,
ADC and DCE images.

Imaging feature extraction

Preoperative radiomics features, such as the histogram features, Haralick features extracted
from co-occurrence matrix (CM) (27), and features extracted from run-length matrix (RLM),
neighborhood gray-tone difference matrix (NGTDM) and gray level size zone matrix
(GLSZM) (27), have demonstrated their potential in recurrence risk stratification of many
other cancer diseases (16-18). In this study, radiomics features, including 8 histogram
features, 39 CM features, 33 RLM features, five NGTDM features (28), and 15 GLSZM
features (29), were extracted from tumor ROI of each image modality to fully characterize
the local, regional and global tissue distribution variations of the tumor (26,27). Detailed
information about these features was shown in Table E1 of Appendix E1.

Concerning different grayscales of the original images acquired, prior to CM, RLM,
NGTDM, and GLSZM features extraction, the ROI grayscales were discretized and
normalized to multiple grayscales (26), including 8, 16, 32, 64, and 128 graylevel,
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respectively. For each tumor ROI, 468 features including 8 histogram features, 195 CM
features (39x5), 165 RLM features (33x5), 25 NGTDM features (5x5), and 75 GLSZM
features (15x5) were calculated. Summing up all the features from the four MRI modalities,
1872 features (468x4) were obtained. The extraction process was performed using a
publicly-shared package online available (18,26).

Feature selection and predictive performance validation

In order to verify the predictive performance of the preoperative radiomics features for
TFTY BCa recurrence prediction (hypothesisi), first, a non-linear support vector machine
(SVM)-based recursive feature elimination (SVM-RFE) approach was used to select an
optimal subset of features from the training cohort for the predictive model construction
(26,30). Then, its predictive performance was validated in the validation cohort.

In feature selection, the goal of SVM-RFE is to determine a ranking list for all features
based on a backward sequential selection strategy (30). During each sequential iteration, the
feature that has the least impact on improving the classification performance is omitted. As
the algorithm continues, all the features are removed one by one, and the feature ranking list
is generated based on the number of iterations when the feature was discarded (26,30). In the
end, the top-ranked features are those that remained the last in the iterations. Based on the
ranking list, the optimal subset which contains the first 77 features and obtains the highest
AUC in classification, is finally determined (26,30).

Incidentally, to compare the performance of the optimal features selected by using different
commonly-used feature selection approaches for BCa recurrence prediction, apart from
SVM-RFE, the least absolute shrinkage and selection operator (LASSO) algorithm was also
performed in the training cohort for optimal radiomics features selection (31).

The non-linear SVM classifier was employed for the prediction model construction by using
the selected features and the widely-used LIBSVM package with radial basis function (RBF)
(21,22). Before classification, each feature was normalized to [-1, 1]. Labels of the recurrent
group were set as “+1”, and that of the non-recurrent group was set as “~1”. The grid search
method was adopted in the training process to select the optimal hyperparameters for
predictive model construction (21).

Performance evaluation by using both radiomics features and clinical factors

After validating the performance of the preoperative radiomics features for predicting TFTY
BCa recurrence, a further investigation on whether the association of the selected radiomics

features with the clinical factors could add the incremental value for TFTY BCa recurrence

prediction (hypothesisii), was then implemented.

First, the optimal radiomics features were put into a logistic regression model to obtain the
regression coefficients (32). Then, the Rad_Score of each patient was calculated by using a
linear combination of these selected features with their corresponding regression
coefficients. Finally, the Rad Score and the clinical potential factors in the training cohort
were analyzed by using the univariate and multivariate regression to select the independent
predictors (31,33). A nomogram was then constructed with these predictors for personalized
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recurrence risk stratification (31,33). Its diagnostic performance was assessed by using the
training and validation cohorts with calibration plots, area under the curve (AUC) of receiver
operating characteristic (ROC) (3). The clinical benefit of this nomogram model was further
verified by using the decision curve analysis (3).

Statistical analysis

Results

All statistical analyses in this study were performed by using R statistical software (version
3.4.2., x64), and the computed p-values were two-sided. The univariate and multivariate
regression models were performed to determine the independent predictors from clinical
factors and Rad Scorefor TFTY recurrence prediction. The Odds ratio (OR) and 95%
confidence interval (Cl) were calculated. AUC and Harrell’s C-index were used to
quantitatively evaluate the recurrence stratification and RFS estimation performance (3), and
the p-value < 0.05 were considered significant.

Clinical characteristics of the patients

The characteristics of patients in the training and validation cohorts are shown in Table 1.
The median age of all the 71 patients was 65 years. Seven patients were female, and two of
them were recurrent in TFTY. Tumor size of the training cohort varied in 8 ~ 64 mm, and
that of the validation cohort varied in 7 ~ 56 mm. AMo7T among all patients varied in 1 ~ 4
tumors. Fifteen patients in both cohorts received radical cystectomy and 7 of them developed
recurrence. Whereas, 46 patients were performed TURBT and 27 of them recurred. The
median RFS for all recurrent patients was 16 months with the range of 4 ~ 23 months.
Whereas the median RFS for all non-recurrent patients was 34 months with the range of 24
~ 70 months.

Performance of the radiomics model for TFTY BC recurrence prediction

After feature selection, 32 optimal radiomics features selected by using SVM-RFE approach
and 21 features selected by using LASSO approach achieved the highest AUC value in the
training cohort for TFTY BCa recurrence prediction, respectively, as shown in Fig. 2. Detail
descriptions of these selected features are listed in Appendix E1. Using each of the two
optimal feature sets and a non-linear SVM classifier, a radiomics prediction model was
developed. The performance for TFTY BCa recurrence prediction in both training and
validation cohorts are shown in Table 2 and Fig. 3, which indicates that the 32 features
selected by using the SVM-RFE approach have more capacity in recurrence prediction.

Among the 32 features, 19 of them were from DW image sequence, 7 from DCE image
sequence, and 6 from T2W image sequence (Table E2 of Appendix E1). In addition, of these
features, 19 were CM features, 7 were RLM features, four were GLSZM features, one was
histogram feature, and one was NGTDM feature (Table E2 of Appendix E1),
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Performance of the radiomics features in association with the clinical factors for TFTY BC
recurrence prediction

With 32 optimal radiomics features selected, a Rad_Score formula was developed by using
the logistic regression to linearly combine these features into one powerful signature, and the
Rad Score of each patient could be easily calculated, as shown in Appendix E1. Then, the
Rad Score and the important clinical risk factors were analyzed by using univariate and
multivariate regression, as shown in Table 3. Of these factors, MIS, SLE, NoT and
Rad_Score were significantly related to BCa recurrence (p < 0.05) in the univariate
regression. Whereas in multivariate regression with these significant factors, M/S(OR
2.166, 95% CI 1.154-4.066, p < 0.05) and Rad_Score (OR 8.191, 95%Cl 2.415-27.780, p
<< 0.05) were determined as the independent predictors for TFTY recurrence prediction.
The radiomics-clinical nomogram model constructed by using the two independent
predictors is shown in Fig. 4 (A). The calibration plots with the training and validation
cohorts were depicted in Fig. 4 (B), and the decision curve analysis by using different
models were illustrated in Fig. 4 (C). Based on the nomogram, if a patient with muscle-
invasive BCa and the Rad_Score of 20, the points of the two predictors will be near 15 and
33, respectively, according to the “Points” item on the top of Fig.4 (A). Then, the “Total
Points” will be 48, which corresponds to the “Recurrence Risk” of about 0.45.

Using the median recurrence risk (0.55) obtained from the patients in the training cohort, all
patients were then stratified as high- or low-risk group for TFTY recurrence in both cohorts.
The stratification performance was quantitatively assessed, with accuracy and AUC of 88%
and 0.915 in the training cohort, and of 80.95% and 0.838 in the validation cohort, as shown
in Fig. 5. Based on the stratified high- and low-risk groups in both cohorts, the Kaplan-
Meier (KM) plots of RFS were depicted, as shown in Fig. 6. Its comprehensive estimation
performance in the training cohort was evidently superior to that of the radiomics or clinical
model, respectively, with Harrell’s C-index of 0.897 (95% CI 0.812-0.926, p < 0.05), as
shown in Table 4.

Discussion

The high-recurrence rate is the most critical characteristic of bladder cancer (3,4). Previous
studies (3,5,9,10) have denoted that the first two years (TFTY) recurrence rate can reach up
to 61% for NMIBC patients and 50% for MIBC patients after operation. Specifically, if
tumor recurs after TURBT in follow-ups, an early RC is expected to increase patients’
overall survival interval (6). Therefore, preoperative prediction of the recurrence risk in
TFTY after operation is very crucial for individualized follow-up strategies of BCa patients.

Previous studies (14,15,25,34) have indicated that: i) postoperative DW and DCE images
were capable of identifying tumor recurrence from chronic inflammation and fibrosis after
TURBT or cystectomy, ii) mpMRI, including T2W, DW, ADC and DCE images, might be a
complimentary and potential alternative of cystoscopy for post-treatment follow-up and
recurrence surveillance. Whether the preoperative mpMRI with the radiomics strategy are
capable of predicting BCa recurrence, remains unknown up to now.
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This study is the first to explore and validate the radiomics-clinical nomogram model based
on high-throughput radiomics features extracted from preoperative mpMRI, together with
the important clinical risk factors, for individualized TFTY BCa recurrence risk stratificatio
after operation, preoperatively.

In extraction of radiomics feature, owing to different original grayscales of the mpMRI,
grayscale normalization is indispensable, prior to the second order and high order features
calculation. Hence, a multi-grayscale normalization strategy with five commonly-normalized
grayscales was performed (26), from which many more features potentially useful for
recurrence prediction might be extracted. With 32 features selected by using the SVM-RFE
approach, the discriminative performance both in the training and validation cohorts was
evaluated with a non-linear SVM, suggesting a promising effect for preoperative BCa
recurrence prediction. In addition, these results were obviously better than that of the 21
features selected by using the widely-applied LASSO approach.

Of these optimal features selected, the majority of them were from DW image sequence,
indicating that preoperative DW image sequence might have a preferable effect in predicting
tumor recurrence. In addition, when taking a look at the feature categories, most of these
selected features were CM and RLM features, preliminarily denoting that these features
might well characterize the tissue heterogeneity and histo-pathologic property differences
among BCa patients (35-37), thus play a key role in TFTY BCa recurrence stratification.
The CM features predominately describe the gray-level distribution patterns of the
neighboring pixel pairs, reflecting the local heterogeneity variations of different tumor
tissues. A gray-level run is a set of consecutive, collinear pixels share the same or roughly
similar gray-levels within the image, and the length of the run indicates the number of pixels
in each run (38). Therefore, the RLM features are designed to characterize the distribution
patterns of the gray-level run length within the tumor tissue, thus well reflect the regional
heterogeneity differences of tumor tissues.

Recent studies (3,4,10,13,39) have denoted that age, gender, grade, MIS/TNM stage, tumor
size, NoT, and gperatfon are in association with BCa recurrence. Besides, Stalkand SLE
were important image markers useful for BCa staging and muscle invasiveness
discrimination (2,23,24,40). Whether these two factors are significantly related to TFTY
BCa recurrenceprediction remains inconclusive to date. The results of univariate and
multivariate analyses suggest that i) M/S, SLE, NoT and Rad_Score are significantly in
association with TFTY BCa recurrence; ii) M/Sand Rad_Score are independent predictors
for TFTY BCa recurrence prediction.

Using MISand Rad_Score, the radiomics-clinical nomogram was developed with the
training cohort for recurrence risk stratification. The AUC of the nomogram model was
significantly higher than that of the radiomics model, suggesting an incremental value of
integrating the radiomics features with clinical predictors for BCa recurrence prediction. The
calibration plots further demonstrate the effectiveness of t prediction performance. The
decision curve analyses clearly suggest that the radiomics-clinical nomogram model could
obtain better net benefit than the clinical model or the radiomics model when the risk
threshold was larger than 0.3.
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In addition, by using the KM plot analyses, the performance of the radiomics-clinical
nomogram was demonstrated significantly useful for the estimation of RFS in this study.
Compared with the long-term outcome overall survival, RFS is an end point that avoids
extended follow-up and enables earlier adjustment of therapy. Thus, this study may present a
more efficient tool that enables earlier personalized decision-making for the management of
patients with BCa.

However, the results of this study should be carefully interpreted due to several actual
limitations. Above all, inherent bias might exist because of the retrospective nature of this
current study with limited patient cohort from a single institution. A larger database from
multiple centers is in further need to external verify the overall performance of the proposed
approach. What’s more, other potentially useful predictors (3,4), such as tumor locations,
pretreatment urine cytology, pre-recurrent times are not included in the current study
because of the incomplete archived database, which would be further analyzed in multi-
clinical investigation. In addition, the key genomic biomarkers (13) reported to be closely
related to BCa recurrence should also be added in the nomogram to improve its overall
performance. Additionally, considering that the lymph nodal (LN) involvement is an
important predictor of prognosis, and patients with LN metastasis usually have a poor
prognosis, one of the future works is to investigate whether the combination of T2W, DW
and DCE radiomics features could add incremental value for LN status prediction.

In conclusion, as the first attempt to address the critical clinical issue, our results
preliminarily demonstrate that preoperative radiomics features extracted from mpMRl,
together with the important clinical risk factors, have potential in the preoperative prediction
of TFTY BCa recurrence.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Bladder tumor ROI delineated on mpMRI, including T2W, DCE, DW and ADC images.

Owing to the ADC maps were derived from DW images by using the biexponential model
with b values of 0 and 1000 s/mm?, the ROI delineated on DW images can be
straightforwardly mapped on ADC maps for tumor segmentation.
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Figure 2.
Features selection process: (A) using SVM-RFE with the training cohort, 32 optimal

features with the best discriminative capability were selected for the-first-two-year
recurrence prediction; (B) using LASSO regression algorithm, 21 optimal features with the
best discriminative capability were selected. The top sub-image of (B) depicts the tuning
parameters (A) in the LASSO model via 5-fold CV based on minimum criteria, and the
bottom sub-image of (B) shows the LASSO coefficient profiles of the 1872 radiomics
features. The solid vertical line was plotted at optimal tuning parameters (A) selected.
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Figure 3:
Results of the optimal radiomics features selected by using SVM-RFE (A) and LASSO (B)

with a non-linear SVM classifier, respectively, for TFTY BCa recurrence prediction in the
training and validation cohorts.
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Figure 4.
Nomogram and its diagnostic performance by using the independent indicators: (A) The

nomogram constructed with patient M/Sand Rad_Score, (B) and (C) are calibration curves
of the nomogram model with training and validation cohorts, respectively; (D) Decision
curve analyses indicate the net benefit increment for the-first-two-year recurrence risk
prediction by using the radiomics & clinical model compared with the radiomics model or
the clinical model.
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Recurrence prediction using validation cohort:
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recurrence risk stratification in the training and validation cohorts
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Kaplan-Meier plots of the-first-two-year RFS in the training (A) and validation cohorts (B)
according to the nomogram-based recurrence risk stratification
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Table 1:

Demographics and clinical characteristics of patients in the training and validation cohorts

Training cohort (n=50) Validation cohort (n=21)
Characteristics Recurrent (n=25, Non-recurrent (n=25, Recurrent (n=9, Non-recurrent (n=12,
50%6) 50%) 42.86%) 57.14%)

Age, median (range), yrs 67 (46, 85) 64 (36, 80) 68 (51, 87) 64 (38, 79)

> 65 yrs, No. (%) 14 (28%) 11 (22%) 7 (33.33%) 4(19.05%)

< 65 yrs, No. (%) 11 (22%) 14 (28%) 2 (9.53%) 8 (38.10%)
Gender, No. (%)

Female 2 (4%) 3 (6%) 0 (0%) 2 (9.52%)

Male 23 (46%) 22 (44%) 9 (42.86%) 10 (47.62%)
Grade

Low 8 (16%) 9 (18%) 4 (19.05%) 5 (23.81%)

High 17 (34%) 16 (32%) 5 (23.81%) 7 (33.33%)
Mis

NMIBC (Stage<T1) 7 (14%) 15 (30.00%) 6 (28.57%) 8 (38.10%)

MIBC (Stage=>T2) 18 (36%) 10 (20.00%) 3 (14.29%) 4 (19.05%)
Stalk

Without 20 (40%) 12 (24%) 6 (28.57%) 8 (38.10%)

With 5 (10%) 13 (26%) 3 (14.29%) 4 (19.05%)
*SLE

Without 17 (34.00%) 11 (22%) 7 (33.33%) 5 (36.36%)

With 8 (16.00%) 14 (28%) 2 (9.53%) 7 (33.33%)
*“TumorSize, median(range), mm 25 (8,53) 26 (12, 64) 17 (7, 26) 33 (11, 56)
*NoT, median (range) 1(1,4) 1(1,2) 1(1,4) 1(1,2)
Operation

TURBT 20 (40%) 19 (38%) 7 (33.33%) 10 (47.62%)

Cystectomy 5 (10%) 6 (12%) 2 (9.53%) 2 (9.53%)
"RFS, median (range), month 11 (4, 22) 36 (24, 70) 18 (12, 23) 30 (24, 36)

*
MIS means muscle-invasive state, including two states, the NMIBC (Stage < T1) and MIBC (Stage = T2)
SLE means the submucosal linear enhancement of the tumor base on the DCE MR images

Tumor sizeindicates the largest tumor diameter in the lumen if multifocal tumor appeared, because the histo-pathological outcomes archived were
based on the largest tumor site in the lumen in this circumstance

NOT is the abbreviation of “number of tumors” in the bladder lumen before operation.

RF Srepresents the recurrence-free survival time.
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Results of the optimal radiomics features selected by using SVM-RFE and LASSO with a non-linear SVM

Table 2:

classifier, respectively, for TFTY BCa recurrence prediction in both cohorts

95% CI
Selection approach  Featuresize ~ Cohort *Sen *Spe *Acc AUC p-value
Lower  Upper
Training  84.00% 80.00% 82.00% 0.8593 0.8425 0.8810 <<0.01
SVM-RFE 32
Validation 77.78% 73.83% 75.52% 0.8216 0.8130 0.8301 <<0.01
Training 73.74% 71.08% 72.41% 0.7504 0.7364 07613 <0.05
LASSO 21
Validation 55.56% 75.00% 66.67% 0.7222 0.7003 0.7328 <0.05

*
Sen, Spe and Acc indicate average sensitivity, specificity and accuracy obtained by using the selected radiomics features and a non-linear SVM

classifier.
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Table 3:
Univariate and multivariate regression analyses of the indicators for recurrence prediction in the training
cohort
Univariate Multivariate
Indicators  #oR —ell p-value OR —=ell_ p-value
Lower  Upper Lower  Upper
Age 1602 0759 3380 0206 @ — — — —
Gender 1569 0239 1876  0.22 — — — —
Grade 1195 0370 3.858  0.09 — — — —
MIS 3857 1180 12.696 <0.05 2166 1.154 4.066 <0.05
Stalk 0231 0066 0810 0017 0408 0089 1868  0.248
SLE 0457 0197 1063 <005 0542 0126 2335 0411
TumorSize 1002 0969 1036 0.9 — — — —
NoT 1534 1176 2564 <005 1067 0936 2425 0513
Operation 0542 0271 1927 0300  — — — —
Rad-Score 8.682 2.942 25.620 <<0.05 8.191 2415 27.780 <<0.05

Bold and underlined indicates statistical significance at the level of p-value <0.1.

# .
OR means odds ratio.
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Table 4:

Performance of different models for patients’ RFS estimation in the training cohort

95% ClI
p-value
Lower  Upper

Model for RFS estimation Harrell’s C-index
Clinical model 0.689
Radiomics model 0.832
Radiomics and clinical model 0.897

0.589 0.792 <0.05
0.761 0.895 <0.05
0.812 0.926 <0.05
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