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Abstract

Background: Rhabdomyosarcoma (RMS) and Neuroblastoma (NB) are highly malignant soft tissue sarcoma 
with tendency to metastasize. Due to the similarities in clinical manifestations and imaging features between 
RMS and NB, they are often misdiagnosed, which resulted in improper treatment progression of the mass. 
On the other hand, the treatment paradigm for patients with metastasis RMS/NB and non-metastasis RMS/
NB is different. Preoperative abdominal Magnetic Resonance Imaging (MRI) can provide valuable information 
for differential diagnosis and metastasis prediction to support surgical decisions. This study aimed to develop 
MRI-based whole-volume tumor radiomic signatures for differential diagnosis and metastasis prediction.

Methods: We retrospectively sampled 40 patients (21 patients with RMS and 19 patients with NB). Using 
Least Absolute Shrinkage and Selection Operator (LASSO) regression and stepwise logistic regression, a 
classification model and a metastasis prediction model based on MRI radiomic signatures were constructed. 
Nomograms were established by integrating the MRI information for better classification and prediction. 
Harrell’s concordance index (C-index) and time-dependent Receiver Operating Characteristic (ROC) curves 
were used as performance evaluating metrics.
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Introduction

Rhabdomyosarcoma (RMS) and Neuroblastoma (NB) are the 
most prevalent malignant soft-tissue tumor in children [1,2]. The 
most common primary site for these tumors is the abdomen. 
Differential diagnosis and metastatic diagnosis of these pediatric 
sarcomas is essential to selecting an appropriate treatment [3]. 
Differential diagnosis of sarcomas such as RMS and NB is usually 
made by imaging tests and histological examination after surgi-
cal resection or puncture biopsy, which can lead to delay in treat-
ment. This method, however may be time-consuming and cause 
excessive damage to the patient. Besides, this method of differen-
tial diagnosis can be very demanding based on the experience le-
vel of the attending pathologist/radiologist. Due to the similarities 
in imaging features and clinical manifestations, RMS and NB are 
often misdiagnosed [4]. Outcome in patients with localized RMS/
NB is generally good, but outcome for patients with metastatic 
RMS/NB remains poor with 3-year Overall Survival (OS) of 34%-
56% [5,6]. Therefore, a non-invasive and effective tool to distin-
guish RMS from NB and predict the probability of metastasis is 
very important for diagnosis and treatment.

A recently developed method of data processing and image 
analysis, radiomics, is able to obtain features that cannot be di-
rectly identified by direct human visualization on medical images 

Results: The nomograms consisting of radiomic signatures demonstrated good discrimination and 
calibration in classification (Area Under the Curve [AUC] =89.97%) and metastasis prediction (AUC=82.25%). 
The calibration curve and GiViTI calibration belt value analysis indicated that the radiomic nomograms can be 
used in clinical practice.

Conclusions: MRI-based whole-tumor radiomic signatures have excellent performance for differential 
diagnosis and metastasis prediction in pediatric RMS and NB. Radiomic nomograms may aid in preoperative 
risk assessment and guide personalized treatment strategies for pediatric soft tissue sarcomas. 
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and can discover new information about tumor grades, genetics, 
curative effect, and prognosis [7,8]. Radiomic parameters can be 
applied in clinical decision support systems to improve the ac-
curacy of diagnostic, predictive, and prognostic. Recently, the ra-
diomic characteristics of Magnetic Resonance Imaging (MRI) have 
been shown to have potential for histological subtype classifica-
tion [9]. Dong et al. proposed a radiomic nomogram can predict 
the number of lymph node metastasis in locally advanced gastric 
cancer [10]. However, to the best of our knowledge, it is unclear 
whether radiomics analysis based on MR imaging can be use in 
differential diagnosis and metastasis prediction of RMS and NB.

Immunostaining of Ki-67 is used as a biomarker for tumor pro-
liferation. It has been shown that Ki-67 expression strongly corre-
lates with prognosis and clinical behavior of soft tissue sarcomas 
[11,12]. Nevertheless, its strength as a prognostic factor in RMS 
and NB is still unclear.

Our hospital has conducted plain and enhanced MRI for the 
diagnosis of RMS and NB. Therefore, the aim of this study was to 
assess the application of Ki-67 and MRI radiomics based on the 
sequence: T2_SPIR_AX-MVXD_HR_RT for differential diagnosis 
and metastasis prediction of RMS and NB (Figure 1). This study 
provides information for early accurate diagnosis, which has im-
portant clinical application value.

Figure 1: Workflow of MRI radiomic nomogram modeling for differential diagnosis and metastasis prediction.

Patients and methods

Patients 

The institutional review board approved this retrospective stu-
dy, and the need to obtain informed consent was waived. Patients 
who underwent MRI from Feburary 2015 to June 2022 in were re-
trospectively analyzed. The inclusion criteria were as follows: (1) 
Patients with histopathological examination and with complete 
clinicopathological information; (2) Primary tumor MRI was per-
formed before chemotherapy and surgery. The exclusion criteria 
were as follows: (1) poor quality or incomplete MR images.

Imaging data acquisition and processing

All MR images were obtained on a 3T Philips Achieva MRI scan-
ner (Philips Healthcare, The Netherlands). Regions Of Interest 
(ROI) were manually segmented by an experienced radiologist 
using 3D-Slicer software, version 4.9.1 (www.slicer.org) and re-
viewed by another MRI physicist. The open-source package PyRa-
diomics within 3D Slicer was used to extract the radiomic features. 

Statistical analysis

R software (version 3.4.0) was used to perform all statistical 
analyses in this study. All radiomic features were normalized with 



z-score so that get a standard normal distribution of image inten-
sities. Student’s t-test was used to compare differences between 
the two groups of continuous variables. The chi-squared test was 
used to compare the differences between the two groups of cate-
gorical variables. Least Absolute Shrinkage and Selection Opera-
tor (LASSO) regression was performed to select the initial factors 
and prevent overfitting of multifactorial models. Logistic regres-
sion analysis was used to evaluate the prognostic value of the 
selected radiomic features for the corresponding outcome. The 
level of significance for all statistical analyses was set at p<0.05.

Table 1: Comparison of selected radiomic features and proliferation marker according to histotype.

Results 

Of the 40 patients included in this study, 19 were affected by NB 
and 21 were affected by RMS. 20 patients had metastatic spread 
(12 in the NB cohort and 8 in the RMS cohort). With selection by 
LASSO regression analysis, eight radiomic features and Ki-67 were 
determined to potentially have significant roles in distinguishing 
NB from RMS (Supplementary Material Figure S1). 

Using an unpaired t test and a chi-square test, two radiomic pa-
rameters (90 Percentile; Imc1) and Ki-67 showed statistically sig-
nificant differences between NB and RMS. Compared with RMS, 
NB was associated with a lower value of 90 Percentile (p=0.0020), 
higher value of Imc1 (p=0.0233) and values of Ki-67 (p=0.0366) 
(Table 1). 

aUnpaired t test; b Yates' continuity corrected chi-square test.

Using stepwise logistic regression analysis, with AIC=41.12, 
four of the nine features, Voxel Volume, 90 Percentile, Idmn, Imc1, 
were correlated with differential diagnosis between RMS and NB 
(Table 2). The final features are shown in supplementary A1. The 
90 Percentile feature was found to be significantly higher in RMS 
(1580.33 ± 314.22 vs. 1226.10 ± 359.75, p= 0.00895). The logistic 
regression model showed an 89.97% accuracy in classifying RMS 
and NB. The C-index was 0.9 (95% CI: 0.808-0.992).

Mean±SD Neuroblastoma (NB) Rhabdomyosarcoma (RMS) p value

Mesh Volume 108156.37 ± 111039.23 165801.82 ± 254430.34 0.353 a

Surface Volume Ratio 0.24 ± 0.10 0.31 ± 0.22 0.174 a

Voxel Volume 108352.46 ± 111206.66 166031.39 ± 254650.66 0.354 a

90 Percentile 1226.10 ± 359.75 1580.33 ± 314.22 0.002 a

Total Energy 116800685626 ± 194213887210 260925719851 ± 386132366622 0.141 a

Idm 0.27 ± 0.10 0.29 ± 0.13 0.700 a

Imc1 -0.17 ± 0.04 -0.24 ± 0.13 0.023 a

Inverse Variance 0.25 ± 0.06 0.21 ± 0.06 0.051 a

Ki-67 0.17 ± 0.25 0.37 ± 0.32 0.037 a

Metastasis (%) 12 (63.16) 8 (38.10) 0.206 b

Table 2: Risk factors for differential diagnosis between RMS and NB.

The GiViTI calibration belt values were used to evaluate the 
precision and discrimination of the model, which are shown in 
Figure 2. The 80% CI (light gray area) and 95% CI (dark gray area) 
in the calibration belt plot crossed the diagonal bisector line. The 
P-value in the GiViTI calibration test was 0.971, suggesting that 
the model was well calibrated.

Coefficients: OR (95% CI) Pr(>|z|)

VoxelVolume 11.20490 (1.641, 181.841) 0.083 .

90 Percentile 27.69881 (4.440, 314.726) 0.009 **

Idmn 0.00145 (0.000000959, 0.235) 0.097 .

Imc1 0.05853 (0.001, 0.408) 0.071 .

Figure 2: Calibration of the nomogram for differential diagnosis be-
tween NB and RMS. The 80% CI and 95% CI of GiViTI calibration belt 
did not surpass the diagonal line.
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For differential diagnosis between the metastasis and non- 
metastasis cohorts, LASSO logistic regression analysis allowed for 
the selection of three potential features: Surface Volume Ratio; 
Imc1; Inverse Variance (Supplementary Material Figure S2, Table 
3). Stepwise logistic regression analysis, with AIC=45.08 showed 
that two of the three features, Imc1 and Inverse Variance were 
correlated with differential diagnosis between metastasis and 
non- metastasis cohorts (Table 4). The final features are shown in 
supplementary A1. Inverse Variance was found to be significantly 
higher in the metastatic cohort (0.017 ± 0.431 vs. -0.396 ± 0.370, 
p=0.002). The logistic regression model showed an accuracy of 
82.25% in classifying RMS and NB.

Table 3: Comparison of selected radiomic features and prolifera-
tion markers between the metastatic cohort and non-metastatic co-
horts.

Mean±SD Metastatic Non-metastatic p value

Surface Volume Ratio -0.698±0.211 -0.389±0.511 0.017 a

Imc1 0.744±0.184 0.458±0.567 0.039 a

InverseVariance 0.017±0.431 -0.396±0.370 0.002 a

Ki-67 0.234±0.306 0.370±0.369 0.212 a

a Unpaired t test.

Table 4: Risk factors for metastasis prediction.

Coefficients: OR (95% CI) Pr(>|z|)

Imc1 0.387 (1.143, 1.902) 0.017 *

InverseVariance 0.534 (1.335, 2.197) 0.001 **

The GiViTI calibration belt values were used to evaluate the 
precision and discrimination of the model, which are shown in 
Figure 3. The 80% CI (light gray area) and 95% CI (dark gray area) 
in the calibration belt plot crossed the diagonal bisector line. The 
P-value in the GiViTI calibration test was 0.828, suggesting that 
the model was well calibrated.

Figure 3: Calibration of the nomogram for metastasis prediction. The 
80% CI and 95% CI of the GiViTI calibration belt did not surpass the 
diagonal line.

Based on multivariate logistic analyses, a differential diagnosis 
model was established using Voxel Volume, 90 Percentile, Idmn, 
and Imc1. The metastasis prediction model was constructed 
using Imc1 and Inverse Variance. The nomograms converted 
from the combination models are shown in Figures 4 and 5. The 
model based on nomogram discrimination showed excellent 
performance. ROC composition plots and calibration curves 
were used as performance metrics of the nomograms, and the 
application of the nomogram showed outstanding advantages 
over the relevant threshold ranges (Figures 6 and 7). 

Figure 4: Nomogram based on the radiomic signature for differential 
diagnosis.

Figure 5: Nomogram based on the radiomic signature for metastasis 
prediction.

Figure 6: ROC curve and calibration curve of nomogram for differen-
tial diagnosis.
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Discussion

In this study, we demonstrated that incorporating Axial T2 
(spectral presaturation inversion recovery, SPIR) MRI into a ra-
diomic model improved the diagnostic performance for distin-
guishing between RMS and NB, and for metastasis prediction, 
with excellent discriminative power and calibration. Furthermore, 
this study provides a non-invasive and effective prediction tool 
to distinguish between RMS and NB and predict probability of 
metastasis. By applying significant radiomic parameters, we de-
veloped validated nomograms for noninvasive, individualized dif-
ferential diagnosis and metastasis prediction. This finding could 
be useful in several contexts, such as in helping physicians better 
understand the risk of disease progression, and in aiding them to 
make better treatment recommendations.

RMS and NB are heterogeneous at both the genetic and his-
topathological levels [13]. The chemotherapy regimens for RMS 
and NB differ significantly. The chemotherapy regimen for RMS 
may include VA (vincristine and dactinomycin) or VAC (vincristine, 
dactinomycin, and cyclophosphamide), which is very different 
from the chemotherapy regimen for NB (carboplatin, etoposide 
et al.) [14,15]. However, risk stratification and treatment plans ac-
cording to metastasis also differ [16-19]. For patients with meta-
static RMS/NB, lymph node dissection could be an effective way 
to reduce the risk of recurrence and improve prognosis. There-
fore, accurate differential diagnoses and metastasis prediction 
are beneficial for treatment determination and risk stratification 
for patients with sarcoma [20]. Non-invasive differential diagnosis 
between RMS and NB has been a challenge in pediatric sarcoma 
[21]. Currently, differential diagnosis of RMS and NB relies on Ul-
trasound (US) and MRI for preliminary identification [22,23]. Fur-
thermore, NB biomarkers (neuron enolase, etc.) and biopsies are 
used to make definite diagnoses, which inevitably causes injury in 
pediatric patients [24,25]. Currently, there is no mature technol-
ogy for non-invasive differential diagnosis and metastasis predic-
tion for these tumor types.

Radiomics can noninvasively capture histology related intratu-
moral and intertumoral heterogeneity in voxels, identify pheno-
types, and provides additional metastatic information [26].

 A previous study pointed out that MRI features were associat-
ed with pathological subtype, angiogenesis and peritumoral infil-
tration [27]. Recently, the development of algorithms and medical 
image analysis has promoted differential diagnosis and precision 
medicine in pediatric sarcomas [28,29]. Radiomic signatures may 

provide more sensitive and accurate information regarding tumor 
type, malignancy and metastasis [30,31]. Our study demonstrated 
that Voxel Volume, 90 Percentile, Idmn, and Imc1 represent four 
potential radiomic features closely associated with MRI differ-
ences between RMS and NB, and that Imc and Inverse Variance 
represented two potential radiomic features closely associated 
with probability of metastasis. As an independent risk factor, a 
higher value of 90 Percentile probably indicates RMS as opposed 
to NB, and a higher value of Inverse Variance probably indicates 
metastases. These two parameters can be used as classification 
indicator to distinguish RMS from NB, and to indicate metastases 
in RMS/NB. 

Prior to this study, few efforts using radiomic application had 
been made for rare disease. This is the first study to apply ra-
diomics for the differential diagnosis, and metastasis prediction 
of RMS and NB. As differential diagnoses between RMS and NB 
requires special training and the expertise of a radiologist, our 
findings may provide support for such expertise. This study does, 
however, haves some limitations. Most notably, because of their 
rarity, the generalization ability and robustness of the model need 
further study. 

There are several directions for future extension of this study. 
First is to expand our classification and metastasis prediction 
models to RMS and NB subtypes using different algorithm and 
to include more available MR images for training. Secondly, in-
tegrating different dimensions of patient data, such as genomic 
data and prognostic data, into our framework is our key goal. By 
combining genetic information with image feature information, a 
better prognostic model may be established for risk prediction in 
pediatric sarcoma patients.

Conclusions

The MRI-based radiomic model developed in this study has 
a higher clinical value for the noninvasive diagnosis of RMS and 
NB, and for metastasis prediction. However, before applying this 
method in a real-world setting, more studies are needed to vali-
date the performance of radiomic nomograms.
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