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Treatment and clinical efficacy assessment
All patients included in this study received neoadjuvant RT with a total dose of 50 Gy in 25 fractions, with concurrent and sequential anlotinib (12 mg/day for 2 weeks every 3 weeks, with a total of 3 cycles) or apatinib (500 mg/day, 5 days per week, started from 2 weeks before RT to 4 weeks after RT) treatment, followed by planned limb-conserving wide resection (1-2 weeks apart from anlotinib or apatinib and 4-8 weeks apart from RT).
All postoperative resected specimens were reviewed and evaluated by a senior pathologist with 19 years of experience in STS diagnosis who was blinded to the clinical and MRI data. pCR was defined as less than 5% residual tumor cells as per postoperative pathology. Clinical characteristics, including age, sex, tumor region, tumor size, T stage, grade, and AJCC stage, were obtained for all patients. Grading was evaluated according to the French Federation of Cancer Centers Sarcoma Group (FNCLCC) grading system. T stage and AJCC stage were evaluated according to the 8th edition of the AJCC Cancer Staging Manual. The RECIST 1.1 criteria were used to compare the tumor size changes. Informed consent was obtained before treatment.



Discussion about advances in clinical and pathological evaluation of neoadjuvant therapy for soft tissue sarcoma
Clinically, RECIST 1.1 is often used to evaluate the efficacy of neoadjuvant therapy for solid tumors but is probably insufficient for STS, especially to predict the pCR status. After neoadjuvant therapy for STS, it is common for the tumor to appear cystic or haemorrhagic, sometimes leading to pseudoprogression [1-3], and there is no evidence that the 30% tumor reduction in RECIST 1.1 is a truly good surrogate for the response to neoadjuvant therapy for sarcoma [4]. In the modern era, with the introduction of different RT sensitization drugs in clinical use, new methods should be investigated to predict clinical efficacy. On this basis, some scholars proposed the Choi standard based on CT images [5], and soon after, Stacchiotti et al. [6] proposed the Choi standard based on MRI images to judge via the signal intensity. Some follow-up studies also indicated that this standard was more accurate [7-9]. The Choi criteria have not been widely used in clinical practice, and more cases are needed for verification in the future. Compared with RECIST 1.1, the multi-time point prediction models established in our study have better performance. In the research of Peeken et al. [10], multiple models established by machine learning also had higher diagnostic performance than RECIST 1.1.
The pathological evaluation criteria after neoadjuvant therapy for STS are diverse, and no consensus has been reached on pathology thus far. Consistent with the studies of Bonvalot et al. [11], Soldatos et al. [12] and Peeken et al. [10], our study also selected pCR as a predictor of clinical outcomes, defined as less than 5% of residual tumor cells by postoperative pathology. In previous studies, the most widely accepted pathological assessment method was proposed by the EORTC-STBSG working group. The pathological response was graded by the different proportions of residual cells. Grades A to E reflect the number of residual tumor cells. A was defined as cell-free residual, and E was defined as more than 50% residual tumor cells [13]. Our study strictly followed this guideline in the process of pathology sampling and evaluation. In a number of studies [9, 14-16], less than 10% of residual tumor cells was defined as a better posttreatment response. Other pathological evaluation criteria are mostly based on the internal tumor necrosis rate. Some studies believe that 95% of the necrotic components in the tumor are significantly correlated with tumor prognosis, especially for studies focusing on rhabdomyosarcoma. The studies of Canter et al. [17] and Gao et al. [18] used the necrosis rate to reflect the efficacy, but this standard is controversial for STS, and some studies suggest that the necrotic component does not reflect the biological behaviour of STSs [4]. Thus, we still adopted pCR as our endpoint, since some studies have confirmed that pCR can be used as a surrogate outcome of clinical prognosis in prospective studies [11].




[bookmark: _Hlk109469318]Table S1 MRI Parameters.
	Protocol sequence
	Slice thickness(mm)
	Spacing
	TR (ms)
	TE (ms)
	Frequency
	Phase
	Nex
	ETL
	RF Angle
	Bandwidth(kHz)

	Ax T2FS
	5
	0
	Auto
	83.8
	384
	NA
	3
	28
	110
	100

	Ax DWI(b=0,1000)
	5
	0
	Auto
	Minimum
	96
	128
	4
	NA
	NA
	250

	Ax T1FSGd
	5
	NA
	12.9
	Minimum
	320
	320
	1
	NA
	12
	31.25
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	Pre_T2_original_glrlm_GrayLevelVariance
	Pre_T2_original_shape_Flatness
	Pre_T2_original_firstorder_Range
	Pre_T2_original_firstorder_Kurtosis

	Pre_T2_original_glrlm_GrayLevelVariance
	1.00
	  0.06
	0.81*
	0.30

	Pre_T2_original_shape_Flatness
	0.06
	1.00
	  -0.24
	-0.27

	Pre_T2_original_firstorder_Range
	0.81*
	-0.24
	1.00
	  0.64

	Pre_T2_original_firstorder_Kurtosis
	0.3
	-0.27
	0.64
	1.00













Table S3. Pearson correlation of Post-features.
	 
	Post_T1_original_shape_Flatness
	Post_ADC_original_gldm_HighGrayLevelEmphasis

	Post_T1_original_shape_Flatness
	1.00
	  -0.19

	Post_ADC_original_gldm_HighGrayLevelEmphasis
	-0.19
	1.00
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Table S4. Pearson correlation of Delta-features.
	 
	Delta_T2_original_glszm_SizeZoneNonUniformity
	Delta_T2_original_firstorder_Energy
	Delta_T2_original_firstorder_Range
	Delta_T2_original_firstorder_TotalEnergy
	Delta_T1_original_glcm_ClusterShade
	Delta_T1_original_shape_Sphericity

	Delta_T2_original_glszm_SizeZoneNonUniformity
	1.00
	  0.55
	0.52
	0.38
	0.05
	0.08

	Delta_T2_original_firstorder_Energy
	0.55
	1.00
	  0.43
	0.92*
	0.00
	-0.09

	Delta_T2_original_firstorder_Range
	0.52
	0.43
	1.00
	  0.44
	0.09
	0.04

	Delta_T2_original_firstorder_TotalEnergy
	0.38
	0.92*
	0.44
	1.00
	0.01
	-0.12

	Delta_T1_original_glcm_ClusterShade
	0.05
	0.00
	0.09
	0.01
	1.00
	0.21

	Delta_T1_original_shape_Sphericity
	0.08
	-0.09
	0.04
	-0.12
	0.21
	1.00




Discussion on the overfitting problem of the model.

we reselected and remodeled the original data, including the following three methods: Method 1. Establishment of Random Forest and AdaBoost models based on the original filtered data; Method 2. Changes in the feature selection method, gradually reducing the dimensions and establishing three models of logistic regression, random forest and AdaBoost through the variance method, Pearson correlation test and LASSO; Method 3. Based on the first two steps of the original feature selection method (t test, Pearson correlation test), the addition of LASSO to further selection.

Method 1. Random forest and AdaBoost models were established based on the original filtered data.

First, the original filtered data are as follows:
	Pre
	T2_original_shape_Flatness

	Post
	T1_original_shape_Flatness

	Delta
	T1_original_glcm_ClusterShade, T2_original_glszm_SizeZoneNonUniformity



The performance of the models is shown as follows:
Table 1: Random Forest Model performance for predicting pCR status after neoadjuvant RT and targeted therapy in patients with STS.
	
	Pre-Model
	Post-Model
	Delta-Model
	Combined-Model

	AUC
	0.948
	0.944
	0.952
	1.0

	95% CI
	0.868~1.0
	0.864~1.0
	0.893~1.0
	1.0~1.0

	Sensitivity
	0.6
	0.6
	0.4
	1

	Specificity
	1
	0.96
	1
	1

	Accuracy
	0.933
	0.9
	0.9
	0.933



Table 2: AdaBoost model performance for predicting pCR status after neoadjuvant RT and targeted therapy in patients with STS.
	
	Pre-Model
	Post-Model
	Delta-Model
	Combined-Model

	AUC
	0.944
	0.968
	0.964
	1.0

	95% CI
	0.84~1.0
	0.905~1.0
	0.897~1.0
	1.0~1.0

	Sensitivity
	0.8
	0.6
	0.8
	0.8

	Specificity
	0.92
	1
	1
	1

	Accuracy
	0.9
	0.933
	0.967
	0.967




Method 2. Change the feature selection method, gradually reduce the dimensions, and establish three models of logistic regression, random forest and AdaBoost through the variance method, Pearson correlation test and LASSO.

First, the final features changed after selection by the above methods:
	Pre
	T2_original_shape_Flatness, T2_original_firstorder_Range

	Post
	ADC_original_glcm_ClusterShade, T1_original_shape_Flatness

	Delta
	T1_original_firstorder_Skewness, T2_original_glcm_ClusterShade, T2_original_glszm_SizeZoneNonUniformity



Pre, post, and delta all have more features than before. Let us look at the situation after the model is built:
Table 3: Three pre-model performance outcomes for predicting pCR status after neoadjuvant RT and targeted therapy in patients with STS.
	
	Logistic Regression Model
	Random Forest Model
	AdaBoost Model

	AUC
	0.848
	0.936
	0.952

	95% CI
	0.597~1.0
	0.815~1.0
	0.872~1.0

	Sensitivity
	0.6
	0.4
	0.6

	Specificity
	0.96
	1
	0.96

	Accuracy
	0.9
	0.9
	0.9




Table 4: Three post-model performance outcomes for predicting pCR status after neoadjuvant RT and targeted therapy in patients with STS.
	
	Logistic Regression Model
	Random Forest Model
	AdaBoost Model

	AUC
	0.848
	0.884
	0.908

	95% CI
	0.683~0.981
	0.769~0.973
	0.808~0.983

	Sensitivity
	0.6
	0.2
	0.4

	Specificity
	0.8
	1
	0.96

	Accuracy
	0.767
	0.867
	0.867





Table 5: Three Delta-Model performance outcomes for predicting pCR status after neoadjuvant RT and targeted therapy in patients with STS.
	
	Logistic Regression Model
	Random Forest Model
	AdaBoost Model

	AUC
	0.92
	0.896
	0.976

	95% CI
	0.768~1.0
	0.696~1.0
	0.92~1.0

	Sensitivity
	0.6
	0.6
	0.8

	Specificity
	1
	1
	1

	Accuracy
	0.933
	0.933
	0.967




Table 6: Three Combined-Model performances for predicting pCR status after neoadjuvant RT and targeted therapy in patients with STS.
	
	Logistic Regression Model
	Random Forest Model
	AdaBoost Model

	AUC
	1.0
	0.952
	0.952

	95% CI
	1.0~1.0
	0.864~1.0
	0.846~1.0

	Sensitivity
	0.8
	0.6
	0.8

	Specificity
	1
	1
	1

	Accuracy
	0.967
	0.933
	0.967



Method 3. Based on the first two steps of the original feature selection method (t test, Pearson correlation test), LASSO was added for further selection.

The feature selected by this method is the same as the feature selected by the original research method (t test, Pearson correlation test, and logistic), and the results of the established model are also consistent. Therefore, the details are not shown here.
After recalculation through the above three methods, our team is more inclined to keep the original feature selection and model building methods for the following reasons:
1. In this small sample size study, the risk of overfitting is difficult to avoid. Usually, the methods to solve overfitting include (1) increasing the sample size, (2) reducing the number of features, and (3) changing the model.
First, it is difficult to further increase the sample size in our study due to the low incidence rate of STS and the relatively long time from enrolment to surgery. In previous efficacy evaluation studies related to STS, the sample sizes were not large. For example, there were only 23 patients in the article published by Theodoros Soldatos [12] in “Radiology”. The inclusion of more patients is the direction of our future efforts. Second, we tried to reduce the number of features. We changed the feature selection method in method 2, but more features were finally included in the model construction, which still had the risk of overfitting. The AUC of the combined model (logistic regression) was 1, and the model showed overfitting, which was not desirable. Finally, we changed the model. Method 1 and method 2 were both used to build the random forest and AdaBoost models, but method 1 showed overfitting in the combined model (AUC=1), so method 1 was not desirable. The model built by method 2 was not much better than our original logical regression model, and the logical regression model is more interpretable and easier to implement and understand. Moreover, the most common disadvantage of the logistic regression model is underfitting instead of overfitting. The random forest model construction method can indeed reduce the risk of overfitting, but it is most commonly used for multivariate classification variables. The amount of data required is large, and the model is not highly interpretable. The AdaBoost algorithm can indeed reduce the risk of overfitting, but it is vulnerable to noise interference, and imbalanced data easily lead to a decline in classification accuracy.
2. The texture analysis method used in this study is a traditional method, and many published articles have also used this method [19-21]. However, if meaningful features are selected through texture analysis, it is also instructive or suggestive to try to build a model. In the future, we will include more patients on this basis and conduct better and more complete research.
3. Our original analysis method added the Hosmer–Lemeshow test to assess the goodness-of-fit of the models (p>0.05). Although the risk of overfitting cannot be completely excluded from model fit analysis, it can also show that our model is well fitted.
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