Supplement Material

Part 1. The clinicopathological information of training and validation set for LR.
Table S1. The clinicopathological information
	
	Training cohort (n=348)
	Validation cohort (n=149)
	P-value

	
	MSI
	MSS
	MSI
	MSS
	

	Age(mean±SD, years)
	64.46±11.88
	63.80±10.77
	63.69±8.00
	62.13±12.23
	0.464

	Gender
	
	
	
	
	0.484

	Male (%)
	53(15.23%)
	198(56.90%)
	11(7.38%)
	54(36.24%)
	

	female (%)
	14(4.02%)
	83(23.85%)
	18(12.08%)
	66(44.30%)
	

	Diameter (mean±SD, cm)
	3.86±1.45
	3.78±1.46
	3.67±1.63
	3.70±1.47
	0.768

	Location
	
	
	
	
	0.675

	low (n, %)
	16(4.60%)
	61(17.53%)
	6(4.03%)
	30(20.13%)
	

	medium (n, %)
	27(7.76%)
	112(32.18%)
	14(9.40%)
	42(28.19%)
	

	high (n, %)
	24(6.90%)
	108(31.03%)
	9(6.04%)
	48(32.21%)
	

	CEA (mean±SD, ng/mL)
	3.85±4.24
	18.28±94.49
	5.51±5.86
	8.29±12.13
	0.007*

	CA19-9 (mean±SD,U/mL)
	16.64±22.66
	38.53±142.24
	127.64±435.40
	18.88±29.35
	0.492

	Smoking (%)
	17(4.89%)
	58(16.67%)
	10(6.71%)
	19(12.75%)
	0.054

	Drinking (%)
	13(3.74%)
	36(10.34%)
	10(6.71%)
	20(13.42%)
	0.016*

	Diabetes (%)
	7(2.01%)
	38(10.92%)
	3(2.01%)
	11(7.38%)
	0.624

	Hypertension (%)
	28(8.05%)
	88(25.29%)
	13(8.72%)
	48(32.21%)
	0.106

	LNR(mean±SD)
	4.47±9.55
	8.75±16.00
	4.31±9.84
	7.22±16.38
	0.003*

	PNI (n, %)
	20(5.75%)
	76(21.84%)
	8(5.37%)
	34(22.82%)
	0.733

	EMVI (n, %)
	29(8.33%)
	120(34.48%)
	10(6.71%)
	54(36.24%)
	0.623


Note. MSI status, RC patients with the status of microsatellite instability; MSS status, RC patients with the status of microsatellite stability; CEA, carcinoembryonic antigen; CA19-9, carbohydrate 19-9; LNR, lymph node metastasis ratio; PNI, perineural invasion; EMVI, extramural venous invasion. *p<0.05.

Part 2. Radiomic features 

Radiomic features includes histogram parameters, texture parameters, Gray level co-occurrence matrice (GLCM) parameters, gray level run-length matrice (GLRLM) parameters, and gray level Size Zone Matrice (GLZSM) parameters. 

(1) Histogram parameters: It concerns with properties of individual pixels. They describe the distribution of voxel intensities within the CT image through commonly used and basic metrics. It covers the followed parameters: Energy, Entropy, MaxIntensity, MinIntensity, Mean Value, Mean absolute deviation, MedianIntensity, Range, Root mean square (RMS), Standard deviation (stdDeviation), Uniformity, Variance, Volume Count, Voxel Value Sum, Relative Deviation, Frequency Size, Quantiles, Percentiles, Skewness, and Kurtosis. 
(2) Texture parameters: It is one of the important characteristics used in identifying objects or regions of interest in an image, texture represents the appearance of the surface and how its elements are distributed. It is considered an important concept in machine vision, in a sense it assists in predicting the feeling of the surface (e.g. smoothness, coarseness …etc.) from image. It covers the followed parameters: Energy, Entropy, Correlation, Inertia, Cluster Shade, Cluster Prominence. 
(3) Form Factor parameters: It includes descriptors of the three-dimensional size and shape of the tumor region. It covered the followed parameters: Sphericity, Surface area, Compactness 1, Compactness 2, Inertia, Cluster Shade, Cluster Prominence. 

(4) GLCM parameters: It represents the joint probability of certain sets of pixels having certain gray level values. It calculates how many times a pixel with gray level i occurs jointly with another pixel having a gray value j. By varying the displacement vector d between each pair of pixels. It covers the followed parameters: Energy of GLCM, Entropy of GLCM, Inertia of GLCM, Correlation, Inverse Difference Moment, Haralick features. And the Haralick features includes Haralick Correlation, Angular Second Moment, Contrast, Haralick Entropy, Hara Variance, sum Average, sum Variance, sum Entropy, difference Variance, difference Entropy, inverse Difference Moment. 

(5) GLRLM parameters: It is defined as the numbers of runs with pixels of gray level i and run length j for a given direction θ. RLMs is generated for each sample image segment having directions (0°, 45°, 90°&135°). It covers the followed parameters: Short/Long Run Emphasis, Gray Level Non-uniformity, Run Length Non-uniformity, Low/High Gray Level Run Emphasis, Short Run Low/High Gray Level Emphasis, Long Run Low/High Gray Level Emphasis. 

(6) GLZSM parameters: It is the starting point of Thibault matrices. For a texture image f with N gray levels, it is denoted GSf (s, g) and provides a statistical representation by the estimation of a bi-variate conditional probability density function of the image distribution values. It covers the followed parameters: Small/Large Zone Emphasis, Gray-level Non-uniformity, Zone-Size Non-uniformity, Zone Percentage, Low/High Gray-Level Zone Emphasis, Small Zone Low/High Gray-Level Emphasis, Large Zone Low/High Gray-Level Emphasis, Gray-Level Variance, Zone-Size Variance. 

Part 3. The dimension reduction of radiomics
(1) Feature pre-processing
We replaced the abnormal values by mean to standardize the data. Then, we used z-score normalization to make the image intensities have the properties of a standard normal distribution with
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was the mean value of the images, and
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was the standard deviation. The normalized values (also called z scores) of the image intensities (x) were calculated as follows:
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(2) analysis of variance 

Firstly, analysis of variance on the extracted features was performed. The variance value is the average of the square of the difference between the value of each variable and the mean. It is the most important method for measuring the dispersion of numeric data. The larger the variance, the greater the fluctuation of the data, and vice versa. So, it is necessary to preferentially eliminate features with a variance of 0 or less. In this study, the variance of each feature was calculated, and then the features greater than the threshold 1 were retained. 
(3) Correlation test
The correlation test was calculated to reduce data redundancy. The software calculated the paired correlation between each two of the features. If the Spearman correlation coefficient was greater than 0.5, which showed that the two features were highly correlated, one of them was removed. All of the above steps were carried out by R statistical software version 4.0.1. There were 59 radiomic features left. 
(4) The least absolute shrinkage and selection operator (LASSO) algorithm

LASSO is a powerful algorithm for regression analysis with high dimensional predictors. In our study, the LASSO algorithm was combined with the logistic regression model for model development. We used the LASSO logistic regression model to select the most important predictive features and construct a radiomics signature in the training set. This algorithm minimizes a log partial likelihood subject to the sum of the absolute values of the parameters bounded by a constant:
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 is the obtained parameters, [image: image9.emf](


)


b


l




  



 is the log partial likelihood of the logistic regression model, and t >0 is a constant.

The LASSO algorithm shrinks some coefficients and reduces others to exactly 0 via the absolute constraint. Thus, LASSO is an outstanding method for feature selection by retaining the good features of both subset selection and ridge regression. In this study, LASSO selected 2 nonzero coefficients [image: image10.emf]b
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, and a formula was generated using a linear combination of selected features that were weighted by their respective LASSO coefficients. The “glmnet” package in R statistical software was used for LASSO logistic regression model analysis. After the method of LASSO for selecting features, there were 51 radiomic features left. 
Part 4. RSD calculation and machine learning algorithm selection

RSD is the absolute value of the coefficient of variation and is often expressed as a percentage. The equation of RSD was: [image: image11.emf]%
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are the standard deviation and mean of the 100 AUC values from 100 Bootstrap replication in the training set, respectively. The RSD (mean±SD) of LR, Bayes, KNN, DT, RF, and SVM was 3.05% (0.820±0.025), 3.10% (0.773±0.024), 4.68% (0.727±0.034), 8.20% (0.610±0.050), 7.26% (0.895±0.065), and 27.95% (0.755±0.211), respectively. Therefore, the machine learning algorithm of LR with a minimal RSD value was chosen for developing tumoral and peritumoral radiomics model in evaluating MSI status of RC patients. 

Table S2. The specific data of six machine learning algorithms
	
	AUC
	Accuracy
	Precision
	Specificity
	Sensitivity

	LR
	0.8201(0.0248)
	0.8357(0.0160)
	0.8522(0.0137)
	0.3002(0.0761)
	0.9639(0.0101)

	Bayes
	0.7727(0.0242)
	0.8190(0.0116)
	0.8385(0.0100)
	0.2260(0.0636)
	0.9609(0.0166)

	SVM
	0.7549(0.2106)
	0.7257(0.2729)
	0.7725(0.2838)
	0.4143(0.4657)
	0.8002(0.3961)

	RF
	0.9479(0.0771)
	0.8817(0.0489)
	0.8750(0.0469)
	0.3900(0.2516)
	0.9992(0.0023)

	KNN
	0.7269(0.0345)
	0.8096(0.0066)
	0.8119(0.0067)
	0.0373(0.0451)
	0.9942(0.0061)

	DT
	0.6102(0.0496)
	0.8148(0.0115)
	0.8172(0.0133)
	0.0691(0.0889)
	0.9932(0.0121)


T

Note. They were the mean value of 100 Bootstrap replication in the training set. The data was listed as mean (SD).
Part 5. The tumoral and peritumoral CT-based radiomics model by machine learning algorithm of LR
The model of LR (M-LR) was constructed and the radiomic score (Rad-score) was calculated. The equation of M-LR was as follows:

Rad-score=5.3394+0.1833*[MaxIntensity-t]
+0.2428*[kurtosis-t]

+0.7485*[ClusterProminence_AllDirection_offset4_SD-t]

-0.0652*[Correlation_angle0_offset7]

+0.1471*[HaralickCorrelation_AllDirection_offset4_SD-t]

+0.4274*[HaralickCorrelation_angle45_offset7-t]

+0.2288*[Inertia_AllDirection_offset1_SD-t]

+0.3895*[Inertia_AllDirection_offset7_SD-t]

+0.1931*[GreyLevelNonuniformity_AllDirection_offset7_SD-t]

+0.1643*[HighGreyLevelRunEmphasis_AllDirection_offset7_SD-t]

+0.6279*[LongRunEmphasis_AllDirection_offset4_SD-t]

-0.0833*[LongRunLowGreyLevelEmphasis_angle90_offset1-t]

+0.1663*[ShortRunEmphasis_angle90_offset1-t]

-0.1541*[ShortRunHighGreyLevelEmphasis_AllDirection_offset4_SD-t]

-0.0570*[ShortRunHighGreyLevelEmphasis_AllDirection_offset7_SD-t]

-0.1860*[SurfaceVolumeRatio-t]

-0.1099*[HighIntensitySmallAreaEmphasis-t]

+0.2813*[IntensityVariability-t]

-0.1612*[LowIntensityLargeAreaEmphasis-t]

-0.2881*[kurtosis-pt]

-0.6209*[ClusterProminence_AllDirection_offset4_SD-pt]

+0.0366*[ClusterProminence_angle0_offset4-pt]

+60.8137*[ClusterShade_AllDirection_offset7_SD-pt]
+0.2057*[Correlation_angle45_offset7-pt]
-0.0648*[Correlation_angle90_offset7-pt]
+0.4437*[GLCMEnergy_angle0_offset7-pt]
+0.6666*[GLCMEnergy_angle135_offset7-pt]
+0.1712*[GLCMEntropy_AllDirection_offset1_SD-pt]
-0.6799*[GLCMEntropy_AllDirection_offset4_SD-pt]
-0.0704*[HaralickCorrelation_AllDirection_offset4_SD-pt]
+0.1078*[HaralickCorrelation_angle135_offset4-pt]
-0.1562*[HaralickCorrelation_angle45_offset7-pt]
-0.2480*[GreyLevelNonuniformity_AllDirection_offset1_SD-pt]
-0.2497*[GreyLevelNonuniformity_AllDirection_offset7_SD-pt]
-0.1482*[HighGreyLevelRunEmphasis_AllDirection_offset1_SD-pt]
-0.4638*[LongRunEmphasis_AllDirection_offset1_SD-pt]
-0.1883*[LongRunEmphasis_angle0_offset4-pt]
+0.0990*[LongRunEmphasis_angle90_offset1-pt]
-0.0346*[LongRunEmphasis_angle90_offset4-pt]
-0.2988*[LongRunHighGreyLevelEmphasis_AllDirection_offset4_SD-pt]
-0.2858*[LongRunHighGreyLevelEmphasis_angle90_offset7-pt]
-0.0465*[LongRunLowGreyLevelEmphasis_angle0_offset1-pt]

+0.0833*[LongRunLowGreyLevelEmphasis_angle90_offset1-pt]

-0.1836*[ShortRunEmphasis_AllDirection_offset7-pt]
+0.0734*[ShortRunEmphasis_angle0_offset7-pt]
-0.5064*[ShortRunEmphasis_angle135_offset7-pt]
+0.2690*[ShortRunHighGreyLevelEmphasis_AllDirection_offset7_SD-pt]
-0.3278*[ShortRunHighGreyLevelEmphasis_angle45_offset1-pt]

-0.1659*[SurfaceVolumeRatio-pt]
+0.1061*[SmallAreaEmphasis-pt]
+0.2282*[ZonePercentage-pt]

Table S3. The specific statistical information of M-LR
	variables
	Coef.
	Std.Err.
	z
	P>|z|
	[0.025
	0.975]

	intercept
	5.3394
	5.7948
	0.9214
	0.3568
	-6.0183
	16.6971

	MaxIntensity
	0.1833
	0.1914
	0.9578
	0.3382
	-0.1918
	0.5585

	kurtosis
	0.2428
	0.2092
	1.1604
	0.2459
	-0.1673
	0.6529

	ClusterProminence_AllDirection_offset4_SD
	0.7485
	1.2334
	0.6069
	0.5439
	-1.6689
	3.1659

	Correlation_angle0_offset7
	-0.0652
	0.1697
	-0.3843
	0.7007
	-0.3979
	0.2674

	HaralickCorrelation_AllDirection_offset4_SD
	0.1471
	0.2769
	0.5313
	0.5952
	-0.3956
	0.6898

	HaralickCorrelation_angle45_offset7
	0.4274
	0.2667
	1.6024
	0.1091
	-0.0954
	0.9501

	Inertia_AllDirection_offset1_SD
	0.2288
	0.7096
	0.3224
	0.7472
	-1.1620
	1.6195

	Inertia_AllDirection_offset7_SD
	0.3895
	0.5508
	0.7072
	0.4794
	-0.6900
	1.4690

	GreyLevelNonuniformity_AllDirection_offset7_SD
	0.1931
	0.2732
	0.7070
	0.4796
	-0.3423
	0.7285

	HighGreyLevelRunEmphasis_AllDirection_offset7_SD
	0.1643
	0.2619
	0.6272
	0.5305
	-0.3491
	0.6777

	LongRunEmphasis_AllDirection_offset4_SD
	0.6279
	0.2204
	2.8483
	0.0044
	0.1958
	1.0599

	LongRunLowGreyLevelEmphasis_angle90_offset1
	-0.0833
	0.1779
	-0.4683
	0.6396
	-0.4320
	0.2654

	ShortRunEmphasis_angle90_offset1
	0.1663
	0.2095
	0.7937
	0.4274
	-0.2444
	0.5770

	ShortRunHighGreyLevelEmphasis_AllDirection_offset4_SD
	-0.1541
	0.1683
	-0.9153
	0.3601
	-0.4840
	0.1759

	ShortRunHighGreyLevelEmphasis_AllDirection_offset7_SD
	-0.0570
	0.2214
	-0.2575
	0.7968
	-0.4909
	0.3769

	SurfaceVolumeRatio
	-0.1860
	0.2223
	-0.8367
	0.4028
	-0.6217
	0.2497

	HighIntensitySmallAreaEmphasis
	-0.1099
	0.1816
	-0.6052
	0.5451
	-0.4657
	0.2460

	IntensityVariability
	0.2813
	0.2489
	1.1304
	0.2583
	-0.2064
	0.7691

	LowIntensityLargeAreaEmphasis
	-0.1612
	0.1770
	-0.9110
	0.3623
	-0.5081
	0.1856

	4kurtosis
	-0.2881
	0.1847
	-1.5597
	0.1188
	-0.6502
	0.0739

	4ClusterProminence_AllDirection_offset4_SD
	-0.6209
	1.0186
	-0.6096
	0.5421
	-2.6174
	1.3755

	4ClusterProminence_angle0_offset4
	0.0366
	0.1950
	0.1877
	0.8511
	-0.3455
	0.4187

	4ClusterShade_AllDirection_offset7_SD
	60.8137
	107.8874
	0.5637
	0.5730
	-150.6418
	272.2691

	4Correlation_angle45_offset7
	0.2057
	0.2057
	1.0000
	0.3173
	-0.1974
	0.6088

	4Correlation_angle90_offset7
	-0.0648
	0.2000
	-0.3240
	0.7460
	-0.4568
	0.3272

	4GLCMEnergy_angle0_offset7
	0.4437
	0.2409
	1.8419
	0.0655
	-0.0284
	0.9159

	4GLCMEnergy_angle135_offset7
	0.6666
	0.2785
	2.3936
	0.0167
	0.1208
	1.2125

	4GLCMEntropy_AllDirection_offset1_SD
	0.1712
	0.2162
	0.7919
	0.4284
	-0.2525
	0.5949

	4GLCMEntropy_AllDirection_offset4_SD
	-0.6799
	0.1940
	-3.5043
	0.0005
	-1.0601
	-0.2996

	4HaralickCorrelation_AllDirection_offset4_SD
	-0.0704
	0.1801
	-0.3912
	0.6957
	-0.4234
	0.2825

	4HaralickCorrelation_angle135_offset4
	0.1078
	0.2571
	0.4193
	0.6750
	-0.3961
	0.6116

	4HaralickCorrelation_angle45_offset7
	-0.1562
	0.1968
	-0.7936
	0.4274
	-0.5419
	0.2295

	4GreyLevelNonuniformity_AllDirection_offset1_SD
	-0.2480
	0.2382
	-1.0410
	0.2979
	-0.7148
	0.2189

	4GreyLevelNonuniformity_AllDirection_offset7_SD
	-0.2497
	0.2194
	-1.1380
	0.2551
	-0.6797
	0.1803

	4HighGreyLevelRunEmphasis_AllDirection_offset1_SD
	-0.1482
	0.1844
	-0.8037
	0.4216
	-0.5096
	0.2132

	4LongRunEmphasis_AllDirection_offset1_SD
	-0.4638
	0.2315
	-2.0038
	0.0451
	-0.9175
	-0.0101

	4LongRunEmphasis_angle0_offset4
	-0.1883
	0.2135
	-0.8819
	0.3778
	-0.6068
	0.2302

	4LongRunEmphasis_angle90_offset1
	0.0990
	0.2073
	0.4776
	0.6329
	-0.3073
	0.5054

	4LongRunEmphasis_angle90_offset4
	-0.0346
	0.2133
	-0.1624
	0.8710
	-0.4526
	0.3833

	4LongRunHighGreyLevelEmphasis_AllDirection_offset4_SD
	-0.2988
	0.1783
	-1.6763
	0.0937
	-0.6482
	0.0506

	4LongRunHighGreyLevelEmphasis_angle90_offset7
	-0.2858
	0.2890
	-0.9887
	0.3228
	-0.8522
	0.2807

	4LongRunLowGreyLevelEmphasis_angle0_offset1
	-0.0465
	0.1924
	-0.2416
	0.8091
	-0.4235
	0.3306

	4LongRunLowGreyLevelEmphasis_angle90_offset1
	0.0833
	0.2225
	0.3746
	0.7079
	-0.3527
	0.5194

	4ShortRunEmphasis_AllDirection_offset7
	-0.1836
	0.3053
	-0.6014
	0.5476
	-0.7819
	0.4147

	4ShortRunEmphasis_angle0_offset7
	0.0734
	0.2678
	0.2741
	0.7840
	-0.4515
	0.5984

	4ShortRunEmphasis_angle135_offset7
	-0.5064
	0.2439
	-2.0759
	0.0379
	-0.9844
	-0.0283

	4ShortRunHighGreyLevelEmphasis_AllDirection_offset7_SD
	0.2690
	0.2464
	1.0915
	0.2751
	-0.2140
	0.7520

	4ShortRunHighGreyLevelEmphasis_angle45_offset1
	-0.3278
	0.2313
	-1.4172
	0.1564
	-0.7811
	0.1255

	4SurfaceVolumeRatio
	-0.1659
	0.2163
	-0.7669
	0.4431
	-0.5898
	0.2581

	4SmallAreaEmphasis
	0.1061
	0.1930
	0.5495
	0.5827
	-0.2723
	0.4844

	4ZonePercentage
	0.2282
	0.2137
	1.0679
	0.2856
	-0.1907
	0.6471


The AUCs of the training set and validation set of M-LR:
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Figure S1. The AUC of the training set of M-LR was 0.817 (95%CI, 0.772-0.856). And the AUC of the validation set of M-LR was 0.726 (95%CI, 0.648-0.796).

Part 6. The performance of radiomics-clinicopathological nomogram
  The AUC of radiomics-clinicopathological nomogram in the training set was 0.843 (95%CI, 0.800-0.880) and in the validation set was 0.737 (95%CI, 0.659-0.805). The calibration curve of radiomics-clinicopathological nomogram demonstrated a good agreement with the ideal curve in both the training set and validation set. 
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Figure S2. The calibration curve of radiomics-clinicopathological nomogram. 
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Figure S3. The AUC curve of radiomics-clinicopathological nomogram. 
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