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Abstract
Objective: To predict the status of microsatellite instability (MSI) of rectal carcinoma (RC) using different
machine learning algorithms based on tumoral and peritumoral radiomics combined with
clinicopathological characteristics.

Methods: There were 487 RC patients enrolled in this retrospective study. The tumoral and peritumoral CT-
based radiomic features were calculated after tumor segmentation. The radiomic features from two
radiologists were compared by the method of inter-observer correlation coe�cient (ICC). After methods of
variance, correlation, and dimension reduction, six machine learning algorithms of logistic regression
(LR), Bayes, support vector machine, random forest, k-nearest neighbor, and decision tree were conducted
to develop models in predicting MSI status of RC. The relative standard deviation (RSD) was quanti�ed.
The radiomics and signi�cant clinicopathological variables were integrated the radiomics-
clinicopathological nomogram. The receiver operator curve (ROC) was made by Delong test and the area
under curve (AUC) with 95% con�dence interval (95%CI) was calculated to evaluate the performance of
the model.

Results: The venous phase of CT examination was selected for further analysis because of the proportion
of radiomic features with ICC greater than 0.75 was higher. The tumoral and peritumoral model by LR
algorithm (M-LR) with minimal RSD showed good performance in predicting MSI status of RC with the
AUCs of 0.817 and 0.726 in the training and validation set. The radiomic-clinicopathological nomogram
conducted better in both the training and validation set with the AUCs of 0.843 and 0.737.

Conclusion: The radiomics-clinicopathological nomogram demonstrated the better predictive
performance in evaluating the MSI status of RC. 

Background
Rectal carcinoma (RC) is the third most frequent malignancy worldwide with signi�cant difference
between clinical characteristics, prognosis, and individual treatment response[1]. Preoperative
chemotherapy is the recommended therapy for patients with resectable advanced RC with the
advantages of down-staging, enhancing the rate of curative surgeries and permitting sphincter
preservation in patients with low-lying tumors[2]. Microsatellite instability (MSI) is an important biomarker
to predict the response of chemotherapy and clinical outcomes of RC, which is always tested by
immunohistochemistry displaying loss of one or more mismatch repair (MMR) proteins[3]. Whereas,
tumors with intact MMR proteins were collectively referred as microsatellite stability (MSS) status[4].
Patients with MSI status obtained no bene�t from adjuvant treatment with 5-�uorouracil and had better
prognosis than patients with MSS[5]. Therefore it is important to develop a noninvasive and reproducible
approach to identify the MSI status of rectal carcinoma[6].
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Radiomics is considered as a high throughput method to convert the conventional medical images into
quantitative radiomics features[7], and is gaining increasing attention in cancer-related research[8].
Previous publication using the CT-based radiomics method reported that radiomics features combined
clinical features helped to evaluated the MSI status of colorectal carcinoma[9]. As the clinical-radiomics
nomogram illustrated that radiomics features, tumor location, age, high-density lipoprotein expression,
and platelet counts showed good performance in assessing MSI status of colorectal cancer[10].

To best of our knowledge, there was no tumoral and peritumoral radiomics based machine learning study
in predicting MSI status of RC patients. In this article, we developed a machine learning model with
tumoral and peritumoral CT radiomics features to identify MSI status of RC.

Materials And Methods

Patients enrollment
This study was conducted with the permission of the institutional review board of our hospital (No.
2021QT339). The individual informed consent was waived for this retrospective study. Between January
2017 and January 2021, there were 497 patients whom were pathologically con�rmed as RC were
enrolled. The patients who underwent preoperative CT examinations within two weeks before surgeries,
were con�rmed as the type of classical adenocarcinoma of RC, didn’t received preoperative
chemotherapy or chemoradiotherapy, were not accompanied with other cancer, and were taken MSI
testing were chosen. The �ow-chat of patients enrollment was listed in Fig. 1. Finally, 497 RC patients
including 96 patients with MSI status and 401 patients with MSS status were retrospectively selected in
this study.

CT examination
All the patients underwent triphasic CT examinations on a 64 slices (127 patients) or 128 slices (370
patients) CT scanner (Somaton De�nition AS, Siemens, Germany) including unenhanced phase, arterial
phase, and venous phase. The triphasic CT scanning was conducted after injecting a does of 1.3 mL/Kg
contrast media (iomeperol 350) at a a rate of 3.0 mL/s. Then the arterial phase and venous phase were
scanned after 15 seconds and 30 seconds of unenhanced phase. The uniform parameters were as
follows: tube voltage 120 Kv, tube current 200mA, �eld of view 360mm, rotation time 0.75s, collimation
64*0.625mm, interval thickness 5mm.

Evaluation the clinicopathological characteristics and MSI
status
The clinicopathological characteristics of RC patients comprised age, gender, CT-displayed diameter,
location, carcinoembryonic antigen (CEA), carbohydrate 19 − 9 (CA19-9), lymph node metastasis ratio
(LNR, LNR = positive lymph node count/lymph node count*100%), perineural invasion (PNI), extramural
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venous invasion (EMVI), the history of smoking, drinking, diabetes, and hypertension. The tumor location
was divided into low-lying which referred to the lesion located within 5cm from anal margin, middle-lying
which referred to the lesion located between 5cm to 10cm from anal margin, and high-lying which
referred to the lesion located more than 10cm from anal margin. And the tumor located in the
rectosigmoid junction was classi�ed as high-lying RC. The threshold values of CEA and CA19-9 were 5.0
ng/mL and 37.0 U/mL. When the tumor histopathologically invaded the surrounding tissues including
perineural structure[11] and extramural venous[12] was de�ned as PNI and EMVI. The MSI status was
assessed by the method of immunohistochemistry to test MMR proteins including MLH1, MSH2, MSH6,
and PMS2. Then the RC patients were divided into MSI and MSS group based on whether they were
de�cient in one or more MMR proteins.

Tumor segmentation and radiomic features selection
The process of tumor segmentation was divided into three steps: (1) before tumor segmentation, the
DICOM images were reconstructed into the voxel of 1.0 in X/Y/Z axes and the gray scale into 1 to 32 in
A.K. software (Arti�cial Intelligence Kit, GE Healthcare) for standardization, automatically. (2) the tumoral
volume of interest (VOI-t) was depicted in itk-SNAP software (Version 3.4.0. https://www.itksnap.org/) by
two radiologists with about 10 years of diagnostic experience, manually (Fig. 2a). (3) the peritumoral VOI
(VOI-pt) was acquired after expanding 5mm from the VOI-t in A.K. software, automatically (Fig. 2b). The
regions of intraluminal air, peritumoral structures including bone, bowl, prostate, and uterus were
eliminated from the contours of VOI-pt.

The selection of radiomic features was divided into four steps: (1) after the segmentation of VOI-t and
VOI-pt, the radiomics features were calculated in A.K. software, automatically. (2) the radiomic features
from two radiologists were compared by the method of inter-observer correlation coe�cient (ICC). And
ICC greater than 0.75 is considered to be of good reliability and accuracy. So the phase with more
radiomic features with ICC greater than 0.75 was chosen for analyze. (3) the cohort was randomly
assigned into the training set and validation set with a proportion of 7:3. (4) the dimension reduction of
radiomic features was performed by the method of pre-processing, variance, correlation analysis, and
least absolute shrinkage and selection operator (LASSO). Speci�c information was reported in
Supplementary Materials.

Radiomics-based machine learning
After the selection of radiomic features, six machine learning algorithms including logistic regression
(LR), Bayes, support vector machine (SVM), random forest (RF), k-nearest neighbor (KNN), and decision
tree (DT) were conducted to construct radiomics models. The 100 Bootstrap replication and its relative
standard deviation (RSD) was taken to quantify the stability of six algorithms. The equation of RSD was:
(the standard deviation of the 100 AUC values of each machine learning algorithm)/(the corresponding
mean value of the 100 AUC values)*100%[13]. The lower the RSD value, the higher the stability of the
algorithm. Therefore the algorithm with minimal RSD value was selected for further analysis. Finally, the
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radiomics score (Rad-score) was calculated to quantify the radiomics-based machine learning algorithm
in predicting the MSI status of RC.

Integration of radiomics and clinicopathological
characteristics analysis
The method of multivariate logistic regression of backward stepwise selection was used to analyze the
integration of radiomic features and signi�cant clinicopathological characteristic, and the integrative
model was built. The receiver operator curve (ROC) was made by Delong test and the area under curve
(AUC) with 95% con�dence interval (95%CI) was calculated to evaluate the performance of the model.
The Hosmer-Lemeshow test was taken to evaluate the goodness-of-�t and accuracy of the model.

Statistical analysis
All statistical analysis for the radiomic features selection and machine learning algorithm were performed
in R software (Version 3.5.1, https://www.r-project.org/) and Python (Version 3.5.6,
https://www.python.org/). The methods to analyze the clinicopathological characteristics including
independent t-test and Pearson chi-square test were implemented in SPSS software (Version 22,
https://spss-64bits.en.softonic.com/). The Delong test and ROC were carried out in MedCalc software
(Version 18.2, https://www.medcalc.org/). A two-tailed p value < 0.05 indicated statistical signi�cance.

Results

General clinicopathological characteristics
The clinicopathological characteristics of gender, age, CT-displayed diameter, location, CA19-9, PNI, EMVI,
history of smoking, drinking, diabetes, and hypertension were not statistically different (p = 0.054–0.768).
While, statistical difference was noted in clinicopathological variables of CEA (p = 0.007), LNR (p = 0.003),
and history of drinking (p = 0.016). The speci�c data of clinicopathological characteristics was shown in
Table 1. 

 



Page 6/17

Table 1
The characteristics of RC patients with MSI and MSS status.

  MSI status (n = 96) MSS status (n = 401) p value

Age (years, SD) 64.23 (10.82) 63.30 (11.24) 0.464

Gender (female, %) 32 (33.33%) 149 (37.16%) 0.484

CT-displayed diameter (mm, SD) 3.80 (1.50) 3.75 (1.46) 0.768

Location     0.675

Low-lying (n, %) 22 (22.92%) 91 (22.69%)  

Middle-lying (n, %) 41 (42.71%) 154 (38.40%)  

High-lying (n, %) 33 (34.38%) 156 (38.90%)  

CEA (ng/mL) 4.35 (4.82) 15.27 (79.33) 0.007*

CA19−9 (U/mL) 50.17 (242.60) 32.60 (120.22) 0.492

Smoking (n, %) 27 (28.13%) 77 (19.20%) 0.054

Drinking (n, %) 23 (23.96%) 56 (13.97%) 0.016*

Diabetes (n, %) 10 (10.42%) 49 (12.22%) 0.624

Hypertension (n, %) 41 (42.71%) 136 (33.92%) 0.106

LNR (mean, SD) 4.42 (9.59) 8.29 (16.11) 0.003*

PNI (n, %) 28 (29.17%) 110 (27.43%) 0.733

EMVI (n, %) 39 (40.63%) 174 (43.39%) 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.

Radiomics and machine learning analysis
After the method of ICC between radiomic features from two radiologists, there were 72.3% radiomic
features with ICC greater than 0.75 in venous phase compared with 60.1% in unenhanced phase and
69.4% in arterial phase. Therefore we chosen the venous phase and the mean values of radiomic features
from two radiologists were calculated for further analysis. The cohort of 497 RC patients were separated
into the training set (67 MSI and 281 MSS) and validation set (29 MSI and 120 MSS) with a proportion of
7:3.
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Of the 792 tumor and peritumoral radiomic features, 51 radiomic features including 19 tumoral and 32
peritumoral radiomic features were selected after methods of dimension reduction. The LASSO path plot
in the training set was illustrated in Fig. 3. These features were listed in the Supplementary Materials.
After the method of 100 Bootstrap replication, the RSD of six machine learning algorithm was quanti�ed.
The RSD value (mean ± SD) of LR (3.05%, 0.820 ± 0.025) was the minimum compared with that of Bayes
(3.10%, 0.773 ± 0.024), SVM (27.95%, 0.755 ± 0.211), RF (7.26%, 0.895 ± 0.065), KNN (4.68%, 0.727 ± 
0.034), and DT (8.20%, 0.610 ± 0.050). Hence, we selected the machine learning algorithm of LR to
construct tumoral and peritumoral radiomics model (M-LR). The AUCs of M-LR in the training set and
validation set (Fig. 4a,b) were 0.817 (95%CI, 0.772–0.856) and 0.726 (95%CI, 0.648–0.796). The equation
of M-LR and speci�c information was listed in Supplementary Material and the Rad-score was calculated.

Performance of radiomics-clinicopathological nomogram
The signi�cant clinicopathological characteristics of CEA (p = 0.007), LNR (p = 0.003), and drinking
history (p = 0.016) combined with Rad-score developed a visual nomogram to evaluated the MSI status of
RC patients (Fig. 5).The calibration curves of this integrative model demonstrated a good agreement with
the ideal curve in both the training set and the validation set which were illustrated in Supplementary
Material. The non-signi�cant Hosmer-Lemeshow test (X2 = 6.178, df = 8, p = 0.627) indicated the
goodness-of-�t of the radiomics-clinicopathological model in evaluate the MSI status of RC patients.
Moreover, this integrative model perform better with the AUC of 0.843 (95%CI, 0.800–0.880) in the
training set and with the AUC of 0.737 (95%CI, 0.659–0.805) in the validation set (Fig. 4a,b).

Discussion
We selected the venous phase of CT examination for analysis after comparing the ratio of ICC greater
than 0.75 of radiomic features from two radiologists in three phases (72.3% of venous phase vs. 60.1%
of unenhanced phase and 69.4% of arterial phase). Existing research has suggested that the venous
phase was superior compared with arterial phase for lymph node assessment and the arterial phase was
better for local tumor staging[14]. We chose the venous phase to analyze the MSI status of RC patients.
According the guidelines of National Comprehensive Cancer Network, patients with MSI status have a
better prognosis and obtain no bene�t from 5-FU-based adjuvant chemotherapy in stage II colorectal
carcinoma[15]. Therefore, it is signi�cant to noninvasively and preoperatively predict the MSI status of RC
patients. Recent developments in the �eld of radiomics have reported that combining radiomics with
clinical factors could achieve a better predictive performance in predicting MSI status of patients with
stage II colorectal carcinoma[16]. While ,to best of our knowledge, there was no research focused on the
tumoral and peritumoral radiomics to evaluate the MSI status of RC patients.

We conducted tumoral and peritumoral CT-based radiomics analysis and developed six machine learning
algorithms to predict the MSI status of RC patients. We taken the indicator of RSD of 100 Bootstrap
replication to assess the different performance of algorithms. The lower the RSD value of the algorithm
was, the more stable its performance is. So we selected the algorithm of LR (RSD: 3.05%) to construct a
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integrative model of tumoral and peritumoral radiomics to assess the MSI status of RC patients
compared with the algorithms of Bayes (RSD: 3.10%), SVM (RSD: 27.95%), RF (RSD: 7.26%), KNN (RSD:
4.68%), and DT (RSD: 8.20%). After the dimension reduction of radiomic features, there were 51 radiomic
features remained to construct the M-LR. The AUCs of M-LR were 0.817 (95%CI, 0.772–0.856) in the
training set and 0.726 (95%CI, 0.648–0.796). The MRI-based radiomics and machine learning showed
that the Bayes-based radiomics signature performed better compared with other LR-based, SVM-based,
KNN-based, and RF-based radiomics signature to predict the extramural venous invasion in RC
patients[17]. The deep learning based on high-resolution T2-weighted magnetic resonance images showed
a good predictive performance for MSI status in RC patients[18]. The multivariate analysis of previous
study to predict the treatment response of RC patients found that RF and KNN achieved the highest AUC
among pre-treatment and post-treatment features[19]. In our study, the algorithm of LR with the minimal
RSD showed the best performance in predict the MSI status of RC patients.

Previous study indicated that colorectal carcinoma with MSI status have distinct clinicopathological and
pathological characteristics compared with these with MSS status, including proximal colon
predominance, poor differentiation, and abundant tumor in�ltrating lymphocytes[20]. Therefore, we
integrated the 51 selected radiomic features and signi�cant clinicopathological variables of CEA, LNR,
and drinking to construct a visual nomogram in predicting the MSI status of RC patients. The
preoperative prediction of MSI status via CT-based radiomics adds speci�city to clinical assessment and
could contribute to personalized therapy[9]. The radiomics nomogram incorporating radiomics signatures
and clinical indicators of tumor location, patient age, high-density lipoprotein expression, and platelet
counts could potentially be used to facilitate the individualized prediction of MSI status in patients with
colorectal carcinoma[10]. To best of our knowledge, there was no machine learning research incorporating
CT-based radiomics and clinicopathological variables to predict the MSI status of RC. Our integrated
radiomics-clinicopathological nomogram showed a better performance with AUCs of 0.843 (95%CI,
0.800–0.880) in the training set and 0.737 (95%CI, 0.659–0.805) in the validation set than the simple M-
LR.

Conclusion
The present research explored, for the �rst time, the effects of CT-based tumoral and peritumoral
radiomics with the machine learning algorithm of LR could help predict the MSI status of RC patients.
Moreover, the visual radiomics-clinicopathological nomogram incorporating radiomics and signi�cant
clinicopathological variables of CEA, LNR, and drinking performed better prediction of MSI status of RC
patients .

Abbreviations
Rectal carcinoma: RC

Microsatellite instability: MSI
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Mismatch repair: MMR

Microsatellite stable status: MSS

Carcinoembryonic antigen: CEA

Carbohydrate antigen 19-9: CA19-9

Lymph node metastasis ratio: LNR

Perineural invasion: PNI

Extramural venous invasion: EMVI

tumoral volume of interest: VOI-t

Peritumoral volume of interest: VOI-pt

Intraclass correlation coe�cient: ICC

least absolute shrinkage and selection operator: LASSO

logistic regression: LR

Support vector machine: SVM

Random forest: RF

k-nearest neighbor: KNN

Decision tree: DT

Relative standard deviation: RSD

The area under curve: AUC

Receiver operator curve: ROC

95% con�dence interval: 95%CI

Radiomics model of logistic regression: M-LR
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Figure 1

The �ow-chat of patient selection.
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Figure 2

The VOI-t was manually depicted in the itk-SNAP software (2a). The VOI-pt was delineated after
expanding 5mm from the margin of tumor, automatically (2b).

Figure 3
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The LASSO path plot of the M-LR in the training set. After the dimension reduction method of LASSO,
there were 51 radiomic features left. 

Figure 4

The comparison of AUCs in M-LR and radiomics-clinicopathological nomogram in the training set and
validation set. The AUCs of radiomics-clinicopathological were higher in the training and validation set
than those of M-LR. 
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Figure 5

The radiomics-clinicopathological nomogram including Rad-score and signi�cant clinicopathological
characteristics of CEA, LNR, and drinking history. 

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.



Page 17/17

SupplementMaterial.doc

https://assets.researchsquare.com/files/rs-1305223/v1/f0d277f73ee83826b68da5b3.doc

