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Abstract 

Background Tumor deposits (TDs) are associated with poor prognosis in rectal cancer (RC). This study aims 
to develop and validate a deep learning (DL) model incorporating T2-MR image and clinical factors for the preopera-
tive prediction of TDs in RC patients.

Methods and methods A total of 327 RC patients with pathologically confirmed TDs status from January 2016 to Decem-
ber 2019 were retrospectively recruited, and the T2-MR images and clinical variables were collected. Patients were randomly 
split into a development dataset (n = 246) and an independent testing dataset (n = 81). A single-channel DL model, a multi-
channel DL model, a hybrid DL model, and a clinical model were constructed. The performance of these predictive models 
was assessed by using receiver operating characteristics (ROC) analysis and decision curve analysis (DCA).

Results The areas under the curves (AUCs) of the clinical, single-DL, multi-DL, and hybrid-DL models were 0.734 (95% 
CI, 0.674–0.788), 0.710 (95% CI, 0.649–0.766), 0.767 (95% CI, 0.710–0.819), and 0.857 (95% CI, 0.807–0.898) in the devel-
opment dataset. The AUC of the hybrid-DL model was significantly higher than the single-DL and multi-DL models 
(both p < 0.001) in the development dataset, and the single-DL model (p = 0.028) in the testing dataset. Decision curve 
analysis demonstrated the hybrid-DL model had higher net benefit than other models across the majority range 
of threshold probabilities.

Conclusions The proposed hybrid-DL model achieved good predictive efficacy and could be used to predict tumor 
deposits in rectal cancer.

Critical relevance statement The proposed hybrid-DL model achieved good predictive efficacy and could be used 
to predict tumor deposits in rectal cancer.

Key points 

• Preoperative non-invasive identification of TDs is of great clinical significance.

• The combined hybrid-DL model achieved good predictive efficacy and could be used to predict tumor deposits 
in rectal cancer.

• A preoperative nomogram provides gastroenterologist with an accurate and effective tool.
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Graphical Abstract

Introduction
As one of the most prevalent malignancies worldwide, 
colorectal cancer (CRC) is the leading cause of cancer-
related death and a serious threat to people’s health and 
life quality [1]. According to the research results of Inter-
national Agency for Research on Cancer(IARC), by 2040, 
the burden of colorectal cancer will increase to 3.2 million 
new cases per year (an increase of 63%) and 1.6 million 
deaths per year (an increase of 73%), increasing incidence 
rates are observed in younger adults and in countries that 
are undergoing economic transition [2]. Tumor deposits 
(TDs) are defined as discrete tumor foci located in the 
pericolonic or perirectal fat without histological evidence 
of residual lymph nodes or identifiable vascular or neu-
ral structures [3]. TDs are an independent risk factor for 
the prognosis of rectal cancel [4]. Tumors with positive 
TDs showed more aggressive biological behavior and 
are prone to local recurrence and distant metastases [5]. 
Patients with positive TDs show worse overall survival 
(OS) and disease-free survival (DFS) than patients with 
negative TDs [6]. TDs can ascend the N staging of tumor 
and are associated with patients’ treatment protocols, 
according to the 8th Tumor Node Metastasis (TNM) 
staging system of American Joint Committee on Cancer 
(AJCC), e.g., for any T stage patients, if TDs are positive, 

the patient will be classified as the stage of N1c and will 
be recommended for preoperative or postoperative neo-
adjuvant chemoradiotherapy (nCRT) instead of single 
surgical treatment, according to European Society of 
Medical Oncology (ESMO) consensus guidelines recom-
mendation that nCRt is required in high-risk groups [7], 
and recent researches indeed demonstrated that patients 
with positive TD status and those who have undergone 
nCRT have a better survival outcome than those who 
have not undergone nCRT [8]. To sum up, the preopera-
tive non-invasive identification of TDs is of great clinical 
significance, which plays a critical role in stage evaluation 
and treatment planning. However, the diagnosis of TDs 
primarily relies on postoperative pathological assess-
ment, a method characterized by its inherent delay and 
invasiveness. The pursuit of non-invasive, precise, accu-
rate preoperative diagnostic approaches is the focal point 
of our efforts.

The T2-weighted magnetic resonance imaging (T2WI-
MRI) is the first-choice imaging modality for local staging 
in RC patients and can be used to evaluate the risk factors 
of rectal cancer, such as circumferential resection mar-
gin (CRM) status and the extramural vascular invasion 
(EMVI) [9], e.g., Yang et  al. [10]. developed two nomo-
grams through the integration of clinical risk factors, 
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high-resolution magnetic resonance imaging (HRMRI) 
findings, and the research results demonstrated that the 
nomograms based on HRMRI and radiomics exhibited 
good predictive performance, with AUC values of 0.90 
(95% confidence interval [CI] = 0.83–0.96) for LNM and 
0.80 (95% CI = 0.69–0.92) for TDs, respectively. And 
Atre [11] undertook a retrospective analysis of the MRI 
imaging performance in 40 patients with pathologically 
confirmed TDs and malignant lymph nodes, and the 
research findings demonstrated that the morphology of 
lesions observed on MR imaging can serve as a valuable 
predictive factor for distinguishing TDs from positive 
lymph nodes (LNs) in patients with rectal cancer. Fur-
thermore, when morphology information was combined 
with the MR texture parameter of skewness, diagnostic 
accuracy was significantly enhanced. However, the radi-
omics features defined by manually outlining the target 
region are pre-defined and highly dependent on the accu-
rate segmentation of regions of interest (ROI); the inter-
observer variability might challenge the reliability of the 
result [12]. In addition, the stability of texture features 
varies among different image acquisition and preprocess-
ing, which could also limit its practical application [13].

In recent years, deep learning (DL), especially the con-
volutional neural network (CNN), has provided a new 
approach to medical image analysis and raised much 
attention in clinical practice. Compared with conven-
tional machine learning, deep learning can automatically 
extract features from an image without the necessity of 
feature predefinition and is suitable for mining the most 
relevant feature representations [14–17]. TDs are scat-
tered and distributed within the peritumoral adipose 
tissue, and our analysis focuses on the adipose tissue sur-
rounding the tumor, for which deep learning methods are 
well-suited for the study of the imaging area. Moreover, 
there were researches about the application of DL mod-
els on MR imaging in predicting microsatellite instability 
and nCRT outcome [18, 19]; whether the DL algorithms 
could help to characterize the TDs status in RC patients 
has not been reported yet. So this study aims to construct 
a DL model incorporating both T2-MR images and clini-
cal risk factors and assess its diagnostic accuracy for pre-
dicting TDs in RC patients.

Methods
Patient enrollment and study design
The study was conducted in accordance with the Dec-
laration of Helsinki (as revised in 2013). This study was 
approved by the Biomedical Research Ethics Committee 
of Qujing First People’s Hospital of Kunming Medical 
University (202201), and the requirement for informed 
consent was waived.

Rectal cancer patients from January 2016 to December 
2019 who underwent MR examination were retrospec-
tively collected. The inclusion criteria were as follows: (1) 
patients who were pathologically diagnosed with rectal 
adenocarcinoma and (2) patients who underwent MR 
examination 1 week before surgery. The exclusion criteria 
were as follows: (1) MR images with motion artifact or 
metal artifact, (2) patients with other malignant tumors 
at the same time, (3) lack of pre-operative laboratory test 
results, (4) tumor deposits status was not tested. Finally, 
a total of 137 RC patients with TDs and 190 RC patients 
without TDs were enrolled in this study.

A pseudorandom number generator was applied to 
give a random number between 0 and 1 for each patient, 
and the patients with a random number less than 0.25 
were selected as the testing dataset while the rest were 
used as the development dataset. Finally, the patients 
were divided into a development dataset (143 non-TDs 
and 103 TDs) and an independent testing set (47 non-
TDs and 34 TDs). The predictive models were trained 
only in the development dataset, and the independent 
dataset was used as a held-out dataset for evaluating the 
model performance. The flowchart of patient enrollment 
is shown in Fig. 1.

MRI examination protocol
All patients underwent MR examinations with 3.0-Tesla 
(T) scanners (MAGENTOM Skyra, Siemens Healthcare 
Sector, Germany; SIGNA Architect, GE Medical System, 
America; Ingenia Elition X, Philips, the Netherlands). 
Patients underwent some special bowel preparations 
before the MRI examination, including consuming liquid 
food on the day before the examination, and were admin-
istered a routine cleansing enema to ensure that the rec-
tum was clear and empty 3 to 4 h before the examination. 
The main MR serial name was fast spin-echo no fat sup-
pression T2-weighted imaging (FSE-T2WI). The parame-
ters were set up as follows: repetition/echo time (TR/TE), 
6890/100 ms; slice thickness, 3 mm; field of view (FOV), 
220 × 220 mm; echo train length, 25; number of averages, 
3; pacing between slices, 3.9  mm; flip angle, 150°; voxel 
size, 0.7 mm × 0.7 mm × 4.0 mm.

MR image evaluation
Two professional radiologists (with 10 and 15  years 
of experience in RC diagnoses), who were blinded to 
patients’ information, reviewed the MR images. Lesions 
classified as T1 (the submucosa of the rectum was 
invaded) and T2 (the muscularis propria of the rec-
tum was invaded) stages on MR images were integrated 
to form the MRI T1–2 cohorts, according to AJCC 8th 
edition of the TNM staging system. Nodules larger than 
3 mm in diameter were considered positive lymph nodes 
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on MR images. Apparent diffusion coefficient (ADC) 
value was measured with ADC mapping. CRM was con-
sidered positive if the distance between the mesorectal 
fascia and the outermost edge of the tumor was less than 
1 mm. EMVI was considered positive if dense blood ves-
sels were present around the tumor or vascular emptying 
signals were absent. The tumor location was measured 
based on the distance between the anal verge and lower 
pole of the tumor (bottom, ≤ 5  cm; middle, 5–10  cm; 

top, ≥ 10  cm). Differences of opinion were resolved 
through consultation during the image review. The base-
line features of MR images of study patients are shown in 
Table 1.

Pathological diagnosis of tumor deposits
Pathological reports recording pathological informa-
tion of patients enrolled in this study were searched and 
downloaded from the Department of Pathology, West 

Fig. 1 Flowchart of patient enrollment and study design

Table 1 Comparison of patients’ characteristics in the development and testing datasets

Abbreviations: CRM circumferential resection margin, EMVI extramural vascular invasion; CEA ( +), > 5 ng/m; CA19-9 ( +), > 35 u/ml; CA125 ( +), > 35 u/ml

Clinical variables Development dataset Independent testing dataset

Non-TDs (n = 143) TDs (n = 103) p-value Non-TDs (n = 47) TDs (n = 34) p-value

Gender (female/male) 95/48 61/42 0.247 34/13 26/8 0.676

Age (mean ± SD) 57.6 ± 12.6 57.2 ± 12.3 0.798 59.0 ± 10.8 58.6 ± 12.3 0.906

MR T-stage (T1–2/T3/T4) 26/112/5 10/83/10 0.034 5/42/0 4/29/1 0.486

MR N-stage (N0/N1/N2) 75/53/15 14/60/29  < 0.001 26/18/3 5/18/11  < 0.001

MR M-stage (M0/M1) 137/6 99/4 0.903 47/0 33/1 0.237

Lesion location (bottom/mid/top/
bottom-mid/mid-top/all)

2/13/59/14/53/2 25/16/17/19/23/3  < 0.001 2/5/18/2/20/0 3/4/11/12/4/0 0.001

Morphologic type (mass/infiltrate) 24/119 34/69 0.003 8/39 16/18 0.004

CRM (− / +) 72/71 60/43 0.220 23/24 27/7 0.005

EMVI(− / +) 139/4 73/30  < 0.001 46/1 22/12  < 0.001

ADC value (mean ± SD) 0.914 ± 0.181 0.915 ± 0.136 0.961 0.905 ± 0.114 0.924 ± 0.135 0.493

CEA (− / +) 92/51 56/47 0.115 26/21 16/18 0.463

CA19-9 (− / +) 119/24 70/33 0.005 40/7 23/11 0.062

CA125 (− / +) 139/4 101/2 0.668 45/2 30/4 0.203
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Chinese Hospital. The TD status (positive or negative) 
was described in the pathology reports, according to the 
standard of the AJCC 8th edition of the TNM staging 
system.

Lesion segmentation
Two types of lesions (the tumor regions and the peri-
tumoral regions) were manually annotated by two radi-
ologists with 10 and 15  years of diagnostic experience 
on the MR images. Both the tumor regions and the peri-
tumoral regions were manually labeled within the bor-
der of the ROI by using the ITK-SNAP software (v3.8.0, 
http:// www. itksn ap. org).

The peri-tumoral regions refer to the mesorectal fat 
surrounding the tumor, which fills the area between the 
tumor’s edge and the mesorectal fascia. As recent stud-
ies [20, 21] had reported that peritumoral mesorectal 
fat played an important role in understanding the tumor 
microenvironment, predicting tumor recurrence, and 
assessing the aggressiveness and heterogeneity of rec-
tal cancer, so we included peritumoral adipose tissue in 
analysis. We map the entire area between the tumor mar-
gin and the rectal fascia, instead of defining a 1- or 5-mm 
distance around the tumor, as the precise definition of a 
1- or 5-mm distance was difficult and would increase the 
workload. An example of the manually segmented tumor 
region and corresponding peri-tumoral region is shown 
in Supplementary Fig. 1.

Both radiologists were blinded to the pathological 
reports. After the completion of the three-dimensional 
segmentation, 20 patients were randomly selected for 
evaluating feature stability. For the intra-class correlation 
analysis, radiologist A (with 10-year experience) drew 
ROI of those patients once again (1  month apart). For 
the inter-class correlation analysis, the correlation coef-
ficient was calculated by comparing ROIs of radiologist 
A (first time) and radiologist B (with 15-year experience). 
The features with intra and inter-class correlation coeffi-
cient (ICC) ≤ 0.75 were excluded, according to commonly 
admitted rule that ICC > 0.75 = good or excellent reliabil-
ity, < 0.5 = poor reliability, and 0.5–0.75 = moderate reli-
ability [22].

Data pretreatment
The clinical variables were recorded in relation to the TD 
diagnosis as follows:

(1) age, an actual variable; (2) gender, a dichotomous 
variable (female = 0, male = 1); (3) MR T stage, a polyto-
mous variable (T1/T2 = 0, T3 = 1, T4 = 2); (4) MR N stage, 
a polytomous variable (N0 = 0, N1 = 1, N2 = 2); (5) MR M 
stage, a dichotomous variable (M0 = 0, M1 = 1); (6) lesion 
location, a polytomous variable (bottom = 0, middle = 1, 
top = 2, bottom/middle = 3, middle/top = 4, bottom/

middle/top = 5); (7) tumor type, a dichotomous variable 
(mass = 0, infiltrative = 1); (8) CRM a dichotomous vari-
able (negative = 0, positive = 1); (9) EMVI a dichotomous 
variable (negative = 0, positive = 1); (10) ADC value, an 
actual variable; (11) serum carcinoembryonic antigen 
(CEA) level, a dichotomous variable {negative = 0, posi-
tive = 1(> 5 ng/ml)}; (12) serum CA19-9 level, a dichoto-
mous variable {negative = 0, positive = 1(> 35 u/ml)}; (13) 
serum carbohydrate antigen (CA)125 level, a dichoto-
mous variable {negative = 0, positive = 1(> 35 u/ml)}.

Intensity normalization was first applied on the T2WI 
images to rescale the intensities to 0.255, and then 
the manually labeled ROIs on MR images were trans-
formed and defined as follows before model develop-
ment: (1) a three-dimensional (3D) patch containing the 
cropped ROI, which the size was determined on the larg-
est ROI (64pixel × 64pixel × 10pixel for tumor regions, 
128pixel × 128pixel × 10pixel for peri-tumoral regions); 
(2) manually labeled pixel-wise ROI masks, in which 
non-lesion areas were padded with zero; (3) the label of 
tumor deposits which was pathologically identified.

In order to avoid overfitting, data augmentation was 
applied during the training process of the deep learning 
models [23]. Flipping (at the x and y axis), random bright-
ness contrast adjustment (80%, 90%, 110%, and 120%), 
and random rotation (90, 180, and 270° at the z axis) were 
performed. Finally, the sample size was increased to 2460 
in the development dataset for the construction of the 
deep learning models.

Development of the clinical model
To select the tumor deposits associated with clinical 
variables, both univariate regression analysis and multi-
variate regression analysis were carried out in the devel-
opment dataset. The back stepwise selection was applied 
in multivariate regression analysis and only the clinical 
factors with a p-value less than 0.05 were selected for 
model development. A clinical model was constructed 
based on the selected clinical variables by applying logis-
tic regression with the scikit-learn toolkit [24]. Liblinear 
was used as the default solver and an L2 regularization 
of C = 1 was also applied. The tolerance was set to 0.0001, 
other parameters were set by default.

Design of the DL models
Based on whether integrating the peri-tumoral ROI 
images or clinical variables, three deep learning models 
were developed for our purpose: a single-channel deep 
learning (single-DL) model using only the tumor ROI as 
input, a multi-channel deep learning (multi-DL) model 
using both the tumor ROI image and peri-tumoral ROI 
image as input, and a hybrid deep learning (hybrid-
DL) model that incorporating both tumor ROI and 

http://www.itksnap.org
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peri-tumoral ROI images as well as the selected clinical 
variables. For the single-DL model, ResNet50 was used 
as the backbone of the neural network for the extrac-
tion of high-dimension features from the tumor ROI 
images. The extracted image features were converted 
into a 1280-bit vector followed by a soft-max regression 
for the binary classification of TDs or non-TDs. For the 
multi-DL model, two ResNet50-based networks with 
fully connected layers were used for extracting high-
dimension features from the ROIs containing tumor and 
peri-tumoral regions, respectively. These features were 
converted into 1280-bit vectors and further concatenated 
to 2560-bit vectors, and then the probability of TDs was 
predicted by the soft-max layer. The conceptual architec-
ture of our single-DL and multi-DL models is shown in 
Supplementary Fig. 2.

For the hybrid-DL model, the selected clinical vari-
ables of each patient were first transformed into a 512-bit 
vector by using a fully connected layer and were concat-
enated with the transformed vectors from the tumor ROI 
as well as the peri-tumoral ROI. Finally, the concatenated 
3072-bit vector integrating both MR image and clinical 
variables was used for assessing the probability of TDs in 
each patient (Fig. 2).

Training of the DL models
To improve the adversarial robustness and transferabil-
ity of the DL models, the transfer learning method was 

applied in this study. The neural networks were pre-
trained on the natural images from the ImageNet data-
set and the medical images of multiple dataset from The 
Cancer Imaging Archive (TCIA) database [25, 26].

The weighted-balanced binary cross-entropy loss func-
tion was used to penalize errors of the majority class and 
value the minority class more positively, as class weights 
were inversely proportional to their frequency in the 
training data. The Mini-Batch Gradient Descent (MBGD) 
algorithm with a learning rate of 1e − 4 was used to opti-
mize the parameters of the model and contribute to 
speeding up the convergence rate. The minibatch size 
and the dropout rate were set to 16 and 0.6, respectively. 
The other parameters were set as default. The training 
process was stopped when the loss in the validation set 
became stable, and the average number of epochs for the 
DL models varied from 60 to 80. The development of the 
proposed deep learning models was performed on the 
InferScholar platform (InferVision, China).

Calibration and decision curve analysis
The calibration curve analysis was applied for the evalu-
ation of consistency between the predicted TD prob-
ability and the actual observed rate, and the calibration 
curve was plotted by using 1000 bootstrapping resamples 
method. In addition, the goodness-of-fit of the predictive 
models was assessed with the Hosmer–Lemeshow test 
in the independent testing dataset [27]. Decision curve 

Fig. 2 Conceptual architecture of the hybrid-DL model
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analysis (DCA) was also used to evaluate and compare 
the clinical usefulness of different models by calculating 
the net benefit across the reasonable range of threshold 
probabilities [28].

Model interpretability
As the deep learning was “black-box” models, the Gra-
dient-weighted Class Activation Mapping (Grad-CAM) 
approach was applied to better comprehend the DL 
models by highlighting the critical response areas on the 
T2WI images for the deep learning algorithms in predict-
ing TDs [29]. For the single-DL and multi-DL models, the 
saliency maps were generated by applying Grad-CAM on 
the last convolutional layer of the deep learning models. 
In addition, beside the saliency map of the T2WI images, 
the relative weights of the selected clinical variables 
for each patient were also presented for the hybrid-DL 
model.

Statistical analysis
All statistical analyses were performed with the MedCalc 
software (version 20.0) and the SPSS software (version 
23.0). The continuous and the categorical variables were 
compared by the Mann–Whitney U test and the chi-
square test, respectively. The discriminative capability of 
the predictive models was evaluated through the ROC 
analysis by assessing the AUC, and the sensitivity, speci-
ficity, positive predictive value (PPV), and negative pre-
dictive value (NPV) of each model were also calculated 
according to the optimal threshold which was deter-
mined by the maximum Youden index. The Delong’s test 
was used to compare the difference between two AUCs 
[30]. The calibration curve and the decision curve were 

generated with R language (version 3.6.4) by using the 
“rms” package and the “rmda” package, respectively. A 
two-sided p < 0.05 was considered statistically significant.

Results
Patient characteristics
The TD patients showed an improved MR N-stage, 
increased mass type and EMVI prevalence, and higher 
serum CA19-9 level than the non-TD patients in both 
development and independent testing datasets. There 
was no significant difference in the prevalence of TDs 
(p = 0.987) between the development dataset (42%, 
103/246) and the independent testing dataset (42%, 
34/81), as summarized in Table 1. There was no signifi-
cant difference in gender, age, MR M stage, ADC value, 
serum CEA level, and serum CA125 level between the 
TD patients and non-TD patients in both development 
and independent testing datasets.

Selection of the clinical variables
The clinical variables were analyzed before model devel-
opment. After multivariate regression analysis, only the 
MR N-stage, EMVI, tumor location, CRM, and serum 
CA19-9 level showed a p-value less than 0.05 and were 
selected for model development (Table 2).

Model performance comparison
Based on the manually segmented tumor ROI, peri-
tumoral ROI, and selected clinical variables, the clinical 
model, single-DL model, multi-DL model, and hybrid DL 
model were constructed in the development dataset and 
evaluated in the independent testing dataset.

Table 2 Univariate and multivariate regression analysis of the clinical variables in the development dataset

CRM circumferential resection margin, EMVI extramural vascular invasion, ADC apparent diffusion coefficient

Clinical variables Univariate regression analysis Multivariate regression analysis

Odds ratio 95% CI P Odds ratio 95% CI P

Gender 1.363 0.807–2.302 0.247

Age 0.997 0.975–1.019 0.797

MR T-stage 2.172 1.177–4.006 0.013 1.497 0.687–3.261 0.310

MR N-stage 3.428 2.255–5.211  < 0.001 3.549 2.153–5.852  < 0.001

MR M-stage 0.923 0.254–3.356 0.903

EMVI 14.281 4.845–42.098  < 0.001 11.456 3.366–38.984  < 0.001

Tumor location 0.687 0.565–0.835  < 0.001 0.661 0.516–0.846 0.001

CRM 0.727 0.436–1.211 0.041 0.404 0.198–0.825 0.013

Morphologic type 0.409 0.224–0.746 0.004 0.707 0.335–1.493 0.363

ADC value 1.049 0.157–7.021 0.960

Serum CEA level 1.514 0.903–2.539 0.116

Serum CA125 level 0.6881 0.124–3.830 0.670

Serum CA19-9 level 2.3375 1.279–4.272 0.006 2.356 1.139–4.874 0.021
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The diagnostic performance of these predictive models 
was compared through ROC analysis (Fig. 3). The clinical 
model showed AUCs of 0.734 (95% CI, 0.674–0.788) and 
0.726 (95% CI, 0.615–0.819) in the development and the 
independent testing datasets, respectively. The single-DL 
model based on tumor ROI images had achieved AUCs 
of 0.710 (95% CI, 0.649–0.766) and 0.676 (95% CI, 0.563–
0.776) in the development and the independent testing 
datasets, respectively. After incorporating peri-tumoral 
ROI images, the AUCs of the multi-DL model were 
improved to 0.767 (95% CI, 0.710–0.819) in the develop-
ment dataset (p < 0.001) and 0.738 (95% CI, 0.628–0.829) 
in the independent testing dataset (p = 0.348). The results 
indicate that the peri-tumoral ROI could benefit TD 
diagnosis.

The hybrid-DL model showed favorable discrimination 
capability in the development dataset, with AUCs yield-
ing 0.857 (95% CI, 0.807–0.898), and outperformed the 
clinical model (p = 0.068), single-DL model (p < 0.001), 
and multi-DL model (p < 0.001). Similar results were 
obtained in the independent testing dataset, although 
not statistically significant, the hybrid-DL model had 

achieved higher AUC (0.839 [95% CI, 0.741–0.911]) than 
that of the clinical model (p = 0.123), single-DL model 
(p = 0.028), and multi-DL model (p = 0.066). The sensitiv-
ity, specificity, PPV, and NPV of each model in the devel-
opment and independent testing datasets are listed in 
Table 3.

Clinical utility of the predictive models
All the predictive models showed good consistency 
between the actual observed rate and the predicted TD 
probability (Fig. 4). The Hosmer–Lemeshow test showed 
that the non-significant statistic was 0.919, 0.163, 0.941, 
and 0.092 for the clinical model, single-DL model, multi-
DL model, and hybrid-DL model, respectively, which 
indicated no significant deviation of the models from an 
ideal fitting.

The DCA in the independent testing dataset demon-
strated that the hybrid-DL model had higher net ben-
efit than the other three models across almost the entire 
range of the threshold probabilities, which suggested that 
the hybrid-DL model was superior to other models in 
terms of clinical usefulness (Fig. 5).

Fig. 3 ROC analysis of the predictive models in the development (a) and testing (b) datasets

Table 3 Performance comparison of the predictive models in the development and testing datasets

Dataset Model AUC (95% CI) p-value threshold Sensitivity Specificity PPV NPV

Development Clinical 0.734 (0.674–0.788) 0.068  > 0.4487 52% 90% 79% 73%

Single-DL 0.710 (0.649–0.766)  < 0.001  > 0.5433 56% 73% 60% 70%

Multi-DL 0.767 (0.710–0.819)  < 0.001  > 0.4651 57% 82% 69% 73%

Hybrid-DL 0.857 (0.807–0.898) -  > 0.3086 85% 76% 72% 87%

Testing Clinical 0.726 (0.615–0.819) 0.123  > 0.4280 56% 79% 66% 71%

Single-DL 0.676 (0.563–0.776) 0.028  > 0.7583 65% 70% 61% 73%

Multi-DL 0.738 (0.628–0.829) 0.066  > 0.4690 56% 83% 70% 72%

Hybrid-DL 0.839 (0.741–0.911) -  > 0.2210 77% 85% 79% 83%
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Fig. 4 Calibration analysis of the clinical model (a), single-DL model (b), multi-DL model (c), and hybrid-DL model (d) in the testing dataset

Fig. 5 Decision curve analysis of the predictive models in the testing dataset
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Interpretation of the DL models
The saliency maps of two representative cases are pre-
sented in Fig. 6. The distribution of the highlighted atten-
tional regions was consistent with the manually labeled 
ROIs, and both tumor and peri-tumoral regions could 
contribute to TDs diagnosis in the multi-DL model and 
hybrid-DL model. In addition, the relative weights of 
the selected clinical variables changed among patients, 
indicating the personalized diagnosis mechanism of the 
Hybrid-DL model.

Discussion
In the present study, we developed three DL models and a 
clinical model to predict TDs in RC patients. In the inde-
pendent testing dataset, the hybrid DL model showed 
superior diagnostic capability compared to other models 
(AUC = 0.839; sensitivity = 77%; specificity = 85%). To our 
knowledge, this is the first study assessing the feasibil-
ity of DL on MR imaging to predict TDs in RC patients 
preoperatively.

As an important prognostic factor in RC, the presence 
of TDs is associated with perineural, lymphatic, or vas-
cular invasion [31]. More importantly, TDs are correlated 
with the N stage of the tumor and have implications for 
the selection of treatment strategies, e.g., Nagtegaal et al. 
[32] demonstrated that patients with TDs had the worst 
outcome whether there were LNMs or not. Goldstein 
et  al. also reported that the patients with TDs always 
demonstrated a worse survival when their numbers of 
metastatic LNs differed [33]. However, a major obstacle 
to TD classification is that no reliable diagnostic method 
of TDs on the traditional imaging by gross eye has been 

established [34]. Hence, an objective and accurate assess-
ment method for predicting TDs in RC patients before 
surgery is urgently required and of great clinical signifi-
cance. If we can predict the presence of TDs preopera-
tively, we can avoid overestimating patients’ prognoses 
and refraining from forgoing nCRT, which has the poten-
tial to significantly enhance patient outcomes, and 
improve patients’ survival rates. Although identification 
of TDs in RC patients through radiomics analysis on MR, 
CT, and US images had been reported in previous litera-
ture [35, 36], radiomic feature quantification was sensitive 
to acquisition modes and matrix sizes, and the delineation 
of tumor volumes was also crucial for the assessment of 
radiomics features [37]. On the other hand, many radiom-
ics features were found to be unstable between two scans 
acquired within weeks or even 15 min of each other [38]. 
As a special type of artificial neural network, deep learn-
ing can automatically extract high-level features directly 
from images and has achieved impressive success in 
medical analysis for its image-based pattern recognition 
[39]. Compared with previous radiomics analysis, several 
advantages of the DL model in this study could be high-
lighted. First, our study has enrolled more patients than 
previous studies (327 vs 40 ~ 254) and the larger sample 
size could lead to lower bias and better model reliabil-
ity, which is confirmed by the similar performance of the 
hybrid-DL model between development and independ-
ent testing datasets. Second, more risk factors including 
clinical characteristics, MR findings, and serum biomark-
ers were used in our study, which could provide more 
valuable information and improve model performance. 
Third, our DL models are trained end-to-end supervised 

Fig. 6 Saliency map analysis of the single-DL, multi-DL, and hybrid-DL models. a The saliency maps of a 67-year-old male patient with TDs. b The 
saliency maps of a 70-year-old female patient without TDs
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method, avoiding the limitation of pre-defined hand-
crafted radiomics features [40].

Interestingly, in this study, we found that the incorpo-
ration of peri-tumoral fat regions could benefit DL-based 
TD diagnosis, as the multi-DL model achieved higher 
AUC than that of the single-DL model in both develop-
ment and independent testing datasets. The potential 
mechanisms may be that TDs via neurotrophic extravas-
cular migratory and perineural invasion, which could 
lead to radiographic changes around the tumor regions 
[41, 42], so the analysis of peritumoral adipose tissue 
could contribute to the detection of TDs. Previous stud-
ies [20, 21] had reported that peritumoral mesorectal fat 
played an important role in understanding the tumor 
microenvironment, predicting tumor recurrence, assess-
ing the aggressiveness and heterogeneity of rectal cancer, 
and our finding was consistent with previous studies.

It should be noted that there were several limitations in 
this study. Firstly, as a single-center retrospective analysis, only 
RC patients confirmed by surgical pathology were enrolled in 
this study, and selection bias might be unavoidable, and the 
generalizability of our findings to a broader patient popu-
lation may be compromised. To address this limitation, a 
multicenter study with more enrolled patients should be 
conducted to enhance the robustness and external valid-
ity of our conclusions. Secondly, the DL model was built on 
T2-weighted MR images. Multi-MR sequences included in 
the building of the model may potentially improve the reli-
ability and applicability of the model to other different image 
datasets. Therefore, model incorporating other MR sequences 
such as diffusion-weighted imaging need to be investigated in 
the future. Third, the inability to automatically delineate the 
target region and issues may weaken the reproducibility of the 
model, and a method that can automatically delineate the 
target region and issues needs to be used in the future.

Conclusions
The presence of tumor deposits has been found to be 
associated with both the tumor stage and the treatment 
strategy in patients with rectal cancer. The non-invasive 
identification of TDs holds significant clinical implica-
tions. In this study, we developed four distinct models, 
comparing their diagnostic performance with the aim 
of furnishing a valuable predictive tool for TD status. 
Furthermore, our investigation revealed that the model 
utilizing deep learning techniques exhibited superior 
performance compared to either a single radiomics or 
clinical model. Specifically, hybrid DL model integrat-
ing T2-MR images and clinical risk factors demonstrated 
robust predictive capabilities and holds promise as an 
asset in predicting TDs in rectal cancer cases, and the 
application of deep learning methodologies in clinical 
settings exhibits promising prospects.
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