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Abstract
BACKGROUND
Colorectal cancer (CRC) is a leading cause of cancer-related death globally, with the tumor immune microenvironment (TIME) influencing prognosis and immunotherapy response. Current TIME evaluation relies on invasive biopsies, limiting its clinical application. This study hypothesized that computed tomography (CT)-based deep learning (DL) radiomics models can non-invasively predict key TIME biomarkers: Tumor-stroma ratio (TSR), tumor-infiltrating lymphocytes (TILs), and immune score (IS).

AIM
To develop a non-invasive DL approach using preoperative CT radiomics to evaluate TIME components in CRC patients.

METHODS
In this retrospective study, preoperative CT images of 315 pathologically confirmed CRC patients (220 in training cohort and 95 in validation cohort) were analyzed. Manually delineated regions of interest were used to extract DL features. Predictive models (DenseNet-121/169) for TSR, TILs, IS, and TIME classification were constructed. Performance was evaluated via receiver operating characteristic curves, calibration curves, and decision curve analysis (DCA).

RESULTS
The DL-DenseNet-169 model achieved area under the curve (AUC) values of 0.892 [95% confidence interval (CI): 0.828-0.957] for TSR and 0.772 (95%CI: 0.674-0.870) for TIME score. The DenseNet-121 model yielded AUC values of 0.851 (95%CI: 0.768-0.933) for TILs and 0.852 (95%CI: 0.775-0.928) for IS. Calibration curves demonstrated strong prediction-observation agreement, and DCA confirmed clinical utility across threshold probabilities (P < 0.05 for all models).

CONCLUSION
CT-based DL radiomics provides a reliable non-invasive method for preoperative TIME evaluation, enabling personalized immunotherapy strategies in CRC management.
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Core Tip: This study introduces a novel computed tomography (CT)-based deep learning (DL) radiomics approach for noninvasive assessment of the tumor immune microenvironment (TIME) in colorectal cancer. By analyzing preoperative CT images of 315 patients, DL models achieved high predictive accuracy (area under the curves: 0.851-0.892) for key TIME features: Tumor-stroma ratio, lymphocyte infiltration, and immune scoring. Clinical validation through calibration and decision curve analyses confirmed the utility of this approach in guiding immunotherapy strategies. This method eliminates invasive biopsy requirements while enabling personalized treatment planning and enhanced prognostic evaluation. The findings establish DL radiomics as a paradigm-shifting tool for precision oncology in gastrointestinal malignancies.

INTRODUCTION
Colorectal cancer (CRC) is one of the main causes of mortality and morbidity among cancers worldwide[1]. It is anticipated that by 2040, there will be 3.2 million new cases of CRC and 1.6 million deaths due to CRC[2]. The tumor immune microenvironment (TIME) has been identified as a significant factor influencing the development and progression of CRC. The use of immunotherapy such as immune checkpoint inhibitor (ICI) therapy, has considerably transformed cancer treatment in recent decades[3,4]. ICI therapy has received approval for treating patients with CRC exhibiting molecular characteristics relating to DNA mismatch repair deficiency (dMMR)/high microsatellite instability (MSI-H). However, it is crucial to acknowledge that the dMMR/MSI-H CRC subgroup accounts for only 15% of all CRC patients; as such, the majority of CRC patients do not derive therapeutic advantages from ICI treatment[5]. Patients exhibit varying sensitivity to ICIs, which significantly limits their clinical application in CRC. Thus, identifying biomarkers that can accurately separate ICI-sensitive patients from those resistant to the drug is essential.
Recent studies have added more clarity on the impact of cells and molecules in the tumor stroma on tumor infiltration and metastasis through comprehensive investigations of tumor microenvironment (TME) markers[6,7]. The tumor-stroma ratio (TSR) is a significant morphological parameter and has been extensively validated as an independent prognostic factor for various solid tumors in numerous clinical studies[7,8]. A high abundance of tumor-stroma content (TSR > 50%) has been linked to adverse outcomes in relation to patient survival and prognosis[9,10]. Tumor-infiltrating lymphocytes (TILs) are crucial indicators of prognosis in CRC patients. The effectiveness of ICIs relies on the tumor-limiting actions of TILs[11]. Increased TIL levels are strongly associated with treatment outcomes[12,13]. The presence of immune cells, particularly the ratio of cluster of differentiation (CD) 8+ and CD3+ T cells, in the TIME can serve as a prognostic marker for the efficacy of immunotherapy[14]. Studies have proposed the immune score (IS) as a tool for predicting recurrence and survival in CRC patients. It quantifies TIME features such as cell densities and locations. The IS outperforms TNM staging and MSI status in predicting patient survival and recurrence. Large-sample research also shows its ability to predict adjuvant chemotherapy efficacy in CRC[15,16]. Currently, the assessment of key biomarkers remains highly reliant on pathological techniques. The invasiveness of pathological testing, coupled with limitations and biases in obtaining tumor specimens, hinders the widespread application of TIME analysis and prognostic assessment. Hence, it is imperative to develop innovative non-invasive assessment methods to deepen our understanding of the TIME and accurately predict cancer prognosis.
Medical imaging provides detailed information on the overall structure of the tumor, including its microscopic variations and the functionality of the surrounding TME[17]. The application of radiomics in quantitative analysis of imaging data provides a more comprehensive representation of tumors[18,19]. Consequently, a significant amount of research has focused on transforming specific regions of interest (ROIs) within images into quantitative radiomics features. These features are usually obtained through a high-throughput extraction process of information from the imaging data, and can be combined with the clinicopathological characteristics of the patient[20,21]. Subsequently, machine learning (ML) algorithms are employed to build a model using this amalgamated dataset.
Since its inception in 2012[22], radiomics has been widely applied in CRC research and has proven to be a promising tool that provides a risk-free and efficient method for diagnosis, classification, and prognostic prediction[23]. In the diagnostic research of CRC, Yang et al[24] used a CT radiomics model to predict RAS and BRAF mutation phenotypes[24]. Ma et al[25] developed and validated a DL model for assessing tumor differentiation and lymph node metastases. Prognostic models are being developed continuously. In a study involving 766 CRC patients, Li et al[26] proposed that ML can help predict lymph node metastasis[26]. Based on magnetic resonance imaging (MRI) images, Shu et al[27] proposed an ML radiomics model that combined clinical risk factors and least absolute shrinkage and selection operator features, and demonstrated good predictive performance: Area under the curve (AUC) = 0.921[27]. Accurately predicting the efficacy of non-surgical treatment for CRC patients is also a hot topic in current ML model training. Giannini et al[28] proposed that second-order texture features (five from positron emission tomography and one from MRI) could help distinguish responding and non-responding patients: Sensitivity = 86%; Specificity = 83%; AUC = 0.860[28]. Regarding tumor response to anti-epidermal growth factor receptor therapy, Dercle et al[29] established a relatively reliable ML model for predicting the response to targeted therapy based on 667 cases of CT imaging data. In summary, radiomics can play a key role in CRC examination, serving as an additional tool in clinical settings to help clinicians identify patients with high-risk disease.
Based on the aforementioned research context, we have developed and validated a DL model that integrated CT images and histopathological images to predict immune-related indicators such as TSR, TILs, and IS in CRC patients.

MATERIALS AND METHODS
[bookmark: OLE_LINK56]Study design
The overall process of this study involves the integration of CT imaging and pathological data of CRC patients using DL to develop and validate a predictive model for the immune microenvironment of CRC patients (Figure 1).
This study was reviewed and approved by the Ethics Committee of Gansu Provincial Hospital Institutional Review Board (No. 2023-604), with the requirement for informed consent being exempted. Prior to conducting the analysis, the patients’ records were anonymized and de-identified.

Patients
A total of 315 patients were successfully recruited between January 2021 and September 2023. The recruitment process is shown in Figure 2. The recruited patients were randomly allocated to either a training cohort (n = 220) or a validation cohort (n = 95). The ratio of participants in the training cohort to the validation cohort was 7:3.

Pathology
TSR measurements: Two pathologists, employing a blinded approach, identified the region of the tumor with the highest level of infiltration, using the method used to determine the T-stage. Subsequently, sequential 5-μm sections were prepared and stained using conventional hematoxylin-eosin staining. When observing at a lower magnification, it is crucial to identify the segment with the highest concentration of stroma content. It is also crucial to identify the specific area within that segment that has the highest stroma concentration. Accordingly, TSR evaluation was conducted when tumor cells were observed across the entire field of view. The TSR was calculated as (stromal area/total area) × 100%, ranging from 10% to 90% in 10% increments. Additionally, the TSR was computed for three selected areas within the field of view, and the maximum value was finally selected. The high TSR group (Figure 3A) was defined as having a TSR greater than 50%, while the low TSR group (Figure 3B) had a TSR less than or equal to 50%.

TIL infiltration determination: The pathological sections were analyzed under a microscope in the area with the most noticeable tumor infiltration, and the TILs were classified into four grades according to the level of infiltration, with grade 0 representing no lymphocyte reaction, grade 1 indicating the presence of a few scattered lymphocytes, grade 2 signifying a moderate lymphocyte reaction or infiltration of lymphocytes, and grade 3 denoting a significant infiltration of lymphocytes that disrupts the continuity of the tumor cells. Utilizing infiltration status as the basis, the cases were then divided into two groups: Low TILs group (including cases graded as 0-1, as shown in Figure 3C) and high TILs group (consisting of cases graded as 2-3, as shown in Figure 3D).

Immunohistochemistry staining and IS calculation: Immunohistochemistry was used to identify CD3+ and CD8+ T cells[30,31]. Paraffin sections obtained from surgical tissue specimens were subjected to the Envision two-step staining procedure. The central area (CA) and invasive margin (IM) of the tumor were examined at a low magnification (× 100) using an Olympus optical microscope. Two independent observers then selected eight representative fields of CA and IM, four each, which were photographed at high magnification (× 200). The captured images were subsequently utilized to quantify the quantity of immune cells that exhibited positive staining for CD3 and CD8 (Figure 3E-H). The IS was determined based on previous studies[32,33]. The IS of each patient was aggregated by summing four binary scores (ranging from 0 to 4). A high IS was defined as an IS of > 2, while a low IS was defined as an IS of ≤ 2.

Assessment of TIME: Using the divided data obtained through the mentioned methodology, we included the patients’ TSR, TILs, and IS within a standardized assessment range of 0-3. More precisely, elevated levels of TSR, TILs, and IS were assigned a score of 3, while lower levels were given a score of 0. Consequently, a low TIME was indicated by scores of 0 or 1, while scores of 2 or 3 indicated a high TIME. By utilizing this approach, the patient’s TIME was approximated.

Radiomics
CT image acquisition and segmentation: Before the surgical procedure, all CRC patients were subjected to CT scanning; the specific CT parameters used are provided in the Supplementary material. In this study, plain CT images with a layer thickness of 5 mm were selected to delineate the ROI. Initially, the images of each patient were saved in Digital Imaging and Communications in Medicine format. To ensure the consistency of the image data, we performed normalization on all CT images. Two proficient radiologists delineated the ROI using ITK-SNAP software (version 3.6.0) employing a double-blind approach. Upon completion, the original and ROI images were stored in the nii.gz format. After completing the segmentation process, the crop tool was used to extract the largest ROI cross-section of the tumor. The designated section was stored in the png format, specifically earmarked for the training phase of the DL model. To ensure the consistency of the delineations made by the two radiologists (inter-observer variability), we used PyRadiomics (http://www.radiomics.io/pyradiomics.html) to extract the same radiomic features based on the ROIs delineated by the two physicians for statistical analysis. The results showed no statistically significant difference between the two sets of features (P < 0.05).

Deep learning model construction: A cohort of 315 CRC patients who met the inclusion criteria were randomly divided into two groups: A training set (n = 220) and a test set (n = 95), with a 7:3 ratio. The models selected for model pre-training included ResNet-34, ResNet-50, ResNet-101, ResNet-152, DenseNet-121, DenseNet-169, and DenseNet-201. The backbone employed for pre-training was the ImageNet dataset, which was initially trained and is accessible at http://www.image-net.org. The number of epochs was set to 100 and the batch size was set to 32. Normalization was performed using ‘imagenet’, and the initial learning rate was set to 0.01. To improve the transparency of the model’s decision-making, we employed the Gradient Weighted Class Activation Mapping (Grad-CAM) method to visualize and analyze the model. This method leverages the gradient data derived from the final convolutional layer of a convolutional neural network (CNN) to create a class activation map via weighted integration. The class activation map effectively pinpoints significant regions within the target image, thus aiding in a deeper comprehension of the model’s decision-making process.

Model evaluation: To evaluate the models’ predictive accuracy, receiver operating characteristic (ROC) curves were generated for each one, and the AUC values were calculated. Additionally, we utilized decision curve analysis (DCA) curves and calibration curves to assess the joint model’s net clinical benefit and goodness of fit.

Statistical analysis
The data underwent statistical evaluation utilizing Statistical Package for Social Sciences version 30.0.0 (https://www.ibm.com/products/spss-statistics) alongside R statistical software (version 4.2.2 R, https://www.r-project.org/). The Kolmogorov-Smirnov test was employed to verify the normality of the data. Data that adhered to a normal distribution are expressed as the mean ± SD, whereas those that did not fit a normal distribution are indicated by the median along with the upper and lower quartiles. To compare the data, an independent samples t-test was used for data with a normal distribution and equal variance, while a Mann-Whitney U test was utilized for those with skewed distributions or unequal variance. Multivariate logistic regression analysis was used to identify independent predictors to assist in the development of the prediction model and the creation of the nomogram. Furthermore, the AUC was calculated to evaluate the model's capability to differentiate between various classes. A DCA curve was generated to assess and compare the clinical usefulness of the model. A P value of less than 0.05 indicated a statistically significant difference.

RESULTS
Patient characteristics
A total of 315 patients were included in the current study. The statistical analysis indicated that there were no significant differences in the clinical characteristics between the training and validation groups (Table 1).

DL model construction
Two-dimensional ROIs with the largest cross-sectional areas were chosen, and different deep learning models were utilized for both pre-training and external validation. The assessment of these models showed that DenseNet-121 and DenseNet-169 demonstrated the best overall performance in the external validation dataset, as reflected by the minimum loss value.  Furthermore, the illustrated graph demonstrates that both models exhibited minimal fluctuations. These findings indicate that DensNet-169 exhibits a reduced propensity for training errors and achieves quicker convergence in comparison to other CNN models (Figure 4). The ROIs in CT images, specifically the areas of focus for CNN, are visualized in Figure 5 using Grad-CAM. As observed from the findings presented in Figure 5, compared to other models, DenseNet169 demonstrated a stronger ability to focus on the most critical regions within the tumor.

Performance evaluation and comparison of the models
ROC curve: The predictive performance of the models was assessed using ROC analysis. The DenseNet-169 model was chosen as the expected TSR DL model, with an AUC value of 0.939 [95% confidence interval (CI): 0.908-0.970] for the training set and 0.892 (95%CI: 0.828-0.957) for the validation set (Figure 6A). The TILs prediction model, which employed DenseNet-121, achieved an AUC of 0.86 (95%CI: 0.815-0.911) for the training set and an AUC of 0.851 (95%CI: 0.76-0.933) for the validation set, as shown in Figure 6B. Similarly, DenseNet-121 was identified as the best model for predicting high and low IS scores, exhibiting AUC values of 0.885 (95%CI: 0.842-0.928) for the training set and 0.852 (95%CI: 0.775-0.928) for the validation set (Figure 6C). DenseNet-169 was identified as the best model for predicting high and low TIME scores, exhibiting AUC values of 0.780 (95%CI: 0.718-0.841) for the training set and 0.772 (95%CI: 0.674-0.870) for the validation set (Figure 6D). The specific performance of each model is shown in Table 2. In addition, Figure 7 (violin plot) displays the projected probability distributions in the four models, emphasizing the significant difference between the high score group and the low score group. This observation highlights the effectiveness of the predictive model in accurately classifying and detecting variations in the immune microenvironment within CT images with enhanced precision.

DCA and calibration curves: Upon analyzing the DCA curves, it was evident that all four models demonstrated a positive clinical utility. The calibration curves demonstrated a robust correlation among all four models, indicating their ability to accurately predict labeling (Figures 8 and 9).

DISCUSSION
[bookmark: OLE_LINK7]The present study suggests that radiomics features extracted from CT images may potentially contribute to predicting the immune microenvironment of CRC patients prior to surgery, although further validation is required to confirm the robustness of this approach. To the best of our knowledge, this is the first radiomics study to include TSR, TILs, and IS in order to predict the preoperative TIME in CRC.
Previous research has shown that radiomics is capable of predicting various key factors during the preoperative period, thus enhancing the assessment and outcomes of immunotherapy for patients. In this regard, Cai et al[34] used MRI-derived radiomic features to evaluate the tumor response (TSR) in rectal cancer prior to surgery. Their results indicate that the radiomics features surpassed the apparent diffusion coefficient in terms of accurately differentiating the TSR in rectal cancer. Similarly, Meng et al[35] employed an XGBoost classifier that combined CT and MRI radiomics to forecast the TSR and improve patient risk classification in cases of pancreatic ductal adenocarcinoma. Notably, our study achieved an AUC of 0.892 for the TSR model, suggesting that our findings align with earlier investigations.
In addition, Li et al[36] utilized a preoperative T2-weighted MRI radiomics model to effectively predict the survival outcomes of glioma patients, as well as assess the extent of macrophage infiltration before surgery. Sun et al[37] developed a radiomics signature consisting of eight variables to identify CD8+ T cells, which was subsequently validated against the gene expression signature of CD8+ T cells in the Cancer Genome Atlas dataset, resulting in an AUC value of 0.67. This marker showcased its capacity to differentiate between inflammatory and immune wild-type tumors in groups of individuals with presumed immunophenotypes. In addition, three radiomics features were selected in the study of breast cancer to construct a prognostic radiomics model for TILs[38]. In contrast to analogous research endeavors, our developed model exhibited notably enhanced efficacy within the validation dataset, evidenced by an AUC metric of 0.790. It is our conviction that leveraging a DL framework, specifically employing the DesenNet-121 algorithm, has the potential to markedly augment the prognostic accuracy concerning TILs. Consequently, this advancement suggests that in forthcoming clinical practices, medical professionals could ascertain insights into the TME immune cell infiltration profiles of CRC patients prior to surgical intervention.
In addition to the above, Xue et al[31] developed a model to predict IS in CRC patients using multimodal MRI and applying an MR-radiomics methodology. Herein, Spearman correlation analysis, as well as the Gradient Boosting Decision Tree algorithm, was used to determine the most influential features, resulting in an AUC value of 0.768. This study also utilized CT, a widely accessible and cost-effective imaging modality that accommodates a wide range of subjects. Accordingly, the DL model was utilized to enable the accurate prediction of IS. Notably, the AUC of 0.851 in the validation set exceeded the findings of previous studies. The integration of the aforementioned crucial immune indicators in a simultaneous manner resulted in a favorable model efficacy, as demonstrated by an AUC value of 0.772. Based on this finding, we proposed a hypothesis regarding the possibility of combining the three immunological indicators to gain a more comprehensive understanding of DesenNet-169. The corresponding findings offered a more thorough representation of the TIME in patients with CRC. The model’s performance was confirmed by the satisfactory results obtained from the DCA and calibration curves. These findings are highly significant for clinicians, as they can assist in the preoperative evaluation and the development of immunotherapy strategies. However, characterizing the biological aspects of the TME cannot be sufficiently achieved by relying on a single or limited set of immune microenvironment indicators. Therefore, in order to reflect the situation of the TME as comprehensively as possible, the development and validation of integrated models that incorporate more effective indicators are urgently needed[39]. In this study, we chose Densnet-121 and Densnet-169 as the models based on their AUC values in the validation set and the closeness of the AUC values between the training and validation sets. However, this approach may have certain limitations, such as the observation that the accuracy in the validation set was higher than that in the training set (Table 2). This may be due to the data split between the training and validation sets, where the distribution of a few outlier samples could affect the model’s parameter performance in the training set. Future studies could involve multiple data splits or 10-fold cross-validation to enhance the scientific and objective nature of the model and address this issue.
The extraction of radiomic features inherently exhibits sensitivity to specific instrument parameters[40]. Essentially, the selection of CT machines and imaging techniques affects the representation of these characteristics, with texture attributes being especially dependent on scanning parameters[41]. Accordingly, this investigation solely utilized images from one CT scanner to guarantee uniformity. To ensure consistency, only images possessing the same scanning parameters and a slice thickness of 5 mm were used in the stages of feature extraction and post-processing. Multiple factors can impact the stability of functional performance, particularly the ROI, especially concerning its size and extent. Subsequently, the segmentation outcomes were corrected and reviewed by two clinical radiologists experienced in abdominal imaging to ensure inter-rater reliability. In our endeavor to characterize the TIME heterogeneity among CRC lesions, we focused on extracting DL features directly from the textures of CT images. In the study by Pan et al[42], a joint model was established by integrating ML features and DL features derived from two-dimensional CT images. Specifically, based on manually annotated ROIs, the ROIs were expanded to surrounding areas by 10 and 20 pixels to construct a DL model, namely ResNet-19[42]. This approach also demonstrated considerable predictive potential. The shape features related to the geometric attributes of the ROI, along with first-order statistical features that describe the distribution of single pixel values, also provided additional support to our model. As the accuracy of imaging technologies improves, issues concerning the stability of radiomic features are expected to gradually resolve[43]. On the other hand, although the characterization of tumor heterogeneity still relies on molecular and cellular biology, the evolution of imaging modalities has shown great potential in this regard[44]. However, further research is needed to reliably detect different tissue textures and establish connections with singular molecular causes, such as tumor-associated immune cells, which were the focus of this study.
The present study utilized ten DL models to perform visual training and evaluate factors such as specificity, sensitivity, and potential overfitting. Finally, the DenseNet model was selected, as it shares a fundamental concept with ResNet but forms dense connections between previous and subsequent layers[45,46]. DenseNet achieves feature reuse by establishing connections between features across channels, resulting in superior performance compared to ResNet employing fewer parameters and lower computational cost[47]. In accordance with previous investigations employing DL-based CT radiomics in CRC, our findings may contribute to the understanding of TME information, offering certain benefits. From this perspective, Wu et al[48] employed CNN models to predict the presence of KRAS mutation non-invasively, while Wei et al[49] employed ResNet-10 to predict the response to chemotherapy in patients with colorectal liver metastases. The study utilized a large sample size of 1028 cases and employed the CNN + recurrent neural network model to predict the initial response to treatment in metastatic CRC. Accordingly, the study yielded a C-index value of 0.649. However, unlike our findings, these studies do not offer personalized information on the TME, the integration of different types of data modalities, and a comprehensive understanding of the TIME in CRC patients, even though they may offer certain insights into the patient’s reaction to chemotherapeutics. Thus, the biological characteristics of the TIME cannot be adequately represented by individual indicators. As a result, there is a growing inclination towards the development of a thorough evaluation system that includes various indicators to fully describe the TME[50,51].
Although we recognize the potential clinical importance of our findings, it is crucial to acknowledge the presence of certain limitations and unexplored aspects that require further investigation in the future. First, there is a lack of adequate external validation, which limits the availability of easily accessible single-center retrospective studies. Therefore, there is a need for comprehensive, standardized prospective studies that include patient groups from multiple centers in future research efforts. Furthermore, this study did not provide a thorough classification of TSR and TILs. Consequently, additional investigations are necessary to elucidate the complex and extensive roles of TILs, specifically B cells, in combination with thorough analyses of cellular components within the tumor stroma. Furthermore, the research revealed that the procedure of image segmentation and pathology slice evaluation for radiomics was significantly time-intensive. The model exhibited low reproducibility and the findings of the study lacked generalizability. Therefore, it is essential to prioritize the advancement of automated image segmentation techniques in order to establish a consistent and standardized study process. Moreover, the inclusion of external validation is crucial to ensure the strength and dependability of the results.

CONCLUSION
This study developed a DL-based radiomics prediction model using preoperative CT images to non-invasively evaluate TSR, TILs, and IS in CRC patients. The integrated model demonstrated potential for assessing the TIME, offering a novel tool to guide immunotherapy strategies and improve personalized treatment planning in CRC management.
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[bookmark: OLE_LINK1]Figure 1 Schematic diagram illustrating the evaluation of colorectal cancer immune microenvironment using deep learning models. A: Pathology and imaging; B: Model training and visualization; C: Model performance evaluation. CRC: Colorectal cancer; CT: Computed tomography; HE: Hematoxylin-eosin; IHC: Immunohistochemistry; TIME: Tumor immune microenvironment; 2D: Two dimensional.
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Figure 2 Patient recruitment process. ROC: Receiver operating characteristic.
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Figure 3 Hematoxylin-eosin staining and immunohistochemistry staining. A: High stromal proportion; B: Low stromal proportion; C: Abundant lymphocyte infiltration (blue arrow); D: Low lymphocyte infiltration (blue arrow); E: High expression of cluster of differentiation (CD) 3; F: Low expression of CD3; G: High expression of CD8; H: Low expression of CD8.
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Figure 4 The loss values of different deep learning models in the training set can vary with different iterations. The horizontal axis represents Iters, and the vertical axis does not represent the specific loss value. For the sake of presentation, we have applied translation and stretching to different curves.
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Figure 5 Visualization of convolutional layer features in different deep learning models.


Figure 6 Receiver operating characteristic curve analysis of the model. A: Tumor-stroma ratio model; B: Tumor-infiltrating lymphocytes model; C: Immune score model; D: Tumor immune microenvironment model. AUC: Area under the curve; CI: Confidence interval.


Figure 7 Probability distribution of different models. A: Tumor-stroma ratio model; B: Tumor-infiltrating lymphocytes model; C: Immune score model; D: Tumor immune microenvironment model.
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Figure 8 Decision curve analysis shows that the model has a significant clinical net benefit. A: Tumor-stroma ratio model; B: Tumor-infiltrating lymphocytes model; C: Immune score model; D: Tumor immune microenvironment model. TSR: Tumor-stroma ratio; TIL: Tumor-infiltrating lymphocytes; IS: Immune score.
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Figure 9 The calibration curve displays a good fit of the model. A: Tumor-stroma ratio model; B: Tumor-infiltrating lymphocytes model; C: Immune score model; D: Tumor immune microenvironment model.

Table 1 Clinical information of patients in the training and validation sets
	[bookmark: _Hlk160569199]Variable
	Training set (n = 220)
	Validation set (n = 95)
	t-test/Z/χ2 value
	P value

	Sex
	
	
	1.9223
	0.166

	F
	90
	31
	
	

	M
	130
	64
	
	

	Age
	
	
	2.9513
	0.229

	≤ 50 years
	24
	7
	
	

	51-65 years
	109
	41
	
	

	> 65 years
	87
	47
	
	

	pT stage
	
	
	5.8273
	0.120

	T1
	5
	1
	
	

	T2
	41
	29
	
	

	T3
	150
	55
	
	

	T4
	24
	10
	
	

	pN stage
	
	
	2.9333
	0.231

	N0
	62
	36
	
	

	N1
	71
	26
	
	

	N2
	87
	33
	
	

	TP
	65.14 (61.60, 69.66)
	65.30 (61.60)
	-0.3752
	0.707

	ALB
	38.55 (35.95, 41.65)
	38.40 (36.02, 40.97)
	-0.6092
	0.543

	ALP
	76.00 (61.27, 89.00)
	76.00 (65.20, 88.00)
	-0.7362
	0.462

	UREA
	5.33 (4.46, 6.43)
	5.48 (4.35, 6.46)
	-0.4562
	0.649

	CREA
	62.50 (53.53, 71.03)
	64.40 (56.00, 72.50)
	-1.2812
	0.200

	UA
	269.73 (229.00, 331.75)
	265.00 (221.00, 314.00)
	-0.8512
	0.395

	TC, mean ± SD
	4.11 ± 2.47
	7.22 ± 31.31
	-1.4691
	0.143

	TG
	1.18 (0.93, 1.53)
	1.25 (0.92, 1.60)
	-0.6002
	0.549

	HDL-C
	0.95 (0.83, 1.11)
	0.97 (0.79, 1.15)
	-0.2382
	0.812

	LDL-C
	2.32 (1.90, 2.82)
	2.41 (1.77, 2.94)
	-0.0422
	0.967

	FBG
	2.96 (2.16, 3.57)
	3.02 (2.52, 3.71)
	-0.9642
	0.335

	D-dimer
	2.02 (0.75, 3.27)
	2.13 (0.93, 3.23)
	-0.5052
	0.614

	WBC
	5.75 (4.70, 7.10)
	5.70 (4.70, 7.00)
	-0.2182
	0.828

	NEUT
	3.26 (2.49, 4.48)
	3.29 (2.54, 4.59)
	-0.0042
	0.997

	Lym
	1.67 (1.14, 2.11)
	1.59 (1.16, 2.07)
	-0.4182
	0.676

	M
	0.46 (0.34, 0.56)
	0.45 (0.37, 0.54)
	-0.1582
	0.875

	E
	0.10 (0.06, 0.17)
	0.11 (0.06, 0.18)
	-0.0202
	0.984

	B
	0.03 (0.02, 0.04)
	0.02 (0.01, 0.04)
	-1.3532
	0.176

	RBC
	4.38 (3.96, 4.80)
	4.46 (4.06, 4.81)
	-0.4462
	0.656

	HB
	132.00 (117.25, 147.00)
	134.00 (121.00, 146.00)
	-0.7342
	0.463

	PLT
	208.00 (167.25, 251.00)
	204.00 (163.00, 248.00)
	-0.2942
	0.769

	BMI
	23.05 (20.82, 24.68)
	22.61 (20.81, 24.61)
	-0.5722
	0.568


1Statistical analysis performed using t-test.
2Statistical analysis performed using Mann-Whitney U test.
3Statistical analysis performed using χ2 test.
[bookmark: OLE_LINK11837][bookmark: OLE_LINK11838]F: Female; M: Male; TP: Total protein; ALB: Albumin; ALP: Alkaline phosphatase; UREA: Urea; CREA: Creatinine; UA: Uric acid; TC: Total cholesterol determination; TG: Triglycerides; HDL-C: High density lipoprotein-cholesterol; LDL-C: Low density lipoprotein-cholesterol; FBG: Fibrinogen; WBC: White blood cell count; NEUT: Neutrophils; Lym: Lymphocytes; M: Monocyte; E: Eosinophils; B: Basophils; RBC: Red blood cells; HB: Hemoglobin; PLT: Platelets; BMI: Body mass index.
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Table 2 Information of the colorectal cancer immune score evaluation model
	Number
	Model
	ACC
	AUC
	95%CI
	Sensitivity
	Specificity
	PPV
	NPV
	Precision
	Recall
	F1
	Threshold
	Cohort

	0
	DenseNet-121
	0.741
	0.797
	0.7383-0.8556
	0.707
	0.769
	0.714
	0.762
	0.714
	0.707
	0.711
	0.520
	Train

	1
	DenseNet-121
	0.800
	0.759
	0.6502-0.8676
	0.705
	0.882
	0.838
	0.776
	0.838
	0.705
	0.765
	0.407
	Test

	2
	DenseNet-169
	0.709
	0.780
	0.7185-0.8406
	0.768
	0.661
	0.650
	0.777
	0.650
	0.768
	0.704
	0.385
	Train

	3
	DenseNet-169
	0.768
	0.772
	0.6741-0.8696
	0.682
	0.834
	0.789
	0.754
	0.789
	0.682
	0.732
	0.541
	Test

	4
	DenseNet-201
	0.718
	0.765
	0.7018-0.8274
	0.495
	0.901
	0.803
	0.686
	0.803
	0.495
	0.612
	0.591
	Train

	5
	DenseNet-201
	0.768
	0.737
	0.6305-0.8432
	0.636
	0.882
	0.824
	0.738
	0.824
	0.636
	0.718
	0.586
	Test

	6
	ResNet-101
	0.786
	0.852
	0.8032-0.9011
	0.859
	0.727
	0.720
	0.863
	0.720
	0.859
	0.783
	0.432
	Train

	7
	ResNet-101
	0.737
	0.752
	0.6503-0.8541
	0.636
	0.824
	0.757
	0.724
	0.757
	0.636
	0.691
	0.446
	Test

	8
	ResNet-152
	0.732
	0.816
	0.7603-0.8718
	0.869
	0.620
	0.652
	0852
	0.652
	0.869
	0.745
	0.336
	Train

	9
	ResNet-152
	0.737
	0.736
	0.6272-0.8438
	0.614
	0.843
	0.771
	0.717
	0.771
	0.614
	0.684
	0.501
	Test

	10
	ResNet-34
	0.782
	0.860
	0.8120-0.9072
	0.808
	0.760
	0.734
	0.829
	0.734
	0.808
	0.769
	0.444
	Train

	11
	ResNet-34
	0.747
	0.741
	0.6344-0.8474
	0.705
	0.784
	0.738
	0.755
	0.738
	0.705
	0.721
	0.498
	Test

	12
	ResNet-50
	0.795
	0.863
	0.8144-0.9120
	0.828
	0.769
	0.745
	0.845
	0.745
	0.828
	0.785
	0.464
	Train

	13
	ResNet-50
	0.747
	0.754
	0.6491-0.8598
	0.614
	0.863
	0.794
	0.721
	0.794
	0.614
	0.692
	0.501
	Test


F1-score = 2 × (precision × recall)/(precision + recall).
ACC: Accuracy; AUC: Area under the curve; PPV: Positive predictive value; NPV: Negative predictive value; CI: Confidence interval.
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A total of 584 patients were diagnosed with rectal cancer from
September 2021 to September 2023

Exclude 211 patients:
Patients received neoadjuvant chemoradiotherapy (1 = 102);
Patients had a history of other malignant tumors (1 = 11);
Patients had incomplete clinical and pathological data (1 = 98);
Patients had poor-quality CT images (1 = 58)
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