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Objective: Accurately identifying patients achieving pathological complete response (pCR) after neoadjuvant chemoradiotherapy
(nCRT) for locally advanced rectal cancer (LARC) not only ensures treatment efficacy but also helps avoid surgical risks. We
developed a comprehensive multi-omics model to predict pCR before surgery.

Methods: Clinical data, CT, MRI-TIWI and MRI-T2WI, and radiotherapy dose were collected from 183 LARC patients who
underwent preoperative nCRT. Backward stepwise selection, logistic regression, and five-fold cross-validation were employed for the
development and validation of a non-imaging model, three radiomics-based models and a dosiomics-based model. These were
integrated into a final model, and its performance was tested on multi-center sets.

Results: C_model, based on clinical characteristics, achieved an AUC of 0.85 in the validation set. Radiomics models (CT model, T1 model,
T2_model) exhibited AUCs of 0.66, 0.67, and 0.64, respectively. Dosiomics-based model, D_model, achieved an AUC of 0.75 in validation.
The mean AUCs for F_model in the training sets, validation sets, internal and external test sets were 0.90, 0.88, 0.77, and 0.74, respectively.
Conclusion: To assess the efficacy of nCRT in LARC patients, it is crucial to consider clinical characteristics, followed by dosiomics.
While T1_model, T2_model and CT _model demonstrate relatively comparable performance, each contributes unique value to the final
prediction model.
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Introduction

Globally, the third most frequently diagnosed cancer is colorectal cancer, of which approximately 30%-50% are rectal
cancer cases.' Rectal cancer accounts for 3.4% of all global cancer-related deaths.® Every year, over 700,000 new rectal
cancer cases are identified worldwide, with locally advanced rectal cancers (LARC) representing at least 30% of all
cases.” Currently, the standard treatment for LARC is neoadjuvant (chemo) radiotherapy (nCRT) combined with total
mesorectal excision (TME).””” The response of LARC to neoadjuvant chemoradiotherapy varies widely among patients,
ranging from no tumor regression to achieving pathologic complete response (pCR).* Approximately 15-27% of patients
exhibit pCR, which has been demonstrated to be a favorable prognostic marker.” Although the necessity of surgery in
LARC patients with pCR is a subject of ongoing argument, in fact, most patients are still undergoing surgery.
Considering surgical complications, especially the complications after nCRT, and the outstanding long-term outcomes
in pCR patients apart from surgery, Habr-Gama et al first proposed the “watch-and-wait” approach.'® The NCCN

133

guidelines have also introduced the “watch-and-wait” nonoperative management strategy,'' which is applicable to
patients who achieve clinical complete response 6—12 weeks after nCRT based on strict clinical evaluation. For these
patients, a nonoperative treatment strategy with close follow-up is adopted to monitor the condition of the rectal lesions.

Predicting patients who achieve pCR after nCRT can assist doctors in formulating personalized treatment strategies. This
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helps determine whether patients require surgery or if the “watch-and-wait” approach can be adopted. Therefore, the
identification of preoperative pCR gains more and more attention in treatment management.

To predict the treatment response of LARC, clinical analyses have been conducted on the impact of neoadjuvant-intensified
chemoradiotherapy in improving overall survival (OS) and disease-free survival (DFS) in LARC patients.'? The role of
oxaliplatin (OXP) in enhancing clinical outcomes has also been studied.'®> Additionally, previous studies have developed a non-
imaging clinical risk model to predict treatment response to nCRT with the area under the curve (AUC) about 0.6-0.70."*'® With
advances in imaging techniques like computed tomography (CT), magnetic resonance imaging (MRI), and functional imaging,
there is a growing interest in using visual imaging to accurately detect tumor response to therapy.'’*'® However, visually detecting
PCR remains challenging in clinical practice. Radiomics, which extracts high-dimensional data from digital images and reveals
non-visual information associated with tumor heterogeneity and pathophysiology, has shown promise in improving pCR
prediction models.'*?° Radiomics-based models have demonstrated an AUC of about 0.8 or higher.?'** The development of
radiomics has shown great potential in the guidance of cancer treatment and tumor prognosis.”>**

According to the research, different prediction outcomes are evident in models constructed using various image
modalities.>>?° Magnetic resonance imaging is considered the most recommended and promising method among all
modalities owing to its high soft tissue resolution, functional and quantitative imaging capabilities, and non-ionizing
radiation. MRI is the preferred method for local staging of rectal cancer, and it also has a wide range of clinical
application in the prognosis assessment. Studies have found that DW-MRI can provide functional imaging information
about tissue cellular density and water molecule diffusion, showing potential in assessing the response to neoadjuvant
therapy.*® MRI-related radiomics have also been applied in certain prediction models to assess tumor response to nCRT
in LARC. Some studies focused solely on MRI images acquired before nCRT, which may have inherent limitations in
reflecting the impact of nCRT on the target population, as a single imaging modality cannot comprehensively capture the
tumor’s condition. Other studies have examined the differences between pre-nCRT and post-nCRT MRI scans (delta
radiomics, Aradiomics) for tumor response prediction, leading to improved pCR prediction.”*! However, these studies
still relied on a single imaging modality and did not fully exploit the potential of multimodal data.

Furthermore, target dose plays a crucial role in determining the effectiveness of treatment, and clinical dosimetric
parameters are essential in predicting the response to treatment.*>** By understanding and optimizing the target dose
through these parameters, medical professionals can improve treatment outcomes and provide more personalized care for
patients. In theory, modeling based on the mentioned clinical non-imaging parameters, imaging parameters, and
dosimetric parameters would lead to a more comprehensive and accurate prediction of whether preoperative LARC
patients who underwent neoadjuvant chemoradiotherapy have reached the pCR level. However, due to various reasons
such as data collection limitations, severe data missing and complex data preprocessing, existing studies have mostly

focused on building non-imaging models based on clinical characteristics,'* !¢ 17,18

34,35

single-modality imaging models,
single dosimetric models, or combinations of two of these models.*'*® Moreover, these studies are limited to their
own research center’s data and lack external validation datasets to test the generalizability of the models.

To address the limitations of existing models and considering the high incidence of LARC as well as the need for
personalized treatment, this study introduces an innovative approach by integrating multi-omics data to develop and
validate a comprehensive pCR prediction model. This model not only incorporates clinical features but also includes
radiomic features extracted from pre-nCRT CT and MRI images, as well as dosiomic features derived from dose
distribution maps, aiming to enhance predictive accuracy and generalizability. Furthermore, we will validate the model
on both internal and external datasets to assess its robustness and clinical applicability, thereby providing more scientific

decision support for the precision treatment of LARC patients.

Methods

The research followed the principles outlined in the Declaration of Helsinki and obtained approval from the Ethics Committee
of the Peking University Beijing Cancer Hospital and Institute (2018KT78). The Ethics Committee has waived the require-
ment for patient informed consent; to ensure the protection of participants’ privacy, all data have been anonymized. In this
study, clinical characteristics, radiomic signatures and dosiomic features were collected from LARC patients, which were
divided into a training set and a test set. Five-fold cross-validation was applied. Firstly, data preprocessing was performed to
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obtain the optimal subset. Then, the Logistic regression method was used to predict pCR after neoadjuvant chemoradiother-
apy. Finally, an external test set was collected to assess the generalization of the model. The specific details are as follows.

Patient Selection

A total of 183 patients with rectal cancer who received nCRT at Beijing Cancer Hospital from January 2019 to
December 2022 were retrospectively recruited for modeling training. To be eligible for inclusion, patients had to meet
the following criteria: (1) histologically confirmed rectal adenocarcinoma prior to treatment; (2) clinical stage of T3-T4
or any stage T and N+ tumors without distant metastasis according to the 7th edition of the American Joint Committee on
Cancer (AJCC); (3) pathological assessment after treatment with TME showing complete pathological response (pCR)
defined as TONO; (4) availability of complete medical records including clinical characteristics, pre-treatment CT, pre-
treatment MRI, and dose map. Exclusion criteria included (1) incomplete clinical stage or missing postoperative
pathology; (2) poor-quality or incomplete imaging data; (3) incomplete neoadjuvant (chemo)radiotherapy, history of
pelvic radiation, double primary cancer, and other factors.

In order to evaluate the generalizability of the model, we collected data from 20 patients with LARC at our institution
(BZ test set) and 26 LARC patients from Guowen Hospital (GW test set). The internal test set of 20 patients included
complete clinical information, CT, MRI and dose map, and 8 of them achieved pathologically complete responses.
A total of 26 patients from Guowen Hospital were selected as the external test set, which includes incomplete clinical
features, CT images, dose maps, and 22 cases of diagnostic MRI images.

Data Acquisition

Clinical characteristics included age, gender, pre- and post-treatment levels of carcinoembryonic antigen (CEA),
histologic grade, chemotherapy regimens, radiotherapy dose, treatment machine and pre- and post-MRI diagnoses
information such as the proportion of tumors invading the entire intestinal wall, maximum thickness, distance outside
intestinal wall invasion, cumulative length, distance from the lower edge of the tumor to ARJ, distance from distal tumor
margin to anal edge, extramural venous invasion (EMVI) and mesorectal fascia (MRF).

The CT images of internal dataset and external dataset were acquired using Siemens CT scanner (Sensation Open, Siemens,
Erlangen, Germany) and Philips CT scanner (Brilliance Big Bore, Philips, Netherlands), respectively. The acquisition parameters
are as follows: matrix = 512x512, thickness = 5 mm, kVp = 120 kV. All the MRI scans were performed on a 3.0T scanner (Skyra,
Siemens, Erlangen, Germany). Patients underwent contrasted-enhanced T1-weighted and T2-weighted MRI scans using
StarVIBE and TSE sequences, respectively. Typical acquisition parameters are as follows: TIWI: TR = 2.83 ms, TE = 1.48
ms, FOV = 380 mm, slice thickness = 3 mm, matrix = 320x320; T2WI: TR = 5770 ms, TE = 96 ms, FOV = 400 mm, slice
thickness = 4 mm, matrix = 640x640.

Tumor Segmentation

The entire tumor volume was covered by the gross target volume (GTV), which was drawn manually by radiation
oncologists with at least 5 years of experience in rectal cancer radiotherapy. The GTV was subsequently verified by
a radiation oncologist with at least 20 years of experience in rectal cancer radiotherapy. To create the planning gross
target volume (PGTV), a margin of 0.5 cm was added to the GTV. The PGTV was utilized as the region of interest (ROI),
and the CT image structures were deformed onto the registered MRI images.

Feature Extraction

All features were extracted from the ROI using PyRadiomics, which is an open-source platform. We calculated a set of 609
radiomics features, including 37 diagnostics, 14 shape descriptors, 18 first-order statistics, 75 original texture features and 465
Laplacian of Gaussian (LoG) filtered features. Shape descriptors represented the 3-dimensional shape and size of ROI. First-order
statistical descriptors, which described the distribution of voxel intensities through commonly used metrics, were directly derived
from the image intensity. Texture features were high-order features calculated using the Gray Level Co-occurrence Matrix
(GLCM), Gray Level Run Length Matrix (GLRLM), Gray Level Size Zone Matrix (GLSZM), Gray Level Dependence Matrix
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(GLDM) and Neighbouring Gray Tone Difference Matrix (NTGDM). The LoG filtered features included first-order statistics and
texture classes which were calculated from LoG filtered images.

Feature Selection
The effective features are selected in advance by 7-test and non-parametric test, and then the optimal subset is obtained by
backward stepwise selection (BSS). After 7-test and non-parametric test, it is assumed that the effective feature number is n,
and the corresponding model is M,,. If one feature is removed, the number of features is n-/ and the model is M,,_;. If M,,_;
model is superior to M,, the feature is removed, and if not, the feature is retained until all features are traversed.

We used the principal component analysis (PCA) method which is a multivariate statistical technique commonly
applied to systematically reduce the number of dimensions needed to describe radiomics features through
a decomposition process that filters feature from the largest to smallest spatial scales.

Development and Evaluation of Models

Based on the results of our preliminary experiments, we finally chose the Logistic regression to build the prediction
models, including a clinical features-based model (C_model), three radiomics-based models (CT_model, T1 _model and
T2 model) and a dosiomics-based model (D_model). These five models were integrated into the final model, which is
named F_model, representing the multi-omics model. Study workflow and model building are detailed in Figure 1.

Feature extraction 3 3 Feature selection

backward stepwise optimal subset
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14 shape descriptors

14 | e—
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609 - DN ] —
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i | Dose features ‘,—» D model

Figure | Study workflow and model building. A clinical features-based model (C_model), three radiomics-based models (CT_model, T|_model and T2_model) and
a dosiomics-based model (D_model) were integrated into the final model and its performance was verified.
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The 183 patients were randomly divided into five equal size subgroups because five-fold cross-validation was applied.
Each subgroup was regarded as a validation set and the remaining four-fifths of the patients as the training set. This
process was repeated five times with different subgroups to form five training sets and five corresponding validation sets.
Evaluation of the above models included discrimination and clinical usefulness. Discrimination performance was
quantified based on the AUC of the receiver operating characteristic (ROC) curve. Classification accuracy (ACC) and
confusion matrix were also calculated to quantify the discrimination ability of the prediction models.

Results

Patient Characteristics

Patients were divided into pCR group (TONO, n = 60) and “non-pCR group” (T 14, n = 123). Clinical characteristics of
the two groups are shown in Table 1. Post-treatment levels of CEA, radiotherapy dose, pre-/post-treatment proportion of
tumors invading the entire intestinal wall, distance outside intestinal wall invasion, cumulative length and distance from
the lower edge of the tumor to ARJ, and post-treatment maximum thickness are significantly different between the two
groups. Clinical characteristics of internal and external test sets in the two groups are detailed in Table 2.

Table | Clinical Characteristics of Training and Validation Sets in pCR and Non-pCR Groups

Clinical Characteristic pCR (n=60) | Non-pCR(n=123) | p
Age, meantSD, years 57.02+10.27 58.21+10.00 0.241
Sex (%) 0.255
Male 39 (65) 90 (73.17)
Female 21 (35) 33 (26.83)
Pre-treatment levels of CEA, mean*SD 6.44£10.05 7.44x11.22 0.394
Post-treatment levels of CEA, mean*SD 2.88+2.76 4.3114.69 0.009
Histologic grade (%) 0.469
Well differentiated adenocarcinoma 4 (6.67) 4 (3.25)
Moderately differentiated adenocarcinoma 53 (88.33) 115 (93.5)
Poorly differentiated adenocarcinoma 3 (5 4 (3.25)
Chemotherapy regimens (%) 0.22
Capecitabine 36 (60) 85 (69.11)
XELOX 24 (40) 38 (30.89)
Radiotherapy dose (%) <0.001
4180&5060cGy/22f 31 (51.67) 20 (16.26)
4500&5000cGy/25f 29 (48.33) 103 (83.74)
Treatment machine (%) 0.126
Varian IX series 47 (78.33) 100 (81.3)
Varian RAPIDARC 11 (18.33) 23 (18.7)
Varian TrueBeam series 2 (3.34) 0 (0)
Pre-/post-treatment MRI diagnoses information
The proportion of tumors invading the entire intestinal wall, mean+SD | 68.86%13.10/ 76.24+10.79/ <0.001/
51.18x15.91 76.24+10.79 <0.001
Maximum thickness, mean+SD 17.06+6.10/ 16.75+7.64/ 0.994/
10.68+6.12 8.98+2.80 <0.001
Distance outside intestinal wall invasion, mean+SD 3.34£2.22/ 5.96+2.51/ <0.001/
2.42+1.07 3.54+0.80 <0.001
Cumulative length, mean+SD 46.56x12.53/ 48.82+9.34/ <0.001/
29.21+6.61 34.91+6.48 <0.001
Distance from the lower edge of the tumor to ARJ, meantSD 19.13+11.28/ 28.93+18.42/ <0.001/
23.95£10.51 35.76+16.06 <0.001
Distance from distal tumor margin to anal edge, mean+SD 44.67+28.94/ 47.04+23.78/ 0.86/
51.55+33.77 50.37+25.47 0.40
(Continued)
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Table | (Continued).

Clinical Characteristic PCR (n=60) | Non-pCR(n=123) | p
EMVI 2.15+1.44/ 3.44+6.80/ 0.009/
1.50+1.20 2.23+1.14 0.009
MRF 0.881/
0.991
0 29 (48.33)/ 58 (47.15)/
22 (36.67) 45 (36.59)
I 31 (51.67)/ 65 (52.85)/
38 (63.33) 78 (63.41)

Notes: The bold font indicates that there are significant differences in the corresponding clinical characteristics between the pCR and non-pCR

groups.

Abbreviations: SD, standard deviation; CEA, carcinoembryonic antigen; n, number of patients in the corresponding group; (%), The numbers in
parentheses represent the percentage of the total; f, frequency, 22f, 22 sessions of radiotherapy have been performed.

Table 2 Clinical Characteristics of Test Sets in pCR and Non-pCR Groups

Clinical Characteristic Internal Test (n = 20) External Test (n = 26)
pCR (n =8) | Non-pCR (n = 12) | pCR (n =4) | Non-pCR (n = 22)

Age, meantSD, years 59.25+9.57 59.33+6.68 58.50+4.80 60.23+8.65
Sex (%)

Male 7 (87.5) 10 (83.33) 3 (75) 13 (59.09)

Female I (12.5) 2 (16.67) I (25) 9 (40.91)
Pre-treatment levels of CEA, mean*SD 420%1.33 3.28+1.58 4.92+6.03 3.72+5.12
Post-treatment levels of CEA, mean*SD | 1.60+0.78 3.06x1.06 2.36x1.46 2.08+1.40
Histologic grade (%)

Well differentiated adenocarcinoma 2 (25) 2 (16.67) 0 (0) 0 (0)

Moderately differentiated adenocarcinoma 4 (50) 9 (75) 4 (100) 21 (95.45)

Poorly differentiated adenocarcinoma 2 (25) 1 (8.33) 0 (0) | (4.55)
Chemotherapy regimens (%)

Capecitabine 6 (75) 7 (58.33) - -

XELOX 2 (25) 5 (41.67) - -
Radiotherapy dose (%)

4180&5060cGy/22f 8 (100) 9 (16.26) 0 (0) 0 (0)

4500&5000cGy/25f 0 (0) 3 (83.74) 4 (100) 22 (100)
Treatment machine (%)

Varian IX series 8 (100) 12 (100) - -

Varian RAPIDARC 0 (0) 0 (0) - -

Varian TrueBeam series 0 (0) 0 (0) - -

Abbreviations: SD, standard deviation; CEA, carcinoembryonic antigen; n, number of patients in the corresponding group; (%), The numbers in
parentheses represent the percentage of the total; f, frequency, 22f, 22 sessions of radiotherapy have been performed.

Selection of Features

After feature pre-screening, the C model, CT _model, T1 _model, T2 model and D_model had 7, 10, 7, 11 and 6 features,
respectively. Subsequently, the optimal subset was obtained using BBS, resulting in 6, 9, 6, 6 and 4 features for the
respective models. In the end, 14 features were selected for constructing the F model: 6 clinical characteristics, 2
dosiomic features and 6 radiomic signatures, the details were shown in Figure 2.

Results of the Training and Validation Sets
The ACC and AUC of training and validation sets in C_model, CT model, T1 model, T2 model, D_model and F_model was
detailed Table 3, and the ROC curve of the corresponding five-fold cross-validation was shown in Figure 3. When considering the
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Figure 2 Feature contributions of F_model.

C_model generated from the selected clinical characteristics alone, the mean AUC of 0.86 (standard deviation [SD] 0.02) in the
training set and 0.85 (SD 0.10) in the validation set (Figure 3a) were obtained. Additionally, the mean ACCs were 0.84 (SD 0.01)
and 0.83 (SD 0.06) for the training and validation sets, respectively. Similarly, when considering the CT _model generated solely
from CT radiomics, the mean AUC was 0.68 (SD 0.02) for the training set and 0.66 (SD 0.10) for the validation set (Figure 3b).
The mean ACCs for the training and validation sets were 0.67 (SD 0.02) and 0.66 (SD 0.04), respectively. The AUCs the
T1 model and T2 model, generated solely from T1 radiomics and T2 radiomics respectively, were comparable to the CT model.
The dosiomic based model, D_model, demonstrated a satisfactory discrimination, with mean AUCs of 0.77 (SD 0.03) and 0.75
(SD 0.11) in the training and validation sets (Figure 3e), respectively.

The clinical characteristics combined with radiomics and dosiomics generated the F model, which clearly out-
performed the single-modality clinical based model and radiomic based model. In the training and validation sets, the
mean ACCs were 0.86 (SD 0.02) and 0.85 (SD 0.06), respectively. Furthermore, the mean AUC was 0.90 (SD 0.02) for
the training set and 0.88 (SD 0.09) for the validation set (Figure 3f). The confusion matrixes of the validation set for the
six mentioned models were presented in Figure 4.

Results of the Internal and External Test Sets

The accuracy scores for the C_model, CT _model, T1 _model, T2 model, D _model and F_model in the internal test set
were 0.80, 0.65, 0.70, 0.65, 0.70 and 0.75, respectively. The AUCs were 0.73, 0.64, 0.62, 0.64, 0.71 and 0.77,
respectively. In the external test set, the C _model achieved an accuracy score of 0.65 and an AUC of 0.67. The
CT_model scored 0.81 in ACC and 0.65 in AUC. In T1 model and T2 model, the ACC and AUC were 0.77 and
0.62, 0.82 and 0.67, respectively. The ACC and AUC of D _model was 0.81 and 0.74, respectively. The F_model scored
0.77 in ACC and 0.74 in AUC. The details of test results for internal and external test sets were listed in Table 4. The
ROC curves of the internal and external test sets for the different models were displayed in Figure 5.

Table 3 ACC and AUC Results for Training and Validation Sets of Different Models

C_model | CT_model | TI_model | T2_model | D_model | F_model

ACC Train 0.84+0.01 0.67+0.02 0.74+0.02 0.70+0.02 | 0.76+0.02 | 0.86+0.02
Validation | 0.83+0.06 0.66+0.04 0.74+0.05 0.69+0.03 0.73£0.10 | 0.85%0.06
AUC Train 0.86+0.02 0.68+0.02 0.67+0.02 0.63+0.02 | 0.77+0.03 | 0.90+0.02
Validation | 0.85+0.10 0.66+0.10 0.67+0.09 0.64+0.08 | 0.75+0.11 | 0.88+0.09
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Table 4 ACC and AUC Results for Internal and External Test Sets of Different Models

C_model | CT_model | TI_model | T2_model | D_model | F_model
BZ test ACC 0.80 0.65 0.70 0.65 0.70 0.75
AUC 0.73 0.64 0.62 0.64 0.71 0.77
GW test | ACC 0.65 0.8l 0.77 0.82 0.8l 0.77
AUC 0.67 0.65 0.62 0.67 0.74 0.74

The confusion matrix of the internal and external test sets for the C_model, CT model, T1 model, T2 model,
D_model and F_model was presented in Figure 6. C_model demonstrates favorable performance on the internal test set,

but exhibits limited capability to differentiate true positive cases on the external test set. Both the radiomic-based model
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and the dosiomic-based model demonstrate strong ability to distinguish true negative cases, while they have limitations in
accurately distinguishing true positive cases. F_model exhibits excellent ability to judge both true positive and true

negative cases on both the internal and external test sets.

Discussion

There are various factors affecting the pathologic response to nCRT in LARC. In this study, we generated a multi-omics
model by synthesizing clinical characteristics, radiomic and dosiomic features. The generalization performance of the
model was tested with internal and external test sets. Single-modality prediction models based on clinical characteristics,
radiomic and dosiomic features were also established and validated. The multi-omics model clearly outperformed the
single-modality clinical-based model, single radiomic-based model and single dosiomic-based model. The dosiomic-
based model outperformed the radiomics based models. While the radiomics based models (including T1 model,
T2 model and CT model) had relatively similar performance, each contributed a certain value to the final prediction
model. The multi-omics model achieved an accuracy and AUC of approximately 0.75 in both the internal and external
test sets. Additionally, our data revealed that post-treatment CEA levels, the total radiation dose, the frequency of
radiotherapy were associated with pCR, which was in accordance with the results of previous studies.'>”*

In previous clinical prediction models, there has little consideration for the diagnostic information from MRI before
and after treatment. This study showed that pre-/post-treatment proportion of tumors invading the entire intestinal wall,
distance outside intestinal wall invasion, cumulative length and distance from the lower edge of the tumor to ARJ, and
post-treatment maximum thickness were significantly different between the pCR group and non-pCR group. Therefore, it
showed significantly better discrimination based on clinical characteristics alone. The post-treatment levels of CEA and
radiotherapy dose are also significantly different between the pCR group and non-pCR group. However, after feature pre-
screening, the C model had seven features instead of eight. The reason is that although there are significant differences
between two groups, the features contribute differently to the model. In order to obtain the optimal subset, we used BSS
method to further screen the features. In the end, 14 features were selected for constructing the F_model: 6 clinical
characteristics, 2 dosiomic features and 6 radiomic signatures, the details were shown in Figure 2.

The recently established models for predicting tumor response were either based on the single radiomic features,
single radiomic signatures, single clinical characteristics, or they were derived from studies conducted on single-center
cohorts.>**'*? With advancements in technology to minimize variability in acquisition parameters of various cancer
centers, multi-center radiomics has been attempted in rectal cancer.’’***** Song et al successfully developed and
validated MRI-based multicenter radiomic model to predict treatment response using multi-center data from
a considerably large sample of patients, but without external testing. We used small-scale, more comprehensive data
to build a multi-omics model that produces better predictive results, and we achieved decent external test results. Due to
the lack of certain clinical information and MRI features in the external test set, the external test results were slightly
worse than the internal test results. In addition, the phenomenon where the multi-omics model performed exceptionally
well on the internal training and validation sets but showed a significant decline in performance during testing,
particularly on external test data from different centers, could be due to factors such as overfitting, data sources, scanning
conditions, and other factors.

It is a long-term research work to build the prediction model and improve the performance of the model by integrating
all the information of the clinical characteristics, radiomic and dosiomic signatures. In this study, there are several
limitations. First, the training and validation sets were only collected 183 cases because of the incomplete clinical
information of some patients. Expanding the dataset, including the training set, validation set, and test set, may further
enhance the impact and applicability of the study. Second, logistic regression was selected to construct the prediction
model because it is well-suited to small sample sizes and datasets with a limited number of features, such as radiomics
data. Moreover, since the prediction task in this study (eg, pCR prediction) is a binary classification problem, logistic
regression offers stable and interpretable performance in this context. Nevertheless, the model requires further optimiza-
tion through the exploration of other classification algorithms and the application of more standardized engineering

strategies. Finally, diagnosis and treatment information such as clinical stages, treatment modalities, DWI, and contrast-
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enhanced T1WI was not included in the study, and this information of patients can be further supplemented in the future
to build a more accurate prediction model.

Conclusions

We have developed and validated a multi-omics model based on clinical characteristics, pre-treatment radiomic, and
dosiomics signatures to predict pCR in patients with LARC. This model can help identify LARC patients who can benefit
from organ preservation strategies and avoid overtreatment.
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