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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Patients with colorectal cancer respond heterogeneously to the same treatment.

■   Accurately predict patient response and prognosis to treatment helps to select the optimal treatment plan.

■   Predictions of treatment response and prognosis can be used to tailor treatment plans at different stages.

■   Artificial intelligence-based medical image analysis can be used for prediction tasks.
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The  heterogeneous  response  and  prognosis  of  patients  with  colorectal
cancer (CRC) to standard treatment regimens remains a challenge for clini-
cal  management.  Individually  weak  prognostic  markers,  defined  by  gene
mutations  and  protein  expression,  are  difficult  to  apply  in  routine  clinical
practice  because  of  their  high  acquisition  cost  and  mediocre  prediction
accuracy.  Visual  evaluation  of  medical  images,  including  radiology  and
digital  pathology  images,  is  an  important  part  of  CRC  management.  With
the rapid development of artificial intelligence (AI), high-dimensional imag-
ing  features  other  than  visual  information  are  increasingly  being  used  to
develop imaging markers. At different stages of treatment, accurate predic-
tions  of  treatment  response and prognosis  may help  in  selecting  patients
and tailoring their treatment. Here, we review the current state of AI applied
to  the  medical  imaging  of  CRC  and  describe  its  recent  progress  in  short-
term response  and  long-term survival  prediction.  In  addition,  we  illustrate
how  these  AI-based  approaches  may  affect  clinical  decision-making.
Although  few  approaches  have  been  applied  in  routine  clinical  practice,
their results are promising. Finally, we discuss the challenges in applying AI
in  clinical  practice  and  possible  future  solutions  from  three  perspectives:
model interpretability, model generalizability, and patient privacy protection.
This comprehensive assessment underscores the transformative potential
of AI in CRC management and emphasizes the need for further exploration
and integration into routine clinical workflows.
 

INTRODUCTION
Colorectal  cancer  (CRC)  is  the  third  most  common  malignant  tumor,

accounting  for  approximately  10%  of  new  cancer  cases  and  cancer-related
deaths  worldwide  each  year.1 Despite  the  different  primary  treatments
recommended  by  the  National  Comprehensive  Cancer  Network  (NCCN)
guidelines for patients at various clinical stages,2 there is still heterogeneity in
the responses to the same treatment at the same clinical stage. For example,
preoperative  neoadjuvant  chemoradiotherapy  is  recommended  in  patients
with locally advanced disease to reduce the risk of postoperative local recur-
rence (LR).  Adjuvant chemotherapy is recommended for patients with stage
III colon cancer to increase the probability of disease-free survival (DFS) and
5-year overall  survival  (OS).  However,  even  after  receiving  the  same  treat-
ment,  the  prognosis  of  patients  in  the  above  clinical  stages  varies  greatly.3

This necessitates the development of biomarkers that can predict treatment
responses to facilitate precision therapy for the benefit of patients. During the
treatment  process,  the  preoperative,  surgical,  and  postoperative  treatment
plans of patients can be adjusted by predicting short-term response and long-
term survival (Figure 1).

In this study, short-term response specifically refers to patient response to
preoperative  neoadjuvant  chemoradiotherapy.  Short-term response  predic-
tion can be used to adjust  the patient’s  preoperative and surgical  treatment
plans.  First,  approximately  7%  of  patients  do  not  respond  to  neoadjuvant
therapy. These patients experience less benefit from neoadjuvant therapy, but
are  still  exposed  to  its  associated  toxicity.4–6 Therefore,  predicting  patient
response  to  neoadjuvant  therapy  before  initiation  can  avoid  overtreatment

and aid  in  the  early  selection  of  alternative  interventions.  Second,  approxi-
mately  20%  of  patients  achieve  pathologic  complete  response  (pCR)  after
neoadjuvant  therapy.7 Through  further  assessment,  these  patients  may  be
able  to  avoid  surgery  and  obtain  excellent  rectal  preservation  and  pelvic
tumor  control  through  the ‘Watch-and-Wait’ strategy.8 However,  pCR  must
be confirmed by histopathological  examination of  surgically  resected speci-
mens. Preoperative prediction of pCR can help clinically adjust the surgical plan.

Long-term  survival  prediction  can  be  used  to  adjust  postoperative  and
patient-specific treatment plans such as immunotherapy and targeted ther-
apy.  The  guidelines2,9 recommend  that  patients  undergo  adjuvant
chemotherapy  after  neoadjuvant  treatment  and  surgery  regardless  of  the
surgical pathology results. However, identifying the subgroup of patients that
could  benefit  from  adjuvant  chemotherapy  remains  controversial,  even
among those who have achieved pCR or down-staging.10,11 The development
of  prognostic  biomarkers  independent  of  treatment  response  to  achieve  an
accurate  stratification  of  patient  prognosis  can  facilitate  the  selection  of
postoperative adjuvant treatment options. Additionally, the status of molecu-
lar  pathways  and  key  mutations  is  related  to  patient  prognosis  and  the
potential  benefits  of  specific  treatment  modalities.12,13 However,  traditional
molecular biomarker measurements are labor-intensive and difficult to apply
in  routine  clinical  practices.14,15 Therefore, the  prediction  of  molecular  mark-
ers related to patient prognosis will further assist in the formulation of patient-
specific treatment decisions.

Medical  imaging  plays  an  important  role  in  various  CRC  diagnoses  and
treatments (Table 1).  Radiology imaging is often used to confirm suspected
malignancies,  diagnose  clinical  staging,  and  detect  potential  prognostic
factors.16 Histopathological  slides  are  the  gold  standard  for  diagnosing  and
staging malignant tumors. With the advancement of digital technology, multi-
gigapixel  whole-slide images  (WSI)  are  increasingly  used  to  generate  infor-
mation beyond simple diagnosis.17 Therefore, radiology and digital pathology
images  are  always  available  for  the  routine  diagnosis  and  treatment  of
patients  with  CRC.  However,  traditional “semantic” features  obtained  from
images, such as tumor density, tumor size, intratumoral cellular and acellular
composition, do not adequately reflect the heterogeneity of the tumor and its
dynamic evolution.  Interpreting  such large  amounts  of  data  poses a  signifi-
cant challenge to clinical management.18

To  that  end,  artificial  intelligence  (AI)  paves  the  way  for  medical  image
analysis. For  clinical  requirements,  such  as  lesion  detection  and  segmenta-
tion,  the  performance  of  AI  approaches  and  surpasses  that  of  human
experts.19,20 More importantly,  AI has produced satisfactory results in clinical
tasks such as treatment response assessment21 and prognosis prediction.22

AI analysis techniques for medical images can be divided into those based on
predefined  features  and  those  based  on  deep  learning.  Radiomics  is  the
method of analyzing radiology images based on predefined features.23 It aims
to build downstream diagnostic or predictive models by encoding images as
high-dimensional  quantitative  features  that  capture  their  shapes,  wavelets,
and  textures.  Deep-learning  methods  learn  task-related feature  representa-
tions  directly  from  raw  image  data  using  a  backpropagation  algorithm.24

Although  deep  learning  is  less  interpretable  and  requires  a  large  amount  of
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data  for  training,  its  robustness  to  noise25 and  generalization  to  different
imaging  domains26 make  it  one  of  the  most  practical  methods  for  medical
image analysis.

AI-based  medical  image  analysis  provides  a  new  paradigm  for  deciding
treatment options at different treatment stages of CRC. We review the current
AI  analysis  methods  applied  to  the  prediction  of  short-term  response  and
long-term  survival  in  CRC.  These  methods  can  be  used  to  develop  novel
image-based  biomarkers  directly  or  indirectly  by  analyzing  radiology  or
pathology  images.  These  image-based  biomarkers  are  expected  to  guide
treatment  decisions  in  clinical  practice  (Table  2).  In  addition,  given  that
approximately  25%  of  patients  with  CRC  present  with  metastasis  at  initial
diagnosis,27 we  further  review  the  current  AI-based  medical  image  analysis
techniques aimed at assisting the diagnosis and treatment of metastatic CRC
(mCRC).  Finally,  we  discuss  the  challenges  and  prospects  for  the  practical
clinical applications of AI in CRC. 

RADIOMICS  AND  DEEP  LEARNING-BASED AI  ANALYSIS  OF  CRC  MEDI-
CAL IMAGES 

Radiomics analysis of CRC medical images
The concept of radiomics was first proposed in 2012.23 It defines a medi-

cal  image  analysis  workflow  that  includes  tumor  segmentation,  feature
extraction, feature selection, and model construction. 

Segmentation. Progress has been made in the automatic segmentation of
tumors  in  radiology  images,28 including  methods  derived  from  intensity-
based  analysis,29 nondeep  learning,30 and  deep-learning-based
segmentation.31 However,  owing  to  the  high  heterogeneity  of  colorectal
tumors and blurred boundaries between lesions and normal colorectal tissue,
automatic segmentation remains a challenging task. In a study on colorectal
tumor  segmentation  based  on  a  fully  convolutional  network  (FCN)  and  T2-

weighted  imaging  (T2WI),  the  average  dice  similarity  coefficient  (DSC)  was
83.56.32 However,  diffusion-weighted  imaging  (DWI)  suffers  from  noise  and
artifacts, which makes automatic segmentation more difficult. A deep learn-
ing method based on the U-Net architecture had an accuracy of 0.675 DSC
for rectal tumor segmentation on volumetric DWI33 In summary, considerable
challenges  remain  in  applying  automatic  segmentation  methods  to  the
radiomics analysis of CRC. Therefore, most recent radiomics studies on CRC
still adopt manual or semiautomatic segmentation methods. 

Feature  extraction. The  construction  of  an  accurate  predictive  model
relies  on  the  extraction  of  robust  high-throughput  features.  In  some  early
studies, high-dimensional feature extraction of colorectal tumor images was
usually  performed  using  in-house  software.34,35 However,  this  approach
hampers the reproducibility and comparability of results. Van Griethuysen et
al.  open-sourced  a  Python-based  radiomics  feature  extraction  platform
called  Pyradiomics.36 This  platform  supports  the  pre-processing  of  a  wide
variety  of  medical  image  formats.  Additionally,  it  can  support  the  extraction
and standardization of different types of imaging features. This establishes a
reference standard for subsequent radiomics research that mostly conforms
to the feature definitions set  by the Image Biomarker  Standardization Initia-
tive (IBSI).37 Pyradiomics has been widely used in imaging feature extraction
of colorectal tumors for efficacy and prognosis prediction tasks.38–41
 

Model development. After the extraction and selection of high-throughput
features, a classical radiomic model used for efficacy or survival prediction is
constructed  through  supervised  learning.  First,  the  patient’s  responses  to
treatment, such as pCR/non-pCR or downstaging/non-downstaging, are one-
hot  encoded as  classification  labels.  Patient  survival  outcomes,  such as  OS
and DFS, are defined as regression labels based on paired follow-up time and
censoring status. Second, a suitable classification/regression model and loss
function  are  selected  to  learn  the  mapping  between  paired  classification/
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Figure 1.  Schematic of artificial intelligence application on CRC medical imaging for clinical support CRC, colorectal cancer; MRI, Magnetic resonance imaging; CT, computed
tomography; H&E, hematoxylin and eosin; WSI, whole slide image.
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regression labels and high-throughput features. After model development, its
performance is validated using various metrics. Different classification algo-
rithms,  such as the support  vector  machine (SVM),42 LASSO logistic  regres-
sion,43,44 and  eXtreme  Gradient  Boosting,45 have  shown  promising  results  in
the  treatment  response  prediction  of  CRC.  The  widely  used  Cox  regression
model  and  its  variant,  LASSO-Cox,  have  achieved  good  performance  in
predicting  OS,  DFS,46 relapse-free  survival,47 and  distant  metastasis-free
survival (DMFS).48
 

Deep learning analysis of CRC medical images
In  some  large-scale  multi-center  or  prospective  studies,  deep  learning-

based radiology or pathology image analysis has achieved promising results
in predicting the treatment response49 and prognosis22 of CRC. The convolu-
tional  neural  network  (CNN)  and  its  variants  are  the  most  common  deep
learning methods used for  medical  image analysis.  Using supervised,  semi-
supervised,  or  unsupervised  methods,  a  CNN-based  framework  converts
medical  images  into  high-level  representations  using  nonlinear  convolution
modules.  Unlike  predefined  features,  these  high-level  representations,  also
called deep learning features, are relevant to downstream tasks such as CRC
histopathological classification.50 Deep learning features have been shown to
specifically  improve  model  prediction  performance.51 In  addition,  with  the
great  success  of  transformers,52 especially  vision  transformers  (ViT)53 in
computer vision, more researchers have turned their attention to transformer-
based medical image analysis. Compared to CNN, transformers can capture
the  global  context  and  encode  the  long-range  dependencies  of  medical
images54 A recent study performed magnetic resonance imaging (MRI) anal-
ysis through ViT and successfully predicted the outcomes of rectal cancer.55

The predictive model achieved good OS and DFS prediction performances in
the validation  and  independent  test  cohorts.  Despite  progress,  the  applica-
tion of  deep learning to medical  image analysis faces several  challenges.  In
addition to the general application paradigms described above, we review the
methods and strategies for applying deep learning to the specific character-
istics of radiology or pathology images. 

Radiology image-based deep learning analysis. Deep learning is a data-
driven  approach  whose  performance  depends  on  the  availability  of  large-
scale  datasets.  However,  owing  to  strict  legal  and  ethical  requirements  to
protect patient privacy,56 the availability of radiology images for training deep-
learning models is often limited. This leads to the overfitting of deep learning
models on small-sample data. Data augmentation is widely used in the pre-
processing of radiology images to adaptively increase the size of the training
samples. This operation includes random rotation, mirroring, and noise injec-
tion. Cropping is generally rejected because it may distort the region of inter-
est (ROI).57 On the other hand, the principle of transfer learning pertains to pre-
training the deep learning model on a large dataset, such as ImageNet,58 and
then  fine-tuning  the  pre-trained  model  on  a  smaller  medical  dataset.59 This
strategy enables the sharing of common low-level features, thereby reducing
the risk of overfitting. In addition, multi-center data validation is a key step in

measuring  the  robustness  and  generalization  of  deep  learning  methods.
However,  data  discrepancies  between centers  caused  by  different  scanning
instruments and parameters, also known as domain shifts, hinder the gener-
alization of deep learning models. Numerous studies have focused on image-
or  feature-level  alignments  for  domain  adaptation  using  supervised,  semi-
supervised,  or  unsupervised  methods.60 However,  there  are  few  reports  on
domain adaptation methods for radiology images of  CRC, which may be an
important future direction to further improve the generalization performance
of deep  learning  models.  Finally,  unlike  images  from  natural  scenes,  radiol-
ogy imaging sequences usually consist of multiple grayscale images. These
continuous  images  contain  tumor  spatial  information,  which  serves  as
important prior  knowledge for  building predictive models.  Some deep-learn-
ing-based  studies  that  encoded  the  spatial  information  of  tumors  through
strategies  such  as  3D  CNN,61 attention  mechanisms,62 and  reinforcement
learning63 achieved performance improvements in downstream tasks. 

Pathology image-based deep learning analysis. Gigapixel WSI cannot be
handled directly using a CNN. The usual processing flow is to patch the WSI
through  the  ROI  and  aggregate  the  patch-level  features  or  predicted  values
using the multi-instance learning (MIL) method to obtain the WSI-level analy-
sis results. However, manual delineation of the WSI ROI is labor intensive. In
some  large-scale  international  multi-center  studies  analyzing  CRC  WSIs,
ROIs  were  defined  using  pre-trained  segmentation  models22 or  tissue-type
classification  models.50,64 In addition,  different  staining  materials  and  meth-
ods may lead  to  color  differences  between the  WSIs  from different  centers,
which is not conducive to the generalization of the predictive model. Staining
normalization methods such as SPCN65 and Macenko66 are therefore widely
used  in  WSI  pre-processing.  Multiscale  information  on  WSI  at  different
magnifications  (40X,  20X,  10X)  is  often  utilized  during  model  development.
Consistent  with  the  pathologist's  diagnostic  process,  this  combination  of
macroscopic  and  microscopic  features  enables  a  more  comprehensive
understanding of tumor data. Finally, the effective aggregation of patch-level
information into WSI-level decisions is an important issue in WSI research. In
some  large-scale  studies  that  analyzed  the  WSIs  of  other  cancer  types,
different  MIL  methods  showed  good  patch-level  information  aggregation
performance  and  were  well  suited  for  downstream  prediction  tasks.  These
MIL  approaches  include  tile  probability  ranking,67 attention  pooling,68 and
graph  deep  learning,69 and  have  achieved  good  results  in  cancer  grading70

and gene mutation prediction.71 Such results provide a promising outlook for
efficacy and prognosis prediction in CRC and prompt further validation of the
aforementioned methods using CRC datasets. The AI-based WSI processing
flow (excluding staining normalization) is shown in Figure 2. 

AI-BASED  MEDICAL  IMAGE  ANALYSIS  FOR  SHORT-TERM  RESPONSE
PREDICTION OF CRC

Short-term response prediction in CRC is usually defined as a binary clas-
sification task that is used to assist in the personalized formulation of preop-
erative treatment plans and surgical protocols. According to specific applica-

 

Table 1.  Medical images generated during the diagnosis and treatment of CRC

Image type
Characteristics

Advantages Disadvantages

Radiology
image

ERUS Non-radiative; real time imaging; identification available for
earliest tumors

Depth-limited, limited by the patient's body size

CT Widely used; rapid imaging; identification available for
metastases and tumor stage

Radiation exposure; limited soft tissue resolution

PET/CT Malignant tumor detection and localization; identification
available for distant metastasis and lymph node
metastasis

Radiation exposure; relatively low spatial resolution

MRI Non-radiative; multiparametric imaging; high resolution for
soft tissue

Relatively slow imaging; higher cost

Pathology
image

H&E WSI Widely used; nuclear characteristics available Low specificity; relatively limited molecular level
information

IHC WSI High specificity; characterization of specific biomolecules Explanatory subjectivity; staining complexity

CRC, colorectal cancer; ERUS, endoscopic rectal ultrasound; CT, computed tomography; PET, positron emission tomography; MRI, magnetic resonance
imaging; H&E, hematoxylin and eosin; IHC, immunohistochemistry; WSI, whole-slide imaging
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tion scenarios, short-term response is usually defined as pCR (the absence of
viable tumor cells) versus non-pCR, and good response (GR) versus non-GR
according  to  the  tumor  regression  grade  (TRG).  As  previously  mentioned,
patients who are predicted to be responders can avoid unnecessary surgery
through  a ‘Watch-and-Wait’ strategy.  For  patients  predicted  to  be  non-
responders, unnecessary  treatment  toxicities  can be  avoided and preopera-
tive treatment strategies can be changed.

Binary  classification  models  based  on  high-dimensional  image  features
have achieved promising results in predicting treatment responses. Preoper-
ative imaging examinations for  patients with CRC usually  include computed
tomography  (CT),  positron  emission  tomography  (PET)/CT,  and  MRI.  These
imaging  examinations  are  performed  at  different  time  points  during  tumor
diagnosis and treatment,  including before,  during,  and after  treatment.  Most
studies aim to predict  patient  responses through AI  analysis of  images at  a
single time point. As image data at a single point in time are relatively easy to
obtain,  large-scale  datasets  of  this  type  can  be  constructed  for  AI  model
training and validation. However, information from these images cannot fully
reflect the dynamic evolution of a tumor as well as multi-time point images,
although problems such as incomplete data and missing modals in the appli-
cation persist.  In the following section,  we review the current AI  approaches
for  short-term  response  prediction  based  on  preoperative  single-time-point
and multi-time-point CRC images. 

Treatment response prediction based on single-time point images
Predicting  patient  responses  using  pre-treatment  images  is  useful  for

developing personalized  neoadjuvant  treatment  plans.  MRI,  a  tool  recom-
mended  by  the  guidelines,  is  the  most  commonly  used  diagnostic  imaging
method  for  colorectal  tumors.2,9 To  predict  pCR/non-pCR  and  GR/non-GR
after  neoadjuvant  treatment,  Nie  et  al.35 for the first  time developed classifi-
cation  models  by  extracting  the  radiomics  features  of  pre-treatment  multi-
parameter MRIs and feeding them into a three-layer artificial neural network.
In  the  four-fold  cross-validation,  the  area  under  the  ROC  curve  (AUC)  was
0.84 for  pCR prediction and 0.89 for  GR prediction.  However,  the study was
limited by its small sample size (48 patients), which may have caused some
bias in the results. In some follow-up studies, different strategies have been

used to overcome this  bias.  These strategies include expanding the sample
size of the dataset,43,44,72 including data on patients from multiple countries41

and  using  leave-one-out  nested  cross-validation.40 These  studies  achieved
good prediction results for neoadjuvant treatment response by extracting the
radiomics features of tumors or tumor margins. The imaging modality used
was  either  multiparametric  MRIs  or  only  T2WIs.  AUC  values  in  predicting
pCR, GR, non-response or lymph node status were mostly/all greater than 0.8
in these studies. In addition to MRI, pre-treatment enhanced abdominal CT73

and PET/CT74,75 have been used to predict patient responses to neoadjuvant
treatment. The validation results on an independent external validation cohort
of 72 patients showed that pre-treatment CT had an AUC of 0.9 in predicting
lateral lymph node metastases after neoadjuvant treatment. A meta-analysis
of fluorodeoxyglucose (FDG) PET/CT-based prediction of response to neoad-
juvant  treatment  showed  that  a  global  cohort  of 1526 patients  had  good
pooled accuracy, with an AUC of 0.83.76

The aforementioned pre-treatment  image-based research focuses on the
application  of  single-modal  images.  The  combination  of  multimodal  data
further  improve  the  prediction  performance  of  the  model.  Multimodal  data
usually consist  of  a combination of different radiology images,  such as MRI
and PET/CT,77,78 or a combination of radiology and pathology images.39,45 In a
prospective  cohort  validation  study,  the  AUC  for  predicting  pCR  using  a
radiopathomics  model  combining  radiology  and  pathology  information  was
0.812.39 Compared with the MRI-based, pathomics nucleus-based, and path-
omics microenvironment-based models, the accuracy of the radiopathomics
model  increased  by  10%,  8%,  and  18%,  respectively.  To  date,  the  main
method for AI-based multimodal fusion of CRC is late fusion. In other words,
quantitative  features  are  extracted  from  images  of  different  modalities  and
concatenated,  then  used  to  develop  a  classification  model.  Although  this
strategy has achieved preliminary results, it does not fully consider the inter-
actions  and  related  information  between  the  different  modalities  of  data.
Hence, the early fusion approaches for multimodal data require further inves-
tigation.

Compared  to  pre-treatment  images,  post-treatment  images  are  closer  to
the  gold  standard  for  the  pathological  assessment  of  patient  response  to
treatment.  In  earlier  studies,  MRI  was  used  to  assess  clinical  complete
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Table 2.  Overview of radiology and pathology image application for short-term response and long-term survival prediction

Target
Research type

References Label
Data

Technology
Evaluation

Summary Type Size (N) Main
metric Performance External

validation
SHORT-
TERM
RESPONSE
PREDICTION

Single-time
point data-
based

Pre-treatment prediction [35, 39–41,
43–45,
72–75,
77, 78]

pCR/TRG/
LNM

MRI/CT/
PET/
H&E WSI

48–1033 Radiomics/
Multimodal
fusion

AUC 0.77–0.97 [39, 45,
73]

Post-treatment prediction [38, 81] pCR/TRG MRI 114–898 Radiomics AUC 0.82–0.93

Multi-time
points data-
based

Pre- and post-
treatment
prediction

Direct
combination

[42, 49, 82] pCR/TRG/
ypT0-1N0

MRI 125–383 Radiomics/
CNN

AUC 0.70–0.99 [82]

Dynamic
information

[83–87] pCR/TRG MRI 39–622 Delta-
radiomics/
CNN

AUC 0.91–0.97 [83, 87]

Pre- and mid-treatment
prediction

[88] pCR and
TRG

MRI 51 Radiomics
and CNN

AUC 0.86 and
0.93

LONG-TERM
SURVIVAL
PREDICTION

Surrogate
approaches

MSI [64, 95–99] MSI MRI/CT/
H&E WSI

276–762 Radiomics/
CNN

AUC 0.77–0.90 [64, 99]

KRAS [101–105] KRAS CT/MRI 83–390 Radiomics/
CNN/ Fourier
analysis

AUC 0.68–0.94 [102]

Multiple molecular
biomarkers

[71, 106, 107]MSI/BRAF/
TP53/KRAS,
etc.

H&E WSI 499–1888 GCN/MIL/
WSL/ViT

AUC 0.52–0.91 [71, 106,
107]

End-to-end
approaches

Radiology image-based [46, 48, 55,
74, 109, 110]

OS/DFS/
DMFS

CT/PET/
MRI

86–1028 Radiomics/
CNN/RNN/
ViT

C-index 0.67–0.83 [48, 55,
109]

Pathology image-based [22, 50,
108, 111]

OS/DFS/
RFS/Specific
survival

H&E WSI 210–4515 CNN/GAN HR;
C-index

1.63–10.71;
0.65–0.79

[22, 50,
111]

pCR, pathologic complete response; TRG, tumor regression grade; LNM, lymph node metastasis; MSI, microsatellite instability; KRAS, Kirsten rat sarcoma;
OS, overall survival; DFS, disease-free survival; DMFS, distant metastasis-free survival; RFS, relapse-free survival; AUC, area under the ROC curve.
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response  (cCR),79,80 a  surrogate  imaging  marker  of  pCR.  However,  cCR  is
insufficient  to  support  nonsurgical  strategies.2 The  purpose  of  using  post-
treatment  images  to  predict  (or  assess)  patient  response  to  treatment  is
mainly to guide surgical strategies, such as organ preservation and “Watch-
and-Wait.” Through cross-validation, Horvat et al.81 proposed that radiomics
analysis  using  only  post-treatment  T2WI  had  a  better  pCR  classification
performance than qualitative assessment using T2WI and DWI. In addition, a
recent study with a large-scale validation dataset (n = 306) showed that the
post-treatment  T2WI-based  radiomics  model  had  better  classification
performance  than  expert-assessed  TRG  on  MRI  (AUC,  0.82  vs.  0.74, P =
0.009).38 This study also showed that the addition of apparent diffusion coef-
ficient  (ADC)  radiomics  analysis  did  not  improve  the  model  classification
performance,  which  may  be  because  the  advantage  of  radiomics  lies  in  its
ability to extract difficult-to-perceive pattern changes in images. 

Treatment response prediction based on multi-time points images
Combining image information at multiple time points to develop a predic-

tive model may improve the accuracy of the response prediction. Liu et al.42

for  the  first  time  used  pre- and  post-treatment  T2WI  and  DWI  images  to
establish  a  radiomics  model  to  predict  pCR  for  patients  with  LARC.  The
predictive model achieved an AUC of 0.9756 for the internal validation cohort.
Bulens et al.82 further validated the performance of a radiomics model based
on pre- and posttreatment  MRI in  a  prospective cohort.  Although not  supe-
rior  to  the  semantic  model,  the  radiomics  model  achieved  an  AUC  of  0.83,
demonstrating its potential as an additional tool for identifying patients eligi-
ble  for  organ-preserving  treatment.  In  addition,  a  deep  learning-based
prospective  study  showed  that  pCR  can  be  effectively  predicted  by  CNN
analysis  of  pre- and  post-treatment  diffusion  kurtosis  MRI.49 The  model
outputs can be used to assist radiologists in clinical decision-making.

A limitation of the aforementioned studies is that they did not fully consider
the  dynamic  evolution  of  colorectal  tumors  on  images  over  time.  Delta
radiomics is defined as changes in radiomics features on a set of longitudi-
nal images that often reflect more individualized information. Several studies
have  performed  pre- and  post-treatment  MRI  analysis  based  on  delta
radiomics  to  predict  pCR  or  tumor  downstaging  in  CRC  after  neoadjuvant
treatment.83-86 Although  good  response  prediction  results  were  obtained,
these  studies  have  drawn  controversial  conclusions.  Shayesteh  et  al.83

pointed  out  that  the  delta  radiomics  model  outperformed  models  based  on
both pre- and post-treatment features. However, according to the results for
Chen  et  al.,84 the  pre-CRT,  post-CRT,  and  delta  radiomic-based  models
showed  no  significant  difference  in  predicting  three  different  responses.
These  contradictory  conclusions  may  be  due  to  the  small  sample  size  and
retrospective nature  of  the  data  collection.  This  necessitates  the  develop-
ment  of  prospective  multi-center  studies  to  demonstrate  the  reliability  and
robustness of delta radiomics for response prediction. In addition to reflect-
ing  the  dynamic  evolution  of  tumors  through  changes  in  predefined  high-
dimensional features, deep-learning-based strategies have gained popularity
in recent years. Jin et al.87 designed a multitasking deep-learning framework
based  on  the  Siamese  network  architecture.  Feature  representation  was
achieved  through  an  in-depth  comparison  of  pre- and  post-treatment

images;  rectal  tumor  segmentation  and  neoadjuvant  response  prediction
were  performed  simultaneously.  In  different  validation  cohorts,  the  AUCs  of
the model containing multi-time point dynamic information were improved by
14–19% compared to the model trained using only single-time point images.
This promising result demonstrates the potential of deep learning for extract-
ing  information  regarding  the  dynamic  evolution  of  tumors.  The  above
discussion  mainly  focused  on  the  application  of  pre- and  post-treatment
images at two time points. Shi et al.88 predicted patient response by analyz-
ing multiparametric  MRI scans before and during treatment.  The advantage
of this strategy is that it not only improves prediction accuracy by using infor-
mation from multi-time point images, but also proactively changes the treat-
ment  plan  according  to  the  prediction  results  mid-treatment.  This  method
has achieved a certain predictive effect, and the AUCs for predicting pCR and
GR  in  the  cross-validation  were  0.86  and  0.93,  respectively.  However,  the
sample  size  of  the  dataset  included  in  this  study  was  small  (n=51),  which
may have been limited by the strict inclusion and exclusion criteria. 

AI-BASED  MEDICAL  IMAGE  ANALYSIS  FOR  LONG-TERM  SURVIVAL
PREDICTION OF CRC

Long-term  survival  of  patients  was  defined  by  different  follow-up
endpoints,  including  LR,  distant  metastasis  (DM),  and  OS.  By  accurately
predicting the  prognosis  and realizing prognostic  risk  stratification of  differ-
ent  patients,  clinicians  can  formulate  personalized  treatment  plans  for
immune/targeted  therapy  and  postoperative  adjuvant  therapy.  For  example,
postoperative adjuvant  chemotherapy  is  recommended  for  patients  consid-
ered  to  be  at  high  risk  of  DM.  Biomarkers  such  as  genetic  mutations  and
copy  number  alterations  are  associated  with  the  prognosis  of  patients  with
CRC.89 Therefore, two ways to predict the prognosis of CRC through AI-based
image analysis are: “surrogate” and “end-to-end”.90 The pipeline of “surrogate”
methods is to predict  the status of  prognostic biomarkers or  mine informa-
tion  related  to  these  biomarkers  from  images,  thereby  guiding  treatment
strategies. In “end-to-end” methods, patient prognosis is directly predicted by
extracting  predefined  features  or  training  deep  learning  models  through
images. The prognostic risk in different patients can then be stratified using
prognosis-related imaging markers.  Next,  we review the progress of “surro-
gate” or “end-to-end” approaches for predicting CRC prognosis, respectively. 

Prognosis prediction based on surrogate approaches
The NCCN guidelines2 recommend that  all  patients  newly  diagnosed with

CRC  undergo  microsatellite  instability  (MSI)  testing.  MSI  is  defined  as  a
change in the length or base composition of microsatellite sequences caused
by an abnormal DNA mismatch repair  (MMR).91 This change can be divided
into  MSI-high  (MSI-H),  MSI-low  (MSI-L),  and  microsatellite  stability  (MSS)
according to the degree. MSI status correlates with the prognosis of patients
with  CRC92 and  can be  used to  evaluate  their  response to  fluoropyrimidine-
based chemotherapy93 and immunotherapy.94 Some studies have performed
MSI  prediction  using  radiology  image  analysis,  in  which  the  prediction  task
was  defined  as  a  binary  classification  between  MSS  and  MSI.  The  imaging
modalities used for the analysis included CT95,96 and T2WI.97,98 In general, the
radiomics- and  CNN-based  models  performed  well  in  predicting  MSI  from
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Figure 2.  Schematic of WSIs processing through AI methods WSI, whole slide image; AI, artificial intelligence; ROI, region of interest; H&E, hematoxylin and eosin; CNN, convolu-
tional neural network; MIL, multi-instance learning.
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radiology  images,  with  AUCs  ranging  0.77–0.90  on  validation  cohorts.
However,  the validation cohorts in  the above studies were randomly divided
from  multiple  centers,  and  the  results  require  further  validation  through
prospective  studies.  Furthermore,  the  interpretability  of  high-dimensional
imaging  features  in  predicting  MSI  remains  unexplored.  On  the  other  hand,
Hematoxylin and eosin (H&E)-stained WSI contain human-recognizable MSI-
related  morphological  information.64 Prediction  of  MSI  based  on  WSI  has
achieved  promising  results  in  international  multi-center  studies  with  large-
scale datasets.  Kather et al.,99 for the first time, performed MSI prediction of
gastrointestinal  cancer  using  H&E-stained  WSI.  Automatic  tumor  detection
and MSI status classification were performed using deep residual networks.
The model achieved a prediction AUC of 0.84 on the CRC dataset. Based on
the  above  findings,  Yamashita  et  al.64 further  evaluated  the  added  value  of
deep learning in predicting MSI in the clinical detection paradigm, where the
deep  learning  model  outperformed  experienced  experts  in  gastrointestinal
pathology in predicting MSI.

Kirsten rat sarcoma (KRAS) mutation is a negative biomarker for targeted
therapy  with  epidermal  growth  factor  receptor  and  is  associated  with  drug
resistance.100 The analysis results of CT101 and T2WI102–105 showed the poten-
tial of using radiology images to predict mutant and wild-type KRAS. Because
of  the  common  visual  similarity  between  images  of  mutant  and  wild-type
KRAS,  Ma  et  al.104 combined  information  from  T2WI  in  the  spatial  and
frequency  domains  to  predict  KRAS based  on  fully  preserved  features.  This
strategy  achieved  an  AUC  of  0.94  in  ten-fold  cross-validation and  outper-
formed other deep learning-based methods.

In addition to predicting a single molecular biomarker, several studies have
aimed to  predict  the  status  of  various  molecular  pathways  and  key  muta-
tions  using  deep  learning  methods  to  analyze  specific  paradigms  of  CRC
pathology images. Bilal et al.106 designed a weakly supervised learning frame-
work comprising three CNNs. The framework implements WSI-based predic-
tion  through  tumor  tile  detection,  molecular  status-related  tile  ranking,  and
nuclear  segmentation  (classification).  For  biomarker  prediction,  including
hypermutation,  MSI,  chromosomal  instability,  BRAF/TP53/KRAS,  and  CpG
island  methylator  phenotype,  the  framework  outperformed  previously
published  state-of-the-art  results.  In  this  study,  specific  WSI  phenotypes
were  associated  with  MSI  and  hypermutations.  Ding  et  al.71 developed  a
feature that encodes tumor spatial heterogeneity in WSI using a graph-neural-
network-based method. Using this strategy, a colon cancer dataset was used
to  build  predictive  models  for  genetic  mutations,  copy  number  alterations,
functional protein expression, and MSI. These models can be further general-
ized  to  the  RC  to  achieve  relatively  robust  prediction  results.  In  a  recent
study,107 CNN and ViT were used to jointly analyze WSI in CRC. In the identifi-
cation of genomic and proteomic statuses, and the prediction of OS and DFS,
this  framework  achieved  good  prediction  performance  without  detailed
region-level annotations.  More  importantly,  a  method  for  model  interpreta-
tion  was  proposed  in  this  study.  Model  interpretations  based  on  expert
pathological  knowledge  were  obtained  by  correlating  the  WSI  phenotypes
with predicted probabilities to generate concept scores. 

Prognosis prediction based on end-to-end approaches
The “end-to-end” prediction of prognosis for CRC patient has been formu-

lated  as  regression  tasks108 or  binary  classification  tasks22,109,110 in  previous
studies.  The labels of  the regression tasks were jointly  defined by follow-up
time and event status, and the predictive models assigned patients a contin-
uous risk score by estimating the risk of endpoint events. However, the exis-
tence of  censored data makes it  difficult  to apply deep learning approaches
to regression tasks on medical datasets with small sample sizes. For exam-
ple,  censored data make it  more difficult  for the model training to converge.
Therefore,  classification-based  studies  define  a  cut-off  for  follow-up  time,
such as the median follow-up time, and directly define endpoint events such
as the presence or absence of DM, RF, etc., for predictive model development.

Radiomics and deep learning approaches have been applied for the direct
prediction  of  patient  prognosis  from  radiology  images.  In  an  MRI-based
study,48 Liu  et  al.  developed  radiomic  signatures  for  DMFS  prediction  by
extracting  radiomic  features  from  T2WI  and  ADC  images  of  patients  with
LARC.  In  addition  to  being  independent  prognostic  factors  for  DMFS,
radiomic  signatures  can  be  used  to  assess  the  benefit  of  adjuvant

chemotherapy in  specific  patient  subgroups.  On this  basis,  a  deep learning-
based study was conducted to predict DMFS in patients with LARC receiving
neoadjuvant  chemoradiotherapy109 The  nomogram  developed  in  this  study
can effectively stratify the risk of DM in patients,  regardless of whether they
achieve  pCR  or  downstaging.  In  addition,  some  MRI-based  studies  have
predicted  multiple  clinical  outcomes,  including  OS,  DFS,  and  DMFS,  using
radiomics  or  deep  learning  approaches.46,55 The  main  added  value  of  these
studies is the determination of treatment benefits for patients. In addition to
the  application  of  multiparametric  MRIs,  FDG  PET/CT74 and  serial  CT
images110 have been used to predict patient prognoses, such as OS and DFS.
Lovinfosse et al.74 pointed out that texture analysis of FDG PET/CT provided a
better prognostic predictive ability than intensity- and volume-based param-
eters.  The model  proposed by  Lu et  al.110 used CNN and RNN structures  to
represent tumor morphological changes in serial CT images, thereby achiev-
ing an accurate prediction of OS in mCRC.

To  predict  CRC  prognosis  based  on  pathology  images,  different  deep
learning models have been developed to fully extract prognosis-related infor-
mation from WSI. In a multi-center study,50 more than 100,000 patches were
generated  from  hand-delineated  ROIs  on  CRC  tissue  slides.  Each  patch
belonged to one of nine tissue categories. Pretrained CNN models with trans-
fer learning were used for patch classification. From the output of the classi-
fication model,  a  biomarker significantly  associated with OS was calculated,
called  the “deep  stroma  score”.  Another  international  multi-center  study
proposed  a  pipeline  for  predicting  patient  cancer-specific  survival  using
WSI,22 with one CNN for the automatic segmentation of  cancer foci  and ten
CNNs for classification. The DoMore-v1-CRC biomarker developed using this
pipeline  can  guide  the  selection  of  adjuvant  treatment  for  stage  II  and  III
patients, such as avoiding therapy and undergoing more intensive treatment
regimens.  Based  on  this,  Kleppe  et  al.111 created  a  clinical  decision  support
system.  By  integrating  DoMore-v1-CRC  and  pathological  staging  markers,
patients were divided into three risk groups. Low-risk patients with stage II or
III CRC could avoid additional adjuvant chemotherapy, which was confirmed
using an external validation dataset. Furthermore, a recent study encoded the
WSI  using  an  unsupervised  deep  learning  network  to  help  identify  patients
with  stage  III  CRC  who  required  prolonged  chemotherapy  to  improve  their
prognosis.108
 

AI-BASED MEDICAL IMAGE ANALYSIS FOR METASTATIC CRC
For CRC diagnosis, preoperative knowledge of lymph node metastasis can

provide  valuable  information  for  determining  the  need  for  adjuvant  therapy
and  the  appropriateness  of  surgical  resection.  In  2016,  Huang  et  al.34 intro-
duced the concept of a nomogram into radiomics, visually demonstrating the
contribution of the radiomics signature and independent clinical factors to the
final prediction of lymph node metastasis in CRC. Since then, various studies
have predicted lymph node metastasis  using radiomics44,73 or  deep-learning
methods.112 The  results  of  these  studies  suggest  that  AI-based  models
predict  lymph node metastasis  in  patients  with  CRC using  MRI  or  CT more
accurately than radiologist assessments.

In  the  treatment  of  patients  with  mCRC,  oxaliplatin-based  first-line
chemotherapy and targeted therapy have made significant progress in recent
years,  thereby  improving  prognosis.  However,  given  the  heterogeneous
response of patients to this treatment, several studies have developed medi-
cal  imaging  markers  to  predict  the  treatment  response,  thereby  assisting  in
personalized  early  treatment  decision-making.  CT  is  the  preferred  imaging
modality for such analyses. To assess the response of mCRC to chemother-
apy,  Nakanishi  et  al.113 classified  patients  into  responders  and  non-respon-
ders  based  on  the  Response  Evaluation  Criteria  for  Solid  Tumors  (RECIST).
The  radiomic  signature  constructed  based  on  pre-treatment  CT  showed  a
good predictive value in the validation cohort (AUC 0.779). Furthermore, Gian-
nini  et  al.114 comprehensively  analyzed  CT  images  at  different  treatment
stages using delta radiomics. This strategy had a higher prediction accuracy
for  the  RECIST  assessment-based  chemotherapy  response,  with  an  AUC
higher than 0.9 in both the training and validation datasets. For targeted ther-
apy  response  assessment,  Dohan  et  al.115 and  Lu  et  al.110 performed  a  CT
analysis based on radiomics and deep learning to predict the OS of patients
treated with anti-vascular  endothelial  growth factor  (anti-VEGF) agents.  The
results showed that these methods were better at identifying patients' treat-
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ment  responses  than  RECIST.  The  2-month  radiomic  nomogram  proposed
by Dohan et al. had the same prognostic value as the 6-month RECIST1·1 but
had better predictive performance than the 2-month RECIST1·1 (HR: 2.07 vs.
1.40, P  < 0.0008 vs.  P  = 0.238).  The DL-Nomo model  proposed by Lu et  al.
incorporated the DL prediction score into the Size-Nomo model and achieved
the  best  performance  among  all  models  (C-index  0.694  (95%  CI:  0.661,
0.720),  all P <  0.001,  z-test).  Although  showing  acceptable  discrimination
performance (0.657 (95% CI: 0.546, 0.769)), the RECIST 1.1 model added little
clinical value to the early prediction of OS. 

CHALLENGES AND PROSPECTS
With the rapid development of AI in recent years, studies on the prediction

of  short-term  response  and  long-term  survival  of  patients  with  CRC  from
medical  images have shown promising results.  In  addition to  improving the
accuracy of prediction, researchers are increasingly interested in the develop-
ment of imaging biomarkers that can influence and guide specific treatment
plans for patients. However, the application of AI-based imaging analyses in
real-world  clinical  practice  remains  challenging.  These  challenges  include
technical as well as moral and ethical considerations. In the following section,
we summarize the challenges and potential solutions to model interpretabil-
ity, generalizability, and data privacy protection. 

Model interpretability
As  the  size  of  medical  datasets  increases,  data-driven  deep  learning

approaches  have  achieved  better  performance  than  handcrafted  feature-
based models in various downstream tasks. However, the “black box” nature
of  deep  learning  makes  it  difficult  for  clinicians  to  fully  trust  the  decision-
making  process.  Therefore,  in-depth  research  on  model  interpretability  is
beneficial  for deep learning visualization applications. Some strategies,  such
as class activation maps,116 aim to reveal regions in the original input image
that the model  pays the most “attention” towards.  For vision tasks,  such as
cancer segmentation and lesion detection, such visualization strategies allow
for  an  effective  comparison  of  the  model  output  to  expert  knowledge  and
subsequent evaluation of the model performance. However, for response and
prognosis prediction tasks, these strategies result in poor interpretability. This
is  because  the  response  and  prognosis  prediction  tasks  are  usually  non-
What  You  See  is  What  You  Recognize.  This  makes  visualization  strategies
less attractive and useful only for excluding erroneous outputs, causing them
to  seek  explicability  rather  than  interpretability.117 Nevertheless,  some
progress  has  been  made  in  radiology  and  pathology  imaging  to  seek  the
biological interpretation of features and models.

For  radiology  image analysis,  habitat  imaging  is  a  way  to  describe  tumor
heterogeneity.  It  associates  high-dimensional  features  with  specific  tissue
phenotypes,  such  as  necrosis  and  edema,  by  classifying  different  tumor
regions.118–120 Since tumor heterogeneity is related to the treatment response
and  prognosis  of  patients,  model  development  using  features  obtained  via
habitat imaging is interpretable to a certain extent. However, there is currently
no unified  measurement  template  for  habitat  imaging,  and  more  standard-
ized and prospective research is required. For pathology image analysis,  the
phenotypes of WSIs can be obtained by automatic clustering of patches121 or
by  building  a  patch  classifier.50 After  phenotype  recognition,  the  contextual
information  of  WSIs  can  be  further  obtained  using  a  graph  convolutional
network122 or  attention-based  MIL  methods,68and then  applied  to  down-
stream  tasks.  Finally,  molecular  biomarkers  such  as  MSI,  KRAS,  and  tumor
mutational  burden  are  related  to  patient  response  or  prognosis.  Predictive
model  development  by  mining  information  related  to  these  molecular
biomarkers in radiology123 or  pathology images124 may provide more model-
ing details than end-to-end prediction. 

Model generalizability
Formulation of standard protocols such as CLAIM,125 IBSI,37 and TRIPOD126

has enhanced the repeatability of AI model results in medical image applica-
tions  and  improved  the  quality  of  research.  However,  despite  the  excellent
performance of  AI  models  on specific  datasets,  their  performance degrada-
tion on external  datasets has significantly  hindered their  application in  clini-
cal practice. This phenomenon may have been caused by data heterogeneity
and  inappropriate  model  training  strategies.  From  the  perspective  of  data,

non-independent  and  identically  distributed  (non-IID)  data  can  result  from
inconsistent  collection  protocols  and  label  shifts  among  different  centers.
The  IID  of  data  is  an  idealized  assumption  for  many  AI  model  applications.
From  the  perspective  of  model  development,  overfitting  caused  by  small
training  sets  is  a  common  problem  when  AI  is  applied  to  medical  image
datasets.  Building  AI  models  for  domain  adaptation  is  currently  a  research
hotspot.  Ganin  et  al.127 suggested  achieving  domain  adaptation  to  some
extent  by training the model  to be more separable from the learning task in
the source domain and more invariant to different domains.

First, the performance of the predictive model in the source domain should
be  improved  as  much  as  possible  while  preventing  overfitting.  For  the
segmentation  and  classification  of  medical  image  datasets,  some  general
few-shot learning methods, such as transfer learning,59 meta learning,128 and
metric  learning,129 have  made  progress.  Multimodal  fusion  is  a  promising
research  direction  because  conclusions  regarding  clinical  diagnosis  and
treatment  can  be  drawn  by  integrating  different  modal  data.  Combining
multimodal  information  with  AI  approaches  may  lead  to  predictions  with
higher  accuracy  and  improved  generalization.  Combining  easily  available
clinicopathological factors and high-throughput imaging features is an effec-
tive way to improve the model’s prediction performance. The feasibility of this
strategy has been confirmed in  prediction tasks including pCR,42 DM,109 and
lymph node metastasis.34 The fusion of high-dimensional representations of
radiology and pathology  images and genomic  data  has  attracted the  atten-
tion  of  an  increasing  number  of  researchers.  Recent  studies  have  adopted
the  visual  question  answering  mechanism-based  method130 or  correlation-
guided method131 to obtain interpretable multimodal-fused features.

Second,  model  variability  across  domain  transfers  should  be  minimized.
Typically, the pre-processing of data is necessary to train AI-based predictive
models.  Grayscale or  color  normalization,  resampling,  and ROI  selection are
widely used to preprocess radiology and pathology images. Domain adapta-
tion  through  frequency  domain  pre-processing  is  a  simple  and  effective
method.  Yang  et  al.132 achieved  unsupervised  domain  adaptation  by
exchanging low-frequency spectra of the source and target domain images.
This  method performs style  transfer  while  preserving the high-level seman-
tics  perception  of  the  target  domain  images.  In  terms  of  model  building,
adversarial  learning  approaches133,134 minimized domain  shifts  by  maximiz-
ing  the  confusion  between  the  source  and  target  representations  through
trained discriminators.

Finally,  while  early  research  relied  on  densely  annotated  medical  image
data  for  training  robust  neural  networks,  obtaining  such  detailed  manual
annotations  is  often  expensive,  laborious,  and  prone  to  intra- and  inter-
observer variability.  This flaw is particularly evident when gigapixel WSIs are
annotated.  With  the  great  success  of  self-supervised  pre-training  in  natural
languages,  many  studies  have  focused  on  exploring  the  potential  of  this
method in medical images. The core concept of this method is to effectively
learn  image  representations  through  pretext  tasks  and  unlabeled  data.  The
learned  image  representations  are  then  transferred  to  specific  downstream
tasks,  thereby  accelerating  the  learning  process  of  the  model  using  limited
labeled data. For CRC recognition,135 detection,136 tissue type classification,137

survival  prediction,138 and  MSI  prediction,139 the  results  of  different  studies
show  promising  prospects  for  self-supervised  pretraining.  For  example,
according  to  the  method  proposed  by  Azizi  et  al.,138 in  out-of-distribution
settings,  only  1–33%  of  the  data  were  required  for  retraining  to  match  the
performance  of  supervised  models  retrained  using  all  available  data.  The
advantage  of  self-supervised  pre-training  is  that  it  is  beneficial  for  model
generalization. However, at present, there are few large-scale public datasets
of CRC radiology images, which pose certain difficulties for the application of
self-supervised  pre-training  methods.  Whether  radiology  image  analysis  of
CRC can benefit from this strategy remains to be studied. 

Patient privacy protection
The limited availability  of  datasets  for  AI  algorithm training and validation

hinders  their  widespread  use  in  clinical  practice.  The  main  reasons  for  this
are the lack of standard electronic medical records and strict patient privacy
protection  laws.56,140 Sharing  data  between  different  centers  must  be
approved by the institutional  review board or ethical  committee.  To address
this  challenge,  federated  learning  (FL)141 has  been  proposed  to  effectively
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utilize  multi-center  data  through distributed  training  while  protecting  patient
privacy  and  data  security.  The  basic  principle  of  FL  involves  setting  up  a
central  server,  learning  the  distribution  of  different  central  data  under  the
premise of integrating model parameters instead of data, and applying them
to  downstream  tasks.  Federated  averaging  (FedAvg)  is  a  simple  method  of
aggregating model  parameters.  Based on the proportion of  data  in  different
centers, the FedAvg algorithm weighs and averages the model parameters on
the  central  server  and  feeds  them  back  to  each  center.  FedAvg  achieved
preliminary  results  in  the  clinical  tasks  of  COVID-19  lung  abnormalities
detection,142 rare cancer boundary detection,143 response prediction to neoad-
juvant  treatment,144 and  prognosis  prediction.145 However, the  FedAvg  strat-
egy  may  exacerbate  the  negative  impact  of  non-IID  data  on  model  training
and affect model convergence. Some studies have realized the development
of domain adaptation and domain generalization algorithms based on the FL
framework  and  applied  them to  multi-center  datasets  under  patient  privacy
protection.128,146–148 The results of these studies indicate that designing novel
federated  domain  adaptation  or  generalization  methods  is  a  promising
research direction for  medical  image analysis.  They can maintain  the accu-
racy of the predictive models while protecting patient privacy. 

DISCUSSION
AI-based  medical  image  analysis  provides  opportunities  for  precision

medicine  development.  This  article  comprehensively  reviews  the  primary  AI
methods  for  the  medical  image  analysis  of  CRC  and  the  current  research
status  of  such  methods  in  predicting  the  neoadjuvant  chemoradiotherapy
response and prognosis of patients with CRC. Current research results show
that  fully  utilizing  medical  image  information  can  assist  doctors  in  making
clinical  diagnoses  and  treatment  decisions  at  different  stages,  resulting  in
potential  clinical  benefits.  First,  accurate prediction of  a patient’s  short-term
response  from pre- and  post-treatment  images  can  help  tailor  neoadjuvant
treatment  plans  and  surgical  options,  respectively.  The  comprehensive
utilization of image information at different time points is expected to further
improve  prediction  performance.  Second,  the  prediction  of  a  patient’s  long-
term  prognosis  using  end-to-end  or  surrogate  methods  can  help  clinicians
make decisions regarding adjuvant treatment options. For example, accurate
prediction  of  DM  can  help  formulate  postoperative  adjuvant  chemotherapy
regimens. Additionally,  in surrogate approaches, mining images for informa-
tion related  to  molecular  markers  can  increase  the  interpretability  of  prog-
nostic prediction models.

Despite these  promising  results,  the  methods  proposed  in  the  aforemen-
tioned  studies  still  face  challenges  in  their  application  in  clinical  practice.  A
limited sample size is one of the main factors hindering the success of these
methods. AI models built using small-sample datasets may not be sufficient
for handling complex clinical scenarios. Furthermore, the proportion of stud-
ies  with  external  validations  remains  low.  Among  the  48  studies  on  short-
term  response  and  long-term  survival  predictions  introduced  in  this  review,
only  18 conducted an external  validation of  the proposed method (Table  2).
Expanding the sample size and conducting multi-center prospective studies
are  important  for  the  clinical  promotion  of  AI  methods.  Moreover,  medical
image analysis methods such as multi-modal fusion and self-supervised pre-
training  should  be  considered  in  future  research.  Model  performance  and
interpretability  should  be  reported  in  sufficient  detail  in  the  corresponding
studies. Finally, constructing AI models while protecting patient privacy is an
important aspect of applying these analytics to a wide range of clinical prac-
tices.  Thus,  addressing  model  performance  degradation  under  a  federated
learning framework has broad research significance.
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