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Recist

Colorectal cancer is one of the leading causes of cancer 
worldwide, accounting for over 25% of cancers and 35% of can-
cer-related deaths across the globe [1,2]. Liver metastases pres-
ent in more than half of colorectal cancer cases [3]. Therefore, 
personalized therapy and evaluation of changes in tumor size 
are pivotal for treatment success [4]. To this end, the response 
assessment to systemic therapies primarily relies on using the 
Response Evaluation Criteria in Solid Tumors (RECIST). RECIST 
relies solely on anatomical information regarding tumor size [5]. 
In general, tumor therapy success is measured by radiographic 
markers to predict overall survival. Newer therapies require 
new predictors for response to treatment, which can be devel-
oped by data computed from large CT scan databases [4].
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Combination of Radiomics features using AI

Radiomics is a technique that allows for extraction of quan-
titative features from medical images. It can provide alterna-
tive noninvasive measures in the detection, differentiation, and 
prognosis of patients undergoing treatment [6]. Machine learn-
ing enables the automated mining of quantitative features, 
which allows the discovery of combinations of certain features 
(typically referred to as signatures) to predict outcomes of in-
terest, such as patients’ survival after treatment initiation [4].  
Quantitative features are, for instance, tumor volume (better 
indication of tumor size), tumor shape (more irregular borders 
indicate more aggressive tumors), and heterogeneity of tumor 
density (a representation of tumor vascularity and necrosis) [5]. 
New machine learning algorithms can predict time to death as 
a continuous variable, unlike RECIST, which converts continuous 
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variables of maximum lesion diameter into categories [4].

With the help of the Support vector regression algorithm the 
length of stay has been predicted with an accuracy of 83% [7]. Bi-
directional long short –term memory (BI-LSTM) model has been 
utilized to predict readmission with an accuracy of 80-96% [8].

Liver metastases develop in a significant proportion of pa-
tients during the follow up period [9]. Early identification of the 
subgroup of patients who can be cured by surgical resection of 
metastases can lead to superior outcome. Hepatic metastases 
are typically best seen in portal venous phase of contrast CT 
where they appear as hypodense lesions. Lesion conspicuous 
depends on differential enhancement between metastatic le-
sions and the adjacent parenchyma. Some hypervascular le-
sions may show significant arterial enhancement during the 
arterial phase.

A fully automatic Deep Learning-based convolutional neural 
networks (DL CNN) has helped in recognizing optimal portal ve-
nous phase acquisitions [10].

TNM staging plays an essential role in the multifaceted treat-
ment approach.With the use of CNN algorithm AI has been 
shown to be useful in differentiating T2 and T3 tumors with an 
accuracy of 94% [11].

Prediction of toxicity (chemotherapy, targeted agents, im-
munotherapy)

A growing field of research is leveraging AI to empower new 
prognostic, predictive, and therapeutic approaches in patients 
treated with immunotherapy, chemotherapy, and targeted 
agents [12]. To guide modern clinical decisions, we should de-
crease our dependence on size-based categories and reconcep-
tualize progression as a spectrum from acceleration to deceler-
ation [12]. One example of this is metabolic PET imaging, which 
may have an advantage over CT in evaluating immune-related 
adverse events (irAE) due to inflammatory processes induced by 
colitis, pancreatitis amongst others are associated with marked-
ly increased 18F-Fluorodeoxyglucose (FDG) uptake [12]. In addi-
tion, high glucose uptake in non-tumoral hematopoietic tissue 
is typically related to cancer-related systemic immunosuppres-
sion and unfavorable outcome. Therefore, glucose metabolism 
in malignancies can help suggest additional therapies [12].

Prediction of response to chemotherapy

Metastatic colorectal cancer remains incurable; however, 
with advances in cytotoxic chemotherapy, survival has im-
proved [13]. In rectal cancers, MRI plays a crucial role in identify-
ing desirable patients for chemotherapy. There has been some 
success with using algorithms to distinguish the lymph node 
staging N0 from N1-2 patients with moderately strong sensitivi-
ties and specificities, in addition to predicting nodal pathology 
following neoadjuvant chemotherapy. Tumor grade, mutation 
status, and overall survival were significantly associated with 
CT-derived texture features of colorectal liver metastasis be-
fore the initiation of treatment. The proportion between lesion 
texture and the surrounding liver may reflect tumor aggressive-
ness, chemotherapy response, and OS [14].

Prediction of response to targeted agents

In colorectal cancer and other tumors, anti-epidermal 
growth factor (EGFR) therapies, including tyrosine kinase inhibi-
tors and monoclonal antibodies, demonstrate activity (?what 
do you mean by activity) [3]. In metastatic colorectal cancer, 

the evaluation of anti-EGFR monoclonal antibodies relies on 
CT scan response endpoints [3]. As the decision to continue 
EGFR-targeted therapies must weigh the risks and potential re-
wards, there is a strong need for biomarkers that can trace and 
estimate the likelihood of clinical benefits in each individual pa-
tient [3]. There are proof of concept studies demonstrating that 
machine learning can create signatures which quantify early 
change in tumor phenotype between baseline and eight weeks 
post-immunotherapy through CT scan images to predict clinical 
outcome [3]. Radiomics can help identify statistically significant 
associations between variables such as clinical outcomes or 
tumor mutation status through machine learning [3]. In addi-
tion, Radiomics can help identify neovascular patterns associ-
ated with reduced treatment efficacy, poor outcomes because 
of reduced drug activity, hypoxia, and promotion of immune 
evasion, tumor progression, and metastasis [3].  A benefit of AI 
techniques is that it allows objective and reproducible analysis, 
which is not apparent to the human eye [3]. Furthermore, since 
CT scans are widely used, AI can be a cost-effective method for 
identifying EGFR-resistant tumors due to the clonal acquisition 
of resistant mechanisms [3]. 

Prediction of response to immunotherapy

Cancer imaging has historically focused on tumor cells. Still, 
their immune state, defined by the density, composition, func-
tional state, and organization of tumor-infiltrating leukocytes, 
may give us more information on the efficacy of immunotherapy 
and overall prognosis [12]. As radiomic signatures are finetuned 
and used in larger cohorts, they can eventually guide clinical 
decisions, such as changing therapies at appropriate times [15]. 
These signatures are considered noninvasive in vivo surrogates 
of biological changes post-treatment, understood by both ra-
diologists and oncologists [15]. Computers excel at mining and 
extracting large amounts of data from quantitative CT analysis, 
which help predict treatment sensitivity [15]. AI-derived sys-
tems are a cost-effective method that can aid clinicians in early 
predicting treatment efficacy using conventional CT scans [3]. 
This will allow for more accurate treatment decision-making, 
which can initiate the foundation for implementing adapted 
treatment guided by quantitative CT scan interpretation [15]. 
Progress in immunotherapy imaging has given us both the com-
plex patterns of immunotherapy and the capacity to train AI to 
discover the complex relationships of imaging features [12].

Conclusion

By objectively assessing medical images and analyzing for 
clinically relevant features, such as tumor heterogeneity, ra-
diomics can potentially noninvasively individualize medical 
treatments by detecting patients who will derive long-term 
benefits from the drug [14,16]. With the advent of technological 
advancements, radiomics provides a promising potential role in 
the diagnosis and personalized treatment of colorectal cancer. 
Although AI in medicine is still beginning, this technology has 
significant benefits and promises to boost clinical efficacy, in-
dividualize medical decision-making, and improve patient care. 
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