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Multi-modality Imaging in Cancer

• Diagnosis
• Disease classification
• Response to therapy
• Prognosis
• Toxicity
• Precision medicine
• Drug discovery

Semantic features
(qualitative imaging features that are 
defined by experienced radiologists)

Radiomic features
(quantitative features from medical 
images using  automated data 
characterization algorithms)

• Machine learning 
algorithms

• Deep learning 
algorithms

Dosiomic features
radiomic features extracted 

from dose maps

descriptors of spatial patterns 
in dose distributions



Indian Data : Radiomics & AI across all cancers

• Data has just started emerging from Indian institutions

• Mostly computational and organizational data

• Limited clinical Data 

• Ongoing studies at various centres across India

CMC, Tata Medical Centre, Tata Memorial hospital, other Centres across 
India……….



Radiomics in preoperative classification of PitNETs
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Radiomics in preoperative classification of PitNETs

Sathya et al Acta Neurochirurgica 2024

somatotroph and gonadotroph PitNETs

AUC Accuracy Sensitivity Specificity

0.84 0.74 0.70 0.81

high- and low-risk non-functioning PitNETs

AUC Accuracy Sensitivity Specificity

0.76 0.67 0.66 0.72



Tata Memorial Hospital Projects

• Started in 2018 : Retrospective  studies to explore its potential

• No of  Radiomics based Research projects :17
(across all cancers; 3 projects on brain tumors)

• Radiomics extraction software used: TexRAD TM & Pyradiomics

• Research projects with specific endpoints
- Grading of Cancer
-Molecular classification of disease
- Response to Therapy
- Survival Outcomes

• Publications : 5  &  Abstract in conferences: 6 



Radiomics & Deep Learning in molecular 
classification of cancers



Predicting IDH subtype of high Grade Astrocytoma and
Glioblastoma from tumor radiomic patterns extracted from
Multiparametric Magnetic Resonance Images

Kandalgaonkar & Ann Christy Saju et al
Frontiers in Oncology, 2022



• N= 100 pts
• Imaging protocol T1+C & T2W MRI sequences
• 82 texture features each in T1W+C &T2W images

Fine filter

Medium filter Coarse filter



LASSO selected features used for model
development



Performance of best classification model

10-fold internal cross validation

Best Model(4 GLCM+10 first order features)



MEdulloblastoma Radiomics as a Molecular 
Adjunct In Diagnosis (MERMAID)- Initial Analysis

Ann Christy Saju et al, British Journal of radiology 2020



Radiomics Work flow

2007- 2019



Fine filter

Medium filter Coarse filter

Data Augmentation
Single slice multiple sampling of volumes

T1+C -174,T2W-170

T1w+C & T2W:164 texture features 



Performance of Single slice Multiple Sampling approach 
using GLCM + shape features in T1w images

.

Best Model(30 GLCM+6 shape features)

Support vector 
Classification



Validation cohort ( N= 30) 

Precision Recall F1 Score Sensitivity Specificity

Gp3 38.27 26.94 30.05 NaN 84.11

Gp4 58.07 26.60 34.82 58.07 86.58

WNT 28.22 50.00 34.05 NaN 75.11

SHH 26.95 58.61 33.83 26.95 69.04

Support vector Classification



• N=117
• EGFR mutation: 33;ALK mutation:43; 

double negative:41
• Data was divided into 80% training and 

20% testing
• Training was done using CNN architecture
• Different Deep learning algorithms were 

used



DL for predicting ALK & EGFR mutations in 
brain mets of lung cancer pts



Predicting Biomarker using Imaging Biomarker

Tata Memorial Hospital / Homi Bhabha National Institute

• 282  NSCLC patient’s pre-
treatment CT scans

• [EGFR+(178)/ EGFR- (104)] 

• 108 stable radiomic features 
(based on our earlier stability 
study (Jha A,K, etal,2021) 

• hierarchical clustering

• RFE : 6 radiomic features

• ML algorithms: Decision tree , 
Random forest, K-nearest 
neighbor, XG-boost, Adaboost and 
Logistic regression. 

• Train and Test(70:30)

• Models were compared based on 
Accuracy and AUC in the Test set

Accessing the predictability of Epidermal growth factor receptor status 
from Computed Tomography radiomics using machine learning. 

Sherkhane, U., Jha, A. K., Jaiswar, V., Mithun, S., Rangarajan, V., Wee, 
L., & Dekker, A. (2022, September). EUROPEAN JOURNAL OF NUCLEAR MEDICINE 

AND MOLECULAR IMAGING (Vol. 49, No. SUPPL 1, pp. S623-S623).



Radiomics in Grading of Cancer



Machine learning based Radiomics for Classifying Glioma 
grade from Magnetic Resonance Images of the brain

• N= 83 
• Histopathologically proven gliomas 
• underwent T2W sequence MRI

• LASSO regression method was selected for feature reduction

-The features selected were 3 first order and 1 shape feature to develop the model

• Used multiple machine learning tools
- Gradient boost classifier
- Adaboost classifier
- Random Forest classifier

- Support vector machine Classifier
- Naïve Bayes Classifier Kumar A et al; Journal of personalized medicine 2023



Radiomics for Classifying Glioma Grade
Random forest classifier Support Vector classifier Gradient boosting Classifier Naive Bayes classifier

AdaBoost
classifier (ABC)

Kumar A et al; Journal of personalized medicine 2023



• Random forest model was found to be a better than the other three classifier models for all the performance 
metrics in differentiating the grades of gliomas. 

• The RF classifier on glioma grades achieved a predictive performance (AUC:0.81, accuracy :0.83, precision 
:0.85 ,Recall:0.93 & F1 score:0.88)

Kumar A et al; Journal of personalized medicine 2023

Prediction model performance from selected radiomics features for classifying 
LGG from HGG.



Characterization of lesions



Characterization of SPN using Radiomic feature

• Total 163 patients 117 metastatic and 46 benign . 

• Feature selection by RFE: 5 radiomic features 

• PCA: 3 principal components

• Data balancing: SMOTE

• Prediction model: Random forest 

• Validation: test, cross-validation and bootstrap. 

• Accuracy:  0.8, 0.80±0.07, and 0.84±1.11 
(original)

• Accuracy: 0.8, 0.83±1.10, and 0.80±0.07 
(balanced)

• PCA  accuracy: 0.86. 

Artificial Intelligence assisted PET imaging biomarker for the 

Characterization of Solitary Pulmonary Lesions

Ashish Kumar Jha, Sneha Mithun, Umesh Kumar Baburao Sherkhane, Akhilesh 

Tripathi, Grace Monica S. Mehta, Nilendu Purandare, Leonard Wee, V. Rangarajan, 

Andre Dekker, Molecular Imaging and BiologyTata Memorial Hospital / Homi Bhabha National Institute



Treatment response and prognostication



MRI based radiomics as an Imaging biomarker for locally advanced carcinoma

rectum: Predicting tumor response, and survival following Neoadjuvant

Chemoradiotherapy.

Screened 614 pts
Analysed 100 pts
No of radiomic features :62
End points : Tumor response to NACTRT

2 yr DFS
3 Yr OS  



Clinical endpoint

Criteria

Feature Selection method Selected optimal radiomic features from Baseline

and Post – Operative MRI

Tumor response to 

NACTRT

Recursive feature elimination 

using random forest algorithm

Standard deviation (SSF3)- Baseline MRI

Standard deviation (SSF2)- Baseline MRI

Skewness(SSF2)- Baseline MRI

GLCM-IDMN- Post-NACTRT MRI

Differential Entropy- NACTRT MRI

3- year Overall 

survival

Recursive feature elimination 

using random forest algorithm

Skewness (SSF4)- Baseline MRI

Skewness (SSF5)- Baseline MRI

GLCM-Homogeinity- Baseline MRI

GLCM-Contrast – Baseline MRI

GLCM-Dissimilarity- Baseline MRI

GLCM-IDM- Baseline MRI

2- year disease-free 

survival (DFS)

Recursive feature elimination 

using random forest algorithm

GLCM Cluster shade- Baseline MRI

'GLCM homogeneity- Baseline MRI

GLCM IDM- Baseline MRI

GLCM Auto Correlation- Post- NACTRT MRI,

GLCM homogeneity- Post-NACTRT MRI



Prediction Model performance from selected radiomic features for 
classifying tumour response (Complete response v/s no or partial response)



Prediction Model performance from 
selected radiomic features for  2 year DFS 



Prediction Model performance from selected radiomic 
features for Overall Survival at 3 years



Radiomics  in organ preservation



TeXRad Software 
1st order  intensity based  histogram features
used spatial scaled filters to reduce the background noise





The Next Steps in TMH

• Prospective validation on an external data set  to have more robust  and interpretable 
results

• Need more concerted efforts in developing large and annotated imaging data bases 
through multicentric approach

• Planning to use Radiotherapy image data sets (CBCT & MVCT ) images.

• Dosiomics : extracting features from radiation dose maps to study the end point of 
interest 

- Clinical outcomes
- Radiation Toxicity 

Is it prime time for  AI or Radiomics to be used in clinical settings ? 
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Radiomics Workflow



Classifying PCNSL from GBM by DL/ ML approach 

Meta analysis of studies comparing DL/
ML with gold standard Pathology
diagnosis

Meta analysis of studies comparing DL/
ML with radiologist in discriminating
GBM from PCNSL



Classifying PCNSL from GBM by DL/ ML Approach 

studies comparing DL/ ML with Pathology studies comparing DL/ ML with Radiologist



Development and validation of radiomic signature for predicting overall survival 
in advanced-stage cervical cancer

Radiomic feature selection

Step 1: 121 stable radiomic features
Step 2: top 7 clinical features and top 15 
radiomic features.
Step 3:



Classifying PCNSL from GBM by DL/ ML Approach
studies comparing DL/ ML with Pathology

• The diagnostic metrics for AI/ML for discriminating PCNSL from GBM  were high and comparable to Pathology
• Limited by the number of studies and heterogeneity.
• Cautious regarding over fitting of models.



Classifying PCNSL from GBM by DL/ ML Approach
studies comparing DL/ ML with Radiologist

Diagnostic Metrics of Machine learning/ Deep Learning models Diagnostic metrics of Radiologists

• DL/ML tools can complement radiologists in classifying PCNSL from GBM.
• The role of radiologists cannot be undermined since AI is prone to over fitting.
• DL/ML performed better than radiologist with superior sensitivity and accuracy.
• Radiologists showed better specificity, this could be attributed to their experience



Radiomic features are biologic correlates of tumor 
heterogeinity

Biological Underpinning of Radiomic Signatures
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Development and validation of radiomic signature for predicting 
overall survival in advanced-stage cervical cancer

• Pretreatment clinical features and CT radiomic features of 68 patients, 
treated with CTRT

1,093 radiomic features extracted from CT images


