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* Gliomas

« Common type of brain tumor v
* Average survival time 12-18 months
* Conventional MRIs and biopsy

* Amide proton transfer-weighted (APTw)

* New MRI sequence with clinical values
for glioma diagnosis
* More tissue-specific

* Hyperintensity region with a ring indicates
high-grade gliomas

* Goal: automated pipeline with deep learning
for glioma classification and grading



Paper overview

e Paper to be discussed:

Learning-Based Analysis of Amide Proton Transfer-Weighted MRI to Identify Tumor Progressionin
Patients with Post-Treatment Malignant Gliomas. By Guo et al.

* Previous work of Dr. Jiang's APT group (JHU Radiology Dept) on similar problems with glioma
using a subset of current dataset

* Recently submitted and under review

* Pertinent information for this project
* Preprocessing pipeline —how the dataset is originally developed
e Consideration and usage of deep learning algorithms



Methods
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Result summary

A CNN could learn from the data to predict tumor recurrence at slice-level

Using APTw images improves classification performance:
e Slice-level AUC: increased from 0.88t0 0.90
e Scan-level AUC: increased from 0.85t0 0.90

Additional modules (learnable subtraction layer, hierarchical classification, LSTM) also improve
the performance and extend the task to scan-level classification with ablation study

Using class activation map could broadly highlight tumor regions

FLAIR Lesion Mask
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Assessment

* Pros

* Functional preprocessing pipeline and deep learning architecture with key contributions
e Can be used as baseline model for our project

* Ablation study to show effectiveness of each key design
* Reasoning and insights on the choice of algorithm

* Cons
* Validation method

* Dataset split by chronological order of patient enroliment instead of k-fold cross
validation

* Lack of documentation in the paper for training and data augmentation schemes
* No public code repository available
* Certain important information only found in source code
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