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Introduction:

Machine learning offers promise to detect brain abnormalities in MRI. However, current ML systems are abnormality-speci�c, in that they learn the MRI signatures of an abnormality type that applies only to that abnormality but not others.
For example, an ML system that detects brain tumors is speci�c to brain tumors and not directly deployable to non-tumor brain abnormalities1. Compared to abnormality-speci�c radiology assistant systems, we aimed to develop a generic
algorithm that can detect abnormalities in a one-for-many fashion, thereby providing a more realistic application for radiology work�ows.

We noted that different abnormality types are common in that they are all outliers to normal2. So, instead of learning the speci�c type of abnormality, we quanti�ed normal, and tested the potential to detect different abnormalities. 

We started from quantifying normal variation of Apparent Diffusion Coef�cient (ADC) maps in children 0-6 years of age3. Choosing this age range was because of the critical but unmet need to separate abnormality-induced ADC changes
from the rapid normal-development-related ADC changes. Choosing ADC maps was because of the wide use in clinical neuroradiology to identify many pediatric brain abnormalities such as ischemia, trauma, infection, neoplasia and
myelination disorders. Our pilot testbed includes two types of abnormalities: hypoxic ischemic encephalopathy (HIE, affecting newborns)4 and sturge-weber syndrome (SWS, �rst onset typically in 0-6 years)5.

Methods:

From 201 retrospectively collected normative ADC maps (0-6 years), we constructed average ADC atlases in 10 age groups: the �rst two weeks, every quarter in the �rst year, and yearly thereafter3. The atlases quanti�ed normal ADC
variations at every brain voxel (in space) and each of those 10 ages (in time). ADC maps of N=132 HIE patients and N=10 SWS patients were compared to the age-matched normal atlases, by deformable atlas-to-patient image registration6,7.
In a naïve approach, those voxels having ADC values two standard deviations away from the average ADC in corresponding location and age were considered abnormal5. Accuracy of the detection was quanti�ed by Dice overlaps with
expert-annotated lesions (0~100% for none to perfect overlap), by comparing to radiology reports validated by experts and by correlating with neurologic outcomes.

Results:

Accuracy. In HIE, the median Dice overlap with expert was 96.2% if more than 50% of the brain was injured (N=12), 76.7%, 75.3%, 79.9%, 68.6% and 41.6% if 20-50% (N=12), 10-20% (N=5), 5-10% (N=10), 1-5% (N=28) and <1% (N=65) of the
brain was injured. The median Dice across all patients was 60.4%, compared to 52% in a latest ML study of HIE lesion detection (different cohorts)8. In SWS, our approach found brain lesions in ADC maps of all 7 patients (1.5, 2, 2, 3, 4, 8, 9
months) who developed epilepsy/seizure within 3 months after the MRI. 

Catching abnormality in clinical false-negative reads. Our approaches found abnormalities in 17 of 25 HIE patients (Fig 1a) and 2 of 3 SWS patients (Fig 1b) whose ADC maps were clinically read as normal but who later developed adverse
outcomes.

   ·Fig 1. Two HIE patients (top panel) and two SWS patients (bottom panel) whose ADC maps were clinically read normal but who later developed adverse neurologic outcomes. Our approach found abnormalities
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 Conclusions:

This proof-of-concept study shows promise for a generic abnormality detection approach. Our approach not only yields promising accuracy in MRIs that neuroradiologists have identi�ed lesions, but also in MRIs that neuroradiologists mis-
read (Figure 1). In SWS, a rare disease, ADC maps are traditionally thought not sensitive enough, and contrast enhancement imaging has been used despite the side effect of the contrast agent. Our approach suggests that the contrast-free
ADC maps, when equipped with our quanti�ed spatiotemporal normal, may detect abnormalities even before symptoms (epilepsy/seizure) occur. Our future work will include rigorous validations with multi-expert annotations in multi-site
large-scale data from a wider variety of abnormalities in multiple MRI sequences.
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