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Introduction/Background

The choroid of the eye is a rare site for metastatic spread of a tumor, and choroidal metastases (CMs) may be visualized
on magnetic resonance imaging (MRI). However, as small lesions on the periphery of the image, they are often missed on
brain MRI.

Methods/Intervention

Here, we describe sequential cropping and classification on brain MRI images to detect CMs using artificial intelligence
(Al). We first trained an orbit localization model with a YOLOvV5 architecture using 386 normal T2-weighted brain MRI
images. The model predicted and cropped the positions of the orbits on MRI brain scans from 33 patients without and 33
patients with CMs. After zooming in around the orbits, the cropped images served as inputs to a binary classifier
convolutional neural network (CNN) to classify images as normal or CM-containing. We used 36 images for training and
the other 30 for testing. Given the small training set, we trained the network weights via the data-efficient deep
neuroevolution (DNE) strategy.

Results/Outcome

Our orbit localization model achieved mean average precision at intersection over union of 0.5 of 0.590. For a confidence
of 0.3, the model achieved recall of 1.00 and precision of 0.50, as the model accurately identified all orbits but was unable
to distinguish “left” and “right” (Figure 1). Laterality was assigned afterwards using relative position. The model
generalizes to scans with CMs; on our dataset of 33 slices demonstrating CMs, the model accurately determined the
bounding boxes without errors (Figure 2). The predicted bounding boxes were used to crop the images for training our
CNN classification model. After training via DNE for over 80,000 episodes, the model converged on a training set
accuracy of 100% and testing set accuracy of 100% (Figure 3).

Conclusion
We trained a YOLOv5 model to accurately localize and crop the orbits on brain MRI. The cropped images were
subsequently used to train a CNN with excellent performance in detecting CMs.

Statement of Impact
Our method provides an end-to-end model to accurately detect small, peripheral, easy-to-miss lesions to potentially
improve sensitivity for detection of CMs. It could thereby help reduce “corner of the image” false negatives.



Figure 1: Performance of orbit localization model. A: Precision-confidence curve. B: Recall-confidence curve. C: F1-
confidence curve. D: Precision-recall curve. Discontinuities at confidence=0.5 reflect the inability of the model to
distinguish laterality. E: Representative images of model output predictions on normal brain MRIs.

Figure 2: Representative images demonstrating the performance of our orbit localization model on brain MRIs with
choroidal metastases.
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Figure 3: CNN accuracy versus episodes during training. The average, worst, and best performing "children" of the DNE
strategy during training are represented as training (average), training (min), and training (max), respectively.
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