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Introduction and Overview

Radiography is the most well established imaging method to diaghose diseases. The
ability to automatically generate accurate medical reports from diagnostic images saves
time and efforts of medical experts and aids the increase of healthcare accessibility.

Novel Inference Pipeline with Pseudo-label Generation

Currently, pseudo-labels are generated using the ground truth report, rendering
XProNet non-productionizable. We built a model that generates pseudo-labels using
visual features from the diagnostic image(s), achieving an average test F1-score of 0.65.
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Conclusion and Future Work

XProNet performs significantly better than previous SOTA and with our novel
pseudo-label generator, it can now be productionized. Analysis and investigation show
that XProNet suffers from over-emphasizing on the pseudo-labels in report generation.
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Figure 2. XProNet Architecture (left) and Example Report (right)

Methodology BEERE BLELEZ A HlErHel ROUGE-L Future work is required to address this and allow for more diversification of reports.
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Table 1. Performance metrics of XProNet



