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VAED data Figure 3: Prediction capabilities of VIRGO.
‘ | 4-fold CV Test models * Our model performed the best in predicting both LOS and HACs against state-of-the-art
split iteratively ML algorithms. (Figure 3)
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« We model length of stay (LOS) and hospital acquired complications (HACSs) rate using i insurance[Hostial Inaeeoan] ———
zero-inflated negative binomial (ZINB), facilitating true to distribution modelling. e e —
* We use cross-validation to train our model, using data from all patients in Victoria. ST, - —
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Risk Adjustment Capabilities
Case study of patient with longer than expected LOS
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S Count Contribution ~2 -1 o 1 : . The model predicts that within 99% probability that expected LOS drops from 0 — 19
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| days to 0 — 12 days (Figure 4.2).
Pushes towards zero Increasing Count

Figure 2: Case study of a patient with longer than expected LOS. The top subplot CONCLUSIONS
compares the predicted length of stay (LOS) within a 99% probabllity range against the

observed LOS rate. The bottom subplot elucidates the contribution of individual model * By risk_—adju§ti_ng patient risk factors, diagnosis and proced_ures, VlRGO can be us_,ed
variables. By adjusting for patient risk factors, procedures and diagnosis, VIRGO can to provide clinically relevant feedback to healthcare professionals using only hospital
provide feedback and indicate potential outliers for further investigation. administrative data.

* Furthermore, given the accurate predictions of LOS, hospital administrators can
allocate hospital resources efficiently.
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