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Why? / Aim \ How?

* Antimicrobial resistance (AMR) and healthcare Develop a real time, simple, * Extracted features based on the UK Health
associated infections (HCAIs) pose a significant fair and interpretable machine Security Agency national antimicrobial IV-to-oral
global threat learning based clinical decision switch guidelines* from two real-world electronic

* One key prevention strategy is to follow support system for predicting when a health record datasets>-%’
antimicrobial stewardship practices, in particular, patient can safely switch from IV  Conducted feature selection and examined
to switch from intravenous (1V) to oral to oral treatment based alternative cutoff thresholds for traffic light
administration as early as possible and reduce the on routinely collected clinical decision support
use of indwelling vascular devices \ clinical parameters. / * Trained machine learning models to predict

* Despite numerous infection prevention, safety patients route of administration on each day
and cost benefits as well as evidence, oral * We aimed to maximise clinical utility by ensuring
efficacy is often non-inferior to IV*?, the uptake fairness®, interpretability® and minimising model
of early oral switching remains low3 complexity
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MIMIC dataset ASI results
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Preprocessing: I\g: 100 Table 1: Model evaluation results for the short feature set.
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Table 2: Fairness results for the model on the short ' N 20 FPR 0.25 (SD 0.02) 0.10 (SD 0.02)
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Antibiotic spectrum index (ASI)
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Sensitive : Figure 1: MIMIC antibiotic spectrum index
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attribute results for the day before switching (IV)
Initially | threshold and the day after switching (oral). switch to oral
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optimisation 5 o |
Labels and predictions by IV treatment duration
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ex Day 1
600 -
Ma |e v - - Stay on IV Highlights
2 O \/ >< 500 - * Both thresholds predict switching is not appropriate at this time
. * Predictions were correct for 100% of similar examples
- SWItCh to Oral * 02 saturation pulseoximetry (feature 4) was of particular interest for these predictions
3 O \/ \/ " 400 - Feature Switch to Switch to oral prediction
g Importance 1 2 3 4 5 oral label | 1stthreshold 2" threshold
40 V4 V4 S 300 - Patient . 0.32 0.51 0.37 0.50 0.41 0 0 0
La bels 1 0.28 0.38 0.54 0.29 0.48 0.46 0 0 0
50 V4 V4 200 - / 15t threshold e | 2 0.25 0.31 0.55 0.28 0.51 0.50 0 0 0
A 3 0.21 0.29 0.52 0.45 0.52 0.46 0 0 0
g€ 60 v v 100 - // 2nd threshold 4 0.13 0.32 0.55 0.36 0.51 0.00 0 0 0
70 \/ \/ pl = B B B B e B LM LAw 2 . 8
0 1 2 3 - 5 6 7 8 PO * Day 2
80 V4 V4 B Proir days cumulative IV treatment length Highlights
. . . * Clinical guidance should be sought, model thresholds disagree on whether switching is appropriate or not at this time
Patient LOS by SW|tCh event tem pOfal dlfference * Model predictions were correct for 50% of similar examples (0% for the 15t threshold and 100% for the 2" threshold)
90 >< \/ 20.0 * 02 saturation pulseoximetry (feature 4) was of particular interest for these predictions
175 - Feature Switch to Switch to oral prediction
. . Importance 1 2 3 4 5 oral label | 1stthreshold 2" threshold
ASIa N v 4 15.0 - Patient - 0.24 0.25 0.28 0.43 0.77 1 1 0
B I ac k \/ \/ xample 1 0.38 0.25 0.20 0.25 0.42 0.73 0 1 0
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* Both thresholds predict switching is appropriate at this time
Ot h e r \/ \/ 5.0 1 * Predictions were correct for 75% of similar examples (75% for the 15t threshold and 75% for the 2"d threshold)
* Systolic blood pressure (feature 1) and 02 saturation pulseoximetry (feature 4) were of particular interest for these predictions
U n k n OW n \/ \/ 25 - Feature Switch to Switch to oral prediction
. Importance 1 2 3 4 5 oral label | 1stthreshold 2" threshold
W h Ite \/ \/ 0.0 ) _7 _6 _5 4 .3 .2 -1 0 1 2 3 4 5 Patient - 0.16 0.49 0.45 0.37 0.59 1 1 1
d .« d Number of days between the real and predicted switch event ! 0.21 0.20 0.58 039 [N037 1 o4 ! ! !
M e I Ca I >< \/ . . . . 2 0.20 0.15 0.47 0.43 0.36 0.70 1 1 1
| Medi y y Figure 2: [A] Labels and predictions by IV treatment duration. [B] Bample | 1 016 e o G 7 . ; 1
nsurance edicare -
Mean patient LOS outcomes by days between the real and a1 015 018 0.49 0.42 0:59 0 L L
Other v v predicted switch event. — o e Switch
feature l . feature Potentially switch
D ° ° contribution contribution Prediction incorrect B oon't switch

o . . . o . Figure 3: Example visual representation to improve interpretability. 'Traffic
* |dentified clinically relevant features to determine when switching is appropriate light’ recommendations are displayed in a temporal manner and if required

 Fair performance across sensitive attributes and consistent results across subgroups clinicians can obtain more information on any given day of the patients stay.

* |nterpretability enables clinically useful decision support systems

 Future work includes prospective evaluation and understanding how such a system could influence antimicrobial decision making to promote early
switching when appropriate
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