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Q. Background

e Early detection of impending asthma exacerbations would provide opportunities for
pre-emptive treatment and improve asthma action plans.'?Previous predictive models
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for asthma exacerbations have had a limited accuracy for imminent events. e . 10 4 .
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Figure 2 Study design

Patients

e Adults with poorly controlled
asthma (ACQ-5 =1.5%)

e >1 episodes of severe asthma
exacerbations 12 months

and trends of changes in these features were subjected to supervised machine
learning algorithms

— A 4-told cross validation technique was used to compare performance metrics and

gradient boosting trees were chosen as the best algorithm. The generated model was

e The refined predictive model improved the ability to predict an impending
exacerbation 5 days in advance with an ROC AUC of 0.83 (sensitivity 68.8%,

specificity 89.1%; Figure 3).

Figure 3 ROC curve for updated model predicting exacerbations within the following 5 days

 The most significant factors contributing to the refined model are shown in Figure 4.

Figure 4 The most significant features of the predictive model

e A patient example showing the number of inhalations, inhalation volume and PIF by
study day and prior to an exacerbation can be seen in Figure 5

— It should be noted that not all patients show this pattern.

Figure 5 Inhalations, inhalation volume and PIF of a patient during the study
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o Atotal of 360 patients completed the study with =1 valid inhalation from Digihaler 80 - 9
and were included in the analysis; of these, 64 patients experienced a total of Inhalation parameters during the 4 days prior to prediction
/8 exacerbations. "
e Demographics and inhalation characteristics for patients enrolled in the study are
@ M ethOdS shown in Table 1. Comparison to baseline inhalation parameters
60 -
StUdy deSign Table 1 Demog raphicg and inhalation characteristics % Comparison to the baseline number of inhalations Study day
e The predictive model was developed using data from a 12-week, open label study 1 dave ariar f 2 50 - Features based on the number of night-time inhalations The red vertical line represents a confirmed asthma exacerbation. PIF. peak inspiratory flow.
(NCT02969408), conducted between February 2017 and February 2018. -y PETOT axacerbatia %
e Digihaler passively recorded time and date of albuterol use and inhalation parameters: Datie . Datie Datie - 10 - I :
peak inspiratory flow (PIF), time to PIF, inhalation volume, and inhalation duration. exacerbatio exacerbatio exacerbatia ([} Conclusions
e Data were downloaded from inhalers and analyzed at the end of the study (Figure 2). ; ; : o , , , , S o ,
. . . . . Mean age, years (range) 49.5(18.0-82.0) 52.0 (25.0-87.0) 52.0 (25.0-87.0) 30 1 e Digihaler data, including the inhalation characteristics, in combination with CRF
e An exacerbation was defined as an event where the patient was required to increase i R | formation. resulted in an imobroverment of the 5.dav exacerbation oredictive model
their dose of oral corticosteroids and attended an unscheduled provider visit (e.qg. Females, n (%) 235(79.4) 55 (83.9) 55 (85.9) fﬁ:?;e;yfisﬁgrig ;é;ﬁ?obner ot inhalations during ROC AUC 10 0.83. P / P
urgent care visit, hospitalization). Mean PIF, L/min (SD) 73.18 (20.3) 73.37 (23.1) 71.78 (23.2) 20 - . , , , , ,
. | e Additional studies, and potentially the inclusion of other data sources, will further
Machine learning modelling Mean inhalation volume, L (SD) 1:45(0.75) 1.44(0.70) 1.44(0.77) refine the model and increase its predictive value.
e Case report form (CRF) data, such as medical history, body mass index (BMI), and Mean inhalation duration, seconds (SD) 1.62(0.88) 1.60(0.79) 1.olii0.ec) 10 e Real-life monitoring data collected via eMDPIs, such as the ProAir Digihaler, could
blood pressure, were combined with Digihaler data and subjected to a machine Mean time to PIF, seconds (SD) 0.55(0.41) 0.56 (0.43) 0.58 (0.46) help improve asthma management and enable pre-emptive interventions to minimize
learning algorithm to refine a model predictive of impending exacerbations. PIF, peak inspiratory flow; SD, standard deviation. 0 exacerbations, improve quality of care and reduce healthcare costs.
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