Forecasting Disease Trajectories in Cystic Fibrosis with Deep Learning
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Chronic disease management is challenging! Data Description Web APP Available!
e Managing chronic diseases requires balancing multiple clinical out- e Data obtained from UK Cystic Fibrosis Trust for a cohort of 10980
comes of interests — taking into account both quality of life and treat- patients with annual follow ups between 2008 — 2015. https://disease—atlas—-online.herokuapp.com
ment considerations. e Fach patient associated with 87 variables.
e Multiple factors need to be considered during the decision making e Joint predictions of death, 2 lung function scores, 9 comorbidities Test Patient
process to help inform decisions around frequency of testing, inten- \\and 11 infections. In the following use cases, we consider the Disease-Atlas forecasts
sity of treatment, and treatment burden. for a 27-year old male patient with follow ups between 2009 - 2015.
e Patients require monitoring at infrequent intervals but over a very ACCURACY OF FORECASTS
long duration — e.g. annual follow ups over multi-year horizons. Use Case 1 — Patient M()nlt()rlng
Performance Metrics
o Struct £ the dat e FEV forecasts evaluated in terms of mean squared error (MSE). Improvements from 2010 - reflected in
ructure of the data . Interventions : . g : . L. - - -
Comorbidities e Mortality, comorbidity and infection prediction accuracy mea- survival curve and uncertainty estimates
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Solution — Disease-Atlas: New deep learning model to simulta- Figure 1: Mortality AUPRC Figure 2: FEV1 MSE Do Atlas corte amd Comorbidities with
: - : - i t probabiliti
neously forecast multiple outcomes over time, incorporating uncer- ranks comorbidities by =3 bredefined threshold
: : ‘ . Ve .. onset probability SRT :
\tamty estimates to reflect model confidence. Comorbidity Predictions (AUPRC) are highlighted in red

Disease-Atlas Joint Models
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Asthma 0904 0845 0773 0642 0544 | 0272 0261 0258  0.245 0.24 Top risk of developmg Followed by diagnosis
History (t) | Forecast (u =t + 1) Arthropathy 0.799 0.76 0.621 0.5 0347 | 0134 0142 0148 0155 0.154 Diabetes in 2009 in 2010
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Actual / - ” ) » ” - ” ) : p - e Large, high quality datasets provide opportunities for machine
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Burkholderia C 0.692 0672 0639 0576 0471 | 0.054 0058 005 0056  0.062
A urkholderia Cepacia learning methods to predict future health events for people with CFE.
» » % o % ”® Time Pseudomonas Aeruginosa 0.84 0.828 0.815 0.8 0.794 0.636 0.641 0.65 0.655 0.649
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Vel s Ecoli 0506 0242 0089 0036 0008 | 009 0057 0025  OOLL 0005 tools can facilitate personalised data-driven decision making in
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: ' urviv
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