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Introduction 
• Pneumonia is the single largest infectious cause of death in children 

worldwide. Pneumonia killed 808 694 children under age of 5 in 2017, 

accounting for 15%of all deaths of children under five years old 

mainly in South Asia and sub-Saharan Africa

• 20% of patients with pneumonia admitted in Hospital dies from 

complications

• Since the popularization of EMRs, all these patients have left behind a 

wealth of usable data

Objectives
• We assume that even if death is inevitable, it could be predictable in 

our case for pneumonia.

• Our goal is to make a data driven classification to predict the 

outcome using a minimum available data

• Following the patient’s workflow, we can make a prediction at any 

moment of his hospital stay
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Methods 
• Data 

• We used Medical Information Mart for Intensive Care III (MIMIC III)

• We build an RDB to extract easily dataset related exclusively to 

pneumonia patients

• We extracted data for 2059 and sampled  to 850 to keep the 

balance between classes 
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• Model 
• Preprocessing medical data is the most important part to remove noises 

and reduce the data dimension.

• To make our prediction, we used several machine learning classifiers and 

applied them to 2 stages of patient stay

• We compared our 8 models to get the highest accuracy since our data 

was limited
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Results
• We had the highest accuracy after combining all the predictions 

obtained  at the last stage

• In medical area, we need the most understandable interpretability to 

gain the trust of users in our predictions, we use SHAP library to calculate 

feature importance for each case 
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Prehospital acc 72 61.75 73 67 73 63.75 71 73.5

Hosp acc 73 65.75 71 70 73 69.75 71.5 68.75

Overall acc 73 74.25 70 70 79 77.75 78.25 67.75
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Conclusion and future work 
• We can predict outcome for a pneumonia patient with 79% of accuracy 

and 87% of ROC_AUC using limited data.

• If we could have more data, this accuracy can go even higher with 

sophisticated model such as Deep NN

• As a future work, we want to use NLP technics to include physician notes in 

our dataset 
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