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Electronic medical records (EHRs)
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Challenge of using EHR data

1. For traditional predictive modeling techniques, each model 
requires a custom dataset with specific variables.

2. The number of potential predictor variables in the electronic 
health record (EHR) may easily number in the thousands

Use a median of only 27 variables
from data at a single center 

(Goldstein et al., 2017)

A systematic review of prediction 
models using EHR data (n=107)



Deep learning versus Traditional ML
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Key advantage of Deep Learning
• No need to specify which potential 

variables to consider and in what 
combinations

• Neural networks are able to learn 
representations of the key factors 
and interactions from the data itself

80% of the effort is 
• Preprocessing 
• Merging 
• Customizing
• Cleaning datasets



Hypothesis

Deep learning approaches could incorporate the entire 

EHR, including free-text notes, to produce predictions for a 

wide range of clinical problems and outcomes that 

outperform state-of-the-art traditional predictive models.

Contribution of this study

1. Report a generic data processing 
pipeline that can take raw EHR data 
as input, and produce FHIR outputs 
without manual feature 
harmonization.

2. Based on data from two academic 
hospitals with a general patient 
population, we demonstrate the 
effectiveness of deep learning models 
in a wide variety of predictive 
problems and settings.
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X

highly curated set of 
structured variables

Custom datasets

learn to simultaneously 
harmonize inputs and 
predict medical events 
through direct feature learning
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Datasets &
Data representations

Hospital A

University of California, San Francisco (UCSF)

In-patient and Out-patient data (2012-2016)

Hospital B

University of Chicago Medicine (UCM)

In-patient and Out-patient data (2009-2016)

A

B

Inclusion criteria for the study (In-patient Encounters)
1. Patients 18 years or older
2. Hospitalizations of 24 hours or longer
3. Encounter was confirmed as complete or noncancelled 
4. Encounter had a start and end time 
5. Encounter class was defined as inpatient as defined in dataset 
6. Administrative encounters were excluded (No ICD-9 diagnosis)



Data representations
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Database table

Patient demographics

Provider orders

Diagnoses

Procedures

Medications

Laboratory values

Vital signs

Flowsheet data

Free-text medical notes

FHIR resources

Patient

Encounter

Medication

Observation

Composition

Conditions

MedicationAdministration

MedicationOrder

ProcedureRequest

Procedure

Extension
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Outcome definitions
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Domains Outcomes Definitions

Important clinical outcome Inpatient mortality 
(Death)

- Discharge disposition of “expired”

Standard measure of 
quality of care

30-day unplanned 
readmission 

- Admission within 30 days after discharge from an index 
hospitalization into the same institution
- Exclude planned readmissions (e.g. chemotherapy)

Measure of resource 
utilization

Long length of stay - Length of stay ≥ 7 days 
(75th percentile of hospital stays)

Measure of understanding 
patient’s problems

Diagnoses - Primary and secondary ICD-9 billing diagnosis (14,025 
codes)

Binary

Multilabel



Algorithms
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Final prediction
Ensemble by 
averaging the 
probabilities 

Sequence model

(RNN – LSTM)

Attention-based 
Time-aware 

feedforward NN

Boosted, embedded 
time-series NN

Img source: https://www..researchgate.net/, https://towardsdatascience.com/



Baseline models
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Outcomes Logistic models Hand-engineered Features

Inpatient mortality augmented Early Warning Score (aEWS)
(Smith et al., 2013)

SBP, HR, RR, Body Temp

24 common lab tests

30-day unplanned readmission Modified HOSPITAL (mHOSPITAL)
(Donzé et al., 2013)

Na level Hb level

hospital service

occurrence of CPT codes

number of prior hospitalizations

length of the current hospitalization

Long length of stay Modified Liu (mLiu)
(Liu et al., 2010)

age gender

hierarchical condition categories

admission source

hospital service

24 common lab tests

Diagnoses No baseline model



Prediction timing
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Admission-12 hr-24 hr +12 hr +24 hrPrediction time Discharge

Inpatient mortality ● ● ● ● ●

30-day unplanned 
readmission 

● ● ●

Long length of stay ● ●

Diagnoses ● ● ●



Results
216,221 hospitalizations

114,003 patients

- Train 80%

- Validate 10%

- Test 10%

4930 (2.3%) in-hospital death

27,918 (12.9%) unplanned 30-day 
readmissions

1-228 diagnoses/patient
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Amount of data 
in the EHR
(log scale) 
Average tokens

137,882 (At admission)

216,744 (At discharge)
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Model performance
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At 24 h, the work-up-to-detection ratio (number needed to 
evaluate) of our model compared to the aEWS for predicting 
patient mortality

- 7.4 vs 14.3 (Hospital A)

- 8.0 vs 15.4 (Hospital B)



Model performance
Baseline

- Using hand-engineered features 
according to literature review 

Full feature simple

- Logistic regression model trained with 
these features using Adam optimizer and 
early-stopping as regularization

- All available predictor variables, 
ignoring temporal order

Full feature enhanced

- The features were bucketized into five 
time-buckets, representing intervals of 
less than 1 day, 1 week, 1 month, 1 year, or 
greater than 1 year. 
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Metastatic breast cancer 

with malignant pleural 

effusions and empyema
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Case study of 

model interpretation

Risk of death prediction
By DL (19.9%)
By aEWS (9.3%)
175,639 data points (tokens)



Discussion

- Deep learning models performed better than traditional predictive models.

- Deep learning models achieved accurate predictions earlier than traditional models.

- The approach incorporated the entire electronic health record (EHR), including free-
text notes, for predictions.

- The models outperformed existing EHR models in predicting mortality, unexpected 
readmission, and increased length of stay.

- No hand-selection of important variables but allowed the model to identify relevant 
data for each prediction.

18



Discussion

- The study was retrospective and prospective trials are needed to demonstrate the 
improvement of care through accurate predictions.

- Further research is required to determine how models trained at one site can be best 
applied to different sites.

- The prediction of a patient’s ICD-9 diagnoses was challenging but demonstrated the 
potential for aiding decision support and clinical trial recruitment.

- Further research is needed to explore the applicability and clinical utility of the 
approach and other methods for interpreting deep learning models.
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Impact to society
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