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F Motivations for synthetic EHR data

Machine Learning
 Prediction research
e External validation

Phenotype algorithm validation
Tool development
Training and education

Fairness and Bias
e Debiasing the source data
e Counterfactual dataset
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Common Approach: Bag of Word (BOW) + GAN
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* All visits assume to end on the same day as
the visit start (Not true for inpatient visits)

* Visit type is missing
* Discharge type is missing

* Not easily disseminated for use
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Patient Representation

"Demographic Prompt" Visit 1 Visit 2
START Year| | Age | Gend [Race VS il Concepts| ATT |Concepts|/Disch | VE VATTi VS s Concepts | | VE END
; Inpatient P 5 | Outpatient 5
Year at first . Artificial Time
Year it VS Visit Start ATT " Token Day token
Age Ageatfirst VE Visit End Concepts| Condition, Drug,
visit Procedure
Gend Gender VT Visit Type
Race| Race Disch Discharge
type
CEHR-BERT https://proceedings.mlr.press/v158/pang2la/pang2la.pdf
0 @OHDSI www.ohdsi.org #JoinThelourney m ohdsi



Patient Representation as messenger
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,¢ Proposed Synthetic Data Framework
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OMOP Evaluation Framework
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Cohort Characterization :

Co-occurrence Metrics
ML Prediction Performance (PLP)
Data Privacy :

Synthetic OMOP
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How do you measure the similarity
of two OMOP instances?
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Level 1: Concept distributions

domain=condition domain=drug domain=procedure domain=visit
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-~ Level 3: Logistic regression performance on synthetic cohorts
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. Pre = 25.7 Pre = 27.6 Pre =27.7 Pre =30.7 Pre =29.3 Pre =26.5
| P 7 gl HF readmission AUC = 65.7 AUC = 69.2 AUC=52.4 AUC=68.1 AUC=54.0 AUC=61.1
- i ] % PR=39.3 PR=45.7 PR=29.0 PR=47.8 PR=32.9 PR=33.8
é " { f 21 o° Pre =5.6 Pre=5.2 Pre=7.4 Pre=2.8 Pre=5.2 Pre=6.3
T ‘ oL Hospitalization AUC=75.3 AUC=77.1 AUC=71.3 AUC=87.0 AUC=84.2 AUC =78.7
1oo 00 ! Loow 00t ! ooy 00t ! 1oy oot ! PR=19.5 PR=21.4 PR=20.2 PR=22.1 PR=20.8 PR=24.6
omop_prevalence omop_prevalence omop_prevalence omop_prevalence
. . . Pre =34.5 Pre =37.8 Pre =47.2 Pre =26.4 Pre =28.3 Pre=34.5
Level 2: Simila nty of co-occurrence COPD readmission AUC=74.2 AUC=76.4 AUC=74.1 AUC=75.9 AUC=70.1 AUC=68.8
PR=83.8 PR=84.4 PR=67.2 PR=90.3 PR=82.8 PR =80.2
upper_bound o
pper_ Pre =8.7 Pre = 10.2 Pre=10.4 Pre = 16.6 Pre =15.8 Pre=10.8
Afib ischemic stroke AUC = 84.0 AUC = 78.9 AUC=70.7 AUC=77.1 AUC =68.9 AUC=176.8
top_p100 [ ] PR=48.5 PR=41.2 PR=39.1 PR=50.5 PR =36.6 PR=38.5
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' Loss of Temporal Information (LOTI)
LOTI = Eyr)|T - G(F(T))]

T denotes atime interval

 F denotes the function that generates the ATT token from T
G denotes the inverse of F that converts ATT backto T

e G(F(T)) is the reconstructed time interval
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Patient Representation Comparison

"Demographic Prompt" Visit 1 Visit 2
Proposed § VT - . VT - :
Representation STARTg Year| |Age | Gend Race Vs Inpatient Disch|| VE 50 days VS Outpatient Concepts | | VE § END
"Demographic Prompt" Visit 1 Visit 2
VT - VT -
GPT-INPAT STARTE Year |Age| Gend Race VS Inpatient 50 days VS Outpatient Concepts| | VE | |END
Shrinkage
"Demographic Prompt" Visit 1 Visit 2
i VT - i i VT - i
’ : i |1 month | : -
CEHR-BERT STARTi Year |Age| Gend Race VS Inpatient Concepts| |Concepts| | VE | .| VS Outpatient Concepts | | VE 5 END
Co Loss
"Demographic Prompt" Single visit
GPT-Vanilla START? Year |Age| Gend Race VS | Concepts| |Concepts| [Concepts| | VE END
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Loss of Temporal Information (LOTI)

Representation Between visit ATT token Between inpatient span ATT token  LOTI
representation
Day token for T" < 1080
GPT-INPAT LT token for T' > 1080 N/A 7.962
Day token for T' < 7
Week token for 7 < T < 30
CEHR-BERT onth token for 30 < T < 360 N/A 31482
LT token T' > 360
GPT-Vanilla N/A N/A 111.164
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Time Sensitive Forecasting via MC

P(étlh) ~ Zi:l ! [Mgpt(h) — 6t] ‘ Predict the time interval till next visit E(5t)

n

P(’U|E(5t), h) ~ Z:lzl I [Mgpt (E(dt)’ h) - ’U] ‘ Predict most likely visit type V

n
P(c|v, E(5t), h) ~ Predict most likely concepts
n
* h denotes patient history * v denotes visit type
* Jd;denotes time interval * ndenotes the number of samples
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Conclusion

* First deep learning framework generated longitudinal synthetic
EHR data using OMOP CDM.

* Designed an innovative patient representation, which allowed the
reconstruction of patient medical timeline without loss of

temporal information.

 Comprehensive evaluation procedures showed that the synthetic
data preserved the underlying characteristics of the real patient

population.
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Thank you!

Email: cp3016@cumc.columbia.edu
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