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Background

In medicine, clinical randomized trials are the only 
accepted standard for deciding which treatment is better 
than the other. Retrospective studies from observational data 
are often plagued by confounding and selection bias[1]. The 
readily available covariates cannot be used to adjust for 
confounding. We explore whether we can perform robust 
causal inference from observational data by including word 
embeddings from clinical text. 

Aims and Contributions

1. Build language models from clinical data for 
decision-making and inference.

• Established protocol for building natural lang. 
models from clinical data

• Publications: AAAI-20 SA (Monday night)
2. Develop ML tools with unstructured and high-

dimensional data for medical decision support.
• Status: [in-progress]
• Adapted causal inference methods to work with 

clinical notes
3. Validate developed decision support tools against 

existing clinical trials. 
• Status: [in-progress]
• Showed that unstructured notes make a different 

in correcting for selection bias

Dataset

§ Source: Stanford Cancer Institute Research Database 
(SCIRDB)

§ Total: 4,420 patients
§ Localized prostate, oropharynx, and esophagus

§ Timeframe: 2008 – 2019
§ Notes: 483,782 clinical notes
§ Additional Data: California Cancer Registry (CCR)

§ Initial treatment information: all treatments 
performed within 6 months of initial diagnosis

§ Date of death, date of diagnosis, etc.
§ Testing: reserved 10% of patients for testing

Methodology

Significant Findings: 
§ Clinical notes can be employed to adjust for 

selection bias.
Challenge: 

§ Model selection for word embedding 
hyperparameters (No reliable without gold 
standard of RCT)

Next step:
§ Explore if GANs can be used to augment the 

data for better adjustment of confounders.

Results

Natural Language Processing (NLP) Models
[See AAAI-20 Student Poster (Monday night)]

Causal Inference
Potential Outcomes Framework
Gold standard: ATE to be within the range of [-60, 60]. 
(Days of survival difference to be less than 2 months). 
• Achieve ATE of 30 days or below from estimators.
• Standard errors are huge on many estimates. 
• Findings: there is signal in using clinical text to 

inform ATE estimators. 

Survival Outcomes Framework 
Gold standard: Hazard ratio to be between [0.95, 1.05]. 
(Comparable hazard between surgery and radiation).
• “Readjusted” Cox-PH plots with Linear Regression 

and Ridge Regression achieved HR = 1. 
• However, prediction accuracy extremely low. à

Shows that a random assignment of patients do just
as well.

Natural Language Processing (NLP) Models
§ Notes: 483,782 clinical notes (excluded 10% for testing)
§ Model: Doc2vec[3]

§ Trained 324 doc2vec models for generating word 
embeddings

§ Task: Initial Line of Treatment Prediction

Causal Inference

Summary

Case Study: Prostate Cancer[2]

Treatments (W):
• Surgery (!" = 0)
• Radiation (!" = 1)

Outcome (Y): Days of Survival
Covariates (X):

• Structured: age, race, ethnicity, cancer stage
• Unstructured: embeddings of clinical notes

Total Patients: & = 2026
• &) = 1595, &- = 431
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