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• EHRs contain a wealth of information about a patient’s health, making them valuable 
sources of data for building risk prediction models

• External data sources are often available to augment the EHR data
• Surveys, Biobank, Wearable

• Incorporating external data has potential to improve predictive accuracy of model
• 2 Major challenges:
1. External data available for a subset of patients
2. EHR data often high dimensional

• Proposed a pseudo-likelihood method for building risk prediction models using high 
dimensional two-phase data

• Reduce dimension of high dimensional 𝑋 to make estimating joint distribution of 
predictors feasible

• Future Direction
• Sampling individuals to collect external data
• Which future patients should have external data collected
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Motivating Example

• Life expectancy in oncology patients overestimated by physicians
• Missed opportunities for advanced care planning and palliative care
• Models built using EHR data can predict patients at risk of short-term mortality
• Patient Reported Outcomes (PROs) commonly collected

• Not available for all patients
• Goal: Build a model to predict risk of short-term mortality using both EHR and PRO data
• Using only the subset of patients with both EHR and PRO data available impacts model 

performance
• Full data N=3,795 
• Subset with both PRO available 

N=1,192
• Outcome=180-day mortality (3.4%) 
• ~200 EHR variables,
• 12 PRO variables

Two-Phase Sampling Design

• 𝑌: outcome of interest available for all patients
• 𝑋: EHR data available for N patients similar to phase I data
• 𝑍: external data available for m patients (m<N) similar to phase II data
• 𝑅: indicator of whether or not 𝑍 is observed 
• 𝑆!, 𝑆", … , 𝑆#: strata defined by 𝑋, 𝑃 𝑅 = 1 𝑋, 𝑌 = 𝑁$%/𝑛$%
• Relationship between full data and subset of data with 𝑅 = 1

logit 𝑃 𝑌 = 1 𝑋, 𝑍, 𝑅 = 1 = logit 𝑃 𝑌 = 1 𝑋, 𝑍 + 𝑜 𝑋 , 𝑜 𝑋 = log
𝑃(𝑅 = 1|𝑋, 𝑌 = 1)
𝑃(𝑅 = 1|𝑋, 𝑌 = 0)

• Existing methods cannot accommodate high dimensionality of X

Step 1: Fit preliminary model between Y and X using EHR data for all N 
patients
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Working model defined as : logit 𝑃 𝑌 = 1 𝑋, 𝑍 = 𝛽!& 5𝑌𝒙 𝜁 + 𝛽!&𝑍

Step 2: Fit models for missingness indicator, R
Cases: logit {𝑃 𝑅 = 1 𝑌 = 1,𝑿; 𝝉𝟏, 𝜻 } = 𝛼##𝑿𝒓 + 𝑓#{𝑃*(𝑌 = 0|𝑿; K𝜻)}

Controls: logit {𝑃 𝑅 = 1 𝑌 = 0,𝑿; 𝝉𝟎, 𝜻 } = 𝛼,#𝑿𝒓 + 𝑓,{𝑃*(𝑌 = 1|𝑿; K𝜻)}

𝑋-

• Stratum Indicators

• Additional EHR 
variables with low 
efficiency

𝑓.{𝑃* 𝑌 = (1 − 𝑦) 𝑿; M𝜁 }

• 𝑓. smooth function

• 𝑃* predicted from 
stage 1 model

Factors driving 
availability of data

Complex pattern 
availability of data
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Step 3: Solve Estimating Equation

• Define 𝑝#(𝑌/, 𝑍; 𝛽) as predicted probability from our model
• For a probability threshold 𝜈

𝑇𝑃𝑅0(𝛽, 𝐹) = 𝑃 𝑝# 𝑌/, 𝑍; 𝛽 > 𝜈 𝑌 = 1

=
∫ 𝐼 𝑝# 𝑌/, 𝑍; 𝛽 > 𝜈 𝑝# 𝑌/, 𝑍; 𝛽 𝑑𝐹(𝑌/, 𝑍)

𝑝# 𝑌/, 𝑍; 𝛽 𝑑𝐹(𝑌/, 𝑍)

• Let 𝑛12!3 denote the number of individuals having 𝑌/ = 𝑦4 and 𝑍 = 𝑧 simultaneously

�̂�."# , 𝑧!
M𝛽, �̂� = 𝑁5# 𝑛1."6

∑.",# 𝑃(𝑅 = 1|𝑌 = 𝑦, 𝑌4; �̂�.)𝑃(𝑌 = 𝑦|𝑌4, 𝑍; M𝛽)
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→ 𝜌 ∈ (0,1)

A2. K𝜻 has the oracle property
• Under Conditions A1 and A2

𝑁 M𝛽 − 𝛽 →
8
𝑁 0, Σ

𝑁 b𝐴𝑈𝐶 − 𝐴𝑈𝐶 →
8
𝑁(0, Σ)

P(R=1) Method AUC

0.05 Logistic 0.804 (0.005)
Ada-Lasso X Only 0.751 (0.009)

Ada-Lasso R=1 Only 0.748 (0.044)
Two-Phase 0.838 (0.015/0.016)

0.2 Logistic 0.839 (0.005)
Ada-Lasso X Only 0.751 (0.009)

Ada-Lasso R=1 Only 0.784 (0.018)
Two-Phase 0.837 (0.008/0.008)

EHR Only PRO Only EHR+PRO

AUC 0.86 (0.85-0.86) 0.75 (0.76-0.79) 0.89 (0.88-0.90)

AUPRC 0.29 (0.25-0.32) 0.19 (0.16-0.22) 0.36 (0.31-0.40)

TPR 0.53 (0.49-0.56) 0.41 (0.35-0.47) 0.61 (0.56-0.65)

FPR 0.06 (0.05-0.07) 0.08 (0.06-0.09) 0.05 (0.04-0.06)
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