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Motivation: Bias in Real-World Data

‣ Vaccine effectiveness

‣ SARS-CoV-2 infection and Long COVID

‣ Cancer therapies

‣ …

‣ Residual Bias in Observational Research

• Unmeasured confounding

• Measurement error

• Selection bias

• Missing data

• …
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Negative Controls: Current Frameworks

‣ Negative control outcome (NCO)

• A clinical outcome that should not be causally affected by the treatment of interest

• share similar sources of bias as the primary outcome

‣ Bias detection

‣ Bias correction
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Example of Implementation

‣ Exposure: COVID-19 vaccination

‣ Outcome: SARS-CoV-2 infection
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But… NCOs May Be Invalid

‣ Current frameworks assume all NCOs are valid

• Normal-normal (N-N) model

‣ In real-world scenarios, some NCOs may actually be invalid

• Different confounding structures, data quality issues, coding practices, …

‣ This can bias bias-correction!
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Why a Single Normal Fails

‣ Biased mean

‣ Larger variance
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Proposed Method: Robustify P-value Calibration

‣ (A1) Two cluster mixture model

• Relax the normality assumption

• Mixture normal-normal (MN-N) model

‣ (A2) Majority rule

• >50% NCOs are valid
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Mixture Model Framework

‣ For each NCO, observe estimated treatment effect 𝑦𝑖 with standard error 𝑠𝑖  

‣ Assume each NCO comes from one of the following two distributions:

• Valid NCOs (true nulls)

• Invalid NCOs

‣ Model the observed NCO distribution as a mixture:

‣ Estimate parameters                         using EM algorithm

𝑓(𝑦𝑖) =  𝜋 ⋅ 𝑁 𝑦𝑖|𝜇1, 𝜎1
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2 + (1 − 𝜋) ⋅ 𝑁 𝑦𝑖|𝜇2, 𝜎2
2 + 𝑠𝑖
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Calibrated p-value

‣ Using the estimated valid null distribution, for an effect estimate from a new drug-outcome pair, 

the two-sided p-value is then

‣ Φ is the cumulative distribution function of the standard normal distribution

𝑝𝑐𝑎𝑙 = 2 ⋅ Φ −
𝑦𝑛+1 − Ƹ𝜇1

ො𝜎1
2 + 𝑠𝑛+1

2

Estimated mean of majority NCOs 

(valid)

Estimated sd of majority NCOs 

(valid)
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Simulation

‣ Proportion of valid NCO 𝜋: 0.7, 0.8, 0.9

‣ Number of NCOs 𝑛: 100, 200, 300

‣ Separation between valid and invalid means 𝜇1 − 𝜇2: 0.6, 0.8, 1.0
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Simulation: Type I Error

‣ MNN achieved the nominal type I error
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‣ MNN produced less biased estimates

NN MNN

Simulation: Parameter Estimation
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Simulation: Power

‣ MNN had higher power
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Real-World Use Case

‣ Data source: Penn Medicine EHR data

‣ Population: Patients with type 2 diabetes

‣ Treatment: GLP-1 receptor agonists

‣ Comparison: DPP4 inhibitors

‣ Outcomes: six cardiovascular outcomes

‣ Statistical analysis: large-scale propensity score matching + modified Poisson regression model

time

Time zero (index date):

date of first prescription

Assign treatment arms

Meet eligibility criteria

Follow-up period (Outcome assessment)

Baseline period (covariates assessment)
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Distribution of NCOs
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Treatment Effectiveness

‣ MNN: smaller bias correction, narrower CI

‣ GLP1RAs have protective cardiovascular effects compared to DPP4is
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Conclusion

‣ RWD enables large-scale observational research but is vulnerable to residual bias

‣ NCOs are essential tools but their validity cannot be guaranteed

‣ We propose a robust two-cluster model that:

• Distinguishes valid from invalid NCOs

• Enables bias correction even with partially invalid controls

• Improves the reliability of p-values and confidence intervals
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