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We want to convince you of three things

1. Measurement error is deeply problematic for political
science research and current approaches are incorrect
or unused.

2. Missing data is the limiting, most extreme form of
measurement error.

3. We can rework the multiple imputation framework to
simultaneously correct for both missing data and
measurement error.
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PART ONE:
How we deal with measurement error.



country polityiv f-house log-gdppc primary
1 BUKINA FASO 5 6 6.23 5.92
2 LIBERIA NA 3 NA NA
3 SIERRA LEONE 3 3 6.60 NA
4 GHANA 9 6 6.86 12.68
5 TOGO NA 5 6.27 17.34
6 CAMEROON 6 5 6.93 15.47
7 NIGERIA 5 7 6.88 17.46
8 GABON 6 8 8.19 16.97
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PART TWO:
A Brief Review of Measurement Error.
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one mismeasured variable
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BIAS FROM MEASUREMENT
ERROR

In unpredictable directions with most realistic models.



PART THREE:
The connection between missing data and measurement

error.



The strict dichotomy of data.
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Missing data is the most
extreme case of measurement error.
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PART FOUR:
Multiple Overimputation.



Multiple Overimputation
extends the multiple imputation framework

to correct for measurement error.
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But how does it work?
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ARBITRARY PATTERNS OF
MISMEASUREMENT & MISSINGNESS:

country polityiv f-house log-gdppc primary
1 BUKINA FASO 4 ≈6 6.23 5.92
2 LIBERIA NA 3 NA NA
3 SIERRA LEONE 3 3 6.60 NA
4 GHANA ≈9 6 6.86 12.68
5 TOGO NA 5 6.27 17.34
6 CAMEROON ≈6 5 6.93 15.47
7 NIGERIA ≈5 7 ≈6.88 17.46
8 GABON ≈6 8 ≈8.19 ≈16.97
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3 SIERRA LEONE 3 3 6.60 NA
4 GHANA ≈9 6 6.86 12.68
5 TOGO NA 5 6.27 17.34
6 CAMEROON ≈6 5 6.93 15.47
7 NIGERIA ≈5 7 ≈6.88 17.46
8 GABON ≈6 8 ≈8.19 ≈16.97



PART FIVE:
Establishing the measurement error variance.



The problem of identification.
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Some simulations.
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PART SIX:
Application and contrast with other methods.
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PART SEVEN:
A tale of two literatures.
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What if measurement error is correlated with
the outcome? (Instrumental Variables)
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What if measurement error is correlated with
the outcome? (Multiple Overimputation)
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