Statistical inference for association
studies in the presence of binary
outcome misclassification
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Example

* Interested in the association between Risk Factors and the binary variable M.
 Measure M| using self-reported medical diagnoses, and obtain MI*.

* A third variable, gender, is related to the misclassification mechanism.
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Al Gender
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Misclassification model
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True outcome mechanism: logit{ P(Y = j|X; )} = ;o + B,x X

Observation mechanism: logit{ P(Y" = k|Y = j, Z;7)} = vijo t VijzZ
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Estimation with the EM Algorithm

Expectation Step

Maximization Step
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Estimation with the EM Algorithm

Expectation Step
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Estimation with the EM Algorithm

Expectation Step
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Estimation with the EM Algorithm

Maximization Step
N !

2 2 2
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Label switching

* Label switching: When a mixture model likelihood is invariant under
relabeling of the mixture components, resulting in
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Label switching

* Label switching: When a mixture model likelihood is invariant under
relabeling of the mixture components, resulting in

N
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Label switching

* Suppose we have a single predictor X and a single predictor Z:

N
Z [yﬂﬁn + yinxiBx — (Ya + yiz) log{1 + exp{fo + z:Bx } }
1=1
+ yayin Y10 + YiYin ziviz — (Y + Vi) vin log{1l + exp{vi10 + ziv112} }
+ YY1 7120 + Yir¥i1ZziY12z — (Ui + Yia) iz log{1 + exp{yi20 + Zf.»:’hzz}}]
l?\.'
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Label switching

* Suppose we have a single predictor X and a single predictor Z:
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Label switching

* There are two sets of parameters that yield the exact same
likelihood value.
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likelihood value.
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Correcting label switching

* There is a quantity that has different values when each parameter
set is used to compute it:

exp{Vkjo + VkjzZi}

i ‘ 5 257) = ity 1+ exp{kjo + VrjzZi}



Correcting label switching

Algorithm 1 Correcting label switching in binary outcome misclassification models

Compute average 77, for all j € {1,2} using B and 4.
if 73, > 0.50 for all j € {1,2} then

Bco'r?"ected — B
f?corfrected — ’3/
else A
Bcor?"ected — _B
f?corfrected,k:l — ’7};2

Yeorrected, k2 < Ykl
end if
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Correcting label switching

Algorithm 1 Correcting label switching in binary outcome misclassification models

Compute average 77, for all j € {1,2} using B and 4.
if 73, > 0.50 for all j € {1,2} then

/Bco'rrected A B .
ﬁ/cor'rected A ;5’ Assumpt|0n:

else ) Outcome categories are
5corrected — _B

Yeorrected, k1 < VK2

Yeorrected, k2 — Tk1
end if

correctly classified at
least 50% of the time.

* Apply to EM estimates.
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Applied Example

Observation in
target population

Had Ml,
Ml=1

Diagnosed with MI, MI* =1

Gender

Risk factors

Not diagnosed, MI* = 2

Never had MI,
Ml =2

Diagnosed with MI, MI* =1

Not diagnosed, MI* =2

* Goal: Understand the risk factors for Ml.
* Ml is suspected to be misdiagnosed differentially based on patient age and

gender.

e Data from 2020 MEPS survey.
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Applied Example

Observation in
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* Model for true Ml: M| ~ Smoking Status + Exercise Habits + Age
* Model observed Ml given true Ml: MI* | MI ~ Age + Gender
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Applied Example

* Model for true MI: M| ~ Smoking Status + Exercise Habits + Age

* Model observed Ml given true Ml: MI* | MI ~ Age + Gender

EM Naive Analysis
Est. SE Est. SE

Bo -4.374 0.065 |-3.576| 0.078 Effects are
Bomoke 1.544 0.107 |0.635| 0.109

Brorie 0303 0.126 | 0.184| 0.084 attenuated
Boe 0.094 0.010 |0.059| 0.003 when we do not
Y110 2.969 0.100 : :

Vilgonder  -1.766  0.036 i i account for
Migge  ~0-18 0.0 - misclassification
Y120 3.580 0.112 - _

Yirgender  -0-818  0.108 i i of Ml

Y12.aze 0.084 0.005 - _
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Applied Example

* Model for true MI: M| ~ Smoking Status + Exercise Habits + Age
* Model observed Ml given true Ml: MI* | Ml ~ Age + Gender

Estimated Specificity

Estimated Sensitivity

P( no MI* | no Ml ) P(MI* | MI)
Men 94.4% 76.3%
Women 97.1% 59.1%
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Want to use this method?

* You’re in luck!

* COMBO R Package (coming soon to l... =11
a CRAN repository near you). 2
SAEA:
* Correcting Misclassified Binary :-----rz!mE----n-m

Outcomes
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Conclusions and Next Steps

* We can use the proposed EM algorithm to
when a binary outcome is potentially misclassified.
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Conclusions and Next Steps

. TRUE OUTCOME FIRST-STAGE SECOND-STAGE
[ Exte n S I o n S : MECHANISM OBSERVATION MECHANISM OBSERVATION MECHANISM

Second-stage observed
outcome 1, Y*2 =1

First-stage observed Z@ | Second-stage observed
: outcome 1, Y*¥(1) =1 outcome 2, Y*2) =2
* Outcomes with izenmmal N
_ First-stage observed Second-stage observed
more th an 2 outcome 2, Y*(1) = 2 7(2) | outcome 1, Y*¥2 =1
Catego r|es. Second-stage observed
Observation in I outcome 2, Y*(2) =2
target population |
Second-stage observed
outcome 1, Y*2 =1
* More than one
First-stage observed 7 | Second-stage observed
O UtCO m e Has outcome 2, Z(1) ellizens 1) -0 S suetns L L
llsta en Y=2 First-stage observed Second-stage observed
g . outcome 2, Y*¥(1) =2 7(2) | outcome 1, Y*¥() =1

Second-stage observed
outcome 2, Y*¥(2) =2
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