
APPENDIX I. BIAS MODELING APPROACH ONE 

 

Step One: Record-level exclusion of individuals who are incorrectly included in the sample.  

 

Inclusion of the responses from individuals who do not have the relevant anatomy for a given sex-specific 

question inflates the “no”, “I don’t know” or “refused” responses.1 For transgender men and women, this record-level 

adjustment is straightforward and described in the main text.  

For GNC individuals, we conduct a probabilistic record level adjustment using Monte Carlo sampling methods. 

We randomly sample 1,000 scenarios, where for each iteration, we remove a random subset of 30% of all GNC 

respondents, and only remove individuals if they responded “no”, “I don’t know” or “refused” under the assumption that 

they are individuals for whom the sex-specific questions we assume are not anatomically relevant. Table A1 shows the 

percentage of GNC individuals who respond as “no”, “I don’t know” or “refused” that need to be omitted.   

Table A1. Among GNC individuals, Proportion who are excluded by Outcome 

Outcome 

Proportion of Total Responses that 

were “No”, “I don’t know” or “Refused” 

Proportion of “No”, “I don’t know” or 

“Refused” Responses to Exclude1  

PSA test 0.59 0.50 

Pap test 0.46 0.66 

Hysterectomy 0.78 0.38 

Currently Pregnant 0.97 0.31 
1 The proportion excluded is calculated as 0.3/ proportion of total responses that were “no”, “I don’t know” or “refused” 

 

Step Two: Summary-level adjustment to account for individuals who are incorrectly excluded from the sample. 

 

The prevalence ratio PR̂ estimated from the record-level adjusted dataset can then be multiplied by a selection 

bias odds ratio determined by the selection probabilities shown in the contingency table of Table A2. We define the 

selection bias odds ratio as OR𝑠𝑒𝑙𝑒𝑐𝑡 = (B ×  𝐶)/(𝐴 ×  𝐷) and the prevalence ratio adjusted for selection bias as 

PR𝑎𝑑𝑗 =  PR̂ × OR𝑠𝑒𝑙𝑒𝑐𝑡.
2 The selection probability is the probability of being asked sex-specific questions across strata 

defined by gender identity and the outcome of interest.3 Although we do not have disaggregated data on the values of A 

and C, Table A3 shows the overall selection probabilities for transgender and gender nonconforming (TGNC) individuals 

for each outcome. 

We can reasonably assume non-differential selection bias among 

cisgender respondents. Therefore, letting 𝐵 = 𝐷 allows us to simplify 

OR𝑠𝑒𝑙𝑒𝑐𝑡 = 𝐶/𝐴. When 𝐴 > 𝐶, TGNC individuals with the outcome are 

preferentially included, or over selected. This implies that OR𝑠𝑒𝑙𝑒𝑐𝑡 < 1, so 

our bias adjusted prevalence ratio decreases. Conversely, when 𝐴 < 𝐶, 

TGNC individuals with the outcome are preferentially excluded, or under 

selected. This implies that OR𝑠𝑒𝑙𝑒𝑐𝑡 > 1, so our bias adjusted prevalence 

ratio increases. 

Now we are able to conduct a summary level selection bias adjustment using Monte Carlo simulation methods.3 

We do not have external data to inform the direction or degree of selection bias, so we consider a wide range of selection 

bias ratios under a uniform distribution where the parameter OR𝑠𝑒𝑙𝑒𝑐𝑡 ranges between 0.10 and 10.0. For each outcome, 

we sample from the uniform distribution of parameter OR𝑠𝑒𝑙𝑒𝑐𝑡 100,000 times. For each iteration, we estimated two bias-

adjusted prevalence ratios, one modeling systematic bias alone, and a second combining systematic bias and random 

errors. Random error is incorporated at each step in the simulation: letting se𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 be the robust standard error 

estimated from the complete cases Poisson regression, we calculate: 

PR𝑎𝑑𝑗 = exp( 𝑙𝑛(𝑃𝑅̂ × 𝑂𝑅𝑠𝑒𝑙𝑒𝑐𝑡) + 𝑁(0,1) × 𝑠𝑒𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛) 

 

where 𝑁(0,1) is a random number drawn from the standard normal distribution.3 Figure A1 displays the resulting 

relationship between OR𝑠𝑒𝑙𝑒𝑐𝑡 and the systematic bias and random error adjusted prevalence ratios. 

 

 

 

 

Table A2. Selection probability 

 TGNC Cisgender 

Outcome A B 

No Outcome C D 



Figure A1. Range of PR adjusted for Systematic Bias + Random Error by Varying Selection Bias  

                  Odds Ratios Ranging from 0.10 to 10.0 for each Outcome and Gender Identity 

 

 
 

 



 
 

 
 



 
 

 
 

 

 



 
 

 
 

  



APPENDIX II. BIAS MODELING APPROACH TWO  

 

Step One: Multiple Imputation by Chain Equations  

 

Multiple imputation by chained equations (MICE) was executed in Stata version 15.1 using the standard multiple 

imputation package.4 The largest among of missingness was observed in the sex-specific outcomes, with up to 30% of 

data missing. Therefore, we create 30 imputed datasets, each with a 10 iteration burn in.5–7  

 

We use conditional imputation to allow us to restrict the impute of sex-specific outcomes only to the relevant 

subpopulations. We restricted the imputation of the hysterectomy and Pap test variables to cisgender women and 

transgender men. We restricted the imputation of the pregnancy variable to cisgender women and transgender men age 

44 and younger. Lastly, we restricted the imputation of the PSA test variable to cisgender men and transgender women 

age 40 and older. These age restrictions mirror BRFSS skip patterns based on self-reported age. 

 

Perfect prediction and non-convergence occurs often in imputation models with a large number of categorical variables.8 

Therefore, we employed three strategies to achieve model convergence. First, we model all ordinal categorical variables 

as grouped linear variables to reduce the number of categorical variables in the imputation model. Second, we use an 

augmented regression approach to prevent perfect prediction.9 Lastly, we estimate a separate imputation model for each 

of the four sex-specific variables, since the inclusion of multiple conditional variables markedly increased computation 

time and likelihood of non-convergence. Imputed values were not rounded, since rounding can introduce additional bias.10   

 

We assessed convergence and goodness of fit by visually inspecting the trace plots for each imputed variable (Figure 

A2). Due to the size of the dataset (518,982 observations), a high degree of missingness, and reliance on a large number 

of categorical and conditional variables, this multiple imputation task was computationally intensive, with a total 

computation time over 60 hours.  

 

 

Step Two: Summary-level adjustment to account for unknown confounding 

 

Since multiple imputation methods assume missingness at random (MAR), we subsequently conduct probabilistic 

adjustment for unknown confounding. We define the risk ratio due to confounding RR𝑐𝑜𝑛𝑓 so that prevalence ratio adjusted 

for confounding as PR𝑎𝑑𝑗 =
PR̂

RR𝑐𝑜𝑛𝑓
.3 

There is no existing literature to inform the direction or degree of confounding, nor is there information to bound our 

estimates of the risk ratio due to confounding RR𝑐𝑜𝑛𝑓.3 Therefore, we use Monte Carlo methods to randomly sample 

100,000 confounding scenarios. we consider a wide range of selection bias ratios under a uniform distribution where the 

parameter RR𝑐𝑜𝑛𝑓 ranges between 0.10 and 10.0. For each outcome, we sample from the uniform distribution of 

parameter RR𝑐𝑜𝑛𝑓 100,000 times. For each iteration, we estimated two bias-adjusted prevalence ratios, one modeling 

systematic bias alone, and a second combining systematic bias and random errors. Random error is incorporated at each 

step in the simulation: letting se𝑖𝑚𝑝𝑢𝑡𝑒𝑑 be the robust standard error estimated from the Poisson regression on the imputed 

datasets, we calculate: 

PR𝑎𝑑𝑗 = exp ( 𝑙𝑛 (
PR̂

RR𝑐𝑜𝑛𝑓
) + 𝑁(0,1) × 𝑠𝑒𝑖𝑛𝑝𝑢𝑡𝑒𝑑) 

where 𝑁(0,1) is a random number drawn from the standard normal distribution.3   



Figure A2. Trace Plots for Sex-Specific Outcome Variables 

 

 
 

 
 

 

 



Figure A3 continued. 
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