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Appendix S1. lllustration that the Rogan-Gladen estimator produces valid results even when
a+p<1

In Figure S1 below, we show panels for true prevalence ranging from 10% to 90%. For each
point corresponding to a combination of sensitivity and specificity in each figure, we
computed the observed prevalence. Next, we used that observed prevalence and the
Rogan-Gladen estimator to account for the misclassification. For all values except those
where @« = 1 — [, the Rogan-Gladen estimate matched the true prevalence, illustrating that
the Rogan-Gladen works wellevenwhena + f§ < 1.

Figure S1. Prevalence estimated using the Rogan-Gladen estimator (colors) for true
prevalence values ranging from 10% to 90% (panels) in settings with sensitivity (x-axis) and
specificity (y-axis) ranging from 0 to 1. The white diagonal line through running from top left
to bottom right of the figure illustrates points where a = 1 — § where no answer can be
computed. Aside from this line, the Rogan-Gladen estimator estimates prevalence without
bias for all values of sensitivity and specificity.
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Appendix S2. Compatibility of sensitivity, specificity, and observed prevalence

Figure S2 is an extended version of Figure 1 in the main paper that illustrates the difference
between observed prevalence and prevalence estimated using Rogan-Gladen estimator p
for 9 values of observed prevalence ranging from 0.1 to 0.9 applying values of sensitivity
and specificity ranging from 0 to 1. Estimated prevalence values below 0 and above 1 have
been deleted to illustrate the compatible values of sensitivity, specificity, and observed
prevalence. For each observed prevalence value, the plot has 2 compatible regions: the top
right square or rectangle, where @« > 1 — fand a > p* is where the positive predictive value
of the test is greater than p. This is where the test works better than chance. The lower left
rectangle also includes compatible values, but for these values of @ and f3, the positive
predictive value is less than p, implying that the test works worse than chance. However,
as seen in the main text, the Rogan-Gladen estimator still yields accurate results in settings
with positive predictive values lower than p (or, equivalently, « + f < 1), as long as the
selected values of a and § are compatible with the observed prevalence.



Figure S2: Difference between observed prevalence and prevalence estimated using
Rogan-Gladen estimator (“bias”) for 9 values of observed prevalence ranging from 0.1 to
0.9 applying values of sensitivity and specificity ranging from 0 to 1.
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Appendix S3: Differential misclassification

To obtain a consistent estimate of risk or prevalence, @ and § must be computed in
a validation study that reflects the target population for the main study (1). If the covariate
distribution in the validation study differs from the target population and @ and 8 vary by
levels of these covariates, the following algorithm may be used: 1) compute sensitivity and
specificity within strata of covariates: @(L) and S (L). 2) Apply the Rogan-Gladen estimator
with &@(L), B(L), and p*(L) = P(Y* = 1|L) to compute stratum specific risk or prevalence
estimates p(L). 3) Standardize p(L) across levels of L in the study sample to compute p:
p=2pL=DPL=D.

If « and 8 vary by a covariate Z that is involved in another source of bias (e.g.,
confounding), a simple approach is to apply the Rogan-Gladen estimator within each
stratum of Z and then standardize across levels of Z. For example, if misclassification is
differential by Z and Z is a confounder, the following algorithm could be applied: 1)
compute sensitivity and specificity within strata of Z; 2) estimate p*(a, z), the predicted
probability of Y* within strata of A and Z; 3) Apply the Rogan-Gladen within levels of a and

p*(a,2)+B(az)-1 . A _
wlantflan 1 4) standardize across levels of L: p(a) =

Zlﬁ(aJZ = Z)P(Z = Z)'

z, such that p(a, z) =

In settings where misclassification varies by a confounder and sensitivity and
specificity do not naively transport from the validation data conditional on exposure and
confounder, alternative approaches are needed, as described by Ross et al (2).



Appendix S4. Example Details

Analysis using M-estimation

In the example, we repeated the analysis using M-estimation (3), which provided the
empirical sandwich estimate of the variance. To implement this approach, we stacked
together the outcome indicator Y* for the n records in main study data with Y* fromm
records in the validation data with Y = 1 and Y* from the r records in the validation data
with Y = 0. In the stacked data we created a new variable VV with values 0 if the record was
from the main study, 1 if it was one of the m records in the validation study with Y = 1, and
2 if it was one of the r records from the validation study with Y = 0. Letting X = (V,Y*) and
0 = (a,B,p",p), the stacked estimating function was

9o (X; @) V=D —-a)
N 9 (X; B) | v=2@a-v1-p8
G&O=\ gy || 1= -p)

9K a B p5p)] lpletB-1D—(p*+-1)

The asymptotic variance of 8 was estimated via the empirical sandwich estimator

E{B~'M(B~1)}, where B = E{g'(X; 0)}, g'(X;6) = — {2252} and M =

E{g(X;0)g(X;0)T}. Using this approach, the estimated prevalence p was 2.4% (95% Cl:
0.0, 9.7; standard error: 3.7%). An introduction to M-estimation is presented by Ross et al.
(4)

M-estimation with missing data

To account for the missing data in addition to the misclassification, we again
stacked together the outcome indicator Y™ for the n records in main study data with Y*
from m records in the validation data with Y = 1 and Y* from the r records in the validation
data with Y = 0. In the stacked data we created a new variable V with values 0 if the record
was from the main study, 1 if it was one of the m records in the validation study with Y = 1,
and 2 if it was one of the r records from the validation study with Y = 0. We additionally
created a matrix W with n +m + r rows corresponding to study participants in the main
study (with and without missing data on Y*) and validation study. S was an indicator of
nonmissing outcome data in the main study (and was set to 0 for participants in the
validation study). Columns were covariates age, sex work, alcohol use, and education
level. All covariates were set to O for participants in the validation study (where covariates
were not measured. Let i represent the probability of having a nonmissing outcome given



covariates. With X = (V,Y*,W,S) and 8 = (a, B, m, p*, p), the stacked estimating function

was

JaX;a) ] V=1 -a)
95 (X; B) IV=2)(1-Y"]-5)
9o (X;6) = 9= (X; ) = IV =0)X(S—m)
9o (X; p*, 1) IV=0)SY*=p)n?
19,X; a,B,p*p)] lpla+Bp-D—=(p"+p-1)

Using this approach, the estimated prevalence was 2.5% (standard error 0.037).

Figure S3: Estimated prevalence using Rogan-Gladen estimator under various
combinations of sensitivity and specificity for the example’s observed prevalence of 5.3%.
Shaded regions denote combinations of sensitivity and specificity that are compatible with
the observed prevalence. The top right rectangle contains values of sensitivity and
specificity for which the positive predictive value PPV is greater than prevalence. These are
the settings where the test performs better than chance. The lower left rectangle
represents combinations of sensitivity and specificity where PPV is less than prevalence.
These are the settings where the test performs worse than chance. Nonshaded regions are
combinations of sensitivity and specificity incompatible with the observed prevalence of
5.3%. The point represents values of sensitivity and specificity from the validation data,
which are compatible with the observed prevalence.
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