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The Unmatched Count Technique (UCT) is a method for ensuring respondent 
anonymity and thereby providing an unbiased estimate of the prevalence of a 
characteristic in a population. I illustrate that under realistic conditions UCT 
estimates can have ten times more sampling error than estimates derived from 
direct questions, and that UCT estimates can take nonsensical negative values. 
Therefore, the UCT should be used with caution. 

The prevalence of a particular characteristic in a population is typically 
estimated by directly asking respondents if they have the characteristic (i.e., 
the direct question technique or DQT; Fowler 2013). However, DQT 
estimates of the prevalence of some characteristics can be biased, that is, they 
can differ systematically from the true value. For example, directly asking 
respondents whether they have committed a crime can yield downwardly 
biased estimates because respondents are reluctant to admit criminality. The 
Unmatched Count Technique (UCT) aims to avoid such bias by not asking 
respondents directly about a characteristic. It has been used to estimate the 
prevalence of characteristics about which respondents might underreport, 
including sexual behaviors (LaBrie and Earleywine 2000; Bahadivand et al. 
2020), misconduct (e.g., Dalton, Wimbush, and Daily 1994), conservation 
behaviors (Hinsley et al. 2019; Spira et al. 2021; Olmedo et al. 2022), and 
violent extremism (Clemmow et al. 2020). 

UCT estimates are less biased (Ehler, Wolter, and Junkermann 2021; Li and 
Van den Noortgate 2022), but they have more variance and therefore more 
sampling error (Raghavarao and Federer 1979), than DQT estimates. This 
means that, although on average UCT will correctly estimate prevalence, 
in any given sample it can yield substantially larger or smaller estimates, 
and can even yield nonsensically negative estimates. For example, as I show 
below, when used to estimate a characteristic whose true prevalence is 5%, 
the UCT is likely to yield an estimate somewhere between an impossible 
-11% and an implausible 22%. Having an unbiased estimate of prevalence 
is useful; however, an unbiased estimate with such large sampling error is 
not useful because it cannot be used to make informative inferences about 
the population. Because UCT prevalence estimates have very large sampling 
errors, and because UCT data cannot be used for anything except estimating 
prevalence, researchers should use UCT with caution. 
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Methods  
The DQT simply asks respondents a question like “Do you X”, where X 
is a focal characteristic, and prevalence is estimated as the percent answering 
yes. In contrast, the UCT asks control respondents how many of a series 
of control statements (e.g., "Do you like corn?) they endorse, while it asks 
experimental respondents how many of these control statements and one 
focal statement (e.g., “Do you X?”) they endorse. Respondents report how 
many, but not which, statements they endorse, thereby preserving anonymity 
and encouraging honesty. The prevalence of focal characteristic X is estimated 
as the difference in the total number of endorsements by the control and 
experimental respondents, divided by the number of experimental 
respondents. To estimate the sampling error of DQT and UCT estimates, 
I simulate collecting data using these two techniques from 1000 samples of 
1000 respondents each, where the true prevalence is p. 

For DQT, I simulate a sample of 1000 respondents endorsing a single 
statement about a characteristic, where each respondent has probability p of 
endorsing. I repeat this 1000 times, measuring the sampling error of the DQT 
as the standard deviation of the 1000 DQT estimates (i.e., the standard error). 

For UCT, I simulate a sample of 500 experimental respondents endorsing 
s statements, and 500 control respondents endorsing s – 1 statements. The 
experimental respondents have a probability p of endorsing one of these 
statements, which represents a statement about a focal characteristic. All 
respondents have a 50% probability of endorsing all other statements, which 
represent control statements. Endorsements for pairs of statements have 
correlation r. I repeat this 1000 times, measuring the sampling error of the 
UCT as the standard deviation of the 1000 UCT estimates (i.e., the standard 
error). 

I examine the simulated sampling error of DQT and UCT estimates by 
varying the number of statements (s = 2, 4, or 6), true prevalence (p = 0.5, 
0.1, or 0.05), and correlation among statements (r = 0, 0.1, or 0.2). The 
code necessary to reproduce these results, or to try other values, is available at 
https://osf.io/6t7me/. 

Results  
Figure 1 displays the simulated sampling distribution of DQT and UCT 
prevalence estimates under a range of conditions defined by the true 
prevalence (p), number of statements used by the UCT (s), and correlation 
among UCT statements (r). For each set of conditions, each panel also 
reports the mean, standard error, and 95% confidence interval of each 
estimate’s sampling distribution. 
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Figure 1. Simulated sampling distributions of prevalence estimates obtained using the direct question technique (DQT) 
and the unmatched count technique (UCT). 

Note: p = true prevalence, s = number of statements, r = correlation among statements 
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In Figure 1A, the true prevalence is 50% (p = 0.5), and the UCT uses two (s 
= 2) uncorrelated (r = 0) statements. These conditions represent the best case 
scenario for a UCT estimate, that is, the conditions when a UCT estimate 
has the smallest sampling error compared to a DQT estimate. However, even 
under these “best case” conditions, the UCT estimate’s sampling error (0.04) 
is still twice that of the DQT estimate (0.02). Moreover, these conditions are 
implausible. First, the UCT must use more than two statements to preserve 
respondent anonymity. Second, the UCT is used to estimate the prevalence 
of rare and potentially stigmatized, not common (i.e. p = 0.5), characteristics. 
Third, it is nearly impossible for respondents’ answers to statements to be 
perfectly uncorrelated. The following panels explore how the UCT estimate’s 
sampling error changes as these conditions become more realistic. 

To preserve respondent anonymity, the UCT requires asking one focal 
statement and multiple control statements. As the number of control 
statements increases, the UCT estimate’s sampling error also increases. 
Figures 1B and 1C retain the conditions shown in Figure 1A, except that the 
UCT uses more statements. In Figure 1B the UCT uses four statements and 
its sampling error (0.06) is three times larger than that of the DQT estimate 
(0.02), while in Figure 1C the UCT uses six statements and its sampling error 
(0.08) is four times larger than that of the DQT estimate (0.02). 

The UCT is primarily used to estimate the prevalence of rare characteristics 
about which respondents might be reluctant to report, for example, because 
they are stigmatized. As the true prevalence of the characteristic becomes 
rarer, the UCT estimate shifts to the left and its sampling error increases 
compared to the DQT. Figures 1D and 1E retain the conditions shown in 
Figure 1C, except that the true prevalence is lower. In Figure 1D the true 
prevalence is 10% (i.e., p = 0.1), while in Figure 1E the true prevalence is 5% 
(i.e., p = 0.05). In both cases the UCT estimate’s sampling error (0.07) is 
seven times larger than that of the DQT estimate (0.01). Moreover, the UCT 
estimate’s large sampling error yields a wide 95% confidence interval, which 
includes impossible negative prevalence estimates as low as -6%. 

Although the control statements used in the UCT should not be associated 
with each other or with the focal statement, it is impossible to choose 
statements that are perfectly uncorrelated. In practice these statements will 
exhibit some correlation, and as the correlation among statements increases, 
the UCT estimate’s sampling error increases. Figures 1F and 1G retain the 
conditions shown in Figure 1E, except that there is some correlation among 
the UCT statements. In Figure 1F the UCT statements are correlated at r = 
0.1 and the UCT estimate’s sampling error (0.09) is nine times larger than 
that of the DQT estimate (0.01), while in Figure 1G the UCT statement are 
correlated at r = 0.2 and the UCT estimate’s sampling error (0.1) is ten times 
larger than that of the DQT estimate (0.01). 
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Conclusion  
UCT yields less biased prevalence estimates than DQT (Ehler, Wolter, and 
Junkermann 2021; Li and Van den Noortgate 2022). However, this reduced 
bias comes at the cost of substantially increased sampling error. Under 
realistic conditions – six weakly correlated statements to estimate the 
prevalence of a rare characteristic (see Figure 1G, where p = 0.05, s = 6, r = 
0.2) – the 95% confidence interval of a UCT estimate would lead a researcher 
to conclude that the true prevalence (here, 5%) is somewhere between an 
impossible -11% and an implausible 22%. More generally, under practical 
conditions UCT estimates have so much sampling error that inferences about 
the prevalence of a characteristic in a population are uninformative, and in 
many samples it may even yield nonsensical negative prevalence estimates. 

UCT prevalence estimates can be both imprecise and invalid, but UCT data 
also cannot be used for anything except estimating prevalence. Specifically, 
because it is unknown which respondents endorsed which statements, these 
data cannot be used in analysis at the individual level. For example, consider 
a survey that collects respondents’ gender and uses UCT to estimate the 
prevalence of criminality. Using these data it is not possible to test whether 
criminality is more prevalent among men or women because it is unknown 
whether any given man or women participating in the survey reported having 
committed a crime. 

The UCT is only capable of estimating prevalence; however, the illustrations 
in Figure 1 show that it can yield both imprecise and invalid prevalence 
estimates. Therefore, researchers should use UCT with caution. In cases 
where DQT estimates are likely to be biased, and therefore UCT estimates 
are preferred, researchers can reduce the estimate’s sampling error by using 
the smallest number of statements that will preserve respondents’ sense 
of anonymity, using uncorrelated statements, and using larger samples. 
However, even when taking these steps, inferences of population prevalence 
derived from UCT estimates should be interpreted with caution. 
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