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Abstract

Background—Investigators increasingly use online methods to recruit participants for 

randomized controlled trials (RCTs). However, the extent to which participants recruited online 

represent populations of interest is unknown. We evaluated how generalizable an online RCT 

sample is to men who have sex with men (MSM) in China.

Methods—Inverse probability of sampling weights (IPSW) and the G-formula were used to 

examine the generalizability of an online RCT using model-based approaches. Online RCT data 

and national cross-sectional study data from China were analyzed to illustrate the process of 

quantitatively assessing generalizability. The RCT (identifier NCT02248558) randomly assigned 
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participants to a crowdsourced or health marketing video for promotion of HIV testing. The 

primary outcome was self-reported HIV testing within 4 weeks, with a non-inferiority margin of 

−3%.

Results—In the original online RCT analysis, the estimated difference in proportions HIV tested 

between the two arms (crowdsourcing - health marketing) was 2.1% (95% confidence interval 

(CI): −5.4% to 9.7%). The hypothesis that the crowdsourced video was not inferior to the health 

marketing video to promote HIV testing was not demonstrated. The IPSW and G-formula 

estimated differences were −2.6% (95%CI: −14.2 to 8.9) and 2.7% (95%CI: −10.7 to 16.2), with 

both approaches also not establishing non-inferiority.

Conclusions—Conducting generalizability analysis of an online RCT is feasible. Examining the 

generalizability of online RCTs is an important step before an intervention is scaled-up.
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crowdsourcing; generalizability; G-formula; HIV testing; inverse probability weighting; IPSW; 
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INTRODUCTION

Investigators increasingly use online methods to recruit participants for randomized 

controlled trials (RCTs).[1–3] Online RCTs recruit participants, allocate interventions, 

measure outcomes, or collect data partly or fully using the Internet.[3] Online RCTs are 

increasingly used because they can efficiently recruit large samples (especially from groups 

that are small),[4] make studies easier to replicate and have some automation processes 

which facilitate study implementation[5–8] compared to offline RCTs. However, such RCTs 

may have poor generalizability.[1,9,10] For instance, online studies often have lower retention 

rates than offline research.[11,12] Online research is also more likely to recruit educated, 

Internet-using populations[1,13] who may not be representative of the larger population of 

interest.

Statistical methods have been developed which provide formal, quantitative, theoretically 

justified inferential approaches for generalizing RCT findings to populations of interest. 

These approaches include nonparametric direct standardization[14,15] and model-based 

methods.[16–18] To date, these types of methods have not been employed to generalize 

results of online RCTs, which is critical for practitioners and policy makers considering 

scaling up the results based on online trials.[19]

Herein we examine the generalizability of an online RCT using inverse probability of 

sampling weights (IPSW)[17,18] and the G-formula.[20–23] In particular, we use online RCT 

data[24] and national cross-sectional study data from China[25] to illustrate the process of 

quantitatively assessing generalizability of results from an online RCT.
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METHODS

Study population

The crowdsourced online RCT in China analyzed here has been described in detail 

elsewhere.[24,26] Briefly, in 2014, our study team applied the crowdsourcing method to 

generate a one-minute video for promoting HIV testing among Chinese men who have sex 

with men (MSM). Crowdsourcing is the process of shifting an individual task to a large 

group in the form of a contest or open call.[27] Our research team conducted a non-

inferiority online RCT to compare the effect of the crowdsourced video to a health 

marketing video to promote HIV testing.[24]

In this online RCT, the participants were recruited from popular MSM websites in three 

regions of China: northern (www.danlan.com), southern (www.yztz.net), and eastern 

(www.jstz.org). Participants entered the survey by clicking on a banner advertisement or an 

announcement sent to registered users, which directed them to eligibility screening and 

consent. Inclusion criteria were:1) being born biologically male; 2) having had anal sex with 

a man at least once; 3) 16 years or older; 4) never tested for HIV; 5) able to provide a cell 

phone number for follow up. In total, 721 participants were recruited from 31 provinces in 

217 cities in China. Of those 721 individuals, 352 were randomly assigned to the 

crowdsourced intervention arm and 369 to the health marketing intervention arm. The study 

protocol was approved by the participating institutional review boards and the study was 

registered with ClinicalTrials.gov (identifier NCT02248558) prior to trial enrollment.

A text message was sent to participants three weeks after survey completion, asking about 

HIV test uptake and test results after the intervention. An identical second follow-up text 

message was sent to non-responders in the fourth week. Of the 721 participants, 624 (87%) 

replied to the text message. Response (i.e., retention) rates were similar between the 

crowdsourced group (87%) and health marketing group (86%).[24]

The larger population of interest

The larger population of interest was generated by the following steps. First, we used a 

national, large-scale, cross-sectional survey dataset on MSM in China[25] collected in 2013 

(sentinel surveillance data) as a representative sample of the measurable Chinese MSM 

population. The data were collected by the Chinese Center for Disease Control and 

Prevention (C-CDC) aiming to determine the burden of HIV among MSM. A multistage 

mixed method sampling strategy including snowballing, venue- and Internet-based sampling 

was used to recruit participants. Although the C-CDC study was not a theoretically random 

sample of MSM, we consider it representative of the population of interest for the following 

reasons: 1) consistency between the C-CDC data set and extensive HIV systematic review 

data;[28] 2) large sample size (42680 MSM) recruited; 3) wide geographic reach with 

sampling from 107 cities within 30 of 31 provinces or similar administrative structures in 

China. Individuals in the C-CDC data were included in our study if they met the 

crowdsourcing RCT inclusion criteria (as described above, excluding the cell phone number 

criteria). Among the C-CDC sample, 20 428 participants met the RCT inclusion criteria and 

were included for analysis. We could not acquire information on what proportion of these 20 
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428 MSM from the C-CDC data use the Internet, but several studies have shown that, in 

China, 79.1% of MSM seek male sexual partners by Internet,[29] and 93.6% of MSM own a 

smart phone.[30]

Second, to implement the IPSW approach, we estimated that the larger MSM population of 

interest was in the range of 980 000 to 4 880 000 individuals. This range was determined by 

multiplying the following estimates: (i) the estimated whole Chinese MSM population size 

was 2 000 000 to 10 000 000[31] in 2009, which is the latest available estimated MSM 

population size in China; (ii) the percentage of Chinese MSM of more than 16 years of age 

and without HIV testing history in 2009 was 48.8% (95% confidence interval (CI): 36.6 to 

61.0%).[32] Therefore, we up-weighted the included C-CDC observations by 980 000 / 20 

428 and 4 880 000 / 20 428 to get a low and high approximation of the size of the larger 

population of interest.

Statistical Methods

IPSW—We start with a description of notation to specify the IPSW estimator. Let N denote 

the size of the population of interest. Let Si = 1 denote selection of the ith individual from the 

population of interest into the RCT, and let Si = 0 otherwise. For Si = 1, let Xi = 1 denote 

random assignment to the crowdsourcing arm and Xi = 0 to the health marketing arm. Let Zi 

denote a vector of k covariates for individual i. The IPSW was defined as[17]

Wı =

P(Si = 1)

P(Si = 1 |Zi)
if Si = 1

0 if Si = 0

where P̂(Si = 1|Zi) is an estimate of the probability of being selected into the RCT 

conditional upon the measured covariates Zi. The estimated marginal probability of being 

selected into the RCT was used in the numerator of the IPSW in order to ensure that the 

weighted sample remains the same size as the original sample and to check that the mean of 

Ŵi is near 1.0. The weights Ŵi are inversely proportional to an estimate of the conditional 

probability of being selected in the trial. A logistic regression model was used to obtain P̂(Si 

= 1|Zi)with main effects and all 2-way interactions of covariates Zi included in the model.

After estimating the weights, the RCT data were analyzed with an IPSW linear probability 

model Yi = β0 + β1Xi where Yi denotes the outcome of interest, defined as Yi=1 if the ith 

individual reported getting HIV tested within four weeks following the video intervention, 

and Yi=0 otherwise. The estimate of the regression coefficient β1 was interpreted as an 

estimate of the difference in the probability of getting HIV tested (crowdsourced – health 

marketing) in the population of interest.[33] A robust variance estimator was used to 

construct a Wald confidence interval (CI).[34]

G-formula—The G-formula[20,21,35] for generalizability[36] accounts for non-random RCT 

participant selection (Si) by integrating over the covariate distribution Zi from the population 

of interest. Specifically, the G-formula estimator of the difference in the probability of 

getting HIV tested in the population of interest is
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(E[Yi |Xi = 1, Zi = z, Si = 1] − E[Yi |Xi = 0, Zi = z, Si = 1])dF(z)

where the estimated conditional expectations Ê[Yi]Xi = x, Zi = z, Si = 1] for x = 0,1 are 

based on data from the RCT and dF̂(z) is the empirical distribution of Z in the C-CDC data. 

A general linear model was used to estimate the mean HIV testing outcome conditional on 

random intervention assignment Xi and covariates Zi among the RCT participants. Main 

effects and all 2-way interactions between covariates Zi and the intervention assignment Xi 

were included in the model. A Wald CI was computed using a bootstrap standard error 

estimate obtained by resampling with replacement from both the RCT sample and C-CDC 

sample separately (1000 resamples).

Assumptions[17,18,36]—The IPSW and generalizability G-formula methods rely on the 

following assumptions: (i) no measurement error; (ii) conditional on measured covariates, 

the participants selected to the RCT are exchangeable with those who were not selected (i.e., 

conditional exchangeability); (iii) non-zero probability of being selected into the RCT 

sample in each strata of covariates; (iv) no interference in both the study population and the 

larger population of interest; (v) correct model specification. If conditional exchangeability 

is met, effect measure modification observed in the RCT sample is representative of that in 

the larger population of interest

Covariate selection—The following three criteria were used to select covariates Zi for 

adjustment[17]: 1) the covariates were associated with RCT participation and were potential 

modifiers of the effect of the intervention; 2) the covariates were available in both the RCT 

data and the target sample C-CDC data, and 3) the covariates were deemed of scientific 

relevance for potential to impact the HIV testing outcome. The variables age, marital status, 

education, and condom use during last anal sex in the past six months met these criteria. 

However, the condom use variable was missing for 13.2% and 36.8% of MSM in the RCT 

and C-CDC data, respectively. Due to this substantial missingness, we only included age, 

marital status and education in the main analyses. Results including the variable condom use 

are provided in the supplemental tables. All available covariates were measured by C-CDC 

using categories (e.g., age bins) and were fit as categories in the analyses.

All analyses were conducted in SAS version 9.2 (Cary, NC) and code is provided in the 

online supplement (See Supplementary SAS Code).

RESULTS

Compared to the larger population of interest, online RCT participants were more likely to 

be age 20 or under (32.5% versus 9.8%), well educated (70.5% versus 40.8%), and never 

married (85.3% versus 67.7%). After weighting the crowdsourced RCT using IPSW, the 

distribution of covariates of the weighted RCT was close to the larger population of interest 

(Table 1 and S1).

In our analysis, first we replicated the main results of the crowdsourced RCT.24 The 

estimated difference in proportions of self-reported HIV testing within 4 weeks after 
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watching the assigned video between two arms (crowdsourced – health marketing) was 2.1% 

(Wald 95% CI, −5.4% to 9.7%). The hypothesis that the crowdsourced video was not 

inferior to the health marketing video to promote HIV testing was not demonstrated; the CI 

included values below the non-inferiority margin of −3% (Table 2).

Additionally, we assessed effect measure modification of the difference in proportions tested 

between the two arms (Table 2 and S2). There was variability in the subgroup effect 

estimates, particularly for the youngest and oldest groups and by marital status (Figure 1). 

However, these analyses of marginal effect measure modification (one covariate at a time) 

do not assess potential higher-order, joint effect measure modification.

In the IPSW analysis (including the covariates in Table 1 and all their 2-way interactions), 

non-inferiority was also not demonstrated. The estimated difference in proportions was on 

the opposite side of the zero null effect as compared to the original RCT result (difference in 

proportions: −2.6%; 95% CI: −14.2 to 8.9%) (Table 3). As anticipated, the IPSW robust CI 

was wider than the RCT original CI (CI widths of 23.1% and 15.1%, respectively). IPSW 

results were almost the same under the two approximations of population size. The mean of 

weights Wi was 0.996 (SD=1.4). In the G-formula analysis, the estimated difference in 

proportions was 2.7 (95% CI: −10.7 to 16.2), again showing that non-inferiority was not 

demonstrated (Table 3). The G-formula bootstrap CI was slightly wider (width 26.9%) than 

the IPSW robust CI.

In the supplement, we provide IPSW and G-formula results with the condomless sex 

variable included in the covariate set Zi. Missing data were excluded, thus we make a strong 

assumption that report of condomless sex was missing completely at random. The IPSW 

estimated effect was nearly unchanged by inclusion of the condomless sex variable (Table 

S3) but the standard error was considerably larger due to loss of data (i.e., smaller evaluable 

RCT sample size). The G-formula result appeared somewhat sensitive to inclusion of the 

condomless sex variable. In the supplemental analysis that incorporates the condomless sex 

variable, the IPSW and G-formula results were in close agreement with one another and 

were both on the opposite size of the zero null effect as compared to the original RCT result. 

Non-inferiority was not demonstrated in any of our analyses.

DISCUSSION

In our study, we applied IPSW and G-formula methods to generalize inferences from a 

crowdsourced online RCT to a specified population of interest. Both methods supported the 

original online RCT conclusion when the crowdsourced RCT was quantitatively generalized 

to a specified larger population of interest. These two different approaches have different 

model assumptions, so we have a greater degree of confidence in the results when the two 

estimates are similar. This study adds to the current literature by using two different model-

based methods to examine the generalizability of an online, crowdsourced RCT.

Our study suggests that properly planned and conducted online RCT results can be 

generalizable to a specific larger population of interest. Both IPSW and G-formula 

generalizability methods showed that non-inferiority was not demonstrated; conditional on 
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several key analysis assumptions, these results may be generalized to the larger China MSM 

population of interest. The estimated difference from the G-formula analysis was quite close 

to the original RCT result. The estimated difference from IPSW analysis was not drastically 

different from the original RCT result, but was on the opposite side of the zero null effect. 

The disagreement between the G-formula and the IPSW could be due to one or both of the 

assumed parametric models being incorrectly specified.

For both the IPSW and G-formula estimates, the estimated standard error was larger than in 

the original RCT analysis, indicating a loss in precision when the RCT results were 

generalized to a larger population. In general, loss of precision is expected with increasing 

differences between participant characteristics in the RCT sample compared to the 

population of interest.[17,18]

Our study has several limitations. First, for the assumption of no measurement error[17,37], 

we acknowledge that self-reported data, like data for HIV testing and condomless anal sex, 

are susceptible to reporting bias. Secondly, we only had a small number of measured 

covariates that could be compared between the online RCT survey and CDC survey data 

sets, and thus conditional exchangeability may be violated. Other possible effect measure 

modifiers, which mean potential for unmeasured covariates meeting the covariate selection 

criteria (as described above, excluding the second criteria), may have been missed such as 

annual income and disclosure of sexual orientation. However, the C-CDC data was thus far 

the most comprehensive, largest and only national data available to us. Thirdly, we could not 

acquire information on Internet access for the C-CDC data. Nonetheless, the IPSW and G-

formula generalizability results do adjust for age, which may potentially mitigate bias due to 

Internet access not being included among the observed covariates since different age groups 

are known to have different Internet usage rates.[29] Collecting information on Internet 

access from the population of interest is recommended in general to facilitate 

generalizability of online RCTs. Lastly, the variable of condom use during last anal sex in 

last six months was excluded in our primary analysis due to substantial missing data. 

Sensitive behavioral data such as this can be difficult to measure.

In conclusion, we used a crowdsourced online RCT and C-CDC data as an example to 

examine the generalizability of an online RCT with two different methods. We demonstrate 

the feasibility of a generalizability analysis in this context and provide example SAS code. 

Considering the advantage of efficiently recruiting a large, high-risk population, our results 

support that a properly planned and conducted online RCT is an effective design for 

estimating the effects of intervention or treatment. Examining the generalizability of online 

RCTs is an important step before the interventions or treatments are scaled up to the 

population of interest. Future generalizability analyses can be facilitated by harmonizing 

covariate data collected in RCTs and in large samples of the population of interest (e.g., 

surveillance or cohort studies).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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What is already known on this subject?

Investigators increasingly use online methods to recruit participants for randomized 

controlled trials (RCTs). The extent to which participants recruited online represent 

populations of interest is unknown. Statistical methods have been developed for 

generalizing RCT findings to populations of interest. However, to date, these types of 

methods have not been employed to generalize results of online RCTs.
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What does this study add?

• Globally, this is one of very few studies evaluating the generalizability of an 

online RCT.

• Our study was the first, or one of the first, applications of the G formula to 

examine the generalizability to RCT data.

• Conducting generalizability analysis of an online RCT is feasible.

• Examining the generalizability of online RCTs is an important step before an 

intervention is scaled-up to a population of interest.
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Figure 1. 
The results of original RCT, IPSW, G-formula and sub-analyses
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Table 3

The Generalized Effect of Crowdsourced Versus Health Marketing Video Upon HIV Testinga

Method Difference in proportions,% Standard Error, % 95% CI,%

IPSWb −2.6 5.9 −14.2 to 8.9

G-formula 2.7 6.9 −10.7 to 16.2

a
The covariates included in this analysis were age category, health education, and marital status.

b
IPSW=inverse probability of sampling weight
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