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Abstract

Selection bias is a potential concern in all epidemiologic studies, but it is usually difficult to 

assess. Recently, concerns have been raised that internet-based prospective cohort studies may be 

particularly prone to selection bias. Although use of the internet is efficient and facilitates 

recruitment of subjects that are otherwise difficult to enroll, any compromise in internal validity 

would be of great concern. Few studies have evaluated selection bias in internet-based prospective 

cohort studies. Using data from the Danish Medical Birth Registry from 2008 to 2012, we 

compared six well-known perinatal associations (e.g., smoking and birth weight) in an inter-net-

based preconception cohort (Snart Gravid n = 4,801) with the total population of singleton live 

births in the registry (n = 239,791). We used log-binomial models to estimate risk ratios (RRs) and 

95% confidence intervals (CIs) for each association. We found that most results in both 

populations were very similar. For example, maternal obesity was associated with an increased 

risk of delivering a macrosomic infant in Snart Gravid (RR = 1.5; 95% CI: 1.2, 1.7) and the total 

population (RR = 1.5; 95% CI: 1.45, 1.53), and maternal smoking of >10 cigarettes per day was 

associated with a higher risk of low birth weight (RR = 2.7; 95% CI: 1.2, 5.9 vs. RR = 2.9; 95% 

CI: 2.6, 3.1) in Snart Gravid and the total population, respectively. We cannot be certain that our 

results would apply to other associations or different populations. Nevertheless, our results suggest 

that recruitment of reproductive aged women via the internet may be no more prone to selection 

bias than traditional methods of recruitment.

In an epidemiologic study focused on etiologic associations, generalizing from the study 

results is predicated on their internal validity. Selection bias, one threat to internal validity, 

arises when the association between exposure and outcome differs between study 

participants and nonparticipants.1 Selection factors that are related to exposure can produce 

selection bias, but only if these selection factors are also related to the study outcome; a 
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different prevalence of exposure in study participants versus nonparticipants is not sufficient 

to cause selection bias with respect to effect measures.2

Not every study focuses on etiology, however. In surveillance research, the goal may be to 

estimate disease incidence or prevalence in a specific population. In this case, generalizing 

from the study results is less abstract than in etiologic studies; it may require representative 

sampling or weighted sampling that can be used to construct estimates that describe the state 

of the source population. The importance of representativeness depends on the goal of the 

research. Although it is clearly important in surveillance studies, in etiologic studies, 

representativeness of a source population is arguably not a prerequisite for either internal 

validity or generalizability,3–5 although there has been some disagreement on this issue.6,7

In prospective cohort studies, there are several major potential sources of selection bias: (1) 

“self-selection bias,” when factors related to both the exposure and the future outcome affect 

whether or not someone volunteers for a study; (2) selection bias due to differential loss to 

follow-up, when loss of study subjects is associated with both exposure and outcome 

(includes bias from competing risks and from informative censoring); and (3) selection bias 

introduced by selection criteria imposed by the investigators. Selection bias of any type that 

results from a common cause being related to both exposure and disease resembles 

confounding and can be dealt with by adjustment in the analysis, as long as there is 

sufficient information available.8 Selection bias from differential loss to follow-up occurs 

when the loss of study subjects is jointly dependent on both exposure and outcome. Hernan 

et al.8 classified this type of selection bias as a form of “collider-stratification bias” 

introduced by selection criteria that condition on common effects of exposure and disease. A 

related type of selection bias is index event bias, a type of collider-stratification bias that 

occurs in studies of disease recurrence.9

In practice, the existence of selection bias and any impact it might have on measures of 

effect are difficult to assess because, by definition, the information on those not included is 

missing. If partial information is available on nonresponders, partial responders, or drop-

outs, characteristics of the included and nonincluded study populations can be 

compared,10–14 and sometimes associations can be measured in both groups.15–19 

Quantitative bias analysis is one approach to assess the potential effect of selection bias on a 

study, but it requires assumptions about selection factors that may be difficult to assess.20 

Other approaches include marginal structural models, which may be useful to deal with 

informative censoring in cases where the censoring can be predicted with measured 

covariates.21–23

In some settings, features of a study may permit empirical examination of selection bias 

using external data.15–17 For example, the Norwegian Mother and Child Study24 and the 

Danish National Birth Cohort25 examined potential selection bias using national birth 

registry data to compare well-established associations (e.g., smoking and low birth weight) 

in their study cohorts with the same associations in the source population.15,16 The original 

cohort studies enrolled their participants during routine prenatal care during the first or early 

second trimester; participation rates were 43% in Norwegian Mother and Child Study and 

31% in the Danish National Birth Cohort. The results of both studies found that the 
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exposure–outcome associations examined were similar for the study cohorts and the entire 

source population implying little selection bias, although the prevalence of basic 

characteristics such as age, parity, and smoking differed in the respective populations.15,16

Few prospective cohort studies have used the internet for recruitment and follow-up, despite 

potentially greater efficiency in data collection, better data quality, lower costs, and easier 

enrollment of many otherwise hard-to-identify populations (with some notable exceptions 

such as intravenous drug users or the homeless population).26–32 All questionnaire-based 

prospective cohort studies (as opposed to registry/database studies) rely on volunteers and 

thus are theoretically vulnerable to self-selection bias. Nevertheless, many prospective 

studies, such as the Nurses’ Health Study and the Framingham study, have enumerated the 

population to be enrolled and thus can calculate response rates. In contrast, internet-based 

recruitment may raise concerns because the denominator is unknown, baseline participation 

rates cannot be calculated, and characteristics of responders and nonresponders cannot be 

compared. To the best of our knowledge, only one internet-based study has evaluated 

potential selection bias empirically.33 Although confounding patterns in that cohort differed 

from those in the source population, most exposure–outcome associations were similar in 

the study and its source population.

Use of the internet for enrollment and follow-up of epidemiologic studies holds great 

promise.34–36 Nevertheless, any compromise in study validity would be of great concern. We 

evaluated the presence of selection bias in an internet-based study of pregnancy planners in 

Denmark, using data from the Danish Medical Birth Registry (Danish Medical Birth 

Registry) to compare several associations in our study cohort with findings for the total 

population of Danish women with a live birth recorded in the Danish Medical Birth Registry 

during the study period.

METHODS

The Snart Gravid study began in June 2007 with the launch of the study website 

(www.Snart-Gravid.dk). The last participant in Snart Gravid enrolled in August 2011; at that 

time, we expanded our aims by adding a food frequency questionnaire and more detailed 

questions on medication use, and by recruiting male partners in addition to females into the 

successor study, Snart Foraeldre (www.SnartForaeldre.dk). All study recruitment and 

follow-up is conducted via the internet. Potential participants learn about the study through 

an advertisement on a popular Danish health-related web site (www.netdoktor.dk), through 

Facebook, or through publicity in other media. Study methods have been described in detail 

previously.28,30,37,38 Eligible women are Danish residents, aged 18–40 years, in a stable 

relationship with a male partner, and not currently using any form of contraception or 

fertility drugs. Eligibility is assessed via an online screening questionnaire and participants 

read an online consent form before enrollment. The study was approved by the Boston 

University Medical Center Institutional Review Board, protocol #H25361, and the Danish 

Data Protection Board #2013-41-922 and 1-16-02-1-08 for use of Danish birth registry data.
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To enroll, women must provide a valid Civil Registration Number and email address. After 

completing an extensive baseline questionnaire, participants are followed via short 

bimonthly questionnaires until pregnancy is reported or for up to 1 year.

For the current analysis, we obtained data from the Danish Medical Birth Registry on 

maternal age at delivery, parity at time of delivery, smoking during pregnancy, body mass 

index (BMI) at the first prenatal visit, diagnosis of pre-eclampsia (ICD 10 codes O10-O16), 

mode of delivery and birth weight for all singleton live births in Denmark during 2008–2012 

(n = 242,452). Women in Snart Gravid were ages 18–42 at their infant’s birth. As women in 

the Danish Medical Birth Registry ranged from ages 13 to 54, we restricted their age range 

to 18–42 for comparability with Snart Gravid women. Less than 2% of non-Snart Gravid 

population was outside of the 18–42 year range. We also excluded women and infants with 

implausible data on maternal BMI or infant birth weight (1.1%). After these exclusions, 

239,791 births remained, including 4,801 births among Snart Gravid participants and 

234,990 births among nonparticipants. All data used in this analysis are from the Danish 

Medical Birth Registry.

We compared basic frequencies of maternal and infant characteristics of Snart Gravid 

participants and the total population of Danish women ages 18–42 with a birth recorded in 

the Danish Medical Birth Registry during 2008–2012. We used log-binomial regression to 

calculate crude and adjusted risk ratios (RRs) and 95% confidence intervals (CIs) for several 

well-established associations related to maternal smoking,39 obesity,40 parity,41 and delivery 

by C-section42 separately for Snart Gravid and the total population in the registry. We 

estimated the association between maternal smoking in pregnancy (current smoker vs. 

nonsmoker and quit during pregnancy, 1–10/day, and >10/day vs. nonsmoker) and low birth 

weight (<2,500 g) and birth weight <3,000 g controlling for maternal age (18–25, 25–29, 

30–34, and 35–42 years), parity (nulliparous vs. parous), and BMI (<20, 20–24, 25–29, and 

≥30 kg/m2). We estimated the association between nulliparity and pre-eclampsia, controlling 

for age, BMI, and smoking (current smoker, yes/no). Similarly, we examined the association 

of history of C-section and risk of C-section delivery in the current birth controlling for 

maternal age, BMI, and smoking. We examined associations of maternal BMI ≥30 with pre-

eclampsia, delivery by C-section, and macrosomia (>4,000 g), adjusting for age, parity, and 

smoking. We used multivariable linear regression to estimate adjusted mean birth weight 

differences according to maternal smoking and obesity, adjusting for maternal age and 

parity.

RESULTS

Women who gave birth following enrollment in Snart Gravid were less likely to be ages <25 

or ≥35 than all Danish women giving birth during the same time period. Snart Gravid 

participants were more likely to be nonsmokers (90% vs. 84%) and to have no previous live 

births (67% vs. 53%) than the source population. The prevalence of obesity, pre-eclampsia, 

low birth weight (<2,500 g), birth weight <3,000 g, macrosomia, and C-section delivery 

were similar in Snart Gravid participants and the source population (Table 1).
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Table 2 presents adjusted RRs and 95% CIs for selected associations between exposures and 

outcomes among Snart Gravid participants and among all women giving birth in Denmark 

during the same time period. Relative to nonsmokers, current smokers had a higher risk of 

delivering a baby with a birth weight <3,000 g among Snart Gravid participants (RR = 1.8; 

95% CI: 1.5, 2.3). The corresponding RR was 1.8 (95% CI: 1.7, 1.8) among the total 

population. Finer categories of smoking showed similar effects. Using the traditional cut-off 

for low birth weight (<2,500 g), results were similar among Snart Gravid and the total 

registry population among women who smoked >10 cigarettes/day (RR = 2.7; 95% CI = 1.2, 

5.9) versus 2.9 (95% CI = 2.6, 3.1) and among those who quit smoking in pregnancy (RR = 

1.1; 95% CI = 0.4, 3.3, and 1.2; 95% CI = 1.1, 1.3), but differed among light (1–10 

cigarettes per day) smokers (RR = 1.1; 95% CI = 0.5, 2.5 vs. 2.2; 95% CI = 2.0, 2.3). The 

association between nulliparity and pre-eclampsia was slightly stronger among non-Snart 

Gravid women, but CIs were broad and overlapping. Effect estimates for maternal BMI and 

macrosomia were almost identical (RR = 1.5 [95% CI = 1.2, 1.7] in Snart Gravid and RR = 

1.5; [95% CI: 1.45, 1.53] in the total population), and those for maternal BMI and C-section 

delivery and prior C-section in relation to current C-section were comparable in the two 

groups. Both crude and adjusted mean birth weights in relation to maternal BMI and 

smoking in pregnancy were very similar in the two groups.

Among Snart Gravid participants, the mean differences in birth weight adjusted for maternal 

age, smoking, and parity were −121, 60, and 103 g for maternal BMI <20, 25–29, and ≥30, 

respectively, compared with BMI of 20–24. Among the total population, the same 

comparisons resulted in nearly identical differences of −124, 67, and 107 g. Results were 

also very similar according to smoking habits: current smoking in pregnancy was associated 

with 184 and 192 g reductions in average birth weight among Snart Gravid and the total 

population of infants, respectively, and results for finer categories of smoking were also 

similar in the two groups (see eTable; http://links.lww.com/EDE/A976).

DISCUSSION

The self-selected Snart Gravid study encompassed 2% of all singleton live births in 

Denmark from 2008 to 2012. The Snart Gravid study was restricted to pregnancy planners 

recruited mainly via internet-based advertising on health-related websites. The prevalence of 

internet use in Denmark is high and a large proportion (77%) of Danish women plan their 

pregnancies,43 so that internet-using pregnancy planners constitute a high proportion of all 

women who become pregnant in Denmark. The distribution of BMI and the prevalence of 

pre-eclampsia were similar in Snart Gravid and the Danish population, and both groups had 

a similar prevalence of a history of C-section delivery and low birth weight in the current 

birth. Snart Gravid participants were more likely to be nonsmokers and nulliparous and less 

likely to be <25 or more than 34 years old. Previous studies of birth cohorts recruited using 

traditional methods also found that their study participants were more likely to be 

nulliparous,15,16,33 nonsmoking,13,16,33 and between 25 and 34 years old15,16 than their 

source populations identified via registries. Similar to these studies, we found that most 

exposure–outcome associations were comparable for women who participated in our 

prospective cohort study and all Danish women in the Danish Medical Birth Registry, even 

though Snart Gravid recruited participants via the internet and the study population was 
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confined to pregnancy planners. The similarity of findings in Snart Gravid and all women in 

the Danish Medical Birth Registry suggests that our study has both internal and external 

validity, at least for the associations studied.

This analysis was limited to associations for which we could obtain data from the Danish 

Medical Birth Registry. The extent to which similar results would hold for other associations 

is uncertain, but it may help to consider the theoretical aspects of generalizing about 

selection bias. An association between exposure and the probability of selection is not 

sufficient on its own to create bias in effect estimates. In its most simple form, selection bias, 

also referred to as collider-stratification bias, occurs when one conditions on a common 

effect of two independent variables, resulting in an association between those parent 

variables that may lead to an observed exposure–outcome association that differs from the 

true causal effect.8,44–47 We illustrate this situation with a parsimonious causal structure, as 

shown in Figure 1. An example of this structure would be if E (exposure) were maternal 

smoking in pregnancy, S (selection factor) were the study eligibility criteria (pregnancy-

planning, internet-use, etc.) and subsequent self-selection into the study, and D (disease) 

were low infant birth weight. Snart Gravid participants were less likely to smoke in 

pregnancy than the general Danish population (8% vs. 14%). Thus, there is a relationship 

between E and S, perhaps generated by a common cause of both E and S that is not pictured 

in the diagram. In this example, let us consider the variable U (unmeasured or unknown 

factor) to represent underlying fertility problems, which may be positively associated with 

selection and low birth weight. Analyzing this population of women who are planning a 

pregnancy and who enroll via the internet would condition on S (because we have restricted 

our sample to women who participate) and create an association between E and U. This 

process would create an unblocked backdoor path between E and D, thereby changing the 

association between E and D in the study population. For the situation pictured, large bias in 

the E–D association would result from conditioning on S when there is a large E–S 
association and U substantially confounds the S–D association. This diagram illustrates but 

one example. There are many more complicated directed acyclic graphs that could be drawn. 

This example illustrates selection bias with the bare minimum of nodes and represents the 

situation where selection bias is potentially strongest.45,46

Our results for smoking and birth weight were generally similar in Snart Gravid and the 

source population, suggesting little selection bias, with the exception of the association 

between light smoking (<10 cigarettes/day) and low birth weight (<2,500 g). Among light 

smokers in Snart Gravid, there was little association between smoking and low birth weight 

(RR = 1.1 compared with RR = 2.2 among light smokers in the total population). While this 

difference may suggest selection bias among light smokers who enrolled in Snart Gravid, it 

could also be due to imprecision, because the results for light smoking and birth weight 

<3,000 g were almost identical in Snart Gravid and all women. It is also possible that light 

smokers in Snart Gravid were more likely to quit or to smoke less than women in the total 

population, which may have resulted in their lower risk of low birth weight. Selection bias as 

represented in Figure 1 is not unique to either internet-based or preconception cohorts; it 

may occur in any cohort study where exposure is associated with joining the study and 

where a common cause of selection and the outcome exists.
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In this article, we focused primarily on selection bias as a potential threat to internal validity. 

Some authors are also concerned with selection factors that result in a nonrepresentative 

study population. Without effect-measure modification by a factor, weighted selection by 

that factor will not influence the effect estimate in a study.1 In the presence of effect-

measure modification, overall results depend on the distribution of the effect modifier in the 

study population. The study result may differ from the corresponding value in the source 

population if sampling in the study is not proportional across subgroups of the modifying 

variable, and summary results are not standardized to the overall population.48 If 

information is available on the effect modifier, the study should report important effect-

measure modification, rather than present summary estimates. The motivation for 

representative sampling is usually a prior interest in describing associations within a specific 

target population,6,7 in addition to the well-known need to have representative populations to 

describe prevalence of exposures and diseases in the source population.

A limitation of our study is that we restricted the analysis to variables measured in the 

Danish Medical Birth Registry, and thus could only measure a few associations. Some of the 

associations in our study cohort differed slightly from those in the source population, but 

those tended to be for relatively rare exposures or outcomes that had imprecise estimates of 

association. The majority of associations were very similar for the internet-recruited 

population and the remainder of Danish women giving birth. Although we cannot be 

confident that our results would apply to other populations and associations than those 

studied here, our findings indicate that selection bias may not be an important concern in 

prospective cohort studies of reproduction that recruit and follow women via the internet.
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FIGURE 1. 
Causal diagram of selection bias. E indicates exposure; S, selection factor; D, disease 

outcome; U, unmeasured or unknown factor.
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TABLE 1

Maternal and Infant Characteristics of Participants in the Snart Gravid Cohort and All Women Giving Birth in 

Denmark, Using Data from the Danish Medical Birth Registry 2008–2012

Snart Gravid (n = 4,801) Danish Medical Birth Registry (n = 239,791)

Frequency of Selected Characteristics N (%) N (%)

Age at delivery (years)

 <25   509 (11)   32,199 (13)

 25–29 1,930 (40)   75,761 (32)

 30–34 1,744 (36)   84,257 (35)

 ≥35   618 (13)   47,574 (20)

 Missing 0 0

Smoking status during pregnancy

 Nonsmoker 4,331 (90) 201,157 (84)

 Quit during pregnancy     84 (1.7)      7,146 (3.0)

 1–10 cigarettes/day    189 (3.9)    16,889 (7.0)

 >10 cigarettes/day     82 (1.7)      7,086 (3.0)

 Missing    115 (2.4)      7,513 (3.1)

Parity at entry into study

 0 3,201 (67) 126,570 (53)

 1 1,140 (24)   69,195 (29)

 ≥2    353 (7.4)   38,546 (16)

 Missing    107 (2.2)      5,480 (2.3)

Maternal body mass index (kg/m2)

 <20   624 (13)   34,159 (14)

 20–24 2,351 (49) 116,806 (49)

 25–29   973 (20)   47,588 (20)

 ≥30   586 (12)   27,953 (12)

 Missing    267 (5.6)    13,285 (5.5)

Pre-eclampsia

 Yes    278 (6.3)    10,666 (5.3)

 No 4,170 (94) 190,579 (95)

 Missing 0 0

Birth weight

 <2,500 g    168 (3.5)      8,742 (3.7)

 2,500–2,999 g   535 (11)   27,220 (11)

 3,000–4,000 g 3,278 (68) 162,583 (68)

 >4,000 g   779 (16)   37,679 (16)

 Missing      41 (0.9)      3,567 (1.5)

Method of delivery

 C-section 1,038 (22)   49,775(21)

 Vaginal birth 3,738 (78) 187,365 (78)

 Missing      24 (0.5)      2,597 (1.1)
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Snart Gravid (n = 4,801) Danish Medical Birth Registry (n = 239,791)

Frequency of Selected Characteristics N (%) N (%)

Prior C-section

 Yes    242 (5.0)    17,351 (7.2)

 No 4,538 (95) 220,754 (92)

 Missing      20 (0.4)      1,632 (0.7)
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