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Abstract 
 
 
 

 
Impacts of gestational age uncertainty in estimating associations 

between preterm birth and ambient air pollution 
 
 
 

By Benjamin E. Nealy 
 
 

 
Background: Airborne pollutants have known deleterious health effects and pregnant 
women have been identified as a potential vulnerable population. Previous epidemiologic 
studies utilizing birth records have shown heterogeneous relationships between air 
pollution exposure during pregnancy and the risk of preterm birth (PTB, gestational age < 
37 weeks). Uncertainty in gestational age at birth may contribute to this heterogeneity.  
 
Methods: We first examined disagreement between clinical and last menstrual period-
based (LMP) determination of PTB from individual-level birth certificate data for the 20-
county Atlanta metropolitan area during 2002 to 2006. We then estimated associations 
between five trimester-averaged pollutant exposures and PTB, defined using various 
methods based on the clinical or LMP gestational age. Finally, using a multiple 
imputation approach, we incorporated uncertainty in gestational age to determine the 
impact of this variability on associations between pollutant exposures and PTB. 
 
Results: Odds ratios were most elevated when a more stringent definition of PTB was 
used. For example, defining PTB only when LMP and clinical diagnoses agree yielded an 
odds ratio (OR) of 1.09 for first trimester carbon monoxide exposure versus an OR of 
1.04 when PTB was defined as either an LMP or clinical diagnosis. Accounting for 
outcome uncertainty resulted in wider confidence intervals-- between 7.4% and 43.8% 
wider than those assuming the PTB outcome is without error.   
 
Conclusions: Despite discrepancies in PTB derived using either the clinical or LMP 
gestational age estimates, our analyses demonstrated robust positive associations between 
PTB and ambient air pollution exposures when gestational age uncertainty is present.  
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Introduction 

Preterm birth (PTB), defined as gestational age less than 37 completed weeks, is a known 

predictor of increased infant mortality and morbidity, as well as long-term health 

consequences.1-5 While numerous epidemiologic studies have found positive associations 

between PTB and maternal exposure to ambient air pollution, recent systematic reviews 

and meta analyses have reported disagreements on estimated associations among studies 

with substantial heterogeneity.6-8 The most recent US Environmental Protection Agency 

(USEPA) Integrated Science Assessment concluded that relationships between air 

pollution and reproductive outcomes were “suggestive of a causal relationship.”9-11 

 

In most previous studies, associations between ambient air pollution exposure and PTB 

were investigated by retrospectively linking live birth certificates and exposures based on 

maternal residential address. Compared to prospective birth cohorts, the use of birth 

records is cost-effective for acquiring sufficient sample size with large spatial-temporal 

coverage to estimate small but public health-relevant associations at the population level. 

Limitations of using birth records are well recognized, including bias in response (e.g. 

under-reporting of maternal alcohol and cigarette use 12,13), lack of important confounders 

(e.g. diet, physical activity, and body mass index), and random recording error. For PTB 

studies, uncertainty in gestational age (GA) leads to several unique challenges.14 First, 

uncertainty in GA can lead to outcome misclassification, particularly around the 37-week 

cutoff. Second, GA is used to back-calculate conception date and construct the exposure 

profile during pregnancy.  
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In the US after 2000, birth certificates provide two sources of information on GA, and 

both sources are subject to errors. The first estimate uses the reported date of the last 

menstrual period (LMP), which may suffer from recall errors and inter-individual 

variability in timing between LMP and conception.15 A second clinical estimate is based 

on a combination of various clinical measurements and physician judgment. However, 

accuracy can depend on whether these measurements are based on newborn assessment 

or prenatal ultrasounds, and on the quality of the clinical examination.16 Some work has 

been done comparing clinical estimates and estimates of gestational age from birth 

certificates, often showing only moderate concordance.17-20 Previous studies of air 

pollution and PTB have utilized GA defined a priori by the investigators using either 

LMP21-23 or the clinical estimate.14-26 Often, when the preferred source of GA information 

is missing, the other GA estimate is used.  

 

Few studies have evaluated effects of uncertainty in GA estimates when examining 

associations with ambient air pollutant exposure, or consider the use of different GA 

estimates as a sensitivity analysis. Recently Rappazzo et al. (2017) found that results can 

be sensitive to using clinical or LMP GA estimates in an analysis of fine particulate 

matter and PTB in New Jersey, Pennsylvania, and Ohio, US.27 In this study, we evaluated 

the impact of GA definitions on air pollution risk associations using birth certificates in 

Atlanta, Georgia between 2002 and 2006. We expand the work of Rappazzo (2017) by 

considering additional GA definitions and ambient air pollutants, as well as describe a 

multiple imputation approach to incorporate GA uncertainty in analyses.  
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Methods 

Health and Air Quality Data 

From the Georgia Department of Public Health, we obtained individual-level birth 

certificate data for the 20-county Atlanta metropolitan area (Barrow, Bartow, Carroll, 

Cherokee, Clayton, Cobb, Coweta, DeKalb, Douglas, Fayette, Forsyth, Fulton, Gwinnett, 

Henry, Newton, Paulding, Pickens, Rockdale, Spalding, and Walton counties). Georgia 

birth certificates recorded two estimates of GA in complete weeks: a clinical estimate and 

a last menstrual period (LMP)-based estimate. GA estimates were used to back-calculate 

conception date, which was assumed to occur at the second gestational week based on 

obstetric convention. We included singleton pregnancies with conception dates between 

January 1st, 2002 to February 28th, 2006 to avoid the fixed-cohort bias (n = 587,937).28,29 

Additional exclusion criteria included: (1) maternal residential address at delivery 

unsuccessfully geocoded to the 2000 Census block group (n = 12,562), (2) birth weight 

less than 400 grams (n = 213), (3) GA estimates of below 27 weeks or above 44 weeks (n 

= 1,442), (4) mother’s age less than 15 years or greater than 44 years (n = 851), (5) 

presence of one or more identified congenital anomaly (n = 2,086), and (6) preterm births 

with a procedure code for induction of labor (n = 5,335).  

 

Exposure to ambient air pollution during pregnancy was calculated using a previously 

developed gridded data fusion product at a 12-km spatial resolution.30 Specifically, 

numerical model simulations from the Community Multi-scale Air Quality Model 

(CMAQ) were bias-corrected with monitoring measurements in Georgia. Each birth was 

linked to a CMAQ grid cell based on the maternal address census block group at delivery. 
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Exposures during the first and second trimester were obtained by averaging daily 

concentration estimates for 5 pollutants: 1-hour maximum carbon monoxide (CO) and 

nitrogen oxides (NOx); 24-hour average particulate matter less than 2.5 microns in 

aerodynamic diameter (PM2.5); and the PM2.5 constituents elemental carbon (EC) and 

organic carbon (OC). Trimester exposures were calculated separately based on either the 

clinical or LMP-based GA.  

 

Statistical Analysis 

We considered 4 different preterm birth definitions. A birth was designated as a PTB if 

(1) the LMP-based GA was < 37 weeks, (2) the clinical GA was < 37 weeks, (3) either 

the LMP-based or the clinical GA was < 37, or (4) both the LMP-based and the clinical 

GA were < 37 weeks. For PTB definitions (3) and (4), we used the average of trimester 

exposures calculated using conception dates estimated from LMP-based and clinical GA 

as the exposure. 

 

We first conducted an analysis to examine how PTB outcome uncertainty varies across 

demographic variables and air pollution exposures. Among births diagnosed as PTB 

using either the clinical or the LMP-based GA, we defined a discordant indicator when 

these two PTB diagnoses differed. Using logistic regression, we first regressed the 

discordant indicator on a set of demographic covariates. Associations between 

discordance and exposures were evaluated one-at-a-time by adding air pollution exposure 

to the model with demographic covariates. We excluded concordant full-term births in 

this analysis to avoid comparing the subset of PTBs to a reference group dominated by 
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full-term births.  

 

For each PTB definition, we used logistic regression to estimate associations between 

pollutant exposures during the first and second trimesters and PTB. In the air pollution 

and PTB models, we controlled for maternal education (less than 9th grade, 9th – 12th 

grade, high school graduate, college), race (Asian, black, Hispanic, white, other), tobacco 

use during pregnancy, residential county, a smooth function of poverty level as measured 

by block group-level percent below poverty, and a smooth function of estimated 

conception date. Smooth functions were parameterized using natural cubic splines with 5 

and 12 degrees of freedom for poverty and conception date, respectively. Other variables 

including maternal age, alcohol use, and number of previous births were examined as 

potential confounders but did not impact the air pollution association estimates and were 

ultimately removed.  

 

Multiple Imputation 

We also considered an analysis that directly incorporates the additional uncertainty in the 

PTB definition using a multiple imputation approach. Binary PTB status was imputed 

through draws from a binomial distribution defined based on the two estimates of GA. 

Specifically, the probability of PTB, p, is defined as the proportion of weeks less than 37 

among the GA range given by the clinical and the LMP-based estimates. For example, if 

the two GA estimates for a birth were 33 and 39 weeks, the probability of PTB is p=4/7 

(4 weeks of being PTB among 7 total weeks). Concordant PTB status from LMP-based 

and clinical estimates of GA had p=1 and concordant full-term births had p=0. We took 
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draws from the resulting binomial distributions for each birth to obtain 25 imputed data 

sets and performed separate logistic regressions to estimate air pollution associations with 

the aforementioned covariates for each set. The resulting 25 coefficient estimates and 

standard errors for pollutant effects were combined using the method by Rubin.31  

 

We averaged estimated pollutant effects as a simple mean 

𝑄ത =
1

𝑚
 ෍ 𝑄෠௜

௠

௜ୀଵ

 

where 𝑄෠௜ was the estimated coefficient from the ith logistic regression and m was the 

number of imputations performed. We calculated within-imputation variance as the mean 

of the variances of imputed coefficients 

𝑊ഥ =  
1

𝑚
෍ 𝑊෡௜

௠

௜ୀଵ

 

where 𝑊෡௜ is the variance for the ith imputed coefficient using standard logistic regression 

methods. Between-imputation variance was defined 

𝐵 =  
1

𝑚 − 1
෍(𝑄ത − 𝑄෠௜)

ଶ

௠

௜ୀଵ

 

From the within- and between-imputation variances, we obtained a total imputation-

corrected variance 

𝑇 =  𝑊ഥ + 𝐵(1 +
1

𝑚
) 
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To estimate confidence intervals for the imputed estimates from a t-distribution, degrees 

of freedom were defined 

𝑣௠ = (𝑚 − 1) ቈ1 +  
𝑊ഥ

𝐵(1 + 1
𝑚ൗ )

቉

ଶ

 

We then obtained 100(1 - α)% confidence intervals of the form 

𝑄ത ± 𝑡௩೘,ଵିఈ √𝑇 

 

Results 

The study cohort consisted of 267,801 singleton births from the 20-county Atlanta 

metropolitan area. Of these births, 8.31% (n=22,262) were preterm using LMP estimates 

of GA; 7.40% (n=19,828) were preterm using clinical estimates; 9.67% (n=25,903) were 

preterm based on either the LMP or clinical determination; and 6.04% (n=16,187) were 

preterm when there was concordance between LMP and clinical estimates. Hence, 

agreement in PTB diagnoses only occurred in 62.5% of PTBs identified using either LMP 

or clinical estimate of GA. Table 1 provides additional summary statistics of the study 

cohort characteristics stratified by preterm status. 

 

Overall GA estimates were similar between LMP and clinical definitions, but larger 

disagreements occurred among PTBs. Among all births, 54.1% of GA estimates were 

identical; 32.4% of estimates differed by 1 week; 10.2% of estimates differed by two 

weeks; and 3.3% of estimates differed by 3 weeks or more. However, among births with 

either an LMP or clinical PTB diagnosis, only 39.9% of GA estimates were identical, and 

12.8% differed by 3 weeks or more. 
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Trimester-wide average pollutant exposures were similar across the three different 

assessment methods: using the conception date derived from LMP, clinical estimate, or an 

average of the previous two. Table 2 summarizes the mean exposure level for each 

pollutant and trimester, as well as the interquartile range for the LMP definition. 

Correlations between exposures based on LMP and clinical estimates were very high, 

ranging from 0.976 to 0.999, indicating uncertainty in gestational age had minimal 

impacts on trimester-average exposures.  

 

Among births with at least one PTB diagnosis (either clinical or LMP), higher odds of 

disagreement between diagnoses was associated with maternal race/ethnicity (non-

Hispanic versus Hispanic, Asian versus White, and White versus Black), married 

mothers, and tobacco use during pregnancy. Trimester-wide exposures to CO and NOx 

were also negatively associated with increased odds of disagreement. Specific odds ratios 

and 95% confidence intervals for this disagreement analysis are given in Supplementary 

Table S1.  

 

Figure 1 shows the estimated associations between PTB and average pollutant 

concentration during trimester 1 and trimester 2 using various PTB definitions. Log odds 

ratios and 95% confidence intervals for all exposure and PTB definition combinations are 

given in Supplementary Table S2. Controlling for demographic covariates and spatial-

temporal trends, exposure to CO, EC, NOx, and OC during the first trimester was 

consistently associated with increased odds of PTB using all PTB definitions. CO, EC, 

NOx, OC, and PM2.5 exposures in the second trimester were associated with most PTB 
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definitions. Second trimester exposure to NOx, on a per-IQR level, was most strongly 

associated with PTB.  

 

Estimated odds ratios per IQR exposure using the clinical PTB definition are generally 

similar to estimates using the LMP PTB definition. Using the most stringent definition of 

PTB (agreeing diagnoses) consistently yielded the largest odds ratios. In contrast, odds 

ratios obtained from PTB defined using either clinical or LMP-based GA (i.e. least 

stringent definition) tended to be the lowest among the PTB definitions. For example, 

average PM2.5 during the second trimester was associated with odds ratios: LMP OR = 

1.07, Clinical OR = 1.08, Either OR = 1.04, and Both OR = 1.13. 

 

Using imputed PTB status gives point estimates that tend to be between estimates based 

on either LMP or clinical diagnoses and estimates based on agreeing diagnoses. More 

importantly, confidence intervals from the imputed estimates were between 7.4% and 

43.8% wider than the other PTB definition estimates. Median increases in interval length 

across exposures are 30.1%, 25.1%, 10.6%, and 40.5% comparing imputed PTB status to 

LMP-based, clinical, both, or either PTB diagnosis, respectively.  

 

Discussion 

Uncertainty in GA can contribute to both outcome misclassification and exposure 

measurement error when timing of exposure during gestation is important. A previous 

study of PM2.5 and PTB by Rappazzo et al. (2017) found that substantially more births 

were classified as PTB using LMP estimates.27 This is consistent with our data. However, 
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the degree of difference in estimated air pollution associations across different PTB 

definitions in our study was smaller. This may be because (1) we used trimester-wide 

averages while Rappazzo et al. (2017) used weekly averages, and (2) the comparison by 

Rappazzo et al. (2017) was carried out using two different cohorts because not all birth 

certificates contained both LMP and clinical GA estimates.    

 

We observed significant associations between several pollutants and PTB in both the first 

and second trimester using different PTB definitions. The associations between pollutants 

and PTB generally remained robust between LMP and clinical estimates. Using the most 

stringent definition of PTB (agreeing diagnoses) resulted in elevated associations, while 

using the least stringent definition of PTB (either diagnosis) resulted in the weakest 

associations. This observation may be attributed to the more stringent PTB definition 

minimizing outcome misclassification among true PTB, leading to less effect attenuation. 

It is also possible the larger air pollution OR for the more stringent PTB definition is due 

to the lower baseline rates of PTB.   

 

Using a stringent definition of PTB (e.g. concordant LMP and clinical diagnoses), we 

may minimize true full-term births being classified as preterm, but some PTB will be 

classified as full-term. However, we consider this pattern of misclassification preferable 

due to its increased specificity. In our study, more than 90% of births were classified as 

full-term using any definition of PTB. Incorrectly classifying full-term births as preterm 

would have a large impact by diluting the smaller PTB group with full-term births. 

Conversely, incorrectly classifying PTBs as full-term would have negligible impact due 
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to the large number of full-term births.  

 

We found that trimester-wide average exposures were not sensitive to the choice of PTB 

definition. Hence, GA uncertainty likely contributes minimal exposure measurement 

error relative to other sources such as maternal residential mobility32,33 and spatio-

temporal exposure modeling of air pollution concentration.34 

 

We found several demographic variables (e.g. married versus unmarried mother, and 

maternal race White versus Black) to be associated with higher rate of discordant 

diagnoses. These associations may reflect differences in GA across subpopulations, 

where shorter GA is likely to have fewer discordant diagnoses. For example, among 

births with at least one PTB diagnosis, the average LMP GA was 35.1 weeks for married 

mothers versus 34.8 weeks for unmarried mothers; and 35.2 weeks for maternal race 

whites versus 34.7 weeks for maternal race blacks.  

 

Even though birth certificate provides two estimates of GA, the true GA cannot be 

ascertained given the retrospective nature of the study design. We hence implemented a 

multiple imputation approach to introduce uncertainty and variability associated with the 

estimated GA, and consequently the PTB diagnosis. Multiple imputation has been 

utilized to address outcome misclassification when validation data are available to 

estimate sensitivity and specificity.35 Given the large study sample size, we found robust 

associations between air pollutant exposure and PTB in our analyses with imputation, 

despite increases in the width of confidence intervals. This result suggests that findings 
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from previous studies may not be qualitatively different despite the presence of potential 

outcome misclassification.  

 

Several additional issues regarding PTB misclassification warrant future investigations. 

First, our imputation model assumes that the true gestational age is between the clinical 

and LMP estimates from the birth records; the true gestational age may be outside this 

range. Second, we focused solely on the first and second trimester exposure where the 

exposure window has fixed length and is only referenced by the estimated conception 

date. More sophisticated statistical models are needed to account for time-varying and 

short-term exposures.  

 

Our study does not call into question results from previous ambient air pollution and PTB 

research using either LMP or clinical birth record estimates of GA, although reported 

associations may be underestimated compared to those obtained using a more stringent 

definition of PTB. Furthermore, associations reported in previous studies are likely not 

due to outcome misclassification, based on our findings using a multiple imputation 

approach to incorporate uncertainty in PTB diagnosis. We encourage exploring different 

definitions of PTB when possible and recommend the use of agreement between multiple 

PTB determinations. While using an agreeing definition of clinical and LMP PTB 

determinations will reduce power due to a decreased number of cases, studies leveraging 

birth records can likely achieve sufficient sample size. In our study, we did not observe a 

significant increase in standard error between the use of agreeing LMP and clinical 

definitions compared to using either LMP or clinical definition of PTB. 
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Tables and Figures 

Table 1: Maternal characteristics and demographics by preterm (gestational age < 37 

weeks) and full-term (gestational age ≥ 37 weeks) status of singleton births in the 20-

county metropolitan Atlanta, Georgia area from 26 June 2002 to 16 December 2006.  

Preterm births are identified using either the clinical estimate of gestational age or the last 

menstrual period.  

aPoverty level defined by quartiles of the year 2000 census tract percentage below poverty 

  

  Preterm Full-Term 

N  25903 (9.7%) 241898 (90.3%) 

Maternal Age  27.61 (SD = 6.26) 27.81 (SD = 5.97) 

Maternal Race White 

Black 

Asian 

Hispanic 

Other 

9734 (37.6%) 

10781 (41.6%) 

979 (3.8%) 

4289 (16.6%) 

120 (0.4%) 

108997 (45.1%) 

71172 (29.4%) 

11853 (4.9%) 

48523 (20.1%) 

1353 (0.6%) 

Maternal Education Less than 9th Grade 

9-12th Grade 

High School Diploma 

College 

1951 (7.5%) 

4427 (17.1%) 

8031 (31.0%) 

11494 (44.4%) 

20263 (8.4%) 

34030 (14.1%) 

66550 (27.5%) 

121055 (50.0%) 

Marital Status Married 14414 (55.65%) 156080 (64.52%) 

Alcohol Use  206 (0.8%) 1470 (0.61%) 

Tobacco Use  1617 (6.24%) 10735 (4.44%) 

Poverty Levela < 3.3% of residents below poverty 

3.3% - 7.2% of residents below poverty 

7.2% - 13% of residents below poverty 

>13% of residents below poverty 

5670 (21.9%)  

6136 (23.7%) 

6410 (24.8%) 

7687 (29.7%) 

61268 (25.3%)  

60184 (24.7%) 

61148 (25.3%) 

59298 (24.5%) 

Gestational Age (weeks)  35.11 (SD = 2.16) 39.07 (SD = 1.06) 

Sex Male 

Female 

13751 (53.1%)  

12152 (46.9%) 

123220 (50.9%)  

118678 (49.1%) 
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Table 2: Summary statistics of gestational air pollutant exposures during the first and 

second trimester derived using LMP gestational age estimates. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Pollutant Trimester Mean (SD) IQR 

CO (ppm) 1 0.71 (0.26) 0.36 

  2 0.69 (0.25) 0.35 

EC (μg/m3) 1 1.13 (0.33) 0.44 

   2 1.12 (0.33) 0.43 

NOx (ppm) 1 0.05 (0.03) 0.04 

    2 0.05 (0.03) 0.04 

OC (μg/m3) 1 3.02 (0.39) 0.54 

     2 3.03 (0.36) 0.51 

PM2.5 (μg/m3)  1 15.59 (3.07) 5.03 

      2 15.91 (2.92) 4.92 
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Figure 1: Estimated associations between preterm birth (PTB) and per interquartile range 

(IQR) increase in pollutant exposure during trimester 1 and 2. PTB is defined using the 

last menstrual period (LMP), the clinical estimate of gestational age, either LMP or 

clinical (either), both LMP and clinical agreement (both), and via imputation (imputed). 
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