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Abstract
Background: While fetal growth is a tightly regulated process, it is sensitive to environmental exposures
that occur during pregnancy. Many commonly used consumer products contain chemicals that can
disturb processes underlying fetal growth. However, mixtures of these chemicals have been minimally
examined. We investigated associations between prenatal exposure to 33 consumer product chemicals
(nine organophosphate ester ame retardant [OPE] metabolites, 12 phthalate metabolites, and 12
phenols) and the odds of small- or large-for-gestational age (SGA and LGA) births.
Methods: This case-control study was comprised of SGA (N = 31), LGA (N = 28), and appropriate for
gestational age control (N = 31) births selected from the larger LIFECODES cohort. Biomarkers of
exposure to consumer product chemicals were quanti ed in maternal urine collected from up to three
study visits during pregnancy. In a single-pollutant approach, odds ratios (OR) and 95% con dence
intervals (CI) of SGA and LGA associated with an interquartile range (IQR)-increase in exposure
biomarkers were estimated using multinomial logistic regression. In a multi-pollutant approach, quantile
g-computation was used to jointly estimate the OR (95% CI) of SGA and LGA per simultaneous one
quartile-change in all biomarkers belonging to each chemical class.
Results: Among the 33 biomarkers analyzed, 20 were detected in at least 50% of the participants. After
adjusting for potential confounders, we observed reduced odds of LGA in association with higher urinary
concentrations of several exposure biomarkers. For example, an IQR-increase in the OPE metabolite,
diphenyl phosphate, was associated with lower odds of LGA births (OR: 0.40 [95% CI: 0.18, 0.87]). Using
quantile g-computation, we estimated lower odds of an LGA birth for higher OPE metabolite
concentrations (OR: 0.49 [95% CI: 0.27, 0.89]) and phthalate metabolite concentrations (OR: 0.23 [95% CI:
0.07, 0.73]). Associations between consumer product chemicals and SGA were largely null.
Conclusions: Joint exposure to OPEs and phthalates was associated with lower odds of delivering LGA.
Associations with LGA could indicate a speci c impact of these exposures on the high end of the birth
weight spectrum. Future work to understand this nuance in the associations between consumer product
chemical mixtures and fetal growth is warranted.

1. Introduction
Fetal growth is a tightly regulated process controlled by maternal and paternal genetics, maternal
nutrition, metabolic function, endocrine activity, and epigenetics (1). Deviations from average fetal growth
increase the risk of adverse health outcomes later in life. For example, being born excessively small, often
de ned as small-for-gestational age (SGA), is a risk factor for infant mortality, altered childhood growth,
neurodevelopmental disorders, and lower intellectual performance (2, 3). At the other end of the growth
spectrum, infants diagnosed as large-for-gestational age (LGA) are at increased risk of developing a
range of cardiometabolic outcomes, such as high blood pressure, diabetes, and obesity (4-6). Risk of
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adverse outcomes is most pronounced at the extremes of fetal growth, although even subtle changes in
growth may be associated with adverse outcomes (7).
Fetal growth processes are sensitive to environmental exposures during pregnancy (8). Among the
chemicals to which pregnant women are exposed, there has been growing interest in a number of
synthetic chemical classes found ubiquitously in consumer products. Such chemicals include
organophosphate esters (OPE), which may be used in consumer products as either ame retardants or
plasticizers, as well as phthalates and phenols. These chemicals, or their metabolites, are commonly
detected in the urine of pregnant women (9-11). Previous studies have linked the use of consumer
products, such as cosmetics or household cleaners, to higher exposure to OPEs (9, 12), phthalates (11,
13), and phenols (10) in pregnant women. Exposures from consumer products likely occur through
dermal or inhalation pathways and represent a substantial proportion of exposure to many of these
chemicals (14, 15). However, due to the ubiquitous use of these compounds in consumer products, they
contaminate environmental media such as food and drinking water. Therefore, the ingestion pathway
also contributes to
internal levels of these compounds (15, 16).
Importantly, these consumer product chemicals are suspected to impact processes critical to the
regulation of fetal growth, possibly through endocrine disruption or impacts on maternal oxidative stress
and in ammation (1). For example, prenatal phthalate exposure has been previously shown to promote
maternal oxidative stress (17, 18), while phenol exposure has been associated with maternal
in ammatory markers (19). Many consumer product chemicals have also been demonstrated to have
endocrine disrupting properties (20, 21).
Nevertheless, the literature linking consumer product chemicals with altered fetal growth is highly
inconsistent (1). These inconsistencies may be the result of differences in study design (22, 23), timing
and frequency of exposure assessment (24-26), and the metrics used to monitor and de ne fetal growth
outcomes (27-29). In addition to these considerations, pregnant women are exposed to highly complex
mixtures of consumer product chemicals (30, 31). In general, the effects of chemical mixtures on fetal
growth have not been thoroughly explored. Recent studies have examined mixtures of persistent organic
pollutants (32), and trace metals (33, 34) in relation to fetal growth parameters. Attempts have also been
made to estimate the maternal exposome, including chemical and non-chemical exposures, and its
effects on birth weight (35). Yet, the effects of consumer product chemical mixtures are understudied and
may be of greater interest as these exposures may be intervenable upon through behavioral changes or
regulatory measures, which may reduce or eliminate their use in consumer products (36, 37). Within the
mixture of consumer product chemicals, individual compounds may act antagonistically or
synergistically with one another. However, it is important to note that consumer behavioral changes or
regulatory limitations on consumer product chemicals will likely affect exposure to multiple chemicals
simultaneously. Therefore, the joint effects of consumer product chemicals on fetal growth should be
considered.
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In the present study, we used a case-control population nested within an ongoing prospective birth cohort
to investigate the association between consumer product chemicals and the odds of SGA and LGA births.
Using urine samples collected at up to three study visits during pregnancy, we measured the
concentrations of 33 biomarkers that indicate exposure to chemicals found in consumer products,
including OPEs, phthalates, and phenols. We investigated single-pollutant associations with the odds of
SGA and LGA births, as well as the joint effect of compounds within each individual chemical class using
quantile g-computation.

2. Methods
2.1 Study Population
We included a subset of participants from the larger LIFECODES study, an ongoing prospective
pregnancy cohort that began in 2006 at Brigham and Women’s Hospital (BWH) in Boston, MA. To be
eligible for the study, women must (1) be at least 18 years of age, (2) seek prenatal care before 15 weeks
gestation, and (3) intend on delivering at BWH. At the rst study visit (median 11 weeks gestation),
participants provide informed consent, complete detailed questionnaires about demographics and
medical history, and provide urine samples. Gestational age is estimated according to the American
College of Obstetrics and Gynecologists (ACOG) using the last menstrual period with veri cation by
ultrasound measures (38). Participants subsequently attend two additional study visits (median 26 and
35 weeks gestation) at which additional urine samples are collected. All samples are frozen and stored at
-80 ℃ until analysis. This research was approved by the Institutional Review Board at BWH.
The present study was conducted in a nested case-control population which was designed to
examine associations between prenatal consumer product chemical exposures, in ammation
biomarkers, and fetal growth (39). Birth weight percentiles for gestational age were calculated according
to guidelines established by Oken et al. (7). These percentiles were used to identify pregnancies that
resulted in SGA (n = 30), appropriate for gestational age (AGA; n = 30), and LGA (n = 30) births. SGA was
de ned as a birth weight-for-gestational age < 10th percentile; LGA as > 90th percentile; and AGA between
10th – 90th percentiles. Cases and controls were frequency matched (1:1:1 ratio) based on the following
criteria: maternal age (± 5 years), maternal race (white/Black/other), maternal pre-pregnancy body mass
index ([BMI], ± 5 kg/m2), and gestational age at delivery (± 2 weeks). Pregnancies included in this study
occurred between 2010 and 2017 and in order to be eligible for selection into the case-control study,
women were required to have singleton pregnancies. Additionally, women were not eligible for selection if
they had pre-existing diabetes or if their pregnancy had congenital malformations. Following participant
selection and laboratory analyses for this study, we identi ed a minor error in the coding of birthweight
percentiles. When corrected, a total of three participants (3% of the total sample) were recategorized.
Speci cally, two participants previously believed to be LGA were recategorized as AGA, and one
participant previously believed to be AGA was recategorized as SGA. Therefore, the revised distribution of
cases and controls is: 31 SGA, 31 AGA, and 28 LGA births. A ow-through diagram detailing selection
from the parent LIFECODES study can be found in Additional File 1: Supplemental Figure 1.
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2.2 Urinary Quanti cation of Exposure Biomarkers
Urine samples from each study visit were sent to NSF International (Ann Arbor, MI) for analysis of
exposure biomarkers. Prior to shipment, samples were randomized across batches in order to reduce
impact of batch effects and analysts were blinded to sample characteristics. Exposure to a total of 33
consumer product chemicals was assessed using panels of OPE metabolites (k = 9), phthalate
metabolites (k = 12), and phenolic compounds (k = 12). A list of all analytes, abbreviations, and their
corresponding parent compounds can be found in Additional File 1: Supplemental Table 1.
Quanti cation of the OPE metabolites was performed in previously unthawed urine samples using
isotope dilution–liquid chromatography–tandem mass spectrometry (ID–LC–MS/MS). The method was
developed to simulate the Centers for Disease Control and Prevention analytical method (40) and was
validated in accordance with Food and Drug Administration recommendations (41). Additional details for
the method of OPE quanti cation are provided in Additional File 2: Appendix 1. The quanti cation of both
phthalate metabolites and phenols has been previously described in detail (42, 43). For the analysis of
phthalate metabolites, conjugated species were hydrolyzed using β-Glucuronidase /E. coli K-12.
Conjugated phenol species were also hydrolyzed prior to analysis using β-glucuronidase/sulfatase. After
hydrolysis, both phthalate metabolites and phenols were analyzed using ID-LC-MS/MS. All analyses were
carried out using a Thermo Scienti c Transcend TXII Turbulent Flow system interfaced with Thermo
Scienti c Quantiva triple quadrupole mass spectrometer.
The limit of detection (LOD) and proportion of samples below the LOD for each exposure biomarker are
included in Additional File 1: Supplemental Table 1. For biomarker concentrations that were below the
limit of detection, machine-read values were used in this analysis (44). When reported values were less
than zero or blank, the value was imputed as LOD/√2 (45). Only analytes with at least 50% detection
across all study visits were included in further analysis. For these included biomarkers, over 96% of all
samples had machine-read values available. The effect of urinary dilution on biomarker concentrations
was accounted for using speci c gravity (SG), which was measured using a digital handheld
refractometer (AtagoCo., Ltd., Tokyo, Japan). Concentrations of urinary biomarkers were corrected for
urinary dilution using the following formula: CPSG = CP(1.016 – 1)/(SGi – 1), where CPSG is the SGcorrected measurement, CP is the measured concentration, 1.016 is the median SG in the study
population, and SGi is each individual’s urinary SG (46). An individual’s average exposure to each
chemical during pregnancy was estimated by taking the geometric mean of the SG-corrected biomarker
concentrations measured at up to three study visits.
2.3 Statistical Analysis: Single-pollutant approach
Statistical analysis was performed using SAS version 9.4 (SAS Institute; Cary, NC) and R version
3.6.3 (47). The distributions of demographic factors were examined by calculating the median
(interquartile range [IQR]) or n (%) according to case status. The median (IQR) of the average exposure
biomarker concentrations were also calculated for study participants in the overall cohort and according
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to case status. Levels of exposure biomarkers in cases and controls were contrasted using Kruskal-Wallis
tests. In addition, to examine how exposure varied by demographic characteristics, we calculated the
median concentrations of each biomarker by key variables (i.e., age, BMI, race, etc.) and tested for
differences in the median using Kruskal-Wallis tests. We quanti ed bivariate associations between
biomarkers using a Spearman correlation matrix. Lastly, to estimate the stability of these biomarkers
across study visits, intraclass correlation coe cients (ICC) and 95% con dence intervals (CI) were
calculated using linear mixed effect models with random intercepts for each participant using the %ICC9
macro in SAS (48).
We used multinomial logistic regression models to estimate the odds ratios (OR) and 95% CI contrasting
SGA and LGA with AGA for an IQR-increase in the concentration of each exposure biomarker. Exposure
biomarkers were ln-transformed in order to reduce the impact of highly skewed biomarker distributions on
model results. Adjusted models included the following variables that were used in frequency matching:
age (years), pre-pregnancy BMI (kg/m2), and maternal race (white/Black/other). While we also matched
based on gestational age at delivery, this factor was implicitly controlled for by de ning growth outcomes
using birth weight-for-gestational age z-scores, which are conditional on gestational age. Therefore, we
did not include gestational age at delivery in our models. Based on a priori knowledge, we also assessed
potential confounding by the following variables: maternal education (high school or less/some college
or technical school/completed college or greater), maternal insurance (private/public), parity
(nulliparous/parous), fetal sex (female/male), and calendar year of birth (years). These factors were
retained in nal models if their inclusion in uenced estimates by > 10%.
Next, we performed two sensitivity analyses. First, there is evidence that many endocrine disrupting
compounds act in a sex-speci c manner during development (49, 50). Thus, we explored the potential for
sex-speci c effects by including product interaction terms for sex and each exposure biomarker (51).
From these models, we reported stratum-speci c estimates as well as Wald p-values from the interaction
terms. Second, we examined the impact of smoking and alcohol use on our ndings. Given the small
number of women who reported smoking cigarettes (n = 6 [7%]) or drinking alcohol (n = 6 [7%]) during
pregnancy, we could not adjust for these covariates in our primary models and instead excluded
individuals who reported their use.
2.4 Statistical Analysis: Multi-pollutant approach
We used quantile g-computation to estimate the joint association between mixtures of consumer product
chemical biomarkers and fetal growth. Quantile g-computation has been previously described in
detail (52). Brie y, this method estimates the change in the log odds of an outcome associated with a
simultaneous one quantile increase in the exposure level of a pre-speci ed mixture. This approach makes
no assumptions about the effect direction of any individual exposure. While we assume linearity and
additivity of associations, we note that this approach allows extensions to accommodate non-linearity
and non-additivity of individual exposure effects, as well as the effect of the mixture. Of relevance to this
study, quantile g-computation has also been shown to reduce bias in small sample sizes compared to
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other methods that are commonly used to estimate joint effects, such as weighted quantile sum
regression (52). Ours is a novel application of this approach to a case-control study design. In cohort
designs (and under appropriate causal identi cation assumptions), quantile g-computation estimates
causal joint effects of exposure. Absent such assumptions, quantile g-computation estimates “joint
associations” of exposure with outcomes, similar to other regression models. Because “joint
associations” is not typical terminology, we refer to effect estimates as “joint effects.”
Under the assumption of linearity, quantile g-computation is conducted in three steps. First, the exposures
of interest (i.e., the “mixture”) are transformed into quantiles. Second, a logistic model is t regressing the
outcome onto the set of quantized exposures and covariates. Third, the joint, or overall mixture effect is
de ned as the sum of regression coe cients for the exposures within the mixture. To quantify effects of
individual exposures, weights calculated from the regression coe cient for each quantized exposure,
which describe the proportion of negative or positive partial effects related to each individual exposure. In
this analysis, we de ned three mixtures based on belonging to a speci c chemical class (i.e., OPEs,
phthalates, and phenols) and estimated the OR (95% CI) of SGA or LGA associated with a one quartile
increase in all exposures within a mixture. Given the small sample size and the lack of strong correlations
between chemicals in different classes, we did not co-adjust our models for other chemical classes. In
contrast to the single-pollutant models, quantile g-computation was carried out using two logistic models
contrasting the odds of SGA or LGA to the odds of AGA (referent in both models). All models were
constructed controlling for the same covariates as in our single-pollutant models. Quantile g-computation
was carried out using the ‘qgcomp’ package version 2.3.0 (53).

3. Results
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Table 1. Demographic characteristics of study participants overall and by case status.
Median (25th, 75th percentile) or n (%)
SGA
AGA
LGA
(n = 31)
(n = 31)
(n = 28)
Matched Variables
Maternal Age (years)

33.6 (26.9, 37.3)

32.4 (30.4, 37.5)

34.5 (30.4, 37.1)

23.0 (20.2, 27.9)

23.0 (22.3, 27.4)

25.7 (22.1, 27.9)

White
Black

19 (61)
6 (19)

18 (58)
6 (19)

17 (61)
6 (21)

Other1

6 (19)
37.9 (37.1, 38.6)

7 (23)
39.0 (38.3, 39.6)

5 (18)
39.1 (38.8, 39.8)

2.3 (2.2, 2.4)
3.0 (1.0, 4.0)

3.2 (3, 3.4)
35.0 (23.0, 46.0)

4.2 (4.1, 4.3)
96.0 (93.0, 97.5)

22 (71)
9 (29)

24 (77)
7 (23)

20 (71)
8 (29)

3 (10)
8 (26)
20 (65)

3 (10)
8 (26)
20 (65)

1 (4)
6 (21)
21 (75)

7 (23)
24 (77)

10 (32)
21 (68)

7 (25)
21 (75)

27 (87)
4 (13)

29 (94)
2 (6)

28 (100)
0 (0)

29 (94)
2 (6)

28 (90)
3 (10)

27 (96)
1 (4)

19 (61)
12 (39)

18 (58)
13 (42)

13 (46)
15 (54)

2

Pre-pregnancy BMI (kg/m )
Race/Ethnicity

Gestational Age (weeks)
Non-matched Variables
Birth weight (kg)
Birth weight percentile (%)
Maternal Insurance
Private
Public
Maternal Education
≤ High School
Some college or technical school
≥ College graduate
Parity
Nulliparous
Parous
Smoking During Pregnancy
No
Yes
Alcohol Use During Pregnancy
No
Yes
Fetal Sex
Female
Male

Abbreviations: IQR = interquartile range; BMI = body mass index
1The “Other” race/ethnicity category is a condensation of larger categories with insufficient sample size for
disaggregation (e.g., Hispanic/Latino ethnicity, South Asian, East Asian, Native American, multiracial).

Demographic characteristics for participants in this study are shown in Table 1. Overall, mothers with
SGA, AGA, and LGA births were similar, as expected due to matching. Women in this study had a
median age of approximately 33 years and a pre-pregnancy BMI in the normal/overweight range. They
were predominantly white, with a college education and access to private health insurance. In addition,
parity was similar between cases and controls. Few women reported using cigarettes or consuming
alcohol during pregnancy. The distribution of fetal sex was also similar between cases and controls.
Births classi ed as SGA had a median birth weight of 2.3 kg, while the median birth weights for AGA
and LGA were 3.2 kg and 4.2 kg, respectively. Women selected into this study are similar to those in the
parent LIFECODES cohort (Additional File 1: Supplemental Table 2).

Of the 33 analytes measured, 20 were detected in at least 50% of the samples at each study
visit: two OPE metabolites, 11 phthalate metabolites, and seven phenolic compounds (Additional File 1:
Supplemental Table 1). Within study visits, most participants had exposure biomarker measurements
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available at all three study visits, although some only provided two samples (n = 5) and one individual
provided a single sample. Overall, samples were more likely to be missing at the last study visit (n = 89
at visit 1, n = 89 at visit 2, and n = 85 at visit 3) and were more likely to be missing in SGA (n = 4) cases
compared to LGA (n = 2) or controls (n = 0). There were several differences in the average exposure
biomarker concentrations between cases and controls in this study (Table 2). Urinary concentrations of
mono-ethyl phthalate (MEP) and methyl paraben (MPB) were highest in mothers who went on to have
AGA births and lowest in those who had LGA births. Similar trends were also noted for diphenyl
phosphate (DPhP) and propyl paraben (PPB). Median concentrations and IQR of the uncorrected
average exposure biomarkers and detection frequencies according to case status are reported in
Additional File 1: Supplemental Table 3.
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Table 2. Median (25 th, 75 th percentile) SG-adjusted average urinary concentrations of
exposure biomarkers (ng/mL) in the study population and according to case status.
Chemical
Urinary
Median (25th, 75th)
Class
Analyte
Overall
SGA
AGA
LGA
(ng/mL)
(n = 90)
(n = 31)
(n = 31)
(n = 28)
OPEs
BDCPP
0.67 (0.40,
0.84 (0.33,
0.79 (0.44,
0.51 (0.35,
1.09)
1.35)
1.12)
0.78)
DPhP
0.74 (0.52,
0.72 (0.47,
0.82 (0.70,
0.60 (0.45,
1.22)
1.60)
1.34)
0.89)
Phthalates
MEP
42.9 (14.5,
41.1 (8.48,
65.1 (28.7,
26.4 (11.7,
128)
188)
133)
60.0)
MBP
9.51 (6.81,
9.99 (6.27,
10.5 (7.14,
8.36 (5.92,
12.9)
17.9)
16.8)
10.5)
MBzP
3.27 (1.86,
3.57 (1.89,
2.68 (1.55,
3.39 (1.88,
6.85)
7.55)
5.88)
6.78)
MiBP
5.69 (4.04,
5.73 (4.26,
6.18 (3.78,
5.47 (4.03,
8.84)
9.24)
9.95)
7.08)
MECPP
9.17 (5.81,
11.1 (5.87,
9.37 (5.81,
8.52 (4.76,
15.9)
18.5)
17.7)
15.5)
MEHHP
6.31 (4.45,
7.60 (5.26,
5.3 (4.29,
5.98 (3.92,
10.9)
10.9)
11.15)
10.4)
MEOHP
4.44 (3.09,
5.32 (3.26,
3.77 (3.21,
4.18 (2.58,
7.88)
7.88)
8.02)
7.22)
MEHP
1.89 (1.16,
2.28 (1.34,
1.76 (1.02,
1.68 (1.08,
2.90)
3.09)
3.26)
2.59)
MCPP
2.24 (1.28,
2.13 (1.13,
2.47 (1.64,
2.04 (1.08,
4.50)
5.97)
5.23)
3.43)
MCOP
2.02 (1.09,
3.45 (1.09,
2.03 (1.17,
1.73 (0.71,
5.66)
5.25)
6.79)
4.82)
MCNP
0.30 (0.21,
0.31 (0.23,
0.31 (0.23,
0.27 (0.17,
0.46)
0.50)
0.48)
0.40)
Phenols
2,4-DCP
0.31 (0.21,
0.31 (0.21,
0.28 (0.21,
0.37 (0.23,
0.56)
0.60)
0.51)
0.57)
2.5-DCP
0.62 (0.42,
0.79 (0.42,
0.59 (0.43,
0.57 (0.32,
1.36)
1.45)
1.47)
1.18)
BP3
34.7 (12.3,
45.6 (9.20,
26.7 (13.7,
44.0 (13.2,
95.0)
95.0)
89.4)
128)
BPA
0.63 (0.48,
0.59 (0.48,
0.62 (0.42,
0.74 (0.50,
0.92)
0.99)
0.90)
1.01)
MPB
105 (37.3,
125 (56.8,
125 (76.4,
37.0 (24.9,
188)
204)
219)
170)
PPB
19.0 (7.07,
18.6 (7.07,
23.8 (12.1,
10.7 (4.89,
40.0)
50.7)
52.5)
29.6)
TCS
6.30 (2.09,
4.24 (1.44,
5.57 (1.61,
12.3 (3.32,
33.3)
44.1)
15.7)
52.4)
1
p-value: Kruskal-Wallis Test.

p1
0.14
0.07
0.03
0.16
0.78
0.30
0.56
0.24
0.58
0.38
0.42
0.42
0.36
0.60
0.54
0.81
0.54
0.01
0.05
0.13

Exposure biomarker concentrations differed by several demographic characteristics (Additional File 1:
Supplemental Table 4). For example, urinary concentrations of several phthalate metabolites and all
measured phenols varied across maternal race categories, where most analytes were highest among
Black women or women of other race/ethnicity, and lowest among white women. Levels of OPE
metabolites did not vary across many demographic characteristics, although bis(1,3-dichloro-2-propyl)
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(
p py )
phosphate (BDCPP) was higher among participants reporting the use of public compared to private
health insurance and was marginally higher among individuals with overweight or obese BMI
compared to those with a normal/underweight BMI.
Overall, the exposure biomarkers were low-to-moderately correlated with one another (Figure 1). The
strongest positive correlations were observed among phthalate metabolites, particularly among di-2ethylhexyl phthalate (DEHP) metabolites (ranging from spearman’s rho [r] = 0.71 – 0.97). In addition,
MPB and PPB were highly correlated (r = 0.84), likely re ecting similar usage in consumer products. In
line with previous studies using repeated measures of these biomarkers, there was poor-to-fair stability
for all analytes measured (0.25 ≤ ICC ≤ 0.74; Additional File 1: Supplemental Table 5) (10, 11, 54).
Table 3. Adjusted1 OR (95% CI) of SGA and LGA associated with an IQR-increase in
average urinary exposure biomarker concentrations.
Chemical Class
Urinary Analyte
SGA
LGA
aOR1 (95% CI)
OPEs
Phthalates

Phenols

BDCPP
DPhP
MEP
MBP
MBzP
MiBP
MECPP
MEHHP
MEOHP
MEHP
MCPP
MCOP
MCNP
2,4-DCP
2,5-DCP
BP3
BPA
MPB
PPB
TCS

1.12
1.01
0.56
1.26
1.37
1.14
1.08
1.41
1.28
1.18
0.83
0.87
0.89
1.17
0.98
0.75
0.97
0.91
0.80
1.09

(0.57,
(0.55,
(0.27,
(0.78,
(0.67,
(0.60,
(0.49,
(0.70,
(0.59,
(0.60,
(0.42,
(0.38,
(0.47,
(0.54,
(0.50,
(0.36,
(0.55,
(0.42,
(0.38,
(0.44,

2.18)
1.87)
1.19)
2.06)
2.79)
2.19)
2.36)
2.86)
2.78)
2.31)
1.64)
1.99)
1.68)
2.53)
1.89)
1.54)
1.72)
1.95)
1.71)
2.69)

aOR1 (95% CI)
0.56
0.40
0.33
0.71
1.00
0.54
0.64
0.83
0.81
0.74
0.56
0.57
0.52
1.27
0.70
0.79
1.42
0.25
0.34
1.95

(0.27,
(0.18,
(0.14,
(0.41,
(0.46,
(0.25,
(0.28,
(0.39,
(0.36,
(0.36,
(0.27,
(0.24,
(0.25,
(0.58,
(0.34,
(0.38,
(0.78,
(0.10,
(0.14,
(0.80,

1.16)
0.87)*
0.78)*
1.25)
2.17)
1.16)
1.47)
1.77)
1.83)
1.52)
1.18)
1.36)
1.06)
2.81)
1.42)
1.65)
2.60)
0.63)*
0.78)*
4.79)

Asterisks indicate p < 0.05.
Abbreviations: IQR = interquartile range; aOR = adjusted odds ratio
1Models adjusted for age (years), pre-pregnancy BMI (kg/m2), maternal race (white/Black/other), maternal
education (high school or less/some college or technical school/completed college or greater), and fetal sex
(female/male).

After adjusting for age, pre-pregnancy BMI, maternal race, maternal education, and fetal sex, we
observed inverse associations between several biomarkers and LGA. Speci cally, an IQR-increase in
average urinary concentrations of DPhP (OR: 0.40 [95% CI: 0.18, 0.87]), MEP (OR: 0.33 [95% CI: 0.14,
0.78]), MPB (OR: 0.25 [95% CI: 0.10, 0.63]), and PPB (OR: 0.34 [95% CI: 0.14, 0.78]) were associated with
reduced odds of LGA (Table 3). Crude results were similar (Additional File 1: Supplemental Table 6).
Associations between exposure biomarkers and SGA did not meaningfully deviate from the null.
Effect estimates were similar between strata of male and female infants, with the exception of several
DEHP metabolites (i.e., mono-(2-ethyl-5-carboxypentyl) phthalate [MECPP], mono-(2-ethyl-5hydroxyhexyl) phthalate [MEHHP], mono-(2-5-oxohexyl) phthalate [MEOHP], and mono-2-ethylhexyl
phthalate [MEHP]), which exhibited suggestive sex-speci c trends with respect to SGA (Additional File
1: Supplemental Table 7). Effect estimates, though imprecise, were above the null among female
infants and below the null for male infants for associations between all DEHP metabolites and SGA.
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For example, an IQR-increase in MEHHP was associated with an OR of 3.10 (95% CI: 1.04, 9.24) among
female infants and an OR of 0.63 (95% CI: 0.22, 1.80) among male infants (Wald p-value = 0.04 for
interaction). There was little evidence for heterogeneity by sex for other exposure biomarkers with
respect to SGA births. Similarly, few differences were observed by sex for LGA births. However, we note
that stratum-speci c estimates tended to be highly imprecise due to the small study sample.
Lastly, we conducted a sensitivity analysis to examine potential confounding by cigarette and alcohol
use during pregnancy. Effect estimates were not meaningfully different from primary results when
individuals reporting the use of cigarettes and alcohol were excluded from the analysis (Additional File
1: Supplemental Table 8).
Using quantile g-computation, we estimated the joint associations between mixtures of
individual chemical classes (i.e. OPEs, phthalates, and phenols) and the odds of an SGA or LGA birth.
The results from these multi-pollutant models were consistent with observations made from our singlepollutant models (Figure 2; Additional File 1: Supplemental Table 8). Namely, we observed that
simultaneously increasing both OPE metabolites by one quartile was associated with reduced odds of
LGA (OR: 0.49 [95% CI: 0.27, 0.89]). Weights from the quantile g-computation model indicate that DPhP
contributed more strongly than BDCPP to this association (Additional File 1: Supplemental Table 9).
Increasing all phthalate metabolites by one quartile was also associated with reduced odds of LGA (OR:
0.23 [95% CI: 0.07, 0.73]). Within this model, MEP was assigned the largest negative weight (i.e., the
greatest contribution to the negative partial effect). Finally, a one quartile increase in all phenols was
associated with lower odds of LGA (OR: 0.68 [95% CI: 0.40, 1.94]), although the association did not
reach statistical signi cance. As in the single-pollutant approach, the associations between exposure
biomarker mixtures and SGA did not differ from the null.

4. Discussion
In this case-control study, we investigated the association between prenatal exposure to consumer
product chemicals and the odds of being born SGA or LGA, using both single- and multi-pollutant
approaches. We observed inverse associations between individual biomarkers of exposure to OPEs,
phthalates, and phenols and LGA births. Furthermore, results from our mixtures analyses showed
potentially strong joint effects of overall chemical classes on odds of LGA births. Speci cally, the
overall mixture of OPE metabolites and that of phthalate metabolites was associated with 2-5 fold
reductions in the odds of an LGA birth. Associations between consumer product chemicals and SGA
were considerably more mixed and closer to the null. These results suggest that exposure to some
consumer product chemicals may reduce fetal growth. However, because we did not observe a similar
increase in the odds of SGA births, it is possible that effects may only be observed on the high end of
the birth weight distribution.
This is among the rst studies to examine the relationship between OPE exposure and fetal
growth endpoints. We observed that levels of urinary DPhP as well as the mixture of OPE metabolites
were associated with reduced odds of LGA births although there was no association with SGA. These
ndings are consistent with several other epidemiologic studies that indicate a potential link between
OPE exposure and altered fetal growth (22, 23). For example, a recent prospective case-control study of
low birth weight (n = 339) based in China reported that the odds of low birth weight in women with the
highest tertile of urinary DPhP was 4.62 (95% CI: 1.72, 12.40) times that observed in the lowest
tertile (22). Notably, concentrations of DPhP and BDCPP were higher in our cohort (DPhP median = 0.74
ng/mL, BDCPP median = 0.67 ng/mL) compared to the Chinese cohort (DPhP median = 0.05 ng/mL,
BDCPP median = 0.05 ng/mL) (22). In the US-based Pregnancy Infection and Nutrition Study (n = 349),
OPE concentrations in maternal urine were higher (DPhP median = 1.31 ng/mL, BDCPP median = 1.85
ng/mL) compared to the present study and an inverse association between isopropyl-phenyl phenyl
phosphate (ip-PPP) and birth weight was observed in females (23). However, other recent US-based
cohorts have reported null associations between OPE metabolites and fetal growth outcomes (55, 56).
Toxicologic evidence also supports the biologic plausibility of a relationship between OPE exposure
and fetal growth. One study in mice demonstrated that in utero exposure to triphenyl phosphate
(TPhP), the parent compound of DPhP, alters fetal and maternal liver insulin growth factor signaling,
which is critical to the control of fetal growth and development (57, 58). Additional research using a
human placental cell line has also established that TPhP exposure increases both progesterone and
human chorionic gonadotropin secretion via activation of the peroxisome proliferator-activated
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receptor gamma (59). Changes to placental hormone production has important implications for both
placental and fetal growth and development (58). Taken together, these ndings indicate the potential
for prenatal OPE exposure to affect these processes.
Out of the 12 phthalate metabolites included in this analysis, MEP was most strongly associated with
lower odds of LGA births both in single-pollutant models and within quantile g-computation models for
the mixture of phthalate metabolites. In support of this observation, a previous prospective study based
in China at the Ma’anshan Women and Children’s Health care Hospital (n = 3103) reported an inverse
association between maternal urinary MEP concentrations, measured repeatedly across gestation, and
birth weight (60). However, the overall literature on prenatal phthalate exposure and fetal growth is
inconsistent with respect to both the implicated phthalate species and the direction of effect (1). This is
also true for studies that have investigated the potential for sex-speci c effects of phthalates in relation
to fetal growth outcomes (1). In this study, we observed suggestive sex-speci c effects for several
DEHP metabolites in relation to SGA births. Speci cally, DEHP metabolites were associated with higher
odds of SGA among female infants compared to males. However, this observation contrasts with the
prevailing hypothesis that males are more susceptible to in utero environmental exposures, including
DEHP, than females (61). This hypothesis is driven by several characteristics of male pregnancies, such
as slower maturation of male fetuses or the heightened maternal immune response to the Ychromosome (61). Additionally, the anti-androgenic effects of DEHP have been demonstrated to have
sex-speci c impacts on growth and development in males using animal models (62). Previous work in
the LIFECODES cohort (n = 482) did not observe associations between DEHP metabolites and birth
weight z-scores, although reductions in ultrasound measures of fetal size were observed (63). However,
these associations did not differ according to fetal sex (63). Given the small sample size and wide
con dence intervals for our sex-speci c results in this study, we caution against their overinterpretation.
Among the phenols included in this study, MPB and PPB were both highly detected in maternal urine
and inversely associated with LGA. While quantile g-computation models did not identify a signi cant
association with the mixture of phenols and LGA births (OR: 0.54 [95% CI: 0.19, 1.56]), MPB was
assigned the largest weight for the partial negative effect in the mixture. Previous studies examining
prenatal paraben exposure have reported inconsistent associations with fetal growth, with varying
estimated directions and magnitude of effect (24-26, 64-66). More broadly, however, parabens are
suspected to have effects on body composition and altered weight (67-71). For example, a study in the
National Health and Nutrition Examination Survey (NHANES) reported that higher urinary parabens
were associated with lower BMI in both children and adults (69). Reports of pro- or anti-obesogenic
properties of parabens may have relevance to our ndings because LGA infants have
disproportionately higher total body fat compared to AGA infants (72).
While we observed several inverse associations between consumer product chemicals and LGA
births, our results with SGA were much more variable and closer to the null. Babies born LGA are larger
than AGA babies in numerous respects, including birth weight, length, and head circumference.
However, LGA infants are also characterized by a disproportionate increase in total body fat and a
decrease in lean body mass (72). This phenotypic difference suggests that whether a baby is born LGA
is controlled, at least in part, by mechanisms related to maternal-fetal nutrient transfer and
adipogenesis (73, 74). Therefore, chemical exposures that impact these processes should be
considered in relation to fetal overgrowth. On the other end of the spectrum, SGA captures a diverse set
of infants that include both those who are pathologically small (i.e., growth restricted) and those who
are constitutionally small (75, 76). We expect that adverse chemical exposures during pregnancy would
be related to growth restriction rather than small, but normal growth. However, infants experiencing
pathological growth restriction may be a minority of infants classi ed as SGA, particularly when
considering births at term (i.e., > 37 weeks gestation) (75). Without being able to distinguish between
these sets of infants, our SGA results may be biased towards the null. A better approach in future
studies may be the use of a clinical de nition for intrauterine growth restriction or fetal growth
trajectories to appropriately isolate pathologically small infants from constitutionally small infants.
This study is not without other limitations. First, this study has a relatively small sample size. This
prevented us from examining SGA births more closely to isolate growth restricted infants from
constitutionally small infants. It also limited our ability to explore heterogeneity with greater precision
or to examine non-linearity of the dose-response relationship. Second, we were lacking information on
several potentially important confounders. For example, recent studies have shown that parabens
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sequester into adipocytes (77-79). This sequestration may explain inverse associations between
paraben exposure and body weight measures, including birth weight. In the context of this study,
maternal adiposity is an important risk factor for LGA births (80, 81). However, it is possible that we
were unable to fully account for this potential confounding by solely adjusting for maternal prepregnancy BMI as a direct measure of body fat measured via methods such as bioelectrical impedance
may better account for maternal adiposity. In addition, seasonality is another potential confounder as
season has been shown to be a strong predictor of exposure to some consumer product chemicals,
such as OPEs, and may be related to changes in fetal growth (54, 82). Lastly, although this study is
among the rst to consider associations between OPEs and fetal growth, only two out of nine selected
ame retardants (i.e. DPhP and BDCPP) were detected in maternal urine frequently enough for
analysis. This is in part due to the analytical method used to quantify OPE metabolites, which was less
sensitive for some metabolites relative to recent studies on this topic (22, 55, 56). While this has limited
our ability to examine associations between OPEs and fetal growth, it is worth pointing out that DPhP
and BDCPP are two of the most frequently detected OPE metabolites in the general population (83).
Despite these limitations, this study also had several strengths relative to prior studies. First, we were
able to assess prenatal exposure to consumer product chemicals using measurements from up to three
study visits during pregnancy. As this study and others have demonstrated, the stability of consumer
product chemical concentrations in urine is often low given their short half-lives (10, 11, 54). Yet, many
studies continue to rely on a single spot urine sample to assess prenatal exposure to these chemicals
(1), and therefore, may be more susceptible to bias due to exposure misclassi cation (84). Because this
study uses averaged exposure measures from up to three study visits, it may be less susceptible to
such misclassi cation. Second, this study examined consumer product chemical exposure in relation
to both SGA and LGA births. While many studies have considered the potential for chemical exposures
to reduce fetal growth, few include outcomes related to fetal overgrowth (1). By including both SGA and
LGA, this study identi ed associations at one end of the birth weight distribution (i.e. LGA), but not the
other (i.e. SGA). Lastly, we went beyond single-pollutant models to estimate the joint effect of
consumer product chemical mixtures on fetal growth (52). Estimating the joint effects of consumer
product chemicals is of particular interest because behavioral or regulatory changes to the use of
consumer products would likely simultaneously affect exposure to classes of chemicals, rather than
individual chemicals. Thus, joint effects correspond better to possible real-world actions, while
simultaneously controlling for confounding between elements of the mixture.

5. Conclusions
In this study, we observed that higher levels of exposure to several consumer product chemicals,
including metabolites of OPEs and phthalates, were associated with lower odds of LGA births. Yet,
ndings were largely null for relationships between exposure biomarkers and SGA births. The lack of
consistent association between these chemicals and SGA births may be the result of the small study
sample or residual confounding. Nevertheless, these results may still be consistent with observations
that many of these chemicals have been previously associated with reduced fetal growth metrics.
Because ndings are strongest when comparing LGA births to AGA births, they may suggest that
associations between consumer product chemicals and birth weight are stronger at the high end of the
birth weight distribution. However, future studies should more carefully examine the effects of
consumer product chemical exposure across the full spectrum of birth weight to further investigate
these associations.

Abbreviations
95% CI

95% Con dence Interval

ACOG

American College of Obstetrics and Gynecology

AGA

Appropriate-for-gestational age

BDCPP

Bis(1,3-dichloro-2-propyl) phosphate

BMI

Body mass index
Page 14/22

BWH

Brigham and Women’s Hospital

DEHP

Di-2-ethylhexyl phthalate

DPhP

Diphenyl phosphate

ICC

Intraclass correlation coe cient

IQR

Interquartile range

LGA

Large-for-gestational age

LOD

Limit of Detection

MECPP

Mono-(2-ethyl-5-carboxypentyl) phthalate

MEHHP

Mono-(2-ethyl-5-hydroxyhexyl) phthalate

MEHP

Mono-2-ethylhexyl phthalate

MEOHP

Mono-(2-ethyl-5-oxohexyl) phthalate

MEP

Mono-ethyl phthalate

MPB

Methyl paraben

NHANES

National Health and Examination Survey

OPE

Organophosphate ester

OR

Odds ratio

PPB

Propyl paraben

SGA

Small-for-gestational age

TPhP

Triphenyl phosphate

Declarations
Ethics approval and consent to participate
All participants provided written and informed consent. All study protocols were approved by the
Institutional Review Board at Brigham and Women’s Hospital. The National Institute of Environmental
Health Sciences deemed the use of data and biological specimens for this study exempt.
Consent for Publication
Not applicable
Availability of data and materials
The dataset analyzed during the current study are not publicly available due to the sensitive nature of
human biological and environmental exposure data but are available from the corresponding author on
reasonable request.
Competing Interests:
The authors declare that they have no competing interests.
Page 15/22

Funding
This research was funded by the Intramural Research Program of the National Institute of
Environmental Health Sciences, National Institutes of Health (ZIA E103321).
Authors’ Contributions
PAB carried out the statistical analyses and wrote the initial manuscript; KKF de ned the study
question; APK and BMW assisted with statistical analyses; GPB carried out chemical analysis of
biological specimens; DEC, TFM, and KKF designed the study, acquired data, and contributed to critical
discussion of these results; all authors contributed to critical review of this manuscript. All authors have
read and approved the nal manuscript.
Acknowledgements:
Not applicable

References
1. Kamai EM, McElrath TF, Ferguson KK. Fetal growth in environmental epidemiology: mechanisms,
limitations, and a review of associations with biomarkers of non-persistent chemical exposures
during pregnancy. Environ Health. 2019;18(1):43.
2. Mullis PE, Tonella P. Regulation of fetal growth: consequences and impact of being born small.
Best Pract Res Clin Endocrinol Metab. 2008;22(1):173-90.
3. van Wassenaer A. Neurodevelopmental consequences of being born SGA. Pediatr Endocrinol Rev.
2005;2(3):372-7.
4. Zhang Y, Li H, Liu SJ, Fu GJ, Zhao Y, Xie YJ, et al. The associations of high birth weight with blood
pressure and hypertension in later life: a systematic review and meta-analysis. Hypertens Res.
2013;36(8):725-35.
5. Derraik JGB, Maessen SE, Gibbins JD, Cut eld WS, Lundgren M, Ahlsson F. Large-for-gestationalage phenotypes and obesity risk in adulthood: a study of 195,936 women. Scienti c Reports.
2020;10(1):2157.
6. Boney CM, Verma A, Tucker R, Vohr BR. Metabolic syndrome in childhood: association with birth
weight, maternal obesity, and gestational diabetes mellitus. Pediatrics. 2005;115(3):e290-6.
7. Oken E, Kleinman KP, Rich-Edwards J, Gillman MW. A nearly continuous measure of birth weight
for gestational age using a United States national reference. BMC Pediatr. 2003;3:6-.
8. Zheng T, Zhang J, Sommer K, Bassig BA, Zhang X, Braun J, et al. Effects of Environmental
Exposures on Fetal and Childhood Growth Trajectories. Ann Glob Health. 2016;82(1):41-99.
9. Ingle ME, Watkins D, Rosario Z, Vélez Vega CM, Huerta-Montanez G, Calafat AM, et al. The
association of urinary organophosphate ester metabolites and self-reported personal care and
household product use among pregnant women in Puerto Rico. Environ Res. 2019;179:108756.
10. Ashrap P, Watkins DJ, Calafat AM, Ye X, Rosario Z, Brown P, et al. Elevated concentrations of
urinary triclocarban, phenol and paraben among pregnant women in Northern Puerto Rico:
Predictors and trends. Environment international. 2018;121(Pt 1):990-1002.
11. Cantonwine DE, Cordero JF, Rivera-González LO, Anzalota Del Toro LV, Ferguson KK, Mukherjee B,
et al. Urinary phthalate metabolite concentrations among pregnant women in Northern Puerto Rico:
distribution, temporal variability, and predictors. Environment international. 2014;62:1-11.
12. Ingle ME, Mínguez-Alarcón L, Carignan CC, Butt CM, Stapleton HM, Williams PL, et al. The
association of urinary phosphorous-containing ame retardant metabolites and self-reported
personal care and household product use among couples seeking fertility treatment. Journal of
Exposure Science & Environmental Epidemiology. 2020;30(1):107-16.
13. Hsieh CJ, Chang YH, Hu A, Chen ML, Sun CW, Situmorang RF, et al. Personal care products use and
phthalate exposure levels among pregnant women. Sci Total Environ. 2019;648:135-43.
14. Guo Y, Kannan K. A Survey of Phthalates and Parabens in Personal Care Products from the United
States and Its Implications for Human Exposure. Environmental Science & Technology.
2013;47(24):14442-9.
Page 16/22

15. Wei G-L, Li D-Q, Zhuo M-N, Liao Y-S, Xie Z-Y, Guo T-L, et al. Organophosphorus ame retardants and
plasticizers: Sources, occurrence, toxicity and human exposure. Environmental Pollution.
2015;196:29-46.
16. Serrano SE, Braun J, Trasande L, Dills R, Sathyanarayana S. Phthalates and diet: a review of the
food monitoring and epidemiology data. Environmental Health. 2014;13(1):43.
17. van 't Erve TJ, Rosen EM, Barrett ES, Nguyen RHN, Sathyanarayana S, Milne GL, et al. Phthalates
and Phthalate Alternatives Have Diverse Associations with Oxidative Stress and In ammation in
Pregnant Women. Environ Sci Technol. 2019;53(6):3258-67.
18. Ferguson KK, McElrath TF, Chen YH, Mukherjee B, Meeker JD. Urinary phthalate metabolites and
biomarkers of oxidative stress in pregnant women: a repeated measures analysis. Environ Health
Perspect. 2015;123(3):210-6.
19. Aung MT, Ferguson KK, Cantonwine DE, Bakulski KM, Mukherjee B, Loch-Caruso R, et al.
Associations between maternal plasma measurements of in ammatory markers and urinary levels
of phenols and parabens during pregnancy: A repeated measures study. Sci Total Environ.
2019;650(Pt 1):1131-40.
20. Liu X, Ji K, Choi K. Endocrine disruption potentials of organophosphate ame retardants and
related mechanisms in H295R and MVLN cell lines and in zebra sh. Aquatic Toxicology. 2012;114115:173-81.
21. Harris CA, Henttu P, Parker MG, Sumpter JP. The estrogenic activity of phthalate esters in vitro.
Environ Health Perspect. 1997;105(8):802-11.
22. Luo D, Liu W, Tao Y, Wang L, Yu M, Hu L, et al. Prenatal Exposure to Organophosphate Flame
Retardants and the Risk of Low Birth Weight: A Nested Case-Control Study in China. Environ Sci
Technol. 2020;54(6):3375-85.
23. Hoffman K, Stapleton HM, Lorenzo A, Butt CM, Adair L, Herring AH, et al. Prenatal exposure to
organophosphates and associations with birthweight and gestational length. Environ Int.
2018;116:248-54.
24. Aker AM, Ferguson KK, Rosario ZY, Mukherjee B, Alshawabkeh AN, Cordero JF, et al. The
associations between prenatal exposure to triclocarban, phenols and parabens with gestational
age and birth weight in northern Puerto Rico. Environ Res. 2019;169:41-51.
25. Messerlian C, Mustieles V, Minguez-Alarcon L, Ford JB, Calafat AM, Souter I, et al. Preconception
and prenatal urinary concentrations of phenols and birth size of singleton infants born to mothers
and fathers from the Environment and Reproductive Health (EARTH) study. Environ Int.
2018;114:60-8.
26. Philippat C, Botton J, Calafat AM, Ye X, Charles M-A, Slama R, et al. Prenatal exposure to phenols
and growth in boys. Epidemiology. 2014;25(5):625-35.
27. Smarr MM, Grantz KL, Sundaram R, Maisog JM, Kannan K, Louis GM. Parental urinary biomarkers
of preconception exposure to bisphenol A and phthalates in relation to birth outcomes. Environ
Health. 2015;14:73.
28. Casas M, Valvi D, Ballesteros-Gomez A, Gascon M, Fernández MF, Garcia-Esteban R, et al. Exposure
to Bisphenol A and Phthalates during Pregnancy and Ultrasound Measures of Fetal Growth in the
INMA-Sabadell Cohort. Environ Health Perspect. 2016;124(4):521-8.
29. Zhao Y, Chen L, Li LX, Xie CM, Li D, Shi HJ, et al. Gender-speci c relationship between prenatal
exposure to phthalates and intrauterine growth restriction. Pediatr Res. 2014;76(4):401-8.
30. Kalloo G, Wellenius GA, McCandless L, Calafat AM, Sjodin A, Karagas M, et al. Pro les and
Predictors of Environmental Chemical Mixture Exposure among Pregnant Women: The Health
Outcomes and Measures of the Environment Study. Environmental Science & Technology.
2018;52(17):10104-13.
31. Tamayo-Uria I, Maitre L, Thomsen C, Nieuwenhuijsen MJ, Chatzi L, Siroux V, et al. The early-life
exposome: Description and patterns in six European countries. Environ Int. 2019;123:189-200.
32. Ouidir M, Buck Louis GM, Kanner J, Grantz KL, Zhang C, Sundaram R, et al. Association of
Maternal Exposure to Persistent Organic Pollutants in Early Pregnancy With Fetal Growth. JAMA
Pediatr. 2019;174(2):149-61.
33. Kim SS, Meeker JD, Aung MT, Yu Y, Mukherjee B, Cantonwine DE, et al. Urinary trace metals in
association with fetal ultrasound measures during pregnancy. Environ Epidemiol. 2020;4(2).
Page 17/22

34. Signes-Pastor AJ, Doherty BT, Romano ME, Gleason KM, Gui J, Baker E, et al. Prenatal exposure to
metal mixture and sex-speci c birth outcomes in the New Hampshire Birth Cohort Study. Environ
Epidemiol. 2019;3(5).
35. Agier L, Basagaña X, Hernandez-Ferrer C, Maitre L, Tamayo Uria I, Urquiza J, et al. Association
between the pregnancy exposome and fetal growth. International Journal of Epidemiology. 2020.
36. Marie C, Cabut S, Vendittelli F, Sauvant-Rochat MP. Changes in Cosmetics Use during Pregnancy
and Risk Perception by Women. Int J Environ Res Public Health. 2016;13(4):383.
37. Ashley JM, Hodgson A, Sharma S, Nisker J. Pregnant women's navigation of information on
everyday household chemicals: phthalates as a case study. BMC Pregnancy Childbirth.
2015;15:312.
38. American College of Obstetrics and Gynecology (ACOG). Committee Opinion No 700: Methods for
Estimating the Due Date. Obstet Gynecol. 2017;129(5):e150-e4.
39. Welch B.M., Keil AP, van 't Erve TJ, Deterding LJ, Williams JG, Lih FB, et al. Longitudinal pro les of
plasma eicosanoids during pregnancy and size for gestational age at delivery: a nested casecontrol study. 2020.
40. Jayatilaka NK, Restrepo P, Williams L, Ospina M, Valentin-Blasini L, Calafat AM. Quanti cation of
three chlorinated dialkyl phosphates, diphenyl phosphate, 2,3,4,5-tetrabromobenzoic acid, and four
other organophosphates in human urine by solid phase extraction-high performance liquid
chromatography-tandem mass spectrometry. Anal Bioanal Chem. 2017;409(5):1323-32.
41. Food and Drug Administration. Bioanalytical Method Validation - Guidance for Industry. 2001.
42. Ferguson KK, McElrath TF, Meeker JD. Environmental Phthalate Exposure and Preterm Birth. JAMA
Pediatrics. 2014;168(1):61-7.
43. Ferguson KK, Meeker JD, Cantonwine DE, Mukherjee B, Pace GG, Weller D, et al. Environmental
phenol associations with ultrasound and delivery measures of fetal growth. Environment
international. 2018;112:243-50.
44. Kim SS, Meeker JD, Carroll R, Zhao S, Mourgas MJ, Richards MJ, et al. Urinary trace metals
individually and in mixtures in association with preterm birth. Environment international.
2018;121(Pt 1):582-90.
45. Hornung RW, Reed LD. Estimation of average concentration in the presence of nondetectable
values. Applied occupational and environmental hygiene. 1990;5(1):46-51.
46. MacPherson S, Arbuckle TE, Fisher M. Adjusting urinary chemical biomarkers for hydration status
during pregnancy. J Expo Sci Environ Epidemiol. 2018;28(5):481-93.
47. R Core Team. R: A language and environment for statistical computing. Vienna, Austria: R
Foundation for Statistical Computing; 2010.
48. Hertzmark E, Spiegelman D. The SAS ICC9 macro. 2010.
49. McCabe C, Anderson OS, Montrose L, Neier K, Dolinoy DC. Sexually Dimorphic Effects of Early-Life
Exposures to Endocrine Disruptors: Sex-Speci c Epigenetic Reprogramming as a Potential
Mechanism. Curr Environ Health Rep. 2017;4(4):426-38.
50. Rebuli ME, Patisaul HB. Assessment of sex speci c endocrine disrupting effects in the prenatal
and pre-pubertal rodent brain. J Steroid Biochem Mol Biol. 2016;160:148-59.
51. Buckley JP, Doherty BT, Keil AP, Engel SM. Statistical Approaches for Estimating Sex-Speci c
Effects in Endocrine Disruptors Research. Environ Health Perspect. 2017;125(6):067013.
52. Keil AP, Buckley JP, O'Brien KM, Ferguson KK, Zhao S, White AJ. A Quantile-Based g-Computation
Approach to Addressing the Effects of Exposure Mixtures. Environ Health Perspect.
2020;128(4):47004.
53. Keil A. qgcomp: Quantile G-Computation. 2020.
54. Percy Z, Vuong AM, Ospina M, Calafat AM, La Guardia MJ, Xu Y, et al. Organophosphate esters in a
cohort of pregnant women: Variability and predictors of exposure. Environ Res. 2020;184:109255.
55. Crawford KA, Hawley N, Calafat AM, Jayatilaka NK, Froehlich RJ, Has P, et al. Maternal urinary
concentrations of organophosphate ester metabolites: associations with gestational weight gain,
early life anthropometry, and infant eating behaviors among mothers-infant pairs in Rhode Island.
Environmental health : a global access science source. 2020;19(1):97-.
56. Kuiper JR, Stapleton HM, Wills-Karp M, Wang X, Burd I, Buckley JP. Predictors and reproducibility of
urinary organophosphate ester metabolite concentrations during pregnancy and associations with
Page 18/22

birth outcomes in an urban population. Environmental health : a global access science source.
2020;19(1):55-.
57. Philbrook NA, Restivo VE, Belanger CL, Winn LM. Gestational triphenyl phosphate exposure in
C57Bl/6 mice perturbs expression of insulin-like growth factor signaling genes in maternal and
fetal liver. Birth Defects Res. 2018;110(6):483-94.
58. Murphy VE, Smith R, Giles WB, Clifton VL. Endocrine Regulation of Human Fetal Growth: The Role
of the Mother, Placenta, and Fetus. Endocrine Reviews. 2006;27(2):141-69.
59. Hu W, Gao F, Zhang H, Hiromori Y, Arakawa S, Nagase H, et al. Activation of Peroxisome
Proliferator-Activated Receptor Gamma and Disruption of Progesterone Synthesis of 2-Ethylhexyl
Diphenyl Phosphate in Human Placental Choriocarcinoma Cells: Comparison with Triphenyl
Phosphate. Environmental Science & Technology. 2017;51(7):4061-8.
60. Zhang Y-w, Gao H, Mao L-j, Tao X-y, Ge X, Huang K, et al. Effects of the phthalate exposure during
three gestation periods on birth weight and their gender differences: A birth cohort study in China.
Science of The Total Environment. 2018;613-614:1573-8.
61. DiPietro JA, Voegtline KM. The gestational foundation of sex differences in development and
vulnerability. Neuroscience. 2017;342:4-20.
62. Howdeshell KL, Rider CV, Wilson VS, Gray LE. Mechanisms of action of phthalate esters,
individually and in combination, to induce abnormal reproductive development in male laboratory
rats. Environ Res. 2008;108(2):168-76.
63. Ferguson KK, Meeker JD, Cantonwine DE, Chen YH, Mukherjee B, McElrath TF. Urinary phthalate
metabolite and bisphenol A associations with ultrasound and delivery indices of fetal growth.
Environ Int. 2016;94:531-7.
64. Wu C, Huo W, Li Y, Zhang B, Wan Y, Zheng T, et al. Maternal urinary paraben levels and offspring
size at birth from a Chinese birth cohort. Chemosphere. 2017;172:29-36.
65. Chang CH, Wang PW, Liang HW, Huang YF, Huang LW, Chen HC, et al. The sex-speci c association
between maternal paraben exposure and size at birth. Int J Hyg Environ Health. 2019;222(6):95564.
66. Geer LA, Pycke BFG, Waxenbaum J, Sherer DM, Abula a O, Halden RU. Association of birth
outcomes with fetal exposure to parabens, triclosan and triclocarban in an immigrant population
in Brooklyn, New York. J Hazard Mater. 2017;323(Pt A):177-83.
67. Quiros-Alcala L, Buckley JP, Boyle M. Parabens and measures of adiposity among adults and
children from the U.S. general population: NHANES 2007-2014. Int J Hyg Environ Health.
2018;221(4):652-60.
68. Kolatorova L, Sramkova M, Vitku J, Vcelak J, Lischkova O, Starka L, et al. Parabens and their
relation to obesity. Physiol Res. 2018;67(Suppl 3):S465-s72.
69. Quirós-Alcalá L, Buckley JP, Boyle M. Parabens and measures of adiposity among adults and
children from the U.S. general population: NHANES 2007–2014. International Journal of Hygiene
and Environmental Health. 2018;221(4):652-60.
70. Buckley JP, Herring AH, Wolff MS, Calafat AM, Engel SM. Prenatal exposure to environmental
phenols and childhood fat mass in the Mount Sinai Children's Environmental Health Study. Environ
Int. 2016;91:350-6.
71. Deierlein AL, Wolff MS, Pajak A, Pinney SM, Windham GC, Galvez MP, et al. Phenol Concentrations
During Childhood and Subsequent Measures of Adiposity Among Young Girls. Am J Epidemiol.
2017;186(5):581-92.
72. Hammami M, Walters JC, Hockman EM, Koo WWK. Disproportionate alterations in body
composition of large for gestational age neonates. The Journal of Pediatrics. 2001;138(6):817-21.
73. Brett KE, Ferraro ZM, Yockell-Lelievre J, Gruslin A, Adamo KB. Maternal-fetal nutrient transport in
pregnancy pathologies: the role of the placenta. Int J Mol Sci. 2014;15(9):16153-85.
74. Chiavaroli V, Derraik JGB, Hofman PL, Cut eld WS. Born Large for Gestational Age: Bigger Is Not
Always Better. The Journal of Pediatrics. 2016;170:307-11.
75. Ananth CV, Vintzileos AM. Distinguishing pathological from constitutional small for gestational
age births in population-based studies. Early Human Development. 2009;85(10):653-8.
76. American College of Obstetrics and Gynecology (ACOG). ACOG Practice Bulletin No. 204: Fetal
Growth Restriction. Obstetrics & Gynecology. 2019;133(2).
Page 19/22

77. Artacho-Cordón F, Fernández MF, Frederiksen H, Iribarne-Durán LM, Jiménez-Díaz I, Vela-Soria F, et
al. Environmental phenols and parabens in adipose tissue from hospitalized adults in Southern
Spain. Environ Int. 2018;119:203-11.
78. Wang L, Asimakopoulos AG, Kannan K. Accumulation of 19 environmental phenolic and
xenobiotic heterocyclic aromatic compounds in human adipose tissue. Environ Int. 2015;78:45-50.
79. Artacho-Cordón F, Arrebola JP, Nielsen O, Hernández P, Skakkebaek NE, Fernández MF, et al.
Assumed non-persistent environmental chemicals in human adipose tissue; matrix stability and
correlation with levels measured in urine and serum. Environ Res. 2017;156:120-7.
80. Yu Z, Han S, Zhu J, Sun X, Ji C, Guo X. Pre-pregnancy body mass index in relation to infant birth
weight and offspring overweight/obesity: a systematic review and meta-analysis. PLoS One.
2013;8(4):e61627.
81. Goldstein RF, Abell SK, Ranasinha S, Misso M, Boyle JA, Black MH, et al. Association of Gestational
Weight Gain With Maternal and Infant Outcomes: A Systematic Review and Meta-analysis. Jama.
2017;317(21):2207-25.
82. Strand LB, Barnett AG, Tong S. The in uence of season and ambient temperature on birth
outcomes: a review of the epidemiological literature. Environ Res. 2011;111(3):451-62.
83. Centers for Disease Control and Prevention. Fourth National Report on Human Exposure to
Environmental Chemicals - Updated Tables, January 2019, Volume One. 2019.
84. Perrier F, Giorgis-Allemand L, Slama R, Philippat C. Within-subject Pooling of Biological Samples to
Reduce Exposure Misclassi cation in Biomarker-based Studies. Epidemiology. 2016;27(3):378-88.

Figures

Page 20/22

Figure 1
Spearman correlation coe cients for average exposure biomarker concentrations.
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Figure 2
Adjusted OR (95% CI) of SGA and LGA associated with a one quartile increase in all exposure
biomarkers within mixtures of (1) OPE metabolites, (2) phthalate metabolites, and (3) phenols
estimated using quantile-g computation models.
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