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Abstract

Latent class analysis (LCA), although minimally applied to the statistical analysis of mixtures,
may serve as a useful tool for identifying individuals with shared real-life profiles of chemical
exposures. Knowledge of these groupings and their risk of adverse outcomes has the potential to
inform targeted public health prevention strategies. This example applies LCA to identify clusters
of pregnant women from a case-control study within the LIFECODES birth cohort with shared
exposure patterns across a panel of urinary phthalate metabolites and parabens, and to evaluate the
association between cluster membership and urinary oxidative stress biomarkers. LCA identified
individuals with: “low exposure,” “low phthalates, high parabens,” “high phthalates, low
parabens,” and “high exposure.” Class membership was associated with several demographic
characteristics. Compared to “low exposure,” women classified as having “high exposure” have
elevated urinary concentrations of the oxidative stress biomarkers 8-hydroxydeoxyguanosine (19%
higher, 95% confidence interval [C1]=7%, 32%) and 8-isoprostane (31%, 95% Cl=-5%, 64%).
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However, contrast examinations indicated that associations between oxidative stress biomarkers
and “high exposure” were not statistically different from those with “high phthalates, low
parabens” suggesting a minimal effect of higher paraben exposure in the presence of high
phthalates. The presented example offers verification through application to an additional data set
as well as a comparison to another unsupervised clustering approach, k-means clustering. LCA
may be more easily implemented, more consistent, and more able to provide interpretable output.
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1. Introduction

Human-made chemical exposures, xenobiotics, in isolation and in combination have the
potential to impact health (1). However, estimating the health impacts of chemical exposure
mixtures is complicated by the typically highly correlated nature of chemicals that exist
together in an environment of interest, e.g., the body, atmosphere, etc. Several statistical
approaches have gained ground in recent years as a way to understand various questions
pertaining to how mixtures impact human health (1). The selection of the best statistical
method is inextricable from the research question. Some specific aims of mixtures research
include: detection of important chemical-outcome relationships within a mixture; estimation
of cumulative effects; identification of joint effects, such as interactions between chemicals;
and exposure profile characterization (2). Our primary question here is: can we identify
groups of individuals based on similar exposures to chemicals? We posit that answering this
question may have strong public health relevance for three reasons. First, it enables
identification of exposure combinations within individuals that occur in reality rather than in
theory. Second, it allows for estimation of elevated risk among a group of individuals that
may be related to a number of factors, including combinations of chemical exposures as well
as certain vulnerabilities within that group. Third, because we are understanding the risk of a
known group rather than an unknown individual, this information could be used to develop
targeted, impactful interventions.

Latent class analysis (LCA) identifies groups of individuals with shared, real-world,
exposure profiles (3), but has been applied minimally in environmental epidemiology and
never in studies of endocrine disruptors in pregnant women (4). The primary aim in this
study was to apply LCA to identify latent classes (i.e., clusters) of pregnant women who
share similar patterns of phthalate and phenol exposure biomarkers. We test the
reproducibility of latent class groupings using data on pregnant women from the National
Health and Nutrition Examination Survey (NHANES) from the same time frame as the
current study. Additionally, we compared the results from LCA with those from another
clustering approach, k-means clustering (5, 6), which has been used more commonly as a
chemical mixtures approach and offers a similar interpretation through the clustering of
individuals but allows for continuous rather than categorical exposures. As a secondary aim,
we examine the association between membership in the latent classes and two urinary
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oxidative stress biomarkers, which we previously found to be associated with these
chemicals in single-pollutant analyses (7, 8).

Methods
2.1. Study population

The LIFECODES birth cohort is an on-going prospective cohort study that was first
designed to identify risk factors for preeclampsia (9). Women who are planning to deliver at
Brigham and Women’s Hospital in Boston, Massachusetts, USA are enrolled and consented
at <15 weeks gestation then participate in four study visits at median 10, 18, 26, and 35
weeks of gestation. At the first visit, participants complete a questionnaire providing
demographic information, tobacco and alcohol use, and information on medical history. At
each study visit, participants provide urine as well as blood samples. The present analysis
utilizes a subset of individuals from this study population who delivered between 2006 and
2008 and were part of a case-control study designed to examine the relationship between
environmental phthalate exposure and preterm birth (10). In that study, we selected 130
cases of preterm birth (delivery <37 weeks of gestation) from participants who delivered
within that time frame as well as 352 random (i.e., unmatched) controls. To be included in
the present analysis, participants needed at least one available measure for all chemicals of
interest; as such, 4% (n=15) of controls were removed and 5% (n=7) of cases were removed.
This resulted in a final sample size of 460 (n=123 cases of preterm birth, n=337 unmatched
controls). Unless otherwise specified, analyses were inverse probability weighted using case-
control sampling fractions so that the results are representative of the overall LIFECODES
study population. Self-reported maternal age, pre-pregnancy body mass index (BMI), race/
ethnicity, and education were available as covariates.

2.2. Exposure biomarkers

All urinary phthalate metabolites and phenols were analyzed in participants from the case-
control study by NSF International (Ann Arbor, MI, USA) using methods described in detail
elsewhere (10, 11). The exposures for this analysis were selected based on their availability
and consistent measurement above the limit of detection (>50%). We included the following
urinary phthalate metabolites: di-2-ethylhexyl phthalate (DEHP), mono(3-carboxypropyl)
phthalate (MCPP), mono-benzyl phthalate (MBzP), mono-n-butyl phthalate (MBP), mono-
isobutyl phthalate (MiBP), and mono-ethyl phthalate (MEP). Urinary phenols included: 2,4-
and 2,5-dichlorophenols (2,4-DCP and 2,5-DCP), triclosan (TCS), benzophenone-3 (BP3),
bisphenol-A (BPA), butyl paraben (BPB), ethyl paraben (EPB), methyl paraben (MPB),
propyl paraben (PPB). Bisphenol-S and triclocarban were available but not included due to
low detection rates (46.6% and 15.4%, respectively). For the present analyses, all chemicals
were specific-gravity corrected and the exposures were the geometric means of available
measurements across visits 1, 2, and 3 in pregnancy (median 10, 18, and 26 weeks of
gestation). In other words, for a participant with only one measurement, the average measure
would be equal to that measurement; for a participant with two measurements, the average
measure would be equal to the geometric mean of those two measures, etc. There was equal
representation of cases as well as controls at each of these three study visits (12).
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2.3. Oxidative stress biomarkers

Oxidative stress is considered a mediator between exposures and an array of health end
points, including adverse birth outcomes. The urinary oxidative stress biomarkers 8-
hydroxydeoxyguanosine (8-OHdG) and 8-isoprostane were measured in all available urine
samples using enzyme immunoassay by Cayman Chemical (Ann Arbor, MI, USA) (8). As
with the exposure biomarkers, we used the geometric means of specific-gravity corrected
oxidative stress marker measurements across visits 1-3.

2.4, Statistical analysis

To assess correlation between urinary phthalate metabolites and phenols, we first created a
Pearson correlation heat map of associations between subject-specific geometric averages
using the package “corrplot” in R (13).

2.4.1. Latent class analysis—To address our primary aim, we applied LCA using the
R package “poLCA” (14). Accompanying code for this example is available at GitHub
repository “LCAmIix” from user “carrollrm.” We used an unsupervised LCA approach,
meaning that the outcome of interest was not considered when making class assignments,
because the primary aim was to identify meaningful exposure profiles and not to estimate
exposure-outcome associations (15). Further,the classes were defined using only controls to
minimize potential bias associated with the case-control study design.

We dichotomized each pregnancy-specific average exposure measure into below versus
above the median, using the median measure among the controls only, to indicate “low”
versus “high exposure” for each of the A/ chemicals described in Section 2.2. In this method,
we prespecify to use K classes for describing the exposure profile of the 7 individuals such
that rz4 describes the proportion of individuals in class & (k= 1,...,K). Each class represents
a different exposure profile based on m=1,2,...,M chemicals, and the proportion of
individuals with high (or low) exposure to chemical min class kis pyx (0r 1 — pmp). The
representation of each chemical in the K latent categories can be summarized in a
contingency table of size M x K. From these definitions, it follows that N, represents
the resulting number of individuals in class & with relatively high exposure to chemical m.

The class assignments were estimated by maximizing a multinomial log likelihood (see
supplemental material) using an expectation-maximization (EM) algorithm. We determined
the appropriate number of classes by performing the LCA for k= 2 to 10 classes and
comparing several goodness-of-fit statistics, including Akaike information criterion (AIC)
and Bayesian information criterion (BIC), which are considered the most appropriate for
basic LCA models because of simplicity and the use of penalty terms for the number of
parameters (16, 17). However, we also considered interpretability as an important deciding
factor in determining the ideal number of classes.

Once the best choice for the number of classes, K, was determined from the controls-only
data, a mean overall exposure was calculated across all M chemicals via Z% — 1P/ M Tor

each of the Kclasses. This value represents the mean proportion of individuals with greater
than the median biomarker concentrations across all chemicals for latent class k. Classes
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were ordered by lowest to highest mean overall exposure value for presentation. Class
membership was assigned to each participant based on their highest class membership
probability, where a higher probability indicated a higher chance of being assigned to the
given class. Posterior, i.e., following the completion of the EM algorithm, class membership
probabilities indicating individual-level certainty of class assignment are also calculated
(15).

Finally, we generated class assignments for the cases in the LIFECODES data set with the K
class LCA model for further examination. As a first step, we examined demographic
characteristics of individuals within each latent class and tested for differences across groups
using independent chi-squared tests.

2.4.2. Latent class associations with oxidative stress—To address our secondary
aim, we examined the association between latent class membership and urinary oxidative
stress biomarkers using linear regression models with each of the log-transformed urinary
oxidative stress biomarkers as the outcome in separate models and a variable for latent class
assignment as the predictor. We first used the latent class with the lowest mean overall
exposure as the reference group, and subsequently changed the reference category in order
to calculate all contrasts. All covariates examined in relation to latent classes are included as
covariates in the models in order to replicate results from previously published single-
pollutant models.

2.4.3. Reproducibility of latent classes—We were additionally interested in whether
the latent classes identified in the LIFECODES study were present in other populations,
after accounting for differences in demographic characteristics (i.e., whether the exposure
patterns are consistent across populations). To assess this, we created covariate-adjusted
LCA models based on: 1) controls from the LIFECODES population; and 2) pregnant
women from NHANES (2005-2006 and 2007-2008 cycles). We then assigned class
membership to each individual from NHANES based on each model and compared chemical
exposure distributions and class membership. We restricted the NHANES dataset to the 134
pregnant women who had urinary concentrations of phthalate metabolites and phenols
available and used created creatinine-corrected concentrations for analysis. Urine collection
methods and laboratory analysis for NHANES are described in detail elsewhere (18, 19).

Covariate-adjusted LCA was necessary because of the strong associations between
demographic characteristics and class membership, and because NHANES data collection
entails a complex survey design involving oversampling of underrepresented populations for
precise estimates within those groups. Covariates were selected based on those
characteristics that were accounted for in the NHANES sampling strategy (20) and were also
available in the LIFECODES dataset: age; education level (to reflect socioeconomic status);
and race/ethnicity. For both LCA models, the number of latent classes is forced to be the
same as in the non-covariate-adjusted LIFECODES LCA model.

2.4.4. Comparison of latent class analysis with k-means clustering—Because
k-means clustering has been used more commonly as a chemical mixtures approach, we
wanted to compare the classes generated through this method, both in terms of number as
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well as interpretability. K-means clustering is an alternative unsupervised clustering
approach that has been implemented to address mixtures questions using air pollution and
exposure biomarker data (5, 6). Whereas LCA utilizes categorical exposures or predictors
and maximizes the multinomial likelihood, k-means clustering uses continuous exposures
and minimizes the sum of squared-Euclidian distances across possible clusterings, given K
(21, 22). We applied the classic k-means algorithm of McQueen (21). K-means clustering
proceeds by randomly selecting K points (called centroids) within the range of the exposures
(e.g., a centroid in the LIFECODES data would have values for each of the M chemicals)
and assigning each point to a cluster with the centroid that has the smallest distance to the
point. Centroid locations are recalculated based on the cluster mean, and this process is
iterated until convergence under many (300) random sets of starting locations. This analysis
was performed using functions from the “flexclust” package in R (23).

In addition to comparing the number and interpretability of the classes using these two
approaches, we also examined the differences in the class membership associations with
oxidative stress biomarkers when the number of classes was forced to be the same as what
we observed in LCA. We then proceeded with regression analysis of the covariate-adjusted
association between the k-means clusters and urinary oxidative stress biomarkers using an
approach identical to that described in the LCA analysis.

2.4.5. Code availability—Accompanying code for the LCA methods is available at
GitHub repository “LCAmix” from user “carrollrm” This is available as an R markdown file
to lead viewers through a simple example of performing these methods.

3. Results

3.1.

Distributions of the phenols and urinary phthalate metabolites considered here were similar
to what has been observed in the general US population (9, 10). Figure 1 displays a heat map
of the Pearson correlations between chemical averages. Urinary phthalate metabolites and
phenols analyzed were moderately to highly correlated (range: —0.09 to 0.98), with the
highest correlations being between: 2,4-DCP and 2,5-DCP at 0.98; MPB and PPB at 0.63;
and MBP and MCPP at 0.54. Correlations within phthalate metabolites and within phenols
were greater in magnitude than across the two chemical classes.

Latent class analysis

To determine the number of latent classes within our dataset, we compared goodness—of-fit
measures for models with 2-10 latent classes (Supplemental Table 1). Results varied based
on the criteria used for selecting the optimal number of classes. We selected our final model
with four latent classes because that choice of K produced the lowest BIC because this
number of classes was more interpretable, as compared to 10 latent classes identified as best
based on AIC. Classes were ordered from low to high mean overall exposure and all p;x
proportion estimates are shown in Figure 2. Each bar displays the proportion of individuals
with high (above median, dark gray) or low (below median, light gray) exposure biomarker
concentrations for each chemical within each latent class.
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For the n=377 controls, the first latent class (n=72, “low exposure” group) contained mostly
individuals who had lower than median biomarker concentrations across all chemicals (mean
of 26% with “high exposure” across all biomarkers). The second latent class (n=93, “low
phthalates, high parabens”) and was made up of individuals with lower than median
concentrations of phthalate metabolites, BPA, and dichlorophenols, but higher than median
concentrations of phenols found commonly in personal care products including parabens and
BP3 (mean of 48% with “high exposure” across all biomarkers). The third latent class
(n=79, “high phthalates, low parabens”) comprised individuals with greater than median
concentrations of all phthalates, dichlorophenols, and BPA, but below median concentrations
of parabens and BP3 (mean of 51% with “high exposure” across all biomarkers). Note that
TCS levels were similar in “low phthalates, high parabens” group and the “high phthalates,
low parabens” group, where approximately half of the women had greater than the median
urinary concentrations in each class. The fourth and final latent class (n=93, “high
exposure”) contained individuals with higher than the median biomarker concentrations for
most of the phthalate metabolites and phenols measured, with the exception of BP3. This
group had the highest mean percentage of individuals with “high exposure” across all
biomarkers (71%). Posterior class membership probabilities were high (median 95%,
interquartile range: 81%, 99%) indicating that women had a high probability of belonging to
the class to which they were assigned (histogram of probabilities shown in Supplemental
Figure 1).

Next, we assigned class membership to all cases as well as controls in the LIFECODES
population and assessed the associations between latent class assignment and the covariates
of interest for all women in the LIFECODES data set. Table 1 displays distributions and chi
square test results for differences in latent class assignment by each level of demographic
characteristic. The “low exposure” group contained more women who were White (70% vs.
59% overall) and who had a college degree or higher (47% vs. 40% overall). In contrast, the
“high exposure” group had a higher percentage of Black and Other race participants (34%
and 36%, respectively, vs. 16% and 25% overall) and more participants in the lower age
groups. The “low phthalates, high parabens” group appeared to include older individuals as
well as individuals with higher education and lower BMI. Individuals in the “high
phthalates, low parabens” group were more likely to be classified as Other race when
comparing to the overall study population. Chi squared tests indicated significant differences
in all characteristics across classes.

Latent class associations with oxidative stress

Compared to those in the “low exposure” group, individuals in the “high phthalate, low
parabens” group and those in the “high exposure” group had elevated urinary concentrations
of both 8-isoprostane and 8-OHdG (Table 2). However, individuals in the “low phthalate,
high parabens” group did not have statistically different levels of either biomarker. When the
reference group was changed to examine additional contrasts, we observed that there was
only a modest difference in oxidative stress biomarker concentrations in the “high exposure”
group compared to the “high phthalate, low paraben” group, suggesting minimal influence
of the parabens on the associations in the presence of high phthalates.
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3.3. Reproducibility of latent classes

Among pregnant women from the NHANES population, the Pearson correlation matrix for
chemicals analyzed in this study illustrated similarities to what we observed in the
LIFECODES study sample (Supplemental Figure 2). In this population we also observed the
highest correlation between 2,4-DCP and 2,5-DCP at 0.97, and the correlation between
MPB and PPB also remained the second highest at 0.71.

Latent class assignments for NHANES participants based on covariate-adjusted LCA
models from LIFECODES and NHANES data showed somewhat similar patterns
(Supplemental Figures 3 and 4, respectively), and posterior class membership probabilities
for both were very certain (median 99% certainty, interquartile range 95%-100%). Latent
class 1 was designated as “low exposure” in the LIFECODES model, although the most
similar class created from NHANES data was not very low (i.e., had a higher mean
proportion of participants with above median exposure across all biomarkers, 43%
[NHANES] vs. 26% [LIFECODES]). This class was the least consistent between the two
models. Latent classes 2 and 3 exhibited “low phthalates, high parabens” and “high
phthalates, low parabens” respectively and consistently across the two models. However, the
“high phthalates, low parabens” class did show some differences with lower measures for
MBP, MEP, and the dichlorophenols in individuals classified with the NHANES LCA model
compared to the LIFECODES LCA model. Latent class 4 was clearly “high exposure” in
classes from both models (mean of 67% and 70% of participants with above median
exposure across all biomarkers for NHANES and LIFECODES, respectively). The cross
tabulation comparing class membership based on the two different LCA models showed
moderate agreement, with 59% (n=9+24+22+24=79) of women assigned to the same three
corresponding classes (Cohen’s Kappa, which quantifies the agreement between two
classification schemes, of 0.46 for measuring the agreement not due to chance where
random agreement is x = 0.0 and perfect agreement is x = 1.0) (Supplemental Table 2).

3.4. Comparison of LCA with k-means clustering

In the LIFECODES data, the adjusted Rand index was highest for K'= 3, indicating that k-
means clustering was most stable at a lower number of clusters. The distributions of

exposures in these clusters could roughly be categorized as “low”, “moderate”, and “high”
for all exposures, which has less interpretability compared to the classes identified by LCA

(Supplemental Table 3).

For comparison of associations between class membership and oxidative stress biomarkers
with LCA, we took K= 4 to mirror the same number of clusters, so that we could identify if
additional information harnessed from the continuous exposure measures in k-means
clustering improved the ability to detect effects. K-means clusters yielded groupings with
similar interpretation to those from the LCA analysis (Supplemental Table 4). Thus, we also
refer to the k-means clusters as “low exposure”, “low phthalates, high phenols”, “high
phthalates, low phenols”, and “high exposure” in order to facilitate interpretation. While the
k-means clusters demonstrated similar characteristics to those generated from LCA with
respect to levels of exposures, there were notable discrepancies among how individuals were
grouped in each approach. For example, the “low exposure” group from k-means clustering
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comprised a nearly equal split between the “low exposure” and “low phthalates, high
parabens” LCA classes (Supplemental Table 5). Cohen’s Kappa is estimated as x=0.43
suggesting that the two classification schemes yield moderate agreement (24).

Patterns of adjusted log-linear regression model coefficients for the two urinary oxidative
stress biomarkers were similar for the 4 k-means clusters and the LCA classes, suggesting
the two groupings identify similar patterns as predictors of our chosen urinary oxidative
stress biomarkers. Point estimates contrasting results for the estimated percent change in 8-
OHdG for a change in exposure group were similar between k-means clusters and LCA.
However, with k-means clustering they were approximately twice as large when estimating
the adjusted percent increase in 8-isoprostane, compared to those based on LCA. Contrasted
with the “low exposure group,” the percent increase (95% CI) in 8-isoprostane was 8 (=12,
34), 21 (-3, 51), and 31 (5,64) for “low phthalates, high parabens”, “high phthalates, low
parabens”, and “high exposure” groups respectively (Table 3). This latter result suggests that
the k-means clusters were more highly associated with 8-isoprostane.

Finally, a likelihood ratio test was performed to contrast regression models with and without
latent class cluster or k-means cluster (i.e., does exposure cluster improve model fit over a
model that includes only covariates). For the latent class analysis, cluster variables improved
model fit in the regression for 8-OHdG but not 8-isoprostane (AIC: 371.3 [unadjusted] vs.
362.1 [adjusted] and 1085.9 (unadjusted) vs. 1086.9 (adjusted), respectively; likelihood ratio
Chi-square p-values: <0.01 and 0.17, respectively), whereas fit improved for both models
with the k-means analysis (AIC: 371.3 [unadjusted] vs. 368.2 [adjusted] and 1085.9
[unadjusted] vs. 1076.0 [adjusted], respectively; likelihood ratio Chi-square p-values: 0.03
and <0.01, respectively). Thus, LCA produced clusters that appeared to be more relevant to
8-OHdG while k-means clustering appeared to be more relevant to 8-isoprostane.

4. Discussion

To add to the conversation on how to disentangle and summarize the effects of
environmental chemical exposures on human health, we presented an example of the
application of latent class analysis to identify groups of individuals with similar exposure
profiles. We identified four groups of pregnant women from within the LIFECODES cohort
with distinct patterns of exposure to phthalates and phenols in pregnancy. Individuals in
these classes had somewhat different demographic characteristics, and individuals in the
“high phthalates, low parabens” as well as the “high exposure” groups had significantly
elevated urinary concentrations of the oxidative stress biomarkers 8-OHdG and 8-
isoprostane compared to individuals in the “low exposure” group. We additionally observed
similarities in latent classes in the LIFECODES study population compared to pregnant
women from NHANES during the same time period. Finally, in a comparison of LCA to k-
means clustering, we found that k-means selected a smaller number of clusters with less
informative groupings, i.e., “low exposure”, “moderate exposure”, and “high exposure”,
which provided little interpretable information about exposure-outcome associations.
However, when k-means was forced to select the same number of clusters chosen by LCA,
cluster membership was more strongly associated with 8-isoprostane.
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The substantive interpretation of these findings is that pregnant women with “high exposure”
to phthalates, but not phenols, have higher oxidative stress levels. Among pregnant women
with high exposure to both phthalates and phenols, oxidative stress levels were not higher
compared to pregnant women with high exposure to phthalates alone. While we found no
evidence for interaction, we acknowledge that the absence of such an effect cannot be tested
statistically in LCA. However, if we observed evidence for such an interaction, e.g., if
pregnant women with high exposure to phthalates and phenols had much higher oxidative
stress levels than pregnant women with “high exposure” to just one class of chemicals,
formal interaction testing between compounds in the overall population could be a
subsequent analytic step.

These results were consistent with what has previously been observed in this study
population using single-pollutant models and adaptive elastic net, where the overall
conclusions were that the associations between phthalate exposure and oxidative stress
appeared to outweigh any associations observed among phenols (8, 25). It should be noted
that these associations are not directly comparable since these are markedly different
statistical approaches. However, in the study of mixtures, it could be valuable to examine the
same question using different statistical methods to confirm findings.

Our secondary analysis examining reproducibility of latent class assignment using LCA
models from the LIFECODES and NHANES datasets showed that there was some overlap
in latent class assignment for nearly half of the individuals in NHANES. Differences in |
demographic characteristics, behavioral patterns, method for urine dilution adjustment (i.e.,
creatinine vs. specific gravity), and exposure sources across place and time may explain the
lack of reproducibility in class membership. It is unlikely that differences in individual
exposure distributions in the two populations explain these differences since they were
relatively similar. We posit that, even if they are not perfectly reproducible, the classes
identified in a unique study population are important because they are accurate
characterizations of distributions within that population and may extend to other similar
populations to provide information on potentially biologically- or behaviorally-relevant
combinations of exposures that could then be explored further. Moreover, within the
population examined, identification of demographic characteristics or behavioral patterns
associated with exposure could inform targeted and impactful exposure prevention
strategies.

This study is one of the first to examine latent class models for chemical mixtures analysis.
Previously, Hendryx and Luo used a similar approach to identify latent classes of children
with shared exposure profiles in NHANES data (26) and identified individuals with low,
medium, and high levels of exposure to various chemicals (including metals, pesticides,
phthalates, phenols, and polycyclic aromatic hydrocarbons). Other clustering methods have
also been applied in this context, including classification and regression trees (CART),
Bayesian profile regression (BPR), and k-means clustering (27-29). CART and BPR are
supervised methods which attempt to optimize prediction of an outcome. Using a latent
class-based supervised approach was also a possibility; however, our primary objective was
to identify groups of individuals with unique exposure patterns and to subsequently identify
associations between those groups and oxidative stress. Clustering based on the outcome
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using a supervised approach could be useful for prediction but less informative for public
health with respect to identifying exposure profiles that could correspond to behavioral
patterns.

K-means clustering allows for use of continuous rather than categorical variables with
output—class assignment by exposure profiles—that is similar to LCA. In our secondary
analysis comparing k-means clusters to latent classes, we observed that k-means selected
fewer clusters that generally reflect “low,” “moderate,” and “high exposure” individuals.
These groupings provided little information that could be used for understanding of
exposure-response, interaction, or that could be subsequently used for behavioral
interventions. Furthermore, other studies using k-means clustering, especially with chemical
exposure biomarkers, although notably not in air pollution studies, appeared to similarly
identify only 1-2 groups (e.g., “low,” “high” or “low,” “moderate,” “high”) (5, 30-32).
While it is not a given that LCA will identify more and as easily interpretable groups every
time, this approach should at the very least be considered alongside k-means.

Additionally, we observed better than random agreement across k-means clusters and LCA
classes, though it was disparate enough to suggest that the two approaches utilized
somewhat different characteristics of the data by which to create groupings. While we were
able to identify some similarities between the k-means clusters and the LCA classes (indeed,
we gave the groups similar labels across the two schemes), the k-means groups were less
obviously distinguishable from each other based on chemical class groupings than were the
LCA classes. Overall, the k-means approach was superior for predicting levels of 8-
isoprostane when the number of clusters is forced to the number identified by LCA;
however, used alone, k-means appeared to favor fewer classes that do not align with
chemical classifications.

Results from LCA cannot be directly compared to other chemical mixtures analyses that
address different research questions. However, a major strength of LCA and clustering
approaches generally is we are examining comparisons between groups of individuals with
real-world exposure profiles. Other mixtures examples with the aim of quantifying
cumulative or joint effects of chemical mixtures make such interpretations when, in reality, it
is not appropriate because of the statistical method employed. For example, Snowden
demonstrated such a problem with approaches relying on estimating single-chemical effects
of some exposures while holding others constant (such as multiple regression or “univariate
response function” results from Bayesian Kernel Machine Regression) to mixtures where we
estimate the difference in outcome per IQR change in one exposure while holding the others
constant (33). While LCA does not allow for disentangling independent effects of individual
exposures or estimating the extent of interaction between exposures, if clusters correspond to
distinct combinations of exposures (as in our analysis), then LCA allows qualitative analysis
of interactions on a class-level (rather than exposure level) basis.

LCA may also be an advantageous method for addressing chemical mixtures from a public
health perspective, if the classes are indeed organized in a meaningful way. The results from
our study identify specific population subsets that may be disproportionally exposed to
chemicals associated with elevated oxidative stress levels in pregnancy. For example, the
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“high exposure” group was detected as having elevated levels of oxidative stress, and, from
the covariate assessment, we know that the “high exposure” group was largely made up of
younger, non-white women with higher BMI and less education. In the context of pregnancy,
identifying population subgroups or behavioral patterns that place individuals at higher risk
of exposure could be useful for development of targeted counseling on strategies to reduce
exposure. Furthermore, in the area of research on consumer product chemicals, identifying
sources to avoid may have a greater public health impact than identifying one chemical from
within the mixture that is the most powerful toxicant. The latter could lead to regrettable
substitution, and also to underestimation of the impact of behavioral interventions. Future
work could examine behavioral patterns (e.g., cosmetic and personal care product use) in
relation to latent classes derived from exposure biomarker concentrations to identify points
for intervention. This broader approach may be more powerful for developing interventions
than examination of single pollutant associations with behaviors and demographics.

LCA is not without limitations. A longitudinal approach to LCA, known as latent transition
analysis, would have enabled use of our repeated exposure biomarker concentrations and
perhaps more precise groupings. However, this extension could complicate the interpretation
of class assignments as well as subsequent behavioral modification recommendations.
Another limitation of LCA is that it could result in identified classes that do not provide
useful biological comparisons (e.g., no “low” or “high” exposure classes) or in classes that
are not well-differentiated which will make interpretation of findings difficult. LCA requires
the categorization of exposures, which may result in a loss of information for continuous
variables and prohibits traditional testing of hon-linear exposure-outcome associations or
identification of specific doses associated with an effect. We considered alternatives to
categorizing exposures as above vs. below median (e.g., categorizing the chemicals in
quartiles or using continuous measures in latent profile analysis, data not shown); however,
this further complicated exposure representation and severely limited interpretability of the
results, which we saw as the primary advantage of using this method. Finally, because LCA
is an unsupervised approach and does not incorporate information about the outcome in the
estimation of classes, it is possible that subgroups at highest risk of elevated oxidative stress
levels may not be identified due to a low prevalence. However, from a public health
perspective, we felt the outcomes identified as associated with class membership, when
determined from exposure profiles created without consideration of the outcome, may be the
most meaningful.

In conclusion, LCA may be a useful mixtures method for identifying groups of individuals
with predictive exposure profiles. Comparison of adverse outcomes between groups can
inform our understanding of the cumulative impact of chemicals, and public health
interventions for prevention may be facilitated by identification of demographic and
behavioral characteristics of groups. Future work should examine replicability of LCA over
time and identify exposure sources that are most strongly correlated with group assignment.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figurel.
Pearson correlation heat map for average urinary phthalate metabolite and phenol

concentrations measured during pregnancy in LIFECODES.

The abbreviations are defined as follows: DEHP - di-2-ethylhexyl phthalate, MCPP -
mono(2-carboxypropyl) phthalate, MBzP - mono-benzyl phthalate, MBP - mono-n-butyl
phthalate, MiBP - mono-isobutyl phthalate, MEP - mono-ethyl phthalate, 2,4-DCP - 2,4 -
dichlorophenol, 2,5-DCP - 2,5 - dichlorophenol, TCS - triclosan, BP3 - benzophenone-3,
BPA - bisphenol-A, BPB - butyl paraben, EPB - ethyl paraben, MPB - methyl paraben, PPB
- propy| paraben.
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Low Exposure
Mean percentage of individuals with high exposure across all biomarkers: 26%
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Figure 2.

Proportion of term birth individuals with high (above median, dark gray) or low (below
median, light gray) exposure biomarker concentrations within each of four latent classes
identified by the unadjusted 4 class model.

The abbreviations are defined as follows: DEHP - di-2-ethylhexyl phthalate, MCPP -
mono(2-carboxypropyl) phthalate, MBzP - mono-benzyl phthalate, MBP - mono-n-butyl
phthalate, MiBP - mono-isobutyl phthalate, MEP - mono-ethyl phthalate, 2,4-DCP - 2,4 -
dichlorophenol, 2,5-DCP - 2,5 - dichlorophenol, TCS - triclosan, BP3 - benzophenone-3,
BPA - bisphenol-A, BPB - butyl paraben, EPB - ethyl paraben, MPB - methyl paraben, PPB
- propyl paraben.
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Percent change (95% confidence interval) in log-transformed urinary oxidative stress biomarker averages in

association with latent class assignment (weighted regression model).

Latent classassignmenta 8-OHdG 8-isoprostane
Low exposure Ref Ref

Low phthalates, high parabens 3 (-6, 14) 8 (-12, 34)
High phthalates, low parabens 16 (5, 28) 21 (-3, 51)
High exposure 19 (7,31) 31 (5, 64)
Low exposure -3(-12, 6) -14 (=22, -5)
Low phthalates, high parabens Ref Ref
High phthalates, low parabens 12 (2, 24) -11(-19,-2)
High exposure 15 (4, 27) 2(-7,13)
Low exposure -14 (-22,-5) -17(-34,3)
Low phthalates, high parabens  -11 (=19, -2) -10 (=28, 11)
High phthalates, low parabens Ref Ref
High exposure 2(-7,13) 8 (-13, 34)

a . . . . .
The reference groups are varied for additional contrast comparison. Models adjusted for maternal age, race, education, and pre-pregnancy BMI.
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Percent change (95% confidence interval) in log-transformed urinary oxidative stress biomarker averages in

association with k-means cluster assignment (weighted regression model).

K -means clusters2 8-OHdG  8-isoprostane
Low exposure Ref Ref

Low phthalates, high parabens 1 (-7, 11) 26 (3, 53)
High phthalates, low parabens 6 (-4, 17) 52 (23, 89)
High exposure 19 (6, 34) 63 (26, 111)
Low exposure -1(-10,8) -5(-14,5)
Low phthalates, high parabens Ref Ref
High phthalates, low parabens 4 (=5, 14) -4 (-13, 6)
High exposure 17 (5, 31) 13 (1, 26)
Low exposure -5(-14,5) -34(-47,-18)
Low phthalates, high parabens -4 (-13, 6) -17(-33,2)
High phthalates, low parabens Ref Ref
High exposure 13 (1, 26) 7 (-16, 36)

a . . . . .
The reference groups are varied for additional contrast comparison. Models adjusted for maternal age, race, education, and pre-pregnancy BMI.
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