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Abstract

Rates of preterm birth and low birthweight continue to rise in the United States and pose a 

significant public health problem. Although a variety of environmental exposures are known to 

contribute to these and other adverse birth outcomes, there has been a limited success in 

developing policies to prevent these outcomes. A better characterization of the complexities 

between multiple exposures and their biological responses can provide the evidence needed to 

inform public health policy and strengthen preventative population-level interventions. In order to 

achieve this, we encourage the establishment of an interdisciplinary data science framework that 

integrates epidemiology, toxicology and bioinformatics with biomarker-based research to better 

define how population-level exposures contribute to these adverse birth outcomes. The proposed 

interdisciplinary research framework would 1) facilitate data-driven analyses using existing data 
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from health registries and environmental monitoring programs; 2) develop novel algorithms with 

the ability to predict which exposures are driving, in this case, adverse birth outcomes in the 

context of simultaneous exposures; and 3) refine biomarker-based research, ultimately leading to 

new policies and interventions to reduce the incidence of adverse birth outcomes.
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1. Introduction

In the United States, rates of preterm birth (deliveries before 37 weeks gestation) have risen 

for the past four years, to 10.02% in 20181; and indeed the frequency of preterm birth has 

increased in the US for four decades.2 Incidence of low birth weight has also increased 3% 

since 2014.1 There are well-documented disparities in these rates, with Black women having 

almost double the risk of having preterm births than White women.1,3 Preterm birth and low 

birthweight remain a substantial public health problem as they have a significant impact on 

an infant’s survival, development and long-term health.4–6 Decades of research have 

provided evidence that environmental exposures contribute to both preterm birth and low 

birthweight.7–14 These exposures include air pollution, pesticides, extreme temperatures and 

aspects of the built environment.

Despite the breadth of the exposures investigated for associations with preterm birth and low 

birthweight, there has been limited translation to public health policies and interventions that 

reduce the frequencies of these outcomes, particularly in vulnerable communities. Evidence 

for prevention would be strengthened by simultaneously investigating the manifold 

exposures experienced by women during pregnancy and then employing analytic techniques 

that have the ablity to disentangle effects and identify targeted points for intervention. 

Characterizing the complex exposure-response relationships that contribute to preterm birth 

and low birthweight requires both epidemiologic and toxicologic studies that include the 

examination of multiple exposures simultaneously, account for temporal variability in 

exposure throughout pregnancy and explore the potential for interaction between 

environmental exposures, socioeconomic contexts and genetics. Current study designs and 

analytic methods often fail to capture this complexity.15 In addition, there has been limited 

research that combines epidemiology of ambient environmental pollutants with biomarker-

based research of biological responses to fully characterize the pathways that define how 

population-level exposures can contribute to these adverse birth outcomes.16,17 This 

knowledge is critical for informing successful public health policy and population-level 

interventions aimed at prevention. These approaches require collaborations between 

computational scientists skilled at the analysis of large, complex data with biomarker-based 

laboratory researchers with the knowledge and techniques to determine the mechanistic 

paths that connect external exposures to adverse birth outcomes. An interdisciplinary data 

science framework enables these collaborations and allows for the holistic analysis of 

complex environmental data to extract primary risk drivers and to guide biological, 
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mechanistic and biomarker-based research, enabling reduction and prevention of preterm 

birth, low birthweight and other adverse birth outcomes.

Much has been written about the promise of data science in advancing the understanding of 

public health.18 There have been numerous commentaries arguing for the integration of data 

science methods into environmental health research.19,20 Many of these focus on examining 

the complexity of the exposome, a paradigm describing the totality of endogenous and 

exogenous exposures that occur throughout a lifetime.21–26 We are beginning to see 

examples of research that have successfully adapted data science methods to address the 

challenges of characterizing the exposome and documenting its effects on adverse birth 

outcomes.27,28 While this is a clear sign of progress, applying more complex analytics to 

ever larger datasets can lead to more questions than answers. This is because data-driven 

analyses, including those that have marked this initial phase of environmental health data 

science, are limited by the assumptions required of purely statistical approaches and often 

fail to include the existing knowledge generated within other fields such as known 

biophysical pathways underlying disease pathology or toxicological knowledge of 

environmental pollutants.27 The causal inference needed to inform public health policy and 

interventions requires an interdisciplinary data science, one that enables the integration of 

knowledge across research fields including epidemiologic and toxicologic knowledge with 

environmental health data on large populations.

The objective of this commentary is to propose an interdisciplinary research framework that 

integrates data science across the multiple disciplines within environmental health. The 

proposed framework utilizes multiple lines of scientific inquiry, such as epidemiology, data-

driven analytics and biomarker-based investigations, in order to connect the external 

exposures, modifiable through policy and interventions, to the internal measures of biologic 

response that may serve as more proximal causes of preterm birth and low-birthweight. In 

addition, we provide recommendations aimed at the environmental health community to 

support the interdisciplinary collaborations needed to advance this work.

2. Rationale for an Interdisciplinary Data Science Framework

There are two primary reasons to support an interdisciplinary data science framework for 

environmental health: the first is to address the limitations of evidence produced by existing 

approaches and the second is to advance the field of data-driven analytic approaches to 

navigate the space of hypotheses more efficiently.

As discussed above, epidemiologic studies of environmental contributors to adverse birth 

outcomes have traditionally focused on a single exposure. This fails to account for the 

complexities of exposure, pregnancy and fetal development.29 These complexities include 

epidemiologic analysis of simultaneous exposure to multiple chemical and non-chemical 

stressors, temporal variability in both exposure and vulnerability throughout pregnancy and 

the potential for interaction between environmental exposures, socioeconomic contexts and 

genetics. Recent studies have attempted to tackle many of these complexities. Previous work 

in California took a comprehensive approach to assess both spatial and temporal variation in 

pesticides to explore associations with pregnancy outcomes.30 A number of studies have 
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applied complex analytic techniques, including distributed lag models and others, to identify 

critical windows of exposure during pregnancy.30–33 Smaller cohort studies have begun to 

utilize biological specimens, such as maternal urine collected during pregnancy and cord 

blood collected at delivery, to assess more proximal exposures to the fetus.34–36 While 

making considerable advances in our knowledge, these studies have tackled the individual 

limitations of previous studies. In many instances, they remain subject to other challenges, 

that could be addressed by a more interdisciplinary data-science approach. For example, a 

study to identify critical exposure windows of a single exposure using statistical approaches 

remains prone to the confounding influences of unmeasured co-exposures and often only 

considers biological knowledge about fetal development when interpreting results, not in the 

analysis itself. Thus, each individual study may be limited in its ability to generate causal 

inference at the level needed for policy and intervention planning.

Additionally, data science methods have traditionally focused on building robust predictive 

statistical models. State-of-the-art feature selection algorithms have the ability to select, 

among large sets of covariates, a set of variables that are maximally predictive for the target 

variable, and discard the rest as non-significant contributors. This omission is particularly 

important in environmental health data sets, where exposures can often co-occur or have a 

spurious association with the outcome due to their correlation with other causal exposures, 

and therefore carry similar information for the outcome.37 For example, in Figure 1 we 

illustrate the challenge of outcome-equivalent co-exposure sets and how to detect them on a 

county-level data set on preterm birth from California. In this example, the chemicals 

chloroform and ethylene oxide were found to be interchangeable in a linear model that 

included 8 other air toxics as covariates. Figure 1 shows the corresponding residuals for 

preterm birth rates, using chloroform and ethylene oxide. The residuals are almost identical, 

suggesting that the variables are interchangeable in the model. In regression analysis 

methods used for feature selection, such as LASSO (least absolute shrinkage and selection 

operator), chloroform would be discarded as a non-significant contributor, without any 

consideration of toxicologic knowledge about which exposure may be more relevant to 

preterm birth. This example illustrates a common issue in environmental health research: the 

presence of variables that carry similar outcome information can result in some of the 

variables being overlooked as potential risk factors for the outcome of interest.

Solutions to these limitations require not just expertise in complex analytics, but the ability 

to integrate data across a variety of fields within the broader domain of environmental health 

research including epidemiology, toxicology and the omics technologies (e.g. genomics, 

proteomics, metabolomics, etc). Approaches that incorporate previous knowledge on 

toxicity of exposures while adapting study designs and analytic methods to address multiple 

limitations simultaneously can advance our knowledge of environmental contributors to 

adverse birth outcomes and accelerate efforts to translate research into prevention.
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3. An interdisciplinary data science framework to address challenges 

within environmental health research

We propose an interdisciplinary data science framework that integrates epidemiologic data 

with toxicological knowledge of exposures when applying complex analytic methods and 

then using generated results to inform targeted biomarker-based studies of biological 

mechanisms.

The proposed framework includes multiple techniques from data science that span the 

disciplines of epidemiology, bioinformatics and laboratory science: i) the re-use of existing 

public health data, environmental monitoring and biospecimens to efficiently access 

information on large, representative populations; ii) the use of bioinformatics toxicological 

knowledge within quantitative and statistical approaches; and iii) the translation of results to 

inform biomarker-based investigations of biological mechanisms. Our proposed framework 

is not meant to serve as a “how-to” for conducting complex analytics related to 

environmental contributors to adverse birth outcomes. Rather, we aim to encourage a more 

holistic interpretation of data science, marked by the integration of interdisciplinary 

approaches and tailored to the research question of interest. Figure 2 illustrates an example 

of how this framework could be applied to investigations of adverse birth outcomes, such as 

preterm birth, using publicly-available public health data. We will refer to this example 

throughout the rest of this commentary. However, we encourage readers to consider the 

study populations, exposure data sources, analytic techniques and biomarker-based 

investigations that best fit the scientific complexities of their research question and context.

3.1 Conduct efficient data-driven analyses using big public health data

As stated earlier, much work has been done to incorporate data science into the fields of 

medicine and healthcare to better utilize electronic health record data to promote precision 

medicine.38,39 A parallel challenge is to utilize the vast amounts of data in health registries, 

environmental monitoring programs and administrative records to catalyze improvements in 

public health.40 The need is echoed in the NIEHS Strategic Plan, which specifically calls for 

work that effectively uses data to generate and translate knowledge into actionable policies 

to improve public health.41 Environmental epidemiology has a long history of linking 

administrative birth records with place-based exposure metrics to investigate environmental 

contributors to a variety of health outcomes including preterm birth and low birthweight. 

Data quality, however, remains a limitation as birth records often lack high-quality 

information on maternal conditions during pregnancy, pre-pregnancy health and other 

important factors. The use of data integration, to combine features across multiple 

administrative systems, has the potential to yield a more accurate and holistic picture of 

women and infants within populations.42 Research from Northern European countries with 

integrated health systems routinely use public health data to investigate novel questions 

related to perinatal environmental health that are not possible relying on birth records alone.
43–45 While the US does not have automatically integrated systems, many municipalities 

now routinely link birth and delivery hospitalization data to provide higher quality 

information, enabling more comprehensive investigations into birth outcomes.46
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The breadth and depth of data resources for environmental exposures that can be linked to 

these richer health data records will vary based on availability and the spatial and temporal 

context of an individual study. However, the ability to capture the complexities of exposure 

during pregnancy will depend upon using a broad definition of environment, and including 

resources that capture exposures across all domains of the external exposome.47 This could 

include both traditional resources, such as air monitoring databases and pesticide registries 

maintained by municipal governments for regulatory purposes, as well as data resources 

built from newer technologies such as crowd-sourced traffic data and citizen-science 

initiatives.

As shown in Figure 2, the selection and integration of multiple data sources is the first step 

in our proposed framework. In our example examining preterm birth using publicly available 

data, the use of birth registries linked with hospital discharge data would provide higher 

quality data on maternal conditions before and during pregnancy, as well as allow directed 

investigations of the different phenotypes of preterm birth. One would use the environmental 

contributors identified in previous research as a starting point, but expanding to include all 

domains of the external exposome including measures related to built environment. For 

example, previous research linking historical red-lining48,49 and housing insecurity50 to 

preterm birth would support the inclusion of data resources containing metrics of residential 

segregation, evictions and gentrification. The resulting big public health data facilitates use 

of data-driven discovery approaches to characterize complex exposure patterns experienced 

in pregnancy that span the domains of the exposome.

Another component that can be linked to birth records, and therefore to this big public health 

data are newborn dried blood spots (NBDS).51 In the US and many other countries, heel-

stick blood samples are collected from newborns at birth to determine inborn errors of 

metabolism that could be detrimental for the infant’s postnatal development if not treated 

immediately. This screening utilizes only a few of the NDBS collected using a filter paper 

Guthrie card. The remaining NDBS are typically stored by a state’s Newborn Screening 

program for a particular number of years and under safe storage conditions, defined by state 

policies, until they are discarded.52 A number of these programs make these stored residual 

NBDS available, with appropriate human subjects protection, for research purposes. NDBS 

offer a unique opportunity to assess external exposures from samples representative of in 
utero conditions and investigate their effects on adverse birth outcomes, childhood 

developmental disorders and susceptibility to certain diseases during aging.53–60 Given the 

limited availability of these valuable stored residual NDBS, secondary research proposals 

using residual NDBS should prioritize scientific rigour to ensure the outcomes will have a 

significant impact in improving human health. This imperative supports the need for analytic 

methods that can identify the exposures most likely to be causal contributors to adverse birth 

outcomes.

Linkages between administrative data, birth registries and NDBS repositories are not the 

only source of big public health data that would fit within our proposed interdisciplinary 

data science framework. There are a growing number of consortia and “big science” 

initiatives that seek to pool and harmonize existing data from individual scientific studies, as 

well as implement shared protocols moving forward. Examples include the HELIX project 
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in Europe28 and the ECHO program in the United States61. These initiatives are actively 

implementing analytic pipelines to investigate the pregnancy exposome and also provide a 

complementary resource to replicate findings observed in studies that use publicly available 

data.

3.2. Disentangle correlated exposures

Data science often focuses on prediction: popular machine learning methods mine the data 

for the most informative features and learn a model that predicts a target outcome. Such 

models can exploit complex correlation patterns in the data, and have greatly improved the 

precision of target prediction, compared to traditional statistical models. However, this 

improved capacity does not necessarily translate to increased knowledge. For example, in 

epidemiology, there is great interest in understanding the treatment-outcome mechanism, 

especially modifiable factors that can influence outcomes, rather than simply discovering the 

features which allow statistical predictions of those outcomes. To tackle this problem, 

algorithms that are customized for domain-specific problems, and which incorporate expert 

knowledge in guiding feature selection while mining information from the data are needed.

Again, if we consider the purely data-driven approach, the reason becomes clear. When 

investigating adverse health outcomes due to environmental factors, simultaneous exposures 

to multiple pollutants are common; while some of these will lead to poor outcomes with a 

clear underlying pathophysiology, others are associated only through co-occurrence with the 

biophysically important compound. Even state-of-the-art statistical algorithms, as part of a 

statistical software package with no modification, may return either the important or 

unimportant variable as the most significant predictor, and discard the other. This is because 

highly-correlated co-exposures, no matter the basis of that correlation (e.g. pollutant source, 

location, or time period), carry the same statistical information and are thus mathematically 

indistinguishable to the algorithm. Thus, the information underlying the true source of the 

adverse outcome, in pathophysiological terms, may be carried in any one of the discarded 

variables. In the simplest terms, most current algorithms fail to account for the mechanistic 

nature of a variable and lack a means for discriminating them.

The challenges of analyzing such highly correlated mixtures of exposures are known, and 

addressing them is an active area of research.62,63 Many of these approaches include some 

form of data reduction before statistical analysis, with the goal of building the best predictive 

model for the outcome of interest. Although epidemiologists often aim to identify potential 

drivers of the outcome, it is known that such data-reduction techniques hinder the biological 

interpretation of the results.64 Some statistical methods are specifically designed for 

mixtures, but also aim to estimate interaction effects between agents65 or to asses the overall 

effect of combined exposures.66 When it comes to variable selection, state-of-the art 

methods are known to often be sensitive to even small pertubations of the data when the 

features are highly correlated.67 We propose combining such methods with accumulated 

prior knowledge stored in biochemical databases to improve the data-driven generation of 

scientific hypotheses.

Our interdisciplinary framework proposes the development of novel algorithms specifically 

designed for discriminating mechanistic variables based on a priori knowledge from broader 
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scientific study. As illustrated in Figure 2, a possible implementation would be the 

development of an algorithm that returns sets of statistically equivalent features (as opposed 

to discarding one in favour of another) and that carries out a ranking analysis based on the 

biochemical and toxicological properties for each feature allowing stratification by 

likelihood of biological impact. Some methods for identifying multiple molecular 

“signatures” for a target outcome have been developed in the area of molecular biology, but 

focus on predictive performance and do not incorporate domain knowledge. For 

environmental exposures, for example, indications for the likelihood of toxicity can be 

assessed using a variety of chemical, biological, and toxicological databases.68,69 As an 

example, consider again the data presented in Fig. 1. A state-of-the-art feature selection 

algorithm would return either chloroform and ethylene oxide as risk factors for preterm 

birth, based on noise in the measurement or even chance. Prior knowledge on the toxicity 

and action of these compounds, mined from toxicology databases or from the literature 

could rank them in terms of their likelihood for participating in the mechanism of preterm 

birth. This type of “ranking” is manually done by researchers to formulate plausible testable 

hypotheses. Using data science to automatically include this infomration can help the 

methods navigate the space of hypotheses more efficiently.

3.3 Inform biomarker-based research at the population-level

Biomarker-based research complements large-scale epidemiologic investigations by 

allowing targeted and a potentially more biologically proximal understanding of the 

influence of environmental factors. This can potentially lead to better prevention, diagnosis 

and treatment of adverse birth outcomes. It is practically infeasible, fiscally prohibitive and 

inefficient to simultaneously measure biomarkers of every single exposure from conception 

to death when attempting to study the exposome in relation to a particular adverse birth 

outcome. Application of interdisciplinary data science, as proposed within this commentary, 

is fundamental in addressing this challenge and will be essential in informing and guiding 

targeted biomarker-based research of the exposome. As illustrated in Figure 2, hypotheses 

generated from integrated analysis of epidemiologic research can inform the selection of 

exposures to be investigated in mechanistic studies using available biospecimens.

Advances in laboratory research are allowing the simultaneous characterization and accurate 

quantification of a large number of individual biological components such as proteins, 

metabolites, lipids, etc. These omics technologies offer an ideal strategy at characterizing the 

internal components of the exposome. However, without information about external and 

lifestyle components, the omics approaches will yield limited knowledge of the exposome 

and population-based prevention strategies.22 Data science can provide an ideal platform to 

connect all three components of the exposome and refine measurements that together can 

lead to improved prevention of adverse birth outcomes and disease. For example, in a cohort 

with well-characterized external exposures, identification of the exposures that are driving a 

specific biological effect/disease of interest by a data science approach can help biomarker-

based research stratify subjects for those exposures of interest and apply omics technologies. 

This type of study has the potential to provide mechanistic input linking certain exposures 

and their effects on adverse birth outcomes or diseases, providing evidence in support of 

prevention strategies aimed at specific external exposures..
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Direct characterization of the in utero exposome is unattainable, and to date, it has been 

mostly estimated from exposures measured in the mother’s blood. However, recent 

improvements in omics technologies are allowing the use of archived residual NDBS for 

assessing the etiology of diseases and certain environmental exposures that occur during the 

fetal stage.55,57–59,70–74 In our example study of environmental contributors to preterm birth 

(Figure 2), we propose to integrate the data science-provided hypotheses on the specific 

environmental features most relevant to preterm birth s with the use of proteomics to analyze 

archived residual NDBS and ascertain the biological signatures of in utero exposures. By 

allowing for much more targeted omics analysis, the interdisciplinary framework described 

herein can limit the required breadth of patient samples required for laboratory processing 

and potentially allow more rapid discovery of biomarkers of exposure, furthering the omics 

field and advancing NDBS-based omics analyses.

4. Recommendations

We present three recommendations to support and advance the use of the proposed 

interdisciplinary framework. First, we encourage researchers across the multiple disciplines 

within environmental health to establish interdisciplinary research teams. The challenges 

facing the field of environmental health are complex and require a broad set of skills to 

maximize the knowledge generated by the diverse types of environmental health data. The 

expansion of research teams is not limited to the inclusion of data scientists with expertise in 

analytic approaches, but also chemists knowledgeable in the use of bioinformatics resources, 

clinicians and biologists with training in physiological pathways and public health 

professionals to advise on optimal translation strategies. The formation and function of these 

interdisciplinary research teams will need to be actively supported by funding agencies, 

professional organizations and academic centers, through grants and programs that support 

collaboration and consortia development. An excellent example is the Data Science 

Innovation Labs currently supported by NIH that led to the creation of the authors’ 

interdisciplinary group.75 Initially supported by the NIH Big Data to Knowledge Initiative 

(BD2K), the Data Science Innovation Labs are an annual intensive workshop, created 

specifically to foster the development of interdisciplinary teams focused on specific 

biomedical challenges that could benefit from increased use of data science techniques. 

Guided by professional facilitators and experienced mentors, investigators from diverse 

disciplines form teams to solve a data science challenge related to a broad biomedical theme.

Second, to encourage efficient and timely interdisciplinary research designs, we recommend 

greater use of existing biorepositories for research into adverse birth outcomes. In our 

proposed framework, we discussed the use of archived residual NDBS as a potential source 

for biomarker-based research. New technologies have enhanced our ability to re-use these 

public health resources for multiple omics research. Many states have demonstrated the 

ability to share these resources with researchers, while still protecting individuals’ privacy 

and ensuring data security. A greater commitment to sharing data across birth cohorts could 

also provide access to larger resources of biospecimens linked with extensive epidemiologic 

data. The HELIX study in Europe provides a blueprint for constructing novel study designs 

aimed at integrating interdisciplinary data science within existing birth cohort studies.
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As a third recommendation, we encourage the cross-training of both environmental health 

and data science investigators to improve communication and integration of skills within 

interdisciplinary research teams. NIEHS has acknowledged this need through an approved 

concept to advance workforce development for environmental health data science. Their 

proposed concept included initiatives to support environmental health training of data 

scientists and educational resources for skill development to enhance data-intensive 

environmental health research.

7. Conclusion

Incorporating interdisciplinary data science techniques and greater use of big public health 

data into environmental health research can address limitations of prior research. We call for 

the creation and support of interdisciplinary research teams to implement our proposed 

framework, connecting population-level environmental exposures to biomarker-based 

targeted interventions of biological mechanisms. By leveraging expertise across the domains 

of environmental health research and utilizing diverse techniques of data science, we will 

enable integrative research to generate translatable knowledge on environmental contributors 

to the etiologies and prevention of adverse birth outcomes.
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Highlights

• Rates of preterm birth and low birthweight continue to rise in the United 

States.

• Interdisciplinary data science can address challenges of previous research.

• Integrative analysis of complex environmental data can improve translation 

efforts.
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Figure 1. 
Example of the challenge of interchangeable co-exposures.

To illustrate the challenge of statistically interchangeable co-exposures in environmental 

health, we constructed a data set including preterm birth rates by county, along with the 

estimated ambient concentrations of 175 air toxics from the 2014’s EPA national air toxics 

assessment. To show that equivalent co-exposures can be interchangeable in a predictive 

model, we ran a 10-fold, cross-validated LASSO regression on the data set and reported the 

selected co-exposures. We then removed each selected co-exposure from the predictor set 

and re-ran the algorithm to obtain a new model. We tested the equivalence of the two models 

with a paired t-test of the two models’ residuals. If the difference of the residuals were not 

statistically significant (at the 0.1 level), the co-exposure sets were considered equivalent. In 

general, the initial signature included 9 variables, and 8 of them were found to be 

replaceable.

For example, chloroform and ethylene oxide have equivalent statistical information for 

preterm birth: They are both predictive of preterm birth and are interchangeable in a model 

including 8 additional covariates. The corresponding residuals of the two models, plotted 

above are almost collinear (Pearson’s Γ: 0.923).
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Figure 2. 
Example implementation of the proposed framework to investigate environmental 

contributors to preterm birth
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