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Abstract 
Objective: Preterm birth (PTB) is a major determinant of neonatal mortality, morbidity, and childhood disability. In this article, we present a longitudi-
nal analysis of the risk factors associated with PTB and how they have varied over the years: starting from 1968 when the CDC first started, reporting 
the natality data, up until 2021. Along with this article, we are also releasing an RShiny web application that will allow for easy consumption of this 
voluminous dataset by the research community. Further, we hope this tool can aid clinicians in the understanding and prevention of PTB.
Materials and Methods: This study used the CDC Natality data from 1968 to 2021 to analyze trends in PTB outcomes across the lens of 
various features, including race, maternal age, education, and interval length between pregnancies. Our interactive RShiny web application, 
CDC NatView, allows users to explore interactions between maternal risk factors and maternal morbidity conditions and the aforementioned 
features.
Results: Our study demonstrates how CDC data can be leveraged to conduct a longitudinal analysis of natality trends in the United States. Our 
key findings reveal an upward trend in late PTBs, which is concerning. Moreover, a significant disparity exists between African American and 
White populations in terms of PTB. These disparities persist in other areas, such as education, body-mass index, and access to prenatal care 
later in pregnancy.
Discussion: Another notable finding is the increase in maternal age over time. Additionally, we confirm that short interpregnancy intervals (IPIs) 
are a risk factor for PTBs. To facilitate the exploration of pregnancy risk factors, infections, and maternal morbidity, we developed an 
open-source RShiny tool called CDC NatView. This software offers a user-friendly interface to interact with and visualize the CDC natality data, 
which constitutes an invaluable resource.
Conclusion: In conclusion, our study has shed light on the rise of late PTBs and the persistent disparities in PTB rates between African 
American and White populations in the US. The increase in maternal age and the confirmation of a short IPI as a risk factor for PTB are 
noteworthy findings. Our open-source tool, CDC NatView, can be a valuable resource for further exploration of the CDC natality data to enhance 
our understanding of pregnancy risk factors and the interaction of PTB outcomes and maternal morbidities.

Lay Summary 
This work utilized CDC Natality data spanning from 1968 to 2021 to uncover longitudinal trends and to further explore risk factors of preterm 
birth (PTB). An interactive RShiny web application, CDC NatView, is also being made available to the greater research community to facilitate 
easy access of this extensive dataset. The study revealed concerning trends, including an increase in late PTBs and persistent disparities 
between African American and White populations regarding PTB rates, education, body-mass index, and access to prenatal care. Additionally, it 
highlighted the rising maternal age and confirmed that short intervals between pregnancies increase the risk of PTB. Overall, this research 
enhances our understanding of PTB and provides a valuable tool for further exploration and prevention efforts in maternal and child health.
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Background
The prediction of preterm birth (PTB) has been a challenging 
problem, mainly due to the inherent complexity of its multi-
faceted etiology. The World Health Organization defines a 
PTB as one occurring before 37 weeks of gestation and can 
be further broken down into subcategories: extreme preterm, 
occurring before 28 weeks, severe preterm, occurring 
between 28 and 31 weeks, moderate preterm occurring 
between 32 and 33 weeks, and late preterm, occurring 

between 34 and 36 weeks. PTB is the leading cause of mortal-
ity and long-term disabilities among neonates, ranging from 
visual/hearing impairment, cerebral palsy, and mental retar-
dation to increased likelihood of cardiovascular disease, 
hypertension, and diabetes later in life.1

The exact underlying factors contributing to PTB are 
unknown but are believed to stem from various mechanisms, 
including inflammation or infection, uteroplacental ischemia 
or hemorrhage, uterine distension, maternal stress, and the 
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immune pathway.2 In addition, several maternal characteris-
tics have been identified as being influential to PTB, including 
nutrition, pregnancy history, adverse behaviors such as drink-
ing and smoking, cervical length, and other genetic markers.3

Despite having insight into possible risk factors, PTB is still 
a growing threat to infant mortality. In the United States, the 
rate of PTB is stated to be around 12%-13%, but most 
importantly, has been on the rise. From 1981 to 2005, this 
rate increased from 9.5% to 12.7%.3 Furthermore, over 26 
billion dollars are spent annually on the delivery and care of 
infants who are born prematurely in the United States.4 A 
major challenge is being able to identify both women who are 
at the highest risk and lowest risk for very early PTB, to nar-
row the target demographic and avoid unnecessary and costly 
interventions.5,6

Motivated by the need to study large cohorts to understand 
the complexity of the PTB mechanism, we selected the CDC 
Natality data to bridge this gap.7 Despite this data being pub-
licly available and not having as fine-grained feature avail-
ability as other natality datasets, such as the Nulliparous 
Pregnancy Outcomes Study: Monitoring Mothers-to-Be 
(nuMoM2b),8,9 this data have been recorded across nearly 
sixty years for millions of women each year, thereby making 
it incredibly rich as a longitudinal cohort study for stakehold-
ers. As the CDC keeps updating this data yearly to incorpo-
rate new birth records, this additional data will continue to 
inspire the development of our CDC NatView tool, encour-
aging a continued exploration of this rich data for the fore-
seeable future. Our use of the tool has so far shed interesting 
insights, such as a clearer understanding of the racial compo-
nent of PTB outcome through its association with education, 
body-mass index (BMI), and prenatal care, the role maternal 
age plays in increasing the risk of PTB incidence, and how 
increasing the interval between pregnancies can be a preven-
tive measure against PTB. Furthermore, our application pro-
vides an accessible means through which to interact with this 
voluminous dataset, which might otherwise deter potential 
users from manipulating and reaping insights from this rich 
source of natality data.

Methods
The CDC offers natality datasets that report various features 
of every live birth in the United States from the Natality 
Records 1995 to 2021 provided by the 57 vital statistics juris-
dictions through the Vital Statistics Cooperative Program.7

The data have been aggregated by various demographics, 
health, and behavioral characteristics. A lay user wanting to 
query the data for longitudinal trends and interactions 
between risk factors, demographics, and so forth, would face 
challenges working with the data in its raw format. The CDC 
has updated its reporting methodology throughout the years, 
which has led to inconsistencies in how key features are 
encoded, presenting a major obstacle for researchers wanting 
to utilize this data. Currently, the CDC provides a tool that 
allows public access to the natality data, CDC Wide-ranging 
ONline Data for Epidemiologic Research (WONDER).7 The 
data are presented in pre-specified year brackets (1995-2002, 
2003-2006, 2007-2021, 2016-2021), and allows the user to 
perform a series of aggregations on a standardized format of 
the data. This tool can bypass the issue regarding the inconsis-
tencies in data reporting throughout the years by providing a 

processed set of features that have been curated to remove 
missing entries and mitigate the reporting of features that have 
changed or have been included throughout the years, impor-
tantly race, maternal risk factors, BMI, and prenatal care.7

Using aggregated views provided by the CDC WONDER tool, 
we offer a unique perspective on this data in the form of an 
RShiny10 web application, which we call CDC NatView.

Our tool presents users with a curated subset of features 
identified as diagnostically relevant by clinicians, including 
demographic features such as race and maternal age, as well 
as details about the pregnancy itself, such as the interval since 
the last pregnancy [interpregnancy interval (IPI)], delivery 
method, and prenatal care. As many features of the earliest 
issues of the CDC Natality data were not reported or 
reported in a manner inconsistent with subsequent years, 
years before 1995 were excluded from our tool. Our applica-
tion leverages the CDC WONDER preprocessing mechanism. 
The interface provides several key features, including mater-
nal demographics such as age, residence, race, Hispanic ori-
gin, and education, details about the birth, such as birth 
weight, plurality, delivery method, and gestational age based 
on the Last Menstrual Period or Obstetrician’s Estimate, and 
maternal risk factors, such as chronic hypertension, diabetes, 
eclampsia, and smoking. Users interested in the inclusion cri-
teria and reporting mechanism for the included features are 
encouraged to visit the data summary page provided by the 
CDC (https://wonder.cdc.gov/wonder/help/natality.html).

CDC NatView allows users to dive deeper into known 
pregnancy risk factors, infections, and maternal morbidity 
conditions longitudinally specified in the aggregation bracket. 
Furthermore, users can visually explore the interactions of 
said maternal conditions with demographic information 
about the mother, including race, pregnancy outcome, gesta-
tional age, and the start of prenatal care (eg, incidence of pre- 
pregnancy diabetes by race). The trend of PTB incidence can 
also be spatially inspected in the map in the first panel, with 
raw counts and percentages to account for the possibility that 
pregnancy reporting might be more widespread and consis-
tent in later issues of the Natality data. CDC NatView also 
provides a panel for conducting odds ratio analysis to meas-
ure the strength of association between said demographic fea-
tures and the provided maternal conditions. The hope is that 
such a tool will provide researchers interested in understand-
ing the multifaceted challenge of PTB with a quick and easy 
way to explore interactions between previously reported risk 
factors and maternal demographics.

The visualizations have been generated using the highchar-
ter package11 and the odds ratio analysis using the epitools 
package.12 The source code for CDC NatView is freely avail-
able on GitHub (https://github.com/PRAISE-Lab-Repository/ 
CDCNatView) and the web application can be accessed 
through the ShinyApps server (https://mmo7d7-adam-lin.shi-
nyapps.io/CDCNatView/).

Figure 1 shows a screenshot of the interface showing the 
risk factor of pre-pregnancy diabetes by BMI (lower, left 
panel) and its effect on the obstetric estimate of gestational 
age across the years (upper, right panel). A user wanting to 
explore a specific risk factor or PTB outcome should first 
select a year bracket of interest corresponding to one of the 
four databases listed on the top panel. The user can then 
select the desired condition from the Patient Condition drop-
down menu, and select Update Dashboard at the top left 
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Figure 1. Screenshot of CDC NatView navigator. 
The CDC NatView application contains a state incidence visualizer (top-left), a longitudinal plot of a handful of features (top-right), a bar plot to allow understanding of 
feature interaction with PTB outcome (bottom-right), and an odds ratio analysis to measure the strength of association of a given feature to PTB outcome.

Figure 2. PTB incidence (1980-2021). 
The rate of PTB has been rising since the 1970s, with the late preterm category exhibiting the sharpest increase.

JAMIA Open, 2024, Vol. 7, No. 1                                                                                                                                                                                                3 



corner of the navigator. The application will update the four 
panels accordingly. The first panel in the top, left corner 
showcases the incidence of the selected patient condition at 
the national level, for instance, gestational diabetes, which 
can be displayed as either raw counts or percentages by 
selecting the corresponding tab at the top of this panel. The 
second panel in the top, right corner visualizes longitudinal 
trends for the selected database, including raw counts of the 
selected patient condition, percentages of total births, gesta-
tional age, and birth weight. The third panel in the bottom 
left corner displays demographic information, as well as 
information relating to the pregnancy, such as the start of 
prenatal care and the interval between the last pregnancy. 
The fourth panel in the bottom, right corner displays odd 
ratios and corresponding P values to measure the strength of 
association between the selected patient condition and a 
desired feature of interest, including BMI, race, and start of 
prenatal care. A desired feature can be toggled by selecting it 
from the tabs directly above the generated charts for panels 
2-4. The development will continue with suggestions and 
improvements coming from its users.

Results
Here we present a sampling of key features that have yielded 
interesting insights and have been addressed through the use 
of CDC NatView.

PTB incidence
Figure 2 indicates that while PTB has overall been on the rise, 
the major PTB category driving this increase is the Late Preterm 
category, which has seen no decline since the 1970s. A Chi- 
Square Goodness of Fit test was performed to examine the role 
of maternal race on PTB outcome. The relation between these 
variables was significant, v2(5, N¼ 136 479 230) ¼ 859 301, 
P< .001. Further, Figure 3 highlights a difference between the 
African American and White populations, and all other races 
for that matter, but since around 2010, this gap has begun to 
close. Beginning from around 2010, it appears that the Asian, 
Native Hawaiian, and Other Pacific Islander (NHOPI) popula-
tion has experienced a rather drastic increase in PTB cases, 
which warrants further investigation as to the exact cause.

Education
Figure 4 showcases the relationship between maternal race 
and the highest educational attainment, with snapshots from 
years ranging from 1970 to 1990 and 2010 to 2020. A Chi- 
Square Goodness of Fit test showed a statistically significant 
difference between race and highest educational attainment, 
v2(30, N¼ 46 196 010) ¼ 1 989 596, P< .001. The disparity 
between the scholastic achievement between African Ameri-
can and White mothers is quite evident when it comes to 
higher education. From years ranging from 2010 to 2020, 
11.79% of African American mothers reported having com-
pleted a college degree and 6.24% completing a graduate or 

Figure 3. PTB incidence by race (1995-2021). 
The figure shows the count normalized rate of PTB incidence by race, with the African American population experiencing the highest incidence by a large margin.
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professional degree, versus 22.56% and 13.06% of White 
mothers, respectively. In contrast, Asian mothers exhibit the 
highest educational attainment (34.51% completed college, 
30.68% completed graduate or professional degree). When 
looking at educational attainment versus PTB outcome, a 
Chi-Square Goodness of Fit test yielded a significant statisti-
cal difference, v2(6, N¼98 248 260) ¼ 229 910, P< .001.

BMI
A Chi-Square Goodness of Fit test showed that the propor-
tion of PTB differs by maternal race v2(4, N¼136 479 230) 
¼ 857 721, P< .001. Figure 5 exhibits a significant difference 
between African American and White mothers for the obese 
and extremely obese weight categories, with approximately 
18.92% and 22.18% of African American mothers falling 
into these classifications, respectively, versus 15.59% and 
14.68% of White mothers. The American Indian and Alas-
kan Native (AIAN) Native Hawaiian and Other Pacific 
Islander (NHOPI) report the highest proportions of mothers 
in the obese to extremely obese categories (21.21% of the 
NHOPI population falls into the extremely obese category), 
while on the other spectrum, Asian mothers consistently fall 
into the lower-weight brackets, with only 8.71% and 5.03% 
of the Asian population falling into the obese category and 

extremely obese categories, respectively. Looking at the rela-
tionship of maternal BMI on PTB outcome, a Welch Two 
Sample t-test yielded a statistically significant difference 
between the prepregnancy BMI of women who delivered full- 
term (M¼ 26.3, SD¼5.62) versus that of women who deliv-
ered preterm (M¼26.7, SD¼5.90), t(5 008 777) ¼ − 138, 
P< .001.

Maternal age
Figure 6 exhibits the overall trend of maternal age increasing 
over time, beginning from 1970 up until 2020. The average 
maternal age from 1970 to 1990 was 25.3, whereas, from 
2010 to 2020, this rose to 28.5. Women who delivered pre-
term babies were found to be younger on average (M¼26.4, 
SD¼6.3) than did women who delivered full-term babies 
(M¼ 26.9, SD¼ 5.9), t(29 467 851) ¼ 308, P< .001. In addi-
tion, cases of extreme PTB were found to be associated with 
lower-than-average maternal age (24.9) versus full-term cases 
(27.26).

Start of prenatal care & interpregnancy interval
A Chi-Square Goodness of Fit test showed that race plays a 
statistically significant role in whether prenatal care is started 
early (during the first trimester) or late (after the first 

Figure 4. Highest educational attainment by race (1970-1990, 2010-2020). 
The bar plot shows the count normalized proportions of the highest educational attainment when grouped by race. There is a clear trend toward women receiving 
more education, as witnessed by the increased proportion of College and Professional/Graduate studies from 2010-2020, as compared to 1970-1990. The Asian and 
White populations exhibit the highest proportions of advanced education attainment (College, Professional/Graduate), and the AIAN and NHOPI have the lowest 
such proportions.
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trimester or not at all) v2(6, N¼1 654 388) ¼ 2, P< .001. 
Further, the relationship between whether prenatal care was 
started early or late was significant to PTB outcome, v2(1, 
N¼ 155 683 639) ¼ 78 378, P< .001. A Welch Two Sample 
t-test on the data from 1968 up until 2021 revealed that 
mothers who delivered full-term were associated with a 
higher IPI (M¼43.9, SD¼ 33.7) than mothers who had a 
preterm delivery (M¼ 41.0, SD¼38.0), t(8 289 593) ¼ 193, 
P< .001. Indeed, we found a consistent pattern between 
extreme PTB cases and mothers who had an IPI of less than 
25 months, as Figure 7 depicts.

Discussion
The CDC data provides a rich basis from which to frame and 
develop research questions. A few key features were analyzed 
for this discussion, and to showcase potential use cases for 
the CDC NatView application.

PTB incidence
Previous studies have corroborated our findings that PTB is 
on the rise. Shapiro-Mendoza and Lackritz found that of all 
PTBs, 72% of these births are from late PTBs.13 While infant 
survival is higher for those born closer to a full-term birth, 
late preterm babies still face higher rates of infant morbidity 

and mortality, as well as higher risks of childhood disabil-
ities.13 Further, another challenge PTB poses is the apparent 
disparity between racial groups.

A large disparity between the African American and White 
populations has been reported concerning PTB outcome, 
with the former experiencing nearly 1.5-1.6 times higher than 
the latter.14 In 2008, late PTB rates were highest for infants 
of non-Hispanic, African American mothers (11.3%), fol-
lowed by American Indian or Alaskan Natives (AIAN) 
(9.7%), Hispanics (8.8%), non-Hispanic whites (8.2%), and 
Asian or Pacific Islanders (7.9%).13 Our findings similarly 
confirmed this racial gap, with the African American popula-
tion having a significantly greater proportion of PTB out-
comes than that of the Asian, AIAN, and NHOPI 
populations.

Education
Low socioeconomic and educational status has been previ-
ously linked to PTB.15–17 Our findings aimed at exploring the 
connection between race and PTB incidence bolstered the 
credibility of association studies made between low educa-
tional status and PTB incidence, as East Asian women typi-
cally present the lowest PTB rates across races.3

Figure 5. BMI by race (1980-2021). 
The bar plot shows the count normalized proportions of BMI categories when grouped by race. The African American, AIAN, and NHOPI populations exhibit the 
highest proportions of elevated BMI (overweight, obese, extremely obese), with the Asian population showing the lowest proportion.
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BMI
Studies related to the association of pre-pregnancy BMI and 
PTB have been inconsistent. Some studies report that women 
with low prepregnancy BMI are at an increased risk for 
PTB,18,19 while women with higher BMI (overweight or 
obese) have been reported to have the same or reduced risk as 
women within the normal BMI range,20–22 while other stud-
ies claim there is an increased risk for PTB.23,24

A CDC National Health Statistics Report on obesity rates 
from 2017 to 2020 reported that obesity was most prevalent 
among non-Hispanic African American adults (49.9%), versus 
non-Hispanic White (41.4%) and non-Hispanic Asian (16.1%), 
with no difference observed between men and women overall. 
However, a higher obesity rate was reported for non-Hispanic 
African American women, as compared to their male counter-
parts.25 Our exploration with CDC NatView yielded a signifi-
cant difference between African American and White mothers 
for the obese and extremely obese categories, which bolsters 
findings that suggest obesity rates are higher for the African 
American population. However, further exploration needs to be 
done on the association of race and BMI to validate whether or 
not this racial trend in BMI underlies PTB outcome.

Maternal age
Previous studies have discovered a “U-shaped” association 
between maternal age and PTB incidence, in which mothers 

that are at either age extreme are at an increased risk for 
PTB.26–28 Furthermore, maternal age has been increasing 
over the years, which might be placing older mothers (�35 
years) at a higher risk for PTB incidence.29,30 Our explora-
tion with CDC NatView found an increasing trend for mater-
nal age and an increased incidence of PTB for women on 
extremes of the age spectrum, which provides further evi-
dence to bolster the aforementioned studies.

Start of prenatal care & interpregnancy interval
Mothers lacking in prenatal care are at a higher risk of PTB, 
hence early start to prenatal care can be seen as a preventive 
measure for preterm delivery. In fact, the absence of prenatal 
care has been associated with a 2-fold increase in the risk of 
delivering a preterm baby.31 Our analysis of the data found a 
statistically significant difference between racial groups and 
when prenatal care began. This finding is rather unique in 
that it has a clear actionable point, whether in providing 
more accessible prenatal care or through the healthcare com-
munity stressing the importance of consistent and early pre-
natal care for a healthy delivery.

It has been found that a short IPI, which is defined as a 
lapse of fewer than 18 months between pregnancies, is a risk 
factor for PTB in women of extreme age groups.32,33 Studies 
on a cohort of women from the Tennessee Birth Statistical 
files found that women with a short IPI were on average 

Figure 6. Maternal age by year (1970-2021). 
Maternal age is on the rise, as can be seen in the boxplot. The average maternal age in recent years (2020s) is approximately 28.5, as compared to approximately 
25.3 from the 1970s to 1990s.
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younger, had lower educational attainment, lower income, 
higher BMIs, and were more likely to be unmarried, smokers, 
and have begun prenatal care later.34 The CDC data con-
firmed this pattern, showing that mothers who delivered 
early were associated with a shorter IPI, specifically with 
cases of extreme PTB.

As can be appreciated from the relevant features and their 
findings, the CDC NatView tool shows a lot of potential for 
better understanding reported risk factors for PTB and pro-
viding a significant cohort with which to confirm the validity 
of such findings. However, the tool is not without its limita-
tions. The CDC Natality data presented many encoding 
inconsistencies throughout the years, importantly for how 
race was encoded. Further, the 2003 revision implementing 
the U.S. standard Certificate of Live Birth rendered some fea-
tures incompatible with previous revisions, resulting in signif-
icant changes to the features available thereafter.7 For this 
reason, the data aggregations done by year brackets were a 
necessary component of CDC NatView, as is provided by 
CDC WONDER’s data querying tool. An early version of 
our application used a standardized version of the data from 
1960 to 2021 we curated, but many inconsistencies appeared 
longitudinally for it to be useful as a visual tool. Having the 
inability to query the entire span of the data undermines the 
ability to truly appreciate longitudinal trends, such as the 
incidence of PTB across years. However, despite this 

limitation, the data are vast enough at a nationwide level for 
such patterns to emerge, which is a major strong point of this 
tool.

Further, the tool provides a powerful, exploratory, and vis-
ual complement to the interface provided by CDC WON-
DER. CDC NatView provides ready-to-use features that the 
user can explore rendered, interactive camera-ready charts. 
The CDC WONDER tool requires the user to have to bypass 
a series of aggregation filters to acquire the necessary data, 
which would deter many users from interacting with it.

Another point of improvement remaining for our tool 
would be the incorporation of querying by more than one 
feature at a time. For instance, we found a significant associa-
tion between BMI and PTB outcome, but the current version 
of the tool would not allow grouping by race as well, to 
understand if race and BMI interact together in a significant 
way to drive PTB outcome. This feature will be integrated 
into a subsequent version of our application, as the need for 
such multifaceted analysis is crucial for more sophisticated 
research questions that could potentially be addressed by the 
data.

Conclusion
In this work, we analyzed CDC natality data from 1968 to 
2020, drawing insights from interactions of various risk 

Figure 7. IPI (1960s-2020s). 
A shorter IPI is associated with a greater risk of a PTB. With the exception of the 1960s, the shorter the IPI, the more likely the infant is associated with a preterm 
category of increasing severity.
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factors previously identified as driving PTB, and developed a 
web application for supporting this exploration process using 
the CDC WONDER aggregation tables for portability to the 
RShiny framework and quick response time to user queries. 
The hope is that the larger research community will find the 
interface helpful in exploring the otherwise dense but incredi-
bly rich dataset, leveraging the vast number of samples to 
uncover hidden associations between maternal morbidity fac-
tors and demographic features at a statistically significant 
level. CDC NatView has been developed entirely in R, an 
open source programming language, making it free to use, 
share, and modify according to its users’ needs. Future work 
will involve scraping data from CDC WONDER directly 
through an API connected to CDC NatView to provide more 
patient conditions to filter by, thereby adding more potential 
interactions between demographics features, in addition to 
providing instant access to the latest data.
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