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Abstract

Purpose: Conduct an individual-level analysis of hospital utilization during the first year of life
to test the hypothesis that community material deprivation increases healthcare utilization.

Methods: We used a population-based perinatal data repository based on linkage of electronic
health records (EHR) from regional delivery hospitals to subsequent hospital utilizations at the
region’s only dedicated children’s hospital. Zero-inflated Poisson and Cox proportional hazards
regression models were used to quantify the causal role of a census tract based deprivation index
on the total number, length, and time until hospital utilizations during the first year of life.

Results: After adjusting for any neonatal intensive care unit (NICU) admission, chronic complex
conditions, race and ethnicity, insurance status, birth season, and very low birth weight we found
that a 10% increase in the deprivation index caused a 1.032 fold increase (95% CI: [1.025, 1.040])
in post initial hospitalization length of stay, a 1.011 fold increase (95% CI: [1.002, 1.021]) in
number of post initial hospital encounters, and 1.022 fold increase (95% CI: [1.009, 1.035]) in
hazard for hospitalization utilization during the first year of life.

Conclusions: Interventions designed to reduce material deprivation and income inequalities

could significantly reduce infant hospital utilization.
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Introduction

Methods

Emergency department (ED) utilization and hospital admission among infants represents a
substantial cost and strain on limited healthcare resources (Underwood, 2007). Previous
analyses have identified gestational age at birth to be a significant predictor for hospital
utilization after the initial birth encounter (Escobar, 2005; Jain, 2006; Ray, 2013; Goyal,
2015). Besides biomarkers like gestational age or birth weight, studies have identified
community-level and environmental factors associated with health outcomes during the first
year of life, including risk for preterm birth and stillbirth (DeFranco, 2015; DeFranco, 2016;
Hall, 2014). Analyses have also detected community factors associated with higher
utilization of hospital resources including ED services (Beck, 2014). However, the
contribution of community factors independent of individual socioeconomic status to the
variability in hospital utilization during the first year of life has not been examined.

The Maternal and Infant Data Hub (MIDH), a population-based, perinatal data repository
based in Cincinnati, Ohio provides a unique opportunity to analyze infant hospital utilization
patterns (Hall, 2017). The MIDH captures hospital encounters occurring throughout the
region including inpatient newborn care from each of the region’s delivery hospitals as well
as subsequent inpatient hospitalizations, ED, or urgent care (UC) encounters at the region’s
children’s hospital, Cincinnati Children’s Hospital Medical Center (CCHMC). The MIDH
integrates electronic health record (EHR) data from each of these encounters and enables
linkage to ancillary data sets including area-level census measures, individual-level vital
statistics, and patient registry data.

Our objective was to conduct a retrospective, individual-level analysis of hospital utilization,
including inpatient stays and ED or UC visits during the first year of life, to test the
hypothesis that community material deprivation increases healthcare utilization including
ED/UC encounters and hospital admissions.

Study Population

We created a county-wide population cohort by using births occurring between 2013 and
2015 in Hamilton County Ohio, the county in which Cincinnati and CCHMC are located.
Hamilton County has about 190,000 children living across 222 urban, suburban, and rural
census tracts. CCHMC is a 629-bed pediatric academic health center that has a market share
of 99% of all hospital admissions and 81% of all hospital encounters among 0 — 14 year olds
(Beck, 2018). Physicians employed by CCHMC provide neonatal clinical care throughout
each of greater Cincinnati’s delivery hospitals, serving >80% of the region’s newborn
infants. Physician billing records maintained by the CCHMC EHR system capture each
encounter. These physician billing records are used as a core data set within the MIDH
which also supports individual-level and area-level linkages to relevant health data sets
including US census data, vital records, and more (Hall, 2017). Through linkage between
physician billing records representing birth encounters and subsequent CCHMC
hospitalization records, we gathered all inpatient hospitalizations and ED/UC encounters
during the first year of life for our study population. Transfers from a normal newborn or
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special care nursery to any of the five regional neonatal intensive care units (NICUs)
contributed to the initial hospitalization measures. The CCHMC Institutional Review Board
approved this study and granted a waiver of informed consent.

Outcomes and Covariates

We used general linear models to evaluate the contribution of community deprivation on
hospital utilization during the first year of life defined as (1) the length of stay (humber of
in-hospital days) for the initial birth hospital encounter (including transfers to a regional
neonatal intensive care unit), (2) the cumulative length of stay for all post-initial hospital
admissions, (3) the total number of post-initial encounters (ED, UC, or hospital
readmission), and (4) the number of days from birth until the first subsequent encounter with
the ED, UC, or related to a hospital admission). Residential addresses obtained during the
initial birth encounter were geocoded using a custom TIGER/Line address range software
package (Brokamp, 2018) and assigned to a corresponding census tract. Deprivation index
values were assigned to each child based on their residential census tract. To adjust for
confounding by individual-level factors, we used a causal inference approach (Keohane,
2009) and created a directed acyclic graph (Figure 3) to identify the set of variables that
needed to be adjusted for to quantify the direct causal effect of community deprivation on
hospital utilization during the first year of life. All models were adjusted for (1) the presence
of any NICU admission during the initial birth encounter, (2) the presence of chronic
complex conditions (CCC) based on ICD-10 codes as defined by the Pediatric CCC
Classification System Version 2 (Feudtner, 2014), (3) race and ethnicity, (4) insurance status,
(5) birth season, and (6) very low birth weight (defined as < 1500 g). Although
environmental pollutants were identified as a confounder that required adjustment in the
model, we did not have any measurements or estimations available and these were not
included in our statistical models. Insurance status was used as a surrogate for individual-
level socioeconomic status. See Table 1 for detailed levels of each categorical covariate.

Deprivation Index

To quantify community deprivation for each residential birth address, we created a census-
tract level deprivation index. Five different census tract level variables related to material
deprivation and previously used in a 2010 deprivation index for Greater Cincinnati
(Brokamp, 2016) were derived from the 2015 five-year American Community Survey (ACS)
for all 2015 US census tracts: (1) the fraction of households with income in past 12 months
below poverty level, (2) the median household income in the past 12 months in 2015
inflation-adjusted dollars, (3) the fraction of population 25 and older with educational
attainment of at least high school graduation or GED equivalency, (4) the fraction of
population with no health insurance coverage, (5) the fraction of households receiving public
assistance income or food stamps or SNAP in the past 12 months, and (6) the fraction of
houses that are vacant. Detailed methods are in the Supplementary Information. Briefly, we
used principal components analysis (PCA) and selected the first principal component, which
represented about 60% of the total variation in the census tract level measurements, to
reduce them to a single index that ranges from 0 to 1, with higher values indicative of more
material deprivation. An online repository containing the data and code used to reproduce
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the deprivation index is available at https://github.com/cole-brokamp/dep_index (Brokamp,
2018).

Statistical Analysis

Population characteristics were initially compared between those who ever utilized the
hospital and those who never utilized the hospital using a chi-squared or Wilcoxon test, as
appropriate. We used Poisson regression to model the length of stay for the initial birth
hospital encounter, but used zero inflated Poisson (ZIP) regression models (Hilbe, 2011) for
both the cumulative length of stay for all post-initial hospital encounters and for the total
number of encounters. We opted for this analytic method given that a large fraction of
individuals in the study population had no hospital encounters after their initial birth
encounter. In both cases, we used a Vuong non-nested test (Vuong, 1989) to determine that a
ZIP model was more appropriate than a Poisson regression model based on raw, AlC-
corrected, and BIC-corrected criteria (p < 0.001). To deal with the excess zeros that the
Poisson distribution cannot handle, the ZIP model assumes that counts come from a mixture
of two distributions. Specifically, counts of zero come from a binary distribution that are
mixed in with counts of non-negative integers. This is modeled as a combination of logistic
regression for the zero counts and Poisson regression for the non-negative counts, giving
both an odds ratio for always having zero counts and a risk ratio for the change in the non-
negative counts.

A Cox proportional hazards model was used to model the days from birth until the first
hospital encounter. Observations were right censored at one year of age if they did not have
a utilization event during the first year of life. The proportional hazards assumption was
verified by testing the correlation between the transformed time to event and scaled
Shoenfeld residuals.

Each statistical model was fitted using only observations for which data on all model
covariates was not missing. To test our assumption that race and ethnicity data was missing
completely at random, we completed a sensitivity analysis where we imputed race through
multivariate imputation by chained equations using all variables described in Table 1 and
repeated our regression models for hospitalization length of stay and number of encounters
as well as the Cox proportional hazards model for the time to first utilization event using
only those children that were admitted.

To test the impact of our choice of considering hospital utilization as all encounters, rather
than just those severe enough to be admitted to the hospital, we conducted a sensitivity
analysis wherein we repeated our regression models for hospitalization length of stay and
number of encounters as well as the Cox proportional hazards model for the time to first
utilization event using only those children that were admitted.

We created tract level “fraction utilizing hospital” and “fraction admitted” measures; each
defined as the number of total children utilizing the ED/UC and admitted to the hospital,
respectively, divided by the total number of MIDH birth records in each census tract. We
also defined a census tract “utilization rate among utilizers” as the total number of hospital
encounters divided by the number of children ever utilizing the hospital in each census tract.
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We created census tract level rate maps and corresponding scatter plots to visually examine
the ecological association of deprivation index and each tract level outcome.

Statistical and geospatial computing was done with R (R Core Team, 2017) using the “pscl”
package to implement zero inflated Poisson regression (Jackman, 2017; Zeileis, 2008), the
“sf” package for geospatial calculations (Pebesma, 2018), and the “tmap” package for
creating maps (Tennekes, 2017).

Individual Summary and Comparison Across Hospital Utilization.

We obtained 53,452 billing records within the eight-county primary region surrounding
CCHMC from 2013 to 2015. Of these, 27,287 had a precisely geocoded residential address
located within Hamilton County, equivalent to 83% of the total 32,736 total reported births
in Hamilton County from 2013 to 2015. The 17% of total births in Hamilton County that
were not captured within the MIDH were either seen by non-CCHMC (private practice)
pediatricians in the delivery hospital setting or were Hamilton county resident births born
outside of the region. A total of 12,184 (44.7%) of all children had at least one subsequent,
linked ED/UC utilization event or hospital admission within their first year of life. Overall,
these children accounted for 28,702 unique encounters, equivalent to a utilization rate of
1.05 encounters per infant. Those that utilized the hospital at least once during their first
year of life had an average of 2.36 total encounters, a median total length of stay of 2 days
(IQR: [1, 4]) and a median time until first encounter of 117 days (IQR: [44, 223]). Figure 1
shows the geographic location of each birth (randomized within each census block to
maintain privacy) within Hamilton County, colored by hospital utilization status during the
first year of life.

Table 1 summarizes individual characteristics of the cohort both overall and when stratified
by hospital utilization during the first year of life. Overall, our study population was 51%
male, 29.4% non-Hispanic black, 33.7% non-Hispanic white and 44% with private
insurance. All characteristics in Table 1 except for season of birth significantly differed by
hospital utilization status (p < 0.001), with utilizers having a higher prevalence of NICU
admission at birth (12.2% versus 7.6%), higher prevalence of CCCs (27.2% versus 13.1%),
higher prevalence of very low birth weight (2.2% versus 1.3%), lower prevalence of full
term birth (84.4% versus 86.3%), lower usage of private insurance (26.6% versus 57.9%)
compared to non-utilizers.

Deprivation Index and Census Tract Level Associations

The bottom left panel of Figure 2 shows the deprivation index for each census tract within
Hamilton County, Ohio. Our study population had a median deprivation index of 0.38 and
those who ever utilized the hospital during the first year of life after birth had a significantly
higher median deprivation index compared to those that never utilized (0.42 versus 0.34, p <
0.001).

We calculated the fraction of children in each tract that utilized and were admitted to the
hospital at least once during their first year of life, as well as the rate of total utilizations
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among those that ever utilized. Figure 2 contains census tract maps of Hamilton County with
each panel colored by the hospital utilization measures and the deprivation index. Scatter
plots of the utilization measures according to the tract deprivation index (bottom right of
Figure 2) showed relatively strong correlations significantly different from zero (p < 0.001).
Specifically, the deprivation index had a Pearson correlation coefficient of 0.82 with the
fraction of utilizers, 0.56 with the fraction of admissions, and 0.66 with the utilization rate
among the utilizers.

Individual Level Assessment of the Role of Deprivation Index on Hospital Utilization

To assess the direct causal effect of community deprivation on the likelihood, length of stay,
and time until post initial hospitalizations and hospital encounters, we used regression
models that were adjusted for NICU admission, CCC, race and ethnicity, insurance status,
birth season, and very low birth weight. Using a Poisson regression model, we found that a
0.1 unit increase in the deprivation index caused a 0.994 fold (95% CI: [0.990, 0.998])
change in the length of stay for the initial birth hospitalization. Although statistically
significant, a 0.6% decreased length of stay equates to about 38 minutes and is likely not
clinically meaningful. The logistic portion of our zero inflated Poisson regression models
found that an increase of 0.1 in the deprivation index caused a relative decrease in the odds
of having a zero number of hospital encounters (OR: 0.88, 95% CI: [0.86, 0.91]) and a zero
length of stay for post-initial hospitalizations (OR: 0.90, 95% CI: [0.88, 0.93]). The Poisson
portion of these models found that a 0.1 unit increase in the deprivation index caused a 1.011
fold (95% CI: [1.002, 1.021]) increase in the number of total hospital encounters and a 1.032
fold increase (95% CI: [1.025, 1.040]) in the total length of hospitalization. A Cox
proportional hazards model showed that a 0.1 unit increase in the deprivation index caused a
relative increase in the hazard for the first post-initial hospital utilization of 1.022 (95% ClI:
[1.009, 1.035)).

A total of 2,609 (9.6%) of all infants were admitted to CCHMC at least once during their
first year of life after discharge from the birth hospital. Among this sub-group, infants were
admitted an average of 3.26 times during the first year of life. As a sensitivity analysis, we
repeated our regression models for hospitalization length of stay and number of encounters
as well as the Cox proportional hazards model for the time to first utilization event using
only those children that were admitted. We found similar results, with a 0.1 unit increase in
the deprivation index corresponding to a 1.039 (95% ClI: [1.029, 1.49]) fold increase for
hospitalization LOS and a hazard ratio of 1.017 (95% CI: [0.989, 1.046]) for the time to first
hospitalization. The number and percentage of missing data for race/ethnicity and
gestational age are denoted as “Unknown” categories in Table 1. Because of the large
amount of missing data, we conducted a sensitivity analysis in which we imputed race/
ethnicity for the 28% of children in which it was missing. These results showed no
meaningful differences compared to the complete case analysis and did not change our
overall conclusions.
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Discussion

Using a population-based cohort and statistical models adjusted for several individual
confounders, we showed that increased community material deprivation during the first year
of life contributes to (1) an increase in the likelihood and length of stay of post initial
hospitalizations, (2) an increase in the likelihood and number of hospital encounters, and (3)
a decreased time until first hospital utilization. Within our study period and population, the
25% most deprived census tracts (n = 56 of 222 total tracts) produced 25.5% (n = 6,947) of
the total births, but were responsible for 39.8% (n = 11,414) of the total encounters and
40.7% (n = 17,918) of the total bed days spent in the hospital. Per the estimated incidence
ratios from our models, reducing the median census tract deprivation of these 56 total census
tracts from 0.61 to the median deprivation index of 0.33 for the remaining 166 census tracts
would result in 1,287 fewer children ever utilizing the hospital and 405 fewer visits among
those that did utilize the hospital.

Although numerous studies have identified the role of poverty on infant mortality (e.g.,
Woodbury, 1924) and low birth weight (e.g., Parker, 1994), few have studied its effect of
hospital utilization. Guttmann (2004) used population-based survey data in Canada to show
that low income adequacy was associated with hospitalization during the first two years of
life, but mainly focused on single parenthood and maternal depression as the most
significant causes. Beck (2018) used an ecological analysis to show that census tract-level
poverty was associated with disparities in inpatient bed day rates across conditions and
subspecialties among children in our study region, but stopped short of identifying causal or
dose-response relationships. To our knowledge, this is the first study to adjust for individual
level confounders to quantify the role of material community deprivation on hospital
utilization in infants.

The MIDH provides our study with the unique strength of being able to prospectively follow
nearly all children born in the county and track their hospital utilization, rather than starting
with hospital utilizers based on EHRs and using census populations to derive rates.
Furthermore, our prospective cohort study design at the individual-level allowed us to
control for individual level confounders like race and socioeconomic status that would not
have been possible with an ecological time-series study design using hospitalization rates.
Our analysis was able to utilize records on 83% of all reported births in Hamilton County
from 2013 - 2015, allowing us to minimize selection biases that are common in other
cohort-based epidemiological studies, although this bias is still possible if the missingness
was related to any of our confounders or outcomes, but we have no reason to believe this is
the case.

As with all causal inference studies, unmeasured and unknown confounding is always a
possibility; however, a strength of our study is that we used a causal inference framework
and a directed acyclic graph to identify a set of confounders and we were able to adjust for
all confounders except for environmental pollutants. As with nearly all EHR-based studies,
the MIDH is limited to using insurance status to quantify individual-level SES and using this
binary measure to capture the multi-dimensional nature of socioeconomic status could result
in unmeasured confounding. In the future, we plan to supplement quantification of

Ann Epidemiol. Author manuscript; available in PMC 2020 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Brokamp et al.

Page 8

individual-level socioeconomic status with individual housing and parcel characteristics.
Another limitation is that we relied on the residence at the time of birth to quantify
community material deprivation and families could have moved to a different location or out
of the study region completely during the first year of life. However, we have previously
found that only 6.5% of a cohort of 762 children born in Cincinnati, Ohio moved during the
first year of life and that these families tended to move to areas less than 2 miles away with a
median decrease in their deprivation index of 7.2% (Brokamp, 2016). Finally, although race
was missing on about 28% of the observations, this missingness was not related to the
deprivation index and is due to individual physicians choosing to not report newborn race in
the birth encounter billing record. Given that this missingness is not differential, it is only
possible that our estimates could be biased towards the null and we could be underestimating
the effect of community deprivation on risk of hospitalization during the first year of life.
Furthermore, a sensitivity analysis in which we imputed race/ethnicity revealed no changes
in our results or overall conclusions.

Although effect sizes that we found in our study (a 1.1% increase in number of total hospital
encounters and a 3.2% increase in the total length of hospitalization per 0.1 unit increase in
the deprivation index) might be perceived as small, the health effects are quite large given
the ubiquitous exposure of community deprivation. Indeed, we calculated that equating the
deprivation index of the top quarter of the most deprived census tracts to the median
deprivation index of the remaining three quarters of census tracts would result in 1,287 fewer
children ever utilizing the hospital and 405 fewer visits among those that did visit the
hospital.

Based on our results, interventions designed to reduce material deprivation and income
inequalities could reduce infant hospital utilization. Indeed, the earned income tax credit
(EITC), a benefit designed to increase the income and reduce material deprivation for
working people who have low to moderate income (Scholz, 1994), has been previously
shown to improve child health (Chetty, 2011; Hoynes, 2015). Specifically, increasing the
EITC by 10 percent reduced infant mortality by 23.2 per 100,000 (Arno, 2009) and
increasing the EITC by $10,000 reduced the incidence of low birthweight births by 6.7 to
10.8 percent (Hamad, 2015; Strully, 2010). We have identified further benefits by showing
that decreased material deprivation can reduce infant hospital utilization independently of
low birthweight status. Future epidemiologic studies of hospital utilization could include
community deprivation in their causal frameworks to further understand the role of
community- and individual-level material deprivation within hospital utilization.
Furthermore, the interaction between individual- and community-level deprivation could be
an important determinant of hospital utilization and requires further research.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Dot density map of Hamilton County births from 2013 to 2015 with linked electronic health
records. Each dot represents 1 birth and is colored per hospital utilization status during the
first year of life. Dots are randomly jittered within each census block.
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Figure 2.

Census tract level hospital utilization rates and the deprivation index. Scatter plots at the
bottom illustrate the relationship between each of the utilization rates and the deprivation
index at the census tract level.
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Figure 3.

A directed acyclic graph developed as a part of our causal inference framework used for
covariate selection in our statistical models. Here, the box labeled “community deprivation”
is the exposure and the box labeled “hospitalization” is the outcome. Latent, unobservable,
or unmeasured covariates are represented by ovals and other covariates are represented by

rectangles.
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Population demographics, characteristics and initial hospital utilization comparing patients with and without
first year hospital utilization subsequent to initial newborn care. Table values represent either n (%) or median
(25 percentile, 75t percentile). P-values are from either a chi-squared or Wilcoxon test comparing the
difference in each measure between those who ever utilized the hospital and those who never utilized the

Table 1.

hospital.
Overall Ever Utilized Never Utilized | P-value
N 27,287 12,184 (44.7%) | 15,103 (55.3%)
NICU Admission 2,639 (9.7%) 1,488 (12.2%) 1,151 (7.6%) | <0.001
Complex Chronic Condition 5,298 (19.4%) 3,312 (27.2%) 1,986 (13.1%) <0.001
Very Low Birth Weight (< 1.5 kg) 456 (1.7%) 264 (2.2%) 192 (1.3%) <0.001
Season of Birth
Autumn | 6,679 (24.5%) 3,039 (24.9%) 3,640 (24.1%)
Spring | 6,851 (25.1%) 2,986 (24.5%) 3,865 (25.6%) 0.055
Summer | 7,219 (26.5%) 3,186 (26.1%) 4,033 (26.7%)
Winter | 6,538 (24.0%) 2,973 (24.4%) 3,565 (23.6%)
Gestational Age (weeks)
<27 141 (0.5%) 67 (0.5%) 74 (0.5%)
28-31 354 (1.3%) 219 (1.8%) 135 (0.9%)
32-33 345 (1.3%) 188 (1.5%) 157 (1.0%) <0.001
34-36 | 2,086 (7.6%) 1,104 (9.1%) 982 (6.5%)
>36 | 23,328 (85.5%) | 10,288 (84.4%) | 13,040 (86.3%)
Unknown | 1,033 (3.8%) 318 (2.6%) 715 (4.7%)
Insurance
Private | 11,994 (44.0%) | 3,242 (26.6%) 8,752 (57.9%)
Public or Self-Pay | 15,193 (55.7%) | 8,876 (72.8%) 6,317 (41.8%) <o
Unknown 100 (0.4%) 66 (0.5%) 34 (0.2%)
Race/Ethnicity
Black, non-Hispanic 8,016 (29.4%) 5,723 (47.0%) 2,293 (15.2%)
Black, Hispanic | 1,329 (4.9%) 771 (6.3%) 558 (3.7%)
Other Race, non-Hispanic 1,184 (4.3%) 512 (4.2%) 672 (4.4%) <0.001
White, non-Hispanic | 9,186 (33.7%) 3,732 (30.6%) 5,454 (36.1%)
Unknown | 7,572 (27.7%) 1,446 (11.9%) 6,126 (40.6%)
Sex
Female | 13,364 (49.0%) | 5,749 (47.2%) 7,615 (50.4%) | <0.001
Male | 13,923 (51.0%) | 6,435 (52.8%) 7,488 (49.6%)
Birth Weight (kg) 3.27(2.91,3.61) | 3.20 (2.84,354) | 3.33(2.98,3.66) | <0.001
Deprivation Index 0.38(0.28,0.5) | 0.42(0.32,0.58) | 0.34(0.26,0.44) | <0.001
Gestational Age 39 (38, 40) 39 (37,39) 39 (38, 40) <0.001
Length of stay during initial hospitalization 3(2,3) 3(2,9) 2(2,3) <0.001
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