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ABSTRACT
OBJECTIVE: To examine the viability of a hospital readmission
quality metric for infants requiring neonatal intensive care.
METHODS: Two cohorts were constructed. First, a cohort was
constructed from infants born in California from 1995 to 2009
at 23 to 34 weeks’ gestation, using birth certificates linked to
maternal and infant inpatient records (N ¼ 343,625). Second,
the Medicaid Analytic eXtract (MAX) identified Medicaidenrolled infants admitted to the neonatal intensive care unit
(NICU) during their birth hospitalization in 18 states during
2006 to 2008 (N ¼ 254,722). Hospital and state-level unadjusted readmission rates and rates adjusted for gestational age,
birth weight, insurance status, gender, and common complications of preterm birth were calculated.
RESULTS: Within California, there were wide variations in
hospital-level readmission rates that were not completely explained through risk adjustment. Similar unadjusted variation
was seen between states using MAX data, but risk adjustment

and calculation of hospital-level rates were not possible because
of missing gestational age, birth weight, and birth hospital data.
CONCLUSIONS: The California cohort shows significant variation in hospital-level readmission rates after risk adjustment,
supporting the premise that readmission rates of prematurely
born infants may reflect care quality. However, state data do
not include term and early term infants requiring neonatal intensive care. MAX allows for multistate comparisons of all infants
requiring NICU care. However, there were extensive missing
data in the few states with sufficient information on managed
care patients to calculate state-level measures. Constructing a
valid readmission measure for NICU care across diverse states
and regions requires improved data collection, including potential linkage between MAX data and vital statistics records.

KEYWORDS: Medicaid; neonatal intensive care; readmission
ACADEMIC PEDIATRICS 2014;14:S47–S53
rates in 1 Canadian province9 and selected groups of hospitals.10,11 Differences in rates, though, may result from
differences in illness severity12,13 or other patient
characteristics12–14 across hospitals. There are no studies
that show an association between changes in processes
of care, especially around hospital discharge, and patient
outcomes.15 Also, there are no studies of readmissions
in this population among a wide number of states.
NICU patients are a difficult group to study because 1)
they may be more likely to be missing unique identifiers
such as social security numbers; 2) their relatively high
transfer rates require a data set with admissions linked
by patient; 3) clinical data are important for adequate
adjustment for case mix6; 4) prematurely born infants
are a heterogeneous group that vary in gestational age
and the prevalence of common chronic complications of
preterm birth such as bronchopulmonary dysplasia
(BPD), intraventricular hemorrhage (IVH), and retinopathy of prematurity (ROP), that affect the risk of hospital
readmission6,12; and 5) it is not clear what time frames
after discharge should be examined. As a result, there
are several challenges to using readmissions as a
quality measure: the difficulty of procuring data from a

PREVENTING HOSPITAL READMISSIONS is an area of
emphasis for both insurers and public health professionals,1,2 especially in adult medicine, as the Center
for Medicare and Medicaid Services has begun a
readmission reduction program focused on variations in
hospital readmission rates.3 Additionally, the Affordable
Care Act includes provisions for financial incentives for
improvements in care quality, with a particular focus on readmissions,4 and similar incentives are being explored for
children enrolled in Medicaid or Children’s Health Insurance Program (CHIP) through the Children’s Health Insurance Program Reauthorization Act of 2009 (CHIPRA)
Quality Demonstration Grant Program.5
In pediatric medicine, there are groups of high-risk patients for whom hospital readmissions occur frequently.
One such group is children discharged from the neonatal
intensive care unit (NICU). Premature infants have an
approximately 3-fold increase in risk of hospital readmission after discharge compared to term infants, with higher
rates in infants of younger gestational age.6 These hospital
readmissions contribute to the higher health care costs
and utilization seen in prematurely born infants.7,8 A
limited number of studies show variation in readmission
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wide range of states and hospitals for adequate
comparison; the ability to construct a complete cohort
of children receiving care at a specific neonatal
intensive care unit; and access to clinical data for a
risk-adjustment model that meets face validity of the
end users.
In order to assess quality and incentivize improvement,
government institutions must monitor patient outcomes,
identify poorly performing or high-performing institutions,
and determine financial implications with value-based pricing. Ensuring adequate fidelity of the information presented
is critical to these goals. Databases used by policy makers
have different strengths and weaknesses (Table 1). The goal
of this study is to examine unadjusted and risk-adjusted rates
of hospital readmission at 5 time points for infants likely to
receive treatment in the NICU based on either gestational
age or procedure codes indicating treatment outside of
well-baby care, using 2 potential data sets: 1 with complete
clinical data (state data from California) and 1 without these
clinical data (Medicaid/CHIP patients in MAX), and examine
how these data sets address the above challenges.

METHODS
CHALLENGE 1: DATA FROM A WIDE RANGE OF STATES AND
HOSPITALS
CALIFORNIA LINKED DATA SET
Two separate cohorts of infants were constructed for this
project. The first cohort consisted of infants born in Cali-

fornia at a gestational age between 23 and 34 weeks between 1995 and 2009. The department of health linked
these infants’ birth certificates to death certificates using
name and date of birth, and then de-identified the records.
Then, over 98% of these records were linked to maternal
and newborn hospital records using prior methods.16,17
Over 80% of the unmatched live birth or fetal death
certificate records were missing the delivery hospital,
suggesting a birth at home or a birthing center. The
unmatched records had similar gestational age and racial/
ethnic distributions to the matched records. Because this
data set contains records for all hospitals in California,
we can measure readmissions at any California hospital,
not simply readmissions to the discharging hospital. To
ensure that there were enough patients per hospital to
make reliable estimates of the readmission rate,18 we
limited the analyses to those hospitals that discharged
over 50 eligible patients per year (N ¼ 154). This cohort
serves as a gold standard with variables necessary for
risk adjustment from prior studies even if limited to infants
delivered within a specific range of gestational ages.
MEDICAID ANALYTIC EXTRACT
The quality of the California data set is atypical because
of the financial and time costs needed for its construction.
Thus, the second cohort utilized the Medicaid Analytic
eXtract (MAX), a data set derived from the Medicaid Statistical Information System, which is collected at the individual level by state Medicaid programs and standardized
into MAX for interstate comparison by CMS. This data

Table 1. Data Sources for Population-Health Assessment of Health Care Quality
Data Source

Advantages

Prospective cohorts

 High data accuracy
 Complete data for
evaluation

Electronic medical record
databases

 Complete data for region
 Less onerous data
collection

Linked administrative data
(birth certificates þ claims)

 Population-based data for
specific region (states)

Administrative claims data
(billing data from states,
insurance data)

 Large population across
geographic regions
(national)

Disadvantages
 Limited to specific hospitals or health
care providers
 Limited time frame
 Cost
 Reliance on accurate data entry by
providers
 Requires creation of fields for
specific data of interest; otherwise
relies on notation by providers in
text fields
 Requires access to and proficiency
with technology
 Variation in data dictionaries and
structure across data sets
 Cost
 Cost to construct data sets
 Clinical data limited to fields
commonly collected by birth
certificates and in claims data
 Reliance on accurate coding of
claims data and accurate
completion of birth certificates,
both of which require validation
 Limited to no clinical data
 Reliance on accurate coding by
providers, which requires validation
 Insurance data sets are only from
a subset of the population treated
by states or hospitals

Examples
National Institute of Child Health and
Human Development Neonatal
Research Network (NICHD NRN)
Kaiser Permanente health information
system

California data set: birth certificates
linked to maternal and infant
inpatient records

Medicaid Analytic eXtract

ACADEMIC PEDIATRICS

set is already in use by the federal government and states to
assess Medicaid/CHIP program performance.19
The first challenge to using MAX is that managed care
claims data are often absent, and when they are included,
the number of patients and encounter claims varies tremendously by state. Thus, we selected states that 1) had less
than 10% of their Medicaid patients enrolled in a comprehensive managed care plan for the years of analysis; 2) had
their managed care system classified as a Primary Care
Case Management delivery system, whose claims are
included in MAX; or 3) had external validation of the
completeness and accuracy of their managed care
encounter records in the MAX data set.20,21
Second, not all states report data from patients enrolled
in the state CHIP. Although claims from states with an MCHIP Medicaid expansion program are available in MAX,
claims from states with a separate S-CHIP program, typically overseen by a state managed care insurer, are not.
To mitigate this issue, we selected states with S-CHIP
enrollment of less than 15% of all Medicaid/CHIP children, except for Idaho (increased to 40% in 2008) and
Montana (20% to 25% between 2006 and 2008), whose
data were included for geographic diversity. After applying
these criteria, we had data from 18 states: Arizona, Idaho,
Illinois, Indiana, Kansas, Kentucky, Louisiana, Missouri,
Montana, New Hampshire, New Jersey, New Mexico,
New York, North Carolina, Virginia, Vermont, Wisconsin,
and Wyoming. Readmission rates from these states were
compared to readmission rates from the remaining states
and the District of Columbia. As in the California cohort,
the MAX data set includes all hospitals in a given state
and thus captures readmissions to all hospitals.
CHALLENGE 2: CONSTRUCTING A COMPLETE COHORT OF
CHILDREN RECEIVING NEONATAL INTENSIVE CARE
CALIFORNIA LINKED DATA SET
Because state data contains only gestational age and
birth weight to determine whether a child required admission to a NICU, this study will use similar criteria to other
work on the readmission risk of graduates of neonatal
intensive care: a gestational age of 23 to 34 weeks. This
definition misses term and early term infants who required
NICU care. Our California cohort identified 343,625 infants, or approximately 5% of all births in the state.
MEDICAID ANALYTIC EXTRACT
Unlike other data sets, the MAX dataset contains Current Procedural Terminology (CPT) codes to allow the
identification of all infants who required neonatal intensive
care during their birth hospitalization regardless of gestational age or birth weight. Thus, patients were eligible
for inclusion if they had at least 1 CPT code for hospital
care other than standard well-baby care during their birth
hospitalization: 99293–99296, or 99298–99300. These codes identified 254,722 patients from the 2,753,902 infants
born in the 18 states between 2006 and 2008, for a total of
9.7% of the births.
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OUTCOME MEASURES
CMS uses a 30-day time frame for their readmission
measures.3 However, there are no studies to support this
time frame over shorter frames11,22 and longer frames
used in prior work.6,12 Shorter time periods may better
reflect the care delivered by the inpatient hospital course,
whereas longer time periods may reflect either the
transition of care to outpatient providers or the overall
illness severity of these infants. Thus, we will examine
rehospitalizations for any reason within 7, 14, 30, 90, and
365 days after discharge from the birth hospitalization.
These time periods are assessed cumulatively, such that
readmissions occurring within prior time periods are
included. Because of missing inpatient records noted
below, hospitalizations after discharge were identified in
MAX using inpatient CPT codes of 99221–99223 and
99231–99233 or a hospital admission more than 1 day
after discharge from the NICU in the state-based data.
CHALLENGE 3: ADEQUATE CLINICAL DATA FOR RISK
ADJUSTMENT
CALIFORNIA LINKED DATA SET
We include characteristics of the infant that may increase the risk of hospital readmission after discharge
from the NICU on the basis of prior work6,12,23:
gestational age, birth weight, gender, and insurance
status. Gestational age and birth weight are specifically
captured in birth certificate records (Table 1). We also assessed how risk-adjusted hospital rates changed when we
included common complications of preterm birth associated with readmissions in prior work, and captured using
ICD-9CM codes in hospital administrative records: BPD,
IVH, ROP, and necrotizing enterocolitis (NEC). Including
these factors is controversial when assessing a facility’s
quality, though, because poor inpatient quality of care
may result in higher complication rates. Gestational age,
birth weight, sociodemographic information, and complications of premature birth were available in over 98% of records in the California state data, and have been used in
prior work from this data set.17,23
MEDICAID ANALYTIC EXTRACT
MAX data, like many administrative data sets, do not
collect gestational age and birth weight, so we used
ICD-9 CM codes or CPT codes to categorize patients
into 2-week gestational age categories or 3 birth weight
categories. Some infants were missing some portion of
birth hospital record in the inpatient file in MAX and
thus had no or limited ICD-9 data to construct the gestational age, birth weight, or complication variables. This
issue occurred because records from 1 or more hospital
stays during the birth hospitalization were not linked to
the MAX record. The majority of these cases occurred
when the infant was hospitalized outside the home state
of the mother. The amount of missing data was examined
by state to ensure that the missingness was not centered
on 1 or several large states in the data set.
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DATA ANALYSIS
Readmission rates are shown as box-and-whisker plots.
Variation between the states with the lowest and highest readmission rates were reported as both absolute difference
in rates and standardized difference in rates, calculated
by the following formula: [(highest rate  lowest
rate)  100]/(standard deviation of all rates). For riskadjusted rates, which we were able to calculate only using
the California cohort, separate logistic regression models
shown in Online Appendix 1 estimated the risk of readmission within one of the specified time frames using the
above risk adjustment variables and fixed hospital effects.
Risk-adjusted readmission rates were calculated for each
hospital using methods from the Center for Medicare and
Medicaid services.3

RESULTS
HOSPITAL-LEVEL VARIATION IN THE STATE OF CALIFORNIA
UNADJUSTED VARIATION
Among infants with a gestational age between 23 and 34
weeks, there was substantial variation in the unadjusted readmission rates among California hospitals regardless of
time period examined (Fig. 1) with a standardized difference that ranged from 578% to 683%.

ACADEMIC PEDIATRICS

Figure 2. California linked data set. Hospital readmission rates,
adjusted for gestational age, gender, insurance status, maternal
age, and race/ethnicity. Admissions occurred within 7, 14, 30, 90,
and 365 days of discharge from birth hospitalization for hospitals
with >50 eligible discharges/year. Edges of each box represent
25th and 75th percentiles; inner line denotes median. Bars above
and below box represent upper and lower adjacent values, respectively, or 1.5 times interquartile range above and below box. Outliers
beyond these bars are shown as dots. The hospital with the lowest
adjusted readmission rates was used as the reference hospital.

ADJUSTED VARIATION
The large variation between hospitals persisted after adjusting for gestational age and sociodemographic factors
(Fig. 2; Online Appendix 1), with standardized differences
again ranging between 660% and 724%. Adding common
complications of preterm birth to the risk adjustment model
made little difference to the readmission rates, with an
average decline of 0.2% (standard deviation 2.3%) for readmissions 7, 14, and 30 days after discharge, and a
0.3% average decline for readmissions further from
discharge.

STATE-LEVEL VARIATION IN THE MAX DATA SET
Variation in unadjusted readmission rates between 18
identified states is shown in Figure 3. There are large variations in these rates across all time frames examined.
The standardized differences between the states with the
lowest and highest unadjusted readmission rates ranged
from 316% to 352% from 7 to 365 days after discharge.
The 18 identified states had statistically different readmission rates at 90 and 365 days after discharge compared to
the 33 states not included in this study.
Effective risk-adjustment using the MAX data was
impossible as a result of the extensive amount of missing
data in the data set (Table 2). Gestational age was missing
in 46% to 81% of patients and birth weight was missing in

Figure 1. California linked data set. Unadjusted rates of hospital readmissions 7, 14, 30, 90, and 365 days after NICU discharge for
hospitals with >50 eligible discharges/year. Edges of each box
represent 25th and 75th percentiles; inner line denotes median.
Bars above and below box represent upper and lower adjacent
values, respectively, or 1.5 times interquartile range above and
below box. Outliers beyond these bars are shown as dots.

Figure 3. MAX data set. Unadjusted rates of readmissions across
18 states in MAX and 33 states not included. Edges of each box
represent 25th and 75th percentiles; inner line denotes median.
Bars above and below box represent upper and lower adjacent
values, respectively, or 1.5 times interquartile range above and
below box. Outliers beyond these bars are shown as dots.
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Table 2. State Counts of Missing Birth Weight, Gestational Age, and Inpatient Hospital Record Within MAX Data Set

State
AZ
ID
IL
IN
KS
KY
LA
MO
MT
NC
NH
NJ
NM
NY
VA
VT
WI
WY

Missing Birth Weight

Missing Gestational Age

Missing Inpatient Record

n

%

n

%

n

%

8832
1592
20210
6826
5472
2761
3085
6679
500
8401
546
6827
2949
32064
3262
323
2651
884

42.74
39.47
54.67
38.77
61.39
27.03
18.59
43.14
29.85
33.45
39.57
50.56
38.56
59.63
34.06
35.97
29.09
56.52

14580
2349
25318
13455
6851
6199
11147
11998
771
13174
772
10939
5557
39321
6072
519
5223
1020

70.56
58.24
68.48
76.43
76.87
60.69
67.16
77.50
46.03
52.46
55.94
81.01
72.66
73.12
63.40
57.80
57.32
65.22

1232
579
9992
2779
1459
2196
1399
1289
119
904
61
2550
1161
1549
1393
154
813
63

5.96
14.36
27.03
15.79
16.37
21.50
8.43
8.33
7.10
3.60
4.42
18.88
15.18
2.88
14.55
17.15
8.92
4.03

MAX indicates Medicaid Analytic eXtract.

18% to 61% of patients, and the data available for birth
weight did not allow for more than 3 categories (<1500
g, 1500 to 2500 g, >2500 g). Missing hospital data ranged
from 2.9% in New York to 27.0% in Illinois, reflecting the
different cross-border trends of patients within these states.
The greatest impact seen in states with large obstetric or
pediatric hospitals immediately across state lines, such as
Illinois (St. Louis, MO), New Jersey (Philadelphia, PA;
New York City, NY), and Kentucky (Cincinnati, OH).

DISCUSSION
There are many potential data sources to examine readmission rates of neonatal intensive care units. These
data sets have different advantages and disadvantages.
California state data containing clinical information
needed for risk adjustment (answering challenge 3)
show substantial unadjusted and risk-adjusted hospitallevel variation in readmission rates. Only a small portion
of this variation could be explained by differences in
gestational age and sociodemographic data, and thus,
at least in this patient population, readmission rates
may assess care quality.
Although these variations in California are potentially
more intervenable by state policy makers than variations
across larger geographic areas, they are only for a single
state and, like other state data sets without CPT codes,
exclude term and early term infants who required neonatal
intensive care.24 However, assessing NICU readmissions
on a state or national level using MAX data suffers from
substantial challenges. Even though the degree of variation
in unadjusted readmission rates between states in the MAX
data set is similar to those seen in California hospitals,
there are limited clinical data to allow for risk adjustment
(challenge 3). Gestational age is missing in 40% to 80%
of the infants, making multiple imputation and other techniques difficult to implement and reducing the face validity
of any risk-adjusted result. Finally, the majority of states do

not include information from managed care providers,
which biases the calculation of readmission rates in those
states. Thus, neither the California state data nor the
MAX data set can answer challenge 1 (data from a wide
range of states and hospitals).
This work highlights what can be done with a complete
data set, as in the California study, but also the challenge to
implementing such a metric for state stakeholders.
Adequate risk adjustment for NICU readmissions requires
either gestational age or birth weight as a measure of prematurity. Gestational age is considered ideal because birth
weight may be lower in small-for-gestational age infants,
or higher for infants of diabetic mothers. In these cases,
the risk of complications and death is better associated
with the infant’s gestational age.11 However, as our data
show, gestational age is extremely difficult to obtain in
any data set that does not specifically collect such information. Although multiple imputation is one way of dealing
with the missing data, it is onerous to implement and insufficient when states had a high degree of missing data for
this important variable, up to 60% in the MAX data set.
Birth weight was more commonly included in MAX, but
does not allow stratification of the population beyond the
3 categories of <1500 g, 1500 to 2500 g, and >2500 g. Unless there is improvement in the use of ICD-9 codes to identify gestational age and birth weight in preterm infants
(challenge 3), and improved managed care data quality in
states (challenge 1), states may have to include birth certificate data in the implementation of NICU readmissions,
similar to other CHIPRA measures for Cesarean rate for
nulliparous singleton vertex and live births weighing less
than 2500 g.25 Alternatively, states could consider alternative data sets as described in Table 1.
The full significance of the hospital and state variations
is also unclear. Further research is needed to determine the
potential preventability of hospital readmissions after
discharge from the NICU, especially considering prior
work suggesting that less than 5% of all pediatric
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readmissions were preventable.26 Many established quality
metrics, including those identified through the CHIPRA
program, strive for a 100% or 0% performance rate.25
Other quality measures with a baseline number of events
that should occur, such as the rate of operative Cesarean
sections, demonstrate the difficulty for defining the preventability of these events, the correct number of events
per hospital, and defining which hospitals are truly outliers.27–29 Even the hospitals with the lowest riskadjusted rates of readmissions had rates between 2.3 and
3%, and it is unclear whether this rate is too low. Additionally, although some of the variation could be related to the
quality of care provided either during the hospitalization or
in the discharge process,11,30 other variation could be
related to practice or the ability of high-risk children to
receive outpatient services or a medical home that may
reduce the likelihood of a hospitalization.10,12,31
However, the wide range of readmission rates suggest
some association with care delivery without the hospital
and outpatient networks caring for these infants.
This work shows variation in hospital-level readmission
rates for preterm graduates of neonatal intensive care even
after adjusting for gestational age, sociodemographic factors, and common complications of preterm birth. However, much more work is needed to understand the underlying
factors associated with these variations, and to identify the
level of readmissions for which a state or hospital should
strive. There are substantial, potentially insurmountable
barriers to implementing such a measure in data sets
commonly available to public health agencies, because
these data sets do not currently contain the clinical data
needed for adequate risk adjustment or lack claims information on a large number of patients because of their
type of insurance or where they received care. The use of
MAX or other administrative data sets to examine the
health care of infants who require neonatal intensive care
at birth may require information available in electronic
health records, birth certificates, or in all-payer data sets
available in some states.32 These challenges require discussion before implementing this metric on a large scale.
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