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Abstract

Federal and state laws passed in the late 199€ased considerably postpartum stays for newborns.
Using all births in California over the 1995-200dripd, 2SLS estimates suggest that for the average
newborn impacted by the law, increased treatmeengity had modest and statistically insignificant
(p-value>0.05) impacts on readmission probabilitidlowing the treatment effect to vary by pre-
existing conditions or the pre-law propensity samirbeing discharged early, two objective measures
of medical need, demonstrates that the law hae langl statistically significant impacts for those
with the greatest likelihood of a readmission. Séeesults demonstrate heterogeneity in the returns
to greater treatment intensity, and the returritbeécaverage and marginal patient vary considerably.
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l. Introduction

It is not difficult to generate a case that the giraal product of medical care spending in the U.S.
is very low. In 2006, per capita spending on leitthe U.S. was $6,714, 49 percent more thaméixée
highest-spending country (Norway), more than twieemedian value for OECD countries, about twice
the value of Canada and nearly 2.5 times the \@itige United Kingdom. Despite this spending, in
2005, the US ranked 9®f 29 countries in average life expectancy andtBehad the fourth highest
infant mortality rate of 28ountries reporting countriesThe Dartmouth Atlas Projécthows that per
capita Medicare reimbursements across hospitalradfegions vary by a factor of three (Wennberg et
al., 2008). Despite these spending differencesetls little evidence that the differences in siieg lead
to better quality of care (Baicker and Chandra 2@ better mortality outcomes (Fisher et al.,200
Changes in insurance status, which are associatedange changes in care, also typically havéelitt
impact on mortality. Finkelstein and McKnight (Z)@emonstrated that the introduction of Medicare
dramatically increased health insurance coveragéhaalth care spending of the elderly but the lad n
discernable impact on elderly mortality through fingt 10 years of the program. Data from the RAND
Health Insurance Experiment showed that a reduaticopayments increases health care use but has no
detectable impact on health outcomes (Newhousk, 4983)°

The weak relationship between aggregate spendicdp@alth outcomes is in stark contrast to
evidence showing pronounced medical benefits ferafispecific medical devices, procedures, or
pharmaceuticals. For example, advances in tharissd of heart attacks reduced the one-year miyrtali
rate for these patients by 5 percentage pointsdeatvi984 and 1991 (Cutler et al., 1998). The fise o

anti-retroviral drugs among HIV/AIDS patients isasiated with approximately a 70 percent drop in

! All data is from the OECD’s frequently requestedadseries,
http://www.irdes.fr/EcoSante/DownLoad/OECDHealth®drequentlyRequestedData.xls

2 http://www.dartmouthatlas.org/

% In contrast to these results, Card, Dobkin andd#ee(forthcoming) demonstrate that at age 65ramee rates
increase dramatically because of the Medicare pragrFor patients admitted to the hospital throtinghemergency
room, Medicare enrollment is estimated to reducttdeates for these severely ill patients by 2@ @



mortality while the use of statin drugs to redubelesterol is associated with a 12 percent redudticll
cause mortality (Law, Wald and Rudnicka, 2003; @htdrol Treatment Trialists’ Collaborative, 2005).
Between 1950 and 1990, treatment options for lathwieight infants expanded greatly, generating a 72
percent reduction in infant mortality rates ovex fame period (Cutler and Meara, 2000).

The disparity in the two sets of results outlirédve may not be all that surprising. Studies
relying on aggregate data suggest that for theagiegpatient, the marginal productivity of additibocare
might be low, but, as the patient’s condition beesmmore sharply defined, results may not be so
average. It should also not be surprising thaketsbould be tremendous heterogeneity across fstien
the benefits of greater medical care use. It i kmown in the medical community that some people
react well to certain treatment regimens while ihreceive little benefit. These differences eerist
across broadly defined groups. For example, th&esterol reductions generated by the use of statin
drugs is similar for males and females but to dhie is no evidence that statins reduce mortafitgng
females whiles there is consistent evidence of datiky effect for males (Walsh and Pignone, 2004).
Likewise, the U.S. Preventive Services Task Fo2089) concludes that daily low dose aspirin reduces
heart attacks in men but not in women, while thmes&reatment reduces strokes in women but not men.

Establishing measurable correlates of treatmeateHeterogeneity is vitally important in
medical care. Kravitz et al. (2004) note thatt“§lould be obvious that treatment effects are not
necessarily the same for everyone. What may nebhmbvious is that misapplying averages can cause
harm, by either giving patients treatments thabadhelp or denying patients treatments that woelg
them.” This potential for harm is particularly érgiven recent attempts to introduce a greateredegfr
comparative effectiveness research to Americartihepknding decisions. For example, the American
Recovery and Reinvestment Act of 2009 [commonlgnred to as the stimulus bill] included $1.1 bitlio
to establish the Federal Coordinating Council fostEffectiveness Research. President Barack
Obama’s proposed 2010 budget intends to build isrefifort with the belief that this research can
“enhance medical decision making by patients agit ffhysicians” (Office of Management and Budget,

2009). In order for this decision making to impeawnedical outcomes, however, it is critical that



researchers carefully consider the potential piasehheterogeneity in treatment effects. Without
accounting for this heterogeneity, it is possibigtta number of treatments may be deemed effective
when they are not, or vice versa. This could teadefficient spending, or even worse, denying
coverage for treatments to the whole populatiobhdha cost-effective for certain groups.

In addition to problems of comparative effectivesie=search, heterogeneity can plague efforts to
efficiently develop and implement preventative noarth strategies. A closer look at many broad-based
preventative measures—which serve as the centerjpienany proposed health care reforms— indicate
that while many are cost-efficient ways to reduisease incidence, few are cost saving. In a reefew
over 600 articles that have examined the cost-&fftess of preventive care, Cohen et al., 2008GR-

3) concluded that “...the broad generalizations bypyraresidential candidates can be misleading. &hes
statements convey the message that substantiakrcesoccan be saved through prevention. Although
some prevention measures do save money, the vagitsneeviewed in the health economics literature
do not.” The authors went on to point out thasthprograms targeted to higher-risk populationddgdn

to generate more cost savings. The National Goaldn Health Care (2007, p.8) stressed this point
when they noted that “...interventions are good itmesits when used selectively — targeted at those
people who benefit most from therh.The gains possible from more focused care aneeinélous. The
Dartmouth Atlas group estimates that roughly ol thf Medicare expenditures are wasted on
ineffective treatments.

Medical researchers have long discussed the patefiiects of treatment heterogeneity. Kravitz
et al. (2004) said, “[w]hen HTE [heterogeneity @dtment effects] is present, the modest benefit
ascribed to many treatments in clinical trials barmisleading because modest average effects may
reflect a mixture of substantial benefits for sofitde benefit for many, and harm for a few.” lecent
years, a growing number of economic researchers aigo begun to worry about estimating

heterogeneity in treatment effects. This literatiias been spawned by an attempt to identify,@n th

4 http://www.nchc.org/nche report.pdf




words of Bitler et al. (2006) “what mean impactssii Work by Heckman et al. (1997) and Abadie et
al. (2002) on job training, Bitler et al. (2003) welfare reform, Chandra and Staiger (2007) onthear
attack treatments and Basu et al. (2007) on bosaster treatment, all demonstrated that the average
treatment effect estimated by standard multivariabdelels mask substantial heterogeneity in treatment
effects. The apex of this literature is a seriggapers by Heckman and Vytlacil and coauthors
(Heckman and Vytlacil, 1999, 2005; Heckman, Tobéaws] Vytlacil, 2003; Heckman, Urzua and
Vytlacil, 2006; Basu, Heckman, Navarro-Lozano, &hmdua, 2007) that developed an econometric
technique called “local instrumental variables”idaed to provide the entire distribution of mardina
treatment effects.

In this paper, we use an exogenous increase pithbsare for newborns generated by
legislative initiatives to examine the heterogengitthe benefits of greater medical care usereéponse
to growing concerns about the declining lengthaspital care following childbirth, 42 states and th
federal government passed laws during the mid#®41890s requiring insurance carriers to provide
minimum length of postpartum stays. Previous netehas documented that these laws greatly inadease
the average length of a postpartum hospital stapand Betley, 1998; Datt al.,1996; Liuet al.,

2004; Madlou-Kay and DeFor, 2005; Evans, Garthweaite Wei, 2009) but there is conflicting evidence
about whether these laws improved infant healthddaet al, 2004; Mearat al, 2004; Datar and

Sood, 2006; Evans, Garthwaite and Wei, 2009; Aineamd Doyle. 2008). Most births are
uncomplicated vaginal deliveries and while the @xitme in the hospital generated by legislation tmay
restful for the new mother, it is not clear tha¢ #dditional resources greatly improved medicat@uies

in these routines cases (Evans, Garthwaite, angd20@9; Aimond and Doyle, 2008). In contrast, some
evidence suggests that for more complicated pregesiand deliveries, the extra day may mean a great
deal for the health of the infant. Additionallylidond et al. (2009) found that increasing treatment
intensity, measured either in length of stay ophycedure, for very low birthweight babies (>1500

grams) decreased both readmissions and mortality.



In addition to these more general questions ath@upotential heterogeneity in benefits from
increased medical treatments, understanding thendizs of maternity care is an interesting question
its own right. Pregnancy and delivery is one efldrgest source of health expenditures in theddnit
States. Approximately 23 percent of all hospiiatdarges are either mothers or newborns. In,total
expenditures related to these procedures accouB?fpercent of Medicaid charges and 15 percent of
private insurance charges (Sakala and Corry, 20D8g to these facts, it is important to fully urstand
the efficacy of changes in the level of care giteboth newborns and their mothers.

The question of interest is whether newborns diggthearly from a post-partum stay (defined
as staying less than the recommended number ofsnigthe hospital) have improved infant health (as
measured by hospital readmissions). As we outiglew, single-equation estimates of the effect of
longer mandatory post-partum stays are likely tbibsed because those newborns most likely to be
readmitted are also those most likely to have lostgys, understating the cost of an early diseharg

Initially, we estimate a two-stage least-squard-&Sor all births using the legislation-induced
increase in postpartum stays as an exogenous €étlihe fraction of children discharged early. fifgt
glance, this appears to be the ideal statisticar@mment for a 2SLS procedure. The laws reducky ea
discharges by about 25 percentage points and alysas sample has over two million observations.
However, the local average treatment effects (LA3lE)gest a small and marginally statistically
significant impact of early discharges on readmissates. The benefits are however not uniforrossr
newborns

Next, we estimate how the benefits of longer ha$giiays vary with the observed characteristics
of the newborn. In this initial analysis we us¢adan reported labor and delivery complications to
estimate heterogeneity in the benefits of longespital stays. We find that individuals with anytbése
complications benefited from the increased lendtstay, while those with uncomplicated deliveries
received essentially no benefit. Unfortunately, ithcidence rate for particular complications areome

cases very low making power an issue in isolatihg Wwenefits from greater treatment.



As a second way to systematically measure treathetetogeneity, we use a procedure
suggested by both Baicker et al. (2006) and ChaaalsStaiger (2007) and expanded on in detail here.
Using pre-law data on mother’'s demographic chariaties, baby’s birthweight, delivery complications
and other observable medical conditions, we estirtted propensity score for a baby being released
“early” from the hospital. We next use these eatams to predict the propensity score in the padta
law period. Given the large sample sizes and étaildd characteristics of the mother, pregnancly an
delivery, the propensity score of an early dischagans the entire [0,1] interval. The distributad the
propensity score in the pre and post law perialss nearly identical. More importantly, the progity
score of an early discharge provides substantidkeece of the medical risk of a readmission. The
propensity score is monotonically increasing inhoweight and gestation; and monotonically decfnin
in the average number of complications. The reasiiom rate declines nearly monotonically with the
propensity score suggesting that from a medicaldgiaint, those most likely to have a longer stayeha
the greatest risk of a readmission. This evidenggests that the propensity score can be thodigist o
an index of the medical appropriateness of a lotegggth of stay in the hospital.

We then estimate the basic 2SLS model for halvddlards of the propensity score. These
results show that those newborns with the lowesiatility of being released early—often those waith
large number of observable conditions and/or caraibns—received the largest benefit from the
increased length of stay. The vast majority ofiitilials, however, received no benefit from the
increased length of stay generated by the law.

Our results are instructive. Identifying and unt¢ianding the source of heterogeneity in the
benefits of medical treatments is essential foetigping effective health policy. Rather than netyon
the estimated marginal benefit for the averageepgteffective and targeted health policy shoutnifoon
the benefit to patients for whom the treatmennterivention is most appropriate. Failing to coesittis

heterogeneity in benefits could lead to erroneaugltisions about the efficacy of different policy

® This is similar to the index of the medical appiageness of caesarian sections developed andssisgun detail
in Baicker et al., (2006).



initiatives. In our concrete example, the estimatieggest that the same medical benefits of early
discharge laws can be achieved by applying theolalyto those most in need of care rather than

applying the legislation to all births.

. Minimum Postpartum Stay L egislation and Previous Literature

Beginning in the 1970s and continuing until thel+h90s, managed care cost cutting efforts and
attempts to ‘de-medicalize’ the childbirth procksasd to dramatic reduction in postpartum hospiays
for mothers and newborns (Braveman et al., 1998£2001). The average length of postpartum stay
for vaginal births fell from 3.9 days in 1970 t@ Hays in 1996. Over the same time period, thgtheaf
stay for caesarian section births fell from 7.8 days. By 1995, one day post-partum stays atedu
for 47 percent of all vaginal deliveries comparegusst 7.6 percent in 1980 (Hyman, 1999).

This change in the provision of medical servicesndwally drew popular press attention with

numerous articles using the phrases “drive throwgtd’ “drive by” deliveries to describe these early
discharges. News stories and articles in the meliiesature began to detail tragic stories of matable
conditions afflicting mothers and newborns thatev&wiftly discharged from the hospital followingeth
delivery. State lawmakers responded to these cosedth a series of laws designed to increase the
length of post-partum hospital stays. Between 18851997, 43 states mandated some length of
minimum postpartum stay (Eaton, 2001). Califortti, state of interest in this paper, passed their
minimum postpartum law on August 11, 1997 and #wewent into effect the same day.

Despite nearly every state passing such mandaggréemption clause of the Employment
Retirement Income Security Act (ERISA) left a largenber of women (primarily those covered by
multi-state and self-funded employer-provided iasige plans) unaffected by these state level masmdate
As a result, in a bipartisan effort epitomized 9820 in the United States Senate, federal lawnsaker

passed the Newborns and Mothers Health Protectodo&1996. This law, which went in to effect on

January 1, 1998, required a minimum length of sta48 hours following a vaginal delivery and 96 heou



following a caesarian section. Discharges foag sf shorter duration required the consent of llo¢h
doctor and the patient.

While the federal law increased the number of wormrered by these mandates, it still did not
apply to all women. The federal statute and magedaws exempted Medicaid patients in fee-for-
service plans. In California, patients in privitedicaid managed care plans were covered by beth th
California and federal minimum stay lavgollowing the implementation of the federal atates
statutes, lawmakers in California moved to endutinegqual treatment of Medicaid patients. On August
26, 1998 the legislature passed AB 1397, whichreldd the California minimum postpartum stay law to
all Medicaid recipients regardless of enrolimeatwss. The effective day for this law was January 1
1999.

As a result of these changes, new mothers in@ald were subject to four different legislative
environments. Prior to August of 1997, there weyeestrictions on what insurance companies were
required to reimburse for postpartum hospital stdBstween August 1997 and the end of that year,
women with private insurance and Medicaid patienf@ivate managed care plans were subject to the
state law, which was superseded by the federaitetah January 1, 1998 and expanded to cover
insurance plans regulated by ERISA. Finally, tiaeslaw was expanded to include all Medicaid pagie
on January 1, 1999.

It is clear that these laws achieved their goahofeasing the average length of postpartum stays.
Udom and Betley (1998), Dato et €1996), Liu et al(2004), and Madlou-Kay and DeFor (2005) all
found that the passage of the laws lengthened atayscreased medical spending. The effect aiethe
laws on health outcomes, however, has been leas diéadden et al. (2002 and 2004) found little actp
of different length of stays on patients in Massesetts. Using data for 150,000 newborns in Ohio,
Meara et al. (2004) focused on the effect of theo@mandated postpartum stay law on Medicaid

patients—which were explicitly covered by the stateel mandate. They found that the law generated

® Evans, Garthwaite and Wei (2008) contains a aetaliscussion of the structure of the Californiadidaid
system and its relation to early discharge laws.



statistically significant decrease in the numbeearfly discharges and large but statistically inigigant
decreases in the number of readmissions.

Both Datar and Sood (2006) and Evans, Garthwailie/dei (2008) used data on the universe of
hospital births in California from 1995-2000 to bza the effect of mandated increases in postpartum
stays on infant health. Datar and Sood (2006)ddarge and statistically significant decreasethén
probability of readmission for infants as a restdiithe mandates. Evans, Garthwaite and Wei. (2008)
however, found that this finding was largely a testidata limitations in the publicly availabletda
Specifically, the authors are unable to controlnfmmth-to-month variation in readmission ratesingys
the richer restricted-use dataset on the samplgteated in Datar and Sood (2006) finds smaller and
statistically insignificant results. This samgiewever, does not include a large number of corafgit
deliveries such as low-birthweight and prematufarits. Including all births, Evans, Garthwaite aldi
(2009) found that for privately insured c-secti@tignts and for Medicaid-insured vaginal delivethes
longer hospital stays generated small but statifisignificant decreases in 28 day readmissions.

Almond and Doyle (2009) used the exact timingidahbas the basis of a regression discontinuity
identification strategy to estimate the effectmider postpartum stays on infant health in CalitoriThe
authors exploit a billing rule which causes baltiesh just after midnight to receive another day of
reimbursable care compared to those born just @efminight. Furthermore, the authors utilized fiet
that the California mandate further increased ¢ingth of stay for these infants born just aftermigt
(in this case from 2 days of care for those jusbteemidnight to three days of care for those after
midnight). Using this strategy, the authors firodaffect of longer hospital stays on infant he&dih
uncomplicated deliveries.

Despite the large number of studies, there Ig litbnsensus of the effect of laws mandating

longer hospital stays on infant health. Most s#adi this area eliminate at least some categofies

" The authors, however, did find that a follow-upitivithin three days caused a statistically sigaift decrease in
the probability of a hospital readmission withinddys of birth. Importantly for the purposes d$thnalysis, the
authors focused on “normal” newborns—eliminatingsta below 2000 grams and with a gestational at¢esefthan
37 weeks, or without the diagnosis related grouR@) code for “normal newborn.” It is possible thia largest
impact of Ohio’s mandate may have been for these momplicated cases.
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complicated births under the assumption that thesthers and newborns would likely be unaffected by
the mandated stay laws. This assumption restseohdlief that these individuals were not discharge
early either before or after the law. In realtpwever, a non-trivial portion of these observably
complicated cases are released early. For exafnphe January 1, 1995 — December 31, 1996 nearly 41
percent of infants below 2500 grams in Californerevdischarged early. After passage of the federal
mandate, this rate dropped to 27 percent. Fditingpnsider the effect of the law on complicatesksa

may the source of conflicting estimates of theceffy of longer lengths of postpartum stay.

1. Data

The data for this project is a restricted-use a@strative record database of all mothers and
newborns discharged from non-federal hospitalsalif@nia from January 1, 1995 to December 31,
2000. The data set is created by the State ofodat Office of Statewide Health Planning and
Development (OSHPD) by linking patient discharggadaets with birth, death and fetal death certifica
information. The data base contains the origimadtdhrge record for new mother and her newborn plus
all other hospital discharges over the next yeatifese patients. Each discharge record contaisis b
demographic information (such as the age, racesaraf the patient), information about the admoissi
(such as the length of stay, procedures used, asagcodes, hospital charges, the type of insurande
whether the patient died in the hospital), plusi@ue hospital ID. A scrambled Social Security Naem
(SSN) available on the discharge record and cdoyn@SHPD allows records of the mother to be linked
to that of her newborn.

Linking the discharge record to vital statistidediprovides the exact date and time of birth (and
therefore the newborn's admission to the hospdal),the zip code of residence. The birth recbtde
child also contains detailed information aboutri@ther’s pregnancy (an estimate of gestation t afis
complications during pregnancy, previous birthsetlier multiple births are present), some additional
information about the mother (such as years of &titut) plus detailed information about the birthdls

as birth weight and whether the baby was delivgrg-bection, the sex of the infant and whethereher
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were any delivery complications). The infant de&ttord allows us to examine when and where a
newborn died for up to one year after dischargar €ix year data base has data approximately 8omill
births in total, with almost 1.7 million births agting after the passage of the California law.

Although the early discharge laws apply to the padtim stays for both mothers and their
newborns, in this analysis we focus exclusivelft@outcomes of infants. The typical outcome is th
instance is a subsequent readmission rate andtéfor mothers are so low that there is littles@oto
analyze this outcome. Therefore, the questiondueess is whether greater treatment intensity geeer
by the federal and state laws improved the hedlttewborns, as measured by readmission rates.
Treatment intensity is defined by the dummy vaedbischarged Earlywhich equals 1 if the newborn
was released before the recommended time whicllay2 for a vaginal delivery and 4 days for a c-
section® The health of the newborn is measured by thiab28-Daywhich is an indicator that equals
1 if the newborn was readmitted to the hospitahini28 days.

Many studies examining the effect of mandated métestay laws exclude large categories of
newborns with complications under the justificatibat these individuals were likely unaffected bg t
mandates (Datar and Sood, 2006; Meara et al., pOBgamining the pre-law meansbischarged
Early, however, reveals that a non-trivial percentageesfborns with a wide variety of complications,
low birth weights, and short gestation periodsciseharged early from the hospital. Furthermoseha
results below will show many of these complicatéthb received significant benefits from the inaed
length of stay. In constructing the sample fos tmalysis, we attempted to include more complitate
deliveries while excluding categories of individsialhose length of stay was essentially unaffecyed b

the laws passage.

8 Although the state and federal postpartum disehkng specifies the required time in hours, we dbhave the
exact hour of discharge and therefore, we canrotiiede the hours in the hospital. Therefore, ppraximate the
intent of the law by basing this key covariate lo@ tumber of nights in the hospital.

° We can also measure neonatal mortality and infamtality but the incidence rates for these outcoare low,
making power a challenge even for high risk gro{iipsans, Garthwaite and Wei, 2008).
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In the pre-law data, the percentage of individualsased early is monotonically increasing in
birthweight. For this analysis, we include indiwads whose birthweight was 68 ounces (4.25 pounids)
greater—the first birthweight with an early disajarate greater than 10 percent in the pre-lavogeri
We also exclude individuals reporting a birthweighgreater than 180 ounces (11.25 pounds)—a
category accounting for only 0.1 percent of theasiet.

While newborns from multiple births are often extdd from these analyses, a large fraction of
both twins (60%) and triplets (40%) are dischargady in the pre-law period. Therefore, we include
and control for individuals in these categorieslavkixcluding quadruplets or higher—individuals who
were rarely discharged early in the pre-law period.

In the data, gestation is measured in days aralésilated by taking the difference between the
last normal menses and the date of birth. Foriatyaof reasons, this results in gestational agjada
very noisy measure in the dataset. Therefore xekiée individuals whose reported gestation was les
than 182 days (26 weeks) or greater than 315 didys/€eks).

The linked Hospital Discharge Data/Vital Statistoesh files contain a wealth of information on
complications and concurrent illnesses affectitigegithe mother or the infant. These data conues fr
the Certificate of Live Birth — Medical Data Supplental Worksheet. This worksheet contains 30
possible complications or concurrent illnessesciifig pregnancy (medical providers can select ulsjo
and 31 possible complications affecting the lalmat delivery (medical providers can select up to\®e
generate indicator variables for the presence ndlitions or complications that may affect the léngt
stay for a mother or infant. In doing so we crdatemposite category for pre-eclampsia, eclampsid,
herpes—which were included in the both the pregpand the delivery complications section of the
worksheet. We also exclude those data that ameerbto medical procedures, such as electronit feta
monitoring or ultrasound, as opposed to underlyirgglical conditions. This results in a total of 45

dummy variables that indicate complicatidfs.

9 The complications dummies are defined for theofsihg conditions: 1. Preeclampsia (pregnancy ieduc
hypertension); 2. Eclampsia (convulsion or coma}iygertension, chronic; 4. Renal disease; 5. Pygibritis; 6.

13



In the top two rows of Table 1, we report the sampkans for two periods. The first is in the
period before any early discharge law was in effe€alifornia, which is January 1995 through Augus
of 1997. The second period is after the fedemaldaes into effect which provides coverage to all
privately insured births and Medicaid managed batas that are part of private plans. This period
covers January 1998 through the end of 2000. Tdrerd.18 million births in the first sample an@2L.
million births in the other. In the first two roywse present results for the two key outcomesén th
analysis: Discharged Earlyand28-Dayreadmission. Notice that there is a large drogeirly discharges
of 27 percentage points yet there is only two tewtha percentage point change in readmission,rates
suggesting that at best, the law had modest impadcyerage readmission rates.

In the remaining rows of the table, we present medrsome important characteristics of the
mother and the delivery. There is no change imamebirth weights between the two periods and a
slight decrease in the fraction of births with afiyhe 45 problems identified in the birth recoatalset.
Across the two periods, there is 10 percent iner@ashe number c-section deliveries and a 13 perce
decline in the fraction of births paid for by Mediid. There is a slight decline in mothers withaditigh
school education, a noticeable drop in births tacBImothers, a slight decline in births to younger
women and a slight increase in the fraction ohiitb Hispanic mothers. Given the extremely large
sample sizes, all differences in the two columreepkfor the gestation variable are statistically

significant.

Anemia; 7. Cardiac disease; 8. Lung disease, acutkronic; 9. Diabetes; 10. Rh sensitivity; 11efilte bleeding
before labor; 12. Hemoglobinopathy; 13. Transpérhother from another facility prior to delivery4.
Polyhydramnios; 15. Incompetent cervix; 16. Premeatabor; 17. Genital herpes; 18. Other STD; 19adiéis B;
20. Rubella; 21. Smoking; 22. Birth weight > 400@rgs; 23; Birth weight < 2500 grams; 24. Cervimaiclage;
25. < 37 weeks gestation; 26. Chronic villus sanglR7. Cord prolapse; 28. Fetal distress; 29zuses during
delivery; 30. Maternal blood transfusion; 31. petlwic disproportion; 32. Shoulder dysotcia; 33e@&rh
presentation; 34. Precipitous delivery (<3 hous$); Prolonged delivery (>20 hours); 36. Unsucadsgtempt at
vaginal birth after c-section; 37. Other dysfunetibdelivery; 38. Premature rupture of membrane (kdours); 39.
Abruptio placenta; 40. Placentia previa; 41. Otharessive bleeding; 42Amnionitis/sepsis; 43. Febrile (>106);
44. Presence of meconium, moderate/heavy; 45. Aetstcomplications.
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V. Empirical Model and Baseline Results

In theory, we could estimate the impact of an edidgharge on the 28-day readmission rate via a
single-equation OLS model where we control for titkd set of covariates describing the mother, the
pregnancy, and the delivery. Legtrgpresent readmission rates for personiin tieveogdt. The
equation of interest related how an early dischégealters readmission rates and this can be captured
by the equation

@D Y =BtxBrwWhtE
where w represents a vector of exogenous covariateg;gisch random error. In practice, however, this
model is likely to be subject to an omitted varésbbias and we anticipate that cqy€x)<0. Evans,
Garthwaite and Wei (2008) demonstrate that facttrish tend to increase the probability2d-Dayare
also tending to redudeischarged Early.For exampleDischarged Earlyrates are lowest for first births,
multiple births, younger women, women with insurgnand those with complications such as low birth
weight, breech presentation, preeclampsia or edEm@ hese same characteristics are also thoegac
that predict greater readmission rates among newsborhis suggests that coy(x;)<0 and single
equation estimates @f will be biased towards zero.

OLS estimates of equation (1) using only data ftbenpre-law period (January 1995 through
August 1997) are provided at the top of Tabler2thls equation, we control for a number of covasa
including dummies for all 45 prenatal and delivegymplications, a complete set of dummies that
describe the age, education, race, marital staturss, triplets, and Hispanic origin of the mother,
dummy for the sex of the newborn, dummies that omeathe month, year, weekday of birth, and birth
hour, plus dummies that measure the ownershipeofidispital, the size of the hospital and the habpit
service region within California. Because readinissates vary considerably based in type of degjive
(vaginal or c-section) and insurance status (peieatMedicaid) we include a set of dummies for gy
insured c-sections, Medicaid insured vaginal deieg Medicaid insured c-sections with privately

insured vaginal births as the reference group.alse include cubic terms in birthweight and geetsl
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age. Finally, we include a liner trend in the ni@nsince January 1995 plus three trends that \&sgd
insurance status/delivery method dummies outlinexva. In all, there are 163 covariates in this ehod
and 1,176,797 observations. In this and subsedaunedels, we estimate the variance/covariance matrix
allowing for arbitrary correlation in errors withmparticular hospital.

In this instance, the estimated of the impactrogéarly discharge on readmission rates is rather
modest. The coefficient in the first line of TaBlsuggests that an early discharge raises thelpititi
of a readmission by a statistically insignificaenth of a percentage point which is approximately 3
percent of the sample mean.

Given a vector of instrumentg that predict early discharge rates but are uniziee with
unexplained portion of equation (1) we can use 28L$ovide a consistent estimatefef In this case,
the federal and state early discharge laws pravégdul variation that can be exploited as instruisien
As we demonstrate below, the laws decreased dreatigtihe fraction of newborns discharged early. |
the greater intensity of care improves newborntheale should see a noticeable drop in readmission
rates after passage of the various state and fddemsa

A graphical treatment of the first stage and reduorm models associated with the 2SLS
estimation are presented in Figures 1 and 2 respBct In Figure 1, we present the monthly avesafye
the percent discharge early from January 1995 givtlee end of 2001. On the graph, we indicate the
periods when the state law was only in effect (Wwhinly covered some private and Medicaid patients),
when the federal law went into effect (which covkadl privately insured births and Medicaid pateeint
privately provided Medicaid managed care plans)wnen the state law was expanded to include all
Medicaid patients. Note first that early dischargere declining slowly prior to the passage ofdtate
law but early discharge rates did not drop shauplyl the state law was passed and went into effext
same day. Insurance carriers did not appear taljostang to the federal law in advance of its effec
date. Second, the change in early discharge patelsiced by the various statutes is very largelulg
of 1997, early discharge rates were 77 percentJaByary of 1998, this number had fallen to 57 gx@rc

and by January of 1999, the rate was down to 5@epér
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In Figure 2, we graph the time series of the 28+dadmission rates for the same period. The
dotted lines represent the mean readmission rat@sgydhe pre-law, state law, federal law and exigan
state law period, respectively. Three resultssparent in these graphs. First, the month to Imont
variation in readmission rates is incredibly lavgth readmission rates highest during the wintenths.
Second, during the 4 months the state law wad@ttethere was a large spike in readmissions,
generated by a particularly heavy flu season. PAesalt, any analysis of the benefits of greattamigity
of care will generate spurious results showing noare produces worse outcomes during this period
since the intensity of care increased (early digghaates fell) and readmission soared. For gasan,
in our subsequent regression work, we will deletadrom the four month period when the state lag w
only in effect. Third, there is a small but notibée drop in readmission rates when the federablagyv
expanded state law go into effect. Between thdgweand federal law period, readmission ratestfgll
about 2 tenths of a percentage point and ratebyelhother 1 tenth of a percentage point in tipaeded
state law period.

We present a set of 2SLS results estimates ibdtiem of Table 2. In this case, we estimate a
model similar to the OLS model but include datarfréanuary 1995 through December of 2001,
excluding the four months the state law was thg taw in effect (September — December 1997). We
include the same set of covariates as in the OL&inAAs instruments fddischarged Earlywe exploit
the timing of the laws and the fact that the lampacted patients based on their insurance statlis an
method of delivery. We use six instruments inltadée allow the federal law to vary based on inaos
status (private versus Medicaid) and delivery metfvaginal and c-section) and we allow the expansio
of the state law to all Medicaid patients to effemginal and c-section deliveries for this groupvad.

In the middle of the table, we present the fitage estimates for the instruments in the
Discharged Earlyequation. All of the instruments are statistigalignificant and suggest that the various
early discharge laws worked as anticipated albigit differing levels of success. For those witlvate
insurance, the federal law reduced early dischdrge30 percentage points among vaginal births fput b

only 13.7 percentage points among c-sections. Andadicaid patients, the federal law again had its
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largest impact on vaginal deliveries. The expansithe state law to include Medicaid patientsuiast
early discharges by another 5 to 6 percentagefmnboth vaginal and c-section deliveries. THedt
that the instruments are jointly zero indicated this hypothesis can be easily rejected and treedithe
test statistic indicates that there is no concesoeiated with finite sample bias.

In the final portion of Table 2 we report the 2S¢Simates of the readmission equation. As
expected, the 2SLS estimate Discharged Earlyis larger than the OLS values. The estimated
coefficient of 0.005 is statistically significarittae 10 percent level and represents a changeooft 45
percent of the sample mean for #&Day Readmissiom the pre-law period. Even with the extreme size
of our sample and the precise first-stage estinfates! instruments, the p-value on the test aérev
identifying restrictions is greater than 0.05 megnive cannot reject the null the model is properly

specified.

V. Heterogeneity in the Returnsto Greater Medical Care Use

2SLS results are often interpreted as a local geetr@atment effect (LATE) as outlined by
Angrist, Imbens and Rubin (1996). Within the LATTBmework, the 2SLS model identifies the impact
of the endogenous variable of interest for thosmlgewhose behavior was altered as a result ofviage
the instrument. In this context, the 2SLS modehidies the impact of staying longer in the hasigior
the 25 percent of newborns who had longer stagsrasult of the various federal and state early
discharge laws. The sample means in Table 1,rdghgeal treatment in Figure 2, and now the 2SLS
estimates in Table 2 all tell a similar story — bemefits of longer stays for the average newhoyacted
by the law are modest at best. This result isistard with the ‘flat of the curve’ story that igically
used to describe medical care in the US. Gived fharty reimbursements, the marginal cost to edur
consumers of using additional medical care is |@&8.a result, medical care will be consumed to the
point where marginal benefits equal marginal cé#tnce, the marginal benefits of additional treatime

are low.
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Not all newborns are however subject to the sasteafireadmission and as a result, one would
not expect the benefits of longer hospital staysetbhe same across different groups. The early
discharge laws were a rather blunt policy instrutreall newborns, regardless of risk, were eligiolea
minimum stay of two days after a vaginal birth &ogr days after a c-section, regardless of the
underlying risk. From a policy standpoint if ormutd a priori identify those at the greatest risk of
readmission and apply the law only to those newddire law might be able to generate similar medica
outcomes at a much lower cost.

From an econometric standpoint, identifying heteragity in the returns to longer stays across
different groups is hampered by two factors. Fite incidence rate for the outcome of interest
(readmission with 28 days) is low so identifyingg@se 2SLS estimates is a challenge even withaoge|
sample sizes. From Table 2, note that with ouwailBon observations, a first stage that changes
treatment use by 25 percentage points, and a teea#ffect that is 15 percent of the sample méamn, t
results are only statistically significant at agdue of 0.10. While we can generate large sub-tesmgd
people with easily identifiable characteristicg(gthose born by c-section, Medicaid patients), we
anticipate that even within these large relativedyerogeneous groups the treatment effect willyjlike
vary. Second, we anticipate that longer hospitglssshould be most beneficial to those most inica¢d
need. However, those with higher risks of readimisare already staying longer in the hospital, mea
that the first stage relationship should be smédiethis group. Since the precision of the secstage
model is related to the size of the first stagecffthe declining first-stage for those most iachef
treatment should lessen our ability to detect @&ipee2SLS estimate in the groups most likely toefien

In this analysis, we attempt to isolate heteroggrnmithe returns to additional medical care use
through two procedures. Initially, we restrict g@mple to groups with easily identifiable demograph
and medical characteristics and examine the tredtheterogeneity across those subsamples. This
method produces some predictable results. For gbeam each case, the 2SLS coefficient is gretatan
the OLS estimate suggesting that the OLS modetsmically understate the benefits of longer stays

However, there are few statistically significant.3Xoefficients and it is hard to identify persigte
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patterns across the subgroups. Given these resgltthen suggest a procedure based on the propensit

score of early discharge to aggregate the datat aleuisks of readmission to newborns.

a. Heter ogeneity in Results by Specific Characteristics

In Table 3, we report 2SLS estimates for certalmgsoups of newborns. In the first row of the
table we reproduce 2SLS estimates for the full darfnipm Table 2. For each model, we report the
observations, the pre-law sample mean®ischarged Earlyand28-day the OLS and 2SLS estimates
on theDischarged Earlyariable, the p-value on the test of over idemifjyrestrictions and the first-stage
f-statistic for the test of the null that that ialbtruments have a zero coefficient. In the nextitows, we
provide estimates for subgroups based on typelfedy (C-sections and vaginal deliveries). Th&.3S
estimates olischarged Earlyn the vaginal delivery sample is small and statidly insignificant. In
contrast, the coefficient on the same variabldn&@-section models is a statistically significar®
percentage points—nearly 70 percent of the sampknm

Next, we exploit the detailed data available onttinth records and hospital discharge record to
consider the impact of longer stays for newborrth wertain sets of risk factors. As we noted aboue
data allows us to construct 45 dummy variablesniedsure complications associated with the pregnhanc
or delivery. In an initial probit equation usingtd from the pre-law period, we modeled the prdligbi
of an early discharge as a function of the list@fariates used in Table 2 which includes these 45
conditions. We then identified those problems thate estimated to have a statistically significant
decrease in the probability of an early discharfleese conditions can be thought of as those
characteristics that priori were considered by providers and the newborn’sntaras requiring
additional treatment and therefore, these can bsidered as indicators of enhanced medical risieed
for additional care. For lack of a better term,ca#l these “severe problems” and we estimate 2SLS
models of sample of newborns with 0, 1+, 2+ and&ere problems. These results are reporteein th

final four rows of Table 3.
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Note that as we move from 0 to 3+ problems, sarmsigkeshrinks considerably, the early
discharge rate in the pre-law period falls preoipsty, and likewise, the readmission rate increasesly
monotonically. The 2SLS coefficient on thescharged Earlyariable in the “no problems” sample is
the smallest estimate in that column with a siatifly insignificant value of 0.0024, a number tigat
only 7 percent of the sample mean. In contraststime coefficient in the 1+ sample is a statigfica
significant 1.6 percentage points (approximatelypéd@ent of the sample mean) and the coefficient
doubles to 3.2 percentage points (approximatelgétbent of the sample mean) in the 2+ problems
sample with a p-value of 0.07. In the 3+ problemmple, the estimated 2SLS coefficient is even laatje
5 percentage points but the drop in the sampletsi2&,102 observations results in a statistically
insignificant result.

We have three additional general comments abouethdts in Table 3. First, in all cases, the
2SLS estimates of tHeischarged Earlycoefficient are larger than the OLS estimatesgssting that the
OLS results are biased downwards. This is ho mapthose with the greatest risk of a readmiskinre
longer hospital stays so the coefficient@ischarged Earlywill be biased down. Second, in all cases the
first-stage f-statistic testing the null that tleefficients on the instruments are all zero isdadispelling
any concern about finite sample bias in the 2SL8at® Third, on average, the first-stage f-stiatist
positively related with the pre-laldischarged Earlyrates (correlation coefficient is 0.68). Agaimstis
no surprise — only those who would otherwise betdisged early can be impacted by the law, so the la
should have a smaller impact on those who aredlrstaying longer.

In order to better understand the underlying caoonlét driving the compelling pattern of results in
Table 3, we select 5 of the largest prenatal/dstipeoblems and estimate separate models for negbor
who present with these specific conditions. Inl&abwe present the results based on the incidextee
of the condition, from largest to smallest. Thoé¢he five 2SLS estimates on tBbéscharged Early
variables are statistically significant (in thedladistress, diabetes, and preeclampsia/eclamasiples).
These point estimates are large in magnitude rgrfgiim 3.5 percentage points (83 percent of the

sample mean) for the diabetes sample to nearlgdréentage points (135 percent of the sample mean)
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for the preeclampsia/eclampsia sample. In therdti@ other cases (the meconium delivery and other
dysfunctional delivery samples), the estimated LAS Eairly large—45 to 60 percent of the sample
mean—nbut these results are not statistically Sicpnit.

The inconsistent pattern of results by conditiaius displays a need for a more systematic
method of identifying the pattern of heterogeneityhe benefit of longer hospital stays. One raltur
candidate for this systematic method is birthweightbaby’s birthweight has been a focal point of
researchers for establishing increased medical. n€kd last two rows of Table 4 contain the resialts
sample based on a baby being above or below S/lisle neither 2SLS estimate is statistically
significant, they suggest an underlying patterhaitrogeneity. The estimated effect for babieh @it
birthweight less than 5 Ibs is 10 times larger tti@npoint estimate for those weighing more théims5
Individuals weighing less than 5 Ibs clearly haighhmedical need, as seen by bischarged Earlyrate
of only 28.8 percent and a 28 day readmissionatde? percent. In contrast, approximately 80 petc
of individuals above 5 Ibs have are discharged/dewm the hospital and they have a 28 day readaniss
rate of 3.4 percent. The difficulty is that lowthiveight individuals are exceptionally low in nuemb
(fewer than 40,000 babies in the dataset are sntafle@ 5 Ibs at birth) making it difficult to prode
statistically significant estimates.

Overall, the results in Tables 3 and 4 suggestrakfactors that may be useful in identifying
heterogeneity in the treatment effect. First, maasure of problems provides an indicator of médica
need that is reflected in lower early dischargetstagher readmission rates in the pre—law period.
Second, as these medical problems accumulateettedits of avoiding an early discharge increase
considerably. Third, for the vast majority of jgatis in the sample, there is no estimated mederadfit

to longer hospital stays.

b. Using the Propensity Scoreto I dentify Medical Need
As discussed above, identifying a pattern in tiseilte using either individual conditions or

birthweight is hampered by the relatively small ptarsizes and the need for a systematic method for
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grouping people based on their relative levels eflital need. In order to overcome this problem, we
utilize the rich medical and demographic data alimduals during the pre-law period to identify jeats
who are most likely, in the opinion of medical githeners, to require longer hospital stays. Sieally,
we estimate the following probit equation on a skengb individuals during the time period before the

federal or state mandate:

2) Prob(Discharged Eagisl) = R = @[y o + Wy 74

where® is the standard normal CDF and all other variahtesdefined as in equation (1). The predicted
probability from this equation is the propensitprs; and it provides valuable information about the
clinical opinion of the appropriateness of additibmedical care. Higher levels of this propensitgre
indicate individuals who are more likely to be diamgyed early from the hospital. Conversely, lower
values are individuals whose medical conditionsiiregl longer hospital stays. We estimate the
parameters from this model with pre-law data omgause the decisions are based on medical parameter
before the physician’s and patient’s decision wesed by legislation. As the numbers in Figure 1
indicate, there is little if any trend in the degent variable from January of 1995 through Augtist o

1997 so it does not appear that the underlyingfacaised to decide whether to discharge a newlaoy e
were altered much over that period.

In Figure 3, we present a histogram of the distrisuof the propensity score in the pre-law and
post federal law period. The vertical axis is phepensity score rounded to the nearest 0.01 anlihis
represent the fraction of the sample with a propgssore with that value. The dark lines on i |
hand side represent the pre-law period and thé dgigty lines represent the post federal law period.
Within the graph, two results are of note. Figbten the large number of observations and the rurob
detailed covariates in the model, it should beurprise that the propensity score of an early disph

spans all values from 0.00 to 1.00. Second, theapd post-law periods have virtually identical
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distributions. Therefore, aggregating data witlsinges of the propensity score and comparing olgsom
pre and post law, we are comparing similar popaatin size and distribution of propensity scores.

The informational content of the propensity scdvewd medical need appears to be quite high as
well. We break the pre and post law propensityesmto 20 even-sized groups (vigintiles) and Qrap
the mean value of newborn birth weight (Figuretdg, mean value of gestation in days (Figure 5) and
number of complications (Figure 6) against thentiggs of the propensity score. In Figures of 4w
trends are evident. First, the propensity scoes@m excellent job of reflecting risk to the newibo
Moving from the lowest to highest vigintile in theopensity score, the average birth weight and
gestational age increases and the mean numbemgications decline. In both of these graphs the
relationships are monotonic and the curves foptieeand post-law period lie virtually on top of rac
other suggesting that the propensity score in petfods is providing similar information about tbds/o
groups.

For similarly defined people, we anticipate tha &arly discharge laws have very different
effects in the post law period on discharges aadmessions. In Figure 7, we graph the early diggha
rates for the pre and post periods against thetigs of the propensity score. Again, there appaabe
tremendous information about the underlying healftthe newborn. For both periods, early discharge
rates are nearly monotonically increasing in tiggntiles of the propensity score. We should exjtecte
gaps between the post and pre-law graphs becartanb decrease the probability of an early digghar
for similarly defined people. However, the gamds uniform within the sample. Between tHeahd the
15" vigintiles, the average change in early dischaages is nearly 34 percentage points. In contiast,
average for individuals between th&-15" and the 1% - 20" vigintiles is only 22 percentage points. This
shows that early discharge laws have less of aadimm the length of stay for newborns who are gdwa
discharged early (high propensity scores) or thesanticipate are in most need of more intensive
treatment (low propensity scores).

Finally, in Figure 8, we graph the 28 day readmissate for both groups against the vigintiles of

the propensity score. The information contentefpropensity score about the underlying healthef
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infant is illustrated by the fact that for both gps, readmission rates are nearly monotonicalllirdeg
as we increase the propensity score. The gap betthe two curves is somewhat uniform across the
vigintiles of the propensity score but we shoultenbat this graph in some respects representiuaed
form relationship—what is the impact of the eaiilsctiarge laws on similarly defined people? Recall
from Figure 6 that for people in the middle vigiesi of propensity scores the change in early drggha
rates was much greatiftan at the tails so the implied local averagettneat suggested by the two
graphs will be very different than the reduced fonodel suggested by the reduced form graph.

Table 5 contains the 2SLS estimates for groupifigsdividuals based on their respective
propensity scores. For each model, we presergaime estimates as in Table 3 and 4. Choosing the
appropriate group size for each model involvesrxahg the risk of Type Il errors caused by small
sample sizes with the risk of watering down théngstied treatment effect by including too many
individuals who may differ in the likely benefit gerated from a longer hospital stay. As can ba see
Figure 3, while the propensity score is identifeeoss the (0,1) support, the vast majority of
observations have high propensity scores. Thexefbe number of individuals with low scores—those
who are most likely to stay longer in the hospited—+elatively small.

Given these tradeoffs, we estimate the 2SLS mdgelseaking the sample into halves and thirds
of the predictedischarged Earlypropensity score and estimate the 2SLS model edtlin equation (1)
for each of these subgroups. Examining the resuttse bottom two thirds of Table 5 reveals selvera
consistent trends. First, as was graphically se&mgure 5, the readmission rate is monotonically
declining in the propensity score. Second, as pi#lvious tables, the 2SLS estimates are alwagsrar
than the OLS estimates, again providing suggestigence that the OLS model is biased down because
those with the greatest risk of a readmissiontaeddast likely to be discharged early. Finaly E-tests
for the null hypothesis that first stage instrunsesnte all zero are all uniformly large.

In the first two rows of the table, we report résidy halves of the propensity score.
Readmission rates for newborns in the bottom Hati@ propensity score are 15 percent higher than f

those in the upper half, suggesting greater medead for treatment in the lower half. The 2SLS
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estimate of th®ischarged Earlyariable in the bottom half of the propensity &cisrover twice the size
of the estimate from the top half. The estimatéecefor those in the bottom half of the propeysitore
distribution is 0.7 percentage points (20 percémh® sample mean) and is statistically significarnthe

10 percent level. In contrast, the estimated effacthose in the top half of the distributionaisly 0.3
percentage points and has a standard error ttied Eame size as the point estimate. For tho$ein
bottom half, the 2SLS estimate at the mean suggestbeing discharged early increases the chdmee o
readmission by almost a half a percentage pointlwisi nearly 20 percent of the sample mean.

When we break the propensity score up into thittspottom third of the distribution has a pre-
law period readmission rate that is 30 percentdrigan the rate for those in the top third. Glgsgy
individuals into thirds based on their propensigre shows large differences in the estimated mean
effect of being discharged early. Individualshi bottom third of the propensity score distribatieho
are discharged early have an estimated increasghémee of a readmission of 1.1 percentage points—
which is 28 percent of the sample mean. This esgéns statistically significant at the 5 percavel and
dwarfs that estimate for those in the middle tiofthe distribution. For these newborns, at tleam
being discharge early increases the chance ofdaiesion by one tenth of a percentage point wisch i
only 3 percent of the sample mean. The standaod fer this estimate is three times the parameter
value, however. To compare the magnitudes, thematgtd effect for those in the lowest third of the

distribution is 10 times larger than those in thiddte of the distribution.

VI. Conclusion

The state and federal early discharge laws wergepda part because health care providers felt
the pendulum towards more expedient care had stamfar and patients were at risk of subsequent
complications because they were being dischargedddy. As other papers have documented and the
results in this paper further illustrate, the edilscharged laws have achieved an intermediateajoal
increasing the length of post partum stays: eadgtrges fell by 27 percentage points which istbird

of the pre-law sample mean. However, the ultingat@ of the laws was to improve patient health amd
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this score, there is a mixed set of results. Garage, being discharged early is estimated to aaveall
and marginally statistically significant impact madmission rates. However, this small estimatekma
considerable heterogeneity in the benefits of theenmtensive treatment. For those in the lowidtor
guarter of the probability of being discharged waalgroup witha priori the greatest medical need for
care, the law is estimated to reduce the chanea@ddmission by almost 30 percent. In contrhstetis
little if any evidence of a benefit to greater treant intensity for those with less medical neélhe
narrow conclusion is that the same laws can geménatsame health care outcomes with substantially
reduced costs by focusing the attention of thedawhose most in need of additional care.

The broader conclusion is that more care musthEntavhen estimating the efficacy of medical
intervention. The above results highlight the nmedonsider heterogeneity in expected benefitswhe
estimate the efficacy of new treatments or policisamatic increases in health expenditures have
caused health systems around the globe to cortbiel@fficacy of medications before including them i
their coverage. For example, the National Insdifor Health and Clinical Excellence (NICE) in the
United Kingdom was established in 1999 to providelgnce to the National Health Service about which
treatments are cost effective and should be covdraedhermore, as the United States begins another
effort to reform its complex and expensive healtfecsystem there appears to be greater attentitve to
cost-effectiveness of medical treatments. In deiteéng the efficacy of various treatments and peat
is important to carefully consider potential hetgneity in the expected benefits. This can allokv f

more effective and targeted policies that can aehike same or better health outcomes at a rediostd
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Figure 5: Mean Days Gestation by Vinitiles of the
Propensity Score, Privately Insured and Medicaid Births in
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Figure 6: Mean Complications by Vinitiles of the
Propensity Score, Privately Insured and Medicaid Births in
California, 1995-2000
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Table 1
Sample Means, Privately Insured and Medicaid BimhSalifornia, 1995-2000

Pre law period Post law period
Variable Jan 1995-Aug 1997 Jan 1998-Dec 2000
Discharged early (1=yes, 0=n0) 0.788 0.511
28 day readmission (1=yes, 0=no) 0.034 0.032
Medicaid birth (1=yes, 0=no) 0.48 0.418
C-section (1=yes, 0=n0) 0.207 0.225
Birth weight (in ounces) 119.53 119.6
Gestation (in days) 276.84 276.25
No pregnancy/deliver problems
(1=yes, 0=no) 0.798 0.797

Mother’'s education (1=yes, 0=no)

< High school 0.331 0.296

High school graduate 0.479 0.480

College graduate 0.180 0.211
Mother’s race (1=yes, 0=no)

White 0.813 0.803

Black 0.070 0.065

Other 0.118 0.132
Mother’'s Age (1=yes, 0=no0)

<20 0.163 0.149

>20, <25 0.244 0.234

>25, <30 0.271 0.272

>30, <35 0.215 0.222

>35, <40 0.091 0.103

>40 0.015 0.018
Mother is Hispanic (1=yes, 0=no) 0.431 0.441
Observations 1,176,797 1,322,859

Numbers in parentheses are standard deviations.
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Table 2: OLS and 2SLS Estimates of 28-Day readamdsquation,
Privately Insured and Medicaid Births in California
January 1995-August 1996, January 199-December

OLS Estimates of 28-day readmission equation iAgseperiod

Discharged early 0.001
(0.0007)
R 0.0036
Sample means, prelaw period
Early Discharge 0.034
28-day readmissions 0.788
Observations 1,176,797
1* stage estimates, Discharged Early equation
Private ins. x vaginal delivery x -0.296***
Federal law (0.002)
Private ins. x c-section x -0.137***
Federal law (0.003)
Medicaid x vaginal delivery x -0.137***
Federal law (0.002)
Medicaid x c-section x -0.031***
Federal law (0.004)
Medicaid x vaginal delivery x -0.067***
state expansion (0.002)
Medicaid x c-section x -0.052***
state expansion (0.003)
F-test, H: all instruments =0 5923.2
(p-value) (0.000)
Observations 2,499,656
2SLS Estimates, 28-day readmission equation
Discharged early 0.005
(0.003)
P-value, test of over-identifying 0.0574
restrictions
Obsevations 2,499,656

Standard errors (in parenthesis) were calculatedilg for an arbitrary correlation in errors withi
hospitals over time. Other covariates in the mauglde cubic terms in birth weight and gestatibred
effects for mother’s age, race, ethnicity, educatevious births, multiple births, the month, ey
and hour of the day, the size, location and owmgrstiatus of the hospital, and the baby’'s sex. The
models also include dummies for the interactiodadivery type (c-section versus vaginal) and insaea
status (private versus Medicaid), plus a uniquethignime trend for each of these unique combinetio
*=p-value<0.10

**=p-value<0.05

***=p-value<0.001
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Table 3: OLS and 2SLS Estimates of 28-Day readamdsquation, Privately Insured and Medicaid Birtn&alifornia,
January 1995-August 1996, January 199-December

Means in pre-law period Coefficient (standaragron F-test
Discharged Early Variable (P-value)
Discharged  28-day P-value test No. First stage
Sample Obs. Early readmission OLS 2SLS of overid.  instruments instruments
Full Sample 2,499,656  0.788 0.034 0.001 0.0047* 0.0574 6 5,923.2
(0.0007) (0.0028) (0.000)
C-sections 541,042 0.863 0.028 0.003** 0.019** 0.1397 3 782.3
(0.001) (0.009) (0.000)
Vaginal deliveries 1,958,614  0.768 0.036 0.0007 0.004 0.0691 3 10,832.7
(0.0008) (0.003) (0.00)
No problems 1,992,783  0.815 0.034 -0.0007 0.0024 0.2254 6 5,087.2
(0.0008) (0.0029) (0.000)
1+ problems 506,873 0.68 0.038 0.006*** 0.016** 0.4542 6 893.4
(0.0013) (0.0067) (0.000)
2+ problems 115,441 0.552 0.042 0.014*** 0.032* 0.5300 6 132.7
(0.002) (0.017) (0.000)
3+ problems 27,102 0.43 0.041 0.021 0.050 0.1480 6 22.0
(0.005) (0.035) (0.000)

Standard errors (in parenthesis) were calculatedialg for an arbitrary correlation in errors withinospitals over time. Other covariates in the
model include cubic terms in birth weight and giaeta fixed effects for mother’s age, race, ethyiogducation, previous births, multiple births,
the month, weekday and hour of the day, the simation and ownership status of the hospital, hadaby’s sex. The models also include
dummies for the interaction of delivery type (ci8@t versus vaginal) and insurance status (privatsus Medicaid), plus a unique monthly trend
for each of these unique combinations.

*=p-value<0.10

**=p-value<0.05

***=p-value<0.001
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Table 4: OLS and 2SLS Estimates of 28-Day readamdsquation, Privately Insured and Medicaid Birtn&alifornia,
January 1995-August 1996, January 199-December

Means in pre-law period Coefficient (standard
error) on Discharged F-test
Early Variable P-value (P-value)
Discharged 28-day test of No. First stage
Sample Obs. Early readmission OLS 2SLS overid.  instruments instruments
Full sample 2,499,656 0.788 0.034 0.001 0.0047* 0.0574 6 5,923.2
(0.0007) (0.0028) (0.000)
By Specific Complications and Conditions
Meconium delivery 114,416 0.739 0.032 -0.004** 0.019 0.2561 6 245.2
(0.002) (0.014) (0.000)
Fetal distress 70,005 0.718 0.034 0.006*  0.044** 0.0571 6 96.1
(0.003) (0.021) (0.000)
Preclampsia/eclampsia 54,042 0.605 0.040 0.008**  0.0543** 0.7422 6 77.4
(0.003) (0.022) (0.000)
Diabetes 51,848 0.72 0.042 0.007** 0.035* 0.8741 6 102.0
(0.003) (0.021) (0.000)
Other dysfunctional 44,722 0.83 0.032 -0.003 0.0143 0.269 6 54.0
delivery (0.004) (0.0263) (0.000)
By Birthweight
Birthweight < 5 Ibs 36,964 0.288 0.042 0.027*** 0.053 0.5525 6 20.2
(0.005) (0.047) (0.000)
Birthweight> 5 Ibs 2,462,692 0.795 0.034 0.0004 0.005 0.0793 6 5926.9
(0.0005) (0.003) (0.000)

Standard errors (in parenthesis) were calculatediag for an arbitrary correlation in errors withihospitals over time. Other covariates in the
model include cubic terms in birth weight and gesta fixed effects for mother’s age, race, ethgioceducation, previous births, multiple births,
the month, weekday and hour of the day, the simation and ownership status of the hospital, hadaby’s sex. The models also include
dummies for the interaction of delivery type (cts@t versus vaginal) and insurance status (privateus Medicaid), plus a unique monthly trend
for each of these unique combinations.

*=p-value<0.10

**=p-value<0.05

***=p-value<0.001
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Table 5: OLS and 2SLS Estimates of 28-Day readamdsquation, Privately Insured and Medicaid Biritn&alifornia,
January 1995-August 1996, January 199-December

Coefficient (standard
Means in pre-treatment  error) on Discharged

period Early Variable F-test
P-value (P-value)
Discharged 28-day OLS 2SLS test of No. First stage
Sample Obs. Early readmission overid. instruments instruments

Full sample

By halves of the propensity scoreligcharged early

Bottom half 1,249,829 0.674 0.037 0.002**  0.007* 0.0650 6 3,116.6
(0.0009) (0.004) (0.000)

Top half 1,249,827  0.905 0.032 -0.002* 0.003 0.6699 6 2,968.5
(0.001) (0.003) (0.000)

By thirds of the propensity scoreischarged Early

Bottom third 833,219  0.599 0.039 0.003**  0.011** 0.3006 6 1,679.8
(0.001) (0.005) (0.000)

Middle third 833,219  0.853 0.034 -0.0004  0.001 0.2620 6 2,986.7
(0.001) (0.003) (0.000

Top third 833,218  0.920 0.030 -0.002* 0.005 0.1526 6 1,495.2
(0.001) (0.005) (0.000)

Standard errors (in parenthesis) were calculatediag for an arbitrary correlation in errors withihospitals over time. Other covariates in the
model include cubic terms in birth weight and giaeta fixed effects for mother’s age, race, ethyiogducation, previous births, multiple births,
the month, weekday and hour of the day, the simation and ownership status of the hospital, hadaby’s sex. The models also include
dummies for the interaction of delivery type (cts@t versus vaginal) and insurance status (privateus Medicaid), plus a unique monthly trend
for each of these unique combinations.

*=p-value<0.10

**=p-value<0.05

***=p-value<0.001
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