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Abstract 
 

The first chapter investigates whether mandating a managed care option for California Medicaid 
beneficiaries improves access to prenatal care and birth outcomes in a traditionally fee-for-
service system.   We compare two competing models: one that only offers a county-organized 
health system option (COHS), and the Two Plan Model (TPC) that provides mothers with a 
choice between the county system and a commercial managed care organization.  The results 
show that while COHS improved access, only the TPC program led to reductions in low-birth 
weight.  The superior health outcomes obtained with TPC might be explained by higher quality 
care induced by competition among health providers and/or mainstreaming Medi-Cal 
beneficiaries into commercial organizations that also serve higher income populations.  
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1.0 Introduction 
 

During the 1990s, California undertook a sweeping change in its Medicaid program by 

shifting over half of the beneficiaries from fee-for-service into managed care.  In fact, by 2001, 

over 5.8 million Medi-Cal recipients (52 percent) were enrolled in managed care.  California was 

not alone as 57 percent of all Medicaid recipients nation-wide were in managed care by 2002 

(Figure 1).1   States embraced managed care in part as a solution to control skyrocketing costs 

following private sector success with using managed care to control cost during the 1980s 

(Kaestner, 2002), and as a means of improving access to quality primary care for low-income 

groups (McCall et. al., 2000).  Indeed, access to quality care has been a problem for fee-for-

service Medi-Cal patients (Menges et. al., 2001; Coburn et. al., 1999). In fact, many pregnant 

Medi-Cal beneficiaries started prenatal care late and most used providers associated with the 

county public health care systems. 

In this paper, we investigate the impact of California mandating that Medi-Cal 

beneficiaries be given a managed care option on their access to prenatal care and birth outcomes.  

We take advantage of the fact that California mandated that Medi-Cal recipients in 22 out of 58 

counties be provided with a managed care option (Table 1).  In addition, counties began 

implementing the mandate at different times between 1994 and 2000. This variation in time and 

geography provides us with a potential instrument for estimating the impact of managed care on 

the health outcomes of California’s poor using a double difference approach. 

We also examine the importance of offering an existing mainstream commercial 

managed care option as opposed a county organized managed care plan, which is a non-

                                                 
1 Presently, all states except for Alaska and Wyoming have some form of Medicaid managed care (Kaiser 
Commission on Medicaid and the Uninsured, 1999). 
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commercial managed care option that contracts with the network of mainly public providers 

traditionally used by Medi-Cal beneficiaries. A number of counties implemented County 

Organized Health Systems (COHS) that provide a single county organized managed care option, 

whereas others used the Two Plan Model (TPC) that offers choice between a mainstream 

commercial plan and the county organized option.  

Using longitudinal birth record information from California’s vital statistics from 1991 

through 2001, and paying close attention to the choice of control group, we find that offering 

managed care reduced the number of low-birth weight and premature births in TPC counties, but 

not in COHS counties. These findings are especially remarkable given the overall rise in low-

birth weight and premature babies during the 1990s.  Moreover, that managed care had positive 

health benefits is important for public policy given that there do not appear to be any cost 

savings for Medi-Cal from managed care (Duggan, 2002). 

These results also highlight the importance of providing a mainstream commercial 

managed care option to improve the health of babies in poor populations. The commercial 

groups effectively mainstream Medi-Cal beneficiaries into care equivalent to mothers with 

higher incomes.  Moreover, the commercial option in the TPC model may have applied 

competitive pressure on the non-commercial managed care option to provide better quality of 

care.  

The paper is organized as follows. In section 1 we describe the pathways by which 

managed care might influence birth outcomes in poor populations and the existing evidence. We 

outline the main managed care models in California in Section 2.  Section 3 describes the 

construction of the data, the treatment and comparison groups, and the dependent variables.  The 

identification strategy is explained in Section 4 and Section 5 presents the validity of the 
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In addition to the incentives to invest in prevention, an additional mechanism by which 

managed care might improve health outcomes is through provider competition for patients.  One-

way providers can compete for a patient is by improving the quality of their services.  Our 

analysis sheds light on the importance of competition in managed care on health outcomes. Our 

findings show that health outcomes improved for the Two Plan Model whereas there was little 

change in the model without competition, COHS.  This suggests that in addition to the 

preventive care incentives imbedded in capitation, choice and competition are additional 

important mechanisms by which managed care improves health outcomes. 

Past results on managed care’s ability in improve quality and access for the commercial 

population are mixed.  (Luft, 1981;
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Griffen et. al., 1999).  Lastly, Kreiger et. al. (1992)  use control groups, but lack pre-intervention 

data. 

Two studies use a double difference approach. (Kaestner et. al., 2002; Duggan, 2002).  

On the national level, Kaestner et. al. (2002) find that Medicaid managed care has not 

significantly impacted infant health.  The authors perform double difference analyses but have 

difficulties because they cannot clearly identify which births were insured by Medicaid in their 

data.   

In California, Duggan (2002) uses 1993 to 2000 California hospital discharge data to 

examine the impacts of the managed care mandates on avoidable hospitalizations among children 

and infant death.   He uses the FFS Medi-Cal counties as a control group and finds that child 

health status remained unchanged, and that infants were no less likely to die. 

Duggan (2002) also evaluates the impact of the shift from fee-for-service to managed 

care on California state health expenditures. He finds a 15 to 20 percent increase in county Medi-

Cal spending was associated with the switch from fee-for-service to managed care.  However, he 

also finds almost no increase in government expenditures in those counties where 35 percent or 

more of their recipients were already enrolled in an HMO at the time of the mandate, suggesting 

the cost rise is likely to be temporary.  

In these two papers the authors were unable to test if their control group is a valid 

counterfactual.  Although a definitive test is impossible since we will never be able to know what 

would have happened to the treated had they not been treated, pre-intervention data can be used 

to test if the slope of the outcomes variables for the treatment and control groups are similar.  We 

therefore cannot be sure if their results are due to the initiation of managed care for the Medicaid 

population or other factors, which may have caused the groups to have differing trends in the 
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growth rate of the outcome variables.  In our paper, we pay careful attention to choosing the 

correct control group.  We identify three possible control groups—the Medi-Cal fee-for-service 

patients, the un-insured in  Medi-Cal managed care counties, and the commercially insured in 

Medi-Cal managed care counties—and test their appropriateness as counterfactuals using pre-

intervention data.   We choose different control groups for the COHS and the TPC treatment 

groups. 

 
 
3.0 Medi-Cal Managed Care  

 
Medicaid managed care is not new to California, as Santa Barbara began such a program 

in 1983.    However, starting in 1993, the state mandated that 22 out of the State’s 58 counties to 

provide their Medi-Cal beneficiaries with a 
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The county operates it as an independent public entity that meets the insurance regulatory 

requirements for pre-paid health plans.  This entity contracts with the network of providers who 

traditionally provided care to Medi-Cal beneficiaries, most of which are in the county public 

health care system. The California State Medi-Cal Assistance Commission pays the COHS a 

prepaid capitated rate each month for each Medi-Cal recipient (McCall et. al., 2001).   

In 1995, 12 counties were designated to participate in the state’s TPC managed care 

program.  Under TPC, the county’s Medi-Cal beneficiaries can choose between a commercial 

managed care plan and a county-developed plan similar to COHS called the local initiative that 

is intended to preserve the network of traditional safety net pr
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4.0 The Data 

 
Our empirical analysis is based on 1991 to 2001 California data from the Birth Statistical 

Masterfile that is available from the California Department of Health Services, Office of Health 

Information and Research.  This database contains information on all live births reported on birth 



 10

Preterm delivery, the birth of an infant before 37 gestational weeks are completed, is the 

principal determinant of low birth weight and is the factor considered most responsible for the 
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correlated with birth outcomes. For example, richer counties with more health care infrastructure 

and where birth outcomes were better may have been the ones that received the mandates.  In 

this case, the correlation between managed care and birth outcomes would be confounded with 

the wealth effect.  In principle, many of the types of (unobservable) characteristics that may 

confound identification are those that vary across counties, but are fixed over time.  A common 

method of controlling for time invariant unobserved heterogeneity is to use panel data and 

estimate double difference models. 

Therefore, without the benefit of a controlled randomized trail, we turn to a double 

difference approach, which compares the change in outcomes in the treatment group before and 

after the intervention to the change in outcomes in the control group.3 By comparing changes, we 

control for observed and unobserved time-invariant county characteristics that might be 

correlated with the managed care decision as well as with birth outcomes.  The change in the 

control group is an estimate of the true counterfactual, that is, what would have happened to the 

treatment group if there were no managed care mandates.  Another way to state this is that the 

change in outcomes in treatment areas controls for fixed characteristics and the change in 

outcomes in the control areas controls for time varying factors that are common to both control 

and treatment areas. 

 
 

5.1 Empirical Strategy 
 
We compute the double difference estimate using a linear regression of the form:  

 

                                                 
3 The double difference estimator is one of the most widely used in the evaluation literature (see, amongst others, 
Angrist, 1995; and Heckman et. al., 2000). 
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it
k

itkkjjttjijt uXtTMCtY +++++= ∑δλγβα ,    (1) 

where: 
Yijt = birth outcome for birth i in zip code j in year t 
αj’s = zip code fixed effects 
βt’s = year fixed effects 
t           = year  
Tj = 1 if the county in which zip code j is located will offer managed 
               care at some point in time 
MCjt = 1 if managed care was offered to Medi-Cal beneficiaries in zip 
               code j in year t 
Xitk’s = socio-economic characteristics of parents 
εit’s = disturbance terms. 

 
The coefficient γ is the double difference estimate of the average impact of making 

managed care available to Medi-Cal beneficiaries on birth outcomes. Since few women give 

birth in every year it is not feasible to have a mother fixed effect.  Rather we include zip code 

fixed effects, which controls for zip code level factors that do not change over time.  We do, 

however, include a set of birth specific socio-economic controls such as the age and education 

level of the mother and father. We also include year fixed effects, which control for time varying 

factors that are common to both control and treatment areas. Finally, we include a linear time 

trend interacted with whether a county will become a treatment county at some point in time to 

allow for different time trends. 

The above specification assumes that the program had an immediate impact and that the 

level of the impact was constant over time.  An alternative hypothesis is that the program took 

some time to implement, and time for beneficiaries and providers to learn how best to use it.  In 

order to allow for this possibility we estimate a more general version of equation (1): 

 

,s
ijt j t s jt k itk it

s k
Y t MC X uα β γ δ= + + + +∑ ∑     (2) 
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where s is the number of years that managed care has been available in a zip code, s
jtMC equals 1 

if managed care was available s years in zip code j in year t.  

 
 

5.2 Threats to Validity of Identification 
 
There are three critical assumptions for γ to be an unbiased estimate of the program 

impact. The first is the assumption that the change in birth outcomes in comparison areas is an 

unbiased estimate of the counterfactual—i.e. what would have happened to birth outcomes in the 

treatment areas if managed care had not been offered.  While we cannot directly test this 

assumption, we can test whether the secular time trends in the control and treatment counties 

were the same in the pre-intervention periods (Heckman and Hotz, 1989).  If the secular trends 

are the same in the pre-intervention periods, then it is likely that they would have been the same 

in the post intervention period if the treated counties had not offered managed care.  

The second concern is that there may be unobserved characteristics that vary across time 

and space, which are correlated with both birth outcomes and the mandates. For example, it 

could be that the areas where managed care was mandated were also hit by positive economic 

shocks so that the socio-economic mix of Medi-Cal beneficiaries evolved differently over time. 

We address this concern by directly controlling for socio-economic characteristics of the parents.  

The third concern is that the impact of treatment on the treated may not be homogenous 

across beneficiaries, but rather vary as a function of their characteristics.  For example, the 

impact of managed care may matter for mothers who are uneducated.  In this case, simple double 

difference estimates may suffer from two additional sources of bias (Heckman et. al., 1997; 



 14

treatment and control observations that do not have common support of observable 

characteristics, x.  The second bias may arise from different distributions of the vector of 

observable variables that affect birth outcomes (x) within the treatment and comparison groups 

with a common support.4 

Matching methods eliminate these last two potential sources of bias by pairing women in 

managed care counties (treatments) with women in non-managed care counties (controls) that 

have similar observed attributes. Using observations in the treatment and comparison groups 

over the region of common support in the distribution of x eliminates the first source of concern, 

while the bias due to different distributions of x between treated and untreated counties within 

this common support is eliminated by re-weighting the control group observations. 

In general, conventional matching methods assume that, conditional on the observed 

variables x, the counterfactual outcome distribution of the treated units is the same as the 

observed outcome distribution of the units in the control group. This assumes that there is no 

selection into treatment on the basis of unobservables. To avoid the necessity of this assumption, 

Heckman et. al. (1998b) propose a generalized double difference matching estimator that extends 

conventional matching methods to longitudinal data. By conditioning on fixed-effects, the 

generalized double difference estimator identifies the parameter of interest without ruling out 

selection into treatment on the basis of time-invariant unobservables. 

The objective, then, is to construct a control group by finding controls that have similar 

observed x’s as the treatments. Rosenbaum and Rubin (1983) show that to match treated and 

untreated units on the basis of x is equivalent to match them using a balancing score B(x). The 

                                                 
4 Heckman et. al. (1997) suggests that, in practice, the firs
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coarsest balancing score is the propensity score which gives the conditional probability of 

receiving treatment given the pre-treatment values of the vector x, i.e. P(x) = Pr(MCjt = 1 | x). 

Then, the method of matching assumes that conditional on P(x), the counterfactual outcome 

distribution of the treated units is the same as the observed outcome distribution of the controls. 

This result is very important in practice since it reduces the potential problem of matching on a 

high dimensional vector x to matching on a scalar. 

We estimate propensity scores using a logit model of the probability that a birth was in a 

managed care county as a function of the socio-economic characteristics found in Table 2. These 

models are then used to predict the propensity (probability) that a birth is in a managed care 

county. The logit equation is adjusted by including the interactions between different 

characteristics to find the best fit possible for each of the different comparison groups.  We check 

that the estimated propensity score does a good job of matching by verifying that the difference 

in means of the observable characteristics is not significantly different between the treatment and 

comparison groups within 20 subgroups created based on intervals of the propensity score.  

We identify control and treatment observations on a common support as follows. We 
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score.  However, the estimated effect sizes did not very across deciles and we therefore only 

report the results for the analysis on the whole overlapping support.  

 

 
5.3 Comparison Groups  

 
The key to implementing double difference analysis is to find valid comparison groups. 

We have two treatment groups, COHS and TPC, and consider three possible comparison groups 

that are summarized in Table 3:  

 
1. Comparison 1: Births to mothers covered by Medi-Cal that occurred in counties 
that did not switch to manage care but stayed on fee-for-service (FFS).  

   
2. Comparison 2: Births to uninsured mothers or “self-pay” mother’s that are in the 
same counties as the TPC or COHS mandates.   

 
3. Comparison 3: Births to mothers covered by commercial insurance that occurred 
in the same counties as the TPC or COHS mandates.  

 
The advantage of comparison group 1, Medi-Cal FFS group, is that both types of patients 

are enrolled in Medi-Cal and therefore have similar socio-economic characteristics.  However, 

the comparison groups are located in different counties, and these counties tend to be more rural, 

as they are less populated and have fewer large cities than the treatment counties.  Environmental 

factors such as the availability and quality of medical care might evolve differently over time in 

these counties implying that the change in this comparison group might be a biased estimate of 

the counterfactual.  Comparison groups 2 and 3 are located in the same counties and therefore do 

not suffer from this bias.  However, self-pay and commercial insurance beneficiaries may look 

very different from Medi-Cal recipients.  While the double difference approach controls for 

differences between the treatment and comparison group that are fixed over time, the self-pay 
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and commercially insured may be subject to different environmental impacts even if located in 

the same county as the Medi-Cal beneficiaries.   

In total there are 1,307,725 treatment observations (Table 4).  Approximately 88 percent 

of these observations are in the TPC Medi-Cal treatment group, leaving 159,204 in the COHS 
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where Tj  = 1 if the county in which zip code j is located will eventually offer managed care to 

Medi-Cal beneficiaries.  If the secular trends are the same then the λt’s  will not be significantly 

different from zero. 

We run separate models for both treatment groups with each of the comparison groups 

using the pre-intervention data. For comparison group 1, we use all Medi-Cal observations from 
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part of the managed care mandates, so have not experienced any major health system changes.  

Changes in LBW in this case must be a result of other factors.    Using equation 3 we test 

statistically that the pre-mandate trends of the birth outcomes for the self-pay are the same 

whether the birth is in a Medi-Cal managed care county (comparison group 2)  or in a non-
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non-managed care counties. This amounts to subtracting the difference in the secular time trends 

between comparison group 2 and 4 from the standard double difference analysis using 

comparison group 1 (Table 3).   Similarly, we co
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groups are the same, adjusting for differences in the trends between the intervention and non-

intervention counties. 

Our hope then is that the Medi-Cal patients in non-intervention counties (comparison 

group 1) will be a valid comparison group if we use the self-pay (comparison groups 2 and 4) or 

the commercial (comparison groups 3 and 5) to adjust for differences in secular trends between 

intervention and non-intervention counties.  We estimate equation five and report the F-statistics 

for the joint significance of the κt in Table 6. The results show that if we use the self-pay 

(comparison groups 2 and 4) to account for differences in spatial trends, 
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high school and that are teen mom, as well as a larger proportion of Hispanics than in the self-

pay comparison group.   

Comparing the TPC Medi-Cal managed care and comparison group 1, the mean age and 

education levels of the parents differ by less than one year, though there are a larger portion of 

mothers who have not finished high school, and slightly fewer teen moms in the treatment group.  

The racial composition between these groups is also different.  There are fewer Caucasian 

parents and more Hispanic parents in the Medi-Cal managed care population than the 

comparison group, the Medi-Cal FFS population. 

The difference in means for many of the birth outcomes, during the pre- and post-

mandate periods are significantly different between the Medi-Cal managed care counties and the 

comparison groups (Table 7).  Many of the differences are actually quite small, yet are 

significant due to the large sample sizes. 

 

6.2 Double and Triple Difference Results 
 
Given that double difference analysis requires a comparison group, we use the propensity 

score to ensure that the observables of the treatment and comparison groups are in the same 

range.  The impact is reported both before and after this common support is created to examine if 

it causes any important changes in the results.  We also report the results of the impact of the 

entire post-intervention, as well as, with pooling some years together.  Specifically, we pool the 

first two years of the mandates to examine the impact in the initial stages of the managed care 

mandates, and then pool the rest of the years.  We test if the impact in the first two years is 

different from the impact in the remaining years. 
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The results for the COHS treatment group show that managed care has lead to 

improvements in access to prenatal care but has had almost no impact on birth outcomes (Table 

8).  There is little difference in the average treatment affect between the outcomes with and 

without the propensity score common support.   We find that the month that a Medi-Cal 

beneficiary begins prenatal care decreases by about 5 percent, and 6 percent more women started 

prenatal care in the first trimester.  There is also a significant 30% decrease in extremely low 

birth weight when the common propensity score support is used. There are no other significant 

reductions in the percent of low birth weight or premature babies.  

Furthermore, the managed care mandates had an immediate and growing effect on access 

to pre-natal care.  The month treated woman began prenatal care reduced by almost 4 percent in 

the first 2 years, but by over 7 percent over the next 4 years of managed care.  Likewise, 4 

percent more treated woman began prenatal care in the first trimester during the first two years, 

and this percentage doubled to 8 percent for the remaining 4 years of the program.  Interestingly, 

the reductions in extremely low birth weight occurred during the first two years of the mandates 

and were not sustained for the following years. 

The results on prenatal care access are less profound for the TPC treatment group than for 

the COHS, but we find important reductions in both the number of low birth weight and 

premature babies for this group (Table 9).  This time there are differences in both the impacts 

and the significance levels if a common propensity score support is used.  Without the propensity 

score common support, there is a significant reduction in the month prenatal care began of 

almost 1 percent and a similar increase in Medi-Cal mom starting prenatal care in the first 

trimester.  With the common propensity score support the impacts are the same but they are no 

longer significant.  There is also a more than 8 and 7 percent decline in the in incidence of 
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premature and low birth weight babies respectively for those who have a common propensity 

score.   

Turning to the pooled impacts, we find the redu
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(Duggan, 2002).  Despite the lack of cost savings, our results provide a rationale for Medicaid 

turning to Managed Care. Medicaid programs can make healthier babies by providing 

commercial managed care options that mainstreams beneficiaries. 
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8.0 Tables and Figures 
 
 

Figure 1: Medicaid Managed Care (MMC) Penetration Rates, 1991-2002. 
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Table 1: Medi-Cal Managed-Care Plan Types and Beneficiary Information by County. 
 

County

Total in TPC, COHS 
Plans

(%)

California 5,840,000 2,642,865 45%

By Type of Managed-Care Plan
Total in TPC counties 21,321,872 4,097,040 2,176,136 53%
Total in COHS counties 5,427,796 575,361 466,729 81

By County
Monterey  COHS Oct-99 409,511 63,953 48,190 75
Napa      COHS Mar-98 129,130 10,492 8,345 80
Orange    COHS Oct-95 2,872,632 301,928 241,333 80
Santa Cruz COHS Jan-96 264,525 27,248 23,032 85
Solano COHS May-94 408,095 45,106 41,140 91
San Mateo COHS Dec-87 759,313 47,741 38,659 81
Santa Barbara COHS Sep-83 417,331 54,486 44,862 82
Yolo COHS May-01 167,259 24,407 21,168 87
Alameda   TPC Jan-96 1,492,004 186,533 96,037 51
Contra Costa TPC Feb-97 942,662 89,468 45,667 51
Fresno    TPC Nov-96 825,365 235,991 149,999 64
Kern      TPC Jul-96 694,749 162,118 94,880 59
Los Angeles
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Table 2:  Means of Parent Characteristics. 
 

Parent's Characteristic Treatment Control 
Group

Difference 
in Means

Age of father 28.1 32.2 -4.2 ***
Education of father 9.6 12.4 -2.8 ***
Age of mother 25.1 28.5 -3.4 ***
Education of mother 9.5 12.1 -2.6 ***
Mother's age <18  =1
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Table 3: Potential Treatment and Comparison Groups. 

 
Insurance Type Medi-Cal Managed Care 

Counties
Medi-Cal FFS Counties

Medi-Cal Treatment (COHS or TPC) Comparison 1
Self-Pay Comparison 2 Comparison 4
Commercial Comparison 3 Comparison 5  

 
 
 
 
 
 
 
 
 
 
 
 

Table 4: Number of Births. 
 

Medi-Cal TPC Treatment 639,172 408,234 1,047,406 101,115 1,148,521
Medi-Cal COHS Treatment 63,091 81,350 144,441 14,763 159,204
Medi-Cal FFS Control for TPC1
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Table 5: Test for Secular Trends in Pre-Intervention Years for the COHS Group. 
Without Propensity Score Common Support (NO PS) and with Propensity Score Common Support (PS) 

 

NO PS PS NO PS PS NO PS PS NO PS PS NO PS PS NO PS PS NO PS PS

COHS Treatment and Comparison 1
Observations 303,750 229,089 303,750 229,089 303,750 229,089 303,750 229,089 303,750 229,089 303,750 229,089 303,750 229,089
F-value
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Table 8: COHS Group Year and Zip Code Fixed Effects, Double Difference Regressions. 
Without Propensity Score Common Support (NO PS) and with Propensity Score Common Support (PS) 

 

NO PS PS NO PS PS NO PS PS NO PS PS PS NO PS PS NO PS PS NO PS
COHS Treatment and Comparison 2 (self-pay) - Average Impact of Mandate 
Mandate  -0.168*** -0.148*** 0.037*** 0.034*** 0.06* 0.056 -0.002 -0.001 -0.001 -0.001* -0.002 -0.002 -0.001 -0.001

[0.017] [0.018] [0.004] [0.005] [0.036] [0.039] [0.002] [0.002] [0.001] [0.001] [0.003] [0.003] [0.001] [0.001]
% ∆ DV -5.05% -4.46% 5.94% 5.45% 0.59% -4.38% -2.19% -29.53% -29.53% -2.42% -2.42% -7.10% -7.10%
COHS Treatment and Comparison 2 (self-pay) - Pooled Year Impacts
Year 1 and 2 of Mandate  -0.125*** -0.101*** 0.027*** 0.024*** 0.006 -0.002 -0.003 -0.002  -0.001* -0.001** -0.003 -0.002 -0.001 -0.002

[0.018] [0.019] [0.005] [0.005] [0.039] [0.042] [0.002] [0.002] [0.001] [0.001] [0.003] [0.003] [0.001] [0.001]
Years 3 + of Mandate  -0.121*** -0.132*** 0.027*** 0.029*** 0.152*** 0.162*** 0.002 0.003 0 0.001 0.001 0 0.002* 0.003**

[0.018] [0.019] [0.005] [0.005] [0.039] [0.042] [0.002] [0.002] [0.001] [0.001] [0.003] [0.003] [0.001] [0.001]
% ∆ DV Year 1 and 2 -3.75% -3.04% 4.33% 3.85% 0.06% -0.02% -6.57% -4.38% -29.53% -29.53% -3.62% -2.42% -7.10% -14.21%
% ∆ DV Years 3 + -7.39% -14.08% 8.67% 8.49% 1.49% 1.59% -2.19% 2.19% 0.00% 0.00% -2.42% -3.62% 7.10% 7.10%
COHS Treatment and Comparison 2 (self-pay)  - Per Year Impact of Mandate
Mandate 1 yr -0.084 -0.054** 0.016 0.009 0.005 -0.017 0 0 -0.001 -0.001* -0.002 -0.002 -0.002 -0.002

[0.023]*** [0.025] [0.006]*** [0.006] [0.049] [0.054] [0.003] [0.003] [0.001] [0.001] [0.004] [0.004] [0.002] [0.002]
Mandate 2 yr -0.16 -0.148*** 0.035 0.035*** 0.127*** 0.138*** -0.005 -0.004 -0.002 -0.002** -0.002 -0.001 -0.001 -0.001

[0.020]*** [0.022] [0.005]*** [0.006] [0.044] [0.049] [0.002]** [0.003] [0.001]** [0.001] [0.003] [0.004] [0.001] [0.001]
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Table 9: TPC Group Year and Zip Code Fixed Effects, Triple Difference Regressions. 
Without Propensity Score Common Support (NO PS) and with Propensity Score Common Support (PS) 

NO PS PS NO PS PS NO PS PS NO PS PS NO PS PS NO PS PS

TPC Treatment and Comp
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