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Abstract
Following the passage of the Patient Protection and Affordable Care Act (ACA) of 2010, many –
but not all – states decided to expand their Medicaid program in line with provisions of the new law.
Will low-income individuals respond to the incentives of living in a state with better health subsidies
by relocating to the state? This paper addresses this question by examining the population growth
rate of low-income individuals in Massachusetts following the Massachusetts Health Care Reform
(MHCR) of 2006. Like the ACA, the MHCR expanded the Medicaid program, and also provided
subsidized health insurance for low-income individuals. Using difference-in-differences and triple-
differences models and Internal Revenue Service tax return data, we show that the reform did not
have a global effect on the movement of low-income individuals across all cities in Massachusetts.
However, we also show that the reform did have a local (or border) effect on the movement into
border cities of the state, an effect that is relatively large for cities very close to the border but
disappears quickly once the distance to border goes beyond 15 miles.
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 Will low-income individuals move to a state with better health subsidies?  

 This paper estimates the migration impact of the 2006 Massachusetts health care reform. 

 We use difference-in-differences and triple-differences models, with tax return data. 

 We find that the reform had no global effect on the overall movement into the state. 

 We also find that the reform had a border effect on cities closest to the state’s borders. 

 

  



3 

 

1. Introduction 

Government taxes and subsidies have been long debated as influential factors in shaping 

individual behavior (Bovenberg and Jacobs, 2005; Headey et al., 2000; Giulietti and Wahba, 

2012). One behavioral dimension is individual mobility. Public assistance programs whose 

generosity varies across states may create incentives for individuals to move from one location to 

another in order to benefit from greater transfers, a phenomenon that is at the heart of the theory 

of the “welfare magnet” (Nannestad, 2007; Giulietti and Wahba, 2012). While the costs of 

relocation are usually so high that welfare programs are seldom found to be a primary reason for 

international movements (Giulietti and Wahba, 2012), intra-country (or interstate) movements in 

response to welfare programs of different magnitudes across states are more likely, especially in 

decentralized political systems such as the United States (Kaestner et al., 2003; De Jong et al., 

2005). The relocation of individuals motivated by government welfare programs is normally 

viewed as undesirable since relocation creates an extra financial burden for the host region, and 

may in fact lead to a “race to the bottom” in the provision of such transfers (Brueckner, 1999; 

Bailey and Rom, 2004). Examining the potential significance of different welfare programs in 

attracting new residents to a state is of primary importance for public officials. 

In this paper we examine the impact of government subsidies on individual mobility, 

focusing on the effects of the 2006 health care reform in Massachusetts. Specifically, we 

examine whether the provision of free or subsidized health insurance for low-income individuals, 

enacted as part of the 2006 Massachusetts Health Care Reform (MHCR), created a positive net-

flow of low-income individuals to Massachusetts. This is especially relevant in the current and 

ongoing debate about the 2010 Patient Protection and Affordable Care Act (ACA). By mid-2017 

only 32 states (including the District of Columbia) had expanded their Medicaid program in line 
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with ACA (Families USA, 2017), leaving the low-income residents of the remaining states 

outside of this ACA safety net. Will individuals move between states in response to different 

state participation in the ACA? Of some importance, if the ACA is repealed but some states 

continue to cover their low-income individuals, will the low-income households who lose their 

Medicaid coverage move to more generous states? 

The MHCR provides an opportunity to address these questions given that the MHCR is 

the benchmark for the ACA (Schwartz and Sommers, 2014) and that it provides a model that 

more generous states are likely to follow even if the ACA is repealed. More generally, the 

MHCR provides an opportunity to examine how differential state provision of welfare benefits 

and in particular health subsidies affect the movement of low-income individuals across state 

borders. 

We utilize two different approaches to examine whether the MHCR affected the 

population of low-income individuals in Massachusetts, a “global analysis” and a “border 

analysis”. In our global analysis, we follow important previous empirical work on the MHCR by 

Schwartz and Sommers (2014), focusing on the global, or state-wide impact, of the reform. 

Using aggregated tax return data from the Internal Revenue Service (IRS), we compare the 

population growth rate of low-income individuals in cities of Massachusetts to the growth rate in 

cities of the neighboring states of Connecticut and Rhode Island, using a difference-in-

differences (DID) model. For a robustness check, we add a third dimension in triple differences 

estimates (or the population growth rate of high-income individuals), to better account for any 

state-specific but non-reform-related changes in the population of residents of these states. Like 

Schwartz and Sommers (2014), we find no robust global effect of the reform. 
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Importantly, however, we also conduct a “border analysis”, using an approach that is, to 

the best of our knowledge, unique to this paper. In contrast to the more aggregate global analysis, 

here we take a finer geographic look at migration in the border cities of Massachusetts, in order 

to determine whether the reform led to an increase in the population of low-income individuals 

in Massachusetts towns that border nearby states, for which the costs of moving into 

Massachusetts seem especially low. Categorizing “border cities” based on their distance to the 

border in 5-mile bands (from 0-5, 5-10, 10-15, 15-20, and 20-25 miles of Massachusetts state 

borders), we again employ DID models that compare the population growth rate of low-income 

individuals in border versus non-border cities of Massachusetts. For robustness checks we again 

utilize triple-differences models in which either the population growth rate of high-income 

individuals in Massachusetts or the population growth rate of low-income individuals in 

Connecticut and Rhode Island is the third dimension. In contrast to our global analysis, we now 

find compelling evidence that border cities of Massachusetts experienced a statistically 

significant increase in the growth rate of their low-income population following the MHCR. The 

effect is as large as an additional 18 to 25 percentage points growth in low-income residents for 

cities within 0-5 miles of the border. However, this impact disappears quickly as the distance to 

the border increases, so that there is no robust effect on cities that are located beyond 15 miles of 

the Massachusetts border. The total number of new low-income residents in all border cities 

amounts to about 21 thousand to 40 thousand individuals, with an associated additional financial 

burden of about 1-2 percent of the total $1.3 billion budget cost of MHCR in 2007. Additional 

robustness checks (e.g., including neighboring states in addition to Connecticut and Rhode 

Island, conducting pseudo- or placebo-treatment effect analyses of the growth rate of the high 

income population) confirm these results.  
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Our paper makes several contributions to the literature. We introduce a new, more 

detailed, and more disaggregated analysis of the migration impact of health subsidies to low-

income individuals. Previous studies on welfare migration are mainly limited to the case of the 

Aid to the Families with Dependent Children (AFDC) program (McKinnish, 2005, 2007) or the 

minimum wage (McKinnish, 2017). A recent paper by Schwartz and Sommers (2014) on health 

subsidies is an important exception, and our paper provides additional empirical evidence for the 

effect of health subsidies on migration. Moreover, our border analysis has not been utilized 

before in this literature in the context of the health subsidies, although previous papers have 

utilized the border analysis for cash transfer programs such as AFDC (McKinnish, 2005, 2007). 

We also use IRS data in our analysis, data that have not been utilized before to examine 

population movements due to the Massachusetts reform.  

In section 2 we review the determinants of interstate migration and also the features of 

the MHCR, including its incentives for interstate migration. Section 3 introduces our methods, 

and section 4 discusses our new IRS data base. We present our results in section 5 and our 

conclusions in section 6. 

 

2. Literature Review 

Determinants of Interstate Migration 

The interstate migration literature attempts to explain state population growth using a 

wide variety of economic variables, including: measures of economic opportunity (McHugh and 

Gober, 1992; Walker, 1994; Allard and Danziger, 2000; Brueckner, 1999; Beeson et al., 2001; 

Anjomani, 2002; Eeckhout 2004; McKinnish, 2005, 2007, 2017; Cebula and Alexander, 2006; 

Sasser, 2010; Bayer and Juessen, 2012); tax burdens (Walker, 1994; Allard and Danziger, 2000; 
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Anjomani, 2002; Cebula and Alexander, 2006); public subsidies and expenditures, especially 

expenditures on welfare programs and public schools (Walker, 1994; Allard and Danziger, 2000; 

Cebula and Alexander, 2006); environmental factors such as temperature (Beeson et al., 2001; 

Anjomani, 2002; Cebula and Alexander, 2006); crime rates (Walker, 1994; Anjomani, 2002); 

distance between one’s home and a potential destination (Anjomani, 2002); job- and house-lock 

effects (Modestino and Dennett, 2013; Garthwaite et al., 2014; Foote, 2016); and factors that 

create a sense of community, such as proximity to family and friends or to people of the same 

politics, culture, religion, race, ethnicity, and even income level (Allard and Danziger, 2000; 

Gurak and Kritz, 2000; Anjomani, 2002; Cebula and Alexander, 2006). These variables typically 

are found to have the expected impact on individuals’ decisions to move, although being low-

income tends not to hinder at least short-distance movements (Allard and Danziger, 2000). 

Focusing on health subsidies as one potential factor for interstate migration, Bailey and 

Rom (2004) find that states tend to display a “race to the bottom” for health subsidy programs 

such as Medicaid, attracting the “wrong” individuals (e.g., low-income individuals). Overall, 

however, there is no consensus in the empirical literature on the significance of health benefits as 

a welfare magnet. For example, recent studies report somewhat contradictory results with regard 

to whether more generous health benefits attract people from other states. Cebula and Clark 

(2013) find a positive effect of Medicaid generosity on interstate migration, and Conway and 

Houtenville (2003) find Medicaid expenditure to be a factor that prevents the elderly population 

from moving out of the generous states. At the same time, Conway and Houtenville (2003) also 

find that Medicaid does not attract elderly residents of other states. Yang and Wallace (2007) 

also find somewhat conflicting results on whether public benefits like health subsidies affect the 

choice of immigrants on which state to reside. In an important recent study, Schwartz and 
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Sommers (2014) find no evidence for a positive effect of increased health benefits for low-

income individuals on interstate migration of this group. Overall, the empirical literature 

provides no conclusive results about whether health benefits are a welfare magnet for interstate 

migration. 

Note, however, that access to health insurance has been found to be an important factor 

shaping the decision to stay in a job or to work full time in order to benefit from employer-

provided health insurance (Garthwaite et al., 2014). This finding suggests that access to publicly 

provided health insurance may motivate low-income individuals to move if they do not have 

access to or cannot afford employer-provided health insurance. 

The Massachusetts Health Care Reform  

Massachusetts is the first state in U.S. history to implement a nearly universal health 

insurance policy through what is known as the Massachusetts Health Care Reform (MHCR), 

signed into law on 12 April 2006 (Holahan and Blumberg, 2006; Mehren, 2006; Blendon et al., 

2008).
4
 Its passage resulted in an increase in the percentage of insured people from 86.6 percent 

in 2006 to 94.2 percent in 2010 without any sign of a crowding out effect, especially with respect 

to those who were insured through private employers (Long et al., 2012).  

The reform provided free health care for low-income individuals through the expansion 

of the Medicaid program; it also offered subsidized insurance for those who were not eligible for 

the free care but who were financially vulnerable (McDonough et al., 2008).
5
 Specifically, the 

Medicaid program (known as MassHealth in Massachusetts) was expanded to include children of 

                                                           
4
 The official title is “An Act Providing Access to Affordable, Quality, Accountable Health Care” (McDonough et 

al., 2006). 
5
 The reform expanded the coverage of the Medicare program to children who live in families with income up to 300 

percent of the federal poverty line, it increased covered procedures (e.g., dental procedures) for adults, and it also 

provided subsidized health insurance for those who were not eligible for free care who had income up to 300 percent 

of the federal poverty line (McDonough et al., 2008). 
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families with income up to 300 percent of the federal poverty line (FPL) and also to offer 

additional benefits (mainly dental and vision care) to covered adults. Subsidized health insurance 

was also provided for adults who make up to 300 percent of the FPL (McDonough et al., 2008).
6
 

The reform was especially attractive for people who were previously eligible for the Medicaid 

program but who were not enrolled. Long (2008) lists the key components of the reform and the 

specific income group that was targeted in each component, and she shows that those who made 

less than 150 percent of the FPL were part of the target group for most of the components. Some 

examples are: an expansion of the MassHealth Insurance Partnership Program, which provides 

insurance subsidies and employer tax credits to workers in small firms to 300 percent of poverty; 

an increase in enrollment caps for MassHealth programs for long-term unemployed adults 

(eligible up to 100 percent of FPL), disabled working adults (eligible at any income level), and 

people with HIV (eligible up to 200 percent of FPL); and the restoration of dental, vision, and 

other MassHealth benefits to adults (Long, 2008). In addition, the MHCR had some other 

features that led many previously eligible but not enrolled individuals to apply for the 

MassHealth (McDonough et al., 2008), such as the use of a single application form, outreach 

grants to community groups, restrictions on the availability of hospital charity care 

reimbursement, and the individual mandate.
7
 

Several studies report various positive effects of this reform, many of which can be 

considered indicative of a higher probability of interstate migration to Massachusetts for 

individuals with lower income. These positive effects include such indicators as a lower financial 

                                                           
6
 The federal poverty line in 2005 (the year before the reform) was $9570 per annum for a one-individual family, 

with $3260 for each additional member (ASPE, 2005) 
7
 Note that there is no “length of stay” residency requirement since the individual mandate that requires every 

resident of Massachusetts to have insurance does not include “length of stay” as part of the residency definition. See 

http://bluecrossfoundation.org/content/section-12-part-1-individual-mandate-definitions. Note also that Medicaid 

programs in all states do not have a length of stay residency requirement, so one can move to a state and 

immediately become eligible for its Medicaid program. See http://www.seniorlaw.com/medicaid-frequently-asked-

questions/. 
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burden of health care costs on individuals (Long, 2008; Miller 2012c), better access to health 

care for minorities and families with lower income, lower mortality rates for these groups (Zhu et 

al., 2010; Courtemanche and Zapata, 2014; Sommers et al., 2014), and better health care for 

children (Kenney et al., 2010; Miller, 2012b). These effects are the direct results of higher 

utilization of preventive health care along with lower use of emergency rooms (Smulowitz et al., 

2011; Miller, 2012a; Kolstad and Kowalski, 2012; Long et al., 2012), as well as from an increase 

in the total factor productivity of hospitals (Thompson et al., 2012), including lower patient 

turnover (Shindul-Rothschild and Gregas, 2013). 

However, there could be offsetting effects. While access to health care, especially for 

low-income individuals, positively contributes to the probability of interstate migration, the 

reform could also lead to a reduction in the number of jobs due to the employer mandate of the 

reform, which would have a negative impact on the probability of migration. Still, there are 

reasons to believe that the job loss may not be an important concern for the case of the MHCR. 

Gabel et al. (2008) report that in 2007 employers displayed strong support for the reform, and 

Greenhalgh-Stanley and Rohlin (2014) find evidence for only a small adverse effect of the 

MHCR on the number of new small firms in a short period after the reform, with no significant 

impact on the number or vacancies of existing firms. 

While the MHCR has been studied from different perspectives, there is little systematic 

analysis of its effects on the population of low-income individuals to this state. To the best of our 

knowledge, only an important recent paper by Schwartz and Sommers (2014) has looked at its 

effect on the interstate migration to Massachusetts. Using individual-level data from the Annual 

Social and Economic Supplements (ASEC) of the Current Population Survey (CPS), they 

consider health care reforms in four states, including Massachusetts, and find no evidence for a 
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change in interstate migration to these states. However, Schwartz and Sommers (2014) are not 

able to control for the characteristics of the cities to which individuals migrated since they use 

only state level variables. More importantly, their data do not allow them to identify the 

destination of movers other than this destination is located somewhere within the state of 

Massachusetts. The latter feature prevents them from conducting any analysis that is not a global, 

or a state-wide, analysis. Our paper tackles this issue using a different approach and also a 

different data base. These innovations allow us to evaluate the global effect of the reform on all 

cities of Massachusetts, similar to the work of Schwartz and Sommers (2014), but our 

innovations also allow us to look at more local effects of the reform on border cities of the state, 

something that has not previously been examined. We provide more information about our 

approach and our data in the next sections. 

 

3. Methods 

An individual’s decision to move from one location to another can be modeled as a 

simple cost-benefit decision. For an individual to move from location A to B, the utility of living 

in location B has to be more than the sum of the utility of living in location A and the disutility 

that is created due to the costs of moving from A to B, including any monetary and non-

monetary attributes of living in a location as well as all costs of moving. Some important 

elements that determine an individual’s decision to move are not measurable by monetary values, 

such as attachment to a location due to the presence of family and friends or to the psychological 

pressures of starting life in a new place. 

Any element that changes the utility in location A, the utility in location B, or the costs of 

movement could affect an individual’s decision to relocate. Some examples of changes in a 
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potential destination that increase the probability of in-migration are the prospects of finding a 

better job in the new location, an increase in expenditures on public schools in the new location 

relative to the current location, and a reduction in the number of crimes in the new location 

relative to the current location. Of note, since the MHCR provided free or subsidized health 

insurance for low-income individuals who live in Massachusetts, it seems likely that low-income 

individuals would be more likely to relocate to Massachusetts as a result of this reform. The 

effect could be global and observable throughout all cities in Massachusetts, local and limited to 

border cities of this state or completely ignorable. Of course, the actual magnitude of any 

mobility remains an empirical question. The models that we utilize are designed to estimate the 

magnitude of impact. 

We use several approaches to estimate the mobility impacts. The first approach uses a 

difference-in-differences (DID) methodology, and compares the population growth of low-

income individuals in Massachusetts to Connecticut/Rhode Island to determine whether there is 

any extra population growth for this income group in Massachusetts following the MHCR. We 

call this first approach the “global analysis”. 

The simplest form of the global analysis model is displayed in equation (1):  

𝑃𝑜𝑝 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒𝑐𝑡 = 𝛼 + 𝛽1𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 + 𝛽2𝑀𝐴 +  𝛿 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐺𝐷𝐼𝐷 + 𝑋𝜃 + 𝐶𝑖𝑡𝑦𝑐 + 𝜀𝑐𝑡, (1) 

where 𝑃𝑜𝑝 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒𝑐𝑡 is the population growth rate of the relevant income group in city c in 

year t, After reform is an indicator for the year after the reform (i.e. 2007), MA is an indicator 

that shows whether a city is in Massachusetts (as opposed to Connecticut or Rhode Island), 

𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐺𝐷𝐼𝐷 is an interaction term between After reform and MA (with G denoting the 

global analysis and DID denoting the simple difference-in differences approach), X is a vector of 

control variables (including the percentage change in: unemployment rate of a city, violent 
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crimes in a county, per pupil public expenditures of a county, average wage across industries in a 

county, and a set of “flag” variables for any city with missing value for one of these control 

variables
8,9

), 𝐶𝑖𝑡𝑦𝑐 captures city fixed effects (added to some specifications in which it replaces 

MA, a variable that is constant for each city over time), 𝜀𝑖𝑡 is the white noise error term, and 

other parameters (𝛼, 𝛽1, 𝛽2, 𝛿, 𝜃) are the coefficients of variables. As discussed later in the Data 

section, we use data for two years, 2005 and 2007 (or the years before and after the 

implementation of the MHCR), mainly to avoid potential confounding effects of the “Great 

Recession”, whose duration was from December 2007 through June 2009. We also include in 

some specifications city fixed effects to deal with time invariant characteristics of each city. 

These time invariant variables only need to be constant for the short period of time between 2005 

and 2007.  

Equation (1) uses cities in Connecticut and Rhode Island as the control group, following 

the approach in previous work on the MHCR by Schwartz and Sommers (2014). These 

neighboring states are potentially affected by the reform in Massachusetts, and their low-income 

population is more likely to move to Massachusetts following the MHCR. This means that the 

model has a positive bias in estimating any effect for the reform. Therefore, the failure to find 

any robust effect for the reform increases one’s confidence in the results; that is, if one cannot 

find any effect for the reform, despite the fact that the methodology over-estimates any potential 

effect, then this result suggests that the reform had no effect in the first place. As we discuss 

later, we in fact find this no-effect result for our global analysis models. One explanation for why 

                                                           
8
 In the estimations presented here, we impute “zero” for any missing control variable, and we identify these 

observations using the set of “flag” variables described above. Note that our results remain robust when we drop 

cities with missing values for any of the control variables.  
9
 With the exception of the unemployment rate, the control variables in the vector X are available only at the county 

level. For example, violent crimes are not reported for every city in a county, so the total number of (reported) 

violent crimes in a county is assigned to all cities in that county. 



14 

 

we do not find a mobility effect in our global analysis is that, despite the features in the MHCR, 

the Medicaid programs in other states may still be of sufficient quality for most low-income 

individuals so that the presence of the Massachusetts reform does not create an incentive to move 

to Massachusetts. Note that in some robustness tests we expand the states to include all 

neighboring states of Massachusetts (e.g., Connecticut, Rhode Island, New Hampshire, New 

York, and Vermont), as discussed later. 

The main limitation of the global analysis model of equation (1) is that any uncontrolled 

variable (some of which are not observable) that changes at the time of the reform could 

potentially confound the results. This problem can be addressed by employing a triple-

differences model that uses the population growth rate of high-income individuals as the third 

dimension, since the reform has no specific benefit for the high-income group. The triple-

differences global analysis model is specified in equation (2): 

𝑃𝑜𝑝 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒𝑔𝑐𝑡 = 𝛼 + 𝛽1𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 + 𝛽2𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽3𝑀𝐴 + 

𝛽4(𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 ∗ 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒) + 𝛽5(𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 ∗ 𝑀𝐴) + 𝛽6(𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 ∗ 𝑀𝐴) 

+ 𝛿 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐺3𝐷 + 𝑋𝜃 + 𝐶𝑖𝑡𝑦𝑐 + 𝜀𝑔𝑐𝑡 ,     (2) 

 

where the new variables are Low income (a dummy variable that identifies whether a specific 

population group is making less than $10K a year as opposed to making more than $100K a 

year) and 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐺3𝐷 (a triple-differences interaction term using After reform, Low income, 

and MA). The subscript g refers to a specific income group, taking only two values 

corresponding to the low- and high-income groups). Other variables are defined as before. Note 

that 𝐶𝑖𝑡𝑦𝑐 is only added to some specifications as a replacement for MA, as before. 

One important limitation of the global analysis models in equations (1) and (2) is that 

they may not identify any robust “global effect” of the reform on the population growth rate of 
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low-income individuals in Massachusetts because only the global, or state-wide, effects of the 

MHCR are captured. Consequently, we also utilize a second approach to better determine 

whether the reform has any local, or border, effects. This second approach focuses more 

specifically on border cities, and is termed the “border analysis”. 

The border analysis models also include both DID and triple-differences specifications, 

but now with a focus on the growth rate of the low-income population in border towns of 

Massachusetts. The DID border analysis model compares the population growth rate of low-

income individuals who live in border cities of Massachusetts to the population growth rate of 

low-income individuals who live in non-border cities of Massachusetts. We define various 

distances to border to identify border cities, specifically, we define a set of indicator variables to 

categorize cities that are within 0-5 miles, 5-10 miles, 10-15 miles, 15-20 miles, and 20-25 miles 

from a state border.
10

 The most important property of border analysis models is that any change 

in a state-level variable that is not different between border and non-border cities will not 

confound the results. For example, it is reasonable to assume that, say, the extra filing of tax 

returns in Massachusetts following the MHCR will be the same in border and non-border cities 

of Massachusetts and therefore will not affect the results of the DID and triple-differences 

models. Equation (3) shows the DID model for the border analysis: 

𝑃𝑜𝑝 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒𝑐𝑡 = 𝛼 + 𝛽1𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 + 𝛽2𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦5 + 𝛽3𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦10 

 +𝛽4𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦15 + 𝛽5𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦20 + 𝛽6𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦25 +  𝛿1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵𝐷𝐼𝐷5 

 +𝛿2𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵𝐷𝐼𝐷10 + 𝛿3𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵𝐷𝐼𝐷15 + 𝛿4𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵𝐷𝐼𝐷20 

 +𝛿5𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵𝐷𝐼𝐷25 + 𝑋𝜃 + 𝐶𝑖𝑡𝑦𝑐 + 𝜀𝑐𝑡  (3) 

 

where the new variables are Border city5 through Border city25, which are indicator variables 

identifying border cities that are within 0-5 miles through 20-25 miles of a state border, and 

                                                           
10

 We are grateful to an anonymous referee for the suggestion that we include multiple variables that allow the 

impact of the MHCR to vary by distance to the border. 
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Treatment BDID5 through Treatment BDID25, which are interaction terms between Border city5 

through Border city25 and After reform (with B denoting the border analysis approach and DID 

again denoting the simple difference-in differences approach). As before, 𝐶𝑖𝑡𝑦𝑐 is added to only 

some specifications as a replacement for Border city5 through Border city25. Note that these 

regressions use only data from cities in Massachusetts. As a result, any estimated effect has a 

potential negative bias because non-border cities may also be affected by this reform. 

Similar to the global analysis, we also use a triple-differences model in our border 

analysis in order to check the robustness of the results, focusing on the cities in Massachusetts 

and using the high-income population as the comparison group:  

𝑃𝑜𝑝 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒𝑔𝑐𝑡 = 𝛼 + 𝛽1𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 + 𝛽2𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦 + 𝛽3𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒 

 +𝛽4(𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 ∗ 𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦) + 𝛽5(𝐴𝑓𝑡𝑒𝑟 𝑟𝑒𝑓𝑜𝑟𝑚 ∗ 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒) 

 +𝛽6(𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦 ∗ 𝐿𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒) + 𝛿1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷5 +  𝛿2𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷10 

 + 𝛿3𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷15 +  𝛿4𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷20 +  𝛿5𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷25 + 𝑋𝜃 + 𝐶𝑖𝑡𝑦𝑐 + 𝜀𝑔𝑐𝑡 , (4) 

 

where 𝐵𝑜𝑟𝑑𝑒𝑟 𝑐𝑖𝑡𝑦 is a vector of dummy variables including the Border city5 through Border city25 

variables. 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷5 through 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐵3𝐷25 are interaction terms composed of three 

dummy variables: After, Low income, and the corresponding indicator variable in Border city 

vector (i.e. Border city5 through Border city25). The same qualifier for 𝐶𝑖𝑡𝑦𝑐 again applies. We 

also estimate our triple-differences border analysis model using cities in Connecticut and Rhode 

Island as the third dimension. These (and other) robustness checks are discussed later. 

It is important to note that, given our focus on the migration of low-income individuals 

across the Massachusetts border, the population growth rate is the closest proxy for this 

migration. In particular, there are no other available data regarding the actual patterns of 

movement across Massachusetts’ borders. This limitation imposes some additional assumptions 

regarding the similarity of control states (i.e. Connecticut and Rhode Island) to Massachusetts 
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with respect to the other variables that could potentially affect the population growth rate of the 

states included in our analysis. However, these assumptions do not go beyond the usual 

assumptions of a DID model. They also seem reasonable given the short time-window around 

the reform that we examine. Even so, we relax those assumptions in the DID models of the later 

“border analysis” section in which we only compare border to non-border cities of 

Massachusetts. All of these results are discussed in the following sections. 

 

4. Data 

We use as our main data set the “population by income group by zip code (PIZ)” data 

base, which is part of the “Individual Income Tax ZIP Code Data” from the Internal Revenue 

Service (IRS, 2015). Since 2004, the IRS has aggregated “selected items” from individual tax 

forms 1040, 1040A, and 1040EZ received by the IRS between the 1
st
 of January and the 31

st
 of 

December of the same year (IRS, 2004). Note several aspects of these data. First, these 

aggregates mainly represent those who file their tax return forms for a specific year, but they also 

include a very small number of taxpayers who failed to file in previous years and decided to file 

in the current year (IRS, 2004); given the small number of these taxpayers, their presence is not a 

concern. Second, these forms do not include the very small number of foreigners who are 

required to fill out tax forms using forms such as 1040NR or 1040NREZ; the exclusion of these 

individuals is also not a concern given their small numbers. Third, the IRS data are under-

representative for low-income individuals who are not required to file tax return forms. 

However, alternative data bases that have been also used in interstate migration literature such as 

the American Community Survey (ACS), the Annual Social and Economic Supplements, or the 

Behavioral Risk Factor Surveillance System data base are not representative at the city level 
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generally and for low-income specifically, as required for our border analysis.
11

 We therefore 

assume that the incidence of under-reporting of low-income individuals is randomly distributed 

across cities and over time. 

Since 2004, the IRS has regularly published PIZ data bases, but before 2004 these 

publications are limited to some selected years; for example, the closest one before 2004 was 

published in 2002. For the purpose of our research, we have selected years 2004 through 2007. 

We exclude years after 2007 to avoid the effects of the 2007-2009 Great Recession. The 

classification of income groups has been slightly modified over the years. For 2004 and 2005, 

the IRS used the following classification for the aggregation purposes: “less than $10K”, 

“between $10K and $25K”, “between $25K and $50K”, “between $50K and $75K”, “between 

$75K and $100K”, and finally “more than $100K”. In 2006 and 2007, the last group is divided 

into “between $100K and $200K” and “more than $200K”. We combine these two groups in 

2006 and 2007 to form a “more than $100K” group to have equivalent units across time. 

The population in each zip code is determined by the “number of exemptions”, as listed 

in the PIZ data bases. The IRS uses this item as an estimate for the total population in each zip 

code (IRS, 2004). PIZ data are aggregated to the sub-county level (i.e. towns/cities), as defined 

by the U.S. Census Bureau for each state.
12

 We aggregate the PIZ data to the city level because, 

even though individuals pick a specific part of a town or city in which to live, they do not 

necessarily pick a specific zip code. As a result, it is more accurate to use more aggregation (e.g., 

to the city level) in analyzing individuals’ decisions about where to live. Due to confidentiality 

concerns, the IRS does not report the population of a specific income group if the number of tax 

                                                           
11

 Note that the Behavioral Risk Factor Surveillance System data base has been shown to be representative at the 

state level (Center for Disease Control, 2015). 
12

 Note that these sub-county divisions cover a state map, so that they are collectively exhaustive and mutually 

exclusive. Even though we refer to these entities as “cities/towns” for simplicity throughout this paper, they are not 

limited to the urban areas as the term “city/town” may imply.  
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returns is less than 10. For the estimations presented in this paper, we assign the value zero to 

any zip code that has a missing value for a specific population group. Our main results remain 

robust to our imputing other values for missing values and also to our dropping of any city that 

has a missing value in one of its zip codes for any of the relevant income groups.
13

 

We use a combination of geo-analysis and discretion for aggregating the zip code data to 

the city level. First, using 2010 zip code maps (Census Bureau, 2010) and sub-country divisions 

(i.e. town/city) maps derived from the Census Bureau (2010), the Connecticut State Data Center 

(2014), and MassGIS (2014), we identify zip codes that are within a town boundary. Since 

boundaries of zip codes usually are not exactly within a town map, the centroid of that zip code 

(or a single, specific location identified as a “dot” on the map) is used to assign a zip code to a 

town; that is, if the centroid of a zip code is inside a town’s boundary, then the zip code is 

assumed to belong to that town. Some zip code centroids happen to be in the water because the 

zip code maps sometimes extend to the waters while the town maps do not. These few zip codes 

are assigned by hand after reviewing the maps. Finally, there are some zip codes that do not have 

a map, at least in the Census Bureau (2010). These zip codes are examined by hand to decide 

which town better represents them; in most cases, this was a straightforward task given that these 

zip codes are mainly alternative codes for zip codes that have maps. It should be noted that, since 

the boundaries of a few cities do not include a centroid of a zip code, they may appear as if they 

have been dropped from the data set; however, in fact their population is combined with a 

neighboring city that shares the zip code (s).  

The main variable of interest is the population growth rate of an income group in a 

specific city. Since the data in this study cover years from 2004 to 2007, it is only possible to 

                                                           
13

 To check the robustness of this decision, we also try different values for the missing population in these zip codes. 

Our results are robust to how we treat the missing values. These results are not reported, but they are available upon 

request. 
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calculate the population growth rate for years 2005 through 2007. We use years that are 

completely before and completely after the reform, or 2005 and 2007. Note that, since the growth 

rate of population in 2007 is based on the population in 2006 and there is a possibility that the 

population of low-income groups reacted to the reform in 2006, any estimated effect would be an 

under-estimation of the true effect.  

The control variables are percentage changes in: the unemployment rate, as found in 

Local Area Unemployment Statistics from Connecticut (2015), Massachusetts (2015), and Rhode 

Island (2015)
14

; the number of violent crimes (Federal Bureau of Investigation, 2015); per pupil 

public expenditures (National Center for Education Statistics, 2015); and average wages across 

industries (County Business Pattern, 2015).
15

 

Recall that, for the regressions related to the border analysis, “border” cities are identified 

based on their proximity to a state’s border. The distance of a city’s centroid to the closest border 

is used to determine whether a city is a border city or not, where a city is considered a border city 

if the centroid of its map is within 25 miles of a Massachusetts border with other states. We use 5 

mile increments to categorize border cities and, therefore, we define various dummy variables to 

identify cities that are within 0-5 miles, 5-10 miles, 10-15 miles, 15-20 miles, and 20-25 miles 

from the border. 

Table 1 provides summary statistics of the main variables of interest for the cities in 

Massachusetts, Connecticut, and Rhode Island in the year before the reform (2005). 

Massachusetts is considered the treatment group; Connecticut and Rhode Island (combined) are 

considered the control group. The choice of these two states as the control states is due to the fact 

                                                           
14

 When we include other neighboring states in some robustness checks, we use the Local Area Unemployment 

(2016) for New Hampshire and the Bureau of Labor Statistics (2016) for New York and Vermont. 
15

 We are grateful to an anonymous referee for the suggestion that we use percentage changes for the control 

variables. 
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that, to the best of our knowledge, their subsidized health care programs (e.g., Medicaid) did not 

change when Massachusetts undertook its reform in 2006. Moreover, choosing these two states 

as the control group helps us to produce results that are comparable to the previous work on this 

topic by Schwartz and Sommers (2014). Finally, we use various “parallel-trend” tests to verify 

that these three states have a similar trend in the population and migration patterns of their low-

income individuals.  

Table 1 reveals that the comparison between these states should be done with some care. 

Prior to the health care reform in Massachusetts, the states have statistically similar growth rates 

for the low-income populations (MA, -2.1 percent; CT and RI, -2.6 percent), similar percentage 

changes in the average per pupil expenditure (about 7.1 percent), and similar percentage changes 

in average wages across all industries (MA, 2.8 percent; CT and RI, 3.6 percent). Even so, the 

states differ in the growth rates of the high-income population (MA, 11.1 percent; CT and RI, 8.7 

percent), the percentage changes in average unemployment rates (MA, -6.5 percent; CT and RI, 

0.2 percent), and the percentage changes in average numbers of violent crimes (MA, 31.6 

percent; CT and RI, 0.5 percent). For the most part these differences are not economically 

significant. While we continue to use these states as the control group in the global analysis, in 

our main border analysis we compare Massachusetts-to-Massachusetts, so that these results are 

not affected by any potential problem of lack of similarity across states. 

Relatedly, it is also important to examine the trends in the population and migration 

patterns of low-income households, as a test of the “parallel-trend” assumption required in DID 

estimation; that is, do Massachusetts, Connecticut, and Rhode Island have similar trends in the 

population and migration patterns of their low-income individuals prior to the health care reform 

in Massachusetts? Here we rely on data from the IRS (specifically PIZ data) and the ACS, 
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available through Ruggles et al. (2015). The IRS data only allow us to look at the change in 

population of low-income individuals; the ACS data provide the necessary variables to directly 

compare the in- and out-migration of low-income individuals. These tests follow a similar model 

in which the percentage change in population of low-income individuals (or the percentage 

change in the population of low-income individuals who in-migrate to or out-migrate from a 

state) is regressed on a constant, an indicator variable for Massachusetts, a time trend variable (or 

a set of time-fixed-effects), and a Massachusetts-specific time trend. The variable of interest is 

the Massachusetts-specific time trend, which we expect to be statistically insignificant given the 

data used for these parallel-trend tests are from years prior to 2006. Table 2 reports the results of 

these parallel-trend tests. Panel A focuses on the population growth rate of low- income 

individuals. Regardless of the data base (IRS or ACS) and the control variable for the time (time-

trend or time-fixed-effects), the Massachusetts-specific time trend is statistically insignificant. 

Panel B focuses on the ACS data and percentage change of in-migration and out-migration of 

low- income individuals, and demonstrates that Massachusetts does not display any different 

trend in the in-migration or out-migration of low-income individuals.  

Overall, we are confident that Connecticut and Rhode Island are proper control states for 

Massachusetts. However, as noted earlier and as discussed later, we also test the robustness of 

our main global results by including all neighboring states (Connecticut, Rhode Island, New 

York, New Hampshire, and Vermont). Our results are unaffected. 

 

5. Results and Discussion 

5.1. Simple DID Calculations 
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It is useful to first present the simple DID calculations, for both the global and the border 

analysis models. Panel A in Table 3 demonstrates the DID calculation for the global analysis, 

where the average growth rate of low-income individuals in cities of Massachusetts is compared 

to the rate in Connecticut and Rhode Island following the reform. A simple DID calculation for 

the global analysis shows that the potential effect would be an additional 3.02 percentage point 

population growth rate for the low-income individuals in Massachusetts following the reform, 

although this difference is not statistically significant. Similarly, Panel B in Table 3 demonstrates 

a simple DID calculation for the border analysis, in which the average population growth rate of 

low-income individuals in border cities of Massachusetts (i.e. cities within 10 miles of a border) 

is compared to non-border cities of Massachusetts. This DID calculation shows that the 

population growth rate of low-income individuals in cities within 10 miles of border in 

Massachusetts experienced an extra 13.56 percentage point following the reform, a difference 

that is statistically significant at the 1 percent significance level and very much robust to the use 

of alternative models.  

5.2. Global Analysis Models 

We next present our global analysis models, in which we estimate the determinants of the 

population growth rate of low-income individuals in all towns in Massachusetts relative to 

Connecticut and Rhode Island. We estimate both difference-in-differences (DID) and triple-

differences models of equations (1) and (2).  

The first set of results is for equation (1), and is presented in Table 4. Beginning with a 

simple DID model without controlling for any other covariates, the population of low-income 

individuals in Massachusetts experienced an extra 3.02 percentage point growth rate following 

the reform comparing to the same income group in Connecticut and Rhode Island (column 1). 
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Adding other control variables increases the observed effect to an extra 4.64 percentage point 

population growth (column 2), statistically significant at the 5 percent level. Adding city fixed 

effects without any control variables reduces this impact to 3.00 percentage points (column 3). 

Also, controlling for other covariates does not change the results significantly (column 4); the 

effect is still small (4.02 percentage points) and statistically marginally significant. However, the 

statistical significance of our preferred model (column 4) is an artifact of the treatment of the zip 

codes with missing values. If instead of imputing zero for these missing values we drop the cities 

to which these zip codes correspond, then the statistical significance of the main parameter of 

interest vanishes. Therefore, we prefer to be conservative and conclude that there is no robust 

global effect for the health care reform in Massachusetts. Overall, the models do an acceptable 

job in explaining the variation in the data, generally around three-fourths of the variation in the 

population growth rate of low-income individuals in these three states.  

As pointed out in the methods section, unobservable variables that may have changed in 

one of these states at the time of reform may bias the results in an unknown way. Assuming these 

variables affect all income groups similarly, a triple-differences model that uses another income 

group as the third dimension can reduce this potential bias. Since the MHCR does not provide 

any subsidy for high-income individuals, using this income group helps to account for this 

potential bias. Equation (2) is the triple-differences model that we use.  

The results for the triple-differences models in Table 5 show that there is no robust global 

effect of the MHCR on the population growth rate of low-income individuals in Massachusetts. 

Despite the fact that our main parameter of interest in the preferred model is marginally 

statistically significant, this finding is not robust to the change of treatment of the missing values 

in the IRS zip code data base. The low-income population generally grows at a lower rate 
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relative to the high-income population before the reform, but after year 2006 the population 

growth rate of low-income individuals increases dramatically in all three states relative to pre-

reform, by about 51 percentage points.
16

 

Given that all of these global analysis models fail to identify any robust effect for the 

MHCR, we conclude that the reform did not have a global effect that is large enough to be 

identified. However, this lack of finding from the global analysis models does not rule out the 

existence of a more localized effect on the cities that are close to the border of Massachusetts. 

Low-income individuals who live in a border city of a neighboring state may simply move a few 

miles to become a resident of Massachusetts and benefit from the reform. The next subsection 

presents the results for the border analysis models. 

5.3. Border Analysis Models 

In the DID models for our border analysis, the population growth rates of low-income 

individuals in border versus non-border cities of Massachusetts are compared to each other 

following the reform, where we identify border towns in 5 mile increments up to 25 miles from 

the state border. 

As shown in Table 6, border cities of Massachusetts experienced an extra population 

growth for their low-income individuals following the reform. In our preferred specification 

(column 4), this extra population growth is estimated to be 18.47 and 10.72 percentage points for 

cities that are within 0-5 miles and 5-10 miles of Massachusetts’ borders, respectively. 

Importantly, the effect is not statistically significant for cities that are beyond 10 miles of the 

                                                           
16

 Note that the population growth rate of low-income individuals increased dramatically (about 49 percentage 

points) in Massachusetts, Connecticut, and Rhode Island after year 2006. We have discussed this issue with IRS 

researchers, and they confirm that our data are correct. Even so, we used for each state the IRS-aggregated number 

of exemptions for individuals whose income is less than $10K, and we found the growth rate in 2007 to be 57.64 

percent, 49.71 percent, and 48.42 percent for Massachusetts, Connecticut and Rhode Island, respectively. However, 

the total number of exemptions (i.e. population) in these states has a much lower growth rate: 6.53 percent (MA), 

5.42 percent (CT), and 6.31 percent (RI), respectively. 
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border. Overall, the population growth rate of low-income individuals increased dramatically 

(about 48 percentage points) in all cities of Massachusetts following the reform. Our preferred 

specification in column 4 explains about 73 percent variation in the data. 

We also utilize triple-differences border analysis models, based on equation (4). For this 

purpose, we focus on cities in Massachusetts, and we use the high-income population as the third 

dimension. These results are presented in Table 7. Our preferred specification (column 4) shows 

an additional 22.84, 14.88, 8.17, and 6.97 percentage points extra population growth rate for 

low-income individuals in the border cities of Massachusetts that are located within 0-5, 5-10, 

10-15, and 15-20 miles from this state’s border, respectively, following the reform. These 

estimates are largely the same (if slightly larger) than the DID model estimates.  

To further test the robustness of these triple-differences estimates, we compare the 

population growth rate of low-income individuals in border towns of Massachusetts to non-

border cities of this state, but we now use the same difference in Connecticut/Rhode Island to 

rule out any potential non-reform-related increase in the population growth rate of low-income 

individuals in the border cities of Massachusetts (Table 8). In our preferred specification (column 

4), the reform effect is estimated to be about 24.97, 20.60, and 17.67 percentage points extra 

population growth rate for the low-income population of border cities of Massachusetts who live 

in cities within 0-5, 5-10, and 10-15 miles from the Massachusetts border, respectively. We use 

these estimates as our upper bound estimate for the border effect, given the potential positive 

bias of this triple-differences model. 

Overall, the results across the different border analysis DID and triple-differences models 

show that at the 95 percent confidence level, the population of low-income individuals who live 

in cities within 0-5 miles of the Massachusetts border experienced between 18.47 and 24.97 
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percentage points extra growth rate following the reform. Once again, the impact of the reform 

decreases for cities farther from the border. For example, the effects for the cities that are located 

between 5-10 and 10-15 miles of the Massachusetts border are an additional 10.72 to 20.60 and 

5.12 to 17.67 percentage points, respectively. We do not observe any robust reform effect on the 

cities that are located beyond 15 miles distance from the Massachusetts border.  

Figure 1 provides a map of the Massachusetts cities with the estimates effects from the 

passage of the MHCR translated into the number of additional low-income residents in each city. 

For cities that are within 0-5 miles of the border, the MHCR increased the number of low-

income residents by an additional 203-275 new residents. For cities that are located in 5-10 and 

10-15 miles distance from border, the effect is 151-290 and 0-129 new low-income residents, 

respectively. Given these values, the total number of new low-income residents in all of the 

border towns is about 21 thousand to 40 thousand.  

5.4. Additional Robustness Checks 

To further test the robustness of these results, we conduct various additional tests. First, 

we re-estimate the last triple-differences model that relies on the neighboring states of 

Massachusetts, but we now include all neighboring states instead of only Connecticut and Rhode 

Island. These results are reported in Table 9, and they are very similar to those reported in Table 

8. Based on the preferred specification (Table 9, column 4), the Massachusetts Health Care 

Reform caused an additional growth rate of 19.89 percentage points for the low-income 

population of cities that are located within 0-5 miles of this state’s border. As with our previous 

estimates, the size of the effect decreases for cities farther from the border. The reform has no 

effect on cities that are beyond 20 miles of the Massachusetts border. 
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Second, we use pseudo- or placebo-regressions that evaluate the effect of reform on the 

population growth rate of high-income individuals (or those making more than $100K a year) 

living in the border cities of Massachusetts using cities in all neighboring states as the control 

group. Given that high-income individuals did not receive any subsidies from the MHCR, we 

would not expect the reform to have any impact on their growth rates. The results of this placebo 

test are reported in Table 10. As expected, we do not observe any statistically significant effect 

of reform on the population growth rate of high income residents of border cities of 

Massachusetts regardless of how close or far they are from the border.  

Third, we conduct a series of sensitivity analysis with regard to the treatment of the 

missing values in the population-by-zip-code data base as well as the control variables. For 

example, in our previous estimations we imputed the value zero whenever the size of a 

population group is missing in a zip code. However, the value of these missing values could be 

anything between zero and 9, given IRS practices. Therefore, we reproduced all of our results by 

imputing the value 5 and then the value 9 wherever there was a missing value in our population-

by-zip-code data. We also reproduced our results by dropping any city that has a zip code with a 

missing value in any years included in this analysis. Finally, we imputed the value zero for any 

cities with missing values for control variables, and we also included a set of indicator variables 

(i.e. “flags”) in regressions to identify these observations with a missing value for a control 

variable. We repeated all of our estimations by dropping cities with missing values for control 

variables. All of our main conclusions are unaffected by each of these changes. These results are 

not reported, here but they are available upon request. 

 

6. Conclusions 
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In this study we examine the effect of Massachusetts Health Care reform of 2006 on 

interstate migration to Massachusetts, in order to test the “welfare magnet” theory. Using 

difference-in-differences and triple-differences models, we first look at the global effect of this 

reform on all cities in Massachusetts. Similar to recent work by Schwartz and Sommers (2014), 

we find that the population of low-income individuals in Massachusetts did not experience an 

extra growth rate following the reform. However, when we narrow our analysis to the border 

cities of Massachusetts, we find that the reform increased the population growth rate of low-

income individuals in border cities of this state, but we also find that this effect disappears 

quickly for cities farther from the state border. We estimate about 21 thousand to 40 thousand 

additional low-income individuals moved to Massachusetts following the reform.  

We are able to calculate an approximate estimate of the additional annual budgetary 

burden of these new low-income residents. The average cost of the MHCR reform in 2007 was 

$649 per person for each additional individual not insured through private employers.
17

 The total 

burden of these new residents is therefore about $14 to $26 million. Given the total cost of the 

MHCR reform in 2007 (or $1.3 billion), the additional annual cost of these new residents is 

between 1 to 2 percent of the total cost for the state.  

These results suggest that states that have decided to expand their Medicaid program – or 

those that are considering doing so – should recognize that providing more generous coverage 

will likely lead to an increase in their low-income population. Even so, our results also suggest 

that states should not be overly worried about the financial burden of a huge influx of low-

income households to their states. The benefits of health care expansion attract some low-income 

                                                           
17

 This estimate is calculated using the following data. First, the estimated population of Massachusetts in 2007 was 

6.432 million (Census Bureau, 2012) of which about 98 percent were insured. Second, of those who were insured, 

about 32 percent were not insured by private employers (Long et al., 2008). Third, the total cost of the reform in 

2007 was $1.3 billion (Raymond, 2012). 



30 

 

individuals, but the magnitude of the inflow seems manageable. Further, if all states expand their 

coverage simultaneously, then the relative advantage of one state over another diminishes 

considerably. Even though expansion of health care – or indeed, of any low-income transfers – 

creates incentives for mobility, it is still the case that the effects of expansion depend 

significantly on what all states decide to do, and not simply on what a single state chooses. 
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Figure 1: The Effect of the MHCR on the Population of Low-income Residents of Cities in 

Massachusetts Based on the Distance to the Border

 

Note: The effect size is presented in terms of upper and lower bounds. These values represent the average number of 

additional low-income residents in a city due to the passage of MHCR based on parameter estimates that are 

statistically significant at the 95 percent confidence level.   
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Table 1: Summary Statistics for Main Variables in Massachusetts versus Connecticut and 

Rhode Island (combined) 

Variable Year 
Average Across 

Cities or Counties 
Massachusetts 

Connecticut and 

Rhode Island 
Difference 

Average growth rate of low-

income population (Annual 

income < $10K)  
2005 Cities 

-0.0212 

(0.0061) 

[337] 

-0.0255 

(0.0052) 

[205] 

0.0004 

(0.0089) 

[542] 

Average growth rate of high-

income population (Annual 

income > $100K) 
2005 Cities 

0.1106 

(0.0070) 

[336] 

0.0866 

(0.0040) 

[205] 

0.0240*** 

(0.0095) 

[541] 

Percentage change in 

average unemployment rate  
2004-05 Cities 

-0.0651 

(0.0057) 

[338] 

0.0021 

(0.0044) 

[205] 

-0.0671*** 

(.0080) 

[543] 

Percentage change in 

average number of violent 

crimes  

2004-05 Counties 

0.3156 

(0.3034) 

[13] 

0.0048 

(0.0538) 

[13] 

0.3108 

(0.3082) 

[26] 

Percentage change in 

average per pupil public 

expenditure  

2004-05 Counties 

0.0706 

(0.0090) 

[14] 

0.0713 

(0.0051) 

[13] 

-0.0007 

(0.0105) 

[27] 

Percentage change in 

average wage across all 

industries  

2004-05 Counties 

0.0278 

(0.0128) 

[14] 

0.0361 

(0.0054) 

[13] 

0.0083 

(0.0143) 

[27] 

Note: Standard errors are in parentheses, and the number of cities/counties is in brackets. The total number of cities 

includes those with missing values for any of these variables. Significance levels: *= p<0.10, **= p<0.05, ***= 

p<0.01. 
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Table 2: Parallel-trend Tests Comparing the Low-income Populations and Migration 

Patterns in Massachusetts to Connecticut and Rhode Island (combined) 
 

Panel A. Low-income Population 

Dependent Variable: 

Population Growth Rate 
IRS Data ACS Data 

MA * Year 0.0181 0.0181 0.0197 0.0197 

(0.1127) (0.0151) (0.0425) (0.0500) 

Time Trend? Yes No Yes No 

Year FE? No Yes No Yes 

R-Squared 0.12 0.99 0.10 0.25 

F(all covariates) 0.49 101.06*** 0.61 0.65 
 

Panel B. Low-income In- and Out-migration 

Dependent Variable: 

Population Growth Rate 

ACS Data 

In-migration Out-migration 

MA * Year 

 

-0.0324 -0.0956 -0.1255 -0.2360 

(0.2782) (0.2166) (0.5810) (0.6282) 

Time Trend? Yes No Yes No 

Year FE? No Yes No Yes 

R-Squared 0.08 0.39 0.07 0.22 

F(all covariates) 2.15 1.37 1.03 0.29 

Note: Robust standard errors are in parentheses. All models have a constant term and an indicator variable for the 

state of Massachusetts. IRS and ACS are both at the state level. IRS data cover years 1998, 2001, 2002, 2004, and 

2005. ACS data cover years 2000 through 2005. Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 
 

Table 3: Simple Difference-in-differences Results for Population Growth Rates of Low-

income Individuals  
 

Panel A. Cities of Massachusetts Versus Cities of Connecticut and Rhode Island 

(combined)  

Variable: Population Growth Rate Pre-reform Post-reform Difference 

Massachusetts -0.0212 

(0.0061) 

0.5336 

(0.0126) 

0.5548*** 

(0.0140) 

Connecticut and Rhode Island -0.0255 

(0.0052) 

0.4991 

(0.0119) 

0.5246*** 

(0.0130) 

Difference-in-Differences 0.0302 

(0.0207) 
 

Panel B. Border Versus Non-border Cities of Massachusetts 

Variable: Population Growth Rate Pre-reform Post-reform Difference 

Border cities (10miles) 
-0.0210 

(0.0070) 

0.6215 

(0.0226) 

0.6425*** 

(0.0237) 

Non-border cities 
-0.0213 

(0.0087) 

0.4856 

(0.0141) 

0.5069*** 

(0.0166) 

Difference-in-Differences 
0.1356*** 

(0.0285) 

Note: Standard errors are in parentheses. Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 
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Table 4: Regression Results of Global Analysis DID models: Comparing Individuals Who 

Made Less Than $10K in Massachusetts to Those in Connecticut and Rhode Island 

(combined) 

Dependent Variable: 

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

MA * After reform 

(Treatment GDID) 
0.0302 0.0464** 0.0300 0.0402* 

(0.0191) (0.0211) (0.0194) (0.0227) 

After reform (Year>2006) 0.5246*** 0.5130*** 0.5246*** 0.5113*** 

 

(0.0130) (0.0135) (0.0132) (0.0141) 

MA 0.0043 0.0159*   

 

(0.0080) (0.0096)   

Control variables? No Yes No Yes 

N 1084 1084 1084 1084 

Adjusted R-Squared 0.73 0.74 0.73 0.74 

F(all covariates) 1068.54*** 426.82*** 1552.81*** 484.93*** 

Mean dependent variable 

[Standard deviation] 
0.2489 0.2489 0.2489 0.2489 

[0.3180] [0.3180] [0.3180] [0.3180] 

Note: Robust standard errors are in parentheses, and all models have a constant term. Control variables include: the 

percentage change in the unemployment rate in a city, the number of violent crimes in a county, per pupil public 

expenditures in a county, average wages across industries in a county, and indicator variables (i.e. “flag” variables) 

for cities with missing values for each of these control variables. Cities with missing values for any of the control 

variables receive the value zero for that variable. The data cover one year before the reform (2005) and one year 

after the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 
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Table 5: Regression Results of Global Analysis Triple-differences Models: Comparing 

Individuals Who Made Less Than $10K in Massachusetts to Those in Connecticut and 

Rhode Island (combined) and Using Those Who Made More Than $100K as the Third 

Dimension 

Dependent Variable:  

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

MA * After reform * Low income 

(Treatment G3D) 

0.0342 0.0341 0.0343* 0.0343* 

(0.0215) (0.0213) (0.0205) (0.0203) 

After reform (Year>2006) 0.0118** 0.0044 0.0118* 0.0041 

 

(0.0056) (0.0061) (0.0060) (0.0068) 

Low-income (<$10K) -0.1121*** -0.1121*** -0.1121*** -0.1121*** 

 

(0.0066) (0.0067) (0.0077) (0.0077) 

MA 0.0240*** 0.0284***   

 

(0.0081) (0.0087)   

After reform * Low income 0.5128*** 0.5128*** 0.5128*** 0.5128*** 

 

(0.0141) (0.0141) (0.0133) (0.0133) 

After reform * MA -0.0040 0.0110 -0.0043 0.0031 

 

(0.0097) (0.0092) (0.0103) (0.0107) 

Low income * MA -0.0197* -0.0198* -0.0196 -0.0196 

 

(0.0114) (0.0115) (0.0123) (0.0122) 

Control variables?  No Yes No Yes 

N 2165 2165 2165 2165 

Adjusted R-Squared 0.71 0.71 0.73 0.74 

F(all covariates) 471.75*** 292.76*** 627.06*** 363.73*** 

Mean dependent variable 

[Standard deviation] 

0.1776 0.1776 0.1776 0.1776 

[0.2443] [0.2443] [0.2443] [0.2443] 

Note: Robust standard errors are in parentheses, and all models have a constant term. Control variables include: the 

percentage change in the unemployment rate in a city, the number of violent crimes in a county, per pupil public 

expenditures in a county, average wages across industries in a county, and indicator variables (i.e. “flag” variables) 

for cities with missing values for each of these control variables. Cities with missing values for any of the control 

variables received value zero for that variable. The data cover one year before the reform (2005) and one year after 

the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 
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Table 6: Regression Results of Border Analysis DID models: Comparing Individuals Who 

Made Less Than $10K in Border Versus Non-border Cities of Massachusetts 

Dependent Variable:  

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

Border city (0-5 miles) *After reform  

(Treatment BDID5) 

0.1907*** 0.1960*** 0.1914*** 0.1847*** 

(0.0472) (0.0488) (0.0450) (0.0438) 

Border city (5-10 miles) *After reform  

(Treatment BDID10) 

0.1301*** 0.1227*** 0.1301*** 0.1072** 

(0.0390) (0.0397) (0.0392) (0.0428) 

Border city (10-15 miles) *After reform  

(Treatment BDID15) 

0.0643 0.0658 0.0643 0.0512 

(0.0412) (0.0425) (0.0418) (0.0449) 

Border city (15-20 miles) *After reform  

(Treatment BDID20) 

0.0396 0.0564 0.0396 0.0375 

(0.0405) (0.0394) (0.0418) (0.0394) 

Border city (20-25 miles) *After reform  

(Treatment BDID25) 

-0.0048 0.0160 -0.0048 -0.0036 

(0.0484) (0.0492) (0.0519) (0.0560) 

After reform (Year>2006) 0.4803*** 0.4707*** 0.4803*** 0.4820*** 

 

(0.0283) (0.0284) (0.0291) (0.0267) 

Border city: 0-5 miles 0.0152 0.0185 

  

 

(0.0103) (0.0149) 

  Border city: 5-10 miles 0.0253* 0.0304*   

 (0.0132) (0.0170)   

Border city: 10-15 miles 0.0228** 0.0297**   

 
(0.0101) (0.0138) 

  

Border city: 15-20 miles 0.0094 0.0014   

 (0.0100) (0.0130)   

Border city: 20-25 miles 0.0414 0.0410   

 
(0.0304) (0.0341) 

  

Control variables?  No Yes No Yes 

N 674 674 674 674 

Adjusted R-Squared 0.72 0.73 0.71 0.73 

F(all covariates) 198.97*** 150.28*** 323.95*** 165.21*** 

Mean dependent variable 

[Standard deviation] 

0.2562 0.2562 0.2562 0.2562 

[0.3320] [0.3320] [0.3320] [0.3320] 

Note: Robust standard errors are in parentheses, and all models have a constant term. Control variables include: the 

percentage change in the unemployment rate in a city, the number of violent crimes in a county, per pupil public 

expenditures in a county, average wages across industries in a county, and indicator variables (i.e. “flag” variables) 

for cities with missing values for each of these control variables. Cities with missing values for any of the control 

variables receive the value zero for that variable. The data cover one year before the reform (2005) and one year 

after the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01.  
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Table 7: Regression Results of Border Analysis Triple-differences Models: Comparing 

Population Growth Rates of Individuals Who Made Less Than $10K in Border Versus 

Non-border Cities of Massachusetts and Using the Population Growth Rate of Those Who 

Made More Than $100K as the Third Dimension 

Dependent Variable:  

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

Border city (0-5 miles) *After reform * 

Low income (Treatment B3D5) 

0.2252*** 0.2239*** 0.2285*** 0.2284*** 

(0.0502) (0.0503) (0.0494) (0.0488) 

Border city (5-10 miles) *After reform * 

Low income (Treatment B3D10) 

0.1488*** 0.1488*** 0.1488*** 0.1488*** 

(0.0536) (0.0533) (0.0503) (0.0495) 

Border city (10-15 miles) *After reform * 

Low income (Treatment B3D15) 

0.0817* 0.0817* 0.0817* 0.0817* 

(0.0451) (0.0451) (0.0443) (0.0441) 

Border city (15-20 miles) *After reform * 

Low income (Treatment B3D20) 

0.0697 0.0697* 0.0697 0.0697* 

(0.0432) (0.0421) (0.0433) (0.0420) 

Border city (20-25 miles) *After reform * 

Low income (Treatment B3D25) 

0.0062 0.0062 0.0062 0.0062 

(0.0518) (0.0516) (0.0515) (0.0506) 

Control variables?  No Yes No Yes 

N 1345 1345 1345 1345 

Adjusted R-Squared 0.68 0.69 0.70 0.71 

F(all covariates) 116.31*** 99.69*** 124.86*** 107.71*** 

Mean dependent variable 

[Standard deviation] 

0.1855 0.1855 0.1855 0.1855 

[0.2561] [0.2561] [0.2561] [0.2561] 

Note: Robust standard errors are in parentheses. Models 1 and 2 include a set of indicator variables for cities located 

at various distances from the border (i.e. 0-5 miles, 5-10miles, 10-15 miles, 15-20 miles, and 20-25 miles), which 

are dropped in models 3 and 4 due to the presence of fixed effects. All models have a constant term, an indicator 

variable for post reform observations (i.e. After reform), an indicator variable for observations related to the low-

income group (i.e. Low income), an interaction term between After reform and Low income variables, and a set of 

interaction terms between After reform (also Low income) and the indicator variables for border cities. Control 

variables include: the percentage change in the unemployment rate in a city, the number of violent crimes in a 

county, per pupil public expenditures in a county, average wages across industries in a county, and indicator 

variables (i.e. “flag” variables) for cities with missing values for each of these control variables. Cities with missing 

values for any of the control variables receive the value zero for that variable. The data cover one year before the 

reform (2005) and one year after the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 
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Table 8: Regression Results of Border Analysis Triple-differences Models: Comparing 

Population Growth Rates of Individuals Who Made Less Than $10K in Border Versus 

Non-border Cities of Massachusetts and Using Border Versus Non-border Cities in 

Connecticut and Rhode Island (combined) as the Third Dimension 

Dependent Variable:  

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

Border city (0-5 miles) *After reform * 

MA (Treatment B3D5) 

0.2303*** 0.2639*** 0.2309*** 0.2497*** 

(0.0606) (0.0617) (0.0612) (0.0593) 

Border city (5-10 miles) *After reform * 

MA (Treatment B3D10) 

0.2047*** 0.2255*** 0.2047*** 0.2060*** 

(0.0551) (0.0544) (0.0554) (0.0563) 

Border city (10-15 miles) *After reform * 

MA (Treatment B3D15) 

0.1594*** 0.1947*** 0.1594*** 0.1767*** 

(0.0565) (0.0583) (0.0589) (0.0624) 

Border city (15-20 miles) *After reform * 

MA (Treatment B3D20) 

0.0482 0.0821 0.0482 0.0588 

(0.0621) (0.0609) (0.0626) (0.0620) 

Border city (20-25 miles) *After reform * 

MA (Treatment B3D25) 

-0.0352 0.0002 -0.0352 -0.0258 

(0.0621) (0.0637) (0.0629) (0.0666) 

Control variables?  No Yes No Yes 

N 1084 1084 1084 1084 

Adjusted R-Squared 0.74 0.75 0.74 0.75 

F(all covariates) 187.38*** 157.58*** 323.54*** 190.68*** 

Mean dependent variable 

[Standard deviation] 

0.2489 0.2489 0.2489 0.2489 

[0.3180] [0.3180] [0.3180] [0.3180] 

Note: Robust standard errors are in parentheses. Models 1 and 2 include a set of indicator variables for cities located 

at various distances from the border (i.e. 0-5 miles, 5-10miles, 10-15 miles, 15-20 miles, and 20-25 miles), which 

are dropped in models 3 and 4 due to the presence of fixed effects. All models have a constant term, an indicator 

variable for post-reform observations (i.e. After reform), an indicator variable for observations on cities in 

Massachusetts (i.e. MA), an interaction term between After reform and MA variables, and a set of interaction terms 

between After reform (also MA) and the indicator variables for border cities. Control variables include: the 

percentage change in the unemployment rate in a city, the number of violent crimes in a county, per pupil public 

expenditures in a county, average wages across industries in a county, and indicator variables (i.e. “flag” variables) 

for cities with missing values for each of these control variables. Cities with missing values for any of the control 

variables receive the value zero for that variable. The data cover one year before the reform (2005) and one year 

after the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 
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Table 9: Regression Results of Border Analysis Triple-differences Models: Comparing 

Population Growth Rates of Individuals Who Made Less Than $10K in Border Versus 

Non-border Cities of Massachusetts and Using Border Versus Non-border Cities in 

Connecticut, Rhode Island, New York, New Hampshire, and Vermont (combined) as the 

Third Dimension 

Dependent Variable:  

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

Border city (0-5 miles) *After reform * 

MA (Treatment B3D5) 

0.1960*** 0.2168*** 0.1969*** 0.1989*** 

(0.0566) (0.0568) (0.0552) (0.0549) 

Border city (5-10 miles) *After reform * 

MA (Treatment B3D10) 

0.0999 0.1278 0.2197*** 0.2314*** 

(0.1231) (0.1250) (0.0480) (0.0481) 

Border city (10-15 miles) *After reform * 

MA (Treatment B3D15) 

0.1405*** 0.1643*** 0.1407*** 0.1455*** 

(0.0496) (0.0496) (0.0505) (0.0510) 

Border city (15-20 miles) *After reform * 

MA (Treatment B3D20) 

0.1295*** 0.1574*** 0.1297** 0.1353*** 

(0.0497) (0.0495) (0.0513) (0.0511) 

Border city (20-25 miles) *After reform * 

MA (Treatment B3D25) 

0.0378 0.0608 0.0380 0.0372 

(0.0558) (0.0573) (0.0600) (0.0615) 

Control variables?  No Yes No Yes 

N 3406 3406 3406 3406 

Adjusted R-Squared 0.32 0.32 0.74 0.74 

F(all covariates) 281.07*** 236.83*** 423.36*** 257.78*** 

Mean dependent variable 

[Standard deviation] 

0.2579 0.2579 0.2579 0.2579 

[0.4781] [0.4781] [0.4781] [0.4781] 

Note: Robust standard errors are in parentheses. Models 1 and 2 include a set of indicator variables for cities located 

at various distances from the border (i.e. 0-5 miles, 5-10miles, 10-15 miles, 15-20 miles, and 20-25 miles), which 

are dropped in models 3 and 4 due to the presence of fixed effects. All models have a constant term, an indicator 

variable for post-reform observations (i.e. After reform), an indicator variable for observations on cities in 

Massachusetts (i.e. MA), an interaction term between After reform and MA variables, and a set of interaction terms 

between After reform (also MA) and the indicator variables for border cities. Control variables include: percentage 

change in the value of the unemployment rate in a city, the number of violent crimes in a county, per pupil public 

expenditures in a county, average wages across industries in a county, and indicator variables (i.e. “flag” variables) 

for cities with missing values for each of these control variables. Cities with missing values for any of the control 

variables receive the value zero for that variable. The data cover one year before the reform (2005) and one year 

after the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01.
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Table 10: Pseudo-regression Results of Border Analysis Triple-differences Models: 

Comparing Population Growth Rates of Individuals Who Made More Than $100K in 

Border Versus Non-border Cities of Massachusetts and Using Border Versus Non-border 

Cities in Connecticut, Rhode Island, New York, New Hampshire, and Vermont (combined) 

as the Third Dimension 

Dependent Variable:  

Population Growth Rate 

(1) (2) (3) (4) 

OLS OLS 

Fixed Effects 

(City) 

Fixed Effects 

(City) 

Border city (0-5 miles) *After reform * 

MA (Treatment B3D5) 

0.0004 -0.0016 -0.0033 -0.0056 

(0.0229) (0.0242) (0.0203) (0.0208) 

Border city (5-10 miles) *After reform * 

MA (Treatment B3D10) 

-0.1303 -0.1299 0.0091 0.0051 

(0.1513) (0.1536) (0.0334) (0.0315) 

Border city (10-15 miles) *After reform * 

MA (Treatment B3D15) 

0.0247 0.0216 0.0247 0.0219 

(0.0289) (0.0296) (0.0263) (0.0270) 

Border city (15-20 miles) *After reform * 

MA (Treatment B3D20) 

0.0006 0.0060 0.0009 0.0014 

(0.0271) (0.0280) (0.0235) (0.0246) 

Border city (20-25 miles) *After reform * 

MA (Treatment B3D25) 

0.0213 0.0342 0.0087 0.0126 

(0.0279) (0.0288) (0.0212) (0.0218) 

Control variables?  No Yes No Yes 

N 3209 3209 3209 3209 

Adjusted R-Squared -0.00 -0.00 0.92 0.92 

F(all covariates) 3.52*** 3.51*** 2.85*** 2.10*** 

Mean dependent variable 

[Standard deviation] 

0.1335 0.1335 0.1335 0.1335 

[0.4229] [0.4229] [0.4229] [0.4229] 

Note: Robust standard errors are in parentheses. Models 1 and 2 include a set of indicator variables for cities located 

at various distances from the border (i.e. 0-5 miles, 5-10miles, 10-15 miles, 15-20 miles, and 20-25 miles), which 

are dropped in models 3 and 4 due to the presence of fixed effects. All models have a constant term, an indicator 

variable for post-reform observations (i.e. After reform), an indicator variable for observations on cities in 

Massachusetts (i.e. MA), an interaction term between After reform and MA variables, and a set of interaction terms 

between After reform (also MA) and the indicator variables for border cities. Control variables include: the 

percentage change in the unemployment rate in a city, the number of violent crimes in a county, per pupil public 

expenditures in a county, average wages across industries in a county, and indicator variables (i.e. “flag” variables) 

for cities with missing values for each of these control variables. Cities with missing values for any of the control 

variables receive the value zero for that variable. The data cover one year before the reform (2005) and one year 

after the reform (2007). Significance levels: *= p<0.10, **= p<0.05, ***= p<0.01. 

 


