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This dissertation contains three essays in the field of health economics and health 

policy. The first essay studies the effects of legalizing medical use of marijuana on 

marijuana use and other risky health behaviors. I examine the restricted-use data from 

the National Survey of Drug Use and Health (NSDUH), which is a repeated cross 

sectional data set with state identifiers from 2004 to 2012.  During this period, 9 

states and Washington D.C. allowed patients with medical conditions to use marijuana.  

I estimate difference-in-differences (DID) models to examine the impacts of these 

policy changes on risky health behaviors.  Allowing medical use of marijuana does 

not lead to higher marijuana use among the overall population and the youth.  

However, I find that medical marijuana laws (MMLs) are positively and significantly 

associated with marijuana use among males and heavy pain reliever users.  

  

The second essay is a joint work with John Cawley and tests a novel hypothesis: that 

these health disparities across education are to some extent due to differences in 

reporting error across education.  We use data from the pooled National Health and 

Nutrition Examination Survey (NHANES) Continuous for 1999-2012, which include 

both self-reports and objective verification for an extensive set of health behaviors and 

conditions, including smoking, obesity, high blood pressure, high cholesterol and 

diabetes. We find that better educated individuals report their health behaviors more 

accurately. This is true for a wide range of behaviors and conditions, even socially 



 

stigmatized ones like smoking and obesity.  We show that the differential reporting 

error across education leads to underestimates of the true health disparities across 

education that average 19.3%.  

 

The third essay is a joint work with Rachel Dunifon and studies how state regulations 

related to the quality of child care centers—such as teachers’ education and degree 

requirements, staff to child ratios, maximum group size, and unannounced inspection 

compliance requirement—are predictive of children’s health, developmental and 

cognitive outcomes.  State level policies that are related to improving the productivity 

of child care center teachers by having a higher staff to child ratios and advanced 

schooling requirement are predictive of child’s weight related outcomes and cognitive 

outcomes.   
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CHAPTER 1 

THE EFFECTS OF MEDICAL MARIJUANA LAWS ON MARIJUANA USE AND OTHER 

RISKY HEALTH BEHAVIORS 

1.  Introduction 

As of May 2015, 23 states and the District of Columbia (D.C) passed laws to permit medical use 

of marijuana for patients with certain health conditions, and several states have legislations pending. 

Although many states are recognizing the potential benefit of marijuana for approved health 

conditions, marijuana is still illegal at the federal level.1 Nonetheless, public support for marijuana 

legalization has increased in the U.S as shown in figure 1, which is based on a 2013 Gallup poll.2 

This year Alaska, Oregon, and D.C. legalized recreational marijuana use and joined Colorado and 

Washington, both of which legalized marijuana use in 2012. Prior to legalization, these five states 

had already passed medical marijuana laws (MMLs). States that have legalized marijuana for 

recreational use allow any adult over age 21 to purchase marijuana, which is different from MML 

states where only patients with approved health conditions are allowed to use marijuana. Given the 

current debate on marijuana legalization and as more states allow medical and/or recreational 

marijuana use, it is important and policy relevant to examine how MMLs can affect different health 

behaviors. 

Marijuana is the most commonly used illicit drug in the U.S as seen in figure 2, which is based 

on the data from the National Survey of Drug Use and Health (NSDUH) data from 2002 to 2012. 

Unlike other substances such as cocaine and heroin, marijuana use among individuals who are 12 or 
                                                 
1Marijuana is classified as a Schedule I drug (Controlled Substance Act, 1970) along with heroin by the Drug Enforcement 
Administration (http://www.justice.gov/dea/druginfo/ds.shtml). Schedule I drugs are classified as such because these drugs have no 
known or accepted medical purpose and pose a risk for abuse. According to the DEA, “drugs, substances, and certain chemicals used 
to make drugs are classified into five (5) distinct categories or schedules depending upon the drug’s acceptable medical use and the 
drug’s abuse or dependency potential.” As the schedule increases, the drug’s abuse potential decreases (i.e. Schedule V has the least 
abuse potential) 
2http://www.gallup.com/poll/165539/first-time-americans-favor-legalizing-marijuana.aspx 
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older has been increasing since 2007. Marijuana is also the most popular illicit drug among 8th, 

10th, and 12th graders as shown in figure 3 (Monitoring the Future data from 2002 to 2012). 

Accordingly, in the U.S, out of 1.5 million drug-related arrests in 2012, 48.5 percent were related to 

sales, manufacturing, or possession of marijuana, more than any other drug (Federal Bureau of 

Investigation Uniform Crime reports, 2012).  

Several clinical studies have found evidence that marijuana is effective in reducing neuropathic 

pain (Ellis et al., 2008), spasticity from multiple sclerosis (Rog et al., 2005); appetite loss from 

chemotherapy, and nausea, vomiting, and lower intra-ocular eye pressure for glaucoma patients 

(Tomida et al., 2006). Marijuana can be used to relieve symptoms rather than cure these conditions 

through analgesic (pain-reducing), anxiolytic (stress-relieving), anti-spasticity, and mood enhancing 

properties (Fox, Armentano & Tvert, 2013). Although the exact list of approved health conditions 

varies across states, generally patients with cancer, HIV/AIDS, glaucoma, severe or chronic pain, 

muscle spasm, Hepatitis B, multiple sclerosis and severe nausea are allowed to use marijuana with a 

doctor’s recommendations. The Institute of Medicine (1999) also reports potential medical value of 

marijuana but warns about the possible risks associated with long term marijuana use, such as 

dependence and withdrawal symptoms (Joy, Watson & Benson, 1999; Watson, Benson and Joy, 

2000).3  

Even though more states are allowing medical use of marijuana, more research is necessary to 

fully understand the long term health consequences of marijuana use to compare the risks and 

benefits of allowing medical use. Some correlational studies find adverse health effects or outcomes 

associated with marijuana use such as increased risk of cancer, marijuana abuse or dependence, and 

                                                 
3Furthermore, the Food and Drug Administration (FDA) developed and approved several drugs that use synthetic delta-9-
tetrahydrocannabinol (THC), which is a main psychoactive ingredient of marijuana. Marinol (Schedule III drug), Nabilone (synthetic 
cannabinoid) and Cesamet (Schedule II drug) are available through prescription and are developed to relieve nausea and vomiting. 
These are prescribed as appetite stimulants for AIDS patients or for treatment of nausea and vomiting for cancer patients going 
through chemotherapy. These pills are made of synthetic THC, cannbidiol (CBD), and other cannabinoids found in marijuana. 
Because of the potential for dependence and addiction, Marinol is classified as a schedule III drug and Nabilone is classified as a 
schedule II drug (Svrakic et al., 2012). 
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impaired cognitive function (see Gordon, Conley & Gordon, 2013; Hall and Degenhardt, 2009 for a 

review). According to a survey of 1544 physicians, 69 percent said marijuana can help with certain 

health conditions.4 Physicians who do not support medical use of marijuana argue that the long run 

health risks are unclear and debatable. It is debatable whether the long term risks (if any) outweigh 

the current benefits. However, conducting research for side effects, safety, and therapeutic effects of 

active marijuana ingredients among human subjects is difficult and limited because marijuana is 

classified as a schedule I drug and illegal at the federal level. Researchers also need to contend with 

regulations at the federal and state level (Joy, Watson & Benson, 1999).  

Furthermore, it is particularly difficult to examine the benefits and risks associated with medical 

use of marijuana when there is enormous variation in the type of marijuana products available in 

dispensaries and various method of consumption (Sevigny, Pacula & Heaton, 2014). Different 

combinations of marijuana strain (indica, sativa, hybrid), method of cultivation (hemp, sinsemilla, 

hydroponic), and processing (herb, resin, oil) can produce different marijuana products (Sevigny, 

Pacula & Heaton, 2014). Consequently, different marijuana products (based on how they are raised 

and processed) carry different amounts and mixtures of cannabinoids, resulting in varying degree of 

potency (Caulkins, 2012; Sevigny, Pacula & Heaton, 2014).5 Sevigny, Pacula & Heaton (2014) 

find evidence that potency of marijuana increased by a half percentage point, although not 

statistically significant, in states that allowed medical use of marijuana. Anderson, Hansen & Rees, 

(2013) also find lower price of high potency marijuana products among medical marijuana states. 

                                                 
4 survey conducted by WebMD.com http://www.webmd.com/news/breaking-news/marijuana-on-main-street/20140225/webmd-
marijuana-survey-web 
5There are many different ingredients found in marijuana. Delta-9-tetrahydrocannabinol (THC) is the main psychoactive ingredient in 
marijuana, creating euphoric or high effects. THC is one of more than 60 cannabinoids (compounds that are active agents of 
cannabis) found in the marijuana or cannabis plant (Caulkins, 2012). When THC enters the brain it binds to cannabinoid receptors, 
which are found in parts of the brain related to pleasure, memory, thinking, movement, coordination, and sensory and time perception 
(National Institute on Drug Abuse (NIDA) research report, 2002). THC produces similar effects to chemicals naturally found in our 
brain called endogenous cannabinoids. THC overstimulates cannabinoid receptors and disrupts the function of endogenous 
cannabinoids, which produces feelings of euphoria or being “high” (NIDA research report, 2002). Cannbidiol (CBD) is 
nonpsychoactive ingredient that has high therapeutic potential for anti-nausea and anti-inflammatory effects without producing 
intoxicating effects from THC (Mechoulam and Parker, 2003). Some argue that CBD has antipsychotic activity that may reduce 
anxiety caused by high concentration of THC (Caulkins, 2012) 
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Most medical marijuana states do not specifically regulate the potency, specific ratio of different 

cannabinoids, or different forms of marijuana products (herbs, hash, oils, or edible products). The 

ratio of delta-9-tetrahydrocannabinol (THC) to cannabidiol (CBD) in marijuana products can lead to 

different health consequences as cannabinoids have different effects on our body. Further research 

is needed to examine the consequences of having different potency, mixture, and ratios of active 

compounds in different marijuana products among patients with various health conditions.  

In the midst of this debate, it is important to study how MMLs affect marijuana use and 

purchase, as well as other risky health behaviors, such as smoking, binge drinking, and use of other 

illicit drugs. This is an important policy question to study because state MMLs might have 

unintended consequences on non-medical use of marijuana or spillover effects on other risky health 

behaviors. Previous research found a positive association between legalization of medical marijuana 

use and marijuana use among youth and adolescents in those states (Wall et al., 2011; Cerda et al., 

2012; Lynne-Landsman et al., 2013; Anderson, Hansen & Rees 2014). Wen, Hockenberry and 

Cummings (2014) also find that MMLs are related to higher marijuana use among adults but not 

among youth under 21. Anderson, Hansen and Rees, (2014) also do not find any significant 

relationship between MMLs and marijuana use among the youth. Other than the direct impact of 

MMLs on marijuana use, previous studies investigated the impact on other risky health behaviors 

such as traffic fatalities and suicide. Anderson, Hansen and Rees (2013) found that MML is 

associated with an 8 to 11 percent reduction in traffic fatalities (Anderson, Hansen & Rees, 2013). 

In another study, Anderson, Rees and Sabia (2014), examines the effect of MMLs on completed 

suicides using the Vital Statistics data. The authors find that MMLs have a negative association 

with the suicide rate for men aged 20 to 29 and for men aged 30 to 39 (Anderson, Rees & Sabia, 

2014). Also, Bachhuber et al., (2014) find that MMLs are negatively associated with opioid related 

deaths, which suggests that marijuana may be a substitute for opioids (Bachhuber et al., 2014). 
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Building upon previous studies, I examine the effects of MMLs on marijuana use, purchase and 

other substance use such as smoking, binge drinking, prescription pain relievers and other illicit 

drug use. I exploit the variation of MMLs across states and over time to examine how MMLs affect 

individual’s risky health behaviors. To examine this question, I estimate difference-in-difference 

(DID) models using the restricted-use National Survey of Drug Use and Health (NSDUH) data from 

2004 to 2012, which is rich in individual level information on drug use and has detailed geographic 

identifiers. From 2004 to 2012, 9 states (MI, NJ, NM, AZ, CT, RI, MT, DE, and VT) and 

Washington D.C. enacted MMLs. Figure 4 shows the 9 treated MML states and the control states. 

As shown in table 1 and table 26, details of the law vary by state and specific dimensions of MMLs 

change over time in particular states (Pacula and Sevigny, 2014). Some MML states specify how 

patients can get marijuana, either through home cultivation and/or dispensaries while others do not.  

Previous literature that investigates the effects of MMLs on marijuana use overlooked the 

heterogeneous nature of MMLs (Wall et al., 2011; Cerda et al., 2012; Lynne-Landsman et al., 2013; 

Wen, Hockenberry & Cummings, 2014). Pacula et al., (2015) found that a general MML policy 

indicator was not significantly associated with marijuana use whereas home cultivation and legal 

dispensaries are positively associated with marijuana use. Therefore, in addition to a basic MML 

policy change indicator, I examine different components of MMLs, such as when the states began to 

allow legal dispensaries and home cultivation. 

This paper contributes to the literature and provides important evidence of early effects of 

MMLs along the dimensions that were not extensively studied before. I examine the effects of 

different dimensions of the MMLs on marijuana use and other risky health behaviors. Also, this 

study can help inform policymakers about the possible spillover effects among the states that have 

recently passed MMLs. Unlike other studies, I also control for state level anti-marijuana legalization 

                                                 
6source:procon.org, Sevigny, Pacula & Heaton, (2014), Pacula and Sevigny (2014), Anderson, Hansen & Rees (2013) 
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sentiment and the political environment of the state. These factors are related to the probability of 

MML passage and thus important to account for in my DID models. 

Results from this study suggest that positive and significant relationship between MMLs and 

marijuana use is mostly concentrated among males and heavy prescription pain reliever users who 

do not have lung cancer, hepatitis, and HIV/AIDS. Allowing medical use of marijuana has 

heterogeneous effects on different subgroups by gender, age, and health conditions. Findings from 

this paper suggest substitutability between marijuana and prescription pain relievers, which supports 

the medical marijuana registry data that vast majority of the medical marijuana patients are using 

marijuana for severe or chronic pain.  

2.  How can MMLs affect marijuana and other risky health 

behaviors?  

 

Figure 5: How can MMLs affect marijuana use and other risky health behaviors 

As shown in figure 5, MMLs can affect the demand for marijuana by changing the price, time 

cost, and the perception of risk in using marijuana. It is possible that marijuana becomes more 

accessible in MML states that specifically allow home cultivation or legal dispensaries. Because 

MML protects patients using marijuana for medical purposes, there is a high likelihood that some 

individuals may exploit loopholes in the law. It is difficult to objectively verify health conditions 
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like nausea or chronic pain and to check that marijuana for medical use is only utilized by registered 

patients (Anderson, Hansen & Rees, 2013). In states that have loose regulations on the medical use 

of marijuana, such as California, fewer than 5 percent of patients seeking marijuana for medical use 

actually have approved health conditions (Caulkins, 2012). The most common conditions for which 

marijuana use is recommended are non-specific (e.g. pain, insomnia, anxiety problems) and are not 

related to a certain medical condition or disease. As shown in table 37 among 4 MML states that I 

observe in the registry data, severe or chronic pain comprises the highest proportion of health 

condition that registered patients seek marijuana for. It is plausible that marijuana intended for 

medical use is instead used for non-medical purposes (Anderson, Hansen & Rees, 2013). Currently, 

there is no system in place that tracks how often and how much the registered patients buy 

marijuana from different dispensaries. Patients can sell or divert supplies of medical marijuana to 

recreational marijuana users.8  

MMLs can also affect individuals’ attitudes or perception of risk regarding marijuana use. As 

more states accept marijuana for medical use over time, this can lower the perception of risk in 

using marijuana because marijuana can be used as an alternative method to relieve symptoms 

associated with certain diseases and health conditions. Accordingly, MMLs can lead to lower 

perceived risk of using marijuana (Joffe et al., 2004).9 Carpenter and Pechmann (2011) found a 

negative relationship between exposure to antidrug advertisements and marijuana use in the past 

month among female youths. As shown in previous research (Joffe et al., 2004; Carpenter & 

Pechmann, 2011), exposure to drug policy or campaign can affect the perceptions of risk as well as 

actual consumption of the substance.  

                                                 
7data collected by the author from the MML states’ medical marijuana patient registry data and Anderson, Hansen and Rees (2013) 
8In states like Colorado and Oregon, recreational and medical marijuana markets are closely related and a substantial amount of 
medical marijuana is overproduced and leaked into the recreational markets (Wirfs-Brock, Seaton & Sutherland, 2010; Sevigny, 
Pacula & Heaton, 2014). 
9In New Jersey, cable subscribers can see TV advertisement of webpage marijuanadoctors.com which is a like Yellow Pages for 
medical marijuana physicians. 
http://www.nj.com/business/index.ssf/2014/03/marijuana_tv_ad_debuts_to_new_jersey_comcast_subscribers.html 
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With increased supply of marijuana, the price of marijuana may decrease. Anderson, Hansen 

and Rees, (2013) also find high potency marijuana products in medical marijuana states have a 

lower price. However, because marijuana is still illegal at the federal level, the full price of 

marijuana includes search cost, monetary costs of purchasing marijuana, as well as non-pecuniary 

costs such as health risks and legal risks of using marijuana (Pacula et al., 2015). In MML states 

that allow dispensaries or home cultivation, the search cost of marijuana will decrease. The 

monetary cost of marijuana sold from dispensaries may decrease if the number of dispensaries rises 

and increases competition among dispensaries. Because of the disagreement between the federal 

and state governments regarding the legalization of medical use of marijuana, dispensaries that 

operate in MML states still face legal risks and these uncertainties can affect the number of 

dispensaries operating in MML states. Similarly, registered medical marijuana patients may be 

prosecuted under the federal law. Subsequent to the 2009 announcement by the U.S. Attorney 

General that the Justice department would not raid marijuana dispensaries that complied with state 

MMLs, the number of dispensaries increased (Ogden, 2009). As seen in figure 610, Montana 

experienced a boom in registered medical marijuana patients and dispensaries after 2009. This 

shows that legal risks play an important role in the number of registered patients as well as 

dispensaries.  

Because MMLs can affect both medical and recreational use of marijuana, marijuana can have 

unintended consequences on other risky health behaviors. First, marijuana may act as a gateway 

drug, leading to consumption of other hard drugs. Although not causal, many previous studies 

interpret the fact that young adult cocaine users have previously used marijuana as an evidence of 

the gateway effect of marijuana (Mills and Noyes, 1984; Newcomb and Bentler, 1986). DeSimone 

(1998) found that previous consumption of marijuana raised the probability of current cocaine 

                                                 
10Source: Montana Medical Marijuana Program Historical Data from the website http://www.dphhs.mt.gov/qad/Licensure/MMP.aspx 
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consumption by 29 percentage points among young adults (DeSimone, 1998). Similarly, Deza 

(2015) found the largest stepping stone effect among young adults where previous marijuana use 

led to an increased chance of future marijuana and harder drug consumption (Deza, 2015).  

In addition, marijuana may be a substitute for or complement to other substances such as 

alcohol, cigarettes, and other drugs. In other words, passing MMLs may not only affect marijuana 

consumption, but can have spillover effects on other substance use. If a substance is a complement 

to marijuana, then consumption of that substance may increase subsequent to MML passage. On the 

other hand, if the substance is a substitute, then consumption of substitutable substance will 

decrease after MML passage assuming that MMLs may potentially lead to an increase in non-

medical use of marijuana.  

Previous studies have found evidence for complementarity between cigarettes and marijuana use 

particularly among youths (Farrelly et al., 2001; Cameron and Williams, 2001; Chaloupka et al., 

1999). Saffer and Chaloupka (1999) find negative and significant cross price effects of cocaine and 

heroin with marijuana, suggesting they are complements to marijuana (Saffer and Chaloupka, 

1999). Between marijuana and alcohol, evidence is mixed. Some studies find evidence that they are 

complements (Farrelly et al., 1999; Pacula, 1998; Williams, 2004; Yoruk and Yoruk, 2011), while 

others find that they are substitutes (Anderson, Hansen & Rees, 2013; Crost and Guerrero, 2012; 

Cameron and Williams, 2001; Dinardo and Lemiuex, 2001). As Pacula and Sevigny (2014) note, 

the results of different studies examining the effect of raising the Minimum Legal Drinking Age on 

marijuana use may vary due to use of different data sets, sample restrictions, and outcome variables. 

If a substance is a complement to marijuana, then consumption of that substance may increase 

subsequent to MML passage. On the other hand, if the substance is a substitute, then consumption 

of substitutable substance will decrease after MML passage assuming that MMLs may potentially 

lead to an increase in non-medical use of marijuana.  
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3.  Data 

I use the restricted-use NSDUH data with state identifiers from 2004 to 2012, which is repeated 

cross-sectional data. From 2004 to 2012, nine states and D.C. passed MMLs. This is an annual 

survey that collects data from about 70,000 individuals, age 12 and older, randomly selected from 

the U.S. civilian non-institutionalized population. NSDUH collects data from residents of the 

households, and non-institutional group quarters (dorm, rooming houses, shelters, etc.), but does not 

include homeless individuals who do not use shelters or residents of institutional group quarters 

(jails and hospitals). NSDUH is a well-suited dataset for this study because it contains detailed 

questionnaires about individual’s illicit drug, tobacco, and alcohol use and frequency, dependency, 

mental health and other health behaviors.11 

Because NSDUH is a repeated cross-sectional dataset, it does not follow individuals over time. 

Hence, I cannot observe or compare individual’s behaviors before and after the policy change in 

their state. Also, survey responses are self-reported, thus it might be susceptible to underreporting, 

especially because these are very detailed and sensitive questionnaires about respondents’ drug use 

and other risky health behaviors. To a certain extent, this can be minimized by the way survey 

responses are collected. The survey is done in a private setting using a laptop computer, instead of 

having an interviewer administer the survey. NSDUH uses audio computer-assisted self-

interviewing (ACASI), which gives respondents more privacy, ensures anonymity, and in turn can 

help reduce underreporting. This can help reduce underreporting of risky health behaviors due to 

social desirability bias, which can lead some better educated individuals to underreport because they 

might know better what the socially acceptable norm is and have more desire to provide others with 

a favorable impression of themselves and be more embarrassed to admit engaging in illegal 

behaviors (Edwards, 1957). Another source of reporting error is misunderstanding of the survey 

                                                 
11http://www.samhsa.gov/data/NSDUH/2012SummNatFindDetTables/NationalFindings/NSDUHresults2012.htm#ch1.1 
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questionnaires or false memory recalls. NSDUH contains information about whether the respondent 

had any difficulty understanding the questionnaire and I control for this factor in the analysis.  

We have some information about the extent of reporting error of marijuana use in NSDUH data. 

The Substance Abuse and Mental Health Services Administration (SAMHSA) and the National 

Institute of Drug Abuse (NIDA) supported a study that investigates the validity of self-reported 

responses on illicit drugs in the NSDUH data among individuals of age 12 to 25 (Harrison et al., 

2007). This study had representative sample of the U.S. population12 but was limited to those of 

age 12 to 25. More than 4400 respondents completed the interview from the initial sample of 6000 

respondents.13 

For marijuana use in the past 30 days, 89.8 percent of respondents had congruent interview and 

urine test results, which was mostly driven by 82.9 percent of respondents who reported no use and 

tested negative (6.9 percent reported use and tested positive). However, 4.4 percent reported no use 

and tested positive and 5.8 percent reported use but tested negative.14 There is a higher rate of false 

negative reports, where individuals report no use but the test results show otherwise. But also, there 

are instances where individuals report use but test result is negative, which could be due to reporting 

error or this could indicate that they are not heavy drug users. Given this result, I suspect that 

NSDUH will have some instances of under reporting of drug use for those of age 12 to 25. 

However, the rates of false negative or positive responses are quite low and I control for whether 

                                                 
12except for Alaska and Hawaii 
13The response rate of 74.3 percent and among those who completed the interview, 89.4 percent consented to give urine or hair 
samples. After the interview was completed, respondents learned about biological specimen collection. Similar to NSDUH, this study 
used computer-assisted interviewing (CAI) to collect the data and used ACASI for sensitive questions. In addition to 30 day window 
of drug use, additional questions were asked within a shorter time period, such as marijuana use within the past 7 days or 3 days, to 
be able to compare and detect the drug use with urine or hair samples (Harrison et al., 2007). 
14For marijuana questionnaires within the past 30 days, sensitivity (percent of respondents who tested positive and reported using 
marijuana in the past 30 days) and specificity (percent of respondents who reported no use and tested negative) levels were 0.609 and 
0.935 respectively. For 3 or 7 day period, the agreement rate between self-reported marijuana use and urine test results was higher but 
also had similar patterns of false positive and negative responses. Cocaine results were similar to marijuana results. 7 day self-
reported response had 98.5 percent agreement with urine drug test results, mostly driven by non-users, who comprised 98.2 percent. 
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the individual had complete privacy during the interview, which can account for reporting error to 

some extent.  

Another study examined the validity of self-reported marijuana use data using the data Arrestee 

Drug Abuse Monitoring Program (ADAM) from 1998 to 2002. Miller and Kuhns (2012) find higher 

validity levels of self-reported marijuana use among juvenile arrestees in MML states. This may 

suggest that passage of MMLs can affect the accuracy of self-reported marijuana use. It is possible 

that because medical use of marijuana is allowed, individuals living in MML states might have a 

lower probability of under reporting marijuana use. If this is true in the NSDUH data, marijuana use 

estimates may be upwardly biased because the increase in marijuana use is driven mostly by users 

who do not report marijuana use accurately prior to the passage of MMLs.  

4.  Empirical strategy 

I exploit the variation of MMLs across states and over time to identify the effects of MMLs on risky 

health behaviors. To examine this question, I estimate difference-in-difference (DID) models using 

the restricted-use National Survey of Drug Use and Health (NSDUH) data from 2004 to 2012. 

During this period, 9 states and D.C. enacted legislation allowing medical use of marijuana. 

Treatment states are these 9 states and D.C. that passed MMLs between 2004 and 2012. Control 

states are defined as those states that never passed MMLs. I define always treated states as those 

states that passed MMLs prior to 2004.  

Figures 7a to 7d show that treatment states that passed MMLs from 2004 to 2012 have higher 

baseline rates of marijuana use outcomes except for figure 7b. However, I cannot conclude that 

MMLs produced higher rates of marijuana use among the treated states. It is possible that states 

with higher rates of marijuana users may be more likely to pass these laws. Figure 7a shows that 

baseline past month marijuana use rate at the extensive margin is higher among MML states from 
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2004 to 2012 compared to control states and the gap between treatment and control states widens 

subsequent to MML passage.  However, as seen in figure 7b, past month marijuana use among 

users at the intensive margin has a similar increasing trend in both the treatment and control states.15  

Similar to figure 7a, figure 7c shows that baseline past month marijuana purchase rate is also 

higher among the treated than the control states. Also, figure 7d displays that both the treated and 

control states have increasing number of respondents who think that it is not risky to use marijuana 

once or twice a week over time where treatment states have higher baseline rates than control states. 

In addition, there is no MML state that has an unusual trend of marijuana use or any other 

concurrent shocks that has affected marijuana use outcome as shown in figure 8. Similar to 

marijuana use trends, figures 9a and 9c show that the treatment states have higher baseline rates of 

other drug use or binge drinking but the rate is not increasing over time for either the treatment or 

the control states. Smoking prevalence rates seem to be similar across treatment and control states 

as shown in figure 9b.  

I use the difference-in-differences strategy to estimate the effects of medical marijuana use 

policies: 

  (1) 
 

where Y
ist

 is a measure of various risky health behaviors such as previous month marijuana use, 

purchase, binge drinking, illicit drug use excluding marijuana, heavy prescription pain reliever use, 

past year driving under the influence of alcohol or drugs, illicit drug abuse, alcohol abuse, and 

marijuana abuse for individual i in state s at time t. The main explanatory variable of interest is 

MML
st
, an indicator variable that becomes one in the year that the state legalizes medical use of 

marijuana and also equals one for all subsequent years. For the first year of MML implementation, I 
                                                 
15I randomly assigned years of MMLs to control states. I used the distribution of law changes in the NSDUH sample from 2004 to 
2012 to inform how to randomize event time for the controls 
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use the fraction of the year that was under the influence of MMLs since the effective date.16 MML
st
 

equals one throughout the data period for states that previously passed MMLs prior to 2004. MML
st
 

equals zero for all control states because these states were never treated (did not pass MMLs) during 

2004 to 2012.  

X
ist

 is a vector of individual characteristics (age, race, sex, marital status, education, income, 

whether or not an individual has any health insurance, whether they have excellent self-reported 

health status, whether you have a child, whether you live in a urban area). I also control for whether 

the individual has any problem understanding the questionnaire and whether the survey was done in 

the most private setting possible to minimize reporting error to some extent. In order to account for 

any anticipation effect, I control for an indicator variable for individuals who are interviewed 

between the enacted and effective dates of MMLs.  

st  is a vector of socioeconomic characteristics and political environment of the state (per 

capita income, unemployment rate, Democratic governor, Democratic controlled legislature, split 

legislature where Republican controlled legislature is the omitted category) as well as state level 

policy variables relevant to marijuana use (state cigarette tax, state beer tax, whether the state 

decriminalized possession of marijuana (a small amount), and drug related arrests per capita, state 

level marijuana legalization sentiment).  

T
s
 and Z

t
 are state and year fixed effects respectively. State fixed effects remove time-invariant 

differences between treatment and control states and year fixed effects absorb common time shocks. 

Standard errors are clustered at the state level to adjust for the serial correlation. All of the 

regressions are weighted by NSDUH sampling weights. Number of observations is rounded to the 

nearest hundreds due to disclosure review protocols. In addition to this basic model specification, I 

                                                 
16i.e. If a state passes MML in January of 2004 and the law becomes effective in July of 2004, MML

st
 equals 0.5 in 2004 and 1 in 

subsequent years 
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estimate another model controlling for state specific linear time trends (to take into account 

unobserved state level characteristics that change over time linearly such as other substance use)17 

and another model controlling for both state-specific pre-trends and post-trends relative to when 

MML is passed. I run three model specifications for all of the outcome variables. The pre trend 

variable ranges from -7 to 0 incrementally, where 0 indicates the year that MML becomes effective 

in that state. The post trend variable ranges from 0 to 7 incrementally, where 0 indicates the 

effective date of MML.18 I estimate Ordinary Least Square (OLS) models for continuous dependent 

variables and linear probability models for dichotomous dependent variables. All of the models 

shown in the tables include state and year fixed effects, state specific linear time trends, and 

standard errors are clustered at the state level.  

Second, I estimate the same difference-in-differences model as above with two different 

treatments of MMLs, home cultivation and dispensaries. 

  (2) 
 

The main variables of interest are Dispensary
st

 and Cultivation
st

, both of which are 

dichotomous variables that equal 1 in the year (and in all subsequent years) that state allows retail 

sales of marijuana through dispensaries or allow home cultivation and equals 0 otherwise (following 

the definition of Sevigny and Pacula, 2014).  The rest are the same as in equation (1). During the 

study period from 2004 to 2012, 6 states amended or enacted laws to have state licensed 

dispensaries and 2 states and D.C. passed laws to allow dispensaries (but in these states, first 

dispensary opened in 2013, so I do not count these as states that legally allowed dispensaries before 

2012; see tables 1 and 2 for details). These are important dimensions of MMLs because dispensaries 

are important supplies of marijuana for patients in addition to home cultivation. Specifying the 

                                                 
17I report the results from this model, as the point estimates are similar across different model specifications. 
18For the states that passed MML law before 2004, post trend variables are calculated based on the years since the states passed the 
law and pre trend variables are all set to 0. 
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source or supply of marijuana can reduce the search costs and legal risks that patients perceive. It is 

also the case that in many MML states, boom in dispensaries are positively correlated with the 

number of patients and caregivers in the state. For example, as shown in figure 6, dispensaries in 

Montana exhibit this pattern.  

Identification relies on the assumption that MML passage is uncorrelated with unobserved 

determinant of marijuana use or other risky health behaviors. One of the potential threats to 

identification is policy endogeneity. There might be certain unobserved characteristics that 

distinguish states that allow medical use of marijuana as opposed to other states that do not. It is 

possible that states with more liberal political environment and/or states with a higher baseline 

marijuana use are more likely to pass these legislations. In that case, these policy changes across 

states over time are not exogenous. If unobserved factors that are correlated with both legalization 

of medical marijuana use and other risky health behaviors do not change over time, then controlling 

for state fixed effects will remove the bias. Controlling for year fixed effects will remove time 

variant trends that are common across states.  

In addition, I control for state level marijuana legalization sentiment by merging the aggregated 

Simmons National Consumer Survey (NCS) data from 2004 to 2009.19 Similar to DeCicca et al. 

(2008), it is important to account for sentiment for marijuana legalization because this can be 

correlated with the passage of MMLs as well as baseline marijuana use in the states. NCS is an 

annual survey of adults of age 18 or older and measures various consumer behavior and opinions to 

products, brands, media, and other social issues. One of the questionnaires asked participants, “Do 

you think marijuana should be legalized?” Participants choose a response from five categories; 

disagree a lot, disagree a little bit, neither disagree nor agree, agree a little bit, and agree a lot. I 

created an indicator variable that equals 1 if the respondent disagrees a lot or disagrees a little bit 

                                                 
19These are the only available years for the data that I could access. I linearly extrapolate the data for 2010 to 2012. 
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with the marijuana legalization question and aggregated it at the state level. For this questionnaire, 

there is no respondent from Alaska or Hawaii. I weight this variable based on the sampling weights 

given by NCS before merging to the NSDUH data.  

It is possible that variation of MML passage is not exogenous. In order to examine that 

possibility, I estimate an auxiliary model to examine the likelihood of a state enacting legislation 

regarding legalization of medical marijuana use. I follow the empirical strategy of Cawley and Liu 

(2008). Using a discrete time hazard model, I examine which factors are correlated with likelihood 

of MML passage. I find that having a Republican controlled state legislature is significantly and 

negatively related to MML passage. I control for the state political environment and state level 

marijuana legalization sentiment, which can affect the passage of MMLs.20 

                                                 
20The dependent variable is whether the state enacted MML. I collected the information about legalization of marijuana from the 
National Conference of State Legislatures during 2004-11. I control for political environment of the state because this can affect state 
legislative actions (Cawley and Liu, 2008). I created an indicator variable for whether the governor is a Democrat, whether 
Democrats control the state legislature, and whether Republicans control the state legislature, whether the state has a split legislature 
(the two chambers have different majority parties), and the omitted category is Democrat controlled legislature. State legislations 
may be strongly associated with various socioeconomic characteristics of the state. 

 I control for various socioeconomic characteristics of the state such as percent of population with bachelor’s degree or 
higher, racial composition (white is the omitted category), log per capita income, and percent of population enrolled in Medicaid, 
poverty. Data for log per capita income comes from Bureau of Economic Analysis, Department of Commerce. I retrieved the rest of the 
data on state socioeconomic characteristics from Current Population Survey (annual average).  

I also control for per capita drug related arrests and per capita DUI arrests each year. The annual data comes from Federal Bureau 
of Investigation’s Uniform Crime Reports. I use per capita arrests to account for variation in state population. Potentially, states that have 
higher number of drug arrests are more likely to enact MMLs to lower enforcement costs related to drugs. Potentially, states that have higher 
number of drug arrests are more likely to enact MMLs to lower enforcement costs related to drugs. In addition, I control for the percentage of 
subjects admitted to treatment due to alcohol use, marijuana use, or other drugs (except marijuana or alcohol) using the Treatment Episodes 
Data Set (TEDS) data from 2004 to 2010. I also control for state level marijuana legalization sentiment calculated from the Simmons data 
and whether the state decriminalized small possession of marijuana. These are relevant state characteristics that could affect the baseline 
marijuana use as well as the likelihood of passing MMLs.  

States that have passed medical marijuana use legislations during 2004 to 2011 are more likely to have Democrats in control of the 
state legislature than states that have not passed these legislations (and the opposite in terms of Republican being in control of the state 
legislature). Also, MML states have higher portion of population enrolled in Medicaid, in poverty, and higher portion of Hispanic population 
than non MML states but the difference is not statistically significant. Drug arrest per capita is 0.1 percent higher among non MML states 
than those states that passed these laws (the difference is significant at 5 percent level).  

I use discrete time hazard models to estimate the association between state political and socioeconomic characteristics and passing 
legislations that allow medical marijuana use. Dependent variable is an indicator variable for whether the state passed legislations legalizing 
medical marijuana use from 2004 to 2011. I only include year fixed effects in all of the models. I find that having a Republican controlled 
state legislature compared to Democrat controlled legislature is associated with a 3.2 percentage point lower probability of passing MMLs. 
This significant and negative relationship remains as I add more controls such as marijuana legalization sentiment, drug arrests per capita and 
treatment admissions due to alcohol, marijuana, or other drugs. On the other hand, decriminalization of small marijuana possession is 
negatively associated with the likelihood of passing MMLs. I control for political environment of the state and anti-marijuana legalization 
sentiment in my main analysis. 
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5.  Results 

Table 4 shows the descriptive statistics and similar to the figures shown before, the treatment states 

have higher baseline marijuana use than control states. Also, treatment states have higher rates of 

other illicit drug use and driving under the influence of alcohol or drugs than control states. On the 

other hand, treatment and control states are similar in terms of other risky behavior such as 

smoking, binge drinking, and illicit drug abuse.  

5.1  Direct impacts on marijuana use, purchase, and risk 

I examine the impact of MMLs on both the extensive and intensive margins of overall marijuana 

use. Table 5 presents DID estimates for the overall sample and different subgroups (by gender, any 

health condition, and heavy pain reliever use). That is because as table 3 shows, majority of the 

registered patients in MML states are males and intend to use marijuana for chronic or severe pain. 

Although NSDUH does not distinguish medical and recreational marijuana use, I can roughly proxy 

for medical use by using the information on respondent’s health conditions. NSDUH asks 

respondents whether they have lung cancer, hepatitis, and HIV/AIDS. These are one of the most 

common health conditions listed in MML states that patients can use marijuana for. Using that 

information, I can examine whether MMLs have a stronger impact among the potential population 

the policy change is intended for. On the other hand, because severe pain is the most common 

health conditions patients use marijuana for and arguably the most subjective health conditions 

MML states allow patients to use marijuana for, I estimate DID models among those who heavily 

use prescription pain relievers but do not have lung cancer, hepatitis, or HIV/AIDS. I define heavy 

prescription pain reliever users in the past year as those who use the drug above the 75th percentile.  

Implementing MMLs is not strongly related to higher marijuana use among the overall sample 

and females.  Also, allowing medical use of marijuana does not lead to a significant increase in 
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marijuana use among the youths.  On the contrary, for males, passing MMLs leads to an additional 

0.371 day (36.7 percent) of marijuana use in the past month and additional 2.394 days (151.5 

percent) of marijuana use in the past year. Passing MMLs are not significantly related to any of the 

marijuana use outcomes for the respondents who have any of the three health conditions. Because 

these three health conditions are not an exhaustive list of conditions that states allow marijuana use 

for, I cannot conclude that passage of MMLs does not lead to higher marijuana use among the 

intended users of medical marijuana. However, I find positive and significant relationship between 

MMLs and marijuana use outcomes in both the extensive and intensive margins for those who use 

prescription pain relievers heavily but do not have any of these health conditions. Passing MMLs 

leads to a 4.1 percentage points (10 percent) increase in past month marijuana use and additional 

1.932 days (26.8 percent) of marijuana use in the past month. It is possible that this sample consists 

of recreational users who reap the loophole in the law (i.e. using "medical" marijuana for subjective 

conditions) in addition to patients who are suffering from severe pain but do not have lung cancer, 

hepatitis, or HIV/AIDS.  

Table 6 shows the same set of DID estimates by age groups. Most of the health conditions listed 

for medical use of marijuana are usually more common among the elderly than youth or 

adolescents. I do not find significant relationship between MMLs and marijuana use among the 

youth, except for marijuana purchase among those under 18. Passing MMLs leads to an additional 

0.355 day (42.2 percent) of marijuana use in the past month among those aged 25 to 45. I find 

similar results for those in the age range 25 to 45.  

Table 7 presents the DID estimates using different indicators (allowing home cultivation and 

dispensaries) as in equation (2). I find similar results as using the general MML treatment indicator 

among the overall sample in table 5. Allowing registered patients to grow marijuana at home and 

allowing dispensaries are not significantly associated with marijuana use at the extensive margin as 
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the point estimates are close to zero. Having legal dispensaries leads to an additional 0.703 day (84 

percent) of marijuana use in the past month.  

Overall, DID estimates show that MMLs are positively related to marijuana use particularly 

among males and those who frequently use prescription pain relievers but do not have any relevant 

health condition. There is no strong evidence that passing MMLs leads to higher marijuana use 

among the youth and the overall population. In addition, I explore the possibility of cross border 

shopping, by identifying the counties bordering MML states. It is plausible that individuals living in 

counties and states that border MML states may purchase or use marijuana more frequently after 

MML passage. However, there is no significant increase in marijuana use or purchase among those 

who live in bordering counties.21  

5.2  Spillover effects on other substances and risky health behaviors 

As table 8 displays, with respect to various risky health behaviors, such as smoking, binge drinking, 

and heavy drinking, I do not find any statistically significant relationship with the general MML 

treatment indicator. Most of the point estimates are close to zero. With regards to binge drinking 

(defined as having 5 or more drinks on the same occasion) and heavy drinking (engaging in binge 

drinking for 5 or more days), there are heterogeneous effects of MMLs among different subgroups 

and treatment indicators. As shown in table 8, among those with any health conditions, passing 

MMLs lowers the number days of binge drinking in the past month by 0.766 day (77.5 percent). 

Similarly, table 9 shows that among those 65 and older, passing MMLs lead to a 6.56 percentage 

point decrease (63.1 percent) in the likelihood of binge drinking in the past month. This may 

suggest that alcohol is a substitute for marijuana, perhaps among the elderly and those with lung 

cancer, hepatitis, or HIV/AIDS. On the other hand, as table 10 shows, the opposite holds true when 

                                                 
21 Results available upon request. 
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I estimate the same model with other treatment indicators such as allowing home cultivation and 

dispensaries. Allowing home cultivation is positively related to all heavy drinking outcome 

measures, which suggests that when using this treatment indicator instead of the general MML 

indicator, alcohol and marijuana maybe complements.  

Similar pattern holds true for smoking outcomes. There is no significant relationship between 

passing MMLs and cigarette use among the overall sample, heavy pain reliever users, males, and 

different age groups as these point estimates are close to zeros. For females, findings suggest that 

marijuana and cigarettes may be complements. Passing MMLs leads to a 2.29 percentage points 

(10.65 percent) increase in the likelihood of smoking in the past month among females. On the 

other hand, I find evidence that marijuana may be a substitute for cigarettes among those who have 

any health conditions. Furthermore, when estimating DID models with a different treatment 

indicator, allowing dispensaries are positively and significantly related to all measures of smoking 

outcomes, suggesting complementarity between cigarettes and marijuana.  

In addition, because many patients use marijuana for severe or chronic pain and previous 

research find a negative and significant relationship between deaths due to opioid overdose and 

MMLs (Bachhuber et al., 2014), I examine the effects of MMLs on prescription pain reliever use 

outcomes. Among those who have any health conditions, passing MMLs significantly lowers the 

likelihood of past month and past year pain reliever use as well as pain reliever abuse or 

dependence. Evidence from table 8 suggests that for this subgroup, marijuana may act as a 

substitute for prescription pain relievers. On the other hand, I find conflicting results for heavy 

prescription pain reliever use outcome among different age groups as shown in table 9. For those 

under 18 and 45 to 65 age groups, passing MMLs leads to an increase in heavy use of prescription 

pain relievers suggesting complementarity, while the opposite is true for above 65 and 25 to 45 age 

groups. Table 10 suggests that allowing home cultivation leads to a 1.64 percentage point decrease 



 

22 

(86.3 percent) in pain reliever use in the past month. Most of the DID estimates suggest that 

marijuana can be a substitute for prescription pain relievers, particularly among those who have any 

relevant health conditions.  

Passing MMLs may have unintended spillover effects on other illicit drug use. Table 11 presents 

DID estimates for other illicit drug use, driving under the influence of drugs or alcohols, or various 

substance abuse outcomes. There is some evidence that passing MMLs lead to a lower likelihood of 

using other illicit drugs for certain subgroups. For those with any health condition, MMLs lead to a 

8.3 percentage point decrease (68.4 percent) in the probability of using other illicit drug in the past 

month. Table 13 presents the same DID estimates when different MML treatment indicators are 

used. Allowing home cultivation is negatively and significantly related to the probability of using 

other illicit drug in the past month. This suggests some evidence for substitutability between 

marijuana and other illicit drugs.  

With respect to driving under the influence of drugs, I find a negative and significant 

relationship with passing MMLs for the overall sample and most of the subgroups. In table 11 and 

table 12, most of the DID estimates suggest a negative relationship between passage of MMLs and 

driving under the influence of drugs. The magnitude of the point estimates is similar across different 

subgroups. Among females and heavy prescription pain reliever users, allowing medical use of 

marijuana leads to a 1.01 percentage points (37.4 percent) and 12.9 percentage points (30.6 percent) 

decrease in the likelihood of drugged driving in the past year.  

6  Conclusions 

This study examines the early effects of state MMLs on marijuana use and other risky health 

behaviors. Using rich individual level data on drug use, binge drinking, smoking, prescription pain 

reliever use and drug and alcohol abuse, this paper contributes to the literature by demonstrating 
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how MMLs might affect different health behaviors. Furthermore, I examine the effects of specific 

dimensions of the law such as allowing dispensaries and/or home cultivation and study the effects 

of MMLs on different subgroups such as gender, age, heavy pain reliever users and those with 

relevant health conditions. Unlike previous studies, I take into account whether the survey is done in 

complete privacy and whether the respondent completely understood the questions to minimize the 

problem of under reporting. Also, I attempt to examine the possibility of policy endogeneity 

through studying the likelihood of MML passage based on state’s political environment and 

socioeconomic characteristics.  I find that state’s political environment is positively and 

significantly associated with the probability of MML passage. Thus, I control for state level 

political environment and also state level anti-marijuana legalization sentiment in the main analyses 

to account for this issue.  

In addition, I examine other important outcomes related to marijuana such as marijuana 

purchase and risk perception of marijuana use, which previous research has not studied. I do not 

find any statistically significant relationship between the implementation of MMLs and marijuana 

purchase or risk perception of marijuana except for a few subgroups. Currently, there is no system 

that tracks the frequency and amount of marijuana use by the registered patients in MML states. 

Many MML states have a large portion of registered patients using marijuana for chronic pain.  

Findings from this paper show no evidence that marijuana use increased among the intended or 

potential users (those who are sick or the elderly) of medical marijuana. However, passing MMLs 

did not lead to higher marijuana use among the youth or the overall population. Similar to Wen, 

Hockenberry and Cummings (2014), I do not find significant evidence that passing MMLs lead to 

an increase in marijuana use among the youth while the past month purchase increases by 0.731 

percentage points (17 percent) for those under 18.  Results from this study suggest that passage of 
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MMLs leads to higher marijuana use among those who heavily use prescription pain relievers but 

do not have other qualifying health conditions.  

 In terms of spillover effects on different risky health behaviors, I find suggestive evidence that 

two components (dispensaries and home cultivation) of MMLs may play a different role.  Unlike 

Wen, Hockenberry and Cummings, (2014), the basic MML policy change indicator is not 

significantly related with other risky health behaviors in general.  On the other hand, I find that 

allowing dispensaries in a MML state is positively and significantly associated with smoking and 

allowing home cultivation of marijuana leads to higher rates of binge and heavy drinking.  Results 

on prescription pain reliever use suggest that marijuana can be a substitute.   

 This study examines the restricted-use NSDUH data from 2004 to 2012, and because this is not 

a panel data set, I cannot examine the effects of MMLs on individuals' behavior change over time.  

Also, this paper cannot examine the long term effects of the law for the most recent MML states.  

Collecting longitudinal data with longer time periods and more careful examination of how MMLs 

in each state evolve over time can improve future research on the effects of MMLs on various 

health outcomes.  Furthermore, it will be useful to have objective verification of self-reported 

responses to sensitive questions among a smaller group of individuals within the sample and have 

specific questionnaires on medical use of marijuana.  

 Findings from this paper suggest that MMLs are not created equal. There is no significant 

evidence that passing MMLs lead to higher marijuana use among the youth or the overall 

population.  However, different policy dimensions of MMLs such as allowing home cultivation 

and dispensaries have heterogeneous effects on other risky health behaviors such as binge drinking, 

smoking, and prescription pain reliever use. This study informs researchers and policymakers that 

details of the law might be overlooked and how you structure the law or policy matters and can 

have different consequences on various health behaviors. It is important to consider different 
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components of the law and study the effects of the policy change on potential groups who will be 

most likely affected by the change. Results from this study show that passing MMLs lead to higher 

marijuana use among heavy pain reliever users without any qualifying medical conditions.  If we 

assume that this group of individuals uses marijuana for chronic pain, future study should further 

investigate the long term effects of marijuana use.  Furthermore, policymakers should consider 

regulating the potency of marijuana products sold in dispensaries because some ingredients might 

not necessarily be useful in relieving symptoms of certain health conditions while having potential 

side effects.   
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Figure 1. Public opinion on marijuana legalization 

 

 

Figure 2. Past month illicit drug use (age 12 or older), NSDUH 2002-12 
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Figure 3. Past year substance use (8th, 10th, and 12th grades) 

 

 

Figure 4. Map of treatment (MML) and control (non-MML) states 
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Figure 6. Data on medical marijuana patients, providers, doctors in Montana 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

32 

 

Figure 7. Event study: marijuana use 

 

(a) Past month marijuana use (extensive margin) 

 

(b) Past month marijuana use among users (intensive margin) 
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(c) Past month marijuana purchase 

 

 

(d) % who think it’s not risky to use marijuana often 
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Figure 8. Event study: marijuana use among each MML states 
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Figure 9. Event study: other substance use 

 

(a) Other illicit drug use (except marijuana) 

 

(b) Cigarette use 
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(c) Binge drinking 

 

(d) Illicit drug abuse 
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CHAPTER 2 

HEALTH DISPARITIES ACROSS EDUCATION: THE ROLE OF DIFFERENTIAL 

REPORTING ERROR 

John Cawley and Anna Choi 

 
1. Introduction 

One of the most robust findings in health economics is that the better educated tend to be in 

better health (Grossman and Kaestner, 1997; Cutler and Lleras-Muney, 2010; Cutler, Huang & 

Llreas-Muney, 2015).  This is true for many health behaviors and conditions, including smoking, 

drinking alcohol, obesity, exercise, and cancer screening (Cutler, Huang & Llreas-Muney, 2015; 

Grossman and Kaestner, 1997).   

There are several possible mechanisms for this correlation.  The model of health capital 

(Grossman, 1972) predicts that those with more schooling will demand more health. Education may 

increase allocative efficiency (the better educated may choose a healthier mix of inputs) and 

productive efficiency (the better educated may be able to produce more health with the same 

inputs).  Cutler and Llreas-Muney (2010) conclude that knowledge and cognitive ability explain 

30 percent, and health insurance, income, and family background account for another 30 percent, of 

the education gradient in health.  This is consistent with earlier work that concluded that increased 

health knowledge explains part but not all of the relationship between education and smoking, 

alcohol consumption, and exercise (Kenkel, 1991). 

This study tests a novel hypothesis for the correlation between education and self-reported 

health: differential reporting error by education.22  One source of reporting error in health is social 

desirability bias, which is the result of respondents seeking to present a positive image to the 
                                                 
22 Our focus in this paper is on self-reported health.  Obviously, differential reporting error cannot explain educational differences in 
objectively measured health. 
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interviewer (Edwards, 1957).  As a result, the more stigmatized and negatively sanctioned the 

health condition or behavior, the stronger the tendency of respondents to deny it.  The better 

educated may be more influenced by social desirability bias, because of greater awareness of 

medical recommendations, public health messaging, or the health consequences of these conditions 

or behaviors.  As a result, they may underreport risky health behaviors or stigmatized conditions.   

On the other hand, there are reasons to believe that the better educated may report more 

accurately. They may be more knowledgeable about their health (perhaps because they have greater 

access to health care or independently monitor their health more closely) or are better able to 

comprehend and respond to survey questions.  Thus, differential reporting error across education 

groups may lead to either an overestimate or an underestimate in educational gradients in health. 

The direction and magnitude of such bias may differ by health condition and behavior.  For 

example, people have detailed knowledge of their own smoking because it is a conscious act.  

Thus, reporting error in smoking may be less influenced by access to health care than the reporting 

of asymptomatic conditions such as high blood pressure or high cholesterol, which people may 

remain unaware of until they are tested and diagnosed by a medical professional.  Also, conditions 

and behaviors differ in the extent to which they are socially stigmatized.  It may be more 

embarrassing for a college graduate to report her weight or admit smoking than to report having 

high blood pressure.  The extent of reporting error by education group may also differ by sex.  

For example, women tend to underreport their weight to a greater extent than men (e.g. Connor 

Gorber et al., 2007) but it is unclear whether differential reporting error by education varies by sex. 

This paper relates to a large literature that measures, and documents the consequences of, 

reporting error in health.  Some research focuses on the accuracy of reporting specific health 

conditions such as weight and arthritis.  For example, Ljungvall, Gerdtham, and Lindblad (2015) 

find that women with higher education report their weight more accurately, and this differential 
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reporting error leads to an underestimation of the educational disparity in obesity. The 

generalizability of this is questionable, as it is based on a sample of residents of two municipalities 

in southern Sweden.  In contrast, Gil and Mora (2011) find that the self-report bias in BMI is 

roughly equal among those with the lowest educational attainment and those with a university 

degree.  Again, this was for a local dataset, in this case of the Catalan population in Spain.  Using 

data from southeastern Netherlands, Mackenbach et al. (1996) compared self-reports of lung 

disease, heart disease, and diabetes against information from the subjects’ general practitioners and 

found that reporting error tends to bias downward estimates of the educational gradient in such 

conditions.  Butler et al. (1987) found in the U.S. Survey of Disability and Work that those with a 

high school education (but not those with a college degree) were more likely than high school 

dropouts to accurately report having arthritis.  

In contrast to the literature that examines responses regarding specific health conditions, 

other research has focused on other types of questions about health.  Lindeboom and van 

Doorslaer (2004) examine responses to general questions about health to which respondent answers 

can range from “very poor” to “very good.”  Using data from the Canadian National Population 

Health Survey, they find no evidence that responses differ significantly by education.  Bago 

d’Uva, O’Donnell, and van Doorslaer (2008) focus on how people of different levels of education 

differentially rate case vignettes that that describe levels of functioning within health domains. They 

examine six health domains (mobility, pain, sleep, breathing, emotional health and cognition) for 

older individuals in eight European countries.  They find that in six countries the more highly 

educated individuals are generally more critical of a given health state (although in two countries 

the opposite is true) and that failure to correct for this differential reporting leads to underestimation 

of health inequalities by education.  A related study (Bago d’Uva, van Doorslaer, Lindeboom, and 

O’Donnell, 2008) corrects self-reported health based on differential rating of hypothetical case 
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vignettes and concludes that better educated people overreport their health in Indonesia and India, 

but underreport their health in China; as a result, correcting for reporting heterogeneity reduces the 

educational disparities in health in Indonesia and India but increases them in China. It should be 

noted that in all of these countries, the highest category of education is relatively low; the equivalent 

of high school graduate or better.  Dowd and Todd (2011) conduct a similar study of differential 

responding by education to anchoring vignettes in the U.S. Health and Retirement Study.   

Other research on reporting error in health has focused on the role of other aspects of 

socioeconomic status than education.  Johnston, Propper, and Shields (2009) primarily examine 

income gradients in self-reported and measured hypertension in the Health Survey for England, but 

also find that the better educated are better informed about their health.  Two subsequent studies 

built on this work. Suziedelyte and Johar (2013) estimate socioeconomic gradients in both self-

reported and administratively documented major surgeries in New South Wales, Australia, and find 

that the gradients are unbiased by differential misreporting by education.  Mosca et al. (2013) 

estimate socioeconomic gradients in hypertension and high cholesterol using data from Ireland; 

odds ratios for educational categories were not significantly different when one used self-reports as 

opposed to objectively measured health, in models that controlled for an extensive set of covariates. 

This paper contributes to the literature in the following ways. It examines a wider range of 

health behaviors and conditions: smoking, high blood pressure, high cholesterol, diabetes, and 

obesity.  It verifies subject responses using the results of lab tests, medical examinations, and 

measurements taken by medical professionals.  It studies not only the accuracy of self-reports 

when compared to objective measures but also the direction of the reporting error to examine the 

possibility of social desirability bias in reporting some of the stigmatized behavior or conditions. It 

also examines the extent to which education is associated with refusal to take the medical exam, 

refusal to answer the survey questions, and answering that one doesn’t know.  It also examines the 
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extent to which these educational differences in accuracy are explained by differential access to, and 

utilization of, health care.  Finally, it calculates the magnitude of the bias in health disparities 

across education when using self-reports rather than objective measures; in other words, it examines 

how the use of self-reports biases estimates of educational disparities in health.  This is done using 

a recent, large, nationally representative dataset for the U.S. 

We find evidence of differential reporting error across education categories; specifically, 

those with a college degree are more likely to accurately report behaviors and conditions such as 

smoking, diabetes, and high blood pressure.  We do not find evidence of social desirability bias 

among the better educated.  In fact, the better educated are less likely to give false negative reports 

of stigmatized behaviors and conditions like smoking or obesity.  Only a small percentage of this 

difference is explained by differential access to, and utilization of, health care.  Our overall 

conclusion is that differential reporting error by education not only fails to explain the education 

gradient in health, it causes it to be underestimated.  

2. Data: National Health and Nutrition Examination Survey (NHANES) 1999-2012 

We examine the data from the National Health and Nutrition Examination Survey 

(NHANES) Continuous for 1999-2012. The NHANES is sponsored by the National Center for 

Health Statistics of the Centers for Disease Control and Prevention and surveys a nationally 

representative sample of the U.S. civilian non-institutionalized population that is selected using a 

complex, stratified, multistage probability cluster sampling design.23  NHANES is well-suited for 

our research question because it is nationally representative and contains both self-reported 

measures and lab and examination results for an extensive set of health behaviors and conditions, 

including current smoking status, weight, high blood pressure, cholesterol, and diabetes.   

Individuals answer questions about their health behaviors and conditions during the 

                                                 
23 For information on the NHANES sampling frame and data collection methods, see National Center for Health Statistics (2015). 
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household component, and are tested and examined during a subsequent medical examination 

component, which takes place in mobile examination centers.  95.5% of the respondents to the 

household survey also participate in the examination component of the survey; hemophiliacs and 

those who received chemotherapy within the last 4 weeks are not included in the lab component.   

Our sample is restricted to those who have completed both interview and examination 

components of NHANES and who are 25 years of age or older and are thus likely to have 

completed their schooling. We exclude respondents who have missing values for education and 

those whose home interviews were conducted with a proxy respondent. For regression models of 

obesity, we also exclude: 1) the 1999-2002 data because during those years the NHANES did not 

indicate whether the weight or height variables were reported by a proxy; and 2) those who, in any 

survey year, refused to change into an examination gown when measuring their weight or did not 

stand up straight or remove their shoes during the measurement of height.  

Most questions about health behaviors and conditions are asked in the household interview; 

the exception is smoking status, which is asked at the mobile examination center.   Individuals are 

asked whether they have ever been diagnosed with specific conditions; e.g. “Has a doctor or other 

health professional ever told you that you had (high blood pressure/diabetes/high cholesterol)?”  

(The full text of question wording is provided in Table 1.)  For our purposes, the wording is not 

ideal because the person may have been diagnosed long ago and the condition resolved. However, 

we assume that the extent of any such changes does not differ by education.  

Smoking status is verified by a urine test for serum cotinine.  Cotinine is a metabolite of 

nicotine, has a half-life of approximately 20 hours, and can be detected for a few days after tobacco 

use. (The NHANES asks whether the individual used cigarettes or other nicotine products during 

the past 5 days, which matches the cotinine test much better than asking about smoking in the past 

30 days or year.)   The level of cotinine in the blood is proportional to the amount of exposure to 
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tobacco smoke (Florescu et al., 2009).  The medical literature does not agree on the appropriate 

cotinine threshold to define a smoker, so we use the two most common thresholds: 15ng/ml 

(Florescu et al., 2009) and 3ng/ml (Benowitz et al., 2009).   

Weight is measured by health professionals using a calibrated scale after subjects change 

into paper examination gowns and remove their shoes.  High blood pressure is measured by health 

professionals.  Total cholesterol level is measured from blood specimens.   LDL cholesterol level 

is also measured but only for those who are examined in the morning. Diabetes is assessed two 

ways: 1) blood glycohemoglobin level; and 2) fasting plasma glucose (FPG) levels.  The FPG test 

is conducted only for those who participated in the morning examination sessions.  Table 1 lists, 

for each health behavior and condition, the relevant NHANES survey question, the relevant 

NHANES examination or test, and any special restrictions on the sample stemming from the nature 

of the question or exam.  

Based on the results of the medical examinations and tests, we classify individuals as having 

each condition based on the relevant clinical guidelines.  The NIH defines high blood pressure as 

systolic of 140 or higher or diastolic of 90 or higher (CDC, 2015a).  The NHANES survey 

question about high cholesterol does not distinguish whether the subject was diagnosed with high 

total cholesterol or high LDL cholesterol, so we examine each; the threshold for high total 

cholesterol is 240mg/dL and that for high LDL cholesterol is 160mg/dL (CDC, 2015b).   Recall 

that there are two NHANES tests for diabetes: hemoglobin A1c (HbAIC) and fasting plasma 

glucose level.  A diagnosis of diabetes is associated with HbA1c of 6.5 or greater or fasting plasma 

glucose of 126mg/dL or greater (CDC, 2015c).  Obesity is defined as a body mass index (defined 

as weight in kilograms divided by height in meters squared) of 30 or higher (US DHHS, 2010).  

  One possible form of differential social desirability bias is that the better educated are 

more likely to perceive that the exam will check their self-reported answers, and they may wish to 
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report more accurately to avoid being caught misreporting. This may lead reporting error to vary 

with education in the NHANES in a way that it would not in a survey that was conducted without 

an accompanying examination.  However, the medical examination is not scheduled (and consent 

not sought) until the end of the home interview (Zipf, 2013), so in general respondents may not be 

thinking during their interview about a subsequent exam. In addition, the gap in time between the 

interview and exam (two weeks on average) means that there will be no instantaneous 

embarrassment from misreporting, and the guarantees of confidentiality of health data mean that the 

interviewer present for the household interview will not find out the exam results.   

For several reasons, we ultimately decided not to report results for sexually transmitted 

infections (STI). First, the samples were smaller because only a subset of ages (14-49) were tested. 

Second, the correlations between self-reported and measured values were very low, presumably 

because STIs may have been contracted (and cured) long before the interview. In contrast, high 

blood pressure and high cholesterol tend to arise later in life and be more chronic conditions. 

3. Empirical strategy 

We test whether reporting error varies by education by estimating regression models of the 

following form:    

Yit = α +β Educationit+ γ Xit + εit 

where Yit is a measure of reporting error or accuracy for person i observed at time t.  Educationit  

is a vector of indicator variables for education category (less than high school, some college, and 

college graduate, with high school graduate as the excluded reference category).  Xit is a vector of 

indicator variables for respondent characteristics: gender (we pool men and women because we fail 

to reject the equality of education coefficients across gender), race (non-Hispanic black, Hispanic, 

and other race, with non-Hispanic white is the omitted reference category), age, and year of 

interview.  We also control for whether the respondent is a U.S. citizen and whether English is the 
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primary language used at home because language and cultural background may affect 

comprehension of the survey questions.  The NHANES records the age in months of the 

respondent at the interview screener and at the examination; we control for the difference between 

these two ages in our regression models as a means of controlling for the length of time between the 

self-report and the objective measurement.24  However, age at exam is not provided in the 2011-12 

NHANES data, so we must drop these years from the regression analysis (although these years are 

still used in the unconditional analyses).  For models of smoking behavior, we also control for the 

presence of any smokers in the household, because the cotinine test reflects both own smoking and 

secondhand smoke.  We exclude income from the model to allow for differences in income 

associated with education to be reflected in the correlation of education with the outcomes; we also 

re-estimated our models controlling for income and found very similar results. 

We examine a series of dependent variables that measure the extent of reporting error. The 

first set measures accuracy regardless of the direction of any reporting error.  These dependent 

variables equal 1 if the measured value matches the self-reported value for a specific health 

behavior or condition.   One legitimate reason that a reported diagnosis might be paired with a 

negative test result is if the individual is taking medication for the condition; e.g. statins for high 

cholesterol.  The NHANES contains information about prescribed medications, so for those who 

report being diagnosed with high blood pressure, cholesterol, or diabetes but test negative for it, we 

code them as accurately reporting the condition if they are currently taking medication for that 

condition.  

The next set of dependent variables takes into account the direction of the error.  The 

dependent variable for false negative reporting equals 1 if the respondent says he does not have the 

                                                 
24 The NHANES does not provide the exact dates of interview or the exam.  In the authors’ personal communication with the CDC 
administrators, we were told that the average gap between the interview and examination is 2 weeks (also see Zipf et al., 2013) and 
the average gap between the interview screener and the interview is 10 days.  
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condition but the test result indicates that he does, and 0 otherwise.  Conversely, the dependent 

variable for false positive reporting equals 1 if the respondent says she has the condition but the test 

result indicates that she does not, and 0 otherwise.  Dependent variables for false negative and 

false positive reports are created for each health behavior and condition. The regressions for false 

negative reporting are particularly informative because they will indicate whether better educated 

people are over-reporting their health, and thus whether differential reporting error by education 

explains some of the education gradient in health.  

Probit models are estimated, from which we report marginal effects.  Regressions are 

weighted using the Centers for Disease Control and Prevention (CDC) recommended algorithm to 

construct multi-year survey weights (CDC, 2015d).  

Clearly, education and health may affect each other; education may improve health, and 

individuals may invest in greater education when they perceive that they will be alive for additional 

periods for the education investment to pay off.  However, the goal of this paper is not to estimate 

the causal effect of education on health25, but to determine whether reporting error in health differs 

by education and whether that explains the educational gradient in health.   

4. Results 

The Educational Gradient in Self-Reported Health 

Figure 1 displays the gradient of self-reported health over education in the NHANES, which 

follows the usual pattern: the better educated report better health. The prevalence of self-reported 

high blood pressure, high cholesterol, and diabetes decreases monotonically with education.  For 

example, the prevalence of high blood pressure decreases from 39.0% among high school dropouts 

to 25.1% among college graduates.  The prevalence of diabetes decreases from 17.3% among high 

school dropouts to 5.3% among college graduates. 

                                                 
25 For recent estimates of the causal effect of education on health, see Clark and Royer (2013), McCrary and Royer (2011), de 
Walque (2007), and Lleras-Muney (2005).   
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Self-reported smoking and obesity (based on self-reported weight and height) are negatively 

correlated with education, but not monotonically.  Smoking is actually less common among high 

school dropouts (25.2%) than among high school graduates (33.7%), but it is least common among 

college graduates (13.3%).  Obesity has a similar prevalence among high school dropouts, high 

school graduates, and those with some college (all of which are in the range of 32.7% to 34.7%) but 

the prevalence of obesity is much lower among college graduates (22.8%).  Figure 2 shows that 

these patterns are relatively similar by gender, with the exception that decreases in unhealthy 

behaviors and health conditions tend to be less monotonic across education categories for men than 

women.  

Education and the Accuracy of Self-Reported Health 

We first examine the accuracy of self-reported health in general, before turning to how that 

accuracy varies with education.  Table 2 lists the unconditional correlations between the self-

reported value and the measured value for each behavior and condition.  The correlations tend to 

be high, ranging from .58 for high total cholesterol to over .83 for smoking.  Table 3 presents 

descriptive statistics for the accuracy measures that are the dependent variables in the regression 

models.  On average, most respondents accurately report their health; accuracy ranges from 80.3% 

for high total cholesterol to roughly 96% for both measures of diabetes.  Except for high 

cholesterol, false negative reports are more common than false positive reports.   

Figure 3 shows the accuracy of self-reported health by education group.  For each measure 

of health, the likelihood that the self-report matches the objective test is higher for college graduates 

than for high school dropouts.  In most cases, the accuracy rises monotonically with education 

category. 

Table 4 presents marginal effects from probit regressions of the accuracy of self-reported 

health, regardless of direction of error.  The dependent variable equals 1 if the self-report matches 
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the test result and 0 if it does not.  The results indicate that college graduates are significantly more 

likely to accurately report smoking (for both of the two cotinine thresholds), obesity, high blood 

pressure, and diabetes (by both tests).  For example, the college-educated report smoking 1.4 to 1.7 

percentage points (1.5% to 1.8%) more accurately (for the cotinine thresholds of 15 and 3 ng/ml 

respectively), obesity 1.3 percentage points (1.4%) more accurately, high blood pressure 1.6 

percentage points (1.8%) more accurately, and diabetes 0.8 to 1.6 percentage points (0.8% to 1.7%) 

more accurately (based on the A1c and plasma glucose test respectively), than high school 

graduates.   

There is some evidence of a correlation of education with accuracy at lower levels of 

educational attainment than college completion.  Individuals with some college education are 

significantly more likely to accurately report smoking (both cotinine thresholds) than high school 

graduates.   

Next we examine the association between education and the accuracy of reporting health, 

taking into consideration the direction of error.  Table 5 presents marginal effects from probit 

models of false negative reporting (i.e. reporting that one does not have the condition when the test 

indicates that one does).  False negatives are of particular interest because they may indicate social 

desirability bias.  For every health behavior and condition listed in Table 5, the sign of the 

marginal effects are consistent with the college educated being less likely to provide false negative 

reports than high school graduates; in most cases these are statistically significant.  College 

graduates are roughly 1.4 percentage points (33%) less likely to submit a false negative report of 

smoking, 1.2 percentage points (15.6%) less likely to submit a false negative report for high blood 

pressure, 1.2 percentage points (27.9%) less likely to submit a false negative report for high LDL 

cholesterol, and 0.7 percentage points (38.8%) and 1.3 percentage points (40.6%) less likely to 

submit a false negative report for diabetes (based on A1C and plasma glucose test respectively) than 
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high school graduates.    

Also, those with some college education are less likely to submit false negative reports for 

smoking (both cotinine thresholds), high cholesterol (based on LDL levels), and diabetes (based on 

plasma glucose levels) than high school graduates.  An important conclusion from these models is 

that there is no evidence that the better educated are more likely to be influenced by social 

desirability bias.  Even for smoking, which is relatively stigmatized, the better educated are less 

likely to provide false negative reports.  

  We next examine the correlates of false positive reporting – i.e. reporting that one has a 

condition when the test indicates that one does not.  Table 6 lists the marginal effects from probit 

regressions for false positives.  College graduates are less likely than high school graduates to 

submit false positive reports for obesity and diabetes (measured by plasma glucose).  High school 

dropouts are more likely to provide false positive reports for obesity, but less likely to provide false 

positive reports for smoking compared to high school graduates. On the whole, education is less 

correlated with false positive reporting than it was with false negative reporting.    

Implications for the Education Gradient in Health 

We next explore how the differential reporting error by education influences perceptions of 

the educational gradient in health.  There are several comparisons across educational category that 

could be made; we choose to compare those with a high school diploma or less to those with some 

college or more.  In Table 7 and figure 4, we show the health discrepancy between these two 

education categories based on self-reports and objective measurement. For most health conditions 

and behaviors, the use of self-reports results in underestimates of the true (measured) health 

disparities across education.  For example, the difference in smoking prevalence between the two 

education categories is 11.3 percentage points when calculated using self-reports, but is 12.9 

percentage points when one uses cotinine tests (with a 15 ng/ml threshold) to determine smoking 
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status.  Thus, use of self-reports leads one to underestimate the extent to which the better educated 

are less likely to smoke by 1.6 percentage points or 12.4%.  In some cases, use of self-reports leads 

to a very large understatement of health differences (e.g. 28% for diabetes, 25% for high blood 

pressure).  In contrast, use of self-reports leads to overestimates of the educational disparities in 

high LDL and high total cholesterol; however, these raw reports have not been adjusted to account 

for the fact that some people who report having been diagnosed but test negative because they are 

taking medication for high cholesterol.26  Use of self-reports does not bias the educational disparity 

in obesity prevalence.  Across all behaviors and conditions that we examine, use of self-reports 

results in an underestimate of the true educational gradient in health by an average of 19.3%.     

Extension 1: The Role of Health Care Utilization and Access 

It is possible that some of the correlation of education with reporting accuracy is due to 

differential access to, and utilization of, health care.  Specifically, better educated people may have 

greater access to health care, either because of higher income or because of greater information or a 

greater demand for health, and this increased access may result in them having better information 

about their conditions and being more likely to have been diagnosed with conditions, conditional on 

having them.  In the literature on measurement of health disparities, this is known as diagnosis bias 

(see, e.g. Burgard and Chen, 2014).  This is not relevant for smoking, for which no diagnosis from 

a doctor is needed, but may be very relevant for asymptomatic conditions such as high blood 

pressure or cholesterol.  Subjects with greater health care utilization may even have better 

information about their weight, which can be measured at home but is routinely measured at doctor 

visits. 

 We investigate whether access to health care explains the correlation between education and 

self-report accuracy by re-estimating the models of the paper adding controls for health insurance 

                                                 
26 Likewise, the reports for high blood pressure and diabetes have also not been adjusted to account for use of medications for those 
conditions. 
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coverage and type (private insurance, Medicare, Medicaid/SCHIP, with uninsured as the omitted 

reference category)27 and the number of doctor visits28 and an indicator variable for whether the 

respondent was hospitalized in the past year.  

 Table 8 presents the marginal effects from probit regressions of accuracy of self-reported 

health, regardless of the direction of error.  The dependent variable equals 1 if the self-report 

matches the test result and 0 if it does not.  The result follows the same pattern as in Table 4 but 

the point estimates tend to be slightly smaller.  Even controlling for health care utilization and 

access, college educated individuals report their smoking status 1.3 percentage points (1.39%) and 

1.5 percentage points (1.59%) more accurately (for the cotinine threshold of 15 and 3 ng/ml 

respectively), report obesity 1.1 percentage points (1.18%) more accurately, and report diabetes 

roughly 0.7 percentage points (0.72%) and 1.4 percentage points (1.47%) more accurately (based on 

A1C and plasma glucose test respectively) than high school graduates.  On average, controlling for 

health care utilization and access reduces the marginal effect of being college graduate by one or 

two tenths of a percentage point, which is roughly one-sixth of the original marginal effect found in 

Table 4.   

 We also examine how controlling for utilization of health care affects estimates of the 

association of education with the direction of reporting error. Table 9 presents the marginal effects 

from probit models of false negative reporting and Table 10 presents the marginal effects from 

probit models of false positive reporting. In both cases, controlling for health care utilization and 

access has very little impact on the marginal effect of being a college graduate.   

Extension 2: Role of Refusals and Don’t Knows 

Measurement error can also arise from subjects refusing to participate in the examination, 

                                                 
27 We also control for indicator variables for missing values of health insurance variables. 
28 The NHANES records categories, not the exact number, of doctor visits and inpatient stays.  We control for a full set of indicator 
variables for categories of use, with 0 the omitted reference category. 
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refusing to answer the survey question or saying that they don’t know.  As an extension, we test 

whether the probability of participating in the examination and the probability of giving such 

responses varies with subject education.   

Table 11 lists the percent of the sample that refused to answer each question or said they 

didn’t know the answer.  The main conclusion from the table is that very few respondents refuse to 

answer or say they don’t know the answers to these health questions.  For almost all questions the 

refusal rate is 0 to the second decimal point; the exception is weight (0.05% refusals). We estimate 

probit models of refusing to answer the weight question and find that education is not significantly 

correlated with the probability of refusal (see Table 12).   

The percentages of respondents who say they don’t know are greater than those for refusals, 

but still very small.  The highest percentages saying they don’t know are for weight (1.07%), 

height (1.63%) and high cholesterol (0.75%).  Probit models for responding don’t know, which are 

listed in Table 12, indicate that those with some college and college graduates are 0.3 percentage 

points (46.2%) less likely than high school graduates to say they don’t know whether they were 

diagnosed with high cholesterol. In addition, high school dropouts are 0.3 percentage points (50%) 

more likely, and college graduates are 0.1 percentage points (16.7%) less likely, to say they don’t 

know their weight, relative to high school graduates. 

A very high percentage (95.5%) of the NHANES respondents participate in both interview 

and examination parts of the survey, but it is possible that better educated individuals are more 

likely to refuse to complete the examination due to social desirability bias or a higher opportunity 

cost of time.  To test this, we estimate probit models of refusing to complete the examination as a 

function of education and other regressors as in the earlier model.  Table 12 shows that college 

graduates are 0.9 percentage points (17.3%) more likely than high school graduates to refuse the 

examination.   
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5. Conclusion 

This paper tests a novel hypothesis for the widely-recognized and heavily-studied positive 

correlation between education and health: differential reporting error by education.  We 

hypothesized that the better educated may be less likely to report socially stigmatized health 

behaviors like smoking and excess weight, with the consequence of exaggerating true differences in 

health across education categories.  A wide variety of tests yields no evidence of this. In fact, we 

find strong evidence that the better educated report more accurately.  This is true for a wide variety 

of health behaviors and conditions, such as smoking, high blood pressure, diabetes, and obesity.  

The correlation is found for both conscious acts (smoking), characteristics that are easily measured 

at home (weight) and asymptomatic conditions that would need to be diagnosed by a doctor (high 

blood pressure, high cholesterol). 

The more accurate reporting of the better educated is only partly explained by increased access 

to, and utilization of, health care.  Our results are robust to controlling for health insurance 

coverage and type, as well as number of doctor visits and hospitalization in the past year; adding 

such controls only explains, on average, one-sixth of the association of college graduation with self-

report accuracy.   

We find strong evidence that college graduates report their health with greater accuracy, and 

also evidence that those with only some college report more accurately, relative to those who are 

high school graduates and have no further education.  There is weaker evidence that high school 

dropouts report less accurately than high school graduates. 

 Higher education is associated with a lower probability of false negative reporting, but is not 

generally correlated with the probability of false positive reporting.  In other words, the increased 

accuracy is concentrated among the better educated who smoke and have these medical conditions. 

This paper improves our understanding of one of the most robust findings in health 
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economics – the positive correlation between education and health.  Our results imply that the 

educational gradient in health, when measured using self-reported health, tends to understate the 

true gradient.  A direction for future research is to estimate the causal relationship between 

education and differential reporting error of health behaviors and conditions; that is, does increasing 

education have the causal effect of increasing one’s accuracy in reporting health or answering 

surveys generally? 

Although we find no evidence of greater social desirability bias among the better-educated, all 

we can conclude is that the college educated report more accurately overall.  It is possible that the 

better educated do experience greater social desirability bias, but this is outweighed by their 

increased health knowledge or comprehension of survey questions.  All we observe is the net of 

these various possible influences. 

This study underscores the importance of collecting and using objective measures of health 

behaviors and conditions in surveys.  Research that estimates the causal effect of education on 

health may result in biased estimates if it relies on self-reported measures of health. For example, 

deWalque (2007), using risk of induction into the U.S. military during the Vietnam War as an 

instrument, finds that one year of college education reduces self-reported smoking by 4 percentage 

points.  Our findings suggest that, because that result was based on self-reported smoking, it may 

understate the true health benefits of education.   

To clarify, the problem lies not with researchers - when both measurements and self-reports 

are available, researchers tend to use the measurements – but with datasets, which frequently 

include only self-reports. Data producers should carefully consider the cost-effectiveness of 

including measurements of health and objective verification of health behaviors and conditions in 

their datasets. 

Data producers can also take steps to maximize the accuracy of responses to interview 
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questions on health.  This could take the form of selecting the mode of survey to encourage more 

accurate reporting (see, e.g., Brener et al., 2003) or offering rewards for accurate reporting for a 

subset of the sample that has their answers verified (see, e.g., Philipson, 1997, 2001).  Such 

strategies may reduce the average reporting error, even if not the educational differences in it.  
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Figure 1.  Prevalence of Self-Reported Health Behaviors and Conditions by Education 

 
Data: pooled Continuous NHANES 1999-2012 data  
Note: Sample includes those who are 25 or older, completed both interview and examination components, and excludes 
those who have missing values for education and those who reported any of the survey data by a proxy respondent.  For 
obesity, we exclude the data before 2003 cycle because it is uncertain whether any of the weight or height variables are 
reported by a proxy. Also, we exclude individuals who refused to change into examination gown or did not stand up 
straight or wore shoes when examining weight and height.   
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Figure 2. Prevalence of Self-Reported Health Behaviors and Conditions by Education and 
Gender 

 
Data: pooled Continuous NHANES 1999-2012 data  
Note: Sample includes those who are 25 or older, completed both interview and examination components, and excludes 
those who have missing values for education and those who reported any of the survey data by a proxy respondent.  For 
obesity, we exclude the data before 2003 cycle because it is uncertain whether any of the weight or height variables are 
reported by a proxy. Also, we exclude individuals who are pregnant, who refused to change into examination gown or 
did not stand up straight or wore shoes when examining weight and height.    
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Figure 3. Accuracy (%) of Self-Reported Health Behaviors and Conditions by Education  

 
Data:  continuous NHANES 1999-2012 (pooled). 
Note: Sample includes those who are 25 or older, completed both interview and examination 
components, and excludes those who have missing values for education and those who reported any 
of the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle 
because it is uncertain whether any of the weight or height variables are reported by a proxy. Also, 
we exclude individuals who are pregnant, who refused to change into examination gown or did not 
stand up straight or wore shoes when examining weight and height.    
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Figure 4. Health Disparities across Education Groups  
(comparing high school graduate or less vs. some college or college graduates)  

 
Data:  continuous NHANES 1999-2012 (pooled). 
Note: Sample includes those who are 25 or older, completed both interview and examination 
components, and excludes those who have missing values for education and those who reported any 
of the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle 
because it is uncertain whether any of the weight or height variables are reported by a proxy. Also, 
we exclude individuals who are pregnant, who refused to change into examination gown or did not 
stand up straight or wore shoes when examining weight and height.
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Table 1. Information on Self-Reported and Objectively Measured Health Data 
Health 

Behavior/Condition 
Survey Question Objective Tests Notes (eligible sample, exclusion 

criteria etc.) 

Smoking   During the past 5 days, did 
[respondent] use any product 
containing nicotine including 
cigarettes, pipes, cigars, chewing 
tobacco, snuff, nicotine patches, 
nicotine gum, or any other product 
containing nicotine? 

Measured by serum cotinine levels in 
urine tests.  We examine two 
cotinine cutoffs to define smoking 
status: 15ng/ml, 3 ng/ml respectively 

Question on recent tobacco use 
asked at the mobile examination 
center where various lab tests and 
examinations are conducted 

Weight and height How much do you weigh without 
clothes or shoes (lbs)?  
How tall are you without shoes 
(inches)?  

Measured by health professionals 
using calibrated scale, tape measure 
 

We examine waves after 2001 
because earlier waves did not 
indicate whether proxies responded 
to the questionnaires 
We exclude respondents who were 
flagged for not standing up straight, 
removing their shoes, or changing 
into examination gown during 
measurements 

High blood pressure Have you ever been told by a doctor or 
other health professional that you had 
high blood pressure? 
 

Measured by health professionals. 
After the participant rests quietly in a 
sitting position for 5 minutes, three 
consecutive blood pressure readings 
are obtained (4th measurement is 
obtained if a blood pressure 
measurement is interrupted or not 
complete).  Averaged 4 
measurements of systolic and diastolic 
pressures. 

Exclusion criteria: presence of the 
following on both arms: rashes, 
gauze dressings, casts, edema, 
paralysis, tubes, open sores or 
wounds, withered arms, a-v shunts, 
or if blood has been drawn from arm 
within the last week. 
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Table 1. Information on Self-Reported and Objectively Measured Health Data 

Health 
Behavior/Condition 

Survey Question Objective Tests Notes (eligible sample, exclusion 
criteria etc.) 

LDL cholesterol Have you ever been told by a doctor or 
other health professional that your 
blood cholesterol was high? 

Measured with blood test: High LDL 
(“bad”) cholesterol defined as 160 
mg/dL or higher 

Test conducted only for those with 
morning examination times 

Total cholesterol Have you ever been told by a doctor or 
other health professional that your 
blood cholesterol was high? 

Measured with blood test: High total 
cholesterol defined as 240 mg/dL or 
higher 

 

Diabetes 
(glycohemoglobin 
test) 

Other than during pregnancy, have you 
ever been told by a doctor or health 
professional that you have diabetes or 
sugar diabetes?  

Measured with blood test.  Diabetes 
defined as glycohemoglobin (AIC %) 
of 6.5 or greater 

 

Diabetes (plasma 
glucose test) 

Other than during pregnancy, have you 
ever been told by a doctor or health 
professional that you have diabetes or 
sugar diabetes? 

Measured with blood test.  Diabetes 
defined as plasma glucose level of 
126mg/dL or greater 

Test conducted only for those with 
morning examination times 

 
Source: Centers for Disease Control and Prevention (CDC). National Center for Health Statistics (NCHS). National Health and 

Nutrition Examination Survey Questionnaire (or Examination Protocol, or Laboratory Protocol). Hyattsville, MD: U.S. 
Department of Health and Human Services, Centers for Disease Control and Prevention, 2015. 
http://www.cdc.gov/nchs/data/nhanes/pe.pdf Accessed June 3, 2015. 
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Table 2. Unweighted Correlation Between Self-Reported and Objective Measures 

Health Behavior or Condition 

Correlation 
Between Self-
Report and 

Measurement 

Smoking (test: cotinine >=15ng/ml) 0.833 

Smoking (test: cotinine >=3ng/ml) 0.852 

Obesity 0.848 

High blood pressure 0.70 

High LDL cholesterol 0.592 

Total cholesterol 0.577 

Diabetes (A1C test) 0.783 

Diabetes  (Glucose test) 0.747 
 
Data:  continuous NHANES 1999-2012 (pooled). 
Note: Sample includes those who are 25 or older, completed both interview and examination components, and excludes those who 
have missing values for education and those who reported any of the survey data by a proxy respondent.  For obesity, we exclude 
the data before 2003 cycle because it is uncertain whether any of the weight or height variables are reported by a proxy. Also, we 
exclude individuals who are pregnant, who refused to change into examination gown or did not stand up straight or wore shoes 
when examining weight and height.   
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Table 3. Descriptive Statistics 
Accurate reporting of: Mean SD N 

Smoking (cotinine >=15ng/ml) 0.935 0.25 21144 
Smoking (cotinine >=3ng/ml) 0.941 0.24 21144 
Obesity 0.932 0.25 13822 
High blood pressure 0.868 0.34 21860 
High cholesterol (LDL cholesterol) 0.807 0.39 7513 
High cholesterol (total cholesterol)  0.803 0.4 16140 
Diabetes (A1c) 0.966 0.18 21576 
Diabetes (plasma glucose) 0.955 0.21 10539 

False negative reporting of: 

Smoking (cotinine >=15ng/ml) 0.042 0.2 21144 
Smoking (cotinine >=3ng/ml) 0.048 0.21 21144 
Obesity 0.052 0.22 13822 
High blood pressure 0.077 0.27 21860 
High cholesterol (LDL cholesterol) 0.043 0.2 7513 
High cholesterol (total cholesterol)  0.062 0.24 16140 
Diabetes (A1c) 0.018 0.13 21576 
Diabetes (plasma glucose) 0.032 0.17 10539 

False positive reporting of: 

Smoking (cotinine >=15ng/ml) 0.023 0.15 21144 
Smoking (cotinine >=3ng/ml) 0.011 0.11 21144 
Obesity 0.016 0.22 13822 
High blood pressure 0.056 0.23 21860 
High cholesterol (LDL cholesterol) 0.151 0.36 7513 
High cholesterol (total cholesterol)  0.135 0.34 16140 
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Diabetes (A1c) 0.016 0.13 21576 
Diabetes (plasma glucose) 0.014 0.12 10539 

Data:  continuous NHANES 1999-2010 (pooled) Note: Sample includes those who are 25 or older, completed both interview and 
examination components, and excludes those who have missing values for education and those who reported any of the survey data 
by a proxy respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of the weight or 
height variables are reported by a proxy. Also, we exclude individuals who are pregnant, who refused to change into examination 
gown or did not stand up straight or wore shoes when examining weight and height.   
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Table 4. Probit Models of Accurate Reporting 

 Smoking Obesity High Blood 
Pressure 

High Cholesterol Diabetes 

VARIABLES Cotinine Cotinine   High LDL Total 
Cholesterol 

A1C test Plasma 
glucose >=15ng/ml >=3ng/ml 

Mean of Dep Var 0.935 0.941 0.932 0.868 0.807 0.803 0.966 0.955 

Less than high 
school 0.007 -0.001 -0.015 -0.007 0.015 -0.026 -0.003 0.002 
 (0.007) (0.007) (0.009) (0.011) (0.021) (0.017) (0.004) (0.006) 
Some college 0.011** 0.011** -0.003 0.002 0.017 0.007 -0.001 0.007 
 (0.005) (0.005) (0.006) (0.008) (0.013) (0.009) (0.002) (0.005) 
College graduate 0.014*** 0.017*** 0.013** 0.016** 0.016 0.016 0.008*** 0.016*** 
 (0.005) (0.005) (0.006) (0.007) (0.016) (0.011) (0.003) (0.005) 
Observations 19974 19974 13261 20801 7098 15277 20099 9827 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data:Continuous NHANES 1999-2010 (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether 
English is the primary language spoken at home, and education categories (omitted category: high school graduate, other race), and 
the difference between age in months at screening and at examination.  For smoking regressions, we control for whether anyone in 
the household smokes to account for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
This table reports marginal effects from probit models.  Regression sample includes those who are 25 or older, completed both 
interview and examination components, and excludes those who have missing values for education and those who reported any of 
the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of 
the weight or height variables are reported by a proxy. Also, we exclude individuals who refused to change into examination gown 
or did not stand up straight or wore shoes when examining weight and height. 
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Table 5. Probit Models of False Negative Reporting 
 Smoking Obesity High Blood 

Pressure 
High Cholesterol Diabetes 

VARIABLES Cotinine Cotinine   High 
LDL  

Total 
Cholesterol 

A1C test Plasma 
glucose >=15ng/ml >=3ng/ml

Mean of Dep Var 0.042 0.048 0.052 0.077 0.043 0.062 0.018 0.032 

Less than high 
school 0.000 0.007 0.001 -0.000 -0.008 0.003 0.001 -0.002 
 (0.006) (0.007) (0.007) (0.007) (0.009) (0.010) (0.002) (0.005) 
Some college -0.011*** -0.010** 0.002 -0.005 -0.013** -0.003 -0.000 -0.007* 
 (0.004) (0.004) (0.005) (0.005) (0.006) (0.006) (0.002) (0.004) 
College graduate -0.014*** -0.014*** -0.007 -0.012** -0.012* -0.006 -0.007*** -0.013*** 
 

(0.004) (0.004) (0.005) (0.005) (0.006) (0.006) (0.002) (0.004) 
Observations 19974 19974 13253 20801 7038 15277 20099 9017 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data: Continuous NHANES 1999-2010 (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether English is the 
primary language spoken at home, and education categories (omitted category: high school graduate, other race), and the difference between 
age in months at screening and at examination.  For smoking regressions, we control for whether anyone in the household smokes to account 
for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
This table reports marginal effects from probit models.  Regression sample includes those who are 25 or older, completed both interview and 
examination components, and excludes those who have missing values for education and those who reported any of the survey data by a proxy 
respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of the weight or height variables are 
reported by a proxy. Also, we exclude individuals who refused to change into examination gown or did not stand up straight or wore shoes 
when examining weight and height.    
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Table 6.  Probit Models of False Positive Reporting 
 Smoking Obesity High Blood 

Pressure 
High Cholesterol Diabetes 

VARIABLES Cotinine Cotinine   High 
LDL  

Total 
Cholesterol 

A1C 
test 

Plasma 
glucose >=15ng/ml >=3ng/ml

Mean of Dep Var 0.023 0.011 0.016 0.056 0.151 0.135 0.016 0.014 

Less than high 
school -0.007** -0.006*** 0.014*** 0.005 -0.004 0.023 0.002 0.000 
 (0.003) (0.002) (0.005) (0.008) (0.021) (0.015) (0.002) (0.003) 
Some college 0.001 -0.001 0.000 0.003 -0.001 -0.004 0.002 -0.000 
 

(0.003) (0.002) (0.002) (0.006) (0.011) (0.009) (0.002) (0.002) 
College graduate 

0.001 -0.002 -0.006** -0.003 -0.002 -0.011 -0.001 -0.004* 
 

(0.003) (0.002) (0.002) (0.005) (0.014) (0.010) (0.002) (0.002) 
Observations 18,916 17,670 12,415 20,801 7,098 15,277 18,871 8,885 
Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data:Continuous NHANES 1999-2010 (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether 
English is the primary language spoken at home, and education categories (omitted category: high school graduate, other race), and 
the difference between age in months at screening and at examination.  For smoking regressions, we control for whether anyone in 
the household smokes to account for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
This table reports marginal effects from probit models.  Regression sample includes those who are 25 or older, completed both 
interview and examination components, and excludes those who have missing values for education and those who reported any of 
the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of 
the weight or height variables are reported by a proxy. Also, we exclude individuals who refused to change into examination gown 
or did not stand up straight or wore shoes when examining weight and height.   



 

 
 

83

Table 7. Health Disparities Across Education: (High School Graduate or Less) vs. (Some College or More) 
Health Conditions/Behaviors Disparity in  

self-reported values
Disparity in  

measured values
% point 

 difference
% difference

High total Cholesterol 0.082 0.052 0.030 57.692 
High LDL Cholesterol 0.082 0.057 0.025 43.860 
Obesity 0.115 0.117 -0.001 -0.944 
Diabetes (AIC test) 0.041 0.045 -0.004 -8.889 
Smoking (cotinine>=15 ng/ml) 0.113 0.129 -0.016 -12.403 

Smoking (cotinine>=3ng/ml) 0.113 0.131 -0.018 -13.740 
High blood pressure 0.072 0.096 -0.024 -25.000 
Diabetes (Glucose test) 0.041 0.057 -0.016 -28.070 
Average    -19.256 

Data:  continuous NHANES 1999-2012 (pooled) 
Note: Sample includes those who are 25 or older, completed both interview and examination components, and excludes those who 
have missing values for education and those who reported any of the survey data by a proxy respondent.  For obesity, we exclude 
the data before 2003 cycle because it is uncertain whether any of the weight or height variables are reported by a proxy. Also, we 
exclude individuals who refused to change into examination gown or did not stand up straight or wore shoes when examining 
weight and height.   
Reports and measures of high cholesterol, high blood pressure, and diabetes are not adjusted to account for fact that some 
individuals are taking medications for those conditions (the accuracy measures that serve as dependent variables in the regression 
models do take medication use into account). 
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Table 8. Probit Models of Accurate Reporting  
(controlling for health insurance, any doctor’s visit, any hospitalization last year)  
 Smoking Obesity High blood 

pressure 
High Cholesterol Diabetes 

VARIABLES Cotinine Cotinine   High 
LDL  

Total 
Cholesterol 

A1C test Plasma 
glucose >=15ng/ml >=3ng/ml

Mean of Dep Var 0.935 0.941 0.932 0.868 0.807 0.803 0.966 0.955 

Less than high 
school 0.010 0.003 -0.012 -0.001 0.014 -0.023 -0.002 0.003 
 (0.006) (0.007) (0.009) (0.011) (0.022) (0.017) (0.004) (0.005) 
Some college 0.010** 0.010** -0.004 -0.001 0.018 0.006 -0.001 0.007 
 (0.005) (0.005) (0.006) (0.008) (0.013) (0.010) (0.002) (0.005) 
College graduate 0.013** 0.015*** 0.011* 0.010 0.017 0.014 0.007*** 0.014*** 
 (0.005) (0.005) (0.006) (0.007) (0.016) (0.011) (0.003) (0.005) 
Observations 19,957 19,957 13,253 20,783 7,093 15,269 20,083 9,818 
Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data:Continuous NHANES 1999-2010 (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether 
English is the primary language spoken at home, and education categories (omitted category: high school graduate, other race), and 
the difference between age in months at screening and at examination.  For smoking regressions, we control for whether anyone in 
the household smokes to account for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
This table reports marginal effects from probit models.  Regression sample includes those who are 25 or older, completed both 
interview and examination components, and excludes those who have missing values for education and those who reported any of 
the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of 
the weight or height variables are reported by a proxy. Also, we exclude individuals who refused to change into examination gown 
or did not stand up straight or wore shoes when examining weight and height.   
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Table 9. Probit Models of False Negative Reporting  
(controlling for health insurance, any doctor’s visit, any hospitalization last year)  
 Smoking Obesity High Blood 

Pressure 
High Cholesterol Diabetes 

VARIABLES Cotinine Cotinine   High 
LDL  

Total 
Cholesterol 

A1C test Plasma 
glucose >=15ng/ml >=3ng/ml

Mean of Dep Var 0.042 0.048 0.052 0.077 0.043 0.062 0.018 0.032 
Less than high 
school -0.002 0.003 -0.001 -0.002 -0.008 0.001 0.001 -0.003 
 (0.005) (0.006) (0.007) (0.007) (0.009) (0.010) (0.002) (0.005) 
Some college -0.011*** -0.010** 0.003 -0.003 -0.013** -0.002 -0.000 -0.007* 
 (0.004) (0.004) (0.005) (0.005) (0.006) (0.006) (0.002) (0.004) 
College graduate -0.013*** -0.013*** -0.006 -0.009* -0.011* -0.004 -0.006*** -0.012*** 
 (0.004) (0.004) (0.005) (0.005) (0.006) (0.006) (0.002) (0.004) 
Observations 19,957 19,957 13,245 20,783 7,033 15,269 20,083 9,008 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data:Continuous NHANES 1999-2010  (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether 
English is the primary language spoken at home, and education categories (omitted category: high school graduate, other race), and 
the difference between age in months at screening and at examination.  For smoking regressions, we control for whether anyone in 
the household smokes to account for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
This table reports marginal effects from probit models.  Regression sample includes those who are 25 or older, completed both 
interview and examination components, and excludes those who have missing values for education and those who reported any of 
the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of 
the weight or height variables are reported by a proxy. Also, we exclude individuals who refused to change into examination gown 
or did not stand up straight or wore shoes when examining weight and height.    
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Table 10.  Probit Models of False Positive Reporting  
(controlling for health insurance, any doctor’s visit, any hospitalization last year)  
 Smoking Obesity High Blood 

Pressure 
High Cholesterol Diabetes 

VARIABLES Cotinine Cotinine   High 
LDL  

Total 
Cholesterol 

A1C test Plasma 
glucose >=15ng/ml >=3ng/ml 

Mean of Dep Var 0.023 0.011 0.016 0.056 0.151 0.135 0.016 0.014 

Less than high school -0.007** -0.006*** 0.012*** 0.001 -0.003 0.023 0.000 -0.001 
 (0.003) (0.002) (0.004) (0.007) (0.022) (0.015) (0.002) (0.002) 
Some college 0.002 -0.000 0.000 0.004 -0.002 -0.004 0.001 -0.000 
 (0.003) (0.002) (0.002) (0.006) (0.011) (0.009) (0.002) (0.002) 
College graduate 0.002 -0.002 -0.005* -0.001 -0.002 -0.011 -0.001 -0.003 
 (0.003) (0.002) (0.002) (0.006) (0.014) (0.010) (0.002) (0.002) 
Observations 18,901 17,659 12,408 20,783 7,093 15,269 18,856 8,878 
Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data:Continuous NHANES 1999-2010 (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether 
English is the primary language spoken at home, and education categories (omitted category: high school graduate, other race), and 
the difference between age in months at screening and at examination.  For smoking regressions, we control for whether anyone in 
the household smokes to account for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
This table reports marginal effects from probit models.  Regression sample includes those who are 25 or older, completed both 
interview and examination components, and excludes those who have missing values for education and those who reported any of 
the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle because it is uncertain whether any of 
the weight or height variables are reported by a proxy. Also, we exclude individuals who refused to change into examination gown 
or did not stand up straight or wore shoes when examining weight and height.    
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Table 11. Percent of respondents who refused to answer or reported “don’t know”  

Health Conditions / 
Behaviors 

% Refused % Don't know Refusals 
(N)  

Don’t know 
(N) 

Total sample size 

Smoking  0 0 0 0 21114 
High blood pressure 0 0.15 0  34 23019 
High Cholesterol 0 0.75 1 129 17183 
Diabetes 0 0.07 0 14 23809 
Weight 0.0005 1.069 13 245 22963 
Height 0.00004 1.63 1 374 22915 

Data:  continuous NHANES 1999-2010 (pooled) 
 Note: Sample includes those who are 25 or older, completed both interview and examination components, and excludes those who 
have missing values for education and those who reported any of the survey data by a proxy respondent.   For obesity, we exclude 
the data before 2003 cycle because it is uncertain whether any of the weight or height variables are reported by a proxy. Also, we 
exclude individuals who refused to change into examination gown or did not stand up straight or wore shoes when examining 
weight and height.   
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
 

88

Table 12.  Probit Models for Refusing, Saying Didn’t Know  
Variables Refused entire 

examination 
Refused to report 

weight 
Don’t know  

(weight) 
Don’t know 

 (high cholesterol) 
Mean of Dep Var 0.052 0.0005 0.006 0.0065 
          
Less than high 
school 0.008 0.007 -0.001* -0.001 0.003** 0.002** 0.002 0.002 
 (0.006) (0.006) (0.000) (0.000) (0.001) (0.001) (0.003) (0.003) 
Some college 0.002 0.002 0.000 0.000 -0.000 -0.000 -0.003** -0.003** 
 (0.004) (0.004) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
College graduate 0.009** 0.010** -0.000 -0.000 -0.001** -0.001* -0.003* -0.002 
 (0.005) (0.004) (0.000) (0.000) (0.001) (0.001) (0.002) (0.002) 
Control for health 
insurance and 
health care 
utilization 

N Y N Y N Y N Y 

Observations 
24,357 24,328 

 
21,770 

 
21,753 21,713 

 
21,695 12,245 12,240 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. [Data: Continuous NHANES 1999-2010 (pooled)] 
Notes:  All regressions control for indicator variables for survey year, gender, age, race/ethnicity, citizenship status, whether English is the 
primary language spoken at home, and education categories (omitted category: high school graduate, other race), and the difference between 
age in months at screening and at examination.  For smoking regressions, we control for whether anyone in the household smokes to account 
for second hand smoking.  Cotinine cutoff for smoking status: 15ng/ml, 3 ng/ml respectively 
Sample includes those who are 25 or older, completed both interview and examination components, and excludes those who have missing 
values for education and those who reported any of the survey data by a proxy respondent.  For obesity, we exclude the data before 2003 cycle 
because it is uncertain whether any of the weight or height variables are reported by a proxy. Also, we exclude individuals who refused to 
change into examination gown or did not stand up straight or wore shoes when examining weight and height.  Report Marginal effects from 
Probit models except refusal of weight (due to very few positive refused responses). DV=1 if respondent only participated in the interview but 
not the examination component and 0 otherwise, DV=1 if refused to respond (or report don’t know) for survey questionnaires and 0 otherwise). 
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CHAPTER 3 

CHILD CARE QUALITY, CHILD WELL-BEING, AND HEALTH: LINKS BETWEEN 

STATE REGULATIONS AND CHILD WELL-BEING 

Anna Choi and Rachel Dunifon 

 
1. Introduction 

 
The goal of this paper is to study the relationship between state regulations of the quality 

of center-based child care—such as teachers’ education and degree requirements, staff to child 

ratios, maximum group size, and unannounced inspection compliance requirement—and 

children’s health, developmental and cognitive outcomes.  As shown in figure 1, center-based 

care has been the most commonly used child care arrangement for children ages 0 to 4 with 

employed mothers since 1999.  According to data from the Survey of Income and Program 

Participation (SIPP), in 2011, 32.7 million children were in a child care arrangement (U.S. 

Census Bureau, 2011)29.  As Dunifon and Korjenevitch (2010) explain, quality child care has 

been linked to positive developmental, social, and emotional outcomes of the child.  It is 

important to understand which policies related to the quality of center-based care are predictive 

of children’s health, cognitive, and developmental outcomes as center based care is the most 

common form of child care for children of age 4 or younger. 

Furthermore, early childhood health conditions are important predictor of later life health 

and previous research has not studied these outcomes with respect to observable inputs related to 

the quality of center-based care that states regulate. Findings from this study can inform policy 

makers and researchers concerning what dimensions of quality regulations on child care centers 

can help improve children’s health in terms of fewer obesity, infection, and hospitalization rates 

                                                 
29 http://www.census.gov/how/pdf/child_care.pdf 
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and other cognitive and developmental outcomes.   

2. Relevant literature 
 

Previous studies find that the quality of child care centers is positively related to 

children’s developmental and cognitive outcomes (Peisner-Feinberg and Burchinal, 1997; 

Peisner-Feinberg et al., 2001). The quality of preschool childcare is important for children’s well 

being because it can have long term consequences for cognitive and socio-emotional 

development (Peisner-Feinberg et al., 2001).  The Perry Preschool program was an intensive, 

high quality two year experimental program that began at age three among disadvantaged 

African-American children (Heckman, 2006).  According to the follow-up survey after 40 

years, those who were in the treated group had higher high school graduate rate, salaries, and 

fewer arrests than those in the control group (Heckman, 2006).   

Overall, this area of research has largely focused on cognitive and social aspects of 

children’s development, as well as school readiness (Burchinal et al., 2000; NICHD and Duncan, 

2003; Gormley et al., 2005; Belsky et al., 2007).  Keys et al. (2013), for instance, found small 

but significant effects of child care center quality on language and mathematics outcomes (Keys 

et al., 2013).   Early childhood interventions can be great settings to improve children’s health 

outcomes as well (D’Onise et al., 2010).  Previous studies find some evidence that center-based 

preschool interventions can lead to lower obesity, improved social competence, and mental 

health (D’Onise et al., 2010).   

However, the child development and child care quality literature lack evidence on what 

factors of child care center quality play an important role in children’s health outcomes, such as 

obesity, eating behaviors, infections, and hospitalizations.  These health outcomes are important 

to study because having these health conditions during early childhood can have long run 
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consequences.  Approximately 30% of children are at risk of becoming obese as adults, which 

can raise the direct and indirect costs to society (Serdula et al., 1993; Cawley, 2010). 

In this study, we examine the link between different state-level policies related to the 

quality of child care centers and children’s health, cognitive, and developmental outcomes.  

Child care centers in the U.S. are regulated at the state level (except for Idaho).  States regulate 

centers through licensing compliance regulations, which include making sure the center has staff 

to child ratio and maximum group size that comply with the licensing standards, qualification 

requirements of the teachers, and safety standards.  Different aspects of child care center 

regulations vary across states. For instance, in 2005, 21 states had no education requirement for 

teachers, 17 states plus D.C. had a staff to child ratio of at least 1:10 for 4-year old children , and 

33 states plus D.C. had a maximum group size requirement (see table 1 for more details).   

One of the important inputs of child care quality we examine is the teacher’s education 

requirement.  Previous studies found that hiring teachers with a bachelor’s degree is positively 

associated with the quality of child care centers and also with children’s outcomes (Howes, 

Whitebook & Phillips, 1992; Howes, 1997; Howes and Brown, 2000; Barnett, 2003).  Teachers 

with more schooling and particularly those with a post-secondary degree in early childhood 

education can increase the quality of child care with effective teaching methods and increased 

productivity via better training and interaction with children (Howes, Whitebook & Phillips, 

1992; Blau, 2000; Early et al., 2006).    

Phillipsen et al., (1997), collected data from 100 child care centers in California, 

Colorado, Connecticut, and North Carolina, observing the classrooms and interviewing the 

teachers and children.  Collected measures include teacher’s background, staff to child ratio, 

adult involvement scale, children’s cognitive (test scores), and social development measures 
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(classroom behavior inventory completed by the teacher).  The authors found significant and 

positive associations between teachers having a post-secondary degree (having at least an AA 

degree in early childhood education) and children’s Peabody Picture Vocabulary Test-Revised 

score (PPVT-R) (Phillipsen et al., 1997).  

In addition to teacher’s education background, maximum group size and staff to child 

ratios are important inputs of child care quality regulated by states. Blau (2000) finds that higher 

staff to child ratio (fewer children per teacher) has a small but positive relationship with the 

quality of care.  In an experimental study, De Schipper et al., (2067) find that having three 

children per caregiver produced a higher quality interaction between the caregiver and children 

than having five children per caregivers.  Furthermore, having a higher staff to child ratio is 

associated with improved children’s understanding of the teacher, more cooperation, and less 

hostility among children (Vandell & Wolfe, 2000).   

Having a maximum group size requirement for different age groups can also influence 

the quality of care.  Blau (2000) finds small and insignificant effects of group size on child care 

quality (Blau, 2000).  Therefore, setting a maximum group size and staff to child ratios can 

affect the quality of care by changing the labor intensity of child care teachers (Hotz and Mo, 

2011).  If these factors are related to the quality of care, it is important to understand how these 

factors are related to children’s health, cognitive, and developmental outcomes.   

In addition, unannounced compliance inspection requirement is another factor that can 

affect the quality of care.  It is important to study whether various regulations on child care 

centers are properly enforced (Phillips, Lande & Goldberg, 1990).  Compared to announced and 

regular inspections, unannounced inspections can serve as a better quality control measure for 

child care centers.  To our knowledge, no other study has linked this type of child care policy to 
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child well-being.   

The policies mentioned above are likely to influence the quality of care children receive.  

This care, in turn, may predict child well being.  There are several reasons why these state 

regulations on quality of the child care center may affect children’s health outcomes.  As 

Howes, Whitebook & Phillips (1992), Blau (2000), and Early at al., (2006) note, teachers with 

more schooling tend to be more productive and have better interactions with children, which can 

lead to improved child health such as a decreased probability of injuries and infections. For 

example, Currie & Hotz (2004) find that requiring the child care center director to have more 

education is associated with lower unintentional injuries among children.    

It is yet unclear which type of child care policies are linked to children’s health.  

Therefore, identifying which observable quality measures is associated with these health 

outcomes is important.  While a lot of research studied the link between quality of center-based 

care to children’s outcomes, there has been no other study to our knowledge that investigates a 

range of state policies related to child care quality and how they predict child outcomes. 

Although this paper is not investigating a causal impact of state regulations on children’s 

outcomes, it contributes to the literature in this area.  

In addition to health outcomes, we study the relationship between state level regulations 

of child care centers and preschool age children’s cognitive and developmental outcomes. 

Previous research in this field found that the quality of child care centers is positively related to 

children’s developmental and cognitive outcomes (Peisner-Feinberg and Burchinal, 1997; 

Peisner-Feinberg et al., 2001; Heckman, 2006), but has not examined the role of state child care 

regulations in predicting these important child developmental outcomes.  We hypothesize that 

state regulations that promote higher teacher education standards can improve children’s ability 
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to read, tell a story, or solve a math question, as more educated teachers may interact and 

communicate with children in a way that promotes their development.  As Howes et al. (1997) 

find, teachers with a post-secondary degree can have a positive effect on children’s cognitive 

outcomes.  Having a higher staff to child ratio can also improve children’s development 

outcomes via improved understanding of the teacher, more cooperation, and less hostility among 

children (Vandell & Wolfe, 2000). 

It is very difficult to measure every observable factor that contributes to high quality 

center-based care.  Furthermore, unobservable factors (center specific heterogeneity) such as 

the leadership style of the director can also affect the quality of child care (Blau, 2000).  It is 

difficult to account for unobserved heterogeneity and this paper does not attempt to identify a 

causal relationship between factors related to the quality of child care and children’s outcomes.  

However, previous studies have shown that several observable factors such as teacher’s 

education, age specific maximum group size, and staff to child ratio have significant relationship 

with the quality of child care, which can influence child’s well-being.  Therefore, we contribute 

to the literature by providing evidence regarding the link between observable inputs, in this case 

state regulations, associated with the quality of center-based care that are regulated by the state, 

such as teacher’s education requirement, maximum group size, staff to child ratio, and 

unannounced compliance inspection and children’s health, cognitive, and developmental 

outcomes.    

3. Data 
 

We utilize the restricted use Early Childhood Longitudinal Study, Birth Cohort (ECLS-

B), which follows a nationally representative sample of about 14,000 children born in 2001.  

The survey assesses children when they are born, 9 months old (2001-2), 2 years old (2003-4), 4 
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years old/preschool (2005-6), and in fall of 2006 and 2007 when most of the children are in 

kindergarten.  The data has detailed information about the children and their parents, as well as 

information on their child care providers.  Also, a subsample of non-parental child care 

arrangements was directly observed at age2 and in the preschool waves.  In the restricted access 

data, we have state identifiers, which are necessary in order to merge with the state policy 

indicator variables.  

We only use the preschool wave (2005-6), when children in the sample are 4 or 5 years 

old, because it is an important age for children’s health and development.  Since the goal of this 

paper is to study the relationship between state level regulations related to the quality of center-

based care on preschool age children’s outcomes, this age group is key for our study.  That is 

because other early childhood education interventions such as the Perry Preschool Program and 

the Head Start Program focused on preschool age children and also center based care is the most 

commonly used form of child care for this age group.  

In order to identify the state level regulations related to the quality of center-based care, 

we reviewed the data on state regulations related to child care quality in 2005 using the report by 

the National Association for Regulatory Administration.30  The data from Idaho is excluded in 

our analysis because the state does not regulate child care centers.  The state regulations we 

measure include: 1) whether the state has any degree requirement for teachers who interact with 

the children most on a daily basis, 2) whether or not the state requires (as one of many 

qualifications for teachers) the teacher to have a post-secondary degree (bachelors’ or associates’ 

degree), 3) whether the state requires child care centers to have a staff to child ratio that is equal 

to or better than 1:10 for children of the age of 4, 4) whether the state has maximum group size 

                                                 
30 We reviewed the state center-based care licensing regulations and the report by national association for regulatory 
administration. http://www.naralicensing.org/2005_Licensing_Study 
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requirement, and 5) whether the state has annual unannounced inspection compliance 

requirement of the child care centers.   We selected these state level policies because previous 

studies find that these are observable inputs that states can regulate and are related to quality of 

center based care.   

In 2005, 14 states plus D.C. had post-secondary degree as one of the qualification 

requirements for teachers, 21 states had no education requirement for teachers, and 17 states plus 

D.C. had a staff to child ratio of 1:10 (or better, meaning fewer children per teacher) for children 

of age 4, 33 states plus D.C. had a maximum group size requirement, and 47 states plus D.C. had 

unannounced compliance inspection requirement.31  Table 1 displays this variation across states 

for each policy.   

Our analysis sample is restricted to preschool age children (age 4 or 5) who attend non-

parental and non-family child care centers (which are regulated by state policies).   A total of 

8913 observations contain state geocodes and all of 4608 four year old children have state 

geocode information.  Table 2 shows the summary statistics of the children’s and mother’s 

characteristics as well as socioeconomic and demographic information of the state.   Table 3 

shows the correlation between different state-level policy indicators related to child care center 

quality.  We find that state level expenditure on child care is strongly correlated with having a 

staff to child ratio of 1:10 or better.    

4. Measures 

We define teachers as individuals who directly work with children on a daily basis and 

spend the most time with them. First, we identify whether the state has any degree or education 

requirement for child care teachers. Second, we code whether the state requires (as one of the 

                                                 
31 We reviewed the state center-based care licensing regulations and the report by national association for regulatory 
administration. http://www.naralicensing.org/2005_Licensing_Study  



 

 
 

97

several qualification requirements) the teachers to have a post-secondary degree (AA or BA 

degree) or not.  Some states have no education requirement for teachers while others have 

different qualification requirements for teachers such as taking 6 semester college units, having a 

post-secondary degree, or working at a child care center for certain number of hours. We identify 

the states that do or do not include having a post-secondary education as one of the teacher 

qualification requirements.   

We control for child level covariates such as the child’s age in months, race (Non-

Hispanic White, Non-Hispanic Black (omitted), Hispanic, and other), gender, whether the child 

is enrolled in the Head Start program, and whether the child is enrolled in a full time child care 

(defined as spending 20 hours or more per week at the child care center, following the definition 

of Belfield and Kelly (2013)).  Since this is a longitudinal data, we can also control for mother’s 

health behaviors during pregnancy, such as drinking or smoking. Also, we adjust for children’s 

prior health conditions by controlling for relevant health information from the birth certificate 

records.  For instance, we control for child’s low birth weight status (<2500 grams), five minute 

APGAR score at birth32, inadequate Kessner index33, and the sum of any birth conditions (sum of 

binary indicators for anemia, injury, seizure and more).  It is important to account for these 

early health conditions because these may reflect preexisting health status of the child, which can 

also affect children’s likelihood of being obese, or having various illnesses at age 4.    

For family characteristics, we control for mother’s marital status, mother’s education 

level (less than high school, high school graduate (omitted category), some college, college 

graduate, or beyond college), mother’s employment (whether she works 35 hours a week or 

                                                 
32 California and Texas did not report 5 minute apgar score 
33 Index is based on modified Kessner criterion such as the month prenatal care began, number of prenatal care visits, and 
gestation (response categories are adequate, intermediate, and inadequate). We create a binary indicator variable that equals 1 if 
the Kessner index is inadequate and 0 other wise.   
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more), nativity, the number of children under 18 in the household, family’s poverty status (living 

below 100% poverty threshold), whether the mother received WIC (Women, Infants, and 

Children) vouchers during pregnancy, whether the child or the mother received benefits from 

WIC in the past year, and family income (binary indicator for income categories such as $10,000 

or less, 20,000 or less up until 200,000 or more).   We also control for missing values by 

creating an indicator variable for missing values of inadequate Kessner index, smoking or 

drinking during pregnancy, sum of binary indicators for birth conditions, five minute APGAR 

score, and full time child care.  Marital status has 538 missing observations due to don’t know, 

refused, not ascertained, and not available (majority of the missing values) responses.  We do 

not create an indicator variable for missing values of the marital status variable because the 

pattern of missing values may not be random.34  For other variables, the observations are 

missing because the data is not available or not ascertained. We recoded the missing values of 

the WIC receipt during pregnancy variable as 0s if the parent responded that he/she did not 

receive WIC in the past year.   

 Because the child care center regulations we examine vary at the state level, it is 

important to control for state level demographic and economic variables.  We control for state 

level annual unemployment rate in 2005, per capita income, % of population with Medicaid, % 

of population with bachelor’s degree or higher, % of population in different racial groups (% 

White, % Black, % other race, % Hispanic (omitted category)) 35 , and per capita state 

expenditures on child care (in thousands of dollars).36   

We measure various health outcomes of the child. Outcome variables related to obesity 

                                                 
34 The authors plan to conduct multiple imputation or other methods to account for missing data.  
35 We use the Bureau of Labor Statistics data on state level unemployment rates, use the Bureau of Economic Analysis data on 
state level per capita income, and use the Current Population Survey data on state level information of racial groups, education 
attainment, and Medicaid recipients.   
36 FY 2005 Child Care Development Fund data from the Office of Child care, US Department of Health and Human Services 
(http://www.acf.hhs.gov/programs/occ/resource/expenditures-2005) 
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includes: children’s BMI, BMI z-score, overweight or obese status, healthy eating index, and 

unhealthy eating index.  To construct the healthy and unhealthy eating index, we follow the 

strategy of Morrissey et al., (2012) using the questionnaires on food consumption per week.   

ECLS-B asks the parent about the child’s eating habits, such as “during the past 7 days how 

many times did your child drink milk?” Similar questions are asked for other food such as fruit, 

100% fruit juices (exclude fruit punches), vegetables (exclude fries), soda, sweet snacks (candy, 

baked goods), fast food, and salty snacks (chips).  Responses for these questionnaires are 

categorized as, 1) did not eat [relevant food category such as milk, juice] during past 7 days, 2) 1 

to 3 times during the past 7 days, 3) 4 to 6 times during the past 7 days, 4) once a day, 5) twice a 

day, 6) 3 times a day, 7) 4 or more times a day.  For response categories 2) and 3), we chose the 

median value of the range, which is 2 and 5 respectively.  For the rest of the categories, we 

multiply the frequency by 7 days to get an approximate amount of food the child consumed per 

week.  We define the sum of the food consumption per week as healthy eating index (sum of 

food consumption per week for milk, vegetables, fruits, and fruit juices), and unhealthy eating 

index (sum of food consumption per week for fast food, soda, sweet snacks, and salty snacks).   

 Another set of health related outcomes include measures of child’s illnesses, infections, 

and hospitalizations since the last wave of the survey at age 2.  ECLS-B asks whether or not as 

well as the number of times the doctor, nurse or other health professional told that the child has a 

gastrointestinal (including diarrhea, dehydration, and frequent vomiting), ear, or respiratory 

(including bronchitis, pneumonia) infection at age 4 since the last wave.  Based on these 

questionnaires, we create a binary indicator variable that equals one if the child had any of these 

three infections since age 2.  Also, we create a continuous dependent variable that equals the 

sum of the number of times the child was diagnosed with any of these infections.  For each of 
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the illnesses (ear, gastrointestinal, respiratory), we create a dependent variable that equals 1 if the 

number of infection that child contracts is greater than the median number of illnesses among 

those who ever had that condition in the analysis sample (children in center-based care) and 0 

otherwise.  This variable will capture those who had these illnesses more frequently than the 

peers in the sample.  Another dependent variable we create equals 1 if the child was 

hospitalized for an injury, respiratory illness, gastrointestinal illness, or any other reason since 

the last wave and 0 if the child was not hospitalized.   

In order to examine children’s cognitive skills, ECLS-B uses the Peabody Picture 

Vocabulary Test, Early Childhood Longitudinal Study-Kindergarten cohort, Preschool 

Comprehensive Test of Phonological and Print Processing, and the Test of Early Mathematics 

Ability-337.  In this analysis, we examine the scores from math scale, reading scale, color 

knowledge and telling a story task for cognitive outcomes.   

For developmental outcomes, we analyze the motor balance test and block pass test 

results in the ECLS-B.  The motor balance test assesses gross motor skills by asking children to 

jump, balance on one foot, hop on one foot, skip, walk backward along a line, and catch a bean 

bag.38 Block pass test asks children to use blocks to build structures.39 We create a binary 

dependent variable that equals 1 if the child passes the test and 0 otherwise for each of the 

development outcomes.    

5.  Empirical strategy 

We estimate the following model using Ordinary Least Squares (OLS) for continuous 

dependent variables and the probit model (report average marginal effects) model for 

dichotomous dependent variables.   

                                                 
37 For more details, please see http://nces.ed.gov/ecls/pdf/birth/ChoosingScores.pdf 
38https://nces.ed.gov/ecls/birthdataprocedure.asp 
39 Ibid 
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Yis = β0 + β1PSdegrees + β2NoDegrees + β3Ratios + β4MaxGroups +β5Unannounceds + 
β6Xis + β7Zs+ εis 

 
Yis is the dependent variable we examine such as child’s BMI, obesity status, infections, 

illnesses, hospitalizations, math and reading scores, color knowledge test scores, motor balance 

test, and block test.  Independent variables of interests are 5 dichotomous policy indicator 

variables.  PSdegrees is a binary variable that equals one in a state that has a post-secondary 

degree requirement as one of the qualifications for teachers and zero otherwise.  NoDegrees is a 

policy indicator variable that equals one if a state has no education requirement for teachers and 

zero otherwise.  Ratios equals one in the state that has a staff to child ratio equal to or better 

than 1:10 (better means fewer children per staff) and zero otherwise.  MaxGroups equals one if 

a state sets a maximum group size for children of age 4 in child care centers and zero otherwise.  

Unannounceds is a binary policy indicator that equals one if a state has an annual unannounced 

compliance inspection requirement and zero otherwise.  Xis is a vector of children’s, parents, 

and family characteristics and Zs is a vector of state’s socioeconomic and demographic 

characteristics.  εis is the error term. Standard errors are clustered at the state level because the 

policies we study vary across states.   

6. Results 

Overall, we find that policy indicators we analyze are predictive of children’s health 

outcomes, particularly obesity and eating behaviors.  Table 4 shows that children living in states 

that have a post-secondary degree as one of the education requirements for teachers, staff to child 

ratio of 1:10 or less for children of age 4, and unannounced compliance inspection of the child 

care center have improved obesity related outcomes than children living in states that do not 

have these regulations.  Specifically, children living in states that have a staff to child ratio of 

1:10 or less have a lower probability of being obese (6.2 percentage points or 41.3 percent) than 
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children living in states without this kind of regulation.  Also, children living in states that have 

a higher education degree as one of the qualification requirements for teachers has lower 

unhealthy eating index by 1.544 percentage points (3.67 percent) than children living in states 

without this type of policy.   Having an unannounced compliance inspection of licensed child 

care centers is significantly associated with higher healthy eating index by 2.668 percentage 

points (4.9 percent) while negatively associated with the likelihood of being overweight or obese 

by 8.9 percentage points (27.8 percent).   

 We find some evidence that state regulations that can improve teachers’ qualification 

and productivity (such as having a post-secondary education as one of the qualification 

requirement of the teachers, staff to child ratio of 1:10 or better) are predictive of improved 

weight related outcomes and healthy eating behaviors.  Requiring states to conduct an 

unannounced inspection of the center is linked to higher healthy eating index and reduced 

likelihood of overweight or obese.  

 In table 5, we present the regression results for infections, illnesses, and hospitalizations.  

We find that children in states that have a maximum group size requirement for children of age 4 

in child care centers have lower likelihood of contracting any infection (gastrointestinal, ear, or 

respiratory) since the last wave at age 2 (5 percentage points, 10 percent) than children living in 

states without this regulation.  Similarly, children living in states that have an unannounced 

compliance inspection requirement have a lower probability of getting any infection (6.9 

percentage points, 13.8 percent) as well as other infection outcomes than children living 

elsewhere.  However, having a staff to child ratio of 1:10 or less is positively and significantly 

associated with having any infections since the last wave of the survey at age 2.   Overall, per 

capita state level expenditures on child care is negatively associated with most of the outcome 
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measures related to infections, illnesses and hospitalization.  Teacher’s education requirement 

does not seem to be significantly correlated with outcomes on child’s infections, illnesses, and 

hospitalizations.    

 Table 6 shows the regression results for development and cognitive outcomes of the 

child.  We find that having no degree requirement for the child care teachers is significantly 

correlated with a lower score on the color knowledge test (14.9 percentage points, 1.65 percent).  

On the other hand, having a staff to child ratio of 1:10 or better is associated with a higher score 

for reading (184.3 percentage points, 6.8 percent) and college knowledge score (13.1 percentage 

points, 1.45 percent).  Also, children living in states that have a post-secondary degree as one of 

the qualification requirements for teachers have higher child’s reading scores (148.2 percentage 

points, 5.5 percent) and color knowledge scores (14.8 percentage points, 1.64 percent) than 

children living in states without these regulations.  Children living in states that set a maximum 

group size have a higher score on telling a story task (12.1 percentage points, 5 percent) than 

children living in states without this policy.  With respect to developmental outcomes, having 

an unannounced compliance inspection requirement is positively associated with increased 

likelihood of passing the block assessment test (17.9 percentage points, 20.8 percent).  Overall, 

we find evidence that teacher’s education requirement is strongly correlated with children’s 

cognitive outcomes.   

7. Additional analyses 

In ECLS-B, there is information about whether the child care center the children attends is 

licensed by the state and whether the center is specifically licensed to care for 4 year old 

children.  We estimated the same models with a more restrictive sample exclusion.  First, we 

limit the sample to children in child care centers licensed by the state. Second, we estimate the 
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same regressions among children in child care centers that are licensed by the state and also 

specifically licensed to care for 4 year old children.  Our results mostly hold true with these 

different sample restrictions.  Some of the coefficients on children’s cognitive outcomes 

become insignificant but the rests of the regression results are similar to our main findings.   

As another robustness check, we run a falsification test by estimating the same regressions 

among children who were never in any type of center-based care.  If the main findings in this 

paper are mostly due to spurious correlation, then we would find similar results among children 

who are never exposed to center-based child care. ECLS-B has information on whether the child 

was ever in child care center, child’s age when first attended center based care, and whether the 

child is currently attending child care center.  Using that information, we identify children who 

ever attended child care centers since 9 months old.  We estimate the same models in the main 

analysis among those children never in center-based care who should not have been affected by 

the state policies related to child care center quality.  Falsification results largely confirmed our 

results.  Mostly we find opposite or insignificant coefficients for policy indicators we examine 

in the main analysis.  

8. Conclusions 

 Our findings suggest that state child care quality regulations may be associated with 

children’s health and cognitive outcomes.  We find that state level policies related to improving 

the productivity of teachers with larger staff to child ratios (fewer children per teacher) and 

higher schooling requirement are more predictive of health, particularly improved weight related 

outcomes and cognitive outcomes.  Having a post-secondary education as one of the 

qualification requirements for teachers is negatively associated with unhealthy eating behavior.  

We find that policy variables related to teacher’s education background and productivity are 
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strongly correlated with improved cognitive outcomes such as telling a story and reading scores. 

We do not find a strong link between policy variables and developmental outcomes.   

 In addition, state policies that can serve as a quality control measure for child care 

centers, such as requiring unannounced compliance inspection of the centers and state 

expenditure on child care centers are strongly correlated with lower infections, illnesses and 

weight related outcomes.   This provides some evidence to policymakers that investing in child 

care center facilities and ensuring that centers are in compliance with the state regulations 

(teacher’s qualification, staff to child ratios, maximum group size, and safety requirements etc.) 

can have a positive impact on children’s health.  This type of policy can serve as an effective 

tool to set a minimum standard for safety, sanitation, and improved environment for children in 

center-based care.   

One limitation is that this study does not identify a causal relationship between these state 

level policies and children’s outcomes and do not examine the long run outcomes.  Ideal 

research design would estimate a state fixed effects model, exploiting the variation over time 

across states with respect to regulations related to child care center quality.  We initially 

investigated this but there was not much variation over time across states, but this is an approach 

we can consider in the future. 

Future research can investigate the effects of these policies over the long run by 

exploiting any within state variation of these policies.  Researchers can replicate this type of 

research among non-parental group care, or center-based care for infants and toddlers.  Another 

approach future research can take is to investigate whether a more detailed breakdown of each of 

the state policies we study better predict child’s well being.  Does requiring teachers to have a 

post-secondary training specifically in early childhood education matter more than a general 
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requirement of any higher education background?  There are other observable policies related 

to quality of care that future research can study such as teacher turnover rates and wages, which 

can be predictive of children’s health, cognitive, and developmental outcomes.   

Although the results from this study do not warrant a causal relationship between state 

regulations and children’s health, cognitive, and developmental outcomes, we provide valuable 

evidence regarding the link between these state level policies and children’s outcomes.  Also, 

findings from this study can inform future research as we identify which state level regulations 

that can affect the quality of child care centers are related to child’s outcomes after controlling 

for observable characteristics of the child, mother, family, and the state.   We find that having 

an unannounced compliance inspection is strongly correlated with improved weight related 

outcomes (lower obesity and healthy eating) as well as lower infections and illnesses.  

Furthermore, policies related to teacher’s education as well as increased productivity and 

supervision by having a higher child to staff ratio per teacher are predictive of both children’s 

cognitive and weight related health outcomes.    
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Figure1. Primary child care arrangements for children ages 0-4 with employed mothers 
1985-2011 

 

Source: U.S. Census Bureau, Survey of Income and Program Participation.  

http://www.childstats.gov/americaschildren/famsoc3.asp 
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Table 1. Child care policies across states (1 indicates that the state has such policies in place 
in 2005)  

State College 
degree 

No degree Staff to child 
ratio   

(1:10 or better) 

Max group 
size 

Unannounced 
inspection 

Alabama 0 0 0 0 1
Alaska 0 1 1 1 1
Arizona 1 0 0 0 1
Arkansas 0 0 0 1 1
California 0 0 0 0 1
Colorado 1 1 0 1 1
Connecticut 0 1 1 1 1
DC 1 0 1 1 1
Delaware 1 0 0 0 1
Florida 0 1 0 0 1
Georgia 0 0 0 1 1
Hawaii 1 0 0 0 1
Illinois 0 0 1 1 1
Indiana 0 0 0 1 0
Iowa 0 1 0 0 1
Kansas 0 1 0 1 1
Kentucky 0 1 0 1 1
Louisiana 0 1 0 0 1
Maine 0 0 1 1 1
Maryland 1 0 1 1 1
Massachusetts 1 0 1 1 1
Michigan 0 1 0 0 1
Minnesota 1 0 1 1 1
Mississippi 0 1 0 1 1
Missouri 0 1 1 0 1
Montana 0 1 1 0 1
Nebraska 1 1 0 0 1
Nevada 0 1 0 0 1
New Hampshire 0 0 0 1 1
New Jersey 1 0 0 1 1
New Mexico 0 1 0 0 1
New York 0 0 1 1 1
North Carolina 0 0 0 1 1
North Dakota 0 1 1 1 1
Ohio 0 0 0 1 1
Oklahoma 0 0 0 1 1
Oregon 0 1 1 1 1
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Pennsylvania 0 0 1 1 1
Rhode Island 1 0 1 1 1
South Carolina 0 0 0 0 1
South Dakota 0 1 1 1 1
Tennessee 0 0 0 1 1
Texas 0 0 0 1 1
Utah 0 0 0 1 0
Vermont 1 0 1 1 1
Virginia 1 0 0 0 1
Washington 1 1 1 1 1
West Virginia 0 1 0 1 1
Wisconsin 1 0 0 1 1
Wyoming 0 1 0 1 1

Source: The report by national association for regulatory administration. 
http://www.naralicensing.org/2005_Licensing_Study 
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Table 2. Summary statistics of the analysis sample (child receiving center-based care) 

Variable Obs Mean Std. Min Max 

BMI 4500 16.43 2.18 9.80 40.50
BMI Z score 4450 0.53 1.17 -4.84 4.95
Overweight status 4450 0.17 0.37 0.00 1.00
Obese status 4450 0.15 0.36 0.00 1.00
Overweight or obese status 4450 0.32 0.46 0.00 1.00
HEI (healthy eating index) 4600 54.26 15.19 0.00 112.00
UHEI (unhealthy eating index) 4600 42.07 14.12 0.00 105.00
any infection since last survey 4600 0.50 0.50 0.00 1.00
infection (sum of binary indicators for ear, gastro, 
respiratory infections) 

4600 0.62 0.71 0.00 3.00

# of Ear infections> median 4600 0.15 0.36 0.00 1.00
# of gastrointestinal  infections >median 4600 0.01 0.09 0.00 1.00
# of respiratory infections >median 4600 0.07 0.25 0.00 1.00
# any illnesses 4600 1.55 2.99 0.00 58.00
# of illnesses > median 4600 0.21 0.40 0.00 1.00
# hospitalization 4600 0.15 0.39 0.00 3.00
Any hospitalization 4600 0.13 0.34 0.00 1.00
Math scale score 4400 30.74 9.94 9.83 65.74
read scale score 4450 26.85 10.86 11.71 80.29
color knowledge score 4400 9.03 1.89 1.00 10.00
Pass motor balance test 4350 0.35 0.48 0.00 1.00
Tell story task 4400 2.41 1.00 0.00 5.00
Pass block test 4400 0.86 0.35 0.00 1.00
Age in months 4600 53.09 3.96 44.00 64.80
UE rate 4600 5.09 0.90 2.80 7.80
Per capita income 4600 35783.19 4882.79 26389.00 56100.00
State % Medicaid 4600 0.13 0.03 0.05 0.21
State % bachelors 4600 0.19 0.03 0.11 0.35
state % white 4600 0.79 0.10 0.21 0.96
State % black 4600 0.13 0.09 0.00 0.57
State % other 4600 0.08 0.09 0.01 0.77
state % poverty 4600 0.12 0.03 0.05 0.19
Missing indicator for Full time child care 4600 0.21 0.41 0.00 1.00
WIC during pregnancy 4600 0.36 0.48 0.00 1.00
WIC past year 4600 0.31 0.46 0.00 1.00
Missing indicator for Apgar score 4600 0.19 0.39 0.00 1.00
Missing indicator for alcohol during pregnancy 4600 0.15 0.36 0.00 1.00
Apgar score 4600 7.09 3.53 0.00 10.00
Inadequate Kessner Index 4600 0.03 0.18 0.00 1.00
Smoking during pregnancy 4600 0.10 0.30 0.00 1.00
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Missing indicator for smoking during pregnancy 4600 0.15 0.36 0.00 1.00
Alcohol during pregnancy 4600 0.01 0.08 0.00 1.00
Missing indicator for birth conditions 4600 0.02 0.15 0.00 1.00
Missing indicator for inadequate Kessner index 4600 0.06 0.23 0.00 1.00
Birth conditions 4600 0.16 0.47 0.00 4.00
Head start 4600 0.24 0.43 0.00 1.00
Full time child care (20 hours or more per week) 4600 0.38 0.49 0.00 1.00
Low birthweight 4600 0.26 0.44 0.00 1.00
Income 10000 or less 4600 0.08 0.28 0.00 1.00
Income 20000 or less 4600 0.12 0.32 0.00 1.00
Income 30000 or less 4600 0.13 0.33 0.00 1.00
Income 50000 or less 4600 0.08 0.27 0.00 1.00
Income 75000 or less  4600 0.15 0.36 0.00 1.00
Income 100000 or less 4600 0.14 0.35 0.00 1.00
Income 200000 and above 4600 0.20 0.40 0.00 1.00
Mom work more than 35 hrs per week 4550 0.42 0.49 0.00 1.00
Married or live with a partner 4100 0.89 0.31 0.00 1.00
US citizen 4600 0.78 0.41 0.00 1.00
# of kids (<18) in the HH 4600 2.43 1.10 1.00 10.00
Family poverty status (under 100% threshold) 4600 0.22 0.42 0.00 1.00
Non-Hispanic white  4600 0.45 0.50 0.00 1.00
Non-Hispanic black  4600 0.17 0.37 0.00 1.00
Hispanic  4600 0.17 0.37 0.00 1.00
Asian  4600 0.11 0.31 0.00 1.00
Other race 4600 0.11 0.32 0.00 1.00
Male  4600 0.52 0.50 0.00 1.00
Mother’s education: less than High school degree 4600 0.11 0.31 0.00 1.00
Mother’s education: High School graduate 4600 0.23 0.42 0.00 1.00
Mother’s education: college degree 4600 0.20 0.40 0.00 1.00
Mother’s education: more than college 4600 0.16 0.36 0.00 1.00
Mother’s education: some college 4600 0.26 0.44 0.00 1.00
College graduate requirement 4600 0.24 0.42 0.00 1.00
No degree requirement 4600 0.27 0.45 0.00 1.00
Staff to child ratio equal to or less than 1:10 4600 0.23 0.42 0.00 1.00
Max group size requirement 4600 0.58 0.49 0.00 1.00
unannounced compliance inspection 4600 0.97 0.18 0.00 1.00
Per capita state expenditure (1000s of dollars) 4600 42.92 22.73 -10.10 112.67

Data: ECLS-B preschool wave (2005). Note: Ns rounded to nearest 50s for disclosure protocols 
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Table 3. Unweighted correlation between policy indicators 

Policy indicators equal 1 if the state has such requirement for child care centers and 0 
otherwise. 

 College 
grad

No 
degree

Staff to child 
ratio

Max 
group 

Unannoun
ced

      
College graduate requirement 1     
No degree requirement -0.1706 1    
Staff to child ratio equal to or less 
than 1:10 

0.072 0.0352 1   

Max group size requirement 0.1211 -0.3444 0.2971 1  
Unannounced compliance 
inspection 

0.1044 0.1154 0.1024 -0.1597 1

Per capita state expenditure (1000s 
of dollars) 

-0.2214 -0.1694 0.534 0.2416 0.117



 

 
 

115

Table 4. Regression results: children’s BMI, overweight, obesity, and eating behaviors 

 OLS OLS Probit 
(Marginal 
effects) 

Probit 
(Marginal 
effects) 

Probit 
(Marginal 
effects) 

OLS OLS 

Dependent variables BMI BMI  
Z score 

Overweight Obese Overweight or 
Obese 

HEI (healthy 
eating index) 

UHEI 
(unhealthy 
eating 
index) 

College graduate requirement -0.038 -0.029 0.035 -0.009 0.031 -1.271 -1.544** 
 (0.123) (0.080) (0.025) (0.017) (0.033) (0.917) (0.741) 
No degree requirement -0.011 0.057 0.037* 0.003 0.041 -0.840 0.638 
 (0.094) (0.057) (0.021) (0.014) (0.027) (0.703) (0.707) 
Staff to child ratio equal to or less than 
1:10 -0.213** -0.124* 0.030 -0.062*** -0.034 -1.273 -0.573 
 (0.099) (0.068) (0.024) (0.013) (0.028) (0.957) (1.006) 
Max group size requirement 0.064 0.080 0.011 0.009 0.022 -0.226 1.193 
 (0.110) (0.063) (0.020) (0.016) (0.028) (0.745) (0.763) 
Unannounced compliance inspection -0.084 -0.152** -0.079*** -0.017 -0.089** 2.668*** 0.705 
 (0.136) (0.070) (0.025) (0.023) (0.039) (0.930) (0.931) 
Per capita state expenditure (1000s of 
dollars) 0.000 0.001 -0.000 0.001** 0.000 0.020 0.003 
 (0.002) (0.001) (0.000) (0.000) (0.000) (0.014) (0.013) 
Observations 3850 3850 3850 3850 3850 3950 3950 

Data: ECLS-B Preschool wave (2005), analysis sample includes children in child care centers only. Robust standard errors in 
parentheses *** p<0.01, ** p<0.05, * p<0.10. Ns rounded to nearest 50s for disclosure approval protocols.  Standard errors are 
clustered at the state level 
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Table 5.  Regression results: infections, illnesses, and hospitalizations 

 Probit 
(Marginal 
effects) 

OLS Probit 
(Marginal 
effects) 

Probit 
(Marginal 
effects) 

Probit 
(Marginal 
effects) 

OLS Probit 
(Marginal 
effects) 

OLS Probit 
(Marginal 
effects) 

Dependent 
variables 

Any 
infection 

Infections (sum 
of ear, gastro 
and 
respiratory) 

# of Ear 
infection> 
median 

# of 
gastrointestinal 
infections> 
median 

# of 
respiratory 
infections> 
median 

# of any 
illnesses 
 

# of 
illnesses > 
median 

# 
hospital
ization 

Any 
hospitaliz
ation 
 

College graduate 
requirement 0.006 -0.025 0.019 0.001 -0.012 -0.073 -0.000 -0.027 -0.024 
 (0.034) (0.044) (0.022) (0.003) (0.011) (0.148) (0.024) (0.024) (0.019) 
No degree 
requirement -0.011 0.001 -0.010 -0.001 -0.010 0.003 0.018 0.008 -0.000 
 (0.019) (0.026) (0.014) (0.001) (0.008) (0.101) (0.013) (0.022) (0.019) 
Staff to child ratio 
equal to or less 
than 1:10 0.053* 0.075* 0.027 0.002 0.009 0.052 0.045** -0.006 -0.015 
 (0.031) (0.044) (0.020) (0.004) (0.014) (0.123) (0.020) (0.025) (0.020) 
Max group size 
requirement -0.050** -0.023 -0.016 -0.000 -0.005 -0.132 0.006 0.016 0.021 
 (0.021) (0.028) (0.013) (0.002) (0.010) (0.107) (0.013) (0.021) (0.017) 
unannounced 
compliance 
inspection -0.069* -0.094* -0.031 -0.020 0.016* -0.311* -0.071 0.025 0.034 
 (0.037) (0.047) (0.039) (0.013) (0.009) (0.174) (0.047) (0.031) (0.022) 
Per capita state 
expenditure 
(1000s of dollars) -0.001** -0.002** -0.001*** -0.000 -0.001*** -0.005** -0.001*** -0.001 -0.001* 
 (0.001) (0.001) (0.000) (0.000) (0.000) (0.002) (0.000) (0.000) (0.000) 
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Observations 3950 3950 3950 3500 3950 4000 3950 3950 3950 

Data: ECLS-B Preschool wave (2005), analysis sample includes children in child care centers only. Robust standard errors in parentheses *** 
p<0.01, ** p<0.05, * p<0.10. Ns rounded to nearest 50s for disclosure approval protocols.  Standard errors are clustered at the state level 

 

Table 6.  Regression results: cognitive and developmental outcomes 
 

Data: ECLS-B Preschool wave (2005), analysis sample includes children in child care centers only. Robust standard errors in 
parentheses *** p<0.01, ** p<0.05, * p<0.10. Ns rounded to nearest 50s for disclosure approval protocols.  Standard errors are 
clustered at the state level

 OLS OLS OLS Probit (Marginal 
effects) 

OLS Probit 
(Marginal 
effects) 

Dependent variables Math scale 
score 

Read scale 
score 

Color 
knowledge 

Pass motor 
balance test 

Tell a story 
task score 

Pass block 
test 

College graduate requirement 0.586 1.482* 0.148* 0.012 0.011 -0.015 
 (0.448) (0.750) (0.079) (0.025) (0.043) (0.024) 
No degree requirement 0.235 0.226 -0.149* 0.022 0.033 -0.024 
 (0.436) (0.765) (0.076) (0.016) (0.043) (0.015) 
Staff to child ratio equal to or less than 1:10 0.381 1.843*** 0.131* -0.042 0.025 -0.005 
 (0.464) (0.596) (0.076) (0.028) (0.054) (0.021) 
Max group size requirement -0.482 -0.729 -0.058 0.015 0.121** -0.011 
 (0.423) (0.595) (0.058) (0.024) (0.049) (0.016) 
unannounced compliance inspection -0.422 0.444 -0.087 -0.030 0.052 0.179*** 
 (0.580) (0.611) (0.167) (0.025) (0.087) (0.035) 
Per capita state expenditure (1000s of dollars) 0.004 -0.005 0.001 0.001 -0.001 0.000 
 (0.007) (0.009) (0.001) (0.000) (0.001) (0.000) 
Observations 3800 3800 3800 3750 3750 3800 


