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The first chapter of this dissertation tests for addiction to food. This is the first 

empirical study using nationally representative data to do so. Data show that many 

common foods are addictive, suggesting that prices play a larger role in food 

consumption than previously thought. The finding of significant addiction also suggests 

that targeted food taxes may provide effective instruments for reducing the prevalence of 

overweight and obesity. 

The second chapter of this dissertation investigates the determinants of childhood 

obesity. This research improves upon previous economic research on the topic by 

incorporating controls for biological relationships of mothers and fathers and examining 

the entire child weight distribution using quantile regression. I find evidence of genetic 

weight transmission though the behavioral influence of mothers appears to be dominant. 

Furthermore, I find that the commonly cited influences on childhood weight do little to 

explain the most extreme weights.  

The third chapter of this dissertation studies the contract choice effect. Though 

frequently discussed, the impact of changes in insurance contract on utilization in 
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response to a change in the expected cost of care has not been explicitly studied in an 

empirical setting. The analysis identifies a significantly negative contract choice effect, 

implying that individuals choose better insurance plans in response to increases in the 

expected cost of care. 
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Chapter 1: Introduction 

Health expenditures in the United States reached $2.1 trillion in 2006, 

representing 16.0% of gross domestic product (GDP). This level of spending compares to 

$714 billion (12.3% of GDP) in 1990 and $74.9 billion (7.2% of GDP) in 1970.1 The 

dramatic increases in health spending have raised questions about the efficiency of the 

market for health care and incentives in individual health investment decisions. This 

dissertation is concerned with two specific phenomena that may be contributing to the 

ever-expanding market for health care. The first two chapters focus on overweight and 

obesity while the third chapter examines the impact of the health insurance contract 

choice effect. 

Recent increases in health spending have occurred alongside increases in the 

prevalence of overweight and obesity. Previous research attempting to explain the 

increases in excess weight identified falling real prices for food as one among a number 

of contributing factors. The first chapter of this dissertation reexamines the influence of 

prices on consumption in a model where food can be addictive. I estimate demand for a 

sample of common foods allowing for addiction using a synthetic panel constructed from 

nationally representative cross-sectional data. The analysis shows that demand for many 

of the food items studied is highly elastic and that the effect of addiction is significant. 

Addiction increases price responsiveness, suggesting that prices may have played a larger 

role than previously thought in explaining increases in overweight and obesity. 

Furthermore, addiction suggests that a food tax designed to reduce caloric intake can be 

                                                 
1 The Centers for Medicare and Medicaid Services measure total medical spending annually in the National 
Health Accounts. The most recent estimate available is for 2006 and is presented in Catlin et. al. (2008) 
along with estimates reaching back to 1970. 
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effective at reducing consumption of targeted food items and that the long-run effects of 

such a tax will be larger than the immediate effects due to addiction. 

Because food addiction matters and habits accumulate over long periods of time, 

it is only natural for public policy to be concerned with the eating patterns developed by 

children. Previous studies have identified several family characteristics that are 

commonly found to affect child weight. The second chapter of this dissertation revisits 

the issue using data and methods that provide new insights into the determination of 

childhood weight.  

The analysis presented in the second chapter makes three contributions to the 

existing literature on childhood overweight and obesity. First, the analysis includes 

characteristics of the father, which are often not available in data providing measures of 

child weight. Second, the analysis uses the type of relationship between parents and 

children to identify the role of genes by comparing the effects of biological parents on 

child weight to the effects of adoptive or step parents. Finally, the analysis uses quantile 

regression, rather than relying only on the common probit analysis, to investigate how the 

full set of influences affect child weight across the entire child weight distribution.  

The results indicate that father’s education and BMI, for biological fathers, 

significantly influence child weight. Estimates of the impact of genetics on childhood 

weight indicate that the overall effect of genetics on childhood obesity appears small. 

Quantile regressions also reveal the pattern concealed by previous econometric methods: 

the significance of commonly cited effects disappears at points further from the median 

of the BMI distribution. Taken together, the results indicate that the most important 

within-household influences on child weight are race, gender, and parental education. 

The third chapter examines a different aspect of health economics with a focus on 

insurance. The large body of empirical work studying the interdependence of demand for 
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medical care and demand for health insurance has focused on moral hazard and adverse 

selection. A third largely ignored link between the demand for care and insurance is the 

contract choice effect. This effect arises when individuals base insurance decisions on 

expectations about future care such that changes in the expected cost of care result in a 

different insurance contract choice.  

This chapter tests for the importance of the contract choice effect. The effect is 

found to be significantly negative. The contract choice effect can therefore be said to 

reduce the long-run price elasticity of the demand for medical care. In a world of 

increasing cost of care, the effect of insurance contracts can therefore be said to 

exacerbate the trend by damping the reduction in quantity demanded that would 

otherwise occur. 



 4

Chapter 2: Once You Pop, You Can’t Stop! Food Addiction and Obesity 

Obesity is a leading health concern in the United States. Recent estimates suggest 

that a third of the adult population is obese, with an additional one-third of adults 

considered overweight.2 Overweight and obesity are linked with a growing list of health 

conditions including heart disease, type 2 diabetes, and certain types of cancer (U.S. 

Department of Health and Human Services 2001). Economists have contributed to our 

understanding of overweight and obesity by identifying causes of the increasing 

prevalence of excess weight over the last thirty years.3 This research identifies a wide 

array of contributing factors, which include falling real food prices, decreasing time costs 

and increasing opportunity costs for both food production and search, and more sedentary 

work environments. While this line of work provides important insights about the 

relationship between economics and health, it provides little direction for estimating the 

impact of public policy on individual choices.  

Out of a concern for public health, states are using legislation in an attempt to 

reduce the prevalence of overweight and obesity. Many laws have focused on protecting 

children: 33 states have passed regulations over the last five years related to food in 

schools, physical education, or mandatory screening of child weights through school 

(American Academy of Pediatrics 2007). In addition, 16 states have tax policies that 

specifically target foods like soft drinks and candy by excluding them from the general 

                                                 
2 Ogden et. al. (2006) estimate that in 2003-2004, the obesity rate was 32.2% and the prevalence of 
overweight including obesity was 66.3%. This is based on NHANES 2003-2004 data, which provide 
physical measurements for a nationally representative sample. For comparisons across time, the 2003-2004 
age-adjusted rates for obesity and overweight including obesity were 32.9% and 66.2%, respectively. This 
compares to roughly 15% of the population obese over the period 1976-1980 and 23.3% obese between 
1988-1994 according to Flegal et. al. (2002). 
3 Lakdawalla and Philipson (2002), Cutler, Glaeser, and Shapiro (2003), and Chou, Grossman, and Saffer 
(2004) are excellent examples of studies that identify economic factors contributing to recent increases in 
overweight and obesity. 
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sales tax exemption for food or by imposing a special tax on such items (National 

Conference of State Legislatures 2007).4 These taxes have been primarily motivated as 

sources of revenue to fund nutrition and physical activity programs. Another likely effect 

of such taxes is to reduce consumption. Despite the prevalence of policies affecting food 

consumption, there remains only limited empirical work estimating the direct effects of 

such interventions on individual calorie consumption and the resulting effects on weight. 

Estimating the demand for food or for specific food commodities in a time-

separable setting has been carried out many times. Recently, studies of food demand have 

also sought to consider the effects of various taxes on food. Chouinard et. al. (2007) study 

dairy products in order to investigate the effects of a tax on fat. They find that demand is 

inelastic and a moderate tax would therefore result in only a small decrease in fat 

consumption. Kuchler, Tegene, and Harris (2005) study snack foods and similarly find 

that demand is inelastic, implying only a limited impact of taxation on dietary 

composition. Elasticities estimated in a time-separable setting, however, may provide 

poor estimates if demand depends on consumption in other periods. Given the behavioral 

parallels between overeating and cigarette or alcohol consumption, it is reasonable to 

consider habits or addiction when estimating demand for food, which would imply larger 

demand responses to changes in price. 

Research testing for habit formation, with current consumption depending only on 

past consumption, has generally found evidence of habits in food consumption.5 More 

                                                 
4 Historical concerns about access to food for low-income groups led to the exemption of food from general 
sales taxes in many states. Currently, 37 states and the District of Columbia either exempt food from the 
general sales tax or tax food at a reduced rate (Federation of Tax Administrators 2008). Such policies 
effectively encourage higher levels of consumption of food relative to other goods and removing the 
exemption eliminates this incentive. 
5 These models are empirically equivalent to a model of myopic addiction, discussed later, and so the terms 
habit and addiction are used interchangeably. Habit formation in food consumption has also been studied in 
the context of the permanent income hypothesis. Much of the early literature is summarized in Deaton 
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recently, attention has turned to forward-looking models of addiction, and two studies 

have tested for and found evidence of addiction in food consumption. Cawley (2002) uses 

the National Logitudinal Survey of Youth to test for addiction in net caloric intake. 

Essentially changes in weight over time are found to be positively associated with past 

and future weight. While a useful first step, because no price elasticities are estimated and 

all foods are grouped as a single commodity, this result provides little information about 

what particular market-based interventions may be effective.  

Richards, Patterson, and Tegene (2007) use A.C. Nielson “Homescan” panel data 

on food purchases for 30 households in a major Southwest market to find evidence of 

rational addiction in the demand for nutrients in snack foods. This approach projects food 

consumption choices into a demand system for nutrients such as fat and carbohydrates. 

This is appealing in that it may identify the underlying source of addiction for certain 

classes of foods (e.g. carbohydrates may be the part of foods that is addictive) but also 

cumbersome, since results about addiction to nutrients must then be mapped back into 

inferences about goods that are bought directly in the market. To study a tax on 

carbohydrates, this may be the preferred method. But to study a sales tax based on 

transaction price, or a tax applied to a specific list of foods, a more traditional approach 

may be preferred. Furthermore, the limited number of foods, small number of 

households, and focus on a single geographic area indicate a need for additional work 

that relies on serious exogenous price variation to generate satisfactory estimates of 

addiction and its impact on price elasticities. 

I estimate a demand system for several common foods using a model of rational 

addiction in order to investigate the effects of price changes on consumption over time. 

                                                                                                                                                 
(1992). While results have been somewhat mixed, evidence supports the existence of habits in food 
consumption. 
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To implement demand models, micro-level panel data are often preferred. Unfortunately, 

such data are not publicly available for a detailed food consumption analysis on a large 

scale. Instead, I construct a pseudo-panel from cross-section data in order to study 

patterns over time. The main source of data is the National Health and Nutrition 

Examination Survey III (NHANES III), which contains information on food consumed 

by individuals in a 24-hour period and covers the years 1988 to 1994. I find evidence of 

rational addiction for most foods and calculate price elasticities to measure short- and 

long-run effects when consumption is characterized by addiction. 

In Section 2.1 of this chapter, I discuss the theoretical foundations of economic 

models of addiction and present a model of rational addiction with multiple habit-forming 

goods. Section 2.2 describes the data. Section 2.3 presents and interprets the results, 

including short- and long-run price elasticities. Section 2.4 discusses the results and the 

policy implications of addiction to food. Finally, Section 2.5 concludes with a summary 

of results and direction for future research. 

 

2.1 Theoretical Model 

Economic theory is well suited to enhance public understanding of overweight 

and obesity, because excess weight ultimately results from a series of individual 

decisions that consumers make daily in the marketplace. The standard economic model 

for studying addictive goods is the model of rational addiction presented by Becker and 

Murphy (1988). In their seminal paper, Becker and Murphy show that addiction, or a 

strong and unhealthy habit, may in fact be rational, if individuals with full information 

perceive the utility from consumption of the addictive good to outweigh any negative 
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consequences of addiction.6 With this type of model, the consumption of an addictive 

good not only depends on past consumption, but also on future prices and consumption.  

One alternative to the model of rational addiction is myopic addiction, or habit 

formation, in which individuals do not consider the effects of their current consumption 

on future utility. The rational addiction model allows for myopia if a very high rate of 

time preference is specified or estimated. Another alternative is a model with time-

inconsistent preferences, which allows individuals to have a higher rate of discounting 

between the current period and the next than between future periods. This type of 

preference has been modeled using quasi-hyperbolic discounting and provides an 

alternative to “rational addiction” that can explain the use of self-control devices and an 

addict’s inability to actualize predicted levels of consumption, two commonly observed 

characteristics of food consumption.  

Because myopic habits may be seen as a special case in the rational addiction 

model, the significance of parameter estimates for future period values provides a test of 

one model against the other. As Gruber and Köszegi (2001) discuss, it has been 

impossible to derive a clear empirical test to distinguish time-inconsistent preferences 

from the time-consistent model of rational addiction. This is important to consider when 

interpreting results, as empirically equivalent models provide quite different policy 

implications. In addition to internalizing any externalities brought on by the addictive 

good, such as publicly shared medical expenditures, time-inconsistent preferences 

suggest that public policy should also attempt to internalize the self-inflicted harm an 

                                                 
6 Dockner and Feichtinger (1993) provide a revised interpretation of the Becker-Murphy model of rational 
addiction suggesting that the model only requires that consumers maximize utility conditional on becoming 
addicted, but that the model does not necessarily explain how individuals become addicted in the first 
place. 
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individual’s choice may cause into the current period decision. In this sense, the model of 

rational addiction is a more conservative tool for studying public intervention. 

I proceed with the standard rational addiction framework in a setting with 

multiple addictive goods. Bask and Melkersson (2003) expand the theoretical model of 

Becker and Murphy to include two addictive goods, cigarettes and snus (Swedish moist 

snuff). For the present analysis, the model is further expanded to a setting with J 

potentially addictive goods so that individuals maximize utility of the form 

, … , , , , … ,  (2.1)

where cjt is consumption of the jth habit forming good, yt is consumption of the non-habit-

forming composite good, and Sjt is the addictive stock for good j. Alternatively, one could 

include weight as a single addictive stock for all foods. The goal of this research is to 

identify addiction in the sense that a particular good may exhibit reinforcement or an 

individual may become accustomed to or develop a tolerance for certain foods. 

Therefore, a separate addictive stock is included for each food considered. A simple stock 

is used in which each good’s stock depends only on consumption of that particular good 

in the previous period. In this sense, there are competing stocks influencing the 

individual’s behavior over time. The individual’s utility maximization problem is defined 

by maximizing lifetime utility subject to a lifetime budget constraint and the J addictive 

stock accumulation rules. 

 Assume infinitely lived individuals, the rate of time preference equals the interest 

rate. Substituting out the stock constraints, the problem is as follows: 

max
,

1 , … , , , , … ,  (2.2)
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subject to 

1 ; 0 , 0 (2.3)

and 

,  (2.4)

It is common in the literature to use a quadratic utility function representing an 

approximation around the steady state to derive estimable demand functions. Substituting 

a utility function quadratic in cjt, Sjt, and yt leads to demand equations of the following 

form 

1

 (2.5)

where the β coefficients capture the own effects of prices and addiction and the α 

coefficients capture the effects of other items on current consumption of good j. While 

this model provides a direct linkage across goods, available data are insufficient to 

estimate the full set of cross-good responses. Therefore, the α coefficients are assumed to 

be zero. This assumption implies that the marginal impact of habit stock j on good k is 

assumed to be zero. In cases where the palatability of foods differs significantly across 

goods, this could lead to bias in the estimated β parameters. This also implies that the 

cross-price effects are zero, which is also discussed below. 
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This simplification results in J equations where each resembles the single 

equation commonly used in empirical studies of rational addiction. 

1  (2.6)

As in other studies, past and future determination of consumption for an addictive 

good is likely to be endogenous. Unobservable individual characteristics captured by the 

error term are likely to be correlated over time. To correct for this, I use past and future 

prices to instrument for past and future consumption since they affect consumption in 

past and future time periods, respectively, but should have no impact on current 

consumption.  

The coefficient  captures the effect of past and future consumption on current 

consumption. If the coefficient is significantly positive, then consumption is 

complementary over time, and the good is addictive. Furthermore, the degree of addiction 

is greater if the magnitude is greater. Because the interaction of addiction and price 

sensitivity determines the long-run effect of a change in prices, it is possible for foods 

with a relatively low short-run price elasticity to have a relatively high long-run elasticity 

if the influence of addiction is large. 

 In addition to the model of rational addiction, I estimate a model of myopic 

addiction, or habit formation. While studies of other potentially addictive goods often 

find evidence to support the model of rational addiction, there is mixed evidence on the 

extent to which addicts are forward-looking. In the context of food, consumers may be 

less able to forecast correctly changes in future prices. In contrast to a good like 

cigarettes, for which states frequently implement large tax increases that are often 

publicized well in advance of their effective date, food prices tend to change slowly and 
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are influenced more immediately by less predictable variations in weather and 

transportation costs. The myopic model is simply the fully rational model without the 

effects of future consumption. 

 (2.7)

As with the model of rational addiction, the sign of  determines whether addiction is 

present. The difference between the two equations provides a simple test between the two 

models. If the coefficient on future consumption is significantly different from zero, then 

myopic addiction can be rejected in favor of rational addiction. In the case of both 

rational and myopic addiction, long-run elasticities are larger than short-run elasticities, 

indicating that addiction plays an important part of estimating the effects of market-based 

incentives on food consumption. Appendix A1 provides expressions for the various price 

effects of each model. 

 

2.2 Data 

To provide a link between prices and weight, data with an explicit measure of 

caloric intake are required. While many commonly used economic datasets provide data 

on food expenditures at an aggregated level, inferences about caloric intake can only be 

drawn from such data by constructing a price index where food prices are weighted by 

quantity shares (measured either in grams or calories as the link between these two 

measures is known). Unfortunately, such an index cannot be calculated without access to 

an extensive price database, such as the Consumer Price Index database, and equally 

detailed food consumption data for calculating weights. While quantity-based data on 

food consumption are readily available, reliable price information is not. Therefore, I 
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study demand for a selection of specific food items. Quantity-based data on food with 

individual consumption measured by weight are matched to data on price per unit of 

weight.7 

The primary source of data for this analysis is the Third National Health and 

Nutrition Examination Survey (NHANES III), a nationally representative survey 

collected by the National Center for Health Statistics (NCHS) of the Centers for Disease 

Control for the purposes of studying health and nutrition. The data set contains 

information on food consumed by individuals in a 24-hour period, as well as detailed 

nutritional characteristics of each food and a physical examination including measured 

weight and height. The NHANES III is unique in that it provides the only nationally 

representative individual (rather than household) food consumption data covering 

multiple years with sufficient sample sizes for the current analysis. The sample consists 

of 33,994 interviewed individuals of whom just over 30,000 were examined and 

administered the dietary recall, in which they report all foods consumed in the previous 

day. I restrict the sample to include only adults with completed dietary recalls, resulting 

in an effective sample size of 19,452 individuals.  

Because the data are cross-sectional, I create a synthetic panel to look for habits at 

the cohort level. The demand equations presented earlier are linear in parameters, so that 

cohorts can be treated as individuals as set forth in Browning, Deaton, and Irish (1985). 

Cohorts are defined by birth year.8 To balance the competing goals of sufficiently large 

cell sizes for each cohort and a sufficiently large number of observations for estimating 

demand, individuals are grouped by ten-year intervals of birth year, starting with 1898-

                                                 
7 The link between weight of food, measured in grams or pounds, and calorie content is trivial, since the 
calorie content of all foods recorded in the survey is known. 
8 Cohorts based on other characteristics including gender, weight, education, and income were also tested. 
Results were consistent with the general conclusions drawn from age-based cohorts. 
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1907 and continuing through 1968-1977, resulting in eight cohorts that can be tracked 

over time. These cohorts are further subdivided into cells by region and year. The public 

use data only indicate if the individual was sampled in the first three years or second 

three years of the sample period. I access date of examination through the Research Data 

Center at the CDC to identify precisely the year of birth for grouping into cohorts and to 

identify in which of the six years the individual completed the survey. Cohort averages 

are calculated across four regions and six years, resulting in 192 cells with an average cell 

size just over 100.  

Though NHANES III contains a complete record of all foods consumed, demand 

is estimated for only eight specific food items. The survey is carried out by moving the 

examination centers around the country throughout the year. To limit the effects of 

weather on the operation of the examination equipment and to limit the extent to which 

inclement weather may discourage participation, the survey avoids cold areas in winter. 

Therefore foods with seasonal availability, such as certain fruits and vegetables, cannot 

be included easily. A second limiting factor in selecting foods is the quality of match 

between available prices and the coding structure of NHANES III. All foods selected 

represent matches where the coding scheme of NHANES III allows for clear 

identification of foods bought for home consumption and where the prices are available 

in all regions and covering all years. The limited availability of reliable price data tends 

to be the binding restriction preventing inclusion of most foods that were omitted. 

This selection process, however, results in a very informative sample of foods 

because the eight foods studied here are some of the most widely available and 

commonly consumed. Inferences drawn from this small sample of foods will provide an 

important starting point for developing a broader understanding of addiction and food. 

NHANES III reports the quantity in grams of each food consumed for each individual in 
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the 24-hour recall period. Grams are converted to pounds for ease of interpretation, 

because foods sold by weight are commonly measured in pounds in American grocery 

stores.9 Table 2.1 presents several descriptive statistics for the sample of foods. The 

median weight per serving in pounds is calculated over the set of individuals who report 

consuming a positive amount of the item to provide a sense of scale. Average grams per 

day are calculated over all individuals, and in all cases average grams per day are less 

than grams per serving, since there tend to be large numbers of individuals who report no 

consumption of a particular food in the 24 hour period. 

Table 2.1: Sample Food Characteristics 
Median 

Pounds/Serving
Average 

Pounds/Day
Energy 
Density*

Calories/ 
Serving

Calories/
Day

White Bread 0.11 0.03 2.76 139.36 40.61
Ground Beef 0.16 0.03 2.75 205.12 33.29
Bacon 0.05 3.39E‐03 5.72 133.80 8.44
Potato Chips 0.07 0.01 5.32 171.99 22.81
Potatoes 0.28 0.05 1.87 237.30 40.43
Apples 0.29 0.02 0.59 77.21 6.34
Oranges 0.36 0.02 0.45 73.69 3.76
Grapefruit 0.42 0.01 0.40 76.41 1.24
All Foods ‐ 4.97 0.93 ‐ 2084.61  
*Energy density is measured as the number of calories per gram.  

Table 2.1 shows that the foods included in this analysis constitute roughly 157 

calories of daily consumption. This compares to average daily consumption of 2085 

calories for adults in NHANES III. While this represents only about 7.5% of daily 

consumption in terms of calories, inferences about health can still be made from this 

limited set of foods. One pound of fat stores about 3500 calories. Therefore, ceteris 

paribus, long-term effects of small changes in diet from a particular food can be linked 

                                                 
9 The conversion factor of 435.6 grams per pound is used for all foods. 
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directly to weight. The extent to which this small set of foods can provide insights about 

food in general, though, will depend on how similar individual behaviors appear across 

foods.  

Table 2.1 also provides the energy density of each food, which measures the 

number of calories per gram. Though a crude overall measure of nutritional content, 

energy density directly captures a food’s contribution to the accumulation of weight when 

comparing fixed quantities of foods. For a given amount of consumption, choosing a 

more energy-dense food is equivalent to consuming more calories. While different cut-off 

points allow for a more narrow or broad grouping of healthy or unhealthy foods, a cut-off 

of one is used here as a simple reference, which is close to the energy density of total 

daily consumption. This results in a rather homogenous group of “healthy” foods 

consisting of the three fruits in the sample. If patterns in consumption are similar within 

groups, this may provide a better opportunity to extrapolate the results to draw more 

general inferences.  

In order to identify specific food items in NHANES III, further processing of the 

data is needed. In some cases, foods are reported by their components or ingredients (e.g. 

a sandwich may be entered as two slices of bread, lunchmeat, and condiments). To assist 

respondents in making good estimates of quantities consumed, in cases where food 

ingredients are not readily identifiable or measurable, the food was recorded as a 

composite (e.g. lasagna would be listed as a single food rather than in ingredient form). 

Because some of the foods of interest are frequently used in recipe foods that are reported 

as a single composite, a standardized database of recipes is used to process these foods 

and break them up into their components. 

The recipe database used is the USDA Food and Nutrient Database for Dietary 

Studies 1.0 (FNDDS). This is the database that NCHS used to process NHANES 2001-
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2002 but is based on the database used to process NHANES III foods, which is not 

readily available. The coding schemes are therefore generally consistent and can be 

matched in a straightforward way. Matching of recipe foods to recipes was checked for 

consistency to ensure that foods were being disaggregated accurately.  

Because the NHANES was designed to study health, there is no price or 

expenditure information. Regional identifiers are used to merge prices that provide both 

geographic and time variation. As in many economic settings, the exogeneity of prices is 

a central concern. Exogeneity of market prices for food is invoked by Lakdawalla, 

Philipson, and Bhattacharya (2006) and Chou, Grossman, and Saffer (2004). In the 

present context, differences in prices are assumed to be exogenous across the four census 

regions and the years 1988-1994. While some foods may be more highly demanded in 

certain localities, especially where cultural influences dominate, it is assumed that the 

particular foods studied here are not subject to such variations in demand at a regional 

level. 

The Average Price Series produced by the Bureau of Labor Statistics (BLS) is 

used to provide regional average prices for each food item considered. Average prices are 

calculated from the Consumer Price Index (CPI) database for over 100 food items at the 

regional level. Unfortunately, only a small fraction of these prices is usable due to the 

short period of time that some prices are available or due to missing data for one or more 

regions. In addition, roughly a third of these prices are for meat items, where many items 

simply provide prices for different grades of the same type of meat which are 

indistinguishable in NHANES.  

To maximize the number of usable price series, missing observations are linearly 

imputed for those series that have only a small number of months missing in a given year. 

After excluding unusable price observations due to missing data or poor matches to 
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NHANES III, a total of eight usable price series are left that have observations in all four 

regions and that cover the entire time period. NHANES III was conducted from October 

1988 to October 1994 so monthly observations within each 12 month period beginning in 

October 1988 are averaged to provide a single price for each year and region.10 Graphs of 

these price series measured as price (in dollars) per pound covering the period 1976-2004 

are provided in appendix A2. This is the period during which overweight and obesity 

have risen so dramatically. Along with the four regional prices, the CPI for all goods is 

provided. As in previous studies, the prices used here generally appear to be falling in 

real terms over the last thirty years including the particular period of interest for this 

study, 1988-1994. 

 

2.3 Empirical Analysis 

The high likelihood of correlated errors across equations suggests that the eight 

demand functions derived above should be estimated as a seemingly unrelated regression 

(SUR). Furthermore, because unobserved errors in each period may be correlated over 

time, OLS estimates may incorrectly imply that lagged values of consumption have a 

positive effect on consumption, when in fact they do not. To correct for this, past and 

future consumption are instrumented using past and future prices. Prices in another 

period should affect consumption in that period, but not in the current period. To 

implement instrumental variables in a SUR setting, I use 3SLS to estimate the demand 

system. 

I estimate the model of myopic addiction first, since it is the simpler case. Table 

2.2 presents results in four panels, where each represents the basic model derived earlier 
                                                 
10 The twelve months of each year are weighted to reflect what portion of the regional sample was 
surveyed in each month. This is done to account for the seasonal variation in survey design. 
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plus various sets of controls. Regions differ in income, so results in Panel I include only 

average income as the base model. Panel II adds time fixed effects. Panel III adds cohort 

fixed effects. Panel IV contains both time and cohort fixed effects. Lagged consumption 

is positive in all cases, which indicates addiction or habit. For ground beef, potato chips, 

and apples, the additional controls reduce the significance of the parameter estimates for 

lagged consumption, suggesting that estimates of price elasticities of these goods will 

have low precision. 

Table 2.2: Myopic Addiction Estimated by Iterated 3SLS 

White Bread ‐0.02 ** 0.33 *** ‐0.02 ** 0.34 ***
Ground Beef ‐0.01 0.48 *** ‐4.73E‐03 0.69 ***
Bacon ‐1.34E‐03 0.54 *** ‐1.82E‐03 0.65 ***
Potato Chips ‐4.95E‐04 0.39 ‐2.49E‐04 0.45 *
Potatoes ‐0.07 ** 0.21 ‐0.02 0.24 *
Apples ‐0.03 *** 0.36 ** ‐0.03 ** 0.34 **
Oranges ‐0.05 *** 0.36 *** ‐0.06 *** 0.34 **
Grapefruit ‐0.03 ** 0.42 ** ‐0.02 0.54 ***

White Bread ‐0.04 *** 0.28 ** ‐0.03 * 0.34 ***
Ground Beef ‐0.01 0.29 ‐0.01 0.31
Bacon ‐9.66E‐04 0.54 *** ‐1.38E‐03 0.69 ***
Potato Chips ‐2.39E‐03 0.21 ‐2.95E‐03 0.25
Potatoes ‐0.07 * 0.22 * ‐0.01 0.24 *
Apples ‐0.03 *** 0.23 ‐0.03 * 0.23
Oranges ‐0.05 *** 0.42 *** ‐0.07 *** 0.48 ***
Grapefruit ‐0.03 ** 0.39 ** ‐0.02 0.52 **

price C(t‐1)

I II

III IV

price C(t‐1) price C(t‐1)

price C(t‐1)

 
Panel I estimates the structural model with past consumption instrumented with lagged prices  
and controls for average cohort income. Panel II adds time fixed effects. Panel III adds cohort  
fixed effects. Panel IV includes both time and cohort fixed effects. *** indicates significance at  
the 1% level. ** indicates significance at the 5% level. * indicates significance at the 10% level. 
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Price elasticities for each good are presented in Table 2.3 using the results in 

panel IV. By comparing the ratio of long-run to short-run effects in Table 2.3, the effect 

of addiction can be seen to increase the responsiveness to price from 30% to over 300%, 

depending on the food. This wide variation suggests caution in extrapolating these results 

to other foods. 

Table 2.3: Price Elasticities with Myopic Addiction 
Short Run Long Run

Bread ‐0.54 ‐0.82
Ground Beef ‐1.05 ‐1.52
Bacon ‐0.80 ‐2.59
Chips ‐0.89 ‐1.19
Potatoes ‐0.07 ‐0.09
Apples ‐0.87 ‐1.13
Oranges ‐2.28 ‐4.38
Grapefruit ‐1.38 ‐2.86  

In their analysis of cigarette demand, Becker, Grossman, and Murphy (1994) add 

lead price to the myopic model as a direct test of whether or not individuals are forward-

looking in their consumption decisions. One limitation of this approach in the present 

setting is the difficulty consumers may have forecasting food prices. Unlike cigarettes or 

alcohol, there are very few situations where tax changes provide significant exogenous 

variation in food prices like the relatively frequent and well-publicized state cigarette tax 

hikes. Some localities have changed the taxing of food, but changes within an area over 

time have primarily affected prepared foods that are not included here and for which 

price data are scarce. Nonetheless, consumers may have some information about future 

prices that is considered when making food choices. 

I add lead prices to each of the four specifications in Table 2.2. The Wald test that 

all price coefficients are zero results in a test statistic of 7.08 for the model in panel I, 
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18.28 for the model in panel II, 10.98 for the model in panel III, and 15.68 for the model 

in panel IV. These chi-square statistics compare to a critical value of 15.51 for rejecting 

the null at the 5% level. These tests provide some evidence that the rational model should 

be preferred to the myopic model, but are not conclusive. 

Next, I estimate the rational model. As with the myopic model, consumption is 

instrumented using prices. In the case of rational addiction, however, future consumption 

affects current period decisions, so past and future consumption are instrumented using 

past and future prices, respectively. Table 2.4 presents several specifications with panel I 

again providing a baseline estimate with average income included as the only control. 

Panel II adds time fixed effects. Panel III adds cohort fixed effects. Panel IV includes 

both time and cohort fixed effects. 

The coefficients on lag consumption in all cases are positive, indicating the 

presence of addiction. The significance of those estimates varies quite a bit across 

specifications. Similarly, values on future consumption are positive in nearly all cases, 

which is consistent with the rational forward-looking model. But, again, the significance 

of these estimates varies quite a bit across specifications.  

A noteworthy characteristic of the structural model presented above is that the 

coefficient on lag consumption should equal one plus the interest rate times the 

coefficient on lead consumption. This means that the lag coefficient should be greater 

than the lead coefficient and that the ratio should be reasonably close to one. This has 

been used in previous empirical settings to test the validity of the model of rational 

addiction. In over half of the estimated equations, either the estimate for the lag value is 

smaller or the relative sizes of these two parameter estimates are too far apart to imply a 

reasonable interest rate. This finding could suggest that the rational model does not fit the 

data well, or may simply indicate that the data may not be sufficient for estimating the
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Table 2.4: Rational Addiction Estimated by Iterated 3SLS 

White Bread ‐0.02 * 0.31 ** 0.16 ‐0.02 * 0.32 ** 0.15
Ground Beef ‐0.01 0.33 * 0.28 ‐3.21E‐03 0.39 0.46 *
Bacon ‐2.22E‐03 * 0.24 0.44 ** ‐1.52E‐03 0.54 ** 0.21
Potato Chips ‐9.14E‐05 0.45 * 0.02 3.14E‐04 0.47 * 0.13
Potatoes ‐0.05 0.10 0.51 *** ‐0.04 0.12 0.50 **
Apples ‐0.02 ** 0.37 *** 0.31 ‐0.02 0.36 ** 0.35 *
Oranges ‐0.04 *** 0.21 0.31 ** ‐0.02 0.12 0.45 ***
Grapefruit ‐0.02 * 0.35 * 0.31 * ‐0.01 0.43 ** 0.39 **

White Bread ‐0.03 * 0.23 0.33 * ‐0.02 0.23 0.35
Ground Beef ‐0.01 * 0.36 * ‐0.02 ‐0.01 ** 0.28 0.03
Bacon ‐1.32E‐03 0.45 ** 0.17 ‐1.15E‐03 0.62 ** 0.10
Potato Chips ‐2.60E‐03 0.24 ‐0.07 ‐2.45E‐03 0.26 0.05
Potatoes ‐0.03 0.09 0.64 *** ‐0.01 0.13 0.55 ***
Apples ‐0.02 ** 0.28 0.37 * ‐0.02 0.26 0.44 **
Oranges ‐0.04 *** 0.26 * 0.38 *** ‐0.05 ** 0.31 * 0.32
Grapefruit ‐0.02 * 0.31 * 0.31 ‐0.01 0.42 ** 0.43 **

C(t‐1)

C(t+1)

C(t+1)
I II

price C(t‐1) C(t+1)

price C(t‐1) C(t+1)C(t‐1)
IVIII

price

price

 
Panel I estimates the structural model with past and future consumption instrumented with past and future prices and  
additional controls for average income. Panel II adds time fixed effects. Panel III adds cohort fixed effects. Panel IV  
includes both time and cohort fixed effects. *** indicates significance at the 1% level. ** indicates significance at the  
5% level. * indicates significance at the 10% level.
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interest rate. Therefore, I impose the restriction that the ratio of past to future 

consumption be equal to one plus the interest rate for interest rates of 5% and 10%. 

Tables 2.5 and 2.6 present results from this restricted approach imposing interest 

rates of 5% and 10% respectively. The estimates are very similar across tables, and the 

relative sizes of coefficients for lag and lead consumption are the only noticeable 

differences, which result directly from the restrictions. The results indicate a highly 

significant effect of addiction through the large positive coefficients on lag consumption 

and lead consumption. 

The major exception is the result for potato chips, which exhibit only weak 

evidence of addiction at best. This is surprising in that many would expect potato chips to 

exhibit a high degree of addiction. In fact, the popular advertising campaigns of Pringles 

(“once you pop, you can’t stop!”) and Lay’s Potato Chips (“betcha can’t eat just one”) 

tout the highly addictive properties of their chips. This highlights a limitation of this 

study in that the only time interval studied for addiction is one year. It is quite possible 

that over a shorter time interval (something as short as a minute might be implied by the 

two ad campaigns), potato chips may appear quite addictive. Over the long horizon of a 

year, however, any addictive quality has a small enough effect to be insignificant. 

The coefficients on price estimated from the restricted model are generally less 

significant, but are consistent in both sign and magnitude with those found in the 

previous estimation. The precision of elasticities computed from these results deserves 

special attention. While the standard errors are large, the robustness of these estimates 

across specifications suggests that estimates are informative of the general nature of food 

addiction and provide a reasonable approximation of expected price elasticities. 



 24

Table 2.5: Rational Addiction Estimated by Iterated 3SLS (r = 5%) 

White Bread ‐0.02 0.25 *** 0.24 *** ‐0.02 0.26 *** 0.25 ***
Ground Beef ‐0.01 0.30 *** 0.28 *** ‐3.56E‐03 0.43 *** 0.41 ***
Bacon ‐1.92E‐03 ** 0.34 *** 0.32 *** ‐1.63E‐03 0.39 *** 0.38 ***
Potato Chips ‐7.36E‐04 0.23 0.22 ‐2.65E‐04 0.30 * 0.28 *
Potatoes ‐0.06 0.26 *** 0.25 *** ‐0.02 0.27 *** 0.26 ***
Apples ‐0.02 ** 0.35 *** 0.33 *** ‐0.02 * 0.35 *** 0.33 ***
Oranges ‐0.04 *** 0.27 *** 0.26 *** ‐0.04 * 0.29 *** 0.27 ***
Grapefruit ‐0.02 * 0.33 *** 0.31 *** ‐0.01 0.42 *** 0.40 ***

White Bread ‐0.03 * 0.28 *** 0.27 *** ‐0.02 0.28 *** 0.27 ***
Ground Beef ‐0.01 ** 0.15 0.15 ‐0.01 ** 0.16 0.16
Bacon ‐1.63E‐03 0.30 *** 0.29 *** ‐1.27E‐03 0.40 *** 0.38 ***
Potato Chips ‐2.78E‐03 0.11 0.10 ‐2.51E‐03 0.18 0.17
Potatoes ‐0.04 0.30 *** 0.29 *** 3.65E‐03 0.29 *** 0.28 ***
Apples ‐0.02 ** 0.32 ** 0.30 ** ‐0.02 0.32 ** 0.31 **
Oranges ‐0.04 *** 0.33 *** 0.31 *** ‐0.05 ** 0.33 *** 0.32 ***
Grapefruit ‐0.02 * 0.31 *** 0.29 *** ‐0.01 0.44 *** 0.41 ***

C(t+1)

III IV
price C(t‐1) C(t+1) price C(t‐1) C(t+1)

price C(t‐1) C(t+1) price C(t‐1)
I II

 
Panel I estimates the structural model with past and future consumption instrumented with past and future prices and  
additional controls for average income. Panel II adds time fixed effects. Panel III adds cohort fixed effects. Panel IV  
includes both time and cohort fixed effects. *** indicates significance at the 1% level. ** indicates significance at the  
5% level. * indicates significance at the 10% level.
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Table 2.6: Rational Addiction Estimated by Iterated 3SLS (r = 10%) 

White Bread ‐0.02 0.26 *** 0.23 *** ‐0.02 0.26 *** 0.24 ***
Ground Beef ‐0.01 0.31 *** 0.28 *** ‐3.53E‐03 0.44 *** 0.40 ***
Bacon ‐1.90E‐03 ** 0.35 *** 0.32 *** ‐1.63E‐03 0.40 *** 0.37 ***
Potato Chips ‐7.20E‐04 0.23 0.21 ‐2.52E‐04 0.31 ** 0.28 **
Potatoes ‐0.06 * 0.26 *** 0.24 *** ‐0.02 0.27 *** 0.25 ***
Apples ‐0.02 *** 0.36 *** 0.32 *** ‐0.02 * 0.36 *** 0.32 ***
Oranges ‐0.04 *** 0.28 *** 0.25 *** ‐0.04 * 0.29 *** 0.27 ***
Grapefruit ‐0.02 * 0.33 *** 0.30 *** ‐0.01 0.42 *** 0.39 ***

White Bread ‐0.03 * 0.28 *** 0.26 *** ‐0.02 0.29 *** 0.26 ***
Ground Beef ‐0.01 ** 0.16 0.15 ‐0.01 ** 0.17 0.16
Bacon ‐1.60E‐03 0.31 *** 0.28 *** ‐1.26E‐03 0.41 *** 0.37 ***
Potato Chips ‐2.76E‐03 0.11 0.10 ‐2.49E‐03 0.18 0.16
Potatoes ‐0.04 0.30 *** 0.28 *** 3.83E‐03 0.29 *** 0.26 ***
Apples ‐0.02 *** 0.32 ** 0.29 ** ‐0.02 0.33 ** 0.30 **
Oranges ‐0.04 *** 0.34 *** 0.31 *** ‐0.05 ** 0.34 *** 0.31 ***
Grapefruit ‐0.02 * 0.31 *** 0.29 *** ‐0.01 0.44 *** 0.40 ***

III IV
price C(t‐1) C(t+1) price C(t‐1) C(t+1)

I II
price C(t‐1) C(t+1) price C(t‐1) C(t+1)

 
Panel I estimates the structural model with past and future consumption instrumented with past and future prices and  
additional controls for average income. Panel II adds time fixed effects. Panel III adds cohort fixed effects. Panel IV  
includes both time and cohort fixed effects. *** indicates significance at the 1% level. ** indicates significance at the  
5% level. * indicates significance at the 10% level.  
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Table 2.7 presents elasticities computed for interest rates of 5% and 10% using 

the average parameter estimates across the four specifications. While Becker, Grossman, 

and Murphy discuss price effects at various time intervals, I only estimate the short and 

long-run elasticities, given that they are most relevant to a food tax or subsidy that has yet 

to be implemented. 

Table 2.7: Price Elasticities with Rational Addiction 

Short Run Long Run Short Run Long Run
Bread ‐0.66 ‐0.93 ‐0.65 ‐0.92
Ground Beef ‐1.09 ‐1.51 ‐1.07 ‐1.51
Bacon ‐1.81 ‐3.11 ‐1.76 ‐3.08
Chips ‐0.62 ‐0.78 ‐0.61 ‐0.78
Potatoes ‐0.29 ‐0.42 ‐0.29 ‐0.42
Apples ‐1.36 ‐2.20 ‐1.33 ‐2.17
Oranges ‐2.28 ‐3.45 ‐2.26 ‐3.47
Grapefruit ‐0.17 ‐0.21 ‐0.17 ‐0.21

5% Interest Rate 10% Interest Rate

 

As with the myopic model, long-run effects exceed short-run effects because of 

the cumulative impact of the addictive stock. The differences in elasticities between the 

two imposed interest rates are small for all goods, so only elasticities computed under the 

assumption of a 5% interest rate are discussed.11 Unlike the case of myopia where the 

difference between short-run and long-run responses captures the effect of addiction, 

short-run responses here already incorporate knowledge of future prices into the current 

period decision. In nearly all cases, the short-run effect under the assumption of rational 

addiction is larger than the short-run effect under the assumption of myopia, reflecting 

the forward-looking behavior that distinguishes the two. The exceptions are potato chips 
                                                 
11 Becker, Grossman, and Murphy (1994) impose 6 different discount factors in their study of cigarette 
addiction, including discount factors corresponding to much higher interest rates than studied here. 
Differences across results obtained by imposing lower discount rates (or, implicitly, higher interest rates) 
were very small. 
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and grapefruit, suggesting that these two goods may not fit the rational model well. Under 

three of the four restricted models, coefficients on lag and lead quantity of potato chips 

are insignificant. Furthermore, in the unrestricted model, all coefficients, including price, 

lag, and lead consumption, are insignificant except for lag consumption under two 

specifications, and only then at the 10% level. These results suggest that demand for 

potato chips does not appear to be very price responsive or to exhibit addiction in a 

significant way. Several other foods, however, show a large degree of price 

responsiveness, an effect which is compounded by addiction. These include bacon, 

apples, and oranges. 

 

2.4 Policy Discussion 

The results presented above indicate a large effect of addiction that must be 

considered when estimating the impact of economic policies on overweight and obesity. 

The empirical approach I use to measure addiction also provides direct insights into the 

relationship between food purchases and weight. Because demand is estimated at a 

disaggregated level using dietary intakes, caloric content can be directly linked to 

quantities consumed. Responses to prices therefore provide explicit measures of changes 

in caloric intake. The finding of significant addiction provides new insights into proposed 

tax and subsidy programs and suggests that the link between falling real food prices and 

increases in obesity may be stronger than previous studies have shown. 

In both the myopic and rational models, the elasticities vary significantly across 

goods, suggesting that an intervention targeted at specific goods must carefully match the 

goal of the intervention with the particular goods it affects. For example, the most 

popular form of economic intervention that has been proposed by legislatures taxes snack 
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foods like potato chips. The results of the rational model are consistent with previous 

research that doesn’t consider addiction, suggesting that there is likely to be little long-

run effect on consumption of potato chips, but that the tax could be used to raise 

significant revenue given the inelastic nature of demand. This is due to the combination 

of a small price coefficient and limited evidence of addiction to potato chips. Elasticities 

computed from the myopic model confirm this conclusion, though the long-run effects 

may be slightly higher. This could be a desirable policy to raise revenues for public 

education about health or to subsidize consumption of less energy-dense and more 

nutrient-rich foods. 

If, however, the goal is to reduce consumption of energy-dense foods to directly 

lower the prevalence of overweight and obesity, a tax focusing only on snack foods may 

be too limited. While potato chips appear neither very addictive nor price sensitive, the 

same is not true for bacon. The rational model implies a long-run price elasticity of -3.11; 

the myopic model implies a long-run elasticity of -2.59. For ground beef, the myopic and 

rational elasticities are remarkably similar with a long-run elasticity of about -1.5. This is 

another example of a food that would see a significant response to a tax once addiction is 

considered. Under the rational model, a 10% increase in the price of bacon would result 

in a 30% decrease in consumption of bacon, while a similar price change for ground beef 

would result in a 15% decrease in consumption of ground beef. These changes equate to a 

decrease of just over 2.5 calories per day for bacon and 5 calories per day for ground 

beef. Using the approximate relationship that 3500 calories is stored in one pound of fat, 

the changes to ground beef and bacon alone would result in average weights decreasing 

by one pound in just over one year.  

While the highly elastic demand for bacon and ground beef suggest that targeted 

taxes may be successful in reducing caloric intake, the inelastic nature of white bread, 
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potato chips, and potatoes suggests caution in generalizing results. As a rough estimate of 

the elasticity for all energy-dense foods, the elasticities of the five energy-dense foods 

derived from the rational model are averaged using weights for the proportion of each 

food out of the total measured in pounds. The resulting short-run elasticity is -0.64 and 

the long-run elasticity is -0.90. In this case, a 10% increase in the price of energy-dense 

foods would result in a 9% decrease in consumption of energy-dense foods. Using the 

energy density cut-off of 1 calorie per gram, the average daily consumption of energy-

dense foods for individuals is 1.48 pounds and 1553 calories. The 9% decrease in 

quantity consumed when applied equally across all energy-dense foods results in a 

reduction of 140 calories per day implying a loss of one pound in 25 days. 

A policy to subsidize low-calorie foods could be implemented either instead of a 

tax on high-calorie foods or as a complementary policy such that tax revenues are used to 

subsidize healthy eating. The results from the rational model indicate significant 

addiction and highly elastic demand for apples and oranges. This is again confirmed by 

the elasticities computed from the myopic model, much more so for oranges. This 

indicates that a policy to subsidize consumption of fruits and vegetables, which current 

food exemptions effectively do, could have large effects with the long-run elasticity equal 

to -2.20 for apples and -3.45 for oranges suggesting that even a 10% decrease in the price 

of these fruits could result in a 20% increase in consumption of apples or a 35% increase 

in consumption of oranges.  

An important caveat is that overweight and obesity are a result of the 

accumulation of excess calories regardless of their source. Encouraging consumption of 

low energy foods may still increase total calorie intake if there is not an offsetting 

reduction of high energy foods. The current analysis is not able to explicitly account for 

this tradeoff. At sample means, a 20% increase in consumption of apples equates to an 
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increase of about 1.4 calories per day, and a 30% increase in consumption of oranges 

equates to an increase of about 1.3 calories per day. If individuals substitute these foods 

in roughly equal quantities for high energy foods, the net effect would be negative. Such 

substitutions, however, may not occur and should be the focus of future research into 

food addiction. 

Perhaps the most important insight into the relationship between demand for food 

and caloric intake provided by this analysis arises from the seemingly large impact on 

weight that is measured even when food is considered inelastic. The best example of this 

is the grouping of all energy dense foods and the hypothetical elasticity of -0.9. Whereas 

previous studies relying on expenditure data would have ended the analysis by inferring 

that inelastic demand means little change in behavior, the linkage of demand with 

calories shows that even small changes in percentage of total caloric intake can still lead 

to significant reductions in terms of weight.  

The need for a more careful interpretation of elasticities can best be seen by 

considering the traditional elasticity, which is calculated based on all calories, juxtaposed 

against an “excess calorie” elasticity, which would be calculated based only on excess 

calories. Since a large number of calories are metabolized daily regardless of activity 

level, the accumulation, or reduction, of weight is really defined by changes in marginal 

calories. If average daily consumption is roughly 2,000 calories while resting metabolism 

consumes 1,200 to 1,700 calories, then a traditional elasticity would be multiplied by 2.5 

or 6 to come up with an “excess calorie” elasticity so that only changes to excess calories 

are measured. This “excess calorie” elasticity provides a better indication of the impact of 

prices on weight. 
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2.5 Conclusion 

This is the first empirical evidence of addiction to food that relies on exogenous 

price variation in a nationally representative sample. The results of both the myopic and 

rational models of addiction show that addiction is prevalent in food demand. Several 

tests are carried out to determine which model fits the data better. Future prices are added 

to the myopic model and the coefficients are found to be significantly different from zero 

in two of the four specifications. Second, coefficient estimates for lag and lead 

consumption are expected to differ by a factor of one plus the interest rate according to 

the structural model. Unrestricted estimates imply unreasonable values for the interest 

rate in over half of the estimated equations, which would suggest that the rational model 

is not clearly preferred to the myopic model. This, however, has also been found in 

studies of other addictive goods where a preponderance of evidence suggests that 

addiction is in fact rational. The implication, then, is simply that the data are insufficient 

for estimating an interest rate. When an interest rate is imposed, the resulting estimates 

indicate highly significant effects of lag and lead consumption for most foods. Thus, the 

present study provides strong evidence of addiction to food and some evidence that the 

addiction is rational. 

One limitation of the traditional tests for distinguishing the rational model from 

the myopic model in the context of food is the aforementioned difficulty consumers may 

have forecasting food prices. Some localities have changed taxes on foods in recent 

years, but most of these have primarily affected prepared foods rather than the types of 

store-bought foods studied here. Perhaps individuals are forward-looking and would 

respond to a widely publicized tax increase well in advance. Until such an event occurs, it 

may be difficult to provide firm evidence for one type of addiction model over another.  
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The finding of widespread addiction to food also suggests a more important role 

of falling real food prices as a contributing factor to the rising prevalence of overweight 

and obesity. Because of the parallel accumulations of the addictive stock and weight, 

even small changes in prices can have a large effect over time. The graphs in appendix 

A2 show that the real prices of all foods included in this study are generally falling over 

the last thirty years, the same time period that researchers often cite for the marked 

increase in overweight and obesity. The average percent decrease in real prices across the 

eight foods studied here is 16.6%. Falling real prices for individual foods is consistent 

with previous findings, but it is not clear by how much the price of calories has fallen in 

general due to the aforementioned problem of a lack of price data that can be linked to 

calorie content. In addition, because the parameter estimates vary considerably across 

foods, it is not possible to accurately estimate how much addiction has contributed to the 

overall trend based only on the analysis presented here and should be the subject of future 

work on overweight and obesity. Nonetheless, addiction suggests that the role of falling 

prices may have played a much larger role than previous studies would suggest in rising 

weights. 

 In conclusion, the empirical analysis presented above indicates that addiction is 

prevalent in food consumption. It is not entirely clear, however, if this addiction is 

forward-looking, or rational. Choosing between the myopic and rational models of 

addiction may have significant implications in terms of providing a rationale for public 

intervention. Regardless of whether or not individuals consider the effects of their future 

consumption when making decisions about present consumption, the predictions are 

similar and addiction significantly increases the responsiveness of individuals to price 

changes. Demand for many common foods exhibits addiction, but the level of addiction 

varies quite a bit across foods. Future work to confirm these results and study additional 
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foods in a setting where substitutions across foods can be studied will contribute to a 

better understanding of the impact of economic incentives on overweight and obesity. 
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Chapter 3: Nature, Nurture, and the Intergenerational Transmission of 
Obesity 

Obesity has become a leading concern among researchers and policy makers over 

the last forty years as weights have increased and new links between excess weight and 

adverse outcomes have been uncovered. The economic consequences of childhood 

obesity are well documented. These consequences are immediate because obese children 

develop health problems leading to higher medical expenditures and worse educational 

outcomes.12 Long-term consequences also arise since obese children are more likely 

become obese later in life.13 As adults, these individuals face the same costs associated 

with lower health that children do, but also face lower average wages upon entering the 

labor market due to reduced productivity and discrimination.14 

While obesity has received a great deal of attention, concern for children is 

particularly acute. Anderson, Butcher, and Levine (2003a) point out that children may 

have less control over food choices than adults and may be unprepared to make the right 

choices when given the opportunity. In addition, work by Barnes (2008) on food 

addiction suggests that patterns of behavior established early in life may have long-term 

consequences on health. A growing literature has sought to identify factors that influence 

child weight with a particular interest in finding opportunities for policy instruments. 

Despite the increased effort to understand childhood weight, both the relative importance 

                                                 
12 Must and Strauss (1999) survey the literature and find a variety of health conditions with links to 
childhood obesity. Crosnoe and Muller (2004) find that obese students often achieve lower grades than do 
their peers and Crosnoe (2007) finds that obese girls were less likely to attend college. 
13 Bouchard (1997) summarizes the finding of previous research that a significant proportion of overweight 
children go on to become overweight adults. Dietz (1997) provides similar evidence of a link between 
obesity in childhood and obesity later in life. 
14 Thompson et. al. (1999) estimate the increased lifetime medical costs of obesity. Wolf (2000) 
summarizes evidence of lower productivity for obese workers. Averett and Korenman (1996) and Cawley 
(2004) present evidence of labor market discrimination against obese workers. 
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of commonly identified factors and a focus for developing effective policies remain 

elusive. 

This chapter examines how family characteristics and shared family environment 

influence childhood weight. I use information on the type of relationship between parent 

and child to identify the effects of nature separately from nurture to understand better the 

intergenerational transmission of weight. In addition, by utilizing novel data that allow 

many of the effects identified by previous research to be included in a single analysis, this 

research will determine the relative importance of these commonly cited family 

influences on childhood weight.  

Previous research has identified a number of family characteristics that influence 

child weight. Anderson, Butcher, and Levine (2003b) show that maternal employment 

increases the probability of childhood overweight, particularly for higher socio-economic 

status mothers. Classen and Hokayem (2005) show that mother’s obesity status and 

education, youth’s mental health, and certain demographic features including race, sex, 

and family size affect the child’s likelihood of becoming obese or overweight. Boumtje 

et. al. (2005) also find significant effects of race and poverty status. In addition to 

incorporating most of these factors into a single analysis, the current analysis considers 

the father’s characteristics, when present, and the child’s health insurance status. 

An important contribution of this research arises from the availability of data on 

the type of relationship between the parent and child. By comparing the effects of 

biological parents and adoptive or step parents, several interesting insights can be made. 

First, understanding how health is inherited from one generation to the next informs our 

understanding of inequality more broadly.15 Because of the link between health and 

                                                 
15 Currie and Moretti (2007) study the transmission of low birth weight from mothers to daughters as an 
example of how health may provide a conduit for passing economic status from one generation to the next. 
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economic success, this research informs the question of whether the endowment passed 

from one generation to the next is primarily a biological advantage or primarily a 

behavioral one that can be taught. Furthermore, by separately identifying the influence of 

biological parents from adoptive or step parents, this analysis provides direction for the 

development of policy toward childhood obesity. 

Drawing accurate inferences from such analysis requires carefully considering 

exactly what is captured by comparing the effects of biological and non-biological 

parents. The effect of a biological parent’s weight on child weight captures the direct 

effect of genetics. But, if genetics and environment are not entirely independent, then the 

impact of a biological parent’s weight on child weight will also capture the effect of 

genetics interacting with the shared environment.16 To the extent that biology and the 

interaction of environment and biology drive child weights, we might argue that 

childhood obesity is part of the broader phenomenon of rising weights, and policies for 

reducing childhood obesity might just as well be directed toward the population at large. 

But, if the “direct” environmental influence of non-biological parents is what matters, 

then childhood obesity may be seen as uncoupled from the phenomenon of increasing 

weight among adults. Such a result would support policies targeted directly toward 

children. 

The analysis confirms the findings of previous studies showing that income, race, 

gender, as well as mother’s education, BMI, and labor supply significantly affect 

childhood weight. In addition, the results indicate that father’s education as well as BMI 

for biological fathers influence child weight. By incorporating all of these covariates into 

a single analysis, the results show that the most important factors are a child’s race, 

                                                 
16 A similar distinction is drawn in Anderson, Butcher, and Schanzenbach (2007) and Sacerdote (2007). 
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gender, and parental education. Quantile regression further reveals that the importance of 

these factors in child weight diminishes significantly at the right tail of the distribution, 

suggesting that these factors do little to explain the most severe cases of childhood 

obesity. Finally, by incorporating the effects of biology, the results indicate that biology 

plays only a small role in childhood obesity, suggesting that policies may see success by 

focusing only on children. 

Section 3.1 defines several concepts essential to the analysis and presents the 

empirical methodology. Then Section 3.2 describes the data that are used and presents 

some summary statistics. Section 3.3 presents results from the empirical analysis. Section 

3.4 concludes the chapter with a discussion of the policy implications of the findings. 

 

3.1 Empirical Model 

Early research into the interaction of genetics and obesity focused on the 

correlation of body mass index (BMI) between twins, siblings, parents and children, or 

adoptive children to isolate the effects of genetics and environment.17 This line of work 

has been reviewed numerous times, including Grilo and Pogue-Geile (1991) and Maes et. 

al. (1997). The research summarized in these papers provides a wide range of estimates 

from 5% to 90% of BMI variation attributable to genetics. The wide range of findings is 

due in part to variation in focus across studies, with twin studies consistently finding 

higher gene-attributable correlations than biological or adoptive studies. Many of these 

studies also suffer from small and selected samples. Furthermore, some studies define 

genetics to include anything “inherited” from the parents, which in most cases of sibling 

studies confounds the effects of the family environment. 
                                                 
17 BMI is a measure of weight for height that is often used as a proxy for excess body weight. Specifically, 
it is measured as weight in kilograms divided by height in meters squared (kg/m2). 
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Economic studies of childhood obesity have sought to identify other factors that 

affect child weight. These studies have therefore used regression techniques that provide 

more information than correlations alone. The most commonly used models used are 

discrete response models, which highlight the effects of covariates on the right tail of the 

weight distribution beyond a chosen cut-off. In such models, the child’s weight is 

summarized by a dummy variable indicating whether or not the child is obese. This 

summary variable is then used as the dependent variable and various sets of independent 

variables are used depending on what is available in the relevant data. The most common 

model is the probit where 

Pr 1| Φ . 

The function Φ .  is the cumulative distribution function of the standard normal 

distribution, x is a vector of covariates that influence child weight, W is the indicator of 

whether or not the child is overweight defined as 

1 1 if  
0 otherwise 

where  is a continuous measure of childhood weight, which is compared to a series of 

 values that capture the age-gender-specific cutoff for obesity.18 This specification can 

be thought to reflect the underlying regression 

. 

                                                 
18 Because boys and girls have different natural growth patterns, the definition of childhood overweight is 
different for boys and girls at various ages. A common approach to measuring overweight is to use the 95th 
percentile of the BMI distribution in 1970 for each age and gender combination. This somewhat arbitrary 
cut-off is generally accepted as an appropriate benchmark but also highlights the value of considering a 
more flexible measure. 
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One of the major advantages of the probit over other models is that the model can 

be estimated when the underlying latent variable  is not known. In the case of 

childhood BMI percentile, however,  is often known and limiting the analysis to the 

information contained in the indicator variable removes potentially useful information 

about the determinants of childhood weight. Therefore, quantile regression is used to 

explore the relationship between x and  across the weight distribution. 

 Following Koenker and Bassett (1978), the quantile regression model can be 

formally written as follows 

|  

where  and x are defined as above, |  denotes the θth conditional quantile with 

0,1 , and  is a vector of coefficients corresponding to the θth conditional 

quantile. For a given θ,  can be estimated by choosing a vector of parameters that 

minimizes 

 

with 

for 0
1 for 0 

To provide a direct comparison of the results obtained through the common 

discrete choice approach and the more flexible quantile regression, both models are 

estimated. For both regressions, the same set of covariates is included. Child and family 

socio-economic characteristics that have been found to be significant in previous studies 
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are included where possible. Child’s gender and race are included. In addition, family 

size and family income are included.  

The effects of genes are introduced by inclusion of the BMI of any parent in the 

household. Interaction terms are included for each parent’s BMI indicating whether or 

not the parent is biological. Then, by comparing the weight outcomes of children living 

with biological parents to the weight outcomes of children living with non-biological 

parents (i.e. adoptive or step) the genetic transmission of weight is identified. If the 

interaction effect is positive and significant, this indicates that biology does have a 

significant impact. If, on the other hand, non-biological parents have the same impact, 

and this impact is significant, this would suggest that the transmission of weight from 

parents to children is primarily behavioral. 

One concern with using mixed families, where one parent is the biological parent 

and the other is adoptive, is the potential for assortive mating. Assortive mating should 

not affect results when both biological parents are present because the weight of each 

parent can be controlled for separately. But, if a biological parent leaves the house and is 

replaced by an adoptive or step parent with similar characteristics, the effects of biology 

and environment will be confounded. For example, an overweight woman may be more 

likely to partner with an overweight man. If the couple has a child, and then the 

biological father leaves the household, the mother may be likely to replace the 

overweight biological father with an overweight adoptive or step father. If the absent 

biological father’s weight could be included, there would be no problem. Since these data 

are not available, the biological father’s effect may be picked up by the adopted or step 

father who has similar weight and the effect of the biological father’s BMI would then be 

falsely attributed to the adoptive or step father’s BMI. If the effect of assortive mating is 

significant, it will tend to bias the effect of BMI for a biological parent toward zero 
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because the contribution of a biological parent’s weight will be captured by the controls 

for a non-biological parent. 

In order to include all household types in the estimation, additional parent-specific 

effects are incorporated with interactions, because some households are single-parent 

households. This is done by adding separate fixed effects for the presence of a mother or 

father. These indicatory variables are then interacted with all variables pertaining to the 

mother or father, respectively. Parental characteristics include total weeks worked over 

the two-year sample period, average hours worked conditional on working, and education 

dummies for high school diploma or greater than high school diploma. These are entered 

separately for mothers and fathers to allow for independent effects on child weight. 

 

3.2 Data 

The analysis is carried out using the Medical Expenditure Panel Survey (MEPS) 

linked with the National Health Interview Survey (NHIS). The NHIS is a large national 

cross-section of households containing a wide array of health measures with a sample 

size varying from 30,000 to 40,000 households per year, depending on budgetary 

constraints. Each year, a sample of about 15,000 households is drawn from the NHIS 

sample to form a new sample wave for the MEPS. Respondents to the MEPS are 

followed for two years. The primary function of the MEPS is to collect detailed medical 

expenditure data over the two-year period. In addition, MEPS provides additional job 

characteristics for all family members that are not captured in the NHIS. Individuals in 

the MEPS can be linked back to the NHIS data using the linkage files available from the 

MEPS data center. 
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The MEPS also captures several health measures, including BMI for all members 

of the household. There is not, however, sufficient data on the type of relationship 

between parents and children to identify biological relationships separately from adoptive 

or step relationships. Fortunately, detailed information on family relationships is provided 

in the initial NHIS interview. Therefore, observations from the MEPS are linked back to 

the NHIS data in order to identify all familial relationships properly. 

Linkage files for combining the MEPS and NHIS samples are available from 

1996 to 2005. BMI was collected for all family members starting in 2000 so the six years 

from 2000 to 2005 are pooled to form the sample. BMI is collected twice for each 

individual over the two-year survey but because BMI is a stock variable that changes 

only gradually for many people, no analysis is attempted to study differences between the 

two time periods. Therefore five years of cross-sections are pooled using the later of the 

two weight measures.19 BMI measures for children under the age of 6 are suppressed in 

some years due to substantial nonresponse. For continuity, the sample is restricted to 

children from age 6 to age 17 who live at home with at least one parent. 

Linking the data also places an additional restriction on the sample. Only those 

children are kept whose parental relationships could be matched from the original NHIS 

sample to the second year of the MEPS, when BMI is measured. This requires that the 

family environment be relatively stable over the previous three years. While there is no 

other measure of duration of time a child is with adoptive and step parents, this requires 

the duration to be at least three years, which provides sufficient time for BMI to adjust to 

the environmental influences of the non-biological parent. Children living with a relative 

other than a mother or father (e.g. uncle or grandmother) were dropped, due to the 
                                                 
19 Using the earlier of the two reported weights would be equally feasible but choosing the later date adds 
additional time to the period between being surveyed by the NHIS and the MEPS, which may have 
beneficial features as discussed later. 
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complexity of dealing with genetic controls and a lack of clear data on the biological 

relationship of relatives beyond the immediate family. Finally, pregnant children and 

families with a pregnant mother are dropped because changes in BMI due to pregnancy 

may distort results. These restrictions leave a useful sample of 13,327 children living 

with at least one parent.  

Because the distribution of weight has changed over time, child weight in all 

years is measured by percentile relative to a historical distribution to provide 

comparability of percentiles across years. In addition, boys and girls have different 

natural growth patterns so each child’s weight is mapped into the historical distribution of 

child weight within age and gender groups. BMI percentile is calculated using a SAS 

program provided by the Centers for Disease Control (Centers for Disease Control, 

2007).  

A primary focus of the empirical work is to identify differences between family 

types in order to isolate the effect of genetics. Table 3.1 presents sample means for child 

characteristics by family type to highlight differences across the various family 

structures. Children living with two biological parents are clearly the most prevalent. 

Taken together, the number of children with non-biological parents is also large. The 

average BMI percentile is well above 50 for all family types, resulting from the historical 

values upon which the percentiles are defined and the fact that average BMI has 

increased since the historical benchmark.  

Differences across family types are most noticeable when comparing the group of 

all families with two parents to the group of all families with one parent. Not 

surprisingly, income is much higher in two-parent families than in one-parent families, 

with the two-parent families appearing to have almost twice as much income as one-

parent families. Unsurprisingly, one-parent fathers appear to earn more than one-parent 
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mothers. This may result from the selection process that determines with which parent the 

child will reside. This selection is discussed in greater detail below. It is also noteworthy 

that families where both parents are adoptive have higher average income than any other 

family type. This may reflect some selection in the adoption process because the time and 

cost associated with adopting a child may deter couples with lower income.  

Table 3.1: Average Child Characteristics by Family Type 
Family Type  
(Mother-Father) 

B–B B–A A–B A–A B–  A–  –B –A 

Sample Size 7,939 966 184 187 3,572 72 389 18 

BMI Percentile 62.5 61.1 65.2 61.2 65.8 64.8 63.9 70.9 

Total Family Income* 68,698 54,851 66,471 76,155 29,832 36,359 42,757 36,998

Insurance--Private 0.70 0.61 0.68 0.71 0.39 0.33 0.58 0.33 

Insurance--Public 0.21 0.29 0.21 0.21 0.52 0.63 0.31 0.50 

Uninsured 0.09 0.10 0.11 0.09 0.10 0.04 0.12 0.17 

White 0.61 0.56 0.74 0.68 0.34 0.24 0.64 0.61 

Black 0.08 0.17 0.08 0.13 0.37 0.54 0.14 0.17 

Hispanic 0.31 0.27 0.18 0.19 0.29 0.22 0.22 0.22 

Female 0.48 0.50 0.51 0.50 0.49 0.44 0.45 0.56 

Family Size 4.8 4.8 5.1 4.6 4.1 3.8 3.8 5.4 
Family types are summarized by the combination of relationship types with the mother’s listed first and the 
father’s second. Relationship types are biological (B), adoptive and step (A), and missing ( ). Standard 
errors are in parenthesis.  
*Income is the average income reported over the two years of the MEPS survey period. 

The MEPS provides a complete record of insurance over the sample period. 

Insurance coverage indicates the child’s coverage for the current year. If the child was 

covered by private insurance at all during the year, then that child was assigned the 

private insurance type for the entire year. If the child had public insurance at all during 

the year but never private insurance, then the child is assigned to the type “public 

insurance.” Only if the child has no reported insurance at any point during the year is he 
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assigned to the type “uninsured.” As expected, private insurance follows the same pattern 

as income, with more children in two-parent families covered by private insurance. 

Analogously, single-parent families are more likely to have children covered by public 

insurance. Again, this is likely to be due to multiple earners having a larger private 

insurance choice set and children from families with lower income more likely to be 

eligible for public insurance. The percent of uninsured appears rather stable across family 

types. 

Previous research has found that BMI varies significantly with race.20 Here, we 

see that race is also highly correlated with family structure. So, to the extent that the 

behavior of parents in the household affects child weight, these racial differences may be 

at least partially explained by differences in family structure. A much higher fraction of 

white children are in two-parent families than in one-parent families. Obversely, a higher 

fraction of black children are in one-parent families than are in two-parent families. The 

percentages of Hispanic children appears relatively similar across groups. The pattern is 

also similar for males. Family size appears slightly higher among two-parent families but 

not by enough to compensate for the additional adult in each two-parent family. 

As mentioned previously, one of the major advantages of the linked MEPS-NHIS 

data is the availability of detailed information on both parents in a household. 

Characteristics of the parents are provided in Table 3.2. Parental BMI is included in the 

analysis. The differences across family type in parental BMI are small but do reveal some 

interesting patterns. Single biological mothers have higher average BMI than biological 
                                                 
20 Most empirical studies of weight find that the prevalence of overweight and obesity varies significantly 
across races including the aforementioned work by Classen and Hokayem (2005) and Boumtje et. al. 
(2005). Using the most recent data available that has measured weight and height rather than reported 
values, Ogden et. al. (2006) find that approximately 30.6% of non-Hispanic white adults are obese, 45.0% 
of non-Hispanic black adults were obese, and 36.8% of Mexican Americans were obese. Similarly, 16.3% 
of non-Hispanic white children were obese, 20.0% of non-Hispanic black children were obese, and 19.2% 
of Mexican American children were obese. 
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Table 3.2: Average Parental Characteristics by Family Type 
Family Type 
(Mother-Father) 

B–B B–A A–B A–A B–  A–  –B –A 

Sample Size 7,939 966 184 187 3,572 72 389 18 
                  

Mother's Characteristics                 

BMI 26.7 27.2 27.6 26.6 28.8 26.8 

Weeks of Work* 67.7 71.0 67.2 64.8 73.0 63.3 

Hours of Work** 35.7 38.4 38.4 35.6 38.2 40.3 

High School Graduate 0.46 0.58 0.64 0.50 0.57 0.44 

More than High School 0.32 0.18 0.22 0.40 0.17 0.26 

Father's Characteristics                 

BMI 27.3 26.7 28.0 28.1 25.8 30.8  

Weeks of Work* 92.2 86.9 90.7 92.2 78.6 75.7  

Hours of Work** 46.0 45.0 47.3 46.1 43.0 46.0  

High School Graduate 0.44 0.55 0.58 0.42 0.53 0.56  

More than High School 0.31 0.19 0.22 0.43 0.25 0.17  
Family types are summarized by the combination of relationship types with the mother’s listed first and the 
father’s second. Relationship types are biological (B), adoptive and step (A), and missing ( ). Standard 
errors are in parenthesis.  
*Weeks of work are over a two-year period so that the maximum number of weeks is 104. 
**Hours are averaged per week of active employment. 

mothers in two-parent families. Conversely, single biological fathers have slightly lower 

average BMI than biological fathers in two-parent families. Perhaps, this indicates some 

selection process determining which couples separate. In a setting where weight increases 

over time, if bias against overweight individuals is stronger for women than for men, 

higher weight women may be more likely to face separation than lower weight women, 

while the same might not be true for men. Also, the legal mechanism for assigning child 

custody when couples split strongly favors women. Custody assigned to men may 

therefore only occur when the father is significantly better suited to care for the children, 
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which may be measured by characteristics highly correlated with weight such as income, 

education, and self-discipline.  

In addition to health-related variables, MEPS contains an employment record 

covering all jobs held during the two-year survey period. Weeks of work for each parent 

are the total number of weeks that the parent reports holding a job over the two-year 

period. Hours of work are calculated as hours of work per week averaged over the 

number of weeks the person reports having worked. Both weeks and hours of work are 

relatively constant across family types for mothers, with single mothers working only 

slightly more weeks per year and slightly more hours per week (with the exception that 

adoptive single mothers average fewer hours). For fathers, those in families without a 

mother present work slightly fewer weeks, and for biological fathers perhaps also slightly 

fewer hours. The need for additional income in single-parent families appears to be at 

least partially offset by the need to spend more time caring for children. For mothers, the 

income affect appears to dominate the nurture effect, while the reverse appears to be true 

for fathers. 

The educational attainment of parents follows similar patterns to those previously 

discussed for family income. Families with two adoptive parents have the most income 

among mothers and fathers. This fits nicely with the previously noted pattern of higher 

income for this family type. Again, this may indicate some selection of parents into this 

group, since those with more resources may be better positioned to complete the adoption 

process successfully. With the exception of families with two adoptive parents, families 

with two biological parents have a notably higher percent of mothers and fathers with 

more than a high school education than other family types. Finally, single mothers are 

more likely to be high school dropouts than mothers in a two-parent household, while the 

difference for fathers is negligible. 
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3.3 Results 

First, the probit model is estimated using the MEPS-NHIS linked data to provide 

a baseline for comparison with other studies and the quantile regression results. The 

variable indicating whether or not the child is obese is equal to one if the child is above 

the 95th percentile of BMI for his or her age based on the historical weight distribution. 

Because the distribution of weights has shifted to the right since the benchmark 

percentiles, roughly 20% of the current sample is obese. This is slightly higher than other 

published estimates, which indicate the percent obese over the time period of this sample 

is around 15%.  

Parameter estimates from the probit are presented in Table 3.3. The results are 

broadly consistent with previous studies in that covariates that have been found to matter 

in previous studies have effects of the same sign here. Children from families with higher 

income are less likely to be obese. Black and Hispanic children are more likely to be 

obese than white children. Children who have more highly educated parents are less 

likely to be obese than those with parents that have less than a high school degree. 

Children whose mothers work more hours per week are more likely to be obese. Also, 

girls appear less likely to be obese. Because this is based on a historical weight 

distribution, this essentially implies that weight for boys has increased faster than for 

girls. 

To simplify the interpretation of coefficients, marginal effects are calculated for 

all covariates and are presented in Table 3.4. Partial derivatives are calculated for all 

variables and cross-partials are calculated for the interaction variables. Because of the 

interaction of biology and BMI, some notable patterns arise that are not revealed by 

simply analyzing the parameter estimates. In particular, the marginal effects indicate a 
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Table 3.3: Probit Estimation (obese child=1)  

Variable Parameter Estimate Standard Error 

Child Variables       
Intercept -0.551*** 0.066 
Income (thousands $) -0.001*** 3.9E-4 
Public Insurance 0.052 0.033 
No Health Insurance -0.028 0.045 
Family Size -0.025*** 0.009 
Black (not Hispanic) 0.166*** 0.036 
Hispanic 0.163*** 0.032 
Female -0.255*** 0.025 

Mother Variables†     
Present in Household -0.133 0.251 
Biological=1 -0.405 0.249 
BMI 0.009 0.008 
Biological=1 x BMI 0.012 0.009 
Works=1 -0.096 0.066 
Weeks Worked -0.001* 0.001 
Average Hours 0.004*** 0.001 
Completed High School -0.097*** 0.036 
More than High School -0.195*** 0.047 
Father Variables†     
Present in Household -0.011 0.148 
Biological=1 -0.285* 0.160 
BMI 0.006 0.005 
Biological=1 x BMI 0.016*** 0.006 
Works=1 -0.100 0.116 
Weeks Worked -0.001 0.001 
Average Hours -0.001 0.001 
Completed High School -0.102** 0.041 
More than High School -0.299*** 0.053 
†All mother and father variables were interacted with an indicator equal to one if a mother or 
father, respectively, is present in the house in order to study all families simultaneously. 
* indicates significance at the 10% level based on the z-test that the “true” co-efficient is zero. 
** indicates significance at the 5% level based on the z-test. 
*** indicates significance at the 1% level based on the z-test. 
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Table 3.4: Probit Marginal Effects (obese child=1)  
Variable Marginal Effect Standard Error 

Child Variables       
Income (thousands $) -3.4E-4*** 1.1E-4 
Public Insurance 0.015 0.009 
No Health Insurance -0.008 0.012 
Family Size -0.007*** 0.002 
Black (not Hispanic) 0.047*** 0.011 
Hispanic 0.046*** 0.009 
Female -0.071*** 0.007 

Mother Variables†     
Present in Household -0.022 0.015 
Biological -0.024 0.021 
BMI 0.006*** 4.6E-4 
Biological x BMI 0.003 0.003 
Works -0.005 0.009 
Weeks Worked -2.5E-4 1.5E-4 
Average Hours 0.001*** 3.6E-4 
<High School to High School -0.028** 0.011 
High School to >High School -0.026*** 0.010 

Father Variables†     
Present in Household -0.003 0.009 
Biological -0.040*** 0.012 
BMI 0.006*** 6.5E-4 
Biological x BMI 0.005*** 0.001 
Works -0.049** 0.018 
Weeks Worked -1.5E-4 2.6E-4 
Average Hours -1.6E-4 3.8E-4 
<High School to High School -0.031** 0.012 
High School to >High School -0.052*** 0.011 

†All mother and father variables were interacted with an indicator equal to one if a mother or 
father, respectively, is present in the house in order to study all families simultaneously.  
* indicates significance at the 10% level.  
** indicates significance at the 5% level.  
*** indicates significance at the 1% level. 
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positive but small effect of BMI for mothers and fathers. Also, having a father who is 

working decreases the child’s probability of being obese.  

Income is negative and highly significant, though the magnitude of the effect is 

rather small. Black and Hispanic children appear to be at higher risk of obesity, even after 

controlling for differences in income and parental characteristics. Girls are less likely to 

be obese. In addition, family size decreases the probability of the child being obese, but 

the effect is small. Because there are separate indicators for the presence of a mother and 

father and income has been held constant, this may indicate competition for food within 

larger families. 

 Mother’s labor supply has been found to affect child weight in previous studies. 

Labor supply is controlled for with three variables: an indicator of whether or not there is 

a working mother in the house, total weeks worked by a working mother, and average 

hours of the working mother. Interestingly, it is not working per se that results in adverse 

weight outcomes for children, as both the indicator and total weeks worked variables 

have negative, though insignificant, effects. Rather, conditional on working, having a 

higher number of hours per week increases child weight. Because food preparation 

requires only a small portion of the day, some labor force participation may improve 

child weight by contributing to family income (if income is measured with error, parental 

labor force variables and education may capture some of this effect). But, if the mother is 

expected to prepare food for her children, working a lot of hours may crowd out time 

necessary to prepare healthy meals leading to higher consumption of prepared foods from 

groceries or restaurants, which are often high in calories. 

Father’s labor supply is controlled for in the same way, though the patterns are 

quite different. Here, the only effect that is significant is the direct effect of having a 

working father in the house. This is likely due to the fact that mothers are the primary 
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caregiver for most children, so the intensity of work for fathers is less important. Rather, 

having a father who is working contributes to the family’s resources. Compared to the 

direct effect of simply having a father present, this effect could also be interpreted as 

providing a positive role model if non-working fathers are unemployed or out of the labor 

force for some reason other than choosing to be at home as a full-time parent.  

For both mothers and fathers, more education is associated with better weight 

outcomes for children. Even while holding income and labor force participation constant, 

having a high school degree reduces the probability that the child will be obese relative to 

children whose parents have less education. Having more than a high school degree 

further reduces the probability that a child is obese relative to parents with a high school 

degree. Taken together, the effects of education appear to have a primary role among the 

set of family influences in determining childhood obesity.  

The effect of living with a biological parent is similar across mothers and fathers, 

but only significant for fathers. In the case of fathers, the effect is quite large. In order to 

study the interaction of biology and BMI for mothers and fathers, second derivatives or 

cross-partials are calculated and evaluated at means values for families with mothers or 

fathers, respectively, present. The effect of the interaction of biology and BMI captures 

the genetic component of the intergenerational transmission of weight. The high level of 

significance for fathers provides strong support for a genetic contribution to childhood 

obesity. The sign of the mother’s interaction effect is consistent with a genetic 

transmission of weight, but the lack of significance suggests that the behavioral influence 

(captured by the marginal effect of BMI) dwarfs the genetic component for mothers or 

that assortive mating may bias the interaction effect downward as the direct effect of BMI 

(or behavior component) is picking up some variation that is really due to genetics. 
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While the probit analysis provides some interesting insights into the effects of 

parental and shared family characteristics on childhood weight, the approach 

unnecessarily limits the analysis and may obscure important information about the 

relationship between these covariates and childhood weight outcomes. To see how the 

effects of these variables may change at different points in the child BMI distribution, 

quantile regressions are run for every quantile between .02 and .98. Using the rule of 

thumb that the number of observations in the tails should be at least ten times the number 

of parameters to be estimated, reliable estimates should be possible over the entire region 

given the sample size of 13,327. Graphical representations of these results are provided in 

Figures 3.1-3.3. Figure 3.1 presents parameter estimates for child and shared family 

characteristics, Figure 3.2 presents parameter estimates for mother characteristics and 

Figure 3.3 presents a similar set of covariates for fathers. 

In addition, Table 3.5 provides parameter estimates and standard errors for all 

covariates at several benchmark quantiles. The following quantiles are included: 0.50, 

0.75, 0.85, 0.90, and 0.95. An important fact to remember when interpreting these results 

is that the quantile is defined for the current sample while the dependent variable is a 

percentile based on a historical weight distribution. While the BMI percentile that falls at 

each quantile of the sample will be positively correlated with the quantile, they are not 

equal. For example, the quantile θ = .50 roughly corresponds to a BMI percentile of just 

over 60 from the historical distribution. In general, the weight distribution has shifted to 

the right since the benchmark time period so that percentiles associated with each 

quantile cut-off point will tend to be larger than the quantile θ. 
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Figure 3.1: Quantile Regression Parameter Estimates—Child and Family Characteristics  
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Figure 3.2: Quantile Regression Parameter Estimates—Mother’s Characteristics 
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Figure 3.3: Quantile Regression Parameter Estimates— Father’s Characteristics 
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Table 3.5: Quantile Regression Results (dependent variable is child’s BMI percentile) 
Quantile 0.50 0.75 0.85 0.90 0.95 

Variable 
Param. 

Est. 
Std. 

Error
Param. 

Est. 
Std. 

Error
Param. 

Est. 
Std. 

Error
Param. 

Est. 
Std. 

Error 
Param. 

Est. 
Std. 

Error
Child Variables                     
Intercept 79.91 2.23 96.10 0.79 98.59 0.42 99.23 0.22 99.46 0.13
Income (thousands $) -0.01 0.01 -0.02 0.01 -0.01 0.00 -0.01 0.00 0.00 0.00
Public Insurance 1.43 1.00 1.08 0.37 0.25 0.17 0.24 0.11 0.09 0.06
No Health Insurance 0.45 1.50 0.51 0.46 0.00 0.30 0.01 0.20 0.11 0.11
Family Size -0.91 0.28 -0.34 0.11 -0.12 0.04 -0.08 0.03 -0.01 0.02
Black (not Hispanic) 4.64 1.11 2.72 0.40 1.24 0.18 0.73 0.12 0.41 0.07
Hispanic 5.95 1.08 2.36 0.36 0.95 0.18 0.62 0.12 0.38 0.06
Female -6.53 0.79 -3.00 0.29 -1.41 0.16 -0.79 0.11 -0.40 0.05
Mother  Variables†                     
Present in Household -5.02 7.92 0.22 2.46 -0.87 1.40 -1.54 1.10 0.27 0.44
Biological=1 -17.83 7.78 -7.92 2.50 -2.52 1.44 -0.47 1.10 -1.06 0.44
BMI 0.24 0.26 0.01 0.08 0.04 0.05 0.04 0.04 -0.01 0.01
Biological=1 x BMI 0.59 0.26 0.24 0.08 0.07 0.05 0.02 0.04 0.03 0.02
Works 0.20 2.12 -1.02 0.71 -0.98 0.39 -0.68 0.28 -0.29 0.17
Weeks Worked -0.04 0.02 -0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00
Average Hours 0.13 0.04 0.06 0.02 0.03 0.01 0.02 0.01 0.01 0.00
Completed High School -4.18 1.12 -1.12 0.38 -0.56 0.21 -0.36 0.13 -0.15 0.07
More than High School -6.34 1.53 -2.56 0.53 -1.42 0.33 -0.82 0.19 -0.41 0.12
Father  Variables†                     
Present in Household 4.34 4.89 -1.39 1.80 0.66 1.13 0.10 0.71 0.15 0.36
Biological=1 -20.88 5.20 -5.94 1.99 -2.44 1.16 -1.09 0.82 -0.56 0.38
BMI -0.04 0.16 0.06 0.06 0.00 0.04 0.02 0.03 0.00 0.01
Biological=1x BMI 0.87 0.17 0.28 0.07 0.13 0.04 0.05 0.03 0.03 0.01
Works 2.46 3.00 -0.44 1.30 -0.47 0.77 -0.44 0.44 -0.03 0.22
Weeks Worked -0.05 0.02 0.01 0.01 0.00 0.01 0.00 0.00 0.00 0.00
Average Hours -0.01 0.04 -0.02 0.02 -0.02 0.01 -0.01 0.01 0.00 0.00
Completed High School -3.06 1.22 -0.62 0.51 -0.42 0.26 -0.23 0.17 -0.08 0.08
More than High School -9.04 1.73 -4.34 0.82 -2.44 0.41 -1.67 0.28 -0.72 0.15

With the exception of the interacted biology and BMI variables, interpretation of 

quantile regression parameter estimates is straightforward. While the direction and 

significance of effects are similar to the marginal effects of the probit presented above in 
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Table 3.4, several important differences are worth mentioning. The graphical 

representation of parameter estimates make it clear that the effects of many covariates are 

not constant across the distribution, suggesting that quantile regression is a superior 

approach to a limited dependent variable analysis. The most consistent trend is that the 

magnitude of the parameters tends to decrease at higher quantiles, suggesting that the 

covariates do less to explain what is responsible for the highest weights among children.  

Race and gender continue to be the most important child characteristics affecting 

weight, even at higher quantiles. Both mother’s and father’s education significantly affect 

childhood BMI, with more education associated with lower BMI as seen in the probit 

analysis. Interestingly, the impact of a father having more than a high school education is 

larger than that of mothers with more than a high school education, but this again may 

merely be an artifact of measurement error in permanent income as fathers contribute to 

household income more frequently than mothers.  

In order to see the effects of biology, BMI, and their interaction, marginal effects 

are provided in Table 3.6 for the same reference quantiles as in Table 3.5. Based on the 

regression equation, the marginal effect of biology will vary with BMI. Similarly, the 

marginal effect of BMI will differ for biological and non-biological parents. By 

comparing the marginal effect of BMI for these two groups, the interaction effect, or 

impact of genetics, is identified. Therefore, marginal effects are computed for biology for 

both mothers and fathers at three reference BMI values: 21.5 (normal weight), 27.5 

(overweight), and 32.5 (obese). Marginal effects for BMI are computed separately for 

biological parents and non-biological parents. For a non-biological parent, the marginal 

effect of BMI will simply be equal to the parameter estimate presented in Table 3.5 since 

there is no interaction effect for non-biological parents. Finally, the difference between 

these last two effects is provided as a measure of the interaction effect. Due to the linear 
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specification, these are equivalent to the parameter estimates and standard errors provided 

in Table 3.5 for the interaction effect and are only repeated in Table 3.6 for reference in 

the discussion of biology and BMI. 

Table 3.6: Marginal Effects from Quantile Regressions 
Quantile 0.50 0.75 0.85 0.90 0.95 

Variable 
Marg. 
Eff. 

Std. 
Error

Marg. 
Eff. 

Std. 
Error

Marg. 
Eff. 

Std. 
Error

Marg. 
Eff. 

Std. 
Error 

Marg. 
Eff. 

Std. 
Error 

Mother Variables                     
Biological (BMI=21.5) -5.19 2.93 -2.73 0.88 -1.03 0.54 -0.08 0.33 -0.47 0.17
Biological (BMI=27.5) -1.67 2.44 -1.28 0.73 -0.62 0.45 0.03 0.26 -0.30 0.15
Biological (BMI=32.5) 1.27 2.92 -0.07 0. 87 -0.28 0.53 0.12 0.32 -0. 17 0.16
BMI (Biological=0) 0.24 0.29 0.01 0.09 0.04 0.05 0.04 0.03 -0.01 0.01
BMI (Biological=1) 0.83 0.06 0.25 0.02 0.11 0.01 0.06 0.01 0.02 4.3E-3
Interaction Effect 0.59 0.26 0.24 0.08 0.07 0.05 0.02 0.04 0.03 0.02
Father Variables                     
Biological (BMI=21.5) -2.12 1.89 0.02 0.56 0.27 0.34 5.0E-3 0.20 0.05 0.11
Biological (BMI=27.5) 3.11 1.58 1.68 0.48 1.03 0.29 0.31 0.17 0.22 0.10
Biological (BMI=32.5) 7.47 1.88 3.06 0.56 1.66 0.34 0.56 0.20 0.36 0.11
BMI (Biological=0) -0.04 0.17 0.06 0.05 -4.4E-3 0.03 0.02 0.02 -4.6E-3 0.01
BMI (Biological=1) 0.83 0.09 0.33 0.03 0.12 0.02 0.07 0.01 0.02 0.01
Interaction Effect 0.87 0.17 0.28 0.07 0.13 0.04 0.05 0.03 0.03 0.01

Due to the positive sign of the interaction term in Table 3.5, the direct effect of 

having a biological parent in the house that is calculated in Table 3.6 can be seen to 

increase in magnitude as both mother’s and father’s BMIs increase. For mothers, the 

effect is negative at most quantiles and BMI values suggesting that children are less 

likely to have higher weights if the child has a biological mother in the house, but this 

effect is insignificant in nearly all cases. For fathers, the effect is positive and significant 

in most cases, especially so for BMI values associated with an obese father. This suggests 
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that children are more likely to have higher weights when there is an obese father present 

that is the child’s biological father. 

Another way of looking at the interaction of biology and BMI is to compare the 

marginal impact of BMI for biological and non-biological parents. For both mothers and 

fathers, the marginal effect of BMI is either significantly positive or insignificant in all 

cases. Also, the magnitude of the effect decreases at higher quantiles, indicating that 

children with the most severe weight problems are less affected by parental BMI than 

those closer to the middle of the distribution. For biological parents, the effect is 

significantly positive in virtually all cases. This, however, does not measure the impact of 

genetics, because biological parents share both genetics and behavioral influences with 

their children. The effect of BMI for non-biological parents is insignificant at most 

quantiles. 

The sign and significance of the interaction effect, which is the difference 

between the effect of biological and non-biological parent BMI, identifies the effect of 

genetics. For mothers, the effect is significant at the 75th quantile and marginally 

significant at the 50th quantile. In both cases the effect is positive, providing evidence 

that higher weight biological mothers may transmit genes that increase the likelihood of a 

child being above the 75th quantile (the 75th quantile corresponds to the 93rd percentile 

on the historical weight distribution). The effect for fathers is significant and positive 

over a broader set of quantiles with the effect being highly significant at the 50th, 75th, 

and 85th quantiles. The difference between mothers and fathers may arise if the 

behavioral influence of mothers, the primary preparers of food, waters down the effect of 

genes or if assortive mating biases the parameter estimates. 

While the tails of the distribution are of greatest concern to child health, quantile 

regression reveals that many of the covariates identified by previous research do more to 
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explain marginal changes in weight closer to the median. The main exception to this 

finding is education. While the magnitude decreases substantially, education continues to 

have a significant effect even at θ=.95. The fact that the sizes of the effects decrease, and 

in many cases become insignificant, indicates that other environmental factors may play a 

large role in determining the most extreme cases of excess weight. In addition, because 

the effects of parental weight diminish substantially as θ increases from .50, the quantile 

regressions cast doubt on the hypothesis that genetics play a primary role in childhood 

obesity. 

 

3.4 Conclusion 

Through the use of novel data, this analysis is able to directly study the relative 

importance of socio-economic status, genetics, and other family influences. The results 

indicate that quantile regression is a more appropriate approach to studying the effect of 

various factors on childhood weight than a model of discrete choice. Previous studies 

have found income, race, gender, as well as mother’s education, BMI, and labor supply to 

significantly affect childhood weight. These results are confirmed by the probit using 

current data. In addition, the results presented above indicate that father’s education and 

BMI, for biological fathers, also influence child weight. The most important factors are 

race, gender, and parental education. The quantile regressions also confirm that these 

factors play a role in determining child weight. 

The results from the quantile regressions reveal additional information about the 

relationship between these covariates and childhood weight. The most important 

difference is that the quantile regression indicates that the significance of these effects 
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disappears at points further out on the BMI distribution. This suggests that the highest 

weights in children must be explained by factors outside of the present study. 

In addition, this analysis captures the effect of biology. Beyond the benefit of 

living with a biological parent, the marginal effect of parental BMI on child BMI is small 

at all points in the child BMI distribution and is insignificant at the right tail. While 

genetics undoubtedly influence a child’s weight, the overall effect of genetics on 

childhood obesity appears small. This conclusion is consistent with the historical context 

of rapid increases in the prevalence of childhood obesity over the last several decades 

combined with a lack of any identifiable change in the genetic makeup of the population. 

Perhaps studies identifying a significant role for parental BMI that do not control for 

biology have overstated the explicit biological basis for that link. This would suggest that 

childhood obesity can be seen as a phenomenon unto itself, given that it does not appear 

to be driven primarily by genetics or the interaction of genetics and environment that are 

inherited from parents. 
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Chapter 4: Estimating the Health Insurance Contract Choice Effect 

The interdependence of demand for health care and health insurance has been 

studied widely in the health economics literature. In particular, moral hazard caused by 

insurance and adverse selection into insurance have received a great deal of attention.21 

Recently, Dusansky and Koç (2006) examined another aspect of this interdependence: the 

health insurance contract choice effect. The contract choice effect arises if individuals 

choose a different insurance plan in response to changes in the price of medical care. In 

this chapter, we take a first step toward formally estimating the econometric significance 

of the health insurance contract choice effect. 

A seminal contribution to the economics of health care is the Rand Health 

Insurance Experiment (HIE) (Manning et. al. 1987). The pioneering study is still 

regarded as the definitive study of how the characteristics of health insurance contracts 

affect consumer demand for medical care.  In the HIE, consumers are randomly assigned 

to various insurance plans, so that the effect of variation in key contract parameters (such 

as deductible, co-pay and percentage cost share) can be measured. For any given 

insurance plan, one learns a great deal about how the demand for various categories of 

medical services changes as health insurance plan parameters are altered. Unfortunately, 

since consumers are not permitted to move out of their assigned health plans, the HIE 

provides no insight into the contract choice effect.22  

                                                 
21 See Zweifel and Manning (2000) for a thorough discussion of moral hazard in health care and a review 
of the literature. A similar treatment of adverse selection is provided by Cutler and Zeckhauser (2000). 
22 Several other studies investigate the impact of insurance on demand for care by taking advantage of 
natural experiments. Examples of studies relying on a natural experiment to introduce an exogenous shift to 
insurance coverage are Phelps and Newhouse (1972), Scitovsky and Snyder (1972), Chiappori, Durand, 
and Geoffard (1998), and Cockx and Brasseur (2003). While these studies offer interesting insights into the 
interdependence of insurance and the demand for care, such data are not able to provide insight into the 
contract choice effect. 
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Attempts to explicitly study the impact of insurance choice on demand for care 

have relied primarily on instrumental variables. Newhouse and Phelps (1976) identify the 

choice of insurance using size of work group and nine occupation dummy variables. 

Newhouse, Phelps, and Marquis (1980) also instrument for insurance choice using the 

same controls as well as industry dummy variables. In both cases, estimates from the 

insurance choice equation result in large standard errors, providing little insight. Cameron 

et. al. (1988) use a richer set of instruments to correct for the endogenous insurance 

choice in their analysis of demand for health care in Australia. The model is identified by 

excluding occupation, country of origin, proxies for price, education, past usage, and 

several health measures from the utilization equation. The analysis provides satisfactory 

estimates of utilization demand, but insights related to insurance choice are not discussed 

in detail. Another approach taken by Dowd et. al. (1991), in their analysis of employees 

of 20 Twin Cities firms, identifies insurance choice by variation across plan 

characteristics. This approach is limited because individuals and families are often seen 

choosing different plans even when their choice sets are similar, suggesting that 

individual heterogeneity is a primary factor (e.g. if a company offers several health plans, 

even employees with similar demographics may choose different plans).  

Due to the difficulty in identifying good instruments, more recent work has 

estimated demand for insurance as part of a two-step procedure. Predicted values for 

insurance choice are calculated in the first stage and are used in the second stage to 

estimate the impact of insurance on the demand for care. Because there is no attempt to 

identify explanatory variables unique to the insurance choice decision, the system is 

identified only by the functional form in the first stage. Savage and Wright (2003) and 

Shin and Moon (2007) are examples of studies using this approach. 
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While this body of work incorporates a variety of methods to control for the 

endogeneity of insurance choice in estimating the demand for care, the direct effect of 

insurance choice on the demand for care has been overlooked. Insurance choice plays an 

important role in the demand for care because it affects the net price that individuals face 

in the market for care. This chapter combines detailed data on insurance plan and 

individual characteristics with a geographic price index to provide the first empirical test 

of the significance of the contract choice effect. Section 4.1 presents the empirical model 

including a summary of the theoretical underpinnings of the Dusansky and Koç model. 

Section 4.2 summarizes the data. Section 4.3 presents descriptive statistics. Results from 

the empirical analysis and a discussion of the results are provided in Section 4.4. Finally, 

Section 4.5 concludes. 

 

4.1 Empirical Model 

The theoretical work of Dusansky and Koç (2006) has made the relationship 

between medical prices and individual demand for care more explicit in the context of 

insurance choice. Their model (hereafter referred to as the D-K model) is based on the 

traditional Grossman (1972a, b) model of the demand for health as presented in 

Dardanoni and Wagstaff (1990). Utility is derived from health, which is produced using 

medical care. Individuals face a single-period two-stage planning horizon. Stage one 

health, s, is known, but health in the second stage, s′, is stochastic and  realized only after 

all stage-one decisions are made. Expectations about health in the second stage depend on 

health in stage one. In the first stage, individuals choose a health insurance policy. This 

policy is characterized by a percentage of cost sharing and the premium. In the second 
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stage, health state s′ is realized and individuals choose their level of consumption of 

medical goods and services as well as their consumption of a composite good. 

The individual’s insurance choice is influenced by expectations about future 

health status, consequently by expectations about future utilization, and by the gross price 

for medical care (or the total price of care without considering insurance payments). This 

insurance choice then affects the conditional demand for medical care, as in other studies 

of moral hazard. 

Of particular interest is the demand response to a change in the gross price of 

health care, pm. After solving the model described above, Dusansky and Koç present the 

following expression: 

 

where m represents medical care demand, pm represents the gross price of medical care, 

and σ represents the level of cost sharing. The total effect of prices on medical services,  

, is composed of a direct effect, , and an indirect effect, . The direct effect 

is the neoclassical demand response. The indirect effect is composed of two components  

which capture the endogeneity of insurance choice, the contract choice effect  and 

its resulting impact on medical care demand , which captures the well-known effect 

of moral hazard. This expression underscores the fact that the net price of medical care 

·  changes twice, first when pm changes and again when σ changes in response to a 

change in pm. 

There are four cases of interest to an empirical study of the contract choice effect. 

The four cases are determined by the sign and significance of the effect. The simplest 

case is that the contract choice effect is zero such that an increase in the price of medical 
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care leads to no change in the intended selection of health insurance plan (this case 

corresponds to the Rand experiment, in which consumers were not allowed to change 

plans). A second possible case, which Dusansky and Koç indicate is not realistic, is a 

positive contract choice effect. Because σ represents the fraction of care paid by the 

individual, as prices increase, it is theoretically possible that an individual switches to a 

less generous plan (one with a higher σ). This is a highly unlikely outcome, but will 

nonetheless be tested for in the present study. Each of the last two cases exhibit a 

negative contract choice effect; individuals facing higher prices switch to more generous 

plans (with lower σ). The cases are differentiated by the magnitude of the effect. 

The neoclassical demand response identified above is negative, since medical care 

is a non-inferior good; this has been confirmed by empirical studies using randomized or 

natural experiments. The moral hazard effect has been shown to be negative in previous 

studies. Therefore, a negative contract choice effect tends to temper the overall price 

responsiveness of individuals by making the second term in the expression above 

positive. If the effect is small, then the overall demand response to a price change is still 

negative. However, if the effect is large enough so that the second term is greater than the 

first, then the contract choice effect can cause an upward sloping demand for medical 

care, even when the neoclassical demand response is negative. Dusansky and Koç go on 

to show that the overall price effect is positive if the demand for health insurance is price 

elastic with respect to changes in the gross price for medical care. 

An empirical analysis of the demand for health insurance provides a direct test for 

the sign and significance of the contract choice effect. In order to take the model to data, 

however, additional clarification is needed. The model described above is based on 

individual utility maximization. Because many health insurance plans offer family 

coverage, the contract choice is often a joint decision made at the family level. The 



 68

empirical analysis is therefore carried out at the family level. To control for these 

differences across families, family characteristics and a separate plan control that 

identifies single and family coverage are included. 

 

4.2 Data 

4.2.1 Medical Expenditure Panel Survey (MEPS) 

Estimating demand for insurance requires detailed data on family characteristics 

and insurance coverage (e.g. co-pay, co-insurance, and deductible). The Medical 

Expenditure Panel Survey (MEPS) provides sufficient detail to carry out the analysis 

appropriately. Each year a new panel of roughly 10,000 families is introduced and 

followed several times a year for two years. All medical expenditures including sources 

of payments and type of treatment are included for all members of a household. In 

addition, medical providers, employers, and insurance companies are contacted to gather 

more detailed information on treatments, payments, premiums, and insurance plan 

characteristics.  

The insurance plan characteristics are only collected once for each panel, so for 

the current analysis the data are treated as cross-sections. The most recent insurance data 

available are 1999 survey year data covering individuals in panels 3 and 4 (those in panel 

3 are in the second year of survey collection while those in panel 4 are in their first year). 

Because the insurance component has changed gradually over time, multi-year 

comparisons are difficult to make. Survey year 1999 data is chosen as the primary focus 

of this study.  

To ensure accurate reporting and avoid confidentiality concerns, data collected 

from employers about health insurance are not released publicly. We use the restricted 
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data, referred to as the Insurance Component (IC), to provide greater detail about 

insurance plans than can be gathered from publicly available data. The use of the IC data 

restricts the focus of the current study in several ways. Most importantly, the analysis is 

focused on individuals and families who acquire insurance through employers. Given 

sufficient data on plan characteristics, a similar analysis could be carried out in the future 

including individuals who purchase insurance privately, but such data are not available in 

the MEPS. Those covered by public insurance are justifiably omitted, because their 

insurance choice is fundamentally different from that made by individuals who are not 

eligible for public insurance. 

Another limitation of this approach is that even with assurances of confidentiality, 

many employers were unwilling or unable to provide information about their employees. 

Significant levels of non-response on the part of employers means that nationally 

representative estimates are not possible since sample weights are not provided. The 

extent to which the IC sample differs from the full MEPS sample is investigated below 

by comparing summary statistics for the two groups. 

Insurance choices depend on expected utilization. Fortunately, utilization data are 

available in the MEPS and can be used to construct expected utilization measures for 

individuals and families. One approach is to use publicly available event-level files to 

create rough expectations for individuals by averaging expenditure for groups with 

similar characteristics. Because such data are commonly incorporated into studies of 

insurance choice, the Agency for  Healthcare Research and Quality (AHRQ), a sponsor 

of the MEPS, contracted with DxCG Inc. to create a relative risk score (RRS) for all 

sample individuals in the 1996-2001 survey years. The RRS measures the expected 
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expenditure for each individual relative to the sample average expenditure, so that each 

score is simply the ratio of expected individual expenditure to average expenditure.23 

One concern with using the RRSs arises from the timing of the data. Because 

families choose the insurance plans observed in the MEPS prior to the survey period, 

expectations about health spending that affected the insurance choice should only be 

based on information that the family had prior to the survey period. There are two RRSs 

available in the MEPS, differing only by how much information is used in the prediction 

model. The simple model uses only gender and age. Because individuals will also 

incorporate any known chronic conditions in forming expectations about future 

utilization, this model seems overly simplistic. The alternative model incorporates all 

realized medical condition information in the prediction model. Because some health 

events will be brought on by unforeseen events, this model is likely to incorporate more 

information than individuals may have when making insurance decisions. The RRS from 

each model is tested and results are not found to differ significantly. 

Finally, because the RRS is an individual measure and the analysis is carried out 

at the family level, a family-level summary variable is created to capture the expected 

utilization for each family. Individual RRSs are summed to measure the total expected 

family utilization. 

                                                 
23 To calculate the RRS, individual expenditure is regressed on age, gender, medical conditions, and 
interactions so that predicted values provide average expenditures for the group sharing the individual’s 
characteristics. This provides an expected value of spending that varies from the true realized value to the 
extent that randomness leads the person to a higher or lower level of spending than others of the same age, 
gender, and having similar health status. These expected values are converted to relative scores by dividing 
each by the average expenditure for the entire sample. Scores are used in the analysis rather than an 
expected level of spending because we use relative prices as discussed below, which capture variation in 
prices but do not necessarily reflect true price levels. 
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4.2.2 Cost Sharing (σ) 

Our approach differs from those that analyze the choice of whether or not to 

secure health insurance.  Instead, the focus is on the level of insurance purchased.  Private 

insurance plans are often defined by several characteristics, including a percentage of 

cost sharing between enrollee and provider, a flat co-pay that the enrollee pays for care, 

and a deductible that must be met before insurance starts to cover expenses. In this study 

we take a first step toward measuring the impact of the contract choice effect by focusing 

on consumers whose plans are characterized by a percentage of cost sharing rather than 

computing a metric that converts deductible, co-pay and cost share into an “effective” or 

overall degree of cost sharing.  Such a metric would be arbitrary and may introduce 

considerable measurement error.24 While this removes a group of individuals for whom 

the contract choice is potentially relevant, it focuses the analysis on those families that 

are most consistent with the D-K theoretical model, for whom changes in gross prices 

impact both the insurance choice and utilization conditional on insurance choice. If the 

contract choice effect for percent cost sharing plans is found to be significant, future 

work should study the contract choice effect in the context of insurance plans 

characterized by a fixed co-pay. 

To inform the empirical analysis, the frequency of cost-sharing responses is 

provided in Table 4.1 for both the full IC sample and the IC sample excluding 

government employees. The frequency counts reveal a very large number of insurance 

plans characterized by zero percent cost sharing, suggesting that censoring should be 

considered in the econometric analysis. The limited government sample has a smaller 

proportion of 0% plans than the full IC sample, but the percent of censored observations 

                                                 
24 Plans that cover the full cost of care can be characterized both as providing 0% cost sharing and a $0 co-
pay. To ensure a sufficient sample size, these individuals are included in the sample and appropriate 
econometric techniques are implemented to deal with the large number of zeros this introduces. 
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is still significant and must be dealt with explicitly in the empirical analysis. Regardless 

of the high fraction of plans providing full coverage for physician visits, all plans are 

relevant to an analysis of the contract choice effect if individuals choosing the most 

extreme level of coverage (i.e. full coverage) live in the costliest areas. 

Table 4.1: Cost Sharing Frequencies 

Response 
Full Insurance 
Component 

Excluding 
Governmnet 

0%  2089  1423 
1%  1  1 
5%  1  0 
6%  2  2 
8%  2  2 
10%  137  110 
15%  16  12 
20%  365  313 
25%  9  3 
30%  20  18 
40%  1  1 
50%  5  5 

Total  2648  1890 

 

4.2.3 Medicare Geographic Practice Cost Index (GPCI) 

When an insured individual is making choices about visits to the doctor, prices are 

generally determined by the contract between the insurance company and the provider. 

But when an individual is choosing an insurance plan, it is less clear what price the 

individual may consider. Insurance companies are free to negotiate with providers, and a 

single doctor may provide services at different prices to individuals with different types 

of insurance. Therefore, it is difficult to determine what price an individual considers 

when making choices about insurance contracts. Because prices vary due to shifts in 
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supply and demand aside from any negotiations between providers and insurers, and 

some variation in observed market prices within a period is likely to be due to differing 

tastes for health by consumers and variations in the underlying level of health of certain 

populations, price variation from supply shifts is preferred.  

The Centers for Medicare & Medicaid Services (CMS) is responsible for setting 

prices for services covered by Medicare and Medicaid. To do this, CMS uses a 

Geographic Practice Cost Index (GPCI) to adjust for geographic variation in the cost of 

physicians’ services and a Hospital Wage Index (HWI) to adjust for geographic variation 

in the labor costs to hospitals. While these price indices do not reflect the actual price that 

consumers with private insurance face, they do reflect the relative costs individuals face 

at different localities and can serve as a first approximation.  

For physician services, prices vary by relative value unit (RVU), which 

determines the relative cost of various treatments according to three sources of price 

variation. The first element captures the input of physician fees (work) and varies across 

procedures depending on how much of the physician’s time is required by each 

procedure. The second element captures other inputs to care (practice expense) which are 

provided at different intensities for different services. These expenses include wages of 

non-physician staff, the cost of rent, and cost of medical equipment and supplies. The 

final element captures differences in malpractice insurance expenses (malpractice) that 

doctors must pay for providing different types of services in different locations.  

Each of the three RVUs can also vary based on GPCI, which allows for variation 

in the cost of doing business in different localities. Therefore, every procedure will have 

three RVUs and three corresponding GPCIs that are necessary to adjust each type of 

input for differences in the cost of doing business across areas. This geographic variation 
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caused by variations in supply-side factors across geographic areas is the basis for the 

price measure used in this analysis.  

Because the GPCI is used only to provide differences in relative prices rather than 

a measure of the actual price level in a particular area, a single Medicare procedure is 

chosen to represent a common physician office visit. In particular, the RVU for a 

midlevel office visit, the most common Medicare procedure, is used to average together 

the three GPCI values.25 The RVU values are as follows: work--0.67, practice expense--

0.63, malpractice--0.02. These weights are used to average the three geographic adjusters 

available in each of the 89 geographic regions. Though not necessary for providing a 

relative price, the resulting number is then multiplied by the 1999 Conversion Factor 

(CF) of $34.73 in order to arrive at a price figure that more closely resembles market 

prices and to make interpretation of results more intuitive. 

 

4.3 Descriptive Statistics 

Descriptive statistics are presented in Table 4.2. The focus of the study is only on 

those with employer-provided insurance. Even with this particular focus, non-response 

among employers may introduce bias into the results. To investigate how similar the IC 

sample is to the broader population of people covered by employer insurance, sample 

means and standard errors for the insurance component are presented along with statistics 

                                                 
25 This is the most common Medicare procedure according to the Government Accountability Office report 
on Medicare physician fees (2005). This visit uses Current Procedural Terminology (CPT) code 99213 
(OFFICE OUTPT EST15 MIN: OFFICE/OUTPATIENT VISIT, EST). Office or other outpatient visit for 
the evaluation and management of an established patient, which requires at least two of these three key 
components: an expanded problem focused history; an expanded problem focused examination; medical 
decision making of low complexity. Counseling and coordination of care with other providers or agencies 
are provided consistent with the nature of the problem(s) and the patient's and/or family's needs. Usually, 
the presenting problem(s) are of low to moderate severity. Physicians typically spend 15 minutes face-to-
face with the patient and/or family. 
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for all individuals covered by employer-provided insurance in the full 1999 MEPS 

sample. Statistics for insurance and employer characteristics are not provided for the full 

MEPS sample, as these variables are drawn from the IC. Patterns are similar across the 

two groups, suggesting that differences between the individuals with data in the IC and 

the broader MEPS sample are small. Nonetheless, differences are discussed below. 

Table 4.2: Sample Means (std. err. in parenthesis) 

Variable 

Insurance 
Component 

Sample 

MEPS Sample 
with Employer 

Insurance 
Medicare price for a midlevel doctor's visit 45.64 (0.06) 45.81 (0.04) 

Insurance and Employer Characteristics 
percent paid by individual (σ) 3.79 (0.15) . 
plan has deductible 0.130 (0.004) . 
plan provides family coverage 0.498 (0.010) . 
annual premium paid by employee 908.93 (22.72) . 
number of employees 386,490 (19,500) . 

Family Characteristics 
number of male adults 0.91 (0.01) 0.84 (0.01) 
number of female adults 0.97 (0.01) 0.88 (0.0) 
number of male children 0.43 (0.02) 0.39 (0.01) 
number of female children 0.37 (0.01) 0.37 (0.01) 
household head is white=1 0.686 (0.009) 0.696 (0.005) 
household head is black (not hispanic)=1 0.131 (0.006) 0.117 (0.004) 
household head is neither white nor black=1 0.182 (0.007) 0.187 (0.004) 
household head is married=1 0.636 (0.009) 0.663 (0.005) 
household head is a high school graduate=1 0.316 (0.009) 0.327 (0.005) 
household head has more than a high school degree=1 0.562 (0.009) 0.531 (0.006) 
total family income 58,205 (739) 59,778 (452) 
total family risk from gender/age DCG model 2.47 (0.02) 2.56 (0.01) 
total family risk from health conditions DCG model 2.50 (0.03) 2.51 (0.02) 
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As discussed previously, the Medicare reimbursement price for a midlevel 

doctor’s visit is used as a proxy for the gross price of medical care. At just over $45, the 

level is perhaps a bit low for capturing the total cost of a visit for those with employer-

provided insurance, but again this price is intended primarily to provide geographic 

variation in the relative price that individuals face across the country based on supply 

shifting characteristics. A t-test for a statistical difference in means rejects the null of 

equal means at the 5% level. This suggests that individuals whose employers responded 

to the insurance component live in areas with lower cost of care. The magnitude of the 

difference, however, is small suggesting that such geographic variation is likely to be 

small. If cost sharing is negatively related to prices, this would suggest that IC sample 

individuals will have higher cost-sharing rates than the general population with employer 

provided insurance.  

Insurance and employer characteristics are presented for the IC sample only 

because these data are drawn from the insurance component. The first variable, percent 

paid by individual, referred to as σ above, is used to summarize the level of coverage 

provided by an insurance plan and is the same for all individuals within a family. The 

average degree of cost sharing is quite low at 3.79%, suggesting that individuals pay only 

$3.79 for every $100 of services used. This low number is due to a large number of zeros 

discussed above, where individuals have purchased insurance plans covering the full cost 

of care for physician visits. The indicator for whether or not the plan has a deductible 

indicates that only about 13% of plans in the insurance component have a deductible. Just 

under half of those in the insurance component have family coverage. Average annual 

premium paid by employee is just over $900. This number falls a bit below the median 

because some employers cover the full cost of insurance.  
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The number of employees in the firm is included because it has been used in 

previous studies as an instrument for insurance choice. The average number of employees 

is large at 386,490. Much of this can be explained by the large number of government 

employees that are included in the sample. Survey administrators successfully matched 

all state and federal government employees from the full MEPS sample with data from 

their respective government employers. This was not feasible for private employers, since 

many of the employers contacted refused to participate. Roughly 10 percent of the sample 

is a federal employee and another 18 percent are state employees. Excluding those 

individuals, the average employer size drops by 90 percent, to just over 38,000 

employees. The dramatic decrease in the average firm size suggests that the impact of 

government employees may be large. A separate analysis will be carried out on a subset 

of the sample excluding government employees to test the robustness of results.  

To control for family size and differences in demand for insurance and care 

between gender and age simultaneously, a series of count variables is defined to capture 

the number of adults and children of each gender within an insurance unit (or family). T-

tests comparing the sample averages for family size variables indicate significant 

differences for male adults, female adults, and male children. In all cases, the IC sample 

has more individuals, implying that there are larger families in this sample.  

Race for each family is identified by the race of the household head. Differences 

in the racial distribution across the two samples are statistically insignificant at the 5 

percent level. Similarly, marital status is defined based on whether or not the household 

head is married. The insurance component appears to have slightly fewer married 

individuals but the difference is insignificant. 

Education is defined in the same way as race and marital status, using education 

for the household head. The percent of household heads with more than a high school 
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degree is higher in the IC sample.  This may be due to selection on the part of both firms 

and individuals.  The IC sample has a disproportionate number of large firms, who recruit 

more highly educated workers in order to staff multiple levels of management and to 

satisfy specialization needs within the company. For individuals, the higher percent of 

workers with greater than a high school degree could reflect selection by higher quality 

workers into firms with better job security and benefits. Despite the differences in 

employer size and education between the two samples, income does not differ 

significantly. If anything, income appears smaller in the IC sample where individuals 

work for larger employers and tend to have higher education. Because insurance plans 

cannot be compared across the two samples, not much can be said. But these stylized 

facts do suggest that larger firms may rely on their competitive advantage of size and use 

benefits rather than simply using income to attract higher quality workers. 

Finally, total family scores from the two expenditure risk models are provided for 

both samples. The total risk factors are roughly two-and-a-half times the risk factor for an 

average person, which is defined to be one, due to the average family size of about 2.5. 

Total family expenditure risk is lower in the IC sample than the full MEPS sample for 

both measures, but only significant in the case of the simpler gender-age model. If larger 

employers provide better insurance, those with worse health might be expected to select 

into these jobs (adverse selection). On the other hand, because families may maintain the 

same coverage for many years, the lower average family risk in the IC sample may 

indicate the effectiveness of better coverage at maintaining health. As with other 

significant differences, however, the difference is small and is not likely to have much of 

an impact on results pertaining to the sensitivity of demand for insurance to changes in 

the gross price of medical care. 
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4.4 Results 

The primary purpose of this study is to determine whether the health insurance 

contract choice effect is a statistically significant phenomenon.  Due to the substantial 

censoring of the data, ordinary least squares (OLS) leads to biased and inconsistent 

estimates of the impact of covariates on insurance choice and is therefore not appropriate. 

Instead, a Tobit model is used to account for the censoring of the data at zero. The Tobit 

analysis allows the data to take on a distribution that is a mixture between the discrete 

choice of buying full coverage (i.e. purchase a plan with 0% cost sharing) and the 

continuous choice of how much coverage to buy if a positive level of cost sharing is 

chosen, but is determined by the same set of covariates. 

In addition, an ordered probit can be used because only a small number of cost-

sharing rates are ever chosen in insurance contracts. In particular, Table 4.1 reveals that 

over 97% of plans are characterized by 0%, 10%, or 20% cost sharing. The remaining 

plans are grouped into bins so that the ordered probit analyzes choices over the groups 

0%, 1-15%, and 20-50% cost sharing. The use of an ordered probit in the present context 

emphasizes the ordinal nature of the data rather than a particular level of cost sharing that 

an individual chooses. Results from the ordered probit directly reveal whether covariates 

increase or decrease the desired level of cost sharing. To provide a sense of scale for the 

relative importance of each of the covariates in the ordered probit, marginal effects are 

also calculated at sample means to indicate the marginal impact that each covariate has 

on the probability of choosing an insurance plan in each group. 

Each approach provides a statistical test of the sign and significance of the 

contract choice effect. Results from the Tobit can be interpreted in a similar fashion to a 

standard OLS regression where inferences can be drawn about the latent variable, which 

measures the demand for cost-sharing with no limit, or the censored data, which only 
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allows insurance to take on levels of cost sharing greater than or equal to zero. Results 

from an ordered probit are often manipulated in order to draw specific inferences about 

the probability of choosing a particular outcome. In the present analysis, the primary 

result of interest is the general impact of prices for medical care on the choice of 

insurance so the coefficient can be used directly to determine if covariates tend to 

increase or decrease the probability of choosing a higher or lower level of cost sharing. In 

addition, marginal effects indicate the relative importance of the various explanatory 

variables on the choice of insurance. 

Results from the full IC sample are presented in Table 4.3.26 The first column of 

results provides parameter estimates and the associated standard errors from estimation 

using the Tobit model. The scale parameter of the Tobit, which is not included in the 

table, is 18.52 with a standard error of 0.65. The likelihood ratio test provided in the table 

tests the overall significance of the model, which is found to be significant at all 

conventional confidence levels. The second column provides estimates from the ordered 

probit. In order to provide parameter estimates for both models in a clear manner, the 

intercepts from the ordered probit are excluded from table. Intercepts were positive and 

significant in all cases. As with the Tobit, the likelihood ratio test provides a test statistic 

that is significant at all conventional levels. 

                                                 
26 An alternative specification was tested that included a measure of risk aversion. Starting in 2000, a 
question about the survey respondent’s preferences toward risk was included in the general MEPS 
questionnaire. Families in the first survey year in 1999 and with data in the insurance component were 
given the year 2000 questionnaires in the second year of their participation. Assuming that relative 
preferences toward risk are stable over time, this data can be used in the analysis of 1999 data to provide a 
useful explanatory variable for insurance choice. This question asks the respondent whether they are above 
average, below average, or uncertain of their risk aversion relative to the general population. Only panel 4 
respondents have answers to this question, so analysis using this data is limited to a smaller sample. Several 
sets of summary variables were created from these responses and none were found to provide significant 
results. 
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Table 4.3: Full IC Sample Results 
  Tobit Ordered Probit† 
Variable Parameter Std. Err. Parameter Std. Err.
Intercept -4.472 9.219 .   
Medicare price for a midlevel doctor's visit -0.549 ** 0.204 -0.031 ** 0.004 

Insurance and Employer Characteristics      

plan has deductible 31.352 ** 1.455 1.730 ** 0.069 
plan provides family coverage 2.714 1.432 0.172 * 0.084 
annual premium paid by employee (thousands) -1.634 ** 0.519 -8.3E-5 ** 3.0E-5 
number of employees 4.0E-05 ** 5.4E-06 3.6E-6 ** 4.7E-7 
number of employees squared -1.9E-11 ** 2.1E-12 -1.6E-12 ** 1.7E-13 

Family Characteristics      

number of male adults 0.020 1.827 0.022 0.106 
number of female adults 2.262 1.822 0.149 0.107 
number of male children 0.584 0.808 0.022 0.047 
number of female children -0.455 0.895 -0.028 0.052 
household head is black (not hispanic)=1 -1.237 1.787 -0.102 0.105 
household head is neither white nor black=1 -0.937 1.607 -0.106 0.094 
household head is married=1 1.674 1.933 0.082 0.113 
household head is a high school graduate=1 -3.149 1.800 -0.147 0.106 
household head has more than a high school degree=1 -4.510 * 1.801 -0.217 * 0.106 
total family income (thousands) 0.032 0.017 1.6E-03 1.0E-03 
metropolitan statistical area=1 -0.679 1.371 -0.064 0.079 

total family risk from health conditions DCG model -0.228   0.378 -0.018   0.023 
Model Summary Statistics Likelihood Ratio Test: Likelihood Ratio Test: 

χ2=1026     p-value<.0001 χ2=1008        p-value<.0001
†Intercepts vary for each response. For simplicity, intercepts are not reported. In all cases, the intercepts were positive and significant. 
* indicates significance at the 5% level. ** indicates significance at the 1% level. 
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The key result is that the gross price measure has a negative and highly significant 

effect on the degree of cost sharing using both the Tobit and ordered probit 

specifications. This suggests that the contract choice effect is a key component in the 

ultimate determination of the demand for health care. The elasticity associated with the 

Tobit estimate, evaluated over the region of positive values, is -0.33, so that a ten percent 

increase in the gross price of medical care leads to a 3.3% decline in the level of cost 

sharing. The contract choice effect corresponds to the third case in the D-K paper; it is 

not powerful enough to generate the perverse outcome of an upward sloping medical care 

demand curve, but it does serve to reduce the magnitude of the standard negative demand 

response to a rising price.  The purchase of a plan with a lower percentage of cost sharing 

partially offsets the rise in the net price of medical care caused by the price increase. The 

observed price elasticity of demand for medical care will be tempered. The parameter 

estimate from the ordered probit confirms the general finding that individuals facing 

rising medical care prices have a significantly higher probability of purchasing a plan 

with a lower degree of cost sharing.  

In addition, marginal effects evaluated at sample means for all three groups are 

included in Table 4.4. The effect of a 10% increase in the gross price is an increase of 

1.2% in the probability of choosing a plan with 0% cost sharing (the most generous plan 

possible) with a compensating decrease of 1.2% in the probability of choosing a plan 

with 20-50% cost sharing. There is essentially no change in the probability of choosing a 

plan with 1-15% cost sharing. 

Other insurance and employer characteristics also significantly affect the degree 

of cost sharing. Plans with a deductible tend to have higher levels of cost sharing. 

Because deductibles lead to a greater overall portion of medical costs paid for by the 

enrollee, a priori expectations might be to find some trade-off between having a 
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deductible and the level of cost sharing associated with a plan. Instead, the positive 

coefficient indicates that the two attributes vary together and employers in the IC sample 

offer plans that are generally more or less generous based on both measures. When 

evaluated over the positive values, the Tobit coefficient indicates that plans with 

deductibles are associated with an 8.2% higher level of cost sharing. The ordered probit 

also identifies a significant positive effect. 

Table 4.4: Ordered Probit Marginal Effects (Full IC Sample) 
  Marginal Effects 
Variable prob(y=0) prob(y=1) prob(y=2)
Medicare price for a midlevel doctor's visit 0.012 3.6E-5 -0.012
      
Insurance and Employer Characteristics     
plan has deductible -0.418 -0.175 0.592
plan provides family coverage -0.064 -2.2E-4 0.065
annual premium paid by employee (thousands) 0.031 9.6E-5 -0.031
number of employees -9.0E-7 -2.8E-9 9.1E-7
      
Family Characteristics     
number of male adults -0.008 -2.6E-5 0.008
number of female adults -0.056 -1.7E-4 0.056
number of male children -0.008 -2.5E-5 0.008
number of female children 0.010 3.2E-5 -0.010
household head is black (not hispanic)=1 0.039 -3.7E-4 -0.038
household head is neither white nor black=1 0.040 -4.4E-4 -0.040
household head is married=1 -0.031 1.5E-4 0.031
household head is a high school graduate=1 0.056 -8.7E-4 -0.055
household head has more than a high school degree=1 0.081 0.001 -0.082
total family income (thousands) -0.001 -1.8E-6 0.001
metropolitan statistical area=1 0.024 3.9E-4 -0.024
total family risk from health conditions DCG model 0.007 2.1E-5 -0.007

As expected, the size of the premium paid by the employee has a negative effect 

on cost sharing. Because more generous plans cost more, employers often pass at least a 
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portion of those higher costs on to employees. In the regression analysis, the premium 

paid by the employee is measured as an annual premium in thousands of dollars. The 

Tobit coefficient of -1.63 suggests that every additional thousand dollars paid by the 

employee leads to a decrease of less than a half of a percent in the level of cost sharing 

desired. Ordered probit estimates also confirm a small negative impact of premium on 

cost sharing. 

Because of the large amount of variation in firm size, a quadratic term is included 

in the regressions to allow firm size to affect cost sharing in a more flexible way. In both 

cases, both the linear and quadratic terms are significant and indicate that the size of the 

employer has the effect of increasing the level of cost sharing in plans offered to 

employees, a counterintuitive result. The quadratic term, however, indicates that the 

impact of increasing size diminishes for very large firms. The Tobit results suggest that 

the impact of increasing size results in higher levels of cost sharing for firms up to about 

a million employees but that beyond that point, larger firms tend to offer plans with lower 

cost sharing. These findings are thus only partially consistent with the hypothesis that 

larger firms should be expected to provide more generous plans. 

Almost all of the family characteristics included in the regressions are statistically 

insignificant.  The sole exception is higher education.  Households with heads having 

education beyond high school tend to select more generous insurance plans.  Having 

greater earning potential, it would be reasonable for them to see greater benefit to 

investing in health.  

The insurance model includes the family-level expenditure-risk measures from 

the age, gender, and health conditions DCG model. Total family risk has the expected 

negative impact on the degree of cost sharing such that those who expect to have higher 

medical expenditures choose better coverage. This effect, however, is not significant in 
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any of the three models. The alternative risk measure based only on age and gender was 

also tested and gave similar results. 

To investigate the extent to which the high percent of government employees may 

bias the results, the same analysis is carried out on a subset of the sample excluding 

government employees. These results are presented in Table 4.5. As before, marginal 

effects for the ordered probit are computed to indicate the impact of each covariate on the 

probability of choosing a plan in each of the three bins. These marginal effects are 

presented in Table 4.6.  

The price elasticity implied by the Tobit estimates is higher for the non-

government sample than for the full sample with the point estimate evaluated over the 

region of positive values equal to -0.61. Because government employees face a different 

set of insurance choices with different premium sharing between employee and employer, 

it may be the case that the difference in price elasticity is due to differing characteristics 

of the choice set each group faces. This larger price sensitivity of insurance choice to 

medical care prices for the non-government employees results in a smaller ultimate price 

elasticity of medical care as the contract choice does more to temper demand for care. 

Other results are generally consistent with the results from the full sample. 

The central result holds in both samples and across both estimation strategies; the 

contract choice effect is negative and highly significant. To determine if the effect is 

“weak” or “strong,” as defined by Dusansky and Koç, and the resulting effect that the 

contract choice effect has on the demand for care, the price elasticity of insurance with 

respect to the gross price of medical care needs only to be compared with one. With the 

Tobit estimation, the price elasticity evaluated at the average gross price for a plan with 

20% cost sharing is found to be less than one, indicating a weak effect. This implies that  
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Table 4.5: Limited IC Sample Results: No Government Employees 
  Tobit Ordered Probit† 
Variable Parameter Std. Err. Parameter Std. Err.
Intercept 5.801 10.321 .   
Medicare price for a midlevel doctor's visit -0.767 ** 0.230 -0.039 ** 0.013
          

Insurance and Employer Characteristics         
plan has deductible 30.054 ** 1.616 1.621 ** 0.080
plan provides family coverage 3.015 1.627 0.199 * 0.095
annual premium paid by employee (thousands) -1.704 ** 0.574 -0.090 ** 0.032
number of employees 6.3E-5 ** 1.5E-5 3.4E-6 ** 7.9E-7
number of employees squared -4.6E-11 ** 1.6E-11 -1.2E-12 1.0E-12
          

Family Characteristics         
number of male adults -1.955 2.107 -0.086 0.121
number of female adults 2.336 2.084 0.152 0.122
number of male children 0.384 0.919 0.011 0.054
number of female children -0.702 1.007 -0.045 0.058
household head is black (not hispanic)=1 -1.295 1.989 -0.091 0.113
household head is neither white nor black=1 1.089 1.788 3.4E-4 0.104
household head is married=1 3.082 2.192 0.168 0.126
household head is a high school graduate=1 -3.457 1.927 -0.166 0.112
household head has more than a high school degree=1 -4.411 * 1.955 -0.218 0.113
total family income (thousands) 0.033 0.019 0.002 0.001
metropolitan statistical area=1 -0.588 1.569 -0.053 0.091
total family risk from health conditions DCG model -0.212   0.451 -0.019   0.027
Model Summary Statistics Likelihood Ratio Test: Likelihood Ratio Test: 

χ2=681     p-value<.0001 χ2=631    p-value<.0001 
†Intercepts vary for each response. For simplicity, intercepts are not reported. In all cases, the intercepts were negative. The coefficients were only significant for the 
highest percent cost sharing plans. * indicates significance at the 5% level. ** indicates significance at the 1% level.
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Table 4.6: Ordered Probit Marginal Effects (No Government Employees) 
  Marginal Effects 
Variable prob(y=0) prob(y=1) prob(y=2)
Medicare price for a midlevel doctor's visit 0.015 7.8E-04 -0.016
      
Insurance and Employer Characteristics     
plan has deductible -0.568 0.034 0.533
plan provides family coverage -0.075 -0.004 0.079
annual premium paid by employee (thousands) 0.034 0.002 -0.036
number of employees -9.0E-07 -4.8E-08 9.5E-07
      
Family Characteristics     
number of male adults 0.032 0.002 -0.034
number of female adults -0.057 -0.003 0.060
number of male children -0.004 -2.1E-04 0.004
number of female children 0.017 9.0E-04 -0.018
household head is black (not hispanic)=1 0.034 0.002 -0.036
household head is neither white nor black=1 0.000 -6.4E-06 0.000
household head is married=1 -0.063 -0.004 0.066
household head is a high school graduate=1 0.062 0.004 -0.065
household head has more than a high school degree=1 0.082 0.004 -0.086
total family income (thousands) -0.001 -3.5E-05 0.001
metropolitan statistical area=1 0.020 9.9E-04 -0.021
total family risk from health conditions DCG model 0.007 3.74E-04 -0.007

the contract choice effect tends to temper the price responsiveness in the demand for 

medical care, but does not lead to upward sloping demand for care. 

 

4.5 Conclusion 

The large body of empirical work studying the interdependence of demand for 

medical care and demand for health insurance has focused on moral hazard and adverse 

selection. A third largely ignored link between health insurance and the demand for care 

is the contract choice effect. This chapter tests for the importance of the contract choice 
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effect. The relationship between the degree of cost sharing chosen and the proxy for gross 

price used in this study is found to be negative and significant using Tobit and ordered 

probit estimates. This provides strong evidence of the existence and sign of the contract 

choice effect. 
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Chapter 5: Conclusion 

This dissertation has studied two specific phenomena that may be contributing to 

the ever-expanding market for health care. Chapters two and three focus on overweight 

and obesity while the fourth chapter examines the impact of the health insurance contract 

choice effect. Each chapter contributes to a better understanding of individual health 

behaviors and how utility maximizing individuals, acting both inside and outside of the 

formal market for health care, contribute to rising health expenditures. 

Chapter two tests for addiction to food as a possible contributing factor to 

overweight and obesity among adults. This research provides the first empirical evidence 

of addiction to food that relies on exogenous price variation in a nationally representative 

sample. While currently available data limit the ability of this analysis to determine the 

specific nature of food addiction, they do provide strong evidence that addiction does 

exist, and that this quality of individual demand suggests a more important role of falling 

real food prices as a contributing factor to the rising prevalence of overweight and obesity 

in recent years. This finding also suggests that economic interventions in the market for 

food may do more to curb consumption and reduce weight than previous studies suggest. 

The finding of significant addiction to food suggests that future work on the 

demand for food should incorporate some form of addiction into the analysis. Because 

the particular nature of addiction is relevant to any discussion of public policy, future 

work should seek to identify opportunities to test whether addiction is rational or myopic 

such as a natural experiment brought on by a legislative change. Future work should also 

seek to study a broader set of foods and focus on the substitution across foods, so that 

more general inferences can be drawn about the impact of addiction on the demand for 

food. In addition, future releases of the NHANES will provide a similar set of data to 
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those currently used that test the hypothesis of food addiction over a different time 

period. Testing for addiction to food in other food items or other time periods will 

provide an important test of the robustness of the findings presented in chapter two. 

The third chapter studies childhood obesity with an emphasis on developing a 

better understanding of the intergenerational transmission of weight. Through the use of 

novel data, this analysis is able to directly study the relative importance of socio-

economic status, genetics, and other family influences. The most important factors are 

child’s race, gender, and parental education. In addition, the results indicate that quantile 

regression is a more appropriate approach to studying childhood weight than models of 

discrete choice that have been popular in the literature. The quantile regressions indicate 

that the significance of nearly all covariates disappears for children with the highest 

weights. Finally, this analysis captures the effect of biology. Beyond the benefit of living 

with a biological parent, the marginal effect of parental BMI on child BMI is small at all 

points in the child BMI distribution and is insignificant at the right tail. While genetics 

undoubtedly influence a child’s weight, the overall effect of genetics on childhood 

obesity appears small. This conclusion is consistent with the historical context of rapid 

increases in the prevalence of childhood obesity over the last several decades combined 

with a lack of any identifiable change in the genetic makeup of the population. Perhaps 

studies identifying a significant role for parental BMI that do not control for biology have 

overstated the explicit biological basis for that link.  

The analysis of the third chapter indicates that future research on childhood 

weight should use quantile regression rather than the commonly used probit or logit. The 

data required to carry out a quantile regression are nearly always available in studies of 

childhood weight and the approach is found to provide a more complete picture of the 

relationship between explanatory variables and weight. The results also suggest that 
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quantile regression may prove useful in studying adult weight for the same reasons as it is 

useful in studying child weight. Because the third chapter indicates that the most severe 

cases of obesity have little relationship to the characteristics of parents or the shared 

family environment, the findings suggest a need for continued research on the topic to 

identify the causes of the most severe cases of obesity in children. The extreme cases of 

childhood obesity are most harmful to health and should be of greatest concern to 

researchers and policy makers.  

The fourth chapter examines insurance choice with an emphasis on testing for the 

significance of the contract choice effect. The effect is found to be significantly negative. 

The contract choice effect can therefore be said to reduce the long-run price elasticity of 

the demand for medical care. In a world of increasing cost of care, the effect of insurance 

contracts can therefore be said to exacerbate the trend by tempering the reduction in 

quantity demanded that would otherwise occur. 

While the results from the fourth chapter indicate that the contract choice effect 

has a significant impact on the demand for care, the results provide only limited insight 

into the magnitude of the effect due to the price proxy used. Future research should 

identify a price measure that provides an aggregation of transaction prices so that 

geographic comparisons provide not only a relative price measure but also accurately 

reflect the price level in each area. In addition future work should examine the contract 

choice in a more general setting, including insurance plans that offer flat fee co-pays and 

including other types of medical care.  

The three substantive chapters of this dissertation each contribute to a better 

understanding of how economics affects health. In addition to providing empirical 

results, each chapter also identifies important areas for future research including topics 
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related to food addiction, the intergenerational transmission of health, and the impact of 

the insurance contract choice effect.  
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Appendix A1: Price Effects under Myopic and Rational Addiction 

Because myopic individuals are not forward-looking, the impact of a one-period 

change in prices in period t on consumption in period t is the same as a permanent change 

in prices starting in period t, denoted . The within-period responsiveness to a change in 

prices in t, temporary or permanent, is the standard time-separable price effect: 

 

This is the short-run effect. Because consumption in period t changes, consumption in 

future periods will also be affected though to a lesser degree as the habit stock 

depreciates. If the price change is temporary, the long-run effect tends toward zero. If the 

price change is permanent, the long-run effect will be larger than the short-run effect due 

to the accumulation of the habit stock from each period’s short-run price response. The 

long-run effect is simply  

1  

Price effects with rational addiction are derived in Becker, Grossman, and 

Murphy (1994) and are provided here for reference. If consumers are forward-looking, 

the effects of anticipated price effects and unanticipated price effects differ. In the case of 

anticipated price effects, consumers adjust their consumption patterns as soon as they 

become aware of any future change in prices. The following two equations determine the 

effects of a one period price change in period τ on consumption in period t: 



 94

1 1
 

1 1  

where    
 

1 1 4 1 /

2 1
 

and
 

1 1 4 1 /

2 1  

Similarly, the effect of a price change only in period t on consumption in period t is 

1 1  

To obtain the completely unanticipated price effect, set t or τ equal to 1 in each of the 

three equations above. To obtain the fully anticipated price effect, let t or τ approach 

infinity.
 
The effect of a permanent change in prices beginning in period t on consumption 

in period t is 

1 ⁄
1 1
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To obtain the effect of an unanticipated change, set t equal to 1. This simplifies to the 

following expression: 

1 1
 

This is the short-run effect of a permanent change in prices. Note that this will be larger 

in magnitude than the short-run effect in the case of myopia because the effects of future 

price changes are incorporated into the current period consumption decision. Also, the 

effect of a permanent change in prices beginning in period t does not lead to a different 

long-run prediction as in the case of myopic habits, because individuals are fully 

adjusting their consumption in period t to the future prices. 

 Finally, Becker, Grossman, and Murphy consider a “long-run” effect of a 

permanent change in prices in all periods, denoted Pj. 

1 1 1
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Appendix A2: Graphs of Average Prices 

Figure A2.1: Average Prices for White Bread 

 

Figure A2.2: Average Prices for Ground Beef 
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Figure A2.3: Average Prices for Bacon 

 

Figure A2.4: Average Prices for Potato Chips 
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Figure A2.5: Average Prices for Potatoes 

 

Figure A2.6: Average Prices for Apples 
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Figure A2.7: Average Prices for Oranges 

 

Figure A2.8: Average Prices for Grapefruit 
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