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Abstract

In order to explain the substantial recent increases in obesity rates imitesl $tates, we consider
the effect of falling food prices in the context of a model involving endmges body weight norms
and an explicit, empirically grounded description of human metabolism. Unlikequs represen-
tative agent models of price-induced gains in average weight, our modaicliding metabolic
heterogeneity, is able to capture changes in additional features of thibuistr, such as the dra-
matic growth in upper-quantile weights that are not readily inferred fromré¢peesentative agent
setting. We calibrate an analytical choice model to American women in the 30-yed-old age
bracket and compare the model’s equilibrium weight distributions to data NBEIISNES surveys
spanning (intermittently) the period from 1976 through 2000. The modé€igissincreases in av-
erage weight and obesity rates with considerable accuracy and captaomsiderable portion of
the relative growth in upper-quantile weights. The differential respomg®ice declines across
the distribution depends on the fact that human basal metabolism (or reatovge @xpenditure)
is increasing and yet concave in body weight, and therefore food effeets on weight tend to
be larger for individuals who are heavier initially. The lagged adjustmeweifht norms helps to
explain recent observations that obesity rates have continued to risetsgmid 1990s, despite an
apparent levelling off of price declines. The predicted increase in badght aspirations agrees
with an observed trend in self-reported desired weights, and it defieptiventional wisdom that
thinness has been a growing obsession among women in recent decades.
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1 Introduction

The startling growth rates of average weight and obesitygbeace in the United States over the past 20
to 30 years have received widespread media attention feralexears running. Obesity has become an
object of grave concern among public health officials andspasvned voluminous research in the fields
of medicine, public health, and, increasingly of late, emaits. Concern has focused on identifying
the causes of obesity and on enumerating the costs of obetatyed morbidity and mortality, in both
economic and human terms (Hassan et al. 2003, Himes 2000e1faash and Biddle 1994, Cawley
2004, Pagan and Davila 199%7)The weight distribution in the United States has not only enad
considerable shift to the right—average adult female wieifit example, increased by 20 pounds,
or 13.5 percent, between 1976-80 (NHANES II) and 1999-2000ANES 99)—but the upper tail
has experienced disproportionate growth: For women owesdime time span, 95th-percentile weight
grew 16.7 percent, from 215 to 251 pounds, and 99th-peteeméight increased 18.2 percent, from
258 to 305 pounds, as shown in Table 1 and Figute€ The official definition of obesity employed
by the Centers for Disease Control (CDC) and by the World HealtfaQization (WHO) is a body
mass index (BMI) value of 30 or greater, where BMI is the ratiovefght, measured in kilograms, to

squared height, measured in meters. For a 5’'4” woman, 178dsoor greater classifies as obese, and

The level of alarm has become so pronounced as to have alspagiyned a backlash by players in the food industry
(see www.consumerfreedom.com) seeking to forestall eggryt interventions and by scientists claiming that thelthea
risks of overweight and obesity have been overstated (2i965). Some have also questioned the CDC's classificafion o
obesity based on body mass index (BMI), but few have doulhtednagnitude of the changes in the weight distribution.

2Changes of similar magnitude are observed in the BRFSS @atsebn 1990 and 2002 as shown in Table 1. For men,
95th (99th) percentile weight increased from 230 (264) té £338) pounds, and the average increased from 177 to 192
between NHANES Il and NHANES 99 as shown in Table 1.

3The empirical findings on body weight presented in this paperbased on samples of 30-to-60-year-old Americans
from two surveys administered by the Centers for DiseasérGland Prevention: The Behavioral Risk Factor Survedi&an
System (BRFSS) and waves ll, Ill, and 99 of the National Heaitd Nutrition Examination Survey (NHANES II, Ill, and
99). The BRFSS is an exceptionally large random sample ofégbiglent population 18 years and older in participating
states of the U.S. Self-reported information on actual iMegidesired weight, and demographic characteristics tsegetl
in cross-sections between 1990 and 2002 (1994-2002 foredesieight). We correct for potential bias of self-reported
weights (see Villanueva 2001) following the approach by €bbal. (2004) using NHANES Il data for the 30-60-year
olds. NHANES II, lll, and 99 collect information from mediaaxaminations on weight and health status of a cross-sectio
of the U.S. population in 1976—-1980, 1988-1994, and 19988-2CGombining the data from these two sources allows us to
track changes in the distribution of weight and BMI by denagdnic characteristics between 1976-80 and 2002.



for a 59" man, the obesity threshold is 203 pourids.

A number of papers in economics have sought to explain gbgsitvth among American adults
over varying time spans of recent history. The explanatiang focused on standard economic influ-
ences, such as falling food prices and preparation times@sd reductions in physical labor on the
job (Chou et al. 2004; Cutler et al. 2003; Philipson and Pos889 1l akdawalla and Philipson 2002).
The theoretical models offered study representative agard speak primarily to secular trends in av-
erage weight. Although the model of Cutler et al. (2003) (leéoxth: CGS), emphasizing self-control
problems, can predict growth in upper-quantile weightatret to the mean, the prediction is sensitive
to the empirical variation in self-control over food intakeriation that is neither well understood nor
readily observed. The prior works abstract from biologietierogeneity, known to be a major factor in
weight variation (Cawley 1999, Chou et al. 2004), and eitheoig or hold fixed the social influences
on weight determination. In this paper, we argue that a ridescription of the social and biological
determinants of weight gain—interacted with falling foaicps—contributes substantially to a more
complete understanding of the evolution of the weight dtigtron over the past 30 years.

Although not advanced explicitly in the literature to datdypothesis could be made that changes
in the income distribution over the past 30 years in the U.&y explain increased weight dispersion
and disproportionate weight growth in the upper tail ovés treriod. Given that, prior to the 1980s,
the overall obesity rate in the U.S. exhibited a strong negaelationship with income, the dispropor-
tionate growth in the upper tail could have been the resujreater weight gains among the (initially
more overweight) lower classes than among the upper class. &prediction seems natural, if income
insulates individuals from forces promoting weight gaieg that in recent decades the rich got richer
and the poor saw incomes remain flat (Gottschalk and Dan2ig@%). However, the NHANES data

indicate that the obesity rate among the top 25% of the inadistebution increased by substantially

4BMI values between 18.5 and 24.9 are considered “healthyil Bss than 18.5 is “underweight,” and BMI between
25 and 29.9 is “overweight” but not obese. BMI thresholds®&8d 40 are used to classify increasingly severe degrees of
obesity. The thresholds are based on correlations with igitytand mortality risk (Kuczmarski and Flegal 2000). Seale
websites offer simple BMI calculators. See, for examplg:Htvww.cdc.gov/nccdphp/dnpa/bmi/.



more than did the rate among the lowest 25% between the e@rlysland 2004. In addition, income
explains only a very small portion of variation in BMI and oltgsates in the United States (Chou et
al. 2004), and therefore cannot be driving the aggregatelste

In our choice model, utility depends on food and non-foodscwnption, and on how individual
weight compares with a social weight standard or norm. Esttenresearch in the fields of social
psychology (see, e.g., Garnet et al. 1980, Mazur 1986) aridlsology (Pinker 1999) confirms that
standards of physical appearance are powerful motivatémsroan behavior, although these disciplines
may disagree on the forces that determine the content ofsganddards. Previous economic models of
weight determination have incorporated weight standardsiious ways, for example by embedding
either an “ideal weight” (Lakdawalla and Philipson 2002)aotfsocio-cultural weight norm” (Levy
2002) into the utility function, or by positing a marginalstaf weight gain motivated by social and
health considerations (CGS). In contrast to these exogeserfications, we posit an endogenous
social weight standard that depends on aggregate behawloe social group. This specification gen-
erates a number of predictions that differ from those thaeawhen norms are held fixed, and we find
that the data provide stronger support for the model withldlexsocially-determined norms.

Through analytical results and calibrated simulationsjliustrate how food price declines affect
the entire weight distribution and describe explicit athusnt dynamics across long-run equilibria. The
metabolic model and simulations are calibrated to Amengamen ages 30 to 60. This demographic
restriction enhances the calibration’s precision, bee#ws physiological and social processes we con-
sider are gender and age-group specific. Consistent withetiagfok this demographic group, observed
in the NHANES Il, NHANES I, and NHANES 99 studies, we predarge increases in mean weight,
and even larger gains in upper-quantile weights, as the jjowe falls. For simulated price declines
based on independently estimated trends in the full priceglerie of food, including both the money
price and time costs, the predictions match the quant#athanges in average weight and the obesity
rate for this group with considerable accuracy. Countewtectimulations in which weight norms are

fixed do not explain the data as well. Depending on how ragltyweight aspiration adjusts to chang-
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ing behavior, the dynamic analysis shows that equilibrigjustments may occur with a substantial
lag, helping to explain the observations, over the past éamsy that food prices have been roughly flat
and yet average weight and obesity rates have continueseto ri

Among a number of genetically-influenced physiologicatdas known to affect weight and BMI,
the basal metabolic rate (BMR)—the calories expended pendédneimaintenance of involuntary bod-
ily functions with the body at rest—is arguably the most imtpot and is relatively easy (yet expensive)
to measure (Schofield et al. 1985, Cunningham 1991). Usinglekn@wvn data set containing direct
observations of basal metabolic rates, we estimate panameidels of metabolism in relation to body
weight, including a description of its idiosyncratic cormgoit. While previous economic models of
obesity have assumed that metabolism is linear in weiglmsistent with the most recent research on
metabolism (Horgan and Stubbs 2003, Cunningham 1991) welfatdriodels where BMR s strictly
concave in weight fit the data better. By embedding the me@bmbdel into the economic choice
model, we can describe complete weight distributions al éacd price value. More important than
capturing cross-sectional weight variation (and metah@lriation appears capable of explaining a sub-
stantial portion of the latter), the metabolism model haida-obvious consequences for the evolution
of the distribution over time as prices fall: The margindket of calorie consumption increases, on
average, as average weight grows, even with no change indtiniddtion of genetic endowments. This
result contributes significantly to growth in upper-tailiglgs relative to the mean and does not arise
when metabolism is assumed to be linear in weight. Althougis cmay not be the definitive model of
metabolism (given some limitations in the BMR data discussddw), the analysis shows that getting
the model right clearly matters for prediction and policyalysis.

We alsoillustrate the distributional implications of aitative explanatory models of obesity growth,
including those of CGS, and a model of rational addiction &thfrom Cawley (1999). We introduce
heterogeneity in the respective explanatory factors de=tin these models—self-control over food
intake and addictive propensity—and describe the regultieight distributions at different price lev-

els. (In the case of CGS, we vary food’s time cost and its momnieg geparately, in keeping with their
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framework.) We find that variation in these behavioral sgrditariation that may have genetic under-
pinnings) can lead to greater weight gains in the upper fat@ distribution than at the mean, when

food prices fall. However, these predictions rely on urfianie (as yet) assumptions about the distrib-
utions of self-control and addictive propensities in theyation. We therefore view these alternative
frameworks as complementary to our own and argue that arhetterstanding of the severity and

prevalence of self-control and addiction problems coriogrfood is needed in order to assess their
contributions properly.

Social comparison in the model implies that individualsisgo weigh less (by some fraction)
than average weight in the population at a given time. Thadoganous weight aspiration therefore
increases as food prices fall, because the price declireesaverage weight to increase. Although it
is difficult to observe weight norms directly, this predictiagrees with the observation that the self-
reported “desired weights” of Americans increased sigaifity between 1994 and 2002, complicating
the conventional wisdom that media images emphasizingdss perfectly dictate weight aspirations.
The data on desired weight evidence come from the CDC'’s Bel@WRask Factor Surveillance Survey
(BRFSS), which contains self-reported desired weights atthhweights for the same individuals.
While the data are not longitudinal, observations from ddfe survey years are instructive of overall
trends. In 1994, average weight for an American woman waspbdinds, and the average desired
weight was 132 pounds. By 2002, the average had increased3tpditnds, and average desired
weight had increased to 135 pounds. These figures—whiabwi@imilar patterns expressed in terms
of BMI—suggest a reduction in (implicit or explicit) socialgssure to maintain lower weights. Another
recent survey of weight perception (Rand and Resnick 20003 fimat 87% of Americans, including

48% of obese Americans, believe that their body weight falthe "socially acceptable” range.

5Self-reported weight data are known to be biased, and danescare suggested in Chou et al. (2004), among others.
However, self-reported desired weights must be taken &t ¥atue, since they can’t be checked against their “true” or
revealed values. Accordingly, in comparing actual weighhwlesired weight (or actual BMI with desired BMI), we use
self-reported values of weight, desired weight, and heigltese are reported in Figures 2 and 3. Alternatively, we can
correct both values according to the same algorithm, argktfigures are available on request. Either way, desiredhiveig
increases with actual weight over time.



The remainder of the paper is organized as follows. Sectes2ribes the theoretical model. Sec-
tion 3 analyzes the comparative static effects of price anlibgum weights, the weight norm, and
welfare. In Section 4, we simulate equilibrium weight dimttions under three different price levels
and simulate the dynamic adjustment paths across eqailidfe compare our results with benchmark
models involving weight-linear metabolism, a fixed weiglorm, and forward-looking (as opposed
to myopic) behavior. In Section 5 we evaluate explanatiamgte evolution of the weight distrib-
ution (again under falling food prices) based on variatiorself-control and addiction to food. The

concluding section discusses policy implications and iptexhs on the future of obesity.

2 Theoretical Framework

2.1 Agent-Based Model

The theoretical model takes an agent-based approachingogénetically heterogeneous individuals
interacting within a social group. The nature of the intémacis that each individual compares her
own weight to the group’s commonly-held norm or “desired’igi®, and this comparison enters her
optimization problem as described below. The existence @t standards may seem an obvious
social fact, but there is no scientific consensus on how theyaimed. Desired weight is defined as
a fraction, less than one, of average weight in the groupjstiterefore subject to change over time.
This specification, in which people aim to be thinner thanaherage person in the reference popu-
lation, combines two basic assumptions: 1) in contempdidegtern society, thinness (up to a point)
is prized (Garner et al. 1980, Mazur 1986), and (2) individ@ssess themselves in relation to others
rather than against an absolute scale. The latter assuniptlows the social interactions literature
in economics, as well as longstanding traditions in sogpland social psychology, in stressing the
notion that people are concerned with being normal in r@fetib their peers (see, e.g., Bernheim 1994,

Brock and Durlauf 2001, Becker and Murphy 2000, Bandura 1986yddwt al. 1970, among many



others). This specification creates room for gaps betweseprévailing white Western ideal of thinness
and the de facto standards to which individuals aspire (amatywhich they are judged), and ours is
consequently not a model of the evolution of the media idémmselves.

The assumption of a common (relative) weight norm is adutligthighly stylized, and we recognize
that individual weight aspirations are likely to exhibitadyncratic variation. In the BRFSS data for
30-60-year-old women, the coefficient of variation of degiweight is 13.9 percent. However, the
coefficient of variation of actual weight is significantlyegiter, at 23.1 perceftFigure 2 illustrates this
discrepancy by overlaying the distributions of actual aesiiced BMI. In addition, race is a significant
explanatory factor in desired weight for this sample. (Fég8 plots mean desired weights against
mean actual weights for various demographic groups.) Tfege suggest the presence of a social
component in the formation of weight aspirations. In assntinat the weight target is uniform across
individuals, the model takes the stylized view that this dgraphic constitutes a coherent social group.
Thus, the model is likely to generate less variation thanwitle idiosyncratic preference shocks or
multiple subgroup-specific weight targets. This approdrdfore constitutes a conservative test of
the explanatory power of social weight norfs.

Equilibrium for the system is defined as a weight distribate;md a norm that are mutually con-
sistent. Each individual maximizes a myopic utility furmctiover short-term food and non-food con-
sumption, taking the reference weight and prices into attbirood and non-food consumption are
both goods, but deviation from the reference weight is a Bfadeneral expression of the one-period

utility model is as follows:

Uit [, Gt [Wk_1] = Gi[Fit, Cit] — J(Wk [Fie, Wi ¢ 1, ] — My 1) (1)

R andGC; represent food and non-food consumption, respectivetypéoiodt. W _1 is weight at the

6For men the corresponding figures are 13.7 percent and 1&:6mgrespectively.

In two related papers, we explore the causes and implicatibuariation in weight norms across groups of women by
educational attainment (Burke and Heiland 2006a) and Biggké and Heiland 2006b).

8We will refer to the reference weight alternatively as thenmo
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end of period — 1, and is a product of past actions. Individual heteroggneitaptured by;, which

is a stationary shock to basal metabolism, described bet@ws the norm-independent component
of utility: It is strictly increasing and strictly concave C and strictly concave but not necessarily
monotonic inF. The term beginning witl gives the social-interaction component, which is the cost
of deviating from the reference weigiM, The subscript oM indicates that agents observe the value of
M at the end of periotd— 1 and take this as fixed in the optimization; in particulagytdo not forecast
the value ofM that will emerge as a consequence of aggregate behavioriodie The coefficient)
gives the strength of the social interactions, which is leeldstant across individuals. The presence of
a norm has the intuitive effect of lowering the variance ofghe in the population, even though not
everyone conforms to the norm exactly.

The individual correctly anticipates her own end-of-pdriweight as a function of food intake
and so takes into account the effect of current food consemin the cost of deviating from the
reference weight. This cost is symmetric—it is just as umdbke to be underweight relative to the
norm as to be overweight—and is meant to capture severalrkihgyes of sanctions. Stigmatization of
overweight (and underweight) individuals is well-docurnseh(Myers and Rosen 1999) and may entail,
for example, teasing, ostracism, and discrimination impir Peer pressure and contagion regarding
eating behavior have also been observed, particularly gradolescent girls (Crandall 1988). Ross
(1994) has emphasized depression as a consequence of mgrw8he identifies three causes of
depression among the overweight, two of which relate didct the presence of socially derived
weight norms. She finds that some overweight individualsobex depressed as a direct result of
negative self-perception and that these individuals termktong to social groups with a low incidence
of overweight. Graham and Felton (2005) reinforce thesearfgedin two ways: They find support for
the hypothesis that obesity contributes to depressionl€whjecting the reverse causality), and they
find that obesity does not raise depression risk signifigamtiong African-American women, a group
with one of highest obesity rates.

In addition to mental health costs, extreme overweight ardenveight entail significant physical
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health consequences. Several studies have shown, for kxahgi the risks of diabetes, heart disease,
osteoarthritis, and other health conditions acceleratie iwcreases in body mass index (e.g., Must et
al. 1999). In addition, mortality exhibits a U-shaped relaship to BMI among men in the U.S., indi-
cating that underweight imposes similar mortality riskoasrweight (Troiano et al. 1996). Evidence
from developing countries, where underweight is much moegglent, indicates substantially elevated
disease incidence among low weight (BMI below 20) individu@zzati et al. 2002). A model with
deviation costs that depend on a mutable norm will captuesdthealth costs only when the value
of the norm lies within the medically recommended range.hekgarameterizations we consider, the
emergent norms do, in fact, fall within this range, but in g@hthe model does not constrain them to
do so. The health costs of obesity in particular are partigcted in the increased per-capita health
spending among the obese relative to the normal weight ptpal(Thorpe et al. 2004).

In addition to psychological and physical costs, there amect economic costs associated with
overweight and obesity. For example, among younger whitefes (age 16—44) in the United States,
an increase in weight of two standard deviations has beenrsho reduce the average wage by 9
percent (Cawley 2004) Marriage-market penalties for overweight and obesity ajneamen, which
may involve both economic and psychic costs, have been dectet by Averett and Korenman (1996).

Successive optimization of the one-period problem impdi@svergence to a stable weight for any
given value ofM. This weight does not, in general, coincide with the stabdégit that optimizes a
dynamic programming problem in which one-period utilitygisen byU[.]. The myopic specification
may be taken to imply some lack of self-control, although wendt explicitly model a time inconsis-
tency problem, as do CGS. The model does not imply that indalglignore the future altogether, since
they take into account the near-term effect of calorie comgion on weight and factor in the social

cost (or benefit) of the weight change. This assumes thatithdils correctly perceive their net energy

9The results in Cawley (2004) and in Averett and Korenman §)98ased on recent U.S. samples, show weight-related
earnings penalties only for overweight and obese indivglu&ince the incidence of underweight in the U.S. is limited
these findings do not rule out the possibility of equivalerdremic costs among underweight subjects.
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intake1® We examine the robustness of our predictions to forwarétit@pspecifications and compare
the power of our model to others emphasizing intertemparaterns. As discussed in Section 5, we
find that the myopic specification does not drive the centralitptive results, but has an advantage in
explaining the quantitative response to price changesrasdme cases alters the welfare analysis.

For purposes of simulation and calibration we specify th&meation problem as follows:

MaX{Fth}Uit [Ft,Ct |VVI.,t—17 a, 67 B7 ‘]7 Y, P, &, Mt—l] = (2)

aFt — 8FZ + Blog[Cit + 1] — J(Wt_1 — (7/3500BMR(Y, p, &, Wit 1) +.9F — M¢_1)2,
st. pRh+G <Y.

Within the single period, calibrated to one week, the maxiginility of food, F, declines and eventually
becomes negative. The expression inside the parenthdkesgirig J just amounts to the difference
between end-of-period weight, and the normiM, as of timet — 1, as in equation (13! In the budget
constraint,p; represents the price per unit of food, where the size of tliteisidefined below and the
price of non-food consumption is normalized to ovi@ppresents weekly income.

Aside from the calories burned in digestion, we assume fopbcity that calorie expenditure is
limited to the basal metabolic rate (BMR), or the calories eeauhly to sustain basic bodily functions,
such as lung and heart activity, with the body at rest. Thaathge of this assumption is that BMR
has a strong exogenous (that is, genetic) component thdtdeesmeasured in numerous studies (dis-
cussed below). Of course, physical activity is an importamhponent of the energy balance equation,
inducing calorie expenditure over and above BMR in the shorf and possibly altering BMR in the
long run by increasing the quantity of fat-free body mass f@ugham 1991). For our purposes in

this paper, however, abstracting from the choice of physictivity level is a reasonable strategy, for

10There is evidence that people systematically underesgitthetir caloric intake (Wansink 2004), but we ignore this
problem in the current paper.

This social interaction term is similar to those in Glaeset Scheinkman (2002), Brock and Durlauf (2001), and Burke
and Prasad (2005), among others.
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several reasons.

First, we note that a number of other prominent papers initaeture, including Levy (2002),
Cutler et al. (2003), and Philipson and Posner (1999), aksat tll calorie-burning as exogenous.
Furthermore, a model with endogenous exercise choice, asidhat of Lakdawalla and Philipson
(2002), also predicts that body weight increases as the pfitood falls,ceteris paribus

Second, there is evidence that overall physical activiglein the U.S. have not changed much
since 1975 (CGS, Robinson and Godbey 1997). According to thikece, the slight declines in
average activity levels among adult women can only explamall portion of the increase in average
weights for this group over the relevant period. Howevetadeom the Continuing Survey of Food
Intake (as reported in CGS, Table 3) indicate that averageiealonsumption among women increased
significantly, by 143 calories per day, between 1977 and 1996

Third, our predicted relationship between the metaboldogmment and body weight is likely to
be qualitatively robust to the choice of exercise, unlesaggime a positive correlation between basal
metabolism and the disutility of exercise. The empiricatlence also supports the likelihood of ro-
bustness. Black et al. (1996) find, using extensive data frifloreat societies, that BMR is strongly
correlated with total energy expenditure (TEE). They alsd fhat the physical activity level, measured
as the ratio of TEE to BMR, is orthogonal to body weight. This nsedor example, that lighter in-
dividuals are not on average more physically active, nedat their size, than are heavier individuals.
These findings imply that, in expectation (and controlling lieight), total energy expenditure is the
same multiple (about 1.685) of basal metabolism for alivittlials in our demographic group.

A large literature, spanning the fields of public health ahdical nutrition, has concerned itself
with estimating predictive equations for BMR in order to hekgtermine caloric needs (for weight
maintenance, loss, or gain) based on readily measurediesiauch as weight, height, age, and sex.
Although consensus on a single best model has not been tkaaken together the studies indicate
broad agreement on a number of issues: (1) body weight isréfisant (positive) factor in BMR,

and knowledge of the weight-BMR relationship is crucial fetimating energy needs (Cruickshank
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1999); and (2) there is significant idiosyncratic variatioBMR around the predicted values. While
Cunningham (1991), Weigle et al. (1988), Pullicino et al. 980 and others have argued that lean
body mass is a better predictor of BMR than weight (and elitem@eeds for adjustments based on
age, sex, and height), the significant relationship betwesght and lean body mass implies a concave
relationship between weight and BMR (Cunningham 1991) thatbmaused when lean body mass
cannot be readily measured.

While some studies have found that the body responds to srontweight gain or loss with com-
pensatory changes in metabolism that seek to “defend” titialiequilibrium weight (Wilson 1999,
Labayen et al. 2004), the duration of these effects is unkndhile we do not dispute the possibility
of metabolic path dependence and other complexities ahtheidual level, two relatively recent stud-
ies (Martin et al. 2004, Arciero et al. 1993) found significpredictive power for a model of BMR first
advanced by Harris and Benedict (1919), indicating robsstio¢ the weight-metabolism relationship
(over a given weight range) to secular changes, such asaseteaverage calorie consumption, and
group-level differences in the populations under stifdy.

One model that is often employed for predictive purposebasaeight-linear model of Schofield
et al. (1985). Both CGS and Lakdawalla and Philipson (2002palieear specifications, and CGS
employ specific coefficients from the Schofield study. Howewer own analysis of the Schofield data,
as well as a number of other prominent studies, questiorecthiacy of the linear model. For example,
Horgan and Stubbs (2003) showed that the Schofield equatidbstantially overestimate BMR for the
obese, a problem due in part to the dearth of obese subjette i8chofield data. The Horgan and
Stubbs findings, as well as the reduced form of the Cunninghadeh{1991) and other models based
on lean body mass, imply declining marginal effects of boayglit on BMR. The effect arises because
excess weight tends to come disproportionately in the fdrfatpwhich burns far fewer calories per

pound than lean mass. In addition, there is evidence of d&kedasticity in the error. Studies that

2Evidence on racial and ethnic influences on BMR is mixed, ddpeg on definitions of ethnicity and other method-
ological factors (Martin et al. 2004, Hayter and Henry 195dares et al. 1998, Cruickshank 1999).
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found that the disturbances are positively correlated wiight include Leibel et al. (1995) and Rand
(1982).

Our own analysis of the Schofield data, using maximum likedih estimation, finds that (i) a
weight-log-linear model of (expected) BMR fits the data bettan a weight-linear model and (ii)
the error term is heteroskedastic, with error variance®asing in weight. To illustrate the importance
of the metabolic specification, we generate simulated #jwiin weight distributions under both of our
estimated models (log-linear and linear, respectively)thBoodels involve the same, heteroskedastic
error structure. Of the two models, only the log-linear sfpeation generates strongly asymmetric
equilibrium weight distributions with long upper tails, strong agreement with the distributional fea-
tures of the BRFSS and NHANES data. The concavity of the logaliodel also contributes to large
weight growth in the upper tail over time, a pattern that doesemerge strongly under the linear
model. (Results are discussed in more detail in Sections $3nd

The linear heteroskedastic specification is as follows:

BMR(kcal perday = y+ pW + gjlog(W). (3)

The shocleg; is idiosyncratic and permanent; it is normally and iderlycdistributed with mean zero
and standard deviatiooe. In expectation, then, the relationship between BMR and ktdgylinear

in this model, but for a given nonzero valuespf metabolism deviates from the linear relationship in
proportion to log weight. For the log-linear specificatiexpected BMR is log-linear in weight, and
the error structure is the same as above. That is, we simplgae weight with the natural log of
weight in the second right-hand-side term in (3). The mdtaleguation in (3) implies the following

(one-week) relationship between food intake and weight:

W =W _1— (7/3500 (y+ pW—1 +ilog(W-1)) + .9F. (4)
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The term.9RK represents the thermic effect of digestion, that is, thé tfeat digestion consumes, on
average, 10 percent of calories consumed. Weight is mehsu@ounds, while metabolism is mea-
sured in (kilo)calories per day. Accordingly, the lattershbe converted into pounds of body weight
lost over one week. The conversion factor ¢gB300 is the ratio of the number of days in a week to
the number of calories (3500) per pound of body weight. Feadeasured directly in pounds of body
weight added per week, which can be easily converted backdoies by multiplying by 3500.

For simplicity, we do not model height variation. There aneumber of reasons why we do not
expect height variation, either cross-sectionally or duee, to contribute much explanatory power
to the weight distribution. Among U.S. women, average helgts increased by less than 2 percent
over the past four decades (see, e.g., Komlos and Baur 20b08¢ne@d weight increases over that
period have far exceeded the weight gains that would hawkBil constant. As for cross-sectional
differences, the Cunningham (1991) study indicates thgifieioes not add much explanatory power
to the model of BMR based on lean body mass. Also, Schofield €18B5) argued that height was
secondary to weight in predicting basal metabolism. UdmegSchofield data for women ages 30 and
older, a linear regression of BMR on height and weight has agurdgd value 0f339, an improvement
of just.006 over a linear model including weight alone. A linear esgion of BMR against body mass
index (BMI), a measure that incorporates height, yields aqirzsed 0235 for the same demographic
group.

Height could affect weight outcomes for non-metabolistatesl reasons, however. For example,
we might expect weight aspirations to be height-specifianagvernment tables indicating healthy
BMI values rather than healthy weights. However, we expreescommon norm as a weight value
rather than as a body mass index (BMI) value. While the BRFSS dsitaditate variation in desired
weights with height (as well as with actual weight), suchiatgwn does not render desired values of
BMI constant across individuals. In fact, the desired BMI easlimplied by the BRFSS data decrease
systematically in height, suggesting that women do not aaedy adjust for height differences in

setting weight aspirations. Therefore, the common weighthnassumption, while stylized, is not
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necessarily less realistic than one involving a common nimmBMI. Anecdotal evidence suggests

that weight values are more salient than the less-reathibgiwved BMI values.

3 Equilibrium and Comparative Statics

3.1 Equilibrium Definition

Individuals in the population are identical in all of the gareters of the utility functiomy, (3, p, v, J,
M; have identical incomes; and face the same prices. The aplici source of heterogeneity is the
idiosyncratic metabolic shock;. The full equilibrium conditions under the linear metalkoli model

can be expressed as follow’:

o — 20FS — 1.8J(WS—MS) = Ap, (5)

R° = (1.12)(7/3500 (y+ pW>+ &ilog(W®)), 6)
M= 5 W) 7

QSLH =\, (8)

PRS+CP =Y. ©)

The conditions apply to an interior equilibrium, in whiclakte food intakeFiS, stable Weight\/\/is, and
stable non-food consumptio@-,s, are all strictly positive.MS is the equilibrium weight norm, which
according to equation (7) is some fracti@nof the average stable weight that arises under this norm.
Equation (5) gives the first-order condition on food constiomy whereA is the Lagrange multiplier.

Equation (6) guarantees that per-period food intake mamtaeight at the Ieve\l/\/is. Equations (8)

B3Equilibrium conditions for the log-linear metabolism mbdee equivalent but analytically less transparent, so vee us
the linear specification here for ease of exposition.
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and (9) are, respectively, the first-order condition on faod consumption and the budget constraint.
The equilibrium norm depends on the relative price of fobd,distribution of individual shocks, and
the magnitude o, because these determine the stable individual weights@amsumption levels for
any fixedM. The equilibrium norm (and therefore the weight distriba)i also depends ofy which
we will set at.88 in various simulations. Equilibrium depends on incomesle and the remaining
parameters as well, but we hold these fixed throughout thigsiea

Assuming the shocks are normally distributed, the expeake of the equilibrium norm is defined
implicitly as a function of prices by the following equatian whichq(.) represents the standard normal

density function:

ME(p) =2 [~ WSMS(p), p.en)e(ei/0:)de. (10

It should be noted that because the absolute shocks ares$letdastic in weight, the expected average
weight in equilibrium does not correspond to the stable Weligr the individual who draws; = 0.

Under our functional form and parameters, an interior doguiim exists and is unique for each
realization of the metabolic shocks. The existence anduamigss of a (stable) equilibrium norm
follows from two (necessary and sufficient) properties @f thodel: (1) each individual has a unique
stable weight for every possible valueMf and (2) the rate of change of the stable weights Mtfs
positive and less than one. The existence and uniquenessaifla weight for a giveM andg; depend
in turn on three necessary and sufficient conditions: (la)igque solution to the one-period problem
exists for each starting weight; (1b) optimal caloric irdalecreases (increases) as one’s initial weight
gets farther above (below) the target weight or norm; anjl tfiectotal number of calories burned per
day is strictly increasing in weight for each individual gatate less than one. The stable weight solves
the one-period problem when the initial weight happens tthbestable value, but it is not in general
the individual’s optimal stable weight. From any initial state of the system, both convergence to

the stable weight for any value ™ and convergence to the equilibriukh for given parameters are

14The optimal stable weight would maximize one-period ytiitibject to the constraint that weight be unchanged during
the period.
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guaranteed. We provide verification of these assertiortseimtathematical appendix.

3.2 Comparative statics
3.2.1 Price effects and the social multiplier

First, we consider the effect of a change in the full price @aorie on equilibrium outcomes. We
have in mind a price decrease caused by an outward shift iotitesupply curve, reflecting a decline
in food production and preparation costs (as in Philipsath Rosner 1999 and CGS). Price has both
direct and indirect effects on body weight. The direct dffe¢he change in stable weight, holding the
norm fixed. However, given that each individual adjusts heigit in response to the price change, the
norm must be updated. The norm change in turn sets off additchanges in weights and a further
adjustment of the norm, and so on until a new equilibrium &hed!® The latter is an example of
a “social multiplier” effect, as in Becker and Murphy (200®laeser and Scheinkman (2002), Brock
and Durlauf (2001), and Burke and Prasad (2005). The totatei expressed as the decomposition

of these two effects as follows:
dws  owS owSdmS
dp dp oM dp’

(11)

where the expressio‘:?é\"ﬁS refers to the change in the equilibrium norm caused by treemiange. The
first term is negative: It is optimal to eat more, and therefoeigh more, the cheaper is foambteris

paribus As weights rise, so does any positive function of the aweramd weight always moves

S
directly with the target weighi (that is, %ﬂ,\/‘l Is strictly positive). Therefore, the social multiplier

effect reinforces the price effect, guaranteeing that thelérium weights and the equilibrium norm

. . . S S
are decreasing in price, that dlﬁv,% < 0anddM® <016

15Convergence to a unique equilibrium for any given price iegthat the social influence on weight not be too strong—
specifically, the partial derivative of individual weightittv respect to the weight norm must be less than one. See the
mathematical appendix for further discussion.

16t is possible, as an anonymous referee has pointed out thetrease in the price of "low quality,” energy-dense food
(holding the price of "high quality,” less dense food comgfacould result, via income effects, in a net improvement in
dietary quality—defined as a decline in the proportion of dakcoming from low quality foods. For such a response to
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We can decompose the price effect on the equilibrium nornolésafs:

ows
AW _ L Q0 WM, N 5o (12)
dp_NZ ap oM dp) T _tg o
| NZI oM

The numerator in the last expression on the right repreieatsverage partial price effect on individual
weight, multiplied by the facto€. The denominator, which is strictly less than one under ssump-
tions, acts to amplify the partial price effects in equilion, leading to a greater change in average
weight than would occur if the norm were fixed. The social iplir can be expressed as the factor by
which the average partial-price effect gets multiplieditdd/the average equilibrium price effect. This
factor amounts to the quantity (1 — m), wherem= %Zi a(;iMiS represents the average partial effect of a
norm change on stable weight, multiplied byWe assume that this latter partial effect is strictly posi-
tive and yet not too large, that is, strictly less than ones Bssumption guarantees that the multiplier
is finite and yet strictly greater than one (Burke 2086).

We have assumed that the initial price decline is exogenouke model. However, the social
multiplier effect implies an outward shift in the (norm-&tant) food demand curve. To restore market
equilibrium following such a shift, the price per calorie wid have to move back up, but we do not
derive this price movement in the current framework. Retativ a framework with a fixed weight
norm, an increase in food supply in the endogenous norm rmesglelts in a smaller price decline and a
greater weight gain in equilibrium. The social multipliéfeet thus acts to increase the price elasticity
of calorie demand. If weight norms shift with a lag, ratharlsimultaneously with changes in average

weight, the price elasticity of calories should be greatehe long run than in the short run.

result in weight loss, however, both low-quality caloriesi averall calories would have to be Giffen goods. We findehes
conditions unlikely to hold for the typical person and thepémsal evidence fails to support them (see, e.g., Huand199
and Popkin 2001).

S
1’Becker and Murphy (2000) define the social multiplier as #rentm = %Zi a’;N—N'l but the thrust of the results is the
same in either case.
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3.2.2 Welfare effects of food price changes

Consumer welfare in our model depends only on weight reladite flexible social norm, regardless
of how this norm compares with a healthy weight standard.sTthe welfare effects of price changes
are potentially quite different than welfare effects foramsumer who compares her weight to a fixed
health standard. A model of the latter type of consumer wauitply hold the norm fixed at some

healthy weight value. By separating out the welfare effet® jarice decline, holding the norm fixed

from the welfare effects induced by changes in the equiliornorm, we can compare the welfare
implications of our model with those of a model emphasizimgabsolute costs of weight gain. To do

this, we decompose the total welfare effect of a price chamger model as follows:

ng: [(UW+UF3\|A:/SS> a(\;\/:+uc?ﬂ + KUWJFUFSIVTIZ— pucgl\;z> (‘2?;?3) 2J (WS—M) Z'\s ,

(13)
whereVS refers to the agent’s utility in equilibrium, an%sg represents the increase in food con-
sumption required to maintain a higher stable weight v&fuey refers to the marginal utility of an
increase in the stable weight, which is the same as the nangiitity of an increase in final weight
within a given period. The terms inside the first set of squmaekets represent the welfare effects of
the price change holding the norm fixed. The terms inside ¢cersl set of square brackets capture
the additional impact on welfare prompted by the changeearetjuilibrium norm. Assume in an initial
equilibrium that the consumer weighs more than the norm hiclwcase the marginal utility of weight
gain,Uy, is negative and the marginal utility of foodg, is positive. Holding the norm fixed, a food
price decline may or may not make the (myopic) consumer bette\Welfare will improve only if the
benefits of added consumption (of both food and non-food gjpodtweigh the costs of weight gain,
where in a fixed health norm framework these costs can bematiexd as additional health risks.

The social multiplier effect set off by the price drop inds@ditional weight gain and food con-

sumption, but less non-food consumption (to satisfy thegbtidonstraint holding income constant—

18|n a linear metabolism model this number would be a constattdepends on the individual’s shock; with log-linear
metabolism this value still depends on the idiosyncratackhbut it also decreases in stable weight.
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this need not imply lower non-food consumption on net wheatuiting price effects as well). Also,
in the aggregate it leads to an increase in the value of thghveiorm. Again, the welfare effect is
ambiguous. The benefits are that the consumer eats moregandnig the price effects on weight, her
own weight moves closer to the norm. The latter result hdiolsgn initially overweight individual)
because the increase in stable weight caused by the norrgesaless than the increase in the norm.
The cost is that she gives up some non-food consumption.

Given the ambiguity in both components of the welfare chatige net welfare effects of a price
change are ambiguod®. The indeterminacy applies to initially overweight as wedl iaitially un-
derweight individuals. (Simulated welfare effects arecdssed in Section 4.) All else equal, the net
welfare effect of a food price decline for a given individuady differ, depending on whether weight
norms are fixed or flexible. In the simulations, for example find that many consumers would prefer
a world with flexible norms to a world with fixed norms, evenlgb they wind up weighing more
on average in the former case. However, health-care piofeds (and healthy individuals who subsi-
dize the costs of treating obesity-related disorders) didikely prefer that people judged themselves

against a fixed health standard, although we do not modelesxtealities in this paper.

4 Main simulation results

We use computational experiments to assess the modelty abikxplain both the general shape of the
empirical weight distribution and the growth in its uppersance the mid 1970s. The calibration targets
the weight distributions for American women in the 30—-6@uyage bracket observed between 1976-80
and 2000 (see Figure 1 and Table 1). This specificity as$istprttecision of the calibration, but the
patterns for this group are representative of the over&l Wends during the same period. We describe

the equilibrium weight distributions for a series of threges, a series meant to approximate (roughly

Bwelfare effects in a model with forward-looking consumensl a fixed norm, as in Philipson and Posner (1999), are
unambiguously positive. CGS raise the possibility of welftosses for individuals with imperfect self-control, they
estimate that the costs of weight gain have likely been lass/erage than the benefits of time savings in food preparatio
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and discretely) the (full) food price declines observedha U.S. between 1976 and 2002. We also
describe the dynamic evolution of the distribution, at p®lvoth in and out of equilibrium, in response
to a more gradually declining price path. We compare resulter our model of endogenous norms
and non-linear metabolism with results under alternatpecsications, representing counterfactual
scenarios and competing frameworks. For some featureg afistribution—for example, pronounced
rightward skewness—our model offers clearly superior @&xatory power relative to the alternatives.
The counterfactual analysis indicates that, suppressihgrehe social multiplier effects or the non-
linear metabolic relationship (in favor of a linear modé@lpecomes much harder to match the changes
in the mean, median, 95th, and 99th-percentile weightsdbedirred over the time period. Another
desirable feature of our model is that it places more comssran the calibration relative to alternative
frameworks, for in the latter, the parametric form of theegnegeneity is unknown. The results from

the experiments are summarized, using descriptions ofdhelistributional features, in Table 1.

4.1 Calibration of the model

In each experiment, we draw 50,000 values from the shockilaliton; these values are held fixed
across the experiments to prevent noise from clouding fleetedf changes to the model. We calibrate
the model to women ages 30 to 60, setting an initial list ohpaaters to roughly match average weight
for this group observed in the 1976-80 NHANES data. All pagtars are identical across individuals,
except for the idiosyncratic metabolic shock. To calcutdiesity rates, we measure the percentage of
people who weigh more than 174.5 pounds. For a woman of awdraight, approximately 64 inches
in the U.S. for the relevant age group, this weight implieedybmass index of 30, which is the official
obesity threshold established by the Centers for Diseasea@omhe body weight norm is defined as
88 percent of the realized average weight in equilibriumgaré based on the relationship between
desired weights and actual weights in the BRFSS data for woasesgen in Figure 3.

The metabolism models are estimated directly from the waigbchofield data (see Schofield et
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al. 1985 for details on these daff).For the weight-linear metabolism model, using the maximum
likelihood method, we estimate a weight coefficienpof 3.19 (t-value of 15.5) based on the data’s
subsample of 411 women aged 30 to 60. Using the same methathtamdve estimate a BMR model
that is log-linear in weight (in pounds) with a coefficienttbie natural logarithm of weight @f = 447.6
(t-value of 15.1). Our estimates for the linear model are garable with those reported in Schofield
et al. (1985). Using the information on the 199 American wonrethe sample, we estimate that
the constant term for the average U.S. woman in that age gsoup 9289 for the log-linear model.
As discussed above, to our knowledge, no previous estinsdtearametric non-linear BMR models
based on the Schofield data exist (for a non-parametric atjnsee Horgan and Stubbs 2003), and
the previous economic literature has employed non-stéichasear models of metabolism. Sample
likelihood comparisons suggest that the log-linear modsltfie data better than the weight-linear
model, consistent with recent research suggesting a cenmedationship between weight and BMR
(Horgan and Stubbs 2003, Cunningham 1991). Given that thefi®tthdata contain relatively few
obese individuals (the obesity rate in the sample of 411 woused here is 13.6 percent), our BMR
model may understate the degree to which metabolism slowsguverweight and obese women.

Recall thatej represents the idiosyncratic metabolic parameter forviddal i, the main source of
heterogeneity in our model. The parameter is fixed longitaltl for a given individual, but the actual
deviation from the expected metabolic relationship at aoiptpin time is given byegjw;;, wherewi
is the individual’s prevailing weight. Assumirgy is normally distributed with mean zero, we obtain
estimates, denoted, for its standard deviation from the maximum likelihoodimsttions described
above. For the weight-linear metabolism model, we estiraatalue forG, of 24.18 (t-value of 35.1),
and for the weight-log-linear model, we gt = 24.1 (t-value of 35.0).

Under the calibration, the marginal utility of the first unitfood in a week exceeds the marginal
utility of the first unit of non-food consumption by 24 perteiiThe coefficients on the utility func-

tion in equation (2) arer = 6.2, 6 = 0.9, andf3 = 5.) The parameted, representing the strength of

20We thank Graham Horgan of Biomathematics and StatisticHe8tb(BIOSS) for providing us with the data.
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social interactions, is set at@18. This value, together with prices and the other utpéyameters,
determines the response of individual weight to an exogecbange in the weight norm. On average
across individuals and prices, the magnitude of this effeabout 02, meaning that individual weight
increases by one-fifth of a pound for every one-pound ineregathe norm.

The model’s price represents the full price, including bfitbd inputs and time costs, of 3500
calories (the caloric equivalent of one pound of body weighife experiment with this price at $50,
$40, and $32 to roughly match the decline in the real fullgoo€ calories over the past three decades.
At the initial full price ($50), the cost of the calories neeld(1556) to cover basal metabolism and
digestion for a 140-pound woman amounts to #22oer day. At the lowest full price, this cost comes
to $1481. Income is set at $600 per week or $10 per year, implying a gross hourly wage of $15.
Our values for income and the full price of food imply that e tinitial equilibrium (at the highest full
price of calories) the average person is spending about 2&pieof her income on food expensgés.
CGS report that the time costs of food (including meal preg@araand clean-up, but not shopping
or transportation) fell by 42 percent between 1975 and 1888,to greater availability of restaurants
(in particular, fast food and take-out) and technologiaifaances in food processing, storage, and
preparation. Since time cost declines appear to have wdleonsiderably following 1995 (Aguiar
and Hurst 2006), the overall time cost decline between 19852900 should not be much different
than 42 percent. With time costs valued at the assumed himadyne, the assumed 36-percent overall
decline in the full food price implies a real decline in theghase price per calorie of 23 percent from
its initial value.

Note that the 23-percent decline estimate lies betweenelaéve decline in the overall food CPI
and the relative price declines of several important fooothroodities. As shown in Figure 4, the

prices of ground beef, chicken, eggs, and lettuce havenf&l(e percent relative to the overall CPI

2IThis is consistent with hourly average U.S. wages in 200gu8000 dollars. In 1982 dollars, the average hourly
wage in the U.S. in 2000 was about $8, roughly the same as 0. 198

22ppstracting from time and preparation costs, Huang (1998jnates that the average food budget share between 1953
and 1990 in the U.S. was about 18 percent.
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since 1980. As seen in Figure 5, between 1978 and 2002 thelbfeeyd-at-home price index fell by
15 percent relative to the CPI, and the food-away-from-hondex fell by 6 percent. The declines
for individual items should qualify the (smaller) estimadeclines for the overall food CPI, since the
latter is likely to be a less reliable measure of the priceqadorie of food. In fact, the food CPI is
likely to have underestimated the decline in the price ptareaover the period of interest: Changes
were made in the list of included items to reflect changingscomer expenditure patterns (see the BLS
Handbook of Methods, http://www.bls.gov/opub/hom/pdffich17.pdf), and these expenditures must
have embedded the increases in calorie consumption oloseves the period. USDA consumption
data show that per capita calorie consumption (adjustetb$ses) has increased by about 22 percent
since 1975 (see Putnam et al. 2002). However, our chickerbaatlprices refer, respectively, to
the price per pound of whole fresh chicken and the price pang@mf ground chuck (and not to the
composite “beef and veal” and composite “chicken” categwiges) and so should be relatively reliable
indicators of per-calorie prices.

To illustrate further, consider McDonald’s Big Mac sandwialiich contained 590 calories consis-
tently over the period under consideration (and still do&)r assumed highest and lowest full price
levels imply, respectively, high and low full prices for tBeg Mac of $840 and $530. Based on infor-
mation from McDonald’s an@he Economisinagazine, we calculate an average list price of a Big Mac
in the United States of about $2 for the year 2000. The diffeeebetween $30, our lowest estimated
full price, and $2 amounts to $30 (in year 2000 $), which is the value of approximately 13urtes of
the individual’s time. Thus, our lowest price estimate seeoughly appropriate to capture the current
full price of fast-food calories. Adjusting Big Mac list pas for inflation, we calculate that the real
price of a Big Mac in 1980 was $24 (again in 2000 $), implying that the real list price of thg Blac

declined by approximately 12 percent between 1980 and 200@Heat its total time cost in 1980 was

231t is possible that the average fat content per pound of fndsbie chicken or per pound of beef ground chuck changed
over the period of observation, leading to changes in thezies per pound for either item. However, ground chuck gaher
conforms to ale factostandard of 80 percent lean content, and the BLS measurasaseprices for other (leaner or fattier)
grades of ground beef and also for other specific cuts of Hattken and beef.

25



25 minutes. These estimates imply that the purchase pricegpiie for the Big Mac fell substantially
less than the average purchase price per calorie of foodnargk but that the Big Mac’s time costs
fell by a greater percentage than did overall time costsséliemdings seem consistent with evidence
that both the supply of and demand for fast food increasedivelto other foods over the time period

(Chou et al. 2004).

4.2 Linear vs. log-linear metabolism

Previous economic analyses of obesity involving models efatmolism have adopted equations that
express (exogenous) calorie expenditure as a linear mofiweight: In Lakdawalla and Philipson
(2002), calories are perfectly proportional to weight, an@GS the linear model (taken from Schofield
et al. 1985) also contains a positive constant term. As dsi above, recent studies have shown
that the marginal increase in basal metabolism with bodygktedeclines with body weight, both
longitudinally and cross-sectionally (Cunningham 1991lli€lno et al. 1996, Horgan and Stubbs
2003). Confirming these findings, we obtain a superior fit ofSleaofield data, using a metabolism
model that is linear in the log of weight, rather than lineameight itself. The concave specification
of metabolism turns out to hold significantly different ingations for obesity growth as prices fall
than does the linear model, and it captures a greater patitre observed increase in upper-quantile
weights relative to the mean between 1976 and 2000.

The log-linear model’s predictions at the $50 price matah 1876—-1980 NHANES Il data quite
well, although parameters were selected only to match geenaeight at this price. (See Table 1 and
Figure 6 for details.) At the same price, the linear moded piovides a good match for the observed
mean weight for NHANES I, but its predicted values for 95tid®9th-percentile weights fall farther
short of the actual values than under the log-linear modsdabse the linear (heteroskedastic) model
produces a much less asymmetric distribution. (See Tabiel Fagure 7 for details.) The differences

between the predictions of the respective models becone gneater at lower prices. For the full
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price drop, from $50 to $32, the linear model implies a peatahift of the weight distribution—
mean weight, 95th-percentile weight, and 99th-percentdayht all increase by about 18 pounds. The
log-linear model predicts respective increases of 20.2a8d 31 pounds. Between NHANES Il and
NHANES 99, these values increase, respectively, by 20,r864& pounds.

Considering these movements in percentage terms, we sabdhddta exhibit greater percentage
weight gains in the upper percentiles than at the mean: Theatthe respective percentage changes
in 95th-percentile weight and mean weight is 1.22 in the , da86 in the log-linear model, and 0.79 in
the linear model. (Percent changes are computed with repte average of initial and final weight;
the figures do not change much if percents are computed fribiad iweights.) Although the simulated
log-linear model does not generate disproportionate weggins, its predicted gains are greater in
absolute terms in the upper tail, and they are much greaeriththe linear model.

The logic behind these results depends on two effects: ihe plasticity of calorie consumption,
and the calorie elasticity of weight (that is, the percergnge in stable weight for a permanent mar-
ginal percent change in calorie consumption). The lattstadity increases in body weight under the
log-linear model and decreases in body weight under thaldinedel. Thus, for a given percentage
increase in calories, the log-linear model of metabolisedmts greater percentage gains in weight
for initially heavier individuals compared with lighter es, and vice-versa for the linear model (all
effects are evaluated along the metabolism regressios)lindowever, the price elasticity of calories
is not, in general, constant in weight. In the log-linear wpthe price elasticity of calories decreases
with weight: This occurs because we assume that individe@isectly forecast the marginal effect of
calories on weight for the current week and adjust conswngccordingly. We also assume that the
marginal utility of food is constant in weight, that is, caés are not addictive. (Compare Section 2.1.)
As a result of these assumptions, initially heavier peoptesame fewer additional calories in response
to a price decline. Still, despite their lower caloric respe they gain more weight than others, and
larger percentage gains are possible, depending on hovysloevprice elasticity of calories declines

with weight. For the linear model, one would have to assunag ¢hlories were addictive, and to a
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sufficient degree, in order to get larger price-induced Weggins for heavier people even in absolute
terms.

Our analysis suggests that a better understanding of netablationships, both cross-sectionally
and longitudinally, is crucial for the formation of appragie dietary recommendations. Although
genetics cannot have changed much over the past 30 yeargnalysis shows that the nature of
metabolism itself, for a fixed gene pool, implies that a ngdntd shift in the weight distribution (caused
by economic and social forces) results in greater averagginaa effects of calories on weight, a type

of “positive feedback” effect that does not occur under thedr specification.

4.3 Exogenous vs. endogenous weight norms

In contrast with our endogenous or evolving norm specificatbther models that include a weight
norm (Philipson and Posner 1999, Levy 2002) have treateddh®m as exogenous. While the exact
basis for the norm is not specified in these models, such fireghsrmay be meant to reflect official
health recommendations or perhaps genetically hard-wireference$* Even permitting norms to
vary in the long run, the fixed-norm case captures the sharifraorms adjust with some lag. The
fixed-norm case simply holdgl constant at some arbitrary level. Individual optimizat@anditions
do not change, but the norm-consistency condition is nodonglevant. Any given value dfl results
in a unique distribution of stable weights at each price,thetfixed value oMM bears no necessary
relationship to the emergent average weight in the popuiati

Adopting the log-linear model of metabolism, equation &id employing the same set of metabolic
shocks across the cases as in the experiments above, weredimp&ffect of price declines between
the fixed and endogenous-norm models. In the fixed-norm medgeiset the norm equal to 1.80
pounds, a figure that corresponds to the equilibrium norrhéneindogenous-norm model at the price

of $50. Therefore, when the food price is $50, the distridmaiare identical across the two models.

24However, health recommendations also vary with scientifimedge and are currently a matter of significant debate,
based on recent findings relating overweight, but not ojesith reduced mortality risk.
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When the price falls to $40 and the norm is held fixed, the waibhhges reflect only the partial effects
of price, represented by the first term on the right-hand sfdsmguation (11). In response to the price
drop, the mean, median, standard deviation, 95th-peteamtight, 99th-percentile weight, and the
obesity rate all increase. As expected, the increases asastently smaller than they are under the
endogenous-norm model, and the predictions get farthet ap@rice falls further.

By comparing the price effects under the fixed-norm model wiibe effects under endogenous
norms, we get an estimate of the social multiplier. Recathfiedove that our social multiplier repre-
sents the ratio of the change in the equilibrium weight ndmihe endogenous model) to the average
(multiplied by 088) of the partial (norm-constant) effects of price on weigBee equation (12) for
details. We can estimate this value using the ratio of theepthange-induced change in the endoge-
nous norm to the average (multiplied 88) partial effect of the price change on weight observed in
the fixed-norm model. For the price change from $50 to $40g#tnated social multiplier is.24.
This value implies that the price-induced increase in ay@raeight in the endogenous-norm model
will be 24 percent greater than it would be in the fixed-norsecaMeasured over the $40-to-$32 price
interval, the value of the multiplier is 1.26.

We also track the welfare effects of the price changes indinéexts of the fixed and moving-norm
models. With an endogenous norm, we find that the initialgpcicange, from $50 to $40, leaves most
individuals, 71 percent of the population, marginally betff. The greatest welfare gains accrue to
those closest to the initial weight standard. Gains dedliitie initial differences between weight and
the norm, eventually becoming negative. Welfare gainss@eysare not symmetric in the metabolic
shock, however, given the concavity of the metabolic furctiand very low metabolism individuals
suffer the greatest losses. When price falls from $40 to $&2clhanges are very similar, and 70 percent
of the population are made better off.

If norms are held fixed, however, the initial price changenowps welfare for only about 40 per-
cent of the population—specifically, those in the upper bathe metabolic distribution (those with a

relatively fast metabolism). Welfare gains (declines)dightly smaller (greater) for the second price
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decline, and only 32 percent of the population are made rbette Therefore, a substantial portion
of the population fare better in a society with flexible northan in one with rigid standards. The
model suggests that a certain amount of “fat acceptance”impsove welfare for many individuals.
However, we have not taken into account the potential ingpasthealth (or on medical technology)
as the norm moves out of the range of medically advised werghtpotential externalities imposed
on non-obese individuals, as, for example, occur when tbee@sed cost of treating obesity-related

disorders is not borne only by the obese (Bhattacharya and &@b).

4.4 Forward-looking vs. myopic decision-making

Although our model assumes myopic consumers, our centaditgtive results do not depend strongly
on this assumption. To illustrate this point, we considaenemtionally rational, forward-looking con-
sumers with no self-control problem or addiction problerthwespect to food (we will deal with these
alternative models in Section 5).

Using the same per-period utility function as in our myopicdal, we simulate a two-period ver-
sion with perfect foresight, a zero discount rate, and a fixaun. This model closely resembles the
one in Lakdawalla and Philipson (2002), which attributess lttmg-run rise of obesity to falling food
prices and the increasingly sedentary nature of work. Ttterlauthors adopt a linear, non-stochastic
metabolism, but we add a heteroskedastic metabolic shookdier to generate cross-sectional vari-
ation (the specification of metabolism is as in (3) with ca#gfits as in Section 4.1). As shown in
Table 1, the forward-looking model predicts lower averageghts at each price than does our my-
opic model, because individuals take the full future co$tsusrent food consumption into account.
While the fixed norm also contributes to lower weights in tHieraative model, weights are lower
in the forward-looking model even compared with weights imgopic model with the same fixed
norm. Not surprisingly, the long-term price decline (fro®0%o $32) causes smaller weight gains in

the forward-looking model (with a fixed norm) than in our myomodel with endogenous norms, and
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so underestimates the actual weight gains over the periodesest. Even if we were to add this type
of forward-looking behavior to our framework, we would firicharder to explain the observed weight

gains, for given price changes, in a model with fixed norma thane with changing norms.

4.5 Dynamic weight adjustment

So far we have analyzed long-run equilibria under a set ektlaiscrete prices and compared the pre-
dicted outcomes to the NHANES data from three survey periddsvever, we cannot be sure that any
single NHANES snapshot (even one encompassing up to fous'ywearth of data) represents a long-
run equilibrium weight distribution. Weight adjustments@ss equilibria must occur in “real time,”
because individuals cannot instantaneously alter bodghweiFurthermore, even without observing
such prices directly, we can be fairly confident that fulldgarices did not fall in a small number of
large discrete steps over the period of interest, but réétlenore smoothly. In contrast, we expect that
body weight aspirations might adjust with a lag, since iegkme for individuals to observe increases
in the average population weight. (Further below, we disatier mechanisms that might signal a
change in weight norms.) Depending on the relative speegddsad changes and weight adjustments,
and depending also on the speed of adjustment of the sodightwerm, the empirical weight distri-
bution may spend much of its time out of long-run equilibriuBur framework allows us to describe
out-of-equilibrium dynamics and to predict the timing ofigl# changes in relation to the timing of
changes in fundamentals.

We simulate the weight adjustment process for a declinearatierage full price of 3500 calories,
from $50 to $32, between 1976 and 1993. We assume that, a3 6fth@ population of U.S. women in
the 30-to-60-year age bracket was in the long-run (endagenorm) equilibrium corresponding to the
$50 food price. Adopting the log-linear metabolism moded, generate 50,000 individuals (metabolic
shocks) and solve for this initial equilibrium distributi@nd its corresponding norm. Beginning from

this equilibrium, we impose a series of discretely time@@and norm changes, tracing the real-time
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adjustment of the weight distribution by solving the onesweptimization problems repeatedly over
the interval. We update the norm annually in the first expeninand every five years in a second
experiment. We reduce the food price at the beginning of g Yy 3 percent per year until 1993.

After 1993, price is kept constant at $32, and we describstbsequent time path of convergence to
the final long-run equilibrium at the $32 priée.

We hold price constant beginning in 1993, based on sevestd:fél) the overall food CPI did not
fall beyond 1993, but rather showed a net gain of about oreep&age point (relative to the overall CPI)
by 2004; (2) the relative price of chicken was roughly flacsir1993; (3) the price of beef continued
to fall until 1998, then rose again, and ended up close t@®31evel by 2003; (4) while weekly time
costs (for food preparation and clean-up) fell 11 minutesypar on average between 1985 and 1994,
the same measure fell only 1.9 minutes per year between 1892@03. These facts, taken together,
suggest that the full price per calorie has been roughlyteonsince 1993.

The panels in Figure 8 illustrate the time paths of averagghwe95th-percentile weight, and the
social weight norm under these experiments. We see that tkeagh prices and weight norms change
infrequently and discretely, weight increases occur gagu Two factors contribute to this effect:
(1) under myopia, calorie consumption takes multiple sito reach its new stable value following
a price or norm change, and (2) for any discrete change irrieabonsumption, weight may take
several periods to reach a new stable level. After the foax pevels off, average weight continues to
increase, by more than 3 pounds, resulting in an increas@ pbands over the entire interval. Under
annual norm updating, average weight gets within one potits predicted final long-run equilibrium
level of 168.6 pounds (see Table 1) by 2001. Under five-yeanngpdating, average weight does not

get within this threshold until 2004, more than 10 yearsrétfte price levels off. Endogenous norm

25The price time-path in this simulation does not agree exaxith the price time-path implied by our prior equilibrium
simulations. The discrepancy can be partly resolved byngdtiat the previous simulations assume that a given erapiric
snapshot represents the equilibrium weight distributmntifie contemporaneous price. However, the model’s adgrdtm
process actually implies that, if prices change contiyu#iie system is never in equilibrium. The current illustaf in
which the price falls over a compressed time period and teemams constant for several years, serves as a qualitative
demonstration of the adjustment dynamics.
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changes exaggerate the effect of a price decline on weighwekier, when norms adjust with a lag,
this extra effect may not occur until several years afterpghee change. That is, the long-run price
elasticities of food consumption and body weight will beajeg in the long run than in the short run.
If the simulated price time-series is accurate, our dynarhalp to explain the continuing increase in
average weights over the past decade in the face of relafialfood prices?® Although a model of
rational food addiction can yield this same elasticity te@Dawley 1999), we know of no attempt to
simulate explicit adjustment dynamics for such a model, smthe probable length of the long run in
the addiction context is unknown.

In our dynamic simulations, we assume that the weight noramgés infrequently (either annually
or quinquennially), discretely, and simultaneously féiradividuals, but we have not specified a social
mechanism that might justify these assumptions. Our caficuls from the 1994 through 2002 BRFSS
data (repeated cross-sections) suggest that averagedlesight has increased in most years since
1994. The increases are fairly gradual—about one-half gqer year—consistent with a gradual
adjustment of weight norms (at least at the population Jev@he social signal of weight norms that
may be salient among women is dress size. Interestinglydithensions corresponding to a given
women’s size have increased over time, such that, accotdinge estimate, a size-12 dress from the
1950s would be labelled a size 6 today (Simmons 2002). Aaogitd these same data, nearly all of this
change occurred after 1970 (Simmons 2002). While some p#niso€hange may reflect increases in
women’s height and overall skeletal dimensions, thereigesce that “vanity sizing’—sizing to flatter
increasingly heavy customers—has been on the rise in rgeans (Bold 1997, Helser 2004, Gebhart
2005). The use of such sizing strategies suggests that woanerabout the nominal size of garments,

and that they may aspire to a fixed nominal size (a “perfet sight is one focal value), regardless of

28More specifically, the delayed social multiplier effect daip explain simultaneous observations of a non-monotonic
food price path (looking solely at the food CPI) with a momoto(increasing) weight path. Out of equilibrium, a norm
shift causes an outward shift of the food demand curve. Imamgé equilibrium model, this shift would push price back up
moderating the initial (supply-induced) price declinefieThorm increase raises weight, the norm-induced priceéser
lowers weight, and the net effect could be positive. Oves #lijustment process, we would witness an initial priceidecl
followed by a subsequent price increase, together with aoteaic increase in average weight.
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whether they are aware of re-sizing practices (Gebhart2@l6thing sizes provide signals of what is
small, medium, and large relative to the target market, amttbusuch conditions, nominal size norms
act much like the moving weight norms of our model. Since sgt&belling also entails costs, however,
we would expect it to occur infrequently, rather than cambnsly. Furthermore, competition across
retailers lends an impetus for such changes to occur in alocwied fashion (at least within a given
market segment): A consumer is apt to prefer a brand in wHiehvgears a size eight to a brand in

which she wears a size ten, all else being equal.

5 Simulation of alternative models

We showed in Section 4.2 that, in the context of our behaWmaalel, the linear metabolic specification
generates distributions that are less skewed relativeettotitlinear model and predicts that there will
be virtually no difference between increases in averagghteind increases in 95th-percentile weight
in response to price declines. Section 4.4 showed that fdreaking behavior does not change this
result: The forward-looking model with linear metabolisimed not look qualitatively much different
from the myopic model with linear metabolism (under eithe@edi or variable norms). Therefore,
myopia is not central to our qualitative predictions.

In order to capture the stylized facts of interest, a forwlaaking model must contain some addi-
tional features. Aside from non-linear metabolism and getous norms, the two features suggested
in the obesity literature are lack of self-control and spsitdity to food addiction. In this section, we
compare our model to two prominent alternative theoriegdam, respectively, variation in the de-
gree of self-control over food intake (CGS) and variatiorhi@ propensity for (rational) food addiction
(Cawley 1999). While food addiction and lack of self-contregépfood may sound like similar phe-
nomena, they are modelled differently within economicsl ey may result in different predictions.
The following analysis simulates these alternatives amdpares them to our model with endogenous

norms and non-linear metabolism. We conclude that theratse explanations most likely comple-
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ment our own model, rather than contradicting or pre-enggtin

5.1 The self-control hypothesis

CGS argue that variation in self-control can explain themigprtionate weight growth in the upper tail
of the distribution over the past 20 years. In their modehstonmers engage in hyperbolic discounting
to varying degrees. Their hyperbolic consumers are morgtsento a decline in the time cost of food
than they are to a decline in the money cost. Further, theoesitirgue that the decline in food’s time
cost has been much greater than the decline in its money. pacdividual with relatively poor self-
control would likely have weighed more at the initial pricesteris paribusand would have gained
more weight than others in response to declining time costs.

However, the authors do not prove these claims, and we firtdstien proof requires additional
model restrictions. For example, in order to ensure thatdelircontrol individuals gain more weight
than others in response to a reduction in food’s time costirtstantaneous utility of food consumption
(that is, the pure pleasure of eating at a given instant inimoous time) must have a strictly positive
third derivative. Assuming (as both they and we do) dimimghmarginal utility of food, this condition
means that the marginal utility of food declines less steépl absolute terms) with each additional
unit of instantaneous consumption. This condition is ne@as(but not sufficient) for non-satiation
in food consumption, a condition that is implicit in theiradysis. While non-satiation is a standard
economic assumption, it is questionable in the context stiaimaneous (or near-term discrete-time)
food consumption. Even granting the condition, the effésiadf-control on the response to changes in
the full food price—and any time-cost change implies a cleandhe full price—is ambiguous: High-
self-control types may gain more weight than low-self-coltypes when the full food price falls. Our
own model assumes a zero third derivative, but our resultisproportionate growth in the upper tail
do not depend on this assumption.

Despite these ambiguities, we recognize that the selfrgbiypothesis has considerable intuitive
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appeal. We do not doubt that imperfect self-control rouyimefluences food consumption choices—
recall that in our model all consumers are myopic. Indeedlugionary biologists argue that humans
are hard-wired to take advantage of available food in thegure given that for much of evolutionary
history we faced scarce and unpredictable food suppliegel@ sense of the model’s potential em-
pirical reach, we estimate the effects of variation in selfitrol on weight levels and price effects for
a parametric model based on the assumptions of CGS. In the C@8&l,ntioe degree of self-control
is captured by the parametgr,which determines the discrepancy between near-term angdtérm
discount rates. Maximum self-control correspondg o1, and minimum self-control corresponds to
y = 0. In the former case, the consumer behaves according téaheéasd rational choice model, with
purely exponential discounting, and in the latter case tiresemer is perfectly myopic. While self-
control may have a genetic foundation (Gale et al. 2004, geig8lman and Flier 2001), we know
of no attempt to describe its empirical distribution. Weqaed with the naive assumption that the
self-control parameter described aboygs uniformly distributed on the closed interyal 1]. We use
the first-order condition in CGS’s equation (4) to descritewkeight distribution induced by variation
iny, at varying time-cost values. The calibration respecteimpdicit and implicit assumptions in CGS,
including those pertaining to the derivatives of instaptars food utility, and isolates the key differ-
ences between the latter model and ours. For metabolismdot ¢he linear, non-stochastic model
for women cited in CGS, which they attribute to Schofield e{H9.85).

We set the parametar which affects the importance of hyperbolic discountirmgl 00, the value
suggested in the text as a reasonable lower bound. We exqdrivith three different values for
the food time cost, denoteq following their hypothesis that declines in time cost wtre primary
factor in the rise of obesity. The CGS model does not speciliyegfort, but the parameter loosely
corresponds to the average time needed to prepare a meaak. shccordingly, we consider values
(in minutes) of 20, 10, and 5. For the decline from 20 to 10 n@euthe average weight gain is small,
about 25 pounds, from an initial average of 148. However, weighhgaire larger in the upper tail:

the 95th-percentile weight increases by 9 pounds, and #tgllition has a large positive skew. The
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time-cost decline from 10 minutes to 5 produces much monmadtia weight gains, counter to intuition.
Average weight increases from 1500 2235 pounds, while 95th-percentile weight climbs from 57
to 4946 pounds. At any price level, the simulated distributioresrauch more skew than the empirical
distributions observed in the NHANES surveys, but this oote depends on the assumed distribution
of the self-control parameter. The fact that the sensjtitottime-cost changes moves inversely with
time costs does not, however, depend on the calibratiompeas. In contrast, our model predicts that
price sensitivity varies directly with the price level. Théore, the CGS model predicts accelerating
growth in obesity as food time costs continue to fall, wherear framework predicts that obesity will

continue to grow, but at a slower pace.

5.2 Rational food addiction

Cawley (1999) argues that calorie consumption exhibits gmogs consistent with a rational addiction
model. He also cites evidence that the propensity towardcao to specific substances may vary
across individuals, based on genetics. To determine thenpak contribution of addiction to changes
in the shape of the weight distribution over time, we simailakight distributions for a population of
individuals with varying propensities for food addictionhe model we adopt builds on the standard,
two-period, forward-looking model with zero discountiriscussed above in Section 4.4. Following
Becker and Murphy (1988) and Cawley (1999), we model food diddity letting the linear coefficient
on the utility of current food consumption, denotedh our prior descriptions, be an increasing function
of beginning-of-period body weight, where the functionigaracross individuals. That is, we replace
with the functiona (Wi t—1) = o+ BiW ;1 =. ForB; > 0, this model captures the reinforcement aspect
of addiction: The greater the stock of past food consump@ostock embodied, literally, in weight),
the greater the marginal utility of food. F@f < 0, the marginal utility of food is non-increasing in
weight, and food is not addictive. Our model assufies O for all individuals. We vary the propensity

to food addiction by letting3; follow a normal distribution with mean zero and standardiat&mn of
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4%5, such that half the population is prone to food addictionaxying degrees. We let metabolism vary
linearly with weight according to our fit of the Schofield dabtat we suppress idiosyncratic metabolic
variation in order to isolate the effects of the propenstaddiction.

In the simulation results shown in Table 1, we see that theilolision does exhibit positive skew-
ness. Individuals with a greater propensity to addictiorgivenore than others at a given priceteris
paribus and gain more weight than others in response to a pricengeclin order to avoid corner
solutions (specifically, zero food consumption), the staddleviation of3; must be restricted, and as
a result, the predicted variance of weight is very low re&ato the true value. However, all of these
results depend on the assumed distribution of the addipaoameter, a distribution that has not been
empirically estimated. The rational addiction model alsediicts that the price elasticity of demand for
addictive goods will be greater in the long run than in thershan. However, this prediction depends
on whether calories are addictive for the representatigi&zviciual, and the empirical evidence on this

guestion is not conclusive.

6 Conclusion

This paper presents a new framework for relating the recemeases in obesity rates to falling food
prices. We focus on explaining changes in the shape of thghivdistribution and, in particular, the
disproportionate growth in the distribution’s upper t&ile explain a substantial portion of this growth,
using a model that interacts the effects of economic changie form of falling food prices, with
social and physiological processes. In the social prodesshbody-weight standard becomes more
relaxed as average weight increases in response to a fooel gecline; the relaxed standard then
leads to further weight increases. At the same time, meatahas concave in body weight, such that as
weight increases, a given increase in calorie consumgpeatsl to greater weight gain. The aspiration to
weigh less than the average individual in the populatiogetioer with the concave metabolic function,

predicts a right-skewed weight distribution as well as tgeprice-induced weight gains for initially
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heavier individuals. The simulations show that the modeisda very good job of capturing both the
shape and the movement of the distribution over time.

We find evidence of shifting norms in the BRFSS data on “desireighis,” as well as in the docu-
mented increases in the average dimensions of given nosiaesd of women'’s clothing. If such shifts
occur with some lag, the dynamic analysis shows that thesadgnt to a new long-run equilibrium,
following a price decline, may take years. We find supportthis lagged effect in the recent facts
that average weight and obesity rates are continuing teaser despite the fact that food price declines
(including preparation costs) appear to have levelledinffesthe mid 1990s. While a rational addiction
model also predicts greater food price elasticities in tmglrun than in the short run, we know of no
attempt to model the explicit adjustment dynamics in thetextrof the latter model to get a sense of
the speed of adjustment.

Our primary goal in this paper has not been to explain crestienal variation in weight levels, and
we have deliberately suppressed many important sourcegightwariation. However, our findings
show that metabolic variation alone induces substantiadjiwevariation across individuals and that
the weight distributions derived from an empirically grdexd metabolism model strongly mirror the
persistent qualitative features of the observed weightibligions. While previous empirical research
in economics has naturally focused on the economic detemtsrof cross-sectional weight variation,
it is possible that some economic factors, such as incomee;@related with genetic endowments of
metabolism. Therefore, we believe that economists carafetysignore the genetic determinants of
weight without additional research into these relatiopshirhe growth of obesity has been too dramatic
and has occurred too rapidly to be explained by changes igehe pool. However, given the concave
relationship between body weight and metabolism, thewghd shift of the weight distribution means
that the realized marginal effects of calorie consumptionveight are now greater on average than in
the past, even with no genetic change.

The concave metabolism model has further implications. mdividual who predicts her basal

metabolic rate at a higher weight, based on the curve’s doper current weight, will systematically
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overestimate it, and therefore underestimate the long-teeight gain associated with a permanent
(non-marginal) increase in calorie consumption. Scien@Btimates of the metabolism-weight rela-
tionship from samples lacking overweight individuals hdeae exactly this—and have found a linear
relationship that overestimates BMR at out-of-sample wisighacking complete knowledge of the

weight-metabolism curve, even forward-looking indivitBianay experience regret over past eating
decisions, similarly to myopic individuals. Even if peoman learn the model eventually (through

revealed weight gains, for example), it may be more diffituieverse such gains than originally antic-
ipated. Under these constraints on rationality, even faivl@oking individuals might be made worse

off by a food price decline.

Both a rational addiction framework and a framework invodvirariation in self-control can gen-
erate qualitative predictions of disproportionate growthhe upper tail of the weight distribution in
response to price declines. However, these alternativiareaiions appear less robust than ours, be-
cause they rely more heavily on assumptions about utilitgtions. In addition, it is difficult to assess
the quantitative contributions of self-control and adidictto variation in weight gain, because the dis-
tributions of self-control and propensity to addiction arg well understood. Furthermore, such ten-
dencies may depend on social as well as genetic factors arefdhe may be less stable than metabolic
variation. (See, e.g., Battaglini et al. 2005 for a discussibinterdependent self-control within peer
groups.) The frameworks emphasizing addiction and selfrobare most likely complementary to our
own, rather than exclusive of it, and we look forward to magearch into the relative contribution of
physiological, social, and economic forces to changesamiiight distribution over time.

Our model of endogenous norms predicts that populationm®&@nd obesity rates should continue
to grow if food prices continue to fall, but that marginalqeieffects on calorie consumption should
be smaller, the lower the initial price level. In this franak, the limits on weight and obesity growth
depend on the slope of the weight-metabolism curve at higghwéevels. If the curve continues to
follow our fitted model, and provided calories are not additthe increases in average weight and

the obesity rate should eventually level off, even if normes féexible and prices continue to fall. If
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instead the metabolism curve becomes flat above a given (iyri@asible) weight threshold, calorie
consumption above the maximal BMR value would cause unbalim@eases in weight. EXxisting
research on metabolism suggests the possibility of sudshiotds (Cunningham 1991, Horgan and
Stubbs 2003), but results are inconclusive, and furthearesi on metabolism among obese subjects is
clearly warranted.

In the CGS framework, the sensitivity of obesity rates to ftiote-costs increases unambiguously
as initial time-cost levels decline, even assuming a limeatabolism curve. The growth of obesity
might actually accelerate under their model, even if, cgiesit with current trends, time-cost declines
become progressively smaller. The limits on obesity in Hedting depend on the technological limits
of food convenience. In a model with food addiction, the nrafutility of food increases with body
weight, and yet our simulations of the addiction model, lavw fixed norms and linear metabolism,
predict a slowdown in obesity growth for a constant pricedre Lakdawalla and Philipson (2002)
hypothesize that obesity growth should be self-limitingsdéd on a projection that future income growth
will lead to lower average weights. Given the increasinglgaw relationship between income and
obesity rates, however, the latter prediction appearsoienu

Thinking beyond these models, are there forces or poligrwentions that might be expected to
lead to a slowing or reversal of current trends? In the casenoking, increases in taxes and a shift in
the social judgment of smoking led to significant declinesansumption. Food taxes, even if justified
by bounded rationality or cost externalities, are likelyb® politically problematic, given that food,
unlike tobacco, is a necessity. As for social acceptanegrémd has been more toward fat acceptance
and accommodation of obesity, rather than censure, censistth our norms hypothesis. While it has
become socially acceptable to ask smokers to put out ctgarete do not expect it to become socially
acceptable to ask an overweight person to choose a diffeeatton the bus. Norms restricting the
proper times and places for eating have also broken dowreitttited States. Hospitals have added
larger beds and other specialized equipment for obesenpai@d the visibility of plus-size models

has increased (Henderson 1997).
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Our findings on metabolism—in particular, the implicatiafdats concavity—suggest a need for
better public education, as well as better medical coumgetioncerning the relationship between body
weight, body composition, and calorie-burning. While it islaly believed that metabolism inevitably
slows with age, most of this slow-down can be attributed tdidieg lean body mass, a trend that
can be reversed through weight training and other resistarercises (Cunningham 1991). However,
several studies (e.g., Galuska et al. 1999, Wadden et al) 200nd that more than 50 percent of ran-
domly selected obese patients reported inadequate orarteagivice from their physicians concerning
weight loss and exercise. Government-led education pnegyrauch as the USDA's “Food Pyramid”
and its “Nutrition Facts” food labeling program, would app& have failed to restrain obesity growth,
given that weights in the U.S. increased steadily througtimulifetime of these programs (Willett and
Stampfer 2003). This failure may reflect the fact that edaoatvhile necessary, may be insufficient to
effect behavioral change. In contrast, some have arguedhta@riginal pyramiddid affect behavior,
but perversely: According to Willett and Stampfer (2008 briginal pyramid’s emphasis on carbo-
hydrates, and its failure to differentiate “good” fats frdwad, actually contributed to American weight
gains in the 1990s. It remains to be seen whether the revidgByramid” guidelines released in 2004,
which contain more specific and individualized recommeiodaton diet as well as exercise, will have
any behavioral impact, for good or ill.

Policy efficacy aside, the proper content of the public lnealessage on obesity is also a matter
of debate. Some academic researchers, as well as foodsndisby groups, have decried obesity
alarmism, arguing that excess body weight is merely a atgalf factors leading to disease, namely,
poor nutrition and lack of exercise, rather than a diseasdf ibr a cause thereof (Oliver 2005). These
same parties have emphasized the considerable risksatesbeith extreme dieting and gastric bypass
surgery. Most dramatically, researchers from the CDC itselflished a report in which the mortality
risk for officially “overweight” individuals, as defined byogernment BMI standards, was observed
to belower than that for “normal” weight individuals (Flegal et al. Z)0 The findings, although

controversial, are believed to reflect (among other fagtmsances in the medical treatment of diabetes
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and heart disease, and may foretell an eventual shift in thé BMye deemed medically healthy or
normal. Still, we expect the health risks and social stigssoaiated with extreme obesity to remain
high for the foreseeable future. For people in the uppeofdiie distribution, likely to be at a biological
disadvantage, medical interventions may hold greater tizge behavioral change and should not be

seen merely as shortcuts for the “weak-willed.”
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Mathematical Appendix

In this appendix we provide brief verification of the ass®rs of the existence and convergence state-
ments of individual stable weight laid out in Section 3.

The optimal one-period choice of food and non-food consionptbeginning from any initial
weight value, must satisfy equatio(s), (8), and(9), as well as second-order conditions. The three
equations can be combined and rewritten as the followinignaity condition on end-of-period weight,

W, for any initial weightW_1.

Ur (F (W W) S~ PUS(COWE M 1)) S = 2300~ M), (14
The left-hand side of equation (14) represents the margifedt on one-period utility of end-of-period
weight, deriving from the changes in food and non-food iatakonsistent with a marginal change in
the final weight. The right-hand side represents the malrgifect of end-of-period weight on the cost
of deviating from the norm. The partial derivati\dg is evaluated at the food level consistent with the
beginning and ending weights, where this food level is dethB{\W |W_1). The partial derivativé)c
is evaluated similarly. The expressign= 3TFV > 0 represents the increase in food consumption needed
to achieve a marginal weight gain, holding basal metabofiged. This is an identical constant for
all individuals, representing the conversion rate of dabito body weight, netting out the calories
consumed in digestion. Values for the left-hand side of epend on both the initial weight and the

final weight, but values for the right-hand side depend onlyhe final weight.

Existence of a stable weight

A stable weight must satisfy the equation above as well agdhnelition that\f* =W_1. To check
for existence of such a weight, impose the condition Wat W _1 and determine whether (14) has a

solution. Consider the valuddg (F (W|W)) —pUc(C(W|W))]K. The expression gives the net marginal
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benefit of weight gain beginning from any weiglt, where eaclW is potentially an initial weight
value at some point in time. If, starting from some initialighg, the net marginal benefit of weight
gain happens to be equal to the marginal cost of weight gaspptimal to maintain the initial weight.
Since any stable weight must satisfy this property, thedafuhese net marginal benefits will be termed
the “sustainability locus,” and it will determine stableigiet for anyM. Values on the locus are initially
positive, given the high marginal utility of food at the foodake consistent with just maintaining a
very low weight, and the low marginal utility of non-food carmption. The function decreases in
weight, eventually becoming negative. This decline ocirsause metabolism increases in weight,
and therefore the food required to maintain weight is insiregg as required food intake increases, the
marginal utility of food decreases, and the marginal ytitift non-food consumption increases. The
right-hand side is initially negative (assumikbis greater than some minimal viable adult weight), but

becomes positive as weight gets abtWeThus, there is a unique weight/S(M), characterized by

[Ur (F (WSWS)) — pUc(CWSIWS)) [k = 2(WS— M). (15)

Convergence to a stable weight

To show convergence to this stable weight, consider oniegheptimization from any initial weight,
Wb, as illustrated in Figure 9. Consider the marginal net benégnd-of-period weight as seen in the
diagram. Values on this curve are again initially positimsad become negative as final weight,
increases. This marginal benefit curve, however, has aestesgative slope than the sustainability
locus. This is because, as weight increases Wdgnto someW;, the marginal net benefit of further
weight gain evaluatedr at F (W |Wp), whereas the locus evaluatds atF (Wi |W,). Since the former
food quantity is greater than the latter, the net marginakkie of food (and of weight gain) is less
than the value on the sustainability locusvdt The difference in these food levels arises because

metabolism, measured in pounds of weight burned per weelygjless than proportionally to weight
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itself. For the samé/ the marginal deviation cost behaves exactly as above. Thusny given
initial weight there is a unique intersection point thatadtetines\;* (Wp). Second-order conditions are
satisfied at this value, given the strict concavity of themation problem inF andC. If Wy lies
below the stable weight defined by (15), the analysis in tlegipus paragraph implies that, beginning
atWp, a final weight of\p cannot be optimal. At this point, the marginal benefit of virtigain exceeds
the marginal cost, and so it is optimal to gain weight. Howethee optimal weight gain is less than the
difference betweeWy and the stable weight. This also follows from the fact thatriarginal benefit
of within-period weight gain declines more rapidly than tl@ues on the sustainability locus. The
diagram depicts the relationship between these two cuinvisating thatV)" < WS,

Referring to Figure 9, beginning from weighb, let the optimal ending weight B&;, where the
latter satisfiefUgr (F (W1 [Wo)) —pUc(C(WA[Wp)) ]k = 2J(WL —M). To iterate, let the individual begin at
W, and again solve the one-period problem. Now the individualtates the marginal benefit of weight
gain relative to this new initial weight. For the first incrent this is just the value on the sustainability
locus aW. Thus, we have a new within-period net marginal benefit cumegsecting the sustainability
locus at this point, where the new curve therefore lies toitite of that for the previous (lower) initial
weight. Therefore, when the individual wakes up at welyht the marginal benefit of weight gain
once again exceeds the marginal cost, and additional wggghtis optimal within the new period.
However, sincd\V; is greater thamp, the marginal benefit of weight gain beginning frof is less
than that beginning frotdp, and the marginal cost is higher, implying a smaller optimaight gain
from W, to W5, as seen in the diagram. Again, the individual winds up belwmvstable weight. The
same logic applies at the next iteration, during which tleevidual again gains weight but gains less
than in the previous period. Weight gain occurs as long/as WS, yet converges to zero and ceases
whenW reaches the stable value. Had the initial weight been gréata the stable weight value, it can
be shown similarly that the individual would optimally logeight period by period until converging

to the stable weight.
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Existence of and convergence to a stable weight norm

The graphical analysis in Figure 10 indicates the conditiora stable weight for a given M. We can
identify the stable weight for ani by plotting [Ug (F(W|W)) —pUc(C(W|W))]k and 2(W — M)

and finding the value AV at their intersections. 1 increases, the latter curve shifts right, and stable
weight increases. This increase is less than the increddehowever, because of the negative slope on
the sustainability locus. For a more general functionahftris is equivalent to imposing the “moderate
social influence” (MSI) condition on the optimization prebi. The MSI condition also guarantees
existence of an equilibriurvl (Glaeser and Scheinkman 2002). The valueW®/dM approaches 1

asJ approaches infinity. Simulations using FORTRAN90 code confiniform convergence.
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Table 1: Summary of Weight Distributions

Distribution Mean (SD) Min Max Median 95th2@ 99th® Skewn® Obesé€ Norm®
Empirical Distribution
Women (age 30-60)
NHANESII, 1976-1980 148.4(34.0) 80 360 141.0 215 258 1.356 891
NHANESIII, 1988-1994 157.4(39.5) 77 470 149.6 231 290 1.207 28.0
NHANES99, 1999-2000 168.4(45.6) 84 420 159.7 251 305 1.178 5.7 3
BRFSS, 1990 148.4(31.6) 73 434 142.9 205 256 1.429 14.0
BRFSS, 2002 161.0(38.6) 56 603 153.2 236 288 1.425 24.7
Men (age 30-60)
NHANESII, 1976-1980 177.3(29.8) 100 350 174.3 230 264 0.615 13.7
NHANESIII, 1988-1994 185.4(37.7) 90 532 180.2 251 317 1.476 21.6
NHANES99, 1999-2000 191.9(43.4) 94 425 184.4 277 338 1.183 7.3 2
BRFSS, 1990 182.6(31.7) 69 433 179.1 241 283 1.017 15.3
BRFSS, 2002 1945(39.7) 49 629 189.4 267 325 1.289 26.3
Simulated Distribution (Women age 30-60)
Moving Norm (Linear, P=$50) 148.0(30.0) 51 273 146.9 199 2230.240 18.6 130.2
Moving Norm (Linear, P=$40) 157.2(30.4) 59 284 157.2 210 234 0.226 28.7 138.3
Moving Norm (Linear, P=$32) 166.0 (30.6) 64 292 164.9 218 241 0.217 37.6 146.1
Moving Norm (Log, P=$50) 148.4(32.1) 67 332 144.6 207 241 7.7 18.9 130.6
Moving Norm (Log, P=$40) 159.8(34.4) 72 354 155.6 222 258 56.7 29.4 140.6
Moving Norm (Log, P=$32) 168.6 (36.2) 76 370 164.4 234 272 487 38.6 148.4
Fixed Norm (Log, P=$50) 148.4(32.1) 67 332 144.6 207 241 D.77 18.9 130.6
Fixed Norm (Log, P=$40) 157.6(34.0) 71 349 153.7 219 255 .75 27.2 130.6
Fixed Norm (Log, P=$32) 164.6 (35.3) 74 362 160.3 229 266 .74 34.3 130.6
Forward-Looking (Linear, P=$50) 145.0(25.1) 61 248 1442 441 188 0.203 12.4 130.6
Forward-Looking (Linear, P=$32) 157.4(25.4) 71 261 156.7 002 219 0.185 24.4 130.6
Forward-Looking (Log-Linear, P=$50) 144.5(25.8) 72 274 224 191 215 0.557 12.4 130.6
Forward-Looking (Log-Linear, P=$32) 157.5(275) 79 294 515 206 232 0.528 24.4 130.6
Rational Addiction (Lineaf, P=$50) 145.9(18.8) 98 276 143.6 180 201 0.820 7.5 130.6
Rational Addiction (Lineafr, P=$32) 158.8 (20.8) 106 304 156.2 196 220 0.839 20.2 130.6

. - 1\3
Note: 295th Percentile?99th Percentile‘Skewness: % for univariate dataXy, Xy, ..., Xy wherep ando denote

mean and standard deviatidtPercentage with BMI of 30 or above (more than 174.5 poundw/éanen of average height
in the simulations)®Population Weight Norm, see text for detail&.inear homoskedastic metabolism.



Women 30-60 in 1976-80
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Women 30-60 in 1999-2000
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Figure 1: Female Weight Distribution 1976-1980, 1988-19&dd 1999-2000, with Kernel density
estimate plot (Source: NHANES I, Ill, and 99)



Distribution of Desired and Actual Body Mass
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Figure 2: Actual and Desired BMI by Gender (Source: BRFSS van@aars; BMi>50 set to 50)
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Relative Price of Selected Food Items in the US, 1980-2004
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Figure 4: Relative Prices of Selected Consumer Food ltem®EBY&ource: Bureau of Labor Statis-
tics)
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Figure 5: Long-Run Trend in Consumer Food Prices (1982-84erc®: Bureau of Labor Statistics)
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Obesity Dynamics: Norm Updated Every Year since 1977
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Obesity Dynamics: Norm Updated Every 5 Years since 1977
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Figure 8: Obesity Dynamics: Annual vs. Five-Year Norm UjpagtLog-Linear Metabolism (Gradual
Price Decline 1977-1993)



$ Net Marginal Benefit of End-Of-Period Weight:

Ur(F(WIW))dF/dW —pUc(C(WIW))dC/dFdE/dW
— Up(F(WIW )dF/dW —pUc(C(WIW ))dC/dFdF/dW

URF(WIWS))dF/dW —pUc(C(WIW®))dC/dFdF/dW

Sustainability Locus: /
Up(F(WIW))dF/dW —pUc(C(WIW))dC/dFdF/dW

Marginal Cost of Weight
Gain: 2J(W-M) <
\A

* = Period-Optimal Weight
W = Weight

W3 = Stable Weight

M = Norm (fixed)

Figure 9: lllustration of Convergence to Stable Period-@ptiWeight (Fixed Weight Norm)
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Figure 10: lllustration of Stable Period-Optimal Weighten a rising Weight Norm



