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An empirical analysis of milk addiction
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Abstract

We show the estimable rational addiction model tends to yield spurious evidence in favor of
the rational addiction hypothesis when aggregate data are used. Direct application of the canonical
model yields results seemingly indicative that non-addictive commodities such as milk, eggs, and
oranges are rationally addictive. Monte Carlo simulation demonstrates that such results are likely
to obtain whenever the commodity under scrutiny exhibits high serial correlation, or when even a
small amount of the variation in prices is endogenous, or when overidentified instrumental variables
estimators are used, or when commonly imposed restrictions are employed. We conclude that
time-series data will often be insufficient to differentiate rational addiction from serial correlation
in the consumption series.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

A large literature has arisen followingBecker and Murphy’s (1988)theory of ratio-
nal addiction. The model has been implemented empirically to study numerous activi-
ties, including use of drugs such as tobacco, alcohol, cocaine, opium, and caffeine, and
activities such as gambling, cinema, and eating.1 Frequently, evidence for rational addic-
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1 Respectively, see:Becker et al. (1994), Baltagi and Griffin (2002), Grossman and Chaloupka (1998), Liu et al.
(1999), Olekalns and Bardsley (1996), Mobilia (1993), Cameron (1999), andCawley (1999).
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tion is found, although the results are often described as less than compelling since unstable
demand, implausible discount rates, and low price elasticities are estimated (Cameron, 1998;
Ferguson, 2000; Baltagi and Griffin, 2001). Further,Gruber and Koszegi (2001)show that
reduced form estimates ofBecker et al. (1994)seminal model of cigarette demand is frag-
ile to whether it is estimated in levels or differences. We contribute to the discussion by
investigating the small-sample properties of commonly employed models. First, we pro-
pose an ‘anti-test’ of the empirical rational addiction model: We show that its application
to time-series data on consumption of milk, eggs, oranges, apples, and cigarettes yields
“evidence” that milk—by a substantial margin—is the most rationally addictive of these
commodities. We then explain this result, and many of the anomalous results in the litera-
ture, through Monte Carlo simulation of demand models in which rational addiction is not
present by construction. We show that the standard methodology is generally biased in the
direction of finding rational addiction. Spurious evidence for rational addiction is likely to
obtain if: (1) the consumption series is highly autocorrelated, (2) even a small amount of
the variation in prices is endogenous, (3) a common linear restriction—that the ratio of the
coefficient on the lead of consumption to that on the lag is the discount rate—is imposed
on the model, or (4) overidentified instrumental variable estimators are used.

The rational addiction hypothesis holds that individuals have stable preferences and
correctly anticipate that increases in current consumption of an addictive good will play
out in the future as increased marginal utility of consumption. From that simple premise,
the model is able to mimic many observed features of addiction, including “cold turkey”
quitting behavior, reinforcement, tolerance, and withdrawal. We take no issue with the
theory per se, but rather with the interpretation of some of the empirical evidence relating
to the hypothesis.Becker et al. (1994)present the canonical empirical version of the model
in the context of a careful analysis of US cigarette consumption. Current consumption of a
potentially addictive good is regressed on its first lag and lead, current price, and possibly
other demand shifters. The lags and leads of consumption are instrumented with lags and
leads of prices. Positive estimates of the coefficients on the lag and the lead are interpreted
as evidence for the rational addiction hypothesis, and the ratio of the coefficient on the lead
to that on the lag is interpreted as an estimate of the discount rate.

An extensive meta-analysis of the empirical literature on rational addiction is beyond
the scope of this paper, however, inTable 1we present some selected results from selected
studies using aggregate data to estimate such models for several different goods. Where
possible, ordinary least squares (OLS) and instrumental variables estimates are compared.
Several stylized facts stand out. First, estimates of the discount rate are highly variable,
frequently negative, subject to occasional extreme draws, and estimates can be sensitive to
whether it is imposed or left free to vary. Second, instrumental variables estimates are much
more variable than OLS estimates. Third, the coefficients on the lag and lead of consumption
are usually positive and often sum to close to unity, particularly when OLS is employed.
Fourth, in all but two of the specifications presented the coefficient on lead consumption is
positive and statistically significant. Such results are typically but not always interpreted as
evidence in favor of rational addiction.2 We present evidence that all of these results will

2 Indeed, some authors are skeptical that their results genuinely reflect RA. For example, we have reported
Keeler et al.’s (1993)estimates constrained to be consistent with RA, but the authors argue that their evidence
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Table 1
Key results from selected previous studies

Studya Method ct−1 ct+1 Discount rateb

Keeler et al. (1993), US,
cigarettes

2SLS −0.06 (0.37) 0.47 (0.18) −8.39

2SLS 0.34 (0.14) 0.32 (0.13) 0.95

Sung et al. (1994), US (11
states), tobacco

2SLS 0.15 (0.08) 0.19 (0.08) 1.49

Becker et al. (1994), US,
cigarettes

OLS 0.48 (0.01) 0.42 (0.02) 0.87

2SLS 0.44 (0.04) 0.17 (0.04) 0.38

Conniffe (1995), Ireland,
tobacco

OLS 0.16 (0.13) −0.06 (0.15) −0.37

2SLS −0.09 (0.23) −0.06 (0.20) 0.67

Olekalns and Bardsley (1996),
US, coffee

2SLS 0.52 (0.12) 0.47 (0.11) 0.91

Bardsley and Olekalns (1999),
Australia, tobacco

GMM 0.49 (–) 0.48 (–) (0.98)

Bentzen et al. (1999), Four
Nordic countries, alcohol

2SLS 0.49 (0.03) 0.44 (0.03) (0.91)

Cameron (1999), US, cinema OLS 0.52 (0.04) 0.46 (0.06) 0.88
2SLS 1.29 (0.80) −0.59 (1.25) −0.48

Escario and Molina (2000),
Spain, tobacco

2SLS 0.16 (0.08) 0.13 (0.07) 0.83

ct−1 denotes estimates of coefficient lag consumption,ct+1 estimates of coefficient on lead. Standard errors in
parentheses.

a In most cases, these results are selected from several presented, or authors’ preferred specifications.
b Discount rates in parentheses imposed as linear restrictions.

often obtain if consumption is serially correlated, but evidence for rational addiction is not
present either because the good is not addictive or because consumers cannot anticipate
price movements.

We first show that if consumption follows an autoregressive process of order 1 with
parameterρ, OLS estimates of the parameters on the lag and lead of consumption will both
converge toρ/(1 + ρ2), which is between 0.4 and 0.5 for values ofρ between 0.5 and
1.0. Our key argument is that instrumenting the lag and lead of consumption with lags and
leads of prices does not eliminate the OLS biases in small samples. Since most time series
on consumption ofany commodity or service exhibit high serial correlation, the standard
rational addiction model will then tend to find spurious evidence for rational addiction when
applied to many goods. This argument explains why, across rational addiction studies, the
coefficients on the lag and lead of consumption often sum to a number close to 1, why the
discount rate is as often estimated to be negative as positive, and why evidence for rational

in totality is not supportive of RA. We do not mean to suggest that all of the papers we list conclude that their
respective results are uniformly in favor of RA.
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addiction is found even when it is implausible that consumers have information on future
price changes.

The paper is organized as follows.Section 2presents estimates of the canonical estimable
rational addiction model applied to Canadian time-series data on cigarettes and four pre-
sumably non-addictive goods. We find that milk appears to be more rationally addictive
than cigarettes, a result we dismiss out of hand and explain via analysis and simulations
presented inSection 3. Section 4concludes the paper.

2. Rational addiction to milk

In order to be a useful empirical tool, the estimable rational addiction (RA) model must be
able to discriminate between addictive and non-addictive goods. In this section we propose
an ‘anti-test’ of the RA model’s ability to differentiate addictive and non-addictive goods
similar in the spirit ofDranove and Wehner’s (1994)tests for supplier-induced demand. We
estimate RA models for both cigarettes, which we assume actually are addictive, and for
several common staples which should not be found to be addictive.

FollowingBecker, Grossman, and Murphy et al. (1994)(BGM), the canonical empirical
implementation of the rational addiction model can be sketched as follows. Consumers
maximize lifetime utility

∞∑
t=0

βtU(ct, ct−1, yt, et) (1)

subject to a law of motion for assets, wherect is the consumption of a possibly addictive
good in periodt, yt consumption of a numeraire,et represents the influence of variables
observed by the agent but not the econometrician, andβ the agent’s discount rate. If the
period return is quadratic, the optimal path for consumption follows a difference equation
of the form

ct = θct−1 + βθct+1 + θ1pt + ut, (2)

where theθ’s are parameters which depend on the underlying preferences andut is the
noise. This equation is typically estimated via instrumental variables techniques since theory
predicts that both the lag and lead of consumption are endogenous because a shock toet
will affect marginal utility in all periods. BGM used, variously, lags and leads of prices and
tax rates of various orders as instruments. In their preferred specification, the estimate ofθ

is 0.418 and the coefficient onct+1 is 0.138. BGM interpret the former result as verifying
the addictive nature of the good, and the latter as evidence against myopic behavior, that is,
as evidence in favor ofrational addiction.

In Table 3, we present estimates ofEq. (2)applied to annual aggregate Canadian data
on cigarettes, and on a number of goods we selected on the basis that rational addictive
behavior can be ruled out a priori: milk, eggs, oranges, and apples. Summary statistics and
details of the data are presented inTable 2. In each case, we include a linear time trend and
a measure of real per-capita outlays on consumer non-durables as a proxy for permanent
income. For each commodity, we consider four estimators: OLS, just identified two-stage
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Table 2
Summary statistics

Variable Units CANSIM Period n Mean S.D.

Milk quantity Liters D267578 1961–2000 40 94.82 5.32
Milk price P100021 1961–2000 40 1.02 0.08

Egg quantity Dozens D267584 1961–2000 40 18.04 2.62
Egg price P100026 1961–2000 40 1.42 0.33

Orange quantity kg D265449 1960–2000 41 9.71 1.30
Orange price P100040 1960–2000 41 1.19 0.17

Apple quantity kg D264858 1960–2000 41 11.57 1.26
Apple price P100039 1960–2000 41 0.82 0.13

Cigarette quantity Cigarettes D2091, D2095 1968–2000 33 2161.61 427.73
Cigarette price P200267 1968–2000 33 0.54 0.19

Outlays D16141, D16142 1961–2000 40 10895.89 2344.28

Notes: All data are annual and national-level and were obtained from the Statistics Canada’s CANSIM database.
“Outlays” is per-capita spending on consumer non-durable goods and services. Outlays and all prices expressed in
real terms by adjusting by all-items CPI(1992= 100). All quantities in per-capita terms. Cigarette consumption
includes cigars and is the sum of domestic and export sales, as the vast majority of exports are smuggled back into
Canada (Galbraith and Kaiserman, 1997).

least squares (2SLS) using one lag and lead of prices as instruments for the lags and leads
of consumption (2SLS(JI)), an overidentified 2SLS estimator using three lags and three
leads of prices as instruments (2SLS(OI)), and finally 2SLS estimates imposing the linear
restriction that the coefficient onct+1 equals the discount rate times the coefficient onct−1,
again using one lag and lead of price as instruments (2SLS(RES)). We set the discount rate
in the last case at 0.9.

The cigarette models confirm the result that cigarettes are rationally addictive. Each of the
estimators yields positive coefficients on the lag and lead of consumption, suggesting higher
past or future consumption causes higher current consumption, although the coefficient on
the lag of consumption in the 2SLS(JI) case is not statistically significant. The implied
discount rates are, however, implausible, ranging from about 1.2 to almost 4.0. BGM and
other authors have found similar results and interpreted them, in the phrasing ofBaltagi and
Griffin (2001), as “verifying addiction” and “clearly rejecting myopic addiction” despite
the “disquieting anomalies” that appear.

Among the presumably non-addictive commodities, apples provide the least support for
RA, as the coefficients on lag and lead consumption are statistically insignificant across
estimators. However, even in this case one could argue there is weak support for RA. The
coefficients are always positive, and seem to settle down to values similar to those we recover
for cigarettes as more instruments or the restriction are used, although the elasticities are
imprecisely estimated. Anticipating results discussed in the following section, we note here
that apple consumption exhibits the least serial correlation of our five commodities.

There is evidence for the rational addictiveness of eggs and oranges comparable, albeit
somewhat weaker, to that for cigarettes. In the case of eggs, the OLS and overidentified
2SLS estimates indicate large and precisely estimated effects of past and future consumption
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Table 3
Estimates of rational addiction models

Commodity Estimator ct−1 S.E. ct+1 S.E. Implied discount rate

Milk OLS 0.603 0.099 0.520 0.104 0.861
2SLS(JI) 0.849 0.312 0.706 0.365 0.830
2SLS(OI) 0.756 0.195 0.476 0.181 0.628
2SLS(RES) 0.822 0.132 0.740 0.119 (0.9)

Eggs OLS 0.497 0.086 0.548 0.073 1.127
2SLS(JI) 1.472 3.109 1.118 1.021 0.775
2SLS(OI) 0.327 0.188 0.713 0.224 2.230
2SLS(RES) 1.232 0.938 1.109 0.844 (0.9)

Oranges OLS 0.546 0.133 0.242 0.117 0.447
2SLS(JI) 0.023 0.524 −0.735 0.636 −32.827
2SLS(OI) 0.555 0.170 0.268 0.144 0.478
2SLS(RES) 0.031 0.341 0.028 0.307 (0.9)

Apples OLS 0.147 0.175 0.075 0.202 0.504
2SLS(JI) 1.256 4.682 0.567 2.347 0.446
2SLS(OI) 0.496 1.010 0.550 1.189 1.118
2SLS(RES) 0.295 1.452 0.265 1.307 (0.9)

Cigarettes OLS 0.441 0.078 0.507 0.081 1.176
2SLS(JI) 0.128 0.224 0.492 0.162 3.931
2SLS(OI) 0.365 0.099 0.493 0.095 1.388
2SLS(RES) 0.369 0.087 0.332 0.078 (0.9)

Notes: Coefficient estimates reported as elasticities calculated at sample means. All models include a linear time
trend, current real price, and per-capita real expenditures on non-durables as additional regressors. 2SLS(JI) uses
one lag and lead of prices as instruments, 2SLS(OI) uses two additional lags and leads, and 2SLS(RES) uses one
lag and lead and imposes the linear restriction that the coefficient onct+1 equals 0.9 times the coefficient onct−1.

on current consumption. The just identified and restricted cases yield even larger (indeed,
explosive) estimates, although they are not precisely estimated. Oranges follow a similar
pattern, with the OLS and overidentified 2SLS estimators apparently revealing the addictive
nature of oranges, whereas the just identified and restricted instrumental variables estimates
yield less support. Absent a priori knowledge on the psychoactive properties of these goods,
it would be difficult to maintain based on the results inTable 3that cigarettes are substantially
more or less addictive than eggs or oranges.

Finally, the results suggest milk is the most addictive of all the commodities considered.
The coefficients on both the lag and lead of consumption are highly significant across es-
timators. The 2SLS estimate on the lag of consumption is 1.4 to 6.6 times as large as the
comparable estimates on cigarettes, apparently very strong evidence that milk is highly
addictive. The 2SLS estimates on the lead of consumption are similarly larger in magni-
tude than the comparable cigarette estimates, apparently confirming that milk addicts are
not myopic. Finally, the implied discount rates range between 0.63 and 0.86, easily the
most plausible among the commodities considered. In contrast, the implied discount rates
for cigarettes are all greater than unity, and exhibit very large dispersion across the other
commodities.
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In short, among the commodities considered, we find apples to be least rationally addic-
tive. Eggs, cigarettes, and oranges are apparently comparably addictive, with mixed support
in favor of the RA hypothesis. Milk, however, is very strongly addictive! This is clearly an
empirical puzzle since we can rule out the addictiveness of milk over tobacco on the basis
of other evidence.

3. Analysis

We first examine the properties of OLS estimates ofEq. (2)when the errors are serially
correlated. Ignoring other covariates for the moment, suppose consumption follows an
AR(1) process which we express as

ct = ut, ut = ρut−1 + εt, (3)

whereε is the mean-zero white noise with varianceσ2
ε and the absolute value ofρ is not

greater than unity. Consider the regression ofct onto its lag and lead

ct = βlct−1 + βf ct+1 + ut. (4)

Notice that by construction there is neither rational addiction nor habit formation present
(the true values ofβl andβf are zero). It is well known that the lag of consumption is
endogenous when the errors are serially correlated, and the same is true of the lead of
consumption: the covariance betweenct+1 andut is ρσ2

ε . The true values ofβl andβf are
zero, but it can be shown that

plim
n→∞

β̂l = plim
n→∞

β̂f = ρ

1 + ρ2
, (5)

whereβ̂i, i = l, f represent the OLS estimates of (4) (seeAppendix A.1for proof). Further,
notice that after holding the lag of consumption constant, the errors are serially uncorrelated.
Thus, testing for and failing to find autocorrelation after estimating an equation such as (4)
does not indicate that serial correlation is not biasing the results. When other covariates
Xt are present the same arguments apply; the estimated coefficients on the columns ofXt
will generally not be consistently estimated and the coefficients on the lag and lead of
consumption will converge to values which depend on bothρ and the covariances between
the columns ofXt and the consumption series.

Recall the implied discount rate is the ratio of the coefficient on the lead of consumption
to that on the lag of consumption. Since these coefficients are centered on the same value,
OLS estimates of the RA equation will yield estimates of the discount rate centered on
roughly unity. However, no moments of this ratio will generally exist even when the mean
of the estimator exists (Hinckley, 1969) such that the estimated discount rate will exhibit
high variability and occasional very extreme draws.

We are also now in a position to explainGruber and Koszegi’s (2001)finding that estima-
tion of BGMs cigarette demand equations are sensitive to estimation in differences versus
levels. Suppose thatEq. (4)is estimated in differences when the DGP is, as before, given
by Eq. (3). It is possible to show that

plim
n→∞

β̂d
l = plim

n→∞
β̂d

f = ρ − 1

ρ2 − ρ + 2
, (6)
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where superscript d’s denote estimates of the differenced model (seeAppendix A.2for
proof). The asymptotic bias is then well approximated by 0.5(−1+ρ) for ρ > 0, where the
approximation is exact atρ = 0 orρ = 1. If consumption has a unit root, the differenced
model is consistent. The bias is approximately linear inρ, of the opposite sign, smaller in
magnitude forρ > 0.4 than in the levels case, and small for values ofρ typical of most
economic time series. For instance, atρ = 0.9, approximately the serial correlation in the
cigarette data discussed inSection 2, the asymptotic bias in the differenced model would be
approximately−0.05, whereas in levels it is 0.497. We graph the asymptotic bias for levels
and differences models inFig. 1.

OLS estimates of the RA equation in levels then tend to yield spurious evidence in
favor of RA whenever serial correlation is present in the consumption series, along with
estimates of the discount rate centered on roughly unity. The endogeneity of both the lag and
lead of consumption is well known, following from either serial correlation in the errors
or from optimizing behavior under rational addiction. Instrumental variables techniques
are, then, typically used to estimate (2). It is immediate from the argument above that
anything which biases instrumental variables estimates in the same direction as the OLS
bias will yield misleading evidence in favor of the RA hypothesis whenever the consumption
series exhibits significant serial correlation. If, however, prices are exogenous, instrumental
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Fig. 1. Asymptotic bias of OLS models. Bias of lead consumption parameter estimate when consumption follows
an AR(1) process with parameterρ.
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variable estimates of the coefficients on the lag and lead of consumption are consistent. We
now examine the small-sample properties of these estimators.

4. Monte Carlo simulations

4.1. Experimental design

We consider the data generating process (DGP)

ct = −ηpt + ut, ut = ρut−1 + εt, pt = 0.9pt−1 + νt,
εt ∼ NID(0,1), νt ∼ NID(0,1), (7)

and the properties of the regression

ct = βlct−1 + βf ct+1 + βppt + noise. (8)

We are as generous to the rational addiction model as possible while still allowing the
price and consumption series to exhibit serial correlation. We assume prices are strictly
exogenous, we remove other covariates which is equivalent to assuming that we have already
perfectly captured and removed all other influences on consumption, and we assume away
measurement error (such as due to smuggling or hoarding), consumer uncertainty over
future prices, and the other problems that previous research has identified in this context.
Notice that the population values ofβl andβf are both zero, so there is by construction no
rational addiction present under DGP (7).

The estimators we consider are OLS(β̂OLS
f ) and several variants of 2SLS: the just identi-

fied case using one lag and lead of prices as instruments(β̂
2SLS(JI)
f ), the overidentified case

using two lags and leads of consumption as instruments(β̂
2SLS(OI)
f ), and subject to the re-

strictionβf = 0.9βl , again using one lag and one lead of prices as instruments(β̂
2SLS(RES)
f ).

Since, as discussed above, the lag and lead of consumption are endogenous whenρ 	= 0,
OLS is inconsistent. Since prices are valid instruments, each of the 2SLS estimators is con-
sistent with variance proportional to the second diagonal element of (X′W(W′W)−1W′X)−1,
whereX denotes the matrix of regressors in (8) andW the matrix of instruments. The exact
small-sample properties of the estimates are very difficult to obtain even in considerably
simpler models (in related contexts, seePhillips, 1977; Bekker, 1994), so we simulate their
properties.

We limit interest to the properties of estimators ofβf , the parameter usually interpreted
as reflecting rational addiction, although we note that our findings will usually also apply to
the coefficient on the lag of consumption, which is conventionally interpreted as verifying
addiction. We characterize the distribution ofβf and the size of thet-test against the (true)
null that this parameter is zero using response surfaces. The parameters we are interested
in varying across experiments are the sample sizen, η, which governs the strength of the
instruments andρ, which governs the degree of autocorrelation the consumption series
exhibits. We stratify by sample size since we expect sample size to interact with the other
parameters in a complex manner.
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We ranM Monte Carlo experiments, varying the parameter values at each experiment.
For each of theM experiments,R samples of lengthn from process (7) were drawn. For
each sample, each of the four estimators ofβf were calculated, along with the associated
pseudo-t statistics against the nullβf = 0.

We ran experiments to investigate the properties of the model as the degree of auto-
correlation in the consumption series (ρ) and the price sensitivity of demand (η) vary.
We set the number of experiments atM = 2000, executedR = 1000 simulations at
each value of the parameter vectors, and ran one set ofM experiments atn = 100, and
another atn = 1000. For each experiment, we drew (ρ, η) from the unit square uni-
form distribution with antithetic acceleration (seeHendry, 1984), such that the vectors
of draws of each parameter are approximately orthogonal and dense. For each experi-
ment and for each estimatorβ̂, we recorded the sample mean of the estimates,β̄m =
(1/R)

∑R
r=1β̂r, and the number of rejections of the nullβf = 0, P̄m = ∑R

r=11(|t̂r| >
1.962), where 1(·) is the indicator function and̂tr the estimatedt-ratio on therth replication.
We characterize the relationships between the parameters, bias, and test size using both
response surfaces and graphs. We ran linear regressions of the formym = ∑

i φiψ(ρ, η)+
noise,m = 1, . . . ,M, whereψ(·) are the functions of the parameters,φi the parameters to
be estimated, andym either bias or (1000 times) size recorded in themth experiment. We
chose a second-order Taylor series approximation as the functional form of the response
surfaces.

All experiments were conducted using Stata 6.0 running on an IBM RS/6000
workstation.

Table 4
Monte Carlo results: response surface estimates, bias in estimating coefficient on lead consumption

β̂OLS
f β̂

2SLS(JI)
f β̂

2SLS(OI)
f β̂

2SLS(RES)
f

n = 100
ρ 0.88 (125.65) 0.016 (0.02) 0.27 (19.72) −0.23 (7.23)
ρ2 −0.34 (50.49) −0.34 (0.62) 0.26 (22.03) 0.01 (0.46)
η −0.29 (5.24) −2.43 (2.70) −0.42 (34.09) −2.89 (47.89)
η2 −0.06 12.32 1.86 (2.91) 0.39 (41.48) 1.76 (41.29)
ρη −0.04 5.69 0.46 0.82 −0.48 (43.85) 0.41 (10.23)
Constant 0.01 (5.88) 0.63 (2.03) 0.09 (17.69) 1.25 (59.16)
R2 0.99 0.01 0.96 0.86

n = 1000
ρ 0.86 (111.35) 0.39 (1.34) 0.13 (8.37) −0.19 (3.85)
ρ2 −0.36 (49.29) 0.05 (0.10) 0.19 (11.97) 0.19 (5.31)
η −0.50 (8.11) −0.12 (0.35) −0.45 (26.18) −2.27 (32.84)
η2 −0.06 (11.28) 0.44 (1.56) 0.49 (29.79) 1.66 (31.82)
ρη 0.01 (1.23) −0.74 (1.55) −0.41 (25.39) 0.12 (2.56)
Constant 0.39 (14.89) −0.12 (1.01) 0.07 (15.74) 0.77 (30.70)
R2 0.99 0.01 0.76 0.74

Notes: Based on 2000 Monte Carlo simulations for each value ofn, each of which used 1000 samples of sizen
from data generating process (7).t-ratios based on heteroskedasticity-robust standard errors in parentheses. Prices
determined exogenously. 2SLS(JI) uses one lag and lead of prices as instruments, 2SLS(OI) uses an additional
lag and lead, and 2SLS(RES) uses one lag and lead and imposesβf = 0.9βl .
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4.2. Monte Carlo results

Table 4displays response surfaces for bias in estimation ofβf . The true value of the
parameter is zero, so an ideal estimator would yield a constant of zero and no sensitivity
to the values of the nuisance parametersρ andη. The OLS results reflect the theoretical
argument presented above: OLS is severely biased in favor of RA, an outcome affected
little by sample size, and moderated slightly by strong price elasticity of demand. The
just identified 2SLS estimator (2SLS(JI)) performs well, with anR2 from the response
surface estimates of only 0.01, reflecting little impact of the nuisance parameters on the
estimates. Monte Carlo results and finite sample theory suggest overidentified models tend
to exhibit bias in the same direction as the OLS bias in small samples (Davidson and
MacKinnon, 1993, p. 222), and our simulations confirm this result in the present context.
The overidentified 2SLS estimator (2SLS(OI)) exhibits severe biases at the small-sample
size, which are mitigated only moderately by increasingn by an order of magnitude. More
serial correlation in the errors produces more evidence of RA, an effect mitigated by higher
values ofη (stronger instruments). The surface is U-shaped inη, reflecting the fact that as
η→ 0 the instruments become weak and the 2SLS bias converges to the OLS bias. Finally,
the 2SLS estimates with the constraintβf = 0.9βl also reflect strong biases in favor of
finding RA. As in the overidentified case, weak instruments are particularly likely to bias
the estimates away from zero.

Table 5
Monte Carlo results: response surface estimates, size of test against null that coefficient on lead consumption is
zero

β̂OLS
f β̂

2SLS(JI)
f β̂

2SLS(OI)
f β̂

2SLS(RES)
f

n = 100
ρ 3120.10 (128.41) −56.00 (17.10) 188.15 (17.61) 51.49 (3.93)
ρ2 −2177.92 (88.25) 117.57 (33.97) 479.21 (37.88) 655.03 (55.11)
η −158.98 (7.43) 102.81 (31.71) 229.89 (25.14) −506.03 (47.68)
η2 −29.00 (1.49) −71.70 (25.63) −190.87 (20.51) 361.43 (40.52)
ρη 207.26 (9.47) 27.69 10.01 −48.08 (4.68) −500.10 (48.05)
Constant −52.25 (6.61) 0.63 (2.03) −12.75 (5.13) 284.93 (70.08)
R2 0.96 0.91 0.90 0.98

n = 1000
ρ 1942.00 (24.36) −6.26 (2.08) −34.71 (3.08) 52.50 (3.09)
ρ2 −1596.27 (24.84) 71.11 (17.70) 319.16 (17.66) 431.97 (19.84)
η 80.03 (1.46) 98.19 (32.52) 49.71 (5.35) −812.92 (50.76)
η2 −115.62 (2.77) −65.08 (20.15) 33.62 (3.39) 774.15 (43.09)
ρη 60.14 (1.07) −52.30 (13.93) −280.92 (18.42) −538.01 (25.23)
Constant 473.42 (16.97) −2.00 (2.88) 8.32 (3.91) 247.16 (60.60)
R2 0.56 0.68 0.72 0.87

Notes: Based on 2000 Monte Carlo simulations per value ofn, each of which used 1000 samples of sizen from
data generating process (7). Dependent variable is number of rejections of true null in 1000 replications.t-ratios
based on heteroskedasticity-robust standard errors in parentheses. Prices determined exogenously. Nominal size
of test is 5%. 2SLS(JI) uses one lag and lead of prices as instruments, 2SLS(OI) uses an additional lag and lead,
and 2SLS(RES) uses one lag and lead and imposesβf = 0.9βl .
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Table 5presents response surface estimates for size of thet-test against the nullβf = 0.
Again the OLS estimates display the worst properties, severely over-rejecting the null at
high values ofρ. The overidentified and restricted instrumental variables estimators fare
better than OLS, but still tend to over-reject the null when significant autocorrelation in
consumption is present.

We display the results for the bias and size of the overidentified 2SLS estimators inFigs. 2
and 3, respectively. The main result is that the estimates are severely biased upwards when
there is high serial correlation in the consumption series. This bias is smaller when the
instruments are stronger. However, the over-rejection rate increases with the strength of
the instruments, which is an artifact of distorted confidence intervals stemming from weak
instruments (see, for example,Stock et al., 2002). Indeed, the realized size of the test is
lower than the nominal size if the instruments are very weak.

Since many empirical tests of RA use lags and leads of prices as instruments for lags and
leads of consumption, we also ran some experiments on the effects of endogeneity in prices
on the properties of the estimators. We simulated endogenous prices by allowing price to
enter the error structure for the consumption process negatively, which is the correlation
which would obtain if there is stochastic fluctuation in demand, but no correlation between
the shocks in the demand equation and the supply (or equivalent) equations. To save space
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Fig. 2. Bias in estimation ofβf , overidentified 2SLS estimator. Monte Carlo results.ρ is the degree of serial
correlation in the consumption series andη the price elasticity of demand.
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Fig. 3. Size of test againstβf = 0, overidentified 2SLS estimator. Monte Carlo results.ρ is the degree of serial
correlation in the consumption series,η the price elasticity of demand. Figure shows number of rejections per
1000 draws of the true null that rational addiction is not present. Nominal size is 5%.

we do not report these results as, unsurprisingly, even moderate endogeneity produces severe
biases in all four of our candidate estimators.

Finally, in light of the high serial correlation often found in time-series consumption
data andReinhardt and Giles’ (2001)finding that cigarette prices and consumption are
cointegrated, we consider the special case in which the consumption process has a unit root.
We assume prices are exogenously determined, and set the price elasticity of demand to
−0.5, that is, we analyze the results of the experiments described above evaluated at the
parameter values(η = 0.5, ρ = 1.0). We set the number of replications to 10,000, and ran
simulations at sample sizes ofn = 100 andn = 1000. The results are presented inTable 6.
Each estimator at each sample size is severely biased in favor of finding RA, and increasing
n by an order of magnitude does little to reduce the bias (indeed, the restricted estimates
appear to becomemore biased asn increases over this range).3 Similarly, the size of the tests
againstβf = 0 are all far greater than the nominal 5%. As in the previous results, the just
identified 2SLS estimator exhibits the best properties, with size of roughly 2.5 times nominal
at the larger sample size, whereas OLS always rejects the true null. Both the restricted and
overidentified 2SLS estimators severely over-reject, and the rate of over-rejection becomes

3 A caveat to the apparent large bias in the just identified model is that this model has no moments (Kinal, 1980).
Reporting “biases” for such models is then problematic, and this result should be interpreted with caution.
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Table 6
Monte Carlo results: properties of estimators when consumption process has a unit root

n = 100 n = 1000

Mean S.D. Size Mean S.D. Size

OLS 0.493 0.021 1.000 0.500 0.003 1.000
2SLS(JI) 1.846 144.62 0.139 0.758 36.31 0.119
2SLS(OI) 0.348 0.247 0.477 0.305 0.220 0.451
2SLS(RES) 0.281 0.232 0.683 0.308 0.276 0.551

Notes: Parameter is coefficient on lead of consumption. Results based on 10,000 Monte Carlo replications. 2SLS(JI)
uses one lag and lead of prices as instruments, 2SLS(OI) uses an additional lag and lead, and 2SLS(RES) uses one
lag and lead and imposesβf = 0.9βl . Nominal size is 5%. The data generating process is as described byEq. (7),
with ρ = 1.0, η = −0.5.

worse asn increases, presumably because the standard error falls at a greater rate than the
bias over this range.

5. Conclusions

We presented evidence that the canonical rational addiction model tends to yield spuri-
ous evidence in favor of rational addiction when estimated using time-series data. We first
showed that the standard model produces evidence that non-addictive goods such as milk,
eggs, and oranges are rationally addictive. Indeed, the results suggest that milk is more
addictive than cigarettes. From these results we concluded that the standard methodology
does not reliably discriminate between addictive and non-addictive goods.

We proceeded to explain these results via simple analytics and Monte Carlo simulations.
We showed that OLS estimates of the standard model are biased in favor of finding ra-
tional addiction, whereas the model estimated in differences has much smaller bias of the
opposite sign when there is serial correlation in consumption. In both cases the coefficients
on the lag and lead of consumption converge to values which depend solely on the degree
of autocorrelation in the consumption series. To the extent that small-sample 2SLS esti-
mates are biased in the same direction as the OLS bias, it follows that 2SLS estimates are
also prone to finding spurious evidence in favor of rational addiction. Monte Carlo simu-
lation revealed such biases are large, even when prices are truly exogenous and all other
econometric difficulties, such as measurement error, are assumed away. In particular, we
discovered that overidentified models and models with the discount rate imposed as a linear
restriction perform very badly, exhibiting severe biases and massively over-rejecting the
null of no rational addiction. Exactly identified instrumental variable models, conversely,
performed much better. We also argued that testing for autocorrelation in the residuals after
estimating a rational addiction model will not reveal whether serial correlation is generating
spurious results, as controlling for the lag and lead of consumption effectively removes such
correlation.

Even under the assumption that the rational addiction hypothesis is true, evidence for
rational addiction should not be found if price changes cannot be anticipated, and only
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weak evidence should be found if the activity is only weakly addictive. Many previous
studies, however, find evidence of strong rational addiction under such circumstances. Our
results suggest that such evidence may be spurious and should be interpreted with caution,
particularly when overidentified or restricted instrumental variables estimates have been
reported. Short- and long-run price elasticities calculated from such estimates are also
likely to be biased.

We make several tentative recommendations for future research in light of our findings.
First, estimating the model in differences is likely to yield better small-sample properties
than estimation in levels for commodities exhibiting moderate to high serial correlation
in consumption. Second, exactly identified instrumental variable models are likely to be
preferable to overidentified models. Third, if the goal is to test for rational addiction, the
discount rate should not be imposed as a constraint on the model. Fourth, methods which
do not succumb to the biases we have identified, such as analysis of anticipated versus
unanticipated cigarette tax shifts (Escario and Molina, 2000; Gruber and Koszegi, 2001), are
better tests of the rational addiction hypothesis than the canonical empirical model. Finally,
we emphasize that we have limited attention to rational addiction models estimated from
aggregated time-series data and our results do not necessarily apply to studies exploiting
microdata, such asChaloupka (1991)or Labeaga (1999).
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Appendix A. Proof of probability limit of OLS estimates

A.1. Model in levels

The OLS estimates ofEq. (4)are (X′X)−1X′c, whereX = [ct−1ct+1] andc denotes the
consumption vector. Substituting the data generating process (3) forc and taking asymptotic
probability limits yields(

β̂l

β̂f

)
=
(
ρ

0

)
+ 1

σ2
l σ

2
f − σ2

lf

[
σ2

f σlε − σlf σf ε

σ2
l σlε − σlf σlε

]
, (A.1)

where subscript l denotes the lag of consumption, f the lead of consumption,σ2
i , i = l, f

asymptotic variances andσij the population covariance between variablesi and j. The
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process (3) further impliesσ2
l = σ2

ε /(1 − ρ2), σ2
f = σ2

ε /(1 − ρ2), σlε = 0, σf ε = ρσ2
ε , and

σlf = (ρ2σ2
ε )/(1 − ρ2). Substituting these values into (A.1), we find

plim
n→∞

(
β̂l

β̂f

)
=
(
ρ

0

)
+




−ρ3

1 + ρ2

ρ

1 + ρ2


 =




ρ

1 + ρ2

ρ

1 + ρ2


 (A.2)

as asserted in the text.

A.2. Model in differences

In this case, the equation estimated is

 ct = βd
l  ct−1 + βd

f  ct+1 + noise, (A.3)

where ct = ct − ct−1. We prove the limit ofβ̂d
f , and assert that, as in the levels model,

symmetry implies that̂βd
l converges to the same limit. It is immediate that

β̂d
f = [((ct+1)(1 − L))′M(ct+1(1 − L))]−1(ct+1(1 − L))′M(ct(1 − L)), (A.4)

whereL is the lag operator andM = I − x(x′x)−1x′, x = ct−1(1 − L). Defining a =
(1 − ρL)−1(1 − L) and substituting the DGP, we have

β̂d
f = [(εt+1a)

′(I − (εt−1a)((εt−1a)
′(εt−1a))

−1(εt−1a)
′)(εt+1a)]

−1

×[(εt+1a)
′(I − (εt−1a)((εt−1a)

′(εt−1a))
−1(εt−1a)

′)(εta)]. (A.5)

Evaluating this expression asn→ ∞ involves population covariances of the form

C|i−j| = plim
n→∞

(
1

n

)
(εt−ia)′(εt−ja), (A.6)

wherei andj are 0, 1, or−1. Wheni = j, C0 = 2σ2
ε /(1 + ρ). When|i − j| = 1, C1 =

−σ2
ε (1 − ρ)/(1 + ρ). When|i − j| = 2, C2 = −σ2

ε ρ(1 − ρ)/(1 + ρ). Substituting these
values into (A.5) and simplifying yields the result asserted in the text.
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