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Abstract

Many activities such as smoking and gambling have long been subject to gov-
ernment regulation. Congress has also considered passing laws to encourage
healthy eating and some corporations subsidize exercising. Each of these ac-
tivities can be addictive and is more enjoyable when done with others. These
features, addiction and social interactions, make regulation potentially impor-
tant but difficult to design. This paper develops and estimates the first model
of demand for a good that is both addictive and affected by social interac-
tions. A key benefit of jointly modeling these two phenomena is that addiction
introduces dynamics that allow the researcher to identify social interactions
under relatively weak assumptions. The model also illustrates that the type of
externalities that arise depends greatly on the precise manner in which social
interactions affect individual utility. Finally, I apply my proposed identification
methodology to data on cigarette consumption from the National Health In-
terview Survey and find strong evidence for the presence of both addiction and
social interactions. Accounting for social interactions together with addiction
triples the estimated effect of anti-smoking laws on consumption compared to

a model that accounts for neither.
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1 Introduction

Governments have long regulated activities believed to have harmful consequences for
consumers. For example, the U.S. state and federal governments discourage cigarette
smoking by levying large excise taxes, many states ban commercial casinos, and
Congress has considered implementing a “fat tax” to reduce obesity. Corporations,
too, are interested in promoting healthy behavior: IBM employees receive a $150
bonus for exercising (The Economist 2011).

Each of these activities is affected by social interactions. More precisely, the util-
ity an individual receives from consuming these activities depends directly on the
consumption of other individuals. A large theoretical and empirical literature has ex-
amined social interactions in a wide variety of contexts.! Many of these activities can
also be addictive: current consumption increases the utility of future consumption.
The presence of addiction in consumer behavior has led to a separate literature on
modeling the addiction process.?

This paper develops and estimates the first model of demand for a good that is
both addictive and affected by social interactions. A key benefit of jointly modeling
these two phenomena is that addiction introduces dynamics that allow the researcher
to identify social interactions, which are often difficult or impossible to identify in
static models. I also demonstrate that identifying the presence of social interactions
is not sufficient to infer their form, for different types of social interactions can gener-
ate indistinguishable demand equations. Finally, I apply my proposed identification
methodology to data on cigarette consumption and find strong evidence for the pres-
ence of both addiction and social interactions.

I explicitly model the individual decision problem in order to illustrate the precise
effect different forms of social interactions have on individual behavior. I consider two
different forms of interactions: “conformity”’and “proportional spillovers”. Under

conformity, individuals face incentives to match their consumption to the mean of

LA less than comprehensive list includes the following. For theory, see Bernheim (1994), Binder
and Pesaran (2001), Bisin, Horst, and Ozgur (2006), Blume, Brock, Durlauf, and Ioannides (2010),
Brock and Durlauf (2001), and Manski (1993). Empirical analyses of social interactions have exam-
ined their effect on crime (Glaeser, Sacerdote, and Scheinkman 1996), disadvantaged youth (Case and
Katz 1991), grades (Sacerdote 2001), obesity (Christakis and Fowler 2007), and smoking (Gaviria
and Raphael 2001; Krauth 2007; Nakajima 2007; Powell, Tauras, and Ross 2005).

2See Becker, Grossman, and Murphy (1994), Becker and Murphy (1988), Chaloupka (1991),
Gruber and Koszegi (2001), Levy (2010), O’Donoghue and Rabin (2002), and Orphanides and
Zervos (1995).



their reference group. Under proportional spillovers, individual utility is affected
linearly by a change in the mean consumption level.

The model reveals that the effect of social interactions on consumption depends
greatly on their form. An increase in conformity causes individuals to place more
weight on the average consumption in their group and less weight on their own id-
iosyncratic preferences. This compresses the distribution of consumption within the
group: higher conformity causes individuals with preferences for a high level of con-
sumption to consume less and causes individuals with preferences for a low level of
consumption to consume more. There is no effect on average consumption because
the effect on high-consuming individuals is canceled out by an opposite effect on
low-consuming individuals. Proportional spillovers, by contrast, increase everyone’s
consumption by a constant factor.

Despite their disparate effects on consumption, both conformity and proportional
spillovers imply a linear relationship between individual and mean group consumption
when utility is quadratic. Thus both these forms are consistent with the “linear-in-
means” model estimated by many social interactions studies.

It is well known that it is difficult to identify social interactions in the linear-
in-means model (Manski 1993). Consistent estimation via ordinary least squares
requires the absence of unobserved group-wide shocks, which is unlikely to hold in
most empirical analyses. This paper shows how the dynamics that arise naturally as a
byproduct of coupling social interactions with addiction allow researchers to identify
social interactions even in the presence of unobserved group-wide shocks. The intu-
ition follows from two simple observations. First, addiction causes group consumption
to be related to past determinants of demand. Second, although shocks to demand
are likely to be correlated across different individuals within the same reference group,
it is unlikely that those shocks are correlated with past determinants of demand. In
other words, past exogenous determinants of demand are valid instruments for identi-
fying social interactions. If individuals are forward looking then future determinants
of demand are also valid instruments.

Finally, I apply my model to data on cigarette consumption—which medical and
economic evidence suggest is both addictive and affected by social interactions—
obtained from the National Health Interview Survey. I define a smoker’s reference

group to be other smokers who live in her metropolitan area and are from the same



demographic group.® I exploit a key implication of the model-that current consump-
tion is related to past determinants of demand—to identify the relationship between
group and individual cigarette consumption. My main identification assumption is
that lagged cigarette prices and lagged anti-smoking laws are uncorrelated with cur-
rent unobserved determinants of smoking demand. I show that my results are robust
to the possibility that current cigarette prices are correlated with unobserved deter-
minants of smoking demand.

My results demonstrate a strong and statistically significant relationship between
individual and group consumption. The interpretation of these results depends greatly
on the assumed form of social interactions. Assuming conformity, these results imply
that social interactions significantly reduce the variance of individual consumption.*
If one assumes that proportional spillovers rather than conformity is the proper spec-
ification, however, then these results imply that an increase of one cigarette per day
in a group’s consumption of cigarettes is associated with an increase in consumption
of approximately 0.25 cigarettes per day for a current smoker.

This paper makes three contributions to the literature. First, it derives a novel
model of demand that accounts for both the dynamic aspects of addiction and the
endogenous effects of interacting consumers. The model shows that policy makers
need to identify not just the presence but also the precise form of social interactions
in order to infer the type of externalities generated by those interactions. For exam-
ple, conformity has no effect on the average level of consumption while proportional
spillovers increase the level by a constant factor.

Second, this paper is the first to show how the dynamics inherent in such a model
can be used to identify the presence of endogenous social interactions. There is a
large literature concerned with how to identify social interactions.® It is usually dif-
ficult to find an appropriate instrument in static settings: variables that affect group
consumption generally must also affect individual consumption and thus cannot be
used as excluded instruments. My proposed method, by contrast, has sound theoret-

ical justification. Lagged exogenous determinants of demand are necessarily related

31 allow the demographic group to vary alternately by age, gender, and marital status.

4Quantifying the size of the reduction requires information about the distribution of individual
determinants of demand. Reasonable assumptions imply a reduction of approximately forty percent
in the standard deviation of consumption.

5See Blume, Brock, Durlauf, and Ioannides (2010), Durlauf and Tanaka (2008), Graham and
Hahn (2005), and Manski (1993).



to group consumption in the model because of addiction. Yet, they are uncorrelated
with the unobserved determinants of individual demand if the researcher has con-
trolled for the individual’s stock of past consumption because lagged determinants of
demand affect the individual only through that stock.

Third, I present empirical evidence that an individual’s cigarette consumption is
strongly affected by the average consumption in her reference group. This paper is
the first to estimate this relationship.® I also find that the recent decline in smoking
consumption is strongly associated with anti-smoking laws as measured by a com-
prehensive anti-smoking laws index. Moreover, a naive model underestimates the
elasticity of demand with respect to this index by a factor of three as compared to a
model that properly accounts for addiction and social interactions.

The rest of this paper is organized as follows. Section 2 presents the model and
main theoretical results. I discuss identification in Section 3 and describe the data in
Section 4. Section 5 describes the empirical strategy and Section 6 presents results.

Section 7 concludes.

2 Model

A consumer’s instantaneous utility is represented by the function
V (i, Sit, Tir, i, By [@y])

where a;; is consumer ¢’s consumption of an addictive good in period t, S;; is the
consumer’s stock of past consumption, x;; represents other components that affect
utility (e.g., education or advertising), and ¢; represents a composite good. E; [a,] is
the consumer’s time-t expectation of the mean consumption of the addictive good by
other consumers in her reference group. I assume throughout that the reference group
is “large”in the sense that an individual’s contribution to the mean is negligible. The

stock of past consumption evolves according to the equation

Sitt1 = (1 = d) (Sit + ai) (1)

6Most empirical papers on social interactions and smoking examine the effect of group prevalence
on the probability an individual smokes rather than the effect of group consumption on individual
consumption. Aristei and Pieroni (2009) and Jones (1989) estimate the effect of group smoking
prevalence, but not consumption, on individual consumption.



where d € (0,1) is the rate of depreciation. Many addictive goods such as cigarettes
have a negative effect on the consumer’s health. I model this by assuming that, all
things equal, a higher stock of past consumption lowers utility, i.e., 9V /3S; < 0.7

Two definitions will be helpful when discussing this model. A consumer is ad-
dicted if, all things equal, an increase in the consumer’s stock of past consumption
(Sit) increases her equilibrium consumption (a;). The magnitude of this increase
measures the strength of addiction. Adjacent complementarity is the effect of last pe-
riod’s consumption (a;—1) on current equilibrium consumption (a;). See Becker and
Murphy (1988) for a discussion of the relationship between addiction and adjacent
complementarity and of how they relate to other medical and psychological concepts
of addiction.

The consumer’s problem is

[e.o]

max Zﬁt_lv (@it, Sits Tit, Cit, Bt [G4)) (2)

Qit,Cit

where S;; is given and 3 < 1 is the consumer’s discount rate. The consumer’s budget

constraint is
o0

Ajp = Z (1+ T)f(tfl) (cit + Deait) (3)

t=1
where A;q is the present value of wealth, r is the interest rate, and p; denotes the price
of the addictive good. The composite good ¢;; is taken as numeraire. I assume the
consumer’s discount rate is equal to 1/ (1 + ). All variables in this problem vary at
the individual level except for price, mean consumption, and the discount and interest
rates. I drop the ¢ subscript for the remainder of this section for notational ease.

I impose the following assumptions in order to render this model analytically

tractable:

A1 Instantaneous utility can be decomposed into a private component and a social

component:

V (at7 Stwrt; Ct7 Et [at]> - U (a’t7 Stht’ Ct) + G (a‘t7 Et [at]) (4)

"One could alternatively consider cases where the stock of past consumption raises utility, e.g.,
a consumer who is addicted to exercising. This would not affect the form of the demand equation
although it could affect the signs of the regressors. Most applications of addiction, however, including
the one in this paper (cigarette consumption), are concerned with cases where the stock lowers utility.



A2 Private utility is concave and quadratic:

1
U (ar, Sy, c0) = =3 (Uaa@i + UssSE + Ugp T} + Uee) + UgsarS;  (5)

+ Uz @iy + Uge@iCr + Usy Sty + UseS1Ct + UgelyCy

+ Ugay + UsSy + UpTy + ULCy

This functional form captures the dynamic aspects of the model and delivers
linear first order conditions that aid analysis. The coefficients g, Uss, Uze and
U are positive due to the assumed concavity of U. The coefficient u,q is
assumed to be positive so that the marginal utility of consumption of a; is
higher when the addictive stock S; is higher.

A3 Consumers have perfect foresight.

Assumption A1 is common in the social interactions literature while assumptions
A2 and A3 are standard in the literature on addiction.® Some critics argue that perfect
foresight implies that addicts should never express regret and that there is no scope
for public policy (Akerlof 1991; Winston 1980). Gruber and Koszegi (2001) show,
however, that perfect foresight is compatible with time inconsistency. Furthermore,
Orphanides and Zervos (1995) relax the assumption of perfect foresight and show
that the main empirical predictions of the Becker-Murphy addiction model remain
unchanged.

My theoretical model is closely related to Bisin, Horst, and Ozgur (2006), who
analyze the existence and form of equilibria in dynamic linear economies that exhibit
both habit formation and social interactions. My analysis differs from theirs in the
following ways. First, they assume habit formation is captured completely by last
period’s decision, which is equivalent to assuming the stock of past consumption takes
the special form S;;; = a;.” Second, I derive equilibria in the context of a standard

consumer’s problem and thereby relate my analysis directly to the addiction literature.

8Blume, Brock, Durlauf, and Ioannides (2010) and Brock and Durlauf (2001) are good examples
from the social interactions literature. Becker and Murphy (1988), Becker, Grossman, and Murphy
(1994), Chaloupka (1991) and Gruber and Koszegi (2001) are prominent examples from the addiction
literature.

9Becker and Murphy (1988) point out that in the special case where S;;1 = ay, a positive effect
of past consumption on the marginal utility of current consumption is both necessary and sufficient
to induce addiction. This is no longer true in the more general case where S;y1 = (1 — d) (S¢ + a¢),
which is what I consider in my model.



This allows me, for example, to calculate price elasticities, unlike Bisin, Horst, and
Ozgur (2006), who do not include a budget constraint. Finally, I consider two different
parametric specifications for social interactions while Bisin, Horst, and Ozgur (2006)
only consider one.

Solving the first order condition for ¢; and substituting the result into (5) allows

one to rewrite the consumer’s problem (2) as a maximization problem in a; only:

max ZﬁtilV* (at, St, 24, By [ay]) (6)
g1
where
1
V* (at, Sty we, By [ar]) = 9 (bmaf + bssSY + bmzﬁ) (™)

+ basatst + baatatxt + bsa:Stxt
baat + bSSt + bxl't + G (at7 Et [at])

The coefficients in (7) capture the effect of the input variables on the consumer’s utility
assuming optimal consumption of the composite good ¢;. 1 show in the appendix
that the coefficients on the squared terms in (7) are positive. The coefficient b,
measures the effect of the stock of past consumption on the marginal utility of current
consumption assuming optimal consumption of ¢; and is assumed to be positive.!?

Following Brock and Durlauf (2001), I consider two different parametric represen-

tations of social utility. The first embodies a pure conformity effect:
_ 1 _ 12
G (ay, By [ay]) = _§bg (ar — By [@)) (8)

The second is a proportional spillovers effect, defined as a linear interaction between

individual consumption and expected average consumption:
G (CLt, Et [Et]) = bgatEt [Et] (9)

The strength of social interactions is captured in both cases by the parameter b, > 0.

0The appendix shows that assuming uectse > 0 is sufficient (but not necessary) to ensure that

bas > 0. In words, ugcus. > 0 means the addictive good a; and the addictive stock S; do not have
opposing effects on the marginal utility of the composite good c;.



Expanding (8) reveals the relationship between these two forms of social utility:
1 1
—50 (ar — By [@))* = bya, By [a,] — 509 (@) + (B [@])?) (10)

Brock and Durlauf (2001) show that (8) and (9) result in the same choice problem

1 This is not so in this model because a; is

for the individual when a, is binary.!
continuous.

Intuitively, an increase in conformity causes individuals to place more weight on
the average consumption in their group and less weight on their own idiosyncratic pref-
erences. This compresses the distribution of consumption within the group: higher
conformity causes individuals with preferences for a high level of consumption to
consume less and causes individuals with preferences for a low level of consumption
to consume more. There is no effect on average consumption because the effect on
high-consuming individuals is canceled out by an opposite effect on low-consuming
individuals. Proportional spillovers, by contrast, increase everyone’s utility (and
consumption) in proportion to her current consumption. The next two subsections
demonstrate these results formally by deriving demand equations for the cases where

social utility takes the forms (8) and (9), respectively.

2.1 Conformity

Let social interactions be captured by a pure conformity effect:
_ 1 12
G (ar, By la]) = —§bg (ar — Ey [a@])

I first consider a baseline case where consumers are myopic. Analytically, this cor-
responds to ignoring any forward-looking terms in the first order condition when
solving the consumer’s problem (6) subject to the law of motion for the stock of past
consumption (1) and the budget constraint (3). This yields the following demand
equation:

ar = St + YmGt + TPt + 0Ty + ki, (11)

HTo see this, let a; € {—1,1}. Then the right-hand side of equation (10) simplifies to
bear By [a] — b, (1 + (B [Et])Q). This differs from the right-hand side of (9) only by the tem

—%bg (1 + (B [Et])2), which drops out of the consumer’s maximization problem.



where

bas
O
%:%f%>o
)
T
bax
%:%+%§0
b
" b

and A is the marginal utility of wealth. Myopic consumers are necessarily addicted
because «,, > 0. Individual consumption is positively related to group consumption
(7m > 0) and negatively related to price (m,, < 0). It is not affected by the negative
consequences of addiction (as captured by bs and bss) or by any future determinants
of demand. An increase in the strength of conformity has a negative effect on the
magnitude of all parameters except ,,.

Relaxing the assumption that consumers are myopic yields the forward-looking

demand equation:

a; = oSy + aaiy + V1 + Yolpr1 + TP+ ToDeyr + 012 + 02T + K (12)

10



where

bas - (1 - d)2ﬁ (bas + bss)

o) = A ;O
b baa bCLS
s = (1 = d) gt o 0
A
b
")/1:Zg>0
b
=—(1-d)B-2<0
A
AN
T A<
—(1—d)ﬁi>0
o — A
baa:
=350
bsm_bax
ba_(l_d)ﬂ(ba_b5)<

A =by+bga + (1 = d)? B (bas + bss) >0

See the appendix for a full derivation.

Unlike the case where consumers are myopic, the relationship between present con-
sumption and the stock of past consumption (aq) is ambiguous when consumers are
forward looking. This ambiguity arises because forward-looking consumers account
for the future harmful effects of consumption as captured by the utility parameter
bss. Another difference is that current consumption is affected by future consumption
when consumers are forward looking. The coefficient on future consumption measures
the strength of adjacent complementarity.

The model predicts that consumption in demand equation (12) is negatively re-
lated to the current price but positively related to future price. This positive rela-
tionship may seem surprising since past and future consumption are complementary
with present consumption. However, as explained in Becker, Grossman, and Murphy
(1990), the demand equation (12) holds future consumption constant, eliminating the
mechanism through which past and future prices affect present consumption. For ex-
ample, if the future price increases but future consumption is unchanged, then some

other force must be offsetting the price effect by raising the future stock. This in

11



turn means current consumption must be higher because the future stock is directly
related to both the current stock and current consumption.

The coefficient on current group consumption () is positive in (12). This im-
plies that current individual and current group consumption are positively related,
as expected. Current individual consumption is negatively related to future group
consumption for the same reason it is positively related to future price, which was
discussed above. Note that all coefficients in (12) are functions of the strength of
conformity (b,;). For example, the magnitude of the strength of addiction (ay) is
negatively affected by an increase in conformity.

The strength of adjacent complementarity («s) depends on how the stock of past
consumption affects the marginal utility of current consumption (b,s), on how quickly
a rise in addictive stock causes harm (bss), on how quickly the marginal utility of

consumption diminishes (by,), and on the strength of conformity (b,):

v boa + by — (baa + by — bes) (1 — d)?

ab2:(1—d)ﬁ Il AQQ )( )5>0 (13)

8052 o 3 Qbaa+ba5+bg

o, ~ AT =0 (14

O Oa 1_d2ﬁ bas+bss _bas

a_bQZabQZ(l_dw( | (N ) = (15)
q aa

The model retains the general results from the addiction literature and also gen-
erates some new ones. Equations (13) and (14) illustrate the well-known results from
Becker and Murphy (1988): adjacent complementarity increases the more past con-
sumption raises the marginal utility of current consumption and decreases the more
quickly the harm from past consumption increases. Forward-looking individuals tem-
per their consumption of addictive goods because they anticipate the negative future
consequences of a high stock of past consumption.

Equation (15) reveals that the effect of conformity on adjacent complementarity
is ambiguous and that it depends on the relative magnitudes of b,s and bs,. On
the one hand, conformity has a negative effect on adjacent complementarity if prior
consumption has a strong effect on current consumption (b, is large). On the other
hand, conformity has a positive effect on adjacent complementarity if the accumulated
harm from past consumption increases quickly (b, is large).

Equation (12) is a second-order linear difference equation in S;. The solution

12



reveals precisely how individual consumption is affected by both past and future

exogenous determinants of demand and past and future group consumption:

Si=Kiy (61)7 by + Kzz_: (¢2)” hej + (02)' (50 — K1y (¢1)” hj) (16)

where hy = Y@ + Y211 + T1pr + Topii1 + 0124 + doxy 1 + k3 Sp is the initial stock
of past consumption; K; and K, are positive constants; and ¢; and ¢, are the (pos-
itive) inverses of the characteristic roots of the difference equation.'? The first term
in equation (16) is a weighted average of future determinants of demand (p;; and
x4+;) and future group consumption. The second term is a weighted average of past
determinants of demand and past group consumption. The third term represents the
effect of an individual’s initial condition and fades to zero over time. The parameters
¢1 and ¢9 dictate the sign and magnitude of the effect of a shock to past or future
consumption on current consumption. These shocks can be changes to any factor
affecting the demand for the addictive good, e.g., prices.

To see the effect of conformity on the average long-run equilibrium level of con-
sumption, consider the simple case where there is no variance in p; or x; (so p; = pVt
and x; = xVt). The long-run equilibrium stock of past consumption is then equal to

S* = (1 —d) (S* + a*) for all consumers. This allows one to simplify (12) to

a*=1"p+§r+k” (17)

where

. d(1—p+dB) A

= — :

., dbe +d(1—d) S (bsy — baz)

= ¢

, d(1—=(1—=d)B)b,+d(1—d)Sbs

kE* = ¢

E=d(1—(1—d)3)be+ (1 —d)?Bbs — (1 —d) (1 — (1 — 2d) B) bys

Equation (17) shows that long-run equilibrium consumption a* is not a function of

the conformity parameter b,. It is clear that the effect on long-run consumption of a

12See Appendix A for details.

13



change in price, da*/dp, is also not a function of b,."

Although conformity does not affect the average level of consumption, it does
affect the variance. Recall that all the parameters in equation (12) are functions of
by. For example, an increase in b, reduces the magnitude of 7, the direct effect of
price on consumption. In fact, m; approaches 0 as b, approaches infinity. Figure 1
illustrates the effect of social interactions on the distribution of consumption using
simulations described in the appendix. Comparing Figure la to Figure 1b shows that
conformity compresses the distribution of consumption relative to a setting with no
conformity:.

Define the long-run effect of a change in price to be the change in quantity de-
manded in response to a permanent change in price in all periods. Suppose an in-
dividual reaches an expected steady-state level of consumption a* = S*d/ (1 — d).

Then this effect is equal to

da* T+ o
Op l—ag—ax(l=d)/d—v — 7

(18)

Stable dynamics requires that the combined strength of addiction and social interac-

tions not be “too strong”. In particular, steady-state stability requires that

041+042(1—d)/d+71+72<1

2.2 Proportional spillovers

This subsection considers the case where social interactions take the form of propor-

tional spillovers:
G (&t, Et [Et]) = bgatEt [Et]

As in Section 2.1, the myopic case is solved first to serve as a baseline:

a; = Sy + .+ pr+ 0 v+ kL (19)

13A more general setting allows p; and z; to vary over individuals and time (e.g., Figure 1). In
this case a stationary equilibrium results where E [a}] = E [a;]. Conformity still has no effect on the
average consumption level in this setting, even if the distributions of z; and p; are asymmetric.

14



Figure 1: The effect of social interactions on consumption

(a) No social interactions (b) Conformity (c) Spillovers
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These graphs display the results of three simulations. The vertical lines display the range (minimum to maximum)
of consumption for a group of consumers for each period ¢. Panel (a) displays consumption for an addictive good
that exhibits no social interactions. Panel (b) adds conformity to the simulation. Panel (c) adds spillovers instead of

conformity to the simulation. See Appendix B for more details.
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As in the case of conformity with myopic consumers, consumption is positively related
to the stock of past consumption and to group consumption, negatively related to
price, and unaffected by the negative consequences of addiction (as captured by by
and bg) or by any future determinants of demand. Unlike in the case of conformity,
only the coefficient on mean consumption (v/,) is a function of the strength of social
interactions (b,).

Relaxing the assumption that consumers are myopic yields the forward-looking

15



demand equation:
ay = a1 Sy + Qbay1 + V1A + Voler1 + TPy + ToPe1 + 013 + Oyxea + K (20)

where

r_ bas - (1 - d)2ﬁ (bas + bss)

N
aé:(l_d)ﬂbm;bm .
vi=%>0

== (- <0
7ri-—%<0
w;=(1_d)5%>o
5;:’2—?50
5;:(1—@@%;,6”;0
k,_ba—(l—dA)lﬁ(ba bs) <0

The signs of the coefficients in (20) are the same as the ones for the conformity
demand equation (12). Under proportional spillovers, however, only the coefficients
on mean consumption () and ~}) are affected by the social interactions parameter
by. Direct examination of equation (20) reveals that da;/0b, > 0, i.e., an increase in
the strength of proportional spillovers increases consumption. This is illustrated in
Figure 1c.

The formula for calculating the long-run effect of a change in price is identical to
the conformity case and given by (18). The solution to the linear difference equation
(20) has the same form as (16). The two solutions differ only in the magnitudes of

their coefficients. See Appendix A for details.
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3 Identification

There are two main identification concerns associated with estimating the demand
equations derived in Section 2. First, the stock of past consumption is necessarily
correlated with the error term in the presence of serial correlation. Second, mean
group consumption is also correlated with the error term if unobserved shocks to
demand are correlated across individuals within the same group. The traditional
solution to the first problem is to instrument for stock with lags and, if consumers are
forward looking, leads of exogenous determinants of demand such as price (Becker,
Grossman, and Murphy 1994; Chaloupka 1991). In this section I show that these
instruments can also be used to identify the coefficient on mean group consumption.

Consider a variant of the myopic consumer’s demand for an addictive good:
Qigt = OéSigt + 769t + TPgt + &L'igt + Tlg + €igt (21)

where Sj4 is consumer i’s stock of past consumption at time ¢, @, is the mean
consumption for reference group g at time ¢, and p, and ;4 represent price and
individual-level determinants of demand, respectively.!* The error terms 7, and ;g
represent unobserved (to the econometrician) determinants of demand. Equation
(21) is a standard “linear-in-means” social interactions model with the addition of
the stock term S;;, (Manski 1993). There are two central challenges in identifying
the endogenous social effect v when groups are large. First, mean consumption @
is correlated with 7,. Second, estimation is biased if there are group-wide shocks to
demand, which causes Cov (Ggt, €54¢) # 0.1

The dynamics that operate through the stock S;; = (1 — d) (Sigi—1 + @igi—1) offer
a solution to this problem. Addiction implies that individual and group consumption
are both related to past determinants of demand.'® Becker, Grossman, and Murphy
(1994) show that this in turn implies that lagged exogenous determinants of demand

are valid instruments for S;,. This insight extends naturally to @, in my model.

4 Equation (21) implicitly assumes that the group-level average of the covariates, Tq4¢, do not affect
demand. This implies, for example, that a consumer’s demand may be affected by her education
level but her demand is not directly affected by the education level of others in her group. The
identification argument presented in this section still holds if one adds “contextual effects” like T4,
to the demand equation.

5 Estimation is also biased if individuals choose their reference groups in a way that is correlated
with the outcome of interest, which also causes Cov (@g¢, €ig¢) # 0.

16This is confirmed formally by equation (16).
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If consumers are forward looking then future values of these variables are also valid
instruments.

For example, consider estimating (21) using OLS with fixed effects. Consistency
requires C'ov (Ggt, €;,1) = 0, which rules out the possibility of group-wide shocks to
demand. This assumption is unlikely to hold in an empirical analysis, however, be-
cause many components of demand are unobserved. If this assumption fails then
the econometrician will overestimate the effect of social interactions () because she
will incorrectly attribute changes in individual consumption to changes in group con-
sumption when in fact they are due to components in the error term. By contrast,
instrumenting for @, with lags of, for example, price identifies v using only variation
in past prices. Validity in this case requires the weaker assumption that these past
prices be uncorrelated with the current error term.

Although the strategy outlined above identifies v (and thus identifies the presence
of social interactions), it cannot distinguish between the two forms of social inter-
actions, conformity and proportional spillovers, that were discussed in the previous
section. I discuss potential strategies for addressing this in Section 7 but otherwise
this topic is beyond the scope of this paper. The next half of this paper applies the

identification strategy outlined above to data on smoking consumption.

4 Data

I obtain data on adult smoking behavior from the National Health Interview Survey
(NHIS). This cross-sectional, nationally representative survey collects annual informa-
tion on the health of the civilian noninstitutionalized population of the United States.
I analyze thirteen years of the survey between 1970 and 2001.}” Approximately thirty
percent of survey respondents are current smokers. Each survey collected self-reported
data on the respondent’s current consumption of cigarettes. The 1970, 1978, 1979,
and 1980 surveys also collected information on consumption at the time the respon-
dent smoked her greatest average daily quantity, and the 1970 survey additionally
collected data on the respondent’s consumption in the previous year. The respon-

dent’s age, race, gender, marital status, family income, educational attainment, and

171970, 1978-1980, 1987-1988, 1992, 1995, and 1997-2001. There are other available years with
data on smoking behavior but these data lack the respondent’s age of smoking initiation and/or the
respondent’s geographic identifier.
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age of smoking initiation are available in each survey. The metropolitan statistical
area (MSA) of residence is available for approximately half of all respondents.'®

One limitation of these data is that, with the exception of the 1970 survey, I
do not observe consecutive measures of consumption for individuals. I explain in
Section 5 how one can nevertheless use the respondent’s reported age of initiation to
construct a measure of her stock of past consumption. Unfortunately, I am restricted
to estimating a myopic demand equation because I do not observe future consumption.

The factors governing smoking participation have been found to differ from the
factors governing consumption conditional on participation so I therefore limit my
analysis to current smokers.'® I define a smoker’s reference group to be other smokers
who live in her MSA. Some specifications in my analysis consider smaller reference
groups by subdividing the MSA along one of the following three demographics: (1)
age, classified as forty and under or over forty; (2) gender; and (3) marital status.
I limit my analysis to current smokers who live in MSA’s with at least 150 other
smokers in order to obtain accurate measures of mean group consumption for all
possible reference groups. I drop respondents with top-coded ages.?

The dependent variable, smoking consumption, is conditional on the respondent
being a current smoker. This measure is susceptible to sample selection bias if factors
that affect consumption also affect participation. For example, if an increase in the
price of cigarettes causes more low intensity smokers to quit than high intensity
smokers then the estimated effect of price on consumption will be muted. Fiore et al.
(1990) find, however, that daily cigarette consumption does not predict the success
of attempted cessation, which suggests that this bias is small.

Table 1 presents summary statistics for the sample. Male smokers consume an
average of 17.91 cigarettes per day while female smokers consume 16.00 cigarettes
per day.?! The average male begins smoking around age seventeen and a half, more
than one year earlier than the average female. Less than twenty percent of smokers
graduated college. Approximately half of the sample is married.

The weighted average price and excise tax per pack of cigarettes are obtained from
Orzechowski and Walker (2009) and matched to respondents on the basis of state of

8MSA identifiers for individuals from low-population areas are suppressed in the publicly available
data in order to ensure confidentiality.

19Gee Jones (1989) and Labeaga (1999).

20This only affects respondents who are over the age of 84.

210ne pack of cigarettes typically includes twenty cigarettes.
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residence.?? T average these data across bordering states for MSA’s located across or
on state borders. For example, respondents living in Portland, Oregon are matched
to the average price for Oregon and Washington. Figure 2 displays prices and taxes
for the period 1965-2005 for all fifty states. Prices fell in real terms between 1965 and
1980. They have steadily increased since then with the exception of a price cut in
the early 1990’s. The sharp rise in 1999 is due to the Master Settlement Agreement
between the major cigarette firms and the US state attorney generals. This agreement
stipulated that the four largest US cigarette firms pay a minimum of $206 billion to

the states over a period of twenty-five years in exchange for a cap on litigation costs.??

Figure 2: Real (2009 dollars) price and tax per pack of cigarettes
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State price and tax data are obtained from Orzechowski and Walker (2009). Prices include taxes.
The data are adjusted for inflation using the Urban Consumer Price Index. The solid lines display
the national means and the dotted lines display the fifth and ninety-fifth percentiles.

22 All prices used in the analysis exclude sales tax but include all tobacco-related excise taxes. See
Appendix C for details.

ZSee Viscusi and Hersch (2010) for a discussion of the effects of the Master Settlement Agreement
on cigarette prices.
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Figure 3: Index of state anti-smoking laws
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Source: Gruber and Zinman (2001) and ImpacTeen. The index measures the strength of a state’s
anti-smoking laws. Higher index values indicate states with more restrictive laws. The index ranges
from 0 to a possible maximum of 51. The solid line displays the national mean and the dotted lines

display the fifth and ninety-fifth percentiles.

Many states enacted various anti-smoking laws during the time period of this
analysis. These laws, among other things, ban or restrict the location of cigarette
vending machines, outlaw the distribution of free cigarette samples, and regulate
cigarette advertising. The National Cancer Institute has developed a set of criteria
that measure the strength of these laws (Alciati et al. 1998). These criteria provide
the basis for an anti-smoking laws index developed in Gruber and Zinman (2001).2
The index has a possible range of 0-51 and covers the time period 1973-1998. I extend
it to 2001 by incorporating publicly available data from ImpacTeen. See Appendix C
for details.

Figure 3 displays the anti-smoking laws index I use in my analysis. I match these

24T am grateful to Jonathan Gruber for sharing these data with me.

21



Figure 4: Number of cigarettes smoked per day, anti-smoking laws, and cigarette prices
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This graph plots the average reported number of cigarettes smoked per day in the NHIS sample.
It also displays the average cigarette price and the average index of anti-smoking laws. Cigarette
prices are in 2009 dollars and include taxes. The anti-smoking laws index ranges in value from 0 to

a possible maximum of 51.

data to survey respondents on the basis of their state of residence and year surveyed.
Index data are not available for respondents surveyed in 1970. Because there is little
to no change in anti-smoking laws in the early 1970’s, I match respondents from the
1970 survey to the 1973 index. I average the index data across border states for
MSA’s located across or on state borders in the same way I did with prices and taxes.
The average index for smokers in the sample is 9.59 with a standard deviation of 7.15.

Figure 4 shows that the average number of cigarettes smoked per day began de-
clining in 1980 and that this decline is associated with a corresponding increase in

the real price of cigarettes and in the strength of anti-smoking laws.

22



5 Empirical strategy

Estimating demand requires constructing a measure of a smoker’s stock of past con-

sumption, defined as
t—1

Si=> (1—d) " a,

=0
where d is the depreciation rate of the stock, a, is the smoker’s consumption in period
7, and t is the number of years she smoked. I assume Sy = 0. I do not observe the
depreciation rate but medical studies indicate that the effects of addiction typically
do not last more than a few years after cessation, which suggests the rate is not low
(Fiore 2008, p. 60). I follow Chaloupka (1991) and set the depreciation rate d equal to
0.8 in my analysis.?> The number of years a respondent has smoked can be calculated
by subtracting her age of initiation from her age.

I do not observe a respondent’s entire smoking history in any of the NHIS surveys.

Instead, I estimate her stock as
(1-d) "a, (22)

where a, is an estimate of the individual’s past smoking consumption. I estimate @,
by modeling the age profile of consumption as follows. First, I use the NHIS data to
estimate smoking consumption as a function of gender, age, and age-squared. The re-
sults of this estimation procedure are displayed in Figure 5 for an 85-year-old smoker
who began smoking at age 15. The model captures two key features of smoking behav-
ior: (1) consumption follows an inverted U-shaped curve over an individual’s lifetime;
and (2) the inverted U-shaped curve is more pronounced for males than females. This
curve is then individually scaled for each survey respondent by incorporating data on
her smoking history. Data on a;, a;—1, and apax = max{ag,ay,...,a;} are available
depending on the year of the survey. If a;,_; is available, the curve is scaled so that
a;—1 = a;—1. Otherwise, the curve is scaled so that Gmax = Gmax. If both a;—; and
(max are missing, the curve is scaled so that a; = ay.

Chaloupka (1991) performs a similar procedure to estimate the stock of past con-

sumption. The main difference between our methods is that his method assumes

25 Chaloupka (1991) considers a range of depreciation rates centered around 0.8; my results are
robust to alternative rates.
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Cov[(1 —d)""",a,;] = 0, which is equivalent to assuming that the curves in Figure
5 are flat. This allows him to set a, equal to an individual’s mean consumption.
My method improves upon his procedure by additionally modeling the age profile of

consumption.2¢

Figure 5: Male and female smoking profiles
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This graph displays estimated cigarette consumption for an 85-year-old smoker who began smoking
at age 15. Consumption at age 15 is normalized to 1. The profile curves are estimated using data on
current smokers from the 1970, 1978-1980, 1987-1988, 1992, 1995, and 1997-2001 National Health

Interview Surveys.
I estimate a model of demand where smokers are not forward looking:

aigt = Oégigt + ’Yagt + TPmt + QLOg[[NDEth] + l‘;gt(s + Nm + U + eigt (23)

~

Sigt 15 smoker i’s estimated stock of past consumption at time t; @y, is the mean

consumption in her reference group g; p.: is the average price of cigarettes in her

26Nevertheless, both methods produce similar results. This is because most of the variation in an
individual’s stock of past consumption is driven by ¢, the (known) number of years she smoked.
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MSA; INDEX,, is an index of anti-smoking laws in her MSA; and z;, controls for
gender, race, age and its square, marital status, log of income, and whether or not
the individual is a college graduate. All estimates include MSA and year fixed effects
(1 and ).

OLS estimates of (23) are inconsistent because the stock §igt is a function of past
consumption.?” In addition, group consumption @, is correlated with the error term
in the presence of unobserved group-wide shocks. Following the identification strategy
outlined in Section 3, I account for this by instrumenting for both stock and group
consumption with four lags of price and four lags of the log of the anti-smoking laws
index.

The long-run price elasticity of demand gives the percentage change in quantity
demanded in response to a permanent change in price in all periods. Suppose an
individual reaches an expected steady-state level of consumption a* = S*d/ (1 — d).

Then the long-run price elasticity is equal to

oa* p m p

opa* 1—a(l—d)/d—~ya*

where p and a* are evaluated at the mean price and consumption levels for the sample.
The long-run elasticity with respect to the anti-smoking laws index is calculated
similarly. Steady-state stability requires that o (1 —d) /d + v < 1.

6 Results and discussion

Table 2 reports estimation results for demand equation (23). Column 1 reports a base-
line OLS estimate that accounts for neither social interactions nor addiction. Price
and the index of anti-smoking laws are negatively related to cigarette consumption
but not statistically significant. Females, married individuals, and college graduates
are all associated with lower cigarette consumption. Whites consume more cigarettes
than non-whites, which is consistent with the literature.?®

Column 2 adds group consumption as a regressor and thus estimates a static
linear-in-means model. These estimates are biased because this regression does not

account for addiction or for the possibility that unobserved shocks could be correlated

27Serial correlation in the error term causes §igt to be correlated with e;g;.
Z8See Gilleskie and Strumpf (2005) and Gruber and Zinman (2001).
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across smokers living in the same MSA. Column 3 controls for an individual’s stock of
past consumption but fails to account for the identification issues discussed in Section
3.

Column 4 of Table 2 addresses the endogeneity of stock by instrumenting for it
with four lags of price and four lags of the anti-smoking laws index. The coefficient
on stock decreases but remains significant while the coefficient on group consump-
tion increases. As discussed in Section 3, the coefficient on group consumption is
biased upwards in the presence of unobserved group-wide shocks. Column 5 ad-
dresses this concern by instrumenting for group consumption in addition to stock
and thus presents the first consistent estimate of demand. The coefficient on group
consumption is 0.246, less than one-half the magnitude of the estimate in Column 4.

The coefficients on price are small and generally insignificant. For example, Col-
umn 1 of Table 2 estimates a price elasticity of -0.145 (not shown), which means
a 10-percent increase in the price is predicted to reduce consumption by 1.45 per-
cent. The long-run price elasticity estimated by Column 5 is -0.126 (not shown).
These estimates are consistent with prior studies of cigarette smoking that employ
individual-level data and account for anti-smoking laws.? It is also consistent with
Chaloupka (1991), who estimates a rational addiction model and obtains insignificant
price elasticities for current smokers. My estimates are significantly smaller, however,
than the estimates from Becker, Grossman, and Murphy (1994), who apply a rational
addiction model to aggregate sales data and estimate a long-run price elasticity of
-0.7.

Column 1 estimates an anti-smoking laws index elasticity of -0.046 (not shown)
while the correctly specified model of demand presented in Column 5 estimates an
elasticity of -0.138 (not shown), which is three times larger. This suggests that anti-
smoking laws have a significant impact on smoking intensity, although these results
must be interpreted cautiously because anti-smoking laws may be correlated with
underlying state-specific trends in smoking behavior. For example, if states with
large populations of people who harbor anti-smoking sentiments are more likely to

pass anti-smoking laws than other states, then the causal effect of anti-smoking laws

29Gruber and Zinman (2001) analyze Monitoring the Future data, which covers the period 1991-
1997, and estimate a price elasticity of -0.059 for 12th graders. Wasserman, Manning, Newhouse,
and Winkler (1991) analyze data from the National Health Interview Survey and estimate price
elasticities that range from 0.06 to -0.283 for the period 1970-1988.
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on consumption would be smaller than what these regressions estimate.?"

The stock of past consumption has a positive and statistically significant effect on
consumption, which is consistent with the hypothesis that cigarette smoking is addic-
tive. The coefficient on group consumption is positive and significant, indicating that
social interactions have a strong effect on individual consumption. The interpretation
of this coefficient depends greatly on the assumed form of social interactions. Under
conformity, these results are consistent with a reduction of approximately forty per-
cent in the within-group standard deviation of smoking consumption as compared to
a group with no conformity.? Under proportional spillovers, these results imply that
an increase of one cigarette per day in a group’s consumption of cigarettes causes an

increase in consumption of 0.246 cigarettes per day for a current smoker.

6.1 Robustness checks

Table 3 reports results when the reference group differs by demography as well as
MSA. Column 1 replicates the results from Column 5 of Table 2. Columns 2-4 report
results when the reference group differs by age (forty and under or over forty), mar-
ital status, and gender, respectively. Changing the reference group does not affect
estimates much.

If current cigarette prices are correlated with the error term then the estimates
presented so far are inconsistent. The inclusion of MSA and time fixed effects along
with the anti-smoking laws index increases the likelihood of price exogeneity. Gru-
ber and Koszegi (2001) and Gruber and Frakes (2006) worry, however, that cigarette
firms may set state-specific prices in response to unobserved, time-varying determi-
nants of demand. They argue that cigarette taxes are a better source of exogenous
variation than cigarette prices.??> Table 4 accounts for this possibility by additionally

instrumenting for the current price with the current tax. Results are not significantly

30DeCicca et al. (2008) provide evidence that accounting for anti-smoking sentiment reduces the
effect of price, but not anti-smoking laws, on consumption.

31The estimate of forty percent is obtained from numerical simulation and requires making as-
sumptions regarding the distribution of individual determinants of demand. See Appendix B for
details.

32Chou, Grossman, and Saffer (2006) counter this argument by deriving a model of competition
that is consistent with features of the cigarette industry and in which pricing does not depend on
the disturbance terms in cigarette demand; moreover, they note that using taxes instead of prices
discards useful variation due to state differences in transportation costs, retailing costs, and local
competition.
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affected.

Finally, Table 5 presents estimates for a model that assumes the depreciation
rate of the stock is equal to 0.6 rather than 0.8. The coefficient on stock decreases,
as expected, and the coefficient on group consumption becomes insignificant when
the reference group corresponds to married individuals. Otherwise, results are not
significantly affected.

Examining Tables 3-5 reveals that the largest and most significant estimates for
the effect of group consumption on individual consumption correspond to reference
groups defined by age. This suggests that social interactions matter the most for

individuals within the same age group.

7 Conclusion

This paper develops a general model of demand for a good that exhibits both addiction
and social interactions. It proposes a new method for identifying social interactions
using the dynamics that arise from addiction. This method provides consistent es-
timates even in the presence of unobserved group-wide shocks to demand, so long
as those shocks are not correlated with past determinants of demand. Modeling the
individual decision problem reveals, however, that identifying the presence of social
interactions is not sufficient to infer the nature of the externalities generated by social
interactions. For example, conformity does not affect the average level of consumption
while proportional spillovers increases that level.

I apply my proposed identification methodology to data on cigarette consumption
and find strong evidence that group consumption affects individual consumption.
Although previous studies have examined the effect of group smoking prevalence on
individual smoking participation, this paper is the first to examine how group smoking
intensity affects individual smoking intensity. My analysis also suggests that smoking
consumption may be strongly affected by anti-smoking laws. This estimated effect
increases substantially when I account for both addiction and social interactions.

While I have identified the presence of social interactions, like most studies on
social interactions I cannot identify their exact form. One possibility is to pursue
a complementary analysis that examines the variance of mean consumption across

groups.®® This method requires making assumptions about the variance-covariance

33See Glaeser, Sacerdote, and Scheinkman (1996) and Graham (2008) for details.
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structure of the unobservables but in return may allow the researcher to infer their

form.
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8 Tables

Table 1: NHIS summary statistics

Male smokers Female smokers
Cigarettes per day 17.91 16.00
(12.59) (11.34)
Age of initiation 17.58 18.80
(4.72) (5.71)
Age 40.38 40.88
(14.32) (14.86)
White 0.78 0.79
(0.41) (0.40)
College graduate 0.16 0.13
(0.37) (0.33)
Married 0.56 0.50
(0.50) (0.50)
Sample size 8,920 11,051

Standard deviations are given in parentheses. Summary statistics are for the thirteen NHIS surveys
from 1970-2001 that contain data on smoking behavior. The sample consists of respondents aged
18 and older who identify themselves as current smokers and have an identifiable metropolitan
statistical area of residence. Respondents with top-coded ages or who belong to an MSA with less

than 150 surveyed smokers are omitted.
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Table 2: OLS and IV estimates of demand

(1) (2) (3) (4) ()
Stock (.S¢) 3.370%** 2.080%** 2.706%+**
(0.068) (0.391) (0.539)
Group consumption (@) 1.034%** 0.244%** 0.547%%* 0.246**
(0.053) (0.043) (0.090) (0.114)
Price -0.902 -0.676%* 0.133* -0.177 -0.060
(0.913) (0.297) (0.077) (0.152) (0.098)
Log index -0.777 0.090 -0.087 -0.019 -0.1817%**
(0.651) (0.060) (0.058) (0.043) (0.060)
Female -2.510%** -2.511%** -0.234%* -1.106%** -0.683
(0.392) (0.391) (0.099) (0.310) (0.441)
White 5.709%** 5.620%** 0.580%** 2.510%** 1.587*
(0.474) (0.479) (0.135) (0.599) (0.873)
Married -1.118%** -1.123%** -0.344%** -0.642%%* -0.497H**
(0.264) (0.260) (0.106) (0.203) (0.160)
College graduate -2.329%** -2.331%** -0.591%** -1.25TH** -0.934**
(0.501) (0.501) (0.139) (0.306) (0.383)
Log income 0.225 0.224 0.113** 0.156 0.135**
(0.188) (0.184) (0.044) (0.096) (0.064)
Age 0.732%%* 0.733%%* 0.018 0.292%** 0.159
(0.041) (0.040) (0.015) (0.082) (0.121)
Age-squared -0.007%** -0.007%** -0.000 -0.003%** -0.002
(0.001) (0.001) (0.000) (0.001) (0.001)
IV for Stock No No No Yes Yes
IV for Group consumption No No No No Yes
Observations 19,971 19,971 19,971 19,971 19,971
Hansen test (p-value) N/A N/A N/A 0.62 0.62
First-stage F N/A N/A N/A 5.29 27.99

Dependent variable is reported number of cigarettes smoked per day. Standard errors are clustered by MSA and given in parentheses.
A K /¥*/[**E pext to the coefficient indicates significance at the 10/5/1% level. Null hypothesis of Hansen test is that the excluded
instruments are uncorrelated with the error term. First-stage F statistic is robust to arbitrary heteroskedasticity and autocorrelation.

All regressions include MSA and year fixed effects. The reference group is other smokers in the same MSA.
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Table 3: Demand estimates when assuming different reference groups

(1) (2) (3) (4)
Stock (.S¢) 2.706%** 2.577H** 2.648%** 2.822%%*
(0.539) (0.555) (0.616) (0.537)
Group consumption (@) 0.246** 0.285%* 0.263* 0.204*
(0.114) (0.113) (0.136) (0.112)
Price -0.060 -0.111 -0.063 0.006
(0.098) (0.109) (0.104) (0.102)
Log index -0.181#** -0.176%** -0.176%** -0.198%**
(0.060) (0.048) (0.061) (0.069)
[-0.138%] [-0.146*] [-0.138%] [-0.129%]
Female -0.683 -0.772% -0.723 -0.136
(0.441) (0.455) (0.499) (0.172)
White 1.587* 1.774* 1.658* 1.405%*
(0.873) (0.908) (0.991) (0.851)
Married -0.497%%* -0.500%** -0.865%** -0.457%**
(0.160) (0.172) (0.310) (0.158)
College graduate -0.934** -0.986%** -0.961** -0.876%*
(0.383) (0.375) (0.429) (0.357)
Log income 0.135%* 0.129%* 0.135%* 0.129%*
(0.064) (0.072) (0.063) (0.061)
Age 0.159 0.136 0.169 0.134
(0.121) (0.105) (0.138) (0.119)
Age-squared -0.002 -0.001 -0.002 -0.001
(0.001) (0.001) (0.001) (0.001)
Group MSA MSA /age MSA /married ~ MSA/gender
IV for Stock Yes Yes Yes Yes
IV for Group consumption Yes Yes Yes Yes
Observations 19,971 19,971 19,971 19,971
Hansen test (p-value) 0.62 0.72 0.60 0.60
First-stage F 27.99 11.48 36.29 5.53

Dependent variable is reported number of cigarettes smoked per day. Standard errors are clustered by MSA and given in parentheses.

A K /F¥FEE pext to the coefficient indicates significance at the 10/5/1% level. Null hypothesis of Hansen test is that the excluded

instruments are uncorrelated with the error term. First-stage F statistic is robust to arbitrary heteroskedasticity and autocorrelation.

All regressions include MSA and year fixed effects. Long-run elasticities given in brackets. Standard errors for elasticities calculated

using delta method.
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Table 4: Demand estimates when instrumenting for current price with current tax

(1) (2) (3) (4)
Stock (.S¢) 2.697H** 2.590%** 2.646%** 2.834%**
(0.544) (0.581) (0.619) (0.556)
Group consumption (@) 0.249** 0.281** 0.264* 0.200%*
(0.114) (0.121) (0.136) (0.116)
Price -0.062 -0.095 -0.058 0.026
(0.140) (0.164) (0.146) (0.140)
Log index -0.180*** -0.177F** -0.176%** -0.200%**
(0.060) (0.049) (0.061) (0.069)
[-0.138%] [-0.146*] [-0.138%] [-0.128%*]
Female -0.689 -0.763 -0.725 -0.138
(0.442) (0.467) (0.500) (0.171)
White 1.600* 1.755% 1.662* 1.389
(0.877) (0.938) (0.994) (0.876)
Married -0.499%** -0.497%** -0.866%** -0.454%**
(0.165) (0.181) (0.313) (0.166)
College graduate -0.938%* -0.979%** -0.962%* -0.870%*
(0.380) (0.373) (0.426) (0.355)
Log income 0.135%* 0.129%* 0.135%* 0.129%*
(0.065) (0.073) (0.063) (0.062)
Age 0.161 0.134 0.170 0.132
(0.122) (0.108) (0.138) (0.123)
Age-squared -0.002 -0.001 -0.002 -0.001
(0.001) (0.001) (0.001) (0.001)
Group MSA MSA /age MSA /married ~ MSA/gender
IV for Stock Yes Yes Yes Yes
IV for Group consumption Yes Yes Yes Yes
IV for Price Yes Yes Yes Yes
Observations 19,971 19,971 19,971 19,971
Hansen test (p-value) 0.62 0.72 0.61 0.59
First-stage F 23.76 9.04 37.24 4.76

Dependent variable is reported number of cigarettes smoked per day. Standard errors are clustered by MSA and given in parentheses.
Ak /FXFEE pext to the coefficient indicates significance at the 10/5/1% level. Null hypothesis of Hansen test is that the excluded
instruments are uncorrelated with the error term. First-stage F statistic is robust to arbitrary heteroskedasticity and autocorrelation.
All regressions include MSA and year fixed effects. Long-run elasticities given in brackets. Standard errors for elasticities calculated

using delta method.
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Table 5: Demand estimates when assuming 60% depreciation instead of 80%

(1) (2) (3) (4)
Stock (.S¢) 1.040%** 0.992%** 1.022%** 1.086***
(0.209) (0.214) (0.241) (0.207)
Group consumption (@) 0.236* 0.273%* 0.249%* 0.192
(0.122) (0.119) (0.145) (0.118)
Price -0.059 -0.108 -0.059 0.006
(0.095) (0.111) (0.102) (0.098)
Log index -0.185*** -0.180*** -0.181%** -0.202%**
(0.058) (0.047) (0.059) (0.068)
[-0.153%] [-0.162] [-0.153%] [-0.142%]
Female -0.665 -0.751 -0.698 -0.142
(0.451) (0.464) (0.512) (0.167)
White 1.507* 1.690* 1.563 1.317
(0.897) (0.929) (1.023) (0.870)
Married -0.513%%* -0.515%** -0.859%** -0.474%**
(0.151) (0.163) (0.316) (0.150)
College graduate -0.923** -0.974%* -0.945%** -0.863**
(0.390) (0.381) (0.438) (0.362)
Log income 0.142%* 0.136* 0.141** 0.136%*
(0.061) (0.069) (0.059) (0.058)
Age 0.116 0.096 0.124 0.089
(0.131) (0.114) (0.150) (0.129)
Age-squared -0.001 -0.001 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001)
Group MSA MSA /age MSA /married ~ MSA/gender
IV for Stock Yes Yes Yes Yes
IV for Group consumption Yes Yes Yes Yes
Observations 19,971 19,971 19,971 19,971
Hansen test (p-value) 0.66 0.76 0.63 0.62
First-stage F 23.00 11.05 33.15 5.28

Dependent variable is reported number of cigarettes smoked per day. Standard errors are clustered by MSA and given in parentheses.

A K /F¥FEE pext to the coefficient indicates significance at the 10/5/1% level. Null hypothesis of Hansen test is that the excluded

instruments are uncorrelated with the error term. First-stage F statistic is robust to arbitrary heteroskedasticity and autocorrelation.

All regressions include MSA and year fixed effects. Long-run elasticities given in brackets. Standard errors for elasticities calculated

using delta method.
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A Mathematical appendix

Let private utility take the quadratic form (5). Then maximizing (2) with respect to
¢, and subject to the budget constraint (3) yields
— A+ Ue + Uger + UseSt + Ugey

- 24
Ct uCC ( )

where ) is the marginal utility of wealth. Plugging this result into (5) allows individual

utility (4) to be expressed as

1
V* (t) = —5 (baaaf + bssSt2 + bxx-x?) + basatSt + bamatﬂft + bsg;StZ't (25)

+ baCLt + bsSt + bxflft + G (at, Et [Gt])

where
UgqU u?
aa*ce
boa = <€ >0
uCC
UgsU u?
ss™ce
bes = < >0
uCC
Uy U u?
xxr Yce
bpyw = >0
uCC
uaCUSC + uasucc .
bas = " > 0 if ugettge > 0
cc
o uacuxc + Ua:cucc <
bow = = 0
uCC
o uscuxc —"_ usmucc <
bey = =0
uCC
UcUqge + UqUce <
by = ——m— =0
uCC
UeUge + UsUee <
by = ————— = 0
uCC

b, — UgeUge T Ugzlee <
Uee

I suppress the constant term in (25) because it is not needed for maximization.
[e.e]

Maximizing > 31V* (t) with respect to a; implies the following first order con-
t=1
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dition:

OSp+i
aat

=V (1) = Ape + B (1= d) VI (t+1) + 52,0V (¢ +4)

0=V (t)— Aps + X2, 8V (t +14)

a

OS5
@at

where V' (t) = 8?—;('5) and V' (t) = ag—;it). The corresponding first order condition for

A1 is

, ~ OSii14i
0:V§@+U—Amﬂ+2§ﬁWj@+LH)a;H
t+1

OSiti
a1y

= BV, (t+1) = ABpea + X268V (t +14) 8t+

=BV (t+ 1) — ABprar + 2,8V (t+ 1)

/(1 =d)

, ~ O0Siy
:@a—@wﬁ+n—MﬂL¢mm+zgﬁW@+n8;
t

Ay

where I use that % = % / (1 —d). Equating the first order conditions for a; and
t+1 at

a;yq yields
Ve @) = A+ A =d)VI(t+1) =FA-d) VS (t+1) = AB(1 —d)prra (26)

Plugging in the quadratic utility form (25) and then the social utility specification
(8) or (9) yields equations (12) and (20), respectively.

Demand equation (12) can be equivalently written as
(1+a1)(1—d) 1—d

14+ a3(1—d
#Sﬁ—l + Sp = — hiyo (27)
Q9 Qo Q2

Sty —
where
hito = V1@t + Yolpy1 + Ty + ToPry1 + 0124 + doTeyq + k

Equation (27) is a second-order linear difference equation that can be solved using

standard methods.>* Rewrite (27) using lag operator notation:

(1 — BiL+ 52[12) Sy = —B3hy (28)

34Sargent (1987) is a good reference.
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where

51: 1+042(1—d)
Qi
g~ Ura)(-d)
&%)
3, — 1—d
%)

Factorizing the lag polynomial yields

(1= 6L+ BoL?) = (1= ¢1L) (1 — ¢oL)

where
b= — 22
B — (51)2 — 403
b= —— 2

B4/ (B1)* — 45,
The general solution to (28) is

—0s

5= U= D) (1= 6oL

he + 1 (¢1) + c2 (d2)' (29)

where ¢; and ¢, are constants. I set ¢; = 0 in order to ensure stability.?® ¢; # ¢,

implies the identity

1 _ 1 ( ¢ P )
(1= L)(1=poL) 1 —¢2 \1 =1L 1—¢yL

which is used to rewrite (29) as

— —B3¢1 B30 ) .
s~ (Grmartoan * et imam) e

35Stable dynamics also require that (31)° — 48, > 0 and that ¢3 < 1. The former prohibits
oscillatory behavior while the latter ensures that consumption does not diverge to infinity. I assume
that ¢; > 1 and ¢ < 1 for ease of exposition.
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Using that Lo =Y ¢z, (if ¢ < 1) and pa = =Y ¢V (if ¢ > 1) allows
=0

Jj=1
one to write the solution for S; as a function of infinite sums:

L Bt N, B N, t
St - ¢1 — ¢2; (¢1) htJr] + ¢—1 — ¢2JZ:(; <¢2) ht,J + Co ((ﬁg) (30)
o0 t—1 o0
= K1) (60) 7 huyy + KD (60) by + Ko ()Y (60) b+ ca ()’
j=1 j=0 Jj=0
where
_ $1
R T—s
_ P2
BT
Solving for the initial condition Sy yields
So =K1 (61) 7 hj+ K>» (¢2) hoj+ 2 (31)
j=1 =0

Solving (31) for ¢y and plugging the result into equation (30) yields, after some alge-

bra, the particular solution to (28):

Se=Ki)  (61) by + Kzi (¢2) ey + (02)' (50 —Kiy (¢1)” hj) (32)

j=1 7=0 j=1

The myopic demand equation (11) is a first-order difference equation. Its solution
is
t_ .

Se=(1—=d) Y (9) hij+(9)" So (33)

J

—_

Il
=)

where

p=01-d)(1+a)
hy = Tpi—1 + 0241 + Va1
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B Simulations appendix

Figure 1 displays the range of consumption for one-hundred individuals from three
different simulations. All simulations are generated using equation (32). The param-

eters used are

B =0.75

d=0.5

A=1

b, =15

bs = 10
bas = 0.2
baa = bss = byz = 0.3
bor =2
bsy =4

Prices p; and covariates x;; are drawn i.i.d. N (10,1) and N (0, 1), respectively. The
initial stock of past consumption, S;, was drawn with a uniform distribution in [0, 10].
Data for Figure 1a, which does not include social interactions, are generated directly
by equation (32) by setting the parameter b, = 0.3¢ Data for Figures 1b and lc,

which include social interactions, require a multi-step procedure:

1. Generate individual consumption data with equation (32) assuming no social

interactions (i.e., b, = 0).
2. Calculate mean consumption @, for each period .

3. Generate individual consumption data with equation (32) assuming social inter-
actions and using the mean consumption 6; calculated in step 2. I set b, = 0.5
for the conformity specification and b, = 0.05 for the proportional spillovers

specification.

4. Calculate mean consumption 6: for each period t using the consumption data

generated in step 3. Repeat steps 2-4 until ‘d; —Eﬂ < € where ¢ > 0is a

36Recall that hy = ya; + Yolry1 + TPt + mapir1 + d1x + doxir1 + k in equation (32). The
parameters v; and 72, defined in the text of the paper, are equal to 0 when b, = 0.
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tolerance parameter set arbitrarily close to 0. I set the tolerance parameter ¢

to 1 x 107% for my simulations.

Equation (33) is used to simulate data to estimate the reduction in variance im-
plied by the estimates reported in Column 5 of Table 2 under the assumption that

social interactions take the conformity form (8). The parameters used are

A=0
d=08
b =1
Daa = 0.3
bas = 1
bao = 0.275
by = 0.09

The covariates z;; are distributed N (0,50).37 Data are simulated for fifty time pe-
riods. These parameters generate the average consumption level observed in the
NHIS surveys and match the regression estimates displayed in Column 5 of Table
2. T account for the effect of anti-smoking laws by including an additional determi-
nant of demand, x9, whose logarithm is distributed uniformly on [0,51]. I compare
the standard deviation of consumption produced by this simulation with the stan-
dard deviation of consumption produced by a simulation with no social interactions

(by = 0) using the formula:

. Stdev [a;)" ="

Stdev [a;]"=°

C Data appendix

Orzechowski and Walker (2009) report annual state-level data on the (tax-inclusive)
price of a pack of cigarettes for the period 1954-2009. The reported prices are weighted

by sales across all brands, including generics.®® With the exception of 1958-60 and

37The high simulated variance of x;; accounts for the large variance in consumption observed in
the NHIS surveys. (See Table 1.)

38Beginning in 1990, they additionally report the average price excluding generic brands. I do not
use that data.
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1991, all reported prices are as of November 1. Cigarette taxes are available at the
monthly level and include both state and federal cigarette excise taxes. I interpolate
the price data and adjust it to account for relevant tax changes to obtain prices as of
July 1. For example, the average price for July 1, 1970 is calculated as 4/12 times the
reported price (net of tax) on November 1, 1969 plus 8/12 times the reported price
(net of tax) on November 1, 1970 plus the reported tax for July 1, 1970.

Neither the prices nor the taxes reported in Orzechowski and Walker (2009) gen-
erally include local excise taxes. I account for this by estimating an annual average
local excise tax for each state and adding it to the reported prices and taxes. The
estimate is achieved by summing the reported county and city tobacco tax revenues
for each state and then dividing by state cigarette sales.

The Master Settlement Agreement requires cigarette companies to pay participat-
ing states an amount proportional to their sales in those states. Viscusi and Hersch
(2010) demonstrate that this payment is an implicit tax. Orzechowski and Walker
(2009) report annual settlement payments for each state. This allows me to estimate
the effective tax by dividing these payments by the reported sales for each state.

The Anti-Smoking Laws Index is based on the Youth Access Index in Gruber
and Zinman (2001). The Youth Access Index covers the years 1973-1998 and is con-
structed by scoring each state in twelve different categories: minimum age of purchase;
packaging; clerk intervention; photo identification; vending-machine availability; free
distribution; graduated penalties; random inspections; statewide enforcement; adver-
tising; licensing; and restrictions on minors. Summing across all twelve categories
yields the Youth Access Index, which ranges in value from 0 to a possible maximum
of 51. See Gruber and Zinman (2001) and Alciati et al. (1998) for additional details.

The Anti-Smoking Laws Index extends the Youth Access Index to include the
years 1999-2001 by supplementing it with publicly available data from ImpacTeen.?’
The ImpacTeen data score each state using the same criteria as Alciati et al. (1998).
They do not include scores for the advertising, licensing, and restrictions on minors
categories. I assume that the scores for these three categories are unchanged since
1998 when constructing the Anti-Smoking Laws Index.

Smoking behavior data are obtained from the 1970, 1978-1980, 1987-1988, 1992,

39Gee http://www.impacteen.org/tobaccodata.htm. These data cover the years 1991-2007. There
are occasional discrepancies between the scores reported by ImpacTeen and those reported by Gruber
and Zinman (2001). I use the scores from Gruber and Zinman (2001) in those cases.
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1995, and 1997-2001 National Health Interview Survey (NHIS). Respondents in sur-
veys prior to 1993 are coded as current smokers if they responded affirmatively to the
question “Do you smoke cigarettes now?”. Later respondents are coded as current
smokers if they reported smoking either “every day” or “some days”.

The non-response rate is high for the total family income question beginning in

1997. T address this by using the imputed income data files provided by NHIS on

their website.
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