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A Network Model of Price Dispersion 
 
Summary 
We analyze a model of price competition ά la Bertrand in a network environment. Firms 
only have a limited information on the structure of network: they know the number of 
potential customers they can attract and the degree distribution of customers. This 
incomplete information framework stimulates the use of Bayesian-Nash equilibrium. 
We find that, if there are customers only linked to one firm, but not all of them are, then 
an equilibrium in randomized strategies fails to exist. Instead, we find a symmetric 
equilibrium in randomized strategies. Finally, we test our results on US gasoline data. 
We find empirical evidence consistent with firms playing random strategies. 
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1 IntrodutionWhat we observe in everyday life is a stark dispersion of pries for otherwisehomogeneous produts. In addition there are even �utuations of priesaross time for the same produt o�ered by the same seller. The typialexplanation of this phenomena is that goods are state ontingent: an ie-ream in the desert or in summer is not the same produt as an ie-ream inSiberia or in wintertime. This does however only marginally explain muhof the variability observed in the data. For instane, gasoline sold aross USities, or hiken sold in di�erent supermarkets in The Netherlands, or planetikets sold online, display unexplainable prie dispersion both along timeand aross loations.1One of the ways by whih lassial eonomi theory explains the formationof pries is the Bertrand ompetition model. Bertrand ompetition, however,imposes strit restritions: agents are homogeneous and fully informed while�rms ompete against eah others on pries. In the ase of onstant marginalosts, �rms will underut eah other, thereby gaining all of the demand, andpushing the equilibrium prie down to marginal osts.Previous works (Salop and Stiglitz (1977, 1982), Wilde and Shwartz(1979), Varian (1980)) relaxed the full information assumption, dividingagents into informed and uninformed ustomers. The informed would om-pare pries and buy from the �rm with the lowest prie while the unin-formed would just sample one �rm. In this setup it an be shown that theequilibrium is suh that �rms randomize on pries with idential probabilitydistributions. Baye and Morgan (2001) analyze advertising and onsider agatekeeper who harges advertising fees. Interestingly, they obtain similarequilibrium properties as the models mentioned above.Starting with the seminal work of Stiglitz (1987), a seond branh in theliterature onsiders searh�theoretial models of prie dispersion. In thesemodels agents are heterogenous in preferenes and/or searh osts. Undernon-generi setups, there are only Nash equilibria in mixed strategies. Fur-ther, as �rst shown by Stiglitz (1987), an inrease in the number of �rms(more ompetition) may lead to an inrease in the average prie. Stahl(1996) and Kuksov (2006) identify su�ient onditions suh that the previ-ous `ounter�intuitive' outome is exluded.Finally, a di�erent type of models (e.g. Kranton and Minehart (2001)or Corominas�Bosh (2004)) analyze bargaining situations on exogenously1Barron et al. (2004) analyze gasoline prie dispersion in a ross-setional dataset.See below for a desription of the gasoline prie dataset we analyze. Supermarket priesof homogeneous goods in the Netherlands have been analyzed empirially by Wildenbeest(2007). Clemons et al. (1999) analyze pries of plane tikets, sold by online travel agenies.2



given non�regular networks. However, these bargaining situations beomesoon very omplex as the size of the network grows. Hene, these modelsrestrit their analysis to simple networks. On the ontrary, we keep thetransation between buyers and sellers simple, whih allows to generalize toany topology of relations between buyers and sellers.We model our market through an exogenous network.2 This allows us-tomers to be more heterogeneous in their ability to ompare pries: they anbe not only either uninformed or fully informed, but also partially informed.Both ustomers and �rms are nodes of this network. A �rm an only attratthose ustomers it is linked to and ustomers an only ompare pries of the�rms they are linked to.We assume that �rms only have information about the number of poten-tial ustomers they ould attrat and on the probability distribution hara-terizing the number of links eah ustomer has (i.e. the number of �rms whosepries she an ompare and whose goods she an buy). We are exluding anyother knowledge by the �rms about the full topology of the network. Thisassumption seems to be realisti sine real world wholesaler normally do notknow the shopping habits of eah individual onsumer, but rely their strategyon survey data representing the shopping habits of average ustomers. Thisinomplete information framework motivates the use of the Bayesian-Nashequilibrium onept, as e.g. in Jakson and Yariv (2007) or Galeotti, Goyal,Jakson, Vega-Redondo and Yariv (2007).Within this setup, if there are ompletely uninformed ustomers, an equi-librium in pure strategies fails to exist. Instead, �rms will randomize onpries. We identify two interesting properties of this equilibrium prie dis-tribution using stohasti dominane riteria. First, if we add links to austomer with more than one link, then the average prie will inrease. Theintuition behind this surprising result is that, sine in equilibrium �rms ran-domize on pries between the monopoly and the ompetitive prie, an in-rease in the number of links will inrease ompetition and �rms will shiftmore probability on higher pries in order to balane the expeted payo�. Ina sense this result is similar to Stiglitz (1987) who inreases the total numberof �rms to model an inrease in ompetition. Seond, if we add a link to austomer with already many links this will have a larger positive e�et onthe average prie than if we add the link to a ustomer with few links.However, we provide examples in whih an inrease in ompetition willderease the average pries. This an happen beause also the number of2In this sense we ompute the equilibrium prie distributions for any network arhite-ture. In priniple, this result allows us to de�ne an alloation rule of the network and toendogenize Nash equilibria of the network formation game through bakward indution,in the spirit of Bala and Goyal (2000). 3



uninformed ustomers dereases and hene also the pro�ts from monopolistipriing derease.Finally, in order to restore the balane between theory and appliation,we test our theoretial model on a gasoline pries panel dataset, makingreasonable assumptions on the shape of the networks under simple hara-teristis suh as town size or population density. We �nd that muh of thevariability in pries an be explained by these simple harateristis. We�rst repliate the result of Barron et al. (2004) and Baye et al. (2004) ona di�erent dataset: more ompetition lead to lower average prie, and priedispersion is persistent along time. We then use transition analysis to testdiretly �rms' randomizing behavior: we �nd evidene supporting the hy-pothesis that ross setional prie dispersion is the empirial ounterpart ofa mixed strategy equilibrium.Setion 2 desribes the model and the analytial results. Setion 3 ana-lyzes the data, while Setion 4 onludes.2 Model desriptionFormally, our environment is haraterized by an exogenously given bipar-tite undireted network, that is a network where nodes are of two distinttypes (�rms and ustomers) and eah link an only be between a �rm and austomer.3 We assume that N potential buyers and H �rms are loated inthis bipartite network.Customers are assumed to need one unit eah of a homogeneous goodprodued by �rms. Customers ompare all pries of the �rms they are linkedwith and buy from the �rm o�ering the lowest prie, provided that this priedoes not exeed a reservation prie r. In ase of a tie, demand is assumed tobe equally randomly split.We assume that �rms know the probability distribution haraterizingthe number of links eah ustomer has (i.e. the number of �rms whose priesshe an ompare and whose goods she an buy). So, �rms know the proba-bility that a given ustomer has only one link (all this probability q1), twolinks (q2), three links (q3), and so forth, yielding a probability distribution
~q, with ∑∞

i=1 qi = 1. We all ~q the degree distribution of ustomers. In thisinomplete information environment �rms onsider ustomers to be a priorihomogeneous, even if the number of onnetions they have will vary arossthe network. In addition, we assume that eah �rm i knows the potentialnumber of ustomers that it an attrat, i.e. it knows its own degree di.3We do not model informational links between ustomers, sine this ase an be repli-ated onneting them exatly to the same �rms.4



We assume that �rms produe at onstant marginal osts (whih we set to
0 without loss of generality). In this sense, our model is a good approximationof the behavior of shops and wholesalers. Under this assumption the privateinformation of �rms (i.e. the number of ustomers eah �rm an potentiallyattrat) does not a�et the optimal strategy of eah �rm.So, the private information of �rm i is the number di of its own links. Onthe ontrary, the publi information of �rms is given by the reservation prie
r of buyers, and the vetor ~q of probabilities.The strategy of eah �rm i is to �x a prie pi , or more generally, as wewill see, a distribution fi(p) of pries.The number of expeted links in the network is L = N ·

∑H

i=1 iqi. Thenumber of expeted links for a single �rm is then L
H

= N
H
·
∑H

i=1 iqi.2.1 Formal analysisIt is easy to show that if q1 = 0 (i.e. all onsumers ompare at least twopries), then we obtain the same result as in Bertrand ompetition. Formally:Lemma 1 (Bertrand ompetition) If q1 = 0, then the only equilibriumis suh that eah �rm plays p = 0.Proof First note that no �rm will harge a prie above r and below 0. Inthe former ase it will attrat no ustomers at all whereas in the latter it willmake losses. So, onsider a situation where all �rms harge the same prie
0 ≤ p ≤ r. A given �rm i with degree di expets pro�ts of

πi = di

k
∑

j=1

qj

j
p . (1)A deviant �rm ould now harge a slightly lower prie p − ǫ and therebyattrat all potential ustomers. This would yield a pro�t of di(p − ǫ) whihis, for small enough ǫ > 0, higher than the pro�t spei�ed in (1). If q1 = 0�rms keep on underutting until we reah the point where p = 0 and π = 0.It is also trivial to hek that, if q1 = 1, i.e. all ustomers go to exatlyone shop, all �rms will at as monopolists. Formally:Lemma 2 (Monopoly) If q1 = 1, then the only equilibrium is suh thateah �rm plays p = r. 5



In what follows we address the remaining interesting ase where q1 ∈
(0, 1). In partiular, we show that if 0 < q1 < 1 the only symmetri equi-librium is suh that all �rms will randomize on prie. This result is relatedto previous results, as Salop and Stiglitz (1977, 1982), Wilde and Shwartz(1979) and Varian (1980).We stress that, even if the game we onsider is a one-shot game, the equi-librium we expet is not in pure strategies, but rather an equilibrium whereeah �rm randomizes strategies. This motivates our searh for empirialevidene in the time-series data disussed in Setion 3.We start by noting that under the assumption of onstant marginal osts,every potential ustomer an be onsidered as an independent game betweenall the �rms onneted to her. In this sense, �rms are homogeneous andan only be distinguished by the number of games they play (the number ofustomers they are onneted to, whih they know). Eah game is played by
j di�erent players (with probability qj), but this number is unknown to theplayers. In the next proposition we will onsider the symmetri strategieswhen there is a positive non�trivial probability that a ustomer is onnetedonly to one �rm (q1 ∈ (0, 1)).Proposition 3 If q1 ∈ (0, 1), then there is no symmetri equilibrium in purestrategies, but there exist a symmetri equilibrium in randomized strategies,given by the distribution funtion f(p). The support of f(p) is [q1r, r], onthis support its umulative distribution F (p) =

∫ r

q1r
f(p) dp is given by

F~q(p) = 1 − Ψ−1
~q

(

q1r

p

)

, (2)where Ψ~q(x) is de�ned as Ψ~q(x) ≡
∑

∞

i=1
qix

i

x
.4Proof If q1 ∈ (0, 1) a �rm i an harge a prie of r and assure itself a pro�tof diq1r. Note that this implies that no �rm will harge a prie lower than

q1r.Suppose that all �rm harge the same prie q1r. They will make anexpeted pro�t, on eah ustomer, of ∑k

j=1
qj

j
rq1 < rq1, and hene ouldimprove by setting a prie of r.Suppose now that the symmetri equilibrium has a point of mass on agiven prie p > q1r. In this ase a pro�table deviation would be to shift this4It means that Ψ~q(x) is the generating funtion of ~q divided by x, this de�nition worksfor any x ∈ [0, 1].If qi = 0 for any i > H , then the de�nition is still valid, but one an trunate the sum at

H . It is easy to hek that Ψ~q is monotonially inreasing and hene invertible. Finally,note that sine ∑∞

i=1 qi = 1, Ψ~q inreases from Ψ~q(0) = q1 to Ψ~q(1) = 1.6



point of mass to p − ǫ, for some low enough ǫ > 0, as disussed in the proofof Lemma 1.Suppose �nally that the support of f(p) is exatly [q1r, r] (i.e. f(p) > 0for any p ∈ [q1r, r]). If we show that this assumption an be onsistent withthe well known requirement of a mixed�strategies equilibrium, that everystrategy in the support yields the same expeted payo�, then this equilibriumexists.We suppose that eah �rm plays a random strategy f(p), where the sup-port of f(p) is [q1r, r], and there are no points of mass.Let F (p) =
∫ r

q1r
f(p)dp be the symmetri umulative distribution funtionof pries. The probability that a ustomer with j links buys a produt froma given �rm is [1 − F (p)]j−1. This means that the pro�t to �rm i by settingprie distribution f(p) is given by

πi(p) = di

∫ r

q1r

(

H
∑

j=1

qj [1 − F (p)]j−1

)

p f(p) dp . (3)Sine �rms randomize on pries that guarantee the same expeted pro�t, wede�ne πi ≡ πi(p) for all p with f(p) > 0, and then πi = πi(r) = dirq1. Fromthe previous point and from (3), we obtain
H
∑

j=1

qj [1 − F (p)]j−1 =
q1r

p
(4)

Ψ~q (1 − F (p)) =
q1r

p
, (5)whih is independent from di, yielding (2).Hene, a symmetri equilibrium in mixed strategies exists, whih hasprie�support on [q1r, r], and satis�es the property that eah prie on thesupport guarantees the same expeted payo�.We now provide two examples on how the probability distribution f(p)an be inferred from di�erent degree distributions.Example 1 (Exponential network) Suppose that probabilities qi are gen-erated by an exponential law, so that qi ∝ αi, with α ∈ (0, 1).In order to get the normalization ∑H

i=1 qi = 1, sine ∑H
i=1 αi = α 1−αH

1−α
weneed

qi = αi−1 1 − α

1 − αH
.7



Equation (5) reads
H
∑

i=1

αi−1 1 − α

1 − αH
[1 − F (p)]i−1 = q1

r

p

1 − (α [1 − F (p)])H

1 − α [1 − F (p)]
=

r

p
(6)for p ∈

[

1−α
1−αH r, r

].If H → ∞ then (6) beomes
1

1 − α [1 − F (p)]
=

r

p

F (p) =
p

αr
−

1 − α

α
(7)for p ∈ [(1−α)r, r], so that f(p) = 1

αr
on this support (uniform probabilities),and is 0 otherwise. The expeted prie is E[f(p)] = r − α

2
.If α inreases, also the probabilities that ustomers have more onnetionsinrease, and expeted pries derease.Example 2 (Random Network) Suppose that H and N are �xed, andany link between a ustomer and a �rm has probability λ. In this ase, bythe binomial distribution,

qi =

(

H

i

)

λi(1 − λ)H−i .Note that there is also a positive probability for q0 = (1 − λ)H . The expetednumber of potential ustomers is atually (1 − (1 − λ)H
)

N < N .We an divide every qi, with i > 0 by (1 − q0) to re�normalize things,obtaining
qi =

(

H

i

)

λi (1 − λ)H−i

1 − (1 − λ)H
.Noting that q1 = Hλ (1−λ)H−1

1−(1−λ)H equation (5) beomes now
H
∑

i=1

(

H

i

)

λi (1 − λ)H−i

1 − (1 − λ)H
[1 − F (p)]i−1 =

q1r

p

(1 − λ)H−1

1 − (1 − λ)H

[

(1 + λ [1 − F (p)])H − 1
]

= Hλ
(1 − λ)H−1

1 − (1 − λ)H

r

p
[1 − F (p)]

(1 + λ [1 − F (p)])H = 1 + Hλ
r

p
[1 − F (p)] (8)8



for p ∈ [q1r, r], F (p) = 0 for p < q1r and F (p) = 1 for p > r. It is notpossible to ompute analytially F (p) and hene f(p).There are however two things that it is possible to infer from (8). Note�rst that if we all ξ(p) ≡ λ [1 − F (p)], then (8) an be written as
(1 + ξ(p))H = 1 + H

r

p
ξ(p)1. As H (keeping �xed λ) grows we approximate (by the law of large num-bers) a regular network with Hλ links per ustomer, moreover q1 → 0.(8) tells us that in this ase, for any p > q1r → 0: 1−F (p) → 0. Thisimplies that we approximate Bertrand Competition.2. As λ grows (keeping �xed H) ξ(p) is �xed, 1 − F (p) dereases, and so

F (p) inreases.Finally note that an inrease in λ implies higher hanes for the ustomersto be onneted to more �rms, and that an inrease in F (p) means that theexpeted prie dereases.The popular ase of a sale�free network (qi ∝ i−γ , with γ > 0) ould alsobe treated analytially, but the series an not be solved for expliitly and theresult would just be a rephrasing of equation (4).52.2 Comparative statisAlthough, we an not always expliitly solve for the equilibrium priingstrategies we an nevertheless perform some omparative statis using equa-tion (2) provided in Proposition 3. In partiular, we an show that an inreasein the (expeted) number of links of the network, leaving the proportion q1of uninformed ustomers una�eted, will inrease the average prie. Simi-lar results have been obtained in a searh�based ontext with heterogeneousagents by Stiglitz (1987).In Stiglitz (1987), when the osts of searh are non�linear, every �rmrandomizes in�between the monopoly prie and the ompetitive prie. Inthis setting, an inrease in the number of �rms will inrease ompetition,5Suppose that qi ∝ i−γ . Under the additional assumption that H → ∞, (4) beomes:
Liγ[1 − F (p)] =

r

p
[1 − F (p)] ,for any p ∈ [ r

ζ(γ) , r]. Here Liγ(x) ≡
∑∞

i=1 xii−γ is the polylogarithm, and ζ(γ) ≡
∑∞

i=1 i−γis the Riemann zeta funtion. 9



and hene redue revenues from ompeting. In order to ounter�balaneompetition, �rms will shift more weight towards the monopoly prie. Themain di�erene in the omparative statis between our setup and Stiglitz(1987) is that he inreases ompetition by inreasing the number of �rms,whereas we inrease the density (i.e. the number of links) of the network. Theintuition behind our results is similar: inreasing the density of the network,eah �rm will expet an inrease in the number of potential ompetitors.Formally, if we assume that some degree distribution ~q′ �rst order stohas-tially dominates (FOSD) another degree distribution ~q, but q1 = q′1, thenalso the resulting probability distribution of pries under q′ will FOSD theresulting prie distribution under q.Proposition 4 Consider two ustomer degree distributions, ~q and ~q′, with
q1 = q′1 > 0. Call f(p)~q and f(p)~q′

the resulting symmetri equilibria (asde�ned in (2)). If ~q′ FOSD ~q, then f~q′
(p) FOSD f~q(p).Proof Equation (2) holds for p ∈ [q1r, r], F (p) = 0 for p < q1r and F (p) = 1for p > r. Given the de�nition of Ψ, if ~q′ FOSD ~q, then

Ψ~q′
(x) < Ψ~q(x)for any x ∈ (0, 1).Sine q1 = q′1, Ψ~q′

(0) = Ψ~q(0) = q1, moreover, for any p ∈ (q1r, r), we have
q1r

p
> q1.Sine both Ψ~q′

and Ψ~q are inreasing,
Ψ−1

~q′

(

q′1r

p

)

> Ψ−1
~q

(

q1r

p

)for any p ∈ (q1r, r). From (2) we have that f~q′
(p) FOSD f~q(p).Proposition 4 implies the following: if we inrease the number of shopseah ustomers visits, but keep a ratio of ustomers uninformed, then theequilibrium prie distribution will put more weight on higher and less weighton lower pries. Moreover, this implies that the average prie may inreaseif we add links to an existing network. The intuition behind this apparentlyodd result is that an inrease in the number of �rms eah ustomer visitsdereases eah �rms' probability to attrat the ustomers with many links.In order to balane this e�et and assure themselves the reservation pro�t

q1r, in equilibrium, �rms will harge on average higher pries, to extrat morepro�ts from the less informed buyers.10



At a �rst glane the result of Proposition 4 seems not to be in aordanewith the �nal onsiderations provided in Examples 1 and 2. However in thoseases, inreasing the density of the network, the probability q1 dereases andhene Proposition 4 does not apply.We �nd that the marginal ontribution, in terms of FOSD of prie distri-butions, of adding a new link to a ustomer is higher the more original linksshe has.Proposition 5 Consider a �xed, not omplete network, where every us-tomer has at least one link and there is at least a ustomer with only onelink. We add a link to a ustomer j, where j stands for the number of linksshe originally has. If ~q′ is the degree distribution obtained by adding it to austomer k′ > 1, and ~q is the degree distribution obtained by adding it to austomer k > k′, then f~q′
(p) FOSD f~q(p).Proof Note that ~q′ − ~q =
(

0, . . . ,− 1
L+1

, 1
L+1

, . . . , 1
L+1

,− 1
L+1

, . . . , 0
), where

L is the total number of links in the original network, the �rst − 1
L+1

is inposition k′ and the last − 1
L+1

is in (k + 1)th position.The proof follows the same steps as the proof of Proposition 4. It is learthat q1 = q′1. Given that Ψ is linear in the elements of ~q and ~q′,
Ψ~q′

(x) − Ψ~q(x) = Ψ~q′−~q
(x) =

1

L + 1

(

−xk + xk+1 + xk′

− xk′+1
)

=
x−k

L + 1
(1 − x)

(

xk′
−k − 1

)

< 0 .This means that
Ψ~q′

(x) < Ψ~q(x)for any x ∈ (0, 1).Proposition 5 allows us to draw an important onlusion for ompetition:the return of adding links (in terms of the inrease of the average prie) islarger for ustomers with already many links, than for ustomers with fewlinks.Finally, we do not perform any global welfare analysis beause, in oursettings, it would be meaningless. Given that, in equilibrium, every ustomerwill buy one and only one unit of the good, the surplus will be either on theside of �rms or on the side of ustomers, but its aggregate value will remainonstant. In this sense, our model is a zero�sum game.11



3 Empirial analysisPrie dispersion is a well-known issue in the empirial literature: prie dis-persion over time is at the basis of time series eonometris, but same goodsalso have di�erent pries in ross�setional samples. The empirial implia-tion of our model is that the �law of one prie� is not the only equilibriumoutome: given the network struture the model suggests �rms will random-ize on pries. Thus prie dispersion turns out to be an equilibrium. Hene,given a network whih is ex�ante heterogeneous, i.e. an environment wherethe number of potential lients around eah �rm is not �xed, we expet to�nd evidene of persistent prie dispersion along time. The e�et of addinglinks to an existing network is not straightforward. Examples in Setion 2shows that denser networks exhibit lower average pries. Anyway, we provein Proposition 4 that there are ases in whih an inrease in the number oflinks may lead to a prie inrease. Wildenbeest (2007) provides empirialevidene of persistent prie dispersion in groeries' goods using data fromwww.supers.nl, a Duth website that publishes daily pries one a monthfor a set of groeries goods sold in 15 di�erent supermarket hains in theNetherlands. The website is freely aessible, thus in priniple lients ouldompare pries every time they need to shop and behave onsequently. Nev-ertheless, prie dispersion is present and does not fall over time. Baye et al.(2004) �nd the same kind of evidene on thousands of onsumer goods whosepries are daily ompared on a website (Shopper.om).6 The idea behind us-ing pries taken from the Internet to provide evidene of prie dispersion anbe thought to as a �worst ase senario�: the Internet should redue searhosts to zero and thus ex�ante information heterogeneity in the network.Therefore if there is prie dispersion in this setting, it an only be worse ina �real world environment�. The drawbak is that there may be a potentialself seletion: ustomers that ompare pries on the Internet are likely to besomewhat more �sophistiated� than the average.Barron et al. (2004) analyze unleaded gasoline in U.S. They have a rosssetion of gas-station level data, and using miro�level harateristis of sell-ers they look for the e�et of ompetition (in terms of spatial proximity of�rms) on pries. Their results are in line with the intuitive outome of ourexamples: the denser the network, the lower is average prie.We use US gasoline pries as well: our dataset are pries olleted monthlyby the US bureau of labor statistis representatives aross US to omputethe Consumer Prie Indexes. We have average pries on 5 di�erent typesof gasoline, 28 urban areas and 12 region/size lass groupings, i.e. average6Further empirial evidene on prie dispersion an be found in Baye et al. (2006).12



pries in three di�erent ity size lasses and in the four US maro regions.Depending on the area and gasoline type the time series may vary in lengthspanning the period between January 1978 and Otober 2007, thus overingseveral business yles (see Tables 4 and 5 in the Appendix for details onregular grade gasoline series). Unlike Barron et al. (2004), we do not havegas station level data, on the other hand our dataset is longitudinal. Us-ing aggregate instead of �rm level data ould bias our results, thus we �rstrepliate the results of the authors we just ited.We start with the graphial analysis of the time series of three measuresof prie dispersion: the �rst one, standard deviation, is the most straight-forward. Sine prie dispersion is likely to depend on the prie level, weomputed the oe�ient of variation, whih is the ratio of standard devi-ation over the relative mean. The last measure, the interquartile range, isproposed in order to redue the impat of potential outliers. These measuresare omputed for eah gasoline type and for eah month aggregating dataat the maro�regional level: North East, Midwest, South and West. Whilethese areas are quite wide, eah of them over both a number of urban ar-eas and suburban ones, thus �rms (i.e. gas stations) with higher and lowernumbers of potential ustomers. The time series of eah of these measuresfor leaded and unleaded gasoline are reported graphially in Tables 6 and7 in the appendix. Results, regardless of the measure hosen, support thepresene and persistene of prie dispersion: this phenomenon is not goingto deline, sine there are no lear down sloping trends. For both leaded andunleaded gasoline the mean oe�ient of variation lies between 0.02 and 0.05,meaning that the prie in di�erent areas within the same region deviates onaverage between 2% and 5% from the regional mean, with a peak at 13.5%(leaded gasoline in the West). Dispersion is not onstant over regions: NorthEast, whih is the region haraterized by the presene of many urban area,is in general the lower�variability region among the four.The seond part of our analysis is based on regression results. As inBarron et al. (2004), the aim is to test the impliation that big ities - whihare networks with a high number of potential links - have a lower averageprie than non urban areas. To do so we ompute di�erenes of (log)priesbetween a urban area and a sub�urban one. Then, we use it as the dependentvariable ∆pt in a regression over a interept and its autoregressive lag:
∆pt = α0 + α1∆pt−1 + ut (9)Where ut has zero mean and σ2

t unknown variane. The two original timeseries are likely to be integrated, i.e. they are likely to be orrelated to anunderlying oil pries' data generating proess. We look at the di�erenes13



time series instead in order to ontrol for this ommon fator and for anyother ommon exogenous shok. The autoregressive term aounts for inertiain prie adjustment and persistent shoks. Regression (9) provides a test ofour hypothesis: under the null that pries in urban areas are on averagelower than in non�urban areas, the interept term should be signi�antlydi�erent from zero and negative, sine it represents ∆pt short-term meanafter ontrolling for its lag.Results are reported in Table 1 for 6 ∆pts: we onsider two metropoli-tan areas in Southern U.S. (Houston�Galveston�Brazoria, and Dallas-FortWorth, both in Texas and both with more than two million inhabitants) andB,C,D area/size average pries for Southern US as well.7 Standard errorsare robust both to autoorrelation (whih is not ruled out given that weassumed σ2
t to be time dependent) and to heteroskedastiity. t-tests on α0on�rm that short time average is signi�ant and negative. The results donot vary signi�antly aross size, while if the di�erene is taken between thetwo metropolitan areas, the test is rejeted at the 99% level. We hose toreport estimates for southern states beause metropolitan areas (and townin general) are far away one from the other and thus the underlying assump-tion that networks with di�erent densities are separated is more realisti.Nevertheless we ran the same regressions on the other regions and gasolinespei�ation, with no signi�ant di�erenes.8Suh an evidene, whih is in line with Barron et al. (2004), is still notonlusive: if the regression model (9) is orretly spei�ed and it is station-ary the proess is mean�reverting and thus we an test the long-term mean

µ to be negative. Being more spei�, (9) is the redued form for
∆pt = µ + α1(∆pt−1 − µ) + ut (10)Sine from Table 1 α1 lies always within the unit irle the di�erenes'series are stationary (again, assuming the model is orretly spei�ed). More-over α0 is negative throughout the di�erent spei�ations, aepting H0 : µ <

0 in (10) is equivalent to rejet H ′

0 : α0

1−α1

= 0 in (9). Table 2 reports µ es-timates, standard errors and test statistis for H ′

0 (whih are distributed as
χ2

(1)). The long term average is always signi�antly di�erent from zero andnegative.In the same table we report also residuals' skewness estimates, standarderrors and t�test for signi�ane: if residuals are normal, there must be no7The Bureau of Labor statistis de�ne four area/size aggregations: A is the averageover ensus metropolitan areas with more than two million inhabitants per ounty, D isthe average over areas with less than 50.000 inhabitants, B and C are intermediate lasses,being the benhmark half a million.8The data are not reported but are available upon request.14



Table 1: Regression resultsCoe�ient Estimate Std. dev. t�stat
∆p : Houston�Galveston�Brazoria α0 -0.048 0.009 -5.122minus B�size average α1 0.896 0.039 22.768
∆p : Houston�Galveston�Brazoria α0 -0.041 0.0137 -2.982minus C�size average α1 0.926 0.0286 32.411
∆p : Houston�Galveston�Brazoria α0 -0.038 0.007 -5.244minus D�size average α1 0.865 0.028 31.332
∆p : Houston�Galveston�Brazoria α0 -0.008 0.004 -2.200minus Dallas�Fort Worth α1 0.806 0.038 21.339
∆p : Dallas�Fort Worth α0 -0.038 0.008 -4.844minus B�size average α1 0.882 0.034 26.216
∆p : Dallas�Fort Worth α0 -0.031 0.014 -2.163minus C�size average α1 0.923 0.027 34.269
∆p : Dallas�Fort Worth α0 -0.029 0.010 -4.929minus D�size average α1 0.868 0.059 14.729Notes: This table reports results from the estimation of 6 versions of Equation (9). Thedependent variable, ∆p is the period�by�period di�erenes series based on the orginalpries desribed on the leftmost olumn. Pries are all in logs. Standard deviations areHeteroskedastiity and Autoorrelation onsistent (Newey�West HAC ovariane matrixestimates). The rightmost olum report t�tests for the Null that eah oe�ient is equalto 0. Tests are all strongly rejeted.evidene of skewness on the residuals distribution. On the ontrary, exes-sive left skewness would suggest that not only mean pries are lower on bigities, but that even after ontrolling for the autoregressive term the wholedistribution of big ities pries lies on the left of non�urban areas pries.The results on�rm that residuals are signi�antly left skewed throughoutthe spei�ations.Up to now we repliated the results known in the empirial literature onprie dispersion with a new dataset. We an go further and exploit the longtime series nature of gasoline pries: we an test diretly the randomizingbehavior of �rms. Being spei�, our model implies that �rms randomize onthe [q1r, r] support, and q1 depends on the partiular network struture of aregion.9 Thus, if the reservation ost is the same for all lients then all �rms9The empirial equivalent of this support should inlude osts we set to 0. Neverthelessa �xed ost c would simply shift the upper and the lower bound of the support for thesame amount. 15



Table 2: Long term average and skewnessEstimate std err test stat
∆p : Houston�Galveston�Brazoria µ -0.463 0.219 4.473minus B�size average Skewness -0.319 0.158 -2.007
∆p : Houston�Galveston�Brazoria µ -0.549 0.293 3.508minus C�size average Skewness -0.331 0.158 -2.089
∆p : Houston�Galveston�Brazoria µ -0.283 0.084 11.329minus D�size average Skewness -0.509 0.130 -3.909
∆p : Houston�Galveston�Brazoria µ -0.042 0.022 3.835minus Dallas�Fort Worth Skewness -0.307 0.130 -2.368
∆p : Dallas�Fort Worth µ -0.322 0.121 7.079minus B�size average Skewness -0.330 0.158 -2.083
∆p : Dallas�Fort Worth µ -0.387 0.203 3.792minus C�size average Skewness -0.579 0.158 -3.654
∆p : Dallas�Fort Worth µ -0.371 0.149 6.205minus D�size average Skewness -0.855 0.213 -4.010Notes: For eah spei�ation, the �rst line report estimate, standard error and F�testof signi�ane of the omposite parameter µ = α0/(1 − α1). The F test is distributedas a χ2

(1), and the null H ′
0 : µ = 0 is rejeted at 90% level if the test statisti is biggerthan 2.71, at 95% if bigger than 3.84 and at 99% if bigger than 6.63. The seond linereports estimate, standard error and t�test of signi�ane for skewness. Skewness standarderror is approximated with √6/n, where n is the number of observations as suggested byTabahnik and Fidell (1996). n is 239 but for the third and fourth spei�ation whereit is 354 and for the last one (132 observations). The t�test is distributed as a standardnormal and the null of no skewness is rejeted at least at 95% level for all the spei�ationsshare the same upper bound, whih means there is a prie range [max{q1}r, r]over whih all �rms randomize. While we found that on average pries inurban areas are lower than in less dense networks, the empirial equivalent ofthe fat that �rms randomize (partly) over the same support is that suh anordering should not be systemati, i.e. there must be periods in whih priesin ities are above those in the other areas. Moreover, the fat that meanpries of �rms with denser network are lower is onsistent with the fat thatall �rms share the same upper bound but the higher the number of potentiallients, the lower is q1 and thus the lower bound.In order to formally test the impliations we just desribed we buildtransition matries on the rankings of pries in eah maro area. We referand report the matrix for the South area, but results are qualitatively thesame for the other three maro regions. We have 8 prie series in the South (516



metropolitan areas and the usual B,C,D sub-urban aggregations). In everyperiod t we rank pries in desending order from 1st to 8th , and then we buildan 8 × 8 transition matrix X where eah entry xij represent the number ofobservations that were ranked ith in period t and jth on period t + 1. Suh amatrix is reported in Table 3.Table 3: Transition matrix for South maro area1st 2nd 3rd 4th 5th 6th 7th 8th1st 181 42 12 2 1 1 0 02nd 45 158 26 7 2 1 0 03rd 10 28 145 38 9 5 2 24th 3 8 35 137 42 10 3 15th 0 3 14 43 129 36 11 36th 0 0 5 9 38 147 29 117th 0 0 2 3 12 30 173 198th 0 0 0 0 6 9 21 203If ordering were systemati, X would have been a diagonal matrix. Onthe other hand if ranking were ompletely random (i.e. all �rms random-ize exatly on the same support) then xij = xij′ ∀i, j, j′. Shorroks (1978)proposed a mobility index based on X whih takes value 0 for the identitymatrix and 1 for the ompletely random one (using the author's terminology,a `perfet mobility matrix'):
M(X) =

n − trae(P )

n − 1where n is the number of rows (and olumns) and P is the row-standardizedtransition matrix (i.e. pi,j = xi,j/ni where ni =
∑n

j=1 xi,j . We use M(X) asa test statisti: in order to be onsistent with the theory model and with theevidene found in the regression analysis, M(X) must be statistially di�er-ent both from 0 and from 1. M(X) is asymptotially normal10 and thus wean run two simple t�tests. We obtain a maximum likelihood estimator of
M(X), M̂ whih is equal to 0, 382 with a standard deviation equal to 0, 012.Thus, both the null hypothesis Ha

0 : M(X) = 0 and Hb
0 : M(X) = 1 arestrongly rejeted. M̂ for other regions takes values between 0, 368 and 0, 515and both hypothesis are always strongly rejeted.10See Shluter (1998) for a derivation of asymptoti properties of M(X) and othermobility indees. 17



4 ConlusionOur work aims at explaining some of the prie dispersion observed in realdata both along time and aross loations, using ombined tools from networktheory and standard onsumer theory. The network models the heterogeneityin information and purhasing possibility of the onsumers at one side, andthe variability in the number of potential ustomers on the side of �rms. Wemaintain the assumption that �rms have onstant marginal osts, whih isreasonable when onsidering shops or gas stations. We show that there isno symmetri equilibrium in pure strategies, but there is one in randomizedstrategies. Empirial evidene supports our model: we analyzed twenty yearsof monthly pries on �ve di�erent types of gasoline sold in United States.Whatever the time series or the area is hosen, pries exhibit substantial andpersistent dispersion, on�rming the fat that suh an empirial evidene isan equilibrium feature and not a temporary state of the market. Moreover,regression analysis ran on the same data on�rm the empirial evidene ofprevious works: metropolitan areas - i.e. networks with a high number ofpotential links - have lower average pries and prie distribution tilted to theleft with respet to sub-urban and rural areas. Last, we �nd diret empirialevidene of the randomizing behavior of �rms: we used a statisti based ona transition matrix between prie orderings to test the impliation of themodel that �rms with a higher degree randomize on a wider support than�rms with a lower degree, but they all share the same upper bound.Referenes[1℄ Bala, V., and S. Goyal (2000) �A Nonooperative Model of NetworkFormation�, Eonometria, Vol. 68(5), pp. 1181�1229.[2℄ Barron, J. M., B. A. Taylor and J. R. Umbek (2004) �Number of sellers,average pries, and prie dispersion�, International Journal of IndustrialOrganization, Vol. 22, pp. 1041�1066.[3℄ Baye, M. R., and J. Morgan (2001) �Information Gatekeepers on theInternet and the Competitiveness of Homogeneous Produt Markets�,The Amerian Eonomi Review, Vol. 91(3), pp. 454�474.[4℄ Baye, M. R., J. Morgan and P. Sholten (2004) "Prie Dispersion in theSmall and in the Large: Evidene from an Internet Prie ComparisonSite" , Journal of Industrial Eonomis, Vol. 52(4), pp. 463�496.18
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Appendix: Data desription and �guresTable 4: Gasoline, leaded regularseries id area begin endAPUA10174712 New York-Northern New Jersey 1978, Jan 1989, DeLong Island, NY-NJ-CT-PAAPUA10274712 Philadelphia-Wilmington-Atlanti City 1978, Jan 1989, DePA-NJ-DE-MDAPUA10374712 Boston-Brokton-Nashua, MA-NH-ME-CT 1978, Jan 1989, DeAPUA10474712 Pittsburgh, PA 1978, Jan 1989, DeAPUA10574712 1978, Jan 1986, DeAPUA10674712 1978, Jan 1986, DeAPUA20774712 Chiago-Gary-Kenosha, IL-IN-WI 1978, Jan 1989, DeAPUA20874712 Detroit-Ann Arbor-Flint, MI 1978, Jan 1989, DeAPUA20974712 St. Louis, MO-IL 1978, Jan 1990, DeAPUA21074712 Cleveland-Akron, OH 1978, Jan 1988, DeAPUA21174712 Minneapolis-St. Paul, MN-WI 1978, Jan 1986, DeAPUA21274712 Milwaukee-Raine, WI 1978, Jan 1986, DeAPUA21374712 Cininnati-Hamilton, OH-KY-IN 1978, Jan 1986, DeAPUA21474712 Kansas City, MO-KS 1978, Jan 1986, DeAPUA31574712 1978, Jan 1988, DeAPUA31674712 Dallas-Fort Worth, TX 1978, Jan 1989, DeAPUA31774712 1978, Jan 1988, DeAPUA31874712 Houston-Galveston-Brazoria, TX 1978, Jan 1989, DeAPUA31974712 Atlanta, GA 1978, Jan 1986, DeAPUA32074712 Miami-Fort Lauderdale, FL 1978, Jan 1987, DeAPUA42174712 Los Angeles-Riverside-Orange County, CA 1978, Jan 1991, DeAPUA42274712 San Franiso-Oakland-San Jose, CA 1978, Jan 1991, DeAPUA42374712 Seattle-Taoma-Bremerton, WA 1978, Jan 1986, DeAPUA42474712 San Diego, CA 1978, Jan 1986, DeAPUA42574712 Portland-Salem, OR-WA 1978, Jan 1986, DeAPUA42674712 Honolulu, HI 1978, Jan 1986, DeAPUA42774712 Anhorage, AK 1978, Jan 1986, DeAPUA43374712 Denver-Boulder-Greeley, CO 1978, Jan 1986, DeAPUB10074712 Northeast Size B 1978, Jan 1989, DeAPUB20074712 Midwest Size B 1978, Jan 1989, DeAPUB30074712 South Size B 1978, Jan 1990, DeAPUB40074712 West Size B 1978, Jan 1988, DeAPUC10074712 Northeast Size C 1978, Jan 1989, DeAPUC20074712 Midwest Size C 1978, Jan 1991, DeAPUC30074712 South Size C 1978, Jan 1990, DeAPUC40074712 West Size C 1978, Jan 1991, DeAPUD10074712 Northeast Size D 1978, Jan 1986, DeAPUD20074712 Midwest Size D 1978, Jan 1990, DeAPUD30074712 South Size D 1978, Jan 1989, DeAPUD40074712 West Size D 1978, Jan 1986, De21



Table 5: Gasoline, unleaded regularseries id area begin endAPUA10174714 New York-Northern New Jersey 1978, Jan 2007, OtLong Island, NY-NJ-CT-PAAPUA10274714 Philadelphia-Wilmington-Atlanti City 1978, Jan 2007, OtPA-NJ-DE-MDAPUA10374714 Boston-Brokton-Nashua, MA-NH-ME-CT 1978, Jan 2007, OtAPUA10474714 Pittsburgh, PA 1978, Jan 1997, DeAPUA10574714 1978, Jan 1986, DeAPUA10674714 1978, Jan 1986, DeAPUA20774714 Chiago-Gary-Kenosha, IL-IN-WI 1978, Jan 2007, OtAPUA20874714 Detroit-Ann Arbor-Flint, MI 1978, Jan 2007, OtAPUA20974714 St. Louis, MO-IL 1978, Jan 1997, DeAPUA21074714 Cleveland-Akron, OH 1978, Jan 2007, OtAPUA21174714 Minneapolis-St. Paul, MN-WI 1978, Jan 1986, DeAPUA21274714 Milwaukee-Raine, WI 1978, Jan 1986, DeAPUA21374714 Cininnati-Hamilton, OH-KY-IN 1978, Jan 1986, DeAPUA21474714 Kansas City, MO-KS 1978, Jan 1986, DeAPUA31174714 Washington-Baltimore, DC-MD-VA-WV 1998, Jan 2007, OtAPUA31574714 1978, Jan 1997, DeAPUA31674714 Dallas-Fort Worth, TX 1978, Jan 2007, OtAPUA31774714 1978, Jan 1997, DeAPUA31874714 Houston-Galveston-Brazoria, TX 1978, Jan 2007, OtAPUA31974714 Atlanta, GA 1978, Jan 2007, OtAPUA32074714 Miami-Fort Lauderdale, FL 1978, Jan 2007, OtAPUA42174714 Los Angeles-Riverside-Orange County, CA 1978, Jan 2007, OtAPUA42274714 San Franiso-Oakland-San Jose, CA 1978, Jan 2007, OtAPUA42374714 Seattle-Taoma-Bremerton, WA 1978, Jan 2007, OtAPUA42474714 San Diego, CA 1978, Jan 1986, DeAPUA42574714 Portland-Salem, OR-WA 1978, Jan 1986, DeAPUA42674714 Honolulu, HI 1978, Jan 1986, DeAPUA42774714 Anhorage, AK 1978, Jan 1986, DeAPUA43374714 Denver-Boulder-Greeley, CO 1978, Jan 1986, DeAPUB10074714 Northeast Size B 1978, Jan 1997, DeAPUB20074714 Midwest Size B 1978, Jan 1997, DeAPUB30074714 South Size B 1978, Jan 1997, DeAPUB40074714 West Size B 1978, Jan 1988, DeAPUC10074714 Northeast Size C 1978, Jan 1997, DeAPUC20074714 Midwest Size C 1978, Jan 1997, DeAPUC30074714 South Size C 1978, Jan 1997, DeAPUC40074714 West Size C 1978, Jan 1997, DeAPUD10074714 Northeast Size D 1978, Jan 1986, DeAPUD20074714 Midwest Size D 1978, Jan 2007, OtAPUD30074714 South Size D 1978, Jan 2007, OtAPUD40074714 West Size D 1978, Jan 1986, De22



Table 6: Regular leaded gasoline
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1978m1 1980m1 1982m1 1984m1 1986m1 1988m1 1990m1 1992m1
time

NorthEast Midwest
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monthly inter−quartile range per macro−region
Gasoline, leaded regular Variable Mean Std. Dev. Min. Max. NNorth Eaststandard deviation 0.025 0.009 0.007 0.044 138oe�. variation 0.024 0.008 0.008 0.049 138interquartile range 0.03 0.018 0 0.092 140Midweststandard deviation 0.04 0.009 0.018 0.058 145oe�. variation 0.04 0.01 0.019 0.077 145interquartile range 0.047 0.026 0 0.106 156Southstandard deviation 0.043 0.017 0.018 0.105 146oe�. variation 0.043 0.016 0.02 0.095 146interquartile range 0.053 0.033 0 0.175 151Weststandard deviation 0.052 0.029 0.001 0.137 160oe�. variation 0.049 0.027 0.001 0.135 160interquartile range 0.051 0.026 0.002 0.13 160
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Table 7: Regular unleaded gasoline
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Gasoline, unleaded regular Variable Mean Std. Dev. Min. Max. NNorth Eaststandard deviation 0.038 0.015 0.001 0.105 358oe�. variation 0.031 0.015 0 0.094 358interquartile range 0.059 0.03 0.001 0.209 358Midweststandard deviation 0.056 0.026 0.019 0.227 358oe�. variation 0.044 0.015 0.014 0.114 358interquartile range 0.075 0.051 0.009 0.339 358Southstandard deviation 0.057 0.022 0.01 0.128 358oe�. variation 0.046 0.016 0.009 0.088 358interquartile range 0.075 0.042 0.015 0.23 358Weststandard deviation 0.068 0.034 0.007 0.235 358oe�. variation 0.05 0.022 0.006 0.134 358interquartile range 0.11 0.068 0.013 0.418 358
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