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Ordered Search in Di¤erentiated Markets Jidong Zhouy June 2010



Abstract This paper presents an ordered search model in which consumers search both for price and product …tness. I construct an equilibrium in which there is price dispersion and prices rise in the order of search. The top …rms in consumer search process, though charge lower prices, earn higher pro…ts due to their larger market shares. Compared to random search, ordered search can induce all …rms to charge higher prices and harm market e¢ ciency. Keywords: search, price dispersion, product di¤erentiation JEL classi…cation: D43, D83, L13
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Introduction



In a variety of circumstances, consumers need to search to …nd a satisfactory product. However, not as most of the search literature assumes, the order in which consumers search through alternatives is often not random. For example, when facing options presented in a list such as links on a search engine webpage and dishes on a menu, people often consider them from the top down; when shopping in a high street, a bazaar, or a supermarket, consumers’search order is restricted by the spatial locations of sellers or products; when we go to a travel agent to buy airline tickets or a …nancial advisor to buy a savings product, the advisor may tell us the options one by one in a predetermined order. I am grateful to Mark Armstrong and John Vickers for helpful discussions, as well as to the co-editor, Yossi Spiegel, and two anonymous referees for valuable comments, which have greatly improved this paper. Financial support from the British Academy and the Economic and Social Research Council (UK) is gratefully acknowledged. y Department of Economics, University College London, Gower Street, London WC1E 6BT, UK. E-Mail: [email protected].
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This paper intends to investigate how non-random consumer search a¤ects …rms’ pricing behavior and market performance. I study an ordered search model with horizontally di¤erentiated products where consumers search both for price and product …tness in an exogenously given order. I show that, when there are no systematic quality di¤erences between products and the search cost is homogenous among consumers, there is an equilibrium in which prices rise with the rank of products. This is essentially because if a consumer visits …rms positioned down in her search order, she must have relatively low valuations for early products, which provides later …rms extra monopoly power. The top …rms in consumer search process, though charge lower prices, earn higher pro…ts due to their larger market shares. This supports the fact that …rms are willing to pay for top positions. For instance, manufacturers pay supermarkets for access to prominent positions; …rms bid for sponsored links on search engines; and sellers pay more for salient advert slots in yellow page directories. Compared to the case where consumers sample products in a random order, ordered search can induce all …rms to charge higher prices, and it usually improves industry pro…t but lowers consumer surplus and total welfare. The reasons that ordered search harms market e¢ ciency are twofold. First, it results in price dispersion in the market, which induces suboptimal consumer search behavior. Second, ordered search reduces total output and so causes an extra production e¢ ciency loss. Arbatskaya (2007) has studied an ordered search model where …rms supply a homogeneous product. Since consumers only care about price, in equilibrium the price should decline with the rank of products, otherwise no rational consumer would have an incentive to sample products in unfavorable positions.1 In our model with di¤erentiated products, consumers may search on in pursuit of better matched products even if they expect rising prices. Then their search history reveals their preferences, which can signi…cantly change …rms’pricing incentive. The search model with horizontally di¤erentiated products is initiated by Wolinsky (1986) and further developed by Anderson and Renault (1999). Both papers consider random consumer search. More recently, Armstrong, Vickers, and Zhou (2009) (AVZ thereafter) use that framework to model prominence, in which all consumers sample one prominent product …rst and, if it is not satisfactory, they will continue to search randomly among other non-prominent products.2 AVZ show that the prominent prod1



An earlier paper on ordered consumer search is Perry and Wigderson (1986). There is two-sided asymmetric information in their model: the product is homogenous but each seller has an uncertain cost, and consumers di¤er in their willingness-to-pay for the product. They also assume no scope for going back to a previous o¤er. They argue that in equilibrium the observed prices, on average, could be non-monotonic in the order of sellers. 2 Hortaçsu and Syverson (2004) construct a related empirical non-random search model, where
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uct is cheaper than others and making a product prominent usually improves industry pro…t but lowers consumer surplus and total welfare. This paper generalizes AVZ by considering a completely ordered search model and obtains similar results. However, unlike the prominence model where the prominent …rm always charges a lower price than in the random search case, in the ordered search model with four or more …rms, all …rms may increase their prices. There are also other di¤erences between the prominence model and the ordered search model. The consumer stopping rule in AVZ is stationary since all non-prominent …rms charge the same price, while in this paper given that di¤erent …rms charge different prices, the consumer stopping rule becomes non-stationary. This causes extra complication in the analysis and calls for new techniques in proving existence of equilibrium and some other results. In addition, the stopping rule in the ordered search model crucially depends on the rank of prices. For example, the stopping rule associated with a rising price sequence is qualitatively di¤erent from that associated with a declining price sequence. Hence, we need to deal with the issue of multiple equilibria, which is absent is AVZ. I show that a declining price sequence cannot be sustained in equilibrium. The remainder of this paper is organized as follows. Section 2 presents the ordered search model, and it is analyzed in section 3. Section 4 compares ordered search with random search. Section 5 concludes and discusses possible extensions. Technical proofs are included in the Appendix.
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A Model of Ordered Search



There are n 2 …rms indexed by 1; 2; ; n, supplying n horizontally di¤erentiated products. The unit production cost is constant and normalized to zero. There are a large number of consumers with measure of one, and each consumer has a unit demand for one product. Consumers have idiosyncratic valuations of products. Speci…cally, (u1 ; u2; ; un ) are the values attached by a consumer to di¤erent products, where uk is assumed to be independently drawn from a common distribution F (u) on [umin ; umax ] which has a positive and di¤erentiable density function f (u); and all match values are also realized independently across consumers. The common-distribution assumption means that there are no systematic quality di¤erences among products. The surplus from buying one unit of …rm k’s product at price pk is uk pk . If all match utilities and prices are known, a consumer will choose the product providing the highest positive investors sample di¤erentiated mutual funds with unequal probabilities. But they did not explore theoretical predictions of their model, and there is also no empirical conclusion about the relationship between sampling probability and price.
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surplus. If uk pk < 0 for all k, she will leave the market without buying anything. I assume that consumers initially have imperfect information about the product prices and the match utilities (but they hold the rational expectation). They can gather information through a sequential search process. By incurring a search cost s > 0, a consumer can …nd out a product’s price and match utility. I assume that the search process is without replacement and there is costless recall (i.e., a consumer can return to any previously sampled product without paying an extra cost). Departing from the traditional search literature, I suppose that all consumers sample …rms in an exogenously speci…ed order. Without loss of generality, …rm k is sampled before …rm k + 1. Firms know their own positions in consumers’ search process. They simultaneously set prices pk (k = 1; 2; ; n) to maximize pro…t based on their expectations of consumer behavior. Both …rms and consumers are assumed to be risk neutral.
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Analysis



3.1



Demand



Let us …rst analyze consumers’search behavior. Their optimal stopping rule depends on the property of the price sequence in their expectation. Since I aim to construct an equilibrium with p1 < p2 < < pn , I …rst assume that consumers hold an expectation of such an increasing price sequence. (I will discuss the optimal stopping rule for other forms of expectation and the issue of multiple equilibria in Section 3.3.3 ) I derive the optimal stopping rule by means of backward induction. Denote by vk



maxf0; u1



p1 ;



; uk



pk g



(1)



the maximum available surplus after sampling k products. Suppose a consumer has already sampled n 1 products and expects the last …rm to charge a price pen . Then she should sample the last product if and only if Z umax (u pen vn 1 )dF (u) > s: pen +vn
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The left-hand side is just the expected incremental bene…t from sampling the last product, and it is decreasing in pen + vn 1 . That is, a higher available surplus so far or a higher future price makes the consumer less likely to continue to search. Let a solve Z umax (u a)dF (u) = s: (2) a
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There is no such an issue when n = 2 or when consumers sample randomly among all other …rms after visiting …rm 1 as in the prominence model in AVZ.
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Then the consumer should sample the last product if pen + vn 1 < a or vn 1 < a pen . Otherwise, she should stop searching and buy the best product among the previous n 1 ones. (The search cost is assumed to be not too high such that (2) has a solution a > umin and all equilibrium prices are lower than a.) Now suppose a consumer has sampled n 2 products and expects the last two products’prices are pen 1 and pen with pen 1 < pen . The expected bene…t from searching on is at least Z umax (u pen 1 vn 2 )dF (u); (3) pen



1 +vn 2



since the consumer can at least stop searching after sampling product n 1. Hence, if (3) exceeds the search cost, or equivalently, if vn 2 < a pen 1 , the consumer should keep searching. On the other hand, if vn 2 a pen 1 and the consumer continues to search, then regardless of what match utility she will …nd at …rm n 1, she will have vn 1 vn 2 a pen 1 > a pen (due to the expectation of pen 1 < pen ) and so will stop searching after sampling product n 1 anyway. Thus, when vn 2 a pen 1 , the expected bene…t from searching on is exactly (3) and less than s, and so the consumer should actually cease her search now. The analysis implies that, given the expectation of an increasing price sequence, a consumer at …rm n 2 should search on if and only if vn 2 < a pen 1 . Applying the same logic backward further proves the following lemma.4 Lemma 1 (The optimal stopping rule) Suppose consumers expect an increasing price sequence pe1 < pe2 < < pen < a. Then the optimal stopping rule is characterized by a sequence of decreasing cuto¤ reservation surplus levels z0 > z1 > z2 > > zn 1 , e where zk a pk+1 , such that a consumer who has already sampled k n 1 …rms will search …rm k + 1 if the maximum available surplus so far vk is less than zk and otherwise will stop searching and buy the best product so far. If a consumer has sampled all products, she will either buy the best one with positive surplus, or leave the market without buying anything. 4



Our optimal stopping rule is a special case of Weitzman (1979). Weitzman considers a general sequential search problem, and shows that the consumer should search through options according to the rank of their “reservation prices” and stop searching whenever the maximum utility so far exceeds the highest reservation price among unsampled options. If option k’s utility is drawn from a Ru distribution Gk , its reservation price is yk which solves ykmax (u yk )dGk (u) = s. In our setting, given expected prices fpek gnk=1 , product k’s net utility uk pek distributes according to Gk (x) = F (x + pek ), and so its reservation price is yk = a pek . Given the increasing prices, yk decreases with k, so the exogenous search order in our model is actually optimal, and a consumer should stop at …rm k if and only if vk yk+1 = a pek+1 . However, Weitzman (1979) does not consider price competition in the supply side which endogenously a¤ects options’utilities in our setting.
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This optimal stopping rule appears to be “myopic”because at each …rm k n 1 consumers behave as if there were only one …rm left unsampled. The stopping rule also indicates that consumers become more reluctant to keep searching when the search process goes on. This is because they expect increasing prices, not because of fewer options left unsampled. In e¤ect, if consumers expect that all …rms are charging the same price p, their optimal stopping rule will be stationary with zk = a p for any k n 1. Throughout this paper, I focus on equilibria in which pk = pek < a (so zk > 0) for all k n 1 and so each …rm is active in the market.5;6 Such equilibria exist if the search cost is relatively small. I now derive demand functions. I claim that …rm k’s demand, when it charges pk , is qk (pk ) = hk [1 F (zk 1 + pk )] + rk (pk ); (4) where



Q



hk =



F (zk



1



+ pj )



j k 1



is the number of consumers who visit …rm k, and rk (pk ) =



n Z X i=k



zi



1



f (u + pk )



Q



F (u + pj )du:



j i;6=k



zi



(We stipulate zn = 0 as a consumer will stop searching anyway after sampling all …rms, Q and j 0 = 1 for reasons given below.) This demand function can be understood as follows. A consumer will come to …rm k if she does not stop at any of the …rst k 1 …rms (i.e., if vi < zi for all i k 1). This condition is equivalent to vk 1 < zk 1 , as vi increases weakly while zi decreases. Hence, the probability that a consumer visits …rm k is Pr (vk



1



< zk 1 ) = Pr(maxf0; u1 p1 ; Q = F (zk 1 + pj )



; uk



1



p k 1 g < zk 1 )



j k 1



= hk :



Ru When a consumer expects p1 < a, her expected surplus from sampling product 1 is p1max (u p1 )dF (u) s > 0 and so she is willing to participate in the market. Similarly, when a consumer expects pk+1 < a, there is a positive probability that she will further sample product k + 1 after sampling the …rst k products. Therefore, pk < a for all k ensures that each …rm has a chance to be sampled by consumers. 6 As usual in search models, there are always uninteresting equilibria where consumers only sample the …rst k n 1 products, because they expect that other …rms are charging very high prices such that visiting them is not worthwhile at all. Since they do not expect consumers to visit them, those …rms have no incentive to lower their prices. We do not consider these equilibria further. 5
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The second equality is because of the independence of match utility realizations across products and the assumption zk 1 > 0. In particular, h1 = 1 as all consumers sample Q product 1 …rst according to de…nition (that is why we stipulated j 0 = 1). This consumer will buy at …rm k immediately if she …nds that uk pk zk 1 . This is because then vk zk 1 > zk and so she will stop searching, and at the same time uk pk zk 1 > vk 1 and so product k is better than all previous products. The probability of this event is 1 F (zk 1 + pk ). This explains the …rst term in (4). If a consumer at …rm k …nds uk pk 2 [zk ; zk 1 ), she will not search on either. However, she will now buy product k only if it is better than each previous product. (That is, …rm k is now competing with all …rms positioned before it but none of those positioned after it.) The (unconditional) probability of this whole event is Pr(maxfzk ; vk 1 g uk pk < zk 1 ) Z zk 1 +pk Q F (uk pk + pj ) dF (uk ) = j k 1 zk +pk Z zk 1 Q = f (u + pk ) F (u + pj )du: zk



j k 1



In the …rst step, the condition uk pk 2 [zk ; zk 1 ) is re‡ected in the upper and lower integral limits, and the condition vk 1 uk pk is captured by the integrand. (Note that for k = 1, v0 = 0 and so the integrand should be equal to one. Here we used the Q notation j 0 = 1 again.) The second step follows from changing the integral variable from uk to u = uk pk . (This step helps us see that in the uniform distribution case on which our later analysis will focus, this portion of demand is independent of …rm k’s actual price.) This explains the …rst term in rk (pk ). If a consumer at …rm k …nds that uk pk 2 [zk+1 ; zk ), …rm k has demand only if vk 1 is also less than zk . (Otherwise, product k is dominated at least by some previous product.) Conditional on that, the consumer will continue to sample product k +1 but none of further ones. She will come back to buy product k if it is the best one among the …rst k + 1 products. (Now …rm k is competing not only with all …rms positioned before it but also with one …rm positioned after it). The (unconditional) probability of this whole event is Pr (maxfzk+1 ; vk 1 ; uk+1 pk+1 g < uk pk < zk ) Z zk +pk Q = F (uk pk + pj ) dF (uk ) zk+1 +pk j k+1;6=k Z zk Q = f (u + pk ) F (u + pj )du; zk+1



j k+1;6=k



where the second equality is again from changing the integral variable. This explains the second term in rk (pk ). Notice that this portion of demand is from consumers 7



who return without …nishing sampling all …rms. This kind of “midway returning consumers” are absent in the random search model such as Wolinsky (1986) or the prominence model with only one prominent …rm such as AVZ. In both models, the stopping rule is stationary and consumers will return only if they have sampled all …rms. In general, the term indexed by i in rk (pk ) is …rm k’s demand when uk pk 2 [zi ; zi 1 ). Following the terminology in AVZ (though not precisely), I call the …rst portion of demand in (4) the “fresh demand”and the second portion of demand (i.e., rk (pk )) the “returning demand”. (The …rst term in rk is from the consumers who stop searching at …rm k rather than from returning consumers. In addition, for the last …rm, there are no returning consumers literally. I decompose the demand in this way simply according to the similarity of price sensitivity.) Note that hk is independent of …rm k’s actual price. This is because whether a consumer will visit …rm k is only a¤ected her expectation of pk . Also note that a …rm’s price a¤ects its returning demand only through the density function f . In particular, for the uniform distribution, a …rm’s returning demand is independent of its actual price, and so is less price responsive than fresh demand. When a …rm increases its price, more consumes will search on, which implies a larger number of potential returning consumers. (In the …rst term in rk (pk ), more consumers will compare it with previous …rms.) At the same time, this …rm is less likely to win them back in competing with other …rms. In the uniform setting, these two e¤ects just cancel out each other.



3.2



Equilibrium prices and pro…ts



The above demand analysis is predicated on that consumers hold an expectation of increasing prices. I now show that there is indeed an equilibrium with p1 < p2 < < pn < a when the search cost is relatively small. For tractability, from now on I focus on the case with the uniform distribution on [0; 1] (i.e., F (u) = u). Then a de…ned in p 2s. To ensure pk < a for all k (i.e., every …rm is active), I assume (2) equals 1 s 2 (0; 1=8) , a 2 (1=2; 1) :



(5)



In the uniform case, …rm k’s demand function (4) becomes qk (pk ) = hk (1 where hk =



Q



(zk



zk



1 + pj ); rk =



j k 1



p k ) + rk ;



1



n Z X i=k



zi



zi



1



Q



(u + pj )du:



j i;6=k



(Note that now rk (pk ) is independent of pk , so I drop the argument thereafter.) Firm k chooses pk to maximize its pro…t pk qk (pk ). As both hk and rk are independent of 8



…rm k’s actual price, they can be treated as constants. Then the …rst-order condition is7 hk (1 zk 1 2pk ) + rk = 0: (6) Using the fact that consumers’ expectation is ful…lled in equilibrium (i.e., zk 1 = a pk ), we rewrite (6) as rk (7) pk = 1 a + : hk Since hk (1 a) is …rm k’s fresh demand in equilibrium, rk =hk is proportional to the ratio of returning demand to fresh demand. Then (7) implies that a …rm whose demand consists of more returning demand proportionally will charge a higher price. This is consistent with the observation that the returning demand is less price sensitive than the fresh demand. It is clear that …rm k has more fresh demand than …rm k + 1 (i.e., hk > hk+1 ), but it is also true that it has more returning demand (i.e., rk > rk+1 ). Hence, it is a priori unclear whether pk < pk+1 or not. Although it is infeasible to solve the system of the …rst-order conditions analytically, I can show that it does have a solution with a sequence of increasing prices.8 (All omitted proofs are included in the Appendix.) Proposition 1 In the uniform-distribution case with condition (5), the ordered search model has an equilibrium with 1



a < p1 < p 2 



< pn < 1=2:



This result implies that in equilibrium …rm k has more fresh demand proportionally than …rm k + 1, and so its demand is more price sensitive. We can also understand this result from the following perspective: the last …rm knows that the consumers who went through all the sampling up to this point arrive only because they did not …nd well-matched products before, and it also knows that these consumers do not face any unsampled options. So it has signi…cant monopoly power over them. Earlier …rms on the other hand have an incentive to reduce the price because they want to prevent the 7



In the uniform-distribution setting, the …rst-order condition is su¢ cient for no local pro…table deviations. Nevertheless, if …rm k deviates to a too high price (pk > 1 zk 1 ), its fresh demand will vanish and its returning demand will become price dependent. This may make the pro…t function no longer globally concave. However, using the same logic as in AVZ, we can show that the pro…t function is still globally quasi-concave (more speci…cally, in the right-hand side of the non-smooth point at pk = 1 zk 1 , the pro…t function is decreasing in pk ). Hence, the …rst-order condition is also su¢ cient for no global deviations. 8 I do not have a proof for uniqueness, though numerical simulations suggest that, under condition (5), within the region of [0; 1]n the system of …rst-order conditions has a unique solution in n (1 a; 1=2) .
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consumers from further sampling. The graph below depicts how equilibrium prices vary with the parameter a when there are three …rms, where the three solid curves from the bottom up represent p1 , p2 and p3 , respectively.9
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Figure 1: Prices and a (n = 3)



Although this equilibrium is derived under the assumption that consumers follow an exogenous search order, it turns out to be rational for consumers to follow this order since the top …rms charge lower prices. Therefore, even if consumers can control their search orders freely, ordered search with a rising price sequence can still emerge as an equilibrium outcome.10 Several polar cases deserve mention: (i) When the search cost tends to zero (i.e., when a tends to one), consumers sample all …rms before they purchase, and so all prices will converge to the full-information equilibrium price p, say, which satis…es np = 1 pn . (This formula can be obtained from (7) by letting a = 1.) (ii) When the search cost is su¢ ciently high such that a 1=2, the result that pk 2 (1 a; 1=2) implies that all prices will converge to the monopoly price 1=2. This is because consumers now stop searching whenever they …nd a product with positive surplus, and so each …rm acts as a monopolist. (iii) When there are a large number of …rms in the market 9



We expect our price result to hold even for more general distributions so long as the fresh demand is more price sensitive than the returning demand. From the expression for rk in (4), we can see that this is true at least when the density function increases or does not decrease too fast. 10 However, with a free choice of search order, there are many other equilibria. For example, random search with a uniform price is clearly an equilibrium outcome. There are also equilibria in which consumers sample randomly among m n 1 …rms …rst, and then if necessary, they continue to sample randomly among the remaining n m …rms. As shown in Zhou (2009), those prominent …rms will charge a lower price than non-prominent ones, which in turn justi…es consumers’ search order.
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(i.e., when n ! 1), all prices will converge to 1 a.11 This is because with in…nitely many …rms, from each …rm onward the problem looks the same (except that the mass of consumers is shrinking, but that does not matter since how many consumers will visit a …rm is independent of its actual price). Thus, all …rms o¤er the same price and consumers never exercise their recall option. These polar cases suggest that the price dispersion caused by non-random consumer search is most pronounced when the search cost is at an intermediate level and the number of …rms is not too large. For example, when n = 5 and a = 0:75, we have (p5 p1 )=p1 0:2, i.e., the highest price exceeds the lowest one by about 20%. To investigate more about equilibrium prices, I now approximate them when the search cost tends to 1=8 (i.e., when a is close to 1=2).12 Lemma 2 If a = 21 + " with a small " > 0, then equilibrium prices de…ned in (7) can be approximated as 1 pk k" 2 with 3 ( )n k : k = 1 4 Several observations are worth mentioning. First, consistent with our general …nding, k decreases and so pk increases with k. Second, k > 0 for k n 1. That is, starting from a = 1=2, if the search cost is reduced slightly, all prices pk for k n 1 should decrease.13 However, n = 0, so the …rst-order approximation of pn does not vary with a around 1=2. For instance, in the three-…rm example depicted in Figure 1, p3 is almost horizontal around a = 1=2. Third, in this limit case, pk+1 pk = 3" ( 34 )n k , which increases with k. That is, a consumer will observe a greater price di¤erence between two neighbor …rms when she searches downwards. This result seems quite widespread according to further numerical simulations. We now turn to rank …rms’ pro…ts. In equilibrium, …rm k has a larger demand than …rm k + 1 (since both hk > hk+1 and rk > rk+1 hold), but it charges a lower price. Hence, it is a priori unclear whether …rm k earns more or less than …rm k + 1. Let k be …rm k’s equilibrium pro…t. From (6), we can see that …rm k’s equilibrium demand We only need to show pn = 1 a + hrnn tends to 1 a as n ! 1. This is true because Ra u n 1 rn du = na [1 ( pan )n ], and the latter tends to zero as n ! 1. Since pn p1 < hrnn , we hn < pn a deduce that the price di¤erence across …rms goes to zero at least as fast as 1=n. 12 A similar approximation exercise can be done for a close to one (i.e., around the full-information situation), but the results are much more complicated. All details are available upon request. 13 Numerical simulations indicate that all equilibrium prices increase with the search cost (see Figure 1, for instance). However, an analytical proof is unavailable (except in the duopoly case). 11
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is equal to hk pk , so dominates.



k



= hk p2k . The following result indicates that the demand e¤ect



Proposition 2 In the equilibrium with a sequence of rising prices, …rm 1 earns more than …rm 2, and for k 2, …rm k earns more than …rm k + 1 at least when a < n= (n + 1). Though I only derive a su¢ cient condition for k > k+1 with k 2, numerical simulations suggest that it is true for any a 2 (1=2; 1). The following graph depicts how pro…ts vary with the parameter a when there are three …rms, where the solid curves from the top down represent 1 , 2 and 3 , respectively. 0.25 0.20 0.15 0.10 0.05 0.00 0.5
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Figure 2: Pro…ts and a (n = 3) This example also shows that in an ordered search market …rms positioned relatively down in consumer search process can bene…t from the reduction of search cost. When the search cost becomes smaller (i.e., when a increases), the market share redistribution e¤ect due to the restricted search order is weakened, which harms top …rms but bene…ts …rms in unfavorable positions. At the same time, a smaller search cost implies more intense price competition, which harms all …rms. The combination of these two e¤ects explains why 1 decreases while 2 and 3 vary non-monotonically with a.



3.3



Are there other equilibria?



Consumers’optimal stopping rule depends on their expectation of the price sequence in the market, and it in turn a¤ects …rms’ pricing decisions. In equilibrium, the consumer belief should be consistent with the actual prices. The analysis so far has shown that an equilibrium with a rising price sequence exists. Nevertheless, we have not yet discussed other possible equilibria. Let us …rst consider the possibility of an equilibrium with a declining price sequence as in Arbatskaya (2007). 12



Suppose there is an equilibrium in which consumers hold an expectation of pe1 pen (but their search order is still restricted) and every …rm is active. pe2 According to Kohn and Shavell (1974), consumers’optimal stopping rule is well de…ned and characterized by a sequence of cuto¤ reservation surplus levels (z1 ; ; zn 1 ). That is, a consumer at …rm k n 1 will continue to search if and only if the maximum surplus so far is less than zk . Moreover, one can show that z1 zn 1 = a pen n 2.14 So consumers will become more willing with zk a pek+1 for all k to keep searching as the search process goes on. This is qualitatively di¤erent from the stopping rule when consumers expect a rising price sequence. (To have a uni…ed expression for demand functions, use zn = a pen .) Now consider demand functions. A consumer will visit …rm k if and only if ui pi < zi for all i k 1. If she …nds out uk pk zk , she will stop searching and buy product k since it is better than all previous products (due to the increasing zi ). If she …nds out uk pk < zk , she will continue to search, and will eventually return to buy at …rm k if she has sampled all products (again due to the increasing zi ) and product k has the highest positive surplus. Hence, …rm k’s demand is qk (pk ) = Pr(ui + Pr(ui



pi < zi for i pi < zi for i



1 and uk



k k



pk



zk )



1 and maxfvk 1 ; uj



p j gj



k+1



< uk



p k < zk )



= hk [1 (pk + zk )] + rk ; Q where hk = i k 1 (zi + pi ) is the number of consumers who visit …rm k, and rk represents the number of returning consumers. (Notice that, due to the increasing cuto¤ reservation surplus levels, there are now no midway returning consumers any more.) Two observations are useful: (i) in the uniform setting, rk is again independent of …rm k’s actual price pk ; (ii) rk rk+1 . The latter is because, if a consumer has left both …rm k and …rm k + 1, the former’s product must on average have a lower net surplus given zk zk+1 , and so it can win this consumer back less likely. Due to the restricted search order, …rm k tends to have more fresh demand than …rm k + 1. At the same time, …rm k has less returning demand than …rm k + 1. Since the fresh demand is again more price sensitive than the returning demand, …rm k should have an incentive to charge a lower price. This leads to a contradiction. We formalize this argument in the Appendix. 14



Keep the notation vk maxf0; u1 p1 ; ; uk pk g. First of all, at …rm n 1, it is easy to see that a consumer will search on if and only if vn 1 < a pen = zn 1 . Now consider a consumer at …rm n 2. If vn 2 < a pen 1 , then even sampling product n 1 only is worthwhile, so the consumer will keep searching. If vn 2 zn 1 , this consumer will never sample …rm n no matter what she will discover at …rm n 1, and so she has no incentive to just visit …rm n 1 as vn 2 zn 1 = a pen a pen 1 . Thus, the cuto¤ reservation surplus level at …rm n 2, zn 2 , must be between a pen 1 and zn 1 . The same logic can go backward further to explain the stopping rule.
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Proposition 3 In the uniform-distribution case with condition (5), the ordered search model has no equilibrium in which all …rms are active and they charge declining prices p1 p2 pn . Since p1 does not a¤ect consumers’ stopping rule once they participate in the market, this result also implies that there is no equilibrium with p1 < p2 pn (if n 3). However, it is di¢ cult to further rule out the possibility of other equilibria with non-monotonic price sequences. This is mainly because for di¤erent non-monotonic price sequences, consumers’optimal stopping rule usually has di¤erent properties. So it seems unlikely to discuss all hypothetical non-monotonic equilibria in a uni…ed way. However, in the three-…rm case, there is indeed no non-monotonic equilibrium. The only remaining case we need to deal with is p1 p2 < p3 . Since p1 does not a¤ect the stopping rule, our analysis for a rising price sequence applies. The discussion in footnote 8 suggests that, under the condition s 2 (0; 1=8), p1 p2 cannot take place simultaneously with p2 < p3 . Finally, if consumers can somehow control their search orders, then no equilibrium with a sequence of declining or non-monotonic prices along consumers’ search order can be sustained.



4



Comparison with random search



This section explores how ordered search a¤ects market performance relative to random search. In ordered search, I focus on the equilibrium with an increasing price sequence. In random search, I focus on the symmetric equilibrium where each …rm charges p0 . Wolinsky (1986) and Armstrong, Vickers, and Zhou (2009) have shown that the equilibrium price in the random search model with uniform distribution has a simple characterization:15 1 an 1 pn0 = : (8) p0 1 a For a 2 (1=2; 1), this equation has a unique solution p0 2 (1 a; 1=2).16 Notice that the right-hand side of (8) is in e¤ect a consumer’s expected number of searches in the 15



This condition can also be derived from the ordered search model by letting pk = p0 for all k and using the stationary stopping rule zk = z for all k n 1 (but keeping the notation zn = 0). In random search, each …rm can be at any position of a consumer’s search process with equal probability. Pn Hence, the number of consumers who visit a …rm for the …rst time is h = n1 k=1 hk and the number Rz P n of returning consumers is r = n1 k=1 rk , where now hk = (z + p0 )k 1 and rk = 0 (u + p0 )n 1 du. Then a representative …rm’s demand function, when it charges a price p, is q(p) = h(1 z p) + r. From the …rst-order condition and the belief consistency condition z = a p0 , we can derive (8). 16 The left-hand side of (8) is a decreasing function of p0 when p0 is positive. If p0 = 1 a, the left-hand side is greater than the right-hand side given that a > 1=2. If p0 = 1=2, the left-hand side
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random search model.17 Thus, the more intensively consumers search, the lower the market price is. Let us …rst compare prices in the two regimes. Proposition 4 Compared to random search, (i) the last …rm in ordered search raises its price (pn > p0 ); (ii) whether the …rst …rm in ordered search raises or lowers its price in general depends on both the number of …rms and the magnitude of search cost. In particular, when n = 2, it lowers its price (p1 < p0 ); when n 4, it raises its price (p1 > p0 ) if the search cost is su¢ ciently high. The …rst result implies that relative to random search, ordered search at least increases one …rm’s price. But the second result implies that whether ordered search increases all …rms’ prices depends on n and s. When there are only two …rms, the …rst …rm must lower its price. When n = 3, though an analytical proof is unavailable, numerical calculation shows the same result holds (see Figure 1 where the dashed curve represents p0 ). When n 4, all …rms may raise their prices in ordered search, and this must be true if the search cost is su¢ ciently high (i.e., when a is close to 1=2). Figure 3 below depicts p1 p0 when n = 5, and it is positive for a less than about 0:72 but negative for a greater than that. This result highlights the di¤erence between the totally ordered search model and the prominence model in AVZ where the prominent …rm always lowers its price (no matter how many non-prominent …rms are present). The reason is that in ordered search, …rms in unfavored positions (for example, the last …rm) may have more monopoly power than in the prominence model and so raise their prices more signi…cantly. This can even induce the …rst …rm to lift its price.18 It is also worth mentioning that ordered search a¤ects later …rms’prices more signi…cantly than it a¤ects the …rst …rm’s price. For example, when n = 5, relative to p0 , p1 changes at most by 2.5% (it occurs around a = 0:9), while p5 can rise by almost 20% (it occurs around a = 0:75). is (1 + + (1=2)n 1 ) which is less than the right-hand side (1 + a + + an 1 ). Thus, (8) has a unique solution in (1 a; 1=2). 17 With random search and a uniform price p0 in the market, a consumer should stop searching whenever she …nds a product with match utility greater than a. So the probability that a consumer searches exactly k times, for 1 k n 1, is ak 1 (1 a). The probability that a consumer samples Pn 1 all products (k = n) is an 1 . Hence, the expected number of searches is nan 1 +(1 a) k=1 kak 1 = 1 an 1 a . 18 One may wonder whether ordered search induces all …rms but …rm 1 to raise their prices. This is not true in general. For example, for n = 5 and a = 0:98, p2 0:2077 < p0 0:2081.
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Figure 3: Price di¤erence p1



p0 with a (n = 5)



Now let us compare search intensities in the two regimes. Proposition 5 The expected number of searches is smaller in ordered search than in random search. The intuition is simple: since consumers in ordered search expect an increasing price sequence, they will on average stop searching earlier than in random search. However, this does not mean that consumers search more e¢ ciently in ordered search. Although consumers can save search costs, they will also on average end up consuming less well matched products. In e¤ect, consumers search insu¢ ciently in ordered search compared to the socially e¢ cient search behavior. The search behavior is socially e¢ cient if consumers only care about the trade o¤ between search cost and match utility. In ordered search, however, they also take into account the fact that future prices will be higher and so stop searching too early. In contrast, in random search, there is a uniform price across …rms and consumers’search behavior is socially optimal. This is one source of e¢ ciency loss in our ordered search model. Turn to total output and pro…t. Numerical simulations indicate that total output tends to be lower in ordered search than in random search.19 (It must be the case in duopoly as AVZ have proved.) Figure 4a below depicts the impact of ordered search on total output when n = 3; 4; 5 and a varies from 1=2 to 1. But the magnitude of output decline is small. For example, when n = 3 and a = 0:7, ordered search reduces total output by only 1%. Numerical simulations also show that …rm 1 earns more while …rm n earns less than in random search. However, how ordered search a¤ects other …rms is less clear. For example, when n = 3, whether …rm 2 earns more or less in ordered search depends on the search cost. This is illustrated in Figure 2 where the 19



All results concerning comparisons of output and welfare can be proved analytically when the search cost is su¢ ciently high (i.e., when a is close to 1=2) by invoking Lemma 2.
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dashed curve is each …rm’s pro…t in the random search case. Numerical calculations further suggest that ordered search boosts industry pro…t for n 3. (For n = 2, AVZ have shown that it occurs only if the search cost is relatively small.) Finally, I compare total welfare and consumer surplus. Total welfare is de…ned as the sum of industry pro…t and consumer surplus. Numerical simulations indicate that ordered search lowers both total welfare and consumer surplus. The reason is twofold. As was already pointed out, a uniform price in the market can induce socially optimal consumer search behavior. Ordered search results in price dispersion and so causes suboptimal search behavior. On top of that, order search reduces total output, which causes an extra production e¢ ciency loss. Figure 4b below depicts how the welfare impact of ordered search varies with a when n = 3, where the curves from top to bottom represent the di¤erences in industry pro…t, total welfare, and consumer surplus, respectively. At the two polar cases with a = 1=2 and a = 1, ordered search has no impact on market prices and so no impact on welfare. The impact is most pronounced for intermediate levels of search cost (though the magnitude is not very large). For example, at a = 0:7, ordered search increases industry pro…t by 1.55%, and lowers consumer surplus by 4.64% and total welfare by 0.71%. (Calculating consumer surplus and total welfare is not straightforward in our ordered search model. I develop a method in Appendix A.7.)
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Conclusion



This paper has presented an ordered search model with di¤erentiated products in which consumers search both for price and product …tness. I have constructed an equilibrium in which there is price dispersion and prices rise in the order of search. The top …rms in consumer search process, though charge lower prices, earn higher pro…ts due to their larger market shares. Compared to random search, ordered search 17



can induce all …rms to raise their prices, and it usually improves industry pro…t but harms consumer surplus and total welfare. Our analysis has been restricted to the case where all consumers have the same search cost. If consumers have heterogenous search costs (as in Arbatskaya, 2007), those with higher search costs are more likely to buy at the top …rms, which provides the top …rms an incentive to charge higher prices. If products are homogeneous, as Arbatskaya (2007) has shown, prices should then decline with the rank of …rms. With product di¤erentiation, however, this e¤ect should be balanced with the opposite one discovered in this paper. The …nal prediction will depend on the relative importance of the two e¤ects. The model has also assumed no systematic quality di¤erences among products. If there are heterogenous qualities and if consumers sample products with higher qualities …rst, then ordered search may improve market e¢ ciency by guiding consumer search toward better products. This e¢ ciency gain should be balanced with the e¢ ciency loss caused by the price e¤ect. Developing such an ordered search model with heterogenous qualities remains an interesting extension. The model has also assumed an exogenous consumer search order, though we have pointed out that our equilibrium still survives even if consumers are allowed to choose their search orders freely. One could endogenize consumer search order through, for example, advertising competition or bidding for online paid placements. Hann and Moraga-Gonzalez (2009) consider a similar search model in which a consumer’s likelihood of sampling a …rm is proportional to that …rm’s relative advertising intensity. But in symmetric equilibrium, all …rms advertise with the same intensity and set the same price, and consumers end up searching randomly. They also constructed a nonrandom search equilibrium in the duopoly case by introducing asymmetric advertising technologies among …rms. Chen and He (2006), and Athey and Ellison (2008) present two auction models in which advertisers bid for sponsor-link positions on a search engine. Distinct from other papers on position auctions, they have a formal search model in the consumer side. In equilibrium, consumers search through the sponsor links in the order presented since they anticipate that high-quality links will be placed higher up the listing, and given such consumer search order higher-quality …rms do have a greater incentive to buy top positions. But there is no e¤ective price competition in both papers, and so no role for non-random consumer search to a¤ect market prices.20 Finally, it would also be interesting to consider a monopoly version of the ordered search model where a …rm sells several di¤erentiated products and can in‡uence the order in which consumers consider them (for instance, by recommending or displaying 20



Chen and He (2006) do have prices charged by advertisers, but the structure of consumer demand in their model means that the Diamond Paradox is present, and all …rms set monopoly prices.
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products in a certain way). The impacts of ordered search in that setting may be di¤erent. This remains a future research topic.
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Appendix



A.1



Proof of Proposition 1



We will …rst show that, in the uniform setting, under the condition a 2 (1=2; 1) our ordered search model has an equilibrium with 1 a p1 pn 1=2. We will then exclude the equality possibility. pe1 ; pen ) with 1 a Suppose consumers hold an expectation of pe = (pe1 ; pen 1=2. Given other …rms’prices p k , the demand function of …rm k is qk (pk ) = hk (1 where hk =
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(zk



1



zk



+ pj ); rk =



j k 1



p k ) + rk ;



1



n Z X i=k



zi



zi



1



Q



(u + pj )du:



j i;6=k



More precisely, since we are using uniform distribution on [0; 1], every term (x + pj ) in hk and rk should be replaced by minf1; x + pj g. Notice that both hk and rk are independent of …rm k’s actual price pk , and so we can write the …rst-order condition as21 rk 2pk = 1 zk 1 + : (9) hk Step 1: Given pe , the system of (9) for k = 1; pk =



k



(pe ) 2 [1



; n has a solution with



a; 1=2] , k = 1;



; n:



Equation (9) de…nes the best response of pk to other prices p k , which we denote pk = bk (p k ; pe ). First, from 2pk 1 zk 1 = 1 a + pek 2 (1 a), we have pk 1 a. Second, since zi decreases and zn = 0, we have rk



hk



n X



(zi



1



zi ) = hk zk 1 ;



i=k



and so (9) implies pk



1=2. Hence, given pe we have a continuous mapping b (p; pe ) = [b1 (p 1 ; pe ) ;
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; bn (p



n; p



e



)]



Some readers may wonder why we do not directly deal with the …rst-order conditions in (7) (which have used the belief consistency condition). It turns out to be technically less tractable.
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from [1 a; 1=2]n to itself. The Brouwer …xed-point theorem yields our result. The implicit function theorem also implies that k (pe ) are continuous functions. e Step 2: Given pe , we have k+1 (pe ) k (p ). From (9), we have 2 (pk+1



pk ) = zk



1



rk hk



rk+1 hk+1



zk +



zk



zk +



1



1 (rk+1 hk



rk ) ;



where the inequality is because hk hk+1 . (The equality holds if both of them equal to one.) On the other hand, if we let n Z X
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Q



zk ) hk :



1



The inequality is from the de…nition of hk . Therefore, 2 (pk+1



pk )



A (pk hk



pk+1 ) ;



which implies pk+1 pk 0. Step 3: The above analysis implies that, for any consumer expectation pe in the domain of = fp 2 [1 a; 1=2]n : p1 pn g (which is compact and convex), e the price competition has an equilibrium (p ) = [ 1 (pe ); ; n (pe )] which also lies in . Moreover, (pe ) in continuous in . Thus, the Brouwer …xed-point theorem implies that our ordered search model has an equilibrium in . Step 4: We now exclude the equality possibility. First, given pk 1=2, in equilibrium zk 1 = a pk > 0 under the condition a 2 (1=2; 1). Also recall that we use zn = 0. Thus, rk > 0 and so equation (7) in the main text implies pk > 1 a. Second, notice that in equilibrium Z a pn Q rn = (u + pj ) du < hn (a pn ) : 0



j n 1



So equation (7) for k = n implies pn < 1=2. Finally, given the equilibrium price p 2 and the condition a 2 (1=2; 1), hk is strictly greater than hk+1 . Then, a similar argument as in Step 2 implies pk+1 > pk .
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A.2



Proof of Proposition 2



Notice that k > pk+1 qk (pk+1 ) since …rm k can at least charge the same price as …rm k + 1. Thus, a su¢ cient condition for k > k+1 is qk (pk+1 ) > qk+1 (pk+1 ), or hk (1



a + pk



pk+1 ) + rk > hk+1 (1



(10)



a) + rk+1 :



(Since pk < pk+1 ; …rm k may now have less fresh demand than …rm k + 1.) Decompose rk into two parts: rk = Ak + Bk , where Z a pk Q (u + pj )du Ak = a pk+1 j k 1



is the …rst term in rk and Bk includes all other terms. It is ready to see Bk > rk+1 as pk < pk+1 . For k = 1, we further have Ak = hk (pk+1 pk ), and so (10) holds since hk > hk+1 . That is, …rm 1 must earn more than …rm 2. For k 2, we have Ak > (pk+1
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pk )
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pk+1 + pj ) > (pk+1



pk )hk+1 ;



j k 1



and so (10) holds if (hk hk+1 ) [1 a (pk+1 pk )] > 0, or equivalently pk+1 pk < 1 a. A looser su¢ cient condition is rk+1 =hk+1 < 1 a by using (7). Moreover, we know that rk =hk increases with k, and so it su¢ ces to show rn =hn < 1 a. From Z a rn u n 1 an pnn a < du = < ; (11) n 1 hn a na n pn we obtain the su¢ cient condition a < n= (n + 1).
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Proof of Lemma 2



Let = 21 + ". We have known that, if " = 0, then pk = 1=2 for all k. Hence, for a small " > 0 the …rst-order approximation of pk is 21 k ", where k is to be determined. Recall that …rm k’s …rst-order condition (7) can be written as hk [pk Since zk
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The last step is from ignoring all higher order terms. (Note h1 = 1.) We also have pk
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Substituting them into the left-hand side of (12) and discarding terms in "2 yields hk [pk
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Now let us deal with rk . We have Z zi 1 Q (u + pj )du gi (") zi
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1. It is ready to see that gi (0) = 0 and gi0 (0) = ( i 1 . On the other hand, i i+1 )=2 Z (1+ n )" Z zn 1 Q Q 1 (u + pj )du (u + gn (") = 2 j n;6=k j n;6=k 0 0



Using gn (0) = 0 and gn0 (0) = (1 + …rst-order approximation of rk is rk
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Hence, the
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Substituting (14) and (15) into the …rst-order condition (12) and multiplying each side by 2k 1 yields nP1 1+ n i i+1 + n k : (16) 1 k = i k 2 2 i=k



For k = n, (16) becomes 1 n = 1 + n , and so n = 0. Subtracting condition (16) 1 for k by 2 times (16) for k + 1 leads to 4 k 3 k+1 = 1. The solution to this di¤erence equation with the boundary condition n = 0 is k
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Proof of Proposition 3



We continue our argument in Section 3.3. Given the demand functions derived under consumers’expectation of a declining price sequence, pro…t maximization yields the …rst-order conditions: hk (1 zk 2pk ) + rk = 0 for all k. In particular, for …rm n we have hn (1



a



p n ) + rn = 0 22
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by using zn = a pn , and so 1 a pn < 0. If p1 condition for any …rm k n 1 implies 0 = hk (1



zk



2pk ) + rk



hk (1
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pn , then the …rst-order



pk ) + rk < hn (1



a



p n ) + rn ;



where the …rst inequality is because zk a pk+1 a pk , and the second one is because pk pn , hk > hn and rk rn . This, however, contradicts to (17).
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Proof of Proposition 4



(i) In ordered search, the …rst-order condition (6) implies that …rm k’s equilibrium P demand is hk (1 zk 1 pk ) + rk = hk pk . So total demand in equilibrium is nk=1 hk pk . Qn Qn On the other hand, total demand must also be equal to 1 k=1 pk , since k=1 pk is the fraction of consumers who …nd each product’s utility is lower than its price and so eventually leave the market without buying anything. Hence, we have n P
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Comparing this with (8) implies p0 < pn . (ii-a) For n = 2, using (18) and ap1 < (a p1
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Q where hk = j k 1 (a pk + pj ). Since pk increases with k, (18) implies pn
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Comparing this with (8) at n = 2 implies p1 < p0 . (Unfortunately, this method does not apply to the case with n = 3.) (ii-b) For a = 12 + " with a small " > 0, from (8) we can show that the …rst-order approximation of p0 is 1 2n n 1 " with = : (19) 0 0 2 2n + n 1 Then according to Lemma 2 we only need to show 1 = 1 ( 43 )n 1 < 0 for n 4. 2n 3 n 1 This is equivalent to 2n +n 1 < ( 4 ) . (It does not hold for n = 2; 3.) For n = 4, it is easy to verify this inequality. For n 5, a su¢ cient condition n < ( 23 )n 1 holds. This completes the proof.
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A.6



Proof of Proposition 5



In ordered search, the probability that a consumer searches exactly k n 1 times is hk hk+1 . That is because a consumer samples k …rms if she visits …rm k but does not continue to visit …rm k + 1. (Recall that hk is just the probability that a consumer comes to visit …rm k.) The probability that a consumer samples all …rms is hn . Thus, a consumer’s expected number of searches is T =



nP1



k(hk



hk+1 ) + nhn =



n P



hk :



k=1



k=1



Q P n Since hk = j k 1 (a pk + pj ) < ak 1 , we have T < nk=1 ak 1 = 11 aa . The latter is just a consumer’s expected number of searches in the random search case as we have pointed out in the main text.



A.7



The formulas for consumer surplus and total welfare



In order to implement numerical calculation in section 4, we need the formulas for consumer surplus and total welfare. However, in our ordered search model it is complicated to calculate them directly. Here I develop an indirect method. I only derive the formula for consumer surplus. Total welfare is just the sum of consumer surplus and industry pro…t. Let us …rst consider a general search problem where a consumer sequentially searches through n options. The utility of option i is randomly drawn from the distribution Fi ( ). Suppose the unit search cost is s and the consumer has an outside option with utility zero. She maximizes her expected surplus by …nding an optimal stopping rule. Let be the set of all possible stopping rules. If the consumer uses a stopping rule 2 , her expected surplus is U ( ) sT ( ), where U ( ) is the expected match utility and T ( ) is the expected number of searches. Note that neither U nor T involves the search cost s directly. Let V (s) max 2 U ( ) sT ( ), and T (s) T ( (s)) where (s) arg max 2 U ( ) sT ( ) is the optimal stopping rule given s. Then V (s) is convex in s since the objective function in the maximization problem is linear in s. So V 0 (s) = T (s) almost everywhere, and Z s V (s) = V (0) T (x)dx: 0



Here V (0) is the consumer’s expected surplus when the search cost is zero (i.e., when information is complete given free recall), and the integral term re‡ects the loss caused by costly information gathering.
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In our ordered search model, given equilibrium prices fpk gnk=1 , option i’s net utility is ui pi , and so22 Z 1 p1 n Q minf1; pk + xgdx: (20) V (0) = E[maxf0; u1 p1 ; ; un pn g] = 1 p1 0



k=1



From the proof of Proposition 5, we already knew T (x) =
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pk + pj ) ;



where a(x) is the cut-o¤ utility de…ned in (2) when the search cost is x. Then Z s n Z 1 X kQ1 T (x)dx = (1 y) (y pk + pj )dy: 0



k=1



(21)



j=1



a



The equality is from changing the integral variable and using a0 (x) = 1=[1 a(x)]. Therefore, consumer surplus in our ordered search model is equal to (20) minus (21). In random search, all prices are equal to p0 , and then consumer surplus reduces to Ra (1 un )du. p0



References Anderson, S., and R. Renault (1999): “Pricing, Product Diversity, and Search Costs: A Bertrand-Chamberlin-Diamond Model,” RAND Journal of Economics, 30(4), 719–735. Arbatskaya, M. (2007): “Ordered Search,” RAND Journal of Economics, 38(1), 119–126. Armstrong, M., J. Vickers, and J. Zhou (2009): “Prominence and Consumer Search,”Rand Journal of Economics, 40(2), 209–233. Athey, S., and G. Ellison (2008): “Position Auctions with Consumer Search,” mimeo. Chen, Y., and C. He (2006): “Paid Placement: Advertising and Search on the Internet,”mimeo. Hann, M., and J. Moraga-Gonzalez (2009): “Advertising for Attention in a Consumer Search Model,”mimeo. 22



De…ne v maxfu1 p1 ; ; un pn g. Then in the uniform distribution case Gv (x) = R1 p p1 ]. So V (0) = 0 1 xdGv (x). It equals (20) by integrak=1 minf1; pk + xg for x 2 [ pn ; 1 tion by parts. Qn



25



Hortaçsu, A., and C. Syverson (2004): “Product Di¤erentiation, Search Costs, and Competition in the Mutual Fund Industry: A Case Study of S&P 500 Index Funds,”Quarterly Journal of Economics, 119(2), 403–456. Kohn, M., and S. Shavell (1974): “The Theory of Search,” Journal of Economic Theory, 9(2), 93–123. Perry, M., and A. Wigderson (1986): “Search in a Known Pattern,” Journal of Political Economy, 94(1), 225–230. Weitzman, M. L. (1979): “Optimal Search for the Best Alternative,”Econometrica, 47(3), 641–654. Wolinsky, A. (1986): “True Monopolistic Competition as a Result of Imperfect Information,”Quarterly Journal of Economics, 101(3), 493–511. Zhou, J. (2009): “Prominence and Consumer Search: The Case with Multiple Prominent Firms,”mimeo.



26



























[image: Steganographic Communication in Ordered Channels]
Steganographic Communication in Ordered Channels












[image: Prominence in Search Markets: Competitive Pricing ...]
Prominence in Search Markets: Competitive Pricing ...












[image: Intermediation and Competition in Search Markets: An ...]
Intermediation and Competition in Search Markets: An ...












[image: Two-Sided Platforms in Search Markets]
Two-Sided Platforms in Search Markets












[image: Two-sided Search in International Markets]
Two-sided Search in International Markets












[image: Estimating demand in online search markets, with ...]
Estimating demand in online search markets, with ...












[image: Search Frictions in Physical Capital Markets as a ...]
Search Frictions in Physical Capital Markets as a ...












[image: Empower3000: The Leader in Differentiated Instruction.pdf  ...]
Empower3000: The Leader in Differentiated Instruction.pdf ...












[image: / ordered set/present]
/ ordered set/present












[image: Lattice effects and phase competition in charge ordered ...]
Lattice effects and phase competition in charge ordered ...












[image: Tying and entry deterrence in vertically differentiated ...]
Tying and entry deterrence in vertically differentiated ...












[image: Efficiency Gains in Rank-ordered Multinomial Logit ...]
Efficiency Gains in Rank-ordered Multinomial Logit ...












[image: Epub Successful Teaching in the Differentiated ...]
Epub Successful Teaching in the Differentiated ...












[image: Differentiated Teaching and Learning - UKM]
Differentiated Teaching and Learning - UKM












[image: Differentiated Teaching and Learning - UKM]
Differentiated Teaching and Learning - UKM












[image: Markets with Search Friction and the DMP Model]
Markets with Search Friction and the DMP Model












[image: Nucleation geometry governs ordered actin networks ... - Cytomorpholab]
Nucleation geometry governs ordered actin networks ... - Cytomorpholab












[image: Inference for ordered parameters in multinomial ...]
Inference for ordered parameters in multinomial ...












[image: Performance Enhancement of the Temporally-Ordered Routing ...]
Performance Enhancement of the Temporally-Ordered Routing ...















Ordered Search in Differentiated Markets






co%editor, Yossi Spiegel, and two anonymous referees for valuable comments, which have .... s > 0, a consumer can find out a producths price and match utility. 






 Download PDF 



















 258KB Sizes
 1 Downloads
 255 Views








 Report























Recommend Documents







[image: alt]





Steganographic Communication in Ordered Channels 

maximum latency in receiving a packet at the actual receiver we define the following permuter. Definition 1. A k-distance permuter is one in which the ...














[image: alt]





Prominence in Search Markets: Competitive Pricing ... 

For example, search engines make money through selling sponsor links, the ...... prominent firm's returning demand decreases less fast with m than its fresh ...














[image: alt]





Intermediation and Competition in Search Markets: An ... 

Dec 14, 2015 - specific.1 This is especially true for retail service markets and those for investment goods. One common ..... of the waste was going to the Fresh Kills landfill, one of the largest on earth in that time frame (Royte (2007)). 9 ... fol














[image: alt]





Two-Sided Platforms in Search Markets 

France. Phone: +33(0)1.69.33.34.17. ...... See Appendix A.3. To grasp the intuition, consider the impact of a small increase in t on the total surplus and on agents' ...














[image: alt]





Two-sided Search in International Markets 

us to decompose trade and welfare changes into two basic driving forces: market entry by ...... Business and social networks in international trade. Journal of ...














[image: alt]





Estimating demand in online search markets, with ... 

Nov 6, 2012 - is engaged in "discovery", where she is learning about existing product varieties and their prices. ..... Second, the search horizon is finite.














[image: alt]





Search Frictions in Physical Capital Markets as a ... 

Apr 16, 2007 - congestion in physical capital markets, as in the data. ... As the quantitative analysis reveals, the extended model indeed generates ...... As in CF and BGG, we introduce credit frictions through a costly state verification (CSV).














[image: alt]





Empower3000: The Leader in Differentiated Instruction.pdf ... 

Empower3000: The Leader in Differentiated Instruction.pdf. Empower3000: The Leader in Differentiated Instruction.pdf. Open. Extract. Open with. Sign In.














[image: alt]





/ ordered set/present 

Feb 19, 2009 - US 2009/0048928 A1. FIG. 1. L32. D13. Tunin. Sorted/annotated setsg. Train Temporal Classifier ' reference. D23. @ document sets. C1 C2. Cn. D1 D2 D3. Dk. ( Dxx 7777777 '7. 121. Collect/index initial documents m. 151. 153. 2:13:32 â€œv














[image: alt]





Lattice effects and phase competition in charge ordered ... 

Here we propose a comparison between two well-known charge ordered CO ... of carrier localization takes place at this temperature. But when a magnetic field as ... T decreases towards T* indicates trapping out of mobile Ze- ner polarons ...














[image: alt]





Tying and entry deterrence in vertically differentiated ... 

is probably Microsoft's tying of Internet Explorer to the operating system Windows. ... and deterrence of Netscape's entry into the market for Internet browsers ..... in business-to-business transactions. ..... 18Recall that in most cases, except a s














[image: alt]





Efficiency Gains in Rank-ordered Multinomial Logit ... 

Jun 14, 2016 - systems where individuals are asked to report their top two or three choices ... The analytic results of this paper employs the Hessian-based ...














[image: alt]





Epub Successful Teaching in the Differentiated ... 

Coil for Ipad ... in the school and college classroom, with professional learning communities, as a study group resource, and in staff development workshops.














[image: alt]





Differentiated Teaching and Learning - UKM 

Apr 9, 2014 - The Teacher Tool Kit is a support guide to assist teachers to provide quality lessons ..... Students can take turns to be the runner/ writer until the answer ...... Every morning for the past week, a man in a military uniform has.














[image: alt]





Differentiated Teaching and Learning - UKM 

Apr 9, 2014 - working on synonym). Activity 3. Team Interview Build new groups where students share learning from previous activity using their products.














[image: alt]





Markets with Search Friction and the DMP Model 

MORTENsEN: MARkETs WITH sEARCH FRICTION AND THE DMP MODEL. VOL. 101 NO. 4 duration, it is the future streams of wages and profit associated with the employment opportunity that matter, not just their current values. III. The Phelps Volume. In the mid














[image: alt]





Nucleation geometry governs ordered actin networks ... - Cytomorpholab 

Sep 19, 2010 - in bulk solution or with biomimetic devices8â€“18. However, the question of ... *e-mail: [email protected]; [email protected]. networks are ...














[image: alt]





Inference for ordered parameters in multinomial ... 

always normal and the bootstrap distribution estimators of the MLEs can be ... bootstrap approaches for the interval estimation of p[1] (p[k]) is unstable (see ...














[image: alt]





Performance Enhancement of the Temporally-Ordered Routing ... 

dent on the services provided by the Internet MANET Encapsulation Protocol. (IMEP) to effectively carry out its three main ...... radio propagation properties of the mobile nodes are modelled after the Lucent. WaveLan direct sequence spread spectrum 


























×
Report Ordered Search in Differentiated Markets





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















