
Appendix to “Networks, Frictions, and

Price Dispersion”

(For Online Publication)

Javier Donna Pablo Schenone Gregory Veramendi
The Ohio State University Arizona State University Arizona State University

February 24, 2017

Javier Donna Pablo Schenone
Department of Economics Department of Economics
The Ohio State University W.P. Carey School of Business
1945 N High St Arizona State University
425 Arps Hall 501 E. Orange Street
Columbus, OH 43210 Tempe, AZ 85287
Phone: 614-688-0364 Phone: 480-965-5596
Email: donna.1@osu.edu Email: pablo.schenone@asu.edu

Gregory Veramendi
Department of Economics
W.P. Carey School of Business
Arizona State University
501 E. Orange Street
Tempe, AZ 85287
Phone: 480-965-0894
Email: gregory.veramendi@asu.edu

mailto:donna.1@osu.edu
mailto:pschenone@gmail.com
mailto:gregory.veramendi@asu.edu


Appendix
This is the online appendix for “Networks, Frictions, and Price Dispersion” by Javier Donna,
Pablo Schenone, and Gregory Veramendi.

A Other Related Literature

Since we model markets of buyers and sellers, our paper relates to other fields such as match-
ing, financial networks, and computer science. Here we briefly relate our paper to these other
fields.

Our paper is related to the literature on the matching role of markets (e.g. Gale and
Shapley 1962; Shapley and Shubik 1972; Shapley and Scarf 1974; Crawford and Knoer 1981;
Kelso and Crawford 1982; Ausubel and Milgrom 2002; Hatfield and Milgrom (2005); and
Hatfield and Kojima 2008, 2010).1 We follow the matching literature by developing a deferred-
acceptance algorithm that picks specific stable matchings. The algorithm has two stages. The
first stage outputs an allocation and is motivated by the wage adjusting process in Crawford
and Knoer (1981) and Kelso and Crawford (1982). This allocation has the property that there
exist prices for which it is pairwise stable. The second stage outputs two prices: the pointwise
minimum price at which the stage 1 allocation is stable, and the pointwise maximum price
at which the stage 1 allocation is stable.2

There is also a growing literature that uses networks to study trading in financial settings
such as over-the-counter (OTC) markets (e.g. Gofman 2011; Malamud and Rostek 2013;
Babus and Kondor 2013; and Alvarez and Barlevy 2014). They use concrete games to
investigate OTC markets where dealers trade with other dealers. In contrast, we study
markets where the set of sellers and buyers belong to two disjoint sets: sellers can only trade
with buyers while buyers can only trade with sellers (i.e. bipartite networks as defined in
Section 3 in the paper).

In the computer science literature, Kakade, Kearns, and Ortiz (2004) study trade using
an Arrow-Debreu economy (without firms) where consumers trade goods with other con-
sumers. Kakade, Kearns, Ortiz, Pemantle, and Suri (2004) use a concrete game to study
the interaction between the statistical structure of the underlying network and the variation
in prices at equilibrium.3 Our model also relates to the classical assignment problem. The

1Roth (2008) discusses recent progress in the study of deferred-acceptance algorithms. See Roth and
Sotomayor (1990) for a comprehensive survey of the two-sided matching literature.

2See Section 4.2 in the paper for details.
3Kakade, Kearns, Ortiz, Pemantle, and Suri (2004) analyze networked markets where the numbers of

buyers and sellers are equal. They show that, for their particular game, there is no equilibrium price dispersion
when the following conditions hold: (1) the number of buyers and sellers go to infinity, (2) the links are formed
uniformly at random, and (3) the probability of forming a link is high enough. In their model there is limiting
price dispersion (as the number of buyers and sellers go to infinity) when the network is formed via preferential
attachment. In contrast, the only constraint we impose on allocations is that they be pairwise stable. So our
results are game-free. In addition, in our simulations we study price dispersion in bipartite networks varying
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goal of this literature is to develop efficient algorithms (e.g. Hungarian algorithm, auction
algorithms, simplex algorithms, etc.) to maximize total output in a setup similar to ours
(i.e. obtain the Pareto efficient matching). The first stage of our algorithm is similar to the
auction algorithm which is known to perform well with sparse matrices (see Bertsekas 1992
for a survey). The goal of the algorithms literature is to find one allocation and possibly
one price per match that maximizes output. In contrast, the goal of our algorithm is to find
the set of prices that support pairwise stable allocations and study the relationship between
frictions and price dispersion.

B Additional Figures

B.1 Buyer-Seller Model

Price Distribution: Buyer- vs. Seller-Preferred Matches. Figure A1 shows that
similar results to the ones in Figure 1 in the paper are obtained using the seller-preferred
match. Figure A1 displays, for each market tightness, the distribution of prices using both
the seller- and the buyer-preferred match. (For the buyer-preferred match, each vertical box
in Figure A1 is identical to the corresponding vertical box in Figure 1 in the paper.) When
ELB equals 5, the 95th and 5th price percentiles coincide with the Walrasian outcome for
both the buyer- and the seller- preferred match. The prices in the buyer-preferred matching
represents the lower bound of the set of prices that support each match. Likewise, the prices
in the seller-preferred match represents the upper-bound of the set of prices that support
each match. Since both the seller-preferred and buyer-preferred price distributions mimic
the Walrasian outcome when ELB=5, it must be true that the price distribution in any
allocation that supports a pairwise stable match must also mimic the Walrasian outcome.

arbitrarily the number of buyers, the number of sellers, and the number of links per seller or buyer.
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Figure A1: Price Distribution: Buyer- vs. Seller-Preferred Matches.

Notes: At each market tightness, panels 1 to 4 display the distribution of prices in the model using the sellers
and the buyer-preferred match. For the seller-preferred match, each vertical box in this figure is identical
to the corresponding vertical box in Figure 1. In addition, each panel displays the Walrasian outcome,
pwalras. We describe how to calculate the Walrasian outcome in subsection 5. See the notes in Figure 1 for
a description of the vertical boxes.
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Finite-Sample Convergence Properties of Random Networked Markets.

Figure A2: Finite-Sample Convergence Properties of Random Networked Markets

Notes: The figure shows that convergence does not depend on the size of the market when ELB is fixed.

C Application to Labor Markets

In this section, we investigate an on-the-job search model where wages and matches are de-
termined using random networks. We have shown in the main paper how markets with few
links can have little or no price dispersion. This is a consequence of many links being redun-
dant in a network (i.e. indirect competition). Indirect competition may have consequences
beyond priced dispersion. Indeed, we find that once there are at least two links per worker,
adding more links to the network reduces both labor mobility (job-to-job movements) and
wage growth. This is consistent with convergence to the frictionless labor market where there
is no mobility or wage growth. This application is motivated by the stylized fact that labor
mobility (job-to-job movements) has been decreasing for the last thirty years in the US.4 Our
findings suggest that a decrease in frictions is one mechanism that can help us understand
this trend.

C.1 Labor Market Model with On-the-job Search

We adapt the buyer-seller model to the labor market, where workers are sellers and firms are
buyers. We assume workers do on-the-job search and that firms have single unit demand, so

4see e.g. Molloy, Smith, Trezzi, and Wozniak (2016)
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a firm is equivalent to a vacancy.
At the beginning of period 1, a finite bipartite graph is randomly drawn between workers

and firms. We use (I1,J1, E1) to denote the time 1 graph, where I1 is the set of period
1 workers, J1 is the set of period 1 firms, and E1 is the set of links between buyers and
sellers. Let I and J denote the respective number of workers and firms, and we define market
tightness as the ratio of J to unemployed workers, denoted as θ1. Conditional on the graph we
assign productivities to firms, denoted with µ(·), drawn i.i.d. from a continuous distribution
F with support in the interval [µ, µ]. To keep the model simple we assume that all workers
have the same reservation wage. Using the notation of the buyer-seller model, b(i) = b for
each i ∈ I1.

After the period 1 graph has been realized, we pick a specific pairwise stable matchingM0
1

at wages wM0
1
using the algorithm that we describe in Section 4.2. Matched firms receive a

period utility of µ(j)−wM0
1
(j, i∗(j)), matched workers receive a period utility of wM0

1
(j∗(i), i),

unmatched workers receive their reservation wage b, and unmatched firms receive utility 0

and leave. After these utilities are realized, there is an exogenous job destruction shock.
This means that each match m ∈M0

1 is dissolved with probability δ > 0. Firms whose links
are dissolved become unmatched and leave the market. We denote with M1 the period 1

matching after the exogenous job destruction.
Now consider the beginning of period t ≥ 2. Given the matching Mt−1 of period t − 1,

we add J new firms and no new workers (i.e. It = It−1). We draw the productivities for
these new firms from the same distribution F . We randomly draw links between workers
and firms that satisfy the following three conditions. First, positive probability is assigned
only to graphs with vertices in It ∪ Jt, where these denote the set of period t workers and
firms, respectively. Second, matches from period t−1 are not dissolved (formally,Mt−1 ⊂ Et,
where Et is the set of period t edges). Finally, matched firms receive no new applications, but
matched workers may apply to new firms because they can do on-the-job search (that is, if
(j, i) ∈Mt−1 then {i′ : (j, i′) ∈ Et} = {i}, but no constraints are placed on {j′ : (j′, i) ∈ Et}).
We denote the corresponding graph with (It,Jt, Et). The reservation wage of workers who
were not matched in t− 1 is b; the reservation wage for workers who were matched in t− 1 is
the worker’s wage, wMt−1 . As before, the period utility for matched firms are their profits, the
period utility for matched workers are their wages, the period utility of unmatched workers
are their reservation wages, and the period utility of unmatched firms are 0 and these leave.
Finally, period t utilities are discounted at a rate βt, with β ∈ (0, 1).

We are applying the buyer-seller model within each period, so pairwise stable matchings
are independently formed period by period. Determining the matches in this way implies
that workers accept the vacancy that pays the highest wage and hence, do not consider other
aspects of the match, such as future wage growth. From the firm’s perspective this is without
loss of generality: if they are unmatched at the end of a period they leave, so their static
and dynamic problems coincide. From the workers perspective, however, there is a loss of
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generality. To see this consider worker i that is matched to firm j at wage w at the end of
period t, and assume that in period t + 1 firm j′ will only be linked with i. To rule out the
trivial case, assume that µ(j′) > w. Then worker i will expect a wage in period t + 1 that
belongs to [min{µ(j), µ(j′)},max{µ(j), µ(j′)}]. Hence, worker i is willing to work for a more
productive firm in period t even if that firm offers slightly lower salaries than the competitors.
To the best of our knowledge, there is no standard solution concept for dynamic matching
markets when matching opportunities arrive over time. For a more thorough discussion of
the complications that arise in dynamic matching models see, for example, Doval (2014). For
this reason, relaxing this assumption is left for future work.

C.2 Simulation

We compare markets that are in steady state. The market is in steady state when the
flows into unemployment equal the flows out of unemployment. We find the steady state by
simulating the economy for enough periods until the average unemployment remains stable.5

Then we record 400 periods.
The labor-market model has five parameters: the number of workers (I), which is constant

for all periods, the number of firms (J) that enter in each period, the expected number of
links per firm (ELF), the job destruction rate (δ), and the relative probability of receiving a
link between employed and unemployed workers (κ). The market tightness, θ, is defined as
the ratio of firms to unemployed workers, J

U
. In contrast to the basic buyer-seller model, θ is

now endogenous as it depends on the number of unemployed workers (U).
Both the number of workers and the job destruction rate are fixed for all simulations.

Following Shimer (2012), the monthly employment to unemployment rate is set at 2% (prime
age men, Figure 3), which translates to a quarterly δ = 0.06. We use 5,000 workers for
the simulation of the dynamic labor market model.6 Wages and firm productivities are
normalized to range between 0 and 100 as in the buyer-seller model. We normalize the
reservation wage of the worker to zero (b = 0). A market is a combination of J and ELF.

The relative probability of receiving a link between employed and unemployed workers
(κ) is an important determinant of the structure of the network. Most empirical studies
find different job offer rates between employed and unemployed workers.7 This is important
for understanding allocations and wage growth, since indirect competition depends on the
structure of the network. We follow the empirical literature and set κ = 0.2 based on micro

5We compute the average unemployment over 10 consecutive periods and compare it to the average
unemployment 10 periods before. We find the steady state when this difference is less than the tolerance
level. The convergence is relatively fast. It takes between 30 to 100 periods (depending on the values of the
parameters) to find the steady state. Let Ut be the unemployment in period t in a specific market and let
Ūt = 1

10

∑t
j=t−9 Uj be the average unemployment of the 10 periods ending in t. We find the steady state,

tSS , as follows: | ŪtSS−10 − ŪtSS
|< ε, where ε is a tolerance level.

6The results do not change much when using 1,000 or 10,000 workers. Results are available upon request.
7See Holzer (1987) and Blau and Robins (1990) for an investigation on different search intensities and

offer rates for employed and unemployed workers.
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data from the Contingent Worker Supplement to the Current Population Survey.8

To make the comparison to labor-search models, we use a model of Bertrand compe-
tition between two firms as our benchmark. For example, Postel-Vinay and Robin (2002)
(henceforth, PVR) allows two firms to ex post compete over the wages (à la Bertrand) of an
employed worker and is closest to our model. The Bertrand framework in terms of networks is
as follows. Given a set of firms, workers, and a matching technology à la Bertrand, construct
the corresponding network with the same set of firms and workers, where a worker is linked
to a firm if, and only if, the worker and the firm are matched by the matching technology.
An important assumption in most search models, including PVR, is that a firm can negotiate
with at most one worker and, in PVR, a worker can negotiate with at most two firms. This
limits the type of networks that are realized and drives most of the differences between search
models and our model.

C.3 Results on Worker Mobility and Wage Growth

Consider the wage profile of workers exiting an unemployment spell. In loose markets, workers
start out with low wages and wages grow very slowly. In tight markets with low frictions,
workers attain a high wage immediately out of unemployment and then their wages grow
very little over their career. This leads to the result that as you reduce frictions, workers
have lower median wage growth. Figure A3 (top panel) shows the median wage growth after
twenty periods of employment. As a benchmark, we also display the wage growth for the
Bertrand competition benchmark (see subsubsection C.2). When θ < 1, wage growth is
reduced because firms have better outside options. When θ > 1, reducing frictions causes
firms to compete strongly for workers. This drives initial wages up leaving less room for wage
growth. Note that the Bertrand competition benchmark has the same number of links as
ELF=1. The only difference between the two models is that every firm is given exactly one
link and each worker can only receive one new link in a period.

The lower panel of Figure A3 displays the worker mobility, which is defined as the fraction
of employed workers that make a job-to-job transition in a period. The intuition for why
worker mobility decreases as frictions are lowered is similar to wage growth. When θ < 1,
firms are less likely to poach workers from another firm because they have better outside
options that likely include an unemployed worker. When θ > 1, workers are less likely to
move from one firm to another because when they enter the labor market they immediately
find a job that pays a high wage.

Our results indicate that decreasing mobility and wage growth is consistent with decreas-
8We draw from Carrillo-Tudela, Hobijn, Perkowski, Visschers, et al. (2015) to calculate κ. They find

that only 4.3% of employed workers actively search for a job. They also find that workers that are actively
searching are 6.3 times as likely to transition into a new job. This ratio of job-finding for active vs. non-
active searchers is similar for employed and unemployed workers. If we assume that the ratio of job offer
rates between employed and unemployed workers (λ1/λ0) is due to the roughly 96% of employed workers
that are not actively searching, we can calculate κ from these two results: κ = λ1

λ0
=

(0.043+ 1
6.3 0.957)λ0

λ0
≈ 0.2
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ing frictions in the marketplace. Indeed, a frictionless market has no wage growth or mobility.
Our results also indicate that empirical researchers should be cautious when using worker
mobility to make inference about the level of frictions or market tightness. We find that
the mobility in the labor market is not a monotone function of the market tightness in the
presence of ex post indirect competition.
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Figure A3: Mean Wage Growth and Worker Mobility in the Labor Market Model.

Notes: The top figure displays wage growth by market tightness and expected number of links per firm. The
wage growth is defined as the wage of the worker in period 20 minus the wage of the same worker in period
1. We use the sample of workers who have been employed for at least 20 periods. The bottom figure displays
the worker mobility by market tightness and expected number of links per firm. Worker mobility is defined
as the probability that an employed worker makes a job-to-job transition in a period. For both figures, we
set κ = 0.20 and use the firm-preferred match (see subsection C.2). As a benchmark, we also display the
results for a model restricted to have Bertrand competition between at most two firms (see subsection C.2).
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D Example of unstable matching

In a continuous core, it is not true that the matching generated by Crawford and Knoer (1981)
and Kelso and Crawford (1982) algorithm is stable. The following is one such example where
the matching generated by the algorithms in Crawford and Knower, and Kelso and Crawford
(say, M) satisfies that there is no price function pM such that M is stable with respect to
pM .

i

i′

j

j′

j′′

Buyers

Sellers

Figure A4: A matching produced by the algorithm in Crawford and Knoer (1981) and Kelso
and Crawford (1982) that is unstable in a continuous core in a market with frictions.

Let ν(j) = ν(j′) = 2∆ and ν(j′′) = ∆. With positive probability the algorithms in
Crawford and Knower, and Kelso and Crawford generate matching M = {(j, i), (j′′, i′′)}
(marked in red) with prices p(i, j) = 2 and p(i′, j′′) = 1. In the continuum this is not stable.
Furthermore, in the continuum there is no price function p̂M that makes this matching stable.
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E Comparison of Abstractions with the Decomposition

in Corominas-Bosch (2004)

We occasionally get asked about the difference between our abstractions and the decompo-
sition in Corominas-Bosch (2004) (henceforth CB). While her decomposition construction
appears similar to ours, there are at least four important differences:

(a) Corominas-Bosch decomposition does not identify redundant links. CB de-
compose a network into a union of subnetworks, whereas we consider a completely
different network, whose nodes are associated with subnetworks of the original graph.
While this does not seem like a great difference, it hides a crucial difference in our
decompositions: in the CB decomposition, when a node in a subgraph is connected to
another node in another subgraph, CB keep this information encoded in their construc-
tion; in our construction, the central message is that the identity of these two nodes is
completely irrelevant, only their existence is relevant. For more details on this, see the
discussion in section 3.3 in the paper on how we apply our proposition.

(b) The purpose of their construction is different. CB use their decomposition
to calculate the Perfect Equilibrium Payoffs (PEP) of their bargaining game and to
characterize the graphs that sustain those PEP; in our paper, we use our decomposition
result to characterize the prices that sustain any given pairwise stable allocation.

(c) Corominas-Bosch does not require their subnetworks to be fully connected.
If CB required fully connected subnetworks their theorem would be false.

(d) The CB decomposition imposes constraints that are irrelevant for our pur-
poses. Corominas-Bosch proceed in the following way: first, they define a construction
similar to our abstractions; second, if a subnetwork in the construction has more sellers
(resp. buyers) than buyers (resp. sellers), they call that subnetwork a “seller (resp.
buyer) subnetwork", and otherwise they call it an “even subnetwork"; finally, they fo-
cus only on decompositions where the links across nodes of the different subnetworks
join sellers (buyers) in a “seller (seller) subnetwork" to buyers (sellers) in another “seller
(buyer) subnetwork" (see p.50 of Corominas-Bosch (2004)). While an abstraction my
coincide with a CB decomposition, this is not always the case (see figure A5 for an
example of an abstraction that does not satisfy the CB construction). Since, for the
purposes of her paper, it is useful to focus on this special case, proving existence is
non-trival and this is what their decomposition theorem does. However, for our pur-
poses, these special cases are not particularly useful. Figure A5 shows an example of
a network such that there exists no CB decomposition where each subnetwork is fully
connected. Furthermore, the abstraction that is useful for characterizing the prices that
sustain the proposed stable match does not satisfy the CB constraints. Since we do
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not restrict what abstractions we focus on, existence is trivially guaranteed. However,
what is non-trivial is to understand how to associate pairwise stability in the original
network with pairwise stability in an abstraction, nor how this relationship allows us
to construct the algorithm we use for our simulations.

Figure A5: An abstraction that does not satisfy the conditions in CB

An Abstraction in
Network Fully Connected Subnetworks

1

2

3

4

A

B

C

Buyers

Sellers 1

2

3

4

A

B

C

G

G′

G′′

Figure A6: The above network summarizes the differences between our abstractions and the
CB construction: (1) the CB construction keeps the information that seller 2 is linked to
buyer B, the purpose of our construction is to highlight that such information is irrelevant; If
seller 2 were linked to buyer C instead, nothing would change in our analysis. (2) this network
can be decomposed as stated in the CB theorem, but no decomposition involving only fully
connected subnetworks exists (3) let µ(A) > µ(B) > µ(C) so the match in bold is pairwise
stable. The abstraction we propose allow us to completely characterize the prices that sustain
such a match, but this crucial abstraction does not satisfy the CB constraints. Indeed, seller
2 belongs to a seller subnetwork (G′) but is linked to a buyer in an even subnetwork (buyer
B in subnetwork G′′ and buyer A in subnetwork G).
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