
Bargaining and Welfare : A Dynamic Structural Analysis∗

Daniel E. Keniston†

Massachusetts Institute of Technology
January 20, 2011

Abstract

Bargaining for retail goods is common in developing countries, but rare in the developed

world. The welfare implications of this di�erence are theoretically ambiguous�if bargaining

is a low cost form of price discrimination, it may lead to greater trade and welfare and even

approximate the optimal incentive compatible outcome. However, if bargaining imposes large

utility costs on the participants, then a �xed price may be preferable. I develop the tools

to resolve this question, specifying a mechanism design problem adapted to the context of

bargaining, and developing a dynamic structural estimation technique to infer the structural

parameters of the market. I then apply these techniques to the market for local autorickshaw

transportation in Jaipur, India, using data I collected over 2008-2009.
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1 Introduction

A de�ning feature of developing societies is the informality of their markets. Individuals, �rms, and
governments frequently lack the ability or the incentives to enforce contracts and commit to �xed
trading rules. In the name of development, governments and aid agencies have often pushed to
formalize these markets, bringing them closer to those in the developed world. Yet little is known
of the actual costs or bene�ts of informal market institutions. This paper examines a particularly
widespread case: bargaining for retail goods. It develops the theoretical and empirical tools to
compare bargaining to a counterfactual formal market mechanism��xed prices�and applies these
techniques to the speci�c case of the market for autorickshaws in Jaipur. More broadly, the choice
to promote �xed prices versus bargaining is one that is faced by governments and �rms in many
contexts both in and out of emerging markets. The techniques developed in this paper allow us to
analyze and inform this decision, and open the path to a broader study of the shift to more formal
market structures in the process of development.

Bargaining is a ubiquitous feature of markets in the developing world, yet little is known about
its implications for the e�cient functioning of markets and social welfare. Is bargaining a drag on
the economies of developing countries, imposing high transactions costs and reducing trade? Or is
it an e�cient means of bilateral price discrimination, allowing gains from trade to occur between
buyers and sellers who would never have participated in a �xed-cost market? Economic theory
suggests that the welfare e�ects are a priori ambiguous: If the right equilibrium is played, bargaining
has the potential to yield as much surplus as the best incentive compatible mechanism. Ausubel,
Cramton, and Deneckere (2002) show that, for buyer and seller distributions with monotone hazard
rates, any ex-ante e�cient division of the gains from trade is implementable in an alternating o�er
bargaining game. However, there is no guarantee that the equilibrium actually being played will
yield an e�cient outcome. If bargaining imposes high costs and traders are homogeneous, then
a �xed price may generate greater overall surplus. Furthermore, the selection of the equilibrium
mechanism may be in�uenced by factors not determined by the market such as the penalties to
deviation. For instance, taxis use �xed meter rates in American cities partly because policy makers
have chosen and enforced a �xed price, thus making any attempt to deviate by either passengers
or drivers costly in terms of transactions costs and possible �nes. In order to evaluate the costs
and bene�ts of mandating a �xed price (or any other mechanism), the policy maker must know the
structural parameters of the market: the costs of bargaining, and the distribution of valuations of
the players.

This paper carries out the estimation of these parameters and subsequent policy evaluation,
including the �rst structural analysis of a two-sided incomplete information bargaining model in
the literature. I use data collected on series of individual bargaining o�ers and bargainers' decisions
to purchase a ride or walk away from the autorickshaw (local transportation) market in Jaipur,
India. The data combines an audit survey with an experimental approach. Some observations
were collected from bargaining sessions using surveyors who were the full residual claimants of
any �nancial gains from bargaining and could spend as much time as they wanted searching for
a good price. These observations serve to identify the range and probability of the counter-
o�ers that bargainers anticipate after each o�er. Another set of observations were collected in
which surveyors posing as potential passengers gave randomized counter-o�ers to the drivers' o�ers.
These observations expand the range of the observed data, and provide a useful test that drivers'
counter-o�ers are not in�uenced by unobserved signals. This data collection strategy allowed for
a much greater degree of control and homogeneity on unobservables than would have been possible
using purely observational data.

Using the set of bargaining sequences collected in these data, I back out the player's valuations
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and bargaining disutility, and consider the counterfactual policy of giving drivers and passengers the
option to pay a �xed price for an autorickshaw ride instead of entering the bargaining market. This
models the creation of a pre-paid taxi stand- an institution that already exists at certain airports or
taxi stands in India. Choosing a per-kilometer meter rate that would set drivers ex-ante indi�erent
between taking passengers by bargaining or �xed rates, I �nd that introducing the option of the
�xed price raises welfare by 28% due to high value, high bargaining disutility passengers switching
to the �xed price mechanism. However, even at the optimal price for passengers (holding drivers
indi�erent) 63% of the buyers in my sample would remain in the bargaining market, suggesting that
bargaining may still hold substantial bene�ts for large segments of the population.

In contrast to the auctions literature, where structural estimation of valuations is common,
structural models of bargaining are rarely speci�ed for two major reasons: First, the data required on
individual bargaining o�ers are not frequently collected. Second, even if the data were available, the
recovery of structural parameters from bargaining o�ers poses several challenges: Bargaining is an
inherently dynamic process�for instance a low-ball early o�er by the buyer will a�ect the course of the
whole bargaining interaction. Any estimation must incorporate these dynamic considerations, and
techniques for the analysis of dynamic games have become available only recently (Aguirregabiria
and Mira 2010). Furthermore, the players' valuations of the good, and their expectations of
their opponent's valuations, are crucial to the outcome of the bargaining but unobserved to the
econometrician. The presence of these unobserved state variables makes many of the standard
methods of estimating dynamic games inapplicable. Finally, unlike similar auctions problems,
there exists no canonical closed form bargaining model that incorporates a realistic set of market
features, and those that do exist and contain su�cient richness to approximate real-world bargaining
often feature multiple equilibria.

To address these challenges I employ an estimation strategy motivated by Bajari, Benkard, and
Levin (2007) and Pakes, Ostrovsky, and Berry (2007)'s approaches to dynamic games. Without
solving for a game theoretical equilibrium of the bargaining game, I use the data on bargaining se-
quences to estimate players' beliefs on their opponents' strategies (e.g. the probability of accepting
an o�er, or making any of a discrete set of counter-o�ers, or exiting) at every bargaining round. Us-
ing these action probabilities, I can, through backwards induction, calculate a bargainer's expected
payo�s for any action conditional on the agent's true cost or value of the good, and his or her
costs of bargaining. These payo�s in turn imply the player's best responses, and yield predictions
for the actions taken at each state of the game. Finally, for each buyer (seller) observed in the
data, I estimate the set of valuations (costs) and bargaining disutility that rationalize the observed
series of o�ers or exit/accept decisions actually taken by that individual. The outcome is a fully
non-parametric estimate of the players' distributions of values (costs) and bargaining disutility.

The source of the data, and the context of the models presented in this paper is the market
for intracity transportation by autorickshaw (a type of mini-taxi) in India. While the market and
bargaining game are discussed in further detail in section 5, it may be useful to summarize the
procedure of bargaining for an autorickshaw ride in order to provide a motivating example for the
theory and empirics to follow. Potential passengers make an initial decision of whether to take an
autorickshaw ride or not. If they elect to participate in the market, they stand by the side of the
road and hail passing autorickshaws. The driver stops and demands where the passenger would
like to go. Upon learning the destination, the driver makes an initial o�er, and buyer and seller
exchange o�ers at approximately 20 second intervals. The bargaining terminates when one party
accepts the other's last o�er, or exits the bargaining1. If either party exits from the negotiations,

1In the data, passengers who are residual claimants unilaterally exit the bargaining only 11% of the time, perhaps
because the driver can usually catch up to a passenger in order to make a �nal o�er while the passenger is walking
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the passenger waits to hail another autorickshaw and the process repeats. The trips in question
are short (2-8 km.), with a cost of between 30 and 80 rupees (≈$.75-2.00). Bargaining interactions
are fairly quick�from 2 to 9 rounds, and passengers rarely encounter the same driver twice. All
participants have extensive experience in bargaining.

Section 2 summarizes the various literatures upon which this paper draws for its theoretical and
empirical components.

Section 3 speci�es the economy in which the bargaining and trade of goods takes place. I
consider a market in which buyers are randomly matched with sellers whose valuations they do not
know. Whether trade occurs, and at what cost to the market participants, depends on the bilateral
mechanism used to allocate the goods; I model the payo�s from bargaining or �xed prices.

Section 4 describes the estimation of the structural parameters necessary to evaluate the welfare
implications of the di�erent mechanisms.

Section 5 presents the data and results of the estimation. Reduced form speci�cations, although
confounded by various types of selection bias, provide suggestive evidence regarding the bargaining
game and the trade-o�s faced by the players when considering making an o�er. The structural
estimation yield bounds on the distributions of valuations for buyers and sellers.

Finally, section 6 combines the results of the theory from section 3 with the parameters of
section 5 and evaluates the welfare consequences of bargaining versus �xed prices. Initially I focus
on the supply side of the market, estimating the fraction of drivers who would be willing to provide
rides at the o�cial, government sanctioned meter rate and at another rate proposed by some of
the drivers themselves. Then, using the valuations estimated for the surveyors to represent the
buyer population, I investigate the counterfactual policy of introducing the option to purchase an
autorickshaw ride for a �xed price without bargaining, and derive its welfare implications.

2 Literature Review

This paper builds on a wide variety of existing literature: the theoretical framework is drawn from
the dynamic mechanism design literature, combined with a speci�cation of the extensive form and
payo� functions from the game theoretical literature on bargaining, and an estimation technique
adapted from the dynamic structural games literature. Here I review the sources from which I have
adapted speci�cations and results, and �nally highlight the areas in which my approach di�ers from
the few previous structural approaches to bargaining.

Two sub�elds of the market design literature examine the welfare implications of alternative
market mechanisms in economic environments with repeated bilateral trade. The �rst, typi�ed
by papers by Rubinstein and Wolinsky (1985), Fraja and Sakovics (2001), and Satterthwaite and
Shneyerov (2007), focuses on the relationship between equilibrium prices and amounts of trade and
the transactions costs for the traders. These papers consider an economic environment similar to
mine, in which traders have imperfect information on each others' valuations, incur some utility cost
from each interaction, and participate in the market over several periods. However, their focus is
on the conditions under which decentralized markets converge to a Walrasian single price and often
abstracts away the details of the speci�c bilateral mechanism. A second literature, originating in
the classic paper by Myerson and Satterthwaite (1983) focuses on the e�ciency, or lack thereof, of
speci�c mechanisms for bilateral trade. In more recent work, Athey and Miller (2007) consider an
economy similar to that examined in this paper, where buyers and sellers draw new valuations each
period, and continue to participate in the market once they have completed a trade. These papers

away, whereas passengers cannot make a �nal o�er to the driver after he has driven away. See table 3 for complete
data on exit/accept probabilities at each bargaining round.
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resemble this study in their focus on evaluating the e�ciency of alternative market mechanisms,
with the distinction that the mechanisms considered in this paper, bargaining and �xed prices, are
chosen for their empirical relevance rather than their theoretical e�ciency.

The bargaining mechanism itself is the subject of a vast literature. Starting with Rubinstein's
canonical model of alternating o�ers bargaining with full information (Rubinstein 1982), a substan-
tial body of work on bargaining with two-sided imperfect information has developed, most recently
reviewed by Ausubel, Cramton, and Deneckere (2002). Unfortunately, this literature has not gen-
erated a canonical model comparable to Rubinstein's, perhaps due to the multiplicity of equilibria
in models with su�cient detail to be realistic. Another ambiguity in the imperfect information bar-
gaining literature is how to model the uncertainty in players' payo� functions. While the majority
of research assumes that players are uncertain as to each other's valuations for the good, a separate
stream of the literature (Rubinstein 1985, Bikhchandani 1992) assumes that the uncertainty per-
tains to the opponent's discount factor, while yet another models the possibility that the opponent
might be an irrational type (Abreu and Gul 2000). Finally, although most research has focused
on a multiplicative discount factor, bargaining could also be modeled as having a �xed per-round
transactions cost as in Rubinstein (1982). Perry (1986)shows that this formulation will lead to
immediate agreement unless players are uncertain of their opponent's �xed bargaining cost.

Despite the lack of consensus on a realistic model of incomplete information bargaining, two
main strands of literature on empirical bargaining have emerged, one concentrating on bargaining
experiments in the lab and another (substantially smaller) analyzing the outcomes of real-world
bargaining. Lab experiments on bargaining, as surveyed by Roth (1995) set up the environment
assumed by a speci�c model of bargaining, and test whether the outcomes of the bargaining per-
formed by study participants match the predictions of the model. The results of studies in which
players have full or partial knowledge of each other's valuations have generally rejected the quanti-
tative and often also the qualitative implications of game theoretic models of bargaining, often in
favor of fairness norms such as a 50-50 division of the gains from trade. Fairness e�ects should
be much less important in experiments with two-sided incomplete information, however these are
almost nonexistent. The only study, Yan and Lu (2008), tests the model of Abreu and Gul (2000)
and �nds preliminary support for it. As many authors have noted, bargaining with incomplete
information is an area under-researched in the lab.

Empirical studies of bargaining are also remarkably rare. In contrast to the highly model-
driven experimental literature, the majority of studies of real world bargaining compare reduced
form outcomes of empirical bargaining with the broad implications of game theoretic bargaining.
Several papers have examined bargaining in retail transactions. Morton, Zettelmeyer, and Silva-
Risso (2004) compare survey data on buyer characteristics and price/purchase outcomes from car
dealerships, and �nd that buyer characteristics are correlated with outcomes in ways predicted
by bargaining theory, for instance that better informed, more patient buyers pay less. Ayers and
Siegelman (1995) use an audit survey methodology similar to my own to test for discrimination
against blacks and women in bargaining for cars. The only work to examine the actual series of
bargaining o�ers as well as the only study of bargaining in developing countries of which I am aware
is by Jaleta and Gardebroek (2007), who examine the e�ect of buyer and seller characteristics on
the spread between buyer and seller initial o�ers and the amount by which the seller is willing to
decrease his initial o�er.

The work most similar to this study in its approach is the series of papers by Sieg (2000),
Watanabe (2004), and Merlo, Ortalo-Magne, and Rust (2008)that use bargaining data to estimate
structural models of medical malpractice legislation and the housing market. All three authors
explicitly model the bargaining process as a game with a speci�c, unique equilibrium, and then
use a maximum-likelihood or simulated moment-based approach to infer structural parameters of
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the particular model speci�ed. In particular, Merlo, Ortalo-Magne, and Rust (2008) consider a
strategy similar to mine of using bidding functions estimated from the data, but ultimately prefer
a more structural model of bidding due to endogeneity concerns. Endogeneity is less of a concern
in my estimation due to the presence of data generated by randomized surveyor bids, which can be
used to test for the endogeneity of driver's bids with respect to the passenger's previous o�er.

This study di�ers from previous work in several ways. First, while my approach is structural,
I do not claim to know which equilibrium of a speci�c game theoretic model of bargaining is being
played in the market, nor do I explicitly specify the process of Bayesian updating that the players
carry out during the game. Instead, I estimate the best response probabilities from whatever
equilibrium is being played in the data, and use these estimated probabilities, the structural payo�
functions and the extensive form of the bargaining game to infer the structural parameters of the
bargaining model. Second, while other studies have examined the e�ect of observable signals (such
as race or gender) on bargaining, I focus on a market in which, arguably, the most important
aspects of preference heterogeneity are unobservable. Third, I maintain the assumption that the
traders are fully rational. While there is strong evidence to the contrary from lab experiments, it is
unclear to what degree this would apply to real-world bargaining2, and the assumption of rationality
seems to be an appropriate starting place. In future work I plan to examine various behavioral or
rule-of-thumb strategies using the same data.

3 Bargaining vs. Fixed Prices: Theory

The autorickshaw transport market falls into a class of markets in which professional sellers sell
multiple types of goods to casual buyers interested in purchasing only one speci�c item. Other
examples include a shopkeeper selling many kinds of products to consumers who are each shopping
for one special product, or a consultant providing di�erent services to di�erent clients. Each buyer
(henceforth referred to using the feminine pronoun) has a permanent valuation v for the good she
wants to purchase, and this valuation is known to her before she encounters a seller. Sellers, because
they sell a di�erent good to each buyer, have a buyer-speci�c cost c, that is only known to the seller
once he meets the buyer. Thus buyers keep the same valuations across negotiations with di�erent
sellers, while sellers draw new valuations for each buyer they encounter.

Buyers and sellers have di�erent future outcomes if trade occurs. Sellers are professional traders,
and always return to the market and begin negotiations with a fresh buyer at the conclusion of a
successful or unsuccessful trade. Buyers, on the other hand, are temporary participants in the
market. Upon completion of a successful sale, they exit the market permanently. However, if
negotiations with a given seller fail to result in trade, the buyer seeks out another seller.

At the beginning of the game, sellers decide once and for all whether to enter the market by
comparing the expected returns to the trader profession with some exogenous outside option. In
contrast, a new round of buyers enters the market each period to replace those that have traded in
the past period and exited the market. Entering buyers �rst decide whether to participate or not
in the market; if not they exit and are replaced next period. Buyers who do elect to participate
remain in the market until they have successfully completed a trade. Due to the stationarity of
the matching process outline below, once they have entered the market buyers will continue to
participate until they successfully trade.

I examine the welfare implications of alternative mechanisms under the assumption that the
distribution of buyers in the market has reached a steady state. That is, the cohort of buyers

2Indeed, the most commonly cited behavioral strategy, an even division of the gains from trade, is impossible in
an environment with two-sided imperfect information where agents do not know the gains from trade.
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who make a purchase and exit the market is replaced by an identical group of new buyers entering
the market. This assumption, shared by similar work by Fraja and Sakovics (2001), abstracts
away from any transitional dynamics, a issue that is outside the scope of this paper. Note that if
di�erent types of buyers have di�erent probabilities of purchasing then the distribution of buyers
participating in the market will di�er from the fundamental distribution of entering buyer types,
an issue I address in further detail below. Buyers who decide not to participate in the market exit
instantly and are also replaced the next period.

Once entering buyers and sellers have decided to participate in the market, they engage in
a process of costly search at the end of which they are randomly matched one-to-one with each
other. If the number of buyers and sellers is not equal, some traders will be unmatched and will
continue to the next period and have another chance at matching. Matched sellers learn their costs
of providing the good, either engage in bargaining or trade at a �xed price (depending on which
mechanism is in place in the market), and buyers who have purchased their desired good exit the
market. Discounting occurs, new buyers enter, and the process begins again. Figure 1 depicts the
market timeline in graphical form.

3.0.1 Type Distributions

The theoretical bargaining literature considers multiple dimensions of incomplete information: play-
ers' costs or valuations (c or v), their multiplicative bargaining time costs, or their per-round �xed
costs of bargaining (k) may all be unknown to their opponents. In the context of autorickshaw
bargaining, it is reasonable to assume that there may be more than one dimension of uncertainty,
and this issue is explored in the estimation section. However, for expositional purposes, I set up
the model with only unobserved heterogeneity in the costs and valuations of players. Additional
dimensions of heterogeneity could be added at some cost in notation.

Sellers are assumed to be ex-ante identical, with free entry into the market. Sellers will thus
enter the market until their ex-ante expected utility from market participation, Ec,v [US (c, v)] is
equal to their outside option w:

Ec,v [US (c, v)] = w (1)

where expectations are taken over both the distribution of potential buyer values and sellers' own
future costs since sellers' costs are only realized upon meeting with a buyer. De�ne this (exogenous)
distribution of seller match-speci�c costs as.

c ∼ gS (·) on [c, c̄]

Buyers participate in the market if their interim expected utility (Ec [UB (c, v) |v]) is greater
than their outside option y:

Ec [UB (c, v) |v] ≥ y

where expected utility is conditioned on v because buyers know their own valuations before choosing
to participate in the market. Let the mass B0 of buyers who enter the market each period have a
fundamental distribution of valuations

v ∼ fB (·) on [v0, v̄]

Assuming that a buyer's expected utility under the mechanism is increasing in the valuation
of the good, de�ne v to be the buyer type or set of types indi�erent between entry and remaining
out of the market: Ec [UB (c, v) |v] = 0. While the distribution of entering buyers' valuations is
exogenous to the mechanism, the steady state distribution of buyers participating in the market at
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any given time depends the market mechanism, since some trading rules might cause certain types of
buyers to accumulate in the market awaiting an acceptable trading partner. Let this (endogenous)
distribution of buyer costs be gB (· ) on [v, v̄].

Matching of buyers and sellers occurs randomly, and match probabilities are uncorrelated with
trader types both within and across periods. If the number of buyers in the market is B and
the number of sellers is S, then buyers and sellers are matched with probabilities µB (S,B) and
µS (S,B). Match probabilities for each side of the market are weakly increasing in the number
of potential trading partners and weakly decreasing in the number of other buyers or sellers, i.e.
∂µB
∂S ≥ 0, ∂µB

∂B ≤ 0, and likewise for sellers' µS . Let p (c, v) be the probability that trade occurs
after matching between a buyer with value v and a seller with cost c. Then the mass of buyers in
the market, B, is pinned down by the steady state condition:

BµBEc,v [p (c, v)] = B0 (1− FB (v)) (2)

which sets the number of buyers exiting the market (on the LHS) equal to those entering (on the
RHS).

3.0.2 Utilities

Each interaction, players receive utility from two sources: First, they expect to trade the good
with some probability p (c, v). Second, in the course of the interaction, they receive (or lose)
some utility xi (c, v). The xi (c, v) may represent either a payment received from or made to their
trading partner, or any other utility cost incurred in the course of the interaction. The function
through which these additional gains and losses from trade are related to the types of the traders
depends on the mechanism used to allocate the goods in the market; below I outline the form of
{p (c, v) , x (c, v)} for the speci�c cases of bargaining and �xed price mechanisms.

As is standard in the mechanism design literature, I assume that the traders' interim per-period
utility functions are separable in utility from acquiring or selling the good and other costs or gains
accrued during the trading process:

Seller: Ev [uS (c, v) |c] ≡ Ev [−cp (c, v) + xS (c, v) |c]
Buyer : Ec [uB (c, v) |v] ≡ Ec [vp (c, v) + xB (c, v) |v]

where for both players expectations are taken over the distribution of their opponents' types in the
market, gS (c) and gB (v).

I consider only stationary mechanisms. This constraint, combined with the assumptions of IID
matching and a steady state distribution of buyers, ensures that buyers will never chose to exit the
market without trading since their expected future gains from trade are una�ected by any previous
failed negotiations.

Let κS and κB denote the search costs that sellers and buyers, respectively, incur at the beginning
of each period and let δ denote the players' discount factor. A seller draws a new c cost each period,
and remains in the market after trade. His ex-ante dynamic utility is

Ec,v [US (c, v)] = −κS + µSEc,v [uS (c, v)] + δEc,v [US (c, v)]

Ec,v [US (c, v)] =
1

1− δ
(−κS + µSEc,v [uS (c, v)]) (3)

where the free entry condition ensures that Ec,v [US (c, v)] = w. Thus the market mechanism has
no e�ect on the welfare of sellers who, in expectation, earn their outside options. It does, however,
a�ect the number of sellers that the market can sustain.
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A buyer has the same value every period she remains in the market, and exits the game perma-
nently whenever trade occurs. Her ex-ante expected utility is

Ec [UB (c, v) |v] = −κB + µBEc [uB (c, v) |v] + (1− µBEc [p (c, v) |v]) δEc [UB (c, v) |v]

Ec [UB (c, v) |v] =
−κB + µBEc [uB (c, v) |v]

1− δ (1− µBEc [p (c, v) |v])
(4)

The total utility of the buyers who enter in period t is the sum of the market participants' and
non-participants' utilities:

W t
B = B0

(
FB (v) ∗ y + (1− FB (v))Ec,fB(v) [UB (c, v) |v ≥ v]

)
Since new buyers enter every period, the total utility from the buyer side of the market is

WB =
∞∑
t=1

δtW t
B (5)

=
B0

1− δ
(1− FB (v))EfB(v) [Ec [UB (c, v)] |v ≥ v]

Total welfare in the market is then W = w + WB, which is a function of both the market
mechanism {p (c, v) , x (c, v)} and the structural parameters, {fB (v) , gS (c) , κS , κB, δ, B0}. Given
estimates of these parameters from any market, the social welfare generated by the status quo
mechanism can be calculated, as can that of any other potential market design. I focus on the
comparison between bargaining (the status quo mechanism) and an alternative �xed price market
design.

3.1 The Fixed Price Mechanism

Fixed prices (or a �xed per-kilometer price in the case of a market for transportation) have the
advantage that they are simple, satisfy ex-post IR, IC and budget-balance constraints, and are a
clear policy alternative to bargaining since they have been adopted in many markets. While a �xed
price is not, in general, the optimal mechanism, Athey and Miller (2007) show that in a stationary
environment where all constraints must hold ex-post, the optimal mechanism approaches a �xed
price under a wide range of parameter values. In the notation that follows, let η be an exogenously
determined �xed price or rate, determined by a regulator or by market forces outside of the economy
in question. Traders in the �xed price market pay nothing if they are not matched, and the buyer
pays the seller η if trade occurs:

xS (c, v) = −xB (c, v) =

{
η if c ≤ η ≤ v
0 otherwise

Buyers whose value for the good is below the �xed price will never enter, and those who do enter
will trade with probability one, conditional on being matched with a seller whose cost is below
η. Since matching is random, the distribution of buyers' valuations in the market gB (v) will be a
truncation of the fundamental distribution of entering buyers' valuations (fB (v)). Similarly, sellers
will always make a sale if it is pro�table for them to do so, since they gain the same continuation
value regardless of whether trade occurs.3 Trade occurs with probability

p (c, v) =

{
1 if c ≤ η ≤ v
0 otherwise

3Here I assume that traders are not capacity constrained in the short-term. An alternate formulation would be
to interpret the seller's cost c as including the opportunity cost of any sales that might have been lost by trading
with the current buyer.
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Substituting these �xed price trade probabilities and prices into equations 3 and 4 yields the
sellers' ex-ante expected utility and the buyers' interim expected utility. These utility functions,
together with equations 1 and 2, generate a system of non-linear equations that can be solved to
yield the equilibrium masses of sellers and buyers in the market and hence the overall surplus W η

for a given �xed price η.
A weakness of �xed prices, and all mechanisms that require traders to walk away from gains from

trade, is that these may not be sustainable if traders can communicate or learn some information
about each other's types. For instance, buyers may encounter sellers for whom c < v, so that there
are gains from trade, but if c > η trade will not occur under the �xed price mechanism. If the buyer
can somehow learn c, and the chance of punishment for deviation from the �xed price is low�as it is
in many cases of decentralized trade�traders may prefer to make a side deal and divide the surplus
of v−c rather than search for new trading partners. In this case the �xed price will not be a feasible
mechanism. This example highlights the di�culties in switching from a bargaining mechanism to a
�xed price when traders can credibly reveal their costs and valuations, and punishment is unlikely.
If expectations change slowly, immediately after a �xed price is introduced the market may still
contain many agents who cannot a�ord to trade at the �xed cost but still can generate gains from
trade. If other traders expect this broad distribution of types, then they may be willing to deviate
from the �xed price to increase trade and the �xed price equilibrium will be impossible. On the
other hand, in markets where �xed price equilibria are �rmly established, only buyers and sellers
with valuations (costs) above (below) the price will be present in the market. Because traders
will expect these limited distributions, it may be impossible (or very costly) for a trader to credibly
signal a valuation (cost) below (above) the price, and the �xed price equilibrium will be sustainable.

3.2 The Bargaining Mechanism

Many bargaining models exist that yield functions relating trader types with trade probabilities
and expected payo�s {p (c, v) , x (c, v)}, analogous to those derived above for the model of �xed
prices. However, these functions will depend on the speci�c equilibria of the game being played,
which may not be possible to determine a priori in the case of multiple equilibria. Thus instead of
following the game theoretical bargaining literature and solving analytically for the full set of beliefs
and strategies for each type, this section speci�es only the extensive form and payo� functions of
the bargaining game, without solving for a speci�c equilibrium. Later, I use these two elements,
together with the pattern of actions observed from the speci�c equilibrium that is played in the
data, to estimate {p (c, v) , x (c, v)}, thereby avoiding the problem of multiple equilibria.

The extensive form is standard in the bargaining game: bargainers alternate taking actions,
with the seller taking the �rst action and the buyer deciding whether to exit the bargaining, ac-
cept the seller's previous o�er, or make a countero�er from one of a set of discrete possible o�er
amounts4. Henceforth I refer to these exchanges of o�ers as a bargaining "rounds", to distinguish
them from trade "periods" which represent a whole set of interactions between buyers and sellers
in the multilateral market economy, each potentially including many bargaining rounds.

Formally, in bargaining round t player i chooses action ait out of the set of possible actions Ait
where:

ait ∈ Ai
(
x−i(t−1), xij(t−2)

)
=


χ exit
α accept player − i's o�er

xj ∈ Xi

(
x−i(t−1), xi(t−2)

)
countero�er xj

4While the assumption of discrete actions is appropriate for the autorickshaw market, it is not without loss of
generality on both game theoretic (Muthoo 1991) or econometric grounds .
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The set of feasible actions depends on the previous o�ers due to the monotonicity of the bargaining
game: sellers (buyers) can never rescind an earlier o�er and raise (lower) their asking price.5 Nor
can sellers (buyers) make a countero�er below (above) their opponent's last o�er, since in it would
always be more pro�table for them to accept that o�er instead. For brevity of notation, let
Ait ≡ Ai

(
x−i(t−1), xi(t−2)

)
and Xit ≡ Xi

(
x−i(t−1), xi(t−2)

)
.

The players' per-round payo�s πi depend on their actions and their beliefs over their oppo-

nents' types. I de�ne these posterior distributions of beliefs as hS

(
v| {xτ}t−1τ=1

)
for the seller and

hB

(
c| {xτ}t−1τ=1

)
for the buyer, where {xτ}t−1τ=1 denotes the past history of o�ers.

Following the concept of Markov Perfect Equilibrium, let the state variable sit to be the vector
of payo�-relevant state variables for player i and time t:

sSt =
{
xS(t−2), xB(t−1), hS

(
v| {xτ}t−1τ=1

)
, c
}
, for t odd

sBt =
{
xB(t−2), xS(t−1), hB

(
c| {xτ}t−1τ=1

)
, v
}
, for t even

Player have a �xed utility cost k of making a single bargaining o�er, in contrast with κi the
search cost of seeking out a new trading partner and entering into a fresh bargaining interaction.
Since bargaining rounds are extremely short in the autorickshaw market�o�ers occur at roughly
20-second intervals�I do not include a multiplicative time cost of bargaining in the payo� function.
For contexts in which bargaining takes longer, for instance negotiations between a �rm and a union,
these time costs may be more appropriate and could easily be incorporated into the model instead
of or in addition to an additive cost of bargaining. Note that I do not impose any restrictions on
the correlation between k and c and v.

With these variables de�ned, the seller's per round payo�s for each action can be written as

πS (aSt = χ|sSt) = δEc,v [US (c, v)]

πS (aSt = α|sSt) = xB(t−1) − c+ δEc,v [US (c, v)]

πS (aSt = xj |sSt) = Pr
(
aB(t+1) = χ|xj , sSt

)
δEc,v [US (c, v)] (6)

+ Pr
(
aB(t+1) = α|xj , sSt

)
(xj − c+ δEc,v [US (c, v)])− kS

Within-round payo�s for the buyer are similar, and re�ect the fact that the buyer exits perma-
nently after trade:

πB (aBt = χ|sBt) = δEc [UB (c, v) |v] (7)

πB (aBt = α|sBt) = v − xS(t−1)
πB (aBt = xj |sBt) = Pr

(
aS(t+1) = χ|xj , sBt

)
δEc [UB (c, v) |v]

+ Pr
(
aS(t+1) = α|xj , sBt

)
(v − xj)− kB

Note that every seller action ultimately results in their returning to the market to seek another
customer. Accordingly, I subtract the sellers' continuation value Ec,v [US (c, v)] from the payo�
of each action, thereby normalizing the value of exiting the bargaining to zero. Buyers do not
receive the continuation value of remaining in the market if trade occurs; however, when estimating
buyers' valuations from only their bargaining o�ers, δEc [UB (c, v)] is not separately identi�ed from

5While I impose monotonicity a priori, it can be shown that this condition will hold in virtually all models of
bargaining.
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the value of the value of the ride. I therefore normalize the driver's type-speci�c continuation value
to zero and estimate the surplus net of the continuation value, or v̂ = v − δEc [UB (c, v) |v].6

Because players only make o�ers every other round, I write their payo�s from their opponent
accepting or rejecting a countero�er as part of their within-round payo�s, although these payo�s
are incurred in the next round and are subject to the utility cost of bargaining. The �rst four
rounds of the bargaining game extensive form are shown graphically in �gure 2, with a particular
series of o�ers highlighted for illustrative purposes. At each round of bargaining, the payo�s are
written for accepting (α) and exiting (χ). Nodes at which the seller may take an action are colored
black, and buyer's nodes are colored white.

An agent's beliefs on his opponent's type enter through the expected payo�s of making a counter-
o�er, πi (ait = xj |sit). For instance, when assessing the probability that his opponent will exit after
an o�er of xj , the seller must account for both his uncertainty over the type of his opponent, and the
potentially mixed strategies played by each type of buyer. Thus to calculate the probability that
an o�er of xj results in opponent exit, he integrates his beliefs on each buyer type's exit probability
over the distribution of buyers that he expects at state sit:

Pr
(
aB(t+1) = χ|xj , sSt

)
=

ˆ
Pr
(
aB(t+1) = χ|sB(t+1) (xj)

)
hS

(
v| {xτ}t−1τ=1

)
dv (8)

where sB(t+1) (xj) denotes the buyer state that would occur in the next round if the seller coun-
tero�ers xj ; note that this contains v, the buyer's unobserved type over which the seller integrates.
The expected opponent probability of acceptance is de�ned analogously.

The dynamic nature of the bargaining game enters through the opponent countero�er prob-
abilities, since these are, from the player's perspective, the probabilities of transitioning to each
future state. I de�ne these conditional state transition probabilities as Ψ

(
si(t+2)|sit, ait

)
; note that

due to the alternating o�er form of the game, bargainers are concerned with their transition to
a state two rounds ahead. For instance, for the seller, the probability of transitioning to state

sS(t+2) =
{
xj , xB(t+1), hS

(
v| {xτ}t+1

τ=1

)
, c
}
after making an o�er of xj is

Ψ
(
sS(t+2)|sSt, ait = xj

)
= Pr

(
aB(t+1) = xB(t+1)|sSt, xj

)
If the player accepts or exits Ψ

(
si(t+1)|sit, α

)
= Ψ

(
si(t+1)|sit, χ

)
= 0, and the bargaining interaction

ends. I de�ne the choice-speci�c utility of taking action a as

ui (a|sit) = πi (a|sit) +

ˆ (
Vi
(
si(t+2)

)
− k
)
dΨ
(
si(t+2)|sit, a

)
where Vi (sit), player i's dynamic utility of state sit is then equal to the value of their highest payo�
action

Vi (sit) = max
a∈Ait

{ui (a|sit)}

Having de�ned the extensive form and payo� functions of the bargaining game, I do not specify
or solve any particular game theoretical equilibrium for the players' beliefs or strategies. Instead my
estimation technique will estimate players' beliefs from the cross sectional distribution of opponent
actions observed in the data and take their strategies to be the actions maximizing their payo�
functions conditional on these beliefs. Consistent with the dynamic games literature, I make three
broad assumptions about the equilibrium :

6Assuming a one-to-one correspondence between v and v̂, the buyer's dynamic utility can be rewritten to include
this normalization as: Ec [UB (c, v) |v] = 1

1−δ (−κB + µBEc [uB (c, v̂) |v̂]) Intuitively, one can think of reframing the
passenger's utilities such that they now expect to participate in the market forever, but in each period gain only the
di�erence between their absolute valuation and outside option.
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• Single Equilibrium: All players in the market are playing the same equilibrium.

• Rational Expectations: Player's beliefs on their opponents' actions are correct along the equi-
librium path.

• Optimizing Behavior: Player's strategies at each state maximize their expected payo�s subject
to their beliefs.

These assumptions are similar to Fudenberg and Levine (1993)'s concept of "Self-Con�rming Equi-
librium". Intuitively, one can imagine that if players have participated long enough in the market
they will learn about their opponent's distribution of actions on the equilibrium path. Since play-
ers only observe equilibrium play, the observed actions correspond to their beliefs, which are then
"self-con�rming".

4 Estimation

I employ the techniques of the dynamic games literature (Aguirregabiria and Mira 2007; Pakes,
Ostrovsky, and Berry 2007) to estimate the parameters of the model outline above from data on
the series of o�ers, counter-o�ers, and accept/exit decisions across multiple bargaining interactions.
At every state, I calculate the players' expected utility of each potential action: accept, exit, or
countero�er, and then estimate the parameters such that, at each state, the actions most frequently
taken in the data are those with the highest calculated payo�s. The algorithm follows series of
distinct steps:

1. In the �rst stage, I estimate the state-speci�c probabilities of opponent actions that players
would face after making each potential countero�er.

2. Next, given a set of candidate parameters for each state I calculate the expected payo� of
every action�accept, exit, or countero�er� by backwards induction:

• At nodes when it is the opponent's turn to act, I use the �rst stage estimates of the
opponent action probabilities to calculate expectations over opponents' future actions.

• At nodes when it is the player's turn to act, I use the values of the future states, together
with a speci�cation of action-speci�c utility shocks, to calculate the player's own future
best response actions.

3. Once calculated, the action-speci�c utilities imply a set of probabilities that players take each
action in each state. I maximize a dynamic logit likelihood function, using random coe�cients
to model the distribution of players' types, to �t the sequences of actions to in the data to
the probability of these sequences implied by the model. Note that for each set of candidate
parameters in the process of maximizing the likelihood function I must recalculate the action-
speci�c utilities by repeating the backwards induction in step 2.

Individual-Speci�c Fixed E�ects The most direct and intuitive approach to estimation of
the players' types is to use the series of actions made by each individual bargainer to infer the
parameters, or set of parameters that would rationalize each of their actions in the bargaining
interaction as a best response. For instance, if a seller takes some action aSt, then by revealed
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preference his cost and bargaining disutility must be such that his expected utility u (aSt|sSt; c, k)of
that action is greater than that of any alternative action a′St he might have taken at that point:

u
(
a′|sSt; c, k

)
− u (aSt|sSt; c, k) ≤ 0 ∀ a′ 6= aSt ∈ AS (sSt)

Thus if player i takes a total of Ti actions, then the set of parameters that rationalize all those
actions as best responses are the solution to the following minimization problem:

{ci, ki} = argminci,ki

{∑Ti
t=1

∑
a′∈Ait min(u (âit|sit; ci, ki)− u (a′|sit; ci, ki) , 0)2

}
which imposes a quadratic loss function on all binding best-response inequalities. By repeating this
estimation for the seller in each bargaining interaction, a set of {ci, ki}sets can be computed (and
likewise {vi, ki}sets for the buyer) which provide an estimate of the distribution of costs, values and
bargaining disutility.

This estimation approach has the advantage that it imposes no additional distributional or
parameteric assumptions on the data beyond those implicit in the payo� functions, extensive form,
and �rst round estimation of the players' beliefs. However, due to the shortness of the bargaining
interactions (players make at most 5 o�ers), the individual valuations are likely to be estimated
with substantial noise. As discussed in the results section, prima facie evidence of this noise is the
fact that (as is common in the moment inequality literature) at least one best response inequality
is typically binding even at the point in the parameter space that best rationalizes the data. This
noise will then bias the empirical CDF of the estimated types, both expanding its support and
�attening the distribution. Despite this bias, the non-parameteric distributions can deliver valuable
insight into which parametric distributions might best �t the data in a random e�ects framework.

Random Coe�cients Logit A random e�ects approach to estimation provides an alternative
to the individual estimation of types that is consistent, but at the price of imposing a known
distributional form on the buyer and seller values, costs, and bargaining disutility. Motivated by
the shapes of the non-parametric distributions generated by the �xed e�ects estimation, I model
the distribution of types as bivariate log-normal in {c, k} (or{v, k} for buyers), with the mean and
standard deviation of c and v estimated separately for each trip distance, and the mean and standard
deviation of k assumed to be the same regardless of the length of the journey.

Random e�ects estimation also requires more structure to be put on the data in the form of
idiosyncratic shocks to the values of the bargainers' choices. As in many applications of dynamic
discrete choice models, I follow Rust (1987), in assuming that the per-round utility from each action
is hit by an additive extreme-value type 1 distributed shock, and that these shocks are IID across
choices and across shocks:

π̃i (ait|sit, εt) = πi (ait|sit) + ε (ait)

These action-speci�c shocks are private information�conditional on the player's own actions they
do not a�ect her opponent's actions�but they known to the agent prior to taking an action in each
round. This error structure is by far the most commonly adopted in applied dynamic models
(Aguirregabiria and Mira 2010), since it allows for closed form solutions to the action probabilities
and generates a concave log likelihood. In the context of bargaining for autorickshaw rides, these
shocks can be interpreted as a player's idiosyncratic belief that making a given o�er will yield a
relatively good outcome, or that the returns to accepting the opponent's previous o�er or exiting
the bargaining may be temporarily high, perhaps due to the passing of another autorickshaw or
potential customer.
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Agents' probability of taking an action ait is the familiar conditional logit formula

Pr (ait = a|sit) =
exp (ui (a, sit))∑

a′∈Ait exp (ui (a′, sit))
(9)

and the interim expected value of each state, now including the action-speci�c shocks, can be
expressed in closed form as

Ṽ i (sit) = log

∑
a∈Ait

exp (ui (a, sit))


Finally, let the dynamic payo� of choice ait, now including the value of the shocks, be

ũi (a|sit) = π̃i (ait|sit, εt) +

ˆ (
Ṽ i

(
si(t+2)

)
− k
)
dΨ
(
si(t+2)|sit, a

)
First Stage: Opponent Action Probabilities The key ingredient to the backwards induction
are the player's beliefs on his opponent's actions at each node. These beliefs incorporate both the
posterior on the opponent's type, and each type's strategies. For instance, when making an o�er of
xj , the seller estimates the probability that his o�er will lead to the buyer exiting by integrating over
her posterior on buyer's valuation as in equation 8. The econometrician cannot directly evaluate
equation 8, since it contains the posterior distribution hi (·), which is unobserved. Attempting to
solve an analytic solution for hi (·) would lead to the all the problems of multiple equilibria discussed
in section 2.

Instead, following the dynamic games literature (Aguirregabiria and Mira 2007; Bajari, Benkard,
and Levin 2007), I rely on the assumption of a single equilibrium and estimate the players' beliefs
on opponent types and strategies from the distribution of countero�ers observed at each state in the
data. The critical feature of the bargaining game that permits this approach is that the unobserved
component of the state vector, c or v, is also unobserved to the bargainer's opponent, so players
know that their opponents will take actions based only on the history of o�ers (which is observable
to the econometrician). For example, the seller's expectation of the probability that the buyer exits
after he countero�ers xj (from equation 8) can be calculated using the empirical distribution of the
buyer's actions following that countero�er:

Pr
(
aB(t+1) = χ|xj , sSt

)
=

ˆ
Pr
(
aB(t+1) = χ|sB(t+1) (xj)

)
hS
(
v| {xτ}tτ=1

)
dv

= Pr
(
aB(t+1) = χ|xj , {xτ}t−1τ=1

)
Estimating these opponent action probabilities raises an issue common to many dynamic struc-

tural papers: if the state space is large relative to the data (as it is in bargaining games) the action
probabilities estimated by a simple count estimator will be very noisy and contain many values of
0 or 1. For instance, if a given state is observed only once in the data, estimating beliefs by the
simple action probabilities in the data would imply that players expect their opponents to carry out
the action performed at that state in data with 100% probability. To generate more continuous
beliefs, I follow Aguirregabiria and Mira (2002) and estimate a �rst stage multinomial logit model
to smooth the action probabilities:

Pr
(
a−i(t+1) = a|s−i(t+1) (xj)

)
=

exp
(
θaq

(
s−i(t+1) (xj)

))∑
a′∈Ait exp

(
θa′q

(
s−i(t+1) (xj)

))
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where q
(
si(t+1) (xj)

)
is a vector of linear and squared state values and interactions, and θa is a

vector of coe�cients for action a. This estimation procedure is repeated for each bootstrap sample
when calculating the standard errors,

Backwards Induction While the probabilities of opponent actions are identi�ed by the observed
actions in the data, the player's own best response at a given state cannot be estimated in the same
manner because it depends on the player's own type, which is unobservable to the econometrician
but (unlike the opponent's type) known the player herself. Thus the observed distribution of actions
does not coincide with the player's own expectations of her actions once she reaches that state. I
must therefore calculate the best responses at each node in the game tree as a function of the
valuation (or cost) and bargaining disutility.

I do this through the backwards induction technique outlined above. As an illustration of the
algorithm, consider the example of estimating the action-speci�c payo�s for the seller. Assume for
simplicity that all bargaining interactions last at most T rounds, and that all possible states and
actions are observed in the data. Assume, furthermore, that it is the seller's turn to act in round
T . Then in round T the seller faces the choice of whether to accept or exit and selects the choice
with the highest value. The value of each last-round state siT is then

V̄i (siT ) =

ˆ
ε

max {π̃i (aiT = χ|siT , εT ) , π̃i (aiT = α|siT , εT )} dΓ (ε)

Round T −2 is the seller's previous action. In this round the seller considers exiting, accepting,
or making one of the remaining feasible o�ers. Each of these o�ers would generate an action by the
opponent, ultimately resulting in some exit, accept, or continuation value, V̄i (s̃iT ). The opponent
action probabilities estimated in the �rst stage are then plugged into the backwards induction to
calculate the expected payo�s of the counter-o�ers, and the value of each state in round T − 2 is
determined by the value of the best response action. Backwards induction continues analogously
in round T − 4,...,1 until the value of each state has been calculated.

Empirical States Empirical estimation of the bargaining game necessitates some reduction of
the dimension of the state space. Since players' posteriors about their opponent's type are the same

after identical histories of o�ers, the h
(
v| {xτ}t−1τ=1

)
term in the state vector can be replaced with

just the history of o�ers itself, {xτ}t−1τ=1 . However, including the whole history as a state would be
infeasible due to the very large number of implied states7. Thus I proxy the whole past history of
o�ers with just the last two o�ers and the round itself, t, a simpli�cation which is consistent with
the equilibrium in many models of bargaining as a Markov perfect equilibrium. Also included in
the state vector is a measure of the distance of the trip in discrete kilometers, d, and the unobserved
type of the player, c or v. Thus the full empirical state vector, denoted s̃it, is composed of the �ve
elements

s̃St =
{
xS(t−2), xB(t−1), t, d, c

}
, for t odd

s̃Bt =
{
xB(t−2), xS(t−1), t, d, v

}
, for t even

Final Round States The previous discussion of the backwards induction process assumed that
all states are observed and that the game had a �xed terminal round T . In reality, neither of these
conditions are likely to hold. As the theoretical literature recognizes, bargaining games can, in

7On the order of
∑T
t=1 |A|

t if there are T periods per bargaining interaction, and |A| possible actions per period.
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principle, continue for in�nitely many rounds. Although any �nite sample of data will only contain
a maximum of rounds T , at time T the players themselves could have chosen to countero�er and
thus extend the game to T +1, or to have taken an action at an earlier round that would have led to
> T rounds. In�nite horizon models are commonly estimated in the dynamic structural literature,
thanks to the presence of some stationarity assumption. However, even imposing a Markov-perfect
equilibrium, the bargaining game is only stationary conditional each player's posterior distribution
of the other's type which is not observed.

As discussed in the context of the state variable, the past history of actions (or in this case
a subset of the past actions plus a time index) may be substituted for the posterior in the state
variable, but with this substitution stationarity is lost. Thus the number of potential states (where
now the state depends directly on t) becomes in�nite, and the analysis must address the problem
of unobserved states.

However, while the unobserved states cannot be measured directly from the data, some structure
can be placed on their values. Just as the theory literature often uses conjectures on o�-equilibrium
path actions to focus on speci�c equilibria, I can estimate structural parameters using both "opti-
mistic" and "pessimistic" priors as to the type of the other player.

• The "optimistic" outcome of a counter-o�er is that the opponent is revealed to be a "soft"
type, and immediately accepts the counter o�er. Thus (for the seller)

umax (xSt) = xSt − c− k

and analogously for the buyer,

umax (xBt) = v − xBt − k

• The "pessimistic" outcome of any counter-o�er is it leads to the opponent deciding that the
player is a "hard" type, and immediately exiting:

Seller: umin (x|s̃St) = −k
Buyer:umin (x|s̃Bt) = −k

Note the slight asymmetry between the two bounds: while the "optimistic" outcome gives the
best possible payo� conditional on the action, the "pessimistic" payo� is still greater than, for
example, if the player had made the o�er then wasted her time making several more o�ers before
her opponent exited. Nevertheless, the "pessimistic" scenario is consistent with the assumptions
on o�-equilibrium path actions used in, for instance, Chatterjee and Samuelson (1988).

In practice I apply these bounds only to the values of actions taken in the �nal round (T = 9)
of the game and calculate the values of all other states (whether observed or not) by the backwards
induction procedure described above.

Likelihood Function Assuming a bivariate log-normal distribution of individual costs/valuations
and bargaining disutility, I solve for the parameters of the distribution by maximum likelihood.
Letting µdc , σ

d
c denote the mean and variance of the log normal distribution of driver costs for

a trip of distance d, and µk,S , σk,S , ρS denote the (distance invariant) mean and variance of the
bargaining disutility and its correlation with the cost, then the full parameter vector for the seller
is θS =

{
µ1c , σ

1
c , . . . , µ

D
c , µk,S , σk,S , ρS

}
. The buyers' parameter vector, θB, is de�ned analogously,

with valuations also estimated distance by distance.
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De�ne N to be the number of bargaining interactions observed in the data, and Tin to be
the number of rounds that player i may take an action in bargaining interaction n (as always, i
indexes the buyer or seller). Following Judd (2006) I integrate the likelihood over the {c, k}and
{v, k}distributions using Gauss-Hermite cubature, creating a two dimensional M = 16 node grid
with parameter values θim at node m. De�ning ω (θim) to be the appropriately rescaled Gauss-
Hermite weight of node m, the full likelihood is then

Li (θ) =
N∏
n=1

M∑
m=1

ω (θim)

Tin∏
t=1

Pr (aitn|sitn; θim)

where Pr (aitn|sitn; θim) is the logit action probability, as de�ned in equation 9. Note that the
likelihood makes use of the fact that a player's type is constant throughout the Tinactions that he
takes in the bargaining interaction.

5 Data

The data for this study comes from the market in local transportation by autorickshaw in Jaipur,
India. An autorickshaw is a form of three-wheeled mini-taxi, o�cially capable of carrying three
passengers (although often far more in practice) in a semi-enclosed back seat. Autorickshaws are
the primary means of rented transportation in Jaipur, a city of approximately 3.2 million people.
Although in Jaipur they are technically out�tted with meters, during the survey period of January
2008 to January 2009 the meter rates had become surpassed by in�ation and no autorickshaw driver
ever used the meter. There were no police or government e�orts to enforce the meter, and all prices
were set by negotiation.

In addition to the universal prevalence of bargaining, at least three factors make the autorickshaw
market an ideal test case for the economic analysis of bargaining. First, autorickshaw rides are
very homogeneous conditional on observables. Given the day, time, and physical appearance of the
autorickshaw (all of which are observable), a ride from point A to B is the same (in expectation)
regardless of which driver provides it. Second, the autorickshaw market is an excellent candidate
for potential policy interventions since a �xed price per kilometer or other non-linear price schedule
is a feasible policy alternative. In many Indian cities similar to Jaipur (e.g. Ahmedabad, or
Bangalore) virtually all autorickshaw rides are priced by the meter. Many other cities have set
up "pre-pay" autorickshaw stands, where rides from the stand to various destinations each have a
speci�c, pre-determined price. This variation in market equilibria suggests that it is di�erences
in local government policy rather than in the underlying structural parameters that determines
whether a city is in a bargaining or �xed-price mechanism. Third, the price of a ride is low enough
so that data can be collected on actual transactions under the control of the researcher.

In order to collect the data, surveyors followed two protocols:

• In "real" bargaining, surveyors were told to travel through a pre-assigned series of waypoints
(for instance, from point A to B, to C, then back to A), and given a lump sum of money to
pay for the travel. Any of the payment that they did not spend on the autorickshaw fare
was theirs to keep, and once they had �nished their day's assigned circuit they were free to
return home. Thus the surveyors' opportunity cost of money and value of time in terms of
money should have been similar to what it would have been had they been bargaining on their
own.8 However, unlike real bargainers, the surveyors were required to complete their trips by

8Because of concerns that surveyors might take buses between waypoints, or negotiate with a single autorickshaw
driver for the entire route supervisors were stationed at waypoints to monitor the surveyors.
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autorickshaw, thus the "market entry" stage of the model is inapplicable to them, and their
values of rides may not be representative of the general population who choose to travel by
autorickshaw.

• In "scripted" bargaining, surveyors were assigned to stand in speci�c locations and were given
a written bargaining protocol consisting of a destination and a sequence of pre-determined
countero�ers. They then hailed passing autorickshaws, requested a ride to the destination
and bargaining with the driver according to the protocol. If the driver were to accept a
countero�er, the surveyor invented an excuse not to take the ride. Although they had no
personal stake in the outcomes, surveyors were instructed to act as if they were bargaining in
a realistic manner so that drivers would themselves respond as naturally as possible. These
scripted bargaining sequences were both cheaper and faster to collect than the real bargain-
ing interactions. They also allowed the driver's action probabilities to be measured more
accurately in states that rarely occurred in the real bargaining data.

The data from these scripted interactions can also o�er a test of endogeneity of the state
variable. A potential concern in estimation using only real bargaining is that drivers are
somehow able to signal their types to passengers in ways not captured by their previous
o�ers. These signals would then in�uence passengers' o�ers and introduce biases into the
drivers' conditional action probabilities. For instance, if one type of driver can signal a
minimum passenger countero�er below which he commits to exit, passengers may respond by
shifting their counter-o�ers upward or exiting themselves. These drivers will then never be
forced to make good their threat, and their valuations will be misestimated. The scripted
bargaining is free from this problem, since surveyors' o�ers cannot be correlated with any
statements made by drivers. The disadvantage is that they provide no information about
the passenger's bargaining habits. In all analysis that follows, the passenger's o�ers from the
scripted bargaining interactions are dropped except insofar as they serve as the state variables
for the driver's choices.

Immediately after the conclusion of the bargaining, surveyors wrote down the series of o�ers made
by the drivers and themselves, and noted the duration of the whole interaction (in seconds). They
also recorded the model and quality of the autorickshaw, as well as details about the environment
such as whether other drivers had attempted to interrupt the bargaining, the weather, and the time
of day.

In August 2010, approximately 18 months after the conclusion of the bargaining data collection,
more data was collected on the characteristics of the drivers themselves. To avoid selection bias,
surveyors hailed autorickshaw drivers from the streets and administered a short questionnaire in
exchange for a small payment (10 rupees) to encourage compliance. Despite the 18 months gap
between the driver survey and the bargaining, the qualitative features of the autorickshaw market
remained essentially the same in terms of the market structure, timing, and bargaining process.
The results of this survey, presented in table 2 below, are used to derive other parameters about
the choices of autorickshaw drivers to enter the market, in particular their potential wages outside
of the autorickshaw market.

The characteristics of the surveyors employed to collect the data has greater signi�cance in
this experimental setup than in many others, since their actions are essential for predicting the
distribution of countero�ers and exit/accept probabilities that drivers face after each possible o�er.
In order to reduce the number of state variables as much as possible, surveyors were chosen to
be homogenous on characteristics that could be observed by the drivers. Surveyors hired for this
project were all males, between the ages of 20 and 35 and dressed in similar casual clothing. All
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had �nished 10th grade, and some had several years of college or had graduated. All made the
same salary of rs. 200/day, in addition to whatever they earned from bargaining. Finally, all
surveyors took autorickshaws routinely as part of their normal personal transportation, often on
exactly the same routes as assigned those for this research. Thus the maintained hypothesis that
surveyors know the distribution of driver types and counter-o�ers and the equilibrium being played
is reasonable in this environment.

Summary statistics Table 1 presents summary statistics on bargaining for autorickshaw rides.
In total, 2993 bargaining interactions were recorded, of which 2369 (79%) were conducted with
the surveyor making o�ers from a predetermined list, and 624 (21%) in which the surveyor was
the residual claimant of any gains from bargaining. Of the real bargaining interactions, 67%
resulted in the surveyor actually taking the ride. The average duration of a bargaining interaction
was 5 rounds, which implies two exchanges of o�er/countero�er between the players, and a �nal
accept/exit decision by the driver. Bargaining was over quickly�interactions usually lasted less
than a minute. If the interaction did not lead to trade, the average wait for another potential
driver was almost 4 minutes. Some surveyors had to wait substantially longer for the next ride�the
90th percentile of the times between autorickshaws was 7:27 minutes. Trips were chosen to average
about 5 kilometers, with the longest being 8.06 kms., and the shortest 1.65 kms. Finally, the data
on o�ers suggests the role of bargaining in dividing the gains from trade between buyers and sellers:
successful interactions had an average �nal price of rs. 41 between the driver's initial o�er of rs. 56
and the passenger's average counter-o�er of rs. 35.

The set of seller o�ers observed in the data is from 20 to 100 rupees, increasing at 5 rupee
intervals, and the range of o�ers for buyers is from 15 to 65 rupees, again increasing at 5 rupee
intervals. I de�ne the set of possible actions in the backwards accordingly.

Table 2 presents the results of the interviews with drivers. On average, drivers were 35 years
old and had about 10 years of experience driving an autorickshaw. The mean driver had attended
school for over 5 years, although a substantial number (31%) reported having never attended school
at all. 46% rented the rickshaw, and of those who rented, the average daily payment was 177
rupees. The median and mode rental rate, with 52% of the observations, was rs. 200, with
substantial concentrations at rs. 150 (22%) and rs. 100 (8%). Average daily pro�t was rs. 267
(around $5.80 at the exchange rates during the time the data was collected), with rs. 151 being
paid for fuel costs. Interestingly, despite the substantial rental costs of an autorickshaw, drivers
who rented their autorickshaws made only 88 rupees less than owners, due to the fact that their
revenues were higher.

Most drivers work full-time in the autorickshaw market. The average driver worked 6.55 days
per week, and the median driver works every day. Each day, the average driver works around 10
hours, in which he transports, on average, slightly over 8 passengers or groups of passengers. Very
few (<1%) of drivers also have other jobs, but 8.44% share their autorickshaws with other drivers.
Since these drivers do not work signi�cantly fewer hours or days per week than those who do not
share their autorickshaws, they are presumably passing the autorickshaw to other drivers who work
a night shift.

Informal conversations with autorickshaw drivers suggest that there is substantial variation in
drivers' individual costs for a given ride. Many drivers operate primarily in a certain neighborhood,
and return there after delivering a passenger. Thus their cost of a trip in the direction of their
"home base" is substantially lower than a trip elsewhere. Similarly, drivers often have regular
passengers that they transport daily�for instance taking children to school. A trip in the direction
of the driver's next scheduled pickup would have a low cost, since the driver would be headed in
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that direction anyway. Finally, the 46% of drivers that rent or share their autorickshaws and must
return them at speci�c times. If the return time is approaching, the costs to taking a long ride
away from the drop o� point will be idiosyncratically high.

Di�erent passengers will also have highly variable willingness to pay for the same ride, depend-
ing on their urgency, their wealth, and other factors. Anecdotal evidence suggests that, as theory
predicts, drivers acknowledge the variability of their passengers' valuations and adjust their bargain-
ing accordingly. This may explain the experience of many foreigners who are quoted (relatively)
exorbitant initial o�ers for retail goods by Indian merchants.

Reduced form evidence from the bargaining interactions also suggests that traders' actions shift
their opponents' posterior distributions on their types. The most natural test of bargaining behavior
is whether players respond to relatively high or low o�ers by accepting or exiting the bargaining.
Figure 3 shows the probability that a player exits the bargaining conditional on the opponent's
previous o�er (top and bottom lines show 95% con�dence interval). Higher passenger o�ers decrease
drivers' probability of exit, and increase passenger exit probability (except in round 2, when no
passenger ever exited).

Figure 4 shows the relationship between previous o�ers and the probability a player accepts
their opponent's o�er. As expected, higher o�ers increase the probability of drivers accepting and
decrease passenger's acceptance probability. The sole exception is in the third round where the
relationship between driver acceptance and passenger previous o�ers appears somewhat bell-shaped,
although the con�dence intervals are large. Perhaps drivers interpret a high second round o�er as
on opportunity to extract even greater surplus. Note that in both �gures the results in rounds 4
and 5 are on the selected sample of drivers and passengers who did not exit in the earlier rounds.

Understanding the reduced form e�ect of an o�er on the potential countero�ers is more chal-
lenging because the two selection e�ects of acceptance and exit now operate within the round as
well. On the acceptance side, all driver (passenger) o�ers below (above) the preceding o�er are
mechanically unobserved, because they would lead to accepting the ride. For example, if the pas-
senger makes a high o�er to the driver, the driver's countero�er conditional on not accepting the
passenger's o�er must be even higher. This can be overcome, as I do below, by examining the
empirical CDFs of countero�ers with a mass point equal to the fraction of bargainers who accepted
located at the value of the previous o�er. The rest of the CDF shows the relative probability of
o�ers conditional on not accepting, and by comparing these portions of the CDF conditional on
di�erent values of the opponent's previous o�er we can determine whether, for instance, drivers
countero�er di�erently after a low o�er that they rejected than after a higher o�er that they would
also have rejected. There is no analogous direct method of dealing with the di�erences in exit rates
conditional on the previous o�er since it is unclear (without additional structure) what o�er exiting
players would have made had they not exited.

Subject to this caveat, Figure 5 displays how the distribution of counter-o�ers depends on the
preceding o�er conditional on not accepting or exiting. Each panel contains three kernel weighted9

CDFs, each corresponding to a di�erent cross section of the distribution of previous opponent o�ers.
Each panel tells a similar story: conditional on accepting players respond to high o�ers by making
high countero�ers. In each case the CDF of the countero�ers made to a previous o�er in the 80th
percentile is to the right of the 50th percentile previous o�er CDF, which is (weakly) to the right of
the 20th percentile. The vertical portions of the CDF on the low end of the driver's CDFs and high
end of the passenger's CDFs are caused by the mass points of accepting drivers and passengers.

9A Gaussian kernel was used, with bandwidth of σ
(

4
3∗N

)1/5
where N is the sample size and σ is the standard

deviation of the variable being smoothed. For the CDFs, both the initial o�ers and the countero�ers were smoothed
using this kernel.
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Taken together, these graphs suggests that players in this market face the classic bargaining
trade-o�: Passengers can choose to make a high o�er and get a higher probability of a favorable
counter-o�er at the risk of the driver leaving and then being forced to wait for a new autorickshaw, or
make a low o�er and get a high probability of rapid acceptance at the cost of lower surplus. Drivers
face the same trade-o� in reverse when it is their turn to make an o�er. Interestingly, �gures 3-5
suggest that these mechanisms may work slightly di�erently for the two sides of the market. Since
they are more mobile, drivers seem to punish/reward low or high passenger o�ers more through the
exit/accept decision, whereas passengers may be more responsive in the counter-o�er dimension.

These patterns are broadly consistent with the signalling equilibria in many game theoretical
models of bargaining. Drivers with high costs of providing the good or low costs of bargaining make
high initial o�ers to signal their types (since low cost/impatient drivers would not want to take this
risk), and passengers update their beliefs and modify their bargaining strategies accordingly.

6 Results

The techniques and data described above can be used to calculate both the distribution of costs
of the drivers and the valuations of passengers, representing the supply and demand sides of the
market. However, the costs and valuations recovered from this speci�c data collection strategy have
di�erent external validities: the costs are representative of the population of drivers, since drivers
approached surveyors essentially at random and were unaware that their bargaining opponents were
recording their o�ers until after the bargaining was complete. Thus the supply side is representative
of the true market supply. The demand curve represented by the estimated passenger valuations,
on the other hand, is speci�c to the context of the data collection for this paper. The surveyors
represent only a small portion of the potential market for autorickshaw rides, and are thus unlikely
to be representative of the general market for autorickshaw rides.

Due to these di�erences in external validity, I split the results section into two parts: In the
�rst section, I analyze the distribution of drivers' cost and the supply curve implied by these costs.
Here, I am able to examine the impact of policies such as enforcing the o�cial meter rate, a policy in
fact carried out by the government shortly after the study period concluded. In the second section
I interpret the valuations of the surveyors literally, and derive the optimal �xed price and implied
welfare outcomes if the surveyor valuations were those of the full population.

6.0.1 Estimated Parameters

The �xed e�ects estimation results for the drivers are displayed in �gures 6, 7, and 10. Figure
6 displays histograms containing the distribution of driver costs for the four most common trip
distances in the sample, 3, 4, 5 and 6 kilometers. Bootstrapped 95% con�dence intervals are
displayed as lines above the bars. The costs are imprecisely estimated, an outcome which may be
due to the non-parametric nature of the estimation technique. Nevertheless, the distribution of costs
appears reasonable�driver costs increase for higher distances, while their variance remains roughly
the same. Note that the range of values between the lower and upper bounds on the identi�ed set of
driver costs is so small that it is not visible on the graph. This is due, in large part, to the fact that
the moment inequalities are binding for the large majority of the sample. This suggests substantial
noise in the inequalities, perhaps coming from imprecise estimates of the drivers' beliefs on their
potential passenger's future actions. Since this uncertainty is incorporated into the bootstrapping
(the �rst stage estimation of beliefs is repeated for each bootstrapped sample), the imprecision of
the beliefs may also be contributing to the large con�dence intervals on the value distribution.
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Figures 7 and 10 display estimates of drivers' bargaining disutility kS . While the majority of
values are in the range of 0-2 rupees, the estimation suggests that over 10% of drivers have bargaining
disutilties of greater than 4 rupees per o�er�a relatively large amount considering that the mean
price of a ride taken in the data is in the range of 35-55 rupees (depending on distance), and on
average 5 o�ers are made per bargaining interaction. Finally, �gure 10 shows the three dimensional
histogram of drivers' cost and bargaining disutility for rides of 4 kilometers. The results show a
strong negative correlation (r = -.82, p = .00001) between driver's costs and dislike of bargaining:
drivers with lower costs (and thus more potential surplus) are estimated to have higher additive
costs of bargaining. Interestingly, this result is consistent with a multiplicative discount factor,
which would also generate this same type of correlation.

The results of the random e�ects logit estimation of the drivers' parameters are presented in
table 4. As expected, mean costs reported in box A are generally increasing in the distance of the
journey, although 5 kilometer rides appear to have both a very high mean and variance, and costs
appear concave with respect to distance. This may be due to di�erences in drivers' outside options
after trips to farther, more remote destinations. Estimates are reasonably precise, especially for
the most common distances of 4-7 kilometers. The correlation between driver costs and bargaining
disutility is displayed in the third column of table 4. As in the �xed e�ects estimation, it is negative
but of a much smaller magnitude and very noisily estimated. This suggests that perhaps the log-
normal distribution cannot capture the exact features of the underlying distribution of types, in
particular the . Box B presents the estimated driver disutility of bargaining. It is substantially
lower than that of the �xed e�ects estimation (.31 versus 1.3 rupees per o�er) although imprecisely
estimated.

The equivalent parameters of the distribution of passenger valuations are displayed in table
5. Strikingly, mean passenger valuations are often estimated to be lower than drivers' costs for
the equivalent distance, although the large estimated standard deviations of the passenger's log-
normal valuations create some overlap between the cost and valuation distributions at each distance.
Passenger bargaining disutility is estimated extremely imprecisely under bivariate log-normal distri-
bution, with several large outliers in the bootstrapping generating extremely large standard errors.
Finally, passenger values do not, on average show a substantial correlation with bargaining costs,
although here too the standard errors are large.

6.1 Fixed meter rates and driver utility

A policy change by the Government of Rajasthan provides a useful opportunity to test whether
the estimated driver cost distributions are in fact reasonable. The month after the �nal bargaining
data was collected (February, 2009) the Jaipur Road Transport O�cer (the road safety enforcement
agency) implemented a policy to force autorickshaw drivers to travel by the meter rate. Police set
up checkpoints and drivers found to be travelling with meters turned o� were �ned and threatened
with con�scation of their licenses. This initiative was met with strong resistance from the drivers,
many of whom went on strike and demonstrated outside government buildings. At the time, the
o�cial meter rate was 11 rupees for the �rst kilometer, and 6 rupees for each additional kilometer.
Spokesmen for the drivers' association demanded an increase of 4 rupees for the �rst kilometer, and
one rupee for each subsequent kilometer.

Table 6 shows the fractions of drivers whose estimated costs are below the meter rate, for both
the o�cial February, 2009 meter rate, and that proposed by the drivers. The results suggest that
under the o�cial meter rate relatively few drivers would be willing to accept passengers on trips
of distances in the 3-6 kilometer range. For instance, I estimate that only 18.4% of drivers would
have idiosyncratic cost shocks low enough to be willing to take passengers on a typical 4 kilometer
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journey. Although the standard errors are large, the fraction of drivers willing to accept the meter
rate is bounded below 60% for distances of 3, 4, 6, and 7 kilometers. Drivers' preferred rates
would, naturally, allow a substantially larger proportion of the drivers to operate pro�tably, and
suggest that drivers would be willing to accept virtually any trip of 7 or 8 kilometers. For shorter
distances, however, a substantial fraction of drivers remain might be unwilling to travel. Note that,
because drivers' costs are passenger speci�c, this does not imply that these high cost drivers will
never accept a passenger. This fraction represents those drivers whose costs are high because the
proposed trip is in the opposite direction of where they are travelling at the moment, or who have
other, transient reasons to turn down a passenger.

Given the estimated costs and bargaining disutility of drivers in the bargaining status quo, I
can investigate the question of what alternative meter rates would in fact ensure that the drivers
continue to participate in the market. In accordance with standard taxi or autorickshaw meters, I
allow the price to have both a lump sum "meter down" component η1 and variable per-kilometer
rate η2; to conserve notation, let the vector η = η1 + η2d for distance d. I then solve for the price
that sets drivers ex-ante utility under the �xed price regime with price η equal to their expected
welfare under bargaining

1

1− δ
(−κS + µSEc,d [η − c]) = Ec,v,d [US (c, v)]

In a partial equilibrium framework, where both drivers' matching probabilities µS and their search
costs and discount rates remain unchanged by the switch to �xed prices, the price that would make
drivers indi�erent between the �xed price market and the bargaining status quo is implied as the
solution to

η : Ec,d [η − c] = Ec,k,d [V (t = 1; c, k, d)]

where V (t = 1; c, k, d) = Ev [uS (c, k, v) |c, k, d] is the drivers' dynamic utility of the �rst round of
the bargaining game for a journey of distance d, net of the continuation value of remaining in the
market after trade occurs or does not occur.

Since autorickshaw meter prices have both an intercept (�rst kilometer price) and slope (price
for subsequent kilometers), there is a continuum of prices that satisfy this condition. Figure 11 plots
these prices on the lower, dashed line, with the higher, solid line showing the set of prices that would
set driver's expected �xed price pro�ts equal to the nominal amount they received from passengers,
not including any disutility costs. Both price schedules are substantially higher than the existing
government rate of 11+6rs./km, and con�rm that drivers' welfare would decrease from enforcing
the o�cial rate unless a substantial number of new passengers entered the market. Interestingly,
the drivers' suggested rate of 15+7rs./km lies very close to the set of prices which would keep
drivers indi�erent, in utility terms, to the current bargaining system. While these results cannot be
interpreted too strongly given the partial equilibrium nature of the analysis, they suggest that the
distribution of costs recovered for the drivers may indeed re�ect the true parameters.

6.2 The Pre-Paid Autorickshaw Stand

While the drivers' valuations are informative about the supply side of the market, a full comparison
of the welfare implications of bargaining versus �xed prices must include the distribution of valu-
ations and bargaining costs of the passengers as well. However, as mentioned earlier, the survey
design can provide information only on the parameters of the valuations of the surveyors themselves,
who are both a restricted portion of the distribution of passengers, and are taking rides because
they are required to do so for their jobs.
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Subject to these caveats, I consider the counterfactual policy of allowing passengers the option
to purchase an autorickshaw ride at a �xed meter price instead of beginning bargaining with a
driver. This option, known as the �pre-paid stand�, currently exists in some Indian airports and
train stations, although primarily for the taxi transportation markets. Passengers choose to take
the pre-paid autorickshaw at price η instead of bargaining if

v − η ≥ Ec [UB (c, v) |v] + κB

where the search cost is added back to the passenger's expected utility since the passenger could
choose to immediately engage in bargaining with one of the drivers waiting at the autorickshaw
stand. Under the partial equilibrium assumptions that passengers' outside bargaining option re-
mains the same, their choice to purchase the �xed price autorickshaw ride can be expressed in terms
of the estimated valuation v̂ as

v̂ − η ≥ VB (t = 1; v̂, k)

where VB (t = 1; v̂, k) = Ec [uB (c, v) |v, k] is the passenger's �rst round dynamic utility from the
bargaining game.10

I solve for the optimal pre-paid price, subject to the constraint that drivers are indi�erent (in
ex-ante utility) between going to the pre-paid stand and seeking a new bargaining interaction. This
condition ensures that drivers themselves would be willing to pick up passengers at the �xed rate,
while avoiding the issue of congestion and long waits at the auto stand. While a price that does
not satisfy this constraint might yield higher overall surplus (for instance one in which drivers wait
longer to �nd a passenger at the stand than to �nd a bargaining passenger) the lack of information
about the matching function makes evaluation of this case di�cult given the available data. I thus
solve for

η∗ =argmaxηEv̂ [max {v̂ − η, VB (t = 1; v̂, k)}]
subject to Ec [η − c] =Ec,k [V (t = 1; c, k)]

Searching through the set of prices yields an optimal price of rs. 8.7 for each kilometer and 0
�xed meter down costs. At these prices, passengers' mean per-period surplus would be 28% higher
than their surplus without the option of using the autorickshaw stand. However even with the
option of the pre-paid stand, 63% of passengers would still prefer to make remain in the bargaining
market, suggesting that, at least for the sample of passengers in the data, bargaining remains a
valuable option despite its costs.

Several factors suggest that these welfare estimates may be a lower bound. First, if relative to
the full population of buyers, the sample buyers had low valuations of the ride and were relatively
patient (as might be expected given their incentive structure) then higher valuation passengers
with greater bargaining disutility would stand to gain more from the introduction of the �xed price
autorickshaw stands. Second, if certain types of buyers choose the �xed price over bargaining,
drivers will have better information regarding the types of buyers who choose to remain in the
bargaining market. This extra information may improve the e�ciency of the bargaining outside
option, albeit at some transfer of surplus from passengers to the now better informed drivers.

10For passengers, who make the second o�er, calculating mean expected interim utility requires �rst averaging
over driver initial o�ers:

Ec [uB (c, v) |v, k] =
∑

xj∈XS1

Pr (xS1 = xj)VB (xj , t = 2|v̂n, kn)
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7 Conclusion

This paper has applied the theories of market design and bargaining and the empirical techniques of
dynamic structural estimation to the comparison of markets with either bargaining or �xed prices.
Unlike earlier papers on empirical bargaining that have tested the reduced-form implications of
bargaining models, I have used the structure of the extensive form of the bargaining game to
calculate payo�s and hence the structural parameters of the model. However, in contrast with the
laboratory bargaining literature, I do not specify a particular game theoretical model of bargaining.
Instead, following the literature on the estimation of dynamic games, I estimate the equilibrium
strategy functions from the data and then solve for the parameters that imply that players' actions
are optimal given their opponents' expected responses. These techniques, originally developed to
analyze �rm entry and exit, have rarely been applied outside that context and this study represents
their �rst application to the �eld of bargaining.

In the speci�c case studied�the market for local transportation in Jaipur, India�giving traders
the option to avoid bargaining and purchase a ride immediately at a �xed price is shown to increase
overall welfare by allowing high value buyers to opt out and avoid incurring the disutility of bargain-
ing. However, even with the option of a �xed price, the majority of buyers are estimated to have
valuations and bargaining disutility such that they would prefer to remain in the bargaining market,
suggesting that, at least for the buyers in this sample, �exible mechanisms such as bargaining retain
substantial value. Generalizing these results to consider the counterfactual of a complete switch to
�xed prices would require more information about buyers' and sellers' entry choices into the market
and matching probabilities, and is a natural next step for future research.

More broadly, structural parameters of bargaining models are of great interest in a variety of
settings, for instance in determining the cost of �rm/union wage negotiations, or the transactions
costs to purchasers of new homes. The choice between bargaining and �xed prices is itself relevant
in many other contexts, including markets in developing countries for automobiles, or negotiations
between health-care providers and insurance companies. Given data on the series of bargaining
o�ers, the estimation performed in this paper for the autorickshaw market could be applied to any
market with bargaining, and the same analysis could be undertaken. Structural analyses of this
type have proven to be a robust and useful tool for the analysis of other market mechanisms, in
particular auctions, and this paper has taken the �rst step toward applying them to the rich set of
questions in the �eld of bargaining.
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Table 1: Summary Statistics of Bargaining

Mean Median

Number of Bargaining Interactions 2993

     Real bargaining 624

     Scripted bargaining 2369

Percentage ending in trade: 66.51%

Number of periods per interaction: 4.93 5.00

(1.25)

Total duration of an interaction: (seconds) :55 :49

(:36)

Length of time between autorickshaws 3:49 2:25

(5:14)

Distance of trip (kms) 5.03 4.87

(1.22)

Driver initial offer 56.26 60.00

(10.70)

Passenger counteroffer 34.68 35.00

(8.50)

Final price if trade occurs 41.29 40.00

(7.73)

Table 2: Summary Statistics of Drivers

Mean Median

Total number of driver interviews 678.00

Driver age 37.44 36.00

(10.27)

Years spent as autorickshaw driver 10.30 8.00

(8.51)

Percentage renting the autorickshaw 0.35 7.50

(8.13)

Rental rate 166.97 186.67

(52.42)

Daily revenue 383.22 400.00

(115.43)

Daily profit (not including rental) 243.66 200.00

(96.76)

Percentage renting the autorickshaw 46%

Rental rate 177.17 200.00

(44.48)

Daily revenue 494.31 500.00

(130.19)

Daily profit (not including rental) 267.15 250.00

(103.97)

Standard deviations in parentheses

All details of bargaining calculated from real bargaining interactions.  
Standard errors in parentheses.



Round Player: N Accept Counteroffer Exit

1 Driver 624 0% 100% 0%

2 Passenger 624 0% 100% 0%

3 Driver 617 1% 99% 0%

4 Passenger 523 10% 83% 8%

5 Driver 435 44% 34% 22%

6 Passenger 165 46% 37% 16%

7 Driver 68 65% 20% 15%

8 Passenger 15 73% 20% 7%

9 Driver 3 100% 0% 0%

Action

Table 3: Players' Actions in Each Bargaining Round - 
Interactions with surveyor as residual claimaint



Mean Std. Deviation

2 km 41.86 0.25 -0.01
(5.48) (6.90) (0.16)

3 km 42.18 3.03 -0.12
(2.80) (13.20) (0.15)

4 km 46.14 4.09 -0.15
(2.98) (1.96) (0.11)

5 km 66.14 13.85 -0.37
(4.17) (1.83) (0.09)

6 km 56.49 2.11 -0.06
(3.18) (2.37) (0.10)

7 km 49.99 6.71 -0.23

(5.43) (6.11) (0.13)

8 km 56.08 10.80 -0.34
(4.24) (11.86) (0.15)

Mean Std. Deviation

0.31 0.11

(0.17) (0.19)

Mean Std. Deviation

2 km 31.38 18.05 0.00
(12.31) (8.72) (0.21)

3 km 25.61 9.31 0.00
(8.64) (3.95) (0.22)

4 km 46.14 12.20 0.00
(4.57) (4.57) (0.13)

5 km 49.30 6.81 0.00

(4.79) (3.84) (0.10)

6 km 49.86 6.10 0.00
(1.74) (1.44) (0.07)

7 km 56.17 12.76 0.00
(5.98) (6.99) (0.10)

8 km 87.88 37.96 0.00
(19.84) (21.66) (0.25)

Mean Std. Deviation

0.57 2688.75

(2.88E+06) (2.70E+21)

B: Passengers' Bargaining Disutility

Costs Correlation with bargaining 
disutility

B: Drivers' Bargaining Disutility

Costs

Table 4: A: Estimated Driver's Parameters - Log-normal Types:

Correlation with bargaining 
disutility

Table 5: A: Estimated Passengers' Parameters - Log-normal Types:



Price
Cost- high 

bound
Cost- low 

bound Price
Cost- high 

bound
Cost- low 

bound

2 km rs. 23 27.78% 55.56% rs. 29 61.11% 66.67%
(14.67%) (14.98%) (12.78%) (12.94%)

3 km rs. 29 13.66% 13.66% rs. 36 42.44% 42.44%
(5.00%) (4.97%) (11.44%) (11.40%)

4 km rs. 35 18.60% 18.60% rs. 43 55.14% 55.14%
(9.99%) (10.04%) (8.34%) (8.37%)

5 km rs. 41 38.75% 38.75% rs. 50 74.79% 74.79%
(16.74%) (16.74%) (20.18%) (20.13%)

6 km rs. 47 32.60% 32.60% rs. 57 66.89% 66.89%
(9.61%) (9.62%) (6.39%) (6.38%)

7 km rs. 53 31.78% 31.78% rs. 64 95.33% 96.26%
(12.32%) (12.42%) (4.92%) (5.02%)

8 km rs. 59 45.24% 46.03% rs. 71 99.21% 99.21%
(13.84%) (13.65%) (1.78%) (1.78%)

Official meter rate

Table 6: Percentage of drivers with costs below meter rate

Drivers' proposed rate

Bootstrapped standard errors in parentheses



Figure 1: Market Timeline 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Extensive Form of Bargaining Game 
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Figure 3: Exit Probabilities 

 
Figure 4: Accept Probabilities 

 



Figure 5: CDF of Counter-offers and different previous offer percentiles 

 



Figure 6: Driver Costs 

 
 

Figure 7:  Driver Bargaining Disutility 
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Figure 8: Passenger Valuations 

  

Figure 9: Passenger Bargaining Disutility 
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Figure 10: Driver Costs and Bargaining Disutility for 4 km. trips: 

  

Figure 11: Set of Prices such that Drivers are Indifferent Between Fixed Price and Bargaining: 
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