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Abstract
We report an experiment designed to study bargaining behavior between one buyer and multiple sellers
with complementarity, and how it is influenced by fairmess concern and information transparency. We
base our setup on a structured alternating-offer bargaining model in which a buyer procures
complementary items from two heterogeneous sellers with endogenous choice of the order of bargaining.
In addition, we implemented an information transparency manipulation regarding whether the sellers
were informed about each other’s offers/counteroffers with the buyer. Experimental behavior exhibited
deviations from equilibrium predictions that did not differ significantly by information condition,
suggesting that sellers were not significantly influenced by direct social comparison between each other.
Further analysis suggests that each seller demanded splitting the value of the deal approximately half-half
with the buyer as a normative fairness benchmark. The buyers, on the other hand, did not have a demand

for fairness that was based on a fairness benchmark.
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1. Introduction

Bargaining that involves multiple parties abound in all domains of life; a common subset is one-to-many
bargaining with complementarity, where the “one” must reach an agreement with all or a subset of the
“many” to derive any benefit from the overall deal. Examples include land assembly (Portillo 2022),
where a property developer needs to purchase contiguous parcels of land from multiple landowners in
order to complete a project. Likewise, when the U.S. Federal Communications Commission (FCC) seeks
to repurpose spectrum, it faces a one-to-many bargaining challenge where a profitable reallocation
requires acquiring large contiguous spectrum blocks, but spectrum ownership rights are fragmented
among many independent sellers. One-to-many bargaining with complementarity also occurs widely in
modern manufacturing of products from consumer electronics to automobiles and aircraft, where original
equipment manufacturers (OEMs) in a supply chain need to purchase inputs from multiple independent
suppliers (e.g., Laussel 2008, Davis, et al. 2022). Other examples include the formation of a coalition
government where the designated prime minister needs to negotiate separately with multiple parties in
order to form a majority coalition, a labor negotiation process in which an employer needs to reach wage
deals with different unions separately, or a pharmaceutical development project in which a firm needs to
bargain with multiple patent holders to commercialize a treatment. Also, in financial crises, firms in dire
circumstances need to deal with multiple creditors and often bargain with multiple unions with different
timelines.

Fairness concern could have a key influence in these and many other instances of one-to-many
bargaining with complementarity, as the voluminous behavioral research on fairness concern in two-party
bargaining behavior suggests (see, e.g., Galeotti, Montero, and Poulsen 2019). However, fairness concern
in one-to-many bargaining with complementarity could be more complex than in two-party bargaining.
Consider, for example, a setting in which a buyer needs to close price deals with most or all of multiple
sellers holding a complementary item each (Gupta and Sarkar 2019). There could be two different types
of fairness concern. First, direct social comparison between the sellers regarding the deals and offers they

receive could induce inequity aversion (Fehr and Schmidt 1999) that reflects a “horizontal” fairness



concern (Giith et al. 2001). Secondly, bargainers might also be influenced by a highly localized and
normative “vertical” fairness concern (Giith et al. 2001), with which a deal between the buyer and a seller
is fair as long as the deal offers a division of the “pie” (value of the deal) between the two that is
considered fair.

An example of “horizontal” fairness concern was studied by Ho and Su (2009), who analyzed two
identical ultimatum games played sequentially by a leader and two followers. Using laboratory
experimental data and a social comparison model adapted from Fehr and Schmidt (1999)’s model of
inequity aversion, those authors estimated that horizontal fairness between the followers is two times
stronger than distributional fairness between leader and follower. However, in that study the two
followers were symmetric and engaged in two ultimatum games that were independent in terms of the
size of the “pie” (value to be divided), so that equal treatment might appear to be a natural fairness norm
that would also induce direct social comparison between the followers. Moreover, in Ho and Su (2009)’s
setting, the first agreement (or disagreement) does not constrain the value of the pie to be divided in the
second stage. This is very different from our setting — which is more pertinent to realistic one-to-many
bargaining — where a single “pie” is to be divided sequentially and the first division put a limit on how
much the leader can offer the second follower. Further, to derive any value, the leader must reach an
agreement with both followers. It is not clear if the Ho and Su (2009)’s findings will hold when the leader
is negotiating a multiparty split of the same “pie” with highly asymmetric followers like in many cases of
one-to-many bargaining including the experimental setting to be reported. In fact, in a previous two-party
bargaining experiment that involved a three-way split among the bargaining parties plus an inactive
“dummy” (Giith and van Damme 1998; see also Bolton and Ockenfels 1998), a very different picture
emerged: the study showed that responding bargainers might be largely influenced by their own “vertical”
fairness benchmarks (in terms of the proportion of the “pie” that is considered a fair share for themselves)
regardless of how much the dummy was receiving, so that direct social comparison did not play a

significant role.



A major objective of the present research is to examine, through a laboratory experiment, how the
two different types of fairness concern might influence behavior in one-to-many bargaining with
complementarity. In our experiment, human subjects assumed the roles of bargaining players with
corresponding economic incentives in a game that was based on an alternating-offer one-buyer-two-
sellers bargaining model (Xiao 2018) where the buyer could choose the order of bargaining. Through our
setup, we could analyze various aspects of bargaining behavior at a granular level during the process of
bargaining, such as the buyer’s choice of bargaining order, the players’ offers/counteroffers and responses
to them, as well as the final bargaining outcomes. We could then obtain evidence regarding whether/how
these observations of bargaining behavior might deviate from strategic benchmarks obtained from
standard game-theoretic analysis, and if so, in what ways might the different types of fairness concern be
able to explain the deviations.

Our experimental design also included a between-subjects information transparency
manipulation. Under the full information condition, the two sellers were fully informed about the
bargaining history of each other with the buyer. Under the partial information condition, each seller was
not informed about the offers/counteroffers the other seller received from/gave to the buyer or the price of
the deal the buyer and the other seller have reached and was only informed if a deal had been reached or
not. Our information manipulation allowed us to detect “horizontal” fairness concern between the sellers,
as it gave each seller access to information about the deals of the other seller, which might then facilitate
direct social comparison. Equilibrium predictions under standard assumptions of self-interest
maximization would be the same for both information conditions. However, if direct social comparison
between sellers was an important influence on their behavior, we might be able to observe significant
differences in bargaining behavior across the information conditions. Previous behavioral research on
bargaining and other market behavior has also found that fairness perceptions might vary with the level of
provision of information in different settings (e.g., Anbarci and Feltovich 2018, Comola and Fafchamps
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investigate how information transparency might or might not make any difference in a setting of one-to-
many bargaining with complementarity, as we do here.

Our information manipulation was additionally motivated by transparency issues in real-life one-
to-many bargaining. Traditionally, deals between a buyer and each seller might often be kept confidential
from other sellers. However, increasing social concern for governance has pushed bargaining deals
toward greater information transparency in domains such as land (e.g., Monbiot et al. 2019, Chapter 2)
and supply chain (e.g., Sodhi and Tang 2019), where one-to-many bargaining is common. Our
experimental design is therefore aligned with a public policy interest to examine whether transparency
can make a difference in such scenarios.

The data from our experiment present a number of major findings. First, behavior differed from
equilibrium predictions significantly. While equilibrium prescribes that the buyer should bargain with the
weaker seller (in terms of the income stream that the seller receives before making a deal) first, buyers in
the experiment chose to bargain with either seller first with approximately equal likelihood, irrespective
of the information condition. Moreover, deal prices with the weaker (stronger) seller were higher (lower)
than in equilibrium, also irrespective of the information condition. We also observed that information
transparency had little influence on behavior in our experiment. Further analysis of the possible influence
of fairness concern in the form of direct social comparison between sellers reinforces the implication of
the non-significant effect of information transparency, namely that sellers were not significantly
influenced by direct social comparison or a “horizontal” fairness concern.

We next analyze our response data using a fairness model that is adapted from De Bruyn and
Bolton (2008), through which we estimate the bargainers’ normative fairness benchmarks for deals as a
“yertical” fairness concern. Our estimations suggest that sellers consider splitting the value of the deal
approximately half-half with the buyer to be fair, and their fairness benchmark did not vary with factors
such as the asymmetry between the sellers. The observed seller responses reflect a tradeoff between
normative fairness demand, the pecuniary value of the deal price, and the seller’s income stream. The

buyers, on the other hand, did not have a demand for fairness that was based on a fairness benchmark. In



sum, robust normative fairness benchmarks, as a “vertical” fairness concern — an entrenched demand of a
fair share of the current bargained value with the buyer — played a significant role in bargaining behavior
in our experiment, including its deviations from equilibrium predictions.

Our work contributes to research on behavior in one-to-many bargaining and more generally
multiparty bargaining. Existing behavioral experiments on one-to-many bargaining tend to focus on
specific major applications such as land assembly (e.g., Eckart 1985, Winn and McCarter 2018,
Chaturvedi 2020, Portillo 2022) and supply chain (e.g., Lovejoy 2010, Leider and Lovejoy 2016). Other
types of multiparty bargaining experiments have examined contexts such as market design (e.g., Goeree
and Lindsay 2020) and legislative voting (e.g., Baranski and Morton 2022). In terms of bargaining
protocols, both freeform (e.g., Bolton et al. 2003, Leider and Lovejoy 2016) and structured bargaining
approaches (e.g., Cadigan et al. 2009, 2011, Swope et al. 2014, Collins and Isaac 2012, Parente and Winn
2012, Zillante et al. 2014, Kitchens and Roomets 2015, Isaac et al. 2016, Portillo 2019, DeSantis et al.
2019) have been adopted. The research objectives of these studies cover a host of bargaining variables
including contingent vs. non-contingent contracts, buyer proposes vs. sellers propose, sequential vs.
simultaneous offers, number of sellers, strict complementarity vs. partial complementarity, and whether
the buyer can invoke eminent domain. However, our experiment is the first to focus on fairness concern
as well as information transparency in a structured one-to-many bargaining setup, which facilitates the
study of behavior during the bargaining process. In particular, our investigation into fairness concern
distinguishes between direct social comparison between sellers as a “horizontal” fairness concern, and
normative benchmarks of fair split between each seller and the buyer as a “vertical” fairness concern —
issues that have been scarcely explored in previous related research.!

In the rest of this paper, we first introduce the bargaining game on which the experiment was

! Note also that our research objective regarding information transparency is different in nature from previous
theoretical analysis of confidentiality/transparency in one-to-many bargaining, such as Noe and Wang (2004),
Chowdhury and Sengupta (2012), and Krasteva and Yildirim (2012a, 2012b, 2019). These works typically examine
transparency in a payoff-relevant asymmetric information framework rather than with a focus on direct social
comparison. Regarding the use of information manipulation to examine fairness concern in bargaining behavior,
previous examples include Straub and Murnighan (1995) and Croson (1996) in the context of the ultimatum game.



based. We discuss the equilibrium predictions for the model and then the information manipulation. We
then report our data analysis findings including our analysis and estimations on the influence of fairness.
Finally, we offer a concluding discussion on our findings and their implications.

2. Experimental Design

2.1. The Theoretical Model: Motivations and Outline

In proceeding with our investigation, we sought to base our experimental bargaining game on a
theoretical model that captures several common characteristics in one-to-many bargaining scenarios,
including the examples at the beginning of this article. These characteristics include: (1) a buyer needs to
purchase complementary items from multiple sellers, (2) the sellers are heterogeneous, (3) the buyer
endogenously choose the order of bargaining, (4) there could be multiple periods of interactions between
the buyer and the same seller before a deal is closed with that seller. In addition, we looked for theoretical
models with unique equilibrium outcomes that could be used as unambiguous point predictions.

Earlier theoretical treatment of one-to-many bargaining typically assumed an exogenous ordering
protocol (see, e.g., Horn and Wolinsky 1988, Stole and Zwiebel 1996, Cai 2000, 2003). Subsequently,
Noe and Wang (2004), Marx and Shaffer (2007), and Krasteva and Yildirim (2012a, 2012b, 2019) study
endogenous sequencing in one-buyer-multiple-seller bargaining where the buyer interacts with each seller
only once. A number of recent studies look at endogenous order of bargaining between one buyer and
multiple heterogeneous sellers in a sequential context involving potentially repeating offers and
counteroffers. Ko and Li (2020), in a contingent contract setting (under which payoffs are realized only
after the buyer has completed making deals with all the sellers), and Gao and Xu (2021), in a setting
where the sellers’ items are non-complementary to the buyer, both obtain multiplicity results. The few
works of this kind that yield unique equilibrium predictions include Xiao (2018), who analyze models
with perfect complementarity and binding cash-offer contracts, so that a seller receives the agreed price in
cash once a deal is reached and leaves the game immediately. The sellers are, moreover, heterogeneous in

having different inside options. Xiao (2018) shows that there is a unique equilibrium if the sellers’ inside



options are not too large and are sufficiently different from each other; in equilibrium, the buyer prefers to
negotiate with the seller with the lower inside option first.?

As such, we based our experimental game on an infinite horizon version of Xiao (2018)’s model,
which exhibits the common characteristics mentioned above and offers a unique equilibrium outcome that
could be used as unambiguous point predictions. In the model, a buyer seeks to purchase two perfectly
complementary items from two sellers. Each seller owns one item. Each item by itself has zero value to
the buyer, but the value of the combined items to the buyer is V'3 > 0. Bilateral bargaining takes place
sequentially with a series of offers and counteroffers that are time-discounted by a common per-period
discount factor &, and follows an endogenous order determined by the buyer as the game proceeds. Seller
i (i € {L, H}) earns a per-period income of v;(1-9) from their item as long as they own it, which is the
seller’s inside option. The value v; is thus the total time-discounted income stream obtained if a deal is
never reached. The sellers are heterogeneous in having unequal per-period incomes. Assume, without loss
of generality, that v, < v, so that Seller L is the seller with the lower inside option value and will
henceforth be called the low-value seller. Seller H will henceforth be called the high-value seller.

2.2. Experimental Implementation of the Model

To implement the model in the experiment, one player was assigned the role of Buyer and the other two
players the roles of Sellers. To operationalize time discounting in the laboratory, we adopted an
experimental procedure that makes use of the equivalency between such a game and a multi-period game
with random termination (Zwick et al. 1992, Fréchette and Yuksel 2017). In our design, each
experimental game consists of an indefinite number of periods and, conditioned on the game being played
currently, there is always a fixed probability  that the game would continue to the next period. This
continuation probability is equivalent to the common time discount factor o= r in an expected utility

framework, so that the experimental bargaining process mimics an infinite horizon with time discount

2 In relation, Sarkar (2016) finds that, among the two exogenously given bargaining order protocols in his model, the
buyer prefers the one that starts with negotiating with the lower-valuation seller.



factor 6. The game ends if the Buyer makes deals with both Sellers or if the game is terminated randomly
before that.

As in the theoretical model, the experimental game involves a sequence of price offers and
counteroffers. It takes one period to make and accept/reject an offer. In the first period of the game, the
Buyer makes an offer to the Seller of their choice. This Seller can accept or reject the offer. If the Seller
accepts the offer, a deal is made, their item is sold, and this Seller leaves the game. If the Seller rejects the
offer, they stay in the game. If the game continues to the next period (with a probability of r), this Seller
makes a counteroffer to the Buyer for the sale of their item. If the Buyer rejects the counteroffer and the
game continues to yet another period, the Buyer makes an offer to one of the Sellers that are still in the
game; if both Sellers are still in the game, the Buyer can choose which of them to make an offer to.

The parameters in our experimental game are V3 = 100, v, = 10, vy = 50, and » = = 0.9. That is,
the incomes per period for the low-value and high-value Sellers are vi(1-0) = 1 and vu(1-0) =5,
respectively, and the Buyer earns 100 if and only if deals have been agreed with both Sellers. All of the
parameter values are common knowledge in the experimental game. The time discount factor = 0.9 is
implemented as a random continuation probability » = 0.9 for the game to proceed to another period.

— Insert Table 1 around here —
2.3. Equilibrium Predictions
Xiao (2018)’s theoretical findings, based on standard game-theoretic equilibrium analysis assuming self-
interest maximization, common rationality, and subgame perfection, are used to generate the theoretical
predictions for our experiment. Our experimental parameters satisfy the conditions of Xiao (2018)’s
Proposition 4, so that the experimental game has a unique equilibrium outcome. The specific equilibrium
offers and subgame equilibrium offers/acceptance thresholds along off-the-equilibrium paths for our
experimental parameters can be calculated using the results in Xiao (2018) and are listed in Table 1; see
Appendix A for more details about the calculation of equilibrium predictions. The equilibrium prescribes

that the Buyer makes a relatively low offer of 16.48 to the low-value Seller first and the low-value Seller



accepts the offer. If the game continues to the next period in the experiment, the Buyer makes a relatively
high offer of 73.68 to the high-value Seller, which is also accepted, thus concluding the game. Notably,
the Buyer and the high-value Seller would not make a deal in any off-the-equilibrium play before a deal
was made with the low-value Seller — the Buyer and the high-value Seller should prefer to wait for a deal
with the low-value Seller being reached first.

Although both Sellers have equal “vetoing” power from the point of view of the Buyer — the
Buyer can make any gains only after reaching deals with both Sellers — in equilibrium, the low-value
Seller reaches a deal with a lower price than the high-value Seller. This is because each Seller has to trade
off between continuing earning their inside option and reaching a deal (when they will stop earning the
inside option); this tradeoff, including the opportunity costs involved, leads to asymmetric considerations
from the Sellers’ point of view despite the apparent symmetry in their “vetoing” power from the point of
view of the Buyer. The Buyer, factoring these in, would then find it strategically optimal and feasible in
equilibrium to make different offers to different Sellers as prescribed.
2.4. The Information Manipulation
As discussed earlier, we also manipulated, across two between-subjects experimental conditions, the
information that was available to each Seller, so that the level of information transparency between
Sellers was different across conditions. In the full information condition, each Seller was fully informed
about the bargaining history between the Buyer and the other Seller. This included the value of each
offer/counteroffer, and if agreement had been reached, the price that was agreed upon. In the partial
information condition, each Seller was only partially informed about the bargaining history between the
Buyer and the other Seller. The Seller was only informed about the fact that bargaining was taking place
between the Buyer and the other Seller, and after bargaining, whether a deal had been reached — but not
about the deal price.

In terms of game-theoretic analysis, the only strategically relevant information to a Seller would
be whether the other Seller was still in the game (i.e., whether a deal had been reached with that Seller or

not) but not the offers/counteroffers between the Buyer and the other Seller, nor their agreed deal price (if



any). That is, all equilibrium predictions are the same across the information conditions. However, as
discussed, the full information condition could behaviorally facilitate direct social comparison and induce
inequity aversion (Fehr and Schmidt 1999) that influences behavior as a “horizontal” fairness concern.

3. Method

3.1. Subjects

Two hundred and nineteen subjects, students from a large Western US university, volunteered to
participate in an interactive decision-making experiment with payoff contingent on performance. The
subjects were divided into 24 experimental sessions. Two sessions had 6 subjects each (one session in
each information condition), 19 sessions had 9 subjects each (nine sessions in the full information
condition and 10 sessions in the partial information condition), and three sessions had 12 subjects each
(two sessions in the full information condition and one session in the partial information condition). That
is, 111 subjects were assigned across 12 sessions in the full information condition and 108 subjects were
assigned across 12 sessions in the partial information condition. Each subject participated in a single
computer-controlled session that lasted about 100 minutes and included 15 games. The first 3 games were
for practice and the next 12 games were for payment. At the end of the session, subjects were paid their
average earnings from the 12 for-payment games in addition to a fixed $8 show-up fee. On average,
subjects were paid $31.56 each.

3.2.Procedure

Upon arrival at the laboratory, subjects were randomly assigned to separate cubicles and handed printed
instructions. A sample of the instructions is available in Appendix B. After reading the instructions,
subjects were asked to complete an online quiz that tested their understanding of the instructions. While
answering the questions, subjects could consult the instructions. If an answer was incorrect, feedback with
an explanation for the correct answer was given. The first practice game started after all subjects in the
session answered all the questions correctly.

— Insert Fig. 1 around here —
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The two Sellers were labeled Seller Blue and Seller Green. In the experimental decision interface,
which was similarly designed for all players, Seller Blue was always presented on the left side of the
screen and Seller Green was always presented on the right side (Fig. 1). To mitigate potential confounds
with psychological biases associated with these presentation features, in 13 of the sessions, Seller Blue
was the low-value Seller (van. = vi = 10) and Seller Green was the high-value Seller (Vgreen = vir = 50). In
the rest of the sessions, the inside options were reversed between Seller Blue and Seller Green.

During the three practice games, each subject played each role once. During the 12 for-payment
games, each subject played each role four times. In addition, the three-player groups within every session
were randomly re-matched from game to game. The bargaining protocol and computer-subject interface
were implemented in oTree (Chen et al. 2016). The players’ screen was divided into a Negotiation Table
and a History Window (Fig. 1). In the Negotiation Table, the active player could make an offer or respond
to an offer from another player. In order to offer ample information for subjects to learn to play the game
strategically, the History Window presents the history of all previous games (by period) and the history of
the current game up to the current period. The difference between the information conditions was that a
Seller could (could not) see the offers/counteroffers between the other Seller and the Buyer in the full
(partial) information condition — as is evident from a comparison of the two panels in Fig. 1.

— Insert Fig. 2 and Tables 2 and 3 around here —
4. Preliminary Analysis of the Experimental Data
In assessing bargaining behavior in our experiment, we focus on the for-payment games in the
experimental sessions. Fig. 2 presents a breakdown of these games in terms of the type of deals made (if
at all). We also divide the 12 for-payment games in each session into two blocks of six games and
aggregate data separately in each block, in order to test for learning effects upon repeated play. Table 2
lists the means of major dependent variables by block and information condition, with notations that
indicate deviations from equilibrium predictions and learning across blocks. Note that he unit of
observation in this set of statistical analysis is an experimental session, within each of which subjects

were re-matched into three-player groups from game to game. Further analysis is reported in Appendix C.
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Overall, bargaining behavior in our experiment deviated significantly from equilibrium
predictions:

(1) An equilibrium prediction is that the Buyer would make an offer in Period 1 to the low-value
Seller. However, offers that were made to the low-value Seller in the experiment accounted for only
around 50% of the Period 1 offers over much of the session. Statistical analysis of the evolution of this
choice variable across blocks does not yield significant learning effects. Further analysis with aggregation
over all paid games (see Table 3 for relevant summary statistics) shows that, according to paired z-tests at
95% significance level: (a) the period at which the first deal was made did not differ significantly
according to whether the first deal was made with the low-value or high-value Seller; and (b) the price at
which a deal was made with a particular type of Seller (low-value/high-value) did not differ significantly
according to whether the deal was the first or the second to be made within a game. Both findings deviate
from equilibrium predictions, including the prediction that a deal with the high-value Seller could never
occur before a deal with the low-value Seller (Table 1).

(2) Equilibrium analysis predicts that the bargaining game should not be more than two periods
long. A deal with the low-value Seller should be reached in Period 1, followed by the second and final
deal with the high-value Seller in Period 2 — which would happen with 90% probability in the experiment
due to random termination. However, Fig. 2 shows that the proportion of games with two deals, which is
between 40% and 45% across information conditions, is clearly lower than 90%. Moreover, the
bargaining process was in general much longer than the equilibrium prediction: it took, on average, more
than five periods to reach a deal with any Seller in the experiment. Table 2 also suggests that the number
of periods to make a deal with the low-value Seller was in general about the same as that for the high-
value Seller. This is supported by paired ¢-tests for Block 1 in the full information condition and for both
blocks in the partial information condition with p > 0.1 in all three tests.

(3) Table 2 indicates that, on average, the low-value (high-value) Seller made deals with a higher

(lower) price than the corresponding equilibrium prediction.
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(4) Table 2 also shows that, in each block and information condition, compared with equilibrium
predictions, the Buyer earned about as much or lower payoff on average, the low-value Seller earned
significantly higher payoff on average, while the high-value Seller earned significantly lower payoff on
average. Moreover, the welfare was significantly lower than equilibrium prediction on average.

In Sections 1 to 4 of Appendix C, we report a set of additional analysis of the bargaining
dynamics in the experiment with respect to offers/counteroffers and responses to them. In particular, the
analysis reported in Appendix B suggests that:

(5) Subjects were insufficiently strategic and did not base their decisions in the bargaining game
on the number of Sellers still in the game (which makes crucial differences in the equilibrium), nor the
previous deal price (if any) in the full information condition (see also Section 5.1).

(6) Buyers had a tendency of bargaining with the same Seller repeatedly until the Seller accepted
a deal;

(7) There is some evidence of offers and counteroffers exhibiting reciprocal gradualism (Backus
et al. 2020), by which the two parties made mutual, reciprocal concessions in their interactions.

4.1. Information Manipulation

As reflected in Table 2, there was significant learning across blocks (at p < 0.05 level for within-subjects
block effects) in terms of Period 1 offers and deal price with the low-value Seller under the partial
information condition. Under the full information condition, there was only significant learning across
blocks in terms of the number of periods to make a deal with high-value Seller. It thus seems that, at least
for some of the dependent variables, full information did quicken learning so that the variables stabilized
early on in the session, while under partial information there was more gradual learning throughout the
session.

The above effects, however, did not translate to significant impacts on deal prices. We analyze

the mean deal prices in a 2 (Seller role) X 2 (Block) X 2 (Information condition) mixed-design ANOVA,

where Seller role and block are within-subjects factors and information condition is a between-subjects
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factor. We find a significant main effect in Seller role (F(1,22)=56.70, p < 0.01) but no other main or
interaction effects at p < 0.05. The significant main effect in Seller role highlights the high disparity in
deal prices by Seller roles that is apparent from Table 2. However, additional information in the full
information condition did not bring about a difference in the disparity of deal prices among Sellers
relative to the partial information condition — as we might have observed had the full information
condition facilitated direct social comparison that influenced behavior.
5. Further Analysis Regarding Fairness Concern
5.1. Testing for the Potential Influence of Direct Social Comparison Between the Sellers in the Full
Information Condition
— Insert Table 4 around here —

We conduct further logistic regression analysis focusing on the full information condition and in
situations when there was only one Seller in the game, so that one deal had previously been reached in the
game, and the other Seller was responding to an offer from the Buyer. Our regression model specifically
tests the influence of direct social comparison in those situations, and the regressors are informed by Fehr
and Schmidt (1999)’s model of inequity aversion. Denote the Buyer’s offer as x and the previous deal
reached as p.i. Then the regressors are x, max (p.1 —x, 0) (a measure of disadvantageous inequity of the
offer relative to the previous deal), and max (x- p-1, 0) (a measure of advantageous inequity of the offer
relative to the previous deal). We conduct the regressions for the low-value and high-value Sellers
separately but aggregating over blocks in each case to achieve a larger number of data points. The results
are presented in Table 4. We find that the response of the remaining Seller to offers did not depend on the
deal with the other Seller in terms of disadvantageous and advantageous inequity — the corresponding
coefficients are not significantly different from zero at significance level p < 0.05 for both Sellers.

In sum, our analysis suggests that subjects in the experiments were not significantly influenced by
the previous deal price (if any) in the full information condition, and the direct social comparison thus
implied.

5.2. Estimating Bargainers’ Normative Fairness Benchmarks

14



Our data analysis so far suggests that, while our experimental results deviated significantly from
equilibrium predictions, bargaining outcomes were largely consistent and stable across periods, games,
and information conditions. Bargainers also did not seem to be significantly impacted by direct social
comparison as a “horizontal” fairness concern. We now explore whether fairness might impact behavior
in our experiment in another way, namely that players might base their decisions on simple, normative
fairness benchmarks (e.g., Cappelen et al. 2007), so that negative deviation from the benchmark incurs
disutility (e.g., Bolton and Ockenfels 1998, 2000, De Bruyn and Bolton 2008). That is, robust normative
fairness benchmarks as a “vertical” fairness concern — an entrenched demand of a fair share of the current
bargained value with the buyer — might have played a significant role in bargaining behavior. As such, we
conduct a further analysis that is aimed to estimate these fairness benchmarks.

Note that, despite our earlier finding that direct social comparison of an offer with a previous deal
did not seem to impact bargaining outcomes significantly, a previous deal could still have an indirect
influence on a Seller’s fairness concern in the current analysis. This is because the previous deal
determined the current value of the deal and thus the absolute amount (= current “pie” x fair share
percentage) that the supplier demanded as fair. The fairness implication of this indirect influence
underlies part of the analysis to be reported. Note also that the actual bargaining outcomes (i.e., deal
prices) are not necessarily the benchmarks themselves. This is because a bargaining outcome could be the
result of a tradeoff between demand for fairness and strategic self-interest factors such as income stream.
A responder might have accepted an offer that was worse than their fairness benchmark for the sake of the
immediate value gain. Alternatively, a responder might reject an offer that was better than their fairness
benchmark if they thought that, by rejecting, they might gain even high expected benefits in further

periods of bargaining. Our objective is to tease out the relative influence of immediate self-interest (the

pecuniary value gained from the current offer if it is accepted), fairness concern (the disutility from unfair

offers), and the strategic considerations (the expected utility from rejecting the current offer and waiting)

on subjects’ behavior.

To proceed, we adapt the equity-reciprocity-competition (ERC) model of fairness (Bolton and
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Ockenfels 2000) to our setting. The ERC model has been shown to be useful in understanding the
influence of fairness in sequential bargaining behavior (De Bruyn and Bolton 2008). An essential
component of the model is the assumption of a normative fairness benchmark (in bargaining contexts, the
proportion of the value of the deal that is considered a fair share) such that an unfair outcome relative to
the norm could incur disutility to the individual. However, previous applications of this model were
largely in two-party bargaining and the fairness benchmark was typically assumed at the outset to be half
of the total bargained value. Here, the fairness benchmark is not obvious at the outset since there are three
players with roles of very different nature and very different inside options. A central aim here is thus to
estimate the fairness benchmarks of the roles.

As in any empirical estimations, we allow for random errors in players’ decisions, so that
decisions would be probabilistic in general. We also limit our analysis to the part of the data that record
the responses to offers or counteroffers. This is because estimations from the offer/counteroffer decisions
themselves would require modelling the beliefs of the player making the offer/counteroffer regarding the
responder’s probabilistic response to every potential offer/counteroffer. The modelling of such wide-
ranging beliefs could lead to confounds depending on the assumptions behind. For instance, a systematic,
internally consistent approach to modelling these beliefs would be the quantal response equilibrium
(QRE) framework (McKelvey and Palfrey 1995), which has been used to analyze two-party finite
sequential bargaining (e.g., De Bruyn and Bolton 2008). However, to our knowledge, there is no QRE
theoretical treatment for games with infinite horizon, and hence we find the current QRE framework
inapplicable to the present setting. Meanwhile, we can more readily adapt an existing two-party
bargaining model of fairness — based on De Bruyn and Bolton (2008) — to the responses in our three-party
bargaining setup.

5.2.1. Model Specifications
In our model, the fairness of an offer/counteroffer is appreciated in proportion to the value of the deal. To
be precise, we define the value of the deal as the maximum feasible price that the Seller can obtain from

making a deal at the point of observation without incurring a certain net loss to the Buyer in the whole
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game (i.e., a net loss even if both deals are completed). This definition indicates the amount that the Seller
can ever gain from the bargaining game at that point. Consider player i in the role of a Seller in a
hypothetical game. Suppose that i is at the point in a game when the Buyer has made an offer to i and i is
deciding whether to accept or reject, or i has made a counteroffer to the Buyer and the Buyer is deciding
whether to accept or reject. In both cases, the offer/counteroffer is the price that i will earn if a deal is
made. Denote the value of the deal at that point as c¢. Then, according to our definition, ¢ = V3= 100 if no
Seller has accepted a deal yet (i.e., there are still two Sellers in the game) and ¢ = V- x =100 - x if the
other Seller has already received x from an agreed deal in an earlier period.

A complication regarding the value of the deal arises in observations in the partial information
condition where there is only one Seller left in the game who is a responder (488 or 8.69% of all the
response observations in the analyzed data). This is because the Seller, in this condition, is uninformed
about the value of the deal, as the Seller has no knowledge about the previous deal with the other Seller.
We adopt a simple, linear formulation of the Seller’s belief of ¢ in that case. Suppose that, in such a case,
the Seller is i, and the offer from the Buyer to the Seller is p;. Then we assume that i uses p; as a signal to
form a proxy for ¢ such that:

¢ = Cretier = m + (Vg -m)(pi / V) = m + (100-m)(p; /100),
where m = mo + 0; high Maigh With d;nign = 1 if Seller i is a high-value Seller and is 0 otherwise; mo and mjign
are parameters to be estimated under constraints that guarantee that Vs > cpeier > 0 as long as the offer p;
is within the reasonable range of V3> p; > 0 (see Section 5 of Appendix C). Hence cpeiier is close to m
when p; is very low, and is close to V3 =100 when p; is very high. This is intuitive as Seller i would be
expected to form a higher belief of the value of the deal the higher the value of the offer. Our formulation
is also supported by the finding of Rapoport and Sundali (1996) that, in an ultimatum game where the
responder only knows the proposer’s offer but not the residual amount that the proposer is keeping, the
responder estimates the actual size of the pie in a manner similar to what we assume here.

Referring to the hypothetical game introduced earlier, suppose the offer/counteroffer is for the

Seller i to receive co;, so thatl > g; > 0 is the share of the value of the deal for the Seller. Also, as
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discussed above, while c¢ 1s the actual value of the deal in all cases in the full information condition and in
cases when there are two Sellers in the game in the partial information condition, it iS cperier as defined
previously in cases where there is one Seller left in the game in the partial information condition, and the
Seller is the responder. We next specify the full model via the following steps:

(a) Consider first cases when the Buyer is making an offer (o) to a Seller, 7, so that Seller i is the
responder. Adapting De Bruyn and Bolton (2008), we model Seller i’s utility from the offer (if accepted)
as:

V(o) = {c [aai - (%) (0; — ﬁ-)Z] ifo; < f; ’
c-ao; ifo; = f;,

where a > 0 and b; > 0 are the weightings on the immediate self-interest and the fairness concern

components of the utility function (as can be seen below, we model the actual response according to a
binary logistic choice model. We opt to have a coefficient parameter to be estimated for every term in the
utilities to accommodate the noise factor, rather than normalize one of the parameters). The parameter a
will be estimated in our analysis. Meanwhile, we also allow for the possibility that the Sellers’ fairness
concern could vary according to the information condition and role (high-value Seller or low-value
Seller), as the salience of fairness concern may be different in different conditions. Therefore, we assume:
bi = bo + Oipino bpingo
where Jipin = 1 if Seller i is playing a game in the partial information condition and is 0 otherwise, while
bo, bpinp, are parameters to be estimated.

The quantity f; is the modelled fairness benchmark, that is, the share of ¢ that the Seller i

considers as a fair offer. As mentioned earlier, in studies such as De Bruyn and Bolton (2008) on two-
party bargaining, f; is typically assumed to be 1/2. Here, f; is an estimated quantity. More specifically, we
shall test whether f; can be dependent on the Seller’s role as well as how many Sellers are still in the
game. That is:

ﬁ :fE) + 5i,highﬁ1igh + 5i,state state + 5i,high 5i,stateﬁtigh,state N
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where J;nign = 1 if Seller i is a high-value Seller and is 0 otherwise, ;e = 1 if Seller i is the only Seller
remaining in the game and is 0 otherwise, while fo, fiigh, fstate a0 fhigh stare are parameters to be estimated
under constraints that guarantee that 1 > f; > 0 (see Section 5 of Appendix C).

As such, the fairness term in the utility function measures the disutility of an offer ¢ to Seller i
that is less than f; (i.e., when o < f; ), which captures i’s fairness benchmark in terms of what Seller i
considers as a fair offer. Note that, following De Bruyn and Bolton (2008), we assume that Seller i does
not assign additional utility to an offer that is more than fair (i.e., when o; > f; ).

If Seller i rejects the offer, they will still be in the game. Seller i therefore can form a belief of the
utility that they may receive by rejecting and staying on. This belief can be abstracted as an expected
utility term which we label as U rejec: :

Ui reject = clii + 1vi,
where u; = uo + Oipinfo Uopinfo T Oi high Unigh + Oi pinfo Oihigh Unigh,pinfo T Oistate Usiate + Oihigh Oistate Uhigh,stare- HETE,
Oipinfo » Oihigh » and J;sare are as defined above; v; is, as defined earlier, the discounted total income from
Seller i’s inside option (i.e. v; = v; =10 if Seller i is a low-value Seller and v; = vy = 50 if Seller i is a high-
value Seller); uo, Uopinfo 5 Unighy Uhigh pinfo » Ustate, Uhighstate; AN  are parameters to be estimated under

constraints that guarantee that 1 > u; > 0 (see Section 5 of Appendix C).

Therefore, U, r.jec: captures the strategic considerations of Seller i in deciding whether to accept or
reject the offer. Note that U ,je; includes both a bargaining gain component as well as the income stream
component, as waiting could potentially lead to a deal in the future while also accruing additional income.

(b) Consider now the case when Seller i is making a counteroffer to the Buyer, so that the Buyer
is the responder. The Buyer’s split of the value of the deal is ¢(1-6;). Note that, when there is one Seller
left in the game, the Buyer does receive a payoff equal to this split upon agreeing to the deal. However,
when there are two Sellers in the game, this split is only a book value that is not yet realized as actual
payoff. As such, we allow for the parameter for immediate self-interest in the latter case to be a possibly
different parameter from @, which we label as ap. Otherwise, the formulation for the Buyer when the

Buyer is the responder is similar to that for the Seller when the Seller is the responder. When there are
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two Sellers in the game, the Buyer’s utility from the deal upon being made a counteroffer of ; from
Seller i is:
—on— (1= = £)?]if1 =0
Up(o,) = {c [aB(l o) (2) Q-0 fp) ] ifl—o0;<fp ’
crag(l—o0y) ifl—0, = f3
while, when there is one Seller left in the game, the Buyer’s utility upon being made a counteroffer of o;

from Seller i is:

Up(ay) = {C a0y = (3) A =0~ fp)?] if1-0 < fy

c-a(l—oy) ifl—o0; = fp

where fz = fz0 + Oihigh fBhigh T Oistate [Bstate T Oihigh O state [Bhigh state » With similar definitions of d; igr and J; siare as
before, while fzo, fahigh, [Bstate ANA fBhigh state ar€ parameters to be estimated (under constraints that guarantee
that 1 > f3 > 0; see Section 5 of Appendix C) along with a, ag, and b. While a > 0 and b > 0 are parameters
common to both Sellers and Buyers, az > 0 and the parameters that make up f3 are specific to the Buyer.

Finally, we define the Buyer’s expected utility from rejecting a counteroffer as:

UB, reject — C UB,

where up= upo + i pinfo UB0pinfo T Oi high UBhigh + Oipinfo Oihigh UBhigh,pinfo + Oi,state UBstate + Oihigh Oistate UBhigh,state-
Here, J;pinfo » Oihigh , and J;sre are as defined above, while ugo, Ugo pinfo » UBhigh, UBhigh pinfo > UBstate, aNd
UBnigh state ar€ parameters specific to the Buyer that are to be estimated under constraints that guarantee that
1 > up >0 (see Section 5 of Appendix C).

(c) We then assume that the responders could make random errors in their decisions, so that the
actual responses (accept or reject) follow a logistic binomial choice model. When the responder is Seller i,

these probabilities are:

eU(O'i) . eui,reject
Prob(Accepto;) = and Prob(Reject|g;) =

eui,reject+eU(0'i) ’ eUi,reject_l_eU(Ui)'

When the responder is the Buyer, these probabilities are:

eUB(a) eUBreject

Prob(Accept|o;) = and Prob(Reject|o;) =

eUBreject 4 oUB(d))’ eUBreject 4 oUB(d))"

5.2.2. Estimation Results and Discussion
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We use maximum likelihood estimation to estimate the parameters on the dataset under the parameter
constraints discussed above (see Section 5 of Appendix C). Our estimation results, utilizing all the 5,614
response observations in the for-payment games, are summarized in Table 5. We also compare, in Table
5, estimations of the full model with estimations of a similar model without fairness concern (i.e., the
terms with b, f, and f3 all become zero), and find that the full model does improve performance. Our
results suggest that:

— Insert Table 5 around here —

(1) Sellers’ fairness concern, in relation to their self-interest and strategic considerations, did not
vary with the information condition (b is non-significantly different from zero), which is consistent
with our earlier analysis;

(2) Sellers’ fairness benchmarks, as quantified as what they considered to be a fair share of the
value of the deal, did not differ by their inside option or the state of the game (i.e., how many Sellers were
still in the game). In fact, the estimated fairness benchmark was close to half of the value of the deal (fo =
0.46 and is significantly different from zero). This means that, when in a state of the game in which both
Sellers were still in the game (so that the deal value was ¥z =100), the low-value (high-value) Sellers
typically considered that they were entitled to a higher (lower) share of the value of the deal than
suggested by the equilibrium deal prices (Table 1). Also, in equilibrium, only the high-value Seller may
become the only Seller in the game. In that case, the high-value Seller demands 88.2% (= 100% %
73.86/(100-16.48) from the equilibrium prices in Table 1) of the value of the deal, which is also higher
than the estimated fairness benchmark. All in all, Sellers seemed to bargain as if they were in a two-party
bargaining situation where an approximately 50-50 split would be typically the norm.

(3) The Buyer did not exhibit significant fairness concern. The fairness benchmark parameters for
the Buyer are all non-significantly different from zero except for fanign s, but the actual fairness
benchmark that would involve that parameter, namely, when the Buyer is responding to a high-value
Seller when that is the only Seller left, is fzo + fahigh + f8state + fBhigh state , Which reaches the constraint zero

in the estimation. That is, the Buyer considered a zero share as fair when responding to a counteroffer,
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implying no fairness concern. It seems that the Buyer, under the pressure of having to make deals with
both Sellers, did not have their own demand for fairness that was based on a normative fairness
benchmark. This does not imply that the Buyer tended to accept any counteroffer. The Buyer was still
driven by strategic self-interest factors in their decisions in the experiment, and our result only means that
the Buyer traded off immediate gain and expected utility from rejection without consideration of fairness,
when responding to a counteroffer.

Overall, subjects in our experiment seemed to adhere to a norm of “piecewise 50-50 split” when
they were Sellers, i.e., the Seller demanded as fair a 50-50 split of the current value of the deal with the
Buyer in the current period. This was the case regardless of the type of the Seller role (low-value or high-
value). However, when the subjects were the Buyer in the game, there was little concern for fairness, so
that the impact of fairness concern on the experimental results was predominantly driven by the Sellers.
6. Concluding Discussion
Our findings, including the fairness benchmark estimations, highlight how entrenched normative concern
could be in one-to-many bargaining settings, as in other kinds of settings investigated in previous research
such as Kimbrough and Vostroknutov (2016). Specifically, our fairness model estimations show that
Sellers considered splitting the value of the deal approximately half-half with the buyer as fair, which
highlights the significant influence of a localized, “vertical” fairness concern (Giith et al. 2001). This
contributed to a mitigated difference in deal prices and payoffs of the two Sellers than under equilibrium
predictions, as if the Sellers were not as responsive to their inside options as theoretically predicted (see
also the findings of Anbarci and Feltovich 2013). Our fairness model estimations suggest that the
observed responses and outcomes reflect a tradeoff between demand for fairness and strategic self-interest
factors such as the asymmetric income streams. However, the Buyers did not have a demand for fairness
that was based on a fairness benchmark.

Moreover, information to each Seller about offers/counteroffers and deal prices with the other
Seller did not influence bargaining behavior significantly — even though such information might have

facilitated direct social comparison between Sellers as a “horizontal” fairness concern (Gith et al. 2001).
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This finding seems to be in contrast with previous research (as discussed in the Introduction section)
which shows, largely in bilateral bargaining settings, that information could impact fairness perceptions.
However, it does not necessarily imply that the Sellers in our experiment did not harbor direct social
comparison. Rather, from our fairness model estimations, their focal concern for fairness in the current
context seemed to lie in a normatively fair split with the buyer, a concern that dominated direct social
comparison in its influence on behavior.

In terms of major aspects of the observed bargaining behavior, it first appears that the localized
fairness concern eliminated potential gains for the Buyers in strategically choosing the order of
bargaining, so that Buyers in the experiment were approximately equally likely to bargain with either
Seller first. Regarding deal prices, given the 50-50 local split fairness benchmark, the first Seller
approached by the Buyer would have reached a deal at V3 /2 = 50 and the second would have reached a
deal at V3 /4 =25, had the Sellers demanded only what they considered fair and had strategic self-interest
factors not been impactful as tradeoff factors. Comparing these illustrative numbers with the equilibrium
predictions in Table 1 highlights how our fairness account is consistent with the observation that deals
with low-value Seller were higher than equilibrium price while deals with the high-value Seller were
lower than their equilibrium. In essence, fairness concern seemed to have mitigated the disparity in deal
prices based on strategic considerations alone.

A number of further observations follow with regard to the current context. First, while the 50-50
split in two-party bargaining is a natural fairness benchmark, it is not straightforward to intuit a priori that
the same benchmark would be adopted by the Sellers in our experiment. In order to understand this
finding, we might start with the equal split outcome in a three-party context (1/3-1/3-1/3). For such a
benchmark to be established, all three players must conceptualize themselves as participating in a 3-way
group task of dividing a “pie” with perceived interdependence. Such perception has been shown to induce
cooperation (Yamagishi et al. 2007). However, in the current setup, while such perception would seem to
be valid for the Buyer, the Sellers are bargaining independently of each other (in the sense that they do

not directly interact). As a result, the Sellers might perceive each interaction with the Buyer as a simple
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two-party bargaining interaction that justifies the adoption of a local 50-50 split. This would have been
reinforced by the sequential nature of the bargaining game, as previous research has shown that sequential
movers are likely to develop a sense of separateness in their interactions (Abele and Ehrhart 2005).

Second, the local 50-50 benchmark resembles the social norm of the “advantage of the early
mover” identified in the sequential resource dilemmas literature (e.g., Budescu and Au 2002). That is, the
first Seller to strike a deal might not have been concerned with “leaving enough value” to the second
Seller, nor did the second Seller consider the first deal (if known) to be a relevant direct social
comparison benchmark, as we have found.

Third, in our experiment, the Buyer’s demand for fairness seemed to be suppressed by the high
cost of doing so (Zwick and Chen 1999). It seems that, after striking a deal with the first Seller, any deal
with the second Seller that did not incur a loss was considered a fair deal by the Buyer.

Our work could be the starting point for further research on one-to-many bargaining. One
possible direction is how the bargaining is contextualized; previous research has shown that the way a
relationship is described can affect fairness perceptions in bargaining behavior in the relationship (e.g.,
Hossain, Lyons, and Siow 2020). Also, the way a bargaining position was obtained (e.g., by the
bargainers’ own previous performance, as opposed to exogenous assignment as in our experiment) might
lead to the bargainer developing entitlements (Géachter and Riedl 2005) that could affect behavior.
Another direction is to examine different bargaining protocols. These include, for example, the possibility
of contingent contracting (e.g., Ko and Li 2020) — agreeing on a contract with a seller that will be
executed only when deals with other sellers have all been made, so that all contracts will be executed
simultaneously even if the bargaining is sequential. Such research might uncover institutional factors that
could mitigate or exacerbate the influence of the weaker sellers and improve the incentives for players to
participate in the bargaining process.
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Fig. 1. Sample Decision Screens in the Experiment

(a) Full Information Condition: Low-value Seller at the Point of Responding to an Offer From the Buyer

Negotiation Table History Window
Game # 1 - You are Seller Blue Same Fli Yoy are Sellenue
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Period 4 1 suyer  sellersive 130 [EEE
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Seller Green 3 Buyer Seller Green  54.0 n
£5 4 Buyer Seller Blue 200

Buyer's Offer: %
SOLD ($54.0)
D Seller Green Payoff
2*$5 + $54.0 = $64.00

The Buyer made you an offer
Accept or Reject this offer

(b) Partial Information Condition: Low-value Seller at the Point of Waiting For an Offer From the Buyer

Negotiation Table History Window
Game # 1 - You are Seller Blue CometlJos oo sl
Period Proposer Responder Offer Reply
Period 4 1 Buyer  Seller Blue 130
2 sellerse | Buyer 4o [IEEE
sallarcragn 3 Buyer  Seller Green N
per-period income of BB 4 Buyer  Seller Blue

SOLD

The game continues

The Buyer is making you an offer
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Fig. 2. Breakdown of Games by Deals

1St deal

an deal

1St deal

an deal

Full information condition

444 paid games

No deal: 35.59%
(158 games)

A

A

(155 g

LVS: 34.91%

ames)

A

A

(131g

HVS: 29.5%

ames)

HVS: 23.20%

No deal: 11.71%

LVS: 20.27%

No deal: 9.23%

No deal: 34.95%
(151 games)

(103 games) (52 games) (90 games) (41 games)
Partial information condition
432 paid games
v v
LVS: 33.80% HVS: 31.25%
(146 games) (135 games)

HVS: 21.53%
(93 games)

No deal: 12.27%
(53 games)

LVS: 20.60%
(89 games)

No deal: 10.65%
(46 games)

LVS = Low-value Seller
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Table 1. Overall equilibrium offers and subgame equilibrium offers/acceptance thresholds along off-the-

equilibrium paths

Number of Sellers still in the game
(i.e., yet to conclude a deal with the Buyer)

2 1

Low-value Seller 16.48 52.63
Offer from Buyer to:

High-value Seller 67.27" 73.68

Low-value Seller 17.2 57.37
Offer to Buyer from:

High-value Seller 36.15™ 76.32

Note.

" Strict upper bound of the Buyer’s offer while also the acceptance threshold of the high-value Seller; the
Buyer’s offer is therefore always rejected by the high-value Seller in subgame equilibrium

" Strict lower bound of the high-value Seller’s counteroffer while also the acceptance threshold of the
Buyer; the high-value Seller’s counteroffer is therefore always rejected by the Buyer in subgame
equilibrium

Bold and underlined: offers/acceptance thresholds along the overall equilibrium path
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Table 2. Means of major dependent variables

Full Information Condition (N=12) Partial Information Condition (N=12) Equilibrium
Block 1 Block 2 Block 1 Block 2 Prediction
(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12)
Number of periods to:
End of game 6.21%* (2.48) 6.92%* (2.31) 6.45%* (1.58) 6.06*%* (2.29) 1.9
Deal with low-value Seller 5.67 (2.38) 5.83(2.19) 6.03 (2.46) 5.19 (2.45) 1
Deal with high-value Seller 5.70%* (2.42) 7.11%*(2.20) 5.82%* (2.22) 5.21%* (1.69) 2
Period 1 offers from Buyer:
% made to Low-value Seller 46.76% (11.88%)  56.02% (19.64%)  48.38% (17.75%)  55.56% (16.62%) 100%
Amount to Low-value Seller 17.29 (6.24) 18.51 (5.23) 16.70 (4.52) 20.25%" (4.66) 16.48
Amount to High-value Seller 29.27%* (6.79) 29.88** (9.79) 26.69%* (5.32) 32.04**" (5.11) 67.27
Deal price:
Low-value Seller 28.56%* (7.81) 29.61%* (4.55) 25.28%* (5.00) 27.84%*" (4.98) 16.48
High-value Seller 43.28%* (6.86) 42.91%* (4.95) 44.40%* (18.09) 42.89%* (6.86) 73.68
Payoff
Buyer 4.94 (12.04) 4.45(9.29) 7.83 (11.00) 2.20%(6.21) 7.20
Low-value Seller 19.94 (7.87) 20.81%* (4.66) 18.80 (4.39) 19.74 (5.65) 16.48
High-value Seller 44.66%* (15.73) 49.62%* (11.50) 45.79%* (10.88) 45.34%* (13.38) 71.32
Welfare 69.54* (29.66) 74.88** (18.03) 72.42%* (13.72) 67.27** (17.01) 95

Note. The unit of observation is session. S.d. in parentheses. Where a mean is significantly different from equilibrium prediction according to a ¢-
test, the entry is marked by one or more asterisks (* p < 0.05, ** p <0.01). Exceptions include: (i) % first offers to low-value Seller, and (ii)
number of periods to make a deal with the low-value Seller, since the equilibrium predictions for those two variables are boundary values. Where
there is significant learning across the blocks according to a paired ¢-test, the Block 2 entry is marked by one or more plus signs (" p <0.05, * p <
0.01). The payoff entries are means over all relevant games regardless of the number of deals made and, in the case of the Sellers, have included

gains from their inside options.

" Strict upper bound; asterisks for this variable indicate significant difference from the upper bound

2 Test for learning effect yields p = 0.10.
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Table 3. Breakdown of mean number of periods to deals and deal prices by order of deals agreed

Full Information Condition (N=12)

First deal was with ...
(regardless of whether there

was a second deal)

Low-Value Seller

High-Value Seller

Number of periods to deal

Deal price

4.63 (1.73)

28.55 (5.50)

5.25 (2.03)

43.78 (5.65)

Second deal was with ...

High-Value Seller

Low-Value Seller

Number of periods to deal

Deal price

8.16 (2.32)

43.45 (7.83)

8.06 (2.73)

29.01 (6.04)

Partial Information Condition (N=12)

First deal was with ...
(regardless of whether there

was a second deal)

Low-Value Seller

High-Value Seller

Number of periods to deal

Deal price

433 (2.16)

26.73 (5.32)

432(1.65)

42.93 (12.96)

Second deal was with ...

High-Value Seller

Low-Value Seller

Number of periods to deal

Deal price

7.15 (2.04)

43.01 (7.31)

7.65 (2.38)

26.47 (4.88)

Note. The unit of observation is session. S.d. in parentheses.
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Table 4. Tests for possible direct social comparison between the Sellers in the full information condition:

Logistic regression analysis of Seller’s response to offers when a deal had already been reached with the

other Seller

Response by Low-value Seller Response by High-value Seller
N 227 292
Intercept -4.325%%* (1.245) -4.351%* (0.975)
X 0.123** (0.036) 0.080** (0.028)
max (p.1 —x, 0) -0.000 (0.021) 0.010 (0.035)
max (x —p-1, 0) 0.142 (0.256) -0005 (0.025)
Generalized chi-square 159.59 217.53

Note. The variables x and p.; are as defined in Section 5.1. The unit of observation is an individual
response to an offer. The dependent variable is equal to 1 for acceptance of an offer and is 0 otherwise.
Variances are clustered at the nested levels of subject and session. Standard errors in parentheses. Where

an estimate is significantly different from zero, the entry is marked by one or more asterisks (* p < 0.05,
skk
p<0.01).
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Table 5. Results of the fairness model estimations

Full model Model without
fairness concern
Estimate Standard error Estimate Standard error
a 0.06%** 0.01 0.07%** 0.00
bo 0.37* 0.17 - -
_________________________ bplrzf0'017013**
fo 0.46%** 0.10 - -
Shigh -0.07 0.09 - -
Sstate 0.06 0.10 — —
Estimates ﬁl[gh,state -0.02 0.15 — —
specific to Uo 0.01%*2 0.00 0.03%** 2 0.00
the Sellers U0 pinfo 0.00? 0.00 -0.00® 0.00
(low-value Uhigh -0.01* 0.01 -0.02%** 2 0.00
Seller: 1,574 Uhigh,pinfo -0.00 @ 0.00 -0.00® 0.00
observations, Ustare 0.02%* 2 0.01 0.01%%*2 0.00
high-value Ustate,pinfo -0.00 0.01 -0.00 0.02
Seller: 1,606 Uhigh,state -0.02%* 2 0.01 -0.02%** 2 0.00
observations) g suate pingo 0.00 2 0.01 0.00 0.02
r 0.07%** 0.01 0.08%** 0.00
mo 48.34%* 17.99 50.88 33.77
_________________________ mig 1683 4790 002 1872
agp 0.08%** 0.01 0.08%** 0.01
B0 0.20° 0.23 - -
S Bhigh 0.19° 0.24 - -
sttate 018 b 027 — —
Estimates Bhigh state -0.57* " 0.28 - -
specific to Ugo 0.07%*** 0.01 0.07%** 0.00
the Buyer UBO pinfo -0.00 0.00 -0.00 0.00
(2,434 UBhigh -0.01%** 0.00 -0.01%** 0.00
observations) UBhigh pinfo 0.00 0.00 0.00 0.00
UBstate -0.03%** 0.01 -0.02%** 0.01
UBstate,pinfo 0.01 0.00 0.01 0.00
UBhigh,state 0.01 0.01 0.00 0.00
UBhigh,state,pinfo -0.00 0.01 -0.00 0.01
Total number of observations 5,614 5,614
Log L -2,230 -2,244
AIC 4,522 4,530

Note. Where the estimate is significant different from zero, the entry is marked by one or more asterisk (*
p <0.05, ** p <0.01, *** p <0.001). Only two of the imposed parameter constraints (see Appendix C)
are binding (with superscripts next to the relevant parameters):

® The estimations for both models reach the constraint uo ~+ uo pinfo T Unigh T Unigh pinfo T Ustate + Ustate,pinfo T+
Uhigh,state + Uhigh,state,pinfo — 0.

® The estimation for the full model reaches the constraint /5o + f shigh + f Bstate + [3high state = 0.
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Fairness and Transparency in One-to-Many Bargaining With

Complementarity: An Experimental Study

Appendices

Appendix A: Note on the Calculation of Equilibrium Predictions

The rules of the game in Xiao (2018)’s model with infinite horizon and two Sellers is as
described in Section 2.1 and implemented in the experiment (with the time discount factor ¢
operationalized as a period-to-period continuation probability). While V' in Xiao (2018)’s analysis is
normalized to 1, all theoretical predictions for the experiment can be derived from the original analysis
upon applying a scaling factor of 100. Also, the sellers are indexed as 1, 2, ... in Xiao (2018)’s notations
with vi > v, > ... Hence the high-value Seller is seller 1 and the low-value Seller is seller 2 when we
calculate equilibrium predictions using Xiao’s results.

The relevant unique equilibrium solution in Xiao (2018) for /=1 and two Sellers in infinite
horizon (Proposition 4) requires the following inequalities to be satisfied (inequalities (11) and (12) in

Xiao 2018):

) 1)
m(l_vl)_vz >0, andm(l_vz)_vl < 0.

These inequalities express the requirements that the sellers’ inside options are not too large and
are sufficiently different in order to guarantee a unique equilibrium outcome (Proposition 4). Next, define

(equations (8) in Xiao 2018):

5
pi =vi+ 51—,

S5
qil = 1_m(l_vi)a

which (Xiao 2018, Lemma 1) are the equilibrium results in subgames where only one Seller remains (i.e.,

the other has already made a deal with the Buyer).



Next, for each seller #, define the function:
Hi =vi(1 =0)[1 +5+... +6"1].
We then further define (equations (13)-(16) in Xiao 2018 under Proposition 4):
P =v, +—[6(1—p}) - vs].

g2 = 6(1—pb) — —[8(1 — pl) — v,],

1+48
pi = Hy3 +8°pi,
qi = 6(1 —p3) —8(6(1 — p1) — p).
Xiao (2018)’s equilibrium solution (Proposition 4) is such that, for any (qu, pr)such that qu>qf and
pip< p?, the strategies below constitute a unique equilibrium:
i) Seller 1suggests a price of g5 and accepts a price no less than p?,
i1) Seller 2suggests a price of q% and accepts a price no less than p%,
iii) The Buyer bargains with Seller 2 until an agreement is reached; suggests a price p5 to Seller 2 and
p?5 to Seller 1; accepts a price no more than g2 from Seller 2 and no more than g2 from Seller 1.
The above imply that, in equilibrium, the Buyer reaches a deal with Seller 2 at price p5 in period

1, and then a deal with Seller 1 at price pi in period 2. The time-discounted payoffs are

(equations (17)-(19) in Xiao 2018):

1 8
Buyer. 145 m(l - Ul) - 172] )

8
Seller 1: vy + m(l —vy),

1) 1)
Seller 2: v, + o5 [m 1-vy)— vz] .

The experimental parameters are v, = 10, vy =50, and » = 6 = 0.9. That is, the incomes per period
for the low-value and high-value Sellers are vi(1-d) = 1 and vu(1-J) = 5, respectively. The Buyer earns Vs

= 100 if and only if deals have been agreed with both Sellers.



We first substitute the experimental parameters into Xiao (2018)’s inequalities (11) and (12) with
vi =vg/100=0.5, v =v;/100 = 0.1, and 6 = 0.9. Indeed, the parameters satisfy both inequalities. We next
substitute the experimental parameters into the set of equations (8) in Xiao (2018) and We then substitute
these results together with the experimental parameters into equations (13)-(16) and apply Proposition 4
to obtain the rest of the equilibrium results. Finally, we scale these results by 100 to obtain the actual
equilibrium predictions for the experiment as listed in Table 1. The equilibrium time-discounted payoff
predictions (Table 2; corresponding to expected payoff predictions for the experiment) can be derived
from the deal prices with appropriate time discounting for any payment/payoff realized after period 1;

alternatively, they can be obtained from equations (17)-(19) in Xiao (2018).



Appendix B: Sample of Experimental Instructions

Buyer/Sellers Negotiation

Instructions

This is a 3-player game with one Buyer and two Sellers (Seller Blue and Seller Green). The other two
players in each game will be played by other participants who are now at the lab.

Seller Blue owns the Blue item. She would be happy to sell it for the right price. The Blue item provides
Seller Blue a per-period income of $1 as long as she owns it.

Seller Green owns the Green item. He would be happy to sell it for the right price. The Green item
provides Seller Green a per-period income of $5 as long as he owns it.

The Buyer would like to buy both items. The value of the combined items to the Buyer is $100. Each item
by itself has no value to the Buyer.

The Buyer negotiates with the Sellers to buy the items.
The Negotiation Process

The bargaining process is a sequence of price offers. It takes one period to make and
accept/reject an offer. At the end of every period, the computer randomly selects whether the
game terminates or whether it continues to the next period: there is a 10% chance that the game
terminates, and a 90% chance that the game continues to the next period.

The game ends if the Buyer buys both items, or if the game terminates randomly before the
Buyer bought both items.

In the first period, the Buyer makes an offer to the Seller of his choice. This Seller can either
accept or reject the offer. If the Seller accepts the offer, his/her item is sold, and this Seller leaves
the game. If the Seller rejects the offer, he/she stays in the game. If the game continues to the
next period (with 90% chance), this Seller makes a counteroffer to the Buyer for the sale of
his/her item.

Starting in the second period and in each period until the end of the game, either one of two
things may happen:

(a) The Buyer makes an offer to the Seller of his choice (if both Sellers are still in the game) or
to the single Seller remaining in the game, or

(b) One of the Sellers makes a counteroffer to the Buyer. A Seller can make an offer to the Buyer
only as a counteroffer — that is, only if in the previous period this Seller rejected an offer
made by the Buyer and the game continued to the current period. If the Buyer rejects the
counteroffer and the game continues to yet another period, the Buyer makes an offer as in (a)

Profit/Loss in a Game



Buyer

she buys item Green

Possible Outcomes Profit/Loss
The game terminates before the Buyer buys any of the items $0

The Buyer buys item Blue for $X and item Green for §Y $100-$X-5Y
The Buyer buys item Blue for $X but the game terminates before _$X (lose $X)

she buys item Blue

The Buyer buys item Green for $Y but the game terminates before

-$Y (lose $Y)

Sellers

Possible Outcomes Seller Blue Seller Green
The game terminates after period » before < $1 < $5

a Seller sells his item

A Seller sells his item in period » for $Z $Z + (n-1)x $1 $Z + (n-1)x $5

Information

This header is not part of
the instructions

<Full information

If you are a seller, you will be fully informed of the negotiation

condition> between the buyer and the other seller.
<partial information If you are a seller, you will not be fully informed of the
condition> negotiation between the buyer and the other seller. Only that

negotiation takes place and if agreement has been reached.

Games and roles

You will play the game 15 times. The first 3 games are for practice and the next 12 games are
“for cash”. During the 15 games, you will play each role 5 times.

The other two players in each game, will change from game to game.

Payment




At the end of the session we will pay you your average earnings from the 12 “for cash” games. In
addition, you will receive a fixed $8 show-up fee.

Next, we would like to ask you few questions. You can consult these instructions when
answering the questions. If you answer a question incorrectly, you will receive feedback with
explanation to the correct answer. When you are ready, please click the NEXT button on the
screen.

Appendix C: Additional Data Analysis
In the analysis reported in the main text, we focus on a number of major dependent variables across the
paid games. In this Appendix and its accompanying tables, we report further analysis in more detail. First,
Table C1 reports the means of dependent variables among only games with two deals (see also Section 4
in the main text). Next, in the following sections, we examine in more detail the offers and counteroffers.
1. Offers/Counteroffers
Table C2 lists the means of offers and counteroffers distinguishing between the type of interaction (e.g.,
whether the low-value Seller or the high-value Seller was involved), whether one or both Sellers were still
in the bargaining game at the time of offer/counteroffer, as well as block and information condition.

The overall picture is that:

(1) Offers and counteroffers involving the low-value Seller were generally around the same as or
significantly higher than equilibrium prediction, when the high-value Seller was still in the game.
However, when the low-value Seller was the only Seller left, the offers/counteroffers were in general
significantly lower than equilibrium predictions.

(2) Offers and counteroffers involving the high-value Seller were generally consistent with
equilibrium predictions when the low-value Seller was still in the game; note that equilibrium predictions
in those cases were either strict upper bound of offers or strict lower bound of counteroffers, and the
observed means satisfy those bounds statistically speaking. When the high-value Seller was the only
Seller left, the offers/counteroffers were in general significantly lower than equilibrium predictions.

Further data analysis, represented in Tables C3 and C4, brings out some additional observations.

First, when both Sellers were still in game, many offers/counteroffers should be rejected according to the



thresholds in Table 1, and regardless of whether they should be so, acceptance rates were generally lower
than 50%. Second, when there was only one Seller remaining, offers and counteroffers were
predominantly lower than the acceptance thresholds prescribed in Table 1. In the case of counteroffers
this should lead to high acceptance rates, which was however not the case. Clearly, the players maintained
very different response strategies from what is prescribed by game-theoretic analysis.

2. Contingent Strategy Analysis

An interpretation of the pattern in Table C2 is that, controlling for the type of interaction, the player
making the offer/counteroffer did not adjust their decision according to the number of Sellers still in the
game — what we shall henceforth call the “state” of the game.

This is borne out by our contingent strategy analysis that involves linear regression of
offers/counteroffers on two variables that are their potential antecedents, namely the state and the period
in the game. We choose period as a potential antecedent as we surmise that Buyers would make higher
offers the higher the number of periods, while Sellers would correspondingly make lower counterofters
the higher the number of periods — both as attempts to increase the likelihood of a deal based on a
gambler’s-fallacy type of fear that the game might end soon. In addition, Sellers might be affected by the
perception that they had been accumulating income from their inside options as the number of periods
increased, which could then make them more compromising.

The results are displayed in Table C5. The table confirms that period affected offers positively
and counteroffers negatively across blocks and information conditions. However, the dependence on state
was non-significant, which is consistent with Table C2.

We also conduct a set of contingent strategy analysis that involves logistic regression of
responses to offers/counteroffers. The regressors are the value of the offer/counteroffer as well as state
and period. The detailed results are presented in Table C6. As expected, Sellers were generally more
likely to accept a higher offer (i.e., a positive dependence) and Buyers were generally more likely to reject
a higher counteroffer (i.e., a negative dependence). There is also a general positive dependence on period

among Sellers, i.e., controlling for the value of an offer, a Seller was more likely to accept the offer the



higher the number of period, possibly based on a gambler’s-fallacy type of fear that the game might end
soon. For responses of Buyers to counteroffers, however, evidence for this dependence is much weaker.
More importantly, the contingent strategy analysis of responses does not reveal a general dependence on
the state, especially in Block 2. That is, players did not become more or less inclined to accept
offers/counteroffers with different number of Sellers still in the game.

3. The Buyer’s Tendency to Continue Bargaining With the Same Seller Until a Deal was Reached
Equilibrium analysis suggests that, after a Seller has made a counteroffer that is rejected by the Buyer, if
there remain two Sellers in the game, the Buyer should next make an offer to the low-value Seller and
“restart” the equilibrium path as if it was back to period 1. This means that the Buyer should switch (not
switch) to the other Seller if the previous counteroffer was with the high-value (low-value) Seller.

In the experiment, the Buyer switched to another Seller in 38.86% of all the relevant
observations. This proportion is similar whether the previous Seller was low-value (38.21%) or high-
value (39.51%); further analysis shows that it is similar across information conditions. We next conduct a
logistic regression on these observations where the binary decision variable is whether to stay with the
same Seller (switch = 0, stay = 1). The previous Seller (low-value/high-value) as well as information
condition (complete/partial) are the control variables and variances are clustered at the nested levels of
subject and session. The regression analysis confirms this tendency: intercept estimate = 0.464, S.E. =
0.152, p <0.01, N= 1297, generalized y*> = 1123.73, while the control variables do not yield coefficients
that are significantly different from zero.

Our analysis thus suggests that, overall, Buyers had a tendency to bargain with the same Seller
even after a set of offer/counteroffer did not result in any deal — a behavioral regularity that is consistent
with escalation of commitment (Arkes and Blumer 1985).

4. Evidence of Reciprocal Gradualism
We carry out an analysis regarding reciprocal gradualism in the sense of Backus et al. (2020). We explore
whether the offers/counteroffers between a Buyer and a specific Seller within the same game gradually

converged in reciprocal fashion. That is, the more concession a Buyer made toward a Seller when making



an offer (relatively to the Buyer’s previous offer), the more concession the Seller would reciprocate with
when next making a counteroffer (assuming the Seller rejected the Buyer’s offer). To proceed, for the
low-value Seller, index the interactions with the Buyer within the same game by #(= 1,2 ...) where #;= 1
denotes the first period in which the Buyer made an offer to the low-value Seller, #,= 2 is the following
period in which the low-value Seller made a counteroffer to the Buyer, etc. Note that if a Buyer did not
get to make any offers to the low-value Seller in a game, the set of ;s in that game is an empty set.
Likewise, define the index 7 (= 1,2 ...) for the high-value Seller. Also, define p.(#;) as the
offer/counteroffer made in the #-th interaction between the Buyer and the low-value Seller in the game;
define pu(ty) similarly for interactions between the Buyer and the high-value Seller.

To investigate reciprocal gradualism, we calculate y.(#7) in every interaction between the Buyer
and the low-value Seller where 7. > 2 and y;(#;) is obtained from the defining relationship:

pitr) = yu(te) pu(te-1) + (1- yu(tn)) pr(te-2);
similarly, we calculate yu(¢x) in every interaction between the Buyer and the high-value Seller with ;> 2
and yx(ty) is obtained from the defining relationship:
pi(tn) = yu(tn) pu(te-1) + (1- yu(tu)) pu(te-2).

Note that y;(#.) is undefined if pr(¢:-1) = pr(f12), which happened in only one instance. Likewise, yu(f.) is
undefined if pr(ty-1) = pr(tu-2), which also happened in only one instance. We drop both of these
observations in subsequent analysis. We also define p.(0) = pu(0) = V3 = 100, which are the maximum
amount that these Sellers could ever receive from a Buyer who did not want to go into the red in a game.
The magnitudes of y.(¢;) and yu(tx) are measures of players’ concessions toward their opponents. For
example, a higher y;(#;) means that the player making an offer or counteroffer in interaction #; anchors
their offer/counteroffer closer to the opponent’s previous counteroffer/offer, which indicates more
concession toward the opponent.

Reciprocal gradualism, as analyzed by Backus et al. (2020), implies a positive relationship
between y;(#;) and y(#:-1), and likewise between yu(ty) and yu(¢5-1). For example, if the Buyer and the

low-value Seller in an experimental game followed reciprocal gradualism, then the more concession a



Buyer made toward the low-value Seller in interaction #;-1, the more the concession the low-value Seller
would reciprocate toward the Buyer in interaction #;. To test if this is the case for the data as a whole, we
regress yz(tr) on y(#:-1) for all ¢, > 3 and separately yu(¢y) on yu(ty-1) for all ¢ > 3, with the information
condition as a control variable. Reciprocal gradualism would be manifested as a positive coefficient for
the lag variables y.(#;-1) and yu(¢g-1) in the regressions.

The results are presented in Table C7. As can be seen from the table, there is only statistically
significant evidence of reciprocal gradualism in the interactions between the Buyer and the low-value
Seller. Moreover, in the regression results for these interactions, the information condition control
variable has a statistically significant coefficient, suggesting that these dependences could differ between
information conditions. We next conduct a further set of regressions separately for each information
condition. For interactions between the Buyer and the low-value Seller, we find that the coefficient for
yr(t:-1) 1s statistically significant at 95% significance level only under the partial information condition
(estimate = 0.074, s.e. =0.034, p = 0.029; N = 665, AIC =592.94) but not under the full information
condition. For interactions between the Buyer and the high-value Seller, the coefficient for yu(tx-1)
remains non-significant in either information condition.

To conclude, our analysis provides evidence of reciprocal gradualism between the Buyer and the
low-value Seller in the partial information condition. However, the analysis does not provide evidence for
reciprocal gradualism between the Buyer and the high-value Seller in the partial information condition
nor between the Buyer and any Seller in the full information condition.

5. Parameter Constraints in the Fairness Model Estimation (Section 5.2)
We subject the parameters to the following constraints in the maximum likelihood estimation for the
model of fairness in Section 5.2:

General constraints:

aZO, bOZO, b0+bpirg/‘uzo;

Constraints specific to the Sellers:

To guarantee 1 Zﬁ > 0: 1 ZfE) = 0, 1 ZfO +ﬁ1igh > 0, 1 Zfé +f;'tate > 0, 1 Zfé +ﬁ1igh +fstate +ﬁtigh,state > O,
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To guarantee 1 > u; > 0:

1>u0>0,12>uo~+ topinp =0, 1 > tto + ttpigh > 0, 1 > 140 + o pinfo + Unigh T Unigh,pinfo = 0,

1 Z Uo + Ustate Z 0, 1 Z Uo + uO,pinﬁ) + Ustate + ustate,pinﬁ) Z 0,

1 > U+ Uhigh t Ustare T Uhigh,state > 0, 1 > uo+ U0, pinfo + Uhigh + Uhigh,pinfo + Ustate T Uhigh,state + Uhigh,state, pinfo = 0,
To guarantee non-zero expected payoff from the inside option upon rejection of the current offer: » > 0;

To guarantee Vg > cpelier=0: Vi > mo >0, Ve > mo + muign > 0 (with V= 100).

Constraints specific to the Buyer:

ag>0;

To guarantee 1 > f5 > 0:
1 2](30 > O, 1 2](80 +J(Bh[gh > O, 1 2](80 +](Bstate > O, 1 2](30 +J(Bh[gh +ﬁ3state +](Bhigh,xtate > 0,

To guarantee 1 > ug > 0:

1 >upo>0, 1> upo+ upopinfo =0, 1 > upo + Upnigh > 0, 1 > tupo + Upo pinfo + Ushigh + UBhigh pinfo = 0,
1 > UBo t UBstate = O, 1 > upot+ UB0,pinfo + UBstate T UBstate,pinfo = O’

1 > upo + UBhigh + UBsiate + UBhigh stae > 0,

1 > upo + U pinfo + UBhigh + UBhigh,pinfo T UBstate T UBhigh,state T UBhigh,state,pinfo = 0.
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Table C1. Means of major dependent variables for games with two deals

Full Information Condition (N=12) Partial Information Condition (N=12)
Block 1 Block 2 Block 1 Block 2 Equilibrium
(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12)
% games with two deals 42.56%** (23.44%) 43.99%** (14.04%) 43.80%** (15.32%) 40.26%** (9.86%) 90%
Among games with two deals:
# periods to make both deals 7.27%% (2.44) 8.76*%*" (2.81) 7.64%% (2.23) 7.16%% (2.38) 2
# periods to make a deal with
5.84 (1.98) 6.07 (2.41) 6.20 (2.50) 5.60 (2.43) 1
low-value Seller
# periods to make a deal with
5.63*%* (2.48) 7.66** (2.64) 5.85%* (1.94) 5.65%% (1.73) 2
high-value Seller
% games in which deal was made
41.80% (22.76%) 61.45%" (21.51%) 51.12% (19.84%) 53.05% (16.89%) 100%
with low-value Seller first
Deal price with low-value Seller 28.10%* (6.30) 30.23** (4.74) 24.21** (4.66) 28.05** (4.86) 16.48
Deal price with high-value Seller 42.60%* (6.57) 42.86** (5.25) 40.93** (8.33) 42.34** (7.10) 73.68
Buyer’s payoff 29.30** (10.38) 26.91** (6.22) 34.86*%* (10.53) 29.61**" (8.90) 9.84
Low-value Seller’s payoff 32.94%* (5.82) 35.30%* (5.57) 29.41%* (5.97) 32.65%* (6.52) 16.48
High-value Seller’s payoff 65.75%* (13.82) 76.187" (14.95) 65.17*%* (14.97) 65.57*%* (13.42) 78.68
Welfare 127.99%* (13.95) 138.39%*" (15.03) 129.44%** (11.75) 127.82*%* (10.70) 105

Note. The unit of observation is session. S.d. in parentheses. Where a mean is significantly different from the equilibrium value according to a z-
test, the entry is marked by one or more asterisks (* p < 0.05, ** p < 0.01). Exceptions include: (i) % games in which deal made with low-value
Seller first, and (ii) number of periods to make a deal with the low-value Seller, since the equilibrium predictions for those two variables are
boundary values. Where there is significant learning across the blocks according to a paired #-test, the Block 2 entry is marked by one or more plus
signs (" p<0.05, " p<0.01).
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Table C2. Means of offers and counteroffers

Full Information Condition (N=12)

Partial Information Condition (N=12)

Equilibrium/

Block 1 Block 2 Block 1 Block 2 Off-the-equilibrium
(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12) Prediction
Offer:
Buyer - Low-value Seller
Two Sellers still in the game 19.27 (6.86) 20.30* (5.34) 18.24 (3.99) 20.86**(5.12) 16.48
One Seller still in the game 22.26** (6.12) 24.07** (5.34) 19.51** (4.06) 21.25%* (5.22) 52.63
Buyer - High-value Seller
Two Sellers still in the game 31.76** (8.39) 32.20%* (5.31) 29.50** (5.25) 32.85%* (6.03) 67.27
One Seller still in the game 33.34%* (4.63) 34.40** (10.19) 32.14** (6.07) 34.45%* (9.43) 73.68
Counteroffer:
Low-value Seller = Buyer
Two Sellers still in the game 36.90*%* (9.82) 36.19%* (3.38) 38.87*%* (9.97) 37.92%* (7.94) 17.20
One Seller still in the game 34.92*%* (13.71) 35.15%* (7.77) 31.73** (7.75) 35.68%* (7.83) 57.37
High-value Seller = Buyer
Two Sellers still in the game 55.72 **°(7.13) 54.32%* (8.02) 56.65%* (14.48) 55.96*%* (14.13) 36.15"
One Seller still in the game 61.38 (29.99) 50.67** (6.21) 53.20%* (7.98) 50.14%* (9.47) 76.32

Note. The unit of observation is session. S.d. in parentheses. Where a mean is significantly different from the equilibrium value according to a z-
test, the entry is marked by one or more asterisks (* p <0.05, ** p <0.01). Where there is significant learning across the blocks according to a
paired t-test, the Block 2 entry is marked by one or more plus signs (* p <0.05, ** p <0.01).

" Strict upper bound; asterisks for this variable indicate significant difference from the upper bound

" Strict lower bound; asterisks for this variable indicate significant difference from the lower bound

Bold and underlined: offers along the overall equilibrium path

2 Test for learning effect yields p = 0.053.

® An outlier offer of 42,069.00, which appeared in Game 6, Period 6 in one of the sessions, has been excluded. The mean (s.d.) for this cell without
excluding the outlier would be 185.38 (450.34).
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Table C3. Sellers’ responses to Buyers’ offers

Full Information Condition (N=12)

Partial Information Condition (N=12)

Mean acceptance rate (%)

Mean acceptance rate (%)

No. of obs. No. of obs.
(Games 1-12) Block 1 Block 2 (Games 1-12) Block 1 Block 2
(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12)
Buyer - Low-value Seller
Two Sellers still in the game
Offer < Threshold (16.48) 1,329 4.17(9.99) 11.16(28.43) 1,341 8.80 (15.02) 1.58 (4.99)
Offer > Threshold (16.48) 1,101 23.26 (26.56) 20.05 (12.22) 951 27.04 (25.89)  21.04 (0.09)
One Seller still in the game
Offer < Threshold (52.63) 2,427 28.69 (27.06) 25.25 (21.73) 2,292 24.59 (15.39) 18.92 (17.98)
Offer > Threshold (52.63) 3 No obs. 100 (0.00) 0 No obs. No obs.
Buyer - High-value Seller
Two Sellers still in the game
Offer < Threshold (67.27) 2,448 11.60 (7.76)  16.29 (8.98) 2,355 13.31 (6.75)  15.25(7.59)
Offer > Threshold (67.27) 9 100 (0.00)  50.00 (70.71) 6 100 (0.00) 0.00 (0.00)
One Seller still in the game
Offer < Threshold (73.68) 2,454 17.98 (18.01) 24.47 (27.57) 2,361 24.13 (11.78)  16.55(9.5)
Offer > Threshold (73.68) 3 No obs. 100 (0.00) 0 No obs. No obs.
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Table C4. Buyer’s responses to Sellers’ counteroffers

Full Information Condition (N=12)

Partial Information Condition (N=12)

Mean acceptance rate (%)

Mean acceptance rate (%)

No. of obs. No. of obs.
(Games 1-12) Block 1 Block 2 (Games 1-12) Block 1 Block 2
(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12)
Low-value Seller = Buyer
Two Sellers still in the game
Offer < Threshold (17.20) 516 37.50 (47.87)  50.00 (0.00) 540 83.33 (40.82) 100 (0.00)
Offer > Threshold (17.20) 1,326 19.78 (10.01)  13.24 (8.50) 1,173 18.67 (18.38)  21.09 (13.55)
One Seller still in the game
Offer < Threshold (57.37) 1,797 35.47 (28.72)  30.74 (34.27) 1,683 27.82(27.19)  39.67 (32.49)
Offer > Threshold (57.37) 45 0.00 (0.00) 0.00 (0.00) 30 0.00 (0.00) 0.00 (0.00)
High-value Seller = Buyer
Two Sellers still in the game
Offer < Threshold (36.15) 759 50.00 (46.29) 35.00 (41.83) 666 53.33 (42.89)  75.00 (25.00)
Offer > Threshold (36.15) 1,173 15.93 (8.84) 19.44 (26.53) 1,149 12.88 (12.84)  20.27 (19.27)
One Seller still in the game
Offer < Threshold (76.32) 1,890 29.59 (20.92) 22.46 (13.24) 1,794 20.11 (17.93)  33.97 (26.64)
Offer > Threshold (76.32) 42 0.00 (0.00) 0.00 (0.00) 21 8.33 (16.67) No obs.

Note to Tables C3 and C4. If response strategies follow overall equilibrium or subgame equilibria, we should see 100% (0%) acceptance rate
whenever offer > threshold (offer < threshold) in Table C3, and 0% (100%) acceptance rate whenever offer > threshold (offer < threshold) in
Table C4. For the mean acceptance rate, the unit of observation for the mean acceptance rate is session, with s.d. in parentheses; we have not
detected any learning across blocks at p < 0.05 using paired #-tests with the same approach as in previous tables.

Bold and underlined: the overall equilibrium path.
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Table C5. Contingent strategy analysis: Linear regression analysis of offers/counteroffers

Full Information Condition

Partial Information Condition

Type of interaction and regressor Block 1 Block 2 Block 1 Block 2
/estimated coefficient

(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12)
Offer:

Buyer - Low-value Seller N =365 N =445 N =386 N =378
State -1.19 (0.99) -0.24 (0.93) 1.34 (1.02) -0.12 (1.01)
Period 0.42** (0.10) 0.51** (0.09) 0.96** (0.11) 0.45** (0.12)

Buyer - High-value Seller N =401 N =418 N =410 N =377
State -0.72 (1.42) 0.04 (1.54) 3.60 (2.38) 2.02 (1.46)
Period 0.41** (0.15) 0.29 (0.17) 1.72%%(0.29) 0.29 (0.15)

Counteroffer:

Low-value Seller = Buyer N =280 N =334 N =291 N =280
State 2.74 (4.11) -0.86 (1.36) 6.34 (3.35) -2.59 (1.88)
Period 0.42 (0.49) -0.85** (0.13) -0.05 (0.37) -1.36*%* (0.21)

High-value Seller = Buyer N=315 N =328 N=312 N =293
State -0.92% (2.05) 0.95 (1.34) 4.29 (2.80) 3.58 (4.90)
Period

-0.91%* (0.25)

-1.58%* (0.15)

-1.92%* (0.30)

-1.65%* (0.60)

Note. The unit of observation is an individual offer decision. The “State” variable is 1 if there were two Sellers still in the game and is 0 otherwise.
Variances are clustered at the nested levels of subject and session. Standard errors in parentheses. Intercept estimates and goodness-of-fit statistics
have been omitted for expositional convenience. Where an estimate is significantly different from zero, the entry is marked by one or more

asterisks (* p <0.05, ** p <0.01).

2 One outlier has been excluded as in Table C2.



Table C6. Contingent strategy analysis: Logistic regression analysis of responses to offers/counteroffers

Type of interaction and regressor

Full Information Condition

Partial Information Condition

Jestimated cocfficient Block 1 Block 2 Block 1 Block 2
(Games 1-6) (Games 7-12) (Games 1-6) (Games 7-12)
Buyer > Low-value Seller N =365 N =445 N =386 N =378
Offer 0.14** (0.02) 0.14** (0.02) 0.07** (0.02) 0.12** (0.02)
State 0.14 (0.42) -0.19 (0.38) -0.31 (0.39) 0.08 (0.42)
Period 0.12* (0.05) 0.05 (0.04) 0.13** (0.05) 0.10 (0.05)
Buyer - High-value Seller N =401 N =418 N =410 N =377
Offer 0.08** (0.02) 0.09** (0.02) 0.07** (0.01) 0.07** (0.02)
State 0.05 (0.44) 0.02 (0.38) -0.16 (0.40) -0.12 (0.40)
Period 0.19%* (0.05) 0.19%* (0.05) 0.20** (0.05) 0.13* (0.05)
Low-value Seller = Buyer N =280 N =334 N =291 N =280
Counteroffer Analysis routine -0.09** (0.02) Analysis routine -0.15** (0.03)
State does not -0.33 (0.48) does not -0.41 (0.45)
Period converge 0.02 (0.05) converge 0.005 (0.06)
High-value Seller = Buyer N=316 N =328 N=312 N =293
Counteroffer Analysis routine -0.09** (0.02) -0.07** (0.01) Analysis routine
State does not 0.07 (0.41) -0.90* (0.42) does not
Period converge 0.08 (0.05) -0.12* (0.06) converge

Note. The unit of observation is an individual response to an offer. The dependent variable is equal to 1 for acceptance of an offer and is 0
otherwise. The “State” variable is 1 if there were two Sellers still in the game and is 0 otherwise. Variances are clustered at the nested levels of
subject and session (the routine for our analysis, which uses PROC GLIMMIX in SAS, does not converge in a few cases as indicated). Standard
errors in parentheses. Intercept estimates and goodness-of-fit statistics have been omitted for expositional convenience. Where an estimate is
significantly different from zero, the entry is marked by one or more asterisks (* p <0.05, ** p <0.01).
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Table C7. Results of the regression analysis regarding reciprocal gradualism

Buyer/Low-value Seller interactions Buyer/High-value Seller interactions
(DV: yu(tL)) (DV: yu(tL))
N 1,415 N 1,494
yi(tr-1) 0.063* (0.026) yu(tr-1) -0.001 (0.026)
Information condition -0.058* (0.025) Information condition -1.673 (1.658)
Intercept 0.163** (0.020) Intercept 0.176 (1.199)
AIC 1875.21 AIC 14596.08

Note. The unit of observation is an individual offer/counteroffer decision. The “Information condition”
variable is 1 if the data point is from the full information condition and is 0 otherwise. Variances are
clustered at the nested levels of subject and session. Standard errors in parentheses. Intercept estimates
and goodness-of-fit statistics have been omitted for expositional convenience. Where an estimate is
significantly different from zero, the entry is marked by one or more asterisks (* p < 0.05, ** p <0.01).
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