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We study information sharing as a managerial lever to mitigate customer overuse of resources in service
systems. We develop a queuing communication game and report results from laboratory experiments that
test core predictions of information design theory in service operations. We find that information design
increases social welfare not only through mechanisms of Bayesian persuasion—when providers can credibly
commit to their information policy—but also in Cheap talk settings without formal commitment, with the
greatest welfare gains occurring when providers strategically overstate queue lengths. Our findings shed
light on the extent to which formal commitment mechanisms and behavioral mechanisms can function
as substitutes—challenging the necessity of costly commitment devices. We discuss how this behavioral
perspective broadens the scope of effective information policies.
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1 Introduction
A well-established problem in the service operations literature is the tendency of self-interested
customers to join congestion-prone systems at higher-than-socially optimal rates (Naor 1969, Chen
and Hasenbein 2020, Hassin and Haviv 2003, Hassin 2016). Overjoining is an ubiquitous issue in
service settings, including healthcare, transportation, customer support, or even theme parks. In
many cases, excessive demand strains limited resources, leading to longer wait times, reduced service
quality, and increased operational costs. Importantly, problems compound when overjoining behavior
imposes negative externalities on customers with more pressing needs. For example, in the Portuguese
healthcare system, patients with low medical urgency overcrowd emergency rooms, limiting access to
resources for critical cases (Lusa 2023). Similarly, in the UK, nonemergency ambulance calls extend
wait times for genuine emergencies (Bramwell 2023).
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Addressing overjoining—especially by low-need customers—is challenging. Capacity expansion
(e.g., more staff or faster processing) is often prohibitively costly. Strict admission controls can
be unfair or infeasible (Haviv and Oz 2018), and regulations in many sectors limit direct control
over access. For instance, in UK healthcare, patients have the legal right to choose their outpatient
provider (NHS 2023). Monetary incentives such as entry fees (Naor 1969, Edelson and Hilderbrand
1975), entry contracts (Haviv 2014), or pay-for-priority mechanisms (Mendelson and Whang 1990,
Hassin 1995) are also inapplicable in publicly funded systems like healthcare or social housing. For
example, European regulatory frameworks impose public service obligations that explicitly prioritize
need-based access over ability to pay (EU-Commission 2020). However, while prioritization strate-
gies can help, accurately assessing unobservable customer service needs is challenging without added
resource strain (Argon and Ziya 2009, Rodriguez et al. 2025). Under these conditions, information
design–selectively sharing system information to influence customer behavior–is an attractive man-
agerial lever to control demand for scarce resources (Bergemann and Morris 2019).

Aimed at deterring demand from low-need customers for the benefit of those with higher service
needs, information design is a cost-effective non-intrusive mechanism that can leverage advances in
communication technologies. For example, UK healthcare systems are experimenting with mobile
apps showing real-time delays at A&E departments, minor injury units, and walk-in centers, aiming
to divert low-urgency cases and reduce delays for urgent ones (GovUk 2024). However, information
design presents service providers with a nontrivial challenge. Because the provision of full information
is a challenging task in practice (Anunrojwong et al. 2022) and would create the conditions that
result in resource overuse in the first place (Naor 1969), service providers are left with the task of
carefully curating information. Complicating things further, for such information to have the desired
effect on customer behavior, customers need to find it credible. What then are the conditions under
which service providers can effectively use information to address the overjoining problem in service
systems? We can draw initial insights from existing literature.

A large body of theoretical work explores how rational customers respond to different levels of
delay information, from full to partial to none (see Ibrahim 2018 and Economou 2021 for reviews). A
key assumption in this literature is that providers can commit to an information policy, that is, that
the communicated information truthfully reflects system states, which ensures credibility that allows
customers to trust the information and act accordingly. In contrast, without commitment, rational
customers anticipate misaligned incentives and may completely disregard information, rendering
communication ineffective (Allon et al. 2011). Thus, effective information design, in practice, relies
on costly commitment devices. These can include waiting-time guarantees and compensation (Kumar
et al. 1997), publicly scrutinized internet platforms (Singh et al. 2023), wait-time-based pricing (Lin
et al. 2023), blockchain-based protocols (Drakopoulos et al. 2022, Narayanan 2023), or audit trails. A
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UK Supreme Court case, where hospital staff were held liable for misleading wait-time information,
illustrates the importance of such trails (Hyde 2018).

Potentially softening the need for costly commitment mechanisms are several results from behav-
ioral economics which suggests that credible communication can occur even when standard economic
theory predicts uninformative “cheap talk” (Blume et al. 2020). However, it is less obvious whether
and how these results from relatively generic settings translate to operationally richer service settings
which feature multiple customers (i.e., receivers of information) with endogenous payoff dependencies
between customer choices and dynamically evolving system states. Moreover, the existing behavioral
literature leaves open the question of whether behavioral mechanisms can genuinely substitute for
formal commitment. Indeed, there appear to be limits to credibility in service settings without an
obvious commitment mechanism. For example, Disney World visitors have raised concerns about
inflated wait-time announcements at popular rides, possibly to divert customers to less popular
attractions and help the park absorb demand (Bricker 2024). Similarly, customer-service depart-
ments across various industries—including banking, broadband, mobile, credit cards, energy, and
water—have been criticized for routinely using the message “we are experiencing high call volumes”
regardless of the actual system state, as a tactic to encourage more customers to access digital and
self-service channels (Lazarus 2020, Fisher 2025).

Our study provides first empirical answers to whether credible and effective communication can
arise in equilibrium between a service provider and a customer population, and what role commitment
plays in this interaction. Robustly answering this is challenging. It demands significant environmental
control (e.g., of customer needs and the provider’s ability to commit), observation of provider choices,
and a theoretical benchmark to gauge communication effectiveness. Since field settings rarely meet
these conditions, we instead develop a queuing communication game that provides sharp theoretical
predictions, which we subsequently test under controlled laboratory conditions where we vary the
(human) provider’s ability to communicate information on queue status to their (human) customers.

Our model is ideally suited for behavioral queuing experiments, and it accurately replicates key
operational features of real service systems in a lab setting. These features—like customer hetero-
geneity, negative externalities, and dynamic queue formation—distinguish service systems from other
areas where strategic communication has been studied (e.g., Fréchette et al. 2022). In our model, cus-
tomers, who arrive in random order and differ in service need, decide whether to join a queue or opt for
an outside alternative. We characterize the conditions under which rational, self-interested, low-need
customers join the system, disregarding the delays they impose on subsequent arrivals. A conflict of
interest arises when a service provider aims to maximize social welfare by diverting low-need demand
to shorten waiting times for high-need customers. In baseline No-Information and Full-Information
settings, low-need customers overjoin. We show that sharing partial queue information (a “short”



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
4 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

or “long” wait message) can deter low-need customers from joining, but this relies on credibility.
In a Commitment setting, providers must share truthful information, ensuring credibility and lead-
ing to welfare gains through Bayesian persuasion. Here, providers send intentionally ambiguous but
truthful signals that influence low-need customer behavior. However, in a No-Commitment setting,
providers can misreport—for example, by inflating delay announcements. This leads to a breakdown
in communication, and welfare reverts to the No-Information baseline as rational low-need customers
disregard untrustworthy signals.

We conduct multiple experiments that vary information “regime” to test key theoretical predic-
tions. To study behavioral mechanisms and boundary conditions, our experiments systematically vary
population size and the salience of conflicting incentives between customers and providers. In our
experiments, customers approach random behavior in No-Information treatments, and follow signals
when service providers share information, even in the absence of a commitment mechanism. Providers
send informative signals in all treatments, regardless of their ability to formally commit to their infor-
mation policy. Importantly, they rarely use ambiguous signals in the Commitment treatment, but
often strategically inflate wait signals in the No-Commitment treatment–consistent with anecdotal
evidence from different service industries (Bricker 2024, Lazarus 2020, Fisher 2025). We observe that
information design improves welfare due to the interplay between customer and provider behavior.
However, this is not entirely consistent with standard theory; the greatest welfare improvements occur
in the absence of a commitment mechanism, when providers lie by inflating wait-time announcements
to deter low-need customers. To quantitatively reproduce the main departures between our data and
theoretical predictions, we estimate a structural model of quantal response equilibrium (QRE). This
model parsimoniously captures key behavioral patterns in our data, in particular customers’ limited
ability to perfectly infer queue states from available information (Huang et al. 2013).

Our findings offer several important managerial implications. Generally, we show that carefully
designed information policies allow firms to mitigate the overjoining problem that plagues many ser-
vice systems in practice. Importantly, our results shed light on the extent to which formal commitment
mechanisms and behavioral mechanisms can be viewed as substitutes. When formal commitment
devices are prohibitively expensive (or simply not available), service providers can improve social
welfare with carefully inflated delay announcements. When a formal commitment device is available,
although cognitively challenging to implement for human players, providers can mitigate overjoin-
ing behavior by using informative obfuscation—deliberately vague or pooled signals.1 Relatedly, our
study highlights the benefits of a limited message space (e.g., “short” vs. “long” delays), which not
only simplifies implementation but also leads to better outcomes than fully revealing the queue state.

1 The direct evidence for this claim stems from an additional experimental treatment that automates the service
provider, and implements the optimal (“persuasive”) policy, and thus controls for human provider bias.
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The remainder of the paper is structured as follows. We review the relevant literature in §2, develop
the theoretical model in §3, and describe our experiments and results in §4. We discuss in §5 a
behavioral account that accommodates the main patterns in the data, and discuss various managerial
insights that arise from our results. In §6 we conclude the paper.

2 Related Literature
Our work relates to several streams of theoretical and empirical research in economics and operations.

The seminal works of Naor (1969) and Edelson and Hilderbrand (1975) pioneered the study of
how queue observability affects customer behavior. Since then, researchers have investigated whether
fully revealing or fully concealing the queue improves system-level outcomes (Hassin 1986, Chen
and Frank 2004, Shone et al. 2013, Chen and Hasenbein 2020). The general insight is that neither
extreme is uniformly preferable across all operational and economic parameters. This has established
information sharing as an extensively studied managerial lever, with the literature exploring various
partial information structures; see Ibrahim (2018) and Economou (2021) for comprehensive surveys.
More recently, researchers have applied Bayesian Persuasion frameworks (Kamenica and Gentzkow
2011, Bergemann and Morris 2019) to show that strategic obfuscation can induce desirable customer
behavior (Lingenbrink and Iyer 2019, Che and Tercieux 2021).

The overarching goal of our study is to provide a first empirical test of whether effective communi-
cation can arise in equilibrium between a service provider and a population of customers that arrive at
a congestion-prone system. Closest to our setting is the theoretical work of Anunrojwong et al. (2022)
which studies information design as a lever to mitigate a dilemma often observed in social service
systems: the inefficient and unfair use of critical resources due to customers who fail to internalize
the negative externalities that their actions impose on others. In particular, the authors character-
ize the conditions under which the service provider optimally persuades customers with low service
needs to forgo service for the benefit of high need customers. A central assumption in their study,
common in theoretical work on information design, is that providers can commit to the information
they announce—ensuring it is truthful and credible. With commitment, customers trust and act on
the message. Without it, rational customers anticipate misreporting, disregard the information, and
information sharing can become ineffective cheap talk (Allon et al. 2011). Our setting shares with
the theoretical analysis of Anunrojwong et al. (2022) key features of the queuing environment (with
important differences that we discuss in §3), but our objective is different. Specifically, we ask: Do
the theoretical benefits of persuasive communication survive a test with human service providers and
customers, and what is the role of commitment?

We can look for initial answers to these empirical questions in two related streams of behavioral
work on Bayesian Persuasion and on Cheap Talk. Following the foundational theoretical work of
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Kamenica and Gentzkow (2011), a fairly recent experimental literature has begun to test behavioral
mechanisms and boundary conditions of the Bayesian persuasion framework. The results so far are
mixed. Nguyen (2017) observe a high fraction of senders and receivers converge to the optimal
persuasive strategy, and Coricelli et al. (2023) find that senders are more successful in influencing
receivers via persuasion than via monetary incentives. In contrast, Au et al. (2023) document a
high rate of persuasion failure, and their results suggests that senders have difficulties implementing
optimal strategies when facing high strategic uncertainty in receiver behavior - a result with likely
relevance for a queuing setting with substantial customer decision-making noise. While models and
experiments of Bayesian persuasion endow the sender with the ability to communicate according
to publicly known predetermined protocols, a well established behavioral literature on cheap talk
settings suggests that information sharing can be effective even in the absence of a formal commitment
mechanism (e.g., Cai and Wang 2006, Kawagoe and Takizawa 2009, Wang et al. 2010, Blume et al.
2020). The cheap talk literature has systematically documented over-transmission of information,
where a substantial proportion of players tend to be truthful as a sender and credulous as a receiver.
Although the behavioral literature suggests that effective communication can arise when credibility
of information is ensured by a commitment mechanism, or by behavioral mechanisms in the absence
of commitment, it largely leaves open the questions about the conditions under which one would be
preferred over the other. To our knowledge, Fréchette et al. (2022) is the only experimental study
that, like us, explicitly varies commitment in a unified framework-and they find that commitment
improves outcomes as theory predicts.

The experimental economics literature provides several insights on information design, and the
role of commitment in it, but it is not a priori obvious what insights translate to operationally richer
service settings that we study. Fréchette et al. (2022) is a case in point–in contrast to their main
finding, we find that commitment yields little benefit in our operational queueing setting. And the
effect can even be directionally opposite: the most pronounced benefits arise when providers strategi-
cally misreport queue lengths in a setting without commitment. We attribute this divergence to the
greater complexity of our queueing setting, which reflects realistic operational dynamics and places
greater cognitive demands on participants. Unlike static single-sender-single-receiver games typically
studied in the economics literature, providers interact with a sequence of customers about dynami-
cally evolving queue states. This creates interdependent decisions and strategic externalities—early
actions shape later beliefs. Moreover, rather than exogenous conflicts of interest, the incentive conflict
between provider and customers in our setting results from fundamental queueing dynamics. This
underscores the importance of testing foundational economic theories in operational contexts.

Our focus on the credibility of operational information also relates to a broad and growing Behav-
ioral Operations literature. One stream of work documents the (mostly positive) effects of informa-
tion sharing on various customer-level outcomes in service settings—including perceived value and
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willingness-to-pay (Buell and Norton 2011, Buell et al. 2017), trust and engagement in co-production
(Buell et al. 2021), ex-post perceptions of wait times and service evaluations (Hui and Tse 1996,
Antonides and van Aalst 2002, Munichor and Rafaeli 2007, Ansari et al. 2022), ex-ante beliefs about
wait times (Yu et al. 2017), time spent in service (Webb et al. 2020), provider selection (Dong et al.
2019), and queue abandonment (Munichor and Rafaeli 2007, Akşin et al. 2017, Yu et al. 2022). Our
work contributes to this literature for a number of reasons related to the specific characteristics of the
communication environment, which we control and manipulate experimentally. First, while this liter-
ature indicates that customers may treat information as credible, our work provides a clean test, via
the control for strategic misalignment (between the provider and customers) and the manipulation of
commitment. Second, to shed light on the mechanisms behind the communication process, our work
experimentally studies information design as a game between a service provider and its customers;
this requires variation in the provider’s selection of information policies, which is difficult to observe
in practice. Finally, we provide experimental evidence that quantifies the impact of shared informa-
tion on individual customers and the system as a whole; this requires a rigorous decision-theoretic
benchmark, which is hard to establish in the field.

The main results from our study are explicable by key behavioral concepts from economics that
have recently gained popularity in the Behavioral Operations literature. Specifically, like us, several
previous studies document deviations from uninformative equilibrium predictions in operations set-
tings due to other-regarding preferences such as trust, trustworthiness, or lying aversion. Unlike these
studies, we explicitly design our experiments to address the role of commitment, and explore the
managerial implications for information design, rather than forecast policies (Özer et al. 2011, Özer
et al. 2018), incentive design (Scheele et al. 2018), or scheduling practices (Rodriguez et al. 2025).
Similarly, like us, several previous studies address noisy decision making, often discussed in the oper-
ations literature under the term bounded rationality (Su 2008, Chen et al. 2012, Kremer and Debo
2016, Goldschmidt et al. 2021). Close to our setting is the theoretical work of Huang et al. (2013),
who study the impact of bounded rationality on decision making in observable and unobservable
queue settings through the lens of the quantal response equilibrium (QRE) framework. Intriguingly,
the authors highlight conditions under which bounded rationality can improve social welfare. Our
setting allows us to empirically test some of their key implications related to information availability.2

Finally, while our general focus is on service systems, this work provides insights relevant to other
operational settings that entail strategic communication and where the credibility of information is
key, such as supply chain management (Cachon and Lariviere 2001, Anand and Goyal 2009), retail

2 Note that models of bounded rationality (such as QRE or level-K) are often used to organize behavioral patterns
observed in Bayesian persuasion and Cheap talk settings (e.g., Wu and Ye 2023, Fréchette et al. 2022,Cai and Wang
2006, Kawagoe and Takizawa 2009, Wang et al. 2010).
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operations (Allon and Bassamboo 2011, Drakopoulos et al. 2021), or inventory management (Debo
and Van Ryzin 2009, Allon et al. 2012, Yu et al. 2015, Schmidt et al. 2015, Aydinliyim et al. 2017,
Cui and Shin 2018).

3 Modelling Framework
We study how service providers can influence customer joining decisions by sharing information,
and how the amount of information provided affects social welfare. We develop a model that shares
with Anunrojwong et al. (2022) several characteristics of service systems, as well as some of its key
predictions, but our model is designed specifically for experimental testing. Like Kremer and Debo
(2016) and Frazelle and Katok (2024), we depart from the standard queueing model framework, which
assumes stochastic arrival and service processes, and focuses on steady-state analysis. Specifically,
we consider a system with deterministic service times, where a finite number of customers make
sequential joining decisions in random order, and service begins only after all customers have made
their decisions. By simplifying our model, we can faithfully reproduce it in a laboratory setting. This
reduces noise in the experimental data and simplifies the setup for participants.

Crucially, our model retains the features most salient for, and specific to, decision-making in
queueing environment. First, the queue length, which captures the state of the system, is dynamically
driven by customer sequential joining decisions. Second, each customer makes decisions based on
expected queue lengths, and decisions are made before any service begins. Third, customers exert
negative externalities since joining decisions increase wait-related costs for later arrivals. Finally,
our model captures the service provider’s informational advantage over customers. Thus, the service
provider can influence customer behavior by disclosing information about the state of the system.

3.1 Queueing Model

Λ customers arrive at the system, each with a randomly assigned index k ∈ {1, . . . ,Λ}. Customers
make joining decisions sequentially, in increasing order of their assigned index. There is a single
server which starts processing customers in a first-come-first-serve order once all customers have
made their joining decisions. Customers do not know their indices, nor can they observe the indices
of other customers, but they know all other system parameters. For experimental amenability, we
assume that service times are deterministic and normalized to 1. Similar to the case with stochastic
service times, in our setting customers make joining decisions based on the expected queue length,
and service begins after decisions are made.

We consider two types of customers i ∈ {H,L} = {high-need, low-need} who receive reward ri from
service, where rH ≥ rL. Customers are high-need with probability pH or low-need with probability 1−

pH . The service provider cannot observe the types of individual customers, but knows the probability
distribution of customer types. We let Uk denote the utility accrued by customer k, and assume
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that customers make decisions to maximize their expected utility E[Uk]. The realized utility that

customers accrue by joining the queue at the (q + 1)st position, i.e., with q customers ahead, is

uk = ri − c(q + 1). That is, customers earn a reward ri upon completion of their service, and incur

a delay cost c(q + 1), where c represents customer delay sensitivity. We let υi denote the expected

utility that customers of type i experience from the outside option, that is, if they decide to balk.

We assume that the reward ri is sufficiently high for both types, ri − c > υi, making it possible

to choose joining the system over the outside option. We assume that rL − cΛ < υL, ensuring that

low-need customers prefer the outside option if the queue is sufficiently long. Finally, we assume that

rH − cΛ > υH , ensuring that high-need customers always prefer to seek service from the system over

the outside option; see Anunrojwong et al. (2022) for a similar assumption. As in that paper, this

leads to a model that satisfies utility dominance, meaning that the incremental utility—the net benefit

over the outside option—for high-need customers, given by rH − c(q + 1) − υH , is greater than that

for low-need customers for all q. That is, for any queue length, high-need customers derive greater

benefit from joining the system than low-need customers do. In §3.5.2, we discuss the importance of

customer heterogeneity for the study of information design in queueing models.

We study how the provider can share queue-length information to influence customer behavior and

improve expected social welfare Ω≜E
[∑Λ

k=1 Uk

]
. Specifically, in a setting that is characterized by a

fundamental information asymmetry (about queue length) between service provider and customers,

we study the impact of three information-sharing structures:

(a) No-Information: Arriving customers do not have information on queue length.

(b) Full-Information: Arriving customers have complete information about queue length.

(c) Partial-Information: Arriving customers receive a binary queue length signal (e.g., long/short).

Given the aforementioned parameter space, we note that high-need customers always join with

probability 1 in equilibrium, regardless of the information structure. Based on this, we focus in what

follows on how information (or its absence) shapes the behavior of low-need customers.

3.2 No Information

We first study the case where customers do not have information about queue length. In this case, a

low-need customer joins with probability α ∈ [0,1]. To make a joining decision, the customer computes

the expected utility of joining rL − c(E[Q] + 1). Here, E[Q] is calculated based on system parameters

and the customer’s belief about how other customers behave. In Proposition 1, we quantify the

equilibrium joining probability α∗ for self-interested low-need customers, and the socially optimal

joining probability α∗
soc. We also compare α∗ and α∗

soc.

Proposition 1. (No-Information). We let r′
i ≜ ri − υi. For low-need customers,
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(a) A unique customer joining probability α∗ ∈ [0,1] exists, and is given by

α∗ =


0 if r′

L
c

≤ (Λ−1)pH
2 + 1,

2r′
L−c(2+pH (Λ−1))
c(Λ−1)(1−pH ) if (Λ−1)pH

2 + 1 <
r′

L
c

< (Λ−1)
2 + 1,

1 if r′
L
c

≥ Λ−1
2 + 1.

(b) A unique socially optimal probability α∗
soc ∈ [0,1) exists, and is given by

α∗
soc =

 0 if r′
L
c

≤ 1 + pH(Λ − 1),
r′

L−c(1+pH (Λ−1))
c(Λ−1)(1−pH ) < 1 if r′

L
c

> 1 + pH(Λ − 1).

(c) Low-need customers overjoin the system, α∗
soc ≤ α∗, and strict inequality holds whenever α∗ > 0.

3.3 Full Information
With Full-Information, customers know the length of the queue, q, upon arrival. In this case, a
low-need customer’s joining strategy is characterized by a probability vector αq ≜ (α0, α1, · · · , αΛ−1),
where αq ∈ [0,1] is the joining probability conditional on finding q customers in the system. To make
a joining decision, customers calculate the expected utility, rL − c(q + 1), from joining in position
q + 1. Conditioning on the queue length information eliminates the need to infer others’ behavior,
unlike the No-Information case. In Proposition 2, we characterize the equilibrium joining probability
vector α∗

q for self-interested low-need customers, and the socially optimal probability vector, α∗
q,soc.

Proposition 2. (Full-Information). For low-need customers in the Full-Information setting,
(a) A unique customer equilibrium threshold joining strategy exists, with threshold q∗ = ⌊ r′

L
c

⌋. That
is, α∗

q = 1 for q < q∗ and α∗
q = 0 for q ≥ q∗.

(b) A unique socially optimal threshold joining strategy exists, with threshold q∗
soc given by

q∗
soc =

 ⌊ r′
L−cΛpH

c(1−pH ) ⌋ if pH ≤ r′
L

cΛ ;
0 if pH >

r′
L

cΛ .

(c) Low-need customers overjoin the system, q∗
soc ≤ q∗, and strict inequality holds for pH > r′

L/cΛ.

Note that the Full-Information case allows for two interpretations in our setting, each with their
own challenges. First, Proposition 2(a) corresponds to the well-studied case of an observable queue,
which removes information asymmetry about queue length and thus relieves the provider from care-
fully designing communication about queue length and credibility concerns. However, rendering a
queue (literally) observable is not possible in many practical settings, and it might in of itself cre-
ate conditions for overjoining behavior (Proposition 2(c))3. Second, full information could describe

3 In contrast to the M/M/1 setting—where welfare losses arise even with homogeneous customers—Proposition 2
shows that in our model, selfish and socially optimal behavior align when pH = 0. For a detailed comparison between
the two modeling frameworks and the reason for such difference, we refer the interested reader to Appendix B.
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the unobservable queue case in which a better informed service provider communicates to arriving

customer the exact queue length—a scenario where conflicts of interest raise important credibility

concerns. This adds complexity to both the theoretical analysis and the experimental implemen-

tation. With these practical challenges in mind, our analysis includes Full-Information (observable

queue) as a useful benchmark for the simpler Partial-Information policy that is often observed in

practice, and that is the focus of our study.

3.4 Partial Information

Propositions 1 and 2 replicate in our transient queue model some known results that demonstrate, in

the classic M/M/1 queue model, socially suboptimal (over)joining for the No-Information (Edelson

and Hilderbrand 1975) and the Full-Information settings (Naor 1969). Our model also predicts over-

joining when rational and self-interested customers ignore the impact of their decisions on other

customers, with a nuanced difference in the nature of the negative externality. In our model, welfare

suffers specifically because low-need customers overcrowd the system at the detriment of high-need

customers (we discuss the role of customer heterogeneity in §3.5.2).

Because overjoining under both No-Information and Full-Information reduces social welfare, the

service provider can benefit from strategically sharing partial information to discourage low-need

customers from joining. To derive sharp theoretical predictions and experimentally test the effect of

information design, we focus on the case of maximal overjoining: α∗ = 1, α∗
soc = 0, and q∗

soc = 0. This

implies that the provider prefers to serve only high-need customers. Based on Propositions 1 and 2,

this occurs when r′
L
c

≥ Λ−1
2 + 1 and r′

L
c

≤ ΛpH , requiring pH ≥ Λ+1
2Λ .

The service provider sends a binary signal ς ∈ {s, l} = {short, long}, e.g., either short or long wait,

to each arriving customer. The service provider commits to a signaling mechanism with threshold θ:

A customer receives a short signal if they arrive when there are fewer than θ customers in the system,

and a long signal otherwise. Optimal binary signaling mechanisms in M/M/1 models, which exhibit a

threshold structure, have been identified in previous work (Lingenbrink and Iyer 2019, Anunrojwong

et al. 2022). While these optimal mechanisms often involve randomized signals at the threshold, we

avoid randomization to enhance clarity and understanding in our experiments, while still capturing

the key managerial insights of such models.

Although customers cannot directly observe the system state q, they can infer the expected queue

length based on the signals provided and their beliefs about the strategies of other customers. A

low-need customer’s joining strategy is characterized by the pair of conditional joining probabilities

αs ≜ P(Join|ς = short) and αl ≜ P(Join|ς = long), given signals ς. To build intuition, in Lemma 1 we

analyze the customer equilibrium (α∗
s, α∗

l ) that arises for a given signaling threshold θ.
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Lemma 1. (Customer equilibrium for fixed θ) For a given signaling threshold θ ∈ {0, · · · ,Λ},
a unique customer equilibrium (α∗

s, α∗
l ) exists, given by α∗

s = 1 and

α∗
l =


1 if θ ≤ ¯̄θ,
2r′

L−c(2(θ+1)+pH (Λ−θ−1))
c(1−pH )(Λ−θ−1) if ¯̄θ < θ < θ̄,

0 if θ ≥ θ̄,

where ¯̄θ = ⌊ 2r′
L−c(Λ+1)

c
⌋, θ̄ = ⌈ 2r′

L−2c−cpH (Λ−1)
c(2−pH ) ⌉, and 0 ≤ ¯̄θ < θ̄ < q∗.

Lemma 1 shows that low-need customers always join after short signals, but become less likely
to join after long signals as θ increases—eventually stopping altogether for θ ≥ θ̄ (α∗

l = 0). This is
because long signals increasingly indicate longer waits. Lemma 1 also shows that the service provider
can implement thresholds as low as θ = θ̄ while maintaining the desired outcome: low-need customers
who receive long signals choose not to join (α∗

l = 0). The lower the threshold the more low-need
customers the provider is able to deter from joining and thus to maximize social welfare. This insight
is formalized in Proposition 3 4 and illustrated in Figure 1a using the parameters of some of our
experiments.

Proposition 3. (Optimal persuasive signaling mechanism) Let g(θ̄) ≜ 2(r′
L − cθ̄) + (Λ −

θ̄)pH(2r′
L − c(2(1 + θ̄) + pH(Λ − θ̄ − 1))). There is a unique equilibrium between the service provider

and customers. If g(θ̄) ≥ 0, then θ∗ = θ̄, α∗
s = 1, and α∗

l = 0. Otherwise, θ∗ = θ̄ − 1, α∗
s = 1, and

α∗
l ∈ (0,1).

3.5 Informativeness, Persuasion, and Social Welfare

With a binary signaling mechanism, the provider can induce the same customer behavior–and thus
achieve the same social welfare–as in No-Information by selecting θ ∈ {0,Λ}. For θ = 0 (θ = Λ),
customers receive only long (short) signals. Because these signals are uninformative about the system
state, low-need customers always join with probability α∗

l = 1 (α∗
s = 1). Similarly, by setting θ = q∗, the

provider can replicate Full-Information outcomes. Low-need customers join with certainty on short
signals (α∗

s = 1) and balk on long ones (α∗
l = 0), effectively implementing the q∗-threshold strategy and

associated social welfare. Importantly, Proposition 3 shows that neither extreme—No Information
(θ ∈ {0,Λ}) nor Full Information (θ = q∗)—is optimal. Instead, optimal signaling involves partial
information, with a threshold 0 < θ∗ < q∗. This choice obfuscates queue states when sending a long
signal by pooling favorable states (q < q∗, where joining yields higher utility) with unfavorable ones

4 The literature typically characterizes an obedient equilibrium where signals are followed (Anunrojwong et al. 2022,
Lingenbrink and Iyer 2019). This characterization is without loss of generality when the information designer has
access to all possible signaling mechanisms (Bergemann and Morris 2019). However, to facilitate our experiments,
we restricted our analysis to a fixed threshold signaling mechanism. Under this constraint, assuming an obedient
equilibrium (α∗

s = 1 and α∗
l = 0) is not necessarily without loss of generality, as demonstrated in Proposition 3.
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Figure 1 Social Welfare and Customer Behavior (Λ = 4, rH = 300, rL = 200, c = 50, υH = υL = 75, pH = 0.7).
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(q ≥ q∗, where joining yields lower utility). In this way, long signals deter customer joining via
persuasion because customers choice of balking means that sometimes they will balk in states where
joining would have been better (θ∗ ≤ q < q∗).

3.5.1 The Role of Commitment. The above analysis relies on the assumption that the ser-
vice provider commits to a signaling mechanism with threshold θ. With commitment, the service
provider adheres to the announced threshold. This guarantees credibility in communication. In con-
trast, without commitment, the provider may deviate from the communicated threshold. In this
case, signals become mere “cheap talk” with no informational value, as they may not reflect the true
queue states. Credibility then depends on whether the provider has an incentive to deviate from
the communicated threshold in favor of an alternative signaling policy. Figure 1b shows that when
low-need customers respond to long wait signals by balking, the provider has a clear incentive to
inflate delay announcements—sending only long signals (i.e., θ = 0)—in order to discourage low-need
customers from joining the queue. Consequently, rational customers anticipate this misalignment of
incentives and disregard the messages, effectively reducing communication to the No-Information
case. Proposition 4 formalizes this result.

Proposition 4. (No Commitment) Without commitment, only uninformative equilibria exist
where the provider implements any θ∗ ∈ {0, · · · , ¯̄θ,Λ} randomly and customers join with probabilities
α∗

s = 1 and α∗
l = 1.

This means that commitment renders the customer-provider conflict of interest irrelevant, which
allows for the possibility of sustaining a credible, informative, and welfare-improving equilibrium.
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3.5.2 The Role of Customer Heterogeneity. In our setting, the presence of high-need cus-
tomers allows for the persuasion of low-need customers: upon receiving a long signal, low-need cus-
tomers may decide to balk, knowing that the queue might be in a favorable state to join, specifically
θ∗ ≤ q < q∗. When customers are homogeneous (pH = 0), such a persuasive threshold (θ∗ < q∗) can-
not be sustained in equilibrium. To see why, suppose instead that θ∗ < q∗ holds in equilibrium with
homogeneous customers (pH = 0) who balk upon receiving a long signal. Under this assumption,
a customer receiving a long signal would know with certainty that the queue is shorter than q∗,
and would therefore strictly prefer to join—a contradiction. Thus, persuasion is not possible with a
homogeneous population. In contrast, with high-need customers who join, the queue may exceed q∗.
This allows a low-need customer who receives a long signal to be deterred from joining. See §4.1 in
Anunrojwong et al. (2022) for a related discussion in the M/M/1 setting.

3.6 Numerical Example: Information Design and Welfare

We illustrate how information design improves welfare in our queuing environment for a small pop-
ulation of Λ = 4 customers, using the parameters from experimental Studies 1 and 2. For each of
16 unique arrival sequences (ik denotes a customer of type i ∈ {L,H} in arrival position k), Table
1 displays queues and customer utilities, as they evolve from the interplay of arrival sequence and
equilibrium behavior under each of the information environments. Importantly, the table highlights
when an individual customer benefits (ik ) or not (ik ), from their own or other customers’ choices.

In the No-Information baseline (Proposition 1), rational customers always join under the chosen
parameters. Information design can increase welfare by inducing low-need customers to balk, as this
may benefit later arriving high-need customers and sometimes the low-need customers themselves.

In the Full-Information setting (Proposition 2), observing the queue length allows low-need cus-
tomers to balk at high congestion levels when they would otherwise have erroneously joined in
No-Information (L3 and L4 ), and welfare improves further when a later arriving high-need customer
faces a less congested system (H4 ). Together, the two effects increase welfare Ω from 580 to 620.5.

The Partial-Information setting provides an opportunity to improve welfare further, by persuading
low-need customer to balk even when it is not in their own best interest. Although the low-need
customer’s utility reduces by 75 (L1 ) or 25 (L2 ) from balking at low congestion levels where they
would join in Full-Information, welfare improves when there is a sufficiently high probability of later
arriving high-need customers (Hk ) each of which gains c = 50 from every previous low-need customer
that balked. The table illustrates the welfare benefits and limits to this approach.

With access to a Commitment device (Proposition 3), the provider sends a “short wait” message
only when the queue is empty (i.e., a threshold θ∗ = 1), and persuades some low-need customers to
balk when they receive the “long wait” signal–as it effectively pools unfavorable queue positions at
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which low-need customers prefer to balk (L3 ,L4 ) with favorable positions at which they would prefer
to join (L2 ). Such a properly designed signaling policy improves welfare to Ω = 634.

Notably, when customers obediently follow signals, a provider without commitment has an incentive
to send only “long wait” messages (i.e., a threshold of θ = 0), such that low-need customers would
balk even when arriving at an empty system (L1 ) and welfare would increase to Ω = 643. However,
rational customers anticipate this conflict of interest and disregard any information sent - leading to
an “uninformative equilibrium” where welfare deteriorates to the No-Information level of Ω = 580
(Proposition 4).

Table 1 Information Design and Welfare (Λ = 4, pH = 0.7, rH = 300, rL = 200, c = 50, υH = υL = 75).
No-Information Full-Information Partial-Information - Commitment Partial Information - Obedient

Arrival Seq. Queue Utilities Welfare Queue Balk Utilities Welfare Queue Balk Utilities Welfare Queue Balk Utilities Welfare

L1,L2,L3,L4 (L1,L2,L3,L4) (150,100,50,0) 300 (L1,L2) L3 ,L4 (150,100),75,75 400 (L1) L2 ,L3 ,L4 (150),75,75,75 375 () L1 ,L2 ,L3 ,L4 75,75,75,75 300
H1,L2,L3,L4 (H1,L2,L3,L4) (250,100,50,0) 400 (H1,L2) L3 ,L4 (250,100),75,75 500 (H1) L2 ,L3 ,L4 (250),75,75,75 475 (H1) L2 ,L3 ,L4 (250),75,75,75 475
L1,H2,L3,L4 (L1,H2,L3,L4) (150,200,50,0) 400 (L1,H2) L3 ,L4 (150,200),75,75 500 (L1,H2) L3 ,L4 (150,200),75,75 500 (H2 ) L1 ,L3 ,L4 (250),75,75,75 475
H1,H2,L3,L4 (H1,H2,L3,L4) (250,200,50,0) 500 (H1,H2) L3 ,L4 (250,200),75,75 600 (H1,H2) L3 ,L4 (250,200),75,75 600 (H1,H2) L3 ,L4 (250,200),75,75 600
L1,L2,H3,L4 (L1,L2,H3,L4) (150,100,150,0) 400 (L1,L2,H3) L4 (150,100,150),75 475 (L1,H3 ) L2 ,L4 (150,200),75,75 500 (H3 ) L1 ,L2 ,L4 (250),75,75,75 475
H1,L2,H3,L4 (H1,L2,H3,L4) (250,100,150,0) 500 (H1,L2,H3) L4 (250,100,150),75 575 (H1 H3 ) L2 ,L4 (250,200),75,75 600 (H1,H3 ) L2 ,L4 (250,200),75,75 600
L1,H2,H3,L4 (L1,H2,H3,L4) (150,200,150,0) 500 (L1,H2,H3) L4 (150,200,150),75 575 (L1,H2,H3) L4 (150,200,150),75 575 (H2 ,H3 ) L1 ,L4 (250,200),75,75 600
H1,H2,H3,L4 (H1,H2,H3,L4) (250,200,150,0) 600 (H1,H2,H3) L4 (250,200,150),75 675 (H1,H2,H3) L4 (250,200,150),75 675 (H1,H2,H3) L4 (250,200,150),75 675
L1,L2,L3,H4 (L1,L2,L3,H4) (150,100,50,100) 400 (L1,L2,H4 ) L3 (150,100,150),75 475 (L1,H4 ) L2 ,L3 (150,200),75,75 500 (H4 ) L1 ,L2 ,L3 (250),75,75,75 475
H1,L2,L3,H4 (H1,L2,L3,H4) (250,100,50,100) 500 (H1,L2,H4 ) L3 (250,100,150),75 575 (H1,H4 ) L2 ,L3 (250,200),75,75 600 (H1,H4) L2 ,L3 (250,200),75,75 600
L1,H2,L3,H4 (L1,H2,L3,H4) (150,200,50,100) 500 (L1,H2,H4 ) L3 (150,200,150),75 575 (L1,H2,H4 ) L3 (150,200,150),75 575 (H2 ,H4 ) L1 ,L3 (250,200),75,75 600
H1,H2,L3,H4 (H1,H2,L3,H4) (250,200,50,100) 600 (H1,H2,H4 ) L3 (250,200,150),75 675 (H1,H2,,H4 ) L3 (250,200,150),75 675 (H1,H2,H4) L3 (250,200,150),75 675
L1,L2,H3,H4 (L1,L2,H3,H4) (150,100,150,100) 500 (L1,L2,H3,H4) (150,100,150,100) 500 (L1, H3 ,H4 ) L2 (150,200,150),75 575 (H3 ,H4 ) L1 , L2 (250,200),75,75 600
H1,L2,H3,H4 (H1,L2,H3,H4) (250,100,150,100) 600 (H1,L2,H3,H4) (250,100,150,100) 600 (H1,H3 ,H4 ) L2 (250,200,150),75 675 (H1,H3,H4) L2 (250,200,150),75 675
L1,H2,H3,H4 (L1,H2,H3,H4) (150,200,150,100) 600 (L1,H2,H3,H4) (150,200,150,100) 600 (L1,H2,H3,H4) (150,200,150,100) 600 (H2 ,H3 ,H4 ) L1 (250,200,150),75 675
H1,H2,H3,H4 (H1,H2,H3,H4) (250,200,150,100) 700 (H1,H2,H3,H4) (250,200,150,100) 700 (H1,H2,H3,H4) (250,200,150,100) 700 (H1,H2,H3,H4) (250,200,150,100) 700

Expected Welfare Ω = 580 Ω = 620.5 Ω = 634 Ω = 643

4 Behavioral Experiments
We present the results from a series of experimental studies designed to test our main theoretical
predictions under controlled laboratory conditions. Specifically, our model predicts that a service
provider can improve social welfare with a properly designed partial information-sharing policy, and
that welfare gains crucially depend on the provider’s ability to commit to a threshold policy.

Hypothesis 1A. Signals with commitment improve welfare, i.e., ΩCommit > ΩNoInfo.
Hypothesis 1B. Signals without commitment do not improve welfare, i.e., ΩNoCommit = ΩNoInfo.
Our theoretical framework offers sharp, testable predictions, but we note that departures from

rationality may attenuate or shift these outcomes in practice. Importantly, the environment we
study—built on key first principles that characterize service systems—creates a cognitively demand-
ing setting for both providers and customers. This complexity can introduce decision noise, poten-
tially dampening the predicted welfare gains from information provision (H1A: ΩCommit > ΩNoInfo).
Furthermore, it may prevent customers from recognizing misaligned incentives with the provider,
opening the door for information policies to generate positive welfare effects even in the absence of
a commitment mechanism—contrary to theoretical predictions (H1B: ΩNoCommit = ΩNoInfo).
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4.1 Implementation

4.1.1 Task. Participants in our experiment faced the task described in §3.1, in the role of either

a service provider or a customer. In each of a total of T = 40 experimental rounds, the service

provider serves a market of Λ potential customers. At the beginning of each round, all customers

are randomly and independently assigned a type: high-need with probability pH , and low-need with

1 − pH . Customers arrive sequentially, according to randomly assigned and unknown indices k ∈

{1, · · · ,Λ}, and decide whether to join the system or not based on available information. Customers

who join the queue at position q + 1 earn ri − c(q + 1). Customers who do not join receive value of vi

from their outside option. The service provider’s objective is to maximize social welfare, which we set

as the average utility over all Λ customers. At the start of each round, each provider was randomly

matched with Λ customers to mitigate reputation effects. Participants did not know their session

size. The experimental treatments implemented in our study differ by the provider’s ability to send

(credible) information, as discussed next.

4.1.2 Roadmap to Studies. We implement three treatments that vary the provider’s ability

to share information with customers and to commit to an information-sharing policy. In the baseline

NoInfo treatment, the provider cannot send any signals about the queue length. In Commit, the

provider selects a threshold θ at the start of each round to generate binary signals ς = {s, l} =

{short wait, long wait}, sent to arriving customers. Customers receive s if the queue length is below θ

upon their arrival, and l otherwise. The threshold θ is publicly announced and binding. In NoCommit,

the provider privately selects a signal-generating threshold θ but publicly announces a potentially

different threshold θ′. Customers do not observe θ, but know the provider may misreport. In contrast,

in Commit, θ = θ′ by design. We compare these treatments with a FullInfo benchmark in §4.5. We

present results from three studies. Study 1 implements all three treatments in a “small” population

(Λ = 4), the minimal setting in which partial information outperforms full information (i.e., θ∗ <

q∗) and the queue is symmetric around the Naor threshold (q∗), ensuring an unbiased prior by

equally dividing favorable and unfavorable states. Study 2 re-implements Commit with an automated

provider to control for suboptimal provider behavior observed in Study 1. Study 3 uses a larger

population (Λ = 8), where the predicted welfare gap is stronger (providing stronger conditions for

H1A), and where design features amplify the conflict of interest between providers and customers

(providing stronger conditions for H1B).

4.1.3 Design Choices. We briefly discuss our main experimental design choices.

Human service providers. Our experiments feature both human customers and human service

providers. We include a human provider even in the NoInfo treatment, where providers make no



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
Article submitted to ; manuscript no. (Please, provide the manuscript number!) 17

decisions. This allows for a clean comparison across treatments, as it controls for the possibility that
customer choices are (partially) driven by their social concern for the provider’s utility.

Strategy method. We use the strategy method to elicit customer choices (join or balk) before they
learn their actual type for the round (see Appendix D). In the Commit and NoCommit treatments,
we ask customers how they would respond to each possible signal, given communicated thresholds θ′.
Widely used in experimental economics (e.g., Brandts 2011, Beer et al. 2022), the strategy method
addresses two key challenges: First, it allows to fully understand customer behavior even in unlikely
scenarios. Second, it maintains consistency with the theoretical assumption that customer rank k is
unobservable. We need to ensure that participants cannot, even imperfectly, infer their rank k, e.g.,
from how long they have waited between rounds. The strategy method eliminates such inference. At
the end of each round, the computer simulates the queue formation based on participant strategies
and the realizations of random events (customer type and index); see Figure 2 for an example and
Appendix D.1 for the rest treatments and Studies.

Feedback and learning. At the end of each round, all participants, regardless of their roles, receive
detailed feedback, including thresholds, arrival order, types, signals, decisions, queue positions, and
resulting utilities. While real-world service systems rarely offer such transparency, this design rein-
forces participant understanding of queue dynamics, signaling, and payoffs—giving theory its best
shot. To aid learning, participants first complete practice rounds: 10 of FullInfo in Studies 1 and
2, and 5 rounds of NoInfo in Study 3. Additionally, participants completed comprehension quizzes
where all questions had to be answered correctly to proceed with the experiment (see Appendix D.3).

Lying Detection Mechanism. The full feedback at the end of each round also means that customers
in the NoCommit treatment can observe whether the provider’s implemented threshold θ matched
the communicated threshold θ′. Although this may be unrealistic in practice, this gives customers
the opportunity to detect the provider’s potential conflict of interest more easily, which gives theory
its best shot.5

Parameters. In all studies, we choose parameter values (rH , rL, c, pH ,Λ,υH , υL) such that all low-
need customers theoretically join the system in NoInfo (see Proposition 1), thus creating a welfare
loss that can be mitigated by a properly designed information policy (see §3.4).

4.1.4 Software, Recruitment, and Payment. We implemented the experiment in oTree
(Chen et al. 2016), with 564 participants in total. Each subject took part in only one treatment. Par-
ticipants were recruited from the subject pool of a large public university’s experimental lab. Upon
arrival, they were randomly assigned to private cubicles and guided through on-screen instructions

5 One might argue that full feedback could act as an informal commitment device—discouraging providers from lying
due to the risk of being detected. However, the extent of misreporting we observe suggests otherwise. In fact, lying
is most pronounced in Study 3, precisely where the lie detection mechanism is strongest (see Appendix D).
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Figure 2 Choice Elicitation and Queue Simulation: Experiment Interface for Commit in Study 1

(a) Provider choice elicitation (b) Focal customer choice elicitation

(c) Queue simulation: Focal customer arrives (d) Queue simulation: End of round

Note: Following the strategy method, each round begins with service providers selecting their information policy

(a), which is then communicated to customers. Customers respond by choosing their joining strategies (b). Once all

strategies are set, the system randomly assigns customer indices and types, and executes decisions according to the

elicited strategies. Participants then view simulations illustrating how arrivals, signals, and joining decisions unfold,

visualized through animated graphics showing queue dynamics and resulting payoffs (c,d). See Appendix D.1 for the

other treatments and Studies.

(see Appendix D.2). All participants could ask clarification questions before starting the main experi-

ment. Each session lasted about 90 minutes. Participants received a fixed show-up fee—€5 in Studies

1 and 2, €7 in Study 3—and a bonus based on their average payoff over 40 rounds, converted at €0.10

per $1 experimental dollar (Studies 1 and 2) or €0.50 per $1 (Study 3). Total earnings ranged from

€19–€23 (avg. €21.32) in Study 1, €19–€24 (avg. €21.53) in Study 2, and €7.44–€33.38 (avg. €19)

in Study 3. All studies were pre-registered, including hypotheses, variables, analysis plans, and sam-

ple sizes. Pre-registrations are available at: https://aspredicted.org/2bwq-73kp.pdf and https:

//aspredicted.org/x2dr-w8js.pdf (Studies 1 and 2) and https://aspredicted.org/H92_D94

and https://aspredicted.org/MXN_MJZ (Study 3).

https://aspredicted.org/2bwq-73kp.pdf
https://aspredicted.org/x2dr-w8js.pdf
https://aspredicted.org/x2dr-w8js.pdf
https://aspredicted.org/H92_D94
https://aspredicted.org/MXN_MJZ
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4.1.5 Data and Analysis. At the most granular level, for each round t ∈ {1, . . . , T} and cohort
c ∈ {1, . . . ,C}, we observe the provider j’s implemented threshold θjtc in Commit and NoCommit,
as well as the communicated threshold θ′

jtc in NoCommit. For each customer k ∈ {1, · · · ,Λ}, we
observe their strategy Aktc ≡ {aH

ktc, a
L
ktc} in NoInfo, Aktc ≡ {aH

ktc(ς = s|θjtc), aH
ktc(ς = l|θjtc), aL

ktc(ς =
s|θjtc), aL

ktc(ς = l|θjtc)} in Commit, and Aktc ≡ {aH
ktc(ς = s|θ′

jtc), aH
ktc(ς = l|θ′

jtc), aL
ktc(ς = s|θ′

jtc), aL
ktc(ς =

l|θ′
jtc)} in NoCommit, where ai

ktc ∈ {0,1} is such that 1 denotes Join and 0 denotes Balk. Rather
than using realized welfare wct, we focus on the optimality of participant decisions by computing
the implied welfare Ωct—the expected long-run welfare based on the observed joining strategies Aktc

and the implemented threshold θjtc. This measure removes randomness due to customer type and
arrival order, allowing for cleaner comparisons with theoretical predictions. Appendix C details the
computation of Ωct. For comparisons across treatments or with theory, we use session-level averages
as the unit of analysis in our statistical tests (e.g., t-tests). We also report regression-based analyses,
using standard errors clustered at the session level to account for dependencies in the data.

4.2 Study 1: Small Population (Λ = 4)

We implement three main treatments (NoInfo, NoCommit, Commit) in the task setting from §3.1,
using the parameters from the numerical example in §3.6: Λ = 4, pH = 0.7, rH = 300, rL = 200, c = 50,
υH = υL = 75. We have a total of 230 participants, 8 sessions for NoInfo, 8 sessions for Commit, and 7
sessions for NoCommit. In each session, we have 2 cohorts of 5 (1 provider and 4 customers). Cohorts
were randomly rematched in each round, and participants did not know their session size.

4.2.1 Choices: Customers. Across all treatments, and consistent with theory, we observe that
high-need customers almost always join the queue (see Appendix E.1.1).

Result 1. High-need customers always join.

The joining behavior of low-need customers varies between treatments. It is indistinguishable from
random joining in the NoInfo treatment (0.51 vs 0.5, p = 0.795), which highlights the complexity
of making joining decisions without any information whatsoever. The joining rates of low-need cus-
tomers are significantly less than theoretically predicted (0.512 vs 1, p < 0.001), yet they remain
higher than socially optimal rates (0.51 vs 0, p < 0.001); see Proposition 1.

Result 2. Low-need customers join uniformly at random in NoInfo.

Our data further shows that the provision of signals in both Commit and NoCommit influence
low-need customer behavior. In Commit, when receiving a short queue signal, customers are more
likely to join than in NoInfo (0.914 vs. 0.512, p < 0.001), even though they join less than theoretically
predicted (0.914 vs. 1, p = 0.027). Conversely, when receiving a long queue signal, customers are less
likely to join than in NoInfo (0.100 vs. 0.512, p < 0.001), even though they join more than predicted
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(0.100 vs. 0, p = 0.007). The effect of signals is strikingly similar in NoCommit - relative to the NoInfo
baseline, customers are more likely to join after a short signal (0.891 vs. 0.512, p < 0.001), and less
likely to join after a long signal (0.049 vs. 0.512, p < 0.001).6

Result 3. Signals are (equally) influential in Commit and NoCommit.

While signals are clearly influencing the joining behavior of low-need customers, the analysis thus
far remains at an aggregate level and leaves unanswered the important question of whether signal
strength depends on the signaling policy that providers communicate (i.e., threshold θ′). In Figures
3a and 3b, we present, for a given communicated threshold θ′ and signal, the average customer joining
probabilities. We also fit a simple logistic regression (see Appendix E.1.1, Table 4),

P(Joinit = 1) = Φ(β0 + β1 · NoCommit + β2 · θ′ + β3 · NoCommit · θ′ + β4 · Round), (1)

where Φ(·) is the Logistic function. Using Commit as the baseline, we include a dummy variable
for NoCommit, the communicated threshold θ′, an interaction effect, and Round to capture possible
learning effects. We estimate the model separately for short and long signals.

For short signals, we observe that low-need customers in Commit join less as θ′ increases (β̂2 =
−1.54, p < 0.001). Notably, we observe the same effect for NoCommit (β̂3 = −0.22, p = 0.547). For
long signals, low-need customers in Commit join less for higher thresholds (β̂2 = −1.02, p < 0.001)
and, again, we observe the same effect for NoCommit (β̂3 = −0.14, p = 0.629)

Result 4. Low-need customer joining rates in Commit and NoCommit decrease in θ′.

Overall, we find that customer behavior under Commit qualitatively aligns with theory. Surpris-
ingly, NoCommit yields the same behavior as Commit. Regardless of the underlying mechanisms
(which we discuss in §5.1), the customer choice patterns in both scenarios show the provider’s ability
to influence low-need customer behavior through strategic threshold selection, even without com-
mitment. We found no evidence of customer learning in any treatment (see Table 4 in Appendix
E.1.1).

4.2.2 Choices: Providers. In Figure 3c, we present the empirical distributions of thresholds
communicated and implemented by the providers. In Commit, we observe that the average threshold
is higher than theory predicts (2.26 vs. θ∗ = 1, p = 0.002), even in later rounds where we observe
some modest learning (for t = 21−40: 2.15 vs. θ∗ = 1, p = 0.004). That is, providers send informative
signals, but they send fewer long wait signals than optimal. Because customers tend to follow signals

6 Contrary to theory predictions, we observe that signals influence low-need customers in a similar fashion in Commit
(0.891 vs. 1, p = 0.041) and NoCommit (0.049 vs. 1, p < 0.001), both for short wait signals (0.914 vs. 0.891, p = 0.360)
and for long wait signals (0.100 vs. 0.049, p = 0.109).
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Figure 3 Study 1: Decisions of Low-need Customers and Providers
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(c) Providers: Threshold choices

even in the absence of commitment (Result 3), providers in NoCommit have an opportunity to
influence customer joining behavior, contrary to what theory predicts. We observe that the average
communicated threshold in NoCommit is indistinguishable from Commit (2.27 vs. 2.26, p = 0.486),
and higher than optimal (2.27 vs. θ∗ = 1, p < 0.001). Similarly, the average implemented threshold
in NoCommit is indistinguishable from Commit (2.03 vs. 2.26, p = 0.250), and is higher than what
would be optimal (2.03 vs. θ∗ = 1, p < 0.001).

Result 5. Providers communicate and implement fewer long wait signals than optimal.

Intriguingly, Result 3 also presents an additional opportunity to steer customer behavior not present
in Commit: the strategic communication and implementation of different thresholds. Indeed, 25.17%
of the thresholds implemented by providers in NoCommit differ from those they communicated. The
average implemented threshold is lower than communicated (2.03 vs. 2.27, p = 0.077), and the gap
is even larger if we restrict the analysis to the second half of the data (1.85 vs. 2.21, p = 0.023).

Result 6. In NoCommit, providers communicate higher thresholds than implemented.

This suggests that providers behave strategically and in accordance with the conflict of interest in
the model.

4.2.3 Social Welfare. Our results thus far show that signals are influential since customers
react to them, and informative because they provide meaningful information about the queue length
(even in NoCommit). Thus, our data provides evidence for the key mechanisms underlying the idea
that wait signals can offer welfare gains. Indeed, Figure 4a shows that information design impacts
welfare, though not in the direction predicted by theory. We observe that the implied social welfare
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in Commit falls significantly short of theoretical predictions (613.5 vs. 634, p < 0.001), with no
improvement over NoInfo (613.5 vs. 615.4, p = 0.301). In contrast, social welfare in NoCommit exceeds
theoretical predictions (619.8 vs. 580, p < 0.001), and provides a modest improvement over NoInfo

(619.8 vs. 615.4, p = 0.111) specifically in rounds t = 21 − 40, (621.73 vs. 615.78, p = 0.032), where
providers learn to strategically communicate and implement different thresholds (Result 6).

Result 7. Signals in Commit do not improve welfare over NoInfo. Signals in NoCommit do.

Figure 4 Study 1: Decomposition of Social Welfare (incl. CommitBOT(θ∗ = 1) from Study 2)
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(c) Decomposed Commit

Why are there no welfare improvements in Commit, and modest welfare improvements in NoCom-

mit? Several observations are notable here. First, welfare in NoInfo is substantially higher than
predicted (615.43 vs 580, p < 0.001), leaving less room for improvement under our signaling treat-
ments.7 Second, welfare gains in our signaling treatments are lower than what is possible (given the
customer behavior that we observe), because of suboptimal provider behavior.

Figure 4b illustrates the welfare loss in the NoCommit treatment resulting from provider behavior.
It breaks down threshold choices into three archetypes: Honest, Overstate, and Understate. When
providers honestly communicate the implemented threshold (Honest: θ′ = θ), they achieve the same
welfare as in NoInfo (618.38 vs 615.43, p = 0.191). When providers communicate a higher threshold
than they implement (Overstate: θ′ > θ), effectively inflating the number of long-wait signals, they

7 While helpful for NoInfo (for which theory predicts 100% joining for the parameters implemented in our experi-
ments), noisy customer behavior decreases welfare in Commit.
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improve welfare over NoInfo (629.10 vs 615.43, p = 0.007) and approach the theoretical benchmark
of the Commit treatment (629.10 vs 634.00, p = 0.113). Conversely, when providers communicate a
lower threshold than they implement (Understate: θ′ < θ), effectively inflating the number of short-
wait signals, they achieve a lower welfare than in NoInfo (594.59 vs 615.43, p = 0.001). Overall,
because providers overstate more often than they understate (Result 6), we observe higher welfare
in NoCommit than in the other treatments (Result 7).

Result 8. In NoCommit, providers that communicate inflated thresholds achieve higher welfare.

Similarly, Figure 4c illustrates the welfare loss due to provider behavior for the Commit treatment,
by decomposing the data “by threshold”. Unsurprisingly, non-informative thresholds fare poorly -
when providers commit to always sending long wait signals regardless of the system state (i.e.,
θ′ = 0), they achieve the same welfare as in NoInfo (611.38 vs. 615.4, p = 0.248). When providers
commit to always sending short wait signals (i.e., θ′ = 4), which induces more joining, they achieve
even lower welfare than in NoInfo (603.83 vs. 615.4, p = 0.013). The high frequency of such non-
informative thresholds in our data (Figure 3c) contributes to the low average welfare achieved in
Commit (no higher than in NoInfo). Persuasive thresholds (θ′ = θ∗ = 1) provide welfare benefits:
Figure 4c illustrates welfare gains over the NoInfo treatment in this case, although the increase is
only modest (621.19 vs. 615.4, p = 0.145).

Result 9. In Commit, persuasive thresholds marginally increase welfare.

In general, implementing a good (i.e., persuasive) threshold in Commit suggests welfare improve-
ments. However, this threshold is rarely picked by the providers, which points to a welfare improve-
ment opportunity that we revisit in Study 2.

4.3 Study 2: Automated (and Persuasive) Providers

One of the most remarkable results of Study 1, is that signals can improve welfare when the provider
has no commitment device (Result 7) - while NoCommit fares much better than theoretically pre-
dicted, Commit fares much worse. Customer behavior is unlikely to be the primary cause of lower
welfare in Commit compared to NoCommit. After all, customer behavior is similar across both signal
treatments (Results 3 and 4). Rather, Figure 4c suggests that poor provider choices are the main
driver behind the low welfare in Commit. As a direct test of this conjecture, our second study imple-
ments a simple treatment, CommitBOT, which has Λ = 4 human customers arriving at a system with
a “provider bot” that implements the theoretical “persuasive” threshold θ∗ = 1 throughout.

4.3.1 Design and Implementation. We followed the same design as in Study 1, with the
only difference that the providers were automated. Overall, 64 subjects participated, organized in 8
sessions with 8 participants each.
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4.3.2 Results. We first study whether automating the providers’s strategy in CommitBOT has
a substantive impact on customer behavior. Consistent with Study 1 (Result 1), high-need customers
join almost all the time (with 100% probability for “Short Wait” signals, and 99.7% for “Long Wait”
signals). Similarly, when faced with a short wait signal, low-need customers in CommitBOT join
the system with a high probability, comparable to customers facing the same θ = 1 threshold in
Commit (0.977 vs. 0.937, p = 0.212). Likewise, when given a “Long Wait” signal, low-need customers
in CommitBOT join with a low probability, similar to those in Commit (0.171 vs. 0.220, p = 0.216).

Result 10. High and low-need customers joining behavior is similar in Commit and CommitBOT.

In terms of welfare, we observe that the consistent implementation of a persuasive threshold in
CommitBOT yields higher welfare than NoInfo (Figure 4a: 626.26 vs. 615.43, p = 0.003), Com-
mit (Figure 4a: 626.26 vs. 613.50, p < 0.001), and NoCommit (Figure 4a: 626.26 vs. 619.8, p =
0.006). Importantly, CommitBot does not improve on instances in Commit where providers do set
the same persuasive threshold θ = 1 ( 626.26 vs. 621.19, p = 0.104), nor does it improve over NoCom-
mit(Overstate) (Figure 4c: 626.26 vs. 629.10, p = 0.239).

Result 11. The implementation of a persuasive threshold in CommitBOT increases welfare, but not
more than the persuasive threshold in Commit and the strategically overstated thresholds in NoCommit.

Overall, we observe that CommitBOT improves welfare as it removes poorly set thresholds from
the Commit treatment (Figure 4c). These results provide direct evidence that provider behavior is
the main driver behind the poor welfare in Commit.

4.4 Study 3: Large Population (Λ = 8)

As real-world service systems typically involve the interactions of many customers, in this study we
consider a larger customer population to examine the robustness of our results. Importantly, in this
study, we make several design choices that highlight the conflict of interest between the provider and
low-need customers, making it more salient to both parties. A more pronounced conflict environment
strengthens the robustness of findings regarding the effects of signal treatments, where the provider
may attempt to influence low-need customer behavior either through persuasion (Commit) or by
potentially lying (NoCommit). We implement three main treatments (NoInfo, NoCommit, Commit)
in the task setting from §3.1, using the following parameters: Λ = 8, pH = 0.65, rH = rL = 185, c = 40,
υL = 0, and υH << 0. As in the previous studies, parameter values are chosen such that all low-need
customers theoretically join the system in NoInfo (see Proposition 1), thus creating a welfare loss
that can be mitigated by a properly designed communication strategy (see §3.4).

We set the inside option utility equal across customer types (rH = rL), but distinguish between
types through their outside option utilities. Specifically, low-need customers have a neutral outside
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option (υL = 0), while high-need customers face a strongly negative one (υH ≪ 0), such that low-need
customers may opt out if the queue is long, whereas high-need customers always prefer joining the
system. To reduce noise from customer decision-making, we automate decisions for high-need cus-
tomers in line with theoretical predictions—specifically, that they always choose to join. This choice is
reasonable in light of observed high-need behavior in our previous studies. Overall, this parametriza-
tion—where high-need customers always join but risk negative utility if they arrive late—makes the
provider’s incentive to deter low-need customers from joining more salient to participants.8 Finally,
while customers in Study 1 could only infer provider dishonesty in NoCommit with some effort,
Study 3 implements a stronger lying-detection mechanism as we display the provider’s stated policy
alongside their actual implemented policy (see Appendix D.1).

In total, 270 participants were included in our study and each subject participated in one treatment
only. Exactly 18 participants were in a session, for 2 cohorts of 9 (1 provider and 8 customers) and
participants did not know the session size. For the following presentation of results, we preserve the
numbering from Study 1 to allow for an easy and direct mapping between the results of both studies.

4.4.1 Choices: Customers. As in Study 1, the joining behavior of low-need customers is indis-
tinguishable from random joining in the NoInfo treatment (0.571 vs 0.5, p = 0.148). Although low-
need customers thus join significantly less than theoretically predicted NoInfo (0.571 vs 1, p = 0.007),
they do join at higher than socially optimal rates (0.571 vs 0, p = 0.004).

Result 2’. Low-need customers join uniformly at random in NoInfo.

Do signals influence customer behavior? In Commit, low-need customers are more likely to join
after a short signal than in NoInfo (0.880 vs. 0.571, p < 0.001), though less than predicted (0.880
vs. 1, p = 0.003). After a long signal, they are less likely to join than in NoInfo (0.238 vs. 0.571,
p = 0.001), but more than predicted (0.238 vs. 0, p = 0.002). NoCommit shows a similar pattern:
customers join more after short signals (0.837 vs. 0.571, p < 0.001) and less after long signals (0.308
vs. 0.571, p = 0.001). As in Study 1, signal responses are similar across Commit and NoCommit, for
both short (0.880 vs. 0.837, p = 0.093) and long (0.238 vs. 0.308, p = 0.099) signals.

Result 3’. Signals are (equally) influential in Commit and NoCommit.

Does the information policy affect signal strength? Figures 5a and 5b show how customer joining
probabilities vary with communicated threshold θ′ and signal, and suggest that the information

8 Post-experimental survey results support the notion that study 3 presents a more salient conflict of interest (see
Appendix F). Specifically, responses to item Q3, which measures perceived conflict of interest, show a clear and
statistically significant increase across studies: participants in Study 1 reported the least conflict, followed by Study 2,
with Study 3 showing the highest perceived conflict. This upward trend held consistently across customers, providers,
and all treatment conditions (see Table 37 in Appendix F).
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policy moderates the impact of signals on customer decisions. We formally test this using a logistic
regression (Equation 1 from Study 1). We provide the full results in Appendix E.3.1 Table 24, and
only briefly summarize the key findings here. As in Study 1, for short and long wait signals, the joining
probability decreases in the communicated threshold in both Commit and NoCommit treatments.
However, in contrast to Study 1, this probability decreases less sharply in the NoCommit treatment.

Result 4’. Communicated thresholds θ′ decrease low-need customer joining, with a weaker effect in
NoCommit.

A plausible result, given that in Study 3 the conflict of interest is more salient. Still, customers in
NoCommit do respond to signals, suggesting providers could enhance welfare by overstating thresh-
olds. We find no evidence of customer learning in the signaling treatments, and only a marginal
decline in joining probabilities in NoInfo (see Table 24 in Appendix E.3.1).

Figure 5 Study 3: Decisions of Low-need Customers and Providers
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(c) Providers: Threshold choices

4.4.2 Choices: Providers. Figure 5c presents the empirical distribution of thresholds commu-
nicated and implemented by the providers. In Commit, we observe that the average threshold is
higher than predicted (2.98 vs. θ∗ = 2, p = 0.008), which persist with some modest learning (for
t = 21 − 40: 2.83 vs. θ∗ = 2, p = 0.004). In other words, providers send informative signals, but fewer
long wait signals than is optimal under a persuasive signaling policy. The average communicated
threshold in NoCommit is indistinguishable from Commit (3.16 vs. 2.98, p = 0.330), and higher than
optimal (3.16 vs. θ∗ = 2, p = 0.004). Similarly, the average implemented threshold in NoCommit is
indistinguishable from Commit (2.46 vs. 2.98, p = 0.180), and is higher than what would be optimal
(2.46 vs. θ∗ = 2, p = 0.154).
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Result 5’. Providers communicate and implement fewer long wait signals than optimal.

As in Study 1, we observe that providers in NoCommit implement thresholds that are different

from the communicated one 51.6% of the time. The average implemented threshold is lower than

communicated (2.46 vs. 3.16, p = 0.017), and the gap is even larger if we restrict the analysis to the

second half of the data (2.21 vs. 3.12, p = 0.014).

Result 6’. In NoCommit, providers communicate higher thresholds than implemented.

4.4.3 Social Welfare. Consistent with Study 1, we find that signals are influential and informa-

tive, thereby providing evidence for the key mechanisms that allow signals to generate welfare gains

(even in NoCommit). Although welfare in NoInfo is substantially higher than theoretically predicted

(172.83 vs 40, p = 0.005), Figure 6a shows that information design improves welfare. We observe that

implied social welfare in Commit falls significantly short of theoretical predictions (200.70 vs. 250,

p < 0.001), yet provides improvement over NoInfo (200.70 vs. 172.83, p = 0.026), which is sustained

when looking only at the second half of the data, from t = 21 − 40, (204.53 vs. 181.52, p = 0.062).

Similarly, social welfare in NoCommit exceeds theoretical predictions (198.70 vs. 40, p < 0.001), and

provides an improvement over NoInfo (198.70 vs. 172.83, p = 0.015), which is sustained when looking

only at the second half of the data, from t = 21 − 40, (202.55 vs. 181.52, p = 0.017).

Result 7’. Signals in Commit and NoCommit improve welfare.

Figure 6 Study 3: Decomposition of Social Welfare

1–4 17–20 37–40
0

50

100

150

200

250

300

Commit: Theory

NoInfo & NoCommit: Theory

Round

Im
pl

ie
d

So
ci

al
W

el
fa

re
Ω

Commit NoCommit
NoInfo

(a) All Treatments

1-10 11-20 21-30 31-40
0

50

100

150

200

250

300

Commit: Theory

NoInfo & NoCommit: Theory

Round

NoCommit(Honest)
NoCommit(Overstate)
NoCommit(Understate)
NoInfo

(b) Decomposed NoCommit

1-10 11-20 21-30 31-40
0

50

100

150

200

250

300

Commit: Theory

NoInfo & NoCommit: Theory

Round

Commit(θ∗ = 2)
Commit(Other θ)
NoInfo

(c) Decomposed Commit



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
28 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

Figure 6b decomposes providers’ threshold choices. When providers honestly communicate the
implemented threshold (Honest: θ′ = θ), they achieve higher welfare than in NoInfo (195.08 vs 172.83,
p = 0.022). Similarly, when providers communicate a higher threshold than they implement (Over-
state: θ′ > θ), i.e., inflate the number of long-wait signals, they improve welfare over NoInfo (218.91
vs 172.83, p < 0.001) and approach the theoretical benchmark of the Commit treatment (218.91 vs
250, p < 0.001). Conversely, when providers communicate a lower threshold than they implement
(Understate: θ′ < θ), i.e., inflate the number of short-wait signals, they achieve the same welfare as
in NoInfo (169.06 vs 172.83, p = 0.383).

Result 8’. In NoCommit, providers that communicate inflated thresholds achieve higher welfare.

In a similar spirit, Figure 6c visualizes welfare loss from provider behavior for the Commit treat-
ment, by decomposing the data “by threshold”. Not surprisingly, non-informative thresholds fare
poorly - when providers commit to always sending long wait signals regardless of the system state
(i.e., θ′ = 0), they achieve the same welfare as in NoInfo (196.46 vs. 172.83, p = 0.091). Similarly,
when providers commit to always sending short wait signals (i.e., θ′ = 8), which induces more joining,
they achieve the same welfare as in NoInfo (192.26 vs. 172.83, p = 0.096). It stands to reason that
persuasive thresholds (i.e., θ′ = θ∗ = 2) provide welfare benefits. Indeed, the persuasive threshold
increases welfare compared to the NoInfo treatment (207.66 vs. 172.83, p = 0.012).

Result 9’. In Commit, providers that implement a persuasive threshold improve welfare.

4.5 Full-Information Benchmark: The Observable Queue

An important theoretical prediction is that neither extreme—NoInfo nor FullInfo—is optimal.
Instead, the optimal signaling strategy involves conveying partial information (see §3.5). To study
how binary signals compare to a full information benchmark, we first look at the 10 practice rounds
that participants in Studies 1 and 2 completed under a FullInfo treatment. This provided a simple
reference point for assessing performance under fully observable queues. Social welfare in these prac-
tice rounds consistently fell short of theoretical predictions, and all main treatments in both studies
outperformed their respective FullInfo practice counterpart (see Appendices E.1.4, E.2.3).

Because our FullInfo data is from unincentivized practice rounds intended primarily for learning,
we also use the theoretical FullInfo benchmark (see Proposition 2) as a more conservative point of
comparison. We find that binary signaling achieves or exceeds the theoretical welfare predicted under
a FullInfo environment across multiple treatments and studies. In Study 1, both Commit(θ∗ = 1) and
NoCommit yield outcomes consistent with the FullInfo benchmark (621.19 vs. 620.5, p = 0.441 and
619.83 vs. 620.5, p = 0.327, respectively), while NoCommit(Overstate) exceeds it significantly (629.10
vs. 620.5, p = 0.034). In Study 2, CommitBOT also surpasses the FullInfo benchmark (626.26 vs.
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620.5, p = 0.005). Similarly, in Study 3, both Commit and NoCommit match the FullInfo level (200.7
vs. 199.6, p = 0.416 and 198.7 vs. 199.6, p = 0.412), while Commit(θ∗ = 2) and NoCommit(Overstate)
outperform it (207.66 vs. 199.6, p = 0.095 and 218.91 vs. 199.6, p = 0.001, respectively).

5 Behavioral Mechanisms and Managerial Implications
Overall, we find that both customers and providers deviate from the perfect rationality assumption,
yet they do exhibit some strategic reasoning. Customers behave randomly in the absence of queue
information in NoInfo, and appear insensitive to conflicts of interest in NoCommit. Still, they respond
to signals in ways that qualitatively align with theoretical predictions—adjusting their behavior
based on how signals map to queue length. Providers, while rarely adopting fully persuasive signal-
ing policies in Commit, often choose reasonably informative ones and frequently engage in strategic
misreporting when given the opportunity in NoCommit. We find that information provision is ben-
eficial for welfare, albeit to a lesser extent than predicted by theory. Importantly, even non-binding
communication leads to improvements.

5.1 Behavioral Mechanisms

While our experimental design does not aim to isolate behavioral mechanisms, observed patterns
align with established findings in behavioral economics and operations. In particular, the aggre-
gate behavior of customers and providers fits well within the Quantal Response Equilibrium (QRE)
framework (Goeree et al. 2016), consistent with evidence of bounded rationality in strategic commu-
nication games and its growing use in behavioral operations (see §2). QRE relaxes the assumption of
perfect optimization by allowing for the possibility of mistakes: better strategies are more likely to
be chosen, but not always. This is modeled via a mean-zero noise term in expected utility, capturing
systematic decision errors while preserving responsiveness to information. For instance, assuming
independent noise terms follow a mean-zero Gumbel distribution with scale parameter β > 0 yields
a logit form for choice probabilities (McFadden 1981). Using the NoInfo setting as an example, the
joining probability for low-need customers is then given by:

φ(β) = e(rL−c(E[Q]+1))/β

e(rL−c(E[Q]+1))/β + eυL/β
.

The parameter β reflects the degree of bounded rationality (Chen et al. 2012, Huang et al. 2013). As
β → 0, choices converge to full rationality; as β → ∞, choices become uniformly random. We estimate
β with our experimental data, providing a quantitative measure of bounded rationality. Appendix
G provides details for all treatments and structural estimates from our data. To illustrate, Figure
7 shows predicted choice probabilities under the estimated QRE model for all three treatments of
Study 3; results for all studies are reported in Appendix G.
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Figure 7 QRE Predictions: Low-need Customers and Providers (Full Models from Table 39 in Appendix G)
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(c) Providers: Threshold choices

Originally proposed by Huang et al. (2013) for queueing settings, QRE accounts for customers’
difficulty in estimating queue length from available information and providers’ imperfect welfare opti-
mization. Our results are consistent with this view. For instance, low-need customers under NoInfo
appear to behave randomly (Result 2’), reflecting difficulty in forming queue length expectations in
the absence of information. In Commit, binary signals reduce this burden, as indicated by low-need
customers joining more often after short signals and less after long ones (Figures 7a and 7b). Their
joining probability also decreases with higher communicated thresholds θ′ (Result 4’)–a pattern QRE
predicts, as errors become less likely when utility differences between choices grow (Goeree et al.
2016). Provider behavior under Commit also matches QRE predictions: the distribution of thresholds
aligns with welfare-maximizing ones based on customers’ responses (Figure 7c).

Under NoCommit, while signals are less informative, they still guide behavior (Result 3’)—Figures
7a and 7b show how customers respond differently to short vs. long signals, though less strongly than
under Commit (Result 4’). QRE explains this muted responsiveness as stemming from customers’
uncertainty about the true threshold θ, leading to flatter expected payoffs. Providers also tend to
inflate θ′ but not maximally (Result 6’). We find that introducing a lying cost in the QRE model cap-
tures this behavior, which is consistent with truth-telling preferences documented in related literature
(Rosenbaum et al. 2014, Abeler et al. 2019, Özer et al. 2011, Rodriguez et al. 2025).

QRE also helps explain the welfare deviations from theoretical predictions observed in our data.
In NoInfo, random errors reduce overjoining, boosting welfare—supporting Huang et al. (2013)’s
theoretical prediction that bounded rationality can mitigate congestion. This effect is particularly
pronounced because estimating queue lengths is most cognitively demanding in NoInfo. In Commit,
providers often fail to choose persuasive thresholds, and even when they do (e.g., CommitBOT ),
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boundedly rational customers are imperfectly persuaded. Interestingly, this means that customer

perfect rationality would enhance persuasion and increase welfare under commitment. In NoCommit,

lying aversion and bounded rationality yield informative communication with welfare outcomes close

to those in Commit. Overall, these behavioral mechanisms significantly shape how information design

impacts welfare in queues. Additional details and discussions are presented in Appendix G.

5.2 Managerial Implications

Our results offer insights for information design in service systems. At a high level, our results indi-

cate that firms can use information sharing as an effective managerial lever to mitigate customer

overjoining in service systems. Our results suggest that firms can treat formal commitment mecha-

nisms and behavioral mechanisms as substitutes when designing information policies. In settings with

fully rational customers, commitment devices are crucial—shared information alone does not influ-

ence behavior when provider and customer incentives are misaligned, as rational customers disregard

untrustworthy signals. However, with boundedly rational customers, the effectiveness of informa-

tion policies depends less on formal commitment and more on whether customers can perceive and

respond to conflicts of interest, as well as the extent to which providers share information truthfully.

This behavioral perspective broadens the range of effective policy tools available to firms.

A natural implication of the above is that firms do not necessarily need to invest in costly commit-

ment devices—such as audit trails or blockchain technology—for information design interventions to

work. Indeed, our findings show that a lack of commitment does not necessarily disrupt communi-

cation; rather, it gives providers the option to inflate delay announcements as an additional lever to

mitigate overjoining behavior. This also falls in line with the conventional wisdom of “under-promising

and over-delivering”, which can enhance customer satisfaction by creating a positive surprise for

those who choose to join the system (Yu and Smith 2020). While we do not endorse deception—given

the ethical, legal, and reputational implications—our results may help explain potential practices in

the field (Lazarus 2020, Fisher 2025). Clearly, more research on this delicate subject is in order.

Finally, our results show that when commitment mechanisms are in place, firms should consider

using binary signals that convey vague information rather than fully informative ones. Binary signals

are not only easier to implement, but also serve as effective persuasive tools. While boundedly rational

customers may struggle to interpret vague information–resulting in muted behavioral responses–we

find that such signals can still match or even exceed the welfare outcomes of full-information policies.

This suggests that such strategic obfuscation can be both practical and robust in the presence of

behavioral noise.



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
32 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

6 Conclusions
Information design, as a managerial lever to mitigate customer overuse and improve welfare in service

systems, is receiving increasing attention from service operations scholars and practitioners alike.

Our study offers an initial empirical test of key assumptions in the theoretical information design

literature and anecdotal evidence from practice. We show that carefully crafted binary signals can

shape customer behavior and enhance social welfare—even without formal commitment mechanisms.

Our design choices have limitations that open avenues for future research. We focused on a param-

eter space where low-need customers in our experiments behave randomly in the absence of infor-

mation. Future work could explore alternative parameter settings to test whether such randomness

persists and examine the conditions under which strategically withholding information—thereby

inducing random joining behavior—can achieve welfare outcomes comparable to those of more com-

plex signaling policies. In our experiment, we used qualitative signals (e.g., “long wait”); future studies

could investigate how different forms of signal framing—such as queue lengths, estimated wait times,

or action-oriented messages—affect the quality of customer decision-making. Action-recommendation

messages (e.g., “check in online to reduce your wait”) may prove more effective by translating sys-

tem state into concrete, relevant choices. Our model focuses on parameter settings where high-need

customers always join; future work could relax this to examine whether bounded rationality unin-

tentionally deters high-need customers, highlighting the importance of robust targeting information

policies. Finally, we study information design in a simple first-come, first-served queue, future research

could study prioritization settings to examine how information sharing complements such policies.

Finally, we hope to inspire new theoretical work on information design in queueing systems

grounded on bounded rationality. Additionally, given the challenges of replicating queueing envi-

ronments in laboratory settings, we hope our study helps advance more experimental research on

queueing in operations.
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Appendices
A Technical Proofs

A.1 Proposition 1 (No-Information)
Proof.

In this proof, we begin by analyzing the self-interested joining behavior of customers. Then, we study the
socially optimal (i.e., social welfare maximizing) behavior, and conclude with a comparison of the two.

(Self-Interested Joining Behavior). Consider a tagged low-need customer that joins with probability
α′, when the other low-need customers join with probability α. Since all high-need customers always join,
the tagged customer knows that a typical customer will join the system with probability pH + (1 − pH)α.
When the tagged customer arrives, she does not know the number of people in the system, however, she can
compute the expected number in equilibrium:

E[Q] =
Λ−1∑
w=0

E[Q|w]P(w) = 1
Λ

Λ−1∑
w=0

E[Q|w],

where w is the remaining customers to arrive behind. Since customers are randomly ordered, they have
w remaining customers behind them with probability 1

Λ for all w ∈ {0,1, · · · ,Λ − 1}. Conditional on w,
customers can arrive to a system with up to Λ − 1 − w customers. For example, the first customer (i.e.,
w = Λ − 1) arrives to a system with 0 customers, and the last customer (i.e., w = 0) arrives to a system with
0 or 1 or 2, and so on up to Λ − 1 customers. Moreover, notice that, conditional on w, the probability to find
q customers depends on how many customers joined in the previous times Λ − 1,Λ − 2, · · · ,w + 1; that is,
in the previous Λ − 1 − w times. Based on the above, we have that Q|w ∼ B(Λ − 1 − w,pH + (1 − pH)α) is a
binomial random variable with expected value E[Q|w] = (Λ − 1 − w)(pH + (1 − pH)α). With this, the tagged
customer can compute the expected number of people in the system upon arrival:

E[Q] = 1
Λ

Λ−1∑
w=0

E[Q|w] = 1
Λ

Λ−1∑
w=0

(Λ − 1 − w)(pH + (1 − pH)α)

= pH + (1 − pH)α
Λ

Λ−1∑
k=1

k = (pH + (1 − pH)α)(Λ − 1)Λ
2Λ

= (pH + (1 − pH)α)(Λ − 1)
2 .

Then, the tagged customer’s expected utility is E[U(α′, α)] = (1−α′)υL +α′(rL − c(E[Q]+1)). To find her
best response against α, the tagged customer has to find the α′ that maximizes E[U(α′, α)]. Note that the
function E[U(α′, α)] is linear with respect to α′, so the tagged customer bases her decision on the sign of the
quantity rL − υL − c(E[Q] + 1). Let r′

L ≜ rL − υL, and the root of r′
L − c(E[Q] + 1) = 0 be

ᾱ = 2r′
L − c(2 + pH(Λ − 1))
c(Λ − 1)(1 − pH) .

Based on the above, the set of best responses against α, BR(α) = arg maxα′E[U(α′, α)], is given by

BR(α) =


0 if α > ᾱ

[0,1] if α = ᾱ

1 if α < ᾱ

We can now proceed to the computation of the equilibrium strategies:
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• The strategy (α∗ = 0) is an equilibrium strategy, if and only if 0 ∈ BR(0), i.e., 0 ≥ ᾱ, which reduces to
(Λ−1)pH

2 + 1 ≥ r′
L

c
.

• The strategy (α∗ = 1) is an equilibrium strategy if, and only if, 1 ∈ BR(1), i.e., 1 ≤ ᾱ, which reduces to
Λ−1

2 + 1 ≤ r′
L

c
.

• The strategy α∗ ∈ (0,1) is an equilibrium strategy if, and only if, α∗ ∈ BR(α∗), i.e., α∗ = ᾱ. This is

valid so long as ᾱ ∈ (0,1) which occurs if and only if (Λ−1)pH

2 + 1 <
r′

L

c
< (Λ−1)

2 + 1.

(Socially Optimal Joining Behavior). Let αsoc ∈ [0,1] denote a fixed joining probability for low-need

customers. Based on this, we can compute the expected social welfare as follows:

Ω =E

[
Λ∑

k=1

Uk

]
= rHE[JH ] + rLE[JL] − cE

[
J∑

k=1

k

]
+ υL(Λ −E[J ])

= rHE[JH ] + rL(E[J ] −E[JH ]) − c

2
(
E[J2] +E[J ]

)
+ υL(Λ −E[J ]),

where J = JH + JL is a random variable that represents the total number of customers that join the system.

Similarly, JH (respectively, JL) are random variables that represent the total number of high-need (respec-

tively, low-need) customers that join the system. In particular, since all high-need customers join, we have that

J ∼ B(Λ, pH +(1−pH)αsoc) is a binomial random variable. Moreover, notice that JH |J ∼ B(J, pH

pH +(1−pH )αsoc
),

such that JH ∼ B(Λ, pH) from the property of conditional binomials. From this, we have that E[J ] = Λ(pH +

(1−pH)αsoc), E[JH ] = ΛpH , and E[J2] = Λ(pH +(1−pH)αsoc)+Λ(Λ−1)(pH +(1−pH)αsoc)2. Based on this,

after some algebra, we have that:

∂Ω
∂αsoc

= Ω′(αsoc) = Λ(1 − pH)(r′
L − c(1 + (Λ − 1)(pH + (1 − pH)αsoc))),

Ω′(0) = Λ(1 − pH)(r′
L − c(1 + pH(Λ − 1))),

Ω′(1) = Λ(1 − pH)(r′
L − cΛ) < 0,

∂2Ω
∂α2

soc

= Ω′′(αsoc) = −c(Λ − 1)Λ(1 − pH)2 < 0.

Since Ω′(αsoc) decreases strictly in αsoc, and since Ω′(1) < 0, we note that whenever Ω′(0) ≤ 0 ⇐⇒ r′
L

c
≤

1 + pH(Λ − 1), the expected welfare in the system decreases for all values of αsoc. This means that for
r′

L

c
≤ 1 + pH(Λ − 1), α∗

soc = 0 maximizes social welfare. Now, for the case r′
L

c
> 1 + pH(Λ − 1), we have that

Ω′(0) > 0. Since Ω′(αsoc) decreases strictly in αsoc, and since Ω′(1) < 0, it follows that there is a unique

α∗
soc ∈ (0,1) that maximizes social welfare. In particular, such α∗

soc satisfies Ω′(α∗
soc) = 0. It is easy to see that

in this case we have that α∗
soc = r′

L−c(1+pH (Λ−1))
c(Λ−1)(1−pH ) .

(Over-Joining). From the above results, we first note that since (Λ−1)pH

2 + 1 < 1 + pH(Λ − 1), if α∗ = 0

then α∗
soc = 0. Now, consider the joining probability α∗

soc = r′
L−c(1+pH (Λ−1))

c(Λ−1)(1−pH ) < 1, and the probability α∗ =
2r′

L−c(2+pH (Λ−1))
c(Λ−1)(1−pH ) . After some simple algebra, it is easy to see that α∗ > α∗

soc ⇐⇒ r′
L > c, which is our

assumption by construction. This also means that for α∗ = 1 we have that α∗ > α∗
soc.
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A.2 Proposition 2 (Full-Information)
Proof.

In this proof, we begin by analyzing the self-interested joining behavior of customers. Then, we study the
socially optimal (i.e., social welfare maximizing) behavior, and conclude with a comparison of the two.

(Self-Interested Joining Behavior). Consider a tagged low-need customer that joins with probability
α′

q = (α′
0, α′

1, · · · , α′
Λ−1), when high-need customers always join and the other low-need customers follow the

strategy αq = (α0, α1, · · · , αΛ−1). When the tagged customer arrives, she knows the number of people in the
system q, such that her expected utility is E[U(α′

q,αq)|q] = (1 − α′
q)υL + α′

q(rL − c(q + 1)). To find her best
response against αq, the tagged customer has to find the α′

q that maximizes E[U(α′
q,αq)|q]. Note that the

function E[U(α′
q,αq)|q] is linear with respect to α′

q, so the tagged customer bases her decision on the sign
of the quantity rL − υL − c(q + 1). Recall that r′

L = rL − υL. Based on this, the set of best responses against
αq, BR(αq|q) = arg maxα′

q
E[U(α′

q,αq)|q], is given by

BR(αq|q) =


0 if r′

L

c
< q + 1

[0,1] if r′
L

c
= q + 1

1 if r′
L

c
> q + 1.

Note that BR(αq|q) does not depend on αq. It follows that low-need customers will join whenever their
position in the queue (i.e., q + 1) does not exceed q∗ = ⌊ r′

L

c
⌋.

(Socially Optimal Joining Behavior). Let qsoc ∈ {0,1, · · · ,Λ} denote a fixed threshold, such that low-
need customers join with probability 1 if their position in queue is q + 1 ≤ qsoc, and balk with probability 1
if q + 1 > qsoc. Based on this, we can compute the expected social welfare as follows:

Ω(qsoc) = rH(qsocpH +E[NH ]) + rLqsoc(1 − pH)

− c

2(E[J(qsoc)2] +E[J(qsoc)]) + υL(Λ −E[J(qsoc)])

= rH(qsocpH +E[NH ]) + rLqsoc(1 − pH)

− c

2(q2
soc + 2qsocE[NH ] +E[N2

H ] + qsoc +E[NH ]) + υL(Λ −E[J(qsoc)]).

Since in this case the first qsoc customers join, and after the threshold qsoc only high-need customers join,
we have that J(qsoc) = qsoc + NH is a random variable that represents the total number of customers that
join according to strategy qsoc, and NH ∼ B(Λ − qsoc, pH) is a binomial random variable that represents the
total number of high-need customers that join after the threshold qsoc. From this, we have that E[NH ] =
(Λ − qsoc)pH , and E[N2

H ] = (Λ − qsoc)pH + (Λ − qsoc)(Λ − qsoc − 1)p2
H . Now, consider the following expression:

Ω(qsoc) − Ω(qsoc − 1) = (1 − pH)(r′
L − c(ΛpH + (1 − pH)qsoc)).

Note that for qsoc = 0 we have that r′
L −cΛpH ≥ 0 ⇐⇒ pH ≤ r′

L

cΛ , and for qsoc = Λ it becomes r′
L −c > 0, which

is always the case. Moreover, notice that r′
L − c(ΛpH + (1 − pH)qsoc) decreases strictly in qsoc. It follows that

whenever pH ≤ r′
L

cΛ there is a unique threshold q∗
soc such that qsoc ≤ r′

L−cΛpH

c(1−pH ) for qsoc ≤ q∗
soc, and qsoc >

r′
L−cΛpH

c(1−pH ) ,
for qsoc > q∗

soc. It follows that Ω(qsoc) − Ω(qsoc − 1) ≥ 0 for qsoc ≤ q∗
soc, and Ω(qsoc) − Ω(qsoc − 1) < 0 for
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qsoc > q∗
soc. We conclude that whenever pH ≤ r′

L

cΛ , Ω(qsoc) is unimodal with a maximum at q∗
soc = ⌊ r′

L−cΛpH

c(1−pH ) ⌋.
Finally, whenever pH >

r′
L

cΛ we have that Ω(qsoc) − Ω(qsoc − 1) < 0 for all qsoc, and thus q∗
soc = 0.

(Over-Joining). From the above results, whenever pH = 0 we have that q∗
soc = ⌊ r′

L

c
⌋ = q∗. Moreover,

whenever pH > 0, for pH ≤ r′
L

cΛ , we have that r′
L−cΛpH

c(1−pH ) <
r′

L

c
⇐⇒ r′

L − cΛ < 0, and for pH >
r′

L

cΛ we have 0 <
r′

L

c
.

That is, overall we have that q∗
soc ≤ q∗.

A.3 Lemma 1
Proof. Let θ ∈ {0, · · · ,Λ} be a fixed threshold. Consider a tagged low-need customer that joins with proba-
bilities α′

s and α′
l, when high-need customers always join and the other low-need customers join with proba-

bilities αs and αl. Given the parameter space in the game, r′
L

c
≥ Λ−1

2 + 1, it follows that r′
L − c(E[Q] + 1) ≥ 0

for any αs ∈ [0,1] and αl ∈ [0,1]. Indeed, for the case in which all customers join αs = αl = 1, we have that
E[Q] = Λ−1

2 . Since E[Q|ς = s] ≤ E[Q] for any threshold θ, it follows that r′
L − c(E[Q|ς = s] + 1) ≥ 0 for any

αs ∈ [0,1], αl ∈ [0,1], and threshold θ. This means that it is always in the best interest of the tagged customer
to join the system with probability 1 upon receiving a short signal, irrespective of how others behave. It
follows that α∗

s = 1.
Now, when low-need customers receive a long signal, they know that they are in a system with q ∈

{θ, θ +1, · · · ,Λ−1} customers. This is because low-need customers that receive a short signal join the system
with probability α∗

s = 1 in equilibrium. Based on this, and since high-need customers always join, the tagged
customer can condition on the indexes and compute the expected number of customers that arrived after
the threshold θ. For example, conditional on having an index that coincides with the threshold θ, the tagged
customer knows that she is in a system with q = θ customers with probability 1. Conditional on having
an index that coincides with θ + 1, the tagged customer knows that she is in a system with q = {θ, θ + 1}

customers. The probability of being in either of these states depends on the number customers N that arrived
after the threshold and before the tagged customer. For this case, we have that P(Q = θ) = P(N = 0), and
P(Q = θ + 1) = P(N = 1), where N ∼ B(1, pH + (1 − pH)αl) is a binomial random variable. Thus, conditional
on having an index that coincides with θ + 1 a customer expects to find θ + E[N ] = θ + pH + (1 − pH)αl

customers.
More generally, conditional on having an index that coincides with θ + j (j ∈ {0,1, · · · ,Λ − θ − 1}), the

tagged customer knows that she in a system with q = {θ, θ + 1, · · · , θ + j} customers, with respective proba-
bilities P(N = 0),P(N = 1), · · · ,P(N = j), with N ∼ B(j, pH + (1 − pH)αl). And thus, conditional on having
an index that coincides with θ + j, a customer expects to find θ +E[N ] = θ + j(pH + (1 − pH)αl) customers.
Based on this, the tagged customer computes:

E[Q|ς = l] = 1
Λ − θ

(θ + (θ + (pH + (1 − pH)αl)) + (θ + 2(pH + (1 − pH)αl))

+ · · · + (θ + (Λ − θ − 1)(pH + (1 − pH)αl)))

= 1
Λ − θ

(θ(Λ − θ) + (pH + (1 − pH)αl)(Λ − θ − 1)(Λ − θ)
2 )

= 2θ + (pH + (1 − pH)αl)(Λ − θ − 1)
2 .
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Then, the tagged customer’s expected utility is E[U(α′
l, αl)] = (1−α′

l)υL +α′
l(rL −c(E[Q|ς = l]+1)). To find

her best response against αl, the tagged customer has to find the α′
l that maximizes E[U(α′

l, αl)]. Note that
the function E[U(α′

l, αl)] is linear with respect to α′
l, so the tagged customer bases her decision on the sign of

the quantity rL −υL −c(E[Q|ς = l]+1). Recall that r′
L = rL −υL, and let the root of r′

L −c(E[Q|ς = l]+1) = 0
be

ᾱl = 2r′
L − c(2(θ + 1) + pH(Λ − θ − 1))

c(1 − pH)(Λ − θ − 1) .

The set of best responses of the tagged customer against αl, BR(αl) = arg maxα′
l
E[U(α′

l, αl)], is given by

BR(αl) =


0 if αl > ᾱl

[0,1] if αl = ᾱl

1 if αl < ᾱl

We can now proceed to the computation of the customer equilibrium strategies, which represent the best
response of all customers to a given θ:

• The strategy (α∗
l = 0) upon receiving a long signal is an equilibrium strategy if, and only if, 0 ∈ BR(0),

i.e., 0 ≥ ᾱl, which reduces to θ ≥ 2r′
L−2c−cpH (Λ−1)

c(2−pH ) . Recall that θ̄ = ⌈ 2r′
L−2c−cpH (Λ−1)

c(2−pH ) ⌉. That is, we have
α∗

l = 0 whenever θ ∈ {θ̄, · · · ,Λ − 1}.

• The strategy (α∗
l = 1) upon receiving a long signal is an equilibrium strategy if, and only if, 1 ∈ BR(1),

i.e., 1 ≤ ᾱl, which reduces to θ ≤ 2r′
L−c(Λ+1)

c
. Let ¯̄θ = ⌊ 2r′

L−c(Λ+1)
c

⌋, we have that α∗
l = 1 whenever

θ ∈ {0, · · · , ¯̄θ}.

• The strategy α∗
l ∈ (0,1) is an equilibrium strategy if, and only if, α∗

l ∈ BR(α∗
l ), i.e., α∗

l = ᾱl. This is valid
so long as ᾱl ∈ (0,1) which occurs if, and only if, 2r′

L−c(Λ+1)
c

< θ <
2r′

L−2c−cpH (Λ−1)
c(2−pH ) , that is, ¯̄θ < θ < θ̄.

A.4 Proposition 3 (Fixed Threshold Signaling Mechanism)
Proof. Based on Lemma 1, we consider three different cases separately: (1) θ ≤ ¯̄θ, (2) θ ≥ θ̄, and (3) ¯̄θ < θ < θ̄.

Case 1: θ ≤ ¯̄θ. From Lemma 1, a threshold θ ≤ ¯̄θ induces a customer equilibrium where every low-need
customer decides to join irrespective of the signal, i.e., α∗

s = 1, α∗
l = 1. We will see that a threshold in θ ≥ θ̄

allows to improve social welfare in comparison to this case where all customers join, and thus θ ≤ ¯̄θ does not
arise in equilibrium.

Case 2: θ ≥ θ̄. From Lemma 1, a threshold θ ≥ θ̄ induces a customer equilibrium where low-need customers
that receive a short signal join with probability α∗

s = 1, and those that receive a long signal join with
probability α∗

l = 0. Based on this, and recalling that all high-need customers always join, we can compute
the expected social welfare as follows:

Ω(θ) = rH(θpH +E[NH ]) + rLθ(1 − pH) − c

2(E[J(θ)2] +E[J(θ)]) + υL(Λ −E[J(θ)])

= rH(θpH +E[NH ]) + rLθ(1 − pH)

− c

2(θ2 + 2θE[NH ] +E[N2
H ] + θ +E[NH ]) + υL(Λ − θ −E[NH ]).
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Since in this case the first θ customers join, and after the threshold θ only high-need customers join, we
have that J(θ) = θ + NH is a random variable that represents the total number of customers given threshold
θ, where NH ∼ B(Λ − θ, pH) is a binomial random variable that represents the total number of high-need
customers that join after the threshold θ. From this, we have that E[NH ] = (Λ − θ)pH , and E[N2

H ] = (Λ −

θ)pH + (Λ − θ)(Λ − θ − 1)p2
H . Now, consider the following expression:

Ω(θ) − Ω(θ − 1) = (1 − pH)(r′
L − c(ΛpH + (1 − pH)θ)).

Notice that r′
L − c(ΛpH + (1 − pH)θ) decreases strictly in θ. Based on this, and since we have by construction

that pH ≥ r′
L

cΛ , it follows that Ω(θ) − Ω(θ − 1) < 0 for all thresholds θ. It follows that the expected social
welfare decreases strictly for all θ ≥ θ̄. This implies that from the thresholds such that θ ≥ θ̄, the threshold
θ̄ yields the highest social welfare. Moreover, we note that with a threshold θ = Λ, all customers join the
system (as in the previous described case for θ ≤ ¯̄θ). Since the expected social welfare decreases strictly for
all θ ≥ θ̄, it follows that the social welfare achieved at θ̄ is higher than that achieved with any threshold in
θ ≤ ¯̄θ.

Case 3: ¯̄θ < θ < θ̄. From Lemma 1, a threshold ¯̄θ < θ < θ̄ induces a customer equilibrium where low-need
customers that receive a short signal join α∗

s = 1, and those that receive a long signal join with probability
α∗

l = 2r′
L−c(2(θ+1)+pH (Λ−θ−1))

c(1−pH )(Λ−θ−1) . Based on this, and recalling that all high-need customers always join, we can
compute the expected social welfare as follows:

Ω(θ) = rH(θpH +E[NH ]) + rL(θ(1 − pH) +E[NL])

− c

2(E[J(θ)2] +E[J(θ)]) + υL(Λ −E[J(θ)])

= rH(θpH +E[NH ]) + rL(θ(1 − pH) +E[N ] −E[NH ])

− c

2(θ2 + 2θE[N ] +E[N2] + θ +E[N ]) + υL(Λ −E[J(θ)]).

Since in this case the first θ customers join, and after the threshold θ high-need customers always join
and low-need join with probability α∗

l , we have that J(θ) = θ + N is a random variable that represents the
total number of customers that join given threshold θ, where N ∼ B(Λ − θ, pH + (1 − pH)α∗

l ) is a binomial
random variable that represents the total number of customers that join after the threshold θ. Moreover,
we have that N = NH + NL, where NH (respectively, NL) are random variables that represent the total
number of high-need (respectively, low-need) customers that join the system after threshold θ. In particular,
NH |N ∼ B(N, pH

pH +(1−pH )α∗
l

), such that NH ∼ B(Λ − θ, pH) from the property of conditional binomials. From
this, we have that E[NH ] = (Λ − θ)pH , E[N ] = (Λ − θ)(pH + (1 − pH)α∗

l ), and E[N2] = (Λ − θ)(pH + (1 −

pH)α∗
l ) + (Λ − θ)(Λ − θ − 1)(pH + (1 − pH)α∗

l )2. Now, consider the following expression:

Ω(θ) − Ω(θ − 1) = r′
L − cθ.

Since it is easy to see that θ̄ ≤ q∗ = ⌊ r′
L

c
⌋, it follows that Ω(θ) − Ω(θ − 1) > 0. This means that the expected

social welfare increases in θ whenever ¯̄θ < θ < θ̄, and thus from ¯̄θ < θ < θ̄, the threshold θ = θ̄ −1 achieves the
maximum social welfare.
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Finally, based on the above cases, it remains to see which of the two thresholds, θ̄ − 1 or θ̄, achieves a
higher social welfare. For this, consider the following inequality:

Ω(θ̄) − Ω(θ̄ − 1) ≥ 0

⇐⇒ 2(r′
L − cθ̄) + (Λ − θ̄)pH(2r′

L − c(2(1 + θ̄) + pH(Λ − θ̄ − 1))) ≥ 0.

We let g(θ̄) ≜ 2(r′
L − cθ̄) + (Λ − θ̄)pH(2r′

L − c(2(1 + θ̄) + pH(Λ − θ̄ − 1))). We note that the quantity r′
L −

cθ̄ ≥ 0 ⇐⇒ θ̄ ≤ r′
L

c
since θ̄ ≤ q∗, and that the quantity 2r′

L − c(2(1 + θ̄) + pH(Λ − θ̄ − 1)) ≤ 0 ⇐⇒ θ̄ ≥
2r′

L−2c−cpH (Λ−1)
c(2−pH ) , since θ̄ = ⌈ 2r′

L−2c−cpH (Λ−1)
c(2−pH ) ⌉. It follows that depending on the parameters in the system it is

possible for g(θ̄) < 0, g(θ̄) = 0, or g(θ̄) > 0. It follows that if g(θ̄) ≥ 0, we have that θ∗ = θ̄ and α∗
l (θ̄) = 0 arise

in equilibrium. Otherwise, we have that θ∗ = θ̄ − 1 and α∗
l (θ̄ − 1) ∈ (0,1).

A.5 Proposition 4 (No Commitment)
Proof. We show that the only thresholds that can be sustained in equilibrium are uninformative thresholds.
For this, we study the conditions under which the service provider does not have the incentive to implement
a θ that deviates from the communicated θ′ given customers’ best responses to θ′, (α∗

s(θ′) = 1, α∗
l (θ′) ∈ [0,1])

as described in Lemma 1. For signals to be credible under a communicated θ′, it is required that the expected
social welfare, for α∗

s(θ′) = 1, α∗
l (θ′) ∈ [0,1], complies with Ω(θ′) ≥ Ω(θ) for all possible thresholds θ. Consider

the following expression:

Ω(θ′) − Ω(θ′ − 1) =

(1 − pH − (1 − pH)α∗
l (θ′))(r′

L − cΛ(pH + (1 − pH)α∗
l (θ′)) − c(1 − pH − (1 − pH)α∗

l (θ′))θ′). (2)

First, from (2), we note that if θ′ ∈ {0, · · · , ¯̄θ,Λ}, then we have that Ω(θ′) = Ω(θ′ − 1) for any threshold θ′.
This implies that θ′ ∈ {0, · · · , ¯̄θ,Λ} provide credible signals. However, since α∗

s(θ′) = 1, α∗
l (θ′) = 1 in this case,

signals do not change customer behavior in comparison to the No-information case - signals are uninformative.
Now, from (2), one can show that if pH ≥ r′

L

cΛ (which is the case by construction), for any αl ∈ [0,1), we have
that Ω(θ′) < Ω(θ′ − 1). This means that none of the thresholds θ′ ∈ { ¯̄θ + 1, · · · ,Λ − 1} (for which αl ∈ [0,1))
can be sustained in equilibrium since their respective signals are not credible — for any of those θ′, the
provider has the incentive to implement θ = 0. Overall, since customers are not influenced by signals, the
provider is indifferent in the selection of θ and, thus, selects them randomly. This resulting uninformative
babble regarding the implemented threshold, and customer disregard of the communicated signals represent
mutual best responses between the customers and the service provider.
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B Over-Joining Behavior Under Full-Information
Proposition 2 shows that low-need customers join more than is socially optimal, essentially because they
ignore the negative externalities that their joining decisions inflict on future arrivals (Naor 1969, Haviv and
Oz 2018). In our model, this is particularly the case because low-need customers overcrowd the system to
the detriment of high-need customers. To see why, consider the case of only low-need customers (pH = 0).
Proposition 2 demonstrates that the socially optimal and equilibrium thresholds coincide (q∗

soc = q∗), implying
no overjoining. This differs from the standard M/M/1 queue, where q∗

soc < q∗ (Naor 1969, Economou 2021).
To see why, for the case of homogeneous customers, consider the expressions for the expected social welfare,

Ω(n), as a function of a joining threshold n (customers join up to position n), in our setting and in the
M/M/1/n model:

Ω(n) = rn − cE[Q] = rn −
n∑

k=1

k = rn − c

2(n + 1)n, (Our model)

Ω(n) = rλe(n) − cE[Q] = rλ
1 − ρn

1 − ρn+1 − c

(
ρ

1 − ρ
− (n + 1)ρn+1

1 − ρn+1

)
, (M/M/1/n model)

where λe(n) is the steady-state throughput, under strategy n. In our model Ω(n) is the expected sum of all
customers utilities. In the M/M/1 model, it represents the expected utility per time unit. In our model, we
have that:

Ω(n) − Ω(n − 1) = (rn − r(n − 1)) − ( c

2(n + 1)n − c

2n(n − 1)) = r − cn > 0 ⇐⇒ n <
r

c
,

which means that if we reduce the threshold (from Naor q∗ = ⌊ r
c
⌋), we lose more reward, (rn − r(n − 1)),

than we save on waiting costs, ( c
2 (n + 1)n − c

2 n(n − 1)). This is not necessarily the case in the M/M/1/n

model, where it is known that reducing the threshold from Naor can save more on waiting costs than it loses
in reward (Naor 1969, Economou 2021). This because the effective arrival rate λe(n) in the M/M/1/n model
is not affected much by reducing the threshold (from Naor) since customers do not always fill up the system
up to Naor. Contrary to this, the queue always fills up to Naor in our model due to the “server commences
service after all customers make a choice” feature we implement for experimental amenability.
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C How to Compute Implied (Expected) Social Welfare
We focus on the performance optimality of participant choices. To reduce the effect of noise (i.e., variability
due to the random matching of customer choices and realizations of customer types and order of arrivals)
we compute the expected social welfare given the participant strategies in our data. Given the design of our
experiment, it is natural to compute this at the round-cohort level. We will see that in the Commit and
NoCommit treatments, the computation of welfare requires the input of the implemented threshold θjtc.
This input is, by definition, an integer number and, thus, averaging across rounds or cohorts may generate
average thresholds that are not integer-valued.

C.1 NoInfo Treatment
In this treatment, for each customer i ∈ {1, · · · ,Λ}, in each round t ∈ {1, . . . , T}, and cohort c ∈ {1, . . . ,C},
we observe their strategy Aitc ≡

{
aH

itc ∈ {1,0}, aL
itc ∈ {1,0}

}
, where 1 represents the Join action and 0 the

Balk action. Based on this, we compute φH
tc = 1

Λ
∑

i aH
itc and φL

tc = 1
Λ

∑
i aL

itc, that is, the implied joining
proportions (conditional on type), in a particular round and cohort. Note that φH

tc and φL
tc are not necessarily

the same as the realized joining proportions in our data, due to the random matching of customer choices
and realizations of customer types.

Social Welfare. We consider the value function Vtc(q,w). For a given state (q,w), the expected future
utility Vtc(q,w) is equal to the immediate expected utility, (rH −c(q +1))pHφH

tc +(rL −c(q +1))(1−pH)φL
tc +

υHpH(1 − φH
tc) + υL(1 − pH)(1 − φL

tc), plus the expected utility from time w − 1 onward, Vtc(q + 1,w −

1)(pHφH
tc + (1 − pH)φL

tc) + Vtc(q,w − 1)(pH(1 − φH
tc) + (1 − pH)(1 − φL

tc)). It follows that:

Vtc(q,w) = (rH − c(q + 1))pHφH
tc + (rL − c(q + 1))(1 − pH)φL

tc + υHpH(1 − φH
tc) + υL(1 − pH)(1 − φL

tc)

+ Vtc(q + 1,w − 1)(pHφH
tc + (1 − pH)φL

tc) + Vtc(q,w − 1)(pH(1 − φH
tc) + (1 − pH)(1 − φL

tc)),

with boundary conditions Vtc(q,0) = (rH − c(q + 1))pHφH
tc + (rL − c(q + 1))(1 − pH)φL

tc + υHpH(1 − φH
tc) +

υL(1 − pH)(1 − φL
tc) for all q. Notice that, based on the recursive nature of the value function Vtc(q,w), the

expected social welfare in the system, Ωtc, is given by Vtc(0,Λ − 1).

C.2 FullInfo Treatment
In this treatment, in each round t ∈ {1, . . . , T}, for each cohort c ∈ {1, . . . ,C}, for each customer i ∈

{1, · · · ,Λ}, we observe their strategy Aitc ≡ {aH
itc(q) ∈ {0,1} ∀ q ∈ {0, · · · ,Λ − 1}, aL

itc(q) ∈ {0,1} ∀ q ∈

{0, · · · ,Λ − 1}}, where 1 represents the Join action and 0 the Balk action. Based on this, we compute
φH

tc(q) = 1
Λ

∑
i aH

itc(q) ∀ q ∈ {0, · · · ,Λ − 1}, φL
tc(q) = 1

Λ
∑

i aL
itc(q) ∀ q ∈ {0, · · · ,Λ − 1}. That is, the implied

joining proportions (conditional on type) for a given queue state in a particular round and cohort. We note
that φH

tc(q) and φL
tc(q) are not necessarily the same as the realized joining proportions in our data, due to

the random matching of customer choices and realizations of customer types and order of arrivals.

Social Welfare. We consider the value function Vtc(q,w). For a given state (q,w), the expected future
utility Vtc(q,w) is equal to the immediate expected utility, (rH − c(q + 1))pHφH

tc(q) + (rL − c(q + 1))(1 −

pH)φL
tc(q) + υHpH(1 − φH

tc(q)) + υL(1 − pH)(1 − φL
tc(q)), plus the expected utility from time w − 1 onward,
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Vtc(q + 1,w − 1)(pHφH
tc(q) + (1 − pH)φL

tc(q)) + Vtc(q,w − 1)(pH(1 − φH
tc(q)) + (1 − pH)(1 − φL

tc(q))). It follows
that:

Vtc(q,w) = (rH − c(q + 1))pHφH
tc(q) + (rL − c(q + 1))(1 − pH)φL

tc(q) + υHpH(1 − φH
tc(q)) + υL(1 − pH)(1 − φL

tc(q))

+ Vtc(q + 1,w − 1)(pHφH
tc(q) + (1 − pH)φL

tc(q)) + Vtc(q,w − 1)(pH(1 − φH
tc(q)) + (1 − pH)(1 − φL

tc(q))),

with boundary conditions Vtc(q,0) = (rH − c(q + 1))pHφH
tc(q) + (rL − c(q + 1))(1 − pH)φL

tc(q) + υHpH(1 −

φH
tc(q)) + υL(1 − pH)(1 − φL

tc(q)) for all q. Notice that, based on the recursive nature of the value function
Vtc(q,w), the expected social welfare in the system, Ωtc, is given by Vtc(0,Λ − 1).

C.3 Commit and NoCommit Treatments
In these treatments, in each round t ∈ {1, . . . , T}, for each cohort c ∈ {1, . . . ,C}, we observe the provider
j’s implemented threshold decision θjtc (Commit, NoCommit), and the communicated threshold decision
θ′

jtc (NoCommit). For each customer i ∈ {1, · · · ,Λ}, we observe their strategy Aitc ≡ {aH
itc(ς = short|θjtc) ∈

{0,1}, aH
itc(ς = long|θjtc) ∈ {0,1}, aL

itc(ς = short|θjtc) ∈ {0,1}, aL
itc(ς = long|θjtc) ∈ {0,1}} (Commit), and Aitc ≡

{aH
itc(ς = short|θ′

jtc) ∈ {0,1}, aH
itc(ς = long|θ′

jtc) ∈ {0,1}, aL
itc(ς = short|θ′

jtc) ∈ {0,1}, aL
itc(ς = long|θ′

jtc) ∈ {0,1}}

(NoCommit), where 1 represents the Join action and 0 the Balk action. Based on this, in the Com-

mit treatment, we compute φH,short
tc = 1

Λ
∑

i aH
itc(ς = short|θjtc), φH,long

tc = 1
Λ

∑
i aH

itc(ς = long|θjtc), φL,short
tc =

1
Λ

∑
i aL

itc(ς = short|θjtc), and φL,long
tc = 1

Λ
∑

i aL
itc(ς = long|θjtc). That is, the implied joining proportions (con-

ditional on type) for a given message in a particular round and cohort. Similarly, in the NoCommit treatment,
we compute φH,short

tc = 1
Λ

∑
i aH

itc(ς = short|θ′
jtc), φH,long

tc = 1
Λ

∑
i aH

itc(ς = long|θ′
jtc), φL,short

tc = 1
Λ

∑
i aL

itc(ς =
short|θ′

jtc), and φL,long
tc = 1

Λ
∑

i aL
itc(ς = long|θ′

jtc). We note that φH,short
tc , φH,long

tc , φL,short
tc , and φL,long

tc are not
necessarily the same as the realized joining proportions in our data, due to the random matching of customer
choices and realizations of customer types and order of arrivals.

Social Welfare. We consider the value function Vtc(q,w). For a given state (q,w), the expected future
utility Vtc(q,w) is equal to the immediate expected utility, (rH − c(q + 1))pH(σtc(q,w)φH,short

tc + (1 −

σtc(q,w))φH,long
tc ) + (rL − c(q + 1))(1 − pH)(σtc(q,w)φL,short

tc + (1 − σtc(q,w))φL,long
tc ) + υH(pH(σtc(q,w)(1 −

φH,short
tc ) + (1 − σtc(q,w))(1 − φH,long

tc )) + υL(1 − pH)(σtc(q,w)(1 − φL,short
tc ) + (1 − σtc(q,w))(1 − φL,long

tc )), plus
the expected utility from time w − 1 onward, Vtc(q + 1,w − 1)(pH(σtc(q,w)φH,short

tc + (1 − σtc(q,w))φH,long
tc ) +

(1−pH)(σtc(q,w)φL,short
tc +(1−σtc(q,w))φL,long

tc ))+Vtc(q,w−1)(pH(σtc(q,w)(1−φH,short
tc )+(1−σtc(q,w))(1−

φH,long
tc )) + (1 − pH)(σtc(q,w)(1 − φL,short

tc ) + (1 − σtc(q,w))(1 − φL,long
tc ))). It follows that:

Vtc(q,w) = (rH − c(q + 1))pH(σtc(q,w)φH,short
tc + (1 − σtc(q,w))φH,long

tc ) + (rL − c(q + 1))(1 − pH)(σtc(q,w)φL,short
tc

+ (1 − σtc(q,w))φL,long
tc ) + υH(pH(σtc(q,w)(1 − φH,short

tc ) + (1 − σtc(q,w))(1 − φH,long
tc ))

+ υL(1 − pH)(σtc(q,w)(1 − φL,short
tc ) + (1 − σtc(q,w))(1 − φL,long

tc )) + Vtc(q + 1,w − 1)(pH(σtc(q,w)φH,short
tc

+ (1 − σtc(q,w))φH,long
tc ) + (1 − pH)(σtc(q,w)φL,short

tc + (1 − σtc(q,w))φL,long
tc ))

+ Vtc(q,w − 1)(pH(σtc(q,w)(1 − φH,short
tc ) + (1 − σtc(q,w))(1 − φH,long

tc ))

+ (1 − pH)(σtc(q,w)(1 − φL,short
tc ) + (1 − σtc(q,w))(1 − φL,long

tc ))),



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
48 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

with boundary conditions Vtc(q,0) = (rH − c(q + 1))pH(σtc(q,0)φH,short
tc + (1 − σtc(q,0))φH,long

tc ) + (rL −

c(q + 1))(1 − pH)(σtc(q,0)φL,short
tc + (1 − σtc(q,0))φL,long

tc ) + υH(pH(σtc(q,0)(1 − φH,short
tc ) + (1 − σtc(q,0))(1 −

φH,long
tc )) + υL(1 − pH)(σtc(q,0)(1 − φL,short

tc ) + (1 − σtc(q,0))(1 − φL,long
tc )) for all q. Notice that, based on

the recursive nature of the value function Vtc(q,w), the expected social welfare in the system, Ωtc, is given
by Vtc(0,Λ − 1). Note that, given the fixed threshold structure of the signaling mechanism, we have that
σtc(q,w) = σtc(q) for all w, and that σtc(q) = 1 if q < θjtc and σtc(q) = 0 otherwise.
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D Experimental Instructions

D.1 User Interface Snapshots
Here we present snapshots for providers (see Figures 8 - 11) and customers (see Figures 12 - 19) choice elic-
itation in all treatments. We also present snapshots regarding simulated queue dynamics in the experiment:
After all participants have selected their strategies, the computer simulates customer arrivals and any signal
communication (if applicable). It then executes each participant’s decisions based on their chosen strategies
and random realizations (i.e., customer indices and types). In Studies 1 and 2, the simulation is presented
as a graphical animation, where each customer arrival and corresponding decision is shown sequentially (see
Figures 20 and 21). In Study 3, the simulation is presented in a tabular animation format, where each row
is revealed one at a time from top to bottom (see Figures 22, 23, and 24).

Figure 8 Provider Choice Elicitation in Commit (Study 1)

(a) Before choice is made (b) After choice is made

Figure 9 Provider Choice Elicitation in NoCommit (Study 1)

(a) Before choice is made (b) After choice is made



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
50 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

Figure 10 Provider Choice Elicitation in Commit (Study 3)

(a) Before choice is made (b) After choice is made

Figure 11 Provider Choice Elicitation in NoCommit (Study 3)

(a) Before choice is made (b) After choice is made

Figure 12 Customer Choice Elicitation in NoInfo (Study 1)

(a) Before choice is made (b) After choice is made
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Figure 13 Customer Choice Elicitation in Commit (Study 1)

(a) Before choice is made (b) After choice is made

Figure 14 Customer Choice Elicitation in NoCommit (Study 1)

(a) Before choice is made (b) After choice is made

Figure 15 Customer Choice Elicitation in CommitBOT (Study 2)

(a) Before choice is made (b) After choice is made
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Figure 16 Customer Choice Elicitation in FullInfo Practice Rounds (Study 1,2)

(a) Before choice is made (b) After choice is made

Figure 17 Customer Choice Elicitation in NoSignal (Study 3)

(a) Before choice is made (b) After choice is made

Figure 18 Customer Choice Elicitation in Commit (Study 3)

(a) Before choice is made (b) After choice is made

Figure 19 Customer Choice Elicitation in NoCommit (Study 3)

(a) Before choice is made (b) After choice is made
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Figure 20 Queue Simulation in NoInfo (Study 1)

(a) First Customer arrives (b) First Customer joins

(c) Customer 2 arrives (d) Customer 2 joins

(e) Focal Customer 3 arrives (f) Focal Customer 3 joins

(g) Last Customer arrives (h) Last Customer joins
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Figure 21 Queue Simulation in Commit, NoCommit (Study 1), and CommitBOT (Study 2)

(a) Customer 2 arrives and gets signal (b) Customer 2 joins

(c) Focal Customer 3 arrives and gets signal (d) Focal Customer 3 balks

(e) Last Customer arrives and gets signal (f) Last Customer joins

Figure 22 Queue Simulation in NoInfo (Study 3)
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Figure 23 Queue Simulation in Commit (Study 3)

Figure 24 Queue Simulation in NoCommit (Study 3)
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D.2 Printed Instructions
In the experiment, participants follow detailed, step-by-step on-screen instructions to ensure full under-
standing of the task. Additionally, they receive printed handouts that summarize these instructions for easy
reference. Below, we present the printed handouts used in the studies. To reduce decision noise and make the
conflict of interest more salient in Study 3, the instructions in that study provide participants with a ”Deci-
sion Support” table that computes payoffs for customers and providers based on the number of customers
in queue.

D.2.1 Study 1: NoInfo Treatment
Instructions

You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment that is designed to learn about your decision making, not to test your knowledge.
All individual responses are completely confidential and anonymous. If you have any question, feel free to
raise your hand.

Task Overview
In each of several rounds, 4 players will take on the role of Customers seeking service, while one player
will act as the Manager, responsible for managing the service waitlist. Customers arrive one at a time in a
random order, with each customer having an equal chance of arriving 1st, 2nd, 3rd, or 4th. Upon arrival,
each customer decides whether to Join or Not Join the waitlist.

In each round, each customer can be either High (H) type (with probability 70%) or Low (L) type (with
probability 30%). As a result, a mix of different customer types will typically arrive. Customer types differ
in the value they receive from service.

Payoffs
Customers who join the waitlist:
• Receive a service with value: V = $300 (if High type), V = $200 (if Low type).

• Incur a waiting cost calculated as $50*(Position in Waitlist): $50 if they joined 1st, $100 if they joined
2nd,...

• Receive a total Payoff = V - $50*(Position in Waitlist).
Customers who do not join the waitlist:
• Receive service elsewhere, with a total Payoff = $75.
Manager’s Payoff: is calculated as the average customer payoff.

Sequence of Events
Each round of the experiment follows the same sequence:
1. First, Customers define their strategy (i.e., Join or Not Join the waitlist if they happen to be of a particular

type) without observing the strategies of other customers.

2. Second, AFTER all Customers selected their strategies, the computer:
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(a) randomly determines the order in which Customers arrive.
(b) randomly determines the type of each Customer (H with 70% probability, and L with 30% probabil-

ity).
(c) simulates the arrivals of Customers, executing their decisions (Join or Not Join) according to their

selected strategy.
(d) calculates the payoff for each Customer and for the Manager.

Structure of the experiment.
The experiment has two parts.

Part A has 10 practice rounds that allow you to familiarize yourself with how the system works. In part
A, you will play a version of the game where arriving customers can directly observe the waitlist (such that
managers do not need to send information). Throughout part A, you will repeatedly assume the role of
customers as well as the role of the manager.

Part B has 40 rounds during which you will play for real money. In part B, customers can not directly
observe the waitlist. Instead, as described above under “Sequence of Events”, they will define their strategy
(i.e., join or not, as an L or H type) without observing the waitlist. For the entire duration of part B of the
experiment, you will assume the role of either the Manager or of one of the Customers. At the beginning
of each round, 1 Manager and 4 Customers will be randomly matched. You will interact with different
participants during the experiment and you will never get to know who you are playing with in a given
round.

Your earnings from the experiment
Your final earnings will equal the average payoff from all 40 rounds of part B of the experiment (each $1.00
laboratory dollar equals €0.10) plus a €5.00 participation fee.

Good Luck!
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D.2.2 Study 1: Commit Treatment
Instructions

You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment that is designed to learn about your decision making, not to test your knowledge.
All individual responses are completely confidential and anonymous. If you have any question, feel free to
raise your hand.

Task Overview
In each of several rounds, 4 players will take on the role of Customers seeking service, while one player
will act as the Manager, responsible for managing the service waitlist. Customers arrive one at a time in a
random order, with each customer having an equal chance of arriving 1st, 2nd, 3rd, or 4th. The Manager
sends some information about the waitlist. Based on this information, customers decide whether to Join or
Not Join upon arrival.

In each round, each customer can be either High (H) type (with probability 70%) or Low (L) type (with
probability 30%). As a result, a mix of different customer types will typically arrive. Customer types differ
in the value they receive from service.

Payoffs
Customers who join the waitlist:
• Receive a service with value: V = $300 (if High type), V = $200 (if Low type).

• Incur a waiting cost calculated as $50*(Position in Waitlist): $50 if they joined 1st, $100 if they joined
2nd,...

• Receive a total Payoff = V - $50*(Position in Waitlist).
Customers who do not join the waitlist:
• Receive service elsewhere, with a total Payoff = $75.
Manager’s Payoff: is calculated as the average customer payoff.

Sequence of Events
Each round of the experiment follows the same sequence:
1. First, the Manager selects an information strategy X that defines which message an arriving customer

receives: ‘Short Wait’ if the number of customers in the waitlist is less than X, or ‘Long Wait’ if the
number of customers in the waiting list is X or more.

2. Second, AFTER the Manager selects, Customers observe the information strategy X. Then, Customers
define their strategy (i.e., Join or Not Join the waitlist if they happen to be of a particular type and
receive a particular message) without observing the strategies of other customers.

3. Finally, AFTER all Managers and Customers selected their strategies, the computer:

(a) randomly determines the order in which Customers arrive.
(b) randomly determines the type of each customer (H with 70% probability, and L with 30% probability).
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(c) simulates the arrival of one Customer at a time, sending a message (Short Wait or Long Wait)
according to the Manager’s information strategy, and executing Customer decisions (Join or Not
Join) according to their selected strategy.

(d) calculates the payoff for each Customer and for the Manager.
Structure of the experiment.

The experiment has two parts.

Part A has 10 practice rounds that allow you to familiarize yourself with how the system works. In part
A, you will play a version of the game where arriving customers can directly observe the waitlist (such that
managers do not need to send information). Throughout part A, you will repeatedly assume the role of
customers as well as the role of the manager.

Part B has 40 rounds during which you will play for real money. In part B, customers can not directly
observe the waitlist. Instead, as described above under “Sequence of Events”, they will define their strategy
(i.e., Join or Not Join, as an L or H type) based on signals (‘Short Wait’ or ‘Long Wait’) that follow
the manager’s implemented information policy. For the entire duration of part B of the experiment, you
will assume the role of either the Manager or of one of the Customers. At the beginning of each round, 1
Manager and 4 Customers will be randomly matched. You will interact with different participants during
the experiment and you will never get to know who you are playing with in a given round.

Your earnings from the experiment
Your final earnings will equal the average payoff from all 40 rounds of part B of the experiment (each $1.00
laboratory dollar equals €0.10) plus a €5.00 participation fee.

Good Luck!

D.2.3 Study 1: NoCommit Treatment
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Instructions
You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment that is designed to learn about your decision making, not to test your knowledge.
All individual responses are completely confidential and anonymous. If you have any question, feel free to
raise your hand.

Task Overview
In each of several rounds, 4 players will take on the role of Customers seeking service, while one player
will act as the Manager, responsible for managing the service waitlist. Customers arrive one at a time in a
random order, with each customer having an equal chance of arriving 1st, 2nd, 3rd, or 4th. The Manager
sends some information about the waitlist. Based on this information, customers decide whether to Join or
Not Join upon arrival.

In each round, each customer can be either High (H) type (with probability 70%) or Low (L) type (with
probability 30%). As a result, a mix of different customer types will typically arrive. Customer types differ
in the value they receive from service.

Payoffs
Customers who join the waitlist:
• Receive a service with value: V = $300 (if High type), V = $200 (if Low type).

• Incur a waiting cost calculated as $50*(Position in Waitlist): $50 if they joined 1st, $100 if they joined
2nd,...

• Receive a total Payoff = V - $50*(Position in Waitlist).
Customers who do not join the waitlist:
• Receive service elsewhere, with a total Payoff = $75.
Manager’s Payoff: is calculated as the average customer payoff.

Sequence of Events
Each round of the experiment follows the same sequence:
1. First, the Manager selects an information strategy X that defines which message an arriving customer

receives: ‘Short Wait’ if the number of customers in the waitlist is less than X, or ‘Long Wait’ if the
number of customers in the waiting list is X or more.

2. Second, the Manager selects what information strategy Y to communicate to customers: ‘Short Wait’ if
the number of customers in the waiting list is less than Y, or ‘Long Wait’ if the number of customers in
the waiting list is Y or more. Note: the Manager’s communicated information strategy Y does not have
to be the same as the implemented information strategy X that later determines ‘Short Wait’ or ‘Long
Wait’ messages.

3. Third, AFTER the Manager decides, customers only observe the communicated information strategy
Y. Then, Customers define their strategy (i.e., Join or Not Join the waitlist if they happen to be of a
particular type and receive a particular message) without observing the strategies of other customers.
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4. Finally, AFTER all Managers and Customers selected their strategies, the computer:

(a) randomly determines the order in which Customers arrive.
(b) randomly determines the type of each customer (H with 70% probability, and L with 30% probability).
(c) simulates the arrival of one Customer at a time, sending a message (Short Wait or Long Wait)

according to the Manager’s implemented information strategy X, and executing Customer decisions
(Join or Not Join) according to their selected strategy.

(d) calculates the payoff for each Customer and for the Manager.
Structure of the experiment.

The experiment has two parts.

Part A has 10 practice rounds that allow you to familiarize yourself with how the system works. In part A,
you will play a version of the game where arriving customers can directly observe the waitlist. Throughout
part A, you will repeatedly assume the role of customers as well as the role of the manager.

Part B has 40 rounds during which you will play for real money. In part B, customers can not directly
observe the waitlist. Instead, as described above under “Sequence of Events”, they will define their strategy
(i.e., join or not, as an L or H type) based on signals (‘Short Wait’ or ‘Long Wait’) that follow the manager’s
communicated information policy. For the entire duration of part B of the experiment, you will assume the
role of either the Manager or of one of the Customers. At the beginning of each round, 1 Manager and 4
Customers will be randomly matched. You will interact with different participants during the experiment
and you will never get to know who you are playing with in a given round.

Your earnings from the experiment
Your final earnings will equal the average payoff from all 40 rounds of part B of the experiment (each $1.00
laboratory dollar equals €0.10) plus a €5.00 participation fee.

Good Luck!
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D.2.4 Study 2: CommitBOT Treatment
Instructions

You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment that is designed to learn about your decision making, not to test your knowledge.
All individual responses are completely confidential and anonymous. If you have any question, feel free to
raise your hand.

Task Overview
In each of several rounds, 4 players will take on the role of Customers seeking service, while an automated
bot will act as the Manager, responsible for managing the service waitlist. Customers arrive one at a time in
a random order, with each customer having an equal chance of arriving 1st, 2nd, 3rd, or 4th. The Manager
(automated bot) sends some information about the waitlist. Based on this information, customers decide
whether to Join or Not Join upon arrival. In each round, each customer can be either High (H) type (with
probability 70%) or Low (L) type (with probability 30%). As a result, a mix of different customer types will
typically arrive. Customer types differ in the value they receive from service.

Payoffs
Customers who join the waitlist:
• Receive a service with value: V = $300 (if High type), V = $200 (if Low type).

• Incur a waiting cost calculated as $50*(Position in Waitlist): $50 if they joined 1st, $100 if they joined
2nd,...

• Receive a total Payoff = V - $50*(Position in Waitlist).
Customers who do not join the waitlist:
• Receive service elsewhere, with a total Payoff = $75.
Manager’s (automated bot’s) Payoff: is calculated as the average customer payoff.

Sequence of Events
Each round of the experiment follows the same sequence:
1. First, the Manager (automated bot) selects an information strategy X that defines which message an

arriving customer receives: ‘Short Wait’ if the number of customers in the waitlist is less than X, or ‘Long
Wait’ if the number of customers in the waiting list is X or more.

2. Second, AFTER the Manager (automated bot) selects, Customers observe the information strategy X.
Then, Customers define their strategy (i.e., Join or Not Join the waitlist if they happen to be of a
particular type and receive a particular message) without observing the strategies of other customers.

3. Finally, AFTER the Manager (automated bot) and all Customers selected their strategies, the computer:

(a) randomly determines the order in which Customers arrive.
(b) randomly determines the type of each customer (H with 70% probability, and L with 30% probability).
(c) simulates the arrival of one Customer at a time, sending a message (Short Wait or Long Wait)

according to the Manager’s (automated bot’s) information strategy, and executing Customer decisions
(Join or Not Join) according to their selected strategy.
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(d) calculates the payoff for each Customer and for the Manager (automated bot).
Structure of the experiment.

The experiment has two parts.

Part A has 10 practice rounds that allow you to familiarize yourself with how the system works. In part A,
you will play a version of the game where arriving customers can directly observe the waitlist (such that the
Manager (automated bot) do not need to send information).

Part B has 40 rounds during which you will play for real money. In part B, customers can not directly
observe the waitlist. Instead, as described above under “Sequence of Events”, they will define their strategy
(i.e., Join or Not Join, as an L or H type) based on signals (‘Short Wait’ or ‘Long Wait’) that follow the
manager’s (automated bot’s) implemented information policy. At the beginning of each round, 4 Customers
will be randomly matched. You will interact with different participants during the experiment and you will
never get to know who you are playing with in a given round.

Your earnings from the experiment
Your final earnings will equal the average payoff from all 40 rounds of part B of the experiment (each $1.00
laboratory dollar equals €0.10) plus a €5.00 participation fee.

Good Luck!

D.2.5 Study 3: NoInfo Treatment
Instructions

You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment on decision making. The experiment is designed to learn about your decision
making, not to test your knowledge. All individual responses are completely confidential and anonymous. If
you have any question, feel free to raise your hand.
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Task Overview

In each of several rounds, one of you will assume the role of the Manager of a firm that offers services to

customers, and 8 of you will assume the role of Customers. When arriving to the market, customers need to

decide whether or not to join a waiting list to receive service. In each round, each customer can be Low-need

(with 35% probability) or High-need (with 65% probability). Low-need customers can decide whether or not

to join a waiting list to receive service. High-need customers always (automatically) join the waiting list.

The Manager answers questions about the decisions of customers.

Detailed description

1. At the beginning of each round, customers define their strategy (i.e., Join or Not Join the waiting list

if they happen to be a Low-need customer) without observing the strategies of other customers.

2. AFTER all customers input their strategies, the computer randomly determines the order in which

customers arrive to the market. Then it randomly determines the type of each customer (Low-need

with 35% probability, and High-need with 65% probability). Finally it implements decisions based on

customers’ strategies.

3. Given the order of arrivals and customers’ decisions, the computer generates a waiting list.

4. Service Value: customers receive $185 if they join the waiting list, and $0 otherwise.

5. Waiting Cost: customers who join the waiting list have a waiting cost equal to $40 TIMES their position

in the waiting list.

6. Customers’ Payoff: is calculated as the Service Value MINUS the Waiting Cost.

7. Manager’s Payoff: is calculated as the average customer payoff.

Your role and your group

For the entire duration of the experiment, you will assume the role of either the Manager or of one of

the Customers. At the beginning of each round, 1 manager and 8 customers will be randomly matched. You

will interact with different participants during the experiment and you will never get to know who you are

playing with in a given round.

Your earnings from the experiment

You will play 40 experimental rounds for real money. Your final earnings will equal the average payoff

from all your rounds (each $1.00 laboratory dollar equals €0.50) plus €7.00 participation fee.

Decision Support

Customers have a negative payoff when their position in the waiting list is greater than 4. Also, the average

customer payoff (and thus the Manager’s payoff) is maximized when only 4 customers join the waiting list.
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Customer Position Customer
in Waiting Payoff

List
None (Not Join) $0

1 $145
2 $105
3 $65
4 $25
5 -$15
6 -$55
7 -$95
8 -$135

Number of Customers Manager’s Payoff =
that join Waiting List Average Customer

Payoff
0 $0.00
1 $18.13
2 $31.25
3 $39.38
4 $42.50
5 $40.63
6 $33.75
7 $21.88
8 $5.00

Good Luck!

D.2.6 Study 3: Commit Treatment
Instructions

You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment on decision making. The experiment is designed to learn about your decision
making, not to test your knowledge. All individual responses are completely confidential and anonymous. If
you have any question, feel free to raise your hand.

Task Overview
In each of several rounds, one of you will assume the role of the Manager of a firm that offers services to

customers, and 8 of you will assume the role of Customers. When arriving to the market, customers need to
decide whether or not to join a waiting list to receive service. In each round, each customer can be Low-need
(with 35% probability) or High-need (with 65% probability). Low-need customers can decide whether or not
to join a waiting list to receive service. High-need customers always (automatically) join the waiting list.
The Manager sends some information about the waiting list. Based on this information, customers decide
whether to Join or Not Join the waiting list.

Detailed description
1. At the beginning of each round the Manager selects an information strategy X that defines which

message an arriving customer receives: ’Short Wait’ if the number of customers in the waiting list is
less than X, or ’Long Wait’ if the number of customers in the waiting list is X or more.

2. AFTER the Manager decides, the information strategy is communicated to all customers. Customers
need to define their strategies (i.e., Join or Not Join the waiting list if they happen to be a Low-need
customer) for a given message that they could receive.

3. AFTER all customers input their strategies, the computer randomly determines the order in which
customers arrive to the market. Then it randomly determines the type of each customer (Low-need with
35% probability, and High-need with 65% probability). Finally it implements all participants’ strategies
to generate the waiting list.

4. Service Value: customers receive $185 if they join the waiting list, and $0 otherwise.
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5. Waiting Cost: customers who join the waiting list have a waiting cost equal to $40 TIMES their position
in the waiting list.

6. Customers’ Payoff: is calculated as the Service Value MINUS the Waiting Cost.

7. Manager’s Payoff: is calculated as the average customer payoff.
Your role and your group

For the entire duration of the experiment, you will assume the role of either the Manager or of one of
the Customers. At the beginning of each round, 1 manager and 8 customers will be randomly matched. You
will interact with different participants during the experiment and you will never get to know who you are
playing with in a given round.

Your earnings from the experiment
You will play 40 experimental rounds for real money. Your final earnings will equal the average payoff

from all your rounds (each $1.00 laboratory dollar equals €0.50) plus €7.00 participation fee.
Decision Support

Customers have a negative payoff when their position in the waiting list is greater than 4. Also, the average
customer payoff (and thus the Manager’s payoff) is maximized when only 4 customers join the waiting list.

Customer Position Customer
in Waiting Payoff

List
None (Not Join) $0

1 $145
2 $105
3 $65
4 $25
5 -$15
6 -$55
7 -$95
8 -$135

Number of Customers Manager’s Payoff =
that join Waiting List Average Customer

Payoff
0 $0.00
1 $18.13
2 $31.25
3 $39.38
4 $42.50
5 $40.63
6 $33.75
7 $21.88
8 $5.00

Good Luck!

D.2.7 Study 3: NoCommit Treatment
Instructions

You receive detailed on-screen instructions at the beginning of the session. This handout is simply for your
convenience in case you wish to revisit the instructions at any time during the experiment. You are about to
participate in an experiment on decision making. The experiment is designed to learn about your decision
making, not to test your knowledge. All individual responses are completely confidential and anonymous. If
you have any question, feel free to raise your hand.

Task Overview
In each of several rounds, one of you will assume the role of the Manager of a firm that offers services to

customers, and 8 of you will assume the role of Customers. When arriving to the market, customers need to
decide whether or not to join a waiting list to receive service. In each round, each customer can be Low-need
(with 35% probability) or High-need (with 65% probability). Low-need customers can decide whether or not
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to join a waiting list to receive service. High-need customers always (automatically) join the waiting list.
The Manager sends some information about the waiting list. Based on this information, customers decide
whether to Join or Not Join the waiting list.

Detailed description
1. At the beginning of each round the Manager selects an information strategy X that defines which

message an arriving customer receives: ’Short Wait’ if the number of customers in the waiting list is
less than X, or ’Long Wait’ if the number of customers in the waiting list is X or more.

2. The implemented information strategy X is NOT directly observable by customers but the Manager
is able to communicate the information strategy to customers. Specifically, the Manager selects what
information strategy Y to communicate to customers: ’Short Wait’ if the number of customers in the
waiting list is less than Y, or ’Long Wait’ if the number of customers in the waiting list is Y or
more. Note: the Manager’s communicated information strategy Y does not have to be the same as the
implemented information strategy X that later determines ’Short Wait’ or ’Long Wait’ messages.

3. AFTER the Manager decides, customers only observe the communicated information strategy Y. Cus-
tomers need to define their strategies (i.e., Join or Not Join the waiting list if they happen to be a
Low-need customer) for a given message that they could receive. Recall that messages are based on the
implemented information strategy X.

4. AFTER all customers input their strategies, the computer randomly determines the order in which
customers arrive to the market. Then it randomly determines the type of each customer (Low-need with
35% probability, and High-need with 65% probability). Finally, it implements all customers’ joining
strategies, and the Manager’s implemented information strategy X, to generate the waiting list. Note:
at the end of each round, customers know what was the implemented information strategy X, and if
the Manager communicated an information strategy Y different from the implemented X.

5. Service Value: customers receive $185 if they join the waiting list, and $0 otherwise.

6. Waiting Cost: customers who join the waiting list have a waiting cost equal to $40 TIMES their position
in the waiting list.

7. Customers’ Payoff: is calculated as the Service Value MINUS the Waiting Cost.

8. Manager’s Payoff: is calculated as the average customer payoff.
Your role and your group

For the entire duration of the experiment, you will assume the role of either the Manager or of one of
the Customers. At the beginning of each round, 1 manager and 8 customers will be randomly matched. You
will interact with different participants during the experiment and you will never get to know who you are
playing with in a given round.

Your earnings from the experiment
You will play 40 experimental rounds for real money. Your final earnings will equal the average payoff

from all your rounds (each $1.00 laboratory dollar equals €0.50) plus €7.00 participation fee.
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Decision Support
Customers have a negative payoff when their position in the waiting list is greater than 4. Also, the average

customer payoff (and thus the Manager’s payoff) is maximized when only 4 customers join the waiting list.

Customer Position Customer
in Waiting Payoff

List
None (Not Join) $0

1 $145
2 $105
3 $65
4 $25
5 -$15
6 -$55
7 -$95
8 -$135

Number of Customers Manager’s Payoff =
that join Waiting List Average Customer

Payoff
0 $0.00
1 $18.13
2 $31.25
3 $39.38
4 $42.50
5 $40.63
6 $33.75
7 $21.88
8 $5.00

Good Luck!
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D.3 Comprehension Quizzes
Participants start reading instructions about either FullInfo (Study 1 and 2), or NoInfo (Study 3). They then
completed Part A of the Quiz (see below), which assessed their general understanding of system parameters,
queue dynamics, and the role of random events. All questions had to be answered correctly in order to
proceed. After this, participants moved to some practice rounds of FullInfo (Study 1 and 2), or NoInfo

(Study 3). Participants allocated to the NoInfo treatment (in Study 3) proceeded to the actual experiment.
Participants allocated to the NoInfo (Study 1), Commit (Studies 1 and 3), NoCommit (Studies 1 and 3),
or CommitBOT (Study 2) treatments received additional instructions tailored to their specific condition.
They subsequently completed Part B of the Quiz, which was also treatment-specific. As before, participants
were required to answer all questions correctly to proceed to the main experiment. Quizzes are presented
to participants, irrespective of their role. Note: In the quizzes below, participants were shown the actual
numerical values relevant to their study, rather than the algebraic notation used here (e.g., rH , or expressions
such as (c + 20)). Correct answers are presented in bold.

D.3.1 Part A Quiz (Study 1 and 2)
[Q1] H type customers receive a payoff of (select one):

• rH − c × (Position Waitlist) when they join, and υH when they do not join
• rH − (c + 20) × (Position Waitlist) when they join, and υH when they do not join
• rH − c × (Position Waitlist) when they join, and υL + 30 when they do not join

[Q2] L type customers receive a payoff of (select one):

• rL − (c + 20) × (Position Waitlist) when they join, and υH when they do not join
• rH − c × (Position Waitlist) when they join, and υH when they do not join
• rL − c × (Position Waitlist) when they join, and υL when they do not join

[Q3] When a customer selects a strategy (Join or Not Join), they:

• ...know their order of arrival and the strategies of other customers
• ...know their order of arrival, but not the strategies of other customers
• ...do not know their order of arrival nor the strategies of other customers

[Q4] A customer who arrives 2nd in one round, will arrive 2nd in every round.

• Yes
• No, the computer will randomly determine the arrival order at the beginning of each

round

[Q5] Select the correct option.

• A customer who is H type in one round, will be a H type customer in every round.
• The computer will randomly determine the type of each customer at the beginning

of each round: L type (100 − pH% probability), and H type (pH% probability)
• The computer will randomly determine the type of each customer at the beginning of each round:

L type (50% probability), and H type (50% probability)
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[Q6] In a given round, either all customers are H type, or all customers are L type.

• Yes
• No, the computer will randomly determine the type of each customer in each round.

Hence, a mix of different customer types will typically arrive

D.3.2 Part A Quiz (Study 3)
[Q1] If a customer’s strategy is to NOT Join the waiting list as a Low-need customer, the customer:

• ...will definitely not join the waiting list
• ...might still join the waiting list if the computer randomly assigns High-need

[Q2] Select the correct option:

• Customers who join the waiting list get a Payoff equal to rL - 50 × (Position in Waiting List).
Customers who do not join get a Payoff of υL

• Customers who join the waiting list get a Payoff equal to $service value - c × (Position in
Waiting List). Customers who do not join get a Payoff of rL

• Customers who join the waiting list get a Payoff equal to rL - c × (Position in Waiting
List). Customers who do not join get a Payoff of υL

[Q3] If a customer joins the waiting list, they always earn a positive payoff:

• Yes
• No, the payoff can be negative if the wait cost is large

[Q4] When a customer selects a strategy (Join or Not Join waiting list as a Low-need customer), they:

• ...know their order of arrival and the strategies of other customers
• ...know their order of arrival, but not the strategies of other customers
• ...do not know their order of arrival nor the strategies of other customers

[Q5] A customer who arrives 5th in one round, will arrive 5th in every round:

• Yes
• No, the computer will randomly determine the arrival order at the beginning of each

round

[Q6] A customer who is a High-need customer in one round, will be a High-need customer in every round:

• Yes
• No, the computer will randomly determine the type of each customer at the beginning

of each round: Low-need (100 - pH% probability), and High-need (pH% chance)
• No, the computer will randomly determine the type of each customer at the beginning of each

round: Low-need (50% probability), and High-need (50% chance)

[Q7] In a given round, either all customers are High-need, or all customers are Low-need:

• Yes
• No, the computer will randomly determine the type of each customer in each round.

Hence, a mix of different customer types will typically arrive
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[Q8] The more customers join the waiting list, the higher the Manager’s payoff (customers’ average payoff):

• Yes
• No, the Manager payoff is at its maximum when only 4 customers join the waiting

list

D.3.3 Part B Quiz: NoInfo (Study 1)
[Q1] When a customer selects a strategy, this strategy specifies what decision (Join or Not Join) the computer

will implement:

• ...based on the customer type (H or L) and the length of the waitlist upon arrival
• ...based on the customer type (H or L), but not on the length of the waitlist upon

arrival (which the customer cannot observe in part B)
• ...based on the length of the waitlist upon arrival, but not on the customer type (H or L)

D.3.4 Part B Quiz: Commit (Study 1)
[Q1] When a customer selects a strategy, this strategy specifies what decision (Join or Not Join) the computer

will implement:

• ...based on the customer type (H or L) and the length of the waitlist upon arrival
• ...based on the customer type (H or L) and the received message (Short or Long Wait)

upon arrival
• ...based on the received message (Short or Long Wait) upon arrival, but not on the customer type

(H or L)

[Q2] Imagine that the Manager decides to send the ‘Long Wait’ message if the waitlist has 2 or more
customers. Then if you are the 3rd customer to arrive, you will:

• Receive the ‘Long Wait’ message for sure
• Receive the ‘Long Wait’ message only when both previous customers joined the wait-

list, but the ‘Short Wait’ message if at least one of them did not join

D.3.5 Part B Quiz: NoCommit (Study 1)
[Q1] When a customer selects a strategy, this strategy specifies what decision (Join or Not Join) the computer

will implement:

• ...based on the customer type (H or L) and the length of the waitlist upon arrival
• ...based on the customer type (H or L) and the received message (Short or Long Wait)

upon arrival
• ...based on the received message (Short or Long Wait) upon arrival, but not on the customer type

(H or L)

[Q2] Imagine that the Manager decides to send the ‘Long Wait’ message if the waitlist has 2 or more
customers. Then if you are the 3rd customer to arrive, you will:

• Receive the ‘Long Wait’ message for sure
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• Receive the ‘Long Wait’ message only when both previous customers joined the wait-
list, but the ‘Short Wait’ message if at least one of them did not join

[Q3] Are the Manager’s “implemented information strategy” and the “communicated information strategy”
necessarily the same?

• Yes
• No, the Manager can choose to communicate a different information strategy

[Q4] Will customers, at the end of each round, know if the Manager communicated an information strategy
different from the implemented strategy?

• No
• Yes, customers will know this when presented with the results at the end of each

round

D.3.6 Part B Quiz: CommitBOT (Study 2)
[Q1] When a customer selects a strategy, this strategy specifies what decision (Join or Not Join) the computer

will implement:

• ...based on the customer type (H or L) and the length of the waitlist upon arrival
• ...based on the customer type (H or L) and the received message (Short or Long Wait)

upon arrival
• ...based on the received message (Short or Long Wait) upon arrival, but not on the customer type

(H or L)

[Q2] Imagine that the Manager (automated Bot) decides to send the ‘Long Wait’ message if the waitlist has
2 or more customers. Then if you are the 3rd customer to arrive, you will (select one):

• Receive the ‘Long Wait’ message for sure
• Receive the ‘Long Wait’ message only when both previous customers joined the wait-

list, but the ‘Short Wait’ message if at least one of them did not join

[Q3] Another participant will play the role of the Manager:

• True
• False, an automated Bot will play the role of the Manager

D.3.7 Part B Quiz: Commit (Study 3)
[Q1] Imagine that the Manager decides to send the ‘Long Wait’ message if the list has 5 or more customers.

Then if you are the 7th customer to arrive to the market, will you receive the ‘Long Wait’ message for
sure?

• Yes
• No, other customers that arrive before may not join the waiting list so the list might

still be shorter than 5 when you arrive

[Q2] If a customer’s strategy is to Join the waiting list when receiving the ‘Short Wait’ message, and to
NOT Join when receiving the ‘Long Wait’ message, then ...
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• ...the customer will join the waiting list only if he/she happens to be of High-need
• ...the customer will join the waiting list if he/she is High-need, or if he/she is Low-need

and receives a ‘Short Wait’ message

D.3.8 Part B Quiz: NoCommit (Study 3)
[Q1] Imagine that the Manager decides to send the ‘Long Wait’ message if the list has 5 or more customers.

Then if you are the 7th customer to arrive to the market, will you receive the ‘Long Wait’ message for
sure?

• Yes
• No, other customers that arrive before may not join the waiting list so the list might

still be shorter than 5 when you arrive

[Q2] If a customer’s strategy is to Join the waiting list when receiving the ‘Short Wait’ message, and to
NOT Join when receiving the ‘Long Wait’ message, then ...

• ...the customer will join the waiting list only if he/she happens to be of High-need
• ...the customer will join the waiting list if he/she is High-need, or if he/she is Low-need

and receives a ‘Short Wait’ message

[Q3] Are the Manager’s ’implemented information strategy’ and the ’communicated information strategy’
necessarily the same?

• Yes
• No, the Manager can choose to communicate a different information strategy

[Q4] Will customers, at the end of each round, know if the Manager communicated an information strategy
different from the implemented one?

• No
• Yes, customers will know this when presented with the results at the end of each

round
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E Experimental Results

E.1 Study 1

E.1.1 Customer Choices We examine aggregate patterns in customers’ joining behavior. Table 2

presents comparisons between average customer joining probabilities and relevant theoretical benchmarks.

Since high-need customers almost always join regardless of treatment, we focus on low-need customers to

assess treatment effects. Table 3 compares average joining probabilities for low-need customers between

treatments. Table 4 presents logistic regression results for low-need customers’ joining probabilities across

treatments. Finally, Figures 25–27 show average (across rounds) joining probabilities for low-need customers

at the individual participant level in each treatment.

Table 2 T-Tests: Customer Joining Behavior vs. Theoretical Benchmarks in Study 1
Type Treatment Signal Threshold θ′ Avg Prob Theory/Benchmark t(df) p-value Bootstrap p-value
High-need NoInfo – – 0.998 1.000 t(7) = −1.52 0.085 0.028
High-need

Commit

Short Wait All 0.993 1.000 t(7) = −1.42 0.099 0.027
Long Wait All 0.983 1.000 t(7) = −2.90 0.011 < 0.001
Short Wait 1 0.979 1.000 t(3) = −1.00 0.195 0.050
Short Wait 2 0.994 1.000 t(7) = −1.08 0.157 0.071
Short Wait 3 0.994 1.000 t(7) = −1.17 0.140 0.069
Short Wait 4 0.994 1.000 t(6) = −1.00 0.178 0.061
Long Wait 0 0.975 1.000 t(4) = −1.00 0.187 0.056
Long Wait 1 0.982 1.000 t(3) = −1.66 0.097 0.063
Long Wait 2 0.976 1.000 t(7) = −2.96 0.010 0.004
Long Wait 3 0.985 1.000 t(7) = −2.08 0.038 0.019

High-need

NoCommit

Short Wait All 1.000 1.000 – – –
Long Wait All 0.992 1.000 t(6) = −1.46 0.097 0.028
Short Wait 1–4 1.000 1.000 – – –
Long Wait 0 0.916 1.000 t(2) = −1.00 0.211 0.038
Long Wait 1 1.000 1.000 – – –
Long Wait 2 0.993 1.000 t(6) = −1.51 0.090 0.026
Long Wait 3 0.970 1.000 t(6) = −1.50 0.091 0.030

Low-need
NoInfo

– – 0.512 1.000 t(7) = −10.98 < 0.001 < 0.001
– – 0.512 0.500 t(7) = 0.27 0.397 0.399
– – 0.512 0.000 t(7) = 11.52 < 0.001 < 0.001

Low-need

Commit

Short Wait All 0.914 1.000 t(7) = −2.29 0.027 0.006
Long Wait All 0.100 0.000 t(7) = 3.23 0.007 0.004
Short Wait 1 0.937 1.000 t(3) = −1.00 0.196 0.054
Short Wait 2 0.967 1.000 t(7) = −1.96 0.045 0.014
Short Wait 3 0.927 1.000 t(7) = −2.49 0.021 0.004
Short Wait 4 0.685 1.000 t(6) = −6.25 < 0.001 0.004
Long Wait 0 0.528 1.000 t(4) = −6.97 0.001 0.010
Long Wait 1 0.220 0.000 t(3) = 5.00 0.008 0.062
Long Wait 2 0.067 0.000 t(7) = 2.87 0.012 0.006
Long Wait 3 0.056 0.000 t(7) = 3.35 0.006 0.005

Low-need

NoCommit

Short Wait All 0.891 1.000 t(6) = −2.08 0.041 0.013
Long Wait All 0.049 1.000 t(6) = −43.52 < 0.001 < 0.001
Short Wait 1 0.975 1.000 t(4) = −1.00 0.187 0.060
Short Wait 2 0.966 1.000 t(6) = −2.86 0.014 0.008
Short Wait 3 0.794 1.000 t(6) = −3.02 0.011 0.012
Short Wait 4 0.536 1.000 t(4) = −4.47 0.005 0.014
Long Wait 0 0.229 1.000 t(2) = −6.64 0.011 0.038
Long Wait 1 0.191 1.000 t(4) = −22.25 < 0.001 < 0.001
Long Wait 2 0.044 1.000 t(6) = −54.88 < 0.001 < 0.001
Long Wait 3 0.102 1.000 t(6) = −15.64 < 0.001 0.019

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted joining probabilities for each customer
type, or based on benchmarks of interest. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed
using 9,999 replicates. Constant values resulted in omitted t-stats.
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Table 3 T-Tests: Treatment Effects, Low-Need Customer Joining Behavior in Study 1
Comparison Signal Threshold Avg Prob t(df) p-value Bootstrap p-value Welch p-value Welch Bootstrap p-value
Commit vs NoInfo Short Wait All 0.914 vs 0.512 t(14) = 6.92 < 0.001 < 0.001 < 0.001 < 0.001
Commit vs NoInfo Long Wait All 0.100 vs 0.512 t(14) =-7.60 < 0.001 < 0.001 < 0.001 0.001
Commit vs NoInfo Short Wait 1 0.937 vs 0.512 t(10) = 5.54 < 0.001 < 0.001 < 0.001 0.002
Commit vs NoInfo Short Wait 2 0.967 vs 0.512 t(14) = 9.61 < 0.001 < 0.001 < 0.001 < 0.001
Commit vs NoInfo Short Wait 3 0.927 vs 0.512 t(14) = 7.83 < 0.001 < 0.001 < 0.001 < 0.001
Commit vs NoInfo Short Wait 4 0.685 vs 0.512 t(13) = 2.60 0.011 0.011 0.011 0.012
Commit vs NoInfo Long Wait 0 0.528 vs 0.512 t(11) = 0.20 0.418 0.418 0.423 0.408
Commit vs NoInfo Long Wait 1 0.220 vs 0.512 t(10) =-4.65 0.001 0.002 < 0.001 0.002
Commit vs NoInfo Long Wait 2 0.067 vs 0.512 t(14) =-8.85 < 0.001 < 0.001 < 0.001 < 0.001
Commit vs NoInfo Long Wait 3 0.056 vs 0.512 t(14) =-9.58 < 0.001 < 0.001 0.011 0.012
NoCommit vs NoInfo Short Wait All 0.891 vs 0.512 t(13) = 5.56 < 0.001 < 0.001 < 0.001 < 0.001
NoCommit vs NoInfo Long Wait All 0.049 vs 0.512 t(13) =-8.92 < 0.001 < 0.001 < 0.001 0.001
NoCommit vs NoInfo Short Wait 1 0.975 vs 0.512 t(11) = 9.08 < 0.001 < 0.001 < 0.001 < 0.001
NoCommit vs NoInfo Short Wait 2 0.966 vs 0.512 t(13) = 9.89 < 0.001 < 0.001 < 0.001 < 0.001
NoCommit vs NoInfo Short Wait 3 0.794 vs 0.512 t(13) = 3.57 0.002 0.002 0.003 0.003
NoCommit vs NoInfo Short Wait 4 0.536 vs 0.512 t(11) = 0.25 0.403 0.403 0.417 0.414
NoCommit vs NoInfo Long Wait 0 0.229 vs 0.512 t(9) =-2.27 0.009 0.011 0.060 0.037
NoCommit vs NoInfo Long Wait 1 0.191 vs 0.512 t(11) =-5.58 < 0.001 < 0.001 < 0.001 < 0.001
NoCommit vs NoInfo Long Wait 2 0.044 vs 0.512 t(13) =-9.27 < 0.001 < 0.001 < 0.001 < 0.001
NoCommit vs NoInfo Long Wait 3 0.102 vs 0.512 t(13) =-5.72 < 0.001 < 0.001 < 0.001 0.002
Commit vs NoCommit Short Wait All 0.914 vs 0.891 t(13) = 0.36 0.360 0.369 0.363 0.351
Commit vs NoCommit Long Wait All 0.100 vs 0.049 t(13) = 1.29 0.109 0.111 0.103 0.109
Commit vs NoCommit Short Wait 1 0.937 vs 0.975 t(7) =-0.61 0.281 NA 0.304 0.203
Commit vs NoCommit Short Wait 2 0.967 vs 0.966 t(13) = 0.05 0.478 0.478 0.477 0.490
Commit vs NoCommit Short Wait 3 0.927 vs 0.794 t(13) = 1.89 0.040 0.040 0.054 0.052
Commit vs NoCommit Short Wait 4 0.685 vs 0.536 t(10) = 1.42 0.092 0.092 0.122 0.143
Commit vs NoCommit Long Wait 0 0.528 vs 0.229 t(6) = 2.42 0.026 0.025 0.051 0.035
Commit vs NoCommit Long Wait 1 0.220 vs 0.191 t(7) = 0.51 0.311 NA 0.314 0.305
Commit vs NoCommit Long Wait 2 0.067 vs 0.044 t(13) = 0.75 0.232 0.231 0.227 0.225
Commit vs NoCommit Long Wait 3 0.056 vs 0.102 t(13) =-0.82 0.214 0.234 0.233 0.186

Notes: We use session-level averages as the unit of analysis. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using
9,999 replicates.

Table 4 Logistic Regressions: Customer Strategies in NoInfo, Commit, and NoCommit in Study 1
NoInfo Commit & NoCommit Commit & NoCommit
P(Join) P(Join|Short Wait) P(Join|Long Wait)

(1a) (1b) (2b) (3b) (1c) (2c) (3c)
(Intercept) 0.99** 9.08*** 8.90** 8.79*** -1.11 -0.65 -0.81

(0.40) (1.05) (0.81) (0.91) (0.99) (0.60) (0.62)
NoCommit - - - 0.39 - - -0.37

- - - (1.41) - - (0.37)
Communicated Threshold - -1.55*** -1.75*** -1.54*** -1.02*** -1.16*** -1.02***

- (0.25) (0.26) (0.24) (0.25) (0.15) (0.25)
NoCommit * Communicated Threshold - - - -0.22 - - -0.14

- - - (0.36) - - (0.28)
Round 0.00 -0.01 0.00 0.01 -0.01 -0.01 -0.01

(0.00) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01)
Gender.M -0.63** -1.22*** -1.11*** -1.17*** 0.48 0.01 0.31

(0.29) (0.40) (0.17) (0.22) (0.60) (0.28) (0.37)
N 2560 2288 2164 4452 2232 1920 4152

Notes: Each data point represents the answer (Join/Not Join) by a Customer in a given round. Standard errors
clustered at the session level. Models (1b) and (1c) are restricted to the Commit treatment, and models (2b) and
(2c) are restricted to the NoCommit treatment. We note that the number of observations in models (1b) - (3c)
depends on the provider’s selected thresholds. Specifically, when providers select a threshold equal to 0 or to Λ,
there are only Long Wait or Short Wait signals, respectively.
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Figure 25 Low-need Customer Average Joining Probability by Participant (NoInfo in Study 1)
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Figure 26 Low-need Customer Average Joining Probability Conditional on Signal by Participant (Commit in
Study 1)
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Figure 27 Low-need Customer Average Joining Probability Conditional on Signal by Participant (NoCommit in
Study 1)
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E.1.2 Provider Choices We examine aggregate patterns in providers’ threshold choices. Table 5
presents comparisons between average threshold selections and relevant theoretical benchmarks. Table 6
compares average threshold selections between treatments. Table 7 presents comparisons between provider
average lying behavior and relevant benchmarks for the case of NoCommit. Table 8 presents OLS regressions
regarding service providers’ lying behavior and social welfare. Figures 28 and 29 show provider threshold
distributions at the individual participant level in each signaling treatment.

Table 5 T-Tests: Provider Threshold Selections vs. Theoretical Benchmarks in Study 1
Treatment Threshold Type Avg Threshold Theory/Benchmark t(df) p-value Bootstrap p-value
Commit Implemented θ = θ′ 2.26 1 t(7) = 4.36 0.002 0.009
Commit Implemented θ = θ′ 2.26 2 t(7) = 0.89 0.200 0.230
NoCommit Implemented θ 2.03 1 t(6) = 9.25 < 0.001 < 0.001
NoCommit Implemented θ 2.03 2 t(6) = 0.28 0.391 0.377
NoCommit Communicated θ′ 2.27 1 t(6) = 5.80 < 0.001 < 0.001
NoCommit Communicated θ′ 2.27 2 t(6) = 1.23 0.131 0.051

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted values or based on
benchmarks of interest. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed
using 9,999 replicates.

Table 6 T-Tests: Treatment Effects, Provider Threshold Selections in Study 1
Comparison Threshold Type Avg Threshold t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
Commit vs NoCommit Implemented vs Implemented 2.26 vs 2.03 t(13) = 0.69 0.250 0.256 0.242 0.259
Commit vs NoCommit Implemented vs Communicated 2.26 vs 2.27 t(13) = −0.03 0.486 0.486 0.485 0.463
NoCommit Communicated vs Implemented (paired) 2.27 vs 2.03 t(6) = 1.62 0.077 0.029 – –

Notes: We use session-level averages as the unit of analysis. Alternative hypotheses are set given the direction of the observed effect. Paired comparisons used for within-treatment analyses.
Bootstrap p-values computed using 9,999 replicates.
Restricting to the second half of the data, the average selected threshold in Commit is 2.15. In comparison to the predicted equilibrium threshold of 1: t(7) = 3.64,p-value =
0.004,bootstrap t -test p-value = 0.014. For the case of NoCommit the average selected implemented threshold is 1.85, while the the average communicated threshold is 2.21. Comparing these
(paired tests): t(6) = 2.51,p-value = 0.023,bootstrap t -test p-value = 0.020.
We also conduct a two-sample Kolmogorov-Smirnov test between the distribution of thresholds in Commit and the distribution of implemented thresholds in NoCommit (D = 0.21, p-value
< 0.001). And between the distribution of thresholds in Commit and the distribution of and communicated thresholds in NoCommit (D = 0.17, p-value < 0.001).

Table 7 T-Tests: Providers Lying Behavior (NoCommit) in Study 1
Sample Measure Avg Value Comparison Benchmark t(df) p-value Bootstrap p-value
All Cases Lie 0.24 0 t(6) = 1.62 0.077 0.023
All Cases Absolute Lie 0.44 0 t(6) = 2.40 0.026 0.010
Lie ̸= 0 Only Lie 0.28 0 t(6) = 0.73 0.245 0.236
Lie ̸= 0 Only Absolute Lie 1.58 0 t(6) = 8.21 < 0.001 < 0.001

Notes: The variable Lie is defined as Lie = θ′ − θ. We use session-level averages as the unit of analysis. Alternative
hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.
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Table 8 OLS Regressions: Service Providers’ Lying Behavior in Study 1
Realized Social Welfare Implied Social Welfare

(1a) (2a) (3a) (1b) (2b) (3b)
(Intercept) 625.24*** 622.28*** 630.48*** 613.56*** 607.61*** 618.98***

(3.31) (3.13) (2.21) (6.88) (7.35) (3.92)
Lie 4.52** - - 8.23*** - -

(1.18) - - (0.59) - -
|Lie| - 0.12 - - 1.4 -

- (1.64) - - (2.59) -
Lie.Type(θ′ > θ) - - 4.21· - - 12.03**

- - (2.09) - - (1.25)
Lie.Type(θ′ < θ) - - -24.56* - - -28.75**

- - (7.60) - - (3.13)
Round 0.38* 0.45* 0.38* 0.10* 0.21* 0.12*

(0.12) (0.13) (0.11) (0.03) (0.06) (0.04)
Gender.M 3.43 4.92* 1.22 1.33 4.21 -1.38

(1.82) (1.77) (1.50) (3.53) (3.58) (1.79)
N 560 560 560 560 560 560
R2 0.02 0.01 0.02 0.46 0.08 0.51

Notes: Each data point consists of the total social welfare achieved by a service provider
in a given round in the NoComit treatment. Standard errors clustered at the session level.
The variable Lie is defined as Lie = θ′ −θ, and Lie.Type(θ′ > θ), Lie.Type(θ′ < θ) represent
indicator variables. In models (3a) and (3b) the baseline for Lie.Type is Lie.Type(θ′ =
θ), such that the coefficients for Lie.Type(θ′ > θ) and Lie.Type(θ′ < θ) correspond to
differences when service providers lie in comparison to when they are honest.

Figure 28 Provider Threshold Distributions by Participant (Commit in Study 1)
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Figure 29 Provider Threshold Distributions by Participant (NoCommit in Study 1)
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E.1.3 Social Welfare We examine aggregate social welfare, both realized and implied. Table 9
presents comparisons between average welfare and relevant theoretical benchmarks. Table 10 compares aver-
age welfare between treatments. In the Commit treatment, we study the implied welfare conditional on some
provider thresholds θ′ of interest. Table 11 presents comparisons between average implied welfare in Commit

conditional on θ′ and benchmarks/treatments of interest. In the NoCommit treatment, we study the implied
social welfare conditional on a provider lying behavior: honest (θ′ = θ), overstate (θ′ > θ), and understate
(θ′ < θ). Table 12 presents comparisons between average implied welfare in NoCommit conditional on lying
behavior and treatments of interest. Table 13 presents OLS regressions regarding social welfare. Table 14
presents comparisons between average implied welfare and the FullInfo theoretical benchmark.

Table 9 T-Tests: Social Welfare vs. Theoretical Benchmarks in Study 1
Treatment Welfare Type Avg Welfare Theory t(df) p-value Bootstrap p-value
NoInfo Realized 632.07 580 t(7) = 15.79 < 0.001 < 0.001
NoInfo Implied 615.43 580 t(7) = 11.99 < 0.001 < 0.001
Commit Realized 631.99 634 t(7) = −0.86 0.208 0.187
Commit Implied 613.50 634 t(7) = −9.85 < 0.001 < 0.001
NoCommit Realized 639.91 580 t(6) = 50.91 < 0.001 < 0.001
NoCommit Implied 619.83 580 t(6) = 28.13 < 0.001 < 0.001

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are treatment-specific
predictions derived from equilibrium analysis. See Appendix C for the computation of “Implied” welfare.
Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using
9,999 replicates.

Table 10 T-Tests: Treatment Effects, Social Welfare in Study 1
Comparison Welfare Type Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Welch Bootstrap p-value
NoInfo vs. Commit Realized 632.07 vs. 631.99 t(14) = 0.02 0.492 0.502 0.492 0.493
NoInfo vs. NoCommit Realized 632.07 vs. 639.91 t(13) = −2.11 0.027 0.023 0.026 0.014
Commit vs. NoCommit Realized 631.99 vs. 639.91 t(13) = −2.91 0.006 0.006 0.006 0.004
NoInfo vs. Commit Implied 615.43 vs. 613.50 t(14) = 0.53 0.301 0.299 0.301 0.304
NoInfo vs. NoCommit Implied 615.43 vs. 619.83 t(13) = −1.28 0.111 0.108 0.104 0.107
Commit vs. NoCommit Implied 613.50 vs. 619.83 t(13) = −2.44 0.015 0.012 0.013 0.024
NoInfo vs. Commit Implied (2nd Half) 615.78 vs. 614.90 t(14) = 0.26 0.399 0.399 0.399 0.404
NoInfo vs. NoCommit Implied (2nd Half) 615.78 vs. 621.73 t(13) = −2.03 0.032 0.032 0.029 0.032
Commit vs. NoCommit Implied (2nd Half) 614.90 vs. 621.73 t(13) = −2.39 0.016 0.032 0.015 0.033

Notes: We use session-level averages as the unit of analysis. See Appendix C for the computation of “Implied” welfare. Alternative hypotheses are set given the direction
of the observed effect. Bootstrap p-values computed using 9,999 replicates. “2nd Half” refers to observations from the second half of each session.

Table 11 T-Tests: Treatment Effects, Implied Social Welfare by Thresholds θ′ of Interest (Commit) in Study 1
Comparison Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
Commit (θ′ = 0) vs. NoInfo 611.38 vs. 615.43 t(11) = −0.70 0.248 0.241 0.273 0.266
Commit (θ′ = 1) vs. NoInfo 621.19 vs. 615.43 t(10) = 1.11 0.145 0.147 0.156 0.160
Commit (θ′ = 4) vs. NoInfo 603.83 vs. 615.43 t(13) = −2.52 0.013 0.014 0.014 0.014
Commit (θ′ = 1) vs. Commit Theory 621.19 vs. 634 t(3) = −2.98 0.029 0.023 – –

Notes: We use session-level averages as the unit of analysis. See Appendix C for the computation of “Implied” welfare. Alternative hypotheses are set given the
direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.
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Table 12 T-Tests: Treatment Effects, Implied Social Welfare by Lying Behavior (NoCommit) in Study 1
Comparison Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
NoCommit(Honest) vs. NoInfo 618.38 vs. 615.43 t(13) = 0.90 0.191 0.190 0.182 0.177
NoCommit(Honest) vs. Commit 618.38 vs. 613.50 t(13) = 2.06 0.029 0.029 0.028 0.036
NoCommit(Understate) vs. NoInfo 594.59 vs. 615.43 t(13) = −3.86 0.001 0.002 0.002 0.005
NoCommit(Understate) vs. Commit 594.59 vs. 613.50 t(13) = −3.86 0.001 0.002 0.003 0.007
NoCommit(Overstate) vs. NoInfo 629.10 vs. 615.43 t(12) = 2.84 0.007 0.008 0.010 0.015
NoCommit(Overstate) vs. Commit 629.10 vs. 613.50 t(12) = 3.77 0.001 0.002 0.004 0.008
NoCommit(Overstate) vs. Commit Theory 629.10 vs. 634 t(5) = −1.24 0.113 0.069 – –

Notes: Honest (θ′ = θ), overstate (θ′ > θ), and understate (θ′ < θ). We use session-level averages as the unit of analysis. See Appendix C for the computation of “Implied”
welfare. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.

Table 13 OLS Regressions: Social Welfare in Study 1
Realized Social Welfare Implied Social Welfare

(1a) (2a) (3a)† (4a) (5a)‡ (1b) (2b) (3b)† (4b) (5b)‡

(Intercept) 630.01*** 630.01*** 630.74*** 630.01*** 630.01*** 614.58*** 614.58*** 615.14*** 614.58*** 614.58***
(4.39) (4.40) (2.13) (4.35) (4.35) (4.02) (4.03) (1.83) (3.99) (3.99)

Commit -5.47 - -6.20* -5.47 -5.47 -4.11 - -4.68· -4.11 -4.11
(4.71) - (2.73) (4.66) (4.66) (4.42) - (2.59) (4.37) (4.38)

NoCommit - 0.73 - 0.73 - - 0.56 - 0.56 -
- (4.89) - (4.83) - - (4.43) - (4.38) -

Round 0.10 0.10 0.45** 0.10 0.10 0.04 0.04 0.23** 0.04 0.04
(0.10) (0.10) (0.11) (0.10) (0.10) (0.07) (0.07) (0.06) (0.07) (0.07)

Commit∗Round 0.26· - -0.08 0.26· 0.26· 0.11 - -0.08 0.11 0.11
(0.13) - (0.14) (0.13) (0.13) (0.09) - (0.08) (0.09) (0.09)

NoCommit∗Round - 0.35* - 0.35* - - 0.19· - 0.19· -
- (0.15) - (0.14) - - (0.09) - (0.09) -

NoCommit(Honest) - - - - 1.06 - - - - 2.34
- - - - (4.97) - - - - (4.14)

NoCommit(Overstate) - - - - 10.15* - - - - 10.38*
- - - - (4.61) - - - - (4.80)

NoCommit(Understate) - - - - -9.82 - - - - -21.36***
- - - - (17.60) - - - - (5.47)

NoCommit(Honest)∗Round - - - - 0.36* - - - - 0.06
- - - - (0.15) - - - - (0.08)

NoCommit(Overstate)∗Round - - - - 0.15 - - - - 0.22
- - - - (0.11) - - - - (0.14)

NoCommit(Understate)∗Round - - - - -0.50 - - - - -0.21
- - - - (0.94) - - - - (0.16)

N 1280 1200 1200 1840 1840 1280 1200 1200 1840 1840
R2 0.00 0.01 0.01 0.01 0.01 0.01 0.04 0.09 0.05 0.16

Notes: Each data point consists of the total social welfare achieved by a cohort in a given round and session. Thus N = Number of
sessions∗2(cohorts)∗40(rounds). Standard errors clustered at the session level.
† : Models (3a) and (3b) do not consider the NoInfo treatment, and take as baseline the NoCommit treatment to compare it with the Commit treatment.
‡ : Models (5a) and (5b) consider the disaggregated NoCommit treatment: honest (θ′ = θ), overstate (θ′ > θ), and understate (θ′ < θ).

Table 14 T-Tests: Implied Social Welfare vs. FullInfo Theoretical Benchmark in Study 1
Treatment Avg Welfare Theory t(df) p-value Bootstrap p-value
NoInfo 615.43 620.5 t(7) = −1.71 0.065 0.061
Commit 613.50 620.5 t(7) = −3.36 0.006 0.010
Commit (θ = 1) 621.19 620.5 t(3) = 0.16 0.441 0.404
NoCommit 619.83 620.5 t(6) = −0.47 0.327 0.280
NoCommit(Honest) 618.38 620.5 t(6) = −2.59 0.020 0.004
NoCommit(Overstate) 629.10 620.5 t(5) = 2.19 0.034 0.170
NoCommit(Understate) 594.59 620.5 t(6) = −5.53 < 0.001 0.003

Notes: We use session-level averages as the unit of analysis. See Appendix C for the computation of
“Implied” welfare. Alternative hypotheses are set given the direction of the observed effect. Bootstrap
p-values computed using 9,999 replicates.
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E.1.4 Practice Rounds We examine aggregate patterns in customers’ joining behavior and implied
welfare. Table 15 presents comparisons between average customer joining probabilities and relevant bench-
marks. Table 16 presents comparisons of average implied welfare between practice rounds and actual treat-
ments. Figure 30 shows plots of customer average joining behavior and implied welfare.

Table 15 T-Tests: Customer Joining Behavior vs. Theoretical Benchmarks in Study 1 Practice Rounds
Customer Type Queue Length Avg Join Prob. Theory t(df) p-value Bootstrap p-value
High-need 0 0.960 1 t(22) = −4.69 < 0.001 < 0.001
High-need 1 0.974 1 t(22) = −4.21 < 0.001 < 0.001
High-need 2 0.965 1 t(22) = −4.27 < 0.001 < 0.001
High-need 3 0.868 1 t(22) = −7.58 < 0.001 < 0.001
Low-need 0 0.949 1 t(22) = −6.23 < 0.001 < 0.001
Low-need 1 0.919 1 t(22) = −6.68 < 0.001 < 0.001
Low-need 2 0.168 0 t(22) = 9.03 < 0.001 < 0.001
Low-need 3 0.077 0 t(22) = 5.84 < 0.001 < 0.001

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted joining
probabilities for each customer type, or based on benchmarks of interest. Alternative hypotheses are set given the
direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.

Table 16 T-Tests: Implied Social Welfare in Main Experiment vs. Practice Rounds in Study 1
Treatment Avg Welfare (Main vs. Practice) t(df) p-value Bootstrap p-value
NoInfo vs. NoInfo(Practice Rounds) 615.43 vs. 610.15 t(7) = −3.09 0.008 0.022
Commit vs. Commit(Practice Rounds) 613.50 vs. 607.02 t(7) = −4.45 0.001 < 0.001
NoCommit vs. NoCommit(Practice Rounds) 619.83 vs. 615.87 t(6) = −1.65 0.074 0.095
All Treatments(Practice Rounds) vs. FullInfo Theory 610.80 vs. 620.5 t(22) = −8.43 < 0.001 < 0.001

Notes: We use session-level averages as the unit of analysis. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values
computed using 9,999 replicates. Paired t-tests compare implied social welfare between main and practice rounds.

Figure 30 Customer Joining Behavior and Implied Social Welfare (Practice Rounds) in Study 1
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E.2 Study 2
E.2.1 Customer Choices We examine aggregate patterns in customers’ joining behavior. Table 17

presents comparisons between average customer joining probabilities and relevant theoretical benchmarks
and treatments. Finally, Figure 31 show average (across rounds) joining probabilities for low-need customers
at the individual participant level.

Table 17 T-Tests: Customer Joining Behavior, Comparisons of Interest in Study 2
Type Comparison Signal Threshold θ′ Avg Prob t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
High-need CommitBOT vs CommitBOT Theory Short Wait 1 1.000 vs 1 — — — — —
High-need CommitBOT vs CommitBOT Theory Long Wait 1 0.997 vs 1 t(7) = −3.86 0.003 0.024 — —
Low-need CommitBOT vs CommitBOT Theory Short Wait 1 0.977 vs 1 t(7) = −1.43 0.098 0.035 — —
Low-need CommitBOT vs CommitBOT Theory Long Wait 1 0.171 vs 0 t(7) = 4.67 0.001 0.004 — —
Low-need CommitBOT vs Commit(θ′ = 1) Short Wait 1 0.977 vs 0.937 t(10) = 0.83 0.212 NA 0.289 0.242
Low-need CommitBOT vs NoCommit(θ′ = 1) Short Wait 1 0.977 vs 0.975 t(11) = 0.08 0.467 NA 0.469 0.432
Low-need CommitBOT vs Commit(θ′ = 1) Long Wait 1 0.171 vs 0.220 t(10) = −0.82 0.216 0.211 0.207 0.192
Low-need CommitBOT vs NoCommit(θ′ = 1) Long Wait 1 0.171 vs 0.191 t(11) = −0.37 0.357 0.357 0.349 0.353

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted joining probabilities for each customer type. Alternative hypotheses are set given the direction
of the observed effect. Bootstrap p-values computed using 9,999 replicates. Constant values resulted in omitted t-stats.
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Figure 31 Low-need Customer Average Joining Probability Conditional on Signal by Participant (CommitBOT
in Study 2)
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E.2.2 Social Welfare We examine aggregate social welfare, both realized and implied. Table 18
presents comparisons between average welfare and relevant theoretical benchmarks and treatments. Table
19 presents OLS regressions regarding social welfare.

Table 18 T-Tests: Social Welfare, Comparisons of Interest in Study 2
Comparison Welfare Type Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Welch Bootstrap p-value
CommitBOT vs. CommitBOT Theory Realized 643.71 vs. 634 t(7) = 4.14 0.002 0.011 — —
CommitBOT vs. CommitBOT Theory Implied 626.26 vs. 634 t(7) = −4.59 0.001 0.005 — —
CommitBOT vs. FullInfo Theory Implied 626.26 vs. 620.5 t(7) = 3.42 0.005 0.006 — —
CommitBOT vs. NoInfo Realized 643.71 vs. 632.07 t(14) = 2.87 0.006 0.007 0.007 0.004
CommitBOT vs. Commit Realized 643.71 vs. 631.99 t(14) = 3.55 0.001 0.002 0.001 0.002
CommitBOT vs. NoCommit Realized 643.71 vs. 639.91 t(13) = 1.38 0.094 0.096 0.089 0.104
CommitBOT vs. NoCommit(Honest) Realized 643.71 vs. 639.09 t(13) = 1.61 0.065 0.064 0.061 0.077
CommitBOT vs. NoCommit(Overstate) Realized 643.71 vs. 650.57 t(12) = −1.28 0.113 0.113 0.142 0.097
CommitBOT vs. NoCommit(Understate) Realized 643.71 vs. 602.06 t(13) = 3.53 0.002 0.001 0.007 0.005
CommitBOT vs. NoInfo Implied 626.26 vs. 615.43 t(14) = 3.18 0.003 0.003 0.004 0.004
CommitBOT vs. Commit Implied 626.26 vs. 613.50 t(14) = 4.76 < 0.001 < 0.001 < 0.001 < 0.001
CommitBOT vs. Commit (θ = 1) Implied 626.26 vs. 621.19 t(10) = 1.34 0.104 0.110 0.166 0.160
CommitBOT vs. NoCommit Implied 626.26 vs. 619.83 t(13) = 2.87 0.006 0.007 0.006 0.003
CommitBOT vs. NoCommit(Honest) Implied 626.26 vs. 618.38 t(13) = 4.01 < 0.001 < 0.001 < 0.001 0.001
CommitBOT vs. NoCommit(Overstate) Implied 626.26 vs. 629.10 t(12) = −0.73 0.239 0.244 0.263 0.320
CommitBOT vs. NoCommit(Understate) Implied 626.26 vs. 594.59 t(13) = 6.71 < 0.001 < 0.001 < 0.001 0.001

Notes: We use session-level averages as the unit of analysis.Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.

Table 19 OLS Regressions: Social Welfare in Study 2
Realized Social Welfare Implied Social Welfare

(1a) (2a)† (3a)‡ (4a) (1b) (2b)† (3b)‡ (4b)
(Intercept) 630.01*** 624.54*** 630.74*** 630.01*** 614.58*** 610.46*** 615.14*** 614.58***

(4.39) (1.70) (2.13) (4.35) (4.02) (1.82) (1.83) (3.96)
CommitBOT 10.69* 16.16*** 9.96** 10.69* 9.91* 14.02*** 9.35** 9.91*

(4.98) (2.91) (3.19) (4.91) (4.40) (2.54) (2.55) (4.33)
Round 0.10 0.36** 0.45** 0.10 0.04 0.15** 0.23** 0.04

(0.10) (0.09) (0.11) (0.09) (0.07) (0.06) (0.06) (0.07)
CommitBOT∗Round 0.05 -0.22** -0.30* 0.05 0.04 -0.06 -0.14· 0.04

(0.10) (0.10) (0.12) (0.10) (0.09) (0.08) (0.08) (0.09)
Commit - - - -5.47 - - - -4.11

- - - (4.63) - - - (4.35)
NoCommit - - - 0.73 - - - 0.56

- - - (4.80) - - - (4.35)
Commit∗Round - - - 0.26· - - - 0.11

- - - (0.13) - - - (0.09)
NoCommit∗Round - - - 0.35* - - - 0.19*

- - - (0.14) - - - (0.09)
N 1280 1280 1200 2480 1280 1280 1200 2480
R2 0.01 0.01 0.01 0.01 0.15 0.28 0.12 0.15

Notes: Each data point consists of the total social welfare achieved by a cohort in a given round and session. Thus N =
Number of sessions∗2(cohorts)∗40(rounds). Standard errors clustered at the session level.
† : Models (2a) and (2b) do not consider the NoInfo treatment, and take as baseline the Commit treatment to compare
it with the CommitBOT treatment.
‡ : Models (3a) and (3b) do not consider the NoInfo treatment, and take as baseline the NoCommit treatment to compare
it with the CommitBOT treatment.
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E.2.3 Practice Rounds We examine aggregate patterns in customers’ joining behavior and implied
welfare. Table 20 presents comparisons between average customer joining probabilities and relevant bench-
marks. Table 21 presents comparisons of average implied welfare between practice rounds and actual treat-
ments. Figure 32 shows plots of customer average joining behavior and implied welfare.

Table 20 T-Tests: Customer Joining Behavior vs. Theoretical Benchmarks in Study 2 Practice Rounds
Type Queue Length Avg Join Prob. Theory t(df) p-value Bootstrap p-value
High-need 0 0.981 1 t(7) = −3.00 0.010 0.004
High-need 1 0.976 1 t(7) = −2.70 0.015 0.003
High-need 2 0.968 1 t(7) = −2.82 0.013 0.008
High-need 3 0.937 1 t(7) = −3.44 0.005 0.006
Low-need 0 0.958 1 t(7) = −2.89 0.011 0.006
Low-need 1 0.953 1 t(7) = −3.98 0.003 0.006
Low-need 2 0.122 0 t(7) = 2.63 0.017 0.003
Low-need 3 0.053 0 t(7) = 3.16 0.008 0.003

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted
joining probabilities for each customer type, or based on benchmarks of interest. Alternative hypotheses are
set given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates

Table 21 T-Tests: Implied Social Welfare in Main Experiment vs. Practice Rounds in Study 2
Treatment Avg Welfare (Main vs. Practice) t(df) p-value Bootstrap p-value
CommitBOT vs. CommitBOT (Practice Rounds) 626.26 vs. 613.76 t(7) = −8.71 < 0.001 < 0.001
CommitBOT (Practice Rounds) vs. FullInfo Theory 613.76 vs. 620.50 t(7) = −3.98 0.002 < 0.001

Notes: We use session-level averages as the unit of analysis. Alternative hypotheses are set based on the expected direction of the treatment effect.
Bootstrap p-values computed using 9,999 replicates. Paired t-tests compare implied social welfare between main and practice rounds.

Figure 32 Customer Joining Behavior and Implied Social Welfare (Practice Rounds) in Study 2
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E.3 Study 3
E.3.1 Customer Choices We examine aggregate patterns in customers’ joining behavior. Table

22 presents comparisons between average low-need customer joining probabilities and relevant theoretical
benchmarks. Table 23 compares average joining probabilities for low-need customers between treatments.
Table 24 presents logistic regression results for low-need customers’ joining probabilities across treatments.
Finally, Figures 33–35 show average (across rounds) joining probabilities for low-need customers at the
individual participant level in each treatment.

Table 22 T-Tests: Low-Need Customer Joining Behavior vs. Theoretical Benchmarks in Study 3
Treatment Signal Threshold θ′ Avg Prob Theory/Benchmark t(df) p-value Bootstrap p-value

NoInfo – – 0.571 1 t(2) = −8.50 0.007 0.076
NoInfo – – 0.571 0.5 t(2) = 1.40 0.148 0.036
NoInfo – – 0.571 0 t(2) = 11.31 0.004 0.036
Commit Short Wait All 0.880 1 t(4) = −5.17 0.003 0.003
Commit Long Wait All 0.238 0 t(4) = 6.08 0.002 < 0.001
Commit Short Wait 1 0.910 1 t(4) = −3.83 0.009 0.106
Commit Short Wait 2 0.913 1 t(4) = −5.15 0.003 0.016
Commit Short Wait 3 0.910 1 t(4) = −4.33 0.006 0.010
Commit Short Wait 4 0.894 1 t(4) = −4.22 0.006 0.064
Commit Short Wait 5 0.849 1 t(3) = −2.80 0.034 0.004
Commit Short Wait 6 0.702 1 t(3) = −3.74 0.017 0.005
Commit Short Wait 7 0.458 1 t(2) = −4.91 0.019 0.036
Commit Short Wait 8 0.555 1 t(4) = −8.93 < 0.001 < 0.001
Commit Long Wait 0 0.481 1 t(4) = −11.49 < 0.001 < 0.001
Commit Long Wait 1 0.427 0.65 t(4) = −3.16 0.017 0.025
Commit Long Wait 2 0.285 0 t(4) = 10.22 < 0.001 0.008
Commit Long Wait 3 0.180 0 t(4) = 4.83 0.004 < 0.001
Commit Long Wait 4 0.128 0 t(4) = 2.32 0.040 0.014
Commit Long Wait 5 0.088 0 t(3) = 1.92 0.074 0.046
Commit Long Wait 6 0.057 0 t(3) = 2.12 0.062 0.068
Commit Long Wait 7 0.208 0 t(2) = 1.88 0.010 0.296

NoCommit Short Wait All 0.837 1 t(6) = −8.20 < 0.001 < 0.001
NoCommit Long Wait All 0.308 1 t(6) = −21.16 < 0.001 < 0.001
NoCommit Short Wait 1 0.841 1 t(6) = −4.93 0.001 0.005
NoCommit Short Wait 2 0.828 1 t(6) = −5.58 < 0.001 < 0.001
NoCommit Short Wait 3 0.875 1 t(6) = −3.79 0.004 0.001
NoCommit Short Wait 4 0.856 1 t(6) = −6.45 < 0.001 < 0.001
NoCommit Short Wait 5 0.803 1 t(6) = −9.00 < 0.001 < 0.001
NoCommit Short Wait 6 0.779 1 t(6) = −9.73 < 0.001 < 0.001
NoCommit Short Wait 7 0.718 1 t(5) = −9.00 < 0.001 0.001
NoCommit Short Wait 8 0.722 1 t(5) = −5.65 0.001 0.071
NoCommit Long Wait 0 0.403 1 t(6) = −21.15 < 0.001 < 0.001
NoCommit Long Wait 1 0.393 1 t(6) = −26.54 < 0.001 < 0.001
NoCommit Long Wait 2 0.325 1 t(6) = −27.22 < 0.001 < 0.001
NoCommit Long Wait 3 0.308 1 t(6) = −14.98 < 0.001 0.003
NoCommit Long Wait 4 0.230 1 t(6) = −19.22 < 0.001 < 0.001
NoCommit Long Wait 5 0.223 1 t(6) = −23.81 < 0.001 < 0.001
NoCommit Long Wait 6 0.249 1 t(6) = −10.44 < 0.001 0.002
NoCommit Long Wait 7 0.223 1 t(5) = −16.89 < 0.001 < 0.001

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted joining probabilities,
or based on benchmarks of interest. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values
computed using 9,999 replicates.



Rodriguez, Ibrahim, and Kremer: Credibility and Effectiveness of Information Design in Service Operations
Article submitted to ; manuscript no. (Please, provide the manuscript number!) 89

Table 23 T-Tests: Treatment Effects, Low-Need Customer Joining Behavior in Study 3
Comparison Signal Threshold Avg Prob t(df) p-value Bootstrap p-value Welch p-value Welch Bootstrap p-value
Commit vs NoInfo Short Wait All 0.880 vs 0.571 t(6) = 6.42 < 0.001 0.004 0.006 0.016
Commit vs NoInfo Long Wait All 0.238 vs 0.571 t(6) = -5.20 0.001 0.005 0.006 0.016
Commit vs NoInfo Short Wait 1 0.910 vs 0.571 t(6) = 7.03 < 0.001 0.003 0.005 0.008
Commit vs NoInfo Short Wait 2 0.913 vs 0.571 t(6) = 7.92 < 0.001 0.003 0.006 0.008
Commit vs NoInfo Short Wait 3 0.910 vs 0.571 t(6) = 7.37 < 0.001 0.003 0.006 0.023
Commit vs NoInfo Short Wait 4 0.894 vs 0.571 t(6) = 6.52 < 0.001 0.003 0.005 0.003
Commit vs NoInfo Short Wait 5 0.849 vs 0.571 t(5) = 3.67 0.007 NA 0.006 0.093
Commit vs NoInfo Short Wait 6 0.702 vs 0.571 t(5) = 1.27 0.130 0.124 0.113 0.182
Commit vs NoInfo Short Wait 7 0.458 vs 0.571 t(4) = -0.93 0.203 NA 0.213 0.174
Commit vs NoInfo Short Wait 8 0.555 vs 0.571 t(6) = -0.21 0.421 0.423 0.416 0.405
Commit vs NoInfo Long Wait 0 0.481 vs 0.571 t(6) = -1.26 0.126 0.126 0.122 0.079
Commit vs NoInfo Long Wait 1 0.427 vs 0.571 t(6) = -1.42 0.102 0.096 0.074 0.063
Commit vs NoInfo Long Wait 2 0.285 vs 0.571 t(6) = -5.44 < 0.001 0.004 0.006 0.015
Commit vs NoInfo Long Wait 3 0.180 vs 0.571 t(6) = -6.29 < 0.001 0.003 0.001 0.010
Commit vs NoInfo Long Wait 4 0.128 vs 0.571 t(6) = -5.35 < 0.001 0.005 < 0.001 0.014
Commit vs NoInfo Long Wait 5 0.088 vs 0.571 t(5) = -6.98 < 0.001 0.007 < 0.001 0.003
Commit vs NoInfo Long Wait 6 0.057 vs 0.571 t(5) = -9.96 < 0.001 0.006 0.001 0.003
Commit vs NoInfo Long Wait 7 0.208 vs 0.571 t(4) = -2.99 0.020 NA 0.032 0.038
NoCommit vs NoInfo Short Wait All 0.837 vs 0.571 t(8) = 6.09 < 0.001 0.001 0.011 0.023
NoCommit vs NoInfo Long Wait All 0.308 vs 0.571 t(8) = -4.39 0.001 0.004 0.006 0.012
NoCommit vs NoInfo Short Wait 1 0.841 vs 0.571 t(8) = 4.56 < 0.001 0.003 0.006 0.005
NoCommit vs NoInfo Short Wait 2 0.828 vs 0.571 t(8) = 4.49 0.001 0.004 0.007 0.051
NoCommit vs NoInfo Short Wait 3 0.875 vs 0.571 t(8) = 5.06 < 0.001 0.002 0.004 0.015
NoCommit vs NoInfo Short Wait 4 0.856 vs 0.571 t(8) = 6.18 < 0.001 0.002 0.008 0.023
NoCommit vs NoInfo Short Wait 5 0.803 vs 0.571 t(8) = 5.09 < 0.001 0.002 0.014 0.036
NoCommit vs NoInfo Short Wait 6 0.779 vs 0.571 t(8) = 4.46 0.001 0.004 0.018 0.036
NoCommit vs NoInfo Short Wait 7 0.718 vs 0.571 t(7) = 2.62 0.017 0.020 0.037 0.075
NoCommit vs NoInfo Short Wait 8 0.722 vs 0.571 t(7) = 1.93 0.048 0.036 0.039 0.029
NoCommit vs NoInfo Long Wait 0 0.403 vs 0.571 t(8) = -3.11 0.007 0.008 0.027 0.036
NoCommit vs NoInfo Long Wait 1 0.393 vs 0.571 t(8) = -3.77 0.003 0.004 0.016 0.021
NoCommit vs NoInfo Long Wait 2 0.325 vs 0.571 t(8) = -4.96 < 0.001 0.001 0.003 0.006
NoCommit vs NoInfo Long Wait 3 0.308 vs 0.571 t(8) = -3.32 0.005 0.010 0.005 0.015
NoCommit vs NoInfo Long Wait 4 0.230 vs 0.571 t(8) = -4.85 < 0.001 0.002 0.002 0.006
NoCommit vs NoInfo Long Wait 5 0.223 vs 0.571 t(8) = -5.81 < 0.001 0.002 0.003 0.006
NoCommit vs NoInfo Long Wait 6 0.249 vs 0.571 t(8) = -2.74 0.013 0.013 0.003 0.006
NoCommit vs NoInfo Long Wait 7 0.223 vs 0.571 t(7) = -4.62 0.001 0.003 0.002 0.002
Commit vs NoCommit Short Wait All 0.880 vs 0.837 t(10) = 1.41 0.093 0.090 0.095 0.103
Commit vs NoCommit Long Wait All 0.238 vs 0.308 t(10) = −1.38 0.099 0.097 0.101 0.128
Commit vs NoCommit Short Wait 1 0.910 vs 0.841 t(10) = 1.60 0.070 0.072 0.056 0.051
Commit vs NoCommit Short Wait 2 0.913 vs 0.828 t(10) = 2.14 0.029 0.017 0.019 0.005
Commit vs NoCommit Short Wait 3 0.910 vs 0.875 t(10) = 0.812 0.218 0.230 0.195 0.168
Commit vs NoCommit Short Wait 4 0.894 vs 0.856 t(10) = 1.122 0.144 0.148 0.143 0.118
Commit vs NoCommit Short Wait 5 0.849 vs 0.803 t(9) = 0.94 0.184 0.188 0.234 0.322
Commit vs NoCommit Short Wait 6 0.702 vs 0.779 t(9) = −1.18 0.133 0.146 0.205 0.137
Commit vs NoCommit Short Wait 7 0.458 vs 0.718 t(7) = −3.05 0.009 NA 0.067 0.036
Commit vs NoCommit Short Wait 8 0.555 vs 0.722 t(9) = −2.39 0.020 0.019 0.020 0.012
Commit vs NoCommit Long Wait 0 0.481 vs 0.403 t(10) = 1.55 0.076 0.080 0.093 0.172
Commit vs NoCommit Long Wait 1 0.427 vs 0.393 t(10) = 0.52 0.306 0.310 0.334 0.322
Commit vs NoCommit Long Wait 2 0.285 vs 0.325 t(10) = −1.06 0.157 0.163 0.156 0.135
Commit vs NoCommit Long Wait 3 0.180 vs 0.308 t(10) = −2.01 0.036 0.029 0.029 0.017
Commit vs NoCommit Long Wait 4 0.128 vs 0.230 t(10) = −1.54 0.078 0.070 0.087 0.133
Commit vs NoCommit Long Wait 5 0.088 vs 0.223 t(9) = −2.44 0.018 0.019 0.027 0.037
Commit vs NoCommit Long Wait 6 0.057 vs 0.249 t(9) = −1.92 0.043 0.029 0.020 0.016
Commit vs NoCommit Long Wait 7 0.208 vs 0.223 t(7) = −0.16 0.439 NA 0.452 0.431

Notes: We use session-level averages as the unit of analysis. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using
9,999 replicates.
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Table 24 Logistic Regressions: Customer Strategies in NoInfo, Commit, and NoCommit in Study 3
NoInfo Commit & NoCommit Commit & NoCommit
P(Join) P(Join|Short Wait) P(Join|Long Wait)

(1a) (1b) (2b) (3b) (1c) (2c) (3c)
(Intercept) 0.07 5.17*** 2.20** 4.07*** 0.35 -0.06 0.27

(0.51) (0.75) (0.63) (0.58) (0.27) (0.40) (0.38)
NoCommit - - - -1.29*** - - -0.29

- - - (0.27) - - (0.26)
Communicated Threshold - -0.44*** -0.14*** -0.42*** -0.49*** -0.19*** -0.49***

- (0.06) (0.02) (0.05) (0.08) (0.04) (0.07)
NoCommit * Communicated Threshold - - - 0.28*** - - 0.29***

- - - (0.05) - - (0.08)
Round -0.01*** 0.00 0.01** 0.00 0.00 0.00 0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01)
Gender.M 0.28 -0.88** -0.11 -0.39 -0.14 -0.14 -0.14

(0.35) (0.34) (0.38) (0.29) (0.16) (0.30) (0.20)
N 1920 2896 3704 6600 3096 4384 7480

Notes: Each data point represents the answer (Join/Not Join) by a Customer in a given round. Standard errors
clustered at the session level. We note that the number of observations in models (1b) - (3c) depends on the provider’s
selected thresholds. Specifically, when providers select a threshold equal to 0 or to Λ, there are only Long Wait or
Short Wait signals, respectively. Models (1b) and (1c) are restricted to the Commit treatment, and models (2b) and
(2c) are restricted to the NoCommit treatment.
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Figure 33 Low-need Customer Average Joining Probability Conditional on Signal by Participant (NoInfo in Study
3)
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Figure 34 Low-need Customer Average Joining Probability Conditional on Signal by Participant (Commit in
Study 3)
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Figure 35 Low-need Customer Average Joining Probability Conditional on Signal by Participant (NoCommit in Study 3)
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E.3.2 Provider Choices We examine aggregate patterns in providers’ threshold choices. Table 25
presents comparisons between average threshold selections and relevant theoretical benchmarks. Table 26
compares average threshold selections between treatments. Table 27 presents comparisons between provider
average lying behavior and relevant benchmarks for the case of NoCommit. Table 28 presents OLS regressions
regarding service providers’ lying behavior and social welfare. Figures 36 and 37 show provider threshold
distributions at the individual participant level in each signaling treatment.

Table 25 T-Tests: Provider Threshold Selections vs. Theoretical Benchmarks in Study 3
Treatment Threshold Type Avg Threshold Theory/Benchmark t(df) p-value Bootstrap p-value
Commit Implemented 2.98 2 t(4) = 3.99 0.008 0.069
Commit Implemented 2.98 4 t(4) = −4.20 0.006 < 0.001
NoCommit Implemented 2.46 2 t(6) = 1.11 0.154 0.169
NoCommit Implemented 2.46 4 t(6) = −3.72 0.005 0.002
NoCommit Communicated 3.16 2 t(6) = 3.81 0.004 0.250
NoCommit Communicated 3.16 4 t(6) = −2.74 0.017 0.001

Notes: We use session-level averages as the unit of analysis. Theoretical benchmarks are based on predicted values or based on
benchmarks of interest. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed
using 9,999 replicates.

Table 26 T-Tests: Treatment Effects, Provider Threshold Selections in Study 3
Comparison Threshold Type Avg Threshold t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
Commit vs NoCommit Implemented vs Implemented 2.98 vs 2.46 t(10) = 0.96 0.180 0.184 0.155 0.147
Commit vs NoCommit Implemented vs Communicated 2.98 vs 3.16 t(10) = −0.45 0.330 0.336 0.319 0.365
NoCommit Communicated vs Implemented (paired) 3.16 vs 2.46 t(6) = 2.69 0.018 0.017 – –

Notes: We use session-level averages as the unit of analysis. Alternative hypotheses are set given the direction of the observed effect. Paired comparisons used for within-treatment analyses.
Bootstrap p-values computed using 9,999 replicates.
Restricting to the second half of the data, the average selected threshold in Commit is 2.83. In comparison to the predicted equilibrium threshold of 2: t(4) = 5.00,p-value =
0.004,bootstrap t -test p-value = 0.074. For the case of NoCommit the average selected implemented threshold is 2.21, while the the average communicated threshold is 3.12. Comparing these
(paired tests): t(6) = 2.86,p-value = 0.014,bootstrap t -test p-value = 0.004.
We also conduct a two-sample Kolmogorov-Smirnov test between the distribution of thresholds in Commit and the distribution of implemented thresholds in NoCommit (D = 0.15, p-value
< 0.001). Also between the distribution of thresholds in Commit and the distribution of and communicated thresholds in NoCommit (D = 0.19, p-value < 0.001).

Table 27 T-Tests: Providers Lying Behavior (NoCommit) in Study 3
Sample Measure Avg Value Comparison Benchmark t(df) p-value Bootstrap p-value
All Cases Lie 0.70 0 t(6) = 2.70 0.018 0.015
All Cases Absolute Lie 1.52 0 t(6) = 7.40 < 0.001 < 0.001
Lie ̸= 0 Only Lie 1.42 0 t(6) = 2.88 0.014 0.020
Lie ̸= 0 Only Absolute Lie 2.96 0 t(6) = 9.41 < 0.001 < 0.001

Notes: The variable Lie is defined as Lie = θ′ − θ. Session-level averages are used as the unit of analysis. Alternative
hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.
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Table 28 OLS Regressions: Service Providers’ Lying Behavior in Study 3
Realized Social Welfare Implied Social Welfare

(1a) (2a) (3a) (1b) (2b) (3b)
(Intercept) 168.75*** 188.75*** 174.42*** 186.54*** 199.31*** 189.47***

(13.68) (17.17) (15.91) (8.46) (11.10) (9.18)
Lie 10.75*** - - 8.40*** - -

(1.12) - - (0.79) - -
|Lie| - 0.74 - - 2.40· -

- (2.12) - - (1.13) -
Lie.Type(θ′ > θ) - - 24.42* - - 23.97**

- - (7.94) - - (5.12)
Lie.Type(θ′ < θ) - - -53.57*** - - -27.45**

- - (7.74) - - (4.62)
Round 0.43 0.74· 0.41 0.25 0.48· 0.27

(0.33) (0.33) (0.29) (0.25) (0.24) (0.22)
Gender.M 5.99 -6.85 7.42 0.65 -8.92 -0.36

(5.01) (6.10) (6.56) (2.91) (4.63) (3.54)
N 560 560 560 560 560 560
R2 0.07 0.01 0.07 0.32 0.06 0.26

Notes: Each data point consists of the total social welfare achieved by a service provider
in a given round in the NoComit treatment. Standard errors clustered at the session level.
The variable Lie is defined as Lie = θ′ −θ, and Lie.Type(θ′ > θ), Lie.Type(θ′ < θ) represent
indicator variables. In models (3a) and (3b) the baseline for Lie.Type is Lie.Type(θ′ =
θ), such that the coefficients for Lie.Type(θ′ > θ) and Lie.Type(θ′ < θ) correspond to
differences when service providers lie in comparison to when they are honest.

Figure 36 Provider Threshold Distributions by Participant (Commit in Study 3)
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Figure 37 Provider Threshold Distributions by Participant (NoCommit in Study 3)
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E.3.3 Social Welfare We examine aggregate social welfare, both realized and implied. Table 29
presents comparisons between average welfare and relevant theoretical benchmarks. Table 30 compares aver-
age welfare between treatments. In the Commit treatment, we study the implied welfare conditional on some
provider thresholds θ′ of interest. Table 31 presents comparisons between average implied welfare in Commit

conditional on θ′ and benchmarks/treatments of interest. In the NoCommit treatment, we study the implied
social welfare conditional on a provider lying behavior: honest (θ′ = θ), overstate (θ′ > θ), and understate
(θ′ < θ). Table 32 presents comparisons between average implied welfare in NoCommit conditional on lying
behavior and treatments of interest. Table 33 presents OLS regressions regarding social welfare. Table 34
presents comparisons between average implied welfare and the FullInfo theoretical benchmark.

Table 29 T-Tests: Social Welfare vs. Theoretical Benchmarks in Study 3
Treatment Welfare Type Avg Welfare Theory t(df) p-value Bootstrap p-value
NoInfo Realized 172.33 40 t(2) = 20.20 0.001 0.034
NoInfo Implied 172.83 40 t(2) = 10.18 0.005 0.074
Commit Realized 199.37 250 t(4) = −14.09 < 0.001 < 0.001
Commit Implied 200.70 250 t(4) = −10.15 < 0.001 < 0.001
NoCommit Realized 194.61 40 t(6) = 28.10 < 0.001 < 0.001
NoCommit Implied 198.70 40 t(6) = 41.13 < 0.001 < 0.001

Notes: Session-level averages are used as the unit of analysis. Theoretical benchmarks are treatment-specific
predictions derived from equilibrium analysis. See Appendix C for the computation of “Implied” welfare.
Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using
9,999 replicates.

Table 30 T-Tests: Treatment Effects, Social Welfare in Study 3
Comparison Welfare Type Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Welch Bootstrap p-value
NoInfo vs. Commit Realized 172.33 vs. 199.37 t(6) = −3.99 0.003 0.006 0.016 0.019
NoInfo vs. NoCommit Realized 172.33 vs. 194.61 t(8) = −2.33 0.023 0.018 0.024 0.018
Commit vs. NoCommit Realized 199.37 vs. 194.61 t(10) = 0.65 0.263 0.253 0.243 0.249
NoInfo vs. Commit Implied 172.83 vs. 200.70 t(6) = −2.42 0.026 0.028 0.077 0.033
NoInfo vs. NoCommit Implied 172.83 vs. 198.70 t(8) = −2.61 0.015 0.016 0.089 0.036
Commit vs. NoCommit Implied 200.70 vs. 198.70 t(10) = 0.32 0.376 0.371 0.378 0.384
NoInfo vs. Commit Implied (2nd Half) 181.52 vs. 204.53 t(6) = −1.78 0.062 0.062 0.080 0.052
NoInfo vs. NoCommit Implied (2nd Half) 181.52 vs. 202.55 t(8) = −2.56 0.017 0.021 0.093 0.039
Commit vs. NoCommit Implied (2nd Half) 204.53 vs. 202.55 t(10) = −0.27 0.396 0.396 0.409 0.389

Notes: We use session-level averages as the unit of analysis. See Appendix C for the computation of “Implied” welfare. Alternative hypotheses are set given the direction
of the observed effect. Bootstrap p-values computed using 9,999 replicates. “2nd Half” refers to observations from the second half of each session.

Table 31 T-Tests: Treatment Effects, Implied Social Welfare by Thresholds θ′ of Interest (Commit) in Study 3
Comparison Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
Commit (θ′ = 0) vs. NoInfo 196.46 vs. 172.83 t(6) = 1.47 0.096 0.091 0.108 0.066
Commit (θ′ = 2) vs. NoInfo 207.66 vs. 172.83 t(6) = 2.97 0.012 0.013 0.050 0.035
Commit (θ′ = 8) vs. NoInfo 192.26 vs. 172.83 t(6) = 1.47 0.096 0.106 0.138 0.088
Commit (θ′ = 2) vs. 250 207.66 vs. 250 t(4) = −8.27 < 0.001 0.001 – –

Notes: We use session-level averages as the unit of analysis. See Appendix C for the computation of “Implied” welfare. Alternative hypotheses are set
given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.
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Table 32 T-Tests: Treatment Effects, Implied Social Welfare by Lying Behavior (NoCommit) in Study 3
Comparison Avg Welfare t(df) p-value Bootstrap p-value Welch p-value Bootstrap Welch p-value
NoCommit(Honest) vs. NoInfo 195.08 vs. 172.83 t(8) = 2.39 0.022 0.026 0.113 0.041
NoCommit(Honest) vs. Commit 195.08 vs. 207.66 t(10) = −1.01 0.168 0.162 0.182 0.171
NoCommit(Understate) vs. NoInfo 169.06 vs. 172.83 t(8) = −0.34 0.368 0.369 0.403 0.383
NoCommit(Understate) vs. Commit 169.06 vs. 207.66 t(10) = −4.52 < 0.001 < 0.001 < 0.001 0.001
NoCommit(Overstate) vs. NoInfo 218.91 vs. 172.83 t(8) = 4.70 < 0.001 0.002 0.031 0.035
NoCommit(Overstate) vs. Commit 218.91 vs. 207.66 t(10) = 3.02 0.006 0.010 0.008 0.016
NoCommit(Overstate) vs. 250 218.91 vs. 250 t(6) = −8.29 < 0.001 < 0.001 – –

Notes: Honest (θ′ = θ), overstate (θ′ > θ), and understate (θ′ < θ). We use session-level averages as the unit of analysis. See Appendix C for the computation of
“Implied” welfare. Alternative hypotheses are set given the direction of the observed effect. Bootstrap p-values computed using 9,999 replicates.

Table 33 OLS Regressions: Social Welfare in Study 3
Realized Social Welfare Implied Social Welfare

(1a) (2a) (3a)† (4a) (5a)‡ (1b) (2b) (3b)† (4b) (5b)‡

(Intercept) 146.46*** 146.46*** 179.23*** 146.46*** 146.46*** 157.80*** 157.80*** 188.40*** 157.80*** 157.80***
(9.56) (9.43) (10.65) (9.26) (9.27) (14.57) (14.36) (6.97) (14.10) (14.13)

Commit 35.60* - 2.83 35.60** 35.60** 33.81· - 3.20 33.81* 33.81*
(11.59) - (12.42) (11.22) (11.24) (14.96) - (7.72) (14.48) (14.51)

NoCommit - 32.77* - 32.77* - - 30.61· - 30.61· -
- (14.30) - (14.05) - - (15.99) - (15.71) -

Round 1.26** 1.26** 0.75* 1.26** 1.26** 0.73** 0.73** 0.50* 0.73*** 0.73***
(0.35) (0.35) (0.31) (0.34) (0.34) (0.16) (0.15) (0.20) (0.15) (0.15)

Commit∗Round -0.42 - 0.09 -0.42 -0.42 -0.29 - -0.06 -0.29 -0.29
(0.54) - (0.50) (0.52) (0.52) (0.31) - (0.33) (0.30) (0.30)

NoCommit∗Round - -0.51 - -0.51 - - -0.23 - -0.23 -
- (0.46) - (0.46) - - (0.26) - (0.25) -

NoCommit(Honest) - - - - 48.43** - - - - 33.27**
- - - - (16.21) - - - - (14.93)

NoCommit(Overstate) - - - - 60.55** - - - - 52.55**
- - - - (16.02) - - - - (17.39)

NoCommit(Understate) - - - - -27.26· - - - - 2.96
- - - - (12.87) - - - - (15.13)

NoCommit(Honest)∗Round - - - - -1.3· - - - - -0.57*
- - - - (0.67) - - - - (0.25)

NoCommit(Overstate)∗Round - - - - -0.73 - - - - -0.35
- - - - (0.52) - - - - (0.33)

NoCommit(Understate)∗Round - - - - 0.07 - - - - -0.43
- - - - (0.58) - - - - (0.29)

N 640 800 960 1200 1200 640 800 960 1200 1200
R2 0.04 0.02 0.01 0.02 0.06 0.16 0.11 0.03 0.11 0.21

Notes: Each data point consists of the total social welfare achieved by a cohort in a given round and session. Thus N = Number of
sessions∗2(cohorts)∗40(rounds). Standard errors clustered at the session level.
† : Models (3a) and (3b) do not consider the NoInfo treatment, and take as baseline the NoCommit treatment to compare it with the Commit treatment.
‡ : Models (5a) and (5b) consider the disaggregated NoCommit treatment: honest (θ′ = θ), overstate (θ′ > θ), and understate (θ′ < θ).

Table 34 T-Tests: Implied Social Welfare vs. FullInfo Theoretical Benchmark in Study 3
Treatment Avg Welfare Theory t(df) p-value Bootstrap p-value
NoInfo 172.83 199.6 t(2) = −2.05 0.088 0.035
Commit 200.70 199.6 t(4) = 0.23 0.416 0.426
Commit (θ = 2) 207.66 199.6 t(4) = 1.58 0.095 0.051
NoCommit 198.70 199.6 t(6) = −0.23 0.412 0.418
NoCommit(Honest) 195.08 199.6 t(6) = −1.41 0.104 0.105
NoCommit(Overstate) 218.91 199.6 t(6) = 5.15 0.001 0.009
NoCommit(Understate) 169.06 199.6 t(6) = −6.41 < 0.001 0.001

Notes: We use session-level averages as the unit of analysis. See Appendix C for the computation of
“Implied” welfare. Alternative hypotheses are set given the direction of the observed effect. Bootstrap
p-values computed using 9,999 replicates.

E.3.4 Practice Rounds In the practice rounds, low-need customers arriving at an unobservable join
with an average probability of 0.627. Compared with the theoretical prediction of 1: t(14) = −18.97,p-value <

0.001,bootstrap t-test p-value < 0.001. Moreover, compared with a flipping a coin behavior with joining
probability 0.5: t(14) = 6.492,p-value < 0.001,bootstrap t-test p-value < 0.001.
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F Post Experimental Survey
In all studies, at the end of the experiment, all participants respond to a survey relevant to their experiences
in the experiment. Participants answered with a number between 1 to 7 (where 1 represents strongly disagree,
3 neutral, and 7 strongly agree) to the following statements:

For customers:
• Q1: I was in good mood

• Q2: I felt in control of my outcomes

• Q3: The service provider and the customers shared the same objective

• Q4: I understood the service provider’s information strategy (Commit, CommitBOT, NoCommit)

• Q5: The service provider’s information strategy had an impact on my decisions (Commit, CommitBOT,
NoCommit)

• Q6: I trusted the communicated information strategy (Commit, CommitBOT, NoCommit)
For service providers:
• Q1: I was in good mood

• Q2: I felt in control of my outcomes

• Q3: The service provider and the customers shared the same objective

• Q4: I understood how the information strategy works (Commit, NoCommit)

• Q5: My information strategy had an impact on customers’ decisions (Commit, NoCommit)

• Q6: Customers trusted my communicated information strategy (Commit, NoCommit)

Tables 35 and 36 present session average results and t-tests for comparisons between treatments in Study
1, 2, and 3, respectively. Table 37 reports the t-test results for cross-study comparisons of post-experimental
survey responses, highlighting differences between similar treatment conditions across Studies 1, 2, and 3 for
both Customers and Service Providers.
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Table 35 Post Experimental Survey Responses in Study 1,2, and T-Tests in Study 1
(a) Average Survey Responses

Statement Customers Service Providers
NoInfo Commit NoCommit CommitBot (Study 2) NoInfo Commit NoCommit

Q1 5.72 5.22 4.91 5.34 5.12 5.38 5.29
Q2 4.67 4.86 5.04 4.73 2.81 4.69 5.14
Q3 4.72 5.25 4.66 4.44 5.12 5.31 6.21
Q4 - 4.97 4.73 5.14 - 5.62 5.57
Q5 - 5.30 4.82 5.20 - 5.38 6.07
Q6 - 4.62 4.23 4.97 - 4.81 5.71

(b) T-Tests (Study 1 only)
Statement Customers Service Providers

NoInfo vs. Commit NoInfo vs. NoCommit Commit vs. NoCommit NoInfo vs. Commit NoInfo vs. NoCommit Commit vs. NoCommit
Q1 t(14) = 2.84, p = 0.006 t(13) = 3.46, p = 0.002 t(13) = 1.32, p = 0.105 t(14) = -0.50, p = 0.311 t(13) = -0.32, p = 0.375 t(13) = 0.21, p = 0.418
Q2 t(14) = -0.92, p = 0.185 t(13) = -1.62, p = 0.064 t(13) = -0.82, p = 0.212 t(14) = -3.31, p = 0.003 t(13) = -4.29, p < 0.001 t(13) = -0.87, p = 0.200
Q3 t(14) = -2.4, p = 0.015 t(13) = 0.17, p = 0.430 t(13) = 1.76, p = 0.050 t(14) = -0.29, p = 0.387 t(13) = -2.30, p = 0.019 t(13) = -1.44, p = 0.086
Q4 - - t(13) = 0.71, p = 0.243 - - t(13) = 0.08, p = 0.467
Q5 - - t(13) = 1.36, p = 0.097 - - t(13) = -1.22, p = 0.120
Q6 - - t(13) = 1.35, p = 0.099 - - t(13) = -1.37, p = 0.096

Table 36 Post Experimental Survey Responses and T-Tests in Study 3
(a) Average Survey Responses

Statement Customers Service Providers
NoInfo Commit NoCommit NoInfo Commit NoCommit

Q1 4.69 4.45 4.54 4.83 4.20 4.07
Q2 3.10 3.38 3.22 2.33 3.60 3.21
Q3 3.21 3.55 3.43 3.33 3.10 3.86
Q4 - 4.39 3.94 - 4.10 5.00
Q5 - 5.65 4.41 - 4.60 4.64
Q6 - 3.98 3.28 - 2.60 4.14

(b) T-Tests
Statement Customers Service Providers

NoInfo vs. Commit NoInfo vs. NoCommit Commit vs. NoCommit NoInfo vs. Commit NoInfo vs. NoCommit Commit vs. NoCommit
Q1 t(6) = 2.37, p = 0.027 t(8) = 0.45, p = 0.329 t(10) = -0.38, p = 0.353 t(6) = 1.35, p = 0.112 t(8) = 1.23, p = 0.125 t(10) = 0.27, p = 0.396
Q2 t(6) = -0.62, p = 0.278 t(8) = -0.40, p = 0.347 t(10) = 0.47, p = 0.322 t(6) = -1.10, p = 0.156 t(8) = -1.23, p = 0.126 t(10) = 0.68, p = 0.253
Q3 t(6) = -0.84, p = 0.216 t(8) = -1.18, p = 0.136 t(10) = 0.45, p = 0.330 t(6) = 0.35, p = 0.367 t(8) = -0.81, p = 0.221 t(10) = -1.59, p = 0.071
Q4 - - t(10) = 2.46, p = 0.017 - - t(10) = -1.95, p = 0.040
Q5 - - t(10) = 3.25, p = 0.004 - - t(10) = -0.079, p = 0.469
Q6 - - t(10) = 1.91, p = 0.042 - - t(10) = -4.13, p = 0.001

Table 37 T-Tests: Cross-Study Comparisons of Post Experimental Survey Responses
Statement Customers Service Providers

NoInfo (S1 vs. S3) Commit (S1 vs. S2) Commit (S1 vs. S3) Commit (S2 vs. S3) NoCommit (S1 vs. S3) NoInfo (S1 vs. S3) Commit (S1 vs. S3) NoCommit (S1 vs. S3)
Q1 t(9) = 4.88, p < 0.001 t(14) = -0.55 , p = 0.291 t(11) = 4.53, p < 0.001 t(11) = 3.53, p = 0.002 t(12) = 1.28, p = 0.111 t(9) = 0.41, p = 0.343 t(11) = 2.64, p = 0.011 t(12) = 2.68, p = 0.010
Q2 t(9) = 5.55, p < 0.001 t(14) = 0.52, p = 0.307 t(11) = 5.09, p < 0.001 t(11) = 3.92, p = 0.001 t(12) = 7.73, p < 0.001 t(9) = 0.52, p = 0.307 t(11) = 1.57, p = 0.072 t(12) = 4.98, p < 0.001
Q3 t(9) = 5.64, p < 0.001 t(14) = 2.19, p = 0.022 t(11) = 5.53, p < 0.001 t(11) = 1.84, p = 0.046 t(12) = 3.84, p = 0.001 t(9) = 2.51, p = 0.017 t(11) = 3.06, p = 0.005 t(12) = 5.47, p < 0.001
Q4 - t(14) = -0.55, p = 0.296 t(11) = 1.77, p = 0.052 t(11) = 2.91, p = 0.007 t(12) = 3.17, p = 0.004 - t(11) = 2.25, p = 0.023 t(12) = 1.13, p = 0.140
Q5 - t(14) = 0.29, p = 0.386 t(11) = -1.25, p = 0.119 t(11) = -1.34, p = 0.103 t(12) = 0.97, p = 0.173 - t(11) = 1.12, p = 0.142 t(12) = 3.26, p = 0.003
Q6 - t(14) = -1.22, p = 0.120 t(11) = 1.92, p = 0.041 t(11) = 2.95, p = 0.006 t(12) = 3.07, p = 0.005 - t(11) = 3.36, p = 0.003 t(12) = 3.17, p = 0.003
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In here, we present a list of findings from the post-experimental survey:
• Evidence of increased conflict of interest in Study 3. Post-experimental survey results support the

notion that study 3 presents a more salient conflict of interest. Specifically, responses to item Q3, which
measures perceived conflict of interest, show a clear and statistically significant increase across studies:
participants in Study 1 reported the least conflict, followed by Study 2, with Study 3 showing the
highest perceived conflict. This upward trend held consistently across customers, providers, and all
treatment conditions (see Table 37). A similar pattern emerged for item Q6, which measures perceived
credibility in the communicated signaling policy. Credibility ratings were highest in Study 1 and 2,
and significantly lower in Study 3—for both customers evaluating providers’ credibility and providers
evaluating their own credibility—again consistently across treatments (see Table 37).

• Evidence of increased complexity in Study 3. Post-experimental survey results support the notion that
study 3 presents a more complex decision environment. Specifically, responses to item Q2, which mea-
sures perceived control over outcomes, show a clear and statistically significant pattern across studies.
Participants’ perceived control was highest in Study 1, remained largely unchanged in Study 2, and
was lowest in Study 3. This pattern held consistently across all treatments for customers, and was also
evident for the Commit and NoCommit treatments among service providers (see Table 37). Similarly,
responses to item Q4, which measures perceived comprehension difficulty (regarding signaling), show
a statistically significant pattern across studies. Among customers, perceived difficulty was lowest in
Study 1, remained largely unchanged in Study 2, and was highest in Study 3. This pattern held consis-
tently across all customer treatment conditions. Among service providers, a similar increasing pattern
in perceived difficulty was observed across studies, though it was only marginally significant (p ≈ 0.15)
in the NoCommit condition (see Table 37).

• Credibility effects. Post-experimental survey results support the idea that perceived credibility differs
depending on commitment power. Specifically, item Q6—which measures perceived credibility in the
communicated signaling—shows that for customers, the provider’s credibility is statistically higher
under the Commit condition than under NoCommit in both Study 1 (at the 10% significance level)
and Study 3. Interestingly, for providers, their own perceived credibility is statistically higher under the
NoCommit condition than under Commit in both Study 1 (at the 10% significance level) and Study 3
(see Tables 35 and 36).

• Influence effects. Post-experimental survey results support the idea that perceived decision influence
differs depending on commitment power. Specifically, item Q5—which measures perceived influence on
decisions—indicates that customers more strongly believed their decisions were influenced under the
Commit condition than under NoCommit in both Study 1 (at the 10% significance level) and Study 3
(see Tables 35 and 36).
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G Behavioral Structural Model: Quantal Response Equilibrium (QRE)
We let πi(ai,a−i) denote player i’s payoff from taking action ai over an action set Si when the rest of players
choose actions a−i over a vector of corresponding action sets S−i. In the QRE framework, players choose a
noisy best response by maximizing E[πi(ai,A−i)] + ϵi instead of E[πi(ai,A−i)], where ϵi is a noise term and
A−i represents a vector of random variables. By assuming that the ϵi terms are distributed i.i.d according
to a mean-zero Gumbel distribution with scale parameter, β > 0, and with CDF, Fi(zi) = e−e

− 1
βi

zi−γ

, where
γ ≈ 0.5772 is the Euler-Mascheroni constant, we obtain the following logit specification for choice probabilities
(McFadden 1981):

Pi(ai) = eE[πi(ai,A−i)]/βi∑
a′

i
∈Si

eE[πi(a′
i
,A−i)]/βi

. (3)

A QRE of the game represents a strategy profile where all players choose distributions over actions in a
consistent way, such that players have correct expectations and beliefs about the probability distributions
of others. In the above expression (3), βi captures player i’s level of bounded rationality (Chen et al. 2012,
Huang et al. 2013). This is because the parameter βi is proportional to the standard deviation of the noise
term ϵi (≈ 0.78βi): When βi → 0, player i chooses the payoff-maximizing alternative with certainty (i.e., the
theoretical prediction under full rationality). At the other extreme, when βi → ∞, player i lacks the ability
to make any rational judgement and thus randomizes over all alternatives with equal probabilities. In what
follows, for sake of parsimony, we use a common parameter β for every customer, and βm for the service
provider. For simplicity, we assume that high-need customers always join the system, and thus focus entirely
on low-need customer behavior. This is consistent with our experimental results in Study 1 and 2, and with
the experimental design in Study 3.

G.1 Estimation Procedure
G.1.1 NoInfo Treatment In this case, low-need customers join with probability:

φ(β) = e(rL−c(E[Q]+1))/β

e(rL−c(E[Q]+1))/β + eυL/β
. (4)

In this expression, customers compute the expected numbed of customers in the system E[Q] upon their
arrival, based on their beliefs about how others behave. In equilibrium, customers’ expectations and beliefs
are consistent with behavior. That is, the QRE of the game represents the solution of the fixed point problem
given by equation (4), denoted by φ∗(β). To compute the QRE, we first need to understand how to compute
customers’ expectations.

How to compute E[Q]. We can compute the expected number of customers that an arriving customer
encounters as follows:

E[Q] =
Λ−1∑
q=0

qP(q) =
Λ−1∑
q=0

q

Λ−1∑
w=0

P(q,w),

where q represents the current number of customers in queue, and w the remaining customers to arrive.
To compute the state probabilities P(q,w), we notice that states (q,w) can be reached only from states
(q − 1,w + 1) and (q,w + 1). For a given φ(β), if the system is in state (q − 1,w + 1), then the system
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transitions into state (q,w) with probability pH + (1 − pH)φ(β). On the other hand, if the system is in state
(q,w + 1), the system transitions into state (q,w) with probability (1 − pH)(1 − φ(β)). Based on this, we can
capture the queueing dynamics with the following recursive expression:

P(q,w) =P(q − 1,w + 1)(pH + (1 − pH)φ(β)) +P(q,w + 1)(1 − pH)(1 − φ(β)),

with boundary conditions P(0,Λ − 1) = 1/Λ, P(0,w) = P(0,w + 1)(1 − pH)(1 − φ(β)) for all w < Λ − 1, and
P(q,w) = P(q − 1,w + 1)(pH + (1 − pH)φ(β)) for all q > 0,w < Λ − 1 such that q + w = Λ − 1.

Estimation of Relevant Parameter. Recall that the QRE of the game is given by φ∗(β). Let f

denote the data set in this treatment, where we recall that in each round t ∈ {1, · · · , T} and for each cohort
c ∈ {1, · · · ,C}, such data set contains for each customer i ∈ {1, · · · ,Λ}, their strategy Aitc ≡ {aitc}, where
aitc ∈ {0,1} is such that 1 represents the Join action and 0 the Balk action. Based on this, the log-likehood
function is given by:

L(β|f) =
∑

i

∑
t

∑
c

(
aitclog(φ∗(β)) + (1 − aitc)log(1 − φ∗(β))

)
.

We compute the value β̂ that maximizes the above function L(β|f). That is, we compute the maximum-
likelihood estimate for the parameter β, based on our experimental data.

G.1.2 FullInfo Treatment In this case, low-need customers join with probability:

φ(q;β) = e(rL−c(q+1))/β

e(rL−c(q+1))/β + eυL/β
, for q = 0, · · · ,Λ − 1 (5)

In this expression, customers observe the number of customers in the system q upon their arrival. Since
customer decisions are based on the observed queue length, φ(q;β) directly characterizes the QRE of the
game, denoted by φ∗(q;β).

Estimation of Relevant Parameter. Let f denote the data set in this treatment, where we recall
that in each round t ∈ {1, · · · , T} and for each cohort c ∈ {1, · · · ,C}, such data set contains for each customer
i ∈ {1, · · · ,Λ}, their strategy Aitc ≡ {aitc(q) ∈ {0,1} ∀ q ∈ {0, · · · ,Λ − 1}}, where 1 represents the Join action
and 0 the Balk action. Based on this, the log-likehood function is given by:

L(β|f) =
∑

i

∑
t

∑
c

∑
q

(
aitc(q)log(φ∗(q;β)) + (1 − aitc(q))log(1 − φ∗(q;β))

)
.

G.1.3 Commit Treatment In this case, given an implemented threshold θ and a signal ς, low-need
customers join with probability:

φs(θ;β) = e(rL−c(E[Q|ς=s,θ]+1))/β

e(rL−c(E[Q|ς=s,θ]+1))/β + eυL/β
for θ = 1, · · · ,Λ, (6)

φl(θ;β) = e(rL−c(E[Q|ς=l,θ]+1))/β

e(rL−c(E[Q|ς=l,θ]+1))/β + eυL/β
for θ = 0, · · · ,Λ − 1. (7)

In these expressions, customers compute the expected numbed of customers in the system E[Q|ς, θ] upon
their arrival, based on the provider’s implemented threshold θ and their beliefs about how other customers
behave. Note that such expectation is not a function of the provider’s parameter βm (as in the case of
NoCommit below) since with commitment, we have a sequential game where customers react to a known
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realized implemented threshold θ. This is irrespective of the fact that the provider selects thresholds in a
noisy fashion. Formally, the service provider selects a probability distribution ϑ(θ;β,βm) over the choice of
the implemented threshold θ:

ϑ(θ;β,βm) = e(Ω(φs(θ;β),φl(θ;β),θ))/βm∑
θ e(Ω(φs(θ;β),φl(θ;β),θ))βm

for θ = 0, · · · ,Λ. (8)

Based on the above, in equilibrium, customers’ and the service provider’s expectations and beliefs are consis-
tent with customers’ and the service provider’s behavior. That is, the QRE of the game is given by the solution
of the system of equations (6) - (8), denoted by φ∗

s(θ;β) for θ ∈ {1, · · · ,Λ}, φ∗
l (θ;β) for θ ∈ {0, · · · ,Λ − 1}

and ϑ∗(θ;β,βm) for θ ∈ {0, · · · ,Λ}. In this case, given the sequential nature of the game that arises from
commitment, it is easy to see that we can first compute the customer equilibrium, φ∗

s(θ;β) and φ∗
l (θ;β), for

any given threshold θ. That is, the solution of the system of equations given by (6) and (7). Then, based on
such customer equilibrium, we can compute ϑ∗(θ;β,βm) by plugging the customer equilibrium directly in (8).
This follows since the social welfare Ω(·) does not depend on the probability ϑ(θ;β,βm), such that ϑ(θ;β,βm)
represents the equilibrium distribution ϑ∗(θ;β,βm). To compute the QRE, we first need to understand how
to compute customers’ expectations and the service provider’s expected social welfare.

How to compute E[Q|ς,θ]. For a fixed implemented threshold θ, we can compute the expected
number of customers as follows:

E[Q|ς, θ] =
Λ−1∑
q=0

qP(q|ς, θ) =
Λ−1∑
q=0

q
P(ς|q, θ)P(q|θ)

P(ς|θ)

=
Λ−1∑
q=0

q
(
∑Λ−1

w=0 P(ς|q,w, θ)P(w|q, θ))P(q|θ)
P(ς|θ)

=
Λ−1∑
q=0

q

∑Λ−1
w=0 P(ς|q,w, θ)P(q,w|θ)∑Λ−1

w=0
∑Λ−1

q=0 P(ς|q,w, θ)P(q,w|θ)
,

where q represents the current number of customers in queue, and w the remaining customers to arrive.
To compute the state probabilities P(q,w|θ), we need to consider the dynamics in the queue. Let P(ς =
s|q,w, θ) = σθ(q,w), and P(ς = l|q,w, θ) = 1 − σθ(q,w). First, notice that states (q,w) can be reached only
from states (q −1,w +1) and (q,w +1). For a given φs(θ), φl(θ) and θ, if the system is in state (q −1,w +1),
then the system transitions into state (q,w) with probability pH +(1−pH)(σθ(q −1,w +1)φs(θ)+(1−σθ(q −
1,w +1))φl(θ)). On the other hand, if the system is in state (q,w +1), then the system transitions into state
(q,w) with probability (1 − pH)(σθ(q − 1,w + 1)(1 − φs(θ)) + (1 − σθ(q − 1,w + 1))(1 − φl(θ))). Based on this,
we can capture the queueing dynamics with the following recursive expression:

P(q,w|θ) =P(q − 1,w + 1|θ)(pH + (1 − pH)(σθ(q − 1,w + 1)φs(θ) + (1 − σθ(q − 1,w + 1))φl(θ)))

+P(q,w + 1|θ)(1 − pH)(σθ(q − 1,w + 1)(1 − φs(θ)) + (1 − σθ(q − 1,w + 1))(1 − φl(θ))),

with boundary conditions P(0,Λ − 1|θ) = 1/Λ, P(0,w|θ) = P(0,w + 1|θ)(1 − pH)(σθ(0,w + 1)(1 − φs(θ)) +
(1 − σθ(0,w + 1))(1 − φl(θ))) for all w < Λ − 1, and P(q,w|θ) = P(q − 1,w + 1|θ)(pH + (1 − pH)(σθ(q − 1,w +
1)φs(θ)+(1−σθ(q −1,w+1))φl(θ))) for all q > 0,w < Λ−1 such that q +w = Λ−1. Note that given the fixed
threshold structure of the signaling mechanism we have that σθ(q,w) = σθ(q) for all w, and that σθ(q) = 1 if
q < θ and σθ(q) = 0 otherwise.
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How to compute Ω. To compute the service provider’s expected social welfare, we consider the value
function V (q,w|θ). For a given φs(θ), φl(θ) and θ, in state (q,w), the expected future utility V (q,w|θ) is
equal to the immediate expected utility, pH(rH − c(q + 1)) + (1 − pH)(rL − c(q + 1))(σθ(q,w)φs(θ) + (1 −

σθ(q,w))φl(θ)) + υL(1 − pH)(σθ(q,w)(1 − φs(θ)) + (1 − σθ(q,w))(1 − φl(θ))), plus the expected utility from
time w−1 onward, (pH +(1−pH)(σθ(q,w)φs(θ)+(1−σθ(q,w))φl(θ))V (q+1,w−1|θ)+(1−pH)((σθ(q,w)(1−

φs(θ)) + (1 − σθ(q,w))(1 − φl(θ))))V (q,w − 1|θ). It follows that:

V (q,w|θ) =pH(rH − c(q + 1)) + (1 − pH)(rL − c(q + 1))(σθ(q,w)φs(θ) + (1 − σθ(q,w))φl(θ))

+ υL(1 − pH)(σθ(q,w)(1 − φs(θ)) + (1 − σθ(q,w))(1 − φl(θ)))

+ (pH + (1 − pH)(σθ(q,w)φs(θ) + (1 − σθ(q,w))φl(θ))V (q + 1,w − 1|θ)

+ (1 − pH)((σθ(q,w)(1 − φs(θ)) + (1 − σθ(q,w))(1 − φl(θ))))V (q,w − 1|θ),

with boundary conditions V (q,0|θ) = pH(rH − c(q + 1)) + (1 − pH)(rL − c(q + 1))(σθ(q,0)φs(θ) + (1 −

σθ(q,0))φl(θ)) + υL(1 − pH)(σθ(q,0)(1 − φs(θ)) + (1 − σθ(q,0))(1 − φl(θ))) for all q. Notice that based on the
recursive nature of the value function V (q,w|θ), the expected social welfare in the system Ω(φs(θ),φl(θ), θ),
is given by V (0,Λ − 1|θ). As above, given the fixed threshold structure of the signaling mechanism we have
that σθ(q,w) = σθ(q) for all w, and that σθ(q) = 1 if q < θ and σθ(q) = 0 otherwise.

Estimation of Relevant Parameters. Recall that the QRE of the game is given by φ∗
s(θ;β) for

θ ∈ {1, · · · ,Λ}, φ∗
l (θ;β) for θ ∈ {0, · · · ,Λ − 1} and ϑ∗(θ;β,βm) for θ ∈ {0, · · · ,Λ}. Let f denote the data

set in this treatment, where we recall that in each round t ∈ {1, . . . , T} and for each cohort c ∈ {1, . . . ,C},
such data set contains the provider j’s implemented threshold θjtc. Moreover, the data set contains for each
customer i ∈ {1, · · · ,Λ}, their strategy Aitc ≡ {aitc(ς = s|θjtc), aitc(ς = l|θjtc)}, where aitc ∈ {0,1} is such that
1 represents the Join action and 0 the Balk action. Based on this, the log-likehood function is given by:

L(β,βm|f) =
∑

i

∑
t

∑
c

(
aitc(ς = s|θjtc)log(φ∗

s(θjtc;β)) + (1 − aitc(ς = s|θjtc))log(1 − φ∗
s(θjtc;β))

+ aitc(ς = l|θjtc)log(φ∗
l (θjtc;β)) + (1 − aitc(ς = l|θjtc))log(1 − φ∗

l (θjtc;β))
)

+
∑

j

∑
t

∑
c

(
log(ϑ∗(θjtc;β,βm))

)
.

We compute the values β̂, β̂m that maximize the above function L(β,βm|f). That is, we compute the
maximum-likelihood estimates for the parameters β,βm, based on our experimental data.

G.1.4 NoCommit Treatment In this case, given a communicated threshold θ′ and a signal ς,
low-need customers join with probability:

φs(θ′;β,βm, κ) = e(rL−c(E[Q|ς=s,θ′]+1))/β

e(rL−c(E[Q|ς=s,θ′]+1))/β + eυL/β
for θ′ = 0, · · · ,Λ, (9)

φl(θ′;β,βm, κ) = e(rL−c(E[Q|ς=l,θ′]+1))/β

e(rL−c(E[Q|ς=l,θ′]+1))/β + eυL/β
for θ′ = 0, · · · ,Λ. (10)

In these expressions, customers compute the expected numbed of customers in the system E[Q|ς, θ′] upon
their arrival, based on the provider’s communicated threshold θ′ and their beliefs about how other customers
behave. We note that such expectation depends on the providers parameters βm and κ (see below). The
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reason is that in this treatment, customers do not observe the implemented threshold θ directly. They can

only infer it from their beliefs about the service provider’s joint selection of thresholds. Because providers

have the possibility to lie (θ and θ′ need to be the same), consistent with the notion of preferences for

truth-telling in the behavioral economics literature (Rosenbaum et al. 2014, Abeler et al. 2019), we consider

the possibility that providers incur a psychological lying cost with lying aversion parameter κ, which is

proportional to the extent to which the provider misreports thresholds, κ|θ′ −θ| (Özer et al. 2011). Formally,

the service provider selects a joint probability distribution ϑ(θ, θ′;β,βm, κ) over the choice of the pair of

thresholds θ and θ′ (where we abuse notation by dropping the dependence of φl and φs on β, βm and κ):

ϑ(θ, θ′;β,βm, κ) = e(Ω(φs(θ′),φl(θ′),θ)−κ|θ′−θ|)/βm∑
θ

∑
θ′ e(Ω(φs(θ′),φl(θ′),θ)−κ|θ′−θ|)/βm

for θ = 0, · · · ,Λ and θ′ = 0, · · · ,Λ. (11)

Based on the above, in equilibrium, customers’ and the service provider’s expectations and beliefs are con-

sistent with customers’ and the service provider’s behavior. That is, the QRE of the game is given by the

solution of the system of equations (9) - (11), denoted by φ∗
s(θ′;β,βm, κ) for θ′ ∈ {0, · · · ,Λ}, φ∗

l (θ′;β,βm, κ)

for θ′ ∈ {0, · · · ,Λ} and ϑ∗(θ, θ′;β,βm, κ) for θ ∈ {0, · · · ,Λ} and θ′ ∈ {0, · · · ,Λ}. To compute the QRE, we

first need to understand how to compute customers’ expectations, beliefs and the service provider’s expected

social welfare.

How to compute E[Q|ς,θ′]. First, we note that for a fixed implemented threshold θ, we can compute

the expected number of customers as follows:

E[Q|ς, θ] =
Λ−1∑
q=0

qP(q|ς, θ) =
Λ−1∑
q=0

q
P(ς|q, θ)P(q|θ)

P(ς|θ)

=
Λ−1∑
q=0

q
(
∑Λ−1

w=0 P(ς|q,w, θ)P(w|q, θ))P(q|θ)
P(ς|θ)

=
Λ−1∑
q=0

q

∑Λ−1
w=0 P(ς|q,w, θ)P(q,w|θ)∑Λ−1

w=0
∑Λ−1

q=0 P(ς|q,w, θ)P(q,w|θ)
,

where q represents the current number of customers in queue, and w the remaining customers to arrive.

Now, since the communicated threshold θ′ is not necessarily the same that generates the signals, customers

can only infer the implemented threshold θ. It follows that:

E[Q|ς, θ′] =E
[
E[Q|ς, θ]|θ′] =

Λ∑
θ=0

E[Q|ς, θ, θ′]P(θ|θ′, ς) =
Λ∑

θ=0

E[Q|ς, θ, θ′]P(θ|θ′, ς) =
Λ∑

θ=0

E[Q|ς, θ]P(θ|θ′),

where we note that Q is conditionally independent of θ′ given θ, and that P(θ|θ′, ς) = P(θ|θ′) since the

provider selects a static signaling policy. To compute the state probabilities P(q,w|θ, θ′), we need to consider

the dynamics in the queue. Let P(ς = s|q,w, θ) = σθ(q,w), and P(ς = l|q,w, θ) = 1 − σθ(q,w). First, notice

that states (q,w) can be reached only from states (q − 1,w + 1) and (q,w + 1). For a given φs(θ′), φl(θ′)

and θ, if the system is in state (q − 1,w + 1), then the system transitions into state (q,w) with probability

pH + (1 − pH)(σθ(q − 1,w + 1)φs(θ′) + (1 − σθ(q − 1,w + 1))φl(θ′)). On the other hand, if the system is in

state (q,w + 1), then the system transitions into state (q,w) with probability (1 − pH)(σθ(q − 1,w + 1)(1 −
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φs(θ′)) + (1 − σθ(q − 1,w + 1))(1 − φl(θ′))). Based on this, we can capture the queueing dynamics with the
following recursive expression:

P(q,w|θ, θ′) =P(q − 1,w + 1|θ, θ′)(pH + (1 − pH)(σθ(q − 1,w + 1)φs(θ′) + (1 − σθ(q − 1,w + 1))φl(θ′)))

+P(q,w + 1|θ, θ′)(1 − pH)(σθ(q − 1,w + 1)(1 − φs(θ′)) + (1 − σθ(q − 1,w + 1))(1 − φl(θ′))),

with boundary conditions P(0,Λ − 1|θ, θ′) = 1/Λ, P(0,w|θ, θ′) = P(0,w + 1|θ, θ′)(1 − pH)(σθ(0,w + 1)(1 −
φs(θ′)) + (1 − σθ(0,w + 1))(1 − φl(θ′))) for all w < Λ − 1, and P(q,w|θ, θ′) = P(q − 1,w + 1|θ, θ′)(pH + (1 −
pH)(σθ(q −1,w +1)φs(θ′)+(1−σθ(q −1,w +1))φl(θ′))) for all q > 0,w < Λ−1 such that q +w = Λ−1. Note
that given the fixed threshold structure of the signaling mechanism we have that σθ(q,w) = σθ(q) for all w,
and that σθ(q) = 1 if q < θ and σθ(q) = 0 otherwise.

How to compute P(θ|θ′) and Ω. To compute customers beliefs about the joint distribution of
the service provider P(θ|θ′) = ϑ(θ,θ′)

ϑ(θ′) = ϑ(θ,θ′)∑
θ

ϑ(θ,θ′)
, we consider the value function V (q,w|θ, θ′). For a given

φs(θ′), φl(θ′), θ′, and θ, in state (q,w), the expected future utility V (q,w|θ, θ′) is equal to the immediate
expected utility, pH(rH − c(q + 1)) + (1 − pH)(rL − c(q + 1))(σθ(q,w)φs(θ′) + (1 − σθ(q,w))φl(θ′)) + υL(1 −
pH)(σθ(q,w)(1 − φs(θ′)) + (1 − σθ(q,w))(1 − φl(θ′))), plus the expected utility from time w − 1 onward,
(pH +(1−pH)(σθ(q,w)φs(θ′)+(1−σθ(q,w))φl(θ′))V (q +1,w −1|θ, θ′)+(1−pH)((σθ(q,w)(1−φs(θ′))+(1−
σθ(q,w))(1 − φl(θ′))))V (q,w − 1|θ, θ′). It follows that:

V (q,w|θ, θ′) =pH(rH − c(q + 1)) + (1 − pH)(rL − c(q + 1))(σθ(q,w)φs(θ′) + (1 − σθ(q,w))φl(θ′))

+ υL(1 − pH)(σθ(q,w)(1 − φs(θ′)) + (1 − σθ(q,w))(1 − φl(θ′)))

+ (pH + (1 − pH)(σθ(q,w)φs(θ′) + (1 − σθ(q,w))φl(θ′))V (q + 1,w − 1|θ, θ′)

+ (1 − pH)((σθ(q,w)(1 − φs(θ′)) + (1 − σθ(q,w))(1 − φl(θ′))))V (q,w − 1|θ, θ′),

with boundary conditions V (q,0|θ, θ′) = pH(rH − c(q + 1)) + (1 − pH)(rL − c(q + 1))(σθ(q,0)φs(θ′) + (1 −
σθ(q,0))φl(θ′)) + υL(1 − pH)(σθ(q,0)(1 − φs(θ′)) + (1 − σθ(q,0))(1 − φl(θ′))) for all q. Notice that based
on the recursive nature of the value function V (q,w|θ, θ′), the expected social welfare in the system
Ω(φs(θ′),φl(θ′), θ), is given by V (0,Λ−1|θ, θ′). As above, given the fixed threshold structure of the signaling
mechanism we have that σθ(q,w) = σθ(q) for all w, and that σθ(q) = 1 if q < θ and σθ(q) = 0 otherwise.

Estimation of Relevant Parameters. Recall that the QRE of the game is given by φ∗
s(θ′;β,βm, κ)

for θ′ ∈ {0, · · · ,Λ}, φ∗
l (θ′;β,βm, κ) for θ′ ∈ {0, · · · ,Λ} and ϑ∗(θ, θ′;β,βm, κ) for θ ∈ {0, · · · ,Λ} and θ′ ∈

{0, · · · ,Λ}. Let f denote the data set in this treatment, where we recall that in each round t ∈ {1, . . . , T}
and for each cohort c ∈ {1, . . . ,C}, such data set contains the provider j’s implemented threshold θjtc and
communicated threshold θ′

jtc. Moreover, the data set contains for each customer i ∈ {1, · · · ,Λ}, their strategy
Aitc ≡ {aitc(ς = s|θ′

jtc), aitc(ς = l|θ′
jtc)}, where aitc ∈ {0,1} is such that 1 represents the Join action and 0 the

Balk action. Based on this, the log-likehood function is given by:

L(β,βm, κ|f) =
∑

i

∑
t

∑
c

(
aitc(ς = s|θ′

jtc)log(φ∗
s(θ′

jtc;β,βm, κ)) + (1 − aitc(ς = s|θ′
jtc))log(1 − φ∗

s(θ′
jtc;β,βm, κ))

+ aitc(ς = l|θ′
jtc)log(φ∗

l (θ′
jtc;β,βm, κ)) + (1 − aitc(ς = l|θ′

jtc))log(1 − φ∗
l (θ′

jtc;β,βm, κ))
)

+
∑

j

∑
t

∑
c

(
log(ϑ∗(θjtc, θ

′
jtc;β,βm, κ))

)
.

We compute the values β̂, β̂m, κ̂ that maximize the above function L(β,βm, κ|f). That is, we compute the
maximum-likelihood estimates for the parameters β,βm, κ, based on our experimental data.
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G.2 Results
For each treatment, we estimate the set of relevant parameters, β,βm, κ. The estimated QRE models are
presented in Tables 38 and 39. These tables include nested versions that impose certain constraints on the set
of relevant parameters. Specifically, we estimate models with β = βm to assess whether role-specific “decision
noise” adds value for Commit and NoCommit. In the same spirit, we estimate κ = 0 to assess the added
explanatory power of the lying aversion term in NoCommit. Based on a series of log-likelihood ratio tests,
for both communication treatments, the unconstrained models provide the best fit for our data. Figures 38
and 39 present customer and provider’s choice predictions under these full models. We discuss the results
from these models next.

Table 38 QRE Estimation Results (standard errors in parentheses) in Study 1 and 2
NoInfo FullInfo (Study 1) FullInfo (Study 2) Commit CommitBOT (Study 2) NoCommit
(1) Full (2) Full (3) Full (4a) β = βm (4b) Full (5) Full (6a) β = βm, κ = 0 (6b) β = βm (6c) κ = 0 (6d) Full

β̂ 226.59∗(183.40) 21∗∗∗(0.45) 17.20∗∗∗(0.64) 16.74∗∗∗(0.04) 15.76∗∗∗(0.06) 14.68∗∗∗(0.07) 26.71∗∗∗(0.53) 18.22∗∗∗(0.34) 17.27∗∗∗(0.54) 15.63∗∗∗(0.44)
β̂m - - - - 37.93∗∗∗(10.73) – - - 115.47∗∗∗(20.72) 60.88∗∗∗(8.92)
κ̂ - - - - - - - 13.72∗∗∗(0.05) - 41.10∗∗∗(6.23)

Obs. [Customers/Providers] 2560/- 1840/- 640/- 2560/640 – 2240/560
Log-Likelihood -1773.70 -2460.01 -708.09 -2304.30 -2295.27 -1561.55 -3849.9 -3167.77 -3723.45 -3078.12

LL-ratio test (vs. Full ) - - - χ2(1) = 18.06∗∗∗ - - χ2(2) = 1543.57∗∗∗ χ2(1) = 179.32∗∗∗ χ2(1) = 1290.66∗∗∗ -
Expected Welfare Ω 617.48 619.04 619.28 615.62 614.75 621.85 613.16 616.07 609.27 613.24

Table 39 QRE Estimation Results (standard errors in parentheses) in Study 3
NoInfo Commit NoCommit
(1) Full (2a) β = βm (2b) Full (3a) β = βm, κ = 0 (3b) β = βm (3c) κ = 0 (3d) Full

β̂ 91.25∗∗∗(16.65) 36.80∗∗∗(0.07) 39.38∗∗∗(0.10) 66.64∗∗∗(1.07) 62.63∗∗∗(1.17) 52.63∗∗∗(1.42) 57.59∗∗∗(1.44)
β̂m - - 13.67∗∗∗(1.05) - - 197.12∗∗∗(32.25) 113.18∗∗∗(16.99)
κ̂ - - - - 28.28∗∗∗(1.44) - 44.21∗∗∗(6.03)

Obs. [Customers/Providers] 1,920/- 3,200/400 4,480/560
Log-Likelihood -1,311.51 -3,417.96 -3,380.37 -7,294.67 -7,064.32 -7,246.51 -7,052.61

LL-ratio test (vs. Full ) - χ2(1) = 75.17∗∗∗ - χ2(2) = 484.11∗∗∗ χ2(1) = 23.41∗∗∗ χ2(1) = 387.78∗∗∗ -
Expected Welfare Ω 176.95 174.99 179.44 175.04 176.24 168.09 174.19

The estimated QRE models yield a strong quantitative and qualitative fit to the experimental data, cap-
turing key patterns of behavior across treatments and studies. In both Study 1 and Study 3 (see Tables 38
and 39), we find that the estimated bounded rationality parameters β̂ and β̂m are consistently higher under
the NoCommit treatment relative to Commit, suggesting greater decision noise in the NoCommit environ-
ment. This is consistent with the interpretation that NoCommit introduces additional strategic complexity,
due to the possibility of non-binding and potentially deceptive communication, which QRE captures via
increased stochasticity in players’ responses.

Interestingly, the highest β̂ values are observed in the NoInfo condition, where customers receive no signals.
In this setting, joining decisions appear close to uniform. This suggests that the absence of information
represents a highly complex decision environment for customers. This points to the fact that any type of
information - even non-binding information - can significantly reduce complexity and guide behavior, as
evidenced by the lower β̂ values in the signaling treatments. At the opposite end, the lowest β̂ is found in
CommitBOT, where provider thresholds are automatically generated (see Table 38). This is intuitive since
such treatment effectively removes all the provider’s noise from the customers’ decision process.
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Beyond parameter estimates, the QRE model captures dynamic behavioral responses to changes in the
strategic environment. In both Commit and NoCommit, we observe that the probability of joining decreases
with the communicated threshold θ′ under short signals and long signals, consistent with shifts in expected
payoffs (Figures 38a, 38c, 39a, 39c). The QRE model replicates these trends, predicting directionally correct
comparative statics in joining behavior as a function of θ′, conditional on signal.

Furthermore, the attenuated sensitivity of joining behavior to θ′ in the NoCommit condition is well-
explained by QRE (see Figures 38c and 39c). Under this treatment, due to the possibility of misrepresentation
by providers, customers cannot fully infer the true threshold θ from θ′. However, there is partial informative-
ness because a positive lying cost estimated parameter κ̂ > 0, penalizes message-deviation and endogenously
limits strategic deception. This partial informativeness flattens the expected payoff gradients, reducing the
responsiveness of the quantal response. We find that introducing a lying cost in the QRE model is sufficient to
account for this behavior, generating both non-uniform reporting among providers and meaningful inference
by customers.

The QRE predictions for provider threshold choices successfully recovers a unimodal distribution of
selected thresholds across treatments, with predicted modes closely matching empirical modes (Figures 38b,
38d, 39b, 39d). Overall, these results indicate that QRE provides a coherent, behaviorally grounded frame-
work that jointly explains both customer and provider behavior across varying informational and strategic
contexts.

Finally, we note that the QRE framework captures the observed deviations in social welfare from the the-
oretical predictions. These deviations are shaped by bounded rationality: as the level of bounded rationality
increases, the welfare differences across treatments shrink (see Figure 40). Specifically, in the case of the
NoInfo treatment, such deviations are welfare-enhancing, while for the rest treatments bounded rationality
reduces welfare. As a result, the theoretically predicted welfare gains from information provision are sub-
stantially dampened under increased bounded rationality. Indeed, as shown in Tables 38 and 39, the welfare
improvements from communication-based treatments are minimal, if present at all.

That said, we offer a note of caution: the QRE-based welfare predictions are slightly biased in Commit,
CommitBOT and NoCommit treatments, as the model tends to over-predict the joining rates of customers (in
such treatments) relative to what is observed in the data. Additionally, the predicted distributions of provider
choices are smoother than the empirical ones (see Figures 38 and 39). As a consequence, the estimated QRE
presents an implied social welfare in Commit, CommitBOT and NoCommit treatments that is lower than
what is observed empirically. This also means that the welfare improvements from communication-based
treatments under QRE in Tables 38 and 39 are conservative.
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Figure 38 Observations vs. QRE Predictions in Study 1,2 (Full Models from Table 38)
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Note: In NoInfo, the observed joining probability is P(Join) = 0.512; under estimated QRE, the prediction

is the same. In CommitBOT (Study 2), the observed joining probabilities are P(Join | short) = 0.977 and

P(Join | long) = 0.171; predicted probabilities under QRE are P(Join | short) = 0.993 and P(Join | long) =

0.276.
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Figure 39 Observations vs. QRE Predictions in Study 3 (Full Models from Table 39)

0 1 θ∗ 3 q∗ 5 6 7 Λ
0
.2
.4
.6
.8
1

Threshold θ′

P(
Jo

in
|ς

)
Observed ς = short QRE ς = short
Observed ς = long QRE ς = long

(a) Commit: Customers

0 1 θ∗ 3 q∗ 5 6 7 Λ
0
.1
.2
.3
.4
.5

Threshold θ′

PM
F

Observed QRE

(b) Commit: Providers

0 1 θ∗ 3 q∗ 5 6 7 Λ
0
.2
.4
.6
.8
1

Threshold θ′

P(
Jo

in
|ς

)

Observed ς = short QRE ς = short
Observed ς = long QRE ς = long

(c) NoCommit: Customers

0 1 θ∗ 3 q∗ 5 6 7 Λ
0
.1
.2
.3
.4
.5

Threshold

PM
F

Observed θ Observed θ′

QRE θ QRE θ′

(d) NoCommit: Providers

Note: In NoInfo, the observed joining probability is P(Join) = 0.571; under estimated QRE, the prediction

is the same.
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Figure 40 Comparative Statistcs: Implied Social Welfare and QRE Parameters
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(a) Study 1: Provider βm → 0 (Commit);
βm → 0, κ = 0 (NoCommit)

0 20 40 60 80 100
570

580

590

600

610

620

630

640
Commit: Theory

NoInfo & NoCommit: Theory

Customer β

Im
pl

ie
d

So
ci

al
W

el
fa

re
Ω

NoInfo Commit NoCommit

(b) Study 1: Provider βm = 37.93 (Commit);
βm = 60.88, κ = 41.10 (NoCommit)
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(c) Study 3: Provider βm → 0 (Commit);
βm → 0, κ = 0 (NoCommit)
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(d) Study 3: Provider βm = 13.67 (Commit);
βm = 113.18, κ = 44.21 (NoCommit)
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