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Queues where people misreport their private information to access service faster are everywhere. Motivated by
the prevalence of such behaviour in practice, we construct a queueing-game-theoretic model where customers
make strategic claims to reduce their waiting time, and the Manager decides on the static scheduling policy
based on those claims to minimize the expected delay cost in the system. We develop a lying aversion model
where customers incur both delay and lying costs. We run controlled experiments to validate our modelling
assumptions regarding customer misreporting behaviour. In particular, we find that people do incur lying
costs, and that their misreporting behaviour does not depend on changes in waiting times, but rather on the
scheduling parameters. Based on the validated lying aversion model, we study the equilibrium that arises
in our game. We find that under certain conditions, the optimal policy is to use an honor policy where
service priority is given according to customer claims. We also find that it may be optimal to incentivize
more honesty by means of an upgrading policy where some customers who claim to not deserve priority are

upgraded to the priority queue. We find that the upgrading policy deviates from the celebrated cu rule.
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1. Introduction

Queuing systems where people make dishonest claims in order to access service faster are every-
where. For example, in telephone triage systems, it is known that patients routinely exaggerate
symptoms to get a doctor’s appointment sooner (Kirton et al.[|2020) or an ambulance faster (Jones
2020). In the United Kingdom, there have been reports of people lying about their symptoms (BBC
2020a)) or their employment status (BBC|2020b) in order to receive COVID-19 tests faster at home.

In this case, it was possible for people to be dishonest with impunity because the online booking
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system was explicit on its reliance on public honesty rather than employment checks (Weaver and
Proctor||2020). This is similar to the honor policy used for the scheduling of COVID vaccinations
in some countries; e.g., in the United States (NPR/|2021a)), where claims of eligibility are not ver-
ified since requiring additional checks would add barriers to access, and is therefore undesirable
or logistically difficult to enforce (NPR|2021b). While some systems rely on unverifiable customer
claims to schedule services (despite knowing that misreporting is prevalent), other systems opt
to not rely on customer claims at all, due to such dishonesty. For example, a chat-bot symptom
checker application was recently commissioned by the National Health Service (NHS) to aid in
booking general practitioner (GP) appointments for patients. This initiative was dropped, after
initial pilot trials, because patients admitted that they would exaggerate their symptoms (in the
text exchange with the chat-bot symptom-checker) in order to see the GP faster (Heather |2017)).

The above examples share similar characteristics. First, only customers know their private infor-
mation, which gives rise to a clear incentive to misreport in order to begin service faster. As claims
are not verified, it is difficult to punish or fine untruthful behaviour, which creates an opportu-
nity to misreport with complete impunity. Second, queues in those settings are unobservable, i.e.,
customers make claims without seeing the other customers waiting, or directly observing other cus-
tomers’ claims. This is because the service requests themselves are made either online or through
the phone. Third, those services typically involve a single (or rare) interaction with the queueing
system, so there is a strong degree of anonymity for customers. Thus, reputation concerns do not
play a role, and community enforcement of desirable behaviour, which may occur with physical
queues, is not possible (Allon and Hanany|2012)). Fourth, due to the nature of those settings, price
discrimination, which is a standard operational control used to induce truthful incentive-compatible
claims, is not possible. For example, healthcare services provided by the NHS are publicly funded
and cannot be individually priced. Similarly, due to access concerns and the social nature of those
systems, inspection and admission controls, which are also standard operational controls, may be
undesirable. For example, during the COVID-19 pandemic in the United Kingdom, many supermar-

ket chains implemented a groceries delivery service where priority slots were reserved for vulnerable
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people who were not able to leave their homes (Kaidan|2020)). For this service, customer claims
were actually verified against a list of vulnerable people provided by the government. However,
recent reports have found that because of “poor data”, it took too long to identify more than a
third of the 2.2 million vulnerable people who were struggling to gain access to food (Syal [2021)).
Finally, while there is evidence of customer untruthfulness, clearly it remains that not everyone
misreports. However, it is not clear what properties of the scheduling policy (i.e., the order in which
to serve customers) drive customer misreporting behaviour, if at all, or help to mitigate it.

In settings like the ones described above, managers aim to make efficient scheduling decisions
in order to minimize customer waiting, especially for those customers with the most urgent needs.
However, it is not clear how customers will strategically respond to different scheduling decisions
and, thus, how to use potentially false customer claims. Indeed, while the above examples share
the same set of properties and presumably a similar objective, in practice different scheduling
policies are observed, as illustrated above. This gives rise to our main research questions: (1) How
should service systems make scheduling decisions in settings where customers may potentially make
dishonest and unverifiable claims? (2) How does the misreporting behaviour of customers depend
on the scheduling policy? (3) Can the Manager incentivize more honest claims by relying on a
judicious scheduling policy?

To address those questions, we consider a priority queueing-game-theoretic model and run
controlled experiments to validate our modelling assumptions regarding customer misreporting
behaviour. In our game, the Manager’s information about true customer types (either high or
low) is based solely on customers’ own claims. At the beginning of the game, the Manager defines
and communicates a scheduling policy according to which customers will be served. We focus on
scheduling policies where customers are routed probabilistically, based on their claims, to either a
regular or to a priority queue. The Manager seeks to minimize the total expected delay cost in the
system. Based on the scheduling policy and the expected waiting times in the system, customers

decide on their individual claims. Customers have the incentive to misreport if doing so leads to a
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shorter expected waiting time. Finally, based on the scheduling policy and customer claims, cus-
tomers wait in a queue and eventually receive service. We study the equilibrium that arises in the
game and the optimal scheduling policy.

Contributions. To model misreporting behaviour in our game, we consider a lying aversion
model in which customers incur lying costs when they misreport. To validate the existence of lying
costs and to derive sensible modelling assumptions on customer misreporting behaviour, we run
controlled experiments where people can misreport their private information in order to wait less
in a virtual queue. In our experiment, we vary the waiting times and the scheduling parameters,
and estimate the impact of those changes on the misreporting probability. To the best of our
knowledge, we are the first to investigate misreporting behaviour when time is at stake, rather than
money. Moreover, in our queueing setting, customers are routed probabilistically based on their
claims, i.e., the outcomes are random. Studying the effect that uncertainty has on lying aversion is
a key contribution of our paper. Indeed, very few papers in the literature investigate how the lying
behaviour changes in uncertain environments and none of these papers consider a queueing setting
as we do here. Importantly, we provide experimental evidence that the majority of explainable
lying behaviour can be attributed to the scheduling parameters, rather than the waiting times
themselves.

Based on our experimentally-validated lying-aversion model, we theoretically study the equilib-
rium that arises in the game and the optimal scheduling policy. We find that, as long as there is
some level of honesty in the system, customer claims are informative in equilibrium. Thus, it is
always optimal for the Manager to rely, in some way, on customer claims in scheduling. This gives
support to our motivating examples above where customer claims are actively sought despite the
fact that misreporting is possible. In particular, we find that if customers’ lying behaviour is not
sensitive enough to changes in the scheduling parameters (in a sense to be made more precise later),
then the optimal scheduling policy, which arises at equilibrium, is to give priority to customers

based on their claims. This provides support to honor policies commonly observed in practice.
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Interestingly, we find that if lying behaviour is sensitive enough, then it is optimal to incentivize
more customer honesty by means of an upgrading policy where some truthful customers who claim
to not deserve priority, are randomly upgraded to a priority queue. Importantly, this upgrading
policy deviates from the celebrated cu rule, which prioritizes customers in decreasing order of their
cp index, where ¢ denotes the delay cost and p denotes the service rate. This is noteworthy because
the cp rule has been shown to be optimal with uncertain, yet exogenous, customer claims (Argon
and Ziya|2009|, Bren and Saghafian/[2019).

The remainder of the paper is structured as follows. In we review the relevant literature. In
§3l we describe the model primitives and our queueing game. In §4 we describe the Manager’s
problem. In we describe the customer’s problem and present a lying-aversion model. In we
present an experimental study to validate several assumptions of the lying-aversion model. In
we derive the equilibrium in the game and describe the optimal scheduling policy. Finally, in §8]

we draw conclusions.

2. Literature Review
This paper is related to four different streams of literature, which we describe below.

Queues with uncertain customer information. There is a rich queueing-theoretic literature which
studies scheduling decisions in priority queues where true customer types are perfectly known to
the Manager. In particular, the cu rule has been shown to be optimal for delay cost minimization
in various settings (Cox and Smith|/1991} Van Mieghem 1995). In practice, the true customer types
may not be perfectly known to the Manager. Van der Zee and Theil (1961) study how exogenous
misclassification errors affect optimal scheduling decisions in the system. |Argon and Ziyal (2009)
assume that the Manager receives a signal from each arriving customer, where the signal is the
probability that the customer is of a certain type. |Argon and Ziya (2009)) show that the Highest
Signal First (HSF) scheduling policy, which is consistent with the cu rule, yields the lowest long-run
average waiting cost among all finite-class priority policies. Bren and Saghafian (2019)) consider the

case in which the type of an arriving customer is known but the service rate for each type has to
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be dynamically learnt through a data-driven optimization approach. They also derive an optimal
scheduling policy that is similar to the HSF policy. [Singh et al.| (2022) assume that customer signals
are the output of a data-driven classifier, and propose an integrated approach where the classifier
and the prioritization policy are jointly optimized. In line with this stream of literature, we also
investigate scheduling decisions when customer true types are not known to the Manager. However,
unlike those papers, we focus on settings where customers have private information about their own
types, and where they strategically manipulate the signals (claims) that they send to the Manager.

Queues with strategic customers. There is a rich queueing-economics literature which focuses
on settings where customer information is private and where market mechanisms such as pricing
(Mendelson and Whang|1990,, |/Afeche and Mendelson![2004), auctions (Kittsteiner and Moldovanu
2005), or bribing (Kleinrock| 1967, |Lui|[1985) can be used to induce truthful reporting in the system;
see Hassin and Haviv| (2003)) for a survey. |Hu et al. (2021) investigate a setting where customers are
strategic in deciding whether to disclose personal information to the service provider. Similar to this
literature, we focus on modelling queues with strategic customers who are delay sensitive. However,
contrary to those papers which resort to money transfers in order to differentiate customers, we
study how lying aversion influences customers’ strategic behaviour, and show how the Manager
can differentiate between customers, to a certain extent, without the use of incentive-compatible
pricing/auction mechanisms. Indeed, we focus on settings where money transfers are not applicable,
and instead investigate how the scheduling policy helps to incentivize truthful reporting.

Several papers investigate how scheduling decisions affect strategic customer behaviour, as we
do here (Afeche| 2013, |Afeche and Pavlin| 2016} Yang et al. 2021} [Yang |2021). In particular, some
of these works find that giving partial priority, e.g., by means of reducing the gap between the
expected waiting times of the different priority classes, may be useful to induce desirable customer
behaviour. Our optimal scheduling policy is a partial priority policy as well. However, in our paper,
this partial priority must be reached through upgrading low claims (and not by other means of

manipulating the waiting times) because of customers’ preferences for truth-telling.
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Behavioural queues. Our work is broadly related to papers studying the behavioural foundations
of queueing systems; see |Allon and Kremer| (2018)) for background. [Shunko et al.| (2018)) study the
behavioural impact of queue design on worker productivity in service systems which involve human
servers. Buell (2021) identifies the negative effects of last-place aversion in queues. |Armony et al.
(2021)) develop a game-theoretic model to assess the performance of pooling when behavioural
servers choose their capacities strategically. Kim et al.| (2020) study admission decisions in queues
using behavioural models and controlled experiments. [Wang and Zhou (2018) study how the queue
configuration affects human servers’ service time in a field experiment. [Ulkii et al. (2020) investigate
the relationship between waiting time and subsequent purchase decisions. |[Luo et al. (2022) study
how customers in observable queues form their completion costs based on their position in line,
the number of people that have been served since they joined the line, and the service speed.
Althenayyan et al.| (2022) investigate how line-sitting and express lines affect customers’ satisfaction
and fairness perceptions.

While there is ample empirical evidence illustrating the important role of social norms and
preferences in queueing systems, |Allon and Hanany| (2012)) is, to the best of our knowledge, the
only work that investigates queueing intrusions with a formal mathematical model. In particular,
Allon and Hanany| (2012)) show that the common observation of “queue jumping” can be part
of social norms and can be explained on rational individual grounds. We depart from |Allon and
Hanany| (2012) in three fundamental ways. First, Allon and Hanany focus on service systems with
observable queues where the Manager is not involved in the way in which the queue is managed.
Thus customers, through community enforcement, regulate the queue. In contrast, we focus on
unobservable queueing systems where the Manager is in charge of controlling the queue, and
where customers do not see each other and are unable to prevent intrusions. Second, unlike |Allon
and Hanany| (2012), we model customer aversion to being untruthful and study its operational
implications. Third, our methodological approach is different, as we conduct controlled experiments

to shed light on the untruthful behaviour of customers in queues.
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Misreporting behaviour and lying costs. In recent years, a fast-growing literature across eco-
nomics, psychology, and sociology has begun to study how people misreport their private infor-
mation; see Rosenbaum et al.| (2014) for a survey and Abeler et al. (2019)) for a meta-analysis.
Overall, the literature strongly shows that people exhibit lying aversion (Abeler et al.|2019) as not
everyone misreports even under conditions of complete anonymity and impunity. In particular, the
experimental paradigm in Fischbacher and Follmi-Heusi (2013) is the most widely adopted in the
literature to investigate misreporting behaviour. In this paradigm, participants privately observe
the outcome of a random variable, report this outcome, and receive a monetary payoff proportional
to their report. Similarly, we adopt this experimental paradigm to study how participants misre-
port in a queueing setting. However, in contrast to this literature which uses money to incentivize
participants to misreport their private information, in our experimental investigation, people have
the incentive to misreport in order to shorten their waiting time in queue. Also, the literature has
almost exclusively focused on settings where outcomes are certain, and until recently the literature
has been largely silent on how lying costs extend to uncertain environments. In contrast, in our
experimental investigation, outcomes associated with lying or telling the truth may be uncertain
due to the scheduling policy. Similar to our work where outcomes are uncertain, |Celse et al. (2019)),
Dugar et al. (2019), [Steinel et al,| (2022) explore, under different risky environments, how lying
changes when its consequences are not certain and they do not consider a queueing setting. Con-
trary to this, we investigate how lying changes when the consequences of truth-telling (due to the
upgrading probability) are random. Finally, Ozer et al. (2011) also models lying costs, however,

their paper focuses on forecasting in supply chains, unlike our focus in this paper.

3. Model Primitives

We consider an M /M /1 queueing system where customers arrive according to a Poisson process
with rate A, and where service times are independent and identically distributed exponential ran-
dom variables with parameter 1/u. An arriving customer has type X, where X takes value H with

probability pg, and value L with probability p;, =1 — pg. Customers are delay sensitive, and a
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customer of type X =z has a per-time-unit waiting cost ¢,. We assume that cyg > ¢r. The traffic
intensity is p = A/u, and we assume that the system is stable, i.e., that p < 1.

At the beginning of the game, the Manager commits to and communicates a claim-based schedul-
ing policy according to which customers will be served. Customers have private information about
their type X and, upon arrival, make a claim Y =y € {H, L} about their type. Because the Man-
ager does not know the true customer types, and because the scheduling of customers depends
on their claims, customers may be untruthful in their claims, i.e., we may have X # Y. While
the Manager cannot observe individual customer types, he can correctly anticipate the customers’
aggregate claiming behaviour for a given scheduling policy. Finally, based on the scheduling policy
and on customer claims, customers wait in queue and, eventually, receive service. Waiting times
in the system depend on customer claims and on the scheduling policy, which must be chosen
optimally based on those claims. In turn, customer claims are, themselves, based on the scheduling
policy which is announced by the Manager a priori. That is, the dependence between waiting times,

customer claims, and the scheduling policy is endogenously determined.

4. The Manager’s Problem

The Manager commits to a scheduling policy according to which customers will be served. The
Manager’s objective is to minimize the expected waiting cost in the system. We investigate static
work-conserving two-class priority policies, where customers are assigned to a priority class with
expected waiting time W, (not including service time) based on their claims y € {H, L}.

To find the optimal scheduling policy, it is customary to use the operationally achievable method
(Coftman Jr and Mitrani|1980), which focuses on identifying the optimal waiting times, W, factor-
ing in customer decisions, while abstracting away from specific scheduling policies that induce those
waiting times. Once the optimal W, are identified, one can consider different policy implemen-
tations and calibrate the relevant parameters consistently. This implicitly assumes that customer
decisions are only driven by W,, irrespective of the actual scheduling policy implementation - a

reasonable assumption with rational customers.
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However, when behavioural factors are considered, as we do here, different scheduling policy
implementations may lead to different customer behaviours. That is, having the same expected
waiting times does not guarantee that customer behaviour will be the same in all policy imple-
mentations. In particular, misreporting behaviour has been found to be insensitive to changes in
the benefits associated with dishonesty, but highly conditional and susceptible to contextual fac-
tors (Rosenbaum et al.|2014, |Abeler et al.|2014)), e.g., factors that increase the salience of honesty
standards, factors that allow for moral justifications, or factors that allow for reactions and inter-
pretations to objective risk (Dugar et al.2019)). This is particularly relevant in our investigation of
optimal scheduling policies as different implementations may vary in their contextual factors. For
example, policies that schedule the service probabilistically based on customers’ decisions (Yang
et al.[|2021)) allow for different customer interpretations of objective risk, while policies that schedule
the service deterministically (Yang[2021)) do not. Based on this, to derive managerial prescriptions
that take into account customer behaviour, we focus on a specific class of scheduling policies.
4.1. Scheduling Policy Implementation
We consider the non-preemptive version of the a-policy (Yang et al.|2021), since preemptive policies
are difficult to implement in practice. Based on customer claims, the Manager assigns customers to
a queue K =k € {1,2} with expected waiting times W, (priority queue) and W, (regular queue).

These waiting times arise endogenously and are given by

A W,

Wi=—" and Wo= -1
P (=) =M

where \; is the rate of arrivals of customers who are assigned to the priority queue at equilibrium.
Customers are served in a first-come-first-served (FCFS) fashion within each queue, and customers
in the priority queue are given non-preemptive priority over customers in the regular queue. In
particular, based on customer claims, the a-policy assigns customers to the priority queue with
probabilities a, = P(K = 1|Y =y). That is, upon arrival, customers who claim H (L) are assigned

to the priority queue with probability ay (ar), and to the regular queue with probability 1 — ay
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(1 —ayg). Thus, the Manager’s problem is to select the routing probabilities oo = (g, cvr) in order
to minimize the total expected steady-state waiting cost in the system:

Min S Mwc Wi, (1)

ke{1,2} ze{H,L}
where ) ., is the equilibrium rate of arrivals of customers of true type = who are assigned to priority
queue k. The Manager cannot observe the true type x of each customer, but can determine A ,
based on the known equilibrium customer behaviour. Specifically, the arrival rate ) , is obtained
by conditioning on customer claims as follows for x € {H, L} and k € {1, 2}:
Meo=APX=z) Y PE=kX=2Y=yPY =y|X=2),
ye{H,L}

where P(K =k|X =z,Y =y) =P(K = k|Y =y) since the assignment of claims to priority queues
is independent of X = z, conditional on Y =y. Also, P(Y = y|X = x) captures a typical = type
customer’s equilibrium claiming behaviour. In we describe the customer claiming behaviour
and the optimal scheduling policy that arise in equilibrium.

We note that the a-policy is general in the sense that different parametrizations lead to concep-
tually different policies. For example, (g = 1, = 0) corresponds to a policy where customers
with H claims are given full pm’orityﬂ In general, (1> ayg > ar > 0) correspond to policies that
give partial priority to customers with H claims. For example, (1 > ag > az =0) corresponds to a
policy where customers with H claims are given partial priority by means of downgrading some H
claims to the regular queue. Also, (1 =ay > ar > 0) corresponds to a policy where customers with
H claims are given partial priority, albeit by means of upgrading some L claims to the priority
queue. Finally, (o =1, =1) corresponds to the FCFS policy. Note that, as above, we can also
let ap, > vy to give full or partial priority to customers with L claims.

L With the a-policy, expected waiting times based on claims are given by Wy = ayWi + (1 — ay)Ws. Formally,

customers who claim H are given full priority whenever Wy = and Wy < Wy. Also, customers who claim

D S
n(p—Xg)

H are given partial priority whenever Wy > and Wy < Wpr,. The same logic applies for L claims.

A
wlp—XAm)
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5. Customer Problem: A Lying Aversion Model

It is well established in the literature that when dishonesty is not sanctioned or remains anony-
mous, the decision of whether or not to lie poses a conflict between self-interest and self-concept
(Fischbacher and Follmi-Heusi|[2013, Rosenbaum et al. 2014} |Abeler et al. 2019)). That is, people
have an incentive to lie to obtain a material gain (e.g., reducing their waiting cost) but they, con-
currently, incur a lying cost because misreporting is intrinsically costly. To capture this tension, we
model the behavioural process which leads to individual customer claims as follows. A customer of
true type x € { H, L} makes a claim y € { H, L} to minimize a total expected cost equal to the sum

of the expected delay cost and the intrinsic lying cost:

Min c¢,W,+0l(z,y,0, W), (2)

ye{H,L}

where ¢, W, = ¢, (a, W1 + (1 — v, )W) is the expected waiting cost for customers of type # who claim
y and 04(z,y,a, W) is the expected lying cost of a misreporting customer, for @ = (g, vr) and
W = (W, W;). Because customers are delay sensitive, they have the incentive to misreport their
types if doing so leads to a shorter expected waiting time. However, a growing body of research has
consistently found that people present lying aversion (Gneezy et al.|2013): People often refrain from
misreporting their private information, even when they can do so anonymously and with complete
impunity (Rosenbaum et al. 2014). Such lying aversion coalesces from a myriad of idiosyncratic
factors such as moral or religious reasons, self-image concerns, or unwillingness to deviate from
socially-acceptable behaviour (Abeler et al.| 2014, Gibson et al.[2013]).

To model intrinsic lying costs, we assume that customers experience no lying cost when they
claim their true types, i.e., (z,y, @, W) =0 for y = z, and incur a non-negative lying cost whenever
they misreport, i.e., £(z,y,, W) >0 for y # x, where such lying cost is a function of (potentially)
the routing probabilities and waiting times. In §5.1) we present several sensible specifications for
the lying cost, based on the extant literature. Consistent with empirical research which suggests

that individuals exhibit heterogeneous lying costs (Gibson et al.|2013, |Rosenbaum et al.| 2014

Abeler et al.[2014} 2019), we assume that customers are endowed with a lying aversion, ©, which
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is random. Each customer draws a random variate, © =, which represents their individual lying
aversion, where 6 is independently drawn from a distribution ® with density ¢ over some interval
[0,6]. While individual @ values are private information to customers, we assume that the Manager
knows the distribution of ©. We assume that the lying aversion distribution is an increasing failure
rate (IFR) distribution: the failure rate of © is given by h(z) = ¢(z)/(1 — ®(z)), and the random
variable © is said to have an increasing failure rate if h(z) is weakly increasing in z for ®(z) < 1; see
Lariviere and Porteus| (2001)). We note that the assumption that the lying aversion © is IFR is not
restrictive because it captures many common distributions, e.g., uniform, exponential, half normal,
among others (Banciu and Mirchandani 2013). Also, the IFR assumption leads to a unimodal
Manager’s objective function and thus to a unique equilibrium in the game.

Finally, we emphasize that, as per our motivating examples in the introduction, we focus on
unobservable queueing settings, where there are no reputation concerns and where the service
involves an anonymous, one-shot, interaction with the Manager. Since the queue is unobservable,
customers do not see others making false claims and jumping the queue. We envision that, with
observable queues, directly observing the behaviour of others may shape a customer’s lying cost,
i.e., we may have reputation-based lying costsﬂ We defer the study of lying behaviour in observable
queueing setting to future research.

5.1. Sensible Lying-Cost Specifications
In the extant literature, there are two main approaches to model the intrinsic lying costﬂ: (1) A

fixed lying cost (DellaVigna et al. 2016, [Khalmetski and Sliwka|2019)), and (2) a lying cost which

2 For example [Dufwenberg and Dufwenberg| (2018) present a model where people derive disutility in proportion to
the amount by which they are perceived to misreport, even if they are actually honest. That is, in observable queues,

our assumption that ¢(x,y,a, W) =0 for y =z does not necessarily hold.

3 The other prominent classes of models found in literature that do not focus on intrinsic lying costs are: social norms
models, where lying costs depend on the perception of how others behave, e.g., |Abeler et al.| (2019); and reputation
models, where lying costs depend on what others think about the honesty of the individual, e.g.,|Gneezy et al.| (2018]),
Dufwenberg and Dufwenberg (2018), [Khalmetski and Sliwka/ (2019). See|Abeler et al.| (2019)) for a survey on variations
within each class: for example, the social norms class includes models based on conformity and inequality aversion;

and the reputation class includes models based on reputation for honesty and reputation for not being greedy.
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increases in the linear (or strictly convex) material benefit derived from misreporting (Duch et al.
2021} |Gneezy et al. 2018, Kartik|[2009). In our setting, a fixed lying cost would be ¢(z,y,a, W) =d
for y # x, where d is some constant. A lying cost which increases in the convex material benefit
derived from misreporting would be ¢(z,y,a, W) = (¢, (W, — W,)")", for r > 1. This expression
captures the material benefit as the difference between expected waiting costs given a claim. We
note that, in the operations management literature, Ozer et al. (2011)) propose a linear size of
the lie specification in terms of the extent to which information is misreported. Ultimately, our
objective is to identify to what extent the predictions under those sensible lying-cost specifications,
hold with human decision-makers.

5.2. Misreporting Behaviour

Individual customer types and lying costs are not observable, and only the aggregate misreporting
probability can be determined by the Manager. This is consistent with our motivating examples
where individual customer misreporting cannot be directly observed. In such settings, studying
how the misreporting probability depends on a given set of fized values for the waiting times
and routing probabilities, i.e., deriving the best-response misreporting probability function, allows
us to identify which lying-cost specification, from the ones introduced above, is most consistent
with experimental data. Thus, we will focus our experimental efforts here on investigating the
best-response misreporting probability function. This circumvents many experimental complexities
associated with studying queueing steady-state equilibria (Allon and Kremer|[2018).

Consider a tagged x type customer with lying aversion parameter 6’ who faces, upon arrival,
claim-based expected waiting times W, and routing probabilities c,. Based on , the expected
cost of that tagged customer is ¢, W, for a honest claim y =z and ¢, W, + 6'4(x,y, o, W) for a
dishonest claim y # z. That tagged customer selects the claim y which minimizes her expected cost.
First, we note that the tagged customer will never misreport if there is no incentive, specifically
when W, < W, for y # z, since ¢, W, < ¢, W, +0'4(z,y,a, W). For the case of no incentive where

W, =W, for y # x, it is possible that customers will be indifferent between claims and misreport
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with arbitrary probability in equilibrium. This happens when ¢(z,y,a, W) =0 for y # z, e.g., in
the material benefit specification above. We note that the misreporting behaviour in this particular
case is inconsequential since, for W, = W, the expected delay cost in the system is equivalent to
the one achieved under a FCFS scheme irrespective of the actual misreporting probability. Finally,
if there is an incentive to misreport, W, > W, for y # z, the tagged customer misreports whenever

her lying aversion parameter ¢’ is sufficiently smal]ﬁ

(W =W,)  colay, —a,)(Wy — W)
/< Y — Y .
P W)~ myeW) T YET

Since individual lying aversions, i.e., specific § values, are not observable, it follows that a typical

x type customer misreports with probability:

ooy — o) (Wo — W)
E('T;?y? a7W)

IP’(Y:y]X:x):<1>< ) for y#uz, (3)

where we recall that ® is the CDF of the lying aversion ©. The best-response misreporting proba-
bility is given by . This expression motivates our experimental design. In we run controlled
experiments to investigate how changes in pre-specified values for the waiting times and routing
probabilities affect the misreporting probability in . The misreporting probability is readily mea-
surable in a controlled experimental environment where subjects face an individual decision task.
Based on the aforementioned potential lying-cost specifications, i.e., fixed cost, linear cost in the
material benefit, and strictly convex cost in the material benefit, the best-response misreporting

probability is, respectively, given by:

[fixed| P(Y =yl X=2)=0 <C$(ay — amzl(WQ — Wl)) for y#uw, (4)
linear] P(Y =y|X =2)=®(1) for y#uz, (5)
1

[strictly convex] P(Y =y|X =z)= <I>< >,With r>1, for y#uxz. (6)

(Calory — ag)(Wo = Wh))r—!
Based on these expressions, to assess which lying-cost model, if any, is consistent with the data,
we experimentally investigate in §6{how changes in both Aa = o, — a, and AW =W, — W, affect

the probability to misreport.
4Recall that W, = o, W1 + (1 — ay)W> for y € {H, L}. Therefore, the difference in expected waiting times given a

claim is W, — Wy = (ay — ag)(Wa — W) for y # z.
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6. Experimental Investigation

In this section, we experimentally study the direction of changes in human decisions along the two
dimensions of the scheduling policy environment: The routing probabilities and the waiting times.
In particular, we study how changes in both Aa and AW affect the best-response misreporting
probabilities associated with subject decisions. This study is based on the well-known experimental
procedure proposed by [Fischbacher and Follmi-Heusi (2013]) to investigate the extent to which
people misreport their private information, hereafter referred to as the FFH paradigm. In the FFH
paradigm, participants privately observe the outcome of a random variable, e.g., the roll of a die.
They are then asked to report that outcome and, subsequently, receive a payoff depending on their
reported claims. While dishonesty cannot be verified at the individual participant level (because
the true outcome is unknown to the experimenter), one can make inferences about aggregate
participant lying behaviour, because the probability distribution of the random variable in the
experiment is known to the experimenter. Importantly, participants can misreport their privately
observed outcomes with absolute impunity and anonymity, making this design appropriate for
investigating intrinsic lying costs - it allows to mitigate the effect of other confounding factors, such
as reputation costs, negative externality towards others, perception by others, or fear of getting
caught. The FFH paradigm is the most widely adopted in the literature: it has been used in over
90 studies involving more than 44,000 subjects across 47 countries (Abeler et al. 2019). Finally,
several studies have found that the observed behaviour in the FFH paradigm represents a good
metric for honesty as it correlates strongly with real-life behaviour (Géachter and Schulz 2016} Dai
et al.[2018).

6.1. Experimental Procedure

To study intrinsic lying costs and to further mitigate confounding factors, such as reputation and
image concerns, we decide to run an online experiment. We conduct an online virtual queueing
experiment in Qualtrics, that represents a one-shot individual decision-making situation where

participants are told the waiting times in two queues and the routing probabilities to these two
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queues, depending on their claims. In other words, scheduling is in accordance with the a-policy.
We note that our decision to run a virtual queue experiment is in line with our motivating examples
where service requests are commonly made online. In our experiment, participants are randomly
assigned to one of nine different experimental conditions in a between-subject fashion (see Table
where we vary the differences in the routing probabilities, A«, and the waiting times between
queues, AW. Consistent with our unobservable queueing setting and motivating examples in the
introduction, participants cannot observe the dynamic state of the queue, i.e., the number of
participants in line, or the real-time behaviour of other participants. They only have information
about the waiting times in each queue and the routing probabilities.

Based on the FFH paradigm, participants are asked to privately roll a six-sided die and to
record the outcome on a piece of paper. To avoid potential confounding factors, participants are
instructed to roll a die at home or, alternatively, to use Google’s virtual didﬂ Indeed, as described
above, to study intrinsic lying costs it is important that the experimenters do not observe the die
rolls. After participants roll the die and write down the outcome on a piece of paper, they are
presented with the waiting times and routing probabilities according to their randomly assigned
condition. Participants are instructed that those who claim the number 5 will wait in the Short
queue with probability az, and those who claim any other number will wait in the Short queue
with probability a. We set ay > o in all experimental conditions, so that participants have the
incentive to claim the number 5 to reduce their expected waiting time. Before participants roll the
die and report any number, they are placed in a practice queue for 2 minutes. This ensures that
participants understand what it feels like to wait in the Short virtual queue (in all our experimental
conditions, the waiting time of the Short queue is 2 min). After participants report a number,
they are assigned to a queue based on the a-policy, wait in queue, and finally answer two simple
questions related to their experience in the queue, which concludes the experiment. Throughout

the experiment, there is no mention of lying, honesty, or any related concepts.

5 At the following link https://www.google.com/search?q=dice+roller.
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Table 1 Experimental conditions.

Condition Aa AW  ayg af W, Wy Sample

1 1 3min 1 0 bSmin 2min 226
2 1 8min 1 0 10min 2min 220
3 1 183min 1 0 15min 2min 217
4 0.5 3min 1 05 5Hmin 2min 222
5 0.5 8min 1 0.5 10min 2min 227
6 0.5 13min 1 0.5 15 min 2min 222
7 0.1 3min 1 09 5min 2min 220
8 0.1 8min 1 09 10min 2min 233
9 0.1 13min 1 09 15 min 2min 234

Participants and exclusions. We recruited participants from the Amazon Mechanical Turk
(MTurk) platform. Participants were instructed that they must wait in a virtual queue, then
answered a two-question survey in exchange for a 1 US dollar payment (the payment is indepen-
dent of the wait time in queue). Participants were informed that the experiment could take up
to 30 minutes. To ensure high-quality data, participants with at least 0.95 HIT approval ratio
(proportion of completed tasks) were recruited, and we incorporated reCAPTCHA directly in our
study. Participants were also asked, as part of the instructions for the experiment, several questions
related to the a-policy implementation. Participants were able to finish the instructions section
only if they typed the correct answers. We excluded participants that did not complete the exper-
iment. Moreover, while waiting in the virtual queue, and to ensure that participants experienced
the wait, they were asked to click a button that appeared every 60 seconds in order to move ahead
in the queue. The remaining waiting time for participants in a given queue stopped from elapsing
until they clicked that button. We recorded the time that participants took to click each button
and excluded participants that, on average, took longer than 30 seconds to click those buttons once

they appeared.
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We set the target sample size for the experiment and our analysis plans a prioriﬂ A total of
2,373 participants (44.33% female, mean age M,,. = 37.97, standard deviation SD,,. = 11.70)
were recruited. In our experiment we have a completion rate of 95%. From our original sample,
90% of participants took, on average, less than 30 seconds to click the buttons, and the mean and
median average click time was 14 seconds and 4 seconds, respectively. After exclusions, we are left
with a sample of 2,021 participants (45.47% female, mean age M,, = 38.23, standard deviation
SD,ge = 11.99). Results are unchanged by the aforementioned exclusions.

6.2. Hypotheses

The existence of intrinsic lying costs underpins our lying-aversion model. Indeed, without lying
costs as a behavioural extension in the customer problem , our queueing game becomes trivial:
We can clearly see that if ¢(x,y,a, W) =0 for y # x, then all customers misreport with probability
1. In other words, the existence of intrinsic lying costs is a necessary condition to retrieve any level
of honesty, given our experimental design which precludes any other type of lying-related costs.
This leads to our first hypothesis:

H1. The proportion of participants who misreport their private information in order to wait in
the Short queue is bounded away from 1.

Moreover, as described before, and motivated by the expressions for the misreporting proba-
bilities under the sensible lying-cost specifications in §5.2] we are interested in investigating the
effects of Aa and AW on misreporting. We see in that, with a fixed lying cost, misreporting
is predicted to increase in both the difference in routing probabilities, A«, and in the difference in
waiting times between queues, AW. Formally:

H2a. Increasing the difference in the waiting times between the two queues increases the pro-
portion of participants who misreport.

H3a. Increasing the difference in the routing probabilities increases the proportion of participants
who misreport.

6 The pre-registration document can be found at: https://aspredicted.org/blind.php?x=7u6ar3.
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In contrast, in , we see that with a lying cost that increases linearly in the material benefit,
changes in Aa and AW are predicted to not affect misreporting. Formally:

H2b. Changing the difference in the waiting times between the two queues does not have an
effect on the proportion of participants who misreport.

H3b. Changing the difference in the routing probabilities does not have an effect on the propor-
tion of participants who misreport.

Finally, in @, if the lying cost increases convexly in the material benefit for » > 1, then the
probability of misreporting is predicted to decrease in both Aa and AW. Formally:

H2c. Increasing the difference in the waiting times between the two queues decreases the pro-
portion of participants who misreport.

H3c. Increasing the difference in the routing probabilities decreases the proportion of participants
who misreport.
6.3. Experimental Results
We now describe our experimental results. In the FFH experimental design, since it is not possible
to observe individual die outcomes, predictions regarding the misreporting behaviour of partici-
pants are tested by conducting statistical analyses on participants’ reported outcomes; this is a
standard procedure, see e.g., Abeler et al. (2019)), |Fischbacher and Follmi-Heusi (2013). Indeed,
under the assumption that there is no down-reporting (i.e., participants lying to their disadvan-
tage), and since die outcomes are generated by a discrete uniform distribution in every experimental
condition, differences in reporting behaviour between conditions can be attributed to differences in
lying behaviour, and differences between the distribution of reports and the uniform distribution
represent evidence for lying (Fries and Parra 2021, |Fries et al. 2021). As a robustness check, in
Appendix we conduct a simulation analysis where we investigate the effect of the sampling
variation of the die outcome. Our simulation results show that for the sample sizes that we work
with in the present experiment, we can confidently conclude that differences in reporting behaviour

are indeed attributed to differences in lying behaviour, and not to sampling variation.
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In Figure|l] we plot the proportions of participants who reported the number 5 across all exper-
imental conditions. In Appendix we present corresponding proportions in Table 2] Recall that

participants have the incentive to report the number 5 to reduce their waiting time in the queue.

Figure 1 Proportions of participants who reported the number 5 across experimental conditions.
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Human misreporting behaviour demonstrates the existence of lying costs. We run exact binomial
tests for the proportion of participants who reported the number 5 in each condition compared
to the proportion that would have reported the number 5 under full honesty i.e., 1/6, (p-values
< 0.05). This means that participants misreported in all conditions, which can be readily seen in
Figure [, where the black horizontal dashed line represents the expected proportion of customers
who would have reported the number 5 under the assumption of full honesty. Any value above
the dashed line is based on untruthfulness, in expectation. Importantly, we find that participants
misreport little across all experimental conditions. It is clear from Figure [I] that the proportion of
participants who reported the number 5 is far from 1, i.e., the full-dishonesty black horizontal solid

line in the figure. Since the FFH paradigm focuses on intrinsic costs and, by design, controls for
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other confounding costs, any reluctance to lie can be attributed to intrinsic lying costs. This result
strongly supports the existence of lying costs, as per our model in , i.e., we find support for H1.

Impact of changes in waiting times. To test the effects of changes in waiting times, we run logistic
regressions for the probability to claim the number 5, where we control for age and gender (see
Table 13| in Appendix for details). We find that the coefficient for the difference in waiting
times is not significant and close to 0 in all of the regression specifications. This provides strong
evidence to support the claim that changes in waiting times affect very little (if at all) misreporting
behaviour. In Appendix[B.3] we present several non-parametric tests as robustness checks to further
support our conclusions. We note that this finding provides support to H2b, but not to H2a and
H2c. That is, this result is consistent with the prediction of the linear lying-cost model, but not
with the predictions of the fixed and strictly convex lying-cost models.

Impact of changes in the routing probabilities. In our logistic regressions, based on the Akaike
Information Criterion (AIC), we find that the most appropriate model specification among the
ones considered, is Model (2a) which includes an intercept, demographic covariates (insignificant in
our data), and the A« covariate (see Table [3|in Appendix . We observe that the coefficient for
Aq is significant and positive, indicating that the misreporting probability increases in A«. The
other specifications included the AW covariate, and the interaction term Aax AW. We note that
in Model (4a) the coefficient for the interaction term A« x AW is not significant and close to 0.
Since such interaction term represents the difference in expected waiting times between the priority
classes W, — Wy, this latter result provides support to our claim in §4 that customers deviate from
the rationality assumption where their decisions would be only driven by expected waiting times
W,. Overall, we find sufficient statistical evidence in our data to support the claim that changes
in A« affect misreporting behaviour. In Appendix we present several non-parametric tests as
robustness checks to further support our conclusions. We note that this finding provides support
to H3a, but not to H3b and H3c. That is, this result is consistent with the prediction of the fixed

lying-cost model, but not with the predictions of the linear and strictly convex lying-cost models.
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6.4. Modelling Implications

The results of our experimental study show that not everyone misreports, which strongly supports
the existence of lying costs, as per our model in . Moreover, the results indicate that the great
majority of explainable lying behaviour can be attributed to Ac, while only a very small portion (if
at all) can be attributed to the expected waiting times ATW. We note that none of the considered
sensible models in are consistent with both findings, i.e., their predictions for the best-response
misreporting probabilities do not exhibit the same directional patterns as our experimental results
along the two dimensions of the scheduling policy environment: the routing probabilities and the
waiting times. This indicates that we require to revise our assumptions to better capture the
direction of changes in the observed decisions in our data. To do so, we highlight the fact that the
considered lying-cost models above are based on the extant literature which has mainly focused
on settings where the consequences of the reporting behaviour are certain. In contrast, in our
queueing setting, due to the routing probabilities, the outcomes of both telling the truth and
misreporting may be uncertain. Importantly, we highlight that for our experimental conditions
1-3, where outcomes are certain (since ay =1 and «ay =0), the linear lying cost specification i.e.,
Uz, y, 0, W) = ¢, (W, — W,)T, is the only one which is consistent with our experimental results,
as it is the only one where changes in the waiting times do not affect misreporting. This finding is
consistent with the evidence in the literature that the average amount of lying does not change in
the difference in monetary payoffs, even when they are increased from a few cents to 50 USD, a
500-fold increase (Abeler et al.|2019).

We now propose a model which is consistent with our experimental data, i.e., which leads,
simultaneously, to a misreporting probability which is insensitive to the waiting times yet sensitive
to changes in the routing probabilities. In Appendix [F] we provide a numerical analysis where we
study the optimal policies that arise when the misreporting probability is indeed sensitive to waiting
times. This allows us to better understand the impact of capturing wait-time insensitivity. To

guarantee insensitivity to waiting times, it is sufficient to assume that the lying cost, ¢(x,y,a, W),
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is proportional to the material gain from lying, i.e., proportional to ¢, (W, —W,)*. This explanation
is commonly made in the literature (Kajackaite and Gneezy||2017)) to justify the insensitivity of the
misreporting probability to changes in the material incentives. As such, we ensure that the lying
cost balances out the incentive to misreport, so that indeed varying the difference in waiting times
does not affect the probability of misreporting.

To capture the dependence of the misreporting probability on the routing parameters, we allow
for the routing probabilities to affect the lying aversion, 6, directly. We note that this assump-
tion is informed by the literature which argues that the lying aversion of individuals is malleable
(Rosenbaum et al.[2014, |Abeler et al.|2014), and can be directly shaped by factors that affect the
gustifiability of the lie such as outcome uncertainty (Celse et al. 2019, [Dugar et al. 2019). This
latter point is important since outcome uncertainty in our setting stems from the usage of routing
probabilities for the scheduling of customers. In particular, a higher justifiability to lie creates a
sort of “psychological distance” from misreporting, which allows people to further relax their moral
standards (Dugar et al.|[2019)).

Based on the above, we assume that a customer of true type « € { H, L} makes a claim y € {H, L}
to minimize a total expected cost equal to the sum of the expected delay cost and the intrinsic
lying cost:

Min ¢, W, +0(c)c,(W, —W,)*, (7)

ye{H,L}
where (o) = 6 for customers without an incentive to lie (i.e., for whom W, < W, or, equivalently,
a, <a, for y #x), and §(a) =0/7(Aw) for customers with an incentive to lie (i.e., W, > W, or,
equivalently, o, > a, for y # x). In this case, the lying aversion 6 is shaped by a function 7(A«a) > 0.
Based on @ for y #x, asin a type = customer for which W, < W, never misreports. A type
customer for which W, =W, misreports with arbitrary probability in equilibrium. Finally, a type

x customer for which W, > W, misreports with probability:

P(Y =y|X =2)=0(7(Aw)) for y#uz, (8)
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where we recall that ® is the CDF of the lying aversion ©. Note that the expression in is
consistent with our experimental results where we saw that participant lying behavior is influenced

by changes in routing probabilities Ac, rather than in the waiting times.

6.4.1. Properties of 7(Aa). We make assumptions on 7(A«) to capture changes in the
misreporting probability which are consistent with our experimental data. In what follows we write
f'(t) and f”(t) to denote, respectively, the first and second derivative of a function f with respect

to its argument ¢.
ASSUMPTION 1. We assume that 7(Aa) satisfies 7/(Aa) >0 and 7(1) < 6.

The assumption, 7/(A«a) > 0, implies that the lying aversion decreases in Ac, which is consistent
with our experimental observation that misreporting increases in A« (see Table [3in Appendix
for details). This can be interpreted as follows. Lower (higher) values of A« provide less (more)
justification to misreport, such that customers experience a higher (lower) lying aversion. For
example, in our experimental study, we observed that in the conditions with a higher probability
to gain priority by means of truth-telling (i.e., which reduces Ac«), the misreporting prevalence
was indeed lower. In this case, people arguably have less justification to misreport since they are
presented with the chance to obtain priority without the need to misreport. The assumption,
T(1) < 6, ensures that not everyone misreports, which is consistent with our experimental results,
the extant literature, and our motivating examples. To see this, recall that @ represents the upper
bound of the support for the lying aversion distribution. Since 7(Aq) increases in Ac, if 7(1) < 6
then it follows that ®(7(Aa)) < 1, that is, that not everyone misreports.

We will see in Propositionthat the semi-elasticity (Wooldridge|2015|) of misreporting behaviour,

S, arises naturally in the characterization of the optimal policy:

(1 —o(7(Aa)))/0Aa T (Aa)d(T(A)) ,
S(Aa) = 1= 0(r(Aa)) == B(r(Da)) =—7(Aa)h(T(Aa)) <0, (9)

where h(-) is the failure rate of the lying-aversion distribution. This metric measures the percentage

change in the proportion of honest claims (from L types) in terms of a change in A«. Intuitively,
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it measures how sensitive the misreporting behaviour of customers is to changes in the routing
probabilities A«. Based on this, we further make an assumption on 7(A«) to ensure the unimodality

of the waiting cost; see Appendix

ASSUMPTION 2. We assume that 7"/ (Aa«) satisfies AaS’(Aa) —S(Aa) > 0.

This assumption is not restrictive since it allows the misreporting probability to change in A«
in a strictly convex, strictly concave, or in a linear fashion.

Overall, our lying aversion model in captures the fact that while customers have a higher
incentive to lie when the difference in waiting times between the queues is increased, they also
feel worse about lying because the stakes are higher. Thus, variations in waiting times do not
affect misreporting. At the same time, changes in the probability to get priority affect customer
misreporting behaviour as it shapes customers’ lying aversion directly according to 7(A«). Finally,
in Appendix we conduct a structural estimation analysis where we propose a specification for
7(Aa) as per our Assumptions |1 and [2| that achieves a better fit to the experimental data and a

better predictive ability in comparison to the described sensible lying costs specifications.

7. Optimal Scheduling Policy

Based on problems and , and under Assumptions 1| and [2| in this section, we derive the
optimal routing probabilities, a}; and o}, which minimize the expected waiting cost in the system,
at equilibrium. In Appendix we derive sufficient conditions for which our results hold under
more general specifications for customers misreporting probability or under different formalizations
for the customer problem.

7.1. Over and Under-Prioritization Trade-Off

We begin by elaborating on the main trade-off that the Manager faces, to build intuition. In the
Manager’s problem , there is an underlying cost asymmetry between the cost that arises from
under-prioritization (i.e., H type customers who are placed in the regular queue), and from over-

prioritization (i.e., L type customers who are placed in the priority queue). To see this, we let iy =



Rodriguez, Ibrahim, and Zhan: On Customer (Dis)honesty in Unobservable Queues
Article submitted to ; manuscript no. (Please, provide the manuscript number!) 27

P(K =2|X = H) be the steady-state under-prioritization probability and §, =P(K =1|X = L) be

the steady-state over-prioritization probability, given by:

S = (1—agy)P(Y = H|X = H)+ (1 —a)P(Y = L|X = H), (10)

5, = agP(Y =H|X =L)+a,P(Y =L|X =L). (11)

For any given customer reporting behaviour P(Y = y|X = x), we study, in the following lemma,

the monotonicity of the expected waiting cost as a function of those prioritization errors.

LEMMA 1. The expected waiting cost in the system C in is increasing in both dg and d,.

Moreover, it is more sensitive to 6 than 0, i.e., 885—(; > a%CL >0 if, and only if, 6y + 6L <1. The

aC aC

additional sensitivity to 0z over ér, i.e., 5o e

mncreases in p.

Lemma is similar to Proposition 7 in [Singh et al.| (2022) and Proposition 2 in |Argon and
Ziyal (2009). We repeat this result here to draw parallels between our setting, where customers
are strategic in their claims, and the models in those papers where customers do not have the
ability to influence their priority classifications. Consistent with intuition, Lemma [l| shows that
the waiting cost increases strictly in the prioritization errors 7 and 0y under a condition which,
we will see, is satisfied at optimum; see Proposition [I] in the next section. Importantly, Lemma
demonstrates the asymmetric impact of under-prioritization versus over-prioritization errors, par-
ticularly in congested systems: Under-prioritization is more costly than over-prioritization. Given
this asymmetry in the Manager’s trade-off, we will see that the optimal policy allows to eliminate
the under-prioritization error, while minimizing the over-prioritization error.

7.2. Game Equilibrium
Recalling from equation |§| that S(Aa) represents a measure of how sensitive the misreport-
ing/honest behaviour of customers is to changes in Ac«, we now present the equilibrium that arises

in the game.

PROPOSITION 1. Based on problems and (@, under Assumptions and@, there exists a

unique equilibrium which arises in the game between the customers and the Manager:
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(a) All customers with true type X = H make a truthful claim'Y = H.

(b) A fraction ®(7(af; — ) <1 of customers with true type X = L are dishonest i.e., claim
Y=H.

(c) The optimal routing policy is to assign high priority to all high-claim customers, i.e., o =1,
and to assign high priority to low-claim customers with probability o} . We have that of =0
if, and only if, —S(1) <1, and o} € (0,1) as the unique solution to 1+ (1 —a})S(1—aj)=0,

otherwise.

Consistent with intuition, part (a) of Proposition [I{shows that customers of type X = H always
claim their true type. Part (b) shows that only a proportion (bounded away from 1) of X = L type
customers misreport. This result is consistent with the extant literature and with our motivating
examples. Finally, part (c) shows that the optimal policy is not FCFS (which corresponds to
ay =ar =1). Indeed, as long as there is some level of honesty in the system, the Manager is able
to extract, at equilibrium, some information from customer claims about the true customer types:

Pu
pu +pr@(1(ag —aj
]P’*(X:L]Y:L) =1>p;,

P*(X=H|Y =H) = 7 > P

where we recall that py and py are the proportions of true H and L types. This shows that due to
customers’ lying aversion, the Manager can still extract some information from the customers’ own
claims, despite the prevalence of misreporting. This is a useful insight for managers. For example,
in one of our motivating examples, the National Health Service, anticipating dishonest claims from
patients, dropped a chat-bot symptom checker application designed to aid in booking appointments
(Heather|2017)). Our theoretical results provide insight into when this may, or may not, be a good
decision.

7.3. Honor Policy and Upgrading Policy

From Proposition |I} we can see that P*(Y = H| X =H)=1and P*(Y =H|X =L) = ®(7(ayg —
ar)) < 1. Thus, at equilibrium, from and , we can see that the Manager faces the following

prioritization errors:

5H = 1—O[H, (12)
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5, = an®(r(am —ar)) +ar(l— ®(r(ay —ay))). (13)

In part (c) of Proposition we see that, on one hand, the system Manager should always set aj; =
1, i.e., to eliminate the under-prioritization error d5; see , even if this allows more misreporting
customers to jump the queue; see . This is driven by the asymmetry between the costs of
under-prioritization and over-prioritization in Lemma [I] This shows that Managers should exert
caution when adopting strategies to mitigate misreporting at the expense of under-prioritizing. For
example, this was the case in the groceries delivery services example of the introduction, where
it took too long to verify the vulnerability status of people in order to give them priority slots to
gain access to food (Syal 2021)).

On the other hand, in part (c) of Proposition [1, we see that, the Manager uses af > 0 in order
to minimize the over-prioritization error é;. From , we find two effects for increasing «. First,
increasing «y, leads to an increase in the second part of d; due to a higher proportion of honest
L customers (1 — ®(7(ag — ayr))) being upgraded to the high-priority queue. Second, increasing
ay leads to a decrease in the first part of §;, since it allows to incentivize more honesty: A lower
proportion of L customers ®(7(ay — ar)) misreport due to their lying aversion. Therefore, to
minimize the over-prioritization error ¢, the Manager should balance that tension optimally by
deciding when to incentivize more honesty from customers.

In part (c) of Proposition |1, we see that upgrading is optimal whenever —S(1) > 1, which
intuitively means that customers’ responsiveness for upgrading is sufficiently strong so that it
manages to decrease the overall cost. Finally, if the population under analysis does not respond
to the upgrading control sufficiently, that is whenever —S(1) < 1, Proposition [1| prescribes an
honor policy, where priorities are given according to customer claims. This provides support to the
honor-based scheduling policies observed in practice. For example, the UK used an online booking
system to get access to COVID-19 tests at home, which relied on public honesty in claiming their

employment status (Weaver and Proctor|2020).
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7.4. Upgrading as a Deviation from the cu Rule
It is well known that when customer types are fully known, the celebrated cu rule minimizes
the expected cost in the system. In our game, the true priority level of an arriving customer
(equivalently, the true index cu) is unknown to the system Manager. Based on customer claims,
in equilibrium, the system Manager can infer the expected cu customer index, I(y) = cgulP(X =
H|Y =y)+c pP(X =LY =vy). It is easy to see that I(H) > I(L) if, and only if, ¢y > ¢, which
is our assumption throughout this paper. When the uncertainty in customer types is exogenous,
Argon and Ziyal (2009) argue that customers should be prioritized in decreasing order of the
expected cp indices. In our model, upgrading is optimal because customer claims are endogenous:
By allowing for some L claim customers to be in the priority queue (i.e., by deviating from the
cu rule), the Manager incites customers to be more honest in their reporting, which ultimately
benefits the system as a whole.
7.5. Performance of Optimal Scheduling Policy
We see that the optimal a-policy is never a FCFS policy. Due to customers’ lying costs, the
Manager can always extract some information from customer claims, and use it to assign service
priority. Indeed, the FCFS policy would have been optimal in a setting where all L type customers
misreport their types. Yet, we still do not know how much better the optimal a-policy performs
relative to the FCFS policy. We also do not know how well it performs relative to the First-Best
(FB) policy. In our game, the FB policy is the one that minimizes the system’s expected delay cost
if the Manager can observe the actual customer types. It is well known that for M /M /1 systems,
the cu priority rule (i.e., H-type customers receive absolute priority over L type customers) is the
FB. In our problem, since the Manager cannot observe customer types, we have that the optimal
a-policy would be FB only if all L type customers are fully honest.

In Appendix [E]| to gain insight into the performance of the optimal a-policy, we study the
percentage cost increase that it yields over the FB policy. We characterize several properties of that

metric in Proposition [3| there. We also present a numerical analysis that characterizes its relation
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with customer misreporting behaviour. We find that the optimal a-policy performs well, and that
its performance does not vary much as system parameters change. We also observe that the optimal
policy performs increasingly better than a FCFS policy as congestion increases. We find that
when customers are sufficiently honest, the Manager can guarantee very good system performance
by using an honor policy. Importantly, we find that if the Manager faces a sufficiently dishonest
population, an upgrading policy is well warranted to improve performance. This highlights the
importance of leveraging customers’ lying aversion in scheduling decisions.

7.6. Practical Considerations

In the lying aversion literature, considerable differences in lying proportions, across studies, are
commonly observed (Janezic|2020)). In Appendix we discuss such lying heterogeneity and present
an additional experiment with a highly honest cohort of participants. Our model is sufficiently
general to capture such variability in the prevalence of misreporting across different customer
populations which differ in their lying aversion characteristics (e.g., lying aversion distribution and
parametrizations). Indeed, in Proposition |1 the prescribed optimal policy is contingent on lying-
aversion properties (subsumed by the semi-elasticity of honest behaviour metric) which would be
specific to each customer population. In practice, such lying aversion properties may be unknown
or not directly observable to the Manager. Moreover, easy-to-measure variables such as age, gender,
country or social preferences have been found to have only limited predictive power for lying
behaviour (Abeler et al.[[2019, [Janezic 2020). It is then natural to ask: In practice, how can the
Manager determine the optimal policy based, e.g., on customer claim data alone?

We answer that question in Appendix [G} We study how the Manager can determine the optimal
upgrading policy by relying solely on customer claim data. In particular, we propose different
data-driven heuristics to determine the optimal upgrading policy, and we conduct an extensive
simulation analysis to illustrate their respective performances. We find that without knowledge of
the true misreporting probability function, the proposed heuristics are indeed able to implement

upgrading policies whose performances are very close to that of the true optimal policy. We defer
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the reader to Appendix|[G]for further details, where we discuss and compare the proposed heuristics,
and point to further steps that Managers can take to improve the observed performance in the

analysis.

8. Conclusions

We studied the extent to which people misreport their private information in a two-class priority
queueing system, where priorities are assigned according to customer claims, and where these
claims are not verifiable nor punishable. Although standard economic theory predicts that all
customers will claim that they should be given high priority, we showed, through the analysis of
a theoretical queueing model and controlled experiments, that human behaviour deviates far from
this prediction. We theorized and experimentally tested the intrinsic costs that people incur when
they lie. We studied the consequences of uncertainty (probabilistic routing) on lying, and found
that the scheduling policy, rather than the waiting times themselves, significantly impacts lying
behaviour.

Priority systems which rely on customer claims are prevalent in practice. Our results highlight
the informative value of those claims, even in systems where customers can lie with total impunity.
Thus, we provided theoretical and experimental evidence that customer claims should be sought by
the system Manager. This is particularly relevant to priority settings where market mechanisms,
e.g., pricing the relevant services, are not applicable. In particular, we found theoretical evidence
that supports the current honor scheduling system (routing customers according to their claims)
which is in place in many real settings. Additionally, we found that, when the lying aversion
cost is sufficiently elastic, a different prioritization rule, which deviates from the celebrated cu
rule, is optimal. Essentially, this rule prescribes upgrading some low-priority claims to the high-
priority class in order to incentivize honesty in the system as a whole. We highlight that there
is no guarantee, with other scheduling-policy implementations, to be able to identify operational
controls that incentivize more honesty. One contribution of our work is, therefore, that we both
experimentally and theoretically show that the considered a-policy provides a useful operational

control (i.e., probabilistic routing) to mitigate dishonesty.
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Limitations and future research. The study of untruthfulness in queues is rich and strongly moti-
vated by practice. We hope that our work will spark more interest in this domain. Our experimental
results are based on simple two-priority queueing settings. We advocate conducting more experi-
mental work to further understand the role of intrinsic preferences for truth-telling in the reporting
behaviour of people in more complicated queueing settings. Future work can, for example, inves-
tigate the extent to which people report untruthfully in a multi-priority queueing system, and
unveil the relevant determinants in that case. While we foresee that some people will be honest and
others will be untruthful, it is not clear, a priori, how customer claims will be distributed across
the multiple priority queues: For example, will there be partial lying in this case?

In this paper, we focused on priority settings where the dynamic state of the queue is unobservable
to customers, i.e., the length of the queue and the real-time behaviour of other customers. We
also assumed the absence of reputation concerns since the service setting involves an anonymous,
one-shot, type of interaction with the Manager. These properties are common features shared by
many priority queueing settings, but certainly not all systems. Future research could focus on
understanding customer untruthfulness in priority queues where the dynamic state of the queue is
observable, e.g., in emergency departments where patients may exaggerate their own symptoms at
the triage stage to receive medical service faster. In such settings, where customers observe each
other, reputation and negative externality concerns may play a major role. Also, as mentioned
above, this work is limited to settings where customers have a rare or one-shot interaction with the
service system, like the ones in our motivating examples. We advocate that future research studies
the effect of repeated interactions, where we envision that other behavioural factors may play an
important role in the misreporting behaviour.

Finally, we believe that the study of lying behaviour under different scheduling policies is an
interesting and important future research direction. In this work, we have restricted attention to
the class of a-policies and proposed a lying cost model tied to such class of policies. More generally,

different policy implementations that tap into different behavioural factors, may be considered,
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and more general lying cost models that accommodate different implementations can be inves-
tigated. For instance, in this work, we have observed that outcome uncertainty affects customer
misreporting behaviour. Thus, one might explore different risk-conscious utility specifications (e.g.,
mean-standard deviation utility, cumulative prospect theory) that capture risk aversion not neces-
sarily tied to a particular policy implementation. An alternative approach, based on our proposed
lying-cost model, is to investigate a more general lying cost formula 6(g)c, (W, — W,)*, where g
represents the specific policy parameters under consideration (in our study, @ = «). For instance,
based on (Coffman Jr and Mitrani (1980)’s proposed implementation, the Manager would define
switching periods of time under which certain claims are prioritized. In this case, future research
can examine how misreporting behaviour is affected by the likelihood of arriving when a specific

claim type is prioritized.
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Appendix A: Technical Proofs
A.l. Lemma 1

PROOF. Recall that, by assumption, we have that cy > ¢;,. We can write the expected waiting cost in the

system as:

C(0r,01) =9(p)f (0n,0L),

where

s = (1),

_ pucu(1—p(1—0y))+prec(l—pdL)
000 = = o= 6)) + pu (1 — p2)

After some algebraic manipulations we find:

of _ PPHPL(CH - CL)(l —péL)

9 (pu(1—p(1=0n)) +pr(1—pdL))?’

ﬁ _ ppupL(cy —cp)(1—p(1—0y))

96, (pa(1—p(1 —6x)) +po(1—pdL))?

Since p € (0,1) and 0,0y € [0,1], it follows that % :g(p)% >0 and % = g(p)% > 0.

- Of af . . . .
We define Af’ = Do~ Bor After some algebraic manipulations we find:

Af = pHpL(CH - CL)P2(1 —0g — 5L)
(pu(L—p(1=6x)) +pr(l—pdL))?
Since p € (0,1) we have that AC' = 53¢ — 25 =g(p)Af' >0 if and only if dy + 3, < 1.

961,

Finally, taking the following derivatives:

a%(:): 220 g(p),

OAf! - 2pHpL(CH _CL)p(l_(SH —5L)

dp (pu(1—p(1=06x)) +pL(1—pdL))?’

and recalling that AC’ = % — % =g(p)Af’, we have that

IAC  dg(p)

FING
dp p '

Af +g(p) R

Since p € (0,1), we have that g(p) >0 and 8%—(;’) > 0. Moreover, notice that the sign of both %pf/,Af is

dictated by the sign of 1 — 05 — 6. It follows that %{f/ > 0 if and only if %,Af’ >0<«<= dyp+ir<1l. &
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A.2. Proposition 1

PROOF. There are 3 different cases to analyse: (1) when ay < ar, (2) when ag = oy, and (3) when ay > ay.
Based on customers problem @ it is easy to see that in the first case since Wy < Wy, all L type customers
report their type and a proportion ®(7(a, — ay)) <1 of H type customers misreport (note that here ay
represents the probability to get a benefit through honest means). For any oy < ay, L type customers are
given priority over H type customers, recall that cy > ¢, thus the waiting cost in the system is higher than
in a FCF'S policy. Also, for the second case since W, = Wy, irrespective of customer claiming behaviour, the
waiting cost in the system is equal to a FCFS policy. We now investigate the third case in detail.

For aiyr > ar;, we have that all H type customers report their type and a proportion ®(7(Aa)) < 1 of L type
customers misreport in equilibrium, where Aa = ay — ay. This comes from the fact that the misreporting
probability does not depend on waiting times (otherwise the customer equilibrium would come from
the solution of a fixed point problem). This result is intuitive since customers can affect each other only
through the waiting times. Since waiting times do not affect customer misreporting behaviour, customers
make their decisions irrespective of how others behave. Based on the above, the Manager anticipates the

following prioritization error probabilities:
5H(OéHaaL):1*aH7
Op(ap,ar) =ap + Aa®(r(Ax)).

In this proof, for any function ¢(-), we use ¢.(-) and ¢”(-) to denote, respectively, the first and second
partial derivative of ¢(-) with respect to z. Also, in this proof using the chain rule, we express the partial
. . 0P (r(Aa 0P (1(Aa
derivative % as ¢(7(Aa))th,(Aa), and # as —(7(Aa))Th, (A).

The Manager defines the routing probabilities a g, € [0,1] in order to minimize the expected waiting

cost C in the system which can be written as:

C:C'f(aH7aL)a

2
[ p
C_<1—p>>o’

pHCH(l - P(l - 6H(aH7aL))) +pLCL(1 - p(SL(aHaaL))
pu(1—p(1 = 0u(an,ar))) +pr(l—pér(au, ar))

where

flog, o) =
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d(og,ap)y(am,ar)
glam,ar)

d(ag,ap)(1— pag)r(am,ar)

glagy,ar)

d(ag,ar) =pupLp(ca —cL)(1 - 2(1(Aa))) >0,

f;H(al‘haL): )

f;L(OéHaOéL): )

glan,ar) = (pu(l=p(1 = du(an,or))) +pL(l - pdr(an,ar)))* >0,
Yam az) = —(1— pag) + (1 - pag) Aarh, (Aa)h(r(Aa)),
klag,arp) =1—Aath, (Aa)h(T(Aa)),

Koy (s an) = Aahl (50 (T(A)) (T4, (Aa))? + h(T(Aa)) (5, (Aa) + AaTy, (Aa)) > 0,

__ 9(r(Aa))
hr(aa) = 5 R

We want to solve the problem: Min c- f(am,ar), subject to the constraints: oy, >0 <= —a;, <0;a, <
apy <= o —ay <0; and ay <1 <= ay —1<0. For this, we construct the lagrangian: £=cf(ay,a)—

i (ar) + po(ap —ay) + ps(ag — 1), and derive the KKT conditions:

Stationarity: L', = cf(;;{ —po+pu3=0; L, = cf(’lz — 1+ p2=0.
Complementary Slackness: pi(—a}) =0; pa(a} —at;) =0; ps(af —1)=0.
Dual Feasibility: pq, po, us > 0.

Primal Feasibility: o > 0; af <aj; o <1
Potential Candidate 1: (o}, =1,a; =0).

Complementary Slackness: p11 #0=aj =0; pu2 =0; us #0=aj =1.

. T g cdlafpap)v(ef,al) o ed(1,0)v(1,0). _ g cdlafpag)(I—paf)r(af,al) _
Stationarity: ps = cfa;{ = et = G0 5 M= Cfaz = 2oty =
cd(1,0)(1—p)x(1,0)
g(1,0) ’
7. cd(1,0 1,0 / .
Dual Feasibility: pz >0 <~ %}f)) <0 <= 7(1,0) <0 <= 7A,(DA(7(1)) <1/(1—p); 1 20 =

CAQOC—r0D) > 0 = £(1,0) >0 <= 4, (DA(r(1)) <1,

Primal Feasibility: o5 > 0; oy < ajg; a5 < 1.
Potential Candidate 2: (a}; =1,a} € (0,1)).

Complementary Slackness: p1 =0; o =0; ps #0=aj =1.
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Stationarity: cf!. =0 <= “iei)(-palinaha;) _ cllal)1-pellai) _ .

i a(ag01) o(Tay) (Lap)=0 <= 1-

1—a))th, (I—ai)h(r(1—a}))=0; uz=—cfl. = —edlejpap)yloged) . cdei)vLel) e can see that
L)' A« L L ayy g(at ,a*) g(1,a%)
H’"L *L

k(1,1) > 0 and that x(1,0) < 0 whenever 74, (1)h(7(1)) > 1. In this case, since k() is continuous and
strictly increasing in «, it follows that there is a unique « € (0,1) such that (1, a})=0.

.q o7 cd(1,a% 1,7 * *
Dual Feasibility: ps >0 < #w <0 <= v(1,03)<0 <= —p(l—0a3)<0.

Primal Feasibility: af >0 <= 74, (D)h(7(1)) > 1; of <a’y; oy <1
Potential Candidate 3: (a3} € (a},1),a; =0).

Complementary Slackness: p1 #0=aj =0; pe =0; uz =0.

Stationarity: cf,. =0 <= W =0 << %};Eﬁm =0 < ~(a},0) =0 =

Tha (@i h(T(0)) = 1/ (1= paiy)); i = cfy,, = “AemetlCoraipleiel) o 0)Cpep)e(op.0),

g(atyat) g(at;,0)

Dual Feasibility: iy > 0 = “XwO0-p2i=Ci0) > 0 e g(a,,0) >0 <= 74, (af)h(r(0) < 1/aj,
5

which is never the case since 74, (a%)h(7(a%)) =1/(af (1 = pai;)) and p € (0,1) and a3, € (0,1).
Potential Candidate 4: (a}; € (o},1), a5 € (0,a%)).

Complementary Slackness: p1 =0; ps =0; usz =0.

Stationarity: cf,, =0 <= cd(a;l,az;((i:pc:}jin(a*}paz) =0 <= k(aj,a;) =0 <= (aj; — a})Ta (o) —
H’'"L
a)h(r(aly —at))=1; cfl. =0 < cdlajpap)ileq o) () o cdlagpop)ragpal) _ g vy, ) =
ay g(aiat) glak,at)
* * * * * * 1—paj
0(aj; —ap )Tal (o —ap)h(T(ay —af)) = 1,,5@}5 #1.

Potential Candidate 5: (o}, =} € (0,1)).

Complementary Slackness: p11 =0; s #0=af; =aj; puz =0.

. . cd(at;,a% af;,af cd(atr,at)(1—pat
Stationarity: pg = cf!, = <Aedpepileqer) cdlegroap)(par)
u g(ajof) g(ajaf)

Dual Feasibility: po >0 <= _edlagroap)—pai) > () s —(1 = paj) >0 which is never the case.

gl ar)

Potential Candidate 6: (a}; = o} =0).

Complementary Slackness: 1 #0=a3 =0; ps #0=aj =a}; uz3 =0.

. o _ ’ _ cd(a;{,az)'y(a;{,az) _ _cd(0,0)
Stationarity: ps = cfa;{ = PICTTN =—50.0) "

Dual Feasibility: ps >0 < —cgd((o%o)) > ( which is never the case.
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Potential Candidate 7: (o, =a} =1).

Complementary Slackness: pi1 =0; po #0=>af =ab; ps #0=aj =1

_cd(af,ar)v(af,or) _ cd(1,1)(1—p)
glak,at) g(1,1)

Stationarity: pe = —cf(;z =

Dual Feasibility: ps >0 <—> —% = —(1—p) >0 which is never the case.

We can see that only candidates 1 and 2 comply with the KKT necessary conditions and that both
candidates are mutually exclusive: candidate 1 (i.e., af = 1,a; = 0) holds whenever 74 (1)h(7(1)) <1
whereas candidate 2 (i.e., af; = 1,a; € (0,1) such that 1 — (1 — a} )7, (1 — a3)h(7(1 — a})) = 0) holds
whenever 74, (1)h(7(1)) > 1. We can see that in both candidates we have that aj =1, which minimizes the
under-prioritization error dy. Also, based on this, we can see that a} =0 minimizes the over-prioritization
error §;, whenever 74, (1)h(7(1)) <1, and o} € (0,1) as above minimizes the over-prioritization error oy,
whenever 74, (1)h(7(1)) > 1. From Lemma[I] we know that the waiting cost strictly increases in both d; and
01, which shows that the identified candidates minimize the delay cost in the system.

Notice that in this case, we have that all high type customers claim their type and that a proportion equal
to ®(T(1—a3)) < 1 of low type customers misreport. When the Manager sets the routing prioritization policy
aj =1,a} €[0,1) the prioritization error probabilities are 65 =0 and 0; = a} + (1 —a})P(7(1 —aj)) < 1.
It is easy to see from Lemma [1] that this performs better than a FCFS discipline: for a FCFS (ag =ay =1)
we have that d; =0 and §;, = 1. Finally, since the routing policies in cases 1 (i.e., ay < ar) and 2 (i.e.,

ay = ay) perform respectively worse/same as a FCFS policy, thus we conclude that the routing policy in

this case 3 performs better, and thus arises in equilibrium. W
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Appendix B: Further Details for Experimental Investigation

B.1. Experimental Results per Condition

Table 2 Proportions and half widths of 95% confidence intervals of participants who reported the die roll 5

across experimental conditions.

Condition P(Claim 5)

1 0.29 £0.06

2 0.35£0.06

3 0.34 £0.06
4 0.22+0.05
5 0.29 +0.06
6 0.29 +0.06
7 0.28 +0.06
8 0.23+0.05
9 0.24+0.05

B.2. Logistic Regressions

We run logistic regressions where we control for age and gender. We estimate the effects on the probability
to claim the number 5 (see Table [3)). We conduct likelihood ratio tests between Model (2a) and Model (3a)
(x?=0.98, df =1, p-value = 0.32), and Model (2a) and Model (4a) (x? = 2.8, df =2, p-value = 0.24) which
show that the fit of Model (2a) does not significantly improve by adding the AW predictor in Model (3a)
and the interaction term in Model (4a). Finally, the likelihood ratio test between Model (2a) and the null
model including only an intercept term (x? = 13.37, df = 3, p-value 0.004) shows that the fit of Model (2a)

is significantly better.
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Table 3  Logistic Regressions

P(Claim 5)

(1a) (2a) (3a) (4a)

(Intercept) |-1.03*** -1.19%** _1.29%** _1 Q9***
(0.21) (0200 (0.22)  (0.27)
Age 0.00 0.00 0.00 0.00
(0.00)  (0.00)  (0.00)  (0.00)
GenderM 0.13 0.13 0.13 0.14

(0.10)  (0.10)  (0.10)  (0.10)

AW 0.01 - 001 -0.01
(0.01) - (0.01)  (0.02)
Aa - 0.45%%%  0.45%%% 0,09

- (0.13)  (0.13)  (0.30)

Aax AW - - - 0.04

- - - (0.03)

N 2021 2021 2021 2021
AIC 2398.17 2387.79 2388.81 2388.99

Pseudo R? 0.00 0.01 0.01 0.01

Pseudo R? +| 0.01 0.23 0.25 0.25

*p < 0.05, *p <0.01, **p <0.001.

+ We compute McFadden’s pseudo R? at the aggre-
gate experimental condition level. Binary individual
responses are grouped at the experimental condition j €
{0,---,9} level with sample size n;, such that the num-
ber of participants that claim the number 5 is captured

by a binomial random variable k;, and the log likelihood

is given by 3 log((zj)pf’(l —p;)nih).
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We also run logistic regressions with the covariate o, instead of Aa. We are able to do this because ay =1

was fixed across all experimental conditions such that Aa =1 — ay. The results are presented in Table

Table 4 Logistic Regressions

P(Claim 5)

(1a) (2a) (3a) (4a)

(Intercept) |-1.03*** -0.73%** _(.84%** _1.00%**
(0.21)  (0.19)  (0.22)  (0.25)
Age 0.00 0.00 0.00 0.00
(0.00)  (0.00)  (0.00)  (0.00)
GenderM 0.13 0.13 0.13 0.14

(0.10)  (0.10)  (0.10)  (0.10)

AW 0.01 - 0.01 0.03
(0.01) - (0.01)  (0.02)
ar - 045¥FE 04B5FFE (.09

- (0.13)  (0.13)  (0.30)

apx AW - - - -0.04
- - - (0.03)
N 2021 2021 2021 2021

AIC 2398.17 2387.79 2388.81 2388.99

Pseudo R? 0.00 0.01 0.01 0.01

Pseudo R? 1| 0.01 0.23 0.25 0.25

*p <0.05, **p < 0.01, ***p < 0.001.

+ We compute McFadden’s pseudo R? at the aggre-
gate experimental condition level. Binary individual
responses are grouped at the experimental condition j €
{0,---,9} level with sample size n;, such that the num-
ber of participants that claim the number 5 is captured
by a binomial random variable k;, and the log likelihood

is given by 3, log((7)p; (1 =)™ ).

Finally, we also run regressions with the covariate Wy, = a Wi + (1 — a,)Ws, where recall that W; = 2

min was fixed. In Table [5| we present the results:
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Table 5 Logistic Regressions
P(Claim 5)
(1a) (2a) (3a) (4a) (5a)
(Intercept) |-0.73*** _0.86%** -1.23%HF* -] 11%¥<*F 1. 03%**
(0.19)  (0.23)  (0.20)  (0.22)  (0.27)
Age 0.00 0.00 0.00 0.00 0.00
(0.00)  (0.00)  (0.00)  (0.00)  (0.00)
GenderM 0.13 0.13 0.14 0.14 0.14
(0.10)  (0.10)  (0.10)  (0.10)  (0.10)
ar L0.4BFRE (. 45K . -0.22
(0.13)  (0.13) - - (0.20)
W, . 0.01 . -0.02 .
- (0.01) - (0.01) -
Wy - - 0.04%**  0.05%** 0.03
- - (0.01)  (0.01)  (0.02)
N 2021 2021 2021 2021 2021
AIC 2387.79 2388.81 2386.53 2387.09 2387.32
BIC 2410.24 2416.87 2408.98 2415.15 2415.38
Pseudo R? 0.00 0.01 0.01 0.01 0.01
Pseudo R? 1| 0.23 0.25 0.22 0.23 0.24

*p < 0.05, **p < 0.01, ***p < 0.001.

+ We compute McFadden’s pseudo R? at the aggregate experimen-
tal condition level. Binary individual responses are grouped at the
experimental condition j € {0,---,9} level with sample size n;, such
that the number of participants that claim the number 5 is cap-

tured by a binomial random variable k;, and the log likelihood is

given by 32, Loy () (1))

First, we notice that the W, covariate is significant, which is intuitive since it is a function of the upgrading
probability, a;,. We notice that in model (4a), where we control for the waiting time in the long queue W5, the
coefficient for such Wj is negative, close to 0, and not significant. Importantly, since Wy, = 2ap, + (1 — ap ) Wa,

the fact that W5 does not influence misreporting shows that the majority of explainable lying behaviour
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can be attributed to the upgrading probability. Now, we observe that the AIC and BIC of model (3a) are
lower than that of model (1a), which is consistent with intuition since both models capture the effect of the
upgrading probability, but model (3a) in addition captures the effect of the waiting time (even though it is
a very small effect). Importantly, we run a Voung test between models (1a) and (3a) for the hypothesis that
model (3a) fits the data better than model (1a) (z = —0.254, p-value = 0.4), which is similar to a Likelihood
ratio test but for non-nested models (Vuong [1989) - the 95% confidence intervals for the AIC and BIC
difference between models are given by (—8.462 < AICdif f < 10.982) and (—8.462 < BICdif f < 10.982).
This result shows that we cannot reject the null hypothesis that both model fits are equal. Finally, a likelihood
ratio test between model (1a) and (5a) (x? =2.47, df =1, p-value = 0.12) shows that the fit of Model (1a)
does not significantly improve by adding the W predictor. Overall this provides further support for the
claim that the great majority of explainable lying behaviour can be attributed to the upgrading probability.

Finally, we have seen that the difference in waiting times AW does not affect misreporting behaviour.
The fact that the coefficient for W, is not significant and close to 0 shows that the waiting time in the Long
Queue does not present an absolute effect on misreporting behaviour neither. Related to this, we want to
highlight that our experimental data does not allow to test whether the waiting time in the Short Queue
W1 presents an absolute effect on misreporting since we kept W fixed in our experimental conditions. This
is noteworthy since in our proposed model, we make the assumption that W; does not affect misreporting.
Based on this, to test the implications of this assumption, in Appendix [F] we conduct a numerical analysis
where we identify the optimal a-policy that arises in a setting where the lying probability is a function of
AW = 1%}VV;L, and compare it with our current policy (that does not include the waiting time effect on

misreporting).

B.3. Robustness Checks

B.3.1. Non-parametric tests: The effect of waiting times. We run a Generalized Cochran-Mantel-
Haenszel test (Agresti [2003) for the conditional association between the proportion of participants that
reported the number 5 and the AW condition, conditional on the levels of the A« condition. We find that
the conditional association is not significant (M? =1.36, df =2, p-value = 0.51). We also run a Chi-square
test for the marginal association between the proportion of participants that reported the number 5 and

the AW condition. We find that the marginal association is not significant (x? = 1.22, df = 2, p-value =
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0.54). Moreover, for each A« level (i.e., 0.1, 0.5, 1), we run Jonckheere—Terpstra tests for an order, both
ascending and descending. We find that the proportion of participants that claim the number 5 does not
significantly increase monotonically (p-values = 0.78,0.11,0.20), nor decrease monotonically (p-values =
0.22,0.89,0.79) as AW increases in each of the respective A« levels. Also, by aggregating the data (ignoring
the A« levels), both the ascending (p-value =0.24) and descending (p-value 0.75) trends are not significant

in the Jonckheere-Terpstra test.

B.3.2. Non-parametric tests: The effect of routing probabilities. We run a Generalized Cochran-
Mantel-Haenszel test for the conditional association between the proportion of participants that reported the
number 5 and the A« condition, conditional on the levels of ATW. We find that the conditional association is
significant (M? = 12.16, df = 2, p-value = 0.002). We also run a Chi-square test for the marginal association
between the proportion of participants that reported the number 5 and the A« condition. We find that the
marginal association is significant (y? = 12.03, df = 2, p-value = 0.002). For each AW level (i.e., 3 min, 8 min,
13 min), we run Jonckheere-Terpstra tests for an order, both ascending and descending. We find that the
proportion of participants who claim the number 5 does not significantly decrease monotonically (p-values
= 0.61,0.99,0.97) as the A« increases in any of the respective AW levels. Moreover, while that proportion
does not significantly increase monotonically for the 2 — 5 min level (p-value = 0.39), it does significantly
decrease monotonically in the higher wait-time conditions, i.e., 2 — 10 min (p-value =0.009) and 2 — 15 min
(p-value =0.03). Also, by aggregating the data (ignoring the AW levels), the proportion of participants that

claim 5 significantly increases monotonically as the A« increases (p-value 0.005).

B.3.3. Simulations. In our logistic regressions, we study the reporting behaviour of participants (i.e.,
whether they report a number 5) in order to derive conclusions about their misreporting behaviour. We
found a significant A« effect on the reporting behaviour. We concluded that this is attributed to changes
in the lying behaviour. Since we do not observe individual die outcomes in the experiment, the noise in the
realizations of the die rolls may lead to a wrong conclusion that A« has an effect on lying behaviour, when
in fact there is no effect, i.e., there may be a type 1 error with respect to the A« condition.

To understand the impact of the sampling variation of the die outcome on the type 1 error probability of
the A« condition, we conduct a simulation analysis, where for each of the j =9 experimental conditions (with

sample size N;), we simulate N, independent Bernoulli(1/6) rolls. This captures the fact that participants
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get a number 5 with probability 1/6, and any other number with probability 5/6. Then, based on the actual
die outcome, we simulate participants reports in the following way: If the actual die outcome is 5 we simulate
a report equal to 5 with probability 1, and if the actual die outcome is not 5 we simulate a report equal to 5
with probability P(misreport), where we select different values of P(misreport) as a further robustness check.
Importantly, to investigate the type 1 error, we assume that the lying probability in our simulations does not
depend on the experimental conditions. We consider P(misreport) = 0, P(misreport) = 0.14, which is the
average lying rate in our data set (we use the method proposed in [Hugh-Jones| (2019) to estimate lying rates
in binary lying games, which estimates the excess number of 5s reports to what would be expected under full
honesty based on a bayesian approach), and P(misreport) = 0.35 (which is the maximum possible lying rate in
our data set, and assumes that no participant actually rolled a number 5). Finally, once a data set is generated
based on the aforementioned process, we fit a logistic regression with linear predictor By + 1AW + B2 A«
For a total of 10,000 simulation runs, we use the p-values associated with the coefficient 85 to compute the
proportion of runs where such a coefficient is significant at different levels (i.e., 0.01,0.05,0.01,0.001), that

is, where there is a type 1 error. The following table shows the results of our simulation analysis.

Table 6  Simulation Results: Type 1 error probability

Significance P(misreport)
level 0 0.14  0.35
0.1 0.1019 0.0973 0.0969

0.05 0.0501 0.0508 0.0508

0.01 0.0097 0.0094 0.0087

0.001 0.0006 0.0007 0.0017

Overall, based on our simulation results we corroborate that the probability of a type 1 error is very close
to the considered significance levels. Thus, we can confidently conclude that the observed differences in the
reporting behaviour can be attributed to differences in the lying behaviour, and not to sampling variation.
Finally, we want to mention that, in a related exercise, |[Fries et al.| (2021)) run a similar analysis in which
they compare the frequency of reported 5s with the expected probability of success of 16.66% using binomial
tests. They also corroborate that the type 1 error is close to the considered significance levels. Similarly, [Fries
and Parral (2021) show that frequentist methods in the die roll game produce accurate confidence intervals

for the average die roll when the sample is about 100 observations or more.



Rodriguez, Ibrahim, and Zhan: On Customer (Dis)honesty in Unobservable Queues
54 Article submitted to ; manuscript no. (Please, provide the manuscript number!)

B.4. Structural Estimation

In this section, we conduct a structural estimation analysis with our experimental data to investigate the fit
and the predictive ability of different lying aversion distributions and lying cost specifications. In particular,
we consider an exponential lying aversion distribution with density ¢(6) =~ye~??, a uniform distribution with
density ¢(6) =1/0, a half-normal distribution with density ¢(6) = i—je*%, and a half-logistic distribution
with density ¢(0) = % Moreover, based on our discussion in we consider a fixed lying cost
that predicts a misreporting probability ®((ag — ap)(Wa — W1)) (see where we describe how to derive
the misreporting probability function), a linear in material benefit lying cost that predicts a misreporting
probability ®(1), and a quadratic in material benefit lying cost that predicts a misreporting probability
D(1/(ap —ar)(We—W7)). Recall that ® represents the cumulative distribution function of the lying aversion.

In particular, in this analysis we are interested in showing that a lying cost specification, as per our
proposed model in §6.4] and developed assumptions in can achieve a better fit and out-of-sample
predictive ability in comparison to the aforementioned lying costs specifications. Based on §6.4] and §6.4.1]
we propose T(Aa) = (Aa)? = (1 — a.)? where we recall that ay =1 is fixed in all experimental conditions.
We let ¢ > 0, which corresponds to a misreporting probability ®((1 — «,)?). We propose such specification
as it is flexible, i.e., it allows to capture linearity, concavity and convexity on « through the parameter ¢.

We let X = {y;'.,ai,WQj} represent our experimental data set, where y; denotes the observed indicator
random variate for participant ¢ (yj’ = 1 if participant ¢ reports 5), in an experimental condition j with
upgrading probability o) and waiting time in the long queue Wj. We recall that oy =1 and W, =2 in
all experimental conditions. We assume that YjZ are mutually independent across participants. We define
D; = ]P’(YJ’ = 1) which depends on the actual die roll. Assuming that there is no down-reporting, we have that
P(Y; = 1|actual die outcome =5) =1 and P(Y} = 1|actual die outcome # 5) = ®(f(a, W)) where f(a, W) is
some function that depends on the considered lying cost specification as described above.

We let 3 represent the relevant parameters to estimate. Given the experimental design, and under
the assumption that participants roll a fair die, we obtain that: p;(8) = P(Y, = 1) = ;P(Y] =
1]actual die outcome = 5) 4 2P(Y} = 1|actual die outcome # 5) = ¢ + 2&(f(a, W)). Also, for our estimation,

we group binary individual responses at the experimental condition j € {0,---,9} level with sample size n;,
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such that the number of participants who claim the number 5 is captured by a binomial random variate k;,

and the log-likelihood is given by:

£(81%) = S toa (2 )l B0 -, (8. (19

We estimate the relevant parameters that maximize £ for all the aforementioned lying aversion distributions
and lying cost specifications. To study the out-of-sample predictive ability of such specifications, we carry
out the following procedure:

1. For a given lying aversion distribution and lying cost specification, we withhold a focal experimental

condition and estimate the relevant parameters on the remaining 8 conditions.

2. Based on such estimates, we compute the predicted probability P(Y = 1) for the focal condition and

calculate the absolute error with respect to the actual probability P(Y =1).

3. Once we do this for all experimental conditions, we compute the Mean Absolute Error (MAE) across

the 9 focal conditions.

Table [7] summarizes the results of this analysis, and Tables [§ and [J] present further details. From Table
based on the AIC values, we can see that the proposed specification for 7(Aa) as per our proposed model in
achieves a better fit in comparison to the sensible lying costs specifications from the literature. We note
that this holds for all the considered lying aversion distributions. Indeed, we observe that the AIC values
of a given lying cost specification do not vary much across lying aversion distributions. Moreover, based
on the MAE values, we can see that our proposed specification provides the best out-of-sample predictive
ability. We note that this holds for all the considered lying aversion distributions. Indeed, we observe that the
MAE values of a given lying cost specification do not vary much across lying aversion distributions. Finally,
we observe that the linear in material benefit lying cost presents the closest performance to our proposed
specification. This is intuitive since our proposed specification, as described in §6.4] is based on a lying cost
model that is proportional to the material benefit. The observed improvement of our proposed model in
terms of AIC and MAE comes from the fact that it not only captures the insensitivity to the difference in
waiting times (as the linear in material benefit model), but it also captures the sensitivity to changes in

routing probabilities from the specification of 7(A«).
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Table 7 Summary results: structural estimation and out-of-sample prediction ability

© ~ Ezxp(y) O ~Unif(0,0)
Lying Cost
Parameter estimate! Parameter estimate!
Specification AIC MAE ~ AIC MAE
¥ ¢ 0 ®
Fixed 0.03*** (0.003) - 84.88 0.06 43.04*** (4.063) - 89.03 0.06
Linear 0.14%** (0.014) - 71.93 0.04 7.A1%%% (0.658) - 71.93 0.04
Quadratic 0.07%%* (0.013) - 180.48 0.11 15.73%%* (2.514) - 183.01 0.11
Proposed 0.2%** (0.023)  0.34* (0.124) 64.19 0.03 5.61%** (0.613) 0.32* (0.117) 64.12 0.03
O ~ Hal f Normal(o) O ~ HalfLogis(o;)
Lying Cost
Parameter estimate! Parameter estimate!
Specification AIC MAE AIC MAE
o © g 12
Fixed 33.5%%* (3.272) - 88.25 0.06 20.82%** (2.047) - 88.04 0.06
Linear 5.89%** (0.528) - 71.93 0.04 3.68%** (0.331) - 71.93 0.04
Quadratic 12.31%%* (2.01) - 182.74 0.11 T.67F** (1.257) - 182.66 0.11
Proposed 4.44%%% (0.493) 0.33* (0.118) 64.14 0.03 2.78%** (0.309) 0.33* (0.118) 64.14 0.03

*p <0.05, **p < 0.01, ***p < 0.001.

t Values shown are the Maximum Likelihood Estimate with associated (standard error).

MAEs are rounded to two decimal places. For a given lying cost specification and lying aversion distribution, MAEs are computed by averaging
the corresponding absolute errors across focal experimental conditions from Tables Eand@

AIC =2b—2L(3), where b is the number of estimated parameters. For a given lying cost specification and lying aversion distribution, AICs are

computed from the estimation of the relevant parameters considering all 9 experimental conditions.
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Table 8 Structural estimation and out-of-sample prediction ability (Exponential and Uniform distributions)

Focal ©~ Exp(y) O~ Unif(0,0)
Observed Lying Cost
Experimental Parameter estimate! Predicted Absolute Parameter estimate! Predicted Absolute
P(Y=1) Specification AIC B AIC N
Condition’ ¥ @ (Y=1) Error 2 © P(Y=1) Error
Fixed 0.03%** (0.003) - 74.62 0.23 0.06 45.18%%* (4.547) - 77.59 0.22 0.07
Linear 0.14%%* (0.015) - 66.04 0.28 0.01 7.52%%% (0.718) - 66.04 0.28 0.01
! 0 Quadratic 0.07*** (0.013) - 159.97 0.19 0.11 16.97%%* (2.91) - 161.69 0.18 0.11
Proposed 0.21%%% (0.028) 0.38* (0.135) 57.76 0.32 0.03 5.29%*%* (0.655) 0.36% (0.128) 57.65 0.32 0.03
Fixed 0.03*** (0.003) - 78.35 0.32 0.03 45.75%%* (5.175) - 81.88 0.31 0.04
Linear 0.13%** (0.014) - 59.47 0.27 0.08 8.08%** (0.819) - 59.47 0.27 0.08
-

: 0 Quadratic 0.07*%* (0.013) - 133.82 0.17 0.18 16.5%%* (2.748) - 135.78 0.17 0.18
Proposed 0.17%%% (0.026)  0.28* (0.13) 56.28 0.30 0.05 6.2%H% (0.844) 0.26* (0.123) 56.25 0.30 0.05
Fixed 0.04%%% (0.004) - 69.37 0.47 0.14 32.23%%* (3.366) - 71.15 0.50 0.17
Linear 0.14%%* (0.014) - 62.37 0.27 0.06 7.9%%% (0.784) - 62.37 0.27 0.06
’ o Quadratic 0.07%%* (0.013) - 140.24 0.17 0.16 16.16*** (2.644) - 142.43 0.17 0.17
Proposed 0.18%%* (0.027) 0.31* (0.131) 57.84 0.31 0.03 5.91%%* (0.779) 0.29% (0.124) 57.80 0.31 0.03
Fixed 0.03*** (0.003) - 78.81 0.20 0.02 43.45%%* (4.157) - 82.68 0.20 0.02
Linear 0.16%** (0.015) - 62.05 0.29 0.07 6.97%%* (0.621) - 62.05 0.29 0.07
! 0 Quadratic 0.07*%* (0.013) - 174.73 0.21 0.01 16.12%%* (2.693) - 177.03 0.20 0.02
Proposed | 0.21%%* (0.025) 0.33* (0.112)  53.25 0.29 0.07 5285 (0.556)  0.31% (0.105)  53.24 0.29 0.07
Fixed 0.03*** (0.003) - 7776 0.25 0.04 44.77FF* (4.535) - 81.08 0.24 0.04
Linear 0.14%%* (0.015) - 66.19 0.28 0.01 74T (0.709) - 66.19 0.28 0.01

5
’ 0 Quadratic 0.07*** (0.013) - 159.95 0.18 0.10 16.64%** (2.798) - 161.84 0.18 0.11
Proposed 0.2%%% (0.024)  0.34* (0.124) 58.51 0.29 0.00 5.61%%* (0.633) 0.32* (0.118) 58.44 0.29 0.00
Fixed 0.03*** (0.003) - 78.97 0.31 0.02 42.79%+* (4.359) - 83.35 0.29 0.00
Linear 0.14%%* (0.015) - 66.17 0.28 0.01 7.49%%* (0.711) - 66.17 0.28 0.01
‘ 0 Quadratic | 0.07%%* (0.013) - 157.94 0.18 0.11 16.32%%* (2.694) - 160.02 0.17 0.11
Proposed 0.2%%% (0.024)  0.34* (0.125) 58.53 0.29 0.00 5.62%** (0.635) 0.32% (0.118) 58.45 0.29 0.00
Fixed 0.03*** (0.003) - 64.70 0.17 0.10 43.41%% (4.127) - 68.53 0.17 0.10
Linear 0.14%%* (0.015) - 66.30 0.28 0.00 T.A¥(0.694) - 66.30 0.28 0.00
! 0 Quadratic 0.16%** (0.026) - 158.11 0.50 0.23 7.3%%% (1.152) - 160.46 0.55 0.27
Proposed 0.2%%% (0.024)  0.48* (0.168) 55.87 0.22 0.06 5.44%%* (0.599) 0.45* (0.159) 55.79 0.22 0.06
Fixed 0.03*** (0.003) - 76.63 0.18 0.04 43.48%+* (4.147) - 80.44 0.18 0.04
Linear 0.15%** (0.015) - 62.76 0.29 0.06 THEX(0.627) - 62.76 0.29 0.06
’ 0 Quadratic 0.08%** (0.015) - 174.64 0.24 0.02 15.51%%* (2.65) - 177.41 0.24 0.01
Proposed 0.19%%* (0.024) 0.31* (0.141) 58.46 0.24 0.01 5.65%** (0.628) 0.29% (0.133) 58.39 0.24 0.01
Fixed 0.03*** (0.003) - 77.08 0.20 0.04 43.69%** (4.196) - 80.75 0.19 0.04
Linear 0.15%** (0.015) - 63.72 0.28 0.05 7.05%%* (0.637) - 63.72 0.28 0.05
! o Quadratic 0.07*%* (0.013) - 174.19 0.21 0.02 16.45%** (2.823) - 176.31 0.21 0.03
Proposed 0.2%%% (0.024)  0.34% (0.145) 58.60 0.24 0.00 5.62%%* (0.623) 0.32* (0.137) 58.53 0.24 0.00

*p<0.05, **p<0.01, ***p < 0.001.

Presented predicted probabilities, observed probabilities and absolute errors are rounded to two decimal places.

AIC = 2b — 2£(8), where b is the number of estimated parameters.

 Values shown are the Maximum Likelihood Estimate with associated (standard error).

fIn each row we withhold a focal experimental condition and estimate the relevant parameters on the remaining conditions. Based on such estimates, we compute the predicted probability

condition and caleulate the absolute error with respect to the actual probability P(Y = 1).

B(Y =1) for the focal
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Table 9 Structural estimation and out-of-sample prediction ability (Half-Normal and Half-Logistic distributions)

Focal © ~ Hal fNormal(o) © ~ HalfLogis(o;)
Observed Lying Cost
Experimental Parameter estimate! Predicted Absolute Parameter estimate! Predicted Absolute
P(Y=1) Specification AIC . AIC R
Condition® o @ P(Y=1) Error I © P(Y=1) Error
Fixed 35.2%%* (3.646) - 77.04 0.22 0.07 21.9%%* (2.283) - 76.90 0.22 0.07
Linear 5.97F%* (0.575) - 66.04 0.28 0.01 3.74%%* (0.361) - 66.04 0.28 0.01
! 02 Quadratic 13.34%%* (2.329) - 161.51 0.18 0.11 8.32%%* (1.46) - 161.47 0.18 0.11
Proposed 4.19%%* (0.526)  0.36* (0.129) 57.68 0.32 0.03 2.62%%* (0.331) 0.37* (0.129) 57.68 0.32 0.03
Fixed 35.6%%* (4.168) - 81.29 0.31 0.04 22.12%%*% (2.607) - 81.13 0.32 0.04
Linear 6.42%%* (0.656) - 59.47 0.27 0.08 4.02%%* (0.411) - 59.47 0.27 0.08
’ e Quadratic 12.95%%* (2.196) - 135.57 0.17 0.18 8.08%** (1.377) - 135.51 0.17 0.18
Proposed 4.91%%* (0.677)  0.26% (0.123) 56.26 0.30 0.05 3.07F%* (0.425) 0.26* (0.124) 56.26 0.30 0.05
Fixed 25.35%%* (2.713) - 70.90 0.49 0.16 15.81%%* (1.701) - 70.83 0.49 0.15
Linear 6.28%%* (0.628) - 62.37 0.27 0.06 3.93%%* (0.394) - 62.37 0.27 0.06
} . Quadratic 12.66™** (2.111) - 142.20 0.17 0.17 7.89%%F (1.322) - 142.13 0.17 0.17
Proposed 4.68%** (0.625) 0.29* (0.124) 57.81 0.31 0.03 2.93%* (0.392) 0.29* (0.125) 57.81 0.31 0.03
Fixed 33.8%F* (3.34) - 81.95 0.20 0.02 21.05%%* (2.1) - 81.76 0.20 0.02
Linear 5.53%** (0.498) - 62.05 0.29 0.07 3.46%** (0.313) - 62.05 0.29 0.07
! . Quadratic 12.62%** (2.151) - 176.79 0.20 0.02 7.87FFF (1.349) - 176.73 0.20 0.02
Proposed A4.17F%% (0.448)  0.31* (0.106) 53.24 0.29 0.07 2.61%F% (0.281) 0.31* (0.106) 53.24 0.29 0.07
Fixed 34.85%%* (3.642) - 80.48 0.24 0.04 21.7%%* (2.288) - 80.32 0.24 0.04
Linear 5.94%%% (0.569) - 66.19 0.28 0.01 3.T1IFF* (0.357) - 66.19 0.28 0.01
’ 0 Quadratic 13.07%%* (2.242) - 161.64 0.18 0.11 8.16%** (1.405) - 161.58 0.18 0.11
Proposed 4.44%%* (0.509) 0.33* (0.119) 58.46 0.29 0.00 2.78%%% (0.32)  0.33* (0.119) 58.47 0.29 0.00
Fixed 33.1%%* (3.493) - 82.54 0.30 0.01 20.6%%* (2.2) - 82.32 0.30 0.01
Linear 5.95%* (0.57) - 66.17 0.28 0.01 3.72%%% (0.358) - 66.17 0.28 0.01
¢ 0 Quadratic 12.8%%% (2.154) - 159.79 0.17 0.11 7.99%** (1.352) - 159.73 0.17 0.11
Proposed 4.45%% (0.511) 0.33* (0.119) 58.47 0.29 0.00 2.79%¥% (0.321) 0.33* (0.119) 58.47 0.29 0.00
Fixed 33.8%%* (3.322) - 67.80 0.17 0.10 21.02%F* (2.081) - 67.61 0.17 0.10
Linear 5.88%** (0.557) - 66.30 0.28 0.00 3.68%** (0.35) - 66.30 0.28 0.00
! 0 Quadratic 5.75%%* (0.918) - 160.25 0.53 0.25 3.59%** (0.575) - 160.19 0.53 0.25
Proposed 4.31%%% (0.481)  0.45* (0.16) 55.81 0.22 0.06 2.69%** (0.302) 0.45* (0.161) 55.82 0.22 0.06
Fixed 33.8%%* (3.323) - 79.711 0.18 0.04 21.08%** (2.095) - 79.52 0.18 0.04
Linear 5.55%%* (0.503) - 62.76 0.29 0.06 3.47%% (0.316) - 62.76 0.29 0.06
i 0 Quadratic 12.1%%% (2.121) - 177.11 0.24 0.01 7.53%%* (1.325) - 177.03 0.24 0.01
Proposed 4.47F%* (0.504)  0.3* (0.134) 58.41 0.24 0.01 2,85 (0.317)  0.3% (0.134) 58.41 0.24 0.01
Fixed 34%H* (3.369) - 80.05 0.19 0.04 21.18%%* (2.117) - 79.87 0.19 0.04
Linear 5.6%%* (0.512) - 63.72 0.28 0.05 3.5%F% (0.321) - 63.72 0.28 0.05
! o Quadratic | 12.88%%* (2.253) - 176.09 0.21 0.03 8.03*%* (1.414) - 176.03 0.21 0.03
Proposed | 4.45%%* (0.501) 0.32* (0.138)  58.55 0.24 0.00 2.78%%% (0.314) 0.32* (0.138)  58.55 0.24 0.00

*p<0.05, **p<0.01, ***p < 0.001.

Presented predicted probabilities, observed probabilities and absolute errors are rounded to two decimal places.

AIC =2b— 2£(,(§)A where b is the number of estimated parameters.

1 Values shown are the Maximum Likelihood Estimate with associated (standard error).

fIn each row we withhold a focal experimental condition and estimate the relevant parameters on the remaining conditions. Based on such estimates, we compute the predicted probability ].S’(Y =1) for the focal

condition and calculate the absolute error with respect to the actual probability P(Y =1).
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Appendix C: Additional Experimental Investigation

For this investigation, we use the same experimental procedure, and criteria for the recruitment of participants
and exclusions, as in Section so we do not repeat these here. Based on the results in our main experimental
investigation, in here we are interested in understanding the relative effect of ay and «; on the misreporting
probability . Formally, we set the following null hypotheses:

H1.b. Changing the routing probability «y does not have an effect on the proportion of participants that
misreport.

H2.b. Changing the routing probability a; does not have an effect on the proportion of participants that
misreport.

Based on the above, in order to test these hypotheses, participants were randomly assigned to one of
nine experimental conditions (see Table which differ in both the routing probabilities, ay and «y,, while

keeping the waiting times in the queues constant.

Table 10 Experimental conditions.

Condition ay o W, Wy Sample

1 1 0 2min 15min 141
2 1 0.2 2min 15min 140
3 1 0.4 2min 15 min 141

4 0.8 0 2min 15min 138

5 0.8 0.2 2 min 15 min 141

6 0.8 04 2min 15min 133

7 06 0 2min 15min 138

8 0.6 0.2 2min 15 min 140

9 0.6 0.4 2min 15min 130

We set the target sample size for the experiment and our analysis plans a priori. We pre-registered our
experiment, and the corresponding As Predicted document can be found at: https://aspredicted.org/
2DV_J7D. A total of 1,633 participants (41.58% female, mean age M,,. = 34.25, standard deviation SD,,. =
11.70) were recruited. In our experiment, we have a completion rate of 87%. From those who completed the

experiment, 87% of participants took, on average, less than 30 seconds to click the advance in queue buttons,


https://aspredicted.org/2DV_J7D
https://aspredicted.org/2DV_J7D
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and the mean and median average click time was 17 seconds and 11 seconds, respectively. After exclusions,
we are left with a sample of 1,242 participants (43.96% female, mean age M, . = 34.78, standard deviation

SD,,. = 10.89).

C.1. Experimental Results

In Figure [2| we present the proportion of participants who reported the number 5 across experimental
conditions. In Table we present corresponding proportions. Participants have the incentive to report
the number 5 to reduce their waiting time in the queue. We run exact binomial tests for the proportions
of participants who reported the number 5 in each condition compared to the proportion that would have
reported the number 5 under full honesty i.e., 1/6, (p-values for conditions 1 to 9 = (0.49, 0.01, 0.24, 0.07,
0.06, 0.15, 0.01, 0.12, 0.32)). We can see that, in some conditions, participants might have been fully honest.
Importantly, we emphasize that the observed level of honesty in this additional experiment provides further
support for the existence of lying costs, and replicates the result in the main experiment that not everyone

misreports (i.e., provides support to H1), which underpins our model and derived scheduling policy results.

Table 11 Proportions and half widths of 95% confidence intervals of participants who reported the die roll 5

across experimental conditions.

Condition P(Claim 5)

1 0.17+0.06

2 0.24+0.07

3 0.19+0.06

4 0.22+0.07

5 0.22£0.07

6 0.20£0.07

7 0.24+0.07
8 0.21+0.07
9 0.18+0.07

We run logistic regressions where we control for age and gender. We estimate the treatments effects on
the probability to claim the number 5 (see Table . We observe that none of the treatment coefficients

are significant. We can see that the coefficient for A« is positive, which is consistent with the results in our



Rodriguez, Ibrahim, and Zhan: On Customer (Dis)honesty in Unobservable Queues
Article submitted to ; manuscript no. (Please, provide the manuscript number!) 61

Figure 2 Proportions of participants that reported the number 5 across experimental conditions.
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main experimental investigation, however, it is not significant. In light of the significant results in our main
experimental investigation, we attribute this to the heterogeneity in the lying proportion between subject
populations (see discussion about subject heterogeneity in the literature below). We argue that the lack of
significance in this study arises from the fact that, overall, participants were very honest in this experiment,
such that there is little room for any managerial intervention to further reduce dishonesty (leading to a
not statistically significant effect). In the main experiment, dishonesty is sufficiently high for the scheduling
policy to affect the misreporting behaviour, while in the additional experiment, almost everyone is already
honest. Indeed, we note that the sample size in this additional experiment is large (1242 participants). Thus,
we are quite confident that this subject population is indeed very honest. Importantly, we would like to
highlight that our model is general enough to derive prescriptions contingent on how much a given population
responds to changes in the routing probabilities. Indeed, Proposition 1| indicates that for a population such
as the one observed in this experiment, it would be optimal to implement an honor policy.

Heterogeneity between subject populations in the literature. The observed heterogeneity in the lying
proportions between the two experiments is an important point that is commonly recognized and discussed.

Indeed, in the lying literature, it has been acknowledged that large differences in the percentages of liars
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Table 12 Logistic Regressions
P(Claim 5)
(1a) (2a) (Ba)  (4a) (5a)
(Intercept) |-1.25 ** -1.31 *** _1.20 ** -0.77 -1.39 ***
(0.42)  (0.26)  (0.43)  (0.58)  (0.31)
Age 0.00 0.00 0.00 0.00 0.00
(0.01)  (0.01)  (0.01) (0.01)  (0.01)
GenderM 0.00 0.00 0.00 0.01 0.00
(0.14) (0.14) (0.14)  (0.14)  (0.14)
ay -0.14 - -0.14  -0.70 -
(0.43) - (0.43)  (0.67) -
ar . -0.23 023  -2.53 .
- (0.43)  (0.43) (2.15) -
Qg *ap - - - 2.86 -
- - - (2.63) -
A« - - - - 0.04
- - - - (0.30)
N 1242 1242 1242 1242 1242
AIC 1279.70 1279.52 1281.41 1282.23 1279.79
Pseudo R? 0.00 0.00 0.00 0.00 0.00
Pseudo R? 1| 0.01 0.01 0.01 0.05 0.00

*p < 0.05, **p < 0.01, **p < 0.001.

1 We compute McFadden’s pseudo R? at the aggregate experimen-

tal condition level. Binary individual responses are grouped at the

experimental condition j € {0, -+ ,9} level with sample size n;, such

that the number of participants that claim the number 5 is cap-

tured by a binomial random variable k;, and the log likelihood is

given by >, log((:;)pfj (1—p;)mihs).

across studies are commonly observed (Janezic|2020). To illustrate this, Tablepresents the lying prevalence

observed in some of the studies that use the [Fischbacher and Follmi-Heusi| (2013) experimental design with

two different claim-dependent payoffs - this is the same as in our experimental design where participants are
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placed in the short queue if they claim to have obtained the number 5, and are placed in the long queue if

they report any other number.

Table 13 Lying prevalence observed in some studies

Study Country  Randomization method Subjects % Liars
Houser et al.|(2012 USA Coin toss 502 45% - 53%
Hilbig and Hessler| (2013 Germany Die roll 765 19.3%
Abeler et al.| (2014 Germany Coin toss 658 ~ 0%
Barfort et al.|(2015 Denmark Die roll 862 42.2%
Djawadi and Fahr|(2015 Germany Draw from urn 252 32.4%
Pascual-Ezama et al.| (2015 Multiple Coin toss 1440 14%
Hilbig and Zettler|(2015 Germany Die roll 88 35%
Zettler et al.| (2015 Germany Coin toss 134 17.3%
Dieckmann et al.|(2016 Multiple Coin toss 1015 32%
Kajackaite and Gneezy| (2017 USA Die roll 1200  7.6% - 19.6%
Our main study Multiple Die roll 2021 6.4% - 22%
Our additional study Mainly USA Die roll 1242 ~0% - 8.8%

Let b be the probability of obtaining the high payoff outcome. Let p be the observed proportion
of participants that claim to have obtained the high payoff outcome. Let v be the proportion
of participants that obtained the low payoff outcome but lied and claimed to have obtained
the high payoff outcome. We compute the % Liars =~ by solving p=b+ (1 —b). Note that

this assumes no down reporting.

We note that most sample sizes in Table T3] are large, so we can confidently rule out the sampling variation
of the randomized methods as an explanation for the marked differences in the percentage of liars. This
heterogeneity in lying tendencies across papers has been a puzzle in the literature, and recently it has been
discussed that such differences point to high heterogeneity in lying preferences between subject pools rather
than heterogeneity of potential confounds, e.g., demographics and related macro-level indicators

2020). Indeed, demographics such as age, gender, or country have been found to have only limited predictive

power for lying behaviour (Fischbacher and Follmi-Heusi| 2013, |Abeler et al.|[2014} |2019} |Janezic [2020)). For

example, while some studies have found that levels of honesty vary significantly across countries (Hugh-Jones
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[2016} [Dieckmann et al.|[2016)), others show no significant difference and also show no meaningful relationship

between dishonesty levels and related macro-level indicators including cultural values (Mann et al.2016),

social preferences (Janezic|2020), or common indices of corruption and transparency (Pascual-Ezama et al.|

2015)). Taking the literature in aggregate, Abeler et al.| (2019))’s meta-analysis shows that indeed the country

covariate has little predictive power for lying behaviour. In particular, the meta-analysis shows that the
average lying report does not vary much between countries, but high variation within countries is observed.

In line with this, we note that in our main experiment, we do not find a significant relation between
country and the propensity to lie (see Table . Moreover, consistent with the aforementioned variability
within countries, for USA participants, we see in the main experiment an overall lying prevalence (i.e.,
across conditions) of 15% while in the additional experiment, we see an overall lying prevalence of 5.2%.
Moreover, for the case of condition 3 in the main experiment and condition 1 in the additional experiment
(these conditions have the same parameter settings) we see a lying prevalence of USA participants of 18.4%
and 1%, respectively. We note that both USA samples are of similar size: In the main experiment, 69% of
participants (i.e., 1386 subjects) come from the USA, while in the additional experiment, 98% of participants
(i.e., 1218 subjects) come from the USA. These results strongly point to heterogeneity in lying tendencies

across subject populations.
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Table 14 Logistic Regressions with Country Covariate

P(Claim 5)

(1a) (2a) (3a) (4a)

(Intercept) -0.93%HF 1. Q7F*K 1 1TREE 1007k
(0.22)  (0.21) (0.24)  (0.28)
Age 0.00 0.00 0.00 0.00
(0.00)  (0.00) (0.00)  (0.00)
GenderM 0.15 0.14 0.14 0.15
(0.10)  (0.10) (0.10)  (0.10)
Country:India -0.01 0.02 0.02 0.02
(0.14)  (0.14)  (0.14)  (0.14)
Country:Brazil -0.31 -0.30 -0.31 -0.32
(0.26)  (0.26) (0.26)  (0.26)
Country:United Kingdom | -0.26 -0.23 -0.23 -0.23
(0.33)  (0.33) (0.33)  (0.33)
Country:Italy -0.05 -0.06 -0.07 -0.08
(0.33)  (0.33) (0.33)  (0.33)
Country:Canada -0.68 -0.62 -0.65 -0.64

(0.46)  (0.46)  (0.46)  (0.46)

AW 0.01 - 001  -0.01
(0.01) - (0.01)  (0.02)
Aa - 0.40%%  0.41%% (.09

- (0.14)  (0.14)  (0.30)

Aax AW - - - 0.04
- - - (0.03)

N 2021 2021 2021 2021
AIC 2441.36 243359 2434.56 2435.15
Pseudo R? 0.00 0.01 0.01 0.01

*p <0.05, **p<0.01, ***p < 0.001.

Note: United States serves as a reference factor in the regression. Due
to space constraints, we do not present all the countries in the table.
The presented countries correspond to more than 95% of the subjects
in the experiment. Other countries include Germany, Spain, France,

among others.
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Appendix D: General Conditions for the Optimal Scheduling Policy

We consider the case in which ay > ap, such that L type customers are those that have the incentive to
misreport. Based on this, to derive general conditions for the identified optimal scheduling policy, we assume
that H type customers never down-report, which is intuitive, and that L type customers best respond by
misreporting with some probability that does not depend on waiting times. This is consistent with our
experimental results and with the extant literature that finds that misreporting behaviour is insensitive to
material incentives (Abeler et al.|[2019). The insensitivity to waiting times implies that customers’ misre-
porting equilibrium is a function that depends only on the routing probabilities, (o, «r ). To see this, note
that, generally speaking, the misreporting equilibrium probability (call it ) is given by the solution of the
fixed-point problem v =n(ay,arn, Wi (v), Wa(v)) (where waiting times and misreporting are consistent and
endogenously determined and 1 denotes the best-response function). However, since we have that n(ay, ayr),
it simply follows that v =n(ay, «r). This is intuitive since customers individual best responses do not care for
the waiting times. Since customers affect each other only through the resulting waiting times, all individual
best responses represent a best response correspondence, forming a customer equilibrium where a proportion
equal to n(ay,ar) misreports. Based on this, the task at hand is to determine under which assumptions
regarding 7(ay, «y ), an honor policy or an upgrading policy will be optimal. Here, we present a general set

of sufficient conditions.

PROPOSITION 2. Assume that oy > oy, that H type customers never down-report, that L type customers
misreport with probability n(ay,ar), and that n(ay,ar) is differentiable at all oy > . If—%n(aH,aL) >
a

En(af;, ay) for all ag > oy, then it follows that the optimal scheduling policy will be either (o =1,a5 =0)

or (af; = 1,03 €(0,1)). That is an honor policy or an upgrading policy.

Proposition [2| shows that if the marginal effect of upgrading to mitigate misreporting is greater than or
equal to the marginal effect of downgrading (for all oy > 1), then the same optimal scheduling policy (i.e.,
honor policy or upgrading policy) holds. For example, consider the customer problem . In this case, since
ag > ap, we know that H type customers do not down-report. Now, assume that L type customers experience
a lying cost captured by ¢, (Wy — W7), that is by the difference between expected waiting times in priority
queues (rather than in priority classes as in the main paper). In this case, we have that n = ®(ay — ar).

d

We can see that the conditions of the above proposition are satisfied: —En(aH,aL) =dlag —ap) >
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dlag —ag) = %n(aH,aL). For another example, assume that L type customers experience a lying cost
captured by ¢, (Wy — Wy ), that is by the difference between the deserved waiting cost and the expected one
from misreporting. In this case we have that n = @(%) We can see that the conditions of the above
proposition are satisfied: —ﬁn(a};,o@) = (b(%)é > ¢(%)Z‘—QFLI = %n(aH,aL). Finally, consider
a different formalization of the customer problem, based on a discrete choice framework. In this case, the
misreporting choice probability can be modelled by P(e < By + 51 A+ B2 AW), where ¢ is a random term,
and Bg + S1Aa+ B2 AW is a linear predictor that captures differences across choice alternatives (Train|2009).
If we let € be logistically distributed, we obtain a logit choice model. Notice that our logistic regressions in
Table [3| suggest that the misreporting choice probability can be well captured by P(e < 8y + S1A«), such
that the misreporting probability is equal to W(8q + 51 Acr), where ¥ is the CDF of the logistic distribution.
Based on this, we can see that the conditions of the above proposition are satisfied: —ﬁn(aH,aL) =
P(Bo + BrAa) By > P(Bo + f1Aa) By = &?7(041{, ay ), where 1) is the logistic density function. Based on this,
and assuming that H types never down-report. In all of the above examples, from the above Proposition
and Lemma [I] it is straightforward to see which of the two policies is the optimal one: an honor policy is
optimal if §;(1,0) <d.(1,a3) for o} € (0,1), otherwise an upgrading policy is optimal. This can be easily
solved by numerically identifying the o € arg min (1, o) =n(1,ar) +ar(1—n(1,ar)). We could impose
further assumptions on the structure of n to derive further conditions under which each policy is optimal.
However, this preserves the generality of our results (and obtaining the optimal policy requires simply to

numerically compute ¢, as a function of ay,). We now present the proof of the above Proposition

PROOF. In this proof, for any function ¢(-), we use ¢.(-) to denote the first partial derivative of ¢(-) with
respect to z. Consider the case in which customers misreport with probability n(ay,a;), where ay > ay.

Based on the above, the Manager anticipates the following prioritization error probabilities:
5H(aH7aL):]-_aH7

Or(om,ar) =arp+ (g —ap)n(ag,ar).

The Manager defines the routing probabilities a g, € [0,1] in order to minimize the expected waiting

cost C in the system which can be written as:

C=c: flan,ar),
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_(.r
‘" (1 —p> >0
~pucu(1—p(1 =6u(an,ar))) +preL(l—pig(aw, o))

Flom, an) = pr(1—p(1=0x(an,ar))) +pL(l—poL(am,aL))

d(OéH7 CYL)’Y(OZH7 OéL)

where

fon =
g(am,ar)
, d(ag,ap)(1 —pag)k(ay,ar)
faL = 3
g(aHvaL)

d(an,ar) =puprplcs —cr) >0,
glam,ar) = (pu(l—p(l = du(an,ar))) +pr(l = pdLlan,ar)))® >0,
Y(an,ar)=—(1=par)(l—nlam,ar))+ (1= pog)(an — o), (am, o),
ko, o) = (1 —n(am, ar)) + (am —aw)ng, (am, or),

We want to solve the problem: Min c- f(au,ar), subject to the constraints: oy >0 <= —a; <0;ay <
ay <= ap —ay <0; and ayg <1 <= ay —1<0. For this, we construct the lagrangian: £ =cf(ay,ar) —

w1 (o) + pa(ar —ag) + ps(ay — 1), and derive the KKT conditions:

Stationarity: L', = cf;;{ —po+pu3=0; L', = cf(’lz — 1+ pe=0.
Complementary Slackness: p1(—aj) =0; pa(af —af) =0; us(aj —1)=0.
Dual Feasibility: pq, po, pg > 0.

Primal Feasibility: o > 0; o < ajy; a5 < 1.
Potential Candidate 1: (o}, =1,a; =0).

Complementary Slackness: p11 #0=a; =0; uo =0; us #0=aj =1.

. o _ / _ _cd(a* i ) v(at,at) _ _cd(l,O)’y(l,O). _ ’ _ cd(ajr,at)(1—pat)x(a} ,a*) _

Stationarity: ps = cfa;{ = };(ali*q,azﬁq L) — ooy M _cfaz = I Lg(oz}‘_l,ag) mop) _
cd(1,0)(1—p)x(1,0)
g(1,0) ’

Dual Feasibility: piz > 0 = 0200 <0 «= 4(1,0) <0 <= n/,, (1,0) < (1 —7(1,0))/(1 = p); 1 >

0 = “O0=PelO >0 = £(1,0)>0 < —n,, (1,0) < (1 —n(1,0)).

Primal Feasibility: o > 0; af <ajp; o <1

Notice that as long as —n, (1,0) > (1 — p)n,(1,0), this solution is a possible candidate whenever

=14, (1,0) < (1—n(1,0)).
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Potential Candidate 2: (o}, =1,a; € (0,1)).

Complementary Slackness: p1 =0; puo =0; puz #0=aj = 1.

Stationarity: ef; =0 = SRS = SRR =0 = sllai) =0 =
«)y — A=naz)). _ _cdlapap)y(ayay) _ _ cdlai)v(ar)
oy (Lap)) = 0 s = ey, = - T = Tty

cd(l,a7 )y(1,a7)

(A=p)n,, (Lal)
g(1,a7) ’

1-paj

Dual Feasibility: s >0 <= <0 <= 7(1,0;) <0 = -7, (L,a3) >

Notice that 11_”* <1
ot
Primal Feasibility: o >0 <= —n, (1,0) >1-n(1,0); a} <aj; aj < 1. We define the function v(ay) =
=1, (Liag)(I—ay) = (1—=n(1,a.)). We can see that v(0) >0 whenever —7/, (1,0) >1—n(1,0), and that
v(1) < 0. Since v(ay) is continuous in ay, € (0,1) it follows that there is at least one «} € (0,1) such that
v(ay) = 0. It follows that whenever —n/, (1,0) >1-n(1,0), upgrading is a candidate. We note that depending
on the structure of 7, it is still possible that upgrading is a candidate whenever —7., (1,0) <1-n(1,0). We

could easily impose further assumptions to avoid this case and to guarantee the uniqueness of a7}, however,

to preserve generality in our results we decide not to do so.
Potential Candidate 3: (a}; € (o},1),a; =0).

Complementary Slackness: p1 0= aj =0; pe =0; uz =0.

Stationarity: cfl. =0 <= cdlegrog)rlagel) — ) e HopOnlen0) _ o v(ay,0) =0 =

g(ay,at) g(a%;,0)
b oy 1mn(ad0) e ed(ady,ah)(1—pat)n(alah) _ ed(al,0)(1—pat)r(al,0)
Moy (@31, 0) = (paryat s M1 =Cfoy = g(atat) = 9(at0) :

cd(a%;,0)(1—pat; ) w(a;,0 * *
Dual Feasibility: p; > 0 <— i )(g<a;p,,5§) (037.0) >0 <= k(a},0) >0 —n;L(ozH,O) <(1-

PN, (@, 0).

Notice that as long as —7/, (aj;,0) >, (aj;,0), this does not hold.
Potential Candidate 4: (a}; € (a},1),a; € (0,a3)).

Complementary Slackness: 11 =0; pa =0; uz =0.

Stationarity: cf,, =0 <= cdlojpep)Qpaqnloqof) — () e= glad, o) =0 <= 1 — nay,al) =

g(at,at)
! ( * * )( k% ) f/ _ 0 — Cd(Q*HvDCZ)"/(a*HvOLE) _ 0 — Cd(a%,ai)’y(a%,cxz) _ O — ( * *) .
77aL aHvaL O‘H O‘L ; € a;{ - Q(QZNQE) - 9(“%7"‘2) - ’Y aHvaL -

(1—pai)

0 = 1-nlaj,ar) =m,, (@, ap)(a) — o)) T=ay

Since we have that aj > a7, we can see that this can never happen if —n,, (a3, a7) >n.,, (af,ar).
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Potential Candidate 5: (a}, =} €(0,1)).

Complementary Slackness: pi1 =0; pua #0=af; =ai; puz =0.

cd(ag o) (ogal) _  edlay.af)(1-pai)
glajpat) glaipat) :

Stationarity: pe = cf(;;{ =
Dual Feasibility: py >0 <— _cdlogrop)U—ray) 5 () sy —(1 = pa}) >0 which is never the case.

g(af.a})

Potential Candidate 6: (a}; =} =0).

Complementary Slackness: p1 0= a; =0; us 0= a3, =a}; us =0.

; o _ g1 _ cd(af,ap)v(ef,er) _ cd(0,0)
Stationarity: ps = cfa;{ = cGieD) =—50.0) "
Dual Feasibility: ps >0 < — cgd(((? ’00)> > 0 which is never the case.

Potential Candidate 7: (o}, =a} =1).

Complementary Slackness: 11 =0; uo #0=>af =ab; ps #0=aj =1.

_cd(af,ap)v(af,ar) - _ cd(1,1)(1—p)
glak,at) g(1,1)

Stationarity: ps = —cf(;z =

Dual Feasibility: ps >0 <—> —W = —(1—p) >0 which is never the case.

We can see that if -7/, (an,ar) >, (g, L), only candidates 1 and 2 comply with the KKT conditions.
This means that if —n., (am,ar) >, (g, o), then only an honor policy or an upgrading policy can be
optimal. Importantly, since we have that a}, =1 in both candidates, from Lemma 1} the o} € [0,1) that
minimizes the over-prioritization probability d;,(1,ar) =n(1,ar) +ar(1 —n(1,az)), minimizes the expected

delay cost in the system. ®
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Appendix E: A Numerical Analysis on the Performance of the Optimal Scheduling
Policy

In this section, we conduct a numerical analysis on the performance of the optimal a-policy (i.e., honor
policy or upgrading policy). For this, we first present a general expression for the expected delay cost in the
system under a given a-policy, 7., and under the First-Best (FB) policy i.e., the cu policy assuming fully

observable customer types, which amounts to prioritizing the H class:

T o’ )pHcH(l—p(l—5}2“))+chL(1—p52")
C & (5 a,(s Y) = p T ) 15
(03" 05°) <1_P pu(1—p(1—0z)) +pr(1—pd;*) (15)
? 1_p>+pLCL
CFB:< 14 >pHCH( ) 16
1=p) pu(l—=p)+pL (16)

Recall that 07 and 7, as in expressions and , represent the under and over-prioritization prob-
abilities that a given a-policy, 7, achieves. For example, expression can capture the cost under the
identified optimal a-policy, 7%, by setting Se=1- o and 5o = O(7(Aa*)) + aj (1 — ¢(7(Aa*))), where
Aa* = af — o) with of; and o} as described in Proposition [I} Recall that (af; =1,a} = 0) represents an
honor policy, and (a}; = 1,a} € (0,1)) represents an upgrading policy. Also, expression can capture the
cost under a FCFS policy by setting 7 =0 and §7~ =1 (or vice versa).

Percentage cost increase. To study the performance of a given a-policy, 7, we measure the percentage

cost increase that it yields in comparison to the FB policy:

_ O (8 07) =

CFB

T

r * 100. (17)

We note that under the optimal a-policy, 7, the under-prioritization probability is eliminated, 522 =0,
and the over-prioritization probability is 623 € (0,1). Based on this, we begin by studying some comparative

statics of r™ for a-policies, 7,, that achieve 7 =0 and §7= € (0,1). Note that this includes 7.

PROPOSITION 3. Let 7, be an a-policy that for fited (g, ar) achieves 07 =0 and 67> € (0,1), and let
r™ be the percentage cost increase that it yields in comparison to the First-Best policy in expression .
For pe (0,1), py € (0,1), and cyg > ¢, >0, we have the following properties:

e 7™ qncreases in cy and decreases in cy,.

e r™ s a unimodal function of py, with a unique mazimum at py € (0,1). Moreover, we have that

lim r™ =0 and lim r™ =0.
pg—0 pg—1
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e 1™ is a unimodal function of p, with a unique mazimum at p € (0,1). Moreover, we have that lim r™ =

p—0
0 and lim r™ =0.
p—1
PRrROOF. The expression for the percentage cost increase is given by:
C7o (§7 §Te) _ CFB
Ta — ( H éFLB) " 100
— O +07(1—
_ (cu —c)puprp(d5 + 017 (1 —p)) «100. (18)

(prcu(l—p)+pren)(pa(l—p(1—=65)) +pL(l—pdi*))

From we can easily see that lim r™ =0, lim r™ =0, and lim 7™ =0. For policies that perform

p—0 pg—0 pg—1
: To To y : Ta — (cH—cL)PH™
better than FCFS (i.e., 65 + 07> < 1), from we can observe that })LII% T = T L 1T * 100.

Upon further inspection, we can see that for any policy m, that achieves d7 =0 and §7* < 1, we have that

rra — (cg—cL)PupLPS; (1—p)
(prea(1—p)+prer)(pu(1—p)+prL(1—ps7>))

+ 100, and thus lirI} r™ = (. We note that this is always the case
p—
for both an honor policy and an upgrading policy. In contrast, consider a FCFS policy (i.e., dz =0 and
6y =1) from we can see that lin} rFOFS = % * 100.
p—

Based on expressions (15)- (18], for policies that achieve 67 =0 and 07~ € (0,1), after some algebraic

manipulations we can see that for p € (0,1) and pg € (0,1):

orme cL07*puprLp(l—p)(1— ppp)
- 100 > 0, 19
den ~ men(L—p) + pres2on(l—p) +pr(1—p77)) " (19)
Orme cudr”pupLp(l—p)(1 — ppu)
- 100 < 0, 20
der = Gmen(L—p) 4 presPon(l—p) +pr(1—p5)) " 20)
Orme (cg —cL)pupLdi®k(p)
- 100, 21
9p  (puen(1—p) +pren)?(pu(l—p)+po(1—pop=))® 1)
k(p) =pucu(1—p)? +prec(1—p(2 — p(pu +pLoi*))), (22)
o
l;(pp) =—=2(pucu(1—p)+pren(l —p(prdi™ +pw))) <O0. (23)
Or7e (e — CL)P<1 - P)(SEQV@H)
- 100, 24
3om ~ (omen (0 —p) - poes)2 (L — ) + ool 652 " @9
v(pr) =cL(1—pu)*(1 = pdi®) — capf (1 —p)?, (25)
B
gg);) =—2(pucu(l—p)* +prec(l—pd*)) <0. (26)

Note that x(0) = pgey +prep >0, k(1) = —cpp? (1 — 52‘*’) <0, and that a';(pp) < 0. Then, since k(p) is a

continuous function of p, we conclude that there exists a unique p € (0, 1) such that «(p) = 0 and consequently

a unique p € (0,1) such that % = 0. Since % is positive below p € (0,1) and negative above it, we
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conclude that p € (0,1) maximizes r™. Similarly, note that v(0) =c (1 — pdf*) >0, v(1) = —cy (1 —p)? <0,
and that %p:’) < 0. Then, since v(pg) is a continuous function of pg, we conclude that there exists a unique
pa € (0,1) such that v(py) =0 and consequently a unique pz € (0,1). Since % is positive below py € (0,1)

and negative above it, we conclude that py € (0,1) maximizes r™. W

Interestingly, Proposition [3]shows that the percentage cost increase metric is unimodal in system congestion
and that for sufficiently high levels of congestion, p > p, the performance of the considered a-policies gets
increasingly closer (as p increases) to that of the FB policy. The intuition comes from Lemma |l which states
that as congestion increases, the delay cost in the system is increasingly dominated by the under-prioritizing
probability d7* (rather than the over-prioritization 7). When system congestion is sufficiently large, p > p,
the percentage cost increase metric 7™ decreases since we have that é7* =0 and that the over-prioritization
errors §7° becomes increasingly (as congestion increases) negligible compared to the total waiting cost in the
system. Also, Proposition [3] shows that the percentage cost increase metric is unimodal in the proportion of
H type customers and that for very low or very high pp levels, the performance of the considered a-policies
approaches that of the FB policy. Intuitively, if there is only one type of customer, the delay cost in the

system cannot be modified through scheduling.

E.1. Numerical Analysis

Given the properties of the r™ metric, we conduct a numerical analysis to gain further insight into the
performance of the optimal a-policy and its dependence on customer misreporting behaviour. For this,
we assume that customers misreport with probability ®((Aa)?), where 6 ~ Exp(y) so that ®((Aa)?) =
1 — e (A" We consider such a functional form for different reasons. First, such a proposed specification
is flexible as it allows the function ® to depend on its argument in a linear, strictly concave, or strictly
convex fashion through the parameter . Second, in Appendix we show that such specification achieves
a good fit to our experimental data and good out-of-sample predictive ability. Third, based on Proposition
such a specification allows to compute the optimal policy easily: Honor policy is optimal whenever ¢y <1,
and upgrading is optimal otherwise. In particular, the optimal upgrading probability is the unique a that
solves 1 — py(1 — a)? =0, which can be easily computed numerically. Finally, such a specification presents
a natural interpretation for its parameters in terms of lying behaviour: Populations with higher ¢ are more

responsive to upgrading, in the sense that, for ¢ =0, misreporting is not affected by upgrading at all, and
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for any level of upgrading, higher values of ¢ > 0 correspond to lower levels of misreporting. Also, higher ~
values represent more dishonest populations since for the exponential distribution we have that the expected
lying aversion is E[f] = 1/~. This provides intuitive and parsimonious insights in the discussion of the results.

In our numerical analysis, we consider different values for system parameters cy,cp,py,pr,p and misre-
porting behaviour parameters v and ¢. In Figures |3| - [5] we report the results of representative examples
where ¢ € {1,3,5} and v € {0.2,1,2}. For these v values, the misreporting prevalence in the absence of
upgrading, i.e., ®(1), is equal to 0.18,0.63, and 0.86, respectively. In particular in Figure |3} we keep ¢y =
5,¢;, = 1,pyr = 0.5 fixed and vary p € (0,1). In Figure 4] we keep cyx = 5,¢;, = 1,p = 0.85 fixed and vary
pr € (0,1). And finally, in Figure |5, we keep ¢, = 1,p, =0.5,p = 0.85 fixed and vary ¢y € [2,500]. Figures
- |5| show the percentage cost increase over the FB policy achieved under the optimal a-policy, and under a
FCFS policy for comparison - this comparison allows us to understand the value of using customer claims
for their scheduling. Recall that the optimal a-policy can be either an honor policy (i.e., a}; =1,aF =0) or
an upgrading policy (i.e., a3 =1,a3 € (0,1)). Thus, to illustrate the difference between these two, in Figures
[3]- F] we also present the percentage cost increase of the honor policy even when this policy is not optimal.

Results and Discussion. Recall that the parameters ¢ and - capture, respectively, the two factors that
determine the optimal a-policy: (1) the responsiveness to upgrading, and (2) the level of dishonesty in a given
customer population. From Proposition [1} we know that upgrading is optimal whenever the semi-elasticity
—8(1) > 1 if, and only if ¢y > 1, and an honor policy is optimal otherwise.

First, for a fixed v and sufficiently high ¢ (i.e., ¢y > 1), the optimal a-policy is an upgrading policy.
In particular, we can see in all Figures [3] - [5] that as the parameter ¢ increases, the performance of the
optimal upgrading policy gets closer to the FB policy. This happens since populations with higher ¢ are
more responsive to upgrading. The optimal a-policy is an upgrading policy also for fixed ¢ and sufficiently
high v (i.e., ¢y > 1). In this case, we can see that as v increases, the performance of upgrading in comparison
to an honor policy improves. Since higher ~ values represent more dishonest populations, i.e., E[f] =1/,
this suggests that upgrading policies are well warranted for more dishonest populations.

For a fixed ¢ and sufficiently low v (i.e., ¢y < 1), the optimal a-policy is an honor policy. In particular,
we can see in all Figures [3]| - [b| that in this case such policy captures most of the potential improvements
(i.e., it is very close to the FB policy). This happens since an honor policy provides full priority to those

that make H claims, and when customers are very honest this is similar to the FB policy where H types are



Rodriguez, Ibrahim, and Zhan: On Customer (Dis)honesty in Unobservable Queues
Article submitted to ; manuscript no. (Please, provide the manuscript number!) 75

provided full priority. More generally, as v decreases, we can see in all Figures|3|- [5] that the performance of
the optimal a-policy (either honor policy or upgrading) improves since lower ~ values represent more honest
customer populations.

Overall, we see that the optimal a-policy performs well under the considered parameters. From Figures
- bl we see that the optimal a-policy yields well below the 50% cost increase and does not change much
as p, pu, and ¢y change. Moreover, based on the considered parameters, we see (in Figure [5| for parameters
¢y =500,¢, =1,py =0.5,p=0.85,7 =2 and ¢ = 1) that the highest difference between the optimal «-
policy and the FB policy is given by 150% cost increase (i.e., a cost that is 2.5 times higher than the FB
policy). Following this, to get a better sense of a worst-case type of performance for the optimal a-policy, we
numerically compute the values for py and p that maximize the percentage cost increase given the parameters
ey =500 and ¢, =1 for each of the ¢ € {1,3,5} and v € {0.2,1,2} pairs. In Table [15| (a), we show such a
maximum percentage cost increase. Moreover, as a comparison, in (b) we present the percentage cost increase
that the FCF'S policy yields at the same identified parameters py and p.

We can observe from Table [15] that, due to customers’ lying aversion, Managers can considerably improve
the performance in the system by using customers’ own claims. For example, in (a) we see that the optimal
a-policy can yield up to a 363.08% cost increase over the FB policy (i.e., a cost that is 4.63 times higher than
the FB policy), while for the same system parameters, a FCFS policy yields a 4711.02% increase (i.e., a cost
that is 48.11 times higher than the FB policy). We note that these worst-case performances are calculated
under “extreme” conditions (e.g., ¥ =2 represents a customer population where 86% of L types misreport).
Of course, it remains that the performance of the optimal a-policy depends entirely on customers lying costs,

such that in the unrealistic case where everyone misreports, its performance will be the same as under FCFS.

Table 15 Maximum percentage cost increase over the FB policy for ciy =500,cz =1,y=2and p =1

(a) Optimal a-policy (b) FCFS
p=>5 p=3 p=1 p=>5 p=3 p=1
~v=0.2|20.06% | 20.06% | 20.06% v =0.2|2347.12% | 2347.12% | 2347.12%
v=1 [61.08% | 89.37% |148.74% v=1 [2735.11% | 2975.03% | 3425.23%
y=2 |82.77% | 133.58% | 363.08% y=2 [2921.61% | 3313.43% | 4711.02%
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Figure 3 Percentage cost increase over the FB policy under optimal a-policy, honor policy, and FCFS policy for
different levels of system congestion p.
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Figure 4 Percentage cost increase over FB under optimal a-policy, honor policy, and FCFS policy for different
levels of H type proportion pgr.
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Figure 5 Percentage cost increase over FB under optimal a-policy, honor policy, and FCFS policy for different
levels of H type delay sensitivity crr.
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Appendix F: A Numerical Analysis of the Optimal Policy when Misreporting
Depends on Waiting Times

In this work, we have experimentally shown that misreporting behaviour depends on the routing probabilities
and does not vary as the difference in waiting times between queues, AW, changes. In consequence, we
have modelled the misreporting probability in line with such empirical observations and derived the optimal
scheduling policy in Proposition[I} To better understand the impact of capturing such empirical observations
in our model, in this section, we study how the identified policy in Proposition [1| performs if the difference
in waiting times did actually influence misreporting behaviour. To do so, we consider two of the common
models in the literature described in §5.2l We consider that the underlying true misreporting behaviour is

consistent with a fized lying cost and a quadratic lying cost model, respectively. Based on such models, we

have seen in that customers best respond by misreporting with probabilities:

[fixed] P(Y=y|X=2)= (czAaAW> for y#ux, (27)
. 1
[quadratic] P(Y =y|X =2)=97 (@AaAVV) for y#ux, (28)

where Aa = o, — o, and AW =W, — W;. These models allow to study the impact of AW in two directions:
In a fixed cost model, misreporting increases in AW, while in a quadratic model, it decreases in AW. For
our numerical analysis, we consider the case in which 6 ~ Exp(v), such that the best response misreporting

probability under a fixed cost model is given by ®(c, AdAW) =1 — e recAaAW

, and under a quadratic cost
model by ®(1/c, AaAW) =1 — ¢~ =BasW

For those considered lying cost functions, the misreporting probability in equilibrium (denoted by 7), arises
from the solution of a fixed point problem. For the fixed lying cost case, we have that n = ®(c,AaAW).
For the quadratic lying cost case, we have that n = ®(1/c,AaAW). These represent fixed point problems

0
w(l=p)(1—p1)’

since the difference between waiting times in our M/M/1 system (see :D AW =
p(pa(1—=061)+pLdr(n)), is itself a function of the equilibrium misreporting probability. In particular, focusing
on the case in which L type customers are those that have the incentive to misreport (i.e., ay > ay), we
have that p; = p(pran +pr(ar +nAa)). Recall that for any oy < ar, L type customers are given priority
over H type customers, and since cy > ¢, the waiting cost in the system is higher than in a FCFS policy.
Also, for ay = ay, irrespective of customers’ claiming behaviour, the waiting cost in the system is equal to

a FCF'S policy.
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For both lying-cost functions, we solve for the customer equilibrium numerically. We also identify the
optimal a-policy numerically with the use of nloptr package in R. That is, we identify the routing probabilities
o and o that minimize the waiting cost in the system, when customer misreporting behaviour is in line
with the fixed and quadratic lying cost models.

As mentioned above, our main objective is to understand how the identified policy in Proposition
performs under the case in which the difference in waiting times, AW, does influence misreporting behaviour.
Moreover, we are interested in studying how bad is the performance of the identified policy in Proposition
in comparison to the optimal a-policy. For this, we derive policies that assume (incorrectly) that customers
misreport with probability ®((Aa)?), where 6 ~ Exp(y) so that ®((Aa)?) =1 — e (A9 As described
in Appendix [E] among other benefits, this functional specification presents a natural interpretation for its
parameters in terms of lying behaviour: Populations with higher ¢ are more responsive to upgrading, and
higher 7 values represent more dishonest populations.. Since the true misreporting behaviour, in this analysis,
is indeed affected by the difference in waiting times, we call such policies naive policies. Based on Proposition
under the incorrect assumption that misreporting is given by 1 — e~ 7(2*)” such naive policies are given
by: honor policy whenever ¢y <1, and upgrading otherwise, with upgrading probability as the unique o}
that solves 1 —py(1 —a})? =0.

In line with the numerical analysis in Appendix [E] we study the performance of a policy in terms of
the percentage cost increase that it brings in comparison to the First-Best (FB) policy (see Appendix
for details). Also, to study the performance of the naive policies in comparison to the optimal a-policy, we
compute the percentage cost increase that a naive policy brings in comparison to the optimal a-policy. In our
numerical analysis, we consider different values for system parameters cy, pg, p and misreporting behaviour
parameters v and . In Figures|[f]- we report the results of representative examples. In particular, for the
fixed and quadratic models respectively, in Figures [6] and [9] we keep ¢y =5,¢;, =1,py = 0.5 fixed and vary
p €(0,1). For the fixed and quadratic models respectively, in Figuresand we keep cg =5,¢, =1,p=0.5
fixed and vary py € (0,1). Finally, for the fixed and quadratic models respectively, in Figures [§] and u we

keep ¢, =1,py =0.5,p =0.5 fixed and vary cy € [2,500].
F.1. Results and Discussion

Figures |§| - show the results of the analysis for different v € {0.2,1,2} values for the optimal a-policy,

and for different v € {0.2,1,2} and ¢ € {1,3,5} values for the naive policies. In particular, Figures |§| -



Rodriguez, Ibrahim, and Zhan: On Customer (Dis)honesty in Unobservable Queues
Article submitted to ; manuscript no. (Please, provide the manuscript number!) 81

show, in the first row, the identified optimal a-policy and the naive policies. In the second row, they show
the misreporting probability that arises in equilibrium under those policies. In the third row, they show
the percentage cost increase that those policies yield over the FB policy. We also include the percentage
cost increase that a FCFS policy achieves over the FB policy for comparison - this comparison allows us to
understand the value of using customer claims for their scheduling. Finally, in the last row, Figures [f] -

show the percentage cost increase that the naive policies and a FCFS policy yield over the optimal a-policy.

Fixed lying cost model. We find that the optimal a-policy is either an honor policy (i.e., aj; =1 and

a; =0) or an upgrading policy (i.e., aj; =1 and «j € (0,1)). The difference between this optimal policy and
the one derived in Proposition [1} is that we that the conditions under which upgrading is optimal, and the
actual upgrading level, all depend on system parameters. This happens since under the fixed lying cost model,
misreporting depends on waiting times. We have numerically observed that other types of partial priority
policies (e.g., 1 < ay < ay, < 0) can achieve optimality as well, i.e., the optimal policy is not necessarily
unique in this case. To illustrate the parallel between an optimal a-policy and the one derived in Proposition
we report here the upgrading policy that indeed achieves optimality. In particular, from Figure [6] we
see that in the optimal a-policy, an honor policy is optimal for sufficiently low levels of congestion, and an
upgrading policy (whose upgrading level increases in system congestion) is optimal for sufficiently high levels
of congestion. This follows since we observe that customer misreporting probability in equilibrium increases
in p, and higher levels of the upgrading probability, o, induce more honesty. Also, from Figure [7] we see
that when an upgrading policy is used, the upgrading level increases in the proportion of H types. This
follows since we observe that customer misreporting probability in equilibrium increases in py and higher
levels of the upgrading «; probability induce more honesty.

In terms of performance, we can see from Figures[f]- [8 that the optimal a-policy always performs better
than FCFS, and that naive policies perform better than FCFS for most considered system parameters. We
note that under a fixed cost model, for a sufficiently high congestion level, it is possible for all customers
to misreport in equilibrium. If all customers misreport, then the delay cost in the system is equivalent to
the one under a FCFS policy. The optimal a-policy allows to perform better than a FCFS scheme, since
it upgrades more customers as congestion increases. Having said this, we note that the naive policies and

the optimal a-policy provide a similar percentage cost increase over the FB policy across the considered
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system parameters. Indeed, we further note that the percentage cost increase that the naive policies yield
over the optimal a-policy is close to 0. Finally, we see that changes in the parameter ¢ have little effect on
the performance of the naive policies.

In Appendix [E] we had seen that the benefits of using customer claims for the performance of the system
were particularly relevant under high levels of system congestion. In the case of a fixed lying cost model,
since misreporting increases in system congestion, such benefits become less relevant. Indeed, we can see that
for high system congestion, the performance of all considered policies (including FCFS) are very similar.
This result highlights the managerial value of the experimental finding that misreporting behaviour does not
increase in AW (see . Under this identified misreporting behaviour property, and in light of the results

under a fixed cost model, the relevance of using customer claims for their scheduling is accentuated.

Quadratic lying-cost model. In the case of a quadratic lying cost, we can observe in Figures [J] -
that for all the considered system parameters, the optimal a-policy is an honor policy (i.e., af = 1,a3 =0).
This happens because we observe that the customer misreporting probability in equilibrium decreases in ay
and increases in the «; probability.

In terms of performance, we can see from Figures[J]- that the optimal a-policy and the naive policies
perform better than FCFS for most considered system parameters. We note that under a quadratic cost
model, for a sufficiently low congestion level, it is possible for all customers to misreport in equilibrium. If all
customers misreport, then the delay cost in the system is equivalent to one under a FCFS policy. Importantly,
we see that for sufficiently high levels of system congestion, the optimal a-policy and the naive policies
provide good system performances. This happens because we can observe that misreporting behaviour in
equilibrium decreases in system congestion. We also note that the naive policies and the optimal a-policy
provide a similar percentage cost increase over the FB policy across the considered system parameters.
Indeed, we further note that the percentage cost increase that the naive policies yield over the optimal
a-policy is close to 0. The performance loss from naive policies arises when customers are upgraded. Since
in this case, upgrading does not incentivize more honesty, this control only increases the over-prioritization
probability. Finally, we see that changes in ¢ have little effect on the performance of the naive policies.

Overall, we observe that the identified optimal a-policy in our numerical analysis is very similar to the one

derived in Proposition [I} For a quadratic lying cost model, it is an honor policy (i.e., af =1,a} =0), and
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for a fixed lying cost model, it is either an honor policy or an upgrading policy (i.e., a; =1 and a7 € (0,1))
where the actual upgrading level depends on system and lying behaviour parameters. We recall that because
waiting times do not affect misreporting behaviour in Proposition [I} system parameters do not play a role
there. Finally, for the optimal a-policy and naive policies, in the fixed (quadratic) lying cost case, an increase
in AW affects their performance negatively (positively) since misreporting increases (decreases) in system
congestion. Ultimately, the performances of all of these policies depend strongly on the level of honesty in
the customer population. Importantly, in both of the fixed and quadratic lying cost cases, even though naive
policies ignore the effect of waiting time on misreporting behaviour, we see that they allow to bring most of

the benefits from the optimal a-policy.
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Figure 6 Numerical results under fixed lying cost model for different levels of system congestion p.
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naive policies.
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Figure 7
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Figure 8 Numerical results under fixed lying cost model for different levels of H type delay sensitivity cg.
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Figure 9 Numerical results under quadratic lying cost model for different levels of system congestion p.
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Figure 10 Numerical results under quadratic lying cost model for different levels of H type proportion pg;.
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Figure 11 Numerical results under quadratic lying cost model for different levels of H type delay sensitivity czr.
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Appendix G: A Simulation Analysis on Data-driven Heuristics for the
Identification of the Optimal Upgrading Policy

We have seen in Proposition [1| that the optimal upgrading policy (ax = 1,a; € [0,1)) depends on the
functional form of L type customers’ misreporting probability P(Y = H|X = L), which for simplicity we will
denote as n(«y). However, in practice, such functional form may be unknown to the Manager, and the only
available information is customers’ claim data: sets of binary claims (i.e., L and H claims) in response to
different oy, values. We envision that the Manager would use different a;, values, leading to different lying
proportions, in order to be able to estimate the underlying (unknown) customer lying behavior. Then, using
such estimates, the Manager can determine the optimal «; that should be used. In light of this, we study
how the Manager can set the optimal upgrading policy based on claim data alone.

Claim data: We assume that in the claim data, there are K different o values (indexed as af for
k=1,---,K), and for each of them there are n independent binary claims (indexed as n* for k=1,---, K).
Moreover, we assume that the Manager knows the proportion of H types py in the population, that H
types always claim their type, and that L types misreport with a probability according to the unknown
n(ar) function. Based on this, we have that for each k, the total number of H claims, N}, ~ B(n*,py + (1 —

pr)n(ak)), is a binomial random variable.

G.1. Proposed data-driven heuristics

We propose different data-driven heuristics to determine the optimal upgrading policy and conduct a simu-

lation analysis to asses their performances.

Structural estimation heuristic. We propose to use ®((Aa*)?) = ®((1 — ak)?) (recall that we assume
that ay =1) with 6 ~ Exp(y) as a model for the unknown misreporting probability of customers, where the
parameters ¢ and «y are estimated from the claim data. We propose such functional form as it is flexible and
allows to easily identify the optimal policy. Let n* be the total number of claims and n¥, the realized number

of H claims, for a given of. Given some claim data, it follows that the log-likelihood is:

nk nk nk_nk
L(p,y) =Y log( <nk )pzf’(l —p)" ),
k H
where pi(p,7) =pur + (1 —pu)P((1 — ok )?). We estimate the parameters ¢ and 4 that maximize £. Once we

compute such parameters, we can define the estimated upgrading policy «;, based on Proposition [} o, =0
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if —=S§(1) <1 <= ¢% <1, otherwise if ¢§ > 1, the optimal upgrading probability is the unique o/}, that solves

1+ (1—ad)S(1—dy)=0 <= 1—¢%(1 —d.)?=0. We can easily solve for such o;, numerically.

Stochastic approximation heuristics. We construct two simple heuristics based on algorithms used
to approximate extreme values of a function e(z) = E[F(x)] that cannot be computed directly, but only
estimated via noisy observations from a random variable F'(z), depending on a parameter z. In our analysis,
since we assume that we do not have downgrading nor down-reporting, we have that there is no under-
prioritization error, i.e., §5 = 0. Based on this and based on Lemmall] it follows that the waiting cost in the
system is minimized at the «; that minimizes the over-prioritization error 6, = o, +n(a)(1 — ay). Notice
that since n(ay) cannot be directly measured (because for a given number of H claims, the Manager does
not know which particular customers are honest and which ones are dishonest) we have that §; cannot be
directly measured. We can see that stochastic approximation is well suited for our setting since we want to
identify the aj, that minimizes the function d;, and such function d; cannot be directly measured. As a first
step, we construct F(Nf, a%) such that E[F(Nf, o)) =d.(ak):

k k
n* — Ng

F(Nﬁ,ai)=a’z+(1—m)(l—a’z),

kN k nk—E[NfI] k

E[F(NH’aL)]_aL+(1_m)(l_aL)
ot et e+ (A —p)n(ah)) g

=af +n(af)(1—af)=dr(af).

In particular, we study the performance of two heuristics based on a simple Random Search algorithm
and the Kiefer-Wolfowitz (KW) algorithm. The objective is to calculate an estimate, oy, of the optimal
upgrading probability, a}, which minimizes J§;. In our random search heuristic, we draw independently
an of from UJ0,1] for each k=1,2,--- K. Then, for each a%, we collect n* claims, observe the realized
number of H claims n%, and based on these compute F(n a%), which represent the realized values for
F(N},a%) in the data. We define the estimated upgrading policy o as the of that yields the lowest

F(n%,a%). The KW algorithm is a gradient-like method that uses finite differences to select o iteratively:

F(mby ok o) —F(l 0k —vy)
2vg,

k+1 _ Kk
ap = af —z(

), where v, = £k1/3 represents a sequence of finite difference widths

for the gradient approximation, z, = k! represents a sequence of step sizes taken along the direction of the
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gradient, m¥, is the realized number of H claims for a% + vy, and [%; is the realized number of H claims for
ak —wv,; see Kiefer and Wolfowitz (1952)) for further details. If of + v, > 1, we use (1 — v;) and evaluate
observe realization of F(N},1—wv,) in the data. Similarly, if of —v, <0, we evaluate we use v, and evaluate
observe realization of F(NE v,) in the data. Based on the iterative rule, this process continues for K/2
iterations. We define the estimated upgrading policy oy, as the last computed af .

We focus on the heuristics above as they are simple and represent different ways to use claim data to
identify the optimal upgrading policy. One benefit of the structural estimation heuristic is that it allows the
Manager to freely select any set of upgrading policies to investigate af. In contrast, the proposed stochastic
approximation heuristics restrict the way in which data is collected. Indeed, the random search heuristic
requires random selections of a¥, and the KW heuristic as a gradient-like method iteratively defines the
af. Based on this, another benefit of the structural estimation heuristic is that it can be used for already
existing data sets. On the other hand, one benefit of stochastic approximation heuristics is that they do not
require the Manager to assume a particular functional form to fit the unknown misreporting probability.
Finally, we note that one advantage of both structural estimation and random search heuristics is that they
can experiment with all defined % at once, while the KW requires a sequential one-by-one process. Overall,
while the above represent important considerations for Managers, ultimately, we are interested in assessing

their performance to identify the optimal upgrading policy.

Random Guess Benchmark. As a baseline for the performance of the mentioned heuristics, we evaluate

the performance of a random guess: The estimated upgrading policy «, is randomly drawn from U[0,1].

G.2. Simulation Analysis

To assess the performance of the proposed heuristics, we conduct a simulation analysis where we consider

different functional forms and parametrizations for customers’ misreporting probability n(«y,). In particular,

we consider the following 4 functional forms with their respective parametrizations: (1) 2®(1 — ) where

® is a beta CDF with parameters a € {1,5}, b€ {1,3} and c € {1.25,2,5}; (2) #jfﬂﬁ a functional
¢ @ oL

form based on Tversky and Kahneman| (1992) probability weighting function, with g € {0.5,0.75,1,2} and

c€{1.25,2,5}; (3) %e_(_logu—%))d a functional form based on [Prelec| (1998) probability weighting function,

with d € {0.2,0.5,1,1.5} and c € {1.25,2,5}; and (4) ®((1 — or)¥) where ® is an exponential CDF with
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parameters ¢ € {0.5,1,3,5} and v € {0.223,0.693,1.609}. Table summarizes all considered functional
forms and parametrizations with their respective true optimal policy a; and true achieved over-prioritization
probability d; based on such optimal policy. We select such functional forms and parametrizations to capture
customer populations that differ in their misreporting levels at «;, =0, and in the convexity/concavity of
their misreporting probability as a function of upgrading. In particular, we note that functional specification
(4) is the same as the one considered in the structural estimation heuristic. This serves as a baseline to study
the relative performance of the structural estimation heuristic in the remaining cases.

For a given functional form and parametrization, we fix some values of n* and K. For simplicity, we study
the case in which n* =n, that is, the case in which all n* are the same for all k. Depending on the heuristic
used (each heuristic uses different o as described above), we randomly generate a synthetic data set based
on NF ~ B(n*,py + (1 —py)n(ak)) for each k. For the purposes of this analysis, in the structural estimation
heuristic, for a given K the a¥ are selected such that a} =0 and of =o' + % Based on the K generated
data sets, a particular heuristic under consideration provides an estimated optimal policy «;. We call this
a run of the estimation procedure (i.e., the generation of an estimated optimal policy «;, based on K data
sets). Since we know the true n(a;), we compute the absolute error of the estimated policy «; and the
true optimal policy o in each run of the estimation procedure. We also compute the absolute error of the
achieved over-prioritization probability 6, = oy, + n(cd)(1 —ay) based on the estimated policy and the true
optimal 0} = o +n(a})(1 —aj). We do this since the waiting cost in our model, as described in Lemmal]
is directly driven by the over-prioritization probability §;, and since policies closer to a} do not necessarily
yield over-prioritization probabilities closer to ;. We note that we do not asses the performance of the
heuristics based on deviations between the achieved and the optimal waiting cost directly. This is because
such deviations also depend on system parameters (e.g., for the same absolute error in over-prioritization,
waiting cost deviations increase in p).

For a given parametrization, we run the estimation procedure a 1000 times and, to get an average measure
of the heuristics performance in a given functional form, we compute the mean absolute error (MAE) of the
aforementioned metrics across parametrizations (for each functional form). To clarify, since a given functional
form consists of 12 different parametrizations, and for each parametrization we run the estimation procedure
a 1000 times, this means that the MAE represents the average of 12,000 absolute errors. We repeat this

process for all considered functional forms and for different values of py € {0.2,0.5,0.8}, K € {6,50,100} and
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Table 16 Considered functional forms and parametrizations

Form a b ¢ g d v ¢ Trueaj True o} Form a b ¢ g d ¥ ¢ True aj True d;
(1 11 5 - - - - 0.000 0.200 3 - - 5 -02 - - 0.013 0.143
(1 13 5 - - - - 0.000 0.200 3 - - 5 -05 - - 0.012 0.189
(1) 51 5 - - - - 0.036 0.197 3 - - 5 -1 - - 0.000 0.200
(1) 53 5 - - - - 0.000 0.200 3 - - 5 - 15 - - 0.000 0.200
(1) 11 2 - - - - 0.000 0.500 3 -- 2 -02 - - 0.043 0.323
(1) 13 2 - - - - 0.000 0.500 3 -- 2 -05 - - 0.084 0.425
(1) 51 2 - - - - 0197 0.331 3 - - 2 -1 - - 0.000 0.500
(1) 53 2 - - - - 0.000 0.500 3 - - 2 -15 - - 0.000 0.500
(1) 11125 - - - - 0375 0.688 3 - - 125 - 02 - - 0.089 0.480
(1) 13125 - - - - 0.000 0.800 3 - - 125 - 05 - - 0.210 0.599
(1) 51125 - - - - 0.269 0.391 3 - - 125 - 1 - - 0.375 0.688
(1) 53125 - - - - 0470 0.588 3 - - 125 - 15 - - 0.506 0.725
2 - - 5 05 - - - 0.021 0.172 4 - - - - - 0223 05 0.000 0.200
2 - - 5 07 - - - 0.003 0.199 4 - - - - - 0223 1 0.000 0.200
2 - - 5 1 - - - 0.000 0.200 4 - - - - - 0223 3 0.000 0.200
2 - - 5 2 - - - 0.000 0.200 4 - - - - - 0223 5 0.022 0.199
2 - - 2 05 - - - 0.08 0.366 4 - - - - - 0693 05 0.000 0.500
2 - - 2 07 - - - 0089 0.465 4 - - - - - 0693 1 0.000 0.500
2 - - 2 1 - - - 0.000 0.500 4 - - - - - 0693 3 0216 0.439
2 - - 2 2 - - - 0.000 0.500 4 - - - - - 0693 5 0.220 0.361
(2) - - 125 05 - - - 0.163 0.515 4 - - - - - 1609 05 0.000 0.800
(2) - - 125 075 - - - 0.271 0.647 4 - - - - - 1609 1 0.379 0.771
2 - -125 1 - - - 0375 0.688 4 - - - - - 1609 3 0.408 0.576
2 - - 125 2 - - - 0444 0.637 4 - - - - - 1609 5 0.341 0.460

Note: a values are identified numerically with a simple exhaustive search and presented values for a3 and J; are rounded to
3 decimal places.

n € {50,250,1000} (recall that for simplicity we study the case in which n* =n). We present the results of
the simulation analysis in the following Tables
G.3. Results and Discussion

First, we can see that for all considered functional forms, the random guess benchmark yields a policy that

deviates approximately 41 percentage points (on average) from the true optimal policy. This, in turn, trans-
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lates into an over-prioritization that deviates approximately 22 percentage points (on average) from the true
minimum achievable over-prioritization probability. We can see that, for all functional forms, parametriza-
tions, and values for py, K, and n, all considered heuristics perform better than such a random guess
benchmark. This shows that the proposed heuristics indeed manage to leverage customers’ claim-data to
define a better scheduling policy.

We note that, for a fixed K, the performance of the structural estimation heuristic, both in terms of the
provided policy and the achieved over-prioritization probability, improves as n increases, in all functional
forms. In contrast, only for functional form (4), for a fixed n, the performance of the heuristic improves
as K grows larger. For functional forms (1)-(3), for a fixed n, the performance of the heuristic does not
always improve as K grows larger. Moreover, we see that the performance of the heuristic in functional form
(4) is overall better than in the rest of the forms, (1)-(3). This is intuitive since as mentioned previously
this heuristic calibrates the same model as the one used in functional form (4). Importantly, we can see
that for functional forms (1),(2),(3), and (4) respectively, this heuristic provides in the worst case an over-
prioritization probability that deviates on average no more than 3.1, 4.4, 7.2, and 2.5 percentage points from
the true optimal §;. This shows that the proposed functional form in the heuristic is flexible enough to
provide good performance even when the used model is not the same as the underlying true misreporting
probability.

We observe that the performance of the stochastic approximation heuristics, both in terms of the provided
policy and the achieved over-prioritization probability, improves as more data is available in all functional
forms. In particular, we see that for a fixed n, the performance improves as K increases. Similarly, for a fixed
K, the performance increases as n grows larger. We observe that for lower values of n and K, the random
search heuristic performs better than the KW heuristic, and for sufficiently large values of n and K, the KW
heuristic performs better than the random search heuristic, although this improvement is relatively small.

When comparing the heuristics, we can see that for low to medium n and K values, the structural
estimation heuristic performs better (both in terms of the provided policy and the achieved over-prioritization
probability) than the stochastic approximation heuristics, and for high n and K values the performance of
all heuristics is roughly similar. Finally, we can observe that in general, the performance of all heuristics
improves as py decreases, that is, as the pool of true L type customers (which are those that may misreport)

increases.
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Based on our simulation results, as a general guideline we suggest using the proposed structural estimation
heuristic to identify the optimal policy, especially when the Manager does not have the possibility to collect
large amounts of data. Only if the Manager can collect large amounts of data we suggest using the stochastic
approximation heuristics. Indeed, we note that for all functional forms, and for n = 1000 and K = 100 the
stochastic approximation heuristics are able to identify policies that provide in the worst case an over-
prioritization probability that deviates on average no more than 1.6 percentage points from the true optimal
07 . Finally, while the KW heuristic performs better than the random search heuristic for large amounts of
data, we propose to use the random search heuristic as such improvement is relatively small and because the
random search heuristic is easier to implement and does not require sequential data collection as in the case
of KW.

Overall we have shown that Managers can use claim data to set the optimal upgrading policy when the
underlying functional form of the misreporting probability is unknown. However, we want to emphasise
that we have focused on simple heuristics for the purpose of illustrating different data-driven approaches.
With this in mind, we highlight that the derived results and suggestions in this analysis should be taken
as initial/general guidelines for Managers, where further steps are well warranted to improve the observed
performance. In the case of the structural estimation heuristic, the investigated functional form was selected
as it is parsimonious, allows to retrieve the optimal policy in a tractable manner, and presents a natural
interpretation for its parameters in terms of lying behaviour.

To improve performance, Managers can further explore more general forms in the structural estimation
heuristic (e.g., forms that capture that misreporting is neither strictly convex nor concave for all upgrading
levels). In the case of the stochastic approximation heuristics, we selected simple heuristics to better commu-
nicate and illustrate how the data-driven identification of our policy can be formulated and solved in terms
of stochastic approximation. To improve the performance, Managers can further explore more sophisticated
algorithms (e.g., [Broadie et al.| (2011)) proposes an adaptive version of KW with the aim of improving its

finite-time behaviour).
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Table 17  Simulation Results: Heuristics’ Performance for py = 0.2

Structural Estimation Heuristic | Random Search Heuristic KW Heuristic Random Guess
Form n K MAE MAE MAE MAE

g — | 157, — o log =il 105 —0l | lag —dp] 167 —0u| | o} —dL| |6 — oLl
(1) 50 6 0.066 0.010 0.163 0.060 0.183 0.074 0.418 0.222
(1) 50 50 0.067 0.008 0.083 0.025 0.105 0.026 0.418 0.222
(1) 50 100 | 0.066 0.007 0.071 0.021 0.094 0.021 0.418 0.222
(1) 250 6 0.058 0.008 0.139 0.051 0.168 0.070 0.418 0.222
(1) 250 50 0.065 0.007 0.060 0.015 0.073 0.015 0.418 0.222
(1) 250 100| 0.064 0.007 0.051 0.013 0.063 0.012 0.418 0.222
(1) 1000 6 0.057 0.008 0.130 0.048 0.175 0.078 0.418 0.222
(1) 1000 50 0.064 0.007 0.044 0.011 0.055 0.011 0.418 0.222
(1) 1000 100| 0.064 0.007 0.035 0.008 0.048 0.009 0.418 0.222
(2) 50 6 0.066 0.026 0.149 0.052 0.146 0.049 0.408 0.217
(2) 50 50 0.056 0.044 0.079 0.018 0.082 0.019 0.408 0.217
(2) 50 100| 0.056 0.043 0.071 0.016 0.070 0.015 0.408 0.217
(2) 250 6 0.047 0.020 0.125 0.042 0.107 0.035 0.408 0.217
(2) 250 50 0.054 0.042 0.057 0.011 0.044 0.008 0.408 0.217
(2) 250 100| 0.055 0.042 0.051 0.009 0.036 0.006 0.408 0.217
(2) 1000 6 0.043 0.018 0.116 0.040 0.091 0.033 0.408 0.217
(2) 1000 50 0.053 0.042 0.044 0.007 0.028 0.005 0.408 0.217
(2) 1000 100| 0.054 0.042 0.038 0.005 0.022 0.004 0.408 0.217
(3) 50 6 0.058 0.050 0.152 0.061 0.141 0.052 0.418 0.230
3) 50 50 0.048 0.071 0.078 0.022 0.077 0.023 0.418 0.230
(3) 50 100| 0.046 0.072 0.070 0.018 0.065 0.018 0.418 0.230
3) 250 6 0.037 0.049 0.126 0.050 0.101 0.040 0.418 0.230
(3) 250 50 0.045 0.072 0.053 0.013 0.040 0.011 0.418 0.230
(3) 250 100| 0.044 0.072 0.046 0.010 0.032 0.008 0.418 0.230
(3) 1000 6 0.031 0.051 0.118 0.047 0.087 0.037 0.418 0.230
(3) 1000 50 0.044 0.072 0.038 0.009 0.026 0.007 0.418 0.230
(3) 1000 100| 0.044 0.072 0.032 0.006 0.020 0.005 0.418 0.230
(499 50 6 0.037 0.005 0.155 0.053 0.168 0.063 0.403 0.214
(4) 50 50 0.013 0.001 0.086 0.020 0.086 0.020 0.403 0.214
(4) 50 100 | 0.009 0.001 0.079 0.018 0.074 0.016 0.403 0.214
(4) 250 6 0.014 0.001 0.131 0.043 0.141 0.054 0.403 0.214
(4) 250 50 0.006 0.000 0.063 0.013 0.044 0.010 0.403 0.214
(4) 250 100| 0.004 0.000 0.057 0.011 0.036 0.007 0.403 0.214
(4) 1000 6 0.007 0.000 0.122 0.041 0.129 0.051 0.403 0.214
(4) 1000 50 0.003 0.000 0.046 0.008 0.027 0.006 0.403 0.214
(4) 1000 100| 0.002 0.000 0.04 0.006 0.022 0.005 0.403 0.214

Note: All results are rounded to 3 decimal places.
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Table 18  Simulation Results: Heuristics’ Performance for pyy = 0.5

Structural Estimation Heuristic | Random Search Heuristic KW Heuristic Random Guess
Form n K MAE MAE MAE MAE

g — | 157, — o log =il 105 —0l | lag —dp] 167 —0u| | o} —dL| |6 — oLl
(1) 50 6 0.078 0.016 0.178 0.067 0.212 0.091 0.418 0.222
(1) 50 50 0.068 0.009 0.100 0.032 0.140 0.042 0.418 0.222
(1) 50 100| 0.067 0.008 0.087 0.027 0.126 0.035 0.418 0.222
(1) 250 6 0.059 0.008 0.149 0.054 0.170 0.069 0.418 0.222
(1) 250 50 0.064 0.007 0.073 0.020 0.085 0.020 0.418 0.222
(1) 250 100| 0.063 0.007 0.064 0.017 0.074 0.016 0.418 0.222
(1) 1000 6 0.056 0.008 0.136 0.050 0.171 0.074 0.418 0.222
(1) 1000 50 0.062 0.007 0.054 0.013 0.063 0.014 0.418 0.222
(1) 1000 100| 0.063 0.007 0.045 0.011 0.057 0.011 0.418 0.222
(2) 50 6 0.085 0.031 0.163 0.059 0.184 0.069 0.408 0.217
(2) 50 50 0.058 0.043 0.094 0.025 0.119 0.035 0.408 0.217
(2) 50 100| 0.055 0.043 0.085 0.022 0.105 0.028 0.408 0.217
(2) 250 6 0.058 0.019 0.134 0.046 0.121 0.038 0.408 0.217
(2) 250 50 0.051 0.042 0.069 0.015 0.061 0.013 0.408 0.217
(2) 250 100| 0.051 0.041 0.063 0.013 0.051 0.010 0.408 0.217
(2) 1000 6 0.052 0.018 0.122 0.042 0.098 0.034 0.408 0.217
(2) 1000 50 0.050 0.041 0.052 0.010 0.036 0.007 0.408 0.217
(2) 1000 100| 0.051 0.041 0.045 0.007 0.030 0.005 0.408 0.217
3) 50 6 0.082 0.050 0.166 0.067 0.178 0.072 0.418 0.230
3) 50 50 0.049 0.069 0.094 0.029 0.116 0.040 0.418 0.230
(3) 50 100| 0.047 0.070 0.085 0.025 0.101 0.033 0.418 0.230
3) 250 6 0.049 0.040 0.135 0.053 0.115 0.043 0.418 0.230
(3) 250 50 0.045 0.071 0.064 0.018 0.055 0.016 0.418 0.230
(3) 250 100| 0.044 0.071 0.058 0.015 0.044 0.012 0.418 0.230
(3) 1000 6 0.036 0.037 0.122 0.049 0.092 0.038 0.418 0.230
(3) 1000 50 0.044 0.071 0.046 0.011 0.033 0.010 0.418 0.230
(3) 1000 100| 0.043 0.071 0.039 0.009 0.026 0.007 0.418 0.230
(499 50 6 0.057 0.011 0.168 0.059 0.198 0.080 0.403 0.214
(4) 50 50 0.020 0.002 0.101 0.027 0.123 0.036 0.403 0.214
(4) 50 100| 0.014 0.001 0.092 0.023 0.109 0.030 0.403 0.214
(4 250 6 0.023 0.002 0.140 0.047 0.147 0.056 0.403 0.214
(4) 250 50 0.009 0.001 0.075 0.017 0.062 0.014 0.403 0.214
(4) 250 100| 0.007 0.000 0.068 0.014 0.051 0.011 0.403 0.214
(4) 1000 6 0.010 0.001 0.127 0.043 0.132 0.051 0.403 0.214
(4) 1000 50 0.005 0.000 0.055 0.011 0.036 0.008 0.403 0.214
(4) 1000 100| 0.004 0.000 0.049 0.009 0.029 0.006 0.403 0.214

Note: All results are rounded to 3 decimal places.
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Table 19  Simulation Results: Heuristics’ Performance for pyy = 0.8

Structural Estimation Heuristic | Random Search Heuristic KW Heuristic Random Guess
Form n K MAE MAE MAE MAE

g — | 157, — o log =il 105 —0l | lag —dp] 167 —0u| | o} —dL| |6 — oLl
(1) 50 6 0.104 0.031 0.206 0.082 0.282 0.135 0.418 0.222
(1) 50 50 0.078 0.014 0.128 0.045 0.231 0.092 0.418 0.222
(1) 50 100 0.072 0.011 0.112 0.039 0.211 0.079 0.418 0.222
(1) 250 6 0.067 0.012 0.170 0.063 0.194 0.081 0.418 0.222
(1) 250 50 0.066 0.008 0.094 0.029 0.120 0.035 0.418 0.222
(1) 250 100| 0.064 0.008 0.084 0.025 0.105 0.028 0.418 0.222
(1) 1000 6 0.056 0.008 0.147 0.053 0.166 0.068 0.418 0.222
(1) 1000 50 0.062 0.007 0.071 0.019 0.081 0.019 0.418 0.222
(1) 1000 100| 0.062 0.007 0.060 0.016 0.071 0.015 0.418 0.222
(2) 50 6 0.105 0.039 0.189 0.073 0.269 0.123 0.408 0.217
(2) 50 50 0.073 0.042 0.120 0.037 0.212 0.084 0.408 0.217
(2) 50 100| 0.063 0.042 0.107 0.031 0.190 0.072 0.408 0.217
(2) 250 6 0.074 0.025 0.154 0.055 0.165 0.059 0.408 0.217
(2) 250 50 0.054 0.041 0.089 0.023 0.100 0.028 0.408 0.217
(2) 250 100| 0.052 0.042 0.080 0.019 0.084 0.021 0.408 0.217
(2) 1000 6 0.059 0.019 0.132 0.045 0.111 0.036 0.408 0.217
(2) 1000 50 0.049 0.041 0.068 0.015 0.055 0.012 0.408 0.217
(2) 1000 100| 0.050 0.041 0.060 0.012 0.045 0.009 0.408 0.217
3) 50 6 0.105 0.054 0.193 0.082 0.267 0.127 0.418 0.230
3) 50 50 0.062 0.068 0.121 0.042 0.213 0.093 0.418 0.230
(3) 50 100| 0.054 0.069 0.109 0.036 0.190 0.080 0.418 0.230
3) 250 6 0.071 0.044 0.156 0.063 0.156 0.060 0.418 0.230
(3) 250 50 0.047 0.068 0.087 0.027 0.096 0.032 0.418 0.230
(3) 250 100| 0.045 0.070 0.077 0.022 0.078 0.025 0.418 0.230
(3) 1000 6 0.051 0.036 0.133 0.053 0.105 0.040 0.418 0.230
(3) 1000 50 0.044 0.070 0.061 0.017 0.050 0.015 0.418 0.230
(3) 1000 100| 0.044 0.071 0.054 0.014 0.039 0.011 0.418 0.230
(499 50 6 0.094 0.025 0.194 0.073 0.272 0.127 0.403 0.214
(4) 50 50 0.040 0.008 0.126 0.039 0.215 0.084 0.403 0.214
(4) 50 100 | 0.028 0.005 0.114 0.033 0.193 0.071 0.403 0.214
(4 250 6 0.042 0.007 0.159 0.055 0.180 0.071 0.403 0.214
(4) 250 50 0.016 0.002 0.097 0.025 0.103 0.029 0.403 0.214
(4) 250 100| 0.011 0.001 0.087 0.021 0.088 0.023 0.403 0.214
(4) 1000 6 0.019 0.002 0.138 0.046 0.143 0.055 0.403 0.214
(4) 1000 50 0.008 0.001 0.072 0.016 0.056 0.013 0.403 0.214
(4) 1000 100| 0.006 0.000 0.065 0.014 0.046 0.010 0.403 0.214

Note: All results are rounded to 3 decimal places.
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