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Abstract
Human decision-making is affected by cognitive decision biases that can deviate human behaviour from purely rational actions.
These effects can alter the behaviour of systems in which humans are involved; that is the case of queuing systems of
people. Traditional Queuing Theory studies the performance of such systems without taking into account the idiosyncrasy of the
human decision-making processes. In this work, we propose an interactive simulation tool to teach decision biases in queuing
systems. We present a series of experiments to be carried out in the class to explore the behaviour of a simple queuing system of
people exposed to people cognitive biases and discuss the expected dynamics. The simulation tool is freely accessible from
GitHub.
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1. Introduction
We are living in the era of the digitalization of education.
There is no doubt that the recent episodes of the SARSCoV-2 pandemic have promoted the reinvention of teaching
materials and methodologies, such as those of simulation
models. Using simulations and games in the class is not
new in some disciplines like Economics (Harvard Business
Publishing Education, 2021), and is becoming more usual
in industrial engineering programs. These simulations
provide the students with the opportunity of learning by
experimenting, and experiencing surprising and not always
intuitive behaviours in systems (Schelling, 1971; Pereda,
Poza, Santos, & Galán, 2015).
Many industrial engineering programs offer courses on
stochastic processes, queuing systems or discrete event
simulation, whose objective may be learning how to model
and study stochastic systems, such as queuing systems
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tradition- ally studied by the field of Queuing Theory (Saaty,
1961; Li, Ma, Fan, & Xia, 2019). However, when modelling
social systems or systems in which there are interactions
with humans, the ability to make decisions of those humans
and the cognitive biases they suffer need to be taken into
account to accurately model such systems.
Decision and cognitive biases in humans have been largely
studied by psychologists and behavioural economists (The
Decision Lab, 2021). To name some of them, we can have:
the bandwagon effect (Leibenstein, 1950), when people
change their thoughts and beliefs if a large number of people
think differently; the confirmation bias (Plous, 1993), when
people reaffirm their ideas by considering information that
does not contradict these ideas and discarding the one that go
against; the trembling hand effect (Osborne & Rubinstein,
1994), when people are mistaken and make a decision that
is different than the one they intended to make; the herding
effect (Baddeley, 2010), the tendency of people to do the
same as the others do to converge to the group; the anchoring
bias, that causes us to rely too heavily on the first piece of
information we are given about a topic.
We, humans, face waitings in our everyday life in
more situations than sometimes we are aware of. Of
course, we wait to be served in businesses like shops and
offices, we wait for a medical appointment, we wait when
we drive in a traffic jam or when looking for an empty
space in a parking area, we wait for our vaccine of the last
pandemic, we wait as postdocs for our tenure-track
position, etc.
How decision and cognitive biases impact the performance
of queuing systems when the items to be queued are humans?
As far as we know this has not been explored before.
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Some work has been carried out in understanding how
waiting in queues of businesses (such as in a supermarket)
impacts human feelings and customer satisfaction. The work
by (Larson, 1991) found that people overestimated waiting
times. The study by (Maister, 1985) found that unoccupied
time or uncertain waits felt longer than occupied one or
certain waits. They found also that unfair waits felt longer,
as in the so called ’queue rage’ that happens when someone
cuts in line (Milgram, Liberty, Toledo, & Wackenhut, 1986).
We see this type of behaviour also when driving inside traffic
jams and some drivers engage in aggressive behaviour such
as dangerous line cutting or speeding.

The purpose of this work is to create an interactive
simulation tool to explore the influence of decision biases
on queuing systems and to present a series of experiments
to be conducted in an engineering class. Specifically, we
model the trembling hand and herding effects. This very
simple model allows teaching these phenomena, how they
influence the time people spend waiting in line and how they
contribute to the congestion of the system.

The rest of the paper is organized as follows. First, we
introduce the theoretical background of the paper. Second,
we give an overview of the system modelled and how the
decision biases are implemented. Afterwards, we propose a
series of experiments to study the system using simulation
and discuss their results.
Finally, we conclude the paper with some final remarks
and open questions for future research.

2. Theoretical Background
Decision and cognitive biases represent deviations from
the actions expected from a purely rational individual.
Kahneman explains in his seminal book Thinking, Fast
and Slow (Kahneman, 2011) that some decisions are taken
fast by the human automatic system, which acts frugally,
rapidly and sometimes emotionally. This vividity requires
neglecting some potentially important information and, as
a consequence, these decisions can suffer cognitive biases.
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Well-known types of this rapid approach are rules of thumb
and heuristics.

In game theory, a trembling hand perfect equilibrium
is reached when players in an strategic interaction play
an strategy that is different than the one they intended to
choose (Osborne & Rubinstein, 1994); it is said that their
hand trembles. We, humans, often blunder when making
decisions, therefore making trembling hand decisions. In
the case of herd behaviour or herding (Baddeley, 2010),
this phenomenon happens when people imitate group
behaviour instead of using their own information to decide
independently. The first one to study this effect was Keynes
(Keynes, 1930), who conceived herding as a response to
uncertainty or ignorance, as humans may follow the group
because they think that the others are better informed.

3. Decision Biases in Queuing systems
model
The DBQ (Decision Biases in Queuing systems) model
represents a system com- posed of five servers that give
service to agents (people) that enter the system. These agents
will be assisted only by one server each. Since a sever can
only assist one agent at a time, a first-in-first-out queue
precedes each server.

To manage the reallocation of the agents to the different
servers, the policy is to assign agents to the server with
the least crowded queue. Agents can experience decision
biases that direct them to another queue instead of the least
crowded one. With probability pTrembling an agent suffers
the trembling hand effect and chooses a server at random;
with probability pHerding an agent experiences the herding
effect and chooses the server preferred by the majority of
the people and whose queue is the most populated; and with
probability (1 - pT rembling - pHerding) an agent chooses
the least crowded queue. Note that pTrembling + pHerding ≤
1. If pTrembling + pHerding = 1, no agent chooses the least
crowded queue (1 - pTrembling - pHerding = 0). The model
is schematized in Fig. 1.
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Figure 1 Flow diagram of
the model

The model is implemented in SIMIO 10.165.15447(Simio,
2021) and can be downloaded from GitHub https://github.
com/mpereda/DBQ.

•

The run configuration section: one replication run can
be executed at panel (3), selecting the duration of the
simulation (ending type field) and pressing the run
button. The visualization speed of the simulation at
panel (1) can be adjusted with the ”adjust speed”
slider at panel (3).

•

Panel (4) shows the experiments folder: where
experiments with more than one replication can be
configured and run.

Figure 2 shows the interface of the model in SIMIO, which
is divided in the following sections:
•

The model area (1), called the facility in SIMIO,
represents the servers and how the agents are
dynamically assigned to the queues during simulation
time.

•

Panel (2) shows the configuration section, where the
parameters of the model can be adjusted: service time
of the servers, agents interarrival time, and the probability of both biases: trembling hand and herding.

Figure 2 Model scheme and
simulation interface.
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To run a simulation, firstly one need to configure the
parameter values at panel (2), then set the simulation length
at panel (3) and lastly run either one run pressing the ”run”
button at panel (3) or running one experiment of panel (4).

4. Experiments

and the heterogeneity of the use of the resources (servers) of
the system, computed as the Gini coefficient (Gini, 1936).
Recall that the Gini coefficient measures the heterogeneity
of the distribution of a variable, and ranges from 0 (complete
equality, all servers are equally used) to 1 (complete
inequality), and can be expressed mathematically as follows
(eq. 1):

In this section, we introduce a series of four experiments to
be taught in the class.

(1)

The configuration of the experiments accompany the
model file, together with the data of all replications as well
as the experimental means, standard deviation of the means,
and confidence intervals for the output variables.

where xi and xj are the values of the variable x for the data
points i and j, x ̅ is the average of all n data points. This
equation represents half of the mean absolute difference of
all pair of data divided by the average.

The results shown in this section are obtained after a
simulation time of 3 hours, with the system in an empty initial
state, and averaged over 1,000 replications. The interarrival
time of agents is exponentially distributed with mean μ =
1 minute. For each of the four experiments, three different
service times are simulated: 2.5, 5, and 10 minutes, that
allow experimenting with different degrees of congestion of
the system (the higher the service time, the more crowded
the queues).
For each experiment, three output variables have been
studied: the average time a person spends in the system, the
percentage of time each server has been processing agents,

4.1. Baseline
The baseline scenario is that in which agents choose the
least crowded queue. It corresponds to the parametrization
pTrembling = 0 and pHerding = 0. In this case, we see that
agents wait on average a non-negligible amount of time,
except for the case of service time equal to 2.5 minutes, were
the system is not congested at all having always a server
available to assume a new arriving client. We see also that
waiting times increase as the service time increases, but in a
non-linear fashion, as Fig. 3 shows.

Figure 3 Average time the
agents spend queuing in the
system as a function of the
service time of the servers.
Error bars represent one
standard deviation of the
means.

We will compare this scenario with the following ones.

4.2. Trembling Hand
In this experiment, we test the influence of the trembling
hand effect at different degrees of influence (probability

values from 0 to 1), keeping pHerding = 0. After running
1,000 simulations, results are shown on the left side of Fig.
4. The figure represents the average time the agents spend
queuing in the system, as a function of the probability of
trembling hand, for the three different service times studied:
2.5 (magenta), 5 (green), 10 (blue). Shaded areas represent
one standard deviation of the averages.
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Figure 4 Average time the
agents spend queuing in
the system as a function of
probability of trembling
hand. Shaded areas
represent one standard
deviation of the mean.

The left part on Fig. 5 shows the average server use
expressed as the percent- age of time the server is
assisting agents, and the right part shows the

heterogeneity of the distribution of server use, computed as
the Gini coefficient. The Gini coefficient ranges from 0
(complete equality, all servers are equally used) to 1
(complete inequality).

Figure 5 Average server use
(left) and Gini coefficient
of server use (right), as a
function of probability of
trembling hand. Shaded
areas represent one standard
deviation of the mean.

We can see two types of system behaviours: on one hand,
one extreme case that happens if the system is underused and
there are always servers available, or if the system is already
totally congested, where there is no effect of trembling

Figure 6 Percentage of
time that each sever is
used (servers one to five
on the vertical axis) as a
function of the probability
of trembling hand. One
replication.

hand on the average time waiting compared to the baseline
case (leftmost point of each line); on the other hand, an
intermediate case when the time queuing is slightly affected
by the trembling hand effect.
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It is interesting to note that in intermediate cases, the
trembling hand effect acts as a noise, incrementing the
variability of server use and so the Gini coefficient (Fig. 5,
right side, green line). This induced heterogeneity can be
better explored when plotting just one replication for each
experiment (Fig. 6). Nevertheless, when the system is totally
congested, we recover a situation of full homogeneity, i.e.,
all servers are equally congested and working at 100% (see
Fig. 6 right panel for server time = 10 min).

4.3. Herding
Analogously, we can test the herding effect, keeping
pTrembling = 0. We can see that the influence of this effect
is more pronounced (Fig. 7). There is a tipping point around
pHerding = 0.7 after which the time queuing increases
exponentially. This occurs as the use of the system becomes
more heterogeneous because some servers receive much
more agents than others, as Fig. 8 shows, congesting these
servers, and at the same time causing the average use of the
system to decrease.

Figure 7 Average time the
agents spend queuing in
the system as a function
of probability of herding.
Shaded areas represent one
standard deviation of the
mean.

It is also noticeable the non-monotonic behaviour of the
time queuing for serverTime = 10, where an intermediate
degree of herding can help reducing the average time queuing,

Figure 8 Average server use
(left) and Gini coefficient
of server use (right), as a
function of the probability
of herding. Shaded areas
represent one standard
deviation of the mean.

Figure 9 Percentage of
time that each sever is used
(servers one to five on the
vertical axis) as a function
of the probability of
herding. One replication.

probably as a consequence of creating high heterogeneity in
the distribution of queuing times (Fig. 9).
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4.4. Both effects
Lastly, we can explore the interplay of both effects. As
it was mentioned before, the model satisfies the condition
pTrembling + pHerding ≤ 1.
Figure 9 shows the time queuing as function of the
probability of trembling hand and the probability of herding.
For each subfigure in Fig. 10, the bottom row represents the
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first experiment for pHerding = 0, and the leftmost column
represents the second experiment for pTrembling = 0. The
intermediate cases show a gradual increment of the time
queuing as both effects are more present in the system.
The higher values of time queuing are produced when the
probability of Herding is maximum. This result is observed
for the three service times studied (three subfigures of Fig.
10).

Figure 10 Time queuing
as function of probability
of trembling hand and
probability of herding,
for the different service
times: 2.5 min (left), 5 min
(centre), 10 (right).

As the decision biases are more pronounced, the unequal
use of the resources of the system becomes more striking

(Fig. 11), having its highest occurrence at pHerding = 1 and
pTrembling = 0.

Figure 11 Gini coefficient
of server use as function of
the probability of trembling
hand and the probability of
herding, for the different
server times: 2.5 min (left),
5 min (centre), 10 (right).

This in turn makes the average use of the servers to
reach smaller values (Fig. 12), which could be seen as an
improvement (which is not), shadowing the unequal use of

Figure 12 Average server
use as function of the
probability of trembling
hand and the probability of
herding, for the different
server times: 2.5 min (left),
5 min (centre), 10 (right).

the resources and the heterogeneity on queuing times that is
occurring.

Dirección y Organización

38

Pereda / Dirección y Organización 77 (2022) 31-39
https://doi.org/10.37610/dyo.v77i0.622

To better see this situation, lets focus on the most extreme
case which corresponds to pHerding = 1 and pTrembling
= 0 (top lefmost cell in figures 10, 11, 12), and were the
systems reaches the highest waiting times (Fig. 10). The
average server use for this case is smaller than in the rest of
the scenarios (the top lefmost cell in each panel of Fig. 12

is on a lighter colour), which may appear as an advantage.
But, if we lastly focus on the heterogeneity of server use
(Fig. 11), we see this case is the most heterogeneous of all
the scenarios studied (reaching Gini coeficients around 0.8).
This can also be explored by plotting just one replication of
the scenarios, as it can be seen in figures 13 and 14.

Figure 13 Percentage of
time that Server 2 is used
as function of probability
of trembling hand and
probability of herding,
for the different service
times: 2.5 min (left), 5 min
(centre), 10 (right). One
replication.

Figure 14 Percentage of
time that Server 4 is used
as function of probability
of trembling hand and
probability of herding,
for the different service
times: 2.5 min (left), 5 min
(centre), 10 (right). One
replication.

5. Discussion and conclusions
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