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Abstract
Human decisions are influenced by an innumerable set of factors. Understanding the biological and societal forces driving decision-making is a complex challenge;
particularly when the novel existence of technology is taken into consideration. Technology’s increased presence in an individual’s daily life coupled with a constant flow of
shared information has led to an inevitable increase in misinterpretations of collective
behavior, hindering the natural decision-making process. Due to advancements in technology, we experience many sources where information is gathered and shared. When
it comes to human decisions, it is not very clear how the information shared influences
these decisions. Here we develop human decision models, which places subjects (either
as individuals or in groups) in a natural disaster simulation. The experiment exposes
subjects to high levels of stress through time constraints, limitations on available shelter space, and enforced group protocols that complicate the possibility of evacuation.
Our model addresses how individual decision behavior do not properly justify decision behavior will in groups. We quantify human decision dynamics in an attempt to
find optimal human behavior for policy making in natural disasters, but more importantly to establish strategies that maximize the efficiency of human decision behaviors;
specifically in relation to minimizing threat and utilizing available information.
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Introduction

As technology advances, communities making use of these new advancements also develop.
More and more individuals are joining social media platforms such as Facebook, Twitter,
Instagram, LinkedIn, etc. All of these developments in technology are integrated rapidly into
the functionality of our daily lives. Due to this, we now have a massive network in which
information can be gathered and spread among individuals and groups. The advancement in
technology amplifies the influence humans have on the individual opinions of others, which
may ultimately impact the independence of individual decision making.
These new technologies have greatly enhanced connectivity and speed up communication
networks. Information is being passed and updated continuously throughout the hour. This
now allows anyone with the right information to be of great power. The issue arises with how
information is gathered and the subsequent control it gives those with greater resources [2–9].
We focus our study on how decisions are made from controlled information passed through
social networks.
Network science studies complex networks such as telecommunication networks, computer
networks, biological networks, cognitive and semantic networks, and social networks. The
field draws on theories and methods including graph theory from mathematics, statistical
mechanics from physics, data mining and information visualization from computer science,
inferential modeling from statistics, and social structure from sociology [30]. Here, we focus
on information gathered from collective behavior, which refer to events that do not reflect
4

existing social structures but become apparent in a spontaneous way. Collective behavior is
always driven by group dynamics, encouraging people to engage in acts they might consider
unthinkable under typical social circumstances [31]. Therefore, allowing us to study the
complexity of human decision behaviors. This field plays an important role in understanding
the full implications technology has in the decision processes such as the shaping of markets,
politics, education, epidemics and disasters [1].
The spread of information can be tracked through social media platforms, and applied to
related decision making behaviors. Observations regarding collective decision dynamics use
data to drive algorithms which then find connections between social networks that could
then reveal the primary factors that influence decisions, and the basic foundation of making
a decision [3, 16–19, 21]. Although this is a growing area of study, it relies on the assumption that the human condition is formulaic, and therefore fails to effectively examine the
complexities of decision making.
Policy making is dramatically affected by humans decisions and how evacuations plans are
executed from it. For example, consider hurricanes; a natural disaster capable of producing
damage on a large scale, especially in an area with developing infrastructure and resources.
Preventing overt damages from hurricanes comes down to the structural integrity of the
infrastructures. The reliance on strong infrastructures is ignored when public officials are
given the charge of ordering hurricane evacuations. The key to preventing future tragedies
is not simply to order evacuations every time a hurricane threatens a population center;
rather, the solution lies in making the best possible use of available forecasts, the reliability
of the forecast, and balancing the lead time required for completing evacuation against the
information that can be gained by waiting [29]. While public officials focus on the sheer
mechanics of evacuation, policy makers would be more suited to implement effective plans
designed to respond on a case-by-case basis.

(a)

(b)

Figure 1: In (a), we show some of the possible factors that can influences humans in making a
decision during a natural disaster. In (b), shown is how past experiments regarded human decision
as either “Completely Random” or “Perfect and All Knowing”. For our case, we want to see what
are some of the influencing factors while decision are being made. This makes it a more realistic
assumption in-order to build our decision model. We treat human decisions as being in-between
both “Completely Random” and “Perfect and All Knowing”.

Even with an effective plan, their are no guarantees the plan will be executed efficiently.
5

With multiple sources available to gather information from, there are a lot more ways in
which human decision can be influenced by others. The rate at which information is being
exchanged starts to increase as more subjects begin to get involved. By monitoring the
dynamics of the information collected, we can find what factors have any influence on decision
behaviors. We can study the behaviors of subjects independently then see how they interact
in group environments. Given this information, it should be clear to see how behavioral
dynamics shift when an individual is on their own versus placed in a group.
We focus on factors driving human decisions in natural disaster responses. Past studies
involving disasters often regard human behavior as either completely random or perfect and
all knowing [19]. Subject as whole rarely behave optimally, randomly, or uniformly, as often
mistakenly assumed in technological design and policy development [1]. This can be viewed
as subjects lacking social interaction skills, the quality of the source where information is
received, or the overall attentiveness of the matter. To understand human behaviors, we
look in between these two cases as shown in Figure (1b).
This paper focuses on empirical data collected from a controlled experiment and simulated
decision models. In our study, we consider human decision dynamics in a natural disaster
setting. We collect observed raw data through a controlled experiment (discuss in Section
(2.1)) which utilizes social networks. We then want to construct a suitable decision model
predicting the observed data from the experiment. We approach this by constructing a
“Master Equation” (discussed in Section (2.2)) that utilizes a markovian stochastic process.
We then construct three decision models, which we establish optimal parameters for. The
decision model types, which will be applied to the master equation, are probability functions
of the following forms: linear, threshold and hill. These models will be explained in more
details in Section (2.3). The participating subjects in the experiment are allowed to make
decisions in one of two ways; either individually or as a group. In the group case, certain
protocols are given which will be addressed in Section (2.1). We then want to run the
developed individual decision models with the observed raw data corresponding to group
scenarios, and observe the performance of it when compared to the observed raw data.
We first focus only on cases where each subject is independent and enough shelter spaces for
all members in the community. By running the optimized decision models with the observed
raw data pertaining to our focus, we determine which of the three decision models best fit
the observed data from the experiment. To make sure the decision model does not overfit
the observed data, it will be assessed through leave-one-out-cross-validation (LOOCV). This
will help us see how well our decision models predicts a random trial, given the random trial
is not used in the optimization process. Thus, the significance in (LOOCV) enables us to
see the quality of performance in our decision model that are being tested on the observed
data set. Then, we shift our focus onto cases involving group decisions and see what the
prediction outcome is when we apply our individual decision model with the observed data
corresponding group interaction. Then see the effectiveness of how our individual model
predicts the observed data from group cases. With this, we determine optimal decision
strategies in a natural disaster.

6

With this setup and the observed results, we want to answer the following questions: (1)
Which model is better for predicting individual behavior? (2) How well does the individual
decision model perform compared to the observed data corresponding to individual cases?
(3) When applying observed data corresponding to groups to the individual decision model,
is it suitable in predicting group decision behavior? (4) Can we determine an optimal decision
strategy solely from the individual decision model for the entire observed data or do other
conditions needs to be considered?
Our work builds on previous studies involving collective decision dynamics in evacuation
settings. The first study involves evacuation routes and clearing times for neighborhoods
threatened by wildfires [23]. The study was based off of collective behaviors that could be
identified and implemented by central authorities under the assumption of “best case” or in
other words “perfect and all knowing”. This meant directions were followed exactly during
evacuation, subsequently maximizing the welfare of the entire group. This is not the typical
behavior which is seen during evacuations. Therefore, not a suitable assumption for building
a decision model that looks for influencing factors behind the decision.
The second study involved optimal individual decision making during a pending disaster in
a “go” vs “no go” scenario in which subjects evacuated to shelter or stayed home [24]. The
study utilized a stochastic model of a hurricane within a given space directed towards a target.
The study then modeled the decision to evacuate as a markovian process. This assumes the
behavior of those making decisions is “completely random”, opposing the existence of a
base decision making process. The model addressed how optimal evacuation policies are
affected by evacuation costs and disaster uncertainty [1]. The issue with this approach is the
assumption that every subject makes the best case decision every time.
The third study involved collective decision dynamics of individuals that must decide to
evacuate after being influenced by many external broadcast and pairwise interactions on
the social networks (which are represented by nodes) [19]. The study is based on having
a individual decision model, where the model follows a threshold policy. That is, when a
certain parameter in the threshold policy is reached, the decision model reacts. Due to many
external factors driving the decision, the information presented to subject’s could either aid
or hinder the actions of their decisions.
The fourth study involves identifying several key factors influencing individual evacuation
decision making in a natural disaster [1]. The study uses a hill model optimized to fit data
given the presence of both broadcast information and social peer-to-peer information. The
model enabled the study to isolate and compare two sources of urgency in the experiment
that differentially impact observed behavior: time pressure for the evacuation decision and
competition for shelter space [1]. A key component of behavioral network science is to use
the observed human behavior as inspiration for the development of novel computational
models of behavior, which can in turn be tested in future experiments [1]. The problem of
broadcasting casting information is determining what key factors you want the experiment
to focus on that could influence the decisions.

7

2

Methods

We address the experimental setup which we collect the observed data, derivations of the
master equation, the decision models, and how we find the optimal parameters for the
decision models.

2.1

Experiment Setup

On March 13, 2015 an experiment was conducted at the University of California, Santa
Barbara (UCSB) in which the 50 subjects were asked to decide if and when they would
evacuate to shelter from an impending natural disaster. There were a total of 160 scenarios
in which each trial lasted in the range of 15 to 60 time-steps, where each time-step represented
0.5 seconds. Each subject sat at a table, where they were sectioned off from their neighbors
by a white board, as shown in Figure (2a). Every subject had a computer screen in front of
them showing the playing platform where certain aspects of the game were given. This is
displayed in Figure (2b). The platform was broken down to have 5 different sections.

(a) Community

(b) Platform

Figure 2: In (a), each subject was sectioned off from there neighbors. This made the decision of
each subject completely independent and therefore negated possible influence from the actions of
their neighbors. In (b), this was the overall platform layout each subject was presented with. It
shows the trial elapse time, the disaster strike probability, the group setup with the protocol of the
trial, the available shelter space, and the evacuation button.

The first bar of the interface is dark purple broadcasting the time of the trial. The dark
purple bar remained dynamic, moving with the trial’s progression. Every trial had a 15
time-step breathing period, represented by a light purple section, during which subjects
were guaranteed disaster would not strike. After the 15 time-steps, the dark purple bar
moves into the red range and the natural disaster would either hit or miss the community.
The second bar, light blue, represents the likelihood for the disaster to strike - here referred
8

to as “P HIT ”. This bar has 10 circles in it where each circles represents probability of 0.1, or
10%. In Figure (2.b), the blue bar has 3 circles filled, meaning the likelihood for the disaster
to strike at the given time step is 30%. During the trial, the blue bar remained dynamic
so it fluctuates with each time-step until the trial ends. The disaster strike probability was
generated from a well-defined stochastic process previously studied in [24].
The third bar (white) represented the layout of the trial. The possible layouts were either
individual decisions or group decisions. In Figure (2b) this specific trial had a group size
of 5 subjects. The group sizes were either 5 or 25 subjects. If someone in the group were
to choose to evacuate, the picture representing them would change. During groups trials,
three protocols were implemented. The first protocol was First-To-Go (FTG), where the first
subject in the group to evacuate to shelter made the final decision for the entire group to
evacuate as a team. The second protocol was Majority Vote (MV), where if more than 50%
of the subjects in the group choose to evacuate to shelter then it made the final decision for
the whole group to evacuate as a team. The third protocol was Last-To-Go (LTG), where
the last subject in the group to choose to evacuate to shelter made the final decision for
whole group to evacuate as a team.
The fourth bar, in the green, represented the shelter space or available space left. Shelter
space has either 50, 25 or 5 available spaces for that trial, and varied for each trial. As
subjects begin to evacuate, the boxes fill up, indicating a space has been filled in the shelter.
The fifth bar, which is grey, is the evacuation button. During the trial, if the subjects wants
to evacuate they would click this button. Clicking this button brings the decision for the
trial to an end, but the subject is unable to return to their simulated home after making
this choice.
There are a few things to note about being in groups and available shelter space. Depending
on the protocols, even if a member of the group chose to evacuate, they may not be able to
leave. For example, if the trial protocol is LTG, the final choice was left to the last member
in the group. Another interesting matter involved the available shelter space. Regardless of
being in groups with any protocols, even if the subject chose to evacuate, their might not be
enough space for them.
With the presented information from the platform, each subjects had the opportunity to
either “evacuate to shelter” or to “stay home”. To make the trials as realistic as possible,
an incentive was made based on the subjects performance. Given the outcome of each trial,
every subject were rewarded with monetary points. The points were based on a loss matrix
that considered if the disaster struck and if the subject evacuated as shown in Figure (3a).
In Figure (3b), we show the points gained after each trial. The monetary points helped keep
track of the overall ranking of each subject after every trial. Thus, the top ranked subject
would have the highest point based on the points gained matrix as shown in Figure (4). It
also presented what the subjects decision was for the trial, what the outcome of the disaster
to strike was and the protocol of the next trial.
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(a)

(b)

Figure 3: In (a), this box represents the possible amounts of point that will be lost during each
trial for every subject independently. This is based off of what decision the subject made during
the trial, either “At Home” or “In Shelter” and what the outcome of the disaster was at the end
of the trial, either “Disaster Hits” or “Disaster Misses”. In (b), this is the points gained after each
trial, so the opposite intuition of (a). Therefore, since every subject started off with zero points,
the winner will have the highest cumulative points at the end of the experiment.

Figure 4: The overall status bar shows the ranking of the subject after each trial, there total
accumulated score generated from the points gained matrix, the decision made during the recent
trial, the disaster outcome at the end of the recent trial. The text at the end, in grey, represents
what the next trial protocol will be.

In the third section of Figure (2b), the white part, each subject in the group had a number
attached to there picture. This represented there overall ranking from all 50 subjects. While
the subjects were in groups, they could see the ranking of other members in the group and
the decision they made during the trial. This was helpful for our study in analyzing the
following factors: (1) If a subjects of high ranking actually do influence members within
the group in making decision based off of there actions, and (2) if those who perform well
as individually are seen to perform equally well in groups. In the specific case of Figure
(2b), four subjects in the group were tied for 2nd place and one subject was ranked 1st .
This scoring system allowed the subjects to evaluate their strategy, as well as providing a
competitive incentive [1].
To see specific behaviors, there were parameters and protocols the experiment emphasized.
First, we looked at the behavior of the individual and how they made decisions based on
shelter space. As we had 50 subjects, we limited the shelter space to 5, 25 or 50 available
evacuation spaces. Seconds, we looked at individual and group behavior by setting up teams
with either 1, 5 or 25 subjects. While in groups, we wanted to see how communicating with
other subjects in the group differed from wholly independent decisions. This was achieved
from the three protocols First-To-Go (FTG), Majority Vote (MV) and Last-To-Go (LTG).
10

2.2

Decision Dynamic Model

Instead of using a deterministic model, we fit our observed data to a stochastic model. In
a deterministic process, the system can only evolve in one direction. For example, in any
trial with the same initial condition for its states, a deterministic model will always give the
same result.
Stochastic processes use a collection of random variables which represent the evolution of
some system of random values over time [32]. During trials, each subject might alter their
strategies even if the initial condition or external variables do not change, thus making every
subject different. In this case, we will have a heterogeneous model. Therefore, we will
have to simulate different individual decision models for every subject which is a tedious
task. Even if we consider every subject to be predictable, they do not all follow the same
model. We overcome this problem by introducing stochasticity into a homogeneous model.
This makes simulating much simpler by allowing us to look at one model describing all 50
subjects instead of simulating 50 individual models.
For stochastic systems, one or more parts of the system will have randomness associated
with it. If we start each trial with the same initial state, the system is allowed to evolve
in many directions. One possible benefit from this is being able to see how each subject’s
behavior begins to adapt due to being exposed to different scenarios. In general, if we ignore
having the observed data from our experiment, we do not know what the order of evacuation
is or when it occurs, therefore we do expect the process to have random behaviors. For an
event to be random, the system cannot follow any recognizable pattern or combinations of
it. This then makes the system unpredictable. For us to make use of the observed data,
the problem of the stochastic system being unpredictable can be solved by considering large
number of events, in our case large number of trials.
We get different evacuation outcomes for every trial. The number of subjects evacuated, for
every time-step, may or may not be the same. The same could be said about the cumulative
number of subjects evacuated for every time-step until the trial ends, therefore making the
simulation more realistic. This is important for us because the subjects can evacuate in
various ways due to being in groups and so forth. With this in mind, determining the exact
moment of evacuation for each individual is a complicated task, therefore we choose to have
our decision models depend on probabilities. It makes more physical sense to talk about the
probability of having some number of “i” subjects evacuated at some time “t” instead of
finding the exact time at which the subject will evacuate.
Before we start to develop our decision model, we want to focus on a parameter that will
have a significant influence on our subject’s behavior. In Figure (2b), the probability for
the disaster to strike (P HIT ) is given in the second line (blue). For our model, we are
focusing on cases where everyone is independent and there is enough shelter space for the
entire community to fit. Therefore, we want to focus on the parameter P HIT and see how
we can build our decision model from this.
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We begin our model by considering states that are probabilities. The states of our system
will be given by P (t), which is a (N + 1) element vector. The total number of subjects in
our system is N = 50. The probability to be in a state i where i = 0, 1, 2, ..., N , at some
time t is given by Pi (t). Here, each element Pi (t) represents the probability of a total of i
subjects to have evacuated to shelter at some time t.
We have the constraint that forbids the subjects from returning to home once they have
evacuated. With this, we can then find the total number of subjects i evacuated at some
time t0 to be the sum of every subject that have evacuate from t = 0 to t = t0 without the
number of subjects that went back home after evacuating. Now, if we think of Pi (t), this
gives the total probability of having i subjects evacuated. Looking at the vector form P (t),
we can then think of this as describing the probability of the cumulative number of subjects
evacuated from the start of the trial t0 = 0 to some time t. SincePPi (t) is a probability of
some element i in our vector, it has a required unity condition of i Pi (t) = 1 ∀t.

Figure 5: The Markov process only cares about information in its currents state in-order to make
a prediction about the systems future states. In other words, it is independent of future and past
information. The available options for the current state to make in the general case are to “Go
Home”, “Evacuate to Shelter” or “Stay in its Current State”.

To capture transitioning between states, which are treated probabilistically, and the timeevolution of P (t), we use a master equation. The master equation is a first-order differential
equation which describes the time evolution of the probability that a system occupies each
one of its discrete set of states in regards to the continuous time variable t. We get our
general form of the master equation as follows:
dP~ (t)
= A(t) · P~ (t).
dt
¯

(1)

Where A(t) is the transition/generator rate matrix. The entries of Aij (t), where the first
subscript represents the row and the second subscript represents the column, gives the tran12

sitioning rate or the probability in our decision model from state Pj (t) to state Pi (t). The
transition matrix A(t) is Markovian, which is a process that does not need past information
to make predictions of the future. In other words, we can describe the transitioning between
states solely based on what its current state is at that time t. The types of transitioning at
a given time t, is shown in Figure (5).
To quantify the transition matrix A(t), we need a function that is able to describe the
relative likelihood of a random variable, say i, to take on a given value. This is achieved by
a probability density function, which we represent as follows:
Aij = p[(i, t + δt)|(j, t)].

(2)

Equation (2) represents the probability of having a total of i subjects evacuated at time
t + δt given that j subjects have already evacuated at time t. If we focus in on a specific
state, say i, we get the form of our master equation (1) as:
N

N

X
dP [(i, t)] X
Aij · Pj .
=
Aij · Pj = Aii · Pi +
dt
j
j6=i

(3)

We want to express this equation such that the diagonal terms are not present. This allows
us to visualize the transition between states. One way to approach this is to apply the
following unity condition corresponding to our probability vector:
N
X
i

Pi (t) =

N
X

p[(i, t + δt)|(j, t)] · δt = 1 ∀t.

(4)

j

This holds because the probability of going from state j to another state i or even staying in
the state j is a sure event [33]. In other words, the summation of transitioning from a state
j to a state i by a time step δt over all possible states is equal to 1. We can break equation
(4) into the following:
p[(i, t + δt)|(i, t)] · δt +

N
X

p[(i, t + δt)|(j, t)] · δt = 1.

(5)

j6=i

If we take the derivative with respect to time δt and solve for the diagonal terms, we get the
following condition:
N
X
p[(i, t + δt)|(i, t)] = −
p[(i, t + δt)|(j, t)].
(6)
j6=i

Thus, giving us a useful representation for the diagonal terms of the transition rate matrix
A(t):
N
X
Aii = −
Aji .
(7)
j6=i
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With this, we can express the time-evolution of starting in state i at time t and staying in
state i at some other time t + δt as follows:
Aii · Pi = −

N
X

Aji · P i.

(8)

j6=i

The new form of our master equation for some state i, equation (3), is then:
N

N

X
dP [(i, t)] X
=
Aij · Pj −
Aji · Pi .
dt
j6=i
j6=i

(9)

Equation (9) gives us an effective way to talk about the time-evolution of state i. To make
the master equation concrete and a better understanding of what it is doing we first explain
it intuitively. The probability of finding the system in state i at time t is given by Pi (t). The
properties of the system can be completely specified by the initial conditions Pi (t = 0) and
by the set of transition rate coefficients Aij and Aji for each pair of states. The transition
rate coefficients will have terms that are either zero or nonzero. That being said, we assume
that all states of the system are “connected”. Lets focus on the transitioning of states from
j to i, so j → i. For any pair of states i and j, we can think of there being a “sequence”
of intermediate states, j1 , j2 , ..., jM such that the transition rate coefficients Aj1 j , Aj2 j1 , ...,
AijM are nonzero. Therefore, we can arrive to a state i by starting from any state j, either
directly, so from j to i, or through a sequence of intermediate states. The same could be
said about term Aji , where we are now going from any state i to a state j, so i → j. Next,
we discuss what each term represents in equation (9) to build a visual sense of it.

Figure 6: We are looking at a specific state of the master equation. This then shows us how being
in a specific state i (green box) out of its many possible N states (blue box) is computed. We take
the sum of all possible states j by transitioning from a state j to i multiplied by the probability of
being in a state j.

The first term:

dP [(i, t)]
dt
14

(10)

represents the time-evolution of a probabilistic system that can be in exactly one state i out
of its many possible N states at any given time t. This is depicted in Figure (6). This shows
how we take the sum of all the types of transitions. We take the transition rate matrix Aij
and multiply it by the probability of being in that specified state Pj .
The second term:

N
X

Aij · Pj

(11)

j6=i

represents, given that we are in a state j, the probability of leaving state j and entering a
state i. We can express this in terms of the probability density as:
N
X
j6=i

Aij · Pj =

N
X

p[(i, t + δt)|(j, t)] · P [(j, t)].

(12)

j6=i

For our case, since we are in state i, the occupancy is increasing so subjects are entering the
state i from the state j. This can be seen in Figure (7). This shows how we take the sum of
all the terms in the transition rate matrix and multiply it by its corresponding probability
of being in that state. We can think of the columns of the transition rate matrix as the state
j, where we begin our transition from and the rows as the state i we want to end at.

Figure 7: We show how we leave from a state j and enter a state i. We take a specific state i that
we want to enter, this is the row of the transitions rate matrix, and multiply column wise of every
element of the matrix by its corresponding probability of being in a state j and take the sum.

The third term:
−

N
X

Aji · Pi

(13)

j6=i

represents, given that we are in a state i, the probability of leaving the state i and entering
a state j, hence the negative in front of the summation. This in terms of the probability
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density has the following form:
−

N
X
j6=i

Aji · Pi = −

N
X

p[(j, t + δt)|(i, t)] · P [(i, t)].

(14)

j6=i

In this case, given we are in state i, the occupancy is decreasing so subjects are leaving state
i and entering a state j. This is shown in Figure (8). This is similar to Figure (7) but in
this case, we leave the state; hence the minus sign. We take the sum of all the terms in the
transition rate matrix and multiply it by its corresponding probability of being in that state.
In this case, the state we want to end at is j and we want to leave state i.

Figure 8: We show how subjects enter a state j and leave the state i which we are focusing on.
We take any state j that we want to transition into, this is the row of the transitions rate matrix,
and multiply column wise of every element of the transition rate matrix by the corresponding
probability of being in a state i. We then take the sum of all the terms. This gives the probabilistic
time-evolution of leaving the state i, hence the reason we subtract it from our master equation.

In Section (2.1), we mentioned the condition of not being able to go back home once evacuated. This was the binding decision made during the experiment between the subject and
the information they received from the platform. We can see how the transition rate matrix
changes through Figure (9). If we are looking at a state with j evacuated, with the assertion
our subjects are not allowed to go back home, the probability to be in any state where the
evacuated subjects are entering back home (i < j) is zero. In other words, the available shelter space is only allowed to decrease as the trial is in progress. Looking at the probability
density and with the experimental condition, these terms will be irrelevant for our master
equation since it is zero. We get the probability density with this condition to look as the
following:
p[(i, t + δt)|(j, t)] = 0 f or i < j.
(15)
This then make our transition rate matrix A(t) into a lower triangular form. We can see this
in Figure (10), where the diagonal terms corresponds to the condition derived in equation
(7).
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Figure 9: One constraint we have on our system is that the possibility to return home is not
allowed. The current state now have two options. Subjects “Stay Home” or ”Evacuate to Shelter”.
Once a subject is in “In Shelter”, they are not allowed to return home.

Figure 10: With the condition of not being able to return home once a subject has evacuated, we
get the overall form of our transition rate matrix as a lower triangular, where any term above the
diagonal element is zero.

2.3

Decision Models

This section defines how we choose the form of the decision models. We begin with the
assumption of the probability density function p, represented in equation (2), as a function
of just the probability of the disaster to strike (P HIT ) alone. We want to see how the
dynamics of the system are being influence by this. We begin by looking at only “one”
subject first. Let q represent the probability rate of exactly one subject to evacuate as a
function of P HIT . We represent this in the following form:
q(P HIT ) = f (P HIT ).
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(16)

We can start now by picking what the possible forms of equation (16) can take. The suitable
functions we choose to represents the probability rate take form of a linear, threshold and
hill function.
Lets start with the linear model, as seen in equation (17) and depicted in Figure (11). This
function has only one parameter, mL , which represents the slope of the curve. Thus the
probability for exactly on person to evacuate “q” is proportional to the probability for the
disaster to strike (P HIT ).
q(P HIT ) = mL · P HIT.
(17)

Figure 11: Linear decision model. The only parameter this considers is mL , which is the slope of
the curve.

The second function is the threshold model. This can be thought of as a step function and
is represented in equation (18) and visually in Figure (12). It has 2 parameters ΛT and kT .
The first term ΛT is the maximum evacuation rate for this model. The second term kT is
the threshold P HIT value. At this point we reach the maximum rate to evacuate, thus
q(kT ) = ΛT . This model shows that once the parameter kT is reached, probability rate for
one subject to evacuate is automatically ΛT and stays there for as long a P HIT ≥ kT . It
can be thought of as a switch that is constantly turning on or off - a statement only true
because P HIT varies non-monotonically.
(
0, 0 ≤ P HIT < kT ;
q(P HIT ) =
(18)
ΛT , kT ≤ P HIT < 1.

Figure 12: Threshold decision model. ΛT is the maximum evacuation rate and kT is the threshold
value where the function jumps to ΛT .

We now look at our last function, the hill model which is given in equation (19) and visually
in Figure (13). This could be thought of as being between the linear and threshold models.
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We have three parameters for this function. The first term ΛH represents the maximum
evacuation rate for this model. The second term kH is the threshold P HIT value where the
function q(P HIT ) is a half-maximum or as q(kH ) = Λ2H . The third term nH represents the
steepness of the curve q(P HIT ) at the threshold value kH .
q(P HIT ) = ΛH ·

P HIT nH
.
P HIT nH + kH nH

(19)

Figure 13: Hill decision model. It consists of a maximum evacuation rate ΛH , the threshold value
kH and the steepness of the curve nH at the threshold value.

2.4

Binomial Distribution

This section explains why we need a distribution to quantify the possible transitions for the
transition rate matrix A(t). This will then give use the final form of our probability density
function, equation (2).
We apply a distribution due to the fact that during any time-step, say between t + δt and
t, there are a variety of possible scenarios. We could have multiple subjects transitioning,
one subject transitioning between states, or none at all. The experiment did not have a
limit to how many subjects could evacuate during any time t. This gives us a range of
what the possible probabilities could be during the transitioning between states. We need
a mathematical construct that can describe all the possible combinations the transitioning
can occur from the state we are in. This can be seen in Figure (14). Hence the reason for a
distribution. We consider applying the binomial distribution.
The binomial distribution has the the following assumptions: (1) Each subject i is independent, (2) each subject “x”, in our case “i”, has the same probability P , where P = q(P HIT ),
to evacuate, and (3) for our case, each subject “i” has the same likelihood for the disaster to
strike (P HIT ). Therefore, each subject sees the same P HIT trajectory for each time-step.
The general form of the Binomial Distribution:
n!
· px · q n−x =
P (x) =
(n − x)! · x!
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n x n−x
p ·q .
x

(20)

Figure 14: Possible ways of transitioning from starting in state j = 0 or i = 1, 2 to entering j = 0
and i = 1, 2, 3.

Think of the binomial distribution as being multiplied first by all possible combinations
of getting to a state. Then, second, by the probability of being in a state; third, by the
probability of not being in that state. Subsequently, in terms of the parameters in equation
(20) we start with all the possible combinations the event, “x”, can occur in. We do this
by the terms in the brackets, known as the binomial coefficients [34]. Then we multiply the
first term by the probability of the an event “x” to occur, given by “p”. Then we multiply
the second term with the probability of an event “x” to not occur, given by “q”.
We need to express equation (20) in terms which agree with our theory. In Figure (15), we
show how we will consider the terms for our distribution. First, we examine a state where
we want to see the probability of i subjects evacuated at some time-step t0 , which is between
t + δt and t. If we have j subjects already in shelter then we have a total count available to
still evacuate as N − j. During the time-step t0 , there are i − j evacuating to shelter and
N − i staying at home.

Figure 15: Getting terms for our distribution. Each box represents how we construct the terms
of the binomial distribution.

Applying the cases made above, we then get each term of the transition rate matrix A(t) as
the following:


N −j
Aij = p[(i, t + δt)|(j, t)] =
· q(t)i−j · (1 − q(t))N −i
(21)
i−j
where in Figure (16), we describe how each term of the binomial distribution contributes to
the probability density.
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Figure 16: This is the final form of our of the probability density represented as a binomial
distribution. In the Purple box, this term represents how we start to count the number of ways
the evacuation can occur. The Blue box deletes the duplication in our count. In the Green box,
this term represents the probability of i − j subjects leaving to shelter, therefore evacuating. In the
Red box, this represents the probability of N − i subjects staying at home, thus not evacuating.

2.5

Transitioning Between States

The best way to see how the transition matrix A(t) works with our probability density,
equation (2), and the binomial distribution, equation (21), is through an example.
Consider a community with N = 50 individuals. Given j = 3, we want to predict the
probability of a total of 5 individuals evacuating. This can be seen in Figure (17a), where
we have a total of 2 individuals leaving to shelter given that 3 are already at shelter. This
leaves a total of 45 individuals still at home. The transition can be seen in Figure (17b)
where we go from a state j = 3 to state i = 5. We then get our probability density as shown
in Figure (17c).

(a)

(b)

(c)

Figure 17: We consider, for example, a community with N = 50 individuals. Given j = 3, we
want to predict the probability of a total of 5 individuals evacuating. In (a), this gives the set up
of our binomial distribution . In (b), this is the transitioning form state j = 3 to state i = 5. In
(c), we show what the probability density looks like.

2.6

Empirical Data

So far we have discussed the experimental setup, the master equation, the technique to
establish the final form of our transition rate matrix, the types of decision models available,
and how why binomial distribution is necessary to quantify our results.. We need a method
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that describes how we will use the observed raw data to determine what the “best-fit” optimal
parameters for the decision models will be, which we address now.
We start by considering a conjugate prior in order to determine what the “best-fit” optimal parameters are for our decision models, given the observed data. In Section (2.4),
we described the binomial distribution as the likelihood function and our decision models
q(P HIT ) in Section (2.3) as a predictor of the probability of one subject evacuating. Now,
we instead want to modify q(P HIT ) as we update the number of subjects, say i, who have
already evacuated. Therefore we look for the posterior probability.
We can relate this by Bayes’ Theorem, which has the form: P (q|i) ∝ P (q) · P (i|q) since
P (i) is a normalization factor. For our case, the term P (i|q) is the binomial distribution and
P (q) is known as the prior distribution where it has unknown parameters that we want to
determine (e.g.- the parameters of our decision model). By definition, the conjugate prior of
the binomial distribution is the beta distribution but with different parameters (α, β). We
know the form of P (i|q) but not P (q|i) and P (q), but as a mathematical convenience, we
assume they both have the same form and furthermore take the form of the beta distribution,
since a beta distribution times a binomial distribution gives another beta distribution. The
beta distribution helps in representing all the possible values of a probability when we do
not know what the probability is, as shown in equation (22).
f (x, α, β) =

1
· xα−1 · (1 − x)β−1 .
B(α, β)

(22)

We observe the rates increase monotonically with P HIT in a manner reminiscent of our
models [26]. Therefore, we let the variable, x = q(t), from equation (22), which is the
probability of one subject to evacuate that actually occurred from the observed data. The
parameters α and β are defined to be the hyper parameters of the conjugate prior corresponding to α − 1 successes and β − 1 failures. Therefore, we can relate α = i − j and
β = N − i from the binomial distribution.
We want to look at data between specific ranges for the likelihood of disaster striking.
Therefore, in the form P HITν ∈ {0.0, 0.1, 0.2, ..., 0.9, 1.0}, where ν = 0, 1, 2..., 10. Let q(t)ν
be the probability of one subject to evacuate for each value of P HITν . Since we have a total
of 160 trials, it makes sense to look at the expected value (mean) of the beta distribution’s
random variable x, with the parameters α and β [37]. If we look at all the relevant trials,
we get the expectation value in the following form [39]:
µ = E(x) =

α
.
α+β

(23)

In order to apply equation (23), we need a few terms to justify what form our hyper parameters α and β take. Let the variable Hν , represent the total number of intervals in the
aggregated experiment where a participant who is “At Home” observed P HITν . Likewise,
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the total number times such participants then “Evacuated to Shelter” at P HITν is represented by Jν [1]. In other words, we can think of Jν as the number of successes in evacuation
and Hν − Jν as the number of failures in evacuation when compared to the terms in our binomial distribution, equation (20). As compared to the beta distribution, we get αν = Jν + 1
and βν = Hν − Jν + 1. Thus, in our case, we get the expectation value as [1]:
Θν = E(qν (t)) =

Jν + 1
αν
=
αν + βν
Hν + 2

(24)

where Θν is the expectation value of qν (t) in the range of P HITν . To apply the beta distribution, we need to know what the future outcome is given that we already have knowledge
of what the past results were. We extract this from the observed data. This then allows us
to look at the likelihood of the beta distribution which is just the multiplication of all the
terms, in equation (22), with respect to ν.
Y
Y
fν (qν (t), Jν , Hν ).
(25)
fν (xν , αν , βν ) =
L=
ν

ν

For our case, substituting all the terms in the general beta distribution, equation (22), we
get the likelihood of our beta distribution to look like the following:
L=

Y
ν

1
· qν (t)Jν · (1 − qν (t))Hν −Jν .
B(αν , βν )

(26)

Due to the monotonic behavior of equation (26), we then take the logarithm of it, getting
the form:
X
[(Hν − Jν ) · ln(1 − qν (t)) + Jν · ln(qν (t))].
(27)
ln(L) =
ν

Finally, we maximize equation (27) to determine the parameter values for our decision models. We look at the logarithm of the likelihood, equation (26), because of the mathematical
convenience in applying it to the optimization tool we will use in order to find the “best-fit”
optimal parameters of our decision models.

2.7

Optimizing Model Parameters

We still do not have a way to find the most probable parameter values for our decision
models q(P HIT ), shown in Section (2.3), to most accurately model/fit the data. We need
a method that numerically estimate what the decision models parameter values are. We
will apply the maximum-likelihood estimator (MLE) in MATLAB to the logarithm of our
likelihood equation (27). This will aid in resolving what the “best-fit” optimal parameters
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for our decision models will be. In general, for a fixed set of data and underlying statistical
model, the method of maximum-likelihood estimator (MLE) selects the set of values for the
model parameters that maximizes the likelihood function, equation (26).
In our case, we want to minimize the logarithm of the likelihood function, equation (27),
in order to maximize/optimize our decision model and its parameters with the value of Hν
and Jν . We do this by multiplying equation (27) by a negative. We take care of this by
applying the “fminunc” function in MATLAB. Therefore, the new form of the logarithm of
our likelihood equation, which we will apply maximum-likelihood estimator (MLE), will be
of the following:
X
ln(L) = −
[(Hν − Jν ) · ln(1 − qν (t)) + Jν · ln(qν (t))].
(28)
ν

With equation (28), finding the “best-fit” optimal parameters for our decision models comes
down to having the value of Hν and Jν and the functional form of our individual decision
model qν (t).

3

Results

In this section, we show the outcomes of each model and the error it gives in predicting the
observed data. We also perform leave-one-out-cross-validation (LOOCV) to see if our model
and its parameters do not overfit the observed data. Then analyzing the observed group
data from our individual decision model, we compare how well individual model predicts
group behavior from the observed data.

3.1

Fitting the Models

With everything described in Section (2), we begin our analysis by first finding what the
“best-fit” optimal parameters are for each of our decision models described in Section (2.3).
To do this, we apply the maximum-likelihood estimator, described in Section (2.7), to the
observed raw data collected from the controlled experiment. We get the following “best-fit”
optimal parameters for our models:
1. Linear Model: mL = 0.0398.
2. Threshold Model: ΛT = 0.812 and kT = 0.62.
3. Hill Model: ΛH = 1.225, kH = 0.922 and nH = 8.180.
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(a)

(b)

(c)

Figure 18: The three decision models with its “best-fit” optimal parameters.

The three decision models with there respective “best-fit” optimal parameters can be seen
in Figure (18). To get a better sense of our decision models and to ensure we have chosen
it correctly, and not randomly, we show the following two plots in Figure (19). We looked
at 16 trials out of the total 160 trials. In each of the 16 relevant trials, every subject was
independent and the shelter space had enough room for every individual to fit: 50 available
spaces.
In Figure (19a), we present the total number of times every subject, labeled from 1 to 50,
sees the value of P HITν ∈ {0.0, 0.1, 0.2, ..., 0.9, 1.0} where ν = 0, 1, 2, ..., 10 before they
evacuated. In Section (2.6) we labeled this as Hν . In Figure (19b), this is the total number
of times the subject evacuated at the P HITν value, which we labeled as Jν in Section (2.6).
The P HITν values were rounded down to the “NEAREST” multiple of 0.1 for all trial (e.g.P HIT values binned in the 0.4 range included 0.40 − 0.499...).

(a)

(b)

Figure 19: In (a), we make a contour plot of the total number of times every subject, labeled
from 1 to 50, sees the P HITν value before they evacuated. In (b), this represents the total number
of times the subject evacuated at the P HITν value.

The plots in Figure (19) contains overwhelming amounts of data. To make them more
understandable, we look at what the evacuation rate is. We achieve this by divide Jν by Hν ,
as shown in Figure (20). Figure (20a) represents the evacuation rate for each subject for all
25

P HITν values. In Figure (20b), plotted is the average number of evacuations for each P HITν
value. We binned P HIT (with P HIT in the range of P HITν ∈ {0.0, 0.1, 0.2, ..., 0.9, 1.0})
then took the average per bin. As shown in Figure (18), the plot appear to have a similar
resemblance to the observed raw data in Figure (20b).

(a)

(b)

Figure 20: (a) shows the contour plot of the evacuation rate for each subject. We get this plot by
taking Jν and dividing it by Hν , (Jν ./Hν ). In (b), we plot the “Average Number of Evacuations”
for each P HITν value. This is achieved by taking the average evacuated over all instances of
P HITν in all the relevant trials.

With the “best-fit” optimal parameters for our three decision models established, we may
start our analysis by first taking the mean of each model then comparing its performance to
the observed raw data collected from the experiment described in Section (2.1).

(a) Disaster Hit

(b) Disaster Miss

Figure 21: In (a), we show the contour plot of the linear model for trial 49, and in (b) for trial 125.
It is compared to the observed data (white dashes) for the respected trials. We can see that the
model does not following the observed data to well since it has points outside of its 95% confidence
intervals.

A contour plot of the “Linear” model with its “best-fit” optimal parameters is given in Figure
(21). Plotted in “white dashes” is the observed cumulative number evacuated for that trial,
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(in this case trials 49 and 125, respectively). In “light blue” is the 95% confidence interval
for the decision model. The linear model does not do a satisfactory job in predicting the
observed data. In Figure (21a), tt remains somewhat outside of the models 95% confidence
intervals, and in Figure (21b) it is mostly outside if its 95% confidence range.

(a) Disaster Hit

(b) Disaster Miss

Figure 22: Plotted in (a) is the contour plot of the threshold model for trial 49, and in (b) for
trial 125. We compare it to the observed data (white dashes) for the respected trials. We see an
over-estimation from this model because it predicts evacuation before the observed data.

A contour plot of the “Threshold” model with its “best-fit” optimal parameters is shown in
Figure (22). For trials 49 and 125, the threshold model seems to over-estimate the observed
data. It also does not predict the data to within its 95% confidence intervals. For these
trials, the threshold model predicts the evacuation to be earlier than what the observed data
is showing us. It also states that more subjects tend to evacuate, which was not the case
during the actual trials.
A contour plot of the “Hill” model with its “best-fit” optimal parameters is given in Figure
(23). This model does show consistency with the observed data for trials 49 and 125. It does
not over or under-estimate the trials. For the most part, it does reasonably well to predict
the observed data to within its 95% confidence intervals. As shown in Figure (23b) around
the 45 time-step, less subjects are evacuating and the hill model adjusts to it nicely.
To gain deeper understanding of what the models look like together, we plot all three decision
models with their corresponding “best-fit” optimal parameters, the observed data and the
likelihood for the disaster to strike (P HIT ). This is shown in Figure (24) for trials 49 and
125, respectively.
For trial 49 in Figure (24a), the disaster hits the community at around 40 time-steps. For
most of the trial time, the hill model (orange) seems consistent with the observed data
(shaded grey). The linear model (blue) begins by first over predicting this data then under
predicting it. The threshold model (green) does nothing at first since the threshold parameter kT is not achieved by P HIT (purple dashes). At around 20 time-steps, the threshold
parameter is reached, causing the threshold decision model to engage. The model still over27

(a) Disaster Hit

(b) Disaster Miss

Figure 23: We show in (a) the contour plot of the hill model for trial 49, and in (b) for trial
125. It is compared to the observed data for the respected trials. The hill model overall has a
consistent behavior in predicting the respective trial since it follows nicely to the observed data
(white dashes).

estimates the observed data by predicting evacuations earlier and more evacuating than what
is observed.
Looking at trial 125 in Figure (24b), the disaster misses the community. The probability for
the disaster to strike (purple dashes) seem smooth during most of the trial. At around 45
time-steps, the P HIT trajectory takes a sudden change and declines to zero. The threshold
model (green) does react and ends up over-estimating the observed data (shaded grey). The
linear model (blue) seems to over-estimate the observed data at first. Then when the P HIT
trajectory makes a sudden change in its direction, it starts to under-estimate the number
evacuated compared to observed data. The hill model (orange) seems to predict the observed
data pretty well until the sudden change in P HIT occurs, causing it to under-estimate the
number evacuated. Looking at Figure (23b), we see that the predictions from the hill model is
still within its 95% confidence intervals, thus reassuring the model does fit the observed data
better than the linear and threshold models, as seen in Figures (21b) and (22b), respectively.

3.2

Cross-Validation

From this point, we will focus on the hill model and see if the prediction overfits the observed data. The overfitting will be estimated by applying the leave-one-out-cross-validation
(LOOCV) method for all the relevant trials.
Figure (25) shows a subplot of all the trials in which LOOCV (green) was applied to along
with the original hill model (orange) as discussed in Section (3.1), the observed data (shaded
grey), the probability for the disaster to strike, P HIT , (purple dashes), and the residual
between the LOOCV and the observed data (red).
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(a) Disaster Hit

(b) Disaster Miss

Figure 24: We see the hill model (orange) seems the most consistent when compared to the
observed data (shaded grey). The linear model over and under-estimates the number evacuated
and is overall inconsistent with the observed data. The threshold model remains over-estimating
both trials by the time of evacuation and the total number of subjects evacuated.

A residual is the difference between the observed data and the estimated value of the quantity
of interest - in our case the decision models. The residual plot helps in understanding the
correlation between the decision model’s “best-fit” optimal parameters and the dependent
variable, which, in our case, is P HIT . The lower the residual value, the more accurate the
prediction of our decision model is. To make a more reasonable justification, we will look at
a few of the trials separately, shown in Figure (26).

Figure 25: Subplot of the hill model (orange) with LOOCV (green) applied to it. For most cases,
our individual hill model does not overfit the observed data (shaded grey).

Looking at Figure (26a), the disaster hits the community at about 55 to 60 time-steps. The
hill model (orange) is slightly above the LOOCV (green) prediction. Both models seem
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consistent with the observed data (shaded grey). The residual plot (red) does not seem to
go over 15 individual evacuated and still remains relatively low for every time-step. This is
good because it tell us that the “best-fit” optimal parameters seems to agree with the overall
status of P HIT .
In Figure (26b), around 40 time-steps the disaster hits the community. For this trial, the
LOOCV (green) prediction is overall above the hill model (orange). Again, both models are
consistent throughout the entire trial with the observed data (shaded grey). The residual
plot (red) still remains small for all time-steps and seems to mainly stay below 10 individuals
evacuated. Again, our “best-fit” optimal parameters seems to accurately agree with P HIT .
Looking at Figure (26c), the disaster hits the community at about 45 time-steps. The hill
model (orange) stays mainly below the LOOCV (green) prediction. In this trial, even though
the disaster struck, individuals did not seem to evacuate. This is observed around time-step
35 to 45. The probability for the disaster to strike, P HIT , (purple dashes) seems to make a
drastic change during this moment. The residual plot (red), up to time-step 20 to 35, seems
to remain low, thus agreeing with our model. After time-step 30, we see our model’s behavior
starts to change and the P HIT value around time-step 35 illustrates some issues. It shows
that the disaster does strike suddenly, but the subjects do not seem to have enough time
to respond to this occurrence. Overall, our decision model does agree with the dependent
variable P HIT since the disaster struck, but our observed data did not agree with P HIT .
This indicates that our “best-fit” optimal parameters for the hill model seem reasonably
accurate in predicting the number evacuated when compared to P HIT .

(a)

(b)

(c)

Figure 26: Cross Validation comparison with hill model in which all three cases the disaster
strikes the community. (a) The hill model is slightly above LOOCV. (b) The hill model is slightly
below LOOCV. (c) The hill model is below LOOCV. Overall, we can see our “best-fit” optimal
parameters seem to agree with the dependent variable P HIT that drives these decisions.

Looking at Figure (27), we show the residual plot of all the relevant 16 trails (red dashes)
along with the residual mean (solid red). We see the mean residual clustering about 0.
The individual residual plots overall have a symmetric distribution which tends to cluster
about 0 as the time-steps increase. Overall, we do not see any reliable patterns depicting
behavior in the residual plot. This tells us that we have not excluded any extra parameters
from our model and for these relevant trials, the model does not seem to warrant drastic
improvements.
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Figure 27: This is the residual plot representing the difference between each LOOCV trial and its
corresponding observed data. The red dashed lines are for each trial while the solid red line is the
average of every trial for all time-steps. This indicated that our “best-fit” optimal parameters seem
reasonably accurate to predicting the observed data along with the dependent variable P HIT .

Above, we have discussed how accurate our “best-fit” optimal parameters for the hill model
is to the models dependence on the parameter P HIT . We have not discussed the accuracy
of our optimization method in predicting these values. We can tell that the optimization
method is reasonably accurate since the predictions are well justified (as revealed by Figure
(26)). Since we use (LOOCV), described in the middle of Section (1), we are not fully aware
of the accuracy due to applying the maximum-likelihood estimator (MLE). We apply the
“Mean Squared Error” (MSE) to the original hill model and the (LOOCV) model against
the observed data set in order to evaluate the accuracy of this optimization method.
The MSE is a risk function, due to its dependence on the outcome of our observed data,
corresponding to the expected value of the squared error loss or quadratic loss [43]. The
MSE will measure the quality of our optimization method, the mean-likelihood estimator. It
looks at the difference between our prediction and our observed data. The difference occurs
due to either randomness or because the estimator does not account for information that
could produce a more accurate estimate [43]. Ideally, we want the MSE to be about zero: if
the MSE is zero then it states we have perfect accuracy in our optimization method. The
MSE takes the following form:
n

M SE =

1X
(Ŷi − Yi )2 .
n i=1

(29)

where Ŷ is a vector of n predictions, and Y is the vector of observed data which correspond
to the inputs of the decision model which generated the predictions [43]. We apply the MSE
to the following cases: observed data vs. LOOCV and observed data vs. hill model. The
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overall evaluation is depicted in Figure (28).

Figure 28: This is the mean squared error (MSE) of the observed data vs hill model (green) and
observed data vs LOOCV (blue). We can see that the averaged value of the MSE is consistently
near 0 for all the relevant trials. This tell us that the maximum-likelihood estimator (MLE) does
a consistent job in predicting the “best-fit” optimal parameters for our decision models.

In Figure (28), the MSE of the hill model (green) stays overall close to the MSE of the
LOOCV (blue). The averaged MSE (dashed purple) is relatively close to 0, thus indicating
that the optimization method is consistent with the observed raw data. There is some inconsistency in trial 76 due to and abrupt change in P HIT , which was discussed in Figure (26c).
This reveals some fundamental issues in the way our optimization method reacts to drastic
changes. However, the relevant trials have an average mean squared error (MSE) of about
zero. Thus, for the most case our maximum-likelihood estimator (MLE) is mostly accurate.
Therefore, the MLE does a reasonable job in finding the “best-fit” optimal parameters for
both our hill and LOOCV model.

3.3

Individual Model Tested On Group Cases

In this section, we compare our hill model to the observed raw data of the group cases,
with the same assumptions made in Section (1), and determine how well it predicts group
behaviors. We will still have 50 available shelter spaces and each group will have a total of
5 members.
To start off, we consider the group case where we have the protocol of last-to-go (LTG).
This appears to be the clearest instance of every subject remaining an individual because
it requires every subject to decide one way or the other to evacuate. During each trial,
32

every subjects action is recorded. Even if the subject chose to evacuate, the group might
not have evacuated. So, instead of comparing our hill model to the total cumulative number
evacuated, we will now compare it to the total cumulative number of decisions made. We
gathered this information by counting how many subjects clicked the evacuation button
during each time-step for that trial, then we took the cumulative sum. This can be seen in
Figure (29).
In Figure (29a), the disaster does not strike the community. We see around time-step 30
that the P HIT behavior takes a sudden change and alters its course. Throughout this trial,
the hill model (orange) and the LOOCV model (green) seems consistent with the number
of evacuations made (shaded grey). The residual data (red), which is the difference between
the number of evacuations made and LOOCV, stays close to 0. Our parameters therefore
agree with our P HIT (dashed purple).
Looking at Figure (29b), the disaster strikes the community around 40 time-steps. It shows
between the time-steps from 15 to 40 that the hill model (orange) and LOOCV model (green)
stays above the number of evacuations made (shaded grey). Overall, the residual data (red)
stays below 10 for most of the trial and around 0, therefore, our parameter values predicted
seem accurate with P HIT . Even though during time-steps 30 to 45, we see a sudden change
in P HIT , our model remains relatively close to the number of evacuations made.

(a)

(b)

Figure 29: Trials 98 and 133 for the case of 5 subjects per group having the protocol last-to-go
and 50 available shelter spaces. In (a) is trial 98, both hill (orange) and LOOCV (green) seems
consistent with the number of evacuation made (shaded grey), and the residual plot (red) seems
to show our parameters are accurate with P HIT . In (b) is trial 133, this shows that the hill and
LOOCV, for most of the trial over-estimates the number of decisions made but eventually agrees
with the observed data. The residual plot also remains relativly low, thus our parameter values
seem accurate with P HIT .

If we apply the same method to the first-to-go (FTG) case with the same group size and
shelter space, we see that this method does not work. One of the main issues here arises
from the evacuation protocols: when the first subject of the group chooses to evacuate, the
entire group must leave to a shelter. When this happens, the other subjects that did not
make a decision in the group do not have any other choices to make. Therefore, they did
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not make a choice to evacuate. This can be seen in Figure (30).

(a)

(b)

Figure 30: Trials 73 and 131 for the case of 5 subjects per group having the protocol fast-togo and 50 available shelter spaces. Plotted in (a) is trial 73, both the hill (orange) and LOOCV
(green) does an unsatisfactory job in prediction when compared to the number of evacuations made
(shaded grey). In (b) is trial 131, both models over-estimate what the number of evacuations are.
Thus, comparing the number of evacuations made to the group protocol cases first-to-go (FTG) is
not viable. For both trials, the residual plot (red) is relatively low, thus our parameters agree with
P HIT but the decision model is not suitable for this protocol.

In Figure (30a), the disaster strikes the community around 40 time-steps. In this case both
the hill (orange) and LOOCV (green) models, they over-estimate the number of evacuations
made (shaded grey) from time-steps 5 to 30. For time-steps above 30, both models underestimate the number of evacuations made. Something appealing from this plot is the number
of evacuations made. We see a total of 15 choices made to evacuate around time-step 30
from the observed data. This tells us that multiple subjects were thinking the same way to
evacuate to shelter as the P HIT (dashed purple) began to fluctuate and increase.
In Figure (30b), the disaster also hits the community a little after 40 time-steps. During
the start of the trial, it seems the entire shelter space is already occupied since 10 subjects
chose to evacuate and each group consists of 5 members. The problem with this is during
every trial, there was a breathing period of 15 time-steps. Regardless, both the hill (orange)
and LOOCV (green) models both over-estimate the total number of evacuations made by
the end of the trial, which is about 40 time-step. Overall, comparing our hill model to the
number of evacuations made for the group protocol case first-to-go (FTG) is not a viable
choice. For trials 73 and 131 in Figure (30), the residual plot (red) shows our parameter
values are accurately determined compared to P HIT due to it being relatively low. Our
decision model remains inconsistent with the observed data, thus it is not suitable for this
protocol.
We can apply the same method to the group protocol case of majority-votes (MV). For this,
we will consider groups of 25 subjects but still with 50 available shelter space. We show the
plots in Figure (31).
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(a)

(b)

Figure 31: Trials 81 and 146 for the case of 25 subjects per group having the protocol majorityvotes and 50 available shelter spaces. In (a) and (b) we observe similar behaviors from both the
hill (orange) and LOOCV (green) models. Both tend to over-estimate the number of evacuations
made (shaded grey), then under-estimating it, then finally over-estimation.

In Figure (31a), the disaster hits the community around 40 time-steps. The number of
evacuations (shaded grey) made has a maximum value about 30. During this trial, we see
the hill model (orange) and the LOOCV model (green) starts to first over-estimate the data
between time-steps 0 to 25. Between time-step 25 to around 35, both models under-estimates
the number of evacuations made. After time-step 35, they start to over-estimate it again.
This method does not seem too consistent with what the number of evacuations made are.
In Figure (31b), the disaster strikes the community at about 40 time-steps. We see a similar
behavior as in Figure (31a). Both models start to over-estimate the number of evacuations
made (shaded grey), followed by under-estimation. Then, after time-step 30, it begins to
over-estimate the observed data again. Overall, comparing the number of evacuations made
to the group protocol case of majority-votes is also not very satisfactory for our models. This
implies further investigation is needed to understand how group behavior works and to find
what factors influence group decisions regarding the given protocols and conditions of the
experiment. Therefore, for both first-to-go and majority-votes cases, the way we depict the
observed raw data is inconsistent or our hill decision model is not suitable for this protocol.

4

Discussion

In this section we summarize what we found in our investigation, discuss the modifications
in our model to consider, and some future steps we can take in order to keep working on the
decision models.
Examining just the individual case in Section (3.1), we see that for the condition listed (50
available shelter space with each subject independent), the hill model does a satisfactory job
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(a) Disaster Hit

(b) Disaster Miss

Figure 32: Trials 76 and 144 for individual cases with 50 available shelter spaces. In (a) and (b)
between the time-steps 30 to 40, the hill model (orange) takes time to adjust to the drastic P HIT
(purple dashes) changes in both trials.

in predicting the observed data. As long as the P HIT trajectory is smooth, our hill model
agrees with the observed data better than the linear and threshold models. One thing to
note is how our hill model adjusts to drastic P HIT changes. This is shown below in Figure
(32). For trial 76 in Figure (32a), during time intervals 30 to 40, the hill model (orange)
takes time to adjust to the rapid P HIT (purple dashes) changes. The same is true for trial
144 shown in Figure (32b).
Looking at our cross-validation case in Section (3.2). If we just focus on the original condition
(50 shelter space with each subject independent), we see both the LOOCV and the hill model
mostly agree with each other and with the observed data, as shown in Figure (24). The
LOOCV tells us our hill model does not overfit the observed data and that our optimization
method accurately finds the “best-fit” optimal parameters for our decision model. We are
safe to say that the individual hill decision model seems adequate in fitting the observed
data.
Our model seems to break down when it comes to considering groups instead of just individual behaviors. As discussed in Sections (3.3) in the group protocols first-to-to (FTG) and
majority-votes (MV), the hill model consistently seems to either over or under-estimate the
observed data. For the last-to-go (LTG) protocol, we get a reasonable prediction from our
hill model. Therefore, we can conclude that individual decision behavior does not justify
group decision behavior, as there are no consistent predictions between the observed data
and the individual decision model for the relevant trials.
Our work can be modified by changing what our initial assumptions are. Again looking at
Section (3.3), in Figures (29),(30) and (31), we see that the hill model has a over/underestimating behaviors when compared to the observed data. This may indicate that decision
from the past, as observed from group members, may have some influence on the decisions
made in the present. This breaks the assumption of a Markov process which our transition
rate matrix, as well as equations (1), followed.
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Figure 33: This is the probability of each individual to evacuate given there are 50 available
shelter space. After the P HIT value of 0.6, we see the assumption of every subject having the
same decision model starts to break down. This indicates during cases when events begin to get
critical (e.g.- rapid P HIT fluctuations), subjects independently start to behave differently from
each other.

Plotted in Figure (33), is the probability of every individual to evacuate. If our assumption
of every subject individually having the same decision model was true as explained in Section
(2.2), then for every P HIT each individual should have the same probability to evacuate.
We see in Figure (33) that this is not the case. Once P HIT reaches the value 0.6, the
assumption starts to break and the model begins to break down for each subject. Another
modification can be applied to the way we optimize our decision model. We do observe
during drastic P HIT changes, our model does not react very well with the observed data.
With the outcomes presented in Section (3), determining an optimal decision strategy will
not be viable in this case. There are still many gaps in understanding human decision
dynamics as individuals and as groups. For the most part, our individual hill model does
agree with the observed data for the initial condition (50 shelter space with every subject
independent) due to no competition for shelter space. One thing it does not account for is
the time pressure brought on by our time constraints. During rapid P HIT fluctuations in
small time-steps, our model takes time to adjust its behavior. This still leave out a viable
prediction for group behaviors and determining the best case protocols for achieving optimal
choices during disasters.
There are a number of things we could do regarding future steps for this project. We could
continue with the original assumption and see how well it fits to limited shelter spaces.
We could also try to use a different decision model, such as a power function with twovariables and see if the number of parameters do play a key role in fitting the observed data.
Alternatively, we could change our assumption of there being an equal probability for all
individuals to evacuate and instead analyze each individual - and their decision dynamics
- separately. Another possible step could be to extend the experimental setup to involve
more realistic conditions where subjects are forced to interact in groups. Then, we could
observe if individual evacuation strategies provide an optimal group evacuation outcome.
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Another possibility is changing how we optimize our parameters. Instead of using static
optimized parameters, which the maximum-likelihood estimator (MLE) determines, we can
use a different optimization method that keeps updating the parameters for each time-step:
thus giving us dynamic parameters.
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