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Abstract

This thesigrovides an artificial intelligence approach for the problem of resource allocation in time
critical dynamic environments. Motivated by healthcare scenarios such as mass casualty incidents, we
are concerned with making effective decisions about allocttipgtients the limited resources of
ambulances, doctors and other medical staff members, iimeglunder changing circumstances.

We cover two distinct stages: tAenbulance stage (at the location of the incident) antHtspital

stage (where the pant requires treatment). Our work addresses both determining the best allocation
and supporting decision making (for medical staff to explore possible options). Our approach uses
local search with social welfare functions in order to find the best dtbosaimaking use of a

centralized tracking of patients and resources. We also clarify how sensing can assist in updating the
central system with new information. A key concept in our solution is that of a policy that attempts to
minimize cost and maximizetility. To confirm the value of our approach, we present a series of
detailed simulations of ambulance and hospital scenarios, and compare algorithms with competing
principles of allocation (e.g. sickest first) and societal preferences (e.g. egalitatizest). In all,

we offer a novel direction for resource allocation that is principled and that offers quantifiable
feedback for professionals who are engaged in making resource allocation decisions
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Chapter 1

Introduction

Within the field of artificial intelligence, an intelligent agent represents an entity that perceives and
acts in an environment rationally in order to reackem@ain goals or perform certain tasks; multiagent
systems represents the system where these intelligent agents interact with each other [45]. Multiagent
resource allocation takes resources and agents as input and outputs how the resources should be
allocaed to the agents. This thesis concerns multiagent resource allocation and proposes a framework
for performing this task in dynamically changing environments wherdine@ldecisions are
required.

Chevaleyre et al . ds s ur anédMARA) Bystems didtingaispesnt r esour
between distributed and centralized approaches [8]. In this thesis, we propose a centralized solution,
one that wuses | ocal search in order to discover
MARA clarifies that agents in need of resources will have preferences over what they receive; they
also explain that determining the value of an allocation can be achieved by virtue of some kind of

global utility function.

In this thesis, we are interested in a partickiad of environment, one that can be characterized as
follows: i) it has indivisible resources ii) the resources may either be shareable or unshareabile iii) the
multiagent system is cooperative; as a result agents are not attempting to deceive thejrtheess
is a very general characterization of agent preferences, which applies to all of the agents in the system
(they all want to receive the best resource that improves their utility) but there may still be differing
needs, amongst agents (for examjoh a healthcare domain one agent may need a heart surgeon
whereas another requires a brain surgeon) v) the preferences of users are in essence dictated by their
current state: what agents in this state would require as resources vi) the environmein islach
the cost of a poor allocation is important to be modeling; this means that instead of introducing a
utility function to maximize, we are more focused on reasoning with a cost function, to minimize vii)
there is the challenge of coping with atgeim need of resources for whom no resources have in fact
been allocated viii) the environment is dynamically changing and the allocation solution must be

computed in reatime.

The design that we will propose in order to provide for resource allocat@Emvironments such as

these is characterized as one of solving a constraint satisfaction problem, cast in terms of conducting a

1



local search towards a solution. In Chapter 2 we elaborate on what needs to be specified when
adopting this particular approatihcluding preferred search strategy, heuristic for selecting
neighbouring solutions, options for restarting the search, etc.). While viewing the solution of
constraint satisfaction under dynamic conditions as local search is not a novel depiction (see fo
instance [42]) what we are now proposing and illustrating is using this kind of artificial intelligence
paradigm as the basis for resolving resource allocations.

Since MARA problems require some kind of function to compare alternative solutions, what we
outline in this thesis is an approach for clarifying the cost functions that will enable the allocation
options to be compared. Towards this end, we propose that social welfare functions be used as the
central metric. Chevaleyre et al. discuss the rolesbeial welfare functions have played in the
design of MARA systems; he also provides a nice survey of the different kinds of functions which
may be introduced [8]. This discussion depicts these functions as useful in reflecting the preferences
of agentstowards improved utility in environments such as auctions, with negotiation. In our system,
as will be shown, we make the decision to employ social welfare functions in order to compare the
differing costs of solutions. It will turn out to be the caseé this metric is especially valuable for the

kinds of applications in which we are interested.

We have already characterized the kinds of environments we wish to model and in which our
MARA proposal will operate. One particular application is that of heate. We were in fact
motivated by trying to address how to assign ambulances to hospitals, especially when faced with
critical, burdensome scenarios such as mass casualty incidents. But we wanted our solution to be
sufficiently general that it could al$mndle the second phase of MARA within this context: assigning
doctors to patients upon arrival at the hospital. We also imagined that our framework would be of
value in other environments, such as allocating fire fighters to a new, massive fire (whidh wo
require the same kind of system characterization). Faced with a MARA challenge in a context like
this, it occurred to us that what would also be important to offer as part of our design are additional
elements: i) an articulation of the sensing thatild@ccur in the environment that would enable the
updating of parameter values ii) a characterization of when it would be possible to change the
proposed allocation of resources (e.g. certainly before the actions to be performed by the resource
have beguna kind of buffering situation) iii) support for decision making by the humans who are

interested in learning the proposed allocation of resources.



This then caused us to ensure, when designing our framework, that it could be implemented,
thrown into simlated scenarios, in such a way that various graphs could be generated which would
both i) confirm the value of our particular design, in comparison with less reasoned approaches to
MARA ii) provide output of value to decision makers, in order for thentdjosa certain parameter

settings, in an effort to determine their best decision making strategies.

This thesis devotes considerable effort to clarifying what decision makers can specify and can see
outcomes for, as part of our decision making support withr overall framework. As will be
explained in greater detail in Chapter 3, we allow for variation of i) preferred social welfare functions
i) preferred principles of allocation (e.g. sickest first vs. first come first served) iii) experimenting
with different buffering times (for how long one can adjust the proposed initial allocation before it is
locked in and no longer adjustable (the gains in solving quickly vs. the losses in ending up with less
desirable allocations) iv) the effect of setting difigrtimes for when to sense and thus to update the

parameter values.

In the chapters that follow we provide background information including competing approaches
and related work that serves to inform our solution (Chapter 2), a description of our projostd
in detail, including its central algorithms (Chapter 3), a depiction of this model for the application of
healthcare, outlining proposed parameters to model and their range of possible values, as well as
useful domairspecific cost functions (Chapté), and a validation of this model in this specific
context (Chapter 5) providing not only graphs which show the performance of our approach but also
sample output that can be presented to decision makers in this context. In Chapter 6 we return to

summaize our contributions and to discuss future directions.

In all, we are offering a clear characterization of local search as a method for MARA, proposing
the use of social welfare functions as the basis of computing and comparing costs. We illustrate the
use of this framework in detail for the application of healthcare, highlighting what our design makes
possible for decision makers. Through simulations, we are able to illustrate the effectiveness of the
framework and thus its potential contribution for lieedre applications. Our final discussion
clarifies the central components our design that makes it amenable to a variety of possible contexts,

outlining as well what distinguishes it from other approaches.



Chapter 2

Background

In this chapter, in order to detema the requirements for our solution, we include a literature
survey for some background information. Areas that will be covered include patient scheduling,
decision support systems, resource allocationcandtraint satisfactiorAlthough there is ovéap in
the topics between the literatures, the sections have been dividedbtwpics for ease of reading.
Once we have presented our proposed approaches in detail (Chagtens3vill return to provide
additional compare and contrast (Section 6.2).

2.1 Patient Scheduling

Scheduling patients in a hospital can be carried out from many different approaches. These
approaches include appointment exchand@ls €oordination mechanism&3, 21], genetic
algorithms [37 49], and multiagents [13, 21, 3B3, 43, where some of themi B, 21, 4Bare a
combination of approaches. Simulations and experimentations are typically performed to show the
benefit of the approach.

Ver me ul e a3 paper diacussed patignt scheduling in a hospital that uses agmtti
Pareteimprovement appointment exchanging algorithm (MPAEX) with the objective of minimizing
completion times of all their patients. There are a few techniques used to reach their objective. The
first is with the multiagent system, where agents arhaziresource agents or patient agents. A
resource agent represents medical professionals or medical equipment (e.g. examination room). In
addition, resource agents include their constraints and their preferences. A patient agent simply
represents the patiein the hospital and includes their needs as well as their preferences. Patient
agents will have timeslots scheduled with the resource agents so that they can be treated. Scheduling
the timeslots applies Pareto improvement technigue, where a patieime wilheduled to a timeslot
only if no other patient will become worse by that scheduling. It is important to note that activities
performed in a hospital each has its own duration and each agent can only be part of one activity at a
time. Moreover, the dyamic nature of hospitals causes activities to be added continuously depending
on the arrival and departure of patients as well as resources. All these factors are taken into account
using the MPAEX algorithm. Using the technique of appointment exchabgtagen agents,
patients are initially assigned timeslots by corresponding with resource agents then the patient agents

will continuously reschedule until exchanges can no longer be made.
4



Dec ker a3hwbrk &lso fas a hulhgent solution but theyse a Generalized Partial Global
Planning (GPGP) approach. In this paper, agents represent the ancillary and nursing units of the
hospital while the resources represent the patients. The units perform different tasks (e.g. blood test)
on the patients. Thesasks have a few considerations. The first is that tasks can have relationships
between them, for example, completing a certain task before others. Next, tasks should not be
redundant. Finally, depending on the task, a patient can be consideredtempable resource
meaning it will not be able to be in two different ancillary units at the same time. The authors mention
that cooperative agents are required in order to coordinate the tasks. Furthermore, agents will have
comparable utility measures whertetenining the schedule. Schedules are creating through a bidding
process. Each agent produces a local schedule and they bid for the time interval to complete their
task. If the agent loses the bid then it will reschedule. If the agent wins the bidwlieaxecute the
task. However, the winning agent may still be required to reschedule due to the dynamic nature of
scheduling in a hospital. One of the reasons identified in this paper for scheduling is to minimize time

for setup, which will minimize theraount of time a patient needs to stay.

Coordination of multagent patient scheduling is similarly found in Kanaga, Darius, and
Val ar ma2ltpaperdThis Work has an auction based mechanism with three types of agents. The
Common Agent registers the patt, sets the initial plan for treatment, and assigns a priority to the
patient based on their health. Examples of a Common Agent include general physicians and hospital
receptionists. The Resource Agent can be doctors, specialists, and hospital eq@gmetRI
machine). The doctors and specialists have their own beliefs, goals, availability, and preferences. The
Patient Agent represents a patient with a treatment plan consisting of tasks to be completed at a
certain time. Each patient will have prafences f or resources and ti me sl
priority level may change over their hospital visit. The authors describe an auction based mechanism
where each Resource Agent is an auctioneer and each Patient Agent is a bidder. In oR#idior a
Agent to minimize their waiting time they places bids to the Resource Agent for time slots. Once the
auction is over, the bidders are informed who won the time slot. If a Patient Agent lost the auction
and still needs the unavailable resource therResource Agent will trigger an auction when a time

sl ot becomes available. Again, minimizing the pe

Similar to the other work, Paulussen et a8 [discusses patients may needing to go through many
different wards and units in the hospital to be able to receive examinations and treatments. A patients

schedule in the hospital may change based on the changes to their health. Furthermore, schedules can
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change due to tasks being added from being requiredks being removed since they became

obsolete. Resource and patient agents are mentioned for thegauitibased approach. Patient

agents will compete against each other for the limited resources in the hospital. Moreover, patient

agents have a cost ftiion that measures their health state progress, which takes into account the

devel opment of their health state. The patientos
An opportunity cost arises from delaying treatment to a patientuReEsagents also have a cost
function but it is measured in monetary costs. Th
stay at the hospital and minimizing the idle times for resources. To achieve this goal, a distributed

approach is used teegotiate and reschedule. Patients try to decrease their opportunity costs by

improving their initial schedule through negotiations. During the negotiation process, a patient agent

will use a resource agent in order to try to obtain an earlier time stotfr® other patient agents.

Rescheduling of the time slots will occur only if the expected gains exceed the costs.

In contrast to the previous papers, the work of Xiao, Osterweil, and \W8hgse an evolutionary
algorithm approach to schedule resourcethé emergency department of a hospital. Patients require
the hospital resources for treatment but these resources are limited. The authors discuss using an
incremental resource scheduling method for rescheduling tasks that occur in a speetfintiove
Finding a window that is the right size is important in order to avoid frequent rescheduling, high cost,
and low accuracy. The paper identifies three types of scheduling constraints for an emergency
department. These constraints are capability, avatiglihd step execution order. Certain
components of the framework are described by the authors. The scheduler component relies on a
genetic algorithm to construct the schedule. Rescheduling is determined by the rescheduling indicator
component. The schelihg activity set constructor contains all the information needed for schedule
decision making including activities that may occur in the near future. The request to perform an
activity contains the type of resource required, the capability, and the mingkili level. The
resources are description includes their availability, capability, skill level, and productivity. The final
component of the framework is the system execution component, which comprises of information

needed for updates.

The work of Priya, Anandhakumar, and Maheswa¥] also has a genetic algorithm for
scheduling. The authors discuss using Radio Frequency Identification (RFID) tags on hospital
equipment, medical staff, and patients to track where they currently are in the hospitakeviore

their system will determine availability and whether they require service. When a patient arrives at
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the hospital, they wil!l be given a wristband t he
store information about the patient includingitmedical files. The RFID system will use the

information about the medical staff and equipment in order to schedule them to a patient. The RFID

system will schedule patients so that the time between arrival and beginning of treatment will be
minimized.The paper acknowledges that multiple patients can arrive at the hospital at the same time,

which changes the objective to be minimizing the average set up time of these patients. Moreover, the
system will schedule the appointment slots for each déetog continuous as to maximize

utilization. The authors propose a dynamic scheduler using Nondominated Sorting Genetic Algorithm

Il (NSGA-1), an evolutionary algorithm, to find the optimal schedule. The algorithm ensures that a

time slot will not be allocatkto more than one patient and that the allocation will provide the patient

with the appropriate resource. Schedul Blhg in hosc
paper. The approach is agent based with decision support systems. It will bel dotleesfollowing

subsection.

Summary: Various design decisions in this thesis are in agreement with the modeling performed in
several of the references of this subsection, in particular having patients represented by agents and
tracking central featuresf resources. We return to contrast our solution with these approaches in
Section6.2

2.2 Decision Support Systems

Combining multi agent systems with decision support systems for scheduling in hospitals is
included in the paper by Niemann and Eyma3ij.[The authors discuss a hybrid approach, which
allows a human to make the final decision based on the information provided by the fully automated
system. The multi agent part of their approach uses active (e.g. medical staff and patients) and passive
(e.g medical equipment and rooms) software agents. It is necessary for these agents to be able to
communicate with each other. The paper suggests personal digital assistants fmag two
communication between them. This informs agents about changes tolestawell as the ability
to delegate decisions about the schedule. Sensors and effectors are used to link the logical and real
world. Rather than having each human agent manually logging their activities, the authors propose
using either Radio Frequententification (RFID) or Wireless Local Area Network (WLAN) to
monitor them. The system will infer whether the agent is active or idle. If the agent is active then it is
cannot make another appointment. However, if the agent is idle then it is avaitadte fo
appointment. Inferring the location of the agents is appropriate for the system since it only provides
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suggestions and a human will be making the final decision. The paper mentions a layered architecture
for scheduling. The bottom layer is called itiication, which receives all the data from the

incoming signals and sends appropriate information to the next layer. The context detection layer
infers the position of the agent. Following this layer, the integration layer obtains the schedule and
checkst he validity by comparing the agentds posi
layer. If all the agents agree on the schedule then it is valid. However, if one of the agents determines
that the schedule is invalid then they must send thenmaftoon to the optimization layer. The

optimization layer is the top layer and is responsible for fixing the schedule. The software agent will
attempt to create a valid schedule that still follows the previous constraints. If the software agent
cannot crete a valid schedule and needs medical knowledge then the human agent will be responsible
for making the schedule. The authors mention that the advantages of this hybrid system are that the
automated system is able to check schedule validity quickly agcadniman can analyze the entire

situation.

Taboada e t40 discusséssa decisionlsupport system for hospital emergency
departments. The project will help directors of the emergency department make decisions about
efficient resource use. The aatk' work includes an agent based model and simulation. Agents are
either active (e.g. patients and doctors) or passive (e.g. IT infrastructure or laboratories). State
machines are used to model the agents, where a state is a collection of state \2epéletng on
the kind of agent, state variables could include symptoms, location, level of experience, or
communication skills. An agent can communicate to an individual or a group. The authors mention
the various environments in the model, which inclualfrmission, waiting rooms, and treatment
zones. There are five levels to determine the priority given to the patients during the triage process,
where level | is the highest and level V is the lowest. The paper describes that the simulations as well
as thevalidation and verification of the model was done with the participation of a team of emergency
department staff from the Hospital of Sabadell (Spain). The authors conclude the paper with
experimental results from the simulation that showed a decrepséiait length of stay in the

emergency department and a decrease in required number of physicians.

The paper of Wo n ¢gi§ us®©tbertiticabdecisiannethdd &CDM)itoselici
information from ambulance dispatchers in Australia. Five amioelaispatchers were interviewed
with the intention of understanding their process and the appropriate information for decision support.

Five goal states emerged after the interviews were transcribed, summarized, and analyzed. The goal
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states are notificetn of emergency, maintain situation awareness, planning resource to task
compatibility, speedy response and maintain history of development. Each goal state provided

guidance on decision support in the naturalistic decision making (NDM) environments.

Heiml y and 18 warkrprovides clinical guidelines for referrals given by primary care.
Their study transpired in a Norwegian hospital using general practitioners with the intention of
improving the quality of the referrals. These were electronic edéetinat the general practitioners
have already been using in their practices. When sending the patient to a specialist, the guidelines
included in the referrals provided decision support. It is important to note that the general practitioner
can choose wdther or not to follow these guidelines. The paper identifies that the guidelines also
helped the general practitioners determine whether or not a patient will be referred to a specialist.

Summary: Our approach of considering sensing to inform resouroeaibn and supporting
decision making by medical professionals fits well with the perspective of these autl8®stitm
6.2, we offer additional comparisons with this work.

2.3 Mass Casualty Incidents

Mass casualty incidents in the health care environimeve been dealt with in previous papers.
Doucett d4 39 descibel a Hospital that uses an automatic scheduling system that would
allocate resources, such as a doctor, to a patient. The strategy is to use preemption in order to meet the
p at i requitedents. For example, a patient would need to be seen by a doctor within the first two
time cycles. This could be described as a constraint satisfaction problem by having the patients as the

variables and the doctors as the value in the domain.

Branas Sing, and Perron's work [5] also discusses mass casualty incidents. They focused on mass
casualty incidents that occurred during a three year period in Maryland. Eight cases were described in
that paper with various numbers of injured individuals, amtmdasehicles used, and hospitals
involved. Their paper included some helpful knowledge that was applied to the example in this paper,
including number of victims and hospitals. Moreoinavet al.'s work 16] provided other kinds of
information regardig a mass casualty incident. Their work involved thirty three mass casualty
incidents that occurred during a two year period in Israel. Unlike the work iBifjyet al.'s work
[16] is less descriptive in each event that occurred but rather providexedifkinds of statistical
categories, including initial time for the ambulance and distance to the hospital, that were applied to

the example of this paper.



In the literature regarding a health care environment, the measurement that describes thieahealth o
person greatly varies between papg&iravet al.'s work 16] took a discrete approach by stating that
the victim's health is urgent, not urgent, or unknown. Work by Feeny[&Fhad a continuous
approach t@ patient's health. As seenRigure2.1, which shows Table 3frolmeeny et al . 6s wo
[17], the health is represented by a utility function where perfect health is at 1.00 to dead at 0.00. The
utility function consumes a value from each attribute, where each level is used to describe the

[

pai ent' s health. The closer the value is to | evel
ability to see well from close and far distances would be a level 1 for the vision attribute and not
being able to see at all would be a level 6. Rgievith the same type of injury may have different

health values based on less concrete attributes like emotion.

These approaches have their strengths as well as weaknesses. For this example, discrete values are
needed but the health of the individual slddbe known and should be categorized in a few health
states. The American Hospital Association's work [1] has described four health states, which can be
seen in Figure 2. In ascending severity order, they are good, fair, serious and critical. Thisswork
in regards to releasing information about a patient's condition, therefore it is also simple and can be

easily understood by those not in the health field.

Once the health of an individual is known, there are many factors to be considered whengassignin
a hospital to then@sterdal's work32] states two interesting questions about these assignments. The
first is the idea of a health state that is worse than being dead. The second deals with discriminating
against age and whether it is valid. | did deal with these issues in this paper but they can be
addressed in future worlve a | e 6 [gl4] akso nai&ed an interesting consideration about
assignments. Weale discussed the problem of equity to determine whether assignments should be
based on clinicaheed or productivity. When dealing with fairness, it is important to take a global
view to determine whether a patient should be sent to a certain hospital.
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TapLe 3. HUI3 Multi-Attribute Utility Function: Simplified Format on Dead-Perfect Health Scale

Vision Hearing Speech Ambulation Dexterity Emotion Cognition™* Pain

X b, X b, X3 b, Xy b, X5 b Xg b, X7 b, Xg by
1 1.00 1 1.00 1 1.00 1 1.00 1 1.00 1 1.00 1 1.00 1 1.00
2 0.98 2 095 2 0.94 2 0.93 2 0.95 2 0.95 2 0.92 2 096
3 0.89 3 089 3 0.89 3 0.86 3 0.88 3 0.85 3 0.95 3 0.90
4 0.84 4 080 4 0.81 4 0.73 4 0.76 4 0.64 4 0.83 4 0.77
5 0.75 5 074 5 0.68 5 0.65 5 0.65 5 0.46 5 0.60 5 0.55
6 0.61 6 0.61 6 n/a 6 0.58 6 0.56 6 n/a 6 042 6 n/a

Formula (Dead-Perfect Health Scale)

u* =1.371 (by*by*ba* b b*bs*by*bg) — 0.371

where u* is the utility of a chronic health state

on the utility scale where dead? has a utility of 0.00, and l‘lealthyJr has
a utility of 1.00.

*The single-attribute utility score for Level 3 Cognition is greater than the single-attribute utility score for Level
2 Cognition.
Chronic states, and the perfect health state, are here defined as lasting for a lifetime.
Dead is defined as immediate.

Figure 2.17 Table 3 from [X]

Good - Vital signs are stable and within normal limits. Patient is conscious and comfortable. Indicators are excellent.
Fair - Vital signs are stable and within normal limats. Patient 1s conscious, but may be uncomfortable. Indicators are favorable.
Serious - Vital signs may be unstable and not within normal limits. Patient is acutely ill. Indicators are questionable.

Critical - Vital signs are unstable and not within normal limits. Patient may be unconscious. Indicators are unfavorable.

Figure 2.2 Health conditions from [1]

So far the papers haealy dealt with the injured individual in regards to the assignments.

Cheval eyr e 8edcuseslon sécgal welfare to gije a global view of the scenario. This will

be discussed in the next section.
Summary: As in these papers, in our work we aebpatient health states in order to direct our

resource allocation decisions. The approach that we use and its rationale are covered in-Ghapter 3

2.4 Resource Allocation

Allocating resourcecan cover different domains and techniques. Some of the prepapess,

including Priya, Anandh a7k idemtdied theirsscheduldWastasatuton r i 6 s
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to the resource all ocat i d@solvpsresdurcecalocatiommrplarea u et al

by modeling the problem as a Markov decismnoc ess ( MDP) . Jwo&cogerset al . 6 s

resource allocation in a hospital s emergency roo

along with nonlinear pricing models and attempt to solve this problem by maximizing in terms of

profit.

Chevaleyree t  &@8]lworbpsovides as a survagsource allocation. The paper describes the types
of resources. Resources can be discrete (e.g. CT scanner) or continuous (e.g. energy to power a
hospital). Some resources can be divided (e.g. cotton swabs) arglastherdivisible (e.qg.
electrocardiography machine). In addition, resources should specify if they are shareable or not. For
example, recovery rooms can be used by multiple patients or can be private, which makes it usable to
only one patient and therewill not be shareable. It is important to note that resources may change
over time. Finally, resources should identify whether they are representing a @rglaurses) or
multi- (e.g. bandages) unit setting. The paper also discusses allocatianraiined approach to
allocation has the final decision made by a single entity. In contrast, a distributed approach
determines the allocation through local negotiations. Allocations can be decided by auction protocols
or negotiation protocols. During negaiion, the agreement can be viewed from a local or global
perspective. The local view only focuses on the individuals in the negotiations. The global view
evaluates the entire allocation and the term social welfare is used a metric to determinetyhef quali
the allocation. The allocations in social welfare depend on efficiency and fairness. An efficient
allocation can be achieved with a technique called Pareto optimality, where it is impossible to
improve an individual's allocation without worseningesth A fair allocation can be achieved with a
technique called enviyee, where all the individuals are satisfied with their own allocation and would
not prefer any other individual's allocation. Envy can be minimized by reducing the number of
individualswho are envious or reducing the amount of envy the individuals have. Social welfare
function relies on each individualdés utility to
maximize their utility and the social welfare is also intended tmé&e&mized. An allocation is
determined to be better than another by comparing the values determined by the social welfare

function. The first social welfare function, seen in (1) is calledMilgarian Social Welfare.
SWP) =B, Y@ (1)

This function sums the all the individual s (A)

function is not affected by negpositive values for the utility. In contrast, the next social welfare
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function is greatly affected by nepositive valuesNash Product seen in (2) multiplies all the

individual 6s utility in the allocation.
SW((P) B, YO (2)

This function works best when all the utility values are-positive. It is important to note that the
value of the social welfare increasestssvalues of each utility function reach equality, where the
large values decrease and the small values increase to the same middle value. Another advantage of
using Nash product is that it is scale independent. The third social welfare functiokgatit@rian
Social Welfare seen in (3).

SW(P) = Min {Ui(P) [iINA} ( 3)

This function sets the social welfare as the lowest utility value in the allocation. Here the worst off
individual sets the social welfare. In contrdditist Social Welfare, seen in(4), sets social welfare

as the highest utility value in the allocation.
SW4(P) = Max{Ui(P) |INA} ( 4)

The best off individual sets the social welfdRank dictator, seen in (5), is the final social
welfare function discussed in the paper.

SW(P) v P (5)

The social welfare is set to thalksmallest utility value. This means that when k is 1 then social
welfare is equivalent to Egalitarian Social Welfare and when k is the number of individuals then the
social welfare is equivalent to Elitist Sociaelfare. Furthermore, the social welfare could be the
median rank dictator, which is when k is the rounded up whole number value of the number of
individuals divided by two. Each social welfare function has its benefits and the appropriate approach

shoul be used to determine the best possible allocation.

Principles of allocation are discussed in a paper by Persad, Wertheimer, and EB@roel$ed
on resource allocation for medical applications. There are four categories for eight simple principles.
The first category is about treating people equalbgtery andfirst-comefirst-served (FCFS)are
two principles in this category. The advantage of these principles is the equal opportunity of receiving
the resource but the disadvantage is that theseiglgn ignore other relevant factors. The second
category of principles favors the worst off. The first principle in this category prioritizessciest
first. An issue with this principle is that future health is not considered since an individua ndto i
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currently sick will be ignored but may become sick in the futdoeingest firstis another principle

in this category. The paper identifies a disadvantage of this prioritization is that it ignores other
relevant factors. The next category of principles takes a utilitarian approach by maximizing total
benefits.Saving the most livess the first principle in the category and focuses on maximizing the
lives savedPrognosisis the second principle in the category and refers to maximizing total life
years, which represents the remaini nginciplesnisber of vy
that other relevant factors are ignored. The final category promotes and rewards social usefulness.
Instrumental value allocation will prioritize individuals based on their agreement of future behavior.
For exampl e, pr o mhesltihimgrdet toredeiveghe imitezl resonreed0n the
contrary,reciprocity allocation prioritizes based on past behavior. The issue with this final category
is that the prioritization is vulnerable to misuse. All eight simple principles have disaggartiut
combining the principles may create better allocation systems. The paper identifies four multi
principle allocation systems. The first system is called United Network for Organ Sharing (UNOS)
points systems, which combines ficsimefirst-served sickestfirst, and youngedirst. This system

is flexible by allowing a principle to have a greater influence than others. The next allocation system
modifies the prognosis principle. Quatigjusted lifeyears (QALY) allocation not only considers

the quantity of life'years but also considers the quality. Similarly, the third allocation system is
disability-adjusted lifeyears (DALY). Unlike QALY, DALY allocation includes the instrumental

value principle. The final muHprinciple allocation system isatcomplete lives system. This system
combines youngedirst, prognosis, saving the most lives, lottery, and instrumental value principles.
There is no algorithm for this allocation system and the authors mention that it should be thought of

more as a fraework.

Summary: Social welfare and principles of allocation are central concepts in our proposed model and
its validation, described in detail in Chaptes.3here are a variety of other approaches for
multiagent resourcallocation, against which we caompare and contrast our proposezhl search

approachSectiont.2.

2.5 Constraint Satisfaction Problems

The constraint satisfaction problem is defined i
values in the domain and a set of constraints that remethe relationship between the variables and
their values. Satisfying all these constraints will result in the solution to a constraint satisfaction
problem. In B8], hard constraints are described as constraints that cannot be violated and soft
14



constrants can be violated. When there is soft constraints in a problem then an evaluation function is
used to measures its violation and solution tries to minimize these violations. A dynamic constraint
satisfaction problem is described #j,[[12], and [£] as a sequence of constraint satisfaction

problems, where each subsequent problem represents the restriction, addition of constraints, or
relaxation, removal of constraints, based on the changes that occurred from the previous problem. The
changes that occiirom problem to problem represent new input, which changes the view of the
problem and may cause inconsistency with the solution to the new prdifem [

With the problem changing, there will need to be multiple solutions and work by Rossi, van Beek,
andWalsh B8] describes three techniques. The first is to reuse aspects of the old solution when
computing the new solution. The second is reusing some of the previous reasoning process when
generating a new solution. The final technique is preemption, viiohves looking in advance for
solutions based on likely changes.

There are concerns when finding new solutions @@t [38], and B2] identify. Minimizing the
need to change a solution allows for robust solutions, which means the new solution nmeedrdy
minor alteration or none at all. If a modification to the solution is required, it is important to minimize
the cost for the modification. Another concern is to minimize the reaction time by obtaining a new
solution as quickly as possible. When ldgawith these minimizations, it is essential to avoid
choices not involved in the current problem, undoing choices not involved in the current problem, and
ensure that local changes only affect the current probleMiln t a | and Fa[l2%enhainer

they identify active variables to understand what needs to be changed and what can stay the same.

Local search is discussed Bf] as an approach to solve constraint satisfaction problems. The idea
is to start with an initial solution, assignment of \euo variables (constraints may be violated). This
solution will continuously evaluate neighbor solutions and select a solution that is an improvement
until a stopping criterion is reached. Neighbor solution refers to a solution that is a variation to the
current solution, which would be a different assignment in the solution. The neighborhood, the
neighbors for the current solution, can vary. There are many methods in local search but in our work
we focus on hill climbing, which constantly searches foeter solution until it reaches an
identifiable peak. Hill climbing will select a new improved solution or it will be the best solution in
the neighborhood. There are two approaches calledrbpsbvement and firsimprovement. Best
improvement looks tlmugh every neighbor in the neighborhood and selects the best solution. First

improvement looks through its neighbors in the neighborhood and selects the first solution that is
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better than the current solution. As explained in Chapter 3 we adopt thenfirstvement option.

Local search continues to find better solutions until a terminating criterion is met, such as the best
solution is found (all constraints satisfied) or the predetermined limit of number of iterations has been
reached. Sometimes local sgfacan reach local optima so to solve this random restarts can be used.
Random restart creates a random initial state and repeats the local search algorithm a certain number
of times. The best solution of the random restarts is returned as the solution.

Summary: The multiagent resource allocation algorithms which constitute our proposed solution
adopt a local search approach for resolving the inherent constraint satisfaction problem. Various
terms and concepts clarified in this subsection will be pariofmmdel and its validation. This is all
covered in Chapter 3.

2.6 Discussion

Decisions were to be made to determine the necessary approach for our solution and this section
briefly discusses these choices. In this work, local search is selected to solwtidgemt resource
allocation problem in the emergency department environment. The reasoning for this approach is that
we can use local search to make time critical real time decisions about allocating resources to

patients.

Mor eover , Ch e8ywwik eay beaisecdtd create thedbest gossible assignment of
hospitals to patients in terms of fairness and efficieBeyecting a social welfare to assign the
resources to the patients depends greatly on the intentions. Each of the social welfacheppeas
its own advantages and disadvantages. Utilitarian and Egalitarian social welfare can use any values so
they are suitable choice for a global view of a mass casualty incident. Nash product would only be an
appropriate social welfare function if tieeare only positive values. Elitist social welfare does not
seem appropriate either because when a mass casualty incident occurs, having one victim with perfect
health and everyone else with bad health is not ideal. Moreover, Rank Dictator social fietftoa

is dependent on the k value selected and would be better left for future work.

Finally, work by Persad, Wertheimer, and Eman@4] fliscuss many different principles of
allocation. The simple principles will be used in our work because theneiisugrous principles that
have unique and interesting approaches to the way that they are allocategriktkiftie allocation

systems would be interesting to investigate as future work.
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As will be discussed in Chapg3-5, we not only develop a proposed approach for achieving
resource allocation, we also offer a framework that can provide decision support for users interested
in learning about the relative value of different possible allocations. We return to refleetuaiub

of our framework in comparison with related work in Chapter

While we discuss the advantages of our particular proposal for resource allocationtionegeal
time-critical dynamic environments in general in Chatere also return to elaborate the
particular application to healthcareChapter 4and proceed tolarify what we offer for patient
scheduling and for handling mass casualty incidents, relative to otheaapes, in Chapter. 5
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Chapter 3

Multiagent Resource Allocation as Local Search

In this chapter, we outline our proposed approacimigtiagent resource allocation using local
search andocial welfare functions. There are a number of ceateshents that comprise the
calculations; there are alsovariety of options for decision mats to view alternativealculations,
based on preferences that are speciiiéd first clearly outline the core process of local search.

Definitions:

- anindividual allocation is a specification of which resource is assigned to which agent in the

system
- aglobal allocationis a pairing of resources to agents for all agents in the systdrath
cases, an agent may be allocated the null resource (nothing))

- aninitial assignmentis one that specifies the resources allocated to each agents, to begin the

local search for better allocations

- aswapbetween two individual allocations is where the resource assigned to al is allocated to

a2 and the resource assigned to a2 is allocated to al

- achangefor an individual allocation is where the resouassigned to akidifferent from
the resource it had been assigned

- aneighbour of an existing global allocation is one in which either a swap or a change

distinguishes the second allocation from fihst
Algorithm:

We decide to adopt a First Improvement Hill Climbingtgy.This means that once we begin

with an initial proposed allocation we will select the first neighbor that is better (determined as

described below) and we will stop once none of the neighbors are better than our proposed allocation.

The search for better solution requires a metric to determirieether the new proposed solution is
an improvementlhe metricwe use for this determination is a specified sogielfare functionIn

our approach hie initial solutiorwill be determined randomhyA total number of random restarts is
specified.Thisis the number of timethe initial allocation is reset (randomighd the search for a
better solution is launched, until terminatidime allocation that is best relative to our metric for
assessingllocations from all theattempts through all the random restaildsyutput as the Proposed

Allocation.
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Input: Agents requiring resources, resources that are avaipeblerred social welfare function
Output: Proposed global allocation of resources to agents

Step0: Set the total number of random restarts allowable

Step 1: Specify an initial solution (random assignmemesburces to agents)

Step 2: Consider meighboringsolution (one identical tthe initial solution which has either a swap
or a changeand ifthis offers an improvement, set this to be the PropAdiedation

Step 3: Continue Step 2 untile stopping criteria is met (current solution has no neighbors that
improve)

Step 4: Repeat with a new initial allocation, as many tiasespecified in theumber of random
restarts allowed

Step 5: The Proposed Allocation preferred over albttempted searches for the solution (all random
restarts) ioutput

Further deta on how an improvement of one solution over anoihenodeledareoutlined below.
As discussed in Chapter 1, we arerested in modeling the cost of a particular resource allocation
and in thus preferring an allocation that offers a lower total Thsttotal cost of an allocation is

calculated as follows.

Step 1: Foeach individual allocation, determine its cfissed on domain specific features that make

this solutionless desirable).

Step 2: For the global allocation, determine its ¢oased on domain specific global features that

make thissolution less desitde)

Step 3: Use the specified social welfare function to comiegtéotal costs in Step 1 (considering all

individual allocationspnd add thisd the total cost calculated in Step 2

In the chapter that follows, we clarify possible dorssecificcostfunctions, for the application
of healthcareThe above outlines how what we refer to as the Initial phase oésbarce allocation
is determined. We are interested in environments thatysr@mically changing and would like to

support reatime decisios forproviding resource allocations. To this end, we allow for what we refer
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to asan Update phaselere, parameter values and thus cost function values are changing over time.
This then requires a proposal for the frequency with which these \akresevaluated, what we will
refer to as sensing. With changiegaluation of cost functions, then the current allocations can be

adjustedurther. The process is summarized as below.
Step 1: Set the Sensing Frequency to be X time ticks.
Step 2: At X time tiks after the last check, sense and update parameters.

Step 3: Run the Allocation Algorithm as outlined above.
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Chapter 4

Local Search Multiagent Resource Allocation for Healthcare

In this chapter, we outline in detail how our proposed res@ll@eation framewdt can be
employed for a healthcare applicatiés. discussed in Chapter 1, we want to be able to address two
different but related scenarios that can both be charact@szexsource allocation for healthcare:
allocating patients tambulances (destinedrfhospitals) andllocating patients to doctord/e had in
mind scenarios such as mass casualty incidents, \@hareexpected need for resources to be
allocated to a largeumber of patients may be at play, and where decisions nbedttade in real
time, under dynamically changing conditioMge refer to the first stage as the Ambulance stage and
thesecond stage as the Hospital stage.

In order to develop some insight into what should be modeldsitealthcare domain (what
properties of the patientambulancesrad hospitals) and from here $pecifywhat should be
integrated into appropriate domapecificcost calculations, we first experimented with what we
refer to aghe Sufficient Ambulance stage. In this simplified scenavpmit the consieration of
null resources: each patient wiliceive an ambuland®spital pair as its assigned resoymhere

the hospital indicates the destination of the patient).

We also focused entirely on the initial allocatiorthis simplified scenario. By In#l Allocation
we meara determination of which agents should receive which reso@oesrding to our proposed
local search method (with sociaklfare as its cost metric), where the allocatiemains fixed over
time as the victims are transported teitthospital destinationss we will explain further when we
discuss the modeling afur full Ambulance and Hospital cases, we allow an Update pheseas
well. This means that over time, in the Ambulance stidgeassignment of hospitals to victimayn
change anth the Hospital stage, the assignment of hospital resotogegients may evolve over

time as well, before all theequired tasks in the environment are complete.
4.1 Sufficient Ambulance Stage

4.1.1 Example Scenario for the Sufficient Ambulance Stage

We introduce as an example the mass casualty incident of a major car accident on the highway of a
city. Note that a preliminary description of our proposal for3officient Ambulance stage appears

in [39]. This city has 3 hospitals. The location of the mass casualty incident is in the general vicinity
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of these 3 hospitals. Each hospital has its own attributes, including distance to location of mass
casualty incident, capacity, available resources, and cumertiar of patients. Naturally, if the
current number of patients is greater than the capacity then it is over capacity. This situation is not

ideal but can happen.

Assuming all the ambulances arrive at the location of the event at the same time, thyheill f
ambulance and leave to their assigned hospital. When the victim is put into an ambulance, there is a
random chance that the EMS driver will be a skilled veteran or rookie. Also, the victim will have their
own attributes besides the EMS drivertitieey received. Their attributes includes the severity of
their injuries, the resources they need at the hospital, and the initial time needed to load them in the
ambulance. Some patients will leave the location of the incident faster than others deparithv
long it took to find the individual and place them into an ambulance. It is essential to understand that
a mass casualty incident could occur anywhere in the city so the hospital with the most available
resources may not be the closest, whicmisttiunate for the severely injured victims.

For this example (and most of our experimental resaitSufficient Ambulancethe number of
people involved in the mass casualty incident is 30 people. It is assumed that theretis@nene
relationship biwveen the number of injured and available ambulances. Once the ambulance reaches
the injured individual, they will assess the severity of the victim's injuries and bring them to the
ambulance. The injured individuals may have some broken bones, minardgsjnconscious so to
categorize their severity the health conditions from [1] will be used (Section 2.3). Moreover, each
victim will require a different amount of resources from the hospital depending on their injury. These
resources include medicahfft equipment, and rooms. Each hospital will have its own distance to the
mass casualty incident, where it is better to have the hospital be closer to the incident. The resources
available in the hospital will not always meet the patient's requiremdmnssddes happen in the real
world, which causes delay in the patient receiving treatment. The patient that needs to wait is usually
the healthiest. It is assumed that a healthier patient understands that they will likely have a lower
priority than the paént with critical health.

When the victim is inside the ambulance, the EMS driver will communicate with the central EMS
department. This department will run the proposed local search algorithm on this situation and let the
driver know which hospital is tliredestination. To make this decision, the department will use certain

local search strategies and social welfare calculations. It should not be thought of as the EMS drivers
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competing with each other for the best hospital but rather that they coopdiatiethe best result for

this situation.

4.1.2 Constraint Satisfaction Perspective

A constraint satisfaction problem is described as decision variables, which are assigned values in
the domain, and a set of constraint8][3he example in this section is aptimization probleni we
would like all victims to receive the best possible healthcare, through the allocation of the reisources
so the goal is to find a solution that optimizes an evaluation function (in our case this will be a cost
function). The degion variables in this problem are the patients. Each one of the patients will be
assigned a hospital; this provides a value for each variable. This must be done subject to a number of
constraints, outlined below. There are many constraints with thisgpndfalt given that this example
reflects the real world, returning the no solution is not an option. This is why all the constraints are

soft and the cost function will be used to optimize the solution.

There are three soft constraints that influence tefoaction. The first soft constraint is the
capacity of the hospital. If there are more patients assigned to a hospital than its capacity then the
cost function should return an unfavorable result. The second soft constraint relatesgouhmes
If the hospital that the patient is assigned to has fewer resources than required then the cost function
should return an unfavorable result. This is because this situation represents the patient having to wait
at the hospital for the resources to becomelavai. It does not cause the entire problem to fail but
rather is an inconvenience to the healthier patients who will need to wait. The final soft constraint
relates to the EM8river driving the ambulance to the hospital. The calculation very much depends
on theseverity of the injured patient. One component of the total cost function should therefore be
thecost of the drive Preferred cost values are given to better health, closer hospitals, a skilled
veteran driver, and less initial time. If the patieseverity is faiandthe drive is far then a slightly
unfavorable result is given bbetterEMS driver skill and initial wait time will improve this result. If
the patient's severity is serious and the drive is far then a more unfavorable resati lsugisigain
the EMS driver skill and initial wait time will improve this result. Finally, if the patient's severity is
critical and the drive is not close then the most unfavorable result is given but, like the previous times,

the EMS driver skill and itial wait time will improve this result.

This example has been described in such a way that optimization would mgimizingthe total
cost function. Theotal costfunction is the combination of each patient's overall cost function,

influenced by theapacities of the hospitals. The approach to combining each value will depend on
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social welfare function used. The additional components for the total cost function will be explained

after we provide more detail on the proposed modeling of the environment

4.1.3 Modeling

Figure4.1summarizes the various concepts that we want to model and their parafiateis

depicted according to our implementation, in Java digglan further detail Appendi&.

When a victim is paired with a hospital, it is placed in the SingleSolution class. Calculating the cost
for this assignment is now determined on the basis o€oatDrive function and also a
CostResourcdunction which will depend on the resources nedalethe patient and the resources

available at the hospital. If the victim's resources are not met then a penalty is imposed.

Solution

ArrayList<Single Solution= - hospitals : ArrayList=Hospital=

-victims : ArrayList=\ictim=

e
<:‘]_I + totalCostUtilitarian() : double
+ fotalCostEqgalitarian() : double
Victim
- resources : int SingleSolution Problem (Main)
i se_uen?y_: int - hospital - Hospital - numberQfHospitals ; int
- driver - int _victim - Victim - numberOfvictim - int
- initialTime : int : : T initHospitals - AravList<Hos pital=
me + calculateCost() : int Ll eEflle S_U- e L LlE
+ calculateCostDrive() : int + initvictims() : ArrayList=\ictim=

+ calculateCostResource() - int + search()
0 + initialState()

+findMeighborhood()

Hospital + swapHospitals()
- resources :int +changeHu5pital5{}
- capacity : int + displayResults()
- distance : int EN
- currentPatients : int
+ addPatient()

+ removeP atient()
+ diffCapacity() : int

Figure 4.17 Class diagram of the problem
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The Solution class contains the assignments of all the patients to a hospitaldeddo calculate
the total cost by combining each individual overall cost. What should also be included at thés point
part of the total coss a capacity penalty producing a less favorable €tis¢ihospital is
overcapacityThe seech() algorithm(see Algorithm 4.Lperforms a local search to assign patients to
a hospital. This encapsulates our proposed approach in full, which embodies a hill climbing method,
using a firstimprovement approach for adjusting the solution. In our context, a neigglsmiution
is one which differs by a slight change in our current solution (either swapping hospitals between
victims or changing hospitals for a victim). Firstprovement will swap values as soon as a better
neighbor is found and will continue until better one is possible, resulting in the final proposed
allocation. Note that a better solution is one that has a better total cost.

The initialState() function determines the initial state for the prolfemexploration of Sufficient
Ambulance, we comdered hree approaches for the initial state. The firgvisnlydistributing the
victims to the hospitals. The next approach is assigning all the victims sartiee(singlehospital.
The final approach assigned the victims tarmdom hospital. In ouwvalidation, we experiment with
these different methods for obtaining the initial solutamd compare their performance (see

Appendix A for details).

The findNeighborhood() function is used to determine the possible neighborhood of the current
state. Thigunction uses the stopping criteria of no improvements in the neighborhood anfirias a
improvement strategyto move to the next neighb@wapping hospitals between victims or 8ay
a new hospital for a victiimay be introduceth order to improvehe total cost. For example,
suppose tha¥ictim A is originally set for Hospital X, Victim B is set for Hospital Y, and no one is
headed to Hospital Z. A swap between Victim A and Victim B would send Victim A to Hospital Y
and Victim B to Hospital X. An exmple of a change would be for Victim A, which was originally set
for Hospital X, to now head to Hospital Ia. the engdwe would want tdhe displayvariousresults,
including the total cost of the initial state, the final total cost, the number of raigitund, the
number of hospitals that are over capacity, the tataiberof patients that are over the capacity in
each hospital, the number of patients waiting in hospitals for resources, the number of hospital swaps
performed, the numbef hospital banges performed.he final total costhat would arise if a

different social welfare function were applied is also instructive to present.
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Algorithm 4.1 Local search to assign patients to hospitals

Input: Patients, Hospitals
Output: Solution(assignments of resources to patients)
Initialize solution = initialState();
loop until stopping criteria medo
for eachsingleSolutionl in solution
for eachsingleSolution2 in solution
if patient in singleSolutionl != patient in singleSola2ahen
if swapping hospitals between singleSolution1 and singleSolution2 is better than the curren
assignment then
A swap has occurred with a neighbor solution;
Go back to the loop;
else
Continue in the fordop;
end
else
for eachhospital in hospitals
if changing this hospital to the singleSolutionl is better than the current assignment then
A change has occurred with a neighbor solution;
Go back to thdoop;
else
Continue in the for loop;
end
end
end
end
end
end
return solution;

4.1.4 Experimental Results

The experimental results wepeoducedby running the local search on 100 differgaherated
scenariosAppendixA displays these results in fullhere werdhree different approaches to
determine the initial stat&ven distribution,single distribution andrandom restartqwhere the
problem is attemptegin our casejhree times aththe best result ieturned)In order to perform the
local search that yields the proposed resource allocation, a choice for determining the initial state and
a choice for the social welfare function must be madeur experiments we focused on Utilitarian
and Egalitariarsocial welfare The choice of social welfare affects how the search proceeds, what

swaps are madahatreallocations are done, etc. until the final allocation is produced. There are
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therefore 6 options possible. From our experimental results we detéhainsing random restarts

and aUtilitarian social welfargunctionis the best.

4.1.5 Summary

This preliminary exploration served to inform our final decisifamghe parameters to be modeling
and the cost functions to be usiig. a result of these experimts we also decided to adopt the
strategyof random restarti®r setting initial allocations for our seardie also decided to use
Utilitarian social welfare predominantiuring our subsequent experiments, in order to view
representativeutcomes of oulocal sarch approach in full detaiVe also acquired some insight
into what elements to include into our cost functions and learned the value of considering alternative
options when presenting information to us&isice time to completion for the runasvencouraging,

we feltthat this kind of system would be of value towards actual deployment.

4.2 Ambulance and Hospital Stages

This template numbers the headings in a legal numbering format. You may choose not to number
headings, or to choose a different numbering style, pedhapsCd 1, 2, 3ia), b), c)etc. The
numbering style can be changed vialttwane tab in theStylessecton using theMultilevel List

button.

4.2.1 Example Scenario for the Ambulance and Hospital Stage

We return again tourexample of the mass casualty incident. We now begin to sketch solutions
that go beyond what we have referred to as an initial allocatiomgeeyith dynamic environments

and required updated/e also remove some of the simplifications of the Sufficient Ambulance stage.

When ambulances arrive at the incident, there may be fewer ambulances than there are victims.
Either more ambulances are om thay or the victims will need to wait for the ambulances to return
from dropping off a victim. This situation is not ideal for the victims but can happen in the real world.
An ambulance can only take one victim at a time, which makesshareableesourceNote that
victims can still share the hospital resource (sending multiple victims to the same destinathilies). W
at the location of the incident, victims can change between ambufaneasinitial period of time
but once the ambulance begindrive the victim will stay in the ambulance until it reaches a

hospital.
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The victim will be assessed of its injuries by the ambulance staff at the incident in order to
determine its level of severity. Moreover, resources needed by the victimadwatzy during this
assessmenin order to allocate a victim to an ambulance and hospital, the central EMS department
will run local search on the situation. The EMS drivers will be informed of the vigtimswill

receive an ambulance and the hospitat wil be their destination.

Since this scenario is dynamic, another set of allocations will be made after a certain period of time
(i.e.what we refer tdhe Update phase). Though a solution may be appropriate for a current situation,
the health of an injurehdividual can change suddenly causing the problem to change and requiring
a new solution, which is mentioned in Rossi, van Beek, and Walsh's v@rP[8ing this time
many events can happen such as new ambulances arriving at the incident and anxchandee¢ v i ct i mo s
seveity. (Future work could address additiogahsiderations, such as a sudden road block while
driving to a hospital changing the expected arrival }im&is relates to the works of][ [12], and
[42] where restrictions or relaxationseaapplied to the problem based on the changes that occurred
since the previous problem. Information about the scenario needs to be up to date in engeato h
best possible allocatioBetermining with what frequency to update aaset the &caton will be
mentioned as part of odiscus#on of the decision suppoith our discussion of this example scenario

we will assume thahis will be atevery time step.

As the first stage (Ambulance) ends, the second stage (Hospital) picks up right whehnerthaftot
off and includes a lot of overlap with the first. When the injured individuals reach the emergency
room of the hospital, they must be allocated resources. In our work, we use-presisessolution
approach, as mentioned in work by Rossi, vaelB and Walsh . Once in the hospital, the injured
individuals become patients and the multiagent resource allocation definition changes. The agents are
all the patients in the hospital with medical staff making their decisions. It is important tiauctiee
attributesbeing modeled and their current valaes transferred from when the patient was in the
ambulance. A new attribute for the patient will be the procedure that they require. The procedure will
be performed by the resources, which incluttee doctors, nurses, other medical staff, equipment,
and rooms. Each resource can perform a procedure with a certain skill. A patient is assignhed a
resource by the central EMS department, which runs a local search on the situation. Since this
scenario iglynamic, another set of allocations will be made after a certain amount of time. During
this time, patients require different resources, new patients may arrive, and resources can become

available.This constitutes the provision for Update at the Hospitade.
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In comparison to the previous Ambulance stage, resources, such as medical staff, are bundled
together, may not be shared, and must be allocated to the patient until completion. (During the first
few moments of allocation, we do allow a patient esgburce to be reallocatedhere is also the
issue of communication that the previous scenario did not need to address. Communication was
reliable in the previous scenario but in this scenario communication between medical staff may not
always be possibl For example, during a surgery some of the doctors will not be available for
communication. In addition, the room, medical equipment, and medical staff involved in the
procedure may not be available for negotiating and changing resources. Duringehigtten plans
are modified then this plan should not ®8hange,
about active variables. For example, completing a cast on the third floor should not change the plan of
surgery taking place in the first floo

4.2.2 Parameter Modeling

We spent considerable effort in trying to characterize wheimeters should be modeled in this
particular domainThe set of parameters and their possible ranges of \alegsovided imMables
4.1, 4.2, and 4.3 below for the Amhuace stage

We envisaged using these parameter values as part of ofuradgin calculations and thus for
the core set of attributés each table, we consistently mapped these to values thakangely on par
with each otheWe return to discuss psible experimentation with alterngterameter values, in

Section 6.3An example of calculating the total cost functions using thasameters is provided in

Appendix B.
Table 4.17 Victim Attributes (Ambulance Stage)
Attribute Possible Values
Resources 1 Low (1)
1 Medium (2)
_ High (3)
Severity 1 Critical (1)
1 Serious (2)
1 Fair(3)
1 Good (4)
Initial Time Integer Value
1 Lessthan 10 (1)
1 Between 10 and 15 (2)
1 Between 15 and 20 (3)
i Between 20 and 30 (4)
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9 Greater than 30 (5)

Availability 1 Available (0)

1 Unavailable (1)
Lottery Integer value from O to N 1, where N is the number of victims
Fcfs Integer value from 0 to N 1, where N is the number of victims
Sickest first Integer value from 0 to N 1, where N is the number of victims
Youngest first Integer valudrom 0 to Ni 1, where N is the number of victims
Lives saved Integer value from 0 to N 1, where N is the number of victims
Prognosis Integer value from 0 to N 1, where N is the number of victims
Instrumental Integer value from 0 to N 1, where N $ the number of victims
Recipracity Integer value from 0 to N 1, where N is the number of victims
Age Integer value

Survival percentage

Integer value from O to 100

Expected years

Integer value

ID

Integer value

Table 4.21 Ambulance Attributes (Ambulance Stage)

Attribute Possible Values
Driver Type 1 Basic (1)
1 Experienced (2)
Initial Time Integer Value
T Lessthan 10 (1)
1 Between 10 and 15 (2)
1 Between 15 and 20 (3)
1 Between 20 and 30 (4)
1 Greater than 30 (5)
Availability 1 Available (0)
1 Unavailable(1)
Longitude Integer Value
Latitude Integer Value
Driving Boolean Value
ID Integer value

Table 4.31 Hospital Attributes

(Ambulance Stage)

Attribute

Possible Values

Resources

1 Low (1)
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1 Medium (2)
1_High (3)

Capacity Integer Value

1 Lowi 8 new victims(1)
1 Mediumi 12 new victims (2)
1 Highi 15 new victims (3)

Current Number of Patients Integer Value

Arrived Patients Integer Value

Distance Integer Value

1 Closei Less than or equal to 3 (1)
1 Mediumi Less than or equal to 8 but greater than 3 (2
9 Fari Greater than 8 (3)

Longitude Integer Value
Latitude Integer Value
ID Integer Value

First of all, the severity of the patients is an important pararaatefor this we decided upon a
solution that emulates that [f], distinguishing good, fair, serious, and critiddbte that InitialTime
represents time from the beginning of theident until the victim is left in the ambulandée
Availability attribute describes whether the victim l@en given resources (unawile) or not.
Various parameters are alsmdeled in order to model the patigriien considering various
principles of allocation (like Youngest Firsfge is included for this reasohhe Survival Percentage
is intended to reflect the likelihoaaf surviving based on age and severity, with Expected Years
representing the number of years a victim is expected taalitax,the incident, based on Survival
PercentageParameters connected with Principles of Allocation (like Sickest kirstintended to
represent how this victim stands in the ranking amalhgatients, when applying that principle.
Further discussion d?rinciples of Allocation appeain Section 4.3.1. Note as well thatlaulances
are nonshareable resources (one patjsit ambulance) wheas Hospitals are shareable. Various
parameterselp to represent location and whether the ambulance is en reut®gpital or not. In
our Implementation (Chapter 5) we use Manhadiatance in order to calculate the distance

parameter of the Hospitelass.

A few additionalnotes are important.here are two distinct challenges in developirg th
characterizatiomutlined hereThe first is to include parameters tha¢ good choices for effectively

modeling what should befluencing the resourcalocation decisionslhe second is to determine
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how to set the possible rangevaiues for each of these parameters. This is an important
consideration. The cost functions that drive the decisibosit which allocations will be preferred
will be addingtogethercosts that derive from different considerations (of the patiantbulances
and hospitals). As can be seen in the depadsided inTables 4.1, 4.2, and 4.@e made an effort to
put differing parameternsito similar ranges of possible valu&ge illustrate the interplay of
parameter values for cost calculativater in this thesis (Appendix B)

There was another decision made with respect to parameter \aledkat was influenced by our
desireto be able to performuick calculations, to nk& rapid determinations of possible allocations.
Here we mapped various rangégossible values into a singtietermining value (for example
hospital distancgsnd ensured finite discrete valuBassi, Van Beek, and WalsH38] work
describes how effiency may be limited in practice if these considerations are not made.

Once we settled on the parameters to be modeled, we then nepdsubse specific combinations
of considerations as the cdshctions that would drive the determination of the preféallocations.
The particular cost functions that we propase outlined below. While motivated by insights from
our Sufficient Ambulance stage, these cost function also go beyond, to introduce new elements. In

particular, the cost functions for Ambulee and Hospital stages are distinct.

We begin with a clarification of what we modeled for the Ambulance stdgeghen move on to
discuss the cost calculations for the Hospital stégféle many of the parameters that are modeled
and combine@nd severabf the key concepts that have cost consideratoasased in the
calculations of bothmbulance and Hospital stagéisere are some additional elements introduced
for the Hospitakcenario that we will pause to clarify in full det&lbte that these aitional
considerations cause us to genesatme additional kinds of graphs when validating our approach as

well, for Hospital vs Ambulance stagesliscussed in greater detail in Chapter 5

4.2.3 Ambulance Stage

We first clarify what is proposed for the Ambota stageThe parameters that are modeled and

their ranges of values aas inTables 4.1, 4.2, and 4.3

Our local search algorithm will settle on the allocation thigimizes the total cosAlgorithm 4.2
below shows the differembmponents of thitotal cost calculation for therAbulance stage) a cost
arising from the individual allocations for each of thetims (SingleSolution costs) aggregated

according to thepecific social welfare function selected as part of the iipaitcost arisingrfom the
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ambulancesamely a penalty applied each time a victim receives no ambulraceost arising
from the hospitalmamely a penalty for being over or under capacity (with the fobmieig a greater

cost).

Algorithm 4.2 totalCostAmbulance()

Input: Each assignment of victims to ambulances and hospitals (singleSolution), Hospitals,
Ambulances, Social welfare function

Output: Final cost based on social welfare

if social welfare is Nash Product then

totalCost = 1;
else

totalCost = 0;
end

for eachsingleSolution
cost = singleSolution.calculateCostAmbulance();
Combine cost to the totalCost according to the social welfare function;

end
for eachambulance in Ambulances
cost=0;

if null ambulance then
cost = AMBULANCEPENALTY;
end
Add cod to the totalCost;
end
for eachhospital in hospitals
cost =0;
if hospital is over capacity then
cost = number of victims over capacity * HOSPITALOVERCAPACITYPENALTY;
else
cost = number of victims under capacity * HOSPITALUNDERCAPACITYPENALTY;
end
Add cost to the tialCost;
end
return totalCost;

The cost function used within each individual allocatiodisplayed below:
661 004006 MBE OMIOARNQ Oi Q0 VGQ DWW Qi © EYII Q@ 'QQ
6€i 0V YQiI 0@WQWI QE ©@QR & QYO QWE AIEBIQ O QQQ
The central elemds of this cost function are i) costafocating a resource based on the drive ii)
cost of wvictim waiting for the resource and iii)
resource needsVe will explain thePrincipleRankingCost in Sectior#.3.1 as we explore some of the

options that we make availalife decision makers interested in learning about posaildeations.
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The three component cost functions are further clarégetdelow

The CostDrive function can be seen below where helsesents the hospital distance from the
victim to the hospital, maxVictim represents
severity level, maxType represents the best possible skill type for an ambulance driver, ambType
representshe ambulance driver type, and noAmbulanceDriveCost is a cost for this victim not
receiving an ambulance. The reason for these vauegnsure that a victim of severity 1 (the most
critical kind of victim) not receiving a resource returns a higher cost than a victim of severity 4 not
receiving a resource. For example, suppose there are two victims with severity 1 and severity 2 that
are dose distance to the hospital and two ambulances of differing skills. There will be a lower cost of
assigning the victim with a worse severity to a better skilled ambulance and assigning the victim of
severity 2 with the ambulance of lower skill. In adzfiti if there was only one ambulance then

assigning the victim with a severity of 1 to the resource results in a lower cost.
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Cost of wait has uppé€b) and lower(1) values as indicated ifables4.1 and4.2 (Initial Time).
The CostRes function can be seen Weldhere hRes represents the hospital resources, vRes
represents the resources that the victim requests, LOWRC represents a low resource cost, MEDRC
represents a medium resource cost, and HIGKHRp@:sents a high resource cdste reasoning for
these retured values is to have a low costs for resources being met but at the same time minimizing

the difference between the resource requested by the victim and available from the hospital.
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4.2.4 Hospital Stage

For theHospital stageseveral of the parameters and parameter values carry ovethigom

Ambulance stage, such as PatientSevefibe relevant tables are Tables 4.4 and 4.5.
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Table 4.471 Patient Attributes (Hospital Stage)

Attribute Possible Values
Procedure 1 Procedure A (1)

9 Procedure B (2)

1 Procedure C (3)

1 Procedure D (4)

9 Procedure E (5)

9 Procedure F (6)
Severity 9 Critical (1)

1 Serious (2)

1 Fair(3)

1 Good (4)

9 Discharge Patient (5)
Initial Time Integer Value

1 Lessthan 10 (1)

1 Between 1@nd 15 (2)

1 Between 15 and 20 (3)

1 Between 20 and 30 (4)

9 Greater than 30 (5)
Availability 1 Available (0)

1 Unavailable (1)
Lottery Integer value from O to N 1, where N is the number of patients
Fcfs Integer value from O to N 1, where N is the number o&pents
Sickest first Integer value from O to N 1, where N is the number of patients
Youngest first Integer value from O to N 1, where N is the number of patients
Lives saved Integer value from 0 to N 1, where N is the number of patients
Prognosis Integer value from 0 to N 1, where N is the number of patients
Instrumental Integer value from 0 to N 1, where N is the number of patients
Reciprocity Integer value from 0 to N 1, where N is the number of patients
Age Integer value

Sunival percentage

Integer value from O to 100

Expected years

Integer value

ID

Integer value

Table 4.57 Resource Attributes(Hospital Stage)

Attribute Possible Values
Type T TypeA(1)
1 TypeB(2)
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Type C (3)
Type D (4)
Type E (5)
Type F (6)

Capability Capability A (1)
Capability B (2)
Capability C (3)
Capability D (4)
Capability E (5)

Skill Low (1)
Medium (2)

High (3)

=4 =4 =8 =8 -8 -8 -8 a8 8 _a_9

Initial Time Integer Value

Less than 10 (1)
Between 10 and 15 (2)
Between 15 and 20 (3)
Between 20 and 30 (4)
Greater than 30 (5)

Availability Available (0)

Unavailable (1)

=4 A |=a =4 -a-a=9

ID Integer value

We paused to reflect on what would be best to maxhele the victim arrives at the hospital, in
need of resource¥Ve first of all decided what procedure a patient néatisthendecided thaa
patient should be able txquire a bundle of possible resources (e.g. doctor, nurse, equipment, room).
We also considered this to be a rabrareable resourcAs another important consideration, we
thought about how best toodel the scenario as tirpeogresses. As mentioned, we wantedltow
for Update allocations.

In the Ambulance scenario, what were allowing was to have an ambulance en route to one
hospitalbe sent along to a different hospital instead, en route (bagbé pnposed allocation of
(ambulancehospital) per victinthe value of which is updated at each time step, as sensing
introduces new parameter valuddpte that we defer the discussion of sensingeittion 4.3, as part

of our clarification of Decision Support

In modeling hospital resources, therefave,decided we need to model a new entity, Resources.
This isnonshareable as it represents the medical staff members and equipment that can only be
allocated to one patient at a tinfeer Table 4.5 he attribtes in this class are integers that are used to

describe the resource. Each resource has a type that is used to describe the medical staff members and
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equipment. There are six types with differing capabilities of performing the five procedures needed

by the patients. These procedures are performed with a certain skill. Skills are represented by integers
as high (3), medium (2), or low (1). A higher skill is desired as a resource will only be met if the skill

is medium or high. As in the real world a procedcan be performed with less skill but it is not

desired. The skill of a resource performing a procedure can be seen in the table belod.@lable

Type A (1), Type B (2), and Type C (3) represents a basic room with a certain set of doctors and
nurses. Ype D (4), Type E (5), and Type F (6) represents an advanced room with a certain set of
doctors and nurses. The difference between a basic and advanced room is that an advanced room will
have better medical equipment. Although it may seem that a morecadvarom leads to a better
performed procedure, this is not always the case. For example, a patient requiring Procedure D to be
performed may think that resource Type F is the best choice but would be better off taking resource
Type C since it has a bettgkill. Similarly to the Patient class there are initialTime and availability.

The initialTime attribute represents the idle time for the resource and having the same time categories
as the Patient class. It is better for the resource to not be idliaddog period of time. The

availability attribute represents whether this resource has been allocated to a patient.

Table 4.61 Skill of resource performing procedure

Procedure | Procedure A| Procedure B| Procedure C| Procedure D| Procedure E

Resource

Type A Low Low Low Medium Medium
Type B Medium Medium Low Low Low

Type C Medium High Medium High Low

Type D Medium Medium Low Low Medium
Type E High Medium Medium High Medium
Type F Medium High High Medium High

As mentioned above, the casticulations for this stagmntinue to model similar considerations as
those in théAmbulance stage and also introduce a few new elements, as clarified Deéototal
cost function is now as shown Agorithm 4.3 There are no longer additional codtse to
Ambulances or Hospitalsut instead due to Resourcésy victims unable to secure a resource will

generate aadditionalburden on the total cost.
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Algorithm 4.3: totalCostHospital()

Input : Each assignment of patients to resoufsggyleSolution), Resources, Social welfare function
Output: Final cost based on social welfare
if social welfare is Nash Product then

totalCost = 1;
else

totalCost = 0;
end

for eachsingleSolution
cost = singleSolution.calculateCostHospital();
Combine cost to the totalCost according to the social welfare function;

end
for eachresource in Resources
cost=0;

if null resource then
cost = RESOURCEPENALTY;
end
Add cost to the t@lCost;
end
return totalCost;

The SingleSolution cost fdhis stage is computed accordinghe formula below:
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As before, we defer the discussion of PipleRankingCost t&ection 4.3There is a resource cost
once more (CostPatRes) but in this casesource assigned is more costhy patient with high
seveity does not receive resourcde CosPaResSkill component allows a greater cost if the
resourceassigned to the patient is at a lower skill level trePatientWaitcomponent introduces

larger costs whepatients have had to wait longer before secugimesource.

The functions above aexplainedn detailas follows

The CostPatRes function can be seen below where maxPatient represents the best possible severity,
pat Sev represents the patientds s eeseaurcetypyg, | evel , m
resType represents the resource type, and noResourceCossida this patient not receiving a
resource. The reason for these valsds ensurehat a victim of severity 1 not receiving a resource
returns a higher cost than a victifnseverity 4 not receiving a resource. For example, there are two

patients with severity 1 and severity 2 and two resources of differing types. There will be a lower cost
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of assigning the patient with a worse severity with a better type resource anihggsigmpatient of
severity 2 with the worse resource. In addition, if there was only one resource then assigning the
patient with a severity of 1 to the resource will result in a lower cost.
6¢i 00mOYQI _ . y
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Cost of wait has uppéb) and lower(1) values as indicated ifables 4.4 and 4.5. The
CostPatResSkill function can be seen below where skillOfResource represents the skill of the
resource (if resource is null then the valuelgfand a constant PRSKILLCOSThe reasoning for
these returned Waes is toreturn a better value (lower number) for the resource performing a better
skilled procedure on the patient
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4.3 Decision Support

We are interested in developinga@rrector system in a health care environment. The proposed
system acts as a decision support system that will help medical staff members make appropriate
decisions for their patients. If their decision will lead to a suboptimal result then the systatanvil
the user about the incorrect decision and recommend a decision that will lead to an optimal result. Of
cour se, if the userdés decision is opti mal t hen
the direction that they are going. Itihe the responsibility of the medical staff to make the final

decision given the recommendation of the system.

A design approach was used to develop this system with the main intention of use by an emergency
department. The individuals intended to usediistem are first of all doctors, emergency medical
services (EMS) drivers, and any other medical staff member. Given the nature of ambulances and
hospitals, the system should be able to handle the dynamic environment. This means that the system
should kep track of the changing environment since the current solution may only be appropriate for

the current situation.

The goal of the system is to recommend optimal allocations of resources to the patients. These
resources can be ambulances, hospitals, mMedaf§ or medical equipment. In the real world,

resources may be limited and can sometimes be unavailable. Using a local search, the system tries to
39
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find an optimal solution to the situation. The allocation value will be used to evaluate the solution.

Sccial welfare and principles of allocation are an important factor for the policy.

Decision making in the emergency department are affected by numerous factors. These decisions
are made in a stressful situation and during a short period of time. Theletlecision made, the
better the result is for the patient. Motivation for designing this system is to help medical staff
members in their decision, which will allow patients to recover as well as possible. Medical
professionals would most likely be spggig their preferred allocation to the system running in
decision support mode, to see whether these are optimal.

Another set of users that are important to support are administrative individuals in the emergency
department. These users would be intecesteletermining the best policy to implement into the
system by analyzing different scenarios in order to conclude the best fit. Therefore they would be
most likely to specify their preferred social welfare function to the system in order to determine
whether they want to remain with that choice.

Our algorithms for resource allocation are designed to optppbsed allocations of resources.
But we envision also operating in a kind of Decision Mode, wheusbys can request to view
particular informationespecially tdearn about how competing choices would compare, if chosen to

drive the resource allocation algorithm.

In the subsections that follow, we clarify some of the chdltaiswe allow our decision makers to
specify, in order to viewhe resultig resource allocation or to compare the outctnom two
differing specificationsln Chapter 5, we devote particular effort to providing a valutulkkit for

decision makers to view the output from compepngferences for the input parameters.

4.3.1 The Concept of a Policy

Our design for MARA using local search and social welfanetions is intended to provide for
decision makers sonfatitude to view alternate solutions and the allocati@inies they will generate
(the costs, which should be minimize@ihwards this end, we have provided as part of our design
whatwe refer to as the specification of a policy: a combinatice feferred social welfare function

and a preferred principle aflocation, to be respected within the allocation algorithm.

The ®cial welfare functions that we experimented with as @aour validation included:
Utilitarian, Egalitarian andNash product. The principles of allocation available to expl@e

selected from the list provided [j84] and includedtottery, first corre first servedFCFS) sickest
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first, youngest firstsaving the most lives (we refer to as lives saved), prognosis, instrumental value

(we refer to as instrumental), and reciprocity.

We note here that our framework is general enough to sugliffering gpplication areas. While in
this section we descrilvehat we supported for ambulance and hospital scenarios fheétcare
domain, there are intuitive counterparts that canddntroduced for other application areas. For
example, iftrying to specify greferred principle for forest fightingne could select options such as
mostinjured (instead osickest first) and saving the most trees (lives saWwd)discuss this path for
future research further in Secti6ér8.

The costs that arise with a partauallocation will differ,depending on the social welfare function
that is specifiedThis arises, for example, from the loop withxidorithm 4.2 where the costs from
each SingleSolution for a particuldctim are combined based on what the socidfaxe function
dictates.

There are two distinct uses examining principles of allocatibien determining possible
allocations. The first is to considtris as an alternative method for deciding the final allocatina:
that will not be based on localaseh but that will, insteadhe developed by examining each patient,
in turn, deciding whicliesource should be assigned to that patient based on its rénakmthe
specified principleThe second is as part of the decision maker's specified prefesegckhilitarian

social welfare but also Youngest First.

4.3.1.1 Clarifying Example: Local Search vs. Principle of Allocation

An example will serve to explathefirst usage: what kind akesource allocation would be

proposed, if the algorithm welmsed entirelyn a particular principle of allocation.

As an overview, the principle approach takes a look at the individual that is being allocated a
resource and does not appreciate that if this individual takes a slightly worse resource for them then
another individial can end up with a better resource in such a way that the collection of agents will
improve the global utility. In our local search based approach we begin with an initial suggestion for
an allocation and continuously change the allocation to imprevgltial utility (i.e. minimizing the
total cost). This important distinction between these two options for MARA will be apparent in the

discussion that follows.
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Below we clarify an appropriate allocation of resoufoeour Ambulance stage. In this small
example, there arvictims: v1, v2, v3 and v4. Their order in termsse¥erity (most severe to least

severe) is v3, vrl and V. Their order of arrival (first to last arrival) however is v2, v4, v1, v3.

Suppose there are two ambulances, al and ateaalhospitals hl, h2 and h3. We will populate
these resourcesith certain parameter values from Appendix B as follaalshas a skilled drivera2
has a skilled driver, 8 has a less skilled driveinl is closewith high resources, h2 is close with low

resources, h3 is far with low resources

To decide an allocation based simply on princigie,dllocations that are proposadhese cases
turn out to be (v1, a3, h3)y2, a2, h2)(v3, al, hl), (v4, null, null) for sickest first and (v1, a3, h3),
(v2,al, hl), (v3, null, null)(v4, a2, h2) for first come first servddis important to note that no local
search is being done heflénere is therefore no centralized reasoning about what i$dbekée
society. Each victim, in turn is allocated theowwsethat is best, based on their ranking according to
the principleof allocation (where "best" is determined through the cost functions).

We now continue the example in order to make clear the diffeteriween this kind of algorithm
for allocatng resurces and ontat would rely instead on local sear€ansider our samewctims.

Running our algorithnin this case would follow the following steps:

Step 0: decide how many random restarts are allowed (say 3).

Step 1: initialize a solution, from a @am selection

A possible allocation would be as betow

(v, a2, h2), (v2, null, nullv3, al, hl)(v4, a3, h3)

Step 2: examine possihheighborgo cycle towards the proposgtbbal allocation
We sketch some hypothetiaaighborshere, for illustration

(v1, a2, h2)(v2, a1, hl), (v3, null, nullXv4, a3, h3)

(v, null, null), (v2, a2, h2)(v3, al, hl)(v4, a3, h3)

(v1, al, h2), (v2, null, nullv3, a2, h1)(v4, a3, h3)

The best neighbor would be (viyll, null), (v2, a2h2),(v3, al, hl)(v4,a 3 , h3) (since v10:c
is less severe than that of v2 or w3king it the new current solution. Examining the neighbors of
the current solution would determine that (&3, h3), (v2, a2, h2jy3, a1, h1)(v4, null, null) will be
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the new current solution. Another cycle of examining the neighbors of the current solution would
determine that (v1a2, h3), (v2, a3, h2}jy3, al, h1)(v4, null, null) will be the new current solution.
After examining the neighbors of the currentution we determine that this current solution is the
best. We notice that this solution is a neighbor of the sickest first solution as v1 and v2 swapping
ambulances. The idea is that v2 will worsen its cost by taking a less skilled ambulance dtiver but
cost improvement from v1 receiving a better ambulance driver will cause a better total cost for the

global allocation.

In this case, a solution that looks good for the entire soataince is being proposed (in
comparison to the principles allocaton scenario that allowed each victim to claim tiest

resource, in turn).

While the medical professionals who are using our proposed sgsteatiowed to specify a social
welfare function, they may watd also respect a kind of principle of allocatigithin theallocation
algorithm. Our framework allows for thisor example, Utilitarian Youngest First would ensure that
when the total cost of a sdt®8ingleSolution allocations idetermined, it will be calculated on the
basis of the Utilitarianvelfare function. But when the cost of the individual allocafmra particular
patient is examined, allocations which do offér better resources ymunger pents will incur an
additionalpenalty. This is handled by expanding our proposed codtidar{Section 4.2.3 and 4.2.4
to also integrate a principle component, as follauging the local search thirincipleRankingCost
will be a value other than 0. For each victim, BrancipleRankingCosuill be their ranking
according to the principle.df example, being the third sickest would add a penalty 2 if using the
sickest first principle. This will allow the search to explore different neighbors (due to the different

cost) than ifPrincipleRankingCoss 0 (which it is with the no principle poli.

4.3.1.2 Clarifying Example: Policy Calculations

What we now refer to as a policy approach is a digmoial welfare function and principle of
allocation,with the allowance for norfmciple to be specified at all, whettge additional cogthe
PrincipleCostnalty)of being at odds with thereference of the principle will simply not occur, as

part ofthe calculation for an individual allocation.

At this point a full example of the social welfare functiprinciple of allocation duo in action

would be instrative.
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Table 4.71 Assignments and Assignment Values Based on Sickest First

Assignments Based on Sickest First

Assignments and Assignment Values Principle | Egalitarian| Utilitarian | Nash
Product

Patient XResource A =2 No 2 6 8

Patient ¥Resource B =2 Principle

PatientZ-Resource C = 2

Patient XResource A=20=2 Sickest 4 9 24

Patient ¥Resource B=2+1=3 First

Patient ZResource C 2 + 2 =4

Patient XResource A2 +2 =4 FCFS 4 9 24

Patient ¥Resource B2 + 1 =3

Patient ZResource C 2 + 0 =2

Table 4.81 Assignments and Assignment Values Based on First Come First Served

Assignments Based on First Come First Served

Assignments and Assignment Values Principle | Egalitarian| Utilitarian | Nash
Product

Patient XResource C =3 No 3 6 6

PatientY-Resource B = 2 Principle

Patient ZResource A=1

Patient XResource C 3 + 0 =3 Sickest 3 9 27

Patient ¥Resource B2 + 1 =3 First

Patient ZResource A4 +2 =3

Patient XResource C 3 + 2 =5 FCFS 5 9 15

Patient ¥Resource B2 + 1 =3
Patient ZResource A +0 =1

In this simplified examplehere are 3 patients and 3 resources. To simplify the example we

assume that Resource A is best for all patients, Resource B is second best for all patients, and

Resource C is thirbest for all patients. Patient X is the sickest, arrived third, and requires Resource

A. Patient Y is the second sickest, arrived second, and requires Resource B so if they receive

Resource A then it would be better. Patient Z is the third sickest,dafitise and requires Resource
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C so if they receive Resource A or Resource B then it would be Beitehis simplified example,
we will first assume that if no principle is specified the allocation is the same regardless of social

welfare function.

We ae interested in clarifying what happens if the user also has a preferred principle of allocation.
For example, if the user prefers sickest first then they would expect the following allocation: (X, A),
(Y, B), (Z, C).

Earlier, we outlined two individualllocation cost functions, CostAmbulance and CostHospital.
For the purposes of this example we will consider a generic cost function for individual allocations
(what we refer to as the assignment value), one that first of all assigns an initial valuerbased
whether the patient resource pairing matches the expected pairing. It simply addheresource
assigned is the resource they requiesttis inl if the resource assigned is better than the resource
that they required, aratlds in3 if the resotce assigned is worse than the resource that they required.
We also add in a principle cost penalty discussed bélate that this simplification ignores many of
the attributes and factors in the situatibikewise the totalCost function used in this exde will
also be a generic one, one that combines, over all patients the individual allocation values according
to a social welfare function (what we call the evaluation function) but that does not include extra
ambulance, hospital, or resource costsc&there are as many resources as patients there are no
additional ambulance and hospital costs to consider (per Algorithm 4.2). The total cost function

generates what we call the allocation value.

Abovewe include two tables based on allocation by sickesttand allocation by first come first
serve. Each table includes the assignment values and the allocation Vaduakocation values
specify whether a principle is used and the social welfare function used in the evaluation flmction.
each tablehte left half shows assignments and assignment values. The second and third sections
clarify how the principle cost penalty adjusts the calculation (adding an extra cost according to the
rank of the patient per the principl€onsider for example, usinge principle sickest first foPatient
X will add O to their assignment value, Patient Y will add 1 to their assignment value, and Patient Z
will add 2 to their assignment value. When no principle is used then the assignment value does not

change.

The rightside of each table shows comparison values that a user may want displayed. If, for
example, a user is interested in sickest first principle the Table 4.7 would be displayed. The user

could specify their preferred social welfare function, for exampletligin, and could then see how
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different specified principles, for example FCFS, would result in differing total allocation values.

This may help determine the ideal principle of allocation. In order for a user to decide which principle
they might want t@dopt, they can look at two tables simultaneously. This is purpose of the no
principle choice in the Principle column. For example, if someone who prefers Egalitarian social
welfare examining Table 4.7 and Table 4.8 would see that sickest first is echetter of principle.

Note that the values in the right side of the tables are calculated by applying the social welfare
function combination rule to the values indicated on the left side of the table.

It is important to note that this was a simplified @odhewhat artificial example. When users
specify a preferred policy (social welfare function and principle of allocation) the selected principle
of allocation will influence the principle cost penalty and thus the single solution cost, while the
social wefare function will influence the combination of single solution values within the total cost
calculations. As a result the assignment values and allocation values will tend to be different with
each differing policy choice.

4.3.2 Sensing and Time Buffers

In thissubsection, we clarify two additional specifications theatision makers can provide (which
also enable further graphstie generated that inform decision makers about the influeremtivfg
these parameters differently).

We are operating idynamically changing environmen#ss a result, we will need to reassess the
value of somef the parameter values, with a certain periodiifz generalize this consideration in
the discussion beloas deciding how many "time steps” to wait before aisgstion takes place,
which then allows for updated parametalues to dictate the selection of the proposed allocation,

when running our local search algorithm.

The notion of a Time Buffer is introduced into our modelifighe domain, to allow a pedoof
time to elapse beforthe initial allocation of victims to (ambulances, hospitéilsthe Ambulance
stage) or ptients to resource bundl@s the Hospital stage) is s&or the Ambulance stage, the
buffer allows for time before an ambulance leatessite of the incident to exchange ambulances
and victims. This will be beneficial if a new victim is found at the incident or if a victim that did not
receive a resource becomes more severely injured. For the Hospital stage, the buffer allow for an

exchange of patients and resources before a procedure has gone beyond a critical point in the
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procedure. For example, resources or patients can be exchanged during the preparation before a

surgery but it would not make sense to perform a swap once the soagdrggun.

4.4 Corrector System

While we have provided a full description of guoposed decision suppgit this section we
reflect on the usage of a system designed to follow this solution, by medical professionals and
administration, we term this the cector systemiNote thatour solution provides good results for the

running time, which is imprtant for the corrector system; this is discussed in Chapter 5.

4.4.1 Scenarios

Before describing the corrector system, we will identify real world situations thati weukfit
from the system. Suppose that a car accident on a major highway has resulted in five injured
individuals. Each individual has their own injury severity and their own requirements to be treated.
EMS drivers arrive at the scene of the incidentlaegin to assess the injured individual. After
examining the situation, they make a decision about which hospital the ambulance should set as their
destination. Each hospital has its own distance from the location of the accident. Moreover, the
hospitals hae unique attributes for their resources. Once in the ambulance, the EMS driver will
identify the situation to the system and state their decision for the hospital as well as their intended
route. The system will evaluate the situation and recommendeat blettice if it exists. The EMS
driver can choose to accept the recommendation or ignore it. Either way, the EMS driver will clarify
the decision to the system. This solution provided by the system will be influenced by the policy of
the system. The polidgkes into consideration social welfare and principles of allocation. During the
ambulance ride to the hospital, the system can be beneficial in the situation where the severity of a
patient worsens and the currently assigned hospital is no longer apggolgven after the patient
arrives at the hospital, the system will still be useful. The corrector system will provide
recommendations whether the patient arrives in the ambulance, through their own means, or are
already admitted in the hospital. Patgergquire a medical resource (e.g. medical staff and
equipment) in a timely matter for their treatment. The system will alert the appropriately qualified
available medical staff to treat the patient and will mention the resources available. The system will
alert the medical staff member if they are about to make a suboptimal decision during treatment. An

example of a suboptimal decision is the medical staff allocating a resource that would have been
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better allocated to another patient. Again, the systelmegibmmend a better choice, if it exists, that

the medical staff member can choose to accept or ignore.

4.4.2 The System

The corrector system will model each situation as a constraint satisfaction problemTGSP).
search continues until it reaches a stophitgrion. Since medical staff is required to make
treatment decisions quickly, the stopping criteria will probably be predetermined based on time. It is
important to note the dynamic nature of the health care environment. To handle this property it can
beneficial to set the initial assignment in the local search to be the previous solution. Moreover, the

system will need to be able to monitor all the patients and resources.

Similar to some of the surveyed literatui®,[21, 31, 33, 4Q 43|, the correctosystem will be a
multi-agent system. Patient agents are allocated active resource agents (e.g. medical staff) and passive
resource agents (e.g. medical equipment). Monitoring these could be achieved using RFID. Patients
will be given their RFID once thegach the ambulance and hospital. The information stored will
contain their medical records including their current health and treatment requirements. Resources
will have their RFID while they are working. The information stored about them includes their
availability, capability, and skill level. WLAN or GPS (Global Positioning System) can monitor the
ambulances away from the hospital.

Some techniques from telemedicing][2ould be used to help monitoring. Video and audio
communication placed in the hospitgll provide a clearer availability than inferring with the RFID.
A centralized approach is applied to the system for communication. We refer to the individuals who
monitor the communication links and update the system accordingly as medical watch2nsilRF
also update the system but can delegate to the medical watchers to ensure accuracy. For ambulance
drivers, direct communication takes place between the drivers and the medical watcher. Ambulance
drivers will tell the medical watchers informationoaib their patient while assessing and loading the
patient into the ambulance. The medical watcher will input the information to the system and provide
the result to the ambulance driver. This allows the EMS workers to focus on the patient rather than
dealng with the input. It will be the responsibility of the medical watchers to update the system with

the final decision made by the medical staff member.

Updating the system happens at fixed time intervals and when events occur. Events happen for

many reasns from the patients to the resources. The first reason relates to the patient arriving and
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l eaving the hospital or ambul ance. Moreover, a
considered when the medical staff member differs from tleatlbn specified by the system.

Expected events do occur to medical staff members when their shift begins or ends.

The final kind of event is for medical equipment. Medical equipment could be removed, broken or
retired, as well as added, fixed or neweiig the dynamic nature of this system shows the
importance of focusing on time buffers when allocating the resources. Allocations use the time
buffers to focus on the near future as well. For example, an ambulance driver is taking a patient to a
hospital where the resources will be reserved for that patient. Those resources will be available for
the patient upon their arrival. In addition, the system will only include available resources when
determining a solution. For example, a surgeon and the resaaritee middle of performing a five
hour surgery should not be included when determining the allocation since they are unavailable.

4.4.3 Discussion

The corrector system has its benefits and limitations. Helping the medical staff make decisions
about allocatingesources to patients is one of the main purposes of the system. The system can
consider many different possible allocations and quickly compare them according to the policy. A
disadvantage to the system, which is inherited by emergency situations tiim¢éhaecomes a factor.

The system may need to return the best result seen so far instead of the optimal result because patient
is in critical health; this issue is explained further in Sedi@An important consideration about the

time needed for thegystem is that the system provides decision support, which means the medical
professional already has their course of action in mind and has the final say in the decision. An
obvious limitation in the system is the lack of implementation based on meiffal

recommendations. Discussing with medical professionals provides a better insight to the requirements

of the system since subjectivity is significant in many areas of the system.

The policy, principle of allocation and social welfare, in the syst@mgeeatly change the

recommendati on made. Mor eover, the patientods ut

can affect the system. It is important to identify which attributes about the patient are more relevant
and how much these attributegeat the patientWhile we have devoted considerablall not to

selecting an appropriate set of parameters to model, we realize that further investigations are possible
as future worklmplementing a prototype and experimenting with actual medicavdaild be
instructive.Experimentation could cover other areas of local search, such as other algorithms and

heuristics, or allocation through other methods, such as MDPs and machine learning.
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The systemwould initially assume that the data given aboutpghtents and resources is accurate.
Howevetr a patientds heal t levemfarthemtor& can involhe investigatingy as s e s ¢
how to handle noise error. Our work did not fully investigate the way to alert the medical staff of their
suboptimal deision. A simple approach would be through their smartphone. The sensors used to
monitor the patients and resources can be investigated further in future work. The work of Liao, Fox,
and Kautz [2] could be helpful for monitoring since it discusses hearning patterns from GPS
traces can be used to determine a personds activi
technol ogy can be used to better determine a medi
covered i n R3,isanotheadart dd snsev datakhat[should be considered for the

corrector system.

Another area of future work would be considering how the system would change the policy based
on the userods final deci si onsystemishodd ldare faochshet o t he (¢
user or should the user learn from the system. Furthermore, there is the question of whether should
the system be fully automated or should a human always be part of the system. Our stance is that a

human should always have thgal decision.
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Chapter 5

Implementation Output for the Healthcare Domain

In this chapter we show output from an implementatibour proposed local search multiagent
resource allocation frameworlar the healthcare domaifhe parameters and parameter values
discussed in Chapterage at play, as well as the domajmecific cost functions thatere described.

For our wvalidation we randomly generate 100
are determined randomly for each run. This includegtions to attributes such as severity. For the
Ambulance stage, we simulated 30 victims, 20 ambulances, and 3 hospitals. For the Hospital stage,
we simulated 10 patients and 6 resources.

For the graphs that follow, we need to select values for afighelties that exist within our
proposed cost function calculatiofi$iese values are set beldwor Ambulance stage: LOWRC (2),
MEDRC (4), HIGHRC (10), AMBULANCEPENALTY (2), HOSPITALOVERCAPACITY (10),
HOSPITALUNDERCAPACITY (1), and noAmbulanceDriveCost J1Bor Hospital stage:
PRSKILLCOST (5), RESOURCEPENALTY (2), and noResourceCost (29). We also set all of the

weights in the CostAmbulance and CostHospital function to be 1.

In this chapter, we in fact present a series of graphe.use of graphs is to pide output which
assists decisiomakers in specifying the required input valudé& are offering a valuable toolkit and
have devoted effort to considering what kinds of graphs may be useful to didptasion makers
need to specifya) preferred socialelfare function b) preferred principle of allocation (either as part
of their specified policy or to see the performance of a MARA approach basedpgilociple of
allocation) (note: that no principle is an opti@h)nterval for sensing d) length oLBer Time.We
begin with a series of graphs that showcase the Ambulance Wtadist discuss graphs which
provide feedback on the relatidéferences between different social welfare functionsfanéach
social welfare function, the differences beemdistinct principles of allocation. We also present
graphswhich assist the decision maker in setting the time intéovalensing and the length of the

Buffer Time (the period beforde initial allocation is locked in).

From here, we move on to aissrof graphs to showcase tHespital stage. Here we also integrate
somegraphs to demonstrateir proposealgorithm on a per patient basis part of our presentation
of the output for MARA at the hospital.
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After this discussionn order to summarizeye will reflect on what these graphsgether, provide
for decision makers. We will also brieftliscuss the inherent value of our proposed local search

approactor MARA (in comparison with approaches that rely solelypdnciples of allocation).

We showcase in this chapter some of the central output that we produced, during implementation.
(We use the label VA for graphs validating the Ambulance stage and VH for graphs validating the
Hospital stage).Additional graphs are included in Appendix G.

5.1 Random Restarts Decisions

Before we begin, we introduce a series of graphs that exaftémaative values for the number of
random restarts to be usiedour local search approaatione for the Ambulance stadgehis
discussion is grounded the context of a tilitarian social welfare functiofgraphs for other social

welfare functions are displayedaur Extra Validation Appendix, Appendix G).

In the first set of graphg-igure VA1 (a), (b), (c), and (Jl)\we explore the effect of different
numbers of randomestarts, illustrated for the case where the social welfare functions is utilitarian.
these fgures the yaxis represents thalocation value and theaxis represents the approach taken.
Note that there argightly different ranges on eachaxis. All of the polig/ values are better than
those for principles of allocatioit.can be seen that as the number of random restarts increases, the
results are more favorable. Moreover, all the policy approaches seem to be vemhegergraphs
might help a gstem designer how many random restarts to use. The accompanying table (Table VA
1) displays the average running time (computed over the 100 runs) for each MARA approach.
Looking at the policy based choices all of these approaches take less than 1 &@s@ithws that
having 100 random restarts is still a viable approach since the result can be determinedrquickly.
the remainder of this section we will consistently set the number of random restarts used in our policy

based approach to 100.
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Utilitarian Value (Principle Approach)
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Figure VA-1ai Ambulance: Initial Utilitarian Allocation Value Principle Approach

Utilitarian Value (Policy Approach with RR=1)
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Figure VA-1b Ambulance: Initial Utilitarian Allocation Value Policy Approach with RR=1
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Utilitarian Value(Policy Approach wittRR=10)
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Figure VA-1ci Ambulance: Initial Utilitarian Allocation Value Policy Approach with RR=1 0

Utilitarian Value(Policy Approach wittRR=100)
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Figure VA-1d7 Ambulance: Initial Utilitarian Allocation Value Policy Approach with RR=100
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Table VA-11 Ambulance: Average running time taken (in seconds) to complete an approach

Time Taken in Principle Policy (RR=1) Policy (RR=10) | Policy(RR=100)
Seconds

NO PRINCIPLE 0.0103660245 | 0.0915518492 | 0.9432083402
LOTTERY 0.0000803813 | 0.0100910939 | 0.0886819532 | 0.9202452037
FCFS 0.0000766149 | 0.0101563647 | 0.0880714489 | 0.9157133440
SICKEST FIRST | 0.0000769943 | 0.0098438841 | 0.0891756518 | 0.9204586427
YOUNGEST 0.0000772686 | 0.0102546375 | 0.0888247954 | 0.9198152098
FIRST

LIVES SAVED 0.0000650985 | 0.0098165237 | 0.0900167434 | 0.9310053305
PROGNOSIS 0.0000661255 | 0.0102069968 | 0.0929409075 | 0.9463240459
INSTRUMENTAL | 0.0000768955 0.0105187661 0.0908367448 0.9412969757
RECIPROCITY 0.0000827859 0.0105653830 0.0915415193 0.9479914408

5.2 Output of Value to Decision Makers

We now move on to examine graphs which may assist decision nirakspecifying social welfare
functions and principles of allocatiotiie graphs also serve the purpose of demonstrating the relative
value of the two primary approaches to MARA (principle basedoalidy based). As mentioned, we

will return to deepen our discussioiithe relative differences of these two approaches in Segtdon

5.2.1 Ambulance Stage Output

Figure VA2 (a) and (d) provide additional valuable information for the decision miakérese
figures the yaxis represents the number of victims and taig represents the approach taken.
These figures are stackedbaagrhs whi ch categorizes by victimsé
helps identify certain aspects of the allocation such as, for example, the number of victims with
severity 2 that have been allocated a resolre@et a better ideaf Figure VA2 (a)we will look at
the first bar, which is the lottery principle approach. For the 20 victims that have been allocated a
resource there are 5.02 victims with severity 1, 4.82 victims with severity 2, 5.2 victims with severity
3, and 4.96 victims with severity Bor the 10 victims without a resource (available) there are 2.58
victims with severity 1, 2.46 victims with severity 2, 2.51 victims with severity 3, and 2.45 victims
with severity 4 The sickest first principle ensures that all the victims of seveltigvé a resource

and continues with this strategy until no more resources available, which causes many victims with
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severity 4 to not have resources. The lives saved and prognosis principles seem to have an opposite
strategy as there are a lot of victimsseferity 4 with resources and a lot of victims of severity 1

without resourcesThe decision maker will need to consider both the cost of the allocation and how
patients of different severities are handled in order to decide how to specify their pefdtigure

VA-2 (d) shows the difference between the policy based approaches. Under utilitarian social welfare

these are fairly comparable. We will now move on to consider other social welfare functions.

Principle Approach (Utilitarian)
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Figure VA-2ai Ambulance: Initial Allocation (Utilitarian Principle Approach)
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Policy Approach wittRR=10@qUtilitarian)
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Figure VA-2d 7 Ambulance: Initial Allocation (Utilitarian Policy Approach with RR=100)

Figure VA-3 (a) and (d), Figure VA (a) and (d) illustrate the Egalitarian social welfare function
while Figure VAS (a) and (d), Fige VA-6 (a) and (d) illustrate the Nash Product social welfare
function. The differences between the policy based approaches are somewhat more pronounced than
in the Utilitarian case. Recall that the Egalitarian social welfare function focuses just thefivor
individual and the Nash Product social welfare function is multiplicative.

In Figure VA3 (d), hie no principle, lives saved, and prognosis choices seem to have the best
results in the policy approach. This may be due to this social welfare fufatigsing only on the
worst off victim. The policy approach is not much better than the best of the principles of allocation
approachaccording to Figure VA (a)) In fact, the sickest first principle approach has the best
egalitarian value between batbproaches. This is due to the algorithm of this principle, which
focuses on giving the worst off victim the best possible resobgaditarian social welfare is more
focused on a single individual in the society thus the policy based approach whicts rasat the

society as a whole do not offer significant advantage.

Looking at the allocations of resousci® victims in Figure VA4 (a)and (d)offers additional

valuable input for the decision makeéor sickest first principle approach there are néims of
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severity 1 without resourcémitthere are few severity 4 victims with resourdad-igure VA4 (d),
we can that several of the policy based approaches, for example the no principle policy, perform only
slightly worse than sickest first principier attending to severity 1 victims but do far better in

tending to the severity 4 victims as well.
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Figure VA-3ai Ambulance: Initial Egalitarian Allocation Value Principle Approach
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Egalitarian Value (Policy Approach with RR = 100)
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Figure VA-3d T Ambulance: Initial Egalitarian Allocation Value Policy Approach with RR=100
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Figure VA-4ai Ambulance: Initial Allocation ( Egalitarian Principle Approach)
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Policy Approach with RR = 100 (Egalitarian)
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Figure VA-4di Ambulance: Initial Allocation ( Egalitarian Policy Approach with RR=100)

Looking at Nash Product social welfare function (in Figure®¥fa)and (d) we note that there
may be a huge difference in values since Nash Product is a multiplicative social welfare function.
Note that each-gxis has a different range. Agdhe sickest first principle of allocation tends to do
the best out of # principles of allocation approaches. However, some of the policy approaches (such
as no principle and sickest first) tend to do better than all of the principle of allocation approaches.
Moreover, the lives saved and prognosis results for both approseheshe worst.

Looking at Figure VA6 (a) and (d) a decision maker will learn that certain options are not very
desirable such as lives saved and prognosis principle (which do not address severity 1 patients very
well). Comparing sickest first in Figuk&A-6 (a) to no principle in Figure VA (d) both do well with
severity 1 patients but the no principle policy address severity 4 patients more effectively.
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Nash Product Value (Principle Approach)
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Figure VA-5a1 Ambulance: Initial Nash ProductAllocation Value Principle Approach

Nash Product Value (Policy Approach with RR = 100)
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Figure VA-5d i Ambulance: Initial Nash ProductAllocation Value Policy Approach with
RR=100
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Principle Approach (Nash Product)
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Figure VA-6a1 Ambulance: Initial Allocation ( Nash ProductPrinciple Approach)

Policy Approach with RR = 100 (Nash Product)
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Figure VA-6d7 Ambulance: Initial Allocation ( Nash ProductPolicy Approach with RR=100)
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Sofar the graphs that we have shown (Faps VA1, VA-3, and VAD) focus on displaying the
total cost of an allocatiofaveraged over several runs) during the Initial plofsiee Ambulance
stageBasically, which victims are going into which ambulanaedto which hospitals has been
decided As time progresses two important events octhe first is sensing, which may update
parameter valuesnd suggest a reallocation. For example, an ambuleraxed for a particular
hospital may be reassignedadlifferent hospital, if that allocation improves the cdste other event
that occurs is that the task of delivering #haim to the hospital may end, causing the ambulance to
returnto the site of the mass casualty incident to tend to new viatifrs are ten moved along to
their assigned hospitalShe ideal is of course tmake sure that all victims arrive at hospitals
promptly,with the costs incurred for doing so kept low, ovefaller the entire time period).

The first set of graphs examines how tfi@bal allocation valuevolves, over timeAfter each
time step, the value of the allocation is determifegtall that this is a total cost calculation and thus
how allthe victims are doing is considerdthe Cumulative Allocation value refers to the sointhe
allocationvalue computed after each time stejgure VA7 (b) shows how the allocation value
adjusts over timeThe NcePolicy curve serves to show the result of usinglocal search approach
(where policies with principles hag@mewhat similabehaviors and are displayed in Appendix G);
the remaining curves show the performance of MARA basaeiatinaiples of allocation alon&Ve
first see that No Policy and Sickest First have relatil@lyer cost values than the alternative choices.
In Figure VA-8 (b) the Y-axis tracks how many of the runs out of ¥ that constitute the
simulations have yet to be completelile the Xaxis tracks the time. It is desirable to have fewer
simulations still running: this means that all the victims haaehedheir hospitalsin Figure VA8
(b) we see that No Principle fares the b&itkest First is second best and the rest are not as dtrong.
is important to look at these results in the contex whcking of the Cumulative Allocation value
(Figure VA-10(c)). Here we see that all of the policpproaches are superidiney have a lower total
cost, after all the simulations halveen completed. In particular, No Principle is better Biakest
First.

A decision maker could now view all the results regagdie allocation values and the number of
simulations completeayver time, together with the cumulative allocation vainesrder to decide

which options are preferable.
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Figure VA-7bi Ambulance: Allocation Value over Time
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Figure VA-8b1 Ambulance: Simulations over Time
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Cumulative Allocation Value

Figure VA-10ci Ambulance: Cumulative Allocation Value

The next set of graphs will assist the decision maker in seftinigterval for sensing (e.g. after
every two time steps¥ensing allows parameter values taipdated but in real scenaridtsmay
need to be done less frequenie next figures show the relative difference betwegng to sense
every 2 timesteps (FigreVA-11(a)) compared to every 3 tinmepsFigureVA-11 (b)) measured
by tracking the dbcation value, over timaVe learn that when you sense less frequently, the overall
amountof time it takes to achieve the overall cost of 0 is longé&r.also notice more of a staircase
approach for these grapbempared to Figure VA (b) (which sensesvery time step)The
difference between the curves in these two figures id@dsgoronounced than they were in Figure
VA-7 (b) (i.e. the No Principl@olicy offers less of a gain over its competitoBcision makers can
decide how often to senbased on output such as this.

The last series of graphs for the Ambulance stage exapissile choices for the length of
Buffer Time.Figure VA-15 (a) has buffer of time stepsnd senses every time step while Figure
VA-15 (b) has thesame buffer lengt but senses every two time stefde first compare Figre VA-
15 (a) with FigureVA-7 (b) (which senses evetime step but does not have a Buffer Tingcause
one has to wait with a Buffer Timehe amount of time until you've completed the simulation
increasesvhich means the overall allocation time also incregSemparing Figre VA-15 (a) with
FigureVA-15 (b) we see the effectee the effects of sensing every other time stegpaircase

approach which was evident in the previous set of graphs.
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Allocation Value vs. Time

700

600 | -

400 x R
]
300 |

!
200 i
100 M

0 1 1T T 17T 117 T 17 1117 117 1117 1717 17T 1717 17T 17 17T 17 7 1T 17177 I_A'l_lt]_|

0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36

=¢=—NO PRINCIPLE Policy

== OTTERY Principle

=@—FCFS Principle

== SICKEST FIRST Principle
YOUNGEST FIRST Princi
LIVES SAVED Principle
PROGNOSIS Principle
INSTRUMENTAL Principle
RECIPROCITY Principle

Figure VA-15ai Ambulance: Allocation Value over Time (Sensing=1, Buffer=2)
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5.2.2 Hospital Stage Output

In this section we will show several graphs which are counterparts to the ones we showed in
section 5.2.1 but this time for the Hospital stage. Note that it is impootaotso because the
Hospital stage uses a different total cost function and therefore the outcomes (both the allocation
values and the comparisons) may be different. There are also some graphs in this section that are
unique to the Hospital stage. In pautar, some graphs will be tracking allocation value per patient

(over time or cumulative).

The motivation to using these graphs is due to the difference between these stages. In the
Ambulance stage, when a victim is done using their resource, thenah&yger need any more
resources. In contrast, in the Hospital stage, when a patient is done using their resource they may not
be discharged from the hospital and now require another resource. How we model the stopping point
is as follows: when a good seitg (severity 4) patient is done with its final resource then that patient
will have a discharge severity (severity 5) and will be discharged from the hospital since the patient

no longer requires a resource.

As specified in the Ambulance stage, the et of graphs that we will take a look at is the initial
allocation Utilitarian values. Figure \(# (a) is the principle of allocation approach and FigureVH
(d) is the policy approach with 100 random restarts. Note that Tablé 8Héws that the averag
running time (computed over the 100 runs) is still less than 1 second, which makes using 100 random
restarts a viable option. In the similar pattern seen in the Ambulance stage, the sickest first principle
has the best allocation value for the princeggi@roaches and that all of the policy approaches have a
better allocation value than the principle approaches. Looking at Figur&s(&Hand (d)gtacked
bar graphs which categorizesjpya t i severitysadd availabilitjor the principle and policy
appoaches) we note that the sickest first principle approach has been allocated the same as each of
the policy approaches. This emphasizes that even though the same people for each severity level may
be allocated a resource for the sickest first princiettie policy approaches allocates better

globally such that there is a lower cost.

Since we decided in the Ambulance stage that we will focus on the Utilitarian social welfare
function, the initial results for the Egalitarian and Nash Product have bmexdrio Appendix G. For
the Egalitarian social welfare, sickest first principle and the no principle policy had the best initial
Egalitarian value. For the Nash Product social welfare, all of the policy approaches were better than
the sickest first princip (the best principle approach).
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Utilitarian Value (Principle Approach)
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Figure VH-1ai Hospital: Initial Utilitarian Allocation Value Principle Approach

Utilitarian Value (Policy Approach with RR = 100)

300
250 -
200 -
150 -
100 -
50 -
0 i
52 a@ a\“* o\\d & a@ e \@
& & 2 2 2 K & & o
\y S S S S’ © W &
& N <& % & O N '
o & L 3 K Q <
N > > hd & <
R\ S

Figure VH-1d 1 Hospital: Initial Utilitarian Allocation Value Policy Approach with RR=100
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Table VH-11 Hospital: Average running time taken (in seconds) to complete an approach

Time Taken in Principle Policy (RR=1) Policy (RR=10) | Policy (RR=100)
Seconds
NO PRINCIPLE 0.0000870500 | 0.0007913941 | 0.0088430344
LOTTERY 0.0000254660 | 0.0000939770 | 0.0008013762 | 0.0082970964
FCFS 0.0000270702 | 0.0000918721 | 0.0008216661 | 0.0083063418
SICKEST FIRST | 0.0000286201 | 0.0001014557 | 0.0008000462 | 0.0082534549
YOUNGEST 0.0000281481 | 0.0000955142 | 0.0007882111 | 0.0083499577
FIRST
LIVES SAVED 0.0000266811 | 0.0000891293 | 0.0008557270 | 0.0084598489
PROGNOSIS 0.0000261644 | 0.0000895918 | 0.0008609128 | 0.0084844697
INSTRUMENTAL | 0.0000277368 | 0.0000897608 | 0.0008873067 | 0.0085190218
RECIPROCITY 0.0000276602 | 0.0000881949 | 0.0008600963 | 0.0085009070
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Figure VH-2ai Hospital: Initial Allocation (Utilitarian Principle Approach)

70



Policy Approach witlRR = 10QUtilitarian)
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Figure VH-2d 1 Hospital: Initial Allocation (Utilitarian Policy Approach with RR=100)

Going beyond the Initial phase, we now show various graphs for the Updatelphhiseéhospital
stage, we simulate 10 patients who need resoat@fospital. Each arrives with a randomly
assigned severity levahd a randomly assigned need for a procedure.hospital is simulated as
being able to provide 6 resourd@gere each resowrds in fact a bundle that would be assigted

patient). The type of each resource (A, B, C, D, E as Bt randomly.

For each procedure, we simulate how long it will take for a patidne done with the resource
that it is assigned, to finish tipeocedure. This is done based on ag@evalue for how longach
procedure should take with that resource being assigriahtiie it (e.ga resource with that

particular skill level).

As each new time tick proceeds, at some point the patierttevilinulated as completing its
procedure. At this point, thesieverity level is modeled as improving (increased by 1 from its
previous level). As explained earlier, a level of 5 represeptgient who can now be discharged and
no longer needs resourc&thawise, the patient is modeled as requiring additional resoarwsks

becomes one of the patients to whom resources muadiplated, at the next time tick.

In order to view the allocation value over time, similarly to what we did in the Ambulance stage,
we simply compare a no principle policy with the various principles (see Figuré (. Again the
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best performance is one which achieves lower values and reaches these values earlier over time
(Figure VH8 (h)). When comparing the allocation values ofcapminciple policy approach with the
principle of allocation approaches ttiéferencesare noticeable. No principle policy and sickest first
principle tend to be the best approaches during the first few time steps. After the initial time steps, the
sickes first principle and no principle policy have the worst allocation values during the middle time
steps. Eventually the allocation values will be best again for sickest first principle and no principle
policy until no more simulations are performed andaihecation values ar@ since every patient has

been discharged from the hospital. From these results, it seems that the sickest first principle is most
similar to the policy approaches. The no principle policy approach tends to be better than the sickest
first principle for most of the time. While this is positive, we should consider the other graphs before
claiming that the policy approaches are the best.

Looking at Figure VH8 (b), when comparing the no principle policy approach with the principle
of allocation approaches the variations are more noticeable. The numbers tend to be fairly similar
during the early time steps but no principle policy and sickest first principle have the fewest
simulations running during the middle time steps. This leadses®thpproaches completing all their
simulations before the others. All the policy approaches and the sickest first principle approach
complete all their simulations at the 30th time step. This is followed by the lottery, youngest first,
lives saved and pgmosis principles completing all their simulations at the 36th time step. The

remaining principles complete all their simulations at the 38th time step.
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Allocation Value vs. Time
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Figure VH-7b i Hospital: Allocation Value over Time
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Figure VH-8bT Hospital: Simulationsover Time

In the graphs that follow, we examine what will happen to patients over time. Decision makers
should prefer choices where there are fewer patients in the hospital and also where all patients are

finished with their resources earlier. What we seFigure VH9 (b) is the following. For prognosis
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and lives saved principles, the severity 4 patients are given priority and therefore will leave the
hospital after receiving their resources (in a relatively short period of time), however, this heaves t
severity 1 patients waiting longer to be handled and discharged from the hospital. On the other hand,
the no principle policy and the sickest principle will begin with more patients remaining in the

hospital (they are handling more severe patients wfoire more time to end their consumption of

their resources); however these strategies benefit because the time point at which they have
completed processing all of their patients is earlier.

Patients at the Hospital vs. Time
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Figure VH-9b i Hospital: Number of Patient at the Hospitalover Time

In Figure VH10 (b), we are examining the allocation value per patient over time. The most
dramatic pattern that we observe here is that the no principle policy and sickest first principle reach a
value of 0 at time point 29 while the other agmioes maintain a higher overall cost. The drop in the
cost at this time point (and initially lower costs) will make up for having a higher cost during the
middle time points. It is also important for the decision makers to evaluate the cumulative allocatio
value per patient, which adds the allocation value per patient for each time step (in FiglOg&jH
Even though sickest first is the best of the principles, all of the policy approaches are considerably
better.
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Allocation Value per Patient vs. Time
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Figure VH-10b1 Hospital: Allocation Value per Patientover Time
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Figure VH-10ci Hospital: Cumulative Allocation Value per Patient

We conclude with a look at choices for sensing frequency and time buffer values. As stated in the
previous stage, these graphs will assist decision maksedting these values. The next figures take a
look at the allocation value per patient over time, where Figurd k&) senses every 2 time steps
while Figure VH14 (b) senses every 3 time steps. Again, we see that sensing less frequently causes a
longeramount of time, which will increase the costs and create more of a staircase look to these

graphs.
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The last series of graphs for the Hospital stage examines possible choices for the length of Buffer
Time. Examining the allocation value per patient overetjFigure VH-18 (a) has buffer of 1 time
steps and senses every time step while Figltel®(b) has the same buffer length but senses every
two time steps. We first compare Big VH-18 (a) with Figure VH-10 (b) (which senses every time
step but does not have a Buffer Time). Because one has to wait with a Buffer Time the amount of
time until you've completed the simulation increases which means the overall allocation time also
increases. Comparing kige VH-18 (g with Figure VH18 (b) we see the effects of sensing every
other time step: a staircase approach which was evident in the previous set of graphs.

Allocation Value per Patient vs. Time
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Figure VH-14ai Hospital: Allocation Value per Patient over Time(Sensing=2)
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Figure VH-18ai Hospital: Allocation Value per Patient over Time(Sensing=1, Buffer=1)
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Allocation Value per Patient vs. Time
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Figure VH-18b Hospital: Allocation Value per Patient over Time(Sensing=2, Buffer=1)

5.2.3 Additional Output of Value

Appendix D shows output from a Local Search for AmbulanceHuogpital Stages. It illustrates
the kind of output that cdpe tracked by a system designer or presented to a decision rimaker.
doing, we can view how each new neighbor that is being cenasloh the local search appears, along
with howthe allocation values change, to result in appropriate swagsmogesAppendix F in turn
shows some of the attribute values thatloawlisplayed when presenting the resifi®ecision
Support mode, decision maker may propose a particuiser preference. When final proposed
allocation values are determingke user may view the relative difference between what our
algorithmssuggest and what the user was considering. Appendix C illustnat&gdof output that
can be generated at this stageorder to view the effect of different stopping critgriamber of
random restarts) some sample output is offeregpimendix E.This would be useful to display to a

system designer.

5.3 Summary

We have devotedonsiderable discussion to the usefulness of the implementation for decision
makers. We point out that these users in the domain of application of healthcare are ones who will

have to ultimately make the final decisions, themselves, and as such a gepession of the value
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of our methods will be most important to thefvwisualization of how patients categorized by
severity arallocated is especially valuable to help a user understanwdhe resources are allocated.
The policy concept allowfor uses to view particular combinations of preferenaad their relative
differences. We return to discuss some avenues for future work with the experimentation within
Section 6.3.

The second primary usage of the graphs displayed in this chapter is to datedhstvalue of our
local search approach. There are several graphs were comparisons between policy based approaches
and principle based approaches are apparéstrelative value of the policy approach compared to
usingprinciples of allocation is bestewed by examining the outpfrom using neprinciple,
compared to any of the selected principi&e. observe that how the weights of different factors were
setin our cost functions might be an influence. If, imstancewe set aigher weight for the
PrincipleCostPenaltyhe differences might be more dramatic. We discuss this furtt@sction 6.3.

While the sickest first principle often produced effective performance our policy based approach
consistently offered at least equal or better performanaeell. In Section 4.3.1.1, we shed some
light on why improvements should arise with the use of local selarthis chapter, we have also
discussed the value of examining graphs diggilay what happens to patients at different severity

levelstogethe with graphs which track total cost (allocation value).
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Chapter 6

Conclusion, Discussion and Future Work

In this chapter, we summarize some of the key accomplishments of this thesis, discuss several
valuable directions for future research, and provide finalagédle on the value of our work in

comparison with competing approaches.

6.1 Contributions

This thesis outlines a particular solution for multiagent resource allocation for time critical dynamic
environments that enables r¢imhe decision making. We begin kigting some of the individual
contributions of this research.

Multiagent resource allocation
1 Outlined in full a solution based on local search which is capable of
o Coping with timecritical, realtime decisions
A Demonstrated through effective times émmpleting allocations

A Achieved in part through not using continuous vaiues. categorizing
different attributes (e.g. waiting times in terms of being between in a range of

possible values) helped to speed up search
o Coping with dynamic environments

A Through solutions developed for sensing and updating (to go beyond the current
state)

o0 Integrating effective solutions for swaps and restarts in the search

A Opting for a first improvement approach to find neighbors (i.e. not going
through all possible neighbdr® speed up processing and to allow more

random restarts, avoiding local minima

o Empirically determining the best number of restarts to incorporate (i.e. used 100 restarts

since the cost of doing so in time was minimal)

1 Mapped out how to integrate loc&asch and social welfare consideration

80



o Examined a number of distinct social welfare functions

o Outlined how to calculate global costs/utilities sensitive to social welfare to drive local

search decisions
Decision Making Support for Resource Allocation

1 Integated into our proposal for resource allocation a mode of operation where users can acquire
guantifiable feedback about alternative choices for the allocation decisions (e.g. social welfare
preferences)

91 Allowed for various metrics to be displayed for demissupport
Parameter Values for Modeling the Allocation Problems

1 Proposed an integration of sensing for updating parameter values
Validation of the Proposed Resource Allocation Framework

91 Detailed simulations for both Allocation and Decision Making modes

9 Decisions for how to model and map out values, what to compare, etc.

We also present below a series of contributions for the specific healthcare application of handling

mass casualty incidents, which has been the focus of our attention throughout ithis thes
1 Modeled a mass casualty incident

0 Able to explore resource allocation in the emergency department environment when

the resources are limited
0 Solved by local search to determine the best allocation according to the policy

0 Solutions took very little timayhich is essential for emergency departments since

they are time critical
0 Explored theAmbulance anéiospital stages
1 Modeled the dynamic nature of the emergency department
o0 Allocation are updated according to the current situation

0 Resources will be reallated as the situation changes
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o Simulations of the Abulance stage until every vigtireached the hospital and the

Hospital stage until every patient has been discharged from the hospital

9 Social welfare functions and principles of allocation offered nzgaproaches to allocate the

required resources to the patients
o Provides comparisons and reasoning for allocations
0 Useful for validation purposes

o Valuable for hospital administrators to evaluate the approaches and simulate

situations in order to analyze thesults
91 Decision support for the medical staff members to help make their allocation decisions
o Confirms that the allocation is best or provides a better alternative as a comparison

0 Medical staff member make these decisions in stressful situation antldrta s
amount of time so the alternative solution could be a decision that they would have

made if they had more time

1 Provida the building blocks to create a corrector system for ambulances and hospitals which
maps out how to engage the framework outlimethis thesis within a real environment, with

actual medical professionals, patients, ambulances

6.2 Discussion and Related Work

In this section, we return to clarify how our proposed appréadiARA is well suited for
applications that have certain chagaistics,as listed in Chapter 1. We then move on to compare our

approach with thaif other researchers.

The application that we chose to be the centerpiece of this théséd of healthcare, examining
both anAmbulance anéHospital stageWe clarify here how this particular application has all the
characteristicghat we described as desirable for our particular investigationuttfagent resource
allocation. The resources that we modeliadévisible (i.e. patients will not be given a fraction of an
ambulance or a doctor). Some of our resources are shafeapléhe same hospital can be used as the
destination of twdalifferent ambulances) whereas others are not shareable (e.gneadarce
transports only one victim).he multiagent system erative: we have discussed hospital

administrators as orgossible decision making group, and view the needs of all parties
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environment as being provided transparently and honégibnt preferences, for us, are dictated by
their current stateheir needs for resources are set by their location, their segadtyheir injuries.
Differing patients can have different resourequirements when reaching the hospital, still. As
illustrated inour example in Section 4.3.1.1, each patient prefersaarecthat will provide the best
possible care, still. We have indesgttled on a goal of minimizing the cost of allocating resources
a poor fashion. As illustrated in the setting used forimpiementation and discussed in the text,
some victims opatients may be without a resource at any given point in Dymamic adjustments
to allocations are supported, and a refrasparameter values occurs with sofreguency.

In Chapter 2we discussed alternative models for patsmeduling, drawn frorartificial
intelligence literatureCompared to other approaches for handling patients in healthcare scenarios we
develop a framework Ambulance and Hospital stages at the same time. Other research more typically
handles the Hospital stage aldt8, 21, 3133, 43. What is also distinct about our approaches is the
fact that most of the competing models do not consider the influence of principles of allocation and
thus do not guide the solution based on the deci

principles.

In Chapter 4, we discussedraaim of trying to effectivelynodel the Ambulance and Hospital
stages where MARA concerasise and presented our proposed parameters, parameteraralues
cost functions. The challenge of effectively modelmglhcare scenarios for artificial intelligence
systems is onthat was also faced yohen et al[9]. That work was concerned with reasoning about
when to interacwith doctors in order to tend to patients and included a fooysoperly modeling
bother andother cost. The doctors apdtients also needed to be modeled and in this case the
optionsof high, medium or low skilland high medium or low severity were chos&ur proposed
user modeling offers a richer set of options fzré also includes ad@inal modeling characteristics

in terms of procedures and resource capabilities.

6.2.1 Contrast with Other MARA Approaches

Our approach to MARA can be characterized as centralizedpvattision for domairspecific
cost functions, and employidgcal search fosolutions, minimizing total cost accordingdocial

welfare.

VC Auction [20]research is somewhat relevant to olirghese auctions, if the parties have

sufficient money, thegan submit bids which determine who gets which resource, alith@ paid
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cost which compensates who fails to get a resotlitis.is provably optimal: true valuations for bids
are elicitedand utilitarian social welfare can be maximized. The solutidiPidiard to compute, so
approximations are needed. Since our problarasnall, we may be able to perform the

computations precisely but theaee primary differences from the applications we are most interested
in. For one, theoncept of paying money makes less sense to intraduee eminently cooperative

environment.

Paulusen et al.'s work [33% relevant to ours in thatédomments on resource allocation in
healthcare setting$his work is focused on preemption and in particular on addregesgible
cyclical requests for resources, considering opportunity dd&sallow some swapping of resources
when first trying to settlen the proposed allocation but then consider that after a cemaifuffer,
the resources allocated are fixed. We do this to pravitere simplified view, so that we can focus
instead on invegjating the relative value of our local search appraachpared to solutions directed
according to principles of allocation.

As mentioned in Chapter 2, the work of Doucette is also relévansidering halthcare
applications for MARA [14, 15]In thatwork, the cost function is based arsingle swap and asking
whether this will improve the solutio@ur cost function has additional components that are

consideredAs it is centralized, there is full information.

A number of artificial intelligence reaechers have explordwbw to address dynamically changing
environments, for resource allocatidrnis is the central consideration of the work of Pinhey
Doucette, and Cohdf5], which is inspired by the work of Doucefte4, 15]to also account for
dynanic task arrivals. In contrast with our work, this reseadbpts a decentralized approach and is
focused on reasoning abauhich parties are best to assume a current task, taking into atieeunt
bother that will be generated. A major focus of that nefda also on how best to coordinate
requests for resources usipipxy agents, allowing preemptions when it is expected that agents who
have lost resources can still complete acceptable, alternate hansay that dynamic arrivals are
handled is to revaluate resourageeds with each new time tick. In our work, we reason about how

to setour initial time buffer, before locking in resources and continwitg that particular allocation.

Other research investigating dynamic resource allocation isaassed on a decentralized,
distributed solutionMa ¢ a r t h u r] paper foeuses dn sask[aldation where agents can form
coalitions to finish a task. Finding the optimal number of agents to form a coalition is different from

our approach, since vassume that a bundle of requested resourcesis astfrgha n et al . 6 s
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paper takes gametheoretic approach to dynamic task allocation. This is in contrast to our work,
which is morecooperative and where the assembly of tei@msanply a part oftie bundle requests

that are defined.

The best way to view our particular stance on multiagent resallocation is that we seek to
clarify how local search can be ugedletermine the allocations, when social welfare functions are
employed to drive thatility calculations and where minimizirapsts is desired. We adopt this
particular view of MARA in ordeto then facilitate the provision of output that may asigsision
makers in environments such as healthcare. Notdmiye run algorithms to praseproposed final
allocationsput also we outline how various competing preferences can be toghow
comparisons. Introducing the concept of a cost fun@ihthe modeling of total cost enables us to
drill down to variouslomainspecific importantonsiderations, to include them in enodeling and
thus to have them influence the allocations thapesposed.

6.3 Future Work

There are several valuable avenues for future research which may extend our current model and its

application to existing topicaas.

6.3.1 Hyper-heuristics for Policy Specification

We mention the possibility of introducing hygeeuristics [6] as a way of offloading the
requirement of specifying a policy as part of the input to decision making. For future work, one
direction could be tase hypetheuristics in order to select the most appropriate policy. Since
allocation values change considerably based on the social welfare function, we would likely ask the
decision maker to continue to specify the social welfare function; Hygeistcs would help in
identifying the preferred principle of allocation. Another use of herristics is for heuristic
generation. If we were to employ this direction, this could assist in setting the weights of the

assignment values as part of the totat@valuation function.

6.3.2 Modeling Other Dynamic Parameter Values

Earlier we suggested that our modeling of the environment could be extended to include items like
roadblocks that affect ambulance travel. For future work, we could extend our current proposed
modeling for both ambulance and hospital scenarios to consider a more extensive set of parameters

which might influence our allocation decisions.
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6.3.3 Extensions to Sensing

There are various ways in which we could extend our current proposal for sensings@nis i
dealing with noise in the sensor readings. Another is to continue to learn about when it is best to do
the sensing or where the sensors should be placed. We could benefit from ongoing research such as

[36] that is already focused on effective ptagiof sensors in hospital settings.

6.3.4 Other Domains

Other domains for multiagent resource allocation would benefit from our approach. Two domains,
for example, include firefightingdfl] and natural disasters. These domains would bediitieal and

requirereattime decisions.

A Firefighter application describes a few fires occur throughout an area (forests, homes, etc.). The
areas on fire require resources to stop the spread and to extinguish the fire. These resources include
fire trucks, firefighters, andquipment. The cost for that area will increase as the fire increases. The
cost of the area will also be determined by the distance and priority of the area. Stages include initial

fire alarm, new fires discovered, and changes in fire.

A Natural Disaster@plication describes resources that are needed by the victims of a natural
disaster. The victims are in groups of various sizes (stuck in their homes, offices, schools, etc.).
Resources include food, water, first aid, and clothes. The cost of each glidug determined by the
resources they want and were allocated. Stages include initial disaster, new disaster, and changes to

the group.

If we are exploring other domains as future work we would need to ensure that our algorithm is
sufficiently general irorder for it to operate in these domains. We would also want to run simulations
to confirm the value of our approadh.different domains, decision makers may want to see
additional information when displaying the grapht& may also need to either extesrdadjust the
set of principles of allocation that we used.

most danger o for the above two domains.

6.3.5 Other Experiments

We could run additional simulations as part of our validation. For examplegwle experiment
with a much larger number of victims, in scenarios with very limited or extensive available resources.

In might be interesting to also consider trying to handle new patients who have arrived, independent
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of the mass casualty incident. Wiguld also run experiments to address overcapacity by allowing less
critical patients to move to different hospitals. Another scenario to explore further is where there are
actually sufficient resources for patients in the hospital. Finally we could qgootéher social welfare

functions (e.g. Rank Dictator, Elitist) in order to analyze the value of these options.

6.3.5.1 Alternate weights and parameter values

Different weights for cost function components would be instructive to explore. This may lead to
moredramatic comparisons between the two competing approaches. For example, assigning a larger
penalty for the PrincipleCostPenalty parameter could reflect a greater significance for this component
and would adjust the plots. Experimenting with different peefof parameter values (e.g. scenarios

with a large proportion of severity 1 patients) would be instructive.

6.3.6 Analysis of Experimental Conditions

In our validation various parameter values were set randomly. For future work it would be useful to
determinewhether certain specific values end up contributing significantly to the results that are
obtained. Mitchell et al. [28] have observed that testing with randomly generated values at times
presents a challenging distribution of instances, in other wordthaneould make it difficult for the
local search to successfully complete in a relatively short period of time. It would be useful to

conduct analysis to identify these cases.

6.3.7 Cost Functions

Another new direction would be to model and reason with diffédeds of cost. For example, the
cost of bothering doctors i s us 8).fThidwodldassistonnsi der

modeling overutilization of resources in order to improve our own performance.

6.3.8 Preemption

At the moment we allow vayus swaps and changes for our resource allocation. Researchers such
as Doucettel5] have examined the issue of preemption more extensively. Considering more

sophisticated preemption and how to measure its cost might be a valuable path for future work.

6.3.9 Buffer Times

It may be possible to model the amount of time where the resources would still be able to be

reallocated more effectively, by using learning to acquire a better understanding of how the
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emergency departments in hospitals currently opedate\lVe could then experiment with the
suggested values for the time buffering and analyze results in order to determine how best to set the

time buffers.

6.3.10 Expanding Decision Support

For future research it would be valuable to explore what kind of user interfade be best for
the decision support offered to our user. If we were to construct a user interface, this would then

allow us to conduct user studies of our corrector system.

6.3.11 Robust Allocations

With the framework that we have developed, it would be \wdutm begin to learn how to avoid
brittle allocations, to try to make them more robust. Robust allocations would ensure minimal
changes when reallocating new resources. This provides for less instability in the allocation,
improving the flow and thus thefficiency of the allocation process. It would also be valuable to
identify those circumstances that make allocations more brittle in order to avoid them.

6.3.12 Multiagent Planning for Resource Allocation

We have done an initial exploration of a multiagalanring approach to resource allocation. In
this scenario each agent has a plan that is merged together and some individuals may have their plans
altered. In contrast with the model used by Cox and Dutf@leWwe would propose to integrate the
use of social wlfare functions and principles of allocation. This would suggest an entirely new

direction for resolving resource allocation, which could be compared to our current approach.

6.3.13 MDPs and Other Machine Learning Approaches

Another entirely new path would beaonsider using MDPs, evolutionary algorithms, or other
machine learning approaches in place of the local search used in our proposal. We could for instance
try to compare the results from our framework with those from these alternative designs. This could

include comparisons of timing, accuracy, and memory requirements.

6.3.14 Alternative Local Search Methods

Future work can investigate other search paradigms such as tabu search or simulated annealing in
order to compare these with our hill climbing finstprovanent approach. We would compare the

different running times and effectiveness of these approaches. We expect to discover various trade
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offs between time and accuracy improvements. Another @ireatould to use a SAT solveB,[22
to determine the solutioin place of local search. One concern would be the time required, because in

domains such as healthcare quick responses are needed.

6.4 Closing Remarks

In all, we have presented a framework for multiagent resource allocation in dynamictitioa
environments that is helpful for applications such as healthcare. We have demonstrated that a local
search approach for CSPs can work well, through a series of simulations, and have also clarified
where decision support can be provided. Compared to @beanchers examining the problem of
patient scheduling, we focus on a centralized approach and in the handling of emergency scenarios, as
well incorporating social welfare functions; we also contrast with designs that are based on machine
learning. In tunevith current research on decision support for medical applications, we allow for
varying inputs and ensure that humans are making the final decisions. We have also outlined a
number of opportunities for future research in order to see the ongoing gdaitatiaproposed
approach.
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Appendix A

Sufficient Ambulance Details and Results

We employed a cost function for this initial exploration where high costs were prefartieid.
Appendix, we provide details on how we modeked implemented the Sufficient#bulance stage.
In particular we present our proposed cost functions and then display various results from
implementation.

A.1 Cost Functions

In Algorithm A.1, we ®ethe total cost functiothat we would like to optimizgThis is a counter
intuitive useof the word cost; a high value represents a favorable outcdhmerke are two
components to calculate the total cost in the Sufficient Ambulance $tagéirst isacost arising
from the hospitalsamely a penalty for being excapacityFor the penalty of being over capacity,
we will besubtracting £LAPACITYPENALTY (set to-15 in our implementation) for each patient
over capacity in a hospitalhe second ia cost arising from the individual allocations for each of the
victims (Single®lution costs) aggregated according togpecific social welfare function selected as
part of the inputThis cost is referred to aslculateCostunction whichdepends on the
calculateCostDrive and calculateCostResotuoetions.

Algorithm A.1: Calaulating the total cost

Input: Each assignment of patients to hospitals (singleSolution), Hospitals, Social welfare functit
Output: Final cost based on Utilitarian or Egalitarian social welfare
Initialize totalCost = O;
for eachsingleSolution
cost = cat of the singleSolution;
Combine cost to the totalCost according to the social welfare function;

end
for eachhospital in hospitals
cost=0;

if hospital is over capacity then
cost = number of patients over capacity * CAPACITYPENALTY;
end
Add cost to the t@lCost;
end
return totalCost;
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The calculateCostDrivinction is shown below. This cost will depend on the distance to the
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hospital as well as the victim's severity, initial time, and the ambulance.driveummaize the
function if the victim's severity is critical and the drive is not close then value is given by the EMS
driver skill plus initial time subtracted by HIGH@&D (15 in our implementation). If théctim's
severity is serious and the drive is far then value is given by the EMS driver skill plus initial time
subtracted by MEDIUMCOST (which we set to 10). If thetim's severity is fair, the drive is far, and
thedriver is a rookie then value is given by the EMS driver skill plus initial time subtracted by
LOWCOST (which we set to 5Ptherwisethe value of the severity is multiplied by the distance to
the hospital then adding the values for the ambulance dunckthe initial time before the ambulance
left.

ThecalculateCostResouréenctionwill returnb et t er resul ts i f timet victi mod
If the hospitab s2sourcéds greatethanor equal tahe victim needs then the overall cizsthe
difference between the values of the resouideweveri f t he hospital 6s resource
victim needs then there will be a penalthich is called NEGPENALTY (set t@0 in our

implementation)
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A.2 Modeling and Implementation

To implement this problem, we decididprogram in the Java programming language. Fidure
in Section 4.1.3cludes the important sections of a class diagram for this problem. These will serve

to clarify the proposed modeling ftire Sufficient Ambulance stage.

The Victim class represenise injured individual in the mass casualty incident. Four integers are
used to describe a victim. Resources represent the resources needed for a victim, which will be high,
medium, or low. The lower the resources needed, the higher the value. Sepesitemnes the
condition of the victim, which will be good, fair, serious, or critical. The lower severity of the victim
causes a higher value. Driver represents the skill of the EMS driver, which is either a skilled veteran
or a rookie (e.g. in our implemtation, skilled has a value of 2 and rookie has a value of 1). Finally,

initialTime represents the time from the beginning of the incident until the victim left in the
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ambulance. We decided to model initialTime as one of the set of possible time ramgesoie.
implementation we use less than ten minutes, between ten and fifteen minutes, between fifteen to
twenty minutes, between twenty to thirty minutes, or greater than thirty minutes); the usage of these
discrete values assist in performing the |lasarch efficiently. The less time initially, the better the

value.

The Hospital class represents a hospital in the domain of the problem. Four integers are used to
describe a hospital. Resources represent the resources available for a hospital, wimchighll
medium, or low. The more resources available at the hospital cause the higher value. Capacity
represents the amount of patients the hospital can accept before becoming full. A hospital can be over
the capacity, which is similar to the real worlthe assumption for capacity is to ignore the patients
already in the hospital and just present the number of patients that the hospital can still accept. There
are three possible values to set for the capacity. The first is a high capacity (which in our
implementation represents 15 new patients). The next is a medium capacity (which represents 12 new
patients). The final is a low capacity (which represents 8 new patients). It is better to have a larger
amount for new patients. Distance represents thendistiom the mass casualty incident to the
hospital, which will be close, medium, or far. The closer the distance from the incident to the hospital
causes the higher value. Finally, currentPatients represents the current patients at the hospital. Having
the current number of patients be less than or equal to the capacity is beneficial. This is determined by
using the function diffCapacity(), which returns capacity subtracted by the current number of patients
in that hospital. Whenever a patient is addedkoroved from a hospital the addPatient() and

removePatient() functions are used to change the currentPatients value.

As mentioned in Section 4.1.3, the SingleSolution class is the pairing of a victim with a hospital
and the Solution class represents athaf assignments of victims to hospitals. Details for
determining the costs are mentioned in Section A.1. Moreover, details about the local search for the

Sufficient Ambulance stage are discussed in Section 4.1.3.

The Problem class is the main class. Thiwhere hospitals and victims are initialized using
initHospitals() and initVictims(). As stated previously, the number of patients is 30 and the number of
hospitals is 3 for most of experimental results. A random number generator is used to determine the
values for the victims and hospitals based on their possible values. Due to the random generator, some
of the soft constraints may never be satisfied. To have consistent results between the local search

strategies, a seed is used for the random numberaen
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A.3 Experimental Results

The experimental results wepeoducedby running the local search on 10i#erent generated
scenarios, where each scenario had 30 victims and 3 hogpitas. that the random generator used
a seed, the sani®0scenarios were run for each approach uBkdre are 6 approaches based on the
social welfare and initial state. There are two options for the social welfare, which are Utilitarian and
Egalitarian. There are three options for the initial state, whickwae, single, and random.

400
m Even Distribution
300 Utilitarian (EDU)
200 m Single Distribution
Utilitarian (SDU)
- 100 Random Distribution
o Utilitarian (RDU)
% 0 EEpNE e
= Ini Utilitarian Egalitarian m Even Distribution
< -100 Egalitarian (EDE)
-200 m Single Distribution
Egalitarian (SDE)
-300 Random Distribution
Egalitarian (RDE)
-400

Figure A.11 Total cost graph

FigureA.1 shows the total cost based on the approach take. As explained, the cost represents
the value of the victims receiving the resources (recall that a high cost is desirable). The graph shows
the total cost of the initial state, the social welfare used iafipeoach, and the social welfare of the
other approach. In Figue1, the first three bars in each group useddtiitarian approach and the
last three bars in each group used the Egalitarian approach, tthdrisaculations in Algorithm 4.1
(in Sedion 4.1.3) resulting in the proposed final allocation. To further expand on this, the first three
bars in the initial section show the initial value calculated withtilgarian social welfare function,
the first three bars in the Utilitarian sectisimow the final value calculated with tbkilitarian social
welfare function (i.e. the sum of the cost of each vidimspital assignmerftalculateCost Functign

that falls out of the proposed final allocation), and the first three bars in the Egabtctan show
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the final value calculated with the Egalitarian social welfare function (i.e. the worst off value selected
from what falls out of the proposed final allocatigwhen running Ultilitarian methods to perform the

local search). Moreover, the tdlree bars in the initial section show the initial value calculated with

the Egalitarian social welfare function, the last three bars in the Utilitarian section show the final

value calculated with thétilitarian social welfare functiofwhen running Eglitarian methods to

perform the local search), and the last three bars in the Egalitarian section show the final value
calculated with the Egalitarian social welfare function. The initial cost is only positieyéor

distribution (Utilitarian) and rando distribution (Utilitarian). After running the local search in the
Utilitarian approach, all the Utilitarian results even out by only differing by 4 with random

distribution (Utilitarian) having the highest total cost. Looking at the Egalitarian rethgtsingle
distribution (Egalitarian) has the most but it is important to note that these values are from running the
Egalitarian and they are clearly less than the Utilitarian results. The results from the Egalitarian
approach seem to be very even witingi distribution (Egalitarian) as the best score. However, the
difference between first and last is less than 3. Based on total cost of both approaches, it seems even

distribution (Utilitarian) is a good choice.

3
® Even Distribution
2.5 Utilitarian (EDU)
m Single Distribution
2 Utilitarian (SDU)
Random Distribution
L5 Utilitarian (RDU)
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Egalitarian (EDE)
1
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Egalitarian (RDE)
. mivln 1

Hospitals over ~ Total victims ~ Victim resources
capacity over capacity not met

Figure A.21 Constraints graph

FigureA.2 shows a graph based on the soft constraints. It maps the extent to which hospitals
are over capacity, the total victims over capacity, and victim resources are not met. Here, a high

number reflects a lower overall value to the victim, which is unddgsirdhe positive note from this
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graph is that on average less than 2 victims are over capacity and less than 3 victims do not have their
resources met. This ensures that the hospitals are efficiently trdaingdtients. However, Table

A.1 displays aifferent note with a table that represents the worst run. This table shows that the total
capacity can be as high as 13, for the Utilitarian approaches, and the number of victims that did not
have their resources met also is 13, for single distributigalitarian). This result could just be a bad

run where each hospital had low resources available and low capacity. It is a reasonable situation
since even distribution (Egalitarian) had all three hospitals over the capabiig.A.1also includes

the maxmum number of iterations performed during the search. Both even distribution approaches

have the least amount of maximum iterations.

FigureA.3 shows a graph based on the number of iterations. Iteration can either be swapping
a hospital between victimg a victim being assigned another hospital. Note that here, a lower
number of iterations provides value to the victims, as long as the allocation selected is one where the
resultoés tot al cost is desirabl etionlecansg bféthe di st ri bu
initial state having all the victims in the same hospital. This results in many new assignments of
victims to another hospital. In contrast the other distributions tend to swap hospitals between patients
more often on average. Note thatre, a lower number provides value to the victims, as long as the
all ocation selected is one where the resultds tot
it seems that random distribution (Utilitarian) is the best approach for udifitarhis is due to its
high total cost, few constraints broken and least amount of iterations. Single distribution (Egalitarian)
approach is the best for the egalitarian. Even though the maximum number of iterations is high and
constraints statistics argerage, the total costs are the best for both kinds of social welfare. It is
important to note that random distribution (Utilitarian) had a very good result for the egalitarian and
therefore should be considered best approach overall. Some results lagedigpthe graphs were
obtained using single distribution (Utilitarian) in three other scenarios. They included 20 patients with
2 hospitals, 40 patients with 4 hospitals, and 50 patients with 5 hospitals as well as 30 patients with 3
hospitals. The scamio with 20 patients had the best total cost per iterations but more experimentation
is needed for these scenarid&e note as well that, through all our experiments, the time taken to
complete the runs of the scenarios were all quite low (e.g. on teeairil72 milliseconds for 100
scenarios tested with EDU). We therefore are encouraged that this algorithm may be of value towards
real deployment (where various values required such as skill of the EMS driver would already be pre

stored).

98



Table A.17 Maximum results table

Max Max Hospitals | Max Total Max Victim
Iterations Over Capacity Capacity Resources Not Mef
Even distribution (Utilitarian) 36 2 13 11
Single distribution (Utilitarian) 79 1 13 11
Average random (Ultilitarian) 37 1 13 11
Evendistribution (Egalitarian) 12 3 11
Single distribution (Egalitarian) 65 1 13
Average random (Egalitarian) 14 2 12

45

m Even Distribution
Utilitarian (EDU)

40

35 m Single Distribution
30 Utilitarian (SDU)

Random Distribution
25

Utilitarian (RDU)
20 m Even Distribution
Egalitarian (EDE)
15 m Single Distribution
10 Egalitarian (SDE)
Random Distribution
J Egalitarian (RDE)

lterations Swap hospitals Change hospitals
performed performed

[= |

Figure A.317 Iterations graph
A.4 Summary

We have been able to show how to take examples of mass casualty incidents and convert them to
constraint satisfaction problems. The implementation of this problem into the Java programming
language allowed this problem to be solved using a local searcheguies of a local search will
vary based on the implementation, which lead to experimenting with different approaches. Adding a
global view provided an interesting consideration when assigning a patient to a hospital. Overall, the

random distribution (Ulitarian) approach seemed to have the best results.
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Appendix B

A Look at the Cost Calculations

In this appendix, we discuss in further detail the range of possible values for an allocation (i.e. the
total costs that could be incurred). We use as an exampleiliteridh social welfare function. We
do so both to clarify how ranges of parameter values were chdeenwe modeled the Ambulance
and Hospital phases (Section 4aPd to help the reader understand some of the values displayed on
the axis of our graph#) the Implementation Output Chapter (Chapter 5).

The penalty values will be set as follows: LOWRC (2), HIGHRC (10), noAmbulanceDriveCost
(18).

The allocation value (i.e. the total cost of the allocation, computedligerithm 4.2 is derived on
the bas of adding the costs incurred from each SingleSolution allocation (i.e. what each victim
receives as its resource (ambulance, hospital pair) and its costeg@nstAmbulance Functipn
We will sketch this sum computed over 30 victims, 20 ambulaaoeks3 hospitals (the number used
in our implementation (see chapter 5)) for the Initial phase. The total cost also adds in some possible
penalties for ambulance (adding up costs incurred for each ambulance) and hospital (adding up costs
incurred for eachdspital). The range of possible values for the total cost turns out to be [364,970].

This can be determined as follows.

In order to see the possible values, it is useful to view the parameters listed indThiA&s and
4.3 and their indicated upper@iower bounds for values. Each SingleSolution allocation
(determined on the basisthle CostAmbulance Functipis atleastas follows: cost of drive turns
out to be at least 2, cost of victim wait is at least 1, cost of resource is at least 2 soc¢bst thr this
single solution overall is at least 5. When a resource is null, the SingleSolution allocation is as
follows: cost of drive turns out to be at least 14, cost of victim wait is at least 1, cost of resource is at

least 10 so that the cost fihis single solution overall is at least 25.

Cost of wait has upper and lower values as indicated in the tables. Cost of drive is determined by

the CostDrive Functiowhich adds together (minimum values per the tables indicated in parentheses)

1 + hdist (3 + (maxVictim- vicSev) * (maxType ambType) (where maxTypeambType = (2)
so this expression is at min 0) + (maxType * (vicSBY (where vicSeV 1 = (1-1) so this expression

is at min 0) is at least 2 for cost of drive (1 +Q@dst of resource idetermined byhe CostRes
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Function which returns (minimum values per the tables indicated in parentheses) ViRes (where

hRes = vRes so this expression is at min 0) + LOWRC is at least 2.

Each SingleSolution allocation (determined on the bagisedfostAmbulance Functigns at
most as follows: cost of drive turns out to be at most 17, cost of victim wait is at most 5, cost of
resource is at most 10 so that the cost for this single solution overall is at most 32. This value occurs
when a resource i®ull. When a resource is not null, the SingleSolution allocation is as follows: cost
of drive turns out to be at most 13, cost of victim wait is at most 5, cost of resource is at most 6 so
that the cost for this single solution overall is at most 24.

Costof wait has upper and lower values as indicated in Takled.2, and4.3. Cost of drive is
determined byhe CostDrive Functiowhich adds togéer (maximum values per Tabled 4.2, and
4 3 indicated in parentheses)

noAmbulanceDriveCost vicSev (18 1) is at most 17 for cost of driv€ost of resource is
determined byhe CostRes Functipmvhich returns HIGHRC is at most10.

For the 30 victims, each assignment value can range from 5 to 32 meaning that when using the
Utilitarian social welfare funatin (which adds all the individual allocation values) the minimum is
150 and the maximum is 960. We can tighten the upper limit since we know that 20 of the victims
receive a resource (since there are 20 ambulances (which are not shareable)). Withtithese vic
receiving the highest cost resources, the maximum becomes 800. This also allows for a tighter lower

limit taking into account that 10 victims will not receive a resource. The minimum will become 340.

Each ambulance is allocated to a victim. If the alace is a null ambulance then it means that
there is a victim did not receive an ambulance. A cost of 2 is incurred for each ambulance that is a

null ambulance. Since there are 20 ambulances for the 30 victims, the cost would be 20.

Each hospital incura cost based its capacity, which can either be 8, 12, or 15 (as indicated by
Table4.3). A hospital incurs a cost of 10 for each victim over capacity and a cost of 1 for each victim
under capacity. Since the 20 ambulances are driving to 3 hospitalsntireim cost is 4 and

maximum is 150.

Note that Figure VAL (a), which plots allocation values that arose from simulating an ambulance
environment ended up with various options each roughly incurring a total cost between 520 and 590;

this is within the maxnal possible range demonstrated above, 340 and 800.
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Appendix C

Decision Support for Ambulance and Hospital Stages

This section provides an example of decision support by showing the available resources being
assigned to patients and the resulting allocation valuerelare two solutions used to represent a
possible system and user allocation. Each stage provides an example of patients and resources
(including their attribute values (where the value for each principle of allocation attribute represents
t hat prankintherset 6f patients)), as well as the allocation and the allocation value for the
system and user recommended allocations. The percentage change is calculated for these two
solutions.

Ambulance Stage Decision Support

The values for the attributegere generated from Test 90 of the Ambulance stage with 30 victims,
20 ambulances, 3 hospitals, and at time step 0. The allocation values were generated using Utilitarian
social welfare and no principle policy. The system allocation used local searctO@itandom
restarts with Utilitarian social welfare and no principle policy. The user recommended allocation used

the principle of allocation approach using prognosis as the principle.

Victims

ID Values

1 severity=2, resources=3, initialTime=dyailability=0, lottery=19, fcfs=18, sickestFirst=
youngestFirst=21, livesSaved=21, prognosis=21, instrumental=11, reciprocity=18,
age=56, survivalPerctentage=39, expectedYears=19

2 severity=3, resources=1, initialTime=0, availability=0, lottery=3,42f5 sickestFirst=21
youngestFirst=14, livesSaved=12, prognosis=12, instrumental=23, reciprocity=25,
age=41, survivalPerctentage=68, expectedYears=34

3 severity=3, resources=1, initialTime=0, availability=0, lottery=12, fcfs=1, sickestFirst
youngestist=22, livesSaved=14, prognosis=14, instrumental=3, reciprocity=1, age=
survivalPerctentage=63, expectedYears=31

4 severity=4, resources=2, initialTime=0, availability=0, lottery=11, fcfs=11,
sickestFirst=25, youngestFirst=25, livesSavegrtgnosis=1, instrumental=12,
reciprocity=11, age=65, survivalPerctentage=91, expectedYears=45

5 severity=1, resources=1, initialTime=0, availability=0, lottery=24, fcfs=23, sickestFir:
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youngestFirst=23, livesSaved=28, prognosis=28, instrumentaledipracity=23,

age=61, survivalPerctentage=16, expectedYears=8

severity=4, resources=2, initialTime=0, availability=0, lottery=0, fcfs=14, sickestFirst
youngestFirst=19, livesSaved=7, prognosis=7, instrumental=25, reciprocity=14, age
survivalPectentage=73, expectedYears=36

severity=1, resources=1, initialTime=0, availability=0, lottery=10, fcfs=28, sickestFir
youngestFirst=26, livesSaved=26, prognosis=26, instrumental=16, reciprocity=28,
age=66, survivalPerctentage=24, expectedYears=12

severity=3, resources=2, initialTime=0, availability=0, lottery=14, fcfs=29,
sickestFirst=19, youngestFirst=3, livesSaved=>5, prognosis=5, instrumental=19,

reciprocity=29, age=24, survivalPerctentage=77, expectedYears=38

severity=4, resources=1, iniflame=0, availability=0, lottery=25, fcfs=4, sickestFirst=2
youngestFirst=17, livesSaved=9, prognosis=9, instrumental=26, reciprocity=4, age

survivalPerctentage=72, expectedYears=36

10

severity=1, resources=3, initialTime=0, availability=0, lottéyfcfs=6, sickestFirst=1,
youngestFirst=7, livesSaved=24, prognosis=24, instrumental=24, reciprocity=6, age
survivalPerctentage=34, expectedYears=17

11

severity=4, resources=3, initialTime=0, availability=0, lottery=21, fcfs=21,
sickestFirst=23, yougestFirst=9, livesSaved=2, prognosis=2, instrumental=5,
reciprocity=21, age=29, survivalPerctentage=87, expectedYears=43

12

severity=3, resources=3, initialTime=0, availability=0, lottery=6, fcfs=22, sickestFirs{]
youngestFirst=13, livesSaved=13, progiz=13, instrumental=0, reciprocity=22, age=3

survivalPerctentage=65, expectedYears=32

13

severity=3, resources=2, initialTime=0, availability=0, lottery=20, fcfs=5, sickestFirs{]
youngestFirst=27, livesSaved=16, prognosis=16, instrumental=13aetyp5, age=66,

survivalPerctentage=56, expectedYears=28

14

severity=2, resources=2, initialTime=0, availability=0, lottery=26, fcfs=10, sickestFir:
youngestFirst=29, livesSaved=20, prognosis=20, instrumental=20, reciprocity=10,

age=69, survivalPetentage=41, expectedYears=20

15

severity=1, resources=2, initialTime=0, availability=0, lottery=13, fcfs=2, sickestFirst

youngestFirst=24, livesSaved=29, prognosis=29, instrumental=2, reciprocity=2, age

103



survivalPerctentage=12, expectedYears=6

16

severity=3, resources=3, initialTime=0, availability=0, lottery=2, fcfs=26, sickestFirst
youngestFirst=1, livesSaved=15, prognosis=15, instrumental=4, reciprocity=26, age
survivalPerctentage=59, expectedYears=29

17

severity=4, resources=2, initiame=0, availability=0, lottery=29, fcfs=9, sickestFirst=2
youngestFirst=0, livesSaved=3, prognosis=3, instrumental=1, reciprocity=9, age=21
survivalPerctentage=78, expectedYears=39

18

severity=4, resources=1, initialTime=0, availability=0, lottery=ft&=16,
sickestFirst=29, youngestFirst=8, livesSaved=0, prognosis=0, instrumental=27,

reciprocity=16, age=28, survivalPerctentage=97, expectedYears=48

19

severity=2, resources=2, initialTime=0, availability=0, lottery=9, fcfs=19, sickestFirs{
youngesFirst=28, livesSaved=18, prognosis=18, instrumental=6, reciprocity=19, ag¢

survivalPerctentage=51, expectedYears=25

20

severity=3, resources=1, initialTime=0, availability=0, lottery=1, fcfs=27, sickestFirst
youngestFirst=2, livesSaved=6, progise$, instrumental=8, reciprocity=27, age=23,
survivalPerctentage=75, expectedYears=37

21

severity=2, resources=1, initialTime=0, availability=0, lottery=17, fcfs=15,
sickestFirst=11, youngestFirst=5, livesSaved=19, prognosis=19, instrumental=9,
reciprocty=15, age=27, survivalPerctentage=42, expectedYears=21

22

severity=3, resources=3, initialTime=0, availability=0, lottery=22, fcfs=8, sickestFirs{]
youngestFirst=16, livesSaved=11, prognosis=11, instrumental=15, reciprocity=8, ag

survivalPercterstge=69, expectedYears=34

23

severity=2, resources=2, initialTime=0, availability=0, lottery=7, fcfs=20, sickestFirs{]
youngestFirst=4, livesSaved=25, prognosis=25, instrumental=10, reciprocity=20, ag

survivalPerctentage=33, expectedYears=16

24

severity=2, resources=1, initialTime=0, availability=0, lottery=15, fcfs=24,
sickestFirst=12, youngestFirst=11, livesSaved=23, prognosis=23, instrumental=7,

reciprocity=24, age=36, survivalPerctentage=36, expectedYears=18

25

severity=2, resources=3, irdtrime=0, availability=0, lottery=4, fcfs=0, sickestFirst=5,

youngestFirst=18, livesSaved=22, prognosis=22, instrumental=29, reciprocity=0, ag

survivalPerctentage=38, expectedYears=19
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26 severity=3, resources=3, initialTime=0, availability=0, lotte?y, fcfs=12,
sickestFirst=14, youngestFirst=12, livesSaved=10, prognosis=10, instrumental=18,
reciprocity=12, age=36, survivalPerctentage=71, expectedYears=35

27 severity=2, resources=2, initialTime=0, availability=0, lottery=16, fcfs=7, sickestFirst
youngestFirst=15, livesSaved=17, prognosis=17, instrumental=22, reciprocity=7, ag
survivalPerctentage=52, expectedYears=26

28 severity=3, resources=2, initialTime=0, availability=0, lottery=28, fcfs=17,
sickestFirst=18, youngestFirst=10, livesSavedx8gnosis=8, instrumental=28,
reciprocity=17, age=34, survivalPerctentage=72, expectedYears=36

29 severity=4, resources=1, initialTime=0, availability=0, lottery=5, fcfs=13, sickestFirs{]
youngestFirst=20, livesSaved=4, prognosis=4, instrumentate@iprocity=13, age=54,
survivalPerctentage=78, expectedYears=39

30 severity=1, resources=3, initialTime=0, availability=0, lottery=23, fcfs=3, sickestFirs{
youngestFirst=6, livesSaved=27, prognosis=27, instrumental=14, reciprocity=3, age
survivalRerctentage=18, expectedYears=9

Ambulance

ID Values

34 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

35 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

36 driver=2, initialTime=0availability=0, longitude=0, latitude=0, driving=false

37 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

38 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

39 driver=2, initialTime=0availability=0, longitude=0, latitude=0, driving=false

40 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

41 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

42 driver=1, initialTime=0, avaability=0, longitude=0, latitude=0, driving=false

43 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

44 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

45 driver=1, initialTime=0availability=0, longitude=0, latitude=0, driving=false

46 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

47 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
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48 driver=1, initialTime=0, avaability=0, longitude=0, latitude=0, driving=false

49 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
50 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
51 driver=1, initialTime=0, availality=0, longitude=0, latitude=0, driving=false

52 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
53 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
Hospital

ID Values

31 resources=I1currentPatients=0, capacity=8, distance=2, longitude=3, latitdde=
32 resources=2, currentPatients=0, capacity=12, distance=1, longiBytktitude=0
33 resources=2, currentPatients=0, capacity=12, distance=2, longitude=1, latitude=4

Systemallocationi allocation value = 525

Patient ID Ambulance ID Hospital ID

1 36 33

2 44 31

3 45 31

4 Null Resource Null Resource
5 34 31

6 Null Resource Null Resource
7 37 32

8 50 32

9 Null Resource Null Resource
10 53 32

11 Null Resource Null Resource
12 Null Resource Null Resource
13 27 32

14 35 32

15 38 32

16 Null Resource Null Resource
17 Null Resource Null Resource
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18

Null Resource

Null Resource

19 39 32

20 51 31

21 52 31

22 Null Resource Null Resource
23 40 32

24 43 31

25 47 32

26 Null Resource Null Resource
27 48 32

28 41 32

29 42 31

30 49 32

User allocatiori allocation value = 588

Patient ID Ambulance ID Hospital ID

1 Null Resource Null Resource
2 53 31

3 45 31

4 35 32

5 Null Resource Null Resource
6 41 32

7 Null Resource Null Resource
8 39 32

9 42 31

10 Null Resource Null Resource
11 36 32

12 44 32

13 48 32

14 Null Resource Null Resource
15 Null Resource Null Resource
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16 46 32
17 37 32
18 34 31
19 51 33
20 40 31
21 52 31
22 49 32
23 Null Resource Null Resource
24 Null Resource Null Resource
25 Null Resource Null Resource
26 a7 32
27 50 32
28 43 32
29 38 31
30 Null Resource Null Resource

Percentage Change between system allocation and user allocation-5§852325)*100 =12.00%

Hospital Stage Decision Support

The values for the attributes were generated from Test 0 of the Hospital stage with 10 patients, 6
resources, and at time step 0. The allocation values were generated using Utilitarian social welfare
and no principle polig. The system allocation used local search with 100 random restarts with
Utilitarian social welfare and no principle policy. The user recommended allocation used the principle

of allocation approach using prognosis as the principle.

Patients

ID Values

1 severity=2, resources=1, initialTime=0, availability=0, lottery=0, fcfs=7, sickestFirst3
youngestFirst=2, livesSaved=6, prognosis=6, instrumental=6, reciprocity=7, age=43
survivalPerctentage=45, expectedYears=22

2 severity=2, resources=2, initialTime~@vailability=0, lottery=1, fcfs=8, sickestFirst=3,
youngestFirst=9, livesSaved=5, prognosis=>5, instrumental=1, reciprocity=8, age=69
survivalPerctentage=48, expectedYears=24
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3 severity=2, resources=3, initialTime=0, availability=0, lottery=8, fcfsidkestFirst=2,
youngestFirst=7, livesSaved=7, proghosis=7, instrumental=3, reciprocity=0, age=61
survivalPerctentage=41, expectedYears=20

4 severity=3, resources=2, initialTime=0, availability=0, lottery=3, fcfs=3, sickestFirst=
youngestFirst=1, livestved=4, prognosis=4, instrumental=4, reciprocity=3, age=28,
survivalPerctentage=62, expectedYears=31

5 severity=4, resources=3, initialTime=0, availability=0, lottery=>5, fcfs=6, sickestFirst=
youngestFirst=8, livesSaved=2, prognosis=2, instrumentats{procity=6, age=65,
survivalPerctentage=81, expectedYears=40

6 severity=4, resources=1, initialTime=0, availability=0, lottery=7, fcfs=1, sickestFirst5
youngestFirst=4, livesSaved=1, prognosis=1, instrumental=8, reciprocity=1, age=50
survivalPercterstge=88, expectedYears=44

7 severity=4, resources=3, initialTime=0, availability=0, lottery=9, fcfs=2, sickestFirst5
youngestFirst=5, livesSaved=0, prognosis=0, instrumental=7, reciprocity=2, age=56
survivalPerctentage=89, expectedYears=44

8 severity=1, resources=3, initialTime=0, availability=0, lottery=4, fcfs=9, sickestFirst5
youngestFirst=0, livesSaved=8, prognosis=8, instrumental=9, reciprocity=9, age=23
survivalPerctentage=29, expectedYears=14

9 severity=4, resources=4, initialTime=vailability=0, lottery=6, fcfs=5, sickestFirst=6,
youngestFirst=3, livesSaved=3, prognosis=3, instrumental=5, reciprocity=5, age=43
survivalPerctentage=74, expectedYears=37

10 severity=1, resources=1, initialTime=0, availability=0, lottery=2, fcfsiekestFirst=1,
youngestFirst=6, livesSaved=9, prognosis=9, instrumental=2, reciprocity=4, age=58
survivalPerctentage=16, expectedYears=8

Resources

ID Values

11 type=2, initialTime=0, availability=0

12 type=5, initialTime=0, availability=0

13 type=1, initialTime=0, availability=0

14 type=2, initialTime=0, availability=0

15 type=3, initialTime=0, availability=0
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16 type=3, initialTime=0, availability=0

System allocatioif allocation value = 289

Patient ID Resource ID

1 11

14

15

13

Null Resource

Null Resource

Null Resource

16

©| O N| O Oof | W N

Null Resource

[ERN
o

12

User allocation allocation value = 336

Patient ID Resource ID

1 Null Resource

13

Null Resource

14

16

15

12

Null Resource

©| O N| O g | W N

11

[EEN
o

Null Resource

Percentage Change between system allocation and user allocation-33&89)*100 =16.26%

110




Appendix D

Trace of Local Search for Ambulance and Hospital Stages

This section provides a trace during the local search. The local search uses 100 random restarts and
the trace represents an allocation that had the best allocation value at the end of the local search. Each
stage provides an example of patients and resources (including their attribute values (where the value
for each principle of allocation attributgprée e sent s t hat patientds rank in
initial assignment of resources and patients is shown along with the allocation value. Each new
assignment represents the better neighbor selected during the local search. The final assignment
represents the solution as none of the neighbors are better than the current solution.

Trace Ambulance Stage

The Ambulance stage example has 15 victims, 10 ambulances, 3 hospitals, and at time step 0. The

allocation values were generated using Utilitarianaagelfare and no principle policy.

Victims

ID Values

1 severity=3, resources=1, initialTime=0, availability=0, lottery=5, fcfs=0, sickestFirstS
youngestFirst=2, livesSaved=4, prognosis=4, instrumental=0, reciprocity=0, age=33
survivalPerctentage=68xpectedYears=32

2 severity=4, resources=2, initialTime=0, availability=0, lottery=14, fcfs=7, sickestFirst
youngestFirst=5, livesSaved=0, prognosis=0, instrumental=10, reciprocity=7, age=5
survivalPerctentage=88, expectedYears=44

3 severity=1resources=2, initialTime=0, availability=0, lottery=1, fcfs=9, sickestFirst=(
youngestFirst=10, livesSaved=13, prognosis=13, instrumental=11, reciprocity=9, ag
survivalPerctentage=20, expectedYears=10

4 severity=3, resources=1, initialTime=0, avhilday=0, lottery=12, fcfs=1, sickestFirst=1(
youngestFirst=8, livesSaved=8, prognosis=8, instrumental=8, reciprocity=1, age=6(Q
survivalPerctentage=54, expectedYears=27

5 severity=3, resources=3, initialTime=0, availability=0, lottery=11, fcfs=12, siEkst=6,
youngestFirst=12, livesSaved=7, prognosis=7, instrumental=3, reciprocity=12, age=
survivalPerctentage=57, expectedYears=28
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severity=2, resources=2, initialTime=0, availability=0, lottery=7, fcfs=5, sickestFirst3
youngestFirst=0, livesSad=12, prognosis=12, instrumental=6, reciprocity=5, age=26

survivalPerctentage=40, expectedYears=20

severity=3, resources=3, initialTime=0, availability=0, lottery=10, fcfs=14, sickestFir:
youngestFirst=13, livesSaved=>5, prognosis=5, instrumentedsiprocity=14, age=67,
survivalPerctentage=64, expectedYears=32

severity=1, resources=2, initialTime=0, availability=0, lottery=4, fcfs=13, sickestFirst
youngestFirst=7, livesSaved=14, prognosis=14, instrumental=14, reciprocity=13, ag

survivdPerctentage=18, expectedYears=9

severity=3, resources=2, initialTime=0, availability=0, lottery=0, fcfs=4, sickestFirst5
youngestFirst=6, livesSaved=3, prognosis=3, instrumental=5, reciprocity=4, age=51

survivalPerctentage=68, expectedYears=34

10

severity=4, resources=2, initialTime=0, availability=0, lottery=6, fcfs=2, sickestFirst=
youngestFirst=3, livesSaved=2, prognosis=2, instrumental=12, reciprocity=2, age=3

survivalPerctentage=79, expectedYears=39

11

severity=2, resources=itialITime=0, availability=0, lottery=2, fcfs=3, sickestFirst=2,
youngestFirst=4, livesSaved=10, prognosis=10, instrumental=13, reciprocity=3, age
survivalPerctentage=45, expectedYears=22

12

severity=2, resources=2, initialTime=0, availability=0tdoy=9, fcfs=6, sickestFirst=4,
youngestFirst=14, livesSaved=9, prognosis=9, instrumental=1, reciprocity=6, age=§

survivalPerctentage=48, expectedYears=24

13

severity=2, resources=2, initialTime=0, availability=0, lottery=13, fcfs=8, sickestFirs{]
youngestFirst=9, livesSaved=11, prognosis=11, instrumental=2, reciprocity=8, age=

survivalPerctentage=41, expectedYears=20

14

severity=3, resources=1, initialTime=0, availability=0, lottery=3, fcfs=11, sickestFirs{
youngestFirst=1, livesSaved=6, praogis=6, instrumental=7, reciprocity=11, age=28,

survivalPerctentage=62, expectedYears=31

15

severity=4, resources=1, initialTime=0, availability=0, lottery=8, fcfs=10, sickestFirst

youngestFirst=11, livesSaved=1, prognosis=1, instrumental=9, retyprb@j age=65,

survivalPerctentage=81, expectedYears=40
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Ambulance

ID Values
19 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
20 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
21 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
22 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
23 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
24 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
25 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
26 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
27 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
28 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
Hospital
ID Values
16 resources=3, currentPatients=0, capacity=15, distance=2, long2,tktitude=4
17 resources=2, currentPatients=0, capacity=12, distance=3, longiythtitude=4
18 resources=1, currentPatients=0, capacity=15, distance=1, longitude=3, latitude=0
Allocation Value: 312.0 Allocation Value: 311.0
Victim | Ambulance | Hospital Victim | Ambulance Hospital
7 | Null Resourcel Null Resource 7 | Null Resource| Null Resource
8 24 16 8 24 17
10 19 17 10 19 17
3 | Null Resourcel Null Resource 3 | Null Resource| Null Resource
9 28 18 9 28 18
11 23 17 11 23 17
5 27 17 5 27 17
4 | Null Resourcel Null Resource 4 | Null Resource| Null Resource
1 20 18 1 20 18
6 21 17 6 21 17
12 | Null Resource Null Resource 12 | Null Resource| Null Resource
15 | Null Resource Null Resource 15 | Null Resource| Null Resource
13 22 16 13 22 16
2 26 16 2 26 16
14 25 18 14 25 18
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Allocation Value: 310.0

Allocation Value: 305.0

Victim | Ambulance | Hospital Victim | Ambulance Hospital
7 | Null Resource Null Resource 7 | Null Resource| Null Resource
8 23 17 8 23 17
10 19 17 10 | Null Resource| Null Resource
3 | Null Resourcel Null Resource 3 19 16
9 28 18 9 28 18
11 24 17 11 24 17
5 27 17 5 27 17
4 | Null Resourcel Null Resource 4 | Null Resource| Null Resource
1 20 18 1 20 18
6 21 17 6 21 17
12 | Null Resourcel Null Resource 12 | Null Resource| Null Resource
15 | Null Resourcel Null Resource 15 | Null Resource| Null Resource
13 22 16 13 22 16
2 26 16 2 26 16
14 25 18 14 25 18
Allocation Value: 304.0 Allocation Value: 303.0
Victim | Ambulance | Hospital Victim | Ambulance Hospital
7 | Null Resource Null Resource 7 | Null Resource| Null Resource
8 23 17 8 23 17
10 | Null Resourcel Null Resource 10 | Null Resource| Null Resource
3 19 17 3 19 17
9 28 18 9 28 16
11 24 17 11 24 17
5 27 17 5 27 17
4 | Null Resourcel Null Resource 4 | Null Resource| Null Resource
1 20 18 1 20 18
6 21 17 6 21 17
12 | Null Resourcel Null Resource 12 | Null Resource| Null Resource
15 | Null Resourcel Null Resource 15 | Null Resource| Null Resource
13 22 16 13 22 16
2 26 16 2 26 16
14 25 18 14 25 18
Allocation Value: 301.0 AllocationValue: 300.0
Victim | Ambulance | Hospital Victim | Ambulance Hospital
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7 | Null Resourcel Null Resource 7 | Null Resource| Null Resource
8 23 17 8 23 17
10 | Null Resource| Null Resource 10 | Null Resource| Null Resource
3 27 17 3 27 17
9 28 16 9 28 17
11 24 17 11 24 17
5 19 17 5 19 17
4 | Null Resource|l Null Resource 4 | Null Resource| Null Resource
1 20 18 1 20 18
6 21 17 6 21 17
12 | Null Resource| Null Resource 12 | Null Resource| Null Resource
15 | Null Resource| Null Resource 15 | Null Resource| Null Resource
13 22 16 13 22 16
2 26 16 2 26 16
14 25 18 14 25 18
Allocation Value: 299.0 Allocation Value: 296.0
Victim | Ambulance | Hospital Victim | Ambulance Hospital
7 | Null Resourcel Null Resource 7 | Null Resource| Null Resource
8 23 17 8 23 17
10 | NullResource| Null Resource 10 | Null Resource| Null Resource
3 27 17 3 27 17
9 | Null Resourcel Null Resource 9 19 17
11 24 17 11 24 17
5 19 17 5 | Null Resource| Null Resource
4 28 18 4 28 18
1 20 18 1 20 18
6 21 17 6 21 17
12 | Null Resource| NullResource 12 | Null Resource| Null Resource
15 | Null Resource| Null Resource 15 | Null Resource| Null Resource
13 22 16 13 22 16
2 26 16 2 26 16
14 25 18 14 25 18
Allocation Value: 295.0 Allocation Value: 292.0
Victim | Ambulance | Hospital Victim | Ambulance Hospital
7 | Null Resource Null Resource 7 | Null Resource| Null Resource
8 23 17 8 23 17
10 | Null Resourcel Null Resource 10 | Null Resource| Null Resource
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3 27 17 3 27 17
9 19 17 9 19 17
11 24 17 11 24 17
5 | Null Resource Null Resource 5 26 16
4 28 18 4 28 18
1 20 18 1 20 18
6 21 17 6 21 17
12 | Null Resourcel Null Resource 12 | Null Resource| Null Resource
15 | Null Resourcel Null Resource 15 | Null Resource| Null Resource
13 22 17 13 22 17
2 26 16 2 | Null Resource| Null Resource
14 25 18 14 25 18

Trace Hospital Stage

The values for the attributes were generated from Test 0 of the Hospital stage with 10 patients, 6
resources, and at time step 0. The allocation values were generated using Ultilitarian social welfare

and no principle policy.

Patients
ID Values
1 severity=2, resources=1, initialTime=0, availability=0, lottery=0, fcfs=7, sickestFirst5

youngestFirst=2, livesSaved=6, prognosis=6, instrumental=6, reciprocity=7, age=43

survivalPerctentage=45, expectedYears=22

2 severity=2 resources=2, initialTime=0, availability=0, lottery=1, fcfs=8, sickestFirst=3
youngestFirst=9, livesSaved=5, prognosis=5, instrumental=1, reciprocity=8, age=69

survivalPerctentage=48, expectedYears=24

3 severity=2, resources=3, initialTime=0, availdliO, lottery=8, fcfs=0, sickestFirst=2,
youngestFirst=7, livesSaved=7, prognosis=7, instrumental=3, reciprocity=0, age=61
survivalPerctentage=41, expectedYears=20

4 severity=3, resources=2, initialTime=0, availability=0, lottery=3, fcfs=3, sickestbirst5
youngestFirst=1, livesSaved=4, prognosis=4, instrumental=4, reciprocity=3, age=28

survivalPerctentage=62, expectedYears=31

5 severity=4, resources=3, initialTime=0, availability=0, lottery=5, fcfs=6, sickestFirstS

youngestFirst=8, livesSaved=2, pmogis=2, instrumental=0, reciprocity=6, age=65,

survivalPerctentage=81, expectedYears=40
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6 severity=4, resources=1, initialTime=0, availability=0, lottery=7, fcfs=1, sickestFirst3
youngestFirst=4, livesSaved=1, prognhosis=1, instrumental=8, reciprocaget50,
survivalPerctentage=88, expectedYears=44

7 severity=4, resources=3, initialTime=0, availability=0, lottery=9, fcfs=2, sickestFirst=
youngestFirst=5, livesSaved=0, prognosis=0, instrumental=7, reciprocity=2, age=5§
survivalPerctentage=88xpectedYears=44

8 severity=1, resources=3, initialTime=0, availability=0, lottery=4, fcfs=9, sickestFirst=
youngestFirst=0, livesSaved=8, prognosis=8, instrumental=9, reciprocity=9, age=23
survivalPerctentage=29, expectedYears=14

9 severity=4, resowes=4, initialTime=0, availability=0, lottery=6, fcfs=5, sickestFirst=6
youngestFirst=3, livesSaved=3, prognosis=3, instrumental=5, reciprocity=5, age=43
survivalPerctentage=74, expectedYears=37

10 severity=1, resources=1, initialTime=0, availabilitytdifery=2, fcfs=4, sickestFirst=1,
youngestFirst=6, livesSaved=9, prognosis=9, instrumental=2, reciprocity=4, age=58
survivalPerctentage=16, expectedYears=8

Resources

ID Values

11 type=2, initialTime=0, availability=0

12 type=5, initialTime=0availability=0

13 type=1, initialTime=0, availability=0

14 type=2, initialTime=0, availability=0

15 type=3, initialTime=0, availability=0

16 type=3, initialTime=0, availability=0

Allocation Value: 308| | Allocation Value: 306| | Allocation Value: 305 | Allocation Value: 304
Patient | Resource Patient | Resource Patient | Resource Patient | Resource
1 12 1 12 1 15 1 15
2 16 2 16 2 16 2 16
3 15 3 13 3 13 3 13
Null Null Null Null
4 | Resource 4 | Resource 4 | Resource 4 | Resource
5 11 5 11 5 11 5 11
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Null Null Null Null
6 | Resource 6 | Resource 6 | Resource 6 | Resource
Null Null Null Null
7 | Resource 7 | Resource 7 | Resource 7 | Resource
Null
8 13 8 15 8 12 8 | Resource
9 14 9 14 9 14 9 14
Null Null Null
10 | Resource 10 | Resource 10 | Resource 10 12
Allocation Value: 302| | Allocation Value: 298| | Allocation Value: 297| | Allocation Value: 294
Patient | Resource Patient | Resource Patient | Resource Patient | Resource
1 15 1 15 1 15 1 15
2 16 2 16 2 14 2 14
Null Null Null
3 | Resource 3 | Resource 3 | Resource 3 13
Null Null Null Null
4 | Resource 4 | Resource 4 | Resource 4 | Resource
5 11 5 11 5 11 5 11
Null Null Null Null
6 | Resource 6 | Resource 6 | Resource 6 | Resource
Null Null Null Null
7 | Resource 7 | Resource 7 | Resource 7 | Resource
8 13 8 14 8 16 8 16
Null
9 14 9 13 9 13 9 | Resource
10 12 10 12 10 12 10 12
Allocation Value: 292| | Allocation Value: 291| | Allocation Value: 290| | Allocation Value: 289
Patient | Resource Patient | Resource Patient | Resource Patient | Resource
1 15 1 11 1 11 1 11
2 14 2 14 2 14 2 14
3 11 3 15 3 15 3 15
Null Null Null
4 | Resource 4 | Resource 4 | Resource 4 13
Null Null
5 13 5 13 5 | Resource 5| Resource
Null Null Null Null
6 | Resource 6 | Resource 6 | Resource 6 | Resource
Null Null Null Null
7 | Resource 7 | Resource 7 | Resource 7 | Resource
8 16 8 16 8 16 8 16
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Appendix E
Example of Implementing Different Random Restart Values for

Local Search

This section provides an example of the different allocation using different stopping criteria during
the local search. Themare two solutions used to represent 10 and 1 random restart. The values for the
attributes (where the value for each principle of
the set of patients) were generated from Test 90 of the Ambulageevsta 30 victims, 20
ambulances, 3 hospitals, and at time step 0. The allocation values were generated using Utilitarian

social welfare and no principle policy.

Victims

ID Values

1 severity=2, resources=3, initialTime=0, availability=0, lottery=ft8=18, sickestFirst=6
youngestFirst=21, livesSaved=21, prognosis=21, instrumental=11, reciprocity=18,

age=56, survivalPerctentage=39, expectedYears=19

2 severity=3, resources=1, initialTime=0, availability=0, lottery=3, fcfs=25, sickestFirs{
youngestFirst=14, livesSaved=12, prognosis=12, instrumental=23, reciprocity=25,

age=41, survivalPerctentage=68, expectedYears=34

3 severity=3, resources=1, initialTime=0, availability=0, lottery=12, fcfs=1, sickestFirst
youngestFirst=22, livesSaved=14, pnogis=14, instrumental=3, reciprocity=1, age=5§
survivalPerctentage=63, expectedYears=31

4 severity=4, resources=2, initialTime=0, availability=0, lottery=11, fcfs=11,
sickestFirst=25, youngestFirst=25, livesSaved=1, prognosis=1, instrumental=12,
recipracity=11, age=65, survivalPerctentage=91, expectedYears=45

5 severity=1, resources=1, initialTime=0, availability=0, lottery=24, fcfs=23, sickestFir
youngestFirst=23, livesSaved=28, prognosis=28, instrumental=17, reciprocity=23,

age=61, survivalPeratéage=16, expectedYears=8

6 severity=4, resources=2, initialTime=0, availability=0, lottery=0, fcfs=14, sickestFirst

youngestFirst=19, livesSaved=7, prognosis=7, instrumental=25, reciprocity=14, age|

survivalPerctentage=73, expectedYears=36
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seveity=1, resources=1, initialTime=0, availability=0, lottery=10, fcfs=28, sickestFirs
youngestFirst=26, livesSaved=26, prognosis=26, instrumental=16, reciprocity=28,

age=66, survivalPerctentage=24, expectedYears=12

severity=3, resources=RjtialTime=0, availability=0, lottery=14, fcfs=29,
sickestFirst=19, youngestFirst=3, livesSaved=5, prognosis=5, instrumental=19,
reciprocity=29, age=24, survivalPerctentage=77, expectedYears=38

severity=4, resources=1, initialTime=0, availability=0tdoy=25, fcfs=4, sickestFirst=27
youngestFirst=17, livesSaved=9, prognosis=9, instrumental=26, reciprocity=4, age=

survivalPerctentage=72, expectedYears=36

10

severity=1, resources=3, initialTime=0, availability=0, lottery=8, fcfs=6, sickestFirst5
youngestFirst=7, livesSaved=24, prognosis=24, instrumental=24, reciprocity=6, age

survivalPerctentage=34, expectedYears=17

11

severity=4, resources=3, initialTime=0, availability=0, lottery=21, fcfs=21,
sickestFirst=23, youngestFirst=9, livesSaveg®B®gnosis=2, instrumental=>5,

reciprocity=21, age=29, survivalPerctentage=87, expectedYears=43

12

severity=3, resources=3, initialTime=0, availability=0, lottery=6, fcfs=22, sickestFirst
youngestFirst=13, livesSaved=13, prognosis=13, instrumentakiproeity=22, age=36,
survivalPerctentage=65, expectedYears=32

13

severity=3, resources=2, initialTime=0, availability=0, lottery=20, fcfs=5, sickestFirst
youngestFirst=27, livesSaved=16, prognosis=16, instrumental=13, reciprocity=5, ag

survivalRerctentage=56, expectedYears=28

14

severity=2, resources=2, initialTime=0, availability=0, lottery=26, fcfs=10, sickestFir
youngestFirst=29, livesSaved=20, prognosis=20, instrumental=20, reciprocity=10,

age=69, survivalPerctentage=41, expectedYe@rs=2

15

severity=1, resources=2, initialTime=0, availability=0, lottery=13, fcfs=2, sickestFirs{]
youngestFirst=24, livesSaved=29, prognosis=29, instrumental=2, reciprocity=2, age|

survivalPerctentage=12, expectedYears=6

16

severity=3, resources=MiitialTime=0, availability=0, lottery=2, fcfs=26, sickestFirst=1
youngestFirst=1, livesSaved=15, prognosis=15, instrumental=4, reciprocity=26, age

survivalPerctentage=59, expectedYears=29

17

severity=4, resources=2, initialTime=0, availability=@ttéry=29, fcfs=9, sickestFirst=24
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youngestFirst=0, livesSaved=3, prognhosis=3, instrumental=1, reciprocity=9, age=21

survivalPerctentage=78, expectedYears=39

18

severity=4, resources=1, initialTime=0, availability=0, lottery=18, fcfs=16,
sickestFirst=29youngestFirst=8, livesSaved=0, prognosis=0, instrumental=27,
reciprocity=16, age=28, survivalPerctentage=97, expectedYears=48

19

severity=2, resources=2, initialTime=0, availability=0, lottery=9, fcfs=19, sickestFirst
youngestFirst=28, livesSaved=18pgnosis=18, instrumental=6, reciprocity=19, age=f¢
survivalPerctentage=51, expectedYears=25

20

severity=3, resources=1, initialTime=0, availability=0, lottery=1, fcfs=27, sickestFirst
youngestFirst=2, livesSaved=6, prognosis=6, instrumental=8roeity=27, age=23,

survivalPerctentage=75, expectedYears=37

21

severity=2, resources=1, initialTime=0, availability=0, lottery=17, fcfs=15,
sickestFirst=11, youngestFirst=5, livesSaved=19, prognosis=19, instrumental=9,

reciprocity=15, age=27, survivalRtentage=42, expectedYears=21

22

severity=3, resources=3, initialTime=0, availability=0, lottery=22, fcfs=8, sickestFirst
youngestFirst=16, livesSaved=11, prognosis=11, instrumental=15, reciprocity=8, ag
survivalPerctentage=69, expectedYears=34

23

severity=2, resources=2, initialTime=0, availability=0, lottery=7, fcfs=20, sickestFirst
youngestFirst=4, livesSaved=25, prognosis=25, instrumental=10, reciprocity=20, ag
survivalPerctentage=33, expectedYears=16

24

severity=2, resources=ihjtialTime=0, availability=0, lottery=15, fcfs=24,
sickestFirst=12, youngestFirst=11, livesSaved=23, prognosis=23, instrumental=7,

reciprocity=24, age=36, survivalPerctentage=36, expectedYears=18

25

severity=2, resources=3, initialTime=0, availabilitytditery=4, fcfs=0, sickestFirst=5,
youngestFirst=18, livesSaved=22, prognosis=22, instrumental=29, reciprocity=0, ag

survivalPerctentage=38, expectedYears=19

26

severity=3, resources=3, initialTime=0, availability=0, lottery=27, fcfs=12,
sickestFirs=14, youngestFirst=12, livesSaved=10, prognosis=10, instrumental=18,

reciprocity=12, age=36, survivalPerctentage=71, expectedYears=35

27

severity=2, resources=2, initialTime=0, availability=0, lottery=16, fcfs=7, sickestFirst

youngestFirst=15, livesS8ad=17, prognosis=17, instrumental=22, reciprocity=7, age=
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survivalPerctentage=52, expectedYears=26

28 severity=3, resources=2, initialTime=0, availability=0, lottery=28, fcfs=17,
sickestFirst=18, youngestFirst=10, livesSaved=8, prognosis=8, instalr2st
reciprocity=17, age=34, survivalPerctentage=72, expectedYears=36

29 severity=4, resources=1, initialTime=0, availability=0, lottery=5, fcfs=13, sickestFirst
youngestFirst=20, livesSaved=4, prognosis=4, instrumental=21, reciprocity=13, age
survivalPerctentage=78, expectedYears=39

30 severity=1, resources=3, initialTime=0, availability=0, lottery=23, fcfs=3, sickestFirst
youngestFirst=6, livesSaved=27, prognosis=27, instrumental=14, reciprocity=3, age
survivalPerctentage=18, expectedvs=9

Ambulance

ID Values

34 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

35 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

36 driver=2, initialTime=0, availability=0, longitude=Gtitude=0, driving=false

37 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

38 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

39 driver=2, initialTime=0, availability=0, longitude=@titude=0, driving=false

40 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

41 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

42 driver=1, initialTime=0, availability=0, longitude=G&titude=0, driving=false

43 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

44 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

45 driver=1, initialTime=0, availability=0, longitude=0, latde=0, driving=false

46 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

47 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

48 driver=1, initialTime=0, availability=0, longitude=@titude=0, driving=false

49 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

50 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false

51 driver=1, initialTime=0, availability=0, longitude=0, latde=0, driving=false

52 driver=1, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
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53 driver=2, initialTime=0, availability=0, longitude=0, latitude=0, driving=false
Hospital

ID

31 resources=1, currentPatientss@pacity=8, distance=2, longitude=3, latituee=

32 resources=2, currentPatients=0, capacity=12, distance=1, longidytktitude=0

33 resources=2, currentPatients=0, capacity=12, distance=2, longitude=1, latitude=4

Random restart = I0allocation \alue = 525

Patient ID Ambulance ID Hospital ID

1 36 33

2 44 31

3 45 31

4 Null Resource Null Resource
5 34 31

6 Null Resource Null Resource
7 37 32

8 50 32

9 Null Resource Null Resource
10 53 32

11 Null Resource Null Resource
12 Null Resource Null Resource
13 27 32

14 35 32

15 38 32

16 Null Resource Null Resource
17 Null Resource Null Resource
18 Null Resource Null Resource
19 39 32

20 51 31

21 52 31

22 Null Resource Null Resource
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23 40 32

24 43 31

25 47 32

26 Null Resource Null Resource
27 48 32

28 41 32

29 42 31

30 49 32

Random restart =il allocation value = 526

Patient ID Ambulance ID Hospital ID

1 43 32

2 51 31

3 44 32

4 Null Resource Null Resource
5 40 31

6 48 33

7 36 31

8 35 32

9 Null Resource Null Resource
10 37 33

11 Null Resource Null Resource
12 Null Resource Null Resource
13 50 32

14 38 33

15 39 32

16 Null Resource Null Resource
17 Null Resource Null Resource
18 Null Resource Null Resource
19 46 32

20 45 31
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21 47 32
22 Null Resource Null Resource
23 52 32
24 49 31
25 42 32
26 Null Resource Null Resource
27 34 32
28 41 32
29 Null Resource Null Resource
30 53 32
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Appendix F

Display Results of Local Search in Ambulance and Hospital Stages

This section provides some of the attributes that may be returned when displaying the results. Note
that the allocations can also be displayed.

Display Results of Ambulance Stage

These values were generated from performing the local search using Hitilgadial welfare and
no principle policy on Test 90 of the Ambulance stage with 30 patients, 20 ambulances, 3 hospitals,
100 random restarts, and at time step O.

Time 0
#Patients Available 10
#Patients 30
#Ambulances Available 0
# Ambulances 20
# Ambulances Driving To Incident 0
# Current Patient in Hospital ID 31

# Capacity in Hospital ID 31 8
# Current Patient in Hospital ID 32 12
# Capacity in Hospital ID 32 12
# Current Patient in Hospital ID 33 1
# Capacity in Hospital ID 33 12
#Patients with Severity 1 Available 0
#Patients with Severity 1 Unavailable 5
#Patients with Severity 2 Available 0
#Patients with Severity 2 Unavailable 8
#Patients with Severity 3 Available 4
#Patients with Severity 3 Unavailable 6
#Patients witlSeverity 4 Available 6
#Patients with Severity 4 Unavailable 1
#Resources Not Used 0
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#Patients without Resources 10

#Patients with Resources Not Met 11

Counter 44

Swaps 11

Changes 32

Final Time of Best Allocation 9398333

Total Time Taken 828445737
TcostUtiliarian 525

TcostEgalitarian 58

TcostNash 2.96462086370774E+35

Display Results of Hospital Stage

These values were generated from performing the local search using Ultilitarian social welfare and
no principle policy on Test O of the Hospisgéage with 10 patients, 6 resources, 100 random restarts,
and at time step O.

Time

#Patients Available

[N
o

#Patients

#Resources Available

#Resources

#Patients with Severity 1 Available

#Patients with Severity 1 Unavailable

#Patientsvith Severity 2 Available

#Patients with Severity 2 Unavailable

#Patients with Severity 3 Available

#Patients with Severity 3 Unavailable

#Patients with Severity 4 Available

#Patients with Severity 4 Unavailable

#Resources Not Used

#Patients without Resources

g b~ O O b | O W O N O o O

#Patients with Resources Not Met
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Counter 12

Swaps 6

Changes 5

Final Time of Best Allocation 5803736

Total Time Taken 68876560
TcostUtiliarian 289
TcostEgalitarian 44

TcostNash 178102046453768
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Appendix G
Extra Validation
This appendix displays additional output that was produced for both the Ambulance and Hospital
stages.
G.1 Ambulance Stage

Initial Utilitarian Allocation of Resource Categorized by Severity

Policy Approach with RR=1 (Utilitarian)

35
30
25
= Available Victims with Severity 4
20 u Available Victims with Severity 3
15 ® Available Victims with Severity 2
10 - m Available Victims with Severity 1
5 B Allocated Victims with Severity 4
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A m Allocated Victims with Severity 1
FEEFEFE L &S e w
&« & & & F
& & & & & 8
& & & & & &€
< RS & <
Es 3

Figure VA-2bi Ambulance: Initial Allocation (Utilita rian Policy Approach with RR=1)

Policy Approach with RR=10 (Utilitarian)
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Figure VA-2ci Ambulance: Initial Allocation (Utilitarian Policy Approach with RR=10)
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Initial Egalitarian Allocation Values

Egalitarian Value (Policy Approach with RR = 1)
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Figure VA-3b1 Ambulance: Initial Egalitarian Allocation Value Policy Approach with RR=1

Egalitarian Value (Policy Approach with RR = 10)
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Figure VA-3ci Ambulance: Initial Egalitarian Allocation V alue Policy Approach with RR=10
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Initial Egalitarian Allocation of Resource Categorized by Severity

Policy Approach with RR = 1 (Egalitarian)
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Figure VA-4bi Ambulance: Initial Allocation (Egalita rian Policy Approach with RR=1)

Policy Approach with RR = 10 (Egalitarian)

30 +
= W Available Victims with Severity 4
20 7 = Available Victims with Severity 3
15 ® Available Victims with Severity 2
10 + M Available Victims with Severity 1
5 o = Allocated Victims with Severity 4
0 4 T
&

u Allocated Victims with Severity 3

qo\\c\ . q\\a . q@ Qo\\ QS’- qé‘ qo\@\ W Allocated Victim& withsevelityz
0“\4}, éé'\ (‘,‘" Q{i‘é {‘&4\ @Q‘Q \;o"b .\;‘,\"\' 0§ H Allocated Victims with Severity 1
&0 d-é\ & S‘Qi;: @C{a s é;z*‘
® & & &«

Figure VA-4ci Ambulance: Initial Allocation (Egalitarian Policy Approach with RR=10)

Initial Nash Product Allocation Values

Nash Product Value (Policy Approach with RR = 1)
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Figure VA-5b 7 Ambulance: Initial Nash Product Allocation Value Policy Approach with RR=1
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Nash Product Value (Policy Approach with RR = 10)
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Figure VA-5ci Ambulance: Initial Nash Product Allocation Value Policy Approach with
RR=10

Initial Nash Product Allocation of Resource Categoried by Severity

Policy Approach with RR =1 (Nash Product)
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Figure VA-6b 1 Ambulance: Initial Allocation (Nash Product Policy Approach with RR=1)
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Policy Approach with RR = 10 (Nash Product)
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Figure VA-6¢i Ambulance: Initial Allocation (Nash Product Policy Approach with RR=10)
Utilitarian Social Welfare over Time (No buffer time and sensing every time step)

Allocation Value vs. Time
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Figure VA-7ai Ambulance: Allocation Value over Time(Policy Approach)

Simulations vs. Time
120
100 7----------“,-&“‘_ —#—NO PRINCIPLE Policy
o —m—LOTTERY Policy
80
W = FCFS Policy
¥ —==SICKEST FIRST Policy
60 b}
W —#=YOUNGEST FIRST Policy
W —@—LIVES SAVED Policy
40 L i
.\v\ —t—PROGNOSIS Policy
-
A= ———INSTRUMENTAL Policy
20
e RECIPROCITY Policy
.
Ol v e e
0 2 4 6 & 10 12 14 16 18 20 22 24 26 28 30

Figure VA-8a1 Ambulance: Simulations over Time (Policy Approach)
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Figure VA-9ai Ambulance: Number of Victims not at the Hospitalover Time (Policy

Approach)
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Figure VA-9b1 Ambulance: Number of Victims not at the Hospitalover Time (Principle

Approach)
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Figure VA-10ai Ambulance: Cumulative Allocation Value over Time(Policy Approach)
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Figure VA-10bT Ambulance: Cumulative Allocation Value over Time(Principle Approach)

Utilitarian Social Welfare over Time (No buffer time and sensing everg™ and 3rd time step)

Figure VA-12ai
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Figure VA-12b1 Ambulance: Simulations over Time (Sensing3)
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Victims not at the Hospital vs. Time
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Figure VA-13ai Ambulance: Number of Victims not at the Hospital over Time Principle

Approach) (Sensing=2)
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Figure VA-13bi Ambulance: Number of Victims not at the Hospital over Time Principle

Approach) (Sensing=3)
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6000
5000 —o—NO PRINCIPLE Policy
——LOTTERY Principle
4000 ==de=FCFS Principle
=== S|CKEST FIRST Principle
2000 i —+#—YOUNGEST FIRST Principle
2000 ’:’ =@—LIVES SAVED Principle
/f ~=+==PROGNOSIS Principle
1000 77'{/ ~———INSTRUMENTAL Principle
tf RECIPROCITY Principle
0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32

Figure VA-14ai Ambulance: Cumulative Allocation Value over Time (Principle Approach)

(Sensing=2)
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Cumulative Allocation Value vs. Time
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Figure VA-14b1 Ambulance: Cumulative Allocation Value over Time (Principle Approach)
(Sensing=3)

Cumulative Allocation Value

5550
5500
5450
5400
5350
5300
5250
5200
5150
5100

Figure VA-14ci Ambulance: Cumulative Allocation Value (Sensing=2)

Cumulative Allocation Value

Figure VA-14di Ambulance: Cumulative Allocation Value (Sensing=3)
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Utilitarian Social Welfare over Time (Buffer time is 2 time stepsand sensing everyst, 2nd, and

3rd time step)

Allocation Value vs. Time
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Figure VA-15ci Ambulance: Allocation Value over Time (Sensing3, Buffer=2)

Simulations vs. Time
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Figure VA-16ai Ambulance: Simulations over Time (SensingZ, Buffer=2)

Simulations vs. Time
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Figure VA-16b1 Ambulance: Simulations over Time (Sensing2, Buffer=2)
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Simulations vs. Time
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Figure VA-16¢i Ambulance: Simulations over Time (Sensing3; Buffer=2)
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Figure VA-17ai Ambulance: Number of Victims not at the Hosptal over Time (Sensing4,
Buffer=2)
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Figure VA-17b7 Ambulance: Number of Victims not at the Hosptal over Time (Sensing=2,
Buffer=2)
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Victims not at the Hospital vs. Time

35

—&—NO PRINCIPLE Policy

30 emm———"

——LOTTERY Principle

25 -
=== FCFS Principle
20 — === S|CKEST FIRST Principle
15 | ==YOUNGEST FIRST Principle
R =@~ LIVES SAVED Principle
10 —
et

==t+=PROGNOSIS Principle

=== |NSTRUMENTAL Principle

RECIPROCITY Principle

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36

Figure VA-17ci Ambulance: Number of Victims not at the Hosptal over Time (Sensing=3,

Buffer=2)

Figure VA-18ai
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Ambulance: Cumulative Allocation Value over Time(Sensin
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Figure VA-18bi Ambulance: Cumulative Allocation Value over Time(Sensing=2, Buffer=2)
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Cumulative Allocation Value vs. Time
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Figure VA-18ci Ambulance: Cumulative Allocation Value over Time(Sensing=3, Buffer=2)

Cumulative Allocation Value

Figure VA-18d1 Ambulance: Cumulative Allocation Value (Sensing4, Buffer=2)

Cumulative Allocation Value

Figure VA-18ei Ambulance: Cumulative Allocation Value (Sensing=2, Buffer=2)
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Cumulative Allocation Value
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Figure VA-18f1 Ambulance: Cumulative Allocation Value (Sensing=3, Buffer=2)

G.2 Hospital Stage
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Figure VH-1b 7 Hospital: Initial Utilitarian Allocation Value Policy Approach with RR=1

Utilitarian Value (Policy Approach with RR = 10)
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Figure VH-1c1 Hospital: Initial Utilitarian Allocation Value Policy Approach with RR=10
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Initial Utilitarian Allocation of R esource Categorized by Severity

Policy Approach with RR = 1 (Utilitarian)
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Figure VH-2b 1 Hospital: Initial Allocation (Utilit arian Policy Approach with RR=1)
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Figure VH-2ci Hospital: Initial Allocation (Utilitarian Policy Approach with RR=10)
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Figure VH-3ai Hospital: Initial Egalitarian Allocation Value Principle Approach
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Egalitarian Value (Policy Approach with RR=1)
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Figure VH-3b 1 Hospital: Initial Egalitarian Allocation Value Policy Approach with RR=1

Egalitarian Value (Policy Approach with RR = 10)
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Figure VH-3ci Hospital: Initial Egalitarian Allocation Value Policy Approach with RR=10

Egalitarian Value (Policy Approach with RR = 100)

475
47
46.5
46
455 -~
45 -
445
44
I I T R L N e
O S N RSP\
N & < & & o & S S
O <& < <& ¥ & & o
S $ & & 3 & &
& v & & 5 < S &
® o S > \éé <

Figure VH-3d i Hospital: Initial Egalitarian Allocation Value Policy Approach with RR=100
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Initial Egalitarian Allocation of R esource Categorized by Severity

Principle Approach (Egalitarian)
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Figure VH-4ai Hospital: Initial Allocation (Egalitarian Principle Approach)

Policy Approach with RR = 1 (Egalitarian)
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Figure VH-4b 1 Hospital: Initial Allocation ( Egalitarian Policy Approach with RR=1)
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Policy Approach with RR = 10 (Egalitarian)
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Figure VH-4c1 Hospital: Initial Allocation ( Egalitarian Policy Approach with RR=10)

Policy Approach with RR = 100 (Egalitarian)
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Figure VH-4d 7 Hospital: Initial Allocation (Egalitarian Policy Approach with RR=100)

Initial Nash Product Allocation Values

Nash Product Value (Principle Approach)
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Figure VH-5ai Hospital: Initial Nash ProductAllocation Value Principle Approach
147



Nash Product Value (Policy Approach with RR=1)
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Figure VH-5b 1 Hospital: Initial Nash ProductAllocation Value Policy Approach with RR=1

Nash Product Value (Policy Approach with RR = 10)
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Figure VH-5ci Hospital: Initial Nash ProductAllocation Value Policy Approach with RR=10

Nash Product Value (Policy Approach with RR = 100)
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Figure VH-5d 1 Hospital: Initial Nash ProductAllocation Value Policy Approach with RR=100
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Initial Nash Product Allocation of ResourceCategorized by Severity

Principle Approach (Nash Product)
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Figure VH-6ai Hospital: Initial Allocation ( Nash ProductPrinciple Approach)

Policy Approach with RR = 1 (Nash Product)
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Figure VH-6b 1 Hospital: Initial Allocation ( Nash ProductPolicy Approach with R=1)
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Policy Approach with RR = 10 (Nash Product)
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Figure VH-6¢1 Hospital: Initial Allocation ( NashProduct Policy Approach with R=10)

Policy Approach with RR = 100 (Nash Product)
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Figure VH-6d 7 Hospital: Initial Allocation ( Nash ProductPolicy Approach with R=100)
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Utilitarian Social Welfare over Time (No buffer time and sensing every timetep)

Allocation Value vs. Time
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Figure VH-7ai Hospital: Allocation Value over Time (Policy Approach)

Simulations vs. Time
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Figure VH-8a’i Hospital: Simulationsover Time (Policy Approach)

Patients at the Hospital vs. Time
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Figure VH-9ai1 Hospital: Number of Patient at the Hospitalover Time (Policy Approach)
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Allocation Value per Patient vs. Time
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Figure VH-10ai Hospital: Allocation Value per Patient over Time(Policy Approach)
Utilitarian Social Welfare over Time (No buffer time and sensing every 2nd and 3rd timsetep)

Allocation Value vs. Time
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Figure VH-11ai Hospital: Allocation Value over Time (Sensing=2)

Allocation Value vs. Time
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Figure VH-11b1 Hospital: Allocation Value over Time (Sensing=3)
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Simulations vs. Time
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Figure VH-12ai Hospital: Simulations over Time (Sensing=2)

Simulations vs. Time
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Figure VH-12b1 Hospital: Simulations over Time (Sensing3)

Patients at the Hospital vs. Time
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Figure VH-13ail Hospital: Number of Patient at the Hospital over Time(Sensing=2)
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Figure VH-13bi

Figure VH-14ci

Patients at the Hospital vs. Time
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Figure VH-14d1 Hospital: Number of Patient at the Hospital over Time(Sensing=3)
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Utilitarian Social Welfare over Time (Buffer time is 1 time steps and sensing every 12nd, and

3rd time step)

Allocation Value vs. Time
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Figure VH-15ai Hospital: Allocation Value over Time (SensingZ, Buffer=1)

Allocation Value vs. Time
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Figure VH-15b71 Hospital: Allocation Value over Time (Sensing2, Buffer=1)
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Figure VH-15ci

Figure VH-16ai

Allocation Value vs. Time
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Hospital: Allocation Value over Time (Sensing3, Buffer=1)

Simulations vs. Time
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Hospital: Simulations over Time (Sensing4, Buffer=1)
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Figure VH-16bi Hospital: Simulations over Time (Sensing=2, Buffer=1)
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Simulations vs. Time
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Figure VH-16¢1 Hospital: Simulations over Time (Sensing3, Buffer=1)

Figure VH-17ai Hospital: Number of Patient at the Hospital over Time (Sensingt, Buffer=1)

Figure VH-17b7 Hospital: Number of Patient at the Hospital over Time (8nsing=2, Buffer=1)

157



