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Abstract— In the aftermath of a disaster, humanitarian
organizations quickly assemble a workforce that can
immediately serve a community's needs. However, the
needs change over time, and the volunteer base (atieir
skill sets) also changes over time. In this papera
mathematical programming model is formulated to sole a
volunteer assignment problem in which beneficiariesneeds
are addressed based on how many volunteers are ag®d to
each of the levels of needs. In addition, we alsgamine the
changes in these volunteer assignments based onesal key
cost parameters, need likelihood scenarios, and woiteer
training opportunities. Under various demand scenaios, the
optimum decision is to begin training some unskille
volunteers early in the response period even whehe short-
term, unskilled task demands are still high, in pr@aration
for the more skilled, long-term task demands that e yet to
come. Humanitarian relief organization managers who
generally feel as though a peak of long-term/skiltevolunteer
task demands will come at some point during the dister
response should strongly consider allowing voluntee
training assignments.

Keywords— Volunteer management, optimization, humanitarian
aid, resource assignment, training

1. Introduction

Disasters are generally classified into two kinesmely
natural disasters such as floods, earthquakes, or
hurricanes; and manmade disasters such as hazardous
materials spills, terrorist activities, and warsThese
disasters can cause a significant degree of damage
they occur. According to Van Wassenhove [20], on
average, 500 large-scale disasters, natural andamum
made, kill about 75,000 people and affect a popmriabf

200 million every year. Humanitarian organizatidres/e

to quickly respond by preparing and managing relief
activities. A key resource for each organizatignthe
volunteer base. One important aspect of successful
volunteer management is appropriately assigning
volunteers, according to their desired tasks dt Ehkiels,
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to best help the affected population. According-&tasca

et al. [7], in order to successfully retain theglunteers,
humanitarian organizations should appropriately and
efficiently manage them. Because of limited resesrand
highly variable demands in affected areas, the munob
volunteers assigned to a certain task may be twmfeoo
many in any given time period. The humanitarian
organizations may need to train volunteers in orer
reassign them to different tasks, which may poseéemo
problems due to variable task demands for subséquen
time periods.

In this paper, a volunteer management model (VM) i
proposed to help relief managers deal with assgyaimd
training volunteers in order to satisfy the humainign
needs, with the goal of minimizing the total codt o
assigning volunteers, leaving needs unsatisfiedd an
incurring volunteer task mismatches (i.e. assigrimgirse
by trade to search and rescue). This is one offitee
models developed for assigning, training, and feariag
volunteers to accomplish different tasks over aetim
horizon. To the best of our knowledge, no modelgeha
been developed that specifically include voluntegining
capabilities.

The organization of the paper is as follows. Weftyi
introduce literature related to humanitarian lagsstboth
in general and specifically addressing volunteer
management. In Section 2, we introduce the VMM rhode
Sections 3 and 4 contain findings generated from th
modeling approach. In Section 5, we consider aiapec
case in which all work must be completed by a deti
deadline. Finally, we provide conclusions and fetwork
in Section 6.

2. Literature Review

While quantitative research that addresses volusntae

the field is quite limited, there are many otheplagtion
areas where researchers have contributed to huarianit
crisis management during the response and recovery
phases. We mention a few of these areas in paaticahd
then turn the focus specifically to volunteer masragnt.
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2.1 Other humanitarian crisis management

area

Evacuation is considered a challenging issue in
humanitarian relief operations. Moving people from
affected areas to a safe place, giving the unceyté the
weather or the infrastructure situation, is not easy
action to be accomplished. Optimization models have
been developed to handle some of these evacuatoes.
For instance, Cova and Johnson [5] introduced warét
flow model to identify optimal lane-based evacuatio
routing plans in a complex road network. They used
mixed integer programming approach to find optimal
evacuation routing plans for a sample network.riather
study, Yi and Ozdamar [21] proposed a mixed integer
multi-commodity network flow model for evacuationda
support in disaster response activities. An eadkqu
scenario based on Istanbul’s risk grid, as wellaager
size hypothetical disaster scenarios, were usdtlstrate

the model. In addition, there are many studies idenisig
evacuation planning for disasters, (e.g. [6, 12,17519]).

When evacuation is not an option and residents must
shelter-in-place, we turn our attention to provileid to
the disaster-stricken arebast mile distributiorrefers to
the delivery of relief supplies from distributioernters to
people in the affected areas. Many studies hawgstaton
this area. Barbarosogu and Arda [2] developed nssoe
based stochastic programming model to representl: m
commodity, multi-modal network flow problem. The ima
goal was to minimize the loss of life and maximihe
efficiency of search and rescue operations. Bati. [1]
proposed a mixed integer programming model to dpém
resource allocation and routing decisions from mloer
of local distribution centers to a number of demand
locations, with the goal of minimizing the transgagion
costs and maximizing the recipients’ benekesgping into
account vehicle capacity and delivery time resoi.
The best allocation can be easily found, howewely for
problems with small numbers of nodes and routes.
Hentenryck et al. [11] proposed a multi-stage sisth
hybrid optimization algorithm for the single comnityd
allocation problem (SCAP) for disaster recovery.eTh
objective was to minimize the amount of unsatisfied
demands, the time it took to satisfy the demand, the
storing costs of the commodity. To validate theoatgm,
it was used in hurricane disaster scenarios gesteiay
Los Alamos National Laboratory. For more exampies i
literature, see e.g., [10,13].

The inventory management in humanitarian logistics
has received some attention from the optimization
modeling perspective. Beamon and Kotleba [3] depestio
a stochastic inventory control model that determine
optimal order quantities and reorder points foorsgtterm
emergency relief response. In another study, Ozval
Ozguven [14] developed a stochastic inventory abntr

model for disaster planning. The goal was to deiggrthe
optimal amount of initial stock to prevent disrupti
during the delivery and consumption process. Imiedt
study, Blecken et al. [4] formulated an inventory
relocation model that relocated the optimal stocklar
demand uncertainty in risk-prone post-disaster ages.

It was shown that the overall inventory cost coblel
significantly reduced when considering demand
uncertainty in post-disaster scenarios. As policis
created to support humanitarian relief distributione
require resources in the field to provide delivesypport,
and other functions. In other words, we cannot labk
these important issues without considering howr tihe of
the volunteer worker impacts humanitarian aid pedic

2.2 Volunteer Management

In volunteer management and scheduling, not muatk wo
has been done compared to traditional labor managem
In one study, Gordon and Erkut [9] developed a
spreadsheet-based decision support tool to genshifte
times and schedule volunteers for the Edmonton folk
music festival. They used integer programing foratioh
to handle the task preferences, with the goal aimizing
the number of surplus volunteers. In contrast,dbst of
volunteer shortages was not clearly considered.pSam
[16] demonstrated how volunteer labor assignmehiA)V
problems are quite different from traditional labor
assignment (TLA) problems. He considered the velent
as a laborer with no cost; then he incorporated thi
difference into a goal programming model. In VLAgt
goal was to minimize the total cost of assigning feew or
too many volunteers, volunteer assignments,
unsatisfied task demand. Falasca et al. [7] deeelop
multi-criteria optimization model to help in assigg
volunteers to tasks. As with Sampson [16], theyensed
the differences between a volunteer labor assighiueh
a traditional labor assignment. In another studyasca et
al. [8] discussed the creation of a spreadsheeti-mul
criteria volunteer scheduling model for helping raaf
development organization in a developing south Acaer
country. The goal of the model was to reduce thmaber
of unfilled shifts, minimize the total schedulingsts, and
minimize undesired assignments. This study is fie
from Sampson [16] in that it considers that theuntéer
labor cost is not negligible, such as travel expsns

What research has been done in volunteer management
assignment motivates us to explore more in thia.arbis
topic has been lightly studied to date, yet it e @f the
key components to any relief organization’s effohtsthe
model described below, we expand on the topicsreave
by similar models such as VLA, but also explore new
ideas, such as volunteer training for differentk¢aand
volunteer attrition due to volunteer task assignmen
mismatching.

and
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3. Humanitarian Volunteer Management
Model

This model is designed to help humanitarian orgeitn
managers effectively and efficiently manage volante
resources in the aftermath of a disaster. The cprsees
of poor volunteer resource allocation can directffect
the ability of the organization to meet the sherit and
long-term needs of the community. For examplelelitt
elaboration is necessary to imagine the impactsaif
having enough skilled volunteers available for arsle-
and-rescue effort immediately following an earthkpia
However, assigning too many volunteers to certagkg
at the expense of other tasks can also cause seriou
problems in the long term as well. For exampleodf few
volunteers are assigned to preventative cholerbreaik

measures due to seemingly more pressing immediate

tasks, then a cholera epidemic could break out that
perhaps was avoidable. This model serves to helpept
these types of issues from occurring, via a mathieaia
approach to volunteer resource management.

The objective is to minimize the cost of volunteer
transportation/living expenses, unmet task demaosisc
(in terms of time delays, relief aid shortages,.)etand
volunteer retention costs (the costs of losing ntgar(s)
due to mismatched volunteer assignment preferences)
The latter cost seeks to identify the impact of
unnecessarily assigning volunteers to tasks focktiey
did not request, (e.g., an electrician workingriage or an
unskilled volunteer working as a carpenter). Irtipalar,
we want to measure the negative impact on volunteer
goodwill and the likelihood of their remaining oites
during the crisis. Initial data that is required thy model
includes periodic task demands (deterministic or
stochastic), available resource pool and theid shilels,
and the costs associated with volunteer trainimgnet
task demand, etc. Overall, the constraints (1)tlithe
number of available volunteers within each groud) (
account for period(s) when volunteers being traineel
able to assist in their new task at a limited éfficy as
they undergo on-the-job training, and (3) accoumt f

changing future task demands based on current task

progress by the volunteers.

A key component of this model is its ability to
incorporate a variety of task demand scenariospeesent
changing short-term and long-term community ne#ds.
logical to assume that task demand for a crisipaese
would not be known with certainty. In an attempfaotor
in uncertain task demands, multiple task demandsstes
with respective probabilities can be introduceditihe
model, which in turn allows the model to best place
volunteers based on the expected task demandsaébr e
period. Next, we provide the details of the model
formulation, including all decision variables and
parameters specified within the formulation.

3.1 Decision variables

Vi, © Volunteers with skill i, assigned to task requiring
skill j, for time period t, witho training periods

remaining

Vi @ “Pool” of volunteers with skill i in period

W : Volunteer hours for task requiring skill j, under
scenario s, for time period t
czjsl : Additional task demand (time units) caused by

previous unfulfilled task demands, for task
requiring skill j, under scenario s, for time perio

Note that the model will provide the optimal voleet
assignmentsvy,, based on all possible task demand
scenarios and their respective probabilities (kelihood
of occurrence). Only one course of action can dgtimee
chosen, thusvy, is not specified for each demand
scenario. The initial volunteer set for all skivels i)
are defined. The following is a list of the othergmeters
under consideration for the volunteer managemermeo

3.2 Parameters

dit © Task demand (time units) requiring volunteerthwi
skill j, under scenaris, for periodt

K; : Penalty factor for unmet volunteer task (withils
demandK;= 1

z . Time required to train a volunteer for skll(in
periods)

g : Volunteer efficiency factor for assignment with
skill j (mismatched volunteers only)

. Volunteer work-hours multiplier per assignment

Ps : Probability that demand scenasiwill occur

Aj : Assignment preference mismatch factor for
volunteer with skilli assigned to task requiring skill
j (in terms of # of volunteers)

C% : Volunteer with skilli attrition cost

CEJ- : Unmet volunteer task requiring skillemand cost,
final period only

CY : Per-period volunteer with skilli

mismatch cost

assignment

CUJ- : Per-period cost of unmet volunteer task (withl sk
j) demand



Int. ] Sup. Chain. Mgt

4
Vol. 3, No. 2, June 2014

cYi Per-period volunteer with  skill i  costs

(transportation, living, others)

I : Number of different skill/task levels

S : Number of total task demand scenarios
T : Number of periods

3.3 Formulation

To summarize, our desire is to determine a least-co
assignment of volunteer resources to task demaeds p
period. Using a formulation based on the likelihooid
various task demand scenarios occurring, along thigh
decision variables and parameters previously inited,
we can now present the formulation of the Volunteer
Management Model (VMM).

MIN(Zi_y 35, ST x CF X djgy) + (Thoy X321 P X
CIEXA)ST+i=1/CiVj=1/t=1Ta=0

Zyvita+i=1/CIAVII=ViT)+i=1/CiMj#l  t=17a=0
zyvijta (1)
Subject to
djst = (stt + djs(t—l) - stt)Kj vjs0<t 2

Wit [Zizj Vijro + (ZicjTaso Vijta) ej]hj Vj,st>0(3)
Vie < Vigem1) — Zjsias1AijVijt-1)a —

Yi<iAijVije-10 — Lj>iVije-n1 T
Zm<i(1 - Ami)vmi(t—l)l + 0.5 Vit >1 (4)

Vijta-1) < Vijie-na(l — Aij) + 0.5

vVi<jt>la=1 (5)

b X Vijea < Vi Vit >0 ®)
diss =0 Vj,st=0 7
Vijte =0 Vi=ja#0,t>0 (8)
Vijg =0 Vi<j0<t<z,a<(z-t) 9)
Vijtg =0 Vi<jt>0,a>z (20)
Vijear Vie Wist: djse =0 YV ij,s,t,a (11)
Vijte Vie  integer Vi, j,t,a (12)
3.4 Constraint explanations

The objective function serves to minimize coststhe
relief organization, measured in terms of the etgubcost
of unmet task demand, the expected cost of not
completing the total volunteer task demand by thalf
time period, cost per volunteer per time period {favel,

living expenses, etc.), cost for volunteer attritilost
volunteers from assignable causes), and the cost of
mismatching volunteer tasks with their respectikdl s
levels. If the cost of leaving task demand unmehas
significant, therCF can be set equal @, thus leavingC”

as the sole cost driver. It is logical tI&ft=C" for all tasks

j. Constraint (2) defines the amount of additiotzdk
demand §) created per time period, based on the
difference between task demands (or needs) analcthal
work accomplished. This difference is then mulégdliiby

a penalty factoK;, implying that the unmet task demands
may increase needs in future periods.

Constraint (3) confines the volunteer work complete
on a task in a certain period to be no more thaatwhn
be done by the assigned volunteers that are alrteaided
for the task, plus the untrained volunteers culyeging
through training for that task. Volunteers initialissigned
to a task for which they were not already skilled g
through a training period of lengy during which they
are only a factor amourg as efficient before they are
fully trained. The number of periods left in traigi is
tracked by the indexa. Notice the volunteer hours
multiplier .

Constraint (4) defines the number of available
volunteers in the next time period for each skilldli to
be equal to the current number of available volersén
skill level i. The constraint also accounts for the number
of volunteers who leave due to the mismatching of
assignments and preferences or who are moving éreen
skill level to another skill level upon the comjpbet of
training. The constant 0.5 is included to cause the
volunteers available to round to the nearest imege
without losing linearity in the model via roundiny
truncating functions. Constraint (5) tracks thegoess of
the volunteers in training, by updating their remiag
training periods value. Volunteers lost due to assignment
preference mismatches are accounted for as wek. Th
constant 0.5 is included to cause rounding to terest
integer, as in constraint (4). Constraint (6) Inithe
number of assigned volunteers to be less than waldq
the number of available volunteers at the beginwinthe
period, for each skill level.

Constraints (7), (8), (9), and (10) prohibit indali
decision variables. Constraint (8) prohibits additil task
demand prior to the model's first time period, pdriO
(necessary due to subscript definitions). Constsa(8),
(9), and (10) prohibits invalid volunteer assignmen
variables, i.e.viz10 (if some training is required of a
volunteer of skill level one assigned to a taskumeng
skill level two, thus the training periods remaipimust be
greater than zero in the first period). Constra(itk) and
(12) satisfy non-negativity and integer constrafioisthe
decision variables.

Please note that skill levels are numerically highvial.
That is, volunteers of skill level one are lesdlasdlithan
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volunteers of skill level twotwo are less than three, a
so on. Thus, training only occurs for volunt
assignments to tasks above their skill level.

4. Model Behavior and Volunteer
Assignments — An Example
4.1 Base conditions and rathodology

As stated earlier, a key component of this modalyeed
is the task demand variability component, represt
through each task demand scenagid/ariability in the
amount of relief needed is endemic to humanitacidsis
response, given the volatile and eebenging nature ¢
disaster situations. This is accounted for by ahgy
multiple different possible demand scenarios,
respective probabilities, to be inputted into thede,
which then subsequently generatesumtéer assignmen
based on the lowest expected cost. For the salk
analysis, it is assumed that the parame®gper-period
volunteer costs)C" (volunteer attrition cost), anC",
(perperiod volunteer assignment mismatch cost)
constant, as these values can be estimated byetied¢
organization.

The following example is modeled off a potentiaial
humanitarian disaster situation. After a disadesre are
immediate shorterm task demands (food, water, shel
as well as londgerm recovery task demands (prima
reconstruction). For this example, two task demaand
considered, broadly characterized as short terak/&kill
type 1) and long term (task/skill type ZJhese requir
unskilled and skilled volunteers respectively, sifion¢-
term needs generally involve tasks such as reamigin
of homes and infrastructure. Unskilled volunteean still
be assigned to longrm recovery tasks, but at a lov
efficiency as previously described. Four potential t
demand scenarios are considered due to the uncéatki
demands that may be encountered by a humanitagiiah
organization; they are displayed in Figur-4. There are
100 volunteers in each skill leveind the collectiv
volunteer pool can satisfy a maximum of 7000 uwit:
demand and 5600 units of demand for unskilled
skilled tasks, respectively. For each task demaedayio,
the general idea is high shdetm response nee
initially, with varying patterns for longerm recovery
needs. The peaks of each task demands are puribp:
higher than the stated maximums in order to engm
variable volunteer assignments over time.

Scenario 1 is designed to represent a “classic’™
phase response, with high initial sht@tm task demanc
that gradually decrease over time, and -term task
demands that are initially low but gradually ingedo &
peak around the middle of the predetermined rest
window. As seen in Figure 1, the shtetm tasks re
modeled to exponentially decrease from an initiehk
value, while longerm tasks generally follow a nornr

distribution. Scenario 2 has steadily decreasirgt-term
task demands, and constant ldegn task demands that
are approximately half of ¢h initial shor-term task
demands. Scenario 3 has high s-term task demands
that only begin to decrease after t'" week, while the
longterm task demands constantly increase to weel
then decrease beginning in week 17. This couldesspr
a crisk in which there are high immediate needs, but
some unforeseen circumstance causes a rise i-term
recovery needs weeks or months later. Scenario s
steady, high shotterm task demands through week 6 a
which they exponentially decrease;e long-term task
demands begin low but increase to a high constalue
beginning in week 3. This latter scenario may n
accurately represent an “overwhelming” humanita
crisis, where there are so many I-term recovery needs
that they can only beepresented as “high” for ¢
indefinite horizon.
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Figure 4. Task DemandScenario

For the analysis that follows, these constantsugesl
unlessotherwise specified, and the unit time period i
weeks.

1=2, S=4,T=24
A1,=0.01,A,,=0.02
V11=V,;=100
€,=0.95,6,=0.50
h,=70,h,=56

71 =0, =6

c* =350,C", =210
CF,=CE,=10
c"=3.5,C",=4.2
cY,;=Cc",=10
CY,=C",=350
K;=1.5,K;=1.1

Unskilled volunteergraining and/or working in skille
(longterm recovery) tasks are assumed to satisfy
demands at only half the rate of a skilled volunt&hor-
term recovery tasks volunteers are assigned to Wor
hours/week (10 hours/day) due to the urgent naof
immediate tasks, while longrm recovery volunteers a
assigned to work 56 hours/week (8 hours/day). Angrk
training period is defined for unskilled volunteets
become skilled. Unmet task demand costs were s
$10/hour for both task types, the absence of realist
data. Volunteer attrition costs were set equah&dost o
the unmet task demand amount they could indivigt
satisfy per period@” *h), minus the peperiod voluntee
costs CY), which are assumed to be $50/day. Volun
mismatch costs are roughly estimated by simplynig
volunteer attrition costs and multiplying it by t
respective attrition probabilityAj). Finally, the unme
task demand penalty factdf; is higher for sho-term
recovery tasks than long-term recoweasks, since it i
assumed that shomrm tasks are more urgent and t
would cause problems (in terms of additional t
demands) if they are not satisfied in a timely nea

4.2 Model behavior and insights

The basic decision characteristics of the VMM drst
analyzed via a simple sensitivity analysis. Theuntger
assignments decisions created by the model areaphn
influenced by the values of the parameters relatethe
task demands{iuj (perperiod cost of unmet task deman
CEJ- (unmet volunteer task demand cost, final period/;c
assumed to be related GSJJ-), andK; (penalty factor for
unmet volunteer task demand). These parametertha
primary drivers behind the calculation anmpact of
additional task demandsi) which is a key decisio
variable in the model. Modifying their values relsethe
fundamental model behavior.

Regardless of the scenario(s) chosen, reducingaloe
of the unmet task demand cosCUj, and corresponding
CEJ-) always tended to increase the amount of unmét
demand ¢), when all other parameters are unchan
This is because the VMM found it less costly tovke
some or most of the task demand unmet than torafisi
volunteers necessary to covére task demand in i
entirety. This is mathematically determined by tékative
values ofC"; andC”}; the higher the cost is per volunte
assignment, proportionally fewer volunteers will
assigned in relation to the unmet task demands V!
doestend to leave some task demand unmet in the
period in most parameter configurations, due to
relative values of each and their equal weightinghe
objective function. This is perhaps unrealistic Same
humanitarian relief operations, and thmotivated the
inclusion of the last period unmet task demand (CEJ-)
to discourage this decision. Increasing this patan
value to be greater than the unmet task demand(CUj)
tends to reduce the amount of unmet task demaiiae:
end of the lasperiod, if possible depending on volunt
availability.

When the penalty factoK() is set to the lowest sensit
value of 1.0, the unmet task demard) is simply the
cumulative sum from each period. However, as
penalty factor is increased, the eunt of unmet task
demand §) tended to decrease, assuming enc
volunteers are available to meet the task demadotfze
other parameters are unchanged. This is explaipetie:
model choosing the more cost effective option
assigning more volunteers the relief operation, rath
than the more costly option of generating exces
additional task demands by not doing

Another key component to this model is the trair
and/or assignment of volunteers to tasks which db
meet their current skillelvel. In a humanitarian cris
response, there will likely be times where someintgers
(i.e. carpenters) are needed to help in anothéd fiy
necessity (i.e. search-amélscue) due to personr
shortages.
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4.3 An example — @mbined Scenarios & 3

Humanitarian relief organizations cannot be certafr
their projected task demands, and thus there ma
several forecast scenarios with different probtédi of
occurring. In Section 4, we will provide a mc
comprehensive analysis of various comtions of
scenarios, with equal likelihoods of each scenagtuded
in the combination. As an example, task demandas@es
1 and 3 were considered to be equally likely, aiguife 5
provides the resulting volunteer assignme

Figure 5. Scenarios 1 @&h3 equally likel

In Figure 5, we have:

v21: Skilled (longterm) volunteers assigned to
unskilled (short-term) task

v12: Unskilled (shorterm) volunteers assigned tc
skilled (long-term) task

v22: Skilled (longterm) volunteers assigned to a skil
(long-term) task

v11l: Unskilled (shorterm) volunteers assigned to
unskilled (short-term) task

Notice that unskilled volunteers were being traified
skilled tasks at the same time that skilled volargewere
assigned to shoterm recovery tasks. This “dout
mismatching” in theory seems illogical, as volumg
should usually be assigned to ttesks appropriate fc
their skill level, and only “mismatching” L-directionally
to help fill a particular volunteer need. Howevéhne
optimum decision is to begin training some unsHi
volunteers early in the response period when thet-
term task dmands are still high, in preparation for
upcoming longerm task demand peak around the mic
of the response period. Thus, additional skilletinteers
are mismatched to cover the volunteer void crebtethe
unskilled volunteers training for the logrm tasks. Thi:
phenomenon is interesting, as it suggests a pue
approach to volunteer management by encoure
volunteer training early, in advance of the peakk

demand periods. For the specific example in Figyra
skilled volunteer poolof 120 people (versus the initi
100) is ready in time for the lortgrm task demand peak
around periods 126. In short, if there are sufficie
numbers of volunteers to cover both short and -term
task demands initially, the VMM model proposes
preemptively train unskilled volunteers in advanceac
future forecasted skilled needs increi

5. Findings —Base, Training, and
Mismatching Policies

To further illustrate the benefits of the VMM tosam
volunteers to tasks and training basecanticipated needs
scenarios, examples are shown below comparingiode
humanitarian crisis situations with different voleer
assignment rules. Each task demand scenario cotiduit
is tested, with equal scenario probabilities acreash
scenario in e combination. For each combination,
base case is analyzed (where volunteer training
mismatching is allowed to occur as is standard hia
VMM), as well as cases where either or neither tgp
volunteer assignment (training and/or mismatchiate
allowed. The benefits are quantified via cost ased)
unmet demand amounts, and volunteer attri

Parameter values from Section 3 are adopted hétfe
the exception of the unmet task demand penaltyof:
(Kj). Preliminary testing with this datet andK; ranging
from 1.1 to 1.5 led to extreme amounts of additic
demands being generated due to a lack of avai
volunteers. This is qualitatively useful, as it daaip relief
managers gain insight into situations where refieéds
could grow ot of control. This type of “runaway
scenario instance could be roughly compared tcseadk
outbreak, where if a small disease problem is bt o
be treated effectively by the volunteer staff, tkemuch
larger disease outbreak could occur latere fact that
even a marginal increase in these parameters appe
have such a dramatic effect in subsequent peris
noteworthy. However, for the sake of obtain
quantitative results for comparison between théeciht
volunteer assignment rules, additional task demand w
be generated after each period (iK;j=1.0), but unmet
task demand from the previous period will still deried
over to the next period.

For the purpose of these examples, 10 sets of
demands per scenario are gener. where the demands
per period vary up to +/20% of the values given in tt
scenarios shown in Section 3. The model is runirh@g
(once per data set), and these results are thenaged
together for each volunteer assignment restricf{®ase,
No Trainng, No Mismatching, and Neither). It w
observed during testing that greatly differing $iolos to
the VMM could occur between each data set, dudnéx
predesigned tight numbers of idle volunteers dupegk
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Table 1. Training/Mismatching Averaged Performance Re:

(% of Base) (% of Base' (% of Base) ost Pool Pool

BT 100% 100.0% 100% 0.91 30.C 28.4

No Training 137% 88.7% 2724% 0.06 0.0 -0.1
N LA EMmEIEIAT, 112% 99.8% 1114% 0.50 27.2 26.7
Neither 146% 90.4% 3547% 0.00 0.0 0.0

needs periods. Thus, an average is necessaapture the
possible diverse model results.

One general trend noticed throughout many of
examples againvas the tendency for the remaining ti
demands in the last scenario to only be partiaky, moften
for the skilled/longterm tasks. This is explained by t
values of the volunteer assignment c@3Y)(and the last
period unmet task demand co€f) chasen for this serie
of examples; modifying the relationship betweens#
cost parameters could affect this tendency notlgeats
discussed in Section 3.2. The full numeric resaftshe
testing are shown in Table 1, accompanied graghioal
Figure 6.

Total Cost
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200% -
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Figure 6. Average total costs acrasaining/mismatching
cases

In summary, allowing for volunteer training a
mismatching (as in the base formulation of the VIV
results in the lowest total cost for all exampl&khough
the total costs vary widelpetween examples due to 1
different needs distributions, the important pasnthat the
lowest cost for each example always occurred inbtee
case. The model has the flexibility to shift volests from
need to need to cover as much task demand ssible.
On the other end of the spectrum, preventing
volunteer training or mismatching from occurringg (i not
allowing any shifting) always resulted in the higheost
as the organization could not make changes to addhe
particular needs situation.

Comparing the “no training” and “no mismatchir
restrictions is more complicated. For all examplde
total costs for both cases lie between the base arad the
“neither” case. Thus, the prudent comparison waga&
at the relative costs foaeh type of single restriction. Tl
“no training” cases had higher total costs relativeéheir
“no mismatching” cases in the followin¢scenario
combinations:

« 1, 4, 1&3, 1&4, 2&4, 384, 1&2&4, 2&3&4.
1&2&3&4

While the “no mismatching” cases had higheal costs
in scenario combinations:

«  2,3,1&2, 1&2&3, 2&3

Studying the task demands scenario graphs (Fidi-
4), it is clear that the sustained high needs fallesl
volunteers in scenario 4 is significant. In thosaraples,
their base case had sulmtal amounts of voluntee
trained by the VMM in order to cover the skilledig-
term task demands. Restricting training resultsmimch
higher unmet task demand costs and thus total Dostto
the presence of attrition parameteA), training large
numbers of volunteers does result in some volur
attrition and corresponding volunteer attrition tso(C"),
but they are outweighed by the unmet task demasts
that newly trained volunteers help to prevent. Heosve
this does mean that these exars with “no training” do
have lower volunteer attrition. In short, humanéal
relief organization managers who generally feehasigh
a peak of longerm/skilled volunteer task demands v
come at some point during the disaster responselds
stronglyconsider allowing volunteer training assignme

Another way of representing the benefits of allan
volunteer training in a humanitarian relief respons
shown in Table 2 below. This table computes thie rait
the total cost difference and train cost difference
between the examples’ base cases and “no traicesgs
This quantifies the total cost savings per dollaerg on
volunteer training costs. In most cases, the VMggasts
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that the training investment is well worth it, givehe
parameters used in this series of tests.

Place illustrations (figures, tables, drawings, and
photographs) throughout the paper at the placesevhe
they are first discussed in the text, rather thethe@end of
the paper. Number illustrations sequentially (buimber
tables separately). Place the illustration numbensl
caption under the illustration in 10 pt font. Dot ralow
illustrations to extend into the margins. If yoigure has
two parts, include the labels “(a)” and “(b)”.

Table 2 Training value

Case Value (Totlal'cos't reduction)
per $1 training investment
Scenario 1 $1121.81
Scenario 2 $31.47
Scenario 3 $133.04
Scenario 4 $1958.09
Scenarios 1 & 2 $3.83
Scenarios 1 & 3 $545.02
Scenarios 1 & 4 $1166.97
Scenarios 2 & 3 $73.33
Scenarios 2 & 4 $483.66
Scenarios 3 & 4 $643.66
Scenarios 1 &2 & 3 $225.84
Scenarios 1 &2 & 4 $521.44
Scenarios 2 & 3 & 4 $282.25
Scenarios 1& 2 &3 &4 $354.65
6. Conclusion and Future Work

The formulation of the Volunteer Management Model
(VMM) was presented. The objective function and
constraints were explained, along with the asswomnpti
made by the model. A series of practical exampléh w
short and long-term task demands was presented. The
various features displayed by the model were disaisn
the corresponding sensitivity analysis; complexapzeter
interactions on the objective function were obséneas
well as preemptive training assignments in certaisk
demand scenarios. Much more analysis will be necgss
to understand the true nature of these interactions
Possible additions to the model were described @ w
some of which may be incorporated in future versioh
the VMM pending discussions with interested parties

This model is a good start to determining volunteer
assignments for a humanitarian organization respgrid

a crisis. Several useful features are includedh sas
volunteer skill levels and training, scenario-basesting,
and additional task demand generated by unmet task
demand from prior periods. However, several assiompt
are made as well which limit the capability of thedel to

a degree, such as not tracking volunteers withigbart
training completions or assuming that all of thquested
cost parameters are known with relative accuraaciiy
these aside, the VMM has plenty of useful insigét tp
be analyzed, and is currently capable enough fed fi
testing.

Currently, the model only accounts for volunteerst |
due to assignment preference mismatches, where ther
may be many other reasons that control volunteer
availability (e.g., time available, fatigue, or uny). The
model also does not have a parameter to contreldsdbd
volunteer arrivals and departures, or a penalty fovsdle
volunteers, which sometimes is a more common pnoble
for humanitarian relief organizations than voluntee
shortages. It would be interesting to considerathidity to
reassign tasks/demands to other organizationsg atdtm
any costs of doing so. This could prevent any unmet
demands from multiplying and overwhelming the arai
humanitarian organization. As discussed earlier, a
practical example of this would be disease consmud
prevention, where falling behind on preventive tteal
measures could be very costly later.
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