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Supporting the operational performance management of public service systems
during slow-onset disasters

Duygu Pamukcu

Abstract

Disasters impactifferent communities differently due to pexisting vulnerabilities and
inequalities, whicldiversify amounts and types of public service needs. Understanding the varying
needs of communities that rely on government services helps detiakars allocate limited
resources properly during crises to maintain effective, efficient, and equitabiessgrovision
across the region. ®dissertation includes three independent studies which commonly investigate
how service operations can be successfully managed to maintain the operational performance goals
of public organizations during sleanset diasters.

The first study focuses on the volatility in the service needs of citizens from a public system
during a longterm disaster. The study proposes a time series approach for predicting demand
volatility patterns to manage service productivity. Thiapthr explores the longitudinal impacts
of longterm disasters for better service performance management since the timely and accurate
prediction of deviations from the expected service demand is vital for utilizing limited resources.
The study further disses the differential impacts of such disasters across locations of socio
economically diverse populations to emphasize the need to consider the diverse needs of people for
efficient and effective service provision.

The second study builds upon the dsstans in théirst study and discusses static and dynamic
risk factors of slowonset disasters to reveal how these factors diversify the service needs of
communities and impact the corresponding service response performance of public systems during
the dsaster. The study performs time series analyses to test the impact of capacity adjustments and
dynamic disaster risk features on service performance, considering service response time as the

performance indicator.



The third study focuses on efficient and equitable capacity management and prioritization
strategies of an information technolelgised public system that experiences significant changes
in service demand during disasters. The study presents a mathemmts quantifying the
relative service efficiencies associated with service requests from aroutputbased standpoint
to uncover the inefficiencies in response performance to different service categories. The paper
discusses the opportunities for mgimg service efficiency and equity within and between service

departments by rearranging available capacities and prioritization strategies during emergencies.
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Disasters impact different communities differently due to-gxisting vulnerabilities and
inequalities, which diversify amounts and types of public service needs. Understanding the varying
needs of commmities that rely on government services helps decisiakers allocate limited
resources properly during crises to maintain effective, efficient, and equitable service provision
across the region. The three independent studies of the dissertation corimvesligate how
service operations can be successfully managed to maintain the operational performance goals of
public organizations during sleanset disasters (e.g., climate change, drought, pandemic).

The first study focuses on the variability in tleéce needs of citizens from a public system
during a longterm disaster. The study explores the longitudinal impacts of disasters for better
service performance management since the timely and accurate prediction of demand variability is
important for reource managemerithe study further discusses the different impacts of such
disasters across locations of seemnomically diverse populations to emphasize the need to
consider the diverse needs of people for efficient and effective service provistgosecond study
discusses disaster risk factors of slomset disasters to reveal how these factors affect the service
needs of communities and impact the corresponding service response performance of public
systems. The study tests the impact of capadfjystments and disaster risk factors on service
performance. The third study focuses on efficient and equitable capacity management and
prioritization strategies of a public system that experiences significant changes in service demand
during disasters. He study quantifies the relative service efficiencies associated with service
requests to uncover the inefficiencies in response performance to different service categories. The
paper discusses the opportunities for managing service efficiency and eijuitlyand between

service departments.
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Chapter 1. Introduction

Apartfrom the adverse impacts on livelihood, physical infrastructures, and the economy, disasters also
severely affect the normal functioning of everyday local systems. It is crucial to note that when a disaster
disrupts the daily life of communities and thgukar operations of their local systems, recovering from its
impact and maintaining critical services depends on resolving many problems that arise (Galindo & Batta,
2013). Historically many devastating crisis events affected people and regions loogithpalty. The
September 1M terrorist attacks in 2001, Hurricane Katrina in 2005, teHaiti and Chile Earthquakes
in 2010 are only a few examples that urged public organizations to be more resilient to such severe events
for more effective and effient management of operatiogsBoyne et al . , 2006 ; O6Br
& Zobel, 2021)

In addition to devastating sddnonset disaster events such as floods and earthquakegreetcrises
such as the ongoing global CO\AUI® pandemic or climate change point out the further need foitéony
planning and management strategies to cope with the dynamically changmagnis impacts of such
longitudinal disaster@Cole et al., 2021; Yamori & Goltz, 2021Accordingly, this dissertatioiocusson

supporting the operational performance management of public service systems durogssibdisasters.
1.1. Goalsof the Dissertation

This dissertatbn builds upon how information and communication technolbgged public service
systems are affected by and respond to-tenign slowonset crises while trying to maintain critical services
to citizens andupportdisaster management practices of government ageWdeefer tothéeermii pu b | i ¢
serviceo for regular, everyday servicesafederalvi ded
state, or local government. Throughout the dissertation efgpte question how service operations can
be successfully managed to maintain the operational performance goals of public organizations during
longitudinal disasters. From the performance management perspective, we examine many operational

performanceriteria, such as efficiency, productivity, and equity in service provision



The first studyaims to predict irregular variance in daily serweguest volumeduring a slowonset

disaster to manage service productiwtiich leads tdhe following overathing research questions:

RQ1: How does a slovonset disaster affect a public service system's daily service demand volatility?
Does the demand volatility behavidnangeacrosdifferentservice categories agrossommunities

with diverse vulnerabilitypackgrounds?

The second studyocuses more on the service performance of public systems while they are

experiencing varying types and volumes of service requests from citizens duriftgriongdisasters. The

study poses the following overarching reseaygéstions:

RQ2: How do the dynamic disaster risk factdie., daily disruption likelihood and exposurgjpact
public service performance over time? Does service demand volume mediate the impact-téraniong

disaster on service response time?

The third studybuilds upon the knowledgeom thefirst two papersand focuseson how longterm
disasters may affect the service demandcommunity membersaand the corresponding response
performance of the service providers. The paper focuses on affiaed equity irservice provisionand

examines the following overarching research questions:

RQ3: How does the occurrence of a disaster affect the relative efficiencies of different service categories
of a public service system? How might the relatiiieieincies of service categories with varying levels

of urgency be affected during a disaster?

1.2. Organization of the Dissertation

The main body of the dissertation includes threkependenthapters that commonly investigate the
performance managenteof a service system during a loteggm disasterThe dssertationchaptersare
presentedn the paper manuscript format, including their unique motivations, research methodologies,
analysis results, discussions, and conclusiexsept the dissertatioriieal chapter, whiclsummarizes the

overarching research findings and contributions and concludes the dissertation.



Thefirstst udy, AManaging the productivity ,offcuses muni c
on thevolatility in theservice needs of citizefimm a public systenduringa longterm disasterThe study
proposes a time series approach for predicting demand volatility patterns to manage service productivity
according to an important aspect of the Theory of Swift, Evew FKSEF) the variability in service
demand. This chapter explores the longitudinal impacts of-temmy disasters for better service
performance management since the timely and accurate prediction of deviations from the expected service
demand is vital foutilizing limited resourcesThe study further discusses the differential impacts of such
disasters across locations of seemnomically diverse populations to emphasize the need to consider the
diverse needs of people for efficient and effective sergrovision.

Thesecondt udy, fAiUncovering challenges in maintainin
systems during lonterm disasters ouildbupon the discussions in the previatigdy, where we discover
citizens seek municipal services varying types and volumes during letegm disasters. Thpaper
discusses static and dynamic risk factors of shoset disasters to reveal how these risk factors diversify
the service needs of communities and impact the corresponding service respfumsgapee of public
systems during the disaster. The study performs time series analyses to test the impact of capacity
adjustments and dynamic disaster risk features on service perforroansilering service response time
as the performance indicator

The third study, iManaging Efficiency and Equi t)
Systems During a Disaster, 0 focuses on efficient
strategies of an information technolelggised public syem that experiences significant changes in service
demand during disaster§he study presents a mathematical model quantifying the relative service
efficiencies associated with service requests from an -opyutbased standpoint to uncover the
inefficiencies in response performance to different service categbniepaper discussése opportunities
for managing service efficiency and equiythin and betweerservice departmentsy rearranging

availablecapacitiesand prioritization strategieduring emergencies.



1.3. Research Methodologies

The first paper introduces an econometric time series modeling approach, namely the Generalized
AutoRegressive Conditional Heteroskedasticity Model (GARCH), to predict future volatility in service
demand patterresnd identify significant contributors to the daily demand volatility.

The second paper follows an Event Study approach to reveal the significant differences in demand
patterns and corresponding service response times of a public service system. Thethgrdgpplies a
time series forecasting method, a Seasonal Autoregressive Moving Aweithgéxogenous Variables
(SARIMAX) model, to predict daily response times to service requests

The third paper proposes a Data Envelopment Analysis (DEA) modehparametrianathematical
modeling method, to quantify the relative efficiencies of service categories of a public servicefisyatem

an inputoutput standpoint
1.4. Scope and Limitations

The empirical studies in this dissertation mainly focus on two-esthblished 311 neemergency
service systems: New York City 311 (NYC311) and Orange County Florida 311 (OCFL311) systems.
Although both systems have proven their success in emergen@rgaepss and response (Williams &
Phelan, 2011), they differ in terms of the scope of their service area and have some structural differences
in their system design and operatiofibey provide a significant amount of data indicating many details
about evey single request. Thextensive analyses of thesg s t ewalsddcumented service reports
throughout the dissertation chapters rewvaahy exciting andimportantfindings, which helppoint out
potential challenges a system might experience during disastd how managers can benefit from
presented outcomes and methods.

Despite thdarge quantityo f det ai |l ed data and a decent wunder st
relations with their business partners, the presented papers have some limitadetasamailabilityon the
system sidef-or example, we lacierfect information about specific actiahe systems hauwaken to deal

with the impacts of the pandemistill, the public records on service requests, available performance



reports, and meetys made with the Orange County Florida 311 system managers allow for discovering

potential adjustments that help a system to perform effective practices. Furthenmomegde some

assumptions and approximations to complete the bigger picture of the aper&or example, the third

paper presents an approximation for the te¢avice capacity due to the lack of more granular data on daily

service capacity. Lasthfpcusing only on representative service systems is another limitation. Still, we

demonstratehow the presented average response behavior is consistent across several departments

providing services under the coordinated service systems, indicating the generalizability of the presented

approaches over different systems. Throughout the dissenpatpmrs, we discuss the limitations of each

studyin more detail and mention how they pointtany excitinguture research opportunities.

1.5. Contributions of the Research

The dissertation papers provide several contributions to research and practice.

1

The first papeis the first to presemt time series method that successfully forecasts unstable demand
volatility.

The first paper contributes to the literature by exangirive productivity of a service system from

the perspective of TSEF for the first time.

The first paper raises awareness about the multidimensional reactions of citizens to different
municipal services.

The second paper contributes to the literaturedayiing disaster risk in terms of dynamic and static

risk features in a slownset disaster context.

The second paper emphasizes the need for a careful examination of social vulnerabilities in a public
sector operations conteixtmaintain efficient and equaible service provision during disastsisce
pre-existingvulnerabilitieselevate disaster impacts and diversify the needs of communities.

The third paper is the first attempt to analytically assess the relative service efficiencies of a
coordinated teatology-based public service system that needs to persist during a disaster regarding

the requests received from citizens.



The third paperhighlights that efficient service performance is possible by allocating service
capacity efficiently and properly agsing urgency levels to service categories.
The third papeemphasizethe potential fomncreasederviceefficiency inequity within and across

municipal departments
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Chapter 2. Managing the productivity of a municipal service
systemduring a pandemic

Abstract

Slow-onset disasters are logrm and lowintensity events with gradual or variable impacts. Slow
onset disasters require local governments to respond to and recover from their varying effects and maintain
service performance despite the volatility in tieeds of citizens and government capabilities. We present
a tool for predicting irregular variance in daily service needs during asiset disaster to manage service
productivity by focusing on one essential aspect of the Theory of Swift, Even FRiemaging the
variability in service demand. We propose a General Autoregressive Conditional Heteroskedasticity model
to empirically assess whether a service system experiences an irregular and conditional variation, i.e.,
volatility, in daily service demandiue to a slowonset disaster. The service request types are grouped based
on changing demand volumes, considering if they experience a significant increase or decrease in demand
volumes after the initiation of the disaster or if these request types aclydaffected by the ongoing
disaster by comparison to the fafisaster period. Thean econometric time series analysis is performed
separately for these groups. The study further discusses the possibility of differential impacts of such
disasters acroggeographic locations of soearonomically diverse populations to emphasize the need to
consider the diverse needs of people for efficient and effective service provision. As a case study, we
examine the volatility in daily 311 neemergency service regste and discuss the impact of the COVID
19 pandemic, a recent slamset disaster, on the volatility of this system. thendiscuss the value of
predicting future volatility on the productivity of a public service system.

Keywords: Productivity, Theoryf &wift Even Flow, 311, Public Service System, Time Series, GARCH




2.1. Introduction

Along with the potential to cause catastrophic loss of life and physical destruction, disasters also severely
impact the proper functioning of everyday local services. Even when a disaster hits a region, the
municipalities maintain the responsibility toopide necessary services to their citizens. Historically, the
vast majority of disaster research and theory spin around swtdeh disasters, e.g., earthquakes,
hurricanes, and tsunamis, especially on the most significant and destructive historical( &tzemte
Delgado, 2019)The devastating crisis events of last decades, such as the nrajisttattacks of 9/11 in
the U.S., the catastrophic Category 5 Atlantic Hurricane Katrina, and the SARS outbreak in the Far East,
underline the importance of hidavel service performance and urge public organizations to be more
resilient to such disrdjwe disastergBoyne et al., 2006)Such historical eants build knowledge on
potential future impacts, helping local governments better prepare their services for future catastrophes.

Disaster events that are letgym and low intensity with gradual or variable effects, such as droughts,
famines, and pandens, are referred to as slamset disasters. Because they are often perceived as easier
to manage than their sudden onset counterparts, due to the availability of more time to plan and implement
proper responses, slewnset disasters often receive leswrgton from researchers. However, recent
literature has highlighted that slesnset disasters merit greater consideration since their exclusion may
adversely impact the communities that are ultimately affected by (Memori & Goltz, 2021a) The
COVID-19 pandemic and global climate change, two of the more significant recerbrst@ivdisasters,
have proven the need for governments to develop ways of coping with their severe impacts on lives,
livelihoods, and communitigyyamori & Goltz, 202).

Since disasters vary in many aspects, such as scope, duration, frequency, and speed, each crisis requires
careful preparation and management to respond to and recovéisfnamgative impacts. Effective planning
and adptation to slowonsetdisasters igspecially challenging in urban areas due to complex governance
challenges, limited capabilitiesocial, political, or financiahstabilites as well asincertainties due tine

disaster itself(Cole et al., 2021)Furthermore, failure in learning, repeated mistakes, and insufficient



mitigation and prepariain may result in inadequate and delayed strategic and operational response to such
extendedlisasters, resulting in acute and irreversible consequéviardNassenhove, 2006)

In this study, we aim to predict the longitudinal and dynamic impacts of acsieet disaster on a public
service systerin order to support momffective and efficient resource management. We focus on system
productivity, often reckoned as a leading indicator of operational performance, arguing that all other
performance contributors (i.e., automation, resource efficiency, utilization, or information technology)
influence operational performance through their effectspooductivity (Schmenner & Swink, 1998;
Schmenner, 2001, 2004)o mitigate poductivity in response to a sleanset disaster, we focus on one
essential aspect of the Theory of Swift, Even Flow (TSERNnagingvariability in demand. Timely and
accurately predicting deviations from the expected service demand is vital for ufilizitegl resources
and maintaiing efficient and effective service provisiof.positive or negative deviation from expected
service demand may result imnderutilization or overutilization of resources, decreasing system
productivity. Thus, we aim to predi the daily demand volatility of a public service system before and
during a slowonset disastdn orderto support taking action tmitigateimpactsot he syst embs r e
management.

While the types and volumes of service needs may vary across rnisneoenmunities, sucpublic
servicesystems may also experiera®anges irdifferent service needs before, during, and after a disaster.
While some service needs significantly increase, others may substantially decrease or not be affected by
the disaster taall (Pamukcu & Zobel, 2021)The diverse impact of crises on different service types
highlights the multidimensionality in reactions of such systems to aimsaits. Accordinglysimply
evaluating the total service demand may not provide sufficient or comprehensive insights into hew a long
term disaster may affect demand volatility.

Considering diverse reactions to different service needs during disastdist\geoup service types
based on a preliminary analysis and evaluate the daily demand volatility of each group separately.

Specifically, we create three groups, considering if they experienced a significant increase or decrease in
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demand volumes aftené initiation of the disaster and if the service types are directly related to the ongoing
crisis.Based upon this groupingre poseur first research question as follows:

RQ1: Does a public service system experience significant volatility in dailgseteimand (call volume)

due to a slowonset disaster? During such a disaster, are there any differences in the daily volatility of
different service groups?

We thenextend our analysis into the volatility of service requests received from diffecationsto
observe if theareaswith diverse socioeconomic characteristics may react to disabitfarently. Such
disparitiesn service requestsay result in discreggncies in the service needs of different aréas leads
to thesecond research question:

RQ2: Does a slovwonset disaster differentially impact the service demand variability for each service
request group in different municipal boroughs (semtmnomiclly different communities)?

To answer these questiomg focus ortheNew York City 311 (NYC311) noemergency call system
as a representative public service systentdwe use theimpublicly availableservice request data four
empirical analysis. Wdevelopan econometric time series prediction model to measure the volatility in
daily service demand (call volumes) during a stmget disasteusingthe daily fluctuations in the number
of 311 requests during the COD® pandemi@sa specific examplef such adisasterTo predict daily
demand variance, evpropose thase of theGeneralized Autdregressive Conditional Heteroscedasticity
(GARCH) mode] since the volatility is nonconstant and conditionally dependent on the volatility of
previous days. fien, we compare the volatility in different boroughs of New York Citylustrate the
differential effects of disasters in different locatioasd to consider the corresponding efficient allocation
of limited resources to reduce overall volatility irsgym productivity.

This study is relevant to the Disaster Operation Management field with its strong link to the practice of
operations management through its exploration of the potential of 311 data to support service operations
management. The COVHDI pandemic is a slowenset disastehat isgradual in onset and global in scope.
Considering its severity and exterigcusing on this particular disastgives us a unique and rare
opportunity to examine public service system reactions to atlng slowonset disruptive event.
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Quantitative assessmentglog significant effects of disruptions on deviatton daily service demandnd
eventuallyon service productivityprovide government bodiaegith an effective means to enhance their
public service systa operational management. &lapproachthat we present in this papean be
generalized to other sleanset crises with gradual or variable impacts over,tsueh agxtreme climatic
eventdike heatwaves or winter storms due to climate change, whichgtarted to occur more frequently
worldwide (Curriero et al., 2002yang et al., 2019; Kianmehr & Pamukcu, 2Q2R¢an also be applied to
seasonal climatic suddemset events such as Atlantic hurricanes, which might or might not turn into severe
disastes but periodically cause significant dynamic changes in weathaitions and require continuous
monitoring and preparation.

The dsaster operations management literature rarely considers the longitudinal impact-frhong
disasters. This study is unique in terms of presenting an econometric time series appaoachrbfor
variability in service demand over time due to a stiget disaster. Additionally, this study is the first
research effort to establish the relevance of the TSEF to the productivity of municipal services facing
disruptions due to a longitudih disaster event. Furthermore, examining the possibility of differential
impacts of such disasters across geographic locations opens further discussion on why service providers
should account for differential impacts of disasters for efficient and efées@rvice provision. Last but
not least, identifying call type groups differentially impacted by disasters and discussing multidimensional
reactions to disasters provides additional insights into how service providers should manage the request

variability to maintain service productivity.

2.2. Background

In this section, we revietherelevant literaturgfocusing on 311 call systems in Section 2.1, call center
operations management in Section 2.2, and service system productivity from the TSEF perspective

Section 2.3, and we position our reseacbordingly.
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2.2.1. 311 noremergency call systems

This study focuses on municipal Btall systems as representative public sector service system
operating in many metropolitan areas in thatedd Statesand Canada. The original 311 nemergency
service request system was built in Baltimore, Maryland, in 189 singléelephonéhotline (Schwester
et al., 2009) aiming to reduce overload the 911 emergency call system by extenaiwabersof non
emergency requests. Since then, many independent 311 systems have been established to facilitate service
and information exchange between citizens and local agencies. Thd&®j,1 serviceis corsidered a
multimedia hub, municipahformationsource, and community engagement tool, which evolved from a
simple calicenterbased service over tim&amuel, 2019)Many 311 call systems successfully integrate
new information communication technologies (ICTs) into tbp&rationgo improve service delivery and
resiliency to disruptions. They generally provide multiple modes such as phone or ibtexegtaccese t
government servicesjumerouslanguage optionsand additional alternative options for people with
disabilities, in order taonnecwith a broad range of their populations to improve the level of public service
(Larsen & Milakovich, 2005)Additionally, many 311 systems offer free access to their data, enhancing
communication and collaboration witheawies and citizens.

The great potential of 311 systems in the accountability and responsiveness of local governments has
been pointed out by researchers from varitields, such as organizational theory, public administration
researchers, and urban affaand planningSchwester et al., 2009; Wu, 202Becenstudies have started
investigating the potential value of 311 service data to examine citizen service request behavior and
municipal service performance during emergencies. For exadyide] et al. (2018)se 311 service data
to characterize the operational performance of municipal service systems during natural disasters.
Additionally, 311 service data have been used to quantify the multidimehssiti@nce of a community
based orthe volumeand timing ofdifferent servicetypesrelated to severeieatherevents(Zobel et al.,

2017; Dobel & Baghersad, 2020)
Existing research efforts also emphasize that 311 systems allow service providers to provide more

effective and efficient disaster managem@&d Br i en, 2016 ; PTaawsigrkficant hedptof a | . ,
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the Orange County, Florida 311 system in collecting requests abowdipastier service needs during the
2004 Atlantic hurricane season is a good example of how these systems can betiefuiin y 6 s di s ast
management efforts. Since the noteworthlp fed the 311 system in response and recovery operations in
the area in 2004, the County government has been encouraging people to submirediatesidssues to
thdr local 311 systenfWilliams & Phelan, 201;1Kennedy, 201p

In another recent exampRamukcu and Zobel (202dgmonstrated how 311 call data is able to reflec
how public response to a pandemic crisis and the associated government actions mayngiffesiing
the potential formprovingservice provision effectiveness before, during, and ditaistersPamukcu and
Zobel (2021) and Pamukcu et al. (2021)e@vthat311 systems experienceeimarkable service volume
and frequency changeésie tothe pandemic crisisRecognition of the substantial contributionrsath311
systens in providing timely information to the public and effective response to reghestsade this
system a reliable source of information and a helpful tool during crises (Pamukcu et al., 2021).

2.2.2. Managing call center operations

Call centers (or customer contact centers) are the preferred means for organizations to provide
information and assistance to their customers, especially after the decreased costs and growing accessibility
of ICTs(Aksin et al., 2007)Today mosserviceorganizations, including private companies, governments,
and emergency services, estabtiall centerghat arehighly integrated with various ICTs to enable better
service and effective information exchange between customers and service providers.

Typically, a service system such as a call center must perform the reqaezsieerelativelysoon after
the request is received. However, the service capacity cannot be inventoried, and there is only little
opportunity toeffectively queueequests before processing them. Furthermore, the significant variation in
both arrivals of requests and see/times brings uncertainty in operational decisions such as staffing and
scheduling of these systems. Due to such operational challenges and uncertaihtiester operations
have gained thimterest of operations management researchers in severalréo including forecasting,

schedulingcapacity planningand queueingGans et al. (2003)rovide a literature review on call center
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operdions management that primarily addresses analytical models supporting capacity management
decisions.

The prior studies indicate that call center operations management generally follows aupottom
hierarchical capacity plannirgpproachwhere the decisns start with queuing models to determine the
required personnel levels for hours of a working day, followed by scheduling models to determine weekly
personnel schedules, and at the taitizing hiring models to choose longtsrm staffing requirementbat
resultin a monthly or quarterly required number of hires and training. Operational decisi@ushn
hierarchical capacity planning require many inputs, such as arrival rate, service rate, productivity, or
turnover rate, which are primarily estimatmsed on historical data using time series methods (Gans et al.
2003).Gans et al. (2003) indicate that call centers mostly assess service times or other parameters based on
averages from historical data instead of detailed forecasting methods.

Although the literature indicates that many call centers experience significant variability in arrival rates
over time, many research papers ignore the nonconstant variance if the time interval is relatively short (e.g.,
minutes, hours), and they applytiiaary modelg§Gans et al., 2003; Whitt, 2006; Green et al., 208@ne
researchersotus on more extended periods (ex., days, weeks, or months) and assurrstadiorary
arrival rate(Gans et al., 2003; Brown et al., 2005; Alddésiman et al., 2009)They use autoregressive
time series models since the arrival rates are serially ctateland variability and seasonal patterns are
predictable.

In this paper, our focus will be on the daily number of service requests iremmangency call system
with nonstationary variance, especially after the initiation of a disaster. We aim iotpgtediation from
stationary call arrivals since natationary arrivals challenge capacity planning. Either positive or negative
deviation from expected service demand causes underutilization or overutilization of resources, decreasing
t he sy s teacynénd praddcfivitycThe proposed time series model can be used to quantify and

forecast potential fluctuations in service demand over time.
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2.2.3. Service system productivity from the TSEF perspective

Although governments continuously take actions toweproved service performance, there are no
globally agreed evaluation criteria to assess service performance isieejudged by multiple
constituencie$ consumers, taxpayers, politicians, €Radnor, 2015)In this paper, our discussion is
centered around productivity, a fundamental concept in assessing operational service pertbiahiance
often a matter of concern in the operations managememtain where particular attention is on
maintaining or mitigting productivity due to system disruptions or unexpected irregularities. Productivity
measurement is more challenging in public servicesitharn moretraditional manufacturing or private
service systems. The main reagonthis is that the serviceutputs are more intangible, which makes
productivity challenging to quantify. For example, many public seragencis, such as police or fire
departments, aim to prevent unwanted outcomes or emergencies rather than seeking an increase in output
(i.e. crisis eventsuch adires or accidentsjJaaskeldinen & Lonnqvis2011)

Governments invest in emerging information and communication technolt@ipsovide more
effective,efficient, and transparent public servif@i & Shen, 2019)However, despite the investments in
information technology, operations have experienced slowertEmgbenefitsin both productivity or
effectiveness, which is referred (Karwan & Mdrktaed, A pr o d t
2006) Coupled with many other difficulties, such as the ratdkeholder structures and thesdeor
socially equitable service to the public, governmental agencies continued to seek vemfmance
productivity while improving responsiveness to tequests of peopEmultaneouslylLee & Perry, 2002)
Schmenner (2004) explicitly discusshe influence of information technology on productivity through its
impact on the speed and variability of service flow. This allovgowernment practices and Citizen
Relationship Management (CiRM) implementations to contribute to the productivity ofipalrservices
through a more accuratharacterizationf service demand.

In the literature, several approaches are presented to measure service productivity. For example,
utilize the detailed operativevel productivity examinatiorjaaskelainen and Lonnqvist (A)tategorize

service outputs into two main aspects: tangible (quantity, magnitude, availability, or location, etc.) and

16



intangible (atmosphere in service provision, the satisfaction of direct or indirect customers, etc.). They
propose a weighted inddrased on multiple service outputs. On the other hinldSanchez teal. (2016)
consider hospital productivity as total factor productivity tbantainsunobservable aspects, such as
managerial ability and input quality.

To explain the differences in productivity between different (manufacturing or seppeeations
Schmenner and Swink proposed the Theory of Swift,
swift and even the flow of materials (or informat.
(Schmenner & Swink, 1998). The theoiydicates that the productivity of any process (e.g., labor
productivity, machine productivity) increases with the speed of the flow and diminishes with variability in
demand or in the steps of the process itself (Schmenner & Swink, 1998; Schmennef IBOTBEF uses
a set of welrecognized laws related to operational productivity. The theory argues that productivity can
be enhanced by reducing the variability in demand or in the process itself (law of variability), by eliminating
or better managing itenecks (law of bottlenecks), by eliminating readueadded work (law of quality),
by applying scientific methods (law of scientific methods), and by focusing on a limited set of tasks (law
of factory focus). The TSEF relates each of these laws ta dithehange in speed or the variability of the
flow within a given process (Schmenner & Swink, 1998). Schmg@0é¢d, 2015prgues that swift, even
flow has the same impact on the service process that it has on manufacturing or agriculture processes, which
either speed the servioe reduce variation, or both.

Different studes have used TSEF to explain manufacturing and service operations productivity.
Germain et al. (20019how that the evenness of process flow enhances productivity, based on the finding
that throughput variance predicts financial performance as an artifact of operational process knowledge.
Fredendall et al2009)also use the theoretical perspective of TSEF to examine the perioperative surgical
services dgartment and mention the need to incorporate internal coordination into the theory to account
for supply chain coordination efforts.

Although service operations studies have long discussed the issue of productivity, they also
acknowledge the difficulty adictually measuring productivity in service operations (Karwan & Markland,
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2006). To this end, Schmenner (2004) redefines the service process matrix produced in Schmenner (1986)
using the lens of TSEF and underlines productivity as the key issue in expltiri underlying reasons

for differences in service provision across organizations (Schmenner, 2004). By analyzing a case study
focused on the Department of Motor Vehicles (DMV) in South CaroKiaawan and Markland (2006)

further demonstrate the importance of service productivity by applying the TSEF and specifscalss

its potential in the context of government services (Karwan & Markland, 2006). Devaraj(2018)
subsequently use TSEF to examine the impact of information technology on patient flow and healthcare
service performance in general from an operations management perspective.

In the context of a typical municipal sereisystem, the variation due to service customization can be
related to the natural variation in response times across different types, or categories, of service requests.
For example, a broken water main requires a much quicker response than a cobyplaangissing street
sign. Given the nature of the municipal service process, it is also essential to consider issues such as
socioeconomic disparities that could result in significant discrepancies in the service needs of different
areas. Whether impligy or explicitly, municipal services need to consider differential socioeconomic
vulnerabilities to allocate resources equitably.

TSEF motivates us to evaluate the deviation from target service performance by quantifying the
variability in daily servicaequest numbers over time. In this study, our focus will be on monitoring and
exploring ways to reduce the variability in service demand to maintain service perfoimdrepresence
of system disruptions or unexpected irregularities. We further aimamiee the variability in service
demand in different locations. This will allow us to exhibit the differential needs of communities living in
different geolocations to enable decisimakers to allocate resources where most needed (law of
variability) andto distribute the right types of resources to the right places (law of quality), thus, improving

overall service performance.
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2.3. Methodology: Datadriven time series modeling

Several studies ughe queueing theory approach for predicting call centeriee demand, assuming
that arrivals follow a Poisson process. A common practice for call center capacity and staffing decisions is
touse Erlang queuing models due to their ease of applicéBams et al. 2003, Aksin et al. 200FApwever,

Erlang modelsmeasure steadstate performancegassuming a constant arrival rateing the Poisson
distribution. APoisson process makes a constant variance assumption where the variance of the number of
arrivals in each time period is equal to the expected variance for that period. Previous studies empirically
invalidate this strong assumption and show that the eiemand distribution highly depends on the
timescalg(lbrahim et al., 2016)Although the Poisson model represents shorter timescales (i.e., minutes)
well, it worsens at larger timescales (i.e., hours, days, etc.). Therefore, it may considerably underestimate
the true variance of daily service demaf@vramidis et al., 2004)The variance of daily call volume is
generally greater than the mean; therefore, the call volume has overdispersion relative to the Poisson
distribution(Jongbloed & Koole, 2001; Deslauriers et al., 20&EMpirical studies also point out ththae
performance of highly timédependent systems may not be derived sufficientlstéjonarymodels(Gans

et al. 2003).

Call center capacity ghning requires many inputs, mostly estimated based on historical data using time
series methods. Many call centpredict arrival and service rates by calculating grand averages using past
observations instead afriecasing service times or other parataes in detai{Gans et al., 2003). However,

di sruption in the system due to a disaster gener
uncertainty and variance significantly change (Pamukcu & Za@#1 Pamukcu et al.2021). The

opposing argments about the constant variance assumption in call demand and prior findings about
significant changes in service requests due to disasters motivate us to use a time series approach to measure
and analyze deviation f r wemsdurhedobd remesentedibgt eatdy at at

or fcmrdmi so cal l vol umes.
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A time series model is applicable for measuring daily call volume since many studies empirically and
statistically have proven the significant dependencies betweardhest amoua in different periods,
either within a single day (intraday) or dayday (interday). Such dependencies even remain strong when
the time series is cleansed from seasonaBtpwn et al. (2005xnd Aldor-Noiman et al. (2009)in
particular,report the significant dependence between call volumes on successivin aeagier to account
for inter-day correlationsBrown et al.(2005) proposean arrival volume forecasting model having an
autoregressive feature to incorporate the previous call volumes into the prediction of future ones. In the
analysis sectiobelow, wethereforeprovide interday correlations of the daily number of calls to support
prior findings.

Traditional time series prediction models, such as Ordinary Least Squares (OLS), Auto Regressive
Moving Average (ARMA), or Auto Regressive Moving Average (AR), make a strong assumption that
volatility or variance is constant over time, which is caliethoskedasticityHowever, this assumption is
not always realistic, and the variance is not necessarily constant. Due to changing needs and priorities of
peopk during disaster events, tl31 noremergency serviceystem receives service requests with
unstable variance over time. So, in our context, we cannot mhkeaskedasticitassumption for the
service request volatilitgf the daily number of serviceqeestsduring a slowonset disaster.

The Generalized Auto Regressive Conditional Heteroskedasticity (GARCH) mesl@leveloped to
predict future variability where the variance is not stable but conditional on the variance of the previous
period. The GARCHmodel has widely been used in many fields, especially in industry and finance, for
volatility modeling(Bali & Hovakimian, 2009; BerAmeur et al., 2009)In this study, we examine if the
daily vatiance in service demand shows the GARCH effhat to a slowonset disasteandwe propose a
model to predict future volatility in daily service demand based on the longitudinal and dynamic disaster
impact.

Previously, researchers proposed various tieres prediction models to predict future daily request
numbers and response times for the 311-emergency service system. For examgglea and Veloso
(2014)and Zobel et a(2018)apply a random forest method to predict the daily average number of requests
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based orfive exogenougactors average temperature, temperature range, the occurrence of snow, day of
week, and holidays. Zobel et €2018)use historical data trecasthe requestolumesfor the following
year and compare the obsenaal volumesreceived witln the predictedangein orderto interpretthe
disaster impadbased on percent deviation from the expestrglicerequest/olumes forecasted based on
past dataKontokosta et a(2017)propose a gradient boosting regression model to pregiigtnumber of
service requests over timadcontribute to 311 system efficiency by informing resource allocation strategy
and improvig service responskladkour and Eren Tokgoz (202@)plement a decomable time series
model with trend, seasonality, and holiday components to predict call volumes in future hurricane seasons
based on eighirior hurricane seasons.

Althoughsuchprevious studies present effective methods to predict daily average semiaad none
of these earlier models address volatility in the daily average number-efmengency service requests to
manage productivity during disaster events. The TSEF indicates that systems could improve operational
productivity by reducing demand nability, so accurate measurement of service demand variability is an
essential step toward managing productivity. Hence, this study tests and quantifies demand volatility as a
standalone indicator of productivity. This will help decisiomakers monitoand explore ways to reduce
demand variability to maintain service performance when the system is prone to disruptions or unexpected
irregularities.

2.3.1. General Autoregressive Conditional Heteroskedasticity Model

This study proposes a tinseries prediabn model to empirically assess the daily volatility in the daily
mean service demand of a public service system during adomgcrisis. Engle initially introduced the
Autoregressive Conditional Heteroskedasticity (ARCH) moddld@2 and Bollerslev generalized it to a
General Autoregressive Conditional Heteroskedasticity (GARCH) mode8a A GARCH modelis
used when the assumption of constant variance over time does not hold and is applicable when the variance
of a time series is conditional on past innovations and lagged variance {BdmeSmeur et al., 2009)

The model includes a meanb-modeland a variancsubmodel, where the residuals tife mearsub
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model are input into the variance modeknerally, wellknown time series forecasting models such as an
Autoregressive Moving Average (ARMA) model or its variants are used as thesulearode| thus a
brief overview of ARMA variants is proged in the Appendix. The mean models airprovidea good fit

for predicting the mean, assuming constant variance over time, wheeiQ and’Q is constant
Supposing that the residuals of the mean model violate the constant variance assunt ftioresiduals

are conditionally heteroskedasticyariancemodel is necessary, aitdis built to explainthe conditional
variance intheresiduals.

The GARCH model predicts the variance,, thevolatility for the next periodbased on a constatt,
weighted sum ofthe p most recently observed squared prediction errors and a weighted thex ofiost
recently observed variancéstests if there is an unstable variance and predicts future volatility.

Suppose a meaubmodelis defined as in Eq1), where the output variabl@, ,the expected return
at periodd, differenced on lagl, is a linear function o& constan€) a weighted sum @f most recent return
values, the weighted sum gfmost recent predicted errors (or residudf®),and the vector of exogenous
variablesﬁé at periodd. The06 'Y 61y submodel can be expressed as in Eq. {@)ere'Q is the
conditional variance at peridagl] is the constant, is theprediction error at period and andf are

the weights of the corresponding components.

A @ row — F= (1)

Q] - I Q (2)

In order to build a GARCH model for a public service system, we use a traditional time series model,
e.g., the ARIMA model in Eq. (1), as a mesauribmodelto predict the daily average number of calls based
on thehistorical call volumes. Following the approach of Zha and Veloso (2014) and ZobelR&18, (

average temperature, temperature range, the occurrence of snow, day of a week, and holidays are included
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in the mean model as exogenous variables. Furthermayur particular exampleye include the disaster
effect by introducing the daily number of positive COVID cases as another exogenous variable to
account for the tim&arying impact of a longitudinal disaster. The significanchet&xogenous varldes

is thentested, and only the ones with significant contribgiare included in the final meaubmodel,

which is explained in model fitting in Section 5.3.

24. Data description and preparation

24.1. New York City 311 service requests

The NYC 311system was formally established in 2003. The NYC government enables open access to
historical and recent 311 service request data througheveridrk City Open Data initiative for improved
accessibility, transparency, and accountability of the City government (Pamukcu & Zobel, 2021). The
historical NYC 311 nofemergency request datess collected to examine daily fluctuations in service
request volume durgna longterm slowonset disastehis dataset includes a record of each unique 311
service request with the following attributé@mong others)the exact time and date, the responsible
agency, the complaint type, the street address, the borough,imesstatus and date, and the latitude and
longitude of the incident. Pamukcu and Zobel (2021) provide a detailed list of attributes. The full dataset

includes a total of 21,393,304 records from 01/01/2015 until 12/31/2021.

2.4.2. Grouping service requestategories

In order to group service categories based on the change in demand after the initiation of the pandemic,
we compared the average number of daily requests per service category before and afteraimgeslow
disaster had begun. The NYC governmamhouncecah eal t h emer gency one week
COVID-19 positive case was confirmed, on Maré¢h 2020.Thi s A St ate of Emergenc:
assumed to be an indicator of the beginning of the process of pandemic growth.

Ourinitial analysis is conductedsing asubset of the dataset (from 01/01/2020 to 08/18/2020) to group
service request categories based on changing demand volumes. The period covers the early onset of the

COVID crisis with multiple emergency announcements starting flarState of Emergency Declaration
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on March 7th, followed by the other statements of the city government (e.g., the closure of nonessential
businesses and phased reopening announcements) indicating the increasing or decreasing severity of the
ongoing slowonset disaster. During this time period, 1,067,814 service requests were issued.

In this initial analysis, we usenly the data for the 20 categorigigrequests with theighestcall volumes
since the remaining request types batly few or zero daily enies. Wethereforetest the significance of
the disruption on the call volumes for fleeselected top 20 categories. The NYC311 call system has
received 226,487 and 841,327 requests for the selected categoties gree and postemergency
declaration pedds, respectively. Table 1 summarizes the average daily service requests per category in
each of thewo periods. The last column of Table 1 shows the net change in daily call volume with
significance levels for each request type from the period beforeafied the health emergency
announcement. To test the significance of the shi
t-tests at p=0.05.

Table 1. Net changes in the average number of daily service requests
Average number of dailyrequests

Categories pre - 03/07/2020 post- 03/07/2020 difference8

Noise- Street/Sidewalk 914 745.3 653.9 **888
Noise- Residential 588.5 1206.9 618.4 **888
Non-Emergency Police Matter 22.6 465.6 443.0 **888
Illegal Fireworks 0.3 284.9 284.6**888

Noise- Vehicle 78.5 240.0 161.5 **888
Damaged Tree 28.0 186.0 158.0 *888*
Consumer Complaint 22.0 139.2 117.2 **888
NonCompliance with Phased Reopeni 0.0 92.3 92.3 **888
Unsanitary Condition 92.0 128.5 36.4 **888
Plumbing 54.4 82.6 28.2 **888
Water System 98.8 110.4 11.6 (0.28)
Noise- Commercial 94.8 103.3 8.3 (0.13)
Noise 119.7 107.1 -12.6 *888*
Missed Collection (AlMaterials) 114.4 85.6 -28.8 *888*
General Construction/Plumbing 98.8 62.3 -36.5 **888
Abandoned Vehicle 1191 70.6 -48.5 **888
Street Condition 197.2 113.5 -83.7 **888
lllegal Parking 539.2 420.5 -118.7 **888
Blocked Driveway 356.3 227.1 -129.2**888

Heat/Hot Water 715.8 226.3 -489.5 **888

(**: p-value < 0.0001, *: gralue < 0.001)
We observed a significant difference (either positive or negative) in the call volumes after the-COVID

19 pandemic began, except forthe Water Systemand Noise- Commercialservice request types. A
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positive net change in request volume is generally a sign of violation of the regulations or a lack of respect
for community rules. For example, the system experienced the most significant positive changes in the
Noise- Street/Sidewalland Noisei Residetial complaint types, which indicates the reduced tolerance
limits of the people during an emergency. On the contrary, a negative net change in request volumes
indicates that some citizen behaviors, which generally cause a complaint, decreased or bBecasitdde
to citizens due to their restricted daily activities, sudfiegal Parking Blocked DrivewayandAbandoned
Vehicle Additionally, some call typed/Vater Systenand Noise- Commercialservice requests, do not
exhibit a significant change iralt volumes after the pandemic announcement. We also identify the requests
directly related to the ongoing pandemic from the listed top 20 call categdoa€Emergency Police
Matter, Consumer ComplaintndNonCompliance with Phased Reopening.

This preiminary analysis indicates that demands for different-exmergency services are not
necessarihall affected by a disaster in the same way. This observation points out the multidimensionality
in reactions of a municipal service system to disasters whinhpoovide additional insights into how
service providers should manage the request variability to maintain service productivity. Thus, this study
separatelyexamines the demand variation during an ongoing-teng disaster for the call type groups
with different reactions. Fasur empirical study, wéhereforecreate three groups of request categories: (1)
fiincreasedo for the categories with a positive n
categories with a negative net change inrequestw me, ( 3-) ndpaedémior the dire
related categories.

2.4.3. Data cleaning and preparation

We further extend our analysis tife daily volatilityof NYC 311 service requests bgllecing a total
of seven yearsf time series dattom New York City We call the time interval®® pa fiday o wit ho
loss of generality. Eacbdenotes a distinct day measured over the time period from 00:00:00 to 23:59:59,
with 0 p representing the first day in the data set, @ntepresenting theumber of requests that arrive

during dayo. In total,”Y ¢ v voRgservations are available in the selected time window pF8 Y.
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Table 2. List of data sets with the daily average number of calls, and number of observations, from
01/01/2015 tdl2/31/2021

Daily average Number of
Request Groups # of calls observations
Bronx-increased 635.2 2557
Bronx-decreased 484.9 2557
Bronx-pandemieinduced 32.8 2557
Brooklyrrincreased 599.3 2557
Brooklyn-decreased 847.8 2557
Brooklyn-pandemieinduced 65.7 2557
Manhattarincreased 516.5 2557
Manhattardecreased 424.3 2557
Manhattarpandemieinduced 60.7 2557
Queensncreased 406.7 2557
Queengdecreased 715.2 2557
Queengpandemieinduced 61.7 2557

After removing thedata entries with missing information, we first calculated the daily number of calls
for each type for NYC borouglud the Bronx, Brooklyn, Manhattan and Queens (the daily service requests
for Staten Island were excluded since the borough received afidiesufnumber of requests (less than
the threshold of 30 requests per day) within the considered time wintioar) the call typewere grouped
based on the preliminary analysis of the effect of CO¥#) and threeategories ofjfroupswere defined
accordngly their type and behaviorincreasedrequests decreasedequests and pandemiinduced
requests
Wethusobtained 12 separate datasets for the study (see the details of the datasets in Table 2). Note that
average call volumes vary from 32.8.8 to & across datasesnd we have an equal number of

observations (days) in each defined time series.

2.4.4. Socioeconomic characteristics of New York City boroughs

Each service request recordedtie NYC311 service data includes information indicating from which
municipal borough the request is made. To investigate the socioeconomic and demographic discrepancies
across these boroughand thus better understand the diverse needs of communities ¥élrerdi
vulnerability backgroundsye used the Social Vulnerability scores of each borpughidedby the Centers
for Disease Control and Prevention (CDC). The CDC calculates rab&sef vulnerability indices across
the counties and census tracts ofltlnited States using the most recent Census and American Community
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Survey (ACS) datgSVI 2016 Documentation CDQ016) The vulnerability measurement is made based
on fourthemes:(1) minority status & language, (2) socioeconomic status, (2) household composition &
disability, and (4) housing & transportation. We obtained the SVI for the boroughs obB&&d on the
most recent available indices announced by the CDC.

Recallng that we excluded Staten Island from the study due to insufficient daily observations, we
present the vulnerability scores of the remaining NYC boroughs in Balle use relative vulnerability
information in the following analyses while discussing tlifferences in request behavior and demand
volatility across NYC boroughs. Based on the relative vulnerability scores, we observe that the Bronx has
the highest vulnerability scores in each theme, indicating that the borough hosts the most digatlvantag
population compared to others in terms of demographic and socioeconomic features. On the other hand,
Manhattan has the lowest scaerossvulnerability themes, excepiousing type andransportation
followed by Queens. Thus, we consider Manhattan andri@tederelatively advantagkregions.

Table 3. Social Vulnerability Scores of NYC boroughs based on CDC 2018 SVI
Bronx Brooklyn Queens Manhattan

Overall 1.00 0.92 0.74 0.63

Minority Status and Language 1.00 0.97 0.98 0.95
Socioeconomic Status 1.00 0.90 0.70 0.57
Housing type and Transportation 0.95 0.85 0.72 0.97
Household composition and disability 0.80 0.37 0.03 0.01

2.5. Volatility prediction model

2.5.1. Return calculation

The GARCH model has long been used in the financial econometrics field for modeling the volatility
of financial returns, which are the statistics calculated based on the current and the previous economic value
(i.e., price, asset, or inflation rate) (Endl®82 Bollerslev, 1986)In this context, théinancial returns are
considered the primary variable of interest for volatility modeling; accordingly, volatility models require
the economic values to be converted into relative re{iMliasei, 2009)

Financial econometrics calculates a simple asset return as the percent change in price.iSthen

price at period and0 is the price aperiodo p, 'Y —— is the oneperiod return on an
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investment in the asset between p ando. Echoing thism the context of daily call volumes in a service
system, we define return as tercent changéom the call volume of the ddyefore. We convert the daily
call volume data into daily returns in order to build a volatility model.

I n the remainder of the paper, wepergentdhdangencak t he t
volume (the number of service requests). Tlmeegwith O representing theaily number of unique calls
received® is the daily return in call volume from period p to 6, and iscalculated as follows:

™ L Y0 b o pMBTY (3)

The gandard deviation, , is used to measure return variability (volatility) over titdelike with the
financi al return, in our case, both positive and
the system in a steady state where the daily request volumes are stationary is the most advantageous for

efficient use of resources and produityiv

25.2. Observed volatility

The actualized volatility of call returns can be calculated based on historical data. Given the daily
volatility of returns,, , the annualized volatility is equal to daily volatility (standard deviation) multiplied
by thesquare root of the number of days the system operates (received calls in our case) in a year. Therefore,
the annualized volatility equals Vo ¢ (excluding thenstances oFebruary 29 from leap years in the
dataset)which is the static and unconditional standard deviation of calls. Since, in reality, the volatility
varies over time, we can compute the standard deviation over a specified period of time (i.e., a month) using
a rolling window approach by dropping ouethldest observation and introducing the most recent one in
each step to restimate the volatility. The volatility based on the rolling window approach is backward
looking, calculated based on the past data.

We used a 3@ay rolling window from 01/02/201% 12/31/2021 to calculate observed volatilities.
Figure B and Figurelb show the onenonth rolling volatility patterns for selected request groupbién
Bronx and Manhattan, representing seetmnomically diverse communiti€Bhe rolling volatility gaphs

for the increased call types indicate a change in call behavior as the pandemic spread compared to that of
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pre-pandemic periods. The highest peaks were observed during the pandemic event. How the volatility
pattern changed after the beginning of th@wsonset event differs in different boroughs, however,
indicating the diverse impact of the event on the service needs of citizens in different lodations.
example, in the Bronx, the variability in increased call types increased a lot after 202Q@hevpiédtern is
smoother in Manhattan, although it still is rising.

Bronx (Increased-calls) One Month Rolling Volatility  2015-01-02/2021-12-31

T T T T T T T T T T T T T T 1
Jan 022015 Jan 012016 Jan 012017 Jan 012018 Jan 012019 Jan 012020 Jan 012021 Dec 31 2021

Bronx (Decreased-calls) One Month Rolling Volatility 2015-01-02/2021-12-31

J T T T T T T T T T T T T T 1

Jan 022015 Jan 012016 Jan 012017 Jan 012018 Jan 012019 Jan 012020 Jan 012021 Dec 31 2021

Bronx (Pandemic_Induced Calls) One Month Rolling Volatility 2020-01-02 / 2021-12-31
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Jan 022020 Apr 012020 Jul 012020 Oct 012020 Jan 012021 Apr012021 Jul 012021 Oct 012021 Dec 312021

Figure la. Annualized rolling volatility patterns of Bronx call groups
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Manhattan (Increased-Calls) One Month Rolling Volatility 2015-01-02 / 2021-12-31
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Manhattan (Decreased-Calls) One Month Rolling Volatility 2015-01-02 / 2021-12-31
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Manhattan (Pandemic_Induced Calls) One Month Rolling Volatility 2020-01-02/2021-12-31

r T T T T T T T T T T T T T T T T T T T T T T T 1

Jan 022020 Apr 012020 Jul 012020 Oct 012020 Jan 012021 Apr012021 Jul 012021 Oct 012021 Dec 312021

Figure 1b. Annualized rolling volatility patterns of Manhattan call groups

Furthermore, the pandemilcducedcall groups also have different volatility behavior in those boroughs.
While the pandemiinduced requests of Bronx experienced peak volatility (above 50) in the first three
months of 2020, covering the initial declaration of the pandemic, the volatidyedsed below 15 and
reached a steady pattern in the following days of the pandemic. On the other hand, the volatility of
pandemieinduced calls in Manhattan did not get as high as in the Bronx. Although the Manhattan
pandemieinduced calls also experiezat high volatility at the beginning of 2020, it was maintained
between 5 and 15 during the first two years of the pandemic.

Next, we present a GARCH prediction model to predict volatility which can be used to forecast future
fluctuations.
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2.5.3. GARCH mockl assumptions

A time series model is applicable for predicting and analyzing call center daily arrival counts, as many
researchers have proven the significant serial correlations in arrival counts of successivéBreriodst
al., 2005; AldofNoiman et al., 2009; Zha & Veloso, 2014; Kontokosta et al., 2017; Madkour & Eren
Tokgoz, 202D To support pastindings, wefirst test the dependea®f service request volumes on
successive days of a week. TaBlpresents theepresentativénter-day correlations between daily call
volumes across the day of a week, based on-freai7311 call data for Manhattdor the Increased Calls
data(request categories witkignificantly increased calls after the pandemic outbreak). The correlations
indicate high dependency for the successive days of a week, and the correlations increase as the periods get

closer.

Table 4. Correlations between daily service requests counts on successive days of a week in Manhattan
(increased) calls (2012021)

Day of week Sun. Mon. Tue. Wed. Thu. Fri. Sat.
Sun. 1.00 0.40 0.01 -0.13 -0.20 0.06 0.35
Mon. 1.00 0.47 -0.01 -0.12 -0.02 0.07
Tue. 1.00 0.32 0.09 -0.01 0.00
Wed. 1.00 0.46 0.14 -0.06
Thu. 1.00 0.41 0.09
Fri. 1.00 0.51
Sat. 1.00

Time series prediction models such as ARIMA or GARCH recgtagonarydata, meaning there is no
unit root in the time series. We test the stationarity for two different time windows: First, from January
2015 to December 2019 (denoted as Period I), cogdhe five years before the pandemic outbreak.
Second from January 2015 to December 2021 (denoted as Period II), including both {p@ndesmic
period and the first 21 months of the COVID pandemic. Tabl® summarizes the outputs of the
Augmented Dicky-Fuller Testin each caswith the null hypothesis that a unit root is present (i.e., the time
series is nosstationary).

The AugmentedDickey-Fuller test values othetested periods indicate that netationarity increased
after the inclusion of thegmdemic period. We observe that calls for pandéntdaced request typés

particularwere stationary in all boroughs in Period I; in contrast, the time series becarst@atamary in
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Period Il. Increased and decreased call groups resemble similas iesalihost all test groups except for

the increased calls in Queens. Fhementedickey-Fuller test statistics drop off from Period | to Period

Il in each test group, which signals a longitudinal disruption in different service components even though
nat all those call groups are directly related to the ongoing disaster.

Table 5. Stationarity of the call returns with the null hypothesis that a unit root is present before COVID
19 (Period) and including COVID -19 (PeriodHl)

Augmented Dickey-Fuller

Test group Test period test statistic Lag order p-value
Manhattan
Increased
| -5.244 12 0.010**
1] -3.299 9 0.071
Decreased
| -6.251 12 0.010**
1] -3.451 9 0.047*
Pandemienduced
| -5.078 12 0.010**
1] -2.831 9 0.227
Brooklyn
Increased
| -3.956 12 0.011**
1] -3.675 9 0.025*
Decreased
| -6.120 12 0.010**
1] -3.854 9 0.016*
Pandemienduced
| -7.431 12 0.010**
1] -2.693 9 0.285
Bronx
Increased
| -4.162 12 0.010**
1] -4.044 9 0.010**
Decreased
| -5.695 12 0.010**
1] -3.174 9 0.092
Pandemianduced
| -7.263 12 0.010**
1] -2.8634 9 0.213
Queens
Increased
| -4.265 12 0.010**
1] -4.359 9 0.010**
Decreased
| -6.367 12 0.010**
I -3.368 9 0.059
Pandemienduced
| -5.955 12 0.010**
1] -2.968 9 0.169

(**: p-value <= 0.01, *: pvalue <=0.05)
The Period Il model was transformed to a stationary time series by differencing the data with a lag of 1,

so that the GARCH model can be applied. The Augmented Diekbgr test results for differenced call
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returns are presented in Appendix A, indicatingt the new differenced time series are stationary with p
value<=0.01.

A GARCH model isalsoonly applicable if the residuals of a fitted mean model ardowtogedastic
(independent of previous residuals and with constant variance over birsad the data should have
conditional heteroskedasticityn the residuals, wheréeteroskedasticityneans the irregular pattern of
variation in residuals, ancbnditional heteroskedasticitpeans the residual variance is dependent on the
past variation in resighls and resembles clustered patterns within particular periods of time.

One way of detecting this behavior is by testing the squared standard residuals by th¢ MREH
with a null hypothesis of no ARCH effect, i.e., that the time series is homoske&as each dataset, we
first fit a proper ARIMA model to predict daily changes in the number of calls for each group. Wheised
AIC (Akaike Information Criterion), AICc (Corrected Akaike Information Criterion), and BIC (Bayesian
Information Criterion)for the selection of the most plausible ARIMA alternative. Then weieghph
ARCH-LM test using the residuals of the fitted mean model.

The selected mean model performance indicators and the ARCHst statistics are presented in
Table6. For each calgroup and borough, we fitted a model for Period Il covering botilisiaster and
duringdisaster time windows. The results statistically prove the ARCH effealt if the created time
series excepor the one associated withe Queens increased cgitbup datawhichdoes not indicate a
remaining significant ARCH effect.

Table 6. ARCH-LM test results based on the fitted mean models (for Period II)

Fitted model AIC AICc BIC a ME RMSE MASE stZtei;:ic p-value

Manhattan

Increased SARIMA(1,1,2)(2,0,0) 133.8 133.8 1747 0.06 -0.01 0.25 0.49 89.1 8.2E15**
Decreased SARIMA(1,1,2)(0,0,2) 592.5 5925 633.4 0.07 0.00 0.27 0.52 72.7 1.3E11*
Pandemianduced SARIMA(4,1,0)(1,0,0) 6363.6 6363.6 6404.5 0.70 0.00 0.84 0.77 21.2 0.02*
Brooklyn

Increased SARIMA(0,1,4)(1,0,0) 737.6 737.6 7785 0.08 0.00 0.28 0.50 314 5.0E04**
Decreased SARIMA(1,1,2)(1,0,0) -1356.0 -1356.0 -1315.1 0.03 0.00 0.18 0.50 64.6 4 9E-10**

Pandemidnduced SARIMA(4,0,0)(1,0,0) 5860.5 5860.5 5901.4 0.58 0.00 0.76 0.52 3223 2.2E16*
Bronx

Increased SARIMA(1,1,3)(1,0,0) 1376.9 1377.0 1417.8 0.10 0.00 0.32 0.49 262.6 0.0**
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Decreased SARIMA(1,1,2)(1,0,0) 4159 4159 4510 0.07 0.00 0.26 0.46 90.5 8.9E01**
Pandemignduced SARIMA(4,1,0)(1,0,0) 575.8 5759 608.9 0.08 -0.00 0.28 0.47 60.85 2.2E16**
Queens

Increased SARIMA(4,0,0)(1,0,0) 3317.5 3317.6 33585 0.21 0.00 0.46 0.59 5.0 0.89
Decreased SARIMA(4,0,0)(1,0,0) -1790.6 -1790.6 -1749.7 0.03 0.00 0.17 0.55 91.2 3.0E15**
Pandemidnduced SARIMA(2,0,2)(1,0,0) 4898.8 4898.8 4939.7 0.40 0.00 0.00 0.44 123.2 2.2E16**

(**: p-value <= 0.01, *: pvalue <=0.05)

The GARCH effectlsocan beobserved on the rolling volatility plots (see Figurastd1bin Section
5.2). The graphs indicate that volatility spikes upwards after a significant unexpected return and then decays
away until there is another shock. The first large spikes in vofaitier March 2020 were due to the effects
of the state of emergency atiee subsequemmergency declarations due to the pandemic. Figaraad
lbalso indicate the system has been experiencing periodic volatility spikes for increased and decreased call
groups inthe both Bronx and Manhattan, signaling a seasonality effeeaéftime series. In our model,
we thusintroduce dayof-week as an exogenous variable to account for its impact on demand volatility.

In the following sections, we exclude the wegts forthe borough ofQueens from the analyses since
not all the request groups for Queens have a significant GARCH effect. We only use the call groups of the
Bronx, Brooklyn, and Manhattan boroughs. Givers#tbree remaining boroughs and their relative social
vulnerability scores, the Bronx represents the area with a-sooimomically highly disadvantaged
population, Brooklyn represents a moderately disadvantaged population, and Manhattan indicates a region
with a relatively advantaged population.

2.5.4. Model Fitting

In this section, we explain the GARCH model specifications. As previously indicated, the-ARCH
test results statistically support that the call retuinsh@ave conditional variance over gnThe conditional
variance of returnsa{ indicatesthe true measure of uncertainty about a variable given a model and
information set] , which covers the set of information known at time p (including® R B & .
We can define the pragdion of the returns at timé as the expected value &f conditional on the

information one period earlied, p. Predicted mean () and variance,( ) are formulated as:
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C00dl ), (4)
) 0 O o6 ‘4l o- 41 5)

where- (N is the prediction error at periad

The ARIMA model is used to fit a mean model and calculate prediction errors. Following Zha and
Veloso (2014) and Zobel et #2018, in our mean model, we introduce average temperature, temperature
range, the occurrence of snow, day of the week, and holidays as the external variables. Furthermore, we use
the daily number of positive COVHDR9 cases as another exogenous variable touatdor the variable
impact of the ongoing lonterm disaster. The day of the week variable accounts for weekly seasonality in
the time seriedAs discussed aboved 1 differencing is applied to the dependent variable to remove trends
in the time series and convert data into a stationary form, wihere & @ 8

Given the mean modél), the variance model thendefined. We use the standard GARCH(1,1) nhode
the most preferred GARCH model in the literature. The conditional vari@rateperiodois the sum of a
constant , observed squared prediction error at petiodp, and observed conditional variance at period
0 p,where- , | andf are thecoefficients of corresponding componentse conditional variance is

formulated as follows:

Q1 - 1Q (6)

2.6. Analysis of the results

2.6.1 Obtained GARCH(1,1) volatility models

Our empirical analyses apply the proposed GARCH specifications to the 311 daily request datasets. We
obtain separate volatility models for each test group separateljiscussed above, for tircreased and
decreased call groups we use the time series of a daily total number of service requests received from
01/01/2015 through 12/31/2021, for each specified municipal borough. For the paivthmed call

groups, we selected the time windownfrdd1/01/2020 through 12/31/2021, since most of the service
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categories in the panderrimduced group were added after the initiation of the disastertremnpre
pandemic period was not informative in predicting future volatility of this call group. THereaan visit
Appendix C to observe the change in the number of daily service requests for each call group in each
borough.

The R packageugarchversion 1.48 is used in GARCH model predictions. The Histd model is
selected as the one providingnmmum values of AIC (Akaike Information Criteria), BIC (Bayesian
Information Criteria), and HQIC (Hann&puinn Information Criteria)

The prediction results based tire fitted GARCH(1,1) models are reported in TalleThe first row
indicates the fitted @an model for each test group. In each columntherpresent the estimated values
of model parameters and standard errors in parenthegbe fested call groupis eachborough.

The following parameters indicate the specificatifmmghe fittedmodé.

Mean model:
@ constant,
0 "Yautoregressive term,
0 0: moving average term,
¢ 17@ : if ARCH volatility in the mean regression,
"Yo £°0i: @ummy variables created to account for weekly seasonali
"0¢ a "‘QAuemyvariable indicating if a day is a holiday or not,
0 € 0:'@number of positive infections per day.
Variance model:
¥: constant,
U: the ARCH term,
b : t he GARCH ter m.
Distribution:
"Y'QQ skewness of the distribution,
"Y&O 1y :'@he shape of the distribution.

First of all, the model output indicates ttibe autoregressive and moving average components are
significant predictors of the mean model. For each dataset, different ARIMA configurations are found as
the best fit, where th&R and MA components vary from zero to four orders. The dummy variables

indicaing the days of the week are mostly found to be significant by all models. The results suggest that
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Table 7. Summary of fitted GARCH(1,1) model for each dataset

Brooklyn Brooklyn Brooklyn Bronx Bronx Bronx Manhattan Manhattan Manhattan
Increased Decreased Pandemicinduced Increased Decreased Pandemicinduced Increased Decreased Pandemicinduced
Mean Model ARIMA(3,1,4) ARIMA(3,1,4) ARIMA(1,1,1) ARIMA(1,1,4) ARIMA(1,1,1) ARIMA(1,1,1) ARIMA(2,1,3) ARIMA(4,10) ARIMA(1,1,1)

Model Parameters

&
o'y
o'y
o'y
o'y
00
00
00
00
1@
YO ¢
0¢¢
Yo Q
wQC
YB i
"Oi
‘0¢ a Q!
6¢vu’
¥
U
b
YQQ
"Y1

-0.19 (0.00)***
2.17 (0.00)**
-2.09 (0.00)***
0.90 (0.00)**

-2.58 0.00)**
2.90 (0.00)***
-1.66 (0.00)***
0.36 (0.00)***

0.19 (0.01)***
0.20 (0.01)***
0.19 (0.01)***
0.30 (0.01)***
0.47 (0.01)**
0.21 (0.01)**
-0.04 (0.00)***

0.01 (0.00)**
0.08 (0.02)**
0.77 (0.04)**
1.52 (0.05)**
4.22 (0.34)%*

0.23 (0.01)**
1.72 (0.02)**
-1.55 (0.02)***
0.45 (0.02)**

-1.96 (0.00)***
1.77 (0.00)**
-0.62 (0.00)***
-0.04 (0.00)***

-0.18 (0.01)**
-0.24 (0.01)**
-0.20 (0.02)***
-0.27 (0.01)**
-0.41 (0.01)**
-0.23 (0.01)**
0.13 (0.02)**

0.00 (0.00)**
0.10 (0.02)**
0.80 (0.04)**
1.29 (0.04)**
4.26 (0.36)**

-0.16 (0.04)***
0.32 (0.07)**

-0.66 (0.06)***

0.36 (0.13)***
0.20 (0.03)**
0.10 (0.03)**
0.09 (.03)***
0.10 (0.03)**
0.14 (0.03)**

0.00 (0.00)**
0.02 (0.01)**
0.96 (0.01)**
1.38 (0.08)***
3.56 0.47)%*

-0.27 (0.01)%**
-0.8 (0.18)* **

0.46 (0.18)***
-0.47 (0.06)**
-0.21 (0.04)**
-0.07 (0.02)**
0.31 (0.02)***
0.17 (0.01)***
0.20 (0.01)***
0.20 (0.01)***
0.35 (0.01)***
0.47 (0.01)***
0.26 (0.01)***

0.00 (0.00)**
0.06 (0.01)**
0.92 (0.02)**
1.55 (0.06)***
4.67 (0.44)%

0.13 (0.01)**
0.53 0.03)**

-0.8 (0.02)***

-0.10 (0.01)%**
-0.13 (0.01)%**
-0.11 (0.01)%**
-0.15 (0.01)***
-0.19 (0.01)%**
-0.09 (0.01)**
0.14 (0.02)***
0.01 (0.00)***
0.00 (0.00)***
0.04 (0.01)**
0.94 (0.01)**
1.58 (0.05)*+
4.37 (0.35)%*

-0.29 (0.06)***
0.48 (0.09)**

-0.77 (0.07)%*

0.65 (0.11)***
0.18 (.04)***
0.16 (0.03)***
0.11 (0.04)***
-0.18 (0.06)***

0.00 (0.00)**

0.02 (0.01)**
0.03 (0.02)**
0.90 0.03)**
1.80 (0.14)**
3.62 (0.53)**

-0.28 (0.01)**
1.1 (0.02)***
-0.24 (0.02)**

-1.41 (0.00)***
0.33 (0.01)***
0.16 (0.01)***

0.29 (0.02)***
0.30 (0.02)***
0.33 (0.01)***
0.52 (0.02)***
0.65 (0.02)***
0.22 (0.01)***
-0.09 (0.02)**

0.00 (0.00)***
0.03 (0.01)**
0.95 (0.02)**
1.28 (0.04)**
5.51 (0.56)**

0.38 (0.01)**
-0.18 (0.02)***
-0.15 (0.02)***
-0.13 (0.02)***
-0.07 (0.02)***

-0.28 (0.02)***
-0.37 (0.02)***
-0.37 (0.02)***
-0.43 (0.01)***
-0.48 (0.01)***
-0.53 (0.02)**
0.22 (0.03)***

0.01 (0.00)**
0.09 (0.04)**
0.77 (0.09)**
1.33 (0.04)**
3.71 (0.28)**

-0.31 (0.07)***
0.52 (0.05)**

-0.82 (0.03)***

0.43 (0.09)***
0.33 (0.05)***
0.23 (0.03)***
0.21 (0.03)***
0.23 (0.01)**
0.26 (0.02)**
0.16 (0.04)**

0.01 (0.00)**
0.06 (0.02)**
0.94 (0.01)**
1.50 (0.08)**
3.09 (0.60)**

AIC
BIC
HQIC

-0.44z
-0.39¢
-0.42¢

-1.05z
-1.007
-1.03€

0.52¢
0.61¢
0.562

-0.25¢%
-0.212
-0.23¢€

-0.407
-0.37C
-0.392

1.007
1.09¢€
1.041

-0.40z
-0.361
-0.387

-0.34¢
-0.307
-0.332

0.684
0.77¢
0.72C

(***: p -value <= 0.001, **: pvalue <= 0.01, *: pralue <=0.05)
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day-of-week positively affects the daily return volatility for increased and pandechiced types of
services. On the other hand, it negatively impacts the daily return volatility of decreased call groups. This
observation is consistent across the tih@®ughs examinedHolidayis found as a significant predictor of
multiple models. It positively impacts decreased call groups, whereas it negatively impacts the increased
call groups of the Brooklyn and Manhattan boroughs.

The number of covid cases is fiotind to be a significant predictor of daily demand volatilities, except
for a slightly significant impact on Broraecreased calls. The model outputs indicate that the variance
model parameters (¥, U, and b) elaquatonsthewpfore, GARCHNt c 0|
effects are substantial, and volatility is an important factor affecting the daily percent change in service
demand.

The residuals of the fitted model based on the dataset, including both the before and during disaster
periods, do not follow a normal distribution but a skewed studleigtribution. Skew and Shape parameters
are added to account for skewness in model fitting. The goodness of fit test is applied to test if the selected
theoretical distribution is identical the empirical distribution, which is explained in detail in Section 6.2.

Table 8 presents tHengrun unconditional variance forecast of each time series calculasadi lon
the fitted GARCH(1,1) model specifications. Given that the conditions remairathe,we expect the
volatility of a time series to pull toward its lotgrm average.

Table 8. Long-run volatilities of each call group

Call Group Long-run Volatility

Bronx - increased 24.65%
Bronx - decreased 22.22%
Bronx - pandemic induced 48.25%
Brooklyn - increased 22.36%
Brooklyn - decreased 16.34%
Brooklyn - pandemic induced 36.71%
Manhattan increased 20.33%
Manhattan decreased 24.32%
Manhattan pandemic induced 56.11%
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The lowest volatility, 16.34%, is measured for Br@oklyn-decreased call group, and the highest is
56.11% for the Manhattan pandenmcuced calls. Longun volatility is found to be higher for disaster
related service groups, which are the most unstable service categories as the slow disaster toontinues
evol ve. Manhatt an 0 s-inddced callegeogps daveahigheer |gtegpnnvalatilityi tiean
other boroughs. On the other hand, among increased call groups, the Bronx has higher volatility than others.

2.6.2 Diagnostics Checking for Model Validty

In this section, we summarizesults of performingthe e a r s 0 n 6 f-fig Weightedé jangBox,
andARCHLM tests on all fited GARCH models to validateittappropriateness.

The Weighted Ljun@oxtest isfirst applied tathe standardized residuals to check if there is significant
autocorrelation. The null hypothesis is that the acmorelation between the residuals equals zero. A
significant autecorrelation within standardized residuals indicates a poor mean modéiditVeighted
Ljung-Boxtest is also applied tthe standardized squared residuals to check if there is significant auto
correlationin those values alsé significant autecorrelation within standardized squared residuals implies
there is remaining heteroskalicity that could not be explained by the fitted GARCH model. Therefore,
both tests should suggest no aatworelation to support a proper model fit.

Similar to theWeighted LjungBoxtest, theARCHLM test is applied to check for serial dependence due
to conditional variance by testing atdorrelation onthe standardized squared residuals. The null
hypothesisof the testis the autecorrelation between the residuals equals zero, meaning there is no
remaining ARCH effecin themodeb eesidualsThus thetest should fail to reject the null hypothesis to
indicate no remaining volatility effect in the time series.

Pe ar s on 06 offigtestocodnpaees the empirical distribution of the standardized residuals with the
selected theoretical distributionh&null hypothesids thatthe empirical and theoretical distributeare
identical. Accordingly, the theoretical distribution is a proper fit if the test fails to reject the null hypothesis.
We selectheskewed studertdistribution as the theoreticdistribution for residuals.

The validity test result®r thefitted GARCH models are summarized in TaBlerhe Weighted Ljung

Box test results on standardized squared residuals indicate no significant autocorrelation within
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standardized squared residyatganing there is no heteroskedasticity that the fitted models cannot explain.
TheARCHLM test results also support that finding. FurthermoreRteea r s o n 6 of-figtestoatputs s s
indicate that the skewed studeérdistribution is a good fit for selected models.

Table 9. Validity test results (p-values)for fitted GARCH models

Brooklyn Bronx Manhattan
= o S o S o
2 8 £3| B 2 E3| & & €3
o 5 c£3 S 5 c©3 S 5 £3
e o) © c e oy © c e oy © c
- [a)] [a = [a) [a = o) o
Weighted Ljung-Box | 556 (640 0010 | 0301 0110 0000 | 0.442 0035 0.001

(Std Res)
Weighted Ljung-Box
(Std SgRes)

ARCH-LM 0.781 0.632 0.721 | 0.860 0.952 0.928 | 0.831 0.512 0.197

0.894 0.899 0.327 | 0.845 0.264 0.941 | 0.770 0.103 0.753

Goodnessof-Fit 0.469 0.400 0.197 | 0.730 0.056 0.096 | 0.920 0.329 0.566

Only the Weighted LjungBox test onthe standardized residuals indicat¢hat autacorrelationis
significant in some of the fitted models. The results showthisis a particularproblem inthe pandemie
induce call groups. First, the time series behavidhepandemieinduced callss very different fronthat
of theincreased and decreased types (see Figarasdilb) since the disasteelated calls experienced the
highest volatility in the first months dhe disasterwith decreasing volatilityn the following months.
Furthermorethe pandemiénduced groups only have twearlong time series, which do not involve a
stable period at all and are dynamically affected by the ongoing disaster. On theaoth#re increased
and decreased group time sedes based osevernyears ofdata, enabling the model to fit better thanks to
higher numbers of observations in the time series.

In contrast tothe Weighted LjungBox testresults however, theother test results indicathat the
presented modelserformwell in terms of addressingll heteroskedasticity arathieving goroperfit to
the distribution. For this reason, we conclude that these modebparepriateandthatthey sufficiently

predict the actualized volatility.

41



2.6.3 The comparison of predicted and observed volatilitie

In this section, we compatée predicted volatilities withithe observed volatilities measured by the
rolling window approachin orderto showthatthe prediction model is close the actualized volatility.
The actual rolling volatilities aromputedusing a rolling window approadbr the standard deviation over
a specified period of time. Basedtheempirical data, onenonth rolling standard deviations are calculated
to representhe actualized volatilitiesasabovein Section 5.2.

Figures2 illustrates the GARCH(1,1)esults together with thebserved volatilities over time fahe
three Bronx call groups.The correspondinggraphs comparing the actual and GARCH volatilities in
Manhattan and Brooklyare providedn FiguresD1-D6 in AppendixD. Theresultshighlight the success
of the prediction model in capturing the volatility behavior over time. The model is especially good at
predicting when a significant spike in volatility will occur and approximately how large it carhih i

important from the managerial standpoint in order to prepare for extreme changes in demand behavior.

—6—  Actual Rolling Volatility
GARCH Volatility
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Figure 2 (a). Bronx increased call§ Actual vs. GARCH(1,1) with the correlation 0.93

—6—  Actual Rolling Volatility
= jesEyees GARCH Volatility
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days
Figure 2 (b). Bronx decreased call$ Actual vs GARCH(1,1) with the correlation 0.92
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Figure 2 (c). Bronx pandemic induced call§ Actual vs GARCH(1,1) with the correlation 0.89

We also calculate the correlations between predicted and actualized daily volatilities for each dataset to

support the proximity of predicted values to observed ones. The results are summarized 10. Tiide
average correlatiorare70% in Brooklyn, 91%n the Bronx, and 75% ithe Manhattan call groups. The
volatility model fittedto theBronx call groupgprovidesthe best fit compared tie other boroughs. The
significant correlations between fitted and observed volatility values indicate a GARCH caodié a
good model to predict return volatilitand thus that it caaccurately predict timgariant volatility in
service demand.

Table 10. Correlations between fitted and observed volatilities in each call group data

Brooklyn Bronx Manhattan

Pandemic Pandemic Pandemic
Increased Decreased . Increased Decreased . Increased Decreased .
induced induced induced

Correlations 0.57 0.65 0.88 0.93 0.92 0.89 0.76 0.58 0.91

2.6.4. Crossvalidation of GARCH predictions

We nowperform a backtesting method to crasdidatethevolatility predictions. We perforrivalue at

Risk(VaR) backtesting, a statistical risk management method, where VaR estimates indicate the maximum

deviation fom expected volatility over a specified time horizon with a given confidence level. Risk

managers use backtesting to ensure that the dosmtloes not exceed the expecteds at a given
confidence level. In our context, we defimssas the deviation from expected volatility since both over

and undesestimation may result in inefficient use of resources.
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In the literature, the VaR method is known for monitoring and quangftie risk level associated with
the planned investment, which could be capacity or resource planning in our context. VaR backtesting is
also used to validate the prediction model results to see if the model is calibrated and accurate. In the VaR
approachthe actual observations under and above the desired confidernisatevensidered exceedances
(or exceptions). To be able to conclude that the fitted model is valid and properly represents the actual time
series behavior, the number of exceedancesldimwt exceed one minus the confidence level in the VaR
model.

The fitted GARCH model can be used to measure the number of exceeddre®®aR backtesting
model divides the dataset into estimation and test windbkes estimation window is used fpredicting
a loss function witlitted GARCH modeparameters. Then test period is used for backtesting to compare
the estimated loss versus the actual loss in the test window at a given level of confidence. In our tests, we
used the dataset from January 20! bDecember 2020 as the estimation window and the period from
January 2021 until December 2021 as the test window. The estimation window length is 2192 days, and
the backtest length (test window) is 365 days. The GARCH specifications are input intakhe V
calculation, and the orday ahead rolling GARCH forecasts, i.e., VaR estimations, are estimated for 2021.

The VaR backtest reports indicate that the worst daily loss does not exceed VaR estimation for 95% and
99% confidence levels. The black line lretVaR graph in Figurg represents the daily forecasted VaR
given by the GARCH models at the 95% significance level for (a) Brodhkiyreased, (b) Brooklyn
decreased, and (c) BrookWrandemianduced call groups, respectively. Red points refer to altissés
lower than the estimated VaR. The graphical representations of the remaining datasets are illustrated in

Appendix E.
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Figure 3. Value at Return values at %95 significance level: (a) Brooklyincreased (b) Brooklyndecreased
(c) Brooklyn-Pandemicinduced call group, respectively

Table 11 presents the summary of the VaR analysis output for each dataset. The first two columns
provide the significance level atige corresponding number of expected exceed for each dataset. The third
column indicates the number of VaR exceedances calculated. Then, the actual percentage of observations

exceeding the expected exceedances is provided in the fourth column. The last two columns show the p
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values of the Kupiec and Christoffersen test restiisKupiec Test examines unconditional coverage with
the null hypothesis of the VaR model having correct exceedahbesChristoffersen test looks at the
conditional coverage with the null hypothedisat the VaR model has correct exceedances and
independece of failures.

Table 11. The summary ofVaR analysis results

Expected Actual VaR Kupiec Test Christoffersen

Alpha Exceed Exceed Actual % (p-value) Test (p-value)
Brooklyn - Increased 0.010 3.6 5 0.014 0.498 0.752*
0.050 18.2 26 0.071 0.077 0.031*
Brooklyn - Decreased 0.010 3.6 1 0.003 0.099 0.257*
0.050 18.2 20 0.055 0.670 0.651*
Brooklyn - Pandemic Induced 0.010 3.6 5 0.014 0.498 0.741*
0.050 18.2 24 0.066 0.183 0.357*
Bronx- Increased 0.010 3.6 2 0.005 0.345 0.633*
0.050 18.2 12 0.030 0.113 0.189*
Bronx - Decreased 0.010 3.6 1 0.003 0.099 0.257*
0.050 18.2 14 0.038 0.293 0.328*
Bronx - Pandemic Induced 0.010 3.2 2 0.005 0.345 0.633*
0.050 18.2 22 0.060 0.376 0.642*
Manhattar Increased 0.010 3.2 2 0.005 0.345 0.633*
0.050 18.2 17 0.047 0.771 0.933*
Manhattan Decreased 0.010 3.2 2 0.005 0.345 0.633*
0.050 18.2 19 0.052 0.848 0.626*
Manhattan Pandemic Inducec 0.010 32 2 0.005 0.345 0.633"
0.050 18.2 24 0.066 0.183 0.075*

(*: p-value<=0.05)

The VaRmodel results indicate that the number of correct exceedances is not significantly more than
the actual number in almost all datasets in both 99% and 95% levels of significance. Only the VaR estimate
for the Brooklynincreased call group with alpha=0.0®licates that the actual number of exceedances is
slightly more than expected. However, the difference still isegtmuch The previous validation analysis
also signaled a loose fit of the Brookdyntreased call group, with the smallest correlatiod.57 obtained
while comparing actual and predicted volatilities. Still, the model can capture overall volatility behavior,
and the loose fit can be tolerable for this only one observation. Based on the VaR backtestveesults

conclude that the fitted GARCmodel is successfully predictive.
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2.7. Discussion and Managerial Implications

The results given above provide the basis for discussing the broader implications of applying the
GARCH modeling approach for predicting the volatility of municipal service requests in a disaster. We
present a number of such implications as follows.

2.7.1. Daily service demand is volatile and conditional on the demand in previous dayService
demand can be uncontrollable for a system but manageable if correctly forecasfeatctiads are taken
accordingly. Volatility is a service demand behavior thatlwa observed and predicted by applying proper
econometric time series approaches. As the TSEF suggests, monitoring volatility is one way to manage the
productivity of service operationdanagers can benefit from tracking the volatility behavior to avoid
underutilization or overutilization of available capacities to improve their investments.

2.7.2. Daily service demand volatility increases when a disaster disrupts the functioning of a
service systemOur study highlights that a system loses its steadgtioning when a disaster impacts its
service area, which may increase demand volatility. Moreover, a disaster affects not onlyrdisdster
requests but also requests for other regular services of a municipal service system since the state of
emergeng changes daily life activities due to new regulations and actions by local governments. Previous
research indicates how disasters affect citizens' public service demand behavior, focusing on different types
of disaster§ Kennedy, 2015; O6Brien, 20 1&Pamikeun2022)c u & Z o b ¢

Building upon the prior investigations, this study points out how a-femg slowonset disaster
prevents the system from quickly returning to standard service demand patterns as the disaster continues to
evolve and dynamically affextthe citizens, which causes changes in the types and amounts of service
needs. Consequently, daily demand variability increases, making it difficult to manage these highly volatile
request patterns. Measuring and predicting volatility is valuable duuicly Slowonset events since the
system starts to see extreme changes. The proper planning and management of capacities and resources can
help prevent the system from worsening its service performance. Thus, managers should be aware of the

value of periodially forecasting and monitoring demand volatility for more resilient service operations.
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2.7.3. Daily service demand volatility patterns may differ in different call typesPublic service
systems, such as the 311 system examined in this study, colleatldrass different types of service
requests that do not necessarily have similar demand patterns over time. A variety of munieipal non
emergency service categories receive divergabersof requests with different frequencjendthese
systems are compteand multidimensional regarding the types of services and demand scales.

Additionally, different service types are not necessarily similarly impacted by the same disaster. This
study illustrates how services for different categories might be diffedgndifiécted and highlights the
value of separating request types with differential impacts during a disaster while predicting their volatility
behavior. Predictions only accounting for twerallservice demand might not accurately reveal the distinct
volatility patterns in different service typeService providers can benefit from identifying types of calls
that react to a disruptive event distinctly before taking executive actions.

2.7.4. Daily service demand volatility may differ in regions with socieeconomically different
backgrounds.The demographic and socioeconomic backgroumaddfidualsaffects tletype and amount
of needthey havefor public services, which becomeven more appareifttheir locationis prone tahe
adverse effects of a disaster. Examirtimgnon-emergency service needs of different populations aeross
service area informs local government bodies aldtgrential needsacrosscommunities Monitoring
daily servicedemand patterns for different service typetpsbuild important knowledgabouthow these
systems can be improved to better addressvHrging needs of people with diverse vulnerability
backgrounds.

Our study points out that ethand behaviordiffers in different municipal boroughs where
socioeconomically diverse populations reside. Weintrot@€ DC6 s Soci al Vulnerabildi
to differentiatepopulationsacross boroughs in terms of alternative vulnerability themes. Manegers
build on ths by adoptinglternative methods or more-tgpdate knowledgaboutdifferential vulnerability
backgrounds in their service region.

Systems like NYC311 are advantageous in terms of their standardized and detailed documentation of
service requests. Hagnsuch a weldocumented dataset on service requests brings the opportunity to
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analyze the service demand patterns of people living in different geolocations. For example, the NYC311
system indicates each requeassociatedorough even ifthe street adress of the requestor is missing

Our studythus demonstratesonducting volatility analysis and forecasting at the municipal borough level
toreveal differences across regions. Similar investigations are possible at smaller or larger population scales
depending on how complete the documentation about each service inquiry is. For thisingasdoal
311systems should pay attention to properly documenting service reqonestder to provide support for

such analyses.

2.8. Conclusiors

In this paper, we propose an econometric time series prediction method to empirically assess the
volatility in the daily service demand of service systems during a-sh®st disastefThis providesan
approach for mitigating and managing service proditgtiuring a crisis by focusing on one essential
aspect of the Theory of Swift, Even Flémvthis context: managintpe variability in service demandhe
proposed time series model can capture the longitudinal and dynamic impacts otexrouijsasterdr
better service performance managem€re. specifically applied our empirical analysisitgestigate the
effects of the COVIBL9 pandemic, a representative ledegm disaster, on the daily n@mergency service
request behavior of New York City resident

This paper first presents a descriptive analysis to point out the multidimensionality in the NYC311
systembébs reactions to a disaster considering the
announcement. Introducing such differential aofs of the system deepens our discussion with additional
insights, emphasizing the need to consider different dimensions while taking actions to manage service
productivity during a disaster. Then, we propose a GARCH model to predict daily demandiyatatili
service systems. We further discuss the differential volatility patterns across geographic locations of socio
economically diverse populations to emphasize the need to consider the diverse needs of people for efficient

and effective service provision
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To the best of our knowledge, this is the first study addressing the unstable variability in demand for
municipal services during slew n s et di saster s, considering the ci:
different municipal services. Additionally, ishstudy contributes to the literature by examining the
productivity of a service system from the perspective of TSEF for the first time. Analyzing the demand
volatility will allow us to predict future daily variations based on learning from historicalid#ite disaster
timeline. Furthermore, the volatility measure could accurately predict the daily mean service demand,
eliminating a strong assumption of constant variance while building a time series prediction model. Finally,
by comparing the volatilityn different locations, we highlight the differential effects of disasters in
different geographical areas, which is essential for efficiently allocating limited resources to reduce overall
volatility and maintain productivity during disasters.

This metlod is generalizable to other types of leiegm disasters to assess if the disaster causes an
unstable variation in service demand and predict future demand fluctuations considering a volatility effect
to help with the performance management efforts oficeproviders. One other disaster example could
be extreme weather events caused by climate change which started to occur more frequently in certain
regions in certain seasqtigr example, the heatwaves and the wildfires on the West coast of North Americ
Although individual events can be considered stenrn events, they tend to happen more frequemtty
often in conjunction with each othek long-term investigation considering certain seasons with higher risk
and higher impact due to climatic evecés help decisicmakers account for increased service volatilities
at those times.

Furthermore, the presented econometric approach is generalizable to any public or private service sector
organizations that are using customer contact centers to calkketdaress complaints or service needs.

For example, this study can be extended to other public service centers,a8th asergency call system

which probably experience highly volatile service demand during disasters. a@duture research
opportunity it would be very interesting to compare the request volatility for emergency and non
emergency services in the same region. Certain local departments, such as the Police department and Fire
Rescue department, are responsible for addressing citizens'eamem@mnd noemergency needs. The
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requests for these are collected through separate systems. It is vital for these departments to predict demand

patterns and variation to manage their limited resources and investments properly.
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2.10. Appendix A. Stationarity test results

Table A. Stationarity of the call returns after differencing at lag 1 (Periodll)
Test group Test period Dickey-Fuller test statistic p-value
Manhattan

Increased

1l -31.9 0.01*
Decreased
1l -31.7 0.01**
Pandemianduced
1] -33.6 0.01**
Brooklyn
Increased

1] -37.2 0.01**
Decreased
Il -31.9 0.01**
Pandemianduced
Il -36.2 0.01**
Bronx
Increased

1] -39.7 0.01**
Decreased
Il -29.4 0.01**
Pandemianduced
Il -31.1 0.01**
Queens
Increased

1] -33.1 0.01**
Decreased

1l -36.1 0.01**
Pandemienduced

1] -37.4 0.01**

(**: p-value <= 0.01)
2.11. Appendix B. ARMA and ARIMA model formulations

The generalized ARMA modés derived by combining autoregressive and moving average terms to

create a complete model (a genérity O &) equation is illustrated in Eq. (1)).

® roo —5 ) P

The first component is the generalizedi@negressive modél o 'Y 1 it uses lag variables to build
a linear function of an output variable based on the previous values as lag vaftadkescond component
is the generalized Moving Average model 0 ] i it usesj lag error terms tatilize past error terms to
forecast future terms. The coefficients of the autoregressive and moving average components are denoted
as/ and—, respectively. The error term for tint¢ isf  handc is a constant valué& "6 6 nhy is a
time series model for stationary data, which can be obtained by eliminating trend and seasonality in the
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data. Additionally,d "8 6 R} assumes a constant variance meaning that the probability distribution
remains constant over time.

The general Autoregressive Integrated Moving Average niodlélY "O0nd i extends the previous
equation and deals with the netationary data with differencing, which allows potentially stabilizing the
mean of the time series to remove trendssaadonality d Y "O0nBOT based on p autoregressive and g

moving average terms with d degree differencing can be represefiqd(R)as follows:
) © A — C

2.12. Appendix C. Number of service requestsn NYC boroughs
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2.13. Appendix D. GARCH Volatility predictions
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2.14. Appendix E. VaR forecasts for 2021
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Chapter 3. Uncovering challenges in maintaining the operational
performance of public servicesystems during longterm disasters

Abstract

Disasters impact communifigifferently due to geographical and so@oonomic vulnerabilities and
inequalities, which diversify amounts and types of public service needs. Understanding the varying needs
of communities that rely on government services helps decisiakers allocate limited resources properly
during crises to maintain effective and equitable service provision across the region. This study examines
how a public service system is affected by a ltergn disaster, given that citizens seek municipal services
in varying types and volumes due to+gpasting vulnerabilities and the changing severity and exposure of
the disaster over time. We demonstrate an event study to examine how a public sdariteesgonds to
changing service requests of citizens during a-eng disaster. We point out substantial differences in
demand volumes and the corresponding service speed to communities with different vulnerability
backgrounds. We perform empirical ayg$ to test the impact of capacity adjustments and dynamic
disaster risk features on service performance. We use a public dataset of 311 municipal service calls made
in New York City for the empirical analysis. We focus on the COXDpandemic as a spécitype of
long-term disaster that causes multiple disruptions in public systems functioning. We discuss how the
system managers can benefit from tracking and predicting changes in request behavior to understand
differential equity impact during a lortgrm disaster and to support maintaining or improving response
and recovery by equitably addressing the needs of different vulnerability groups.

Keywords: Public service systems, 311, Mdamergency services, Time Series Regression, Event Study,

Resilience
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3.1.Introduction

Every year, many public, private, and romfit sector organizations face severe disruptions in their
service operations due to the increasing frequency and intensity of disaster events. Any disruption to
operations due to a disasterymeegatively affect the continuity and effectiveness of service delivery. The
recent severe disasters such as the SeptemBdertdrist attacks in 2001, the Indian Ocean tsunami in
2004, hurricane Katrina in 2005, and the earthquakes in Haiti andi€R&i04.0 pointed out the emergent
need for increased ability to adapt to and recover from the adverse effects of such disruptive events, which
is underlined by many studies the Disaster Operations Management fidBhamra et al., 2011,
Sahebjamnia et al., 2018)

Historically, organizations have overwhelmingly been challenged by disasters sudden in onset, such as
flooding, earthquakes, wildfires, etowhere the mitigation and management efforts primarily target
absorbing and adapting to the effects of such suddeat event§StaupeDelgado, 2019)On the other
hand, slowonset disasters were not always a stemn concern for disaster planning since their severity
and immediate impact are generally invisible compared to their sudeticounterparts. While climate
change impacts have turned out to be a significant threat, with the increased occurrence of extreme weather
events and deadly consequences, calls for a higher focus on planning and management efforts for slow
onset events havéssted to grow(Cole et al., 2021)The 2021 North American Winter Storm and the 2021
Western North Americheat wave are the two recent examples of extreme weather events linked to the
effects of climate chang&ianmehr & Pamukcu, 2022)

Another slowonset disaster, the recent deadly coronavirus pandemic that spread worldwide in 2020,
has brought new challenges into the disaster operatianagament era: the dynamic changes in disaster
risk features, such as the likelihood of the spreading and exposure, the indefinite length of the emergency
state and the secondary social and economic consequences resulting from the temporary or permanent
changes in the way of life. Due to the unexpected and severe effects efrdewdisasters like climate

change and pandemics and their variable impact for more extended periods of time, novel disaster planning
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and management methdusve becomhighly necssary to cope with their dynamically changing risks and
deadly consequences spread over a longer disaster managemefCalgckt al., 2021; Yamori & Goltz,
2021)

While the disasters have been compelling, organizations seek more ways tceitfgiovesilience
capacity to respond to emerging events effectively and reduce the loss and recovery time as much as
possible. Absorptive and adaptive capacitiedwoefundamentasystem capacities to enhance the disaster
resiliency of a systenMugrin et al., 2011, 2015Whilethe d s or pti ve capacity repr
ability to absorb theeffectsof disruption andeduceconsequences with only a little endogenous effort,
adaptive capacity is dynamic aimolvescontinuous adjustments in functioning with some effort to turn
back to the system's steady s{iehrstedt, 2015)

Government services are among the critical sectors that carefully plan and manage emergencies due
their responsibility for not only maintaining essential services to the public but also helping them manage
crises to be better prepared and successfully respond to and recover from their negative consequences.
Disaster management efforts of governnsemtice systems include adjustments in absorptive and adaptive
capacities and revising operational policies to address the changing and emerging needs effectively.
Although physical limitations always exist (e.g., personnel capacities, budget, time,rkspace),
allocating limited resources to proper tasks becomes even more challenging when responding to an
emergency. Besides these existing difficulties [
consideration of longerm and evolving effects alow-onset events require further effort and actions for
continuous adaptation and sustainable solutions.

The disaster management actions of service systems should bear in mind that disasters may affect
communities differently due to geographical and s@donomic inequalities, especially in urban areas,
leading to different amounts and types of service needs. Past events have proven that disaster loss not only
results from the eventodés severity bpdtectthdirdves, f r om t
livelihoods, and good#\lready vulnerable groups are most likely the ones who need information and relief
the most during disastefiiguyen et al., 2021)Thus, understanding the varying needs of peopfestibe
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proper allocation of limited resources in service operations in case of an emergency to maintain effective
and equitable service provision across the areas of interest.

This study concentrates on disruptions in public sector service operationg duongterm disaster
to uncover the challenges and potential deficiencies a system may still experience despite its adaptation
efforts. Specifically, we focus on the speed of service flow to deeply analyze the effectiveness of the
performed adaptatiorfferts as the longerm disaster event evolves and service demand severely changes
over the disaster timeline. We discuss how the system adjusts its personnel capacities, overtime payments,
service categories, and prioritization strategies to help mamagatimns during the disaster. Our findings
highlight the significant contributions of capacity adjustments in maintaining service performance.
However, we found out that the system still lacks perfect resiliency to disruptive shocks during a disaster.
We discussed why the presented time series approach was necessary to uncover deficiencies in current
practice to point out further improvements in strategies.

The previous chapter tfiedissertation focused on understanding the service demand behavigr durin
a longterm disastent presenéda method to measure demand volatility since predicting the boundaries of
service demand variability is necessary for a service provider to be prepared for the extremity of the
changes, manage capacities effectively, @wise operational actions based on accurate predictions of
demand volatility.

This chapter builds upon the knowledge from the first chapter and changes its focus to the system's
speed of service flow, i.e., response times, given the volatile servi@ndeas the input for this system.
We closely examine a representative service system that has been successfully managing a challenging
slow-onset disaster, the COVAD9 pandemic, so fafhe findings in the first paper helped us to understand
why service prformance may be challenged during such a-tenm disaster scenario while building the
causal relationships with service demand and the corresponding response performance over time.

The following research questions guide us to systematically descrbéhkrodemand and response
patterns change over the disaster timespan and to disclose the potential benefits of the proposed approach
successfully:
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RQ1: How does a lonterm disaster impact the daily service demand of people and the corresponding

speed ofervice flow, i.e., service response time?

RQ2: Are there any substantial differences in service demand volumes of communities with different pre

existing vulnerabilities during a lontgrm disaster?

RQ3: How do the dynamic disaster risk factonpact public service performance over time? Does service
demand volume mediate the impact of a @rgn disaster on service response time?

In order to addresthe posed research questions, we examine a representative public service system
that experiened the longterm effects of a slovonset disasteand we choosthe COVID-19 pandemic as
an exampleofalonger m di saster causing multiple disrupti ol
performance over time. We use the public dataset of 31-emamgency service calls made in New York
City to empirically aalyze the daily volumes of service requests and the corresponding service response
speed. First, we examine the structural change in service demands of citizens due teralaligpster
and the significant shift in response time using an event studpagip We then perform several time
series analyses to identify significant contri but
response. We idengithe communities with the highest and lowest vulnerability scores in New York City
based on th Social Vulnerability Index ofhe CDC (Centers for Disease Control and Prevention) to
investigate discrepancies in the service needs of populations with different vulnerability backgrounds
during a longterm health disaster. This study only considergipact in the first two years of the ongoing
pandemic, whose transformation and impact after the period covered in the paper is beyond the scope of
our study.

This study has several contributions to disaster operations management literature and fprattice.
this research distinguishes sl@mwn s e t di sasters6é6 dynamic and static
literature by framing disaster risk in a skmmset disaster context, which is not a common practice. Second,
we align empirical findings witlthe resiliency of a public service system and provide insights into how a
systembébs adaptive and absorptive capacities coul d

a longterm crisis. Third, we emphasize the need for a careful examinatisocia vulnerabilities in a

66



public sector operations context since-présting inequalities elevate disaster impacts and diversify the
needs of communities. Accounting for the vulnerabilities across the population may help dwueikara

to maintain eficient and equitable service provision during emergencies. Last but not least, we present a
time-series method to forecast future response times in case efelonglisasters by including dynamic
disaster risk factors as exogenous variables.

The remaindernf the paper is structured as follows. First, we provide background on the non
emergency call system reactions to disasters and previous research efforts in this context. We then present
the research hypotheses tested in this paper. This is followee Inyetiinodology section, where we first
mention the event study methodology implementations in the Operations Management field and then
explain the proposed time series econometric model. Next, we provide detailed information on the research
area and data ection. This is followed by the analysis and results sections, where we conduct a series of
analyses to address posed research questions. Then, we discuss insights about the disaster resilience and
operational success of the NYC 311 System and the atEmtimproving its internal resilience capagity
and we mention the managerial and practical implications of the proposed approach. The conclusion of the

paper describes future steps for this ongoing study.

3.2.311 nonemergencysystem reactions to diasters

Local governments manage public services aiming for convenient access and improved communication
with their citizens to support public wéleing( O 6 B r i e Beweralddgal gbyernment service systems
are available worldwide to help with emergency and-@mergency community needs. Some hotlines are
effective in broader areas and multiple countries, while others are specific to a country or region. In addition
to long existing operated emergency helplines such as 911 in the United States and 112 in European
countries, other systems have been established for nonurgent public needs. For example, 211 is a hotline
for community information and referral and 511 is fongortation in the United States and Canada, 114
14 is a hotline for nolemergency police matters in Sweden, and 1161andmurgent medical assistance

helpline effective in European countries (ZokePamukci12022).
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This study focuses on 311 nemergncy call systems, which were initially created to reduce the
burden on the 911 emergency helpline due to many calls abownmengency issugSchwester et al.,
2009) Although 311 systemfdcus on nonurgent service requests, unlike 911 calls, there is often a need
for a quick response for timely information exchange and to maintain mutual trust between the government
and citizeng O6 Br i en, 2016; .Pamukcu et al ., 2021)

Public service systems have long been proven invaluable in effective disaster managemegnt duri
historical disaster even{®amukcu et al., 2022Public service systems need to maintain functionality,
even during a crisis, since they are essential channels for citizens fact that they provide access to government
resources and djp-date and reliable information directly from authorities. Bottzeiis and government
bodies benefit from the sustained functionality of these systems during disaster management since they

enable continuity of information flow among both groups.
3.3.ResearchHypotheses

Disasters interrupa public services y s t e wtidring, and based on the severity and length of the
crisis, they may cause temporary or permanent changes in both the demand and response patterns of the
system. In this study, we firapplyan event study approach to show that an intervention dudisaster
can be visible on a service systemdbs demand and/ o
or permanent change according to how the system adapts itself during or in the aftermath of the crisis. In
our firstanalysis we question ifédngitudinal disasters may cause a structural shift in demand and response
patterns of a service system, and we test the following hypotheses:

Hypothesis 1a (H1a): A longterm disaster causes a structural change in the daily public service

demand pattern ower time.

Hypothesis 1b (H1b): A longterm disaster causes a structural change in the speed of service flow

i.e., service response time pattern over time.

The analysisof a structural change in both demand and response patterns indicates that the system

moves to a new stage where the service needs are n
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is also different. The potential risk and loss in performance due to a disaster are primarily determined by a
systemds vul ner abi y, wherg presting vuaesabilities eamptife thecrigkoat can t

be mitigated by its resilience capadihyei et al., 2014)While examining how a lonrterm disaster might

affect the performance of a service system and how its adaptation stratagibelp maintain or mitigate
performance in the wake of a disaster, it is essential to identify the factors causing significant changes in
system performance.

Disaster risk is commonly defined and measured based on three factors: the likelihoodvehthe e
occurrence, the extent to which the population is exposed to hazard, and the vulnerability of the population
(Willis et al., 2005;Aerts et al., 2013; Arnette & Zobel, 2019 the context of a lonterm disaster with
multiple disruptive shocks, one would assume that disaster risk is a dynamic function of time while new
disruptions arise and exposure evolves. Accordingly, we categorize the disaster risk factors as constant o
dynamic factors depending ortlifey areaffected by the disaster and change over tiigle vulnerability
represents the constant risk factor, the likelihood of a disruption and disaster exgresi@fened as the
dynamic risk indicatorsThe diagramin Figurel explains the relationships between exogenous disaster
risk contributorsofalong er m di saster and the service systembs

Disasters may affect communities differently due to geographical and-emmiomic inequalities,
especially in urban areas, leading to different amounts and types of servic€Nmedmn et al., 2021)n
general, socially vulnerable populations are at higher disaster risk dgutficient access tdinancial
syoport, medical care, nutrition, and transportafigaraye & Horney, 2020)In our study, we consider
vulnerability as the constant disaster risk factor, which is determined based on ibeisting

geographical, demographic, and see@mnomic charactistics.
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Figure 1 Disaster risk factors affecting public service system performance

The social vulnerability concept is of interest to many research fields. Social science studies address
vulnerabilities to disasters to improve the huroandition and reduce their lassgCutter et al., 2003)n
contrast, from the organizational perspective, commuritiagspond to the customers who seek necessary
services even during a disaster. Based on the existing vulnerabilities, populations may have different types
or levels of service needs. Therefore, significant differences may exist in the service requést beha
community groups with varying levels of vulnerability.

In our research framework, vulnerability is assumed as-dipaster risk feature that does not change
over time. So, we perform a comparative analysis using the population areas withndifténerability
levels to test the following hypotheses:

Hypothesis 2a (H2a): The change in service demand volumes during a disaster compared to the
pre-disaster period significantly differ in population areas with different pre-existing

vulnerabilities.

Hypothesis 2b (H2b): The change in service response times during a disaster compared to the
pre-disaster period significantly differ in population areas with different pre-existing
vulnerabilities.

During a longterm disaster such as a pandemic, systexpsreence multiple disruptive shocks at

varying levels due to the changes in the severity of the event. In that sensensétwlisasters differ from

their sudderonset counterparts, which commonly cause a single severe shock, and their direct and indire
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effects are observed in the aftermath of the event. In contrast, the impact ofanskivevent starts with
the first shock; however, the overall effect does not merely depettthtsingle shockbut on multiple
shocks during an uncertain time window

In this study, we focus on a pandemic which is a{t@rn slowonset disaster with variable severity
and impact over time. A pandemic is a health crisis with both direct and indirect consequences. That is to
say, during the pandemic, people suffer fiooth its severe health consequences and the secondary effects
of lockdowns, isolation, and loss of inconfidegret, 202Q) Lockdowns and teporary closure of
nonessential businesses are examples of the precautions that enormously affect social and economic lives.

We consider mayoral executive ordeefated to the pandemis triggering events; in other words,
disruptive shocks to the servigystem since these orders restricted or relaxed specific cautions that
significantly changed peoplebds daily activities
daily updates on the number of cases, hospitalizations, and deaths conjiinfousi both organizations
and vulnerable community groups about exposure to the health emergency.

Given the changing lonterm disaster risk over time, we present ld@gn emergency risk as a
dynamic function of constant and dynamic risk features. Wmoge mayoral executive orders as an
indicator of the likelihood of disruption and the infection rates in the area as disaster exposure. In order to
examine the direct and indirect effects of dynamic risk factors on service performance based on the service
response time (speed of service flow), the final set of hypotheses is determined as follows:

Hypothesis 3a (H3a): The dynamic disaster risk factors (daily disruption likelihood and

exposure) are significant predictors of the speed of service flow.

Hypothesis 3b (H3b): Daily service demand mediates the effect of dynamic disaster risk factors
(daily disruption likelihood and exposure) on the speed of service flow.

The pesented hypotheses help us to picture how a successfully operating service system has bee
affected by a pandemic and how current adjustments in capacities and adaptation strategiethisnabled
systento overcome dynamic changes in service demand and response over time. Surprisingly, as we deepen

our analyses by looking at different vulnetipigroups and examining the deviation from expected service
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performance, we reveal that there is still room for improvement toward a more resilient system for such

long-term exhausting disaster events.
3.4.Methodology

Operations Management (OM) is applied research fieMthere researchers have traditionally focused
on developingoredictive or prescriptivanalytical models to guide organizations about what they should
do for effective and efficient operations managentBalcik & Smilowitz, 2020) Recently, researchers
have started to also pay attention to understanding what organizations are doing in reality and why. The
increasing availability of widscale big data and fagtowing data processing and analysis techniques
allows the investigation of the impact of current managerial actions using observational data in empirical
methodologies. Additionally, realorld empirical data helps overcome challenges due to restrictive
assumptions in traditional analytical models, oftgticized as being less practiq@hoiet al, 2015)

Although empirical OM studies are still a minority in the field, the number of empirical papers
published in the OM field has increased over tiide et al., 2017)A recent review paper documented a
bibliometric analysis of the empirical studies in the leading scholarly journals in operations management
(Terwiesch et al., 20207 his study highlights #hincreasing trend in publications, the diversity of industries
studied, and the frequent use of observational data in empirical OM studies.

3.4.1.Event Study Approach

The operational performance evaluation of the public sector has been studied for decades, including
performance measurement, appraisal, and quality assufBotand & Fowler, 200Q) Public sector
performance quantification differs froits commercial counterpart in the private sector since public sector
organizations pay less attention to profit and output maximization. Currently, public sector service
operations have gained subgiainground in the empirical OM field, including community services (e.g.,
public library and postal services), humanitarian relief operatimfjealth and social services (Balcik &
Smilowitz, 2020). The event study methodology is appropriate to quamiifabnormalities in the flow of

services and the systembés performance due to a
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The event study methodology is a common practice in empirical OM research to examine the impact
of disruptions in an operational context. This approach is-kmellvn in empirical estimations of the
expected financial and market values (e.g., stock returns) due to abnormal system behavior observed after
a disruptive evenfHendricks & Singhal, 2005; Terwiesch et al., 2029)well adeing frequently used to
guantify negative impacts on the operational performance of gHfiemdricks & Singhal, 20Q%Ambulkar
et al., 2015

Intervention (or interrupted) time sesianalysisis an event study method used in time series
econometrics or regressityased models. Intervention analysis accounts for befibee trends in a time
series and is used studythe effect of the external intervention (an event) on a timessexier time.

3.4.2 Seasonal ARIMAX Model

In this studywe build a Seasonal Autoregressive Integrated Moving Average with Exogenous variables
(SARIMAX) model to test the effect of exogenous disaster risk variables, which is an extension of the
autoregresive integrated moving average (ARIMA) model with seasonal components and additional time
varying variables (covariates) in either categorical or numeric format.

The"Yd 'Y'OO i) OHORD is based om) autoregressive angl moving averageerms withQ
degree differencing in the neseasonal part, anél autoregressivand 0 moving average terms with
‘Odegree differencing in the seasonal part of the model, whes¢éhe number of observations per seasonal
period. This model allows including the linear effect of a set of exogenous variables on the stationary
dependent variable of interest (outcome variable) and is used to check if exogenous variables significantly
impact the dependent variable.

Given thato represents the period of time (e.g., a day) @nid the dependent variable of interest at

time t the"Yd 'Y O0 i} 0AORD  model can béormulatedas follows:

LI S Y 5 5 G 7 N
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wherel and—are the coefficients of the autoregressive and moving average components of the non
seasonal part, argl and— are the coefficients of the autoregsive and moving average components of

the seasonal part, respectively.represents the vector of exogenous varidblés the error term for time
t andcis a constant value. Previously, the ARIMAX model has long been used for time series prediction

on disaster impact and recovédalalkamali et al., 201%ji et al., 2021; Charles &orley, 2021)
3.5.Data Description

3.5.1.The area of interest

As discussed above, our study focuses on the New York City 311 (NYC31Bmengency call
system performance during the COVID pandemic. New York City is one of the most diverse cities
the United States, with the highest population density in terms of social and economic chara(Zedigtics
et al.,, 2018a)NYC has five boroughs: the Bronx, Brooklyn, Manhattan, @seand Staten Islandhe
NYC Department of City Plannirfgascreatel 59 community districts within the city boundarieachwith

a population ranggom 50,000 to over 200,000 Ci t i zensd Commi ttee for Chi

NYC PUMAs
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Figure 2 The NYC PUMASs and populations based on the018American Community Survey estimates
Since the populations of some community districts are too small to meet the population threshold of

100,000 residents, the Census Bureau paired some of them to dedtadidilgal geographic areas, called
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Public Use Microdata Areas (PUMAS). This study will use the PUMAs as the smaller geographical unit of

interest. The NYC PUMASs and their populations are illustrated on a heat map inZEigure

3.5.2.The New York City 311service request data

New York City has one of the most comprehensive-eimergency call systems in the U.S., linking
New Yorkers to various municipal serviceBhe NYC311 call system has been effectively using e
government applications to reach out tocitizens since 200@dicheria et al., 2012)Today, peoplean
accesghe NYC311 system via multiple modes, such as through the website, text message, phone call,
skype call, social mediar amartphone ap@dditionally, its online service has0 language optionsnd
the phone call service h&ag5 language optiorie encourage all citizens to participate and keep in contact
with the municipal servicegurthermore the Video Relay Servicd/RS) andText Telephone optiorere
also available for people who ateaf, hard of hearing, or speedhpaired.

Considering that the NYC311 call system has a solid foundation with its succegsfutrament
i mpl ementati ons, one ¢ an -emetgerechll systera has aNdasbbably high ni c i
resilience capacity. With this in mind, we empirically diss the service performance of the NYC311
system based on an event study and time series analysis. The analyses quantitively investigate changes in
system performance during the COVID pandemic, which allows us to discuss the internal disaster
resiliencecapacity of the system.

The NYC Open Data initiative enables free access to 311 data for public use to imprinalthe
g o v e r n ateesstbibtys transparency, and accountaBilitp the NYC311 dataset, each call entry
consists of fundamental attuites such as the o mp | axachtimé and datéhe corresponding agency,
the complaint type, the incident address, the borough, the district, and the resolutionRgdateu and
Zobel (2021 )provide a detailed list of available attribut€ven the incident creation and closure dates for

each inquiry, the service response time for each incident is calculated as follows:

! https://opendata.cityofnewyork.us/
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(service response time) (incident closure date) (incident creation date)

In order to explore how disaster risk factors affected the public demand and system response to those
calls in 2020, covering the first nine months of the CONpandemic, # complete set of NYC 311
service request data was downloaded for the period between Jafiua@13 and December 12021.

Our empirical analysis uses the 311 service call dathcompares the 202021 data against the call
volumes and service respse times inthe pre-disaster period.

The service requests with missing information and zero or negative service times are removed in the
data cleaning process. For exampl e, in the entrie
after the incident closed date, which does ndtasense. Additionally, the entries with zero service times
are assumetb bea repetition of theexisting complaints or to be nonactionable service requestnd
thereforethey are alseemoved. Furthermore, resolution times for each call vary froomgsdo months.

A few entries with a response time calculated as more than a year are removed from the dataset, assuming
that theseentries are no longer addressed or were not updated by mistake. Lastly, to obtain an equal number
of observations (days) pgear, we also excluded February 29th from the leap years of 2016 and 2020 from
the data. After the data cleaning process, we obtained a total of 20,050,544 service requests managed by
the NYC 311 system during the time period of interest.

3.5.3.COVID -19infections and executive orders

Recent studies highlight the substantial variations in the spreading and outcomes of thel®OVID
pandemic across communities due togxesting inequalities and vulnerabiliti€Saynor & Wilson, 2020;
Khazanchi et al., 2020The severity of the crisiand the outcomes are found to be highly dependent on
the existing inequalities in the populatighr ot ect i ng NYC6s Most Vul nerabl e
19, 2020) These studies point out some groups suffenmaye seriouslyfrom the pandemic, such as
communities of color, lovincome regdents, people living in poverty, singtarent families, unemployed

people, and senio(&aynor & Wilson, 2020; Khazanchi et al., 2020)
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The United Nations Office for the Coordination of Humanitarian Affairs (OCldéfines gpandemic
as a slowonset disaster that arises over time and varies in its impact (Z0&INovel COVID19 pandemic
is a severe global health crisis initiated in 2020 and has caused more than 6 million deaths globally as of
September, 2022In additionto direct health consequences, due to its rapid sgteadormal functioning
of almost all services, such as health, education, production, transportation, and tourism are disrupted by
the coronavirus pandemiRestrictive ordersire declared in country éocal levels including lockdowns,
travel bans, stagt-home orders, anfice maskegulations, to decelerate disease spreading and minimize
the demand for possibly limited healthcare resou(ceS. Department of Health and Human Services,
2020) In our empirical analyses, the daily confirmed positive CO¥fDcases in NYC represgheCi t y 6 s
exposue to the pandemid.he open access data on confirmed COXDcases were pulled from the NYC
Department of Health websttewhere the NYC Department of Health has been reportintp-dpte
information on daily numbers of confirmed cases since Februa3029.

Mayoral emergency executive orders are essential for the disaster management loé@aaig they
inform and regulate citizen behavior. These orders are public announcements of emigéedy
regulations and directives. In the case of a pamcieemergency executive orders include lockdowns, travel
bans, stayathome orders, social distancing regulations, and-éaeering requirements. The New York
State Office of the Governor declared 113 pandemic related executive emergencyoyiither®n of
December 31, 202 %tarting from thétate of Emergency Declaration March 7, 2020. Each COVHDO
related executive order first summarizes the previous announcements starting from the emergency

declaration, then either explains the new restrictionselaxations such as Closure of Nonessential

2 https://covid19.who.int/
3 https://health.data.ny.gov/Health/Nefork-State StatewideCOVID-19-Testing/xdssu53e
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Businesses, Phased Reopening, or announcing the continuity of the previous rules related to the disaster
emergency.

We obtained emergency executive orders published in 2020 and 2021 from the website fif¢he Of
of the Governdt We formed a dichotomous time series variable based on the dates of the executive orders
during the pandemi@achrepresenting the likelihood of new disruption in the system. In additithigo
dichotomous variable, we further ctechanother time series variable, where the valuany giverday is
a function of time andf the announcement ah executive order, as formulated in EY): (

o [T A@ i I o pfB RY (2)

Here'O represents the effect of an executive order at éinde denotes the weight of announcitig
executive ordeiperiods before the current timewherel is a dichotomous variable that takes the value
of one if an emergency executive order is announced abtiareero otherwisdn the scope of this study,
weusehesed ef i ned variables to examine the immpcpalt of

service request behavior.

3.5.4.Weather data

The previous research on nemergency service demand prediction suggests introducing
climatological data in time series models, which are prow&esignificant predictors of daily call volumes
(Zha & Veloso, 2014; Zobel et al., 2018he historical climatological data was collected from the National
Weather Service websiterhe New York JFK International Airport weather station data is chosen for our
study. We used the average temperature, temperature range, the occurrence of snow, and the average
precipitation as exogenous variabbexd potential predictors of service volume and response times. The

weather dataset covers the period from Januarylh @0December 31, 2021.

4 https://www.governor.ny.gov/executiveorders
5 https://www.weather.gov/wrh/climate
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3.5.5.NYC 311 call center operational data

We alsocollected information about the annual personnel capacities and overtime payments from the
annual performance report of NYC 311 Customer Service Center through thgdVé@ment website
We used the performance reports from 2015 to 2022 to obtain actualized capacity information. Although
the personnel capacities are only available as yearly averages, we created multiple variables using personnel
capacities.

Firstly, we define the personnel capacity variable assuming the capacity remains constant annually.
Secondly, we used these capacities to identify daily call volume per personnel, approximating the change
in workload per personnel over time. Similarly, we used anongrtime payment values, assuming that

the overtime payment amount is determined at the beginning of each year and remains constant over a year.

3.5.6.Vulnerability group selection for the comparative analysis

The Centers for Disease Control aAcevention (CDC) identifies populations that are socially and
economically more vulnerable to the impacts of health crises and other kinds of disdstfpshealthcare
professionals and emergency response offidi@gl 2016 Documentation CDQ016) The Social
Vulnerability Index (SVI) of the CDC quantifies thelative social vulnerabilities of populations in the
United States. SVI is a ranking based on social variahktsare grouped into four related themes: (1)
sociaeconomic status, (2) household composition & disability, (3) minority status & language, and (4)
housing & transportation. Although the recent SVI was developed before the CI®VHandemic,
analyses idicate significant correlations between the social vulnerability features used by SVI and the
confirmed numbers of COVH29 cases and deatfiernigan, 2020; Negret, 2020)

Comparingcommunity groups with different prexisting vulnerabilities allows for incorporating some
of the diversity inherent in different parts of the city. In our analysis, we consider the social vulnerability
factor to represent diverse vulnerability backgrounfdseople, which might lead to distinct service needs

of different communities from the municipal departments during the pandemic. We downloaded the SVI

6 https://www1.nyc.gov
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dataset from the CDC data repositdigr New York State at the census tract level baseti®@20142018
American Community Survey (ACShiear data.

To explore the significance differences in service request behavior of vulnerable community groups
with diverse socieeconomic backgrounds, we identify tRablic Use Microdata Areas (PUMAS) with the
highest and lowest vulnerability scores based on the social vulnerability index of CDC. The higher the
score, the higher the vulnerability. Since the CDC SVI data is available at the census tract level, the proxy
measures for PUMA vulnerability scores arewased as the averages of SVIs of census tracts within each
PUMA. Vulnerability scores by NYC PUMAs are illustrated in Fig@tewhere the PUMAs with the
highest and lowest scores are highlighted in blue and orange colors, respectively. The five PUNt#&s with
highest scores (05 Bronx, 0102 Bronx, 0306 Bronx, 04 Bronx, and 07 Bronx) and the five PUMAs with the
lowest scores (06 Brooklyn, 0102 Manhattan, 06 Manhattan, 08 Manhattan, and 03 Staten Island) were
identified as the two sets of population areastonparative analysis. Figufieindicates the selected two

population areas represent groups with significantly different vulnerability backgrounds.

Social Vulnerability Index by NYC PUMAs
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Figure 3. CDC SVI by PUMASs (averages of census tract SVIs by each PUMA). Blue represents the highest
five scores (PUMAs withhighest vulnerabilities), and orange represents the lowest five scores (PUMAS with
lowest vulnerabilities)

7 Centers for Disease Control and Prevention/ Agency for Toxic Substances and Disease Ragispsfial
Research, Analysis, and Services Program. CDC/ATSDR Social Vulnerability Index 2018 Database New York.
https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html. Accessed on 9/13/2022.
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Figure 4. Boxi Whisker representation of Low vulnerability vs. high vulnerability group (based on census
tract SVIs in each group)

3.6.Analysis and Results

Using a time series regression model,negv analyze if the daily disruption likelihood and exposure
substantiall impact the service demand of communities with different vulnerability backgrounds and how
such fluctuations in service demand affect the daily service response times. The follseusgiorfirst
provides a descriptive analysis of the da#e then coduct a series of tests and analyses to support our

hypothesized research questions.

3.6.1.Data preparation and summary statistics

To begin the analysis, the total number of service requests made per day and daily average response
times were calculated felach time period of interest. Four groups were determined based on the population
areas: (1) the service requests received by all PUMAs across NYC, (2) the service requests received by the
PUMAs with high vulnerabilityscores (3) the service requests BYJMAs with low vulnerabilityscores
and (4) the service requests received by all PUlhasarenot directly related ttheongoing disaster. The
l ast group only includes t he frdegtlyrelaed tothe@gomg or i e s
pandemic crisis. In other words, service categoriesvied newly created in order to address pandemic

specific needs of the people are removed from the dataset. The excluded categooesarergency
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police matteynoncompliance with phasedopeningconsumer complainimass gathering complairand
COVID-19 nonressential construction

The overall dataset covers the time frame from 01/01/2015 until 12/31/2021. The period before
01/01/2020 represents the befenent (prepandemic) period, ahafter 01/01/2020 indicates the during
event period. We started the disaster period from the beginning of 2020, although the first coronavirus
infections occurred in February, and the health emergency was declared on March 7. We consider the last
couple & weeks before the emergency declaration as the disaster preparation phase when the City
government and citizens have started to get prepared in case the pandemic spreads to their living space. So,
the disruption in local systems due to the pandemic intpEcalready started with low impact, given the
high uncertainty about the upcoming unfamiliar health crisis.

The total number of calls, the daily average number of calls, and daily average response times, for each
year and each analysis group, are summarized in Table 1.

Table 1. List of data sets with the daily average number of requests, daily average response
times and number of observations during each time period of interest

Data sets Total # of requests Daily average # of requests Daily average response time
Total requests
2015 1908411 5228.5 17756.0
2016 2010174 5492.3 15251.8
2017 2009587 5505.7 13452.4
2018 2298114 6296.2 14824.1
2019 2161446 5921.8 15030.2
2020 4727558 12916.8 12588.0
2021 4935254 13521.2 10227.6
High vulnerability group requests
2015 213951 586.2 17833.5
2016 232461 635.2 14324.3
2017 217460 595.8 12388.4
2018 244424 669.7 16236.2
2019 230343 631.1 15387.8
2020 596486 1631.2 14403.8
2021 608932 1668.3 11720.3
Low vulnerability group requests
2015 153597 420.8 14677.8
2016 167241 456.7 13624.9
2017 164220 449.9 14085.2
2018 184862 506.5 15540.9
2019 173448 475.2 14162.2
2020 310274 848.3 12060.0
2021 336548 922.0 10322.0
Regular requests
2015 1883936 5161.5 18167.2
2016 1985094 5438.6 15620.5
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2017 1983103 5433.2 13621.0

2018 2274452 6231.4 15082.7
2019 2140720 5865.0 153315
2020 4380394 12001.1 12416.6
2021 4823102 13214.0 10349.5

The summary statistics provided in Table 1 indicate that while the daily average number of requests

increased significantly in 2020 and 2021 compared to the previous years, daily response times decreased.

Response Time vs Service Demand

T\l Wi,

b

Days

Figure 5. The daily total number of calls and coresponding daily average response times over time

Despite the significant increase in call volumes during the pandemic, the average response times
considerably decreased. The daily evolution of the daily number of calls ¥eestmresponding daily
averge response times is illustrated in Figbrevhere a structural change in the time series can be seen
starting from 2020. The visualization of service

a significant impact of the pandemic on the N3T1 system.
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Figure 6. Total number of NYC 311 calls per year

Figure6 highlights the yearly change in the daily average number of requests versus the corresponding
daily average response times for high and-lmerability groups. The graph indicatiast althoughthe
historically high vulnerability group tends to request4emmergency servisanore, during the pandemic
period their service demand increased significantly niioaa that ofthe low vulnerability group. The
statistics show that the systemas able to decrease average response times despitetbased service
demandhowever the most vulnerable group, who m@stin need of services, received a relatively stow
responséhan the lessulnerable population.

3.6.2.Time seriesintervention analysis

As the first analysis of this paper, we conducted an intervention analggtetonine ifa longitudinal
disaster caused a structural change in both the number of calls and the daily average resolution times of the
system. First, wgerformed a breakpoint analysis to compute the optimal breakpointiseigiven time
series, indicating when a structural change started. We used the breakpoints() function of R in the
strucchangdibrary to compute optimal breaks and chose the pointsriiménize the Bayesian Information
Criterion (BIC) and Residual Sum of Squares (RSS) model selection criteria. The intervention analysis is

performed using the first dataset which includes the service requests received by all PUMAs.
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Figure7 visualizes theesponse time data with breakpoints, whichrapeesenteds dashed lines with
confidence intervalsncluded at the bottom of each line. The average resolution time data has five
breakpoints based on the optimal model selection criteria (BIC=6.086edt(RS8r1.46e+14). Figure
indicates that the time spaetweentwo breakpoints is approximately equabtoeyear, and the response
structure slightly differs in each time span which may depend on the operational decisions and capacities
determined for tl given period. Although the breakpoints are not precisely at the statlafiew year,
the confidence intervals generally cover the beginning of a year. This strengthens our argument that
operational decisions may be the reason for structural chanipesésponse time over time. The response
time series does not reflect the potential consequences of the ongoing crisis in 2020 since the breakpoint
indicates that the structural shift started in late 2019.

In contrast the breakpoint analysis on the number of calls gives more certain signals about the
significant shift inthe request behavior of citizens in 2020. Fig8reisualizes the total number of calls
over time with optimal breakpoints calculated (based on Bl@€51e+04 and RSS=8.465e+09). Although
there has been a slightly increasing trend in call numbers over the years (seB)Ftharimcrease in 2020
is far more than expected aiscaused by the expanding service and information needs of people during
COVID-19 (Pamukcu and Zohe?021; Pamukcu et al., 2021). The second breakpoiatind after 2020
and it is close to March7 2020, when the NAState of Emergencyo

breakpoint represents the first shock to the system dine @OVID-19 pandemic.
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Figure 7. Structural change in average daily resolution times over time
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Figure 8. Structural change in the total number of calls over time

The breakpoint analyses support our first hypothekis, that a longterm disaster causesstructural
change in daily service demand patterns. Althainghanalysis othe response timéme series does not
indicatea shift right after the declaration of the disaster, theag@sitive change in response speed which
started a couple of months before the disaatadt the system was able to maintain the improving pattern
in service speed despite the increasing sedéoeand duringhecrisis period. So, we conclude that given
the empirical datasgtve do not have enough evidence to support, Héh along-term disaster does not
necessarily cause a structural change in the speed of service flow. Depending on the systene s i | i e n «
capacity andts capabilityto adapt to the changing conditions, a system can maintain or even inifgrove
performancainder such conditions

3.6.3.Comparative analysis

In this section, we conduct a comparative analysis on the systemdiseraice performance tfe
two selected vulnerability groups before and during the disaster period. BignceFigure @ illustrate
the response times attte daily number of callwithin the 311 system over time, respectively. A unique
color represets the time series of each vulnerability group in each period to highlight the change in time

series behavior in 2020 and the difference betvileehigh and low vulnerability groups.
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Figure 10. The daily number of calls over time by vulnerability groups

In order to compare the service request behavior and corresponding response timesegliected two
vulnerability groups, a series of twailed ttests were run to statistically compare the distributions of call
volumes and response times before and after 2020. Table 2 summarizes the test results along with the
average call volumes and resise time per group per selected period of time. Period | covers the
observations of five years starting from Janu&ty2015, whereas Period Il covers the observations starting
from January %, 2020 until the end of the year 2020. Period Il includesrtpact othecoronavirus crisis,

starting from the first cases that arose in NYC.
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Table 2. Average daily number of service requests and average response times for selected vulnerability
groups (before and during 2020)

Daily average # of calls Daily average response time
High Low Difference High Low Difference

vulnerability  vulnerability  (high vs. low) vulnerability vulnerability  (high vs. low)
Period |
(01/01/2015 623.6 461.8 161.8*** 14418.2 15234.0  -815.8***
12/31/2019) (p<2.2e16) (p=2.6€05)
Period Il
(01/01/2020 1631.2 848.3 782.9%* 12059.0 14403.8 -2344.8**
12/31/2020) (p<2.2e16) (p=2.6e08)
Difference
(Period | vs. 1007.6*** 386.5%* -2359.2%** -830.2*%**
Period Il) (p<2.2e16) (p<2.2e16) (p=5.7e11) (p=0.0049)

Table 2 first summarizes the resufssomparing daily call volumes by vulnerability group and period.

T he St dabtaasdltdirdicate substantial differences in service demand volumes of population areas
with different vulnerability levels both before and after the pandemic. Based on the table, we found that the
average number of calls was significantly less énid®l | compared to Period Il for both high and low
vulnerability groups (p<2.2&6). Furthermore, the daily number of requests made by the high vulnerability
group was significantly more than those made by the low vulnerability group in both Perioddl | and
(p<2.2e16). The high vulnerability group requests almost doubled the low vulnerability group request
volume in Period Il. The test results support H2a that the change in service demand during a disaster
compared to prelisaster period significantlyffiérsin populations with different vulnerability levels. These
findings can be interpreted ageatervulnerability causing more demand for public services, which
increases further during crisis times. Moreover, high call volumes by vulnerable growgshgigthere is
relativeease of accessibilitipr this systemeven in socieeconomically disadvantaged population areas.

The righthand side ofTable 2summarizes the resultf comparing average response times. The
average response times were significantly different for selected vulnerability groups in both Periods | and
II, which supports hypothesis H2b. Despite finesence ofmore service requests receivieam the high
vulnembility group, the system respatito their calls faster on average (p=20&e for Period | and

p=2.6e08 for Period Il). Comparing the response times in Periods | and Il indicates that the system was
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able to respond to calls more quickly during the siigriod despite the significant increase in call volumes.
The results point out thetlinereasey sall wlomdes of @020 dnd 4 further 0 a d
improvement in the service performance in high vulnerability areas.

3.6.4.Time series modefitting

Call center service operations studies have primarily focused on request arrivdBdates et al.,
2005 Aldor-Noiman et al., 2009; Zha & Veloso, 2014; Kontokosta et al., 2017; Madkour & Eren Tokgoz,
2020. Autoregressive time series models are commonly preferred sirseathival rates are serially
correlated, and variability and seasonal patterngeedictable(Gans et al., 2003; Brown et al., 2005;
Aldor-Noiman et al., 2009)n this studyhoweverwe focus on the operational service performance of a
public service system where iazus on thealaily response times as the dependent variable aésitaVe
define a distinct day as a time period starting from 00:00:00 until 23:50:59 of the same day. Given that t
denotes a particular day, each dataset includes a total of T observations starting ffdmejgresents the

average response time ayda

3.6.4.1.Time series modeling assumptions

The daily responsetime data is additive, where trend and seasonal components exist. Generally,
multiple seasonality exists for daily time series that caxemdow of multiple years, including weekly,
monthly, and quarterly or yearly seasonal trends. A common approaefirtimgl multiple seasonality in
a time series is introducing the data as weekly and defining dummy variables to represent the remaining
seasonal patterns in the dé@&ould et al., 2008)Accordingly, we define daily average response time as
weekly data and create dummy variables for monthly and yearly seasonal effects to use in the autoregressive
time series model.

A time seaies is required to be stationary in order to apply any autoregressive time series model,
meaning that the residuals of the time series should have constant mean and variance. Eliminating trend
and seasonality is the approach to converting thetddiastationary. In order to test the significance of

trend and weekly seasonal effects, we first applied a time series linear regression modedgootise

89



time dataset, the results of which are provided in column | of Table 3. The regression results timalicat

the trend and seasonal effects are statistically significant. This finding is further supported by the
Kwiatkowski-Phillips-SchmidtShin (KPSS) test, a wediccepted and commonly used test with the null
hypothesis that the time series has levelrend stationarity. The KPPS test for stationarity with KPPS
level=4.41 (p<0.01) indicates that the data is not stationary.

Table 3. Time series regression results testing the existence of trend and seasonality in full dataset

(from 01/01/2015 to 12/31/220)
I

Resolution Time
Estimate (Std. Error)

Il
N Log(ResolutionTime)
Estimate (Std. Error)

(Intercept) 1.140e+06 (1.314e+04)**

-1.2603 (1.5e02)

trend -1.123e+02 (6.572e+00)*** 1.39e07 (7.3e06)
season2 -4.811e+04 (1.555e+04)** -1.96e03 (1.7e02)
season3 -3.846e+05 (1.555e+04)*** -5.86e04 (1.7e02)
season4 -4.509e+05 (1.555e+04)** -1.14e03 (1.7e02)
seasons -3.241e+04 (1.555e+04)** -3.65e05 (1.7e02)
season6 7.289e+03 (1.555e+04)** -2.79e04 (1.7e02)
season? 1.407e+04 (1.555e+04) * -6.95e04 (1.7e02)
Residual SE 194700+ 0.2137
Multiple R -squared 0.5104*** 9.2E06
Adjusted R-squared 0.5088*** -0.003206

pval ues: 0O 6***96 0.001 6**6 0.01 o6*d6 O.

Transformation and differencing are the methods used to remove trends in the time series. So, we first
applied a logarithmic transformation to rescale the dataset, which helps remove trends and makes the results
easier to interpret. Then, we used differagdo remove any linear and nonlinear trends as well as the
seasonal effects that might be evident in the time series. Titkd#fiprencing operator is defined as
follows:

no ® o

Generally, lagl differencing removes the trend, and-thgifferencing is used to deseasonalize data

where d is the parameter defining the seasonal order. Accordingly, we first appliedifégrencing to

logarithmic time series. The KPSS stationarggts indicate significant evidence of the stationarity of the

transformed and differenced time series, indicating there is no substantial evidence to reject the hypothesis

90



that the time series is stationary\@ue>0.1). We further applied the Augmenteidkay-Fuller (ADF)

test with an alternative hypothesis of stationarity. The test indicates significant evidence of the stationarity
of the converted time series. Lastly, the trend and seasonal effects on converted data are tested by a
regression model. Theesults in column Il of Table 3 indicate no remaining treodseekly seasonal

effects in the time series.

Similar totheresponse time data covering all PUMAS, the initial time series data fotheditgh and
low-vulnerability groups were nonstatiogarased onhe KPSS Unit Root Test (palue<0.01). The same
approach explained aboweas followed to detrend and deseasonalize all resolution timeshétwo
vulnerability group datasets. After performitige logarithmic transformation and lag differercing,
stationary time series weadsoobtained for eachf theseresponse time datets The transformation and
differencing procedures for the high and low vulnerability group datasets are provided in Tables Al and
A2 of Appendix A.

Residuals from Linear regression model

2050 2100 2150 2200 2250 2300

14 21 28 -1.0 -0.5 0.0 05 1.0
Lag residuals

Figure 11. Time saies representation of residuals from decomposition by linear regression, corresponding
autocorrelation lags and a histogram on residual distribution

We fit a linear regression model to full data sdillustrated in Figure 1, in order to explain that a
linear model is not sufficient to explain variabilitydaily response timdata The residuals from the linear

regression model have zero mean with close to constant variance where its distribution is close to a normal
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distribution However, the ACF plosignals significant autocorrelations among residuals in lag orders,
especially at lag order 7, pointing out that the linear regression model is insufficient. Thadicafes
possible Moving Average (MA) effects. Furthermore, the significant autocborelat lag 7 also signals

the potential for a seasonal MA effect in this time series. Next, we will build a seasonal ARIMA model for

daily response time data.

3.6.4.2. Seasonal ARIMAX model variables

The results above show thatily response timelata indicates possible autoregressive and moving
average effects of the time series. We also consider weather, capacity, and-idikdstbrexogenous
variables as potential predictors of daily response time. Given these predictor and outcome waeables,
build a Seasonal ARIMAX model to predict significant contributions of exogenous variables and future
response times based on the built prediction model’™YfdeY "O0 rifidyy 0RO  model is based on p
autoregressive and q moving average tewits d degree differencing in the neeasonal part, and P
autoregressive, Q moving average terms with D degree differencing in the seasonal part of the model, where
m is the number of observations per seasonal pefiedfollow an inductive method and cddariables
iteratively while identifying their significance for the SARIMAX model.

Table 4. Model variable definitions
Model variables Name Notation
The dependent variable of interest

Daily average response time 1 <
Exogenous variables
Daily number of calls 4 L
Daily number of calls per service capacity 4k
Service capacity Fa
Overtime payment Fomnu |
Public Holiday B
Average Temperature -
Precipitation > -
Snowfall {=-o
Month-of-year 4 <
Disaster risk factors
Daily number of infections E,
Executive order likelihood F<
Executive order effect F<

The prediction model details for the full dataset, fomdhe high and low vulnerability group datasets

are presented in the following subsections.
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3.6.4.3. Prediction model for full dataset

We first fit a Seasonal ARIMA model with exogenous variables to the full dataset following an
inductive approach, where wdentified and included significant predictor variables into the model
iteratively. Table 5 summarizes the model outputs in each iteration for model fitting.

Firstly, we fitted a SARIMA model without including any exogenous variables to find the baseline
model and selection criteria. The best model (Model 1 in Table 5) was found as SARIMA(1,0,2)(0,0,2)
with AIC=-1796.3, AlCc=1796.3 and BIC=1756.5 Model 2 then tested the effect of weathelated
exogenous variables, with the results indicating that lveeatonditions are not significant predictors of
service response performande.the next iteration (Model 3), we tested the monthly seasonal trends to
examine the possibility of multiple seasonal trends in the daily response dataset. However, theumddel f
them insignificant, except the dummy variabde month #6 and month #7 that corresponds to June and
July. Thus, only M6 and M7 are kept in the exogenous variables set. At this point, the model selection
criteria were improved to AIC=1789.3, AICc=1789.0 and BIC=1686.9n the following iterations (Model
4-8), we tested the effect of the daily number of calls, executive order likelihood, executive order effect,
and daily number of infections variables, respectivBlijthese, only the executive ordeffect are found
significant. Model 9 then found a significant interaction effect of daily call volumes and executive order
effect. In the final model, Model 10, the overtime payment variable was also found to have a significant
impact.

Including all significant predictors, which are g+ ¥OR zOPAT R0 QhtiGe best final model
SARIMAX(1,0,2)(01,2), reducegheselection criteria té\IC=-1809.1, AICc=1809.0 and BIC=1740.8.

The residuals that remained from the fitted SARIMAX maatelpresented in Figure B1 in Appendix B.
The Ljungbox test result shows that the fitted model's residuals are random and normally distributed. The
model improved compared to the first iterationgh the inclusion of the exogenous variables.

The fitted prediction model fdull datasetdoes not support H3a that the daily disaster exposure and

likelihood have direct impacts on the speed of service flow. On the othentitinthe same model, we
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Table 5 Iterative inductive SARIMAX (1,0,2)(0,1,2model building with full dataset (01/01/201%2/31/2020)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10
Intercept  -0.00 (0.00) -0.02 (0.01). -0.01 (0.01) -0.01 (0.00) *** -0.01 (0.00) *** -0.01 (0.00) *** -0.01 (0.00) *** -0.01 (0.00) ** -0.01 (0.00) *** -0.01 (0.00) **
arl 0.97 (0.01) **  0.97 (0.01) *** 0.97 (0.01) *** 0.97 (0.01) **  0.97 (0.01) ** 0.97 (0.01) ***  0.97 (0.01) *** 0.97 (0.01) *** 0.98 (0.01) ***  0.97 (0.01) ***
mal -0.59 (0.02) *** -0.59 (0.02) ** -0.59 (0.02) *** -0.59 (0.02) ** -0.59 (0.02) ** -0.59 (0.02) *** -0.59 (0.02) ** -0.59 (0.02) *** -0.59 (0.02) ** -0.59(0.02) ***
ma2 -0.21 (0.02) ** -0.21 (0.02) ** -0.22 (0.02) *** -0.21 (0.02) *** -0.21 (0.02) ** -0.21 (0.02) *** -0.21 (0.02) ** -0.21 (0.02) ** -0.22 (0.02) *** -0.21 (0.02) ***
smal -0.84 (0.02) »** -0.84 (0.02) *** -0.85 (0.03) *** -0.84 (0.02) *** -0.84 (0.02) *** -0.84 (0.02) *** -0.85 (0.02) *** -0.85 (0.02) *** -0.86 (0.02) *** -0.85 (0.02) ***

sma2

-0.13 (0.02) **

-0.13 (0.02) **

-0.14 (0.03) ***

-0.13(0.02) **

-0.13 (0.02) **

-0.13 (0.02) **

-0.13 (0.03) **

-0.13 (0.03) **

-0.14 (0.03) **

-0.14 (0.03) **

-0.00 (0.00)
0.00 (0.00)
0.00 (0.00)
0.00 (0.00)
0.02 (0.02)
-0.00 (0.02)
0.00 (0.02)
0.01 (0.02)
0.03(0.02).  0.03(0.01)*  0.03(0.01)*  0.03(0.01)*  0.03(0.01)**  0.03(0.01)*  0.03(0.01)*  0.03(0.01)*
0.02(0.02).  0.02(0.01)*  0.02(0.01)*  0.02(0.01)* 0.02 (0.01) * 0.02(0.01)*  0.02(0.01)*  0.02(0.01) *
-0.00 (0.02)
0.01 (0.02)
-0.00 (0.02)
-0.01 (0.02)
-0.00 (0.02)
m 0.00 (0.00)
E -0.01 (0.01)
Fa -0.00 (0.00) * -0.00 (0.00).  -0.00 (0.00) .
E, 0.00 (0.00)
S -0.04 (0.02)*  -0.01(0.01) .
Fomul 0.00 (0.00) .
a 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
AIC -1796.3 -1794.0 -1789.3 -1803.9 -1802.1 -1805.3 -1807.6 -1810.2 -1809.6 -1809.7
AlCc -1796.3 -1793.9 -1789.0 -1803.8 -1801.9 -1805.2 -1807.4 -1810.0 -1809.5 -1809.5
BIC -1756.5 -1731.4 -1686.9 -1752.7 -1745.2 -1748.5 -1750.7 -1753.3 -1747.0 -1741.4
Ljung- 1253 14.02 14.64 11.69 11.85 10.54 10.46 10.26 9.89 9.05
Box test
LM test  48.19 ** 46.94 50.51 *** 46.17 46.20 *** 46.08 *** 46.92 *** 44.83 *** 46.20 ¥+ 47.42 =+
pval ues: 0 6***6 0.001 6**d6 0.01 6*6 0.05 6.6 0.1 o
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cannot reject hypothesis H3b that daily service deményl rhediates the effect of daily disruption

likelihood O on the speed of service flow.

3.6.4.4. Prediction model for high vulnerability group data

To build the prediction model for the high vulnerability group data, weffitetd a SARIMA model
without including any exogenous variables to find the baseline model and selection criteria. The best model
(Model 1 in Table Bl in Appendix B) was found &ARIMA(1,0,2)(1,1,1) with AlIC=432.38,
AlICc=432.44 and BIC=472.2.

Then, we tested the weathetated exogenous variables to see their impact (Model 2). The high
vulnerability group data results indicate that weather conditions significantly affecteseegponse
performanceThe Model 2 results point out that average temperature, precipitation, and snowfall are
significant predictors of the response time series. The public holidays also substantially affect the dependent
variable of service responseng.

Furthermore, in the third model, monthly seasonal trends are tested to examine the possibility of
multiple seasonal trends in the daily response dataset. However, the model found them insignificant, except
for the dummy variable for month #XBat coresponds to Octobetherefore,only M10 is kept in the
exogenous variables set. At this point, the model selection criteria were improved to AIC= 409.91,
AlCc=410.38 and BIC=535.06.

In the following iterations (Model-8), we tested the effect of the Janumber of calls, executive
orders, and executive order effect variables, respectively. Although the variables were found insignificant
when they were separately added, the interaction effect of daily call volumes and executive order likelihood
(Model 9)and the interaction effect of daily call volumes and executive order effect (Model 10) were found
significant. Lastly, we included the call volume per capacity variable in logarithmic form in the last iteration
(Model 11) since it contributes significantiTable B1 in Appendix B summarizes the model outputs in

each iteration.
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The correlation matrix provided in Table 7 indicates no high correlations between selected exogenous
variables for the prediction model of the high vulnerability group.

Table 7. Correlations between selected exogenous variables for high vulnerability group model

Ve frme=q-ce Mo dife 4w
g ° 1.00 -0.06 0.01 -0.01 0.00 -0.03 0.00
] - -0.06 1.00 0.00 -0.14 0.06 0.02 -0.04
> g 0.01 0.00 1.00 0.26 0.01 -0.03 -0.05
=@ -0.01 -0.14 0.26 1.00 -0.03 0.00 0.02
M10 0.00 0.06 0.01 -0.03 1.00 -0.01 0.01
47 e -0.03 0.02 -0.03 0.00 -0.01 1.00 0.25
4 g 0.00 -0.04 -0.05 0.02 0.01 0.25 1.00

Including all significant predictors, the best final mo@ARIMA(1,0,2)(1,1,1) reducesthe
selection criteria to AIC=388.47, AlICc=388.67 and BIC=468.11. The residuals that remained from the
fitted SARIMAX modelarepresented in Figure B1 in Appendix Bhd LM test result indicates there is no
heteroskedasticity in the remaining residuals, in other words, residuals have a constant variance with
p>0.01. TheLjunpox test result shows that the fitted mod
andthe distribution slightly deviatefrom a normal distribution (see Figure B1 in Appendix B). However,
the model improved compared to the first iterations, with the inclusion of the exogenous variables.

Similar to the finding based on the full dataset, itted prediction model for the high vulnerability

group also does not support H3a that the daily disaster exposure and likelihood have direct impacts on the
speed of service flow. However, the fitted model supports the hypothesis H3b that daily serand dem

(0 ) mediates the effect of daily disruption likelihod@d on the speed of service flow.

3.6.4.5. Prediction model for low vulnerability group data

As with the model development ftine high vulnerability group data, we first fit a SARIMA model
the low vulnerability group dataithout including any exogenous variahles orderto find the baseline
model.Forthe first model, SARIMA(1,0,2)(1,0,1)s selected as the best with AIC=153,.81Cc=157.86,
and BIC=186.27. Table 8 summarizes the model outputs for the low vulnerability group dataset iteration

by iteration.
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We then tested the weathelated exogenous variables in Model 2. The results indicate that weather
conditions do not sigjficantly impact service response performance in the low vulnerability group. The
public holidays variable was also found insignificant in its effect on service response time. The third model
tests monthly seasonal trends. Only the dummy variable forrr#d (October) was found significasb
only M10 is kept in the exogenous variables set. In iteration five, the executive order likelihood variable
was found significant and added to the prediction model. At this point, the model selection criteria were
improved to AIC=155.55, AlCc=155.59, and BIC=189.69.

In the following iterations (Model-Z), the significance of the daily number of calls, daily number of
infections, executive order likelihood and executive order effect variables are tested, rdgp&uatlydhe
executive order likelihood was found a significant predictor of daily response time. Next, the interaction
effect of daily call volumes and executive order likelihood was found significant (Me@elL&stly, we
included the call volume perapacity in logarithmic form and overtime payment variables in the last
iteration (Model 10) since their contribution were found significant. The correlations between exogenous
variables used in low vulnerability group prediction model indicate low caoefabetween selected
variables (see Table B4 in Appendix B).

The best final modeBARIMAX(1,0,2)(1,1,1}, with the selected exogenous variahlesducesthe
selection criteria to AIC=150.52, AlCc=150.6 and BIC=201T42 model is improved as the signéfit
exogenous variableseintroduced to model. The residuals that remained from the fitted SARIMAX model
arepresented in Figure B2 in Appendix B. TheLjumgp x t est result shows that
are random and normally distributed. The LM test result for the final fitted model indicates the residuals
have a constant variance with p>0.01.

The fitted prediction model for the low vulnerability group supports both H3a, arguing that the daily
disaster likelihood directly affects the speed of service flow, and H3b, arguing that daily service demand
mediates the effect of daily disruption likelihoodtbe speed of service flow. Disaster exposure based on
the daily number of infections due to a pandemic was not found to be a significant predictor of daily average
response time.
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The proposed model provides a good fit for the given time series dataedénspiiack of perfect
information on the systembés service capacity allo
exogenous variables, including service demand, personnel capacity as a proxy to service capacity, and
others, help fit a represtative prediction model, the accuracy of which will be discussed in the following

sections.

3.6.5.Forecasting future response times without disaster intervention

In this part of the analysis, wattemptto forecast future service performance withoutadier
intervention. The forecast represents the daily average response performance if the disaster does not occur
and therefore does not affect the system. We used thdigarster period dataset from the beginning of
2015 until the end of 2019 to foretdsily average response times for 2020 and 2021, given the full dataset,
including all service requests from all PUMA®e fit a new model since the underlying data set is different
than that is used in the previous sectidfise details on model parameteand validity test results are
summarized in Appendi®. The disaster and capacitglated exogenous variables were not included in the
prediction model, assuming that the disaster information was unknown and the capacity adjustment due to
the pandemic as not made. Thus, the forecast is only based on the information available during the pre
disaster periodlhis analysis helps to uncover deficiencies in current practice to point out footieetial

improvements inhes y st emés operational strategies.

Resolution time forecast for 2020 and 2021
ARIMA(4,0,0)(0,1,1)[7]

series
Actual
Forecast

Log (Resolution Time)

Days ==
Figure 12. Average response time forecast for 2022021 based on SARIMA (4,0,0)(0,1,4ijnodel
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Figure 2 illustrates the daily mean response times forecasting for 2020 and 2021 based on the full
dataset. The comparison of forecasted and actual (obseesu)nse times indicates that the actual
response is mostly within the upper and lower bounds of the forecasted values. So one can argue that the
systembébs actual service perf or ma althaghteastualdadyt negat
response time has a declining pattern during the disaster period, after a few spikes in response times in the
first months of the pandemic. However, there are still times that actual performance deviates from the
forecast, indicatinghat the systenstill lacks the ability to closely maintaitarget performance due to
disruptive shocks durinthe disaster.

Assuming that the forecasted response times are the target service performance for the system, which
was not informed by the upcoming disruptivsagter yet, we measure the deviation of actualized response
times from the target response times as follows:

QQL QOO QVE &1 "QGHIIRA N HEAGR G DO d Qi 1y HEAAGD

We referto the negatvte parture from target performance as ¢
slower than the expected. The deviations from target service performance based on forecasted response
times are illustrated in Figure 15, where the time series starts froraryaffu2020 until December 31
2021. The blue I'ine in the figure indicates when t
volumes have already started to incresisee January 2020, the deviation from target service performance
startsbelow zero at the beginning of the year 2020.

Although the deviation is sometimes positivelicating better performance comparedhtetarget, the
performance is highly volatile. It falls below the target line many times, indicating the systemrisanot i
steady state in terms of service performance. FigBrasbshows that loss decreases over time and the

system starts to go batkits steady state and improve through the end of the analysis period.
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Figure 13. The difference between the observeda forecasted response times based on only pdésaster
information
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We also present the deviations of actual response times from the 80% and 95% upper and lower
boundaries of the forecasted valuasillustrated in Figure 4 The graph highlights that the worsse
forecast boundaries (80% and 95% upper bounds) werstdim@ys above the observed values, indicating
the actual service performance was still better than the expecteecasegperformance during the disaster
period. On the other hand, the actual service performance is almost always worse tharcHsefbestast
boundaries (80% and 95% lower bounds), which shows the performance during the disaster was not as
good as theexpected bestasescenario the systemight have. Furthermore, the actual response times
exceeded the forecasted wetake performance a few times, and the difsheseoccurred when the health
emergency was declared in New York State on March 7.

When we look at the deviation time series predith Figures 3and 4, we can relate this pattern with
a disaster resilience curve, whigkpresentshetrajectoryof fl osso from target per
Such resiliencés measured based on both how much the performance deviates from theviargete
and how long it takes to bounce back to normalcy for the systelicating that the systernasfully

recovered from the negative impacts of the disaster event.
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Figure 14. The difference between the observed and forecasted response times (idig 80% and 95%
lower and upper bounds of forecast) based on only prdisaster information

3.6.6.Forecasting future response times with disaster intervention

In this part of the analysis, we used the fitted prediction mdueded orthe service datadm 2015
until the end of 2020 to forecast the daily average response times for the year 2021. We use forecasts to see
how close the service performance forecasts are to the actualized (observed) future service values and if a
fitted model that uses a pat the disaster period would help forecast performance during the rest of the
disaster. All significant exogenous variables are includedah of thre@rediction moded, including the
disaster risk variables fourtd have asubstantiakffectin the model fitting. Thus, the forecast is based on
both predisaster and durindisaster inputs observed until the end of 2020.

Thelong-term nature of th€OVID-19 pandemic allows us to build a prediction model informed by
both system reactions and disastetdecduring the early stages of the crisis, which helps estimate future
performance and perform necessary managerial and operational dewdimy to maintain or improve
the service performance. The forecasting model takes the fitted model specifiaatiopst. Additionally,
the observed values of exogenous variables are introduced into the forecasting. Lastly, the forecast period

is determined as 365 days to obtain forecasts for 2021.
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Based on the fitted models using 2EA®0 data (which now includes the significant capacity and
disager-related variables), daily average response times for 2021 were forecasted. The resulfsifor the
requestsregular service requests, the high vulnerability group, and the low vulnerability group datasets are
illustrated in Figures§, 16, 17, and18, respectively. The blue color represents the forecast values; darker
blue indicates the forecasted mean, and light blue marks the upper and lower boundaries for the forecasted
values.

The observed response times are mostly within the forecast boundaries for all three datasets. The fitted
models presented with green lines indicate that selected SARIMAX models provide a good fit for the
selected time series. The comparison of forecastécetual response times in 2021 shows that the actual
response times are mostly shorter than or equal to the forecasted mean response times, especially in regular
requests by all PUMAs and high vulnerability groups. The actualized response performdrgk &ord
low vulnerability groups follows different patterns. While the response times for the low vulnerability group
increase, it has a decreasing pattern for response to requests from the high vulnerability group despite the
excessive call volumes raéged by the highvulnerability group in 2020 and 2021 (recall the annual request
volumes presented in Table 1). So, one can conclude that the service performance to requests by high
vulnerability group was better compared to the low vulnerability group.hihts at a prioritization strategy

that favors the underprivileged regions who request service more, especially during a disaster.
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3.7.Discussion

3.7.1.Disaster risk factors affecting NYC 311 service performance
Disasters are significant disruptions for government service systems where the system needs to
maintain functionality during a disaster since these systems enable continuity of the timely and reliable
information flow between authorities and citizens. Ardption impacts the system by causing a deviation
from its normal functioning; therefore, the system performance deviates from the intended performance
|l evels following the disruptive shock. Whaend a sys
plan for, absor b, recover from, or mor e (NRCccessfl
2012)becomes more of an issue to ensure and maintain the functionality of the system (Zol29¥E al.,
In the context of public service operations, anealdsay that when the service performance worsens, the
connection between citizens and their government weakens, which is an undesired outcome during a
disaster since these service systems are also effectively used in resolving issues related to ongoing disaste
The weltknownconcept of thelisaster resilience trianglénitially proposed by Bruneau in 2003 and
extended byobel and Khansa (2012, 2014efines the system impact based on how the performance
deviates from its target over time ahdw long it takes tcstabilize on its original level ornather
performance levelThe disaster resilience triangle investigatesdifference between targeted and actual
system performance following a disruptive shisc&rderto quantify resiliency based on the system impact.
Systems may experience consegatshocks resulting froraithermultiple sudden onset events or a
single longterm event. The multiple shock feature of a kbegn disaster resembles a midtientsituation
where thesystem lossnight be similar to thtillustrated in Figure 9(a). On theother hand, in the case of
a slowonset disaster that evolves over time, one might expect to observe a gradual loss or deviation from
target performance as the severity and exposure change. Furthermore, as the system adapts itself to the
ongoing longtermcrisis, the departure from desired performance due to consecutive shocks may diminish,
although new shocks may continue to arise. The system impact during-arsletmisaster scenario is

visualized in Figure 9(b) with a slight adjustment in the origin#llstration by Zobel and Khansa (2012).
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Figure 19. System impact for an organization during (a) consecutive suddeonset disaster events (b) a
slowonset disaster with multiple shocks (adapted from Zobel and Khansa 2012)

In this study, wdéounda system impact curve similar to Figli®b) based on the analysis on deviation
from expected service performance due to the pandemic, which resembles the characteristics-of a slow
onset disaster (see Figurg)1We considexd resmpnse time, i.e., speed of service flaag, anaspect of
service performance while assessing the impact of atkmng disaster othat performanceWe further
introducel disaster exposure and likelihood as dynamic risk factors of atdsngdisaster whichause a
change in system response over time.

Our empirical analysishowedthat the daily infectiomates do notsignificantly impactesponsdime
performance. However, we identified that the spikes in the service demaititeaodresponding higér
response times coincide with important orders declared by the local government. Our analyses point out
that the executive orders such as the announcement of the local health emergency declaration 8n March 7
the closure of nonesseat businesses on March 2Ghe Phase | reopening on Jun® &nd thePhase I
reopening on June 2Pare important events in the evolution of this ldagn disaster. We introduce the
mayoral executive orders as the identifier of those milestones asileneach order as a likelihood of a
new shock due to the ongoing letegm disaster. We find out the number of service requests interacts with
executive orders and the interaction effect is found as significant predictor of the service performance.

3.72. Disaster resilience capacity of the NYC 311 system

In this section, based on our observations on the response performance of the NYC311 system during
a longterm disaster, we discuss how a system can overcome challenges in maintaining service performanc

while experiencing a dynamic and differential impact on service requests by different vulnerability groups.
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We mention how the NYC311 system incorporates disaster resilience capacity features to handle multiple
disruptions during a pandemic.

As stated peviously, systems are prone to disruptions due to disasters and need to be resilient to absorb
and adapt to their severe consequences. Systems use their internal resilience capacity to respond to and
recover from the impacts of disasters effectivelygrinetal. (2011 ef i ne a systemds i nt
capacity as a total of its absorptive and adaptive digmcThe absorptive capacity is the ability to
automatically absorb the impacts of a disruptive event and minimize adverse outcomes with only a little
endogenous effort. So, the absorptive capaaity st
disruption. On the other hand, adaptive capacity consists of all other internal efforts during the emergency
period it is a dynamic and continuous learning procH#ss involves makingadjustments to an
unanticipated and uncertain evéNohrstedt, 2015)Adaptive capacity requires some internal effort to
regain a portion of the system performa and enable the continuity of highality service using alternate
processes and resour@®sigrin et al., 2015)

The 311 noremergency systesn successfully incorporate information and communication
technologies into their functions, enabling the continuity of communication between citizens and
government bodies in terms of their disasetated and other regular service needs. The NYC31wedla
operating example of available remergency systems serving a very dense area in the United States and
addressing millions of requests each year.

Our findings show that the pandemic did not drastically affect the continuity of themermency
senices in NYC. The system was able to adapt to the significantly increased number of calls quickly, and
the systembs internal resilience capacity helped
to the predisaster periodRobustnessnd flexibility are two essential resiliency features that helped
NYC311 to reduce the negative impact on response performance most of the time. However, at certain
times the existing features were not enough to fully resist the extremity of the circumstances.

The information technology implementations andjogernment practices improve a sysiem
robustness to disruptive shocks by providing alternative pathwayddocitizens to continue demanding
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services and governments to continue addressing community fi@edsvailability of multiple technology
channels to contact government services enables the continuity of citizen input; in other words, service
providers can remain connected to the citizens during an emergency. For example, during thel€0OVID
pandemicrequesting information and service through the 311 system was still possible in many ways since
the disease outbreak did not directly impact the digital communication infrastructures. Howpeesoim

contact options were restricted due to the thréatisease spreading but absorbed by the other access
modes.

During the COVID19 pandemic, the NYC311 systdras benefittedrom theflexibility of its current
functionality to better manage pandemétated requests. An exampiéthisis thatNYC311 welcanes
pandemier el at ed compl aints with specific request entr
AFacoeveri ng thatveele areatedftarghe health emergency declaration. This is a smart and
straightforward adaptation stratefpr identifying pandemierelated requestthat required onlya small
internal effortto bemade by the system providdrsorderto make the system functiontber usingits
inherent structurdlexibility.

Furthermore, our findings highlight the significant contributions of capacity and financial adjustments
in maintaining service performance. In addition to the-&fert internal adjustments that help maintas
functioning, the NYC311 also increased its personnel capacities and unit overtime payments to remain
resilient during the disaster period. Specifically, based on the annual performance répoRYE 311
Customer Service Center, personnel capaedy increased by 7.5% in 2020, and overtime payment was
increased by 58.7% compared to the previous year, to overcome the increased resource requirement in the
first year of the pandemi@isch 2021).

3.8.Managerial and practical implications

This study focused on a public service system to point out how a Hwrgn disaster may affect the

service demand and corresponding service response performance of the system as the disaster evolves over
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time. This section aims to present useful guidelines for gerabtained from our analyses and empirical
findings,in support of drawingeveral important conclusions.

3.8.1. Request for services behavior changes during a loierm disaster. This research identifies
the issue that during a disaster period, theéeerequest behavior of people changes in terms of the demand
volumes and types of services. The time series analysis findings indicate that excluding the effect of the
disaster, the forecasts give suboptimal predictions for a disaster period sinceqgulest rbehavior
significantly changes. This study points out a structural change in the request behavior of New Yorkers
after the initiation of the pandemic in 2020. A prior studyPaynukcu et al. (2021)vestigates a similar
change in service demand behavior in Orange County, Florida, 311 systemQ@ODKiQ-19. This study
also points out that request behavior differs for different vulnerability groups, which requires attention by
system managers to account for equity in access and response to differential request patterns by
communities with varying vulneraltji backgrounds.

Forecasts without disaster input show that during a-teng disaster, a system sometimes receives
more requests and sometimes less depending on the needs at a particwehnitimean be affected by
external factors such as the weather conditions and holidays or the disaster impact at that time. So, the
response based on expected request volumes may go abbetow the predicted intervals. In the
discussion section, we hiligght which features help a system to remain more resilient by absorbing and
adapting existing system functions in response to a disaster. Extending the capacities and expenditure is
one approach; however, the system providers should also be aware ahtheimernal adjustments
available throughusing flexible and robust system compongemitich may lead to more efficient and
equitable service provisiomncluding disaster risk informatioim the forecasting modelsrovides more
accurate forecasts, fromhich the system managers can benefit by making necessary adjustments for a
more efficient response during a disaster. Furthermore, differentiatirgahgsis okervice performance
acrosdlifferent vulnerability groups helps identify the differentiaéds of diverse communities for a more

equitable response.
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Although noremergency service systems welcome disasfated nonurgent service and information
requests, the requests during a disaster are not necessarily related to an ongoatheveisly may be
focused on standardiaily municipal issues. Our study considers requests that are not directly disaster
related as f0r e thatteguesdbbehaviod andthegdriespanding sesponse to those regular
services also significantly changegring a disastefTo confirm this, we created a new dataset from the
full dataset containing only the regular categories of requests not directly related to the ongoing pandemic
crisis. A summary of the time series model results is given in Appendixgddevious study by Pamukcu
and Zobel (2021) characterizes how different call types of NYC311 are affected by the pandemic
differently. The authors identify the call types that experienced a significant increase and decrease during
the first couple of monthef COVID-19 and also present specific call types that started receiving directly
disasteirelated requests. Our study validates and builds upon the preliminary findings of the study in
Pamukcu and Zobel (2021) by pointing out that the service demanddi@lnondisaster requests also
increases significantly during the pandemic. The system managers should know tlsrmostrequests
belong to nofdisastelservice categoriegven during a disaster. The changing conditions of a disaster also
affect what people need and what they care about. For example, during Had-Isteye orders, the calls
for household and neighborhcoelated issues increased, whereas the requests about traffic and road
conditions decreaseBurthermore, the complaints abousicential noise increased when people stayed at
home, and nonessential businesses were cl@adukcu & Zobel, 2021 hese examples illustrate how
a daily nonurgent issue may start receiving more (or less) attention from citizens, affecting the demand an
response patterrassociated witthose service categories.

In light of these observations, managers can benefit from tracking and predicting potential changes in
service demand patterns of diverse vulnerability groups to understand the differentjainepact better
and to maintain or better utilize their investments.

3.8.2. A system faces different disruptive events at different times during a loAgrm disaster.
This study emphasizes how a letegm disaster effect may differ from shéetm sudderonset
counterparts due to its dynamically evolving nature. We point out how a system responds to different
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disruptive shocks at different times in a letegm disaster timeline which resembileat of amulti-disaster

scenario ilfmanyways. The system mayot be able to recover from the first shock indicating the start of
disaster. Conversely, the impact of the disaster changes over time, and aftershocks may occur at specific
times, especially when the local government annowitasges in thdisasted s vestyor new regulatios

to manage the disaster.

This studythereforehighlights how conditions change over time and will continue to evolve during a
long-term disaster, requiring continuous adaptation effdtemagers need to keep an eye on both redeat
and unique challenges that their system faces. Furthermore, the consecutive triggering events that prevent
a system from returning to its normal functioning may cause a permanent change in system behavior. In
this paper, we reveal a structural shiftbioth request and response behavior as the coronavirus outbreak
transforms into a pandemic.

3.8.3. Response behavior changes during a disasté&his study also points out that during a disaster,
service performance varies. The NYC311 system performancevetpin response to overall requests.
The response got faster on its own, even when the system received more requests. This performance
improvement signals the high internal resilience capacity of the NYC311 system, which was able to adjust
available fundbns to handle changes in service needs during the disaster. The capacity and expenditure
boost help the system reduce the disaster's impact.

Maintaining equitable response requires paying more attention to who needs service most and when.
Our analysis reults indicate that the service speed got even faster in response to requests by the high
vulnerability group. Proper prioritization of needs by diversely impacted populations enables accounting
for differential impact and needs of vulnerable communitigigawmaintaining overall service performance.

Beyond understanding the service demand and response behavior based on historical service data, this
study proposes a practical approach to forecasting future response patterns. The proposed model is informed
by past experiences assuming that the capacities and necessary system components will remain the same if
not introduced into the model as exogenous factors. Daily average service response time series involves
seasonal, autoregressive, and moving averat@ fasignificant in fitting a time series model. The proposed
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model is developed based on our best knowledge of system functioning and data availability. Our study
highlights that the complexity of predicting future performance g@atsmore challengingvhen a system
experience instability due to a disaster.

The COVID19 experience of the NYC311 system shows how an undesirable crisis event can speed up
performance improvement, even while the disaster is still actively impacting people and systems. As
mertioned earlier, londerm disaster necessitates continuous efforts to adapt to changing disaster
conditions, which may bring more efficient and effective management practices. In the specific system and
disaster context in this paper, we observed tha¢ thvas already a declining pattern in response times over
the years, in other words, the response has gotten faster, though slightly over time. Impressively, the
response got faster significantly in the disaster period and even quicker in the later gfehieddisaster.

Thus, managershould be aware that challenges in responding to ateng disaster may help system
providers discover more efficient and effective operational practices.

Lastly, the success of NYC311 in decreasing average responsetdimeguests shows that the
occurrence of a disaster does not mean that the system will automatically be out of control. Having the role
of providing stability and supporting the systemob:
in mind thataddressing nodisaster needs as well as disaster needs helps maintain the resiliency of the
system and the community.

3.8.4. Local executive orders impact service response by signaling a change in disaster risk to
system customersThis paper introduces executive orders as an outside signal from a reliable government
source which is a signal to batiie system and its custars. Executive orders indicate a change in the
severity of the disaster event or a new regulation related to local disaster management efforts. In our study,
executive orders are critical points in the evolution of a pandemic since each order indicatgstmov
another disaster management phase. We presented executive orders as indicators of potential disruptive
shocks. In other wordshey represena likelihood of experiencing a new challenge in maintaining the

systemdbs steady state performance.
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In addiion to longterm events like a pandemic, executive orders can be triggering for soidsien
disasters as well. A hurricane is an example of thi) mandatory evacuation orders, early warning
notifications, declaratigof an emergency, announcensritasuspension/waivef payments, and taxes,
extensiondor deadlinesand theassigment ofnew roles to agencies to help with mitigation, response, or
recovery actioanecessary to cope with the emergencya | | may have an i mpact on
for information or forassistance

3.8.5. Daily changes in disaster severity in the area of interest do not impact the daily response
behaviorThi s paper |l astly points out that the daily n
not have aignificant impact on daily average response times. However, it is a sign of the severity of the
ongoing pandemic. One reasfon the lack of local impact mighite the global nature of the pandensia,
thatthe perceived severity of disaster may be aftebieother disaster statistics at the state or federal level
or even on a global scale. Another explanatioght bethatduring such longerm events, people may lose
attention to frequently updatatisastesrelatedinformation as they normalize the sitiom and lose the
meaning of number€£onsequentlyin our study, we did not find significant evidence of a direct effect of
daily infection rates on response behavior or an indirect affdbeinteraction with daily service request
volumes.

On the othehand, the interaction effect of the number of requestshrancelease ofxecutive orders
was found to be a significant predictor of future response performanuetentialreason for executive
orders to have a substantial impabut not the daily disterrelated updatesis that government
announcements summarize the current risk level of the ongoing evemiaddteactiors to be takeifor
disaster response or recovery, sucingmsinglockdowns andlosingbusinesses in case of a pandemic.

In this way, the severity is not dependent on individual interpretations, but on the announcements by reliable
government sources, and these executive ordemrannounced once in a while, preventing tHesm

losing their importancéo community memberand serviceproviders.
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3.9.Conclusiors

Public service organizations must be resilient to disasters to maintain necessary services during
emergencies. When responding to an emergency, allocating limited resources to properdasksizen
more challenging. Additionally, disasters may affesmmunities differently due to geographical and
sociceconomic inequalities, leading to different amounts and types of service needs. Although there are
many uncertainties due to dynamic changes during a-tkmng disaster, it is beneficial for service
respnders tamore effectivelyestimate how their response would be, given changing citizen needs and
potential differences based on the existing vulnerabilities across the region.

In this study, weshowedhat public service needs tend to differ substamtdalring a longterm disaster
which causes deviation from the target service response times. The dynamic changes in the disruption
likelihood significantly contribute to predicting future service performance. Additionally, comparing the
service demands oftizens with diverse vulnerabilitiezmn helpexplain differential demand patterns during
a disaster. Wéhushighlight the importance afonsideringpre-existing vulnerabilities while responding to
crises to help authorities build effective emergencyagament plans for future events.

Prior literature suggests quantifying disaster risk based on the probability of occurrence of an event,
existing vulnerabilities, and exposure to disagfenette & Zobel, 2019)A slow-onset disaster differs
from sudderonset events withespect to théime dimension and dynamic changes in risk levelghe
example case of a pandemic, executive orders indicate the likelihood of experiencing a new disruptive
shock, and social vuémabilities amplifythe disasted snpact on the population, diversifying community
needs. Empirical findings demonstrate the value of bringing social vulnerabilities into focus while assessing
the dynamic disruption risk of a slesnset disaster.

The contibutions of this study to disaster operations management literature are threefold. First, this
research distinguishesslawn s et di sastersd dynamic and static ri
by framing disaster risk and resiliency in avglonset disaster context, which is not a common practice.

Second, we align empirical findings with an internal resilience capacity of a public service system and
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provide insights into how the adaptive and absorptive capacities of a system could helptégnmai
necessary operations and services during a-temmg crisis. Last, we emphasize the need for a careful
examination of prexisting vulnerabilities across the population in a public sector operations context since
these inequalities elevate disastapacts and diversify the needs of communities. Thus, prior knowledge
of vulnerabilities can help decisionakers maintain effective and equitable service proviforiheir
customers during emergencies.

Despite the significant amount of detailed serviagave collected, the study still has some limitations
on data availability on the system si@l@st of all, the study lacks perfect information about specific actions
the NYC311 system has taken to deal with the adverse effects of the pandemic. Yiblitheegords b
service requests and performance reports allow for discovering potential adjustments that help a system to
be more resilient and perform effective and efficient practices. Accordingly, a future research opportunity
can improve the forecasty model by including additional information from the system side. Another
alternative is looking at different types of requests to identify similarities and differences in the impact on
service categories. Further future extensiointhe papercouldfocus on how individual agencies respond
to a disaster and how an agency's performance would impact the response of others in a coordinated service
system environment.

Although this research focuses on a single representative service system, NYC311, ahedres
average response behavior is consistent athes$0 agencies providing services under the coordinated
non-emergency service system. Other recent studies also indicate similar observationenmergency
systems performance during disaster, algfothhey focus on different aspects of the issue. Recent research
by Pamukcu et al. (2021) is an example of this, where the authors provide a preliminary examination of
how the Orange County, Florida 311 system offers actionable information for systenemsanaypport
their efforts to manage the COVAD® pandemic.

This research can be extended to multiple service systems that exist in various metropolitan areas across
the US and Canada, many of which also provide public access to their service detee¥)dhe presented
concept and methodology could be extended to other public service system data sources, like 911 for
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emergency services and 211 for community referral. This would both validate the findings of the study and
opens up an opportunity to dress additional research questions for a comparative study on multiple
systems operating in the same region. Last but not least, our study findings may infprofif@ervice
systems in terms of how a customer behavior would affect the service pertermiaring a longerm
disasterMaintaining services during a disaster is a common goal of all tygesvifeorganizations unless

there are restrictionsen particular businesses conting their operationsunder such circumstance&

future study canhustackle the disaster impact on the performance of -prfoiit system to leverage the

results and enrich the conclusions.
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3.11 Appendix A. Testing the existence of trend and seasonality

Table Al. High Vulnerability Resolution time datai Time series regression results testing the

existence of trend and seasonality in data

(from 01/01/2015 to 12/31/2020)

I
Resolution Time
Estimate (Std. Error)

I
N Log(ResolutionTime)
Estimate (Std. Error)

(Intercept)

916718.96 (23643.36)***

-2.792e03 (2.333e02)

trend -28.58 (11.83)* 4.480e06 (1.172€05)
season? -263402.31 (27988.60)*** -3.479e03 (2.762€02)
season3 -317196.02 (27988.60)*** -6.076e04 (2.762€02)
season4 -30019.61 (27988.62%)* -3.673e04 (2.762€02)
season5 96952.67 (27988.63)*** -1.731e03 (2.762€02)
season6 105841.77 (27988.66)*** -2.530e03 (2.762€02)
season? 100991.97 (28011.03)*** -2.927e03 (2.764€02)
Residual SE 350100 0.345
Multiple R -squared 0.1822 8.068e05
Adjusted R-squared 0.1796 -0.003137

pval ues: 0O 6***% 0.001 6**d6 0.01 o6*06 O.

Table A2. Low Vulnerability Resolution time datai Time series regression results testing the
existence of trend and seasonality in data
(from 01/01/2015 to 12/31/2020)

Resolution Time

Estimate (Std.
Error)

N Log(ResolutionTime)
Estimate (Std.
Error)

(Intercept)

993314.11 (20165.00)***

5.944€04 (2.950€02)

trend -44.51 (10.09)*** 5.941e07 (1.480€05)
season?2 -155968.00 (23870.97)*** -4.125e03 (3.488€02)
season3 -182283.81 (23870.98)*** 2.537e03 (3.488€02)
season4 -30616.63 (23870.99 -2.052e03 (3.488€02)
seasonb 34457.76 (23871.00 -1.570e03 (3.488€02)
season6 34738.23 (23871.02 -2.673e03 (3.488@2)
season? 28195.87 (23890.10 -2.380e03 (3.491€02)
Residual SE 298600 0.4354
Multiple R -squared 0.0835 2.185e05
Adjusted R-squared 0.08056 -0.003198

pval ues:

6***6 0.001
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3.12. Appendix B. SARIMAX Model Outputs

Residuals from Regression with ARIMA(1,0,2)(0,0,2)[7] errors
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Figure B1. Regular requests group SARIMAX(1,0,2)(0,0,2model residuals
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Residuals from Regression with ARIMA(1,0,2)(1,0,1)[7] errors
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Figure B2. High vulnerability group SARIMAX(1,0,2)(1,0,1) model residuals

Table B2. Iterative inductive SARIMAX (1,0,2)(1,0,1) model building with high vulnerability
group data (01/01/201512/31/2020)

Model Model Model Model Model Model Model Model Model Model Model
1 2 3 4 5 6 7 8 9 10 11

Intercept 0.00 -0.04 -0.05 -0.04 -004 -0.04 -0.046 -0.04 -0.04 -0.04 -0.04
(0.00) (0.02) (0.03) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

*kk * * *% *% *% *% *% *% *% *%
arl 0.96 0.96 0.94 0.94 0.94 0.94 0.95 0.95 0.95 0.95 0.95
(0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

*kk *kk *kk *kk *kk *%k%k *%k%k *%k%k *%k%k *k%k *k%k
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mal

ma2

sarl

smal

M2

M3

M4

M5

M6

M7

M8

M9

M10

M11

M12

-0.64
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(0.01)
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md Fa 0.08
(0.05)
a 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07
AIC 432.38 414.93 409.91 402.07 404.05 402.37 401.9 403.42 394.16 389.26 388.47
AlCc 432.44 415.05 410.38 402.21 404.22 402.53 402.07 403.58 394.32 389.43 388.67
BIC 472.2 477.5 535.06 470.33 478 476.32 475.85 477.37 468.11 463.21 468.11
Ljung -Box test 2759 2757 2775 2771 27.78 2698 26.79 27.60 27.44 27.80 26.80
*% *% *% *% *% ** ** ** ** *% *%
LM test 2293 2185 20.03 2055 2050 2053 2042 20.62 2051 19.92 20.32
* * * * * * * * * * *
p-val ues: 0 6***% 0.001 6**6 0.01 6*6 0.05 6.6 0.1 6
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Figure B3. Low vulnerability group SARIMAX(1,0,1)(0,0,1) model residuals
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Table B3. Iterative inductive SARIMAX (1,0,1)(0,0,1) model building with low vulnerability
group data (01/01/201512/31/2020)

Model Model Model Model Model Model Model Model Model Model
1 2 3 4 5 6 7 8 9 10
-0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.09 0.64
(0.00) (0.01) (0.02) (0.00) (0.00) (0.00) (0.00) (0.00) (0.05) (0.39)
Intercept .
0.97 0.97 0.95 0.97 0.97 0.97 0.97 0.97 0.97 0.97
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
arl *kk *kk *kk *kk *%k% *%k% *%k% *%k% *%k% *%k%
-081 -080 -0.80 -0.81 -0.81 -081 -081 -0.82 -0.81 -0.81
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
mal *k%k *%k%k *%k%k *%k%k *%k%k *%k%k *%k%k *%k%k *%k% *%k%
-093 -093 -093 -093 -093 -094 -094 -094 -094 -0.94
(0.01) (0.01) (0.01) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
smal *k%k *%k%k *%k%k *%k%k *%k%k *%k%k *%k%k *%k%k *%k% *%%
-0.01
(0.01)
0.00
(0.00)
0.00
(0.01)
0.00
(0.00)
-0.01
M2 (0.03)
-0.01
M3 (0.02)
-0.01
M4 (0.02)
-0.00
M5 (0.02)
0.03
M6 (0.02)
-0.00
M7 (0.02)
-0.02
M8 (0.02)
-0.02
M9 (0.02)
-0.05
(0.02)
M10 *
-0.02
M11 (0.02)
-0.02
M12 (0.02)
-0.00
mad (0.00)
-0.02 -0.02 -0.03
(0.01) (0.01) (0.01)
|=< * *% *%k
-0.00
e (0.00)
L 0.00
b (0.00)
0.09 0.09 0.09
(0.04) (0.04) (0.04)
J{Z |:4 * * *
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J<z F<

0.00
(0.00)
|=O | .'%l *
-0.11
(0.07)
i TFe )
a 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06
AlC 157.83 163.12 161.77 159.81 15555 157.75 156.75 152.16 150.97 150.52
AlCc 157.86 163.2 162.02 159.85 155.59 157.79 156.79 152.22 151.04 150.6
BIC 186.27 214.31 252.78 193.94 189.69 191.88 190.88 191.98 196.48 201.72
Ljung -Box test 16.85 16.39 15.18 1691 16.35 17.06 1597 16.47 1594 15.87
LM test 29.24 3054 28.79 29.27 27.20 2848 2785 2428 2297 20.79
*% *kk *% *% *% *% *% * *

pval ues: 6***9 00.0016 6&*6 0.01 o6*6 0.05 6.6

3.13. Appendix C.Forecasting Model Outputs

Table C1. SARIMAX (4,0,0)(0,1,1) model parameters with full data set from (01/01/2015
12/31/2019)

Model

Intercept
arl
ar2
ar3

ard

-0.00 (0.00)***
0.38 (0.02)**
0.07 (0.03)**
0.10 (0.03)***
0.12 (0.02)**

-0.86 (0.02)***

-0.03 (0.01)**

-0.01 (0.00)***
0.16 (0.03)***

0.03
AIC -1483.04
AlCc -1482.91
BIC -1427.98
Ljung -Box test 5582
LM test 27.11*

p-val ues:

0

o0*** 06 00.000

3.14. Appendix D. Regular(non-disaster related) request group analysis results

The same process in Section 3.6.4 was repeated for the regular requestslddiag all significant

predictors, which aré0¢ & "QBXEIODIYE £ W12, § *Ohand & & 6 hthe best final model

SARIMA(1,0,2)(0,0,2) reduces the selection criteria to Al3691.3, AlCc=1691.2 and BIC=1617.4.

The residuals that remained from the fitted SARIMAX model are presented in Bifjuiiéhe Ljungbox

test result shows that the fitted d&d's residuals are random and normally distributed. The model improved

compared to the first iterations, with the inclusion of the exogenous variables.



The results confirm that even the ongoing request behavior associated with standard daily activities,
and the corresponding system response to those requests, are significantly impacted during a disaster. The
fitted prediction model for full dataset does not support H3a that the daily disaster exposure and likelihood
have direct impacts on the speed o¥/g&r flow. On the other hand, we cannot reject the hypothesis H3b
that daily service demand () mediates the effect of daily disruption likelihodd on the speed of service
flow.

Table D1. Iterative inductive SARIMAX (1,0,2)(0,0,2) model building with regular dataset (01/01/2015

12/31/2020)
Model Model Model Model Model Model Model Model Model Model Model
1 2 3 4 5 6 7 8 9 10 11
Intercept -0.00 -0.02 0.00 0.00 -0.00 -0.00 -0.00 -0.01 -0.00 0.00 0.00
(0.00) (0.01) (0.01) (0.00) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00)
arl 0.94 0.93 0.92 0.93 0.94 0.94 0.94 0.94 0.94 0.93 0.93
(0.01) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02)
*k%k *k%k *kk *%k%k *kk *kk *%k%k *kk *%k%k *%k% *kk
mal -0.57 -0.56 -0.56 -0.56 -0.56 -0.57 -0.57 -0.56 -0.58 -0.56 -0.56
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.02)
*kk *kk *k% *k%k *k% *k%k *%%k *k%k *%%k *%k%k *k%k
ma2 -0.19 -0.18 -0.18 -0.18 -0.19 -0.19 -0.18 -0.19 -0.19 -0.19 -0.19
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
*kk *kk *kk *%k%k *kk *kk *k%k *kk *k%k *%%k *kk
smal -0.75 -0.73 -0.75 -0.73 -0.75 -0.75 -0.81 -0.75 -0.74 -0.72 -0.72
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02)
*k%k *k%k *k%k *k%k *kk *%k% *k%k *%k% *k%k *k%k *%k%k
sma2 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.07 -0.08 -0.08 -0.08
(0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
*% *% *% *% *% *% *% *% *%k% *%k%k *k%k
-0.05 -0.06 -0.06 -0.06
(0.01) (0.01) (0.01) (0.01)
*kk *%k%k *%k% *kk
0.00
(0.00)
0.02 0.02 0.02 0.02
(0.01) (0.01) (0.01)  (0.01)
*% *% * *
s -0.01 -0.01 -0.01  -0.01
(0.00) (0.00) (0.00) (0.00)
*k% *k%k *k%k *%k%
M2 -0.00
(0.02)
M3 -0.01
(0.02)
M4 -0.00
(0.02)
M5 -0.01
(0.02)
M6 0.02
(0.02)
M7 0.02
(0.02)
M8 -0.02
(0.02)
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M9 -0.03
(0.02)
M10 0.00
(0.02)
M11 -0.01
(0.02)
M12 -0.03 -0.03 -0.03 -0.04
(0.02) (0.01) (0.01)  (0.01)
. * * *
med 0.07 0.09
(0.03) (0.03)
* *%
Fe -0.01
(0.01)
Fe -0.00
(0.00)
E, 0.00
(0.00)
4 ¥ re -0.08 -0.10 -0.10
(0.02)  (0.02) (0.02)
*%%k *%k%k *k%k
m-d Fa 0.55
(0.18)
*%
a 0.03  0.03 0.03  0.03 0.03 0.03 0.03 0.03  0.03 0.03 0.03
AlC -1627.8 -1667.5 -1622.6 -1671.6 -1630.8 -1627.9 -1627.5 -1617.3 -1639.9 -1691.1 -1691.3
AlCc -1627.7 -1667.3 -1622.3 -1671.5 -1630.8 -1627.9 -1627.5 -1617.2 -1639.8 -1690.9 -1691.2
BIC -1587.9 -1604.9 -1520.3 -1609.0 -1585.3 -1582.5 -1582.0 -1577.5 -1594.4 -1617.2 -1617.4
Ljung -Box test 431 439 444 423 427 3.89  4.00 13.9 452 3.95 3.95
LM test 4151 5211 4070 56.15 47.19 4125 4125 36.46 38.18 58.94  58.99
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Chapter 4. Managing Efficiency and Equity in the Operational
Performance of Public Service Systems During a Disaster

Abstract

Local government service systems that coordinate with various municipal agencies manage multiple
types of servicesvith different priorities, which require different amounts of resources. Considering the
limited service capacities of individual service dements and the shareable capacities that are allocated
to address all service needs under a coordinating system, it is important to maintain service efficiency in
any circumstance#cluding disasters that disrupt government service system functiomalthyis study;
we concentraten the impacts of disasters on the operational performance of information techpasegly
government service systenWe discussopportunities for managing service efficiency and equity during
emergenciedy reutilizing sevice capacity We suggestuantifying the relative service efficiencies
associated with service requests from an wguiputbased standpoint to uncover the inefficiencies in
response to service categories. We use awedt case study to demonstrate timpact of a disaster on
the operational performance of the Orange County, Florida 311 system during the -C@ywdddemic.

To the best of our knowledge, this study is the first attempt to provide a pragiicabcHor quantifying

and monitoring the reative efficiency of an informatictechnologybased public service system in a
disaster context. We also aim to open discussion on possible inequalities in service delivery across
departments and request types with different priorities and potentialosslub improve equity in
maintaining the same level of efficiency during the disaster, while recognizing the differential nature of
efficiency.

Keywords: Performance measurement, Efficiency, Equity, Capacity Planning, 311, Public Service

System
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41. Introduction

Disaster operations managemhbas need foapproacheghat supporpracticaland efficient decision
making toenhancepreparednessesponsgandlimited resourcautilization (Altay & Green, 2006)It is
vital to notice that when a disastedisrupts thecommunity and the regular functioning of its systems
recovering from its impact depends on resolvingny problemghat arise(Galindo & Batta, 2013)
Disasters involve manyngertaintiessuch ashetiming and verityof their negative consequenceasich
increasethe difficulty and complexity of disaster operations management problems. However, they
necessitate effective, efficient, and equitatdéisionmaking Public services arene ofthe systems
negativelyimpactedby disasteevens. They have a critical role in collectirand assessing the information
and service needs of people impacted by disadters they have alreadyilt goodcommunicatiorwith
and engagementith their citizens Being resilient to such events helpgse systems need to be able to
continue theifundamentafunctions as well as to address emergent ndaddic service systenshould
try to maintain a reasonable level of efficiency and equiseiwice provisioreven when it is necessary to
reallocateavailableresource®r extend system capacities to do so.

Recently, information and communication technology (Kefhanced government services have
started to gain moiaterestin terms of theicapabilityto sustairessentiaservices andontactwith citizens
before, duringand after alisaster besides their regular tas@amukcu et al., 2021¥mart technologies
bring many advantages to cities, such as improving the life quality of ndfizecal economy,
transportation, and traffic management, and enhanced interaction with the government via incorporating
ICTs(Hartmann, 2019; Ismagilova et al., 201Bhe citizns are likely to become goducers of relevant
information with the government in such technokimpsed platformgPitogo & Magno, 2021)ICT-
enhanced government systems offer many benefits, including easy and timely access to government
services, useful information, higfuality interactions between stakeholders, and thus, improved service
delivery and more efficient and transparent public administrgif@mg et al., 2004; Axelsson, Melin, &

Lindgren, 2013; Wang, Zhang, Li, & Ruan, 201%hese systems are responsible for trying to maintain
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performing critical services to citizenn any circumstances, including disasters that disrupt government
service system functionality.

Government al information and service request Sy
implementations that promote the coproduction and collaboratigoveirnment and residents to maintain
t he pub-dbding(6@6 Bwueil dnThe N1d Bytems, such as 211 for community services and
information, 311 for municipal neamergency services, 511 for traffic assistance, and 911 for emergency
services, are examples of governmental information and service request systems operating indthe Unite
States. They collect service and information requests from people and distribute them to corresponding
agencies to be addressed in a timely manner. So, these systems act both as an information provider and an
interface or facilitator for the various agées that actually provide other services.

Government systems aim to provide figoodod service
information or assistance promptly to maintain the standard of their citizens' living by resolving their daily
struggles concerning government bodies. Effective and efficient service provision is essential for such
government service systems to become a primary source of information and assistance and create more
connected and sustainable communities. Sustainalidic services also increase accessibility and
reliability to government systems, leading to more transparent and successful public administration
(Axelsson, Melin, & Lindgren, 2013; Wang, Zhang, Li, & Ruan, 2016)

An information technologyased governnm service system can receive a number of inquiries via
multiple call takers as well as via text messages, smartphone app entries, email, and other available
technological means of communication, simultaneously. Service systems follow different strategies
prioritizing the service inquiries they receive. Fesme, firstserved (FCFS) is a welinown approach in
scheduling and queuing and common practice in their effort to be fair in s@atteaway et al., 2022)
Depending on the service centerods operational p ol
system settings, such as fasime, firstserved (LCFS), or shortegtb-first (SJF). Such systems might also
provide various services requiring difent amounts and types of resources to be resolved in other
urgencies. Therefore, a simple queuing approach may not directly determine the scheduling of inquiries,
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especially if the system enables ICTs to receive requests simultaneously. In such t@gestion
strategies help the system label inquiries based on their urgency in response to determine the order or speed
of the process.

Enhanced participation and communication between the government and citizens become more of an
issue before, during@nd after emergencies as people seek more and evolving types of information and
servicefPamukcu & Zobel, 2021Yhe possible changes and increase in needmahunities in a disaster
situation and limited capacities in response to those bring up the issue that the system should identify
inefficiencies in its service delivery and use of resources to maintain or further improve overall service
performance. Manyuch systems potentially have emergency plans that allow them taddimnal
resources teespond tahe growing needs ofaffectedpeopleduring emergenciesHowever, thesextra
resources will beonstrainediue to physicdimits such as working spactme, or trainedtaff. Moreover,
disasters might restrict access to or requirement for certain services while they induce a need for others.
Accordingly, agencies should be aware of such changes to allocate shared resources better during disasters
to beable to reutilize resources efficiently among communities.

With this in mind, this study focuses on the ser
performance, subject to resource limitations and unstable service demand. Particulapggratienalize
efficiency as theerviceperformance indicator of a public systémat isprone to disruptions in its normal
functioning due tacrises From an inpubutput perspective, we consider service efficiency as the cost of
producing a given outcoe (Andrews & Entwistle, 2010)indicating the best possibletilization of
availableresources given a set oéstrictionson rising output levels(Korhonen & Syrjanen, 2004)
Additionally, we refer to service equity as allocating resources and opportunities as needed to create equal
service efficiencie®or individual operating units, i.e., decisiomaking units, also referred to as distributive
justice or fairness in the literatueucy et al., 1977)In the context of a government service system
partnering with multiple local ageies, we consider service equity as being fair and impartial in distributing

available service capacity to decisioraking units by recognizing their differeoharacteristics and
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requirements such as their demand volumes, responsible agencies aneésirggaad of giving each one
the exact same resources regardless of their actual needs.

With the concerns given above in mind, this study seeks to provide a measure to quantify the efficiency
of a public service system and answer the following reseaestiqos:

RQ1: How does the occurrence of a disaster affect the relative efficiencies of different service categories
of an information technologlgased public service system?

RQ2: How might the relative service efficiencies of service categories with different urgency levels be
affected during a disaster? What would be an effective prioritization strategy to better allocate service
capacity across different types of service ded?

Under the guidance of the proposed research questions, we propose a Data Envelopment Analysis
(DEA) approach for a time series analysis for comparéigtive service efficiency before and during a
disaster. The DEA model quantifies the relativerise efficiencies associated with the actual provision of
services in response to service requests from an-gyiptitbased standpoint. We expand on (inier
research on using 311 systems to support local emergency management efforts and focus on the
performance of the 311 system in Orange County, Florida, as an example of a specific type of service
system, during the COVH29 outbreak

311 nonremergency systems are coordinated information techndiaggd community call systems
which unite service ragests for multiple municipal departments. They serve as the central hub in their local
area in collecting various neamergency requests that need to be addressed either by 311 operators
firsthand or in coordination with responsible local agencies. Ifaatipn by a municipal department is
necessary, the 311 call center operator directs a request to a responsible department with proper
categorization and prioritization.

The existing research efforts pointing out the help of 311 systems in providing riemté/efdisaster
management with the coproduction of government bodies and citiz€né Br i e n , 2016b; Pam
2021)motivate us to choose this system as a specific context to perform our empirical ambky3ikl
system in Orange County, Florida is selected since it is aestlblished nheemergency system operating
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since 2002. It has proven its effectiveness and significant contribution to infopaope collecting
complaintsand responding taeedssuccesfully during the 2004 hurricane seasmnthe southeast coast

of the United State@illiams & Phelan, 2011Pamukcu et al., 2021Considering the benefits providing

reliable and transparedtalog with citizens in both crisis and nammisis times, and their poteak use in
supporting crisis management efforts of the city government, the efficient and effective service delivery of
311 systems is invaluable and deserves more attention by operations management re@¢anchans,

2019)

There are multiple poteiat benefitsof continuausly monitoring the service efficiency of coordinated
public service systems. First, a coordinated system with multiple actors has naturally different efficiency
levels due to various processes with varying needs of resourcesréorhpace limitations. However,
relative inefficiencies may also result from misallocating shared capacities or lacking equity consideration
or proper service prioritization. So, examining a coordinated community service system enables possible
improvemerg by benchmarking and efficiently allocating shared resources. Second, monitoring the
changing efficiency levels of everyday operations allows for identifying significant changes in performance
due to disruptions and, therefore, creates the potentialdfinessing them, which allows for moving
towards a more resilient system in terms of efficiency. Third, improved efficiency enables improved speed
and volume in service provision. This is even more critical during emergencies when the normal functioning
of regular services should continue at the same time that service providers handle increased numbers of
newly raised public needs. Last but not least, monitoring the performance of a coordinated system enables
effective information sharing and cooperationwen all stakeholders of the system by strengthening
mutual trust, effective communication, and shared decisiaking.

To the best of our knowledge, this research is the first attempt to analytically assess the relative service
efficiencies of a coordinatl technologybased public service system that needs to persist during a disaster
regarding the requests received from citizens. As such, we intend to provide government agencies with an
effective means of enhancing their service system operations mamagantk addressing possible
inequalities in resource allocation among coordinating municipal departments by supporting more efficient
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use of total service capacity. We aim to contribute to the theory and practice of disaster operations
management in termg bow an information technologlyased service system should rearrange available
capacities or revise its prioritization approach to maintain the desired level of total service efficiency during
disasters. In addition, this study compares the efficienagesad norcrisis times with the updated scores

during the disaster period, as the system experiences significant changes in service demand to enable more
effective reallocation of available capacities or reassigning urgency levels into request typetst2eimg

this capability is very important from a broader disaster management perspective because it can be
generalized across other systems such as public transportation, logistics, and healthcare, as well as to other
community services that face disrgpis in their operations and, therefore their service performance.
Lastly, we aim to open room for further discussion about the potential for service inequalities within and
across municipal departments and to uncover future opportunities to discovdyingdactors that can

more effectively balance service delivery in such a coordinated environment.

4.2.Background

4.2.1. 311 noremergency call systems

The increasing motivation behind enhancing community service systems with smart technologies is to
benefit from the enriched engagement and accessibility for more livable, connected, and sustainable
communitiegKalkanci et al., 2019)As introduced above, 311 n@mergency systems are an example of
government service systems, which are coordinated information techdwsegy service systems that
unite service requests for multiple municipal aements. The first 311 system was created to eliminate
high numbers of nhaemergency calls in the 911 emergency system by directingmengency calls to a
separate call centdSchwester eal., 2009) Today, independent 311 systems are operating in many
metropolitan areas in the United States and Canada. They usually support multiple contact options varying
from traditional phone call intake to more automated contact options such asatedegpice response

(IVR) technology, automated texting, web chat, anddden requesting options (Pamukcu et al. 2021).
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311 systems serve as the central hub in their local area in collecting varieesamency requests
that need to be addressecdheit by 311 operators firsthand or in coordination with responsible local
agencies. The system collects mainly two types of requests: (1) information requests and (2) action requests.
Information requests are easy to resolve and mostly addressed immdujatedy311 operators. On the
other hand, the actierequired service requests generally require more time to complete (vary from minutes
to months) and commonly necessitate physical action by a responsible agency for fulfilling the requirement.
If an actbn by a local agency or municipal department is necesas&dyl system directs a request to the
responsible department with proper categorization and prioritization by the 311 center operators. The
system allows citizens to easily request a-aprergencyservice without needing to know the responsible
agency.

Existing research efforts point out that 311 systems allow service providers to provide more effective
disaster management with the coproduction by government bodies and ciénB.{ i el RPamuRcd 1 6
et al., 2021)In particular, 311 systems enable timely information exchange, transparency, and mutual trust
between the government and citizens thanks to their efforts to integrate online and electronic means of
interaction in their services. Enhadcgarticipation and communication become more of an issue before,
during, and after emergencies as people seek information and servicéPanuskcu & Zobel, 2021 A
previous study highlights that New MoCity 311 service data can disclose how citizen reactions vary
during the COVIDB19 pandemic and how such data can be used to capture various information about the
ongoing crisigPamukcu & Zobel, 2021)

The prior studies also note that remergency systems have been used to collect disekitrd
problems and needs from citizefWilliams & Phelan, 2011; Kennedy, 2015; Pamukcu et al., 20z4)
example, in response to the COVID crisis, New York City asked citizens to reppandemierelated
issues, such as social distancing and-famesring violations through their 311 system, in order to increase
the Cityds situational awareness and to collect ti
2021). Similarly, Orage County, Florida 311 (OCFL311) introduced new options under the Public Safety
category to answer <citizens® questions about wvari
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19 testing, or vaccines. Also, OCFL311 processed citizen reports fdeimtsiof businesses failing to

comply with CDC guidelines and Emergency Executive Orders related to public gatherings and social
distancing. Such initiatives ultimately support providing more reliable and timely information to the public
andincreasethdef ect i veness of the Cityds response, thus
management (Pamukcu et al., 2021).

The examples above indicate that even though 311 systems are focused on handling calls for non
emergency service needs, these estpiare still relevant during a crisis. In other words, even if a call itself
doesnoét require an i mmediate emergency Tresponse,
persist during a crisis. For this reason, 311 systems typically ndwthtibe significant changes in non
emergency information and service needs during disagfetsl et al., 2017; Baghersad et al., 2020;
Pamukcu et al., 2022ror example, due to the COAI® outbreak, many 311 systems experienced sudden
peaks in complaint volumes for some service categories afiesuacements of a State of Local
Emergency, although they are about {dlisaster issues such as noise complaints in residential areas and
sidewalks or complaints about illegal fireworks (Pamukcu & ZobePR1). Ths study, however, also
indicates that diffeent system components might be affected differently in an emergency, as the request
for certain types of services can significantly increase, whereas the need for other types of services might
significantly decrease instead (Pamukcu & ZpBep1)

Prior dudies also used 311 service data to measure satisfaction with public sétgices.al. (2022)
argue 311 data provides a comprehensive understanding of public service provision for different types of
nonemergency issues. The authors conduct an empirical analysis of NYC311 system to measure service
guality based on citizen s$sfiaction considering the asymmetric perception of citizens on satisfaction
claiming negative experience has a stronger i mpac
positive experience. Given that 311 service data reflects the variatipuablic responses in both crisis and
noncrisis situations, and the corresponding service performance affects the service quality, it is necessary

to manage service performance before, during, and after emergencies.
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4.2.2. Incorporating efficiency into public sector performance measurement

Data envelopment analysis (DEA), initially developed by Charnes(@©al8)and extended by Banker
et al. (1984) is a nonparametric modeling method that estimates the relative efficiency of a particular
decisionmaking unit (DMU) within a group of DMUs. The DEA method has been extensively used in
operations performance evaluations, anddétsieacy has been proven in many public and private sectors.
Some examples are health care (Bémas et al., 201Bahadori et al., 20)6education (se¢jaelermans
& Ruggiero, 2013 banking (seePuri & Yadav, 2013Bhatia & Mahendru, 2036 supply chains (see,

Azadi et al., 201)% and transportation systerfyon Hirschhausen & Cullmann, 2Q1Dardo et al., 201H

among others. For a further detailed list of examples, readers can visit an extensive review of-the DEA
related articles b¥Emrouznejad and Yang (2018hcluding theory and methodology developments since
1978.

DEA is also used in the efficiency measuegiof customer contact centers of different companies.
Ducic et al. (202Q)for example, compare the relative efficiency of multiple contact centers of a single
company to maintain customer sat i sPogkayll Jagananda nd t h
Panicker (2002¢valuates the performance of customer service representatives in a calisEgteEA
with a fuzzy network to account for uncertainty while modeling qualitative variables. Furthermore, in our
problem, we propose a relative efficiency measure accounting for the capacity allocation to coordinated
service departments and the priaation strategy agreed upon by coordinated departments.

Although DEA is still considered a relatively new approach in the area of disaster analysis and
management, several studies also have applied DEA for performance evaluation in this context. Wei et al.
(2004) for example, proposed a DE&lated method to evaluate the relative severity of the impacts of
natural disasters on different regions. Li e{2D13)andSaharizan et al. (2018)so used the DEA method
to estimate the spati al r e lunpp et él. (2024 %ddréss thedackwoli | ner a
in-depth efficiency research in humanitarian operations and presentstfaputed DEA window analysis
to assess humanitarian logistics efficiency concerning multiple actor levels argetiesrequirements.

DEA has also been used in the performance evaluation of government emergency management services.
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The assessment of fire protection performance using DEA is one of these ex@hpie2005; Peng et

al., 2014) While Choi(2005)conducted a DEA analysis of fire and emergency services of Florida, Peng
et al.(2014)use an international perspective to evaluate the relative fire protection performance of different
countries. None of these existing studies, however, assess the rgdavice performance of IC&nabled

public service systems in this context. The need for such strategies to addressqtisa#terissues and

help with local disaster management operations while still maintaining their normal operations adfficient
as possible, makes them a new and important application area for this type of analytical technigue.

DEA i mpl ementations in the |iterature vary based
Li et al.(2019)propose a model for a decentralized system that determines maximal efficiency scores across
all DMUs by minimizing the total deviation byntegrating a goal programming method with the DEA
approach. Many others have proposed a centralized DEA approach for coordinated organizational settings
where the decisiemaker seeks a collective goal rather than individual interests, and a resouwragoallo
scheme is defined according to a collective obje¢tiezano, Villa, & Branlund, 2009; Lozano, Villa, &

Canca, 2011; Fang & Li, 2015; Fang, 2Q13)r study also focuses on a coordinated service system, where
decisions made in coordination with multiple business partners or departments. Although each service
department hads own service capacity, the call center unites all the requests under one system to be
resolved and coordinate and collaborate with service departments in order to perform best service overall.
So, the total service capacity is considered a shared resatnich should be efficiently allocated to

multiple service categories based on agnegoh standards.
4.3. Research Methodology

DEA is a method to estimate the relative efficiency of a particular DMU within a group of DMUs. DEA
can manage large numbeifsvariables and relations using mathematical programming techniques, and it
consumes multiple inputs to produce multiple outgGtsoper et al., 2011Fvaluating the performance of
a system from the inpwutput perspective aims to investigate how a system should simultaneously

minimize its use of resources while increasing its outputs to be more efficient. DEA is-suitesll
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approach for our problem since it measures the relative efficiency of multiple DMUs given numerous inputs
and outputs of the system. DEA is a nonparametric approach which means, unlike otheriteridti
decision analysis methods, DEA does notumerjany preassumptions on the underlying functional
relationships between the parame{@sng et al., 2014)

The DEA approachas several attractive features that enable us to quantify efficiency given the finite
inputs to produce finite outputs. First, the law of diminishing returns applies in DEA since the set of efficient
input vectors is bounded for each output lg¥&lre et al., 2010)n other words, once the optimal input
levels are reached for each output level, adding additional capacity, or mifgjtaannot improve the
output level. So, utilizing more than necessary inputs to produce the same amounts of outputs decreases the
efficiency due to the misusage of accommodations. Second, a factor of production, i.e., egsaniisl
for positive odput; in other words, there will not be output if there is no input. And third, a factor of
production idimitational since the output is bounded from above, and hence there is a capacity bound. All
these features are important in measuring relativeieficmci es of a systemds opera
share the same overall set of inputs to produce optimal output values with optimal utilization of shared
capacities.

In the following subsections, we discuss several different forms of the DEA modatehalevant. A
simple relative efficiency model and a crasficiency modehre presented.he details of each model are
explained below in more detail.

4.3.1. Simple Relative Efficiency Model

The simple relative efficiency modehe so-calledthe CCR modelwas first introduced by Charnes,
Cooper, and Rhodg4978)with the constant returns to scale (CRS) assumption, which means as inputs
increase, the outputs increase proportionally. The CCR ndetieimines a set of optimal relative weights
for eachO0 "Y'Q pFB AQ, by maximizing its ratio of aggregated outputs to aggregated inputs while
ensuring assigning a unique efficiency rafloto eachO 0 Y. Model (1) illustrates the basic relative

efficiency model proposed by Charnes et al. (1978).
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In model (1), @ven a set ot independent DMUs, with each consumingnputs to producé outputs,
the input and output vectors @0 "Y'Q pMB hQ are denoted agd w Bh and®
w MRy |, respectively! and] represent unknown relative weights’®f output andQ input,
respectively Model (1) objective function and the constraintsndae linearized easily by inserting the
equationst pjB 1 & h'Hi 1 h 7 into the model. In this way, thariginal model can
be translated into a linear program

Banker, Charnes, and Cooper, (1984)end the CCR model to allow variable returns to scdie.
original CCR model assumes that the change in input level proportionally affects the output level.
Considering that, in our context there are multiple service twidsdifferent prioritiesalso requiring
different amounts of inputs, we can argue tih&t relationship between input and output levels are not
necessarily proportional. On the other handhin a service category level, a unit increase in input can
proportionally increase the outcome. So, in this study, we consider both CCR and BCG vhttasnDEA
model, considering that an increase in an input variable might or might not proportionally affect the
outcome in the public service system context. We discuss the differences between the results of both DEA

variants.

4.3.2. Cross EfficiencyModel

The Crossefficiency model is first introduced bpoyle and Green (1994has a new perspective in
understanding relative efficiencies of DMUs based on-pppraisal instead of sedfppraisal in which the
focus is on choosing the best set of input and output weights to maxiDi?ldd s own measur ed
relative to other DMUs. Differently, Doyle and Green (1994) suggest creating a matrix eéfficisncies

by calculating the efficiency scores of each DMU given the best set of weights chosen for all other DMUs,
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z

i.e., peersTo create & & &vssefficiency matrix, first the optimal weights “ and ofa’ 00 “Yare

obtained by simple efficiency model (1). Théme crossefficiency scores of an@ 0 Y 'Q pf8 hQ are

calculated as follows:

B ¢ ‘o . . .

' — h AhQ pMB hQ
(@] B 1 o ph

ForO0 "Y'Q pMB hQ, the average of alD 'Q pFB RQ at period t is referred to as the averaged

peer appraisal a0 "Yand calculated as follows:
0 g Oh Q ptB hQ

The averaged peer appraisal indicates an efficiency approximation given the optimal input and output
weights of peers. The simple efficiency scafesQ ph8 hQ correspond t& values in the leading
diagonal of the crossfficiency matrix.

The crossefficiency analysis is helpful to understand how efficl@rit "Ywould still be if a
performance policyvasdetermined by a peer DMUhis is important in our context sindeet approach
would help confirm that the efficiency measure is robust relative to the other BMUstify the process
better As such, the averaged peer appraisal score is considered as a robustness score for a DMU under
appraisal by its peers (Doyde Green 1994).Furthermore, the method is helpildecisioamaking about
capacity planning since it allows fanalying crossefficiency score if resources are being shared or
reallocated across DMU3he analysis is practical in problem settings wharealli DMUs compete to
become the most efficient, but they cooperate. In our public service system context, DMUs compete for the
same resources under the same department. On the other hand, the DMUs under different priority levels or
different departmentdo not compete with each other; still, the efficiency of one affects the efficiencies of
other DMUs sharing the same capacities. The ezfficsency analysis enables analyzing efficiency levels

for each DMU relative to the other DMUs with competitive oogerative relationships.
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4.4. Problem Definition and Proposed Model

44.1. Problem Context: OCFL311

Our empirical study focuses on a wefitablished neemergency service system, the 311 system of
Orange County, Florida (OCFL311), which was initially created in 2002 as a pilot program. Since then,
Orange County residents have been able to get helfoomiation about local municipal services tiee
OCFL311 systenfPamukcu et al., 2021PCFL311 integrates various information and communication
technologies (ICTs) into stsystem, such as multiple phone and intelbased access modes, multiple
language options, and additional alternative options for people with disabilities, to connect with the broadest
possible range of individuals in the population. Service requesisitiadly received and processed by
OCFL311, and then they are distributed to the various agency partners within Orange County in order to
fulfill requests other than simple information requests.

We were able to get access to the complete dataset of QCBY8tem service requests for 2021,
thanks to an ongoing partnership with the East Central Florida Regional Planning Council (ECFRP) and
the Orange County government. This OCFL311 service request data includedesepmaned list of
attributes foreach entry, including the creation and closure times of the service request, a detailed
description of the incident category, the resolution status, the priority of the complaint, the contact method,
the responsible department, and the incident coordinatesng others. A detailed list of the available
attributes is provided by Pamukcu et al. (20Ziyen the creation and closure dates for each ingthiey,
resolution time of each incident is simply calculated by subtracting incident creation time éidemin
closure time. Based on the daily number of requests, service response times for each request, and pre
assigned criticality levels, we propose the relative efficiency model explained in detail in the following

sections.

4.4.2. Quantifying the Servie Efficiency of OCFL311
In this study, we focus on how relative service efficiencies ofernargency service request categories

of the OCFL311 system change over the years and if the set of efficient categories changes after the
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initiation of the pandemiat the beginning of the year 2020. For simplicity and to ensure a fair comparison
among DMUs, we only focus on actioaquired requests (i.e., service type of requests), which generally
require more than a minute to address and commonly necessitateaplagtion by a department
responsible for fulfilling the requirement. We excluded the simple information type of requests from the
analysis since their resolution times are mostly recorded as zero (or very close to zero). THecgtizh
service reques require significantly more time to complete (vary from minutes to months) and consume
most of the service capacity allocated to address themangency service needs of people.

We define decisiomaking units (DMUSs) as individual request categorieOCFL service data, each
record involves information on the complete category of the inquify.Tr af f i c &
Transportation>Fl oodi ng/ St oisanwamnpedesdfiptionmfdaicampléteSt a n d
category that includes all the subcategories dmel main category. In this exampl&raffic &
Transportationis the main category, and the rest describes its subcategories. In our model, we consider
each complete category as a single DMU. Excluding all the informaé&ieking categories and the
categoris that received less than 30 requests per year from the 415 service categories in total, we obtained
91 unique DMUs. The full 1list of the DMUs is provi
priority level and responsible department.

Eachservice category, or DMU, has a criticality label based orapsggned priority levels: Critical,
Important, or Routine, in the order of decreasing urgency. The agency partners and 311 management
determine and approve the criticality levels for each cayetpgether, which the OCFL311 managers
explained to us during an intervig®@CFL311 Managers, personal communication, December 17,.2021)

Out of 91 DMUs, 15 categories belong to the Critical priority level, 12 are indicated as Important, and the

rest areRoutine categories.

4.4.3. Proposed Service Efficiency Model

This study proposes a DEA methodology to measure simple relative and cross efficiencies of service

categories in the public system service efficiency coniéh.relative efficiency model ihades a set of k
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independentO 0 "Y'Q pB8 hQ, each consuming inputs "Q pf8 & to produced outputs 'Q
pl8 hx  at time period> 0 piB it . In order to analyze the change in relative efficiency score over
periods, the model includes time dimensinndicating a specific period over which the efficiency is
calculated based on input and output vectorséof @ Mo  and @ w B |
respectively. In the empirical model,e consi der fAyear Oandhexaminghelyearly per i o
change in service request volumes and the corresponding service efficiencies.

Given the input and output vectors and thatreé weights of the input and output vectors, and

‘ , respectivelythe service efficiency of a DMU d at period t is formulated as

Q —F38

As mentioned previously, in this study, we considehl®@€R and BCC variants of the DEA model.
The closed form of thproposed inpubriented dual linear programming model, adapted from Charnes et

al. (1978), is as follows:

‘HIW 1 ® T Q pMB M
‘HU R m Q pBhNQ pfB e o
In this linear model (3 N T1ip is the relative efficiency assigned@i “Y. The objective function

maximizes the weighted summation of the output parameté®s. If p,’00 Y is considered as efficient;
otherwise, ifQ  p, inefficient. The decision variables of the mbhdd-U and are the unknown
relative weights of th& output and th& input, respectively, and the model optimizes estimates of these
values in order to maximize the systemodslnearfici en
program of CCR. In the primal linear model, the objective function minimizes the input (capacity)
allocation while ensuring given output levels. The primal model can be reviewed in the study by Charnes

et al. (1978) and Charnes et al. (1993).
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As theBCC variant proposed by Banker, Charnes and Cooper (1984) syggsstlude an additional
constant variablé in the objective function and a constraint in order to allow variable returns to scale.

The BCC variant of the DEA model (4)tisen as dllows:
Q 0 ww ‘H [

g 1 o p

‘Hw 1 o o T Q pBMW
‘HU B m Q pfB M NQ pfs ke
® Qi QQ T

The ®mplete DEA solved "Qlinear programs, one for eadd 0 “Yfor each period~ "Yto obtain

the set of optimalveights (* and] * ) for eachO0 Y Q pfB hQ. The optimal weights of a

00 "Yat perioddis then used to calculate cresfficiency scores foranp0 ™M j =1, é, k) as f ol

0o 2 % hoovio piBi
B 1 o g

Forodo ™ j =1, é,n), tBe(adveréage) oht apériod t is refe
appraisal oD 0 "Yand calculated as follows:

0 O h ohQ pfB R

¢
The averaged peer appraisal indicar<fficiency approximation given the optimal input and output
weights of all other DMUs. This score is helpful to understand if an operational performance policy pattern
on a performance of peer DMUs, on average, how effi€dnt"Ywould still be. Theaveraged peer
appraisal score is considered as a robustness score for a DMU under appraisal by its pe&s3@2eayle
1994).
Table 1 summarizes the model parameters and variables with their definitions. In the following section,

the input and output variables used in a public service system efficiency measurement are explained in

detail.
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Table 1. List of modelparameters and definitions

Sets: Definition
D set of DMUs 'Q pf8 hQ
[ set of inputs"'Q pfB FE
J set of outputs’Q pB h
P set of departments) pf8 h
T set of periods (yearsp pf8 ft
Parameters:
® The vector of input variableso 8 o for DMU QN ‘O at periodd™ Y
® The vector of output variablesy 8 oy for DMU '‘QN ‘O at periodo™ "Y
Q Efficiency score of DMUQN ‘O at periodo™ Y

G Qe YQi Mean (average) resolution time for DMQN ‘O at periodd™ Y
€ 0 WO a Number of resolved requests for DMON ‘O of departmenfy N 0 at periodd™ "Y
" 1, if DMU QN ‘Ois served by departmentN 0; 0, otherwise

n o Ratio of requests for DM@~ O over annual total number of requests at peditdY
no Ratio of requests for DM@N Oover its department ds tootYs
[RYA) Ratio of service capacity use by DM@¥ ‘O over annual total capacity at period "Y
©O Ratio of service capacity use by DM@QN ‘O over annual department capacity at pedod”Y
61 Q 1, if DMU d is | abel etherwiss ACritical o at
04 n 1, if DMU d is | abeled as Al mportanto a
YE O 1, if DMU d is | abeled as fARoutined at
niQ Priority index of DMUQN ‘Oat periodo™ Y

Decision

Variables:
‘ Weight of output® "Gor DMU ‘Q~ ‘O at timeoN Y
1 Weight of inpuf@ 0for DMU QN ‘O at timeo™ Y
Q The relative efficiency assigned BMU QN ‘O at timedN Y
[©) The crossefficiency ofDMU " ‘'O at timedN “Ygiven the optimal weights of DM@~ O

4.4.4. Selected Input and Output Parameters

A public service system is responsible for resolving all service requests that it receives unless there is
missing information about an incident that makes it impossible for an operator to process the request
properly. That means if arequestisreceivet, ent er s the systembs waiting
of a decisioamaking unit, in this case, is not whether or not the request is processed, but rather how long
it takes to resolve it, depending on the urgency of the request and how muctycgaiie providers are
willing to allocate to that request. Accordingly, we considerrthmber of service requests resolfed

DMU QN ‘Oat periodo (¢ 6 & & @ an uncontrollable service output of the system.
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The OCFL311 service system colleeind resolves its service requests in coordination with local agency
partners in Orange County, Florida, denotecdegartmentsn the dataset. Each departmeént 0 is
responsible for processing one or multiple service categories (or DMUs). Additictha lyumber of
service requests for each DMU differs in each period t. Thus, the service output of a specific DMU over
annual total resolved requests and over the annual requests by its corresponding department vary across
DMUs. Accordingly, we define twadditional output variables in efficiency measurementti{@)atio of
resolved requests of a DMQover the total number of resolved requedtperiodd, denoted as) @, and
(2) the ratio of resolved requests of a DNLbver the total requestesponded to by its corresponding

department at periodo, denoted ag ‘O, The calculations of each are presented below:

Ne Edoaa  &60Gaal QoY

No £06aad Eowad L 'Qn O Y

The total time allocated to resolve service requests in OCFL311 system is a shared resource (in hours)
and approxi mat es -enfegendy canicd cagacity. Althdughlthera is no centralized
decisionmaking regarding cageity planning or resource management in aemergency service system,
and capacity may not be directly shared among departments, each department has control over its own
ability. Furthermore, most of these departments are responsible for addressiplg iseivice categories,
and departments can still improve their efficiency by better using their capacity in response to service
requests.

We considemean resolution tim@n hours) for an individual DM at periodo as the unit capacity
used by regesst denoted ast ‘Q w ¢ 'Y ,Caind involved in the efficiency model as a controllable input.
Additionally, we identify two system capacities calculated as proxies based on the mean resolution times:
(1) thetotal service capacitycalculated as thetia time spent responding to all requests received at period
oby DMU QQ and (2) thelepartmental service capacityalculated as the time spent by each department

in responding to requests received at pedidtbr each DMU, we then calculate thdo of service capacity
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used over the total capaciby DMU ‘Qat periodd, denoted aso (&, and theratio of service capacity used
over the annual departmental capadity DMU Qat periodd, denoted asib O. These two ratios were
introduced as controllable inpparametes to our efficiency model. The formulations of each are presented

below.
OO GQdE YQR 6 Ga E6OaMQOE YQI I 'Qn O Y

®O aQdEYQE 6 a Eoad  aQoe YQi l'Qvomy Y

Lastly, considering each request has agasigned priority label indicating which categories the service
responders should prioritize or ensure a more efficient respponave include a priority indefor DMU
‘Qat timeo. The index is calculated as a weighted summation of categorical priority levels defined by the
system based on the average response time for each priority level in each period. Given the systam has t

levels, the priority index) i "Qs calculated as follows:

Ni QU0 61 Q0 0Oan 0 YEO I 'QN OfdN Y
whered | f@a fjandY ¢ dare binary variables indicating if a DMU is labeledia€r i t i cal , 0 @Al mp
or fRoutine, o respect i ved yforprontydeverGatrtimedard dbtermived s e . T I

based on the relative speed ratio, calculated as the assgse speed of each priority lev@ht period
oover the average speed in responding to requests with the highest priority abperiod

The input and output variables explained in the previous section are incorporated in the proposed DEA
models to analyze the relative efficiencies of service categories. To recall, in the computational analyses,
the input vectord includes the parame® @ Q& YR 0h®'OhR i "Qand the output vectab
includes the parameters: 6 ¢ diix whr ‘O . Given the identified input and output parametersj’

and are the weights 60 output andQ input, respectivelythe service efficiency of a specific DMQ

at time periodis formulatedas follows:

Q 5)
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Given the changing service demands and corresponding service capacities allocated in each year, the
DEA model is used to identify relative inefficiencies in the system during both crisis aratisisrtime
intervals. Theesults of norcrisis times are compared with the updated efficiency scores during the disaster
period, where the system experiences significant changes in the number of service requests. In this way, we
compare and analyze the deviations in individufitiehcy scores as well asthe chasigen t he sy st en

overall efficiency.

45. Empirical Analysis and Discussion

45.1. Data Description

Before analyzing the efficiencies of service categories, we do a preliminary analysis of the data to
characterize how service demand and response times changed over time, and during a disaster. For the
empirical study, we use the service categories dDBEL311 system. Excluding only informatiseeking
categories and the ones with only a few request entries for each year, 91 categories are obtained. Service
categories are considered the decisitaking units (DMUSs) of the relative efficiency model. Eaelvice
category receives thousands of service requests from Orange County citizens annually. After excluding the
requests with missing information or those not resolved by the end of the year 2021, the dataset includes
269,515 unique requests for the sidd service categories from 01/01/2017 until 12/31/2021k
OCFL311 spent approximately 24,602 hours in total to resbhrequestdor thosefive years.

We consider the years from 2017 to 2019 as thgpanelemic period where the system is assumed to
be in Ast eadcyr isstiatoe omoodre .AinConn t he ot her hand, star!
the end of 2021, the system activated its AEmMerge

wereaffected by the adaptive actions of DEFL311 system (OCFL311 Managers, 2021).
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Figure 1. Yearly service request volumes and service
also shows service speed has increased in the capacities based on yearly allocated resolution times
last two years givethefive year period. In other words, the aiah service capacity allocated in response
to those calls significantly decreased in 2020, and capacity use in 2021 was close to the one in 2020.

A comparison of prand duringpandemic years indicates a change in both the service demand behavior
of citizens and the response policy of the system. Here, we note that the analysis only includes a subset of
service categories, specifically those that occurred in all five years. We excluded newly added service
categories that were not comparable over the yEarshermore, service types that only received a few
requests were not included in the analysis since the number of observations per year was insufficient to
obtain unbiased and accurate estimates of data statistics.

As explained previously, each serviadagory is labeled with a priority level. These levels are agreed
upon by the local departments responsible for addressing requests forwarded to them. The highest urgency
is namedCritical, then the second priority isportant and the least urgentiRoutine. Given 91 categories
in total, 15 categories are labeled as critical, 12 are important, and remained 64 are routine categories.

Table 2 provides summary statistics for each year and each priority, specifically, the yearly total number
of requests, ndian resolution time (in hours), mean resolution time (in hours), and standard deviation of
resolution time (in hours) in each row in the given order. Additionally, in the last two rows ofZl atge
provide two ratios considering thexitical level as te baseline. The first ratio indicates the number of

requests for the priority level stated in the corresponding column over the number of calls received by
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Critical. The mean ratio in the last row indicates the relative response speed over the meamnréswut

for Critical requests, which are used as the weights of priority levels in the calculation of the priority index

ni Q
Table 2. Summary Statistics for requests with each priority level for each year

2017 2018 2019 2020 2021

€ IS € € €
> - I @ — G o) — G o] — G o] — S ]
2 § 5 5 § 5 5/ § 5§ 5 § 5 5 § § %
Q = Q 3 = o = = o 2 = a =] = a 3
& O E g O E g O E g o E g o E g
# of Request|{ 9211 12109 44565 8309 10206 44369 8408 1007C 46903 7620 8222 43864 7421 8799 4379(C
Median Res| 40.1 63.1 57.3 219 223 647 220 214 597 124 128 200 118 127 1938
Mean Res| 207.5 396.2 563.0 171.2 284.3 454.4 162.0 247.3 377.0 120.2 81.3 208.5 1105 79.3 192.1
Std. Dev Reg 960.2 1262.42307.9 483.01452.€1631.1 491.5 958.51021.4 365.8 260.2 585.7 394.5 239.3 528.4
Req. Ratio 10 13 48 10 12 53 10 12 56 10 11 58 10 12 59
Mean Ratio] 10 19 27 10 17 27 10 15 23 10 07 17 10 07 17

The yearly summary on priority levels indicates tRaiutinerequests always received the slowest
median response. And median resolution timelfgportant requests is slightly more than the median
resolution forCritical requests, except in 2019. Furthens, in the prgpandemic period (from 2017 to
2019), the mean resolution times decreased as the urgency of the response increased. This is an expected
response behavior. Addi t i-tesh thé number obsargioe dequests digpraoi r e d
change significantly over the years, except for the significant decrease from 2019 to 2020 with p<0.05.
However, there is a decreasing pattern in mean response times in all criticality levels, illustrated in Figure
2.

The decrease in resolution times ifrease in service speed) is more drastic in 2020 and 2021, where
the system operates in fiemergency mode, 0 and the
resolution times in each priority level. Surprisingly,the duringpandemic period, thenean resolution
time for Importantrequestds found to be less than that for the requests lab€kitttal. Similarly, the

standard deviation of resolution times increases as the urgency decreases. Again, an abnormal change in
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response speed is observadstandard deviations of resolution times during the pandemic period, where

the standard deviation of resolution timeslfaportantrequests is less than the onesQaitical.
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S 300.0 25000
= 20000
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Figure 2. Change in mean resolution times and number of requests oviame by priority level

In our search for some explanations to make sense bhff@tantrequests receiving the highest speed
despite their | abel, we PublcSaatyvSnoke Alaim fi osl lao wiart ge.g oF iyl
responsibility of tle Fire Rescue department with thgortantpriority label. The average resolution time
to this category decreased drastically (more than ten times) in 2020 and 2021 compardidasieteyears
affecting the total service capacity allocatedrfgportants er vi ce ¢ at e g o Miafécs&. Secon
Transportati on>Sicategsiesaabeled &itigah 1@deiged dlawer responses during
the pandemic compared to the 4qpmandemic period. Although the system was able to activate the
iemer gednecoy aamod i mprove service speed overall, suc

assigned priority labels and the actualized service speed during the emergency.
45.2. Yearly Efficiencies of 311 Service Categories

In the empirical analysis, yearly affencies of selected DMUs, i.e., service categories, are calculated
based on CCR and BCC models. We consider two sets of inputs for each variant: the first model involves
the priority index as an input parameter, and the second does not include @iyt the input set. So,

the second model is not directly informed by the priority levels for each DMU and only considers resolution
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time and capacity usage in the determination of efficiency. The results of these two models are compared
to see how eftiiency scores are impacted if the model is not informed by thegteemined priority index,
andif mean resolution times and capacity usage are enough to capture the relative efficiencies across service
categories. The model outputs for CCR and BCC mtsiaf the DEA model are provided in Tables 3 and
4, respectively.

The results of the CCR model in Table 3 indicate that the average efficiency of service categories does
not vary too much over the years. The average efficiency of categories with priprityemains within
range of 0.48).49, and the averages without priority input are observed within the range -& 82 %or
all DMUs in each year, the model with priority input assigns a higher efficiency score compared to the
results of the model wibut priority input. However, the efficiencies of DMUs tend to remain in the same
relative order. Similar to higher efficiency scores observed in the model with priority inputs, the total
number of efficient DMUs is also more than the ones in the witpigoitity input variant.

The BCC model results in Table 4 show that the average efficiency of service categories over the years
remains within a narrow range of 0:6/69 for the model with priority input and 0-8841 for the model
without priority input.The BCC with priority input provides the highest efficiency scores and the highest
number of efficient DMUs compared to all other BCC and CCR variants. Furthermore, the BCC model
without priority input assigns the efficiency scores in the same relatiee asdhe CCR model outputs.

Different from the CCR variant, relative efficiencies differ in BCC with and without priority
information, especially for DMUs with i@ical and Importantpriorities. Recall that in Section 5.1, we
mention that thémportantrequests were resolved more quickly comparedrioc@l DMUs during the
disaster period (202R021). When a priority index based on relative resolution speeds per year is
introduced to the model as an input, the BCC model is able to capture that the reffitiency of
ImportantDMUs exceeds th€ritical DMUs during the disaster period. The BCC model with priority input
chooses th€ritical DMUs as the most efficient for the first three years. On the other hand, 2020 and 2021
results indicate thamportant DMUs are the most efficient, whiféritical DMUs received lower efficiency
scores in those years.
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Table. 3 List of efficient DMUs over the years based on the CCR model

With Priority Input

Without Priority Input

ID  Priority Category Department | 2017 2018 2019 2020 2021 Average | 2017 2018 2019 2020 2021 Average
1  Critica Domestic>Assist HS 0.40 0.25 0.31 0.58 0.82 0.47 |0.13 0.08 0.22 0.58 0.80 0.36
2 Critical Domestic>Investigate>Bite HS 0.87 0.70 0.59 0.33 0.30 0.56 0.48 0.31 0.33 0.30 0.30 0.35
3  Critical Domestic>Investigate>Stray School HS 0.75 0.58 0.48 0.41 0.49 0.54 0.30 0.23 0.18 0.41 0.48 0.32
4  Critical Domestic>Stray>Injured HS 1.00 0.76 0.81 0.64 0.50 0.74 091 056 0.66 0.64 0.48 0.65
5  Critical Wild>Injured HS 1.00 1.00 1.00 1.00 1.00 1.00 |0.95 1.00 1.00 1.00 1.00  0.99
6  Critical Flooding/Stormwater>Flooding/Standing Water PW 0.21 0.25 0.23 0.11 0.12 0.18 0.02 0.03 0.02 0.04 0.04 0.03
7  Critical Flooding/Stormwater>Drain Cover Maintenance PW 0.13 0.17 0.12 0.13 0.10 0.13 0.01 0.04 0.03 0.07 0.03 0.04
8  Critical Roads andHighways>Depression of Roadway PW 0.13 0.25 0.20 0.13 0.13 0.17 0.01 0.03 0.02 0.05 0.04 0.03
9  Critical Roads and Highways>Potholes PW 0.64 0.85 0.54 0.30 0.36 054 |[0.13 0.18 0.08 0.12 0.15 0.13
10 Critical Roads and Highways>Sink hole PW 0.19 0.18 0.18 0.08 0.15 0.16 0.02 0.02 0.02 0.03 0.05 0.03
11  Critical Sidewalk>Lifted or Hazard PW 0.12 0.39 0.34 039 035 031 |[0.010 0.04 0.04 0.10 0.10 0.06
12  Critical Sidewalk>Repair cracked or broken PW 0.29 0.41 0.26 0.17 0.24 0.27 0.03 0.05 0.02 0.05 0.07 0.04
13  Critical Signs and Signals>Stop/Yield Signs Down/Missing PW 0.82 1.00 1.00 1.00 1.00f 0.96 |[0.19 0.86 1.00 1.00 1.00  0.81
14  Critical Signs and Signals>Traffic Signal Malfunctions PW 1.00 1.00 1.00 0.67 0.63 0.86 0.46 0.26 0.35 0.11 0.16 0.27
15 Critical Signs and Signals>Traffic Signal Out PW 0.87 0.48 0.75 0.37 0.32 056 |0.24 0.09 0.16 0.14 0.12 0.15
16 Important Domestic>Investigate>Abandoned HS 0.33 0.52 0.53 0.33 0.31 0.40 0.16 0.26 0.29 0.33 0.31 0.27
17 Important Domestic>Investigate>Check HS 0.59 0.48 0.48 1.00 098 0.70 [0.48 0.38 0.34 0.14 0.08 0.28
18 Important Domestic>Investigate>Cruelty HS 0.49 0.47 0.32 0.22 0.14 0.33 0.28 0.22 0.12 0.18 0.10 0.18
19 Important Domestic>Investigate>Neglect HS 0.38 0.24 0.18 0.15 0.12 0.21 0.14 0.07 0.12 0.15 0.11 0.12
20 Important Domestic>Investigate>Other HS 0.60 0.67 0.70 0.71 0.57 0.65 0.39 0.49 053 0.71 0.57 0.54
21 Important Domestic>Stray>Sick HS 0.83 0.86 0.82 0.78 0.58| 0.77 |[0.73 0.69 0.70 0.69 0.53  0.67
22 Important Domestic>Trap>Occupied HS 0.90 0.76 0.76 0.95 1.00, 087 [0.82 0.71 0.76 0.76 0.59  0.73
23 Important Wild>Sick HS 0.81 0.77 0.77 0.99 0.98| 086 |[0.64 0.48 057 0.99 0.98 0.73
24 Important Public Safety>Smoke Alarm FR 1.00 1.00 1.00 1.00 1.00 1.00 |0.13 0.09 0.16 1.00 0.44 0.36
25 Important Clean Up PW 0.84 1.00 0.48 0.83 0.97| 082 |[0.40 041 0.09 0.20 0.33 0.29
26 Important Trees>Tree down PW 0.53 0.33 0.24 028 036 035 [0.14 0.09 0.02 0.09 0.13 0.10
27 Important Trees>Tree trimming PW 0.30 0.55 0.39 0.72 055 050 [0.06 0.11 0.06 0.11 0.10 0.09
28 Routine Domestic>Aggressive HS 0.54 0.36 0.36 0.48 035 042 |[051 0.28 0.32 0.23 0.11 0.29
29 Routine Domestic>Dead HS 0.53 0.46 0.53 0.46 0.46 049 |[050 0.45 052 0.46 0.46 0.48
30 Routine Domestic>Found HS 0.37 0.33 0.42 068 059 048 [0.19 0.18 0.26 0.68 0.59 0.38
31 Routine Domestic>Investigate>Nuisance HS 0.65 0.49 0.49 0.22 0.52 0.47 0.62 0.44 0.46 0.20 0.21 0.39
32 Routine Domestic>Lost HS 0.86 0.59 0.62 0.67 0.64/ 0.68 |[0.83 052 054 0.67 0.64  0.64
33 Routine Domestic>Stray>Aggressive HS 0.64 0.43 0.48 0.39 0.32 0.45 0.51 0.29 0.37 0.39 0.32 0.37
34 Routine Domestic>Stray>Confined HS 0.74 050 0.65 0.56 0.48 059 |[0.71 0.49 0.65 0.56 0.48 0.58
35 Routine Domestic>Stray>Roam HS 1.00 0.82 0.93 0.64 059 080 |1.00 0.82 0.93 0.59 0.50| 0.77
36 Routine Domestic>Trap>Pickip HS 0.28 0.29 0.20 0.72 0.85 047 |[0.14 0.20 0.20 0.72 0.84 0.42
37 Routine Domestic>Trap>Request HS 0.34 0.21 021 021 026 025 |[0.20 0.12 0.09 0.02 0.02 0.09
38 Routine Wild>Aggressive HS 0.28 0.19 0.22 0.89 095 051 [0.14 0.12 0.22 0.89 0.95 0.46
39 Routine Wild>Confined HS 0.31 041 0.38 098 0.85 058 [0.14 0.33 0.23 0.98 0.84 0.50
40 Routine Wild>Dead HS 0.43 043 047 0.46 045 045 [0.39 0.34 044 046 0.44 0.41
41 Routine Area Agencies>Municipalities>City of Apopka oJ 1.00 0.77 0.61 0.40 1.00 0.76 1.00 0.77 0.61 0.40 1.00 0.76
42 Routine AreaAgencies>Municipalities>City of Orlando 0J 0.98 0.89 0.77 0.76 1.00/ 0.88 |[0.72 0.85 0.71 0.70 0.74 0.74
43 Routine Area Agencies>Municipalities>Other Jurisdiction oJ 1.00 1.00 1.00 1.00 0.73 0.95 1.00 1.00 1.00 1.00 0.59 0.92
44 Routine AreaAgencies>State of Florida>FDOT OGA 1.00 1.00 1.00 1.00 1.00 1.00 |1.00 1.00 1.00 1.00 1.00 1.00
45 Routine FH&SS>Mosquito Control HS 091 0.73 085 0.75 1.00 0.85 |0.64 0.68 0.85 0.75 1.00 0.78
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46 Routine General>Public Records Request CA 1.00 1.00 1.00 0.86 0.88 0.95 0.50 0.48 0.58 0.56 0.45 0.52
47 Routine Boat and RV PEDS 0.20 0.21 0.22 0.11 0.19 0.19 |0.02 0.03 0.03 0.04 0.06 0.04
48 Routine Graffiti>On Private Property PEDS 0.18 0.08 0.12 0.15 0.19 0.14 |0.08 0.05 0.04 0.15 0.13 0.09
49 Routine N&H>Graffiti>On Public Property PW 0.05 0.08 0.14 0.08 0.11 0.09 |0.01 0.05 0.05 0.03 0.05 0.04
50 Routine Housing>Minimum Standards PEDS 0.37 0.37 0.33 0.32 040 0.36 |0.04 0.04 0.03 0.05 0.09 0.05
51 Routine Housing>Pool Enclosure issue PEDS 0.12 0.12 0.09 0.06 0.07 0.09 0.01 0.02 0.01 0.03 0.03 0.02
52 Routine Housing>Unsafe or Dirty Pool PEDS 0.13 0.12 0.14 0.07 0.09 0.11 0.01 0.01 0.01 0.02 0.03 0.02
53 Routine Junk Vehicles PEDS 0.41 0.60 052 0.36 0.34 045 |0.04 0.08 0.09 0.08 0.10 0.08
54 Routine Lot Cleaning>High Grass & Weeds PEDS 0.53 0.78 0.75 0.62 0.54 0.64 0.06 0.12 0.16 0.13 0.15 0.12
55 Routine Lot Cleaning>Junk, Trash & Debris PEDS 0.61 0.70 059 0.61 061 0.63 |0.09 0.10 0.11 0.13 0.16 0.12
56 Routine N&H>Street Lighting NA 1.00 1.00 1.00 1.00 1.00  1.00 | 0.96 0.85 0.79 0.75 0.62 0.80
57 Routine Violations>Business Loc. PEDS 0.17 0.09 0.10 0.06 0.12 0.11 |0.02 0.03 0.02 0.03 0.05 0.03
58 Routine Violations>Vehicle parked on prop. PEDS 0.27 0.26 0.26 0.16 0.22 0.23 0.04 0.03 0.03 0.05 0.08 0.05
59 Routine Violations>General PEDS 0.48 0.61 0.84 0.96 0.69 0.72 0.06 0.08 0.12 0.14 0.14 0.11
60 Routine Violations>Business out of a home PEDS 0.26 0.27 0.27 0.14 0.21 0.23 0.02 0.03 0.03 0.04 0.07 0.04
61 Routine Violations>Sign Location PEDS 0.13 0.09 0.07 0.10 0.17 0.11 0.04 0.04 0.07 0.07 0.10 0.06
62 Routine Violations>Signs right of way PEDS 0.28 0.38 054 0.28 040 0.38 |0.05 0.10 0.12 0.14 0.19 0.12
63 Routine Violations>Unpermitted Const. PEDS 0.24 0.28 0.22 0.10 0.16 0.20 |0.02 0.03 0.02 0.03 0.04 0.03
64 Routine Violations>Vehicle Location PEDS 0.13 0.08 0.06 0.09 0.12 0.10 |0.04 0.03 0.03 0.07 0.09 0.05
65 Routine Public Safety>Junk Vehicle CO 1.00 1.00 1.00 1.00 1.00, 1.00 |1.00 1.00 1.00 1.00 1.00  1.00
66 Routine Public Safety> Sher CO 0.83 0.68 0.46 0.37 0.74 0.62 |0.82 0.66 0.46 0.36 0.34 0.53
67 Routine Clean Up>Damage Reimbursement PW 0.18 0.34 0.49 0.47 0.36 0.37 0.03 0.19 0.16 0.28 0.19 0.17
68 Routine Clean Up>Mowing PW 0.16 0.36 0.31 0.23 0.28 0.27 |0.03 0.09 0.05 0.09 0.15 0.08
69 Routine Clean Up>Street Sweeping PW 0.12 0.10 0.18 0.19 0.22 0.16 |0.03 0.03 0.04 0.08 0.11 0.06
70 Routine Flooding/Stormwater>Drainage Cleaning PW 0.13 0.10 0.12 0.13 0.12 0.12 0.02 0.02 0.02 0.05 0.04 0.03
71 Routine Flooding/Stormwater>Drainage Missing PW 0.25 0.36 0.29 0.34 031 031 |[0.06 0.08 0.06 0.08 0.10 0.08
72 Routine Flooding/Stormwater>Retention Ponds PW 0.25 0.22 0.29 0.32 0.42 0.30 0.05 0.04 0.08 0.15 0.25 0.11
73 Routine Roads and Highways>Asphalt Paving PW 0.18 0.20 0.21 0.14 0.16 0.18 0.03 0.04 0.02 0.05 0.06 0.04
74  Routine Roads andHighways>Depression in Ground PW 0.12 0.10 0.09 0.09 0.10 0.10 |[0.02 0.03 0.01 0.04 0.04 0.03
75 Routine Roads and Highways>Maintenance PW 0.12 0.12 0.12 0.10 0.13 0.12 |0.02 0.03 0.02 0.04 0.05 0.03
76 Routine Sidewalk>Other PW 0.14 0.14 0.26 020 0.21 0.19 |0.05 0.04 0.03 0.07 0.09 0.06
77 Routine Signs and Signals>Signs Partially Obstructed PW 1.00 1.00 0.58 0.82 1.00 0.88 1.00 1.00 0.58 0.82 1.00 0.88
78 Routine Signs and Signals>Traffic Signal Adjustment PW 0.80 0.63 0.85 0.33 0.34 0.59 0.42 0.23 0.36 0.07 0.11 0.24
79 Routine Signs and Signals>Not Stop or Yield Signs PW 1.00 1.00 1.00 1.00 0.89 0.98 1.00 1.00 1.00 1.00 0.78 0.96
80 Routine Traffic>Pavement Markings PW 0.05 0.04 0.06 0.06 0.21 0.09 |0.01 0.01 0.01 0.03 0.16 0.04
81 Routine Traffic>Speed Bumps PW 0.16 0.12 0.13 0.05 0.05 0.10 |0.04 0.03 0.02 0.01 0.01 0.02
82 Routine Traffic>Traffic Safety Concerns PW 0.14 0.14 0.20 0.04 0.10 0.12 0.05 0.03 0.04 0.02 0.05 0.04
83 Routine Traffic>Traffic Study PW 0.11 0.10 0.16 0.12 0.13 0.13 |0.02 0.01 0.02 0.01 0.02 o0.01
84 Routine Trees>Tree PW 0.24 0.30 0.25 0.20 0.27 0.25 |0.05 0.06 0.04 0.09 0.10 0.07
85 Routine Trees>Tree limb PW 0.19 0.17 0.20 0.21 024 0.20 |0.03 0.09 0.03 0.08 0.12 0.07
86 Routine GarbageCollection u 0.73 0.68 0.84 053 048 0.65 |057 050 0.64 0.53 0.23 0.49
87 Routine Garbage>Bulk Pickup U 1.00 0.62 0.69 045 039 0.63 |100 0.52 0.59 045 0.23 0.56
88 Routine Garbage>Collection Roll Carts U 0.56 0.71 1.00 0.51 050/ 0.66 |[0.37 0.61 1.00 0.51 0.30 0.56
89 Routine Recycling U 0.51 0.64 0.47 0.44 041 049 |0.32 056 0.36 0.44 024 0.38
90 Routine Utilities u 0.02 0.38 0.38 0.21 0.66 0.33 |0.00 0.33 0.24 0.21 057 0.27
91 Routine Yard Waste U 0.62 0.78 0.74 0.67 0.39 0.64 |0.45 0.56 0.55 0.67 0.22 0.49
Average 0.49 0.48 0.48 0.45 047 0.31 0.29 0.30 0.33 0.32
# of Efficient | 14 12 11 9 11 8 6 7 7 7
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Table 4. List of efficient DMUs over the years based on the BCC model

With Priority Input

Without Priority Input

ID  Priority Category Department | 2017 2018 2019 2020 2021 Average [ 2017 2018 2019 2020 2021 Average
1  Critical Domestic>Assist HS 1.00 1.00 1.00 1.00 1.00/ 1.00 | 0.19 0.14 0.33 0.68 0.80 0.43
2 Critical Domestic>Investigate>Bite HS 1.00 1.00 1.00 0.70 0.70 0.88 0.52 0.32 0.37 0.31 0.30 0.36
3  Critical Domestic>Investigate>Stray School HS 1.00 1.00 1.00 0.91 0.91 0.96 0.40 0.27 0.18 0.44 0.48 0.36
4  Critical Domestic>Stray>Injured HS 1.00 1.00 1.00 0.74 0.70 0.89 1.00 0.66 0.74 0.65 0.48 0.71
5  Critical Wild>Injured HS 1.00 1.00 1.00 1.00 1.00; 1.00 |1.00 1.00 1.00 1.00 1.00/ 1.00
6  Critical Flooding/Stormwater>Flooding/Standing Water PW 1.00 1.00 1.00 0.70 0.70 0.88 0.02 0.04 0.03 0.08 0.05 0.04
7  Critical Flooding/Stormwater>Drain Cover Maintenance PW 1.00 1.00 1.00 0.85 0.70 0.91 0.03 0.09 0.20 0.21 0.04 0.12
8  Critical Roads and Highways>Depression of Roadway PW 1.00 1.00 1.00 0.70 0.70 0.88 0.01 0.03 0.04 0.09 0.04 0.04
9  Critical Roads andHighways>Potholes PW 1.00 1.00 1.00 0.70 0.70 0.88 0.15 0.19 0.18 0.13 0.20 0.17
10 Critical Roads and Highways>Sink hole PW 1.00 1.00 1.00 0.70 0.70 0.88 0.03 0.04 0.06 0.08 0.06 0.05
11 Critical Sidewalk>Lifted or Hazard PW 1.00 1.00 1.00 0.70 0.70| 0.88 |0.01 0.05 0.04 0.10 0.13 0.07
12  Critical Sidewalk>Repair cracked or broken PW 1.00 1.00 1.00 0.70 0.70| 0.88 |0.03 0.05 0.03 0.05 0.08 0.05
13  Critical Signs and Signals>Stop/Yield Signs Down/Missing PW 1.00 1.00 1.00 1.00 1.00 1.00 |[0.24 1.00 1.00 1.00 1.00 0.85
14  Critical Signs and Signals>Traffic Signal Malfunctions PW 1.00 1.00 1.00 0.70 0.70 0.88 1.00 0.84 1.00 0.13 0.27 0.65
15 Critical Signs and Signals>Traffic Signal Out PW 1.00 1.00 1.00 0.75 0.70/ 0.89 |[0.31 0.10 0.16 0.15 0.15 0.17
16 Important Domestic>Investigate>Abandoned HS 0.53 0.59 0.67 1.00 1.00 0.76 0.18 0.27 0.29 0.34 0.31 0.28
17 Important Domestic>Investigate>Check HS 0.59 059 0.67 1.00 1.00 0.77 |0.54 043 0.37 0.14 0.08 0.31
18 Important Domestic>Investigate>Cruelty HS 0.54 0.59 0.67 1.00 1.00 0.76 0.30 0.23 0.12 0.18 0.10 0.19
19 Important Domestic>Investigate>Neglect HS 0.71 0.59 0.67 1.00 1.00 0.79 0.15 0.07 0.21 0.19 0.11 0.15
20 Important Domestic>Investigate>Other HS 0.63 068 0.7 100 1.00 080 |[041 059 062 0.72 057 0.58
21 Important Domestic>Stray>Sick HS 0.83 0.89 0.84 1.00 1.00 091 |[0.83 0.83 080 0.69 053 0.74
22 Important Domestic>Trap>Occupied HS 0.93 0.77 084 100 1.00 091 (093 0.77 0.79 0.77 059  0.77
23 Important Wild>Sick HS 0.83 0.81 0.78 1.00 1.00 0.88 |0.73 0.52 0.67 1.00 0.98| 0.78
24 Important Public Safety>Smoke Alarm FR 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
25 Important Clean Up PW 0.90 1.00 0.67 1.00 1.00 091 |0.90 1.00 0.27 0.24 0.54| 0.59
26 Important Trees>Tree down PW 0.58 0.59 0.67 1.00 1.00 0.77 0.17 0.10 0.02 0.11 0.14 0.11
27 Important Trees>Tree trimming PW 0.53 0.60 0.67 1.00 1.00 0.76 [0.06 0.26 0.21 0.13 0.13 0.16
28 Routine Domestic>Aggressive HS 0.54 0.37 043 049 041 045 [054 0.29 0.34 0.23 0.11 0.30
29 Routine Domestic>Dead HS 0.54 047 053 050 048 051 |[054 047 053 0.46 046 0.49
30 Routine Domestic>Found HS 0.44 0.37 043 0.75 0.62 052 [0.23 0.21 0.28 0.70 0.59 0.40
31 Routine Domestic>Investigate>Nuisance HS 0.70 0.78 0.60 0.41 0.56 0.61 0.64 0.54 0.48 0.20 0.21 0.42
32 Routine Domestic>Lost HS 0.90 0.62 0.65 0.68 0.65 0.70 |0.90 0.61 0.63 0.68 0.64| 0.69
33 Routine Domestic>Stray>Aggressive HS 0.65 0.44 0.49 0.42 0.44 0.49 0.58 0.36 0.43 0.40 0.32 0.42
34 Routine Domestic>Stray>Confined HS 0.76 0.51 0.68 056 049 060 |0.76 051 0.68 0.56 0.48 0.60
35 Routine Domestic>Stray>Roam HS 1.00 1.00 1.00 1.00 1.00/ 1.00 |1.00 1.00 1.00 1.00 1.00/ 1.00
36 Routine Domestic>Trap>Pickip HS 0.76 0.76 0.49 1.00 0.88 0.78 |[0.28 041 0.29 1.00 0.85 0.57
37 Routine Domestic>Trap>Request HS 0.38 0.37 043 041 041 040 [0.21 0.15 0.10 0.03 0.02 0.10
38 Routine Wild>Aggressive HS 0.79 0.64 049 100 096 0.78 [0.33 0.28 0.29 1.00 0.95 0.57
39 Routine Wild>Confined HS 0.40 042 0.43 1.00 085 062 |0.18 0.38 0.25 1.00 0.85 0.53
40 Routine Wild>Dead HS 0.43 043 0.47 048 049 046 |0.43 040 046 0.46 044 0.44
41 Routine Area Agencies>Municipalities>City of Apopka 0J 1.00 1.00 1.00 1.00 1.00 1.00 |[1.00 1.00 1.00 1.00 1.00  1.00
42 Routine Area Agencies>Municipalities>City of Orlando 0J 0.99 097 094 094 100 097 |0.80 0.88 0.72 0.70 1.00  0.82
43 Routine Area Agencies>Municipalities>Other Jurisdiction oJ 1.00 1.00 1.00 1.00 0.90 0.98 1.00 1.00 1.00 1.00 0.61 0.92
44  Routine Area Agencies>State of Florida>FDOT OGA 1.00 1.00 1.00 1.00 1.00; 1.00 |1.00 1.00 1.00 1.00 1.00  1.00
45 Routine FH&SS>Mosquito Control HS 0.95 0.97 1.00 099 1.00 098 |0.83 0.87 1.00 0.98 1.00  0.94
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46 Routine General>Public Records Request CA 1.00 1.00 1.00 0.86 1.00 0.97 1.00 1.00 1.00 0.79 1.00  0.96
47 Routine Boat and RV PEDS 0.37 0.37 043 041 041 040 |(0.04 0.05 0.04 0.04 0.09 0.05
48 Routine Graffiti>On Private Property PEDS 0.88 0.44 043 058 054 058 |[0.27 0.16 0.14 0.36 0.14 0.22
49 Routine N&H>Graffiti>On Public Property PW 0.37 0.53 043 044 049 045 [0.02 0.21 0.13 0.08 0.07 0.10
50 Routine Housing>Minimum Standards PEDS 0.38 0.38 0.43 041 041 040 |[0.33 0.27 0.21 0.07 0.22 0.22
51 Routine Housing>Pool Enclosure issue PEDS 0.37 0.37 0.43 0.48 0.42 0.42 0.01 0.02 0.05 0.11 0.04 0.04
52 Routine Housing>Unsafe or Dirty Pool PEDS 0.37 0.37 0.43 0.41 041 0.40 0.02 0.02 0.02 0.05 0.03 0.03
53 Routine Junk Vehicles PEDS 0.44 0.62 058 041 041 049 (0.13 058 050 0.12 0.17 0.30
54 Routine Lot Cleaning>High Grass & Weeds PEDS 0.57 1.00 1.00 0.63 0.54 0.75 0.56 1.00 1.00 0.33 0.39 0.66
55 Routine Lot Cleaning>Junk, Trash & Debris PEDS 092 0.85 0.72 0.62 0.62 0.74 [0.92 0.84 0.67 0.28 0.52  0.65
56 Routine N&H>Street Lighting NA 1.00 1.00 1.00 1.00 1.00/ 1.00 |1.00 1.00 1.00 1.00 1.00/ 1.00
57 Routine Violations>Business Loc. PEDS 0.37 0.37 0.43 047 048 042 (0.03 0.06 0.05 0.10 0.07 0.06
58 Routine Violations>Vehicle parked on prop. PEDS 0.37 0.37 0.43 0.41 041 0.40 0.08 0.06 0.04 0.05 0.11 0.07
59 Routine Violations>General PEDS 0.55 0.87 1.00 1.00 1.00 088 |[0.55 069 1.00 1.00 1.00  0.85
60 Routine Violations>Business out of a home PEDS 0.37 0.37 043 041 041 040 |[0.06 0.06 0.04 0.06 0.13 0.07
61 Routine Violations>Sign Location PEDS 0.61 0.37 0.44 0.55 0.53 0.50 0.08 0.10 0.44 0.21 0.11 0.19
62 Routine Violations>Signs right of way PEDS 0.40 0.38 0.56 050 0.51 047 (0.09 0.19 0.18 0.15 0.25 0.17
63 Routine Violations>Unpermitted Const. PEDS 0.37 0.37 043 041 041 040 |[0.06 0.06 0.03 0.03 0.06 0.05
64 Routine Violations>Vehicle Location PEDS 0.55 0.37 043 056 055 049 [0.06 0.07 0.19 0.23 0.13 0.14
65 Routine Public Safety>Junk Vehicle CoO 1.00 1.00 1.00 1.00 1.00/ 1.00 |1.00 1.00 1.00 1.00 1.00/ 1.00
66 Routine Public Safety> Sher Cco 0.99 094 089 0.83 0.89, 091 [0.85 0.66 052 0.45 0.39 0.57
67 Routine Clean Up>Damage Reimbursement PW 0.37 0.37 0.50 0.54 0.49 0.45 0.04 0.23 0.17 0.29 0.20 0.19
68 Routine Clean Up>Mowing PW 0.37 0.39 043 041 041 040 (0.03 0.10 0.05 0.10 0.19 0.09
69 Routine Clean Up>Street Sweeping PW 0.54 0.37 043 047 048 046 |[0.06 0.06 0.07 0.10 0.11 0.08
70 Routine Flooding/Stormwater>Drainage Cleaning PW 0.37 0.37 0.43 0.44 041 0.41 0.02 0.04 0.05 0.08 0.04 0.05
71 Routine Flooding/Stormwater>Drainage Missing PW 0.37 0.38 043 041 041 040 |0.24 0.20 0.19 0.10 0.13 0.15
72 Routine Flooding/Stormwater>Retention Ponds PW 0.37 0.37 043 050 052 044 |0.06 0.05 0.10 0.15 0.26 0.13
73 Routine Roads andHighways>Asphalt Paving PW 0.37 0.37 043 041 041 0.40 0.03 0.05 0.02 0.05 0.06 0.04
74  Routine Roads and Highways>Depression in Ground PW 0.37 0.37 0.43 0.44 0.44 0.41 0.03 0.04 0.03 0.08 0.05 0.05
75 Routine Roads andHighways>Maintenance PW 0.37 0.37 0.43 042 044 041 |0.02 0.05 0.04 0.07 0.05 0.05
76 Routine Sidewalk>Other PW 0.68 0.37 043 041 041 046 |[0.10 0.06 0.03 0.07 0.11 0.07
77 Routine Signs and Signals>Signs Partially Obstructed PW 1.00 1.00 0.86 1.00 1.00 0.97 1.00 1.00 0.86 1.00 1.00} 0.97
78 Routine Signs and Signals>Traffic Signal Adjustment PW 0.94 0.79 1.00 0.41 041 0.71 0.94 0.79 1.00 0.09 0.14 0.59
79 Routine Signs and Signals>Not Stop or Yield Signs PW 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
80 Routine Traffic>Pavement Markings PW 0.37 0.37 0.43 0.43 0.56 0.43 0.01 0.02 0.03 0.07 0.17 0.06
81 Routine Traffic>Speed Bumps PW 0.52 0.37 043 041 041 043 |[0.05 0.04 0.03 0.02 0.01 0.03
82 Routine Traffic>Traffic Safety Concerns PW 0.69 0.37 0.43 047 049 049 |0.10 0.04 0.07 0.10 0.07 0.07
83 Routine Traffic>Traffic Study PW 0.37 0.37 043 041 041 040 |[(0.02 0.01 0.04 0.01 0.02 0.02
84 Routine Trees>Tree PW 0.37 0.37 043 041 041 040 |[0.05 0.06 0.06 0.09 0.13 0.08
85 Routine Trees>Tree limb PW 0.37 0.37 043 045 047 042 (0.04 0.11 0.04 0.09 0.12 0.08
86 Routine Garbage Collection u 0.76 0.70 0.85 055 054 0.68 |[0.63 056 0.81 0.54 0.35 0.58
87 Routine Garbage>Bulk Pickup u 1.00 0.65 0.72 0.56 047 0.68 |1.00 0.58 0.60 0.50 0.28  0.59
88 Routine Garbage>Collection Roll Carts U 0.67 0.74 1.00 056 055 0.70 |0.45 0.66 1.00 0.54 0.42| 0.62
89 Routine Recycling U 0.64 0.64 052 057 048 057 [0.41 063 0.37 0.49 031 0.44
90 Routine Utilities U 0.37 056 050 043 0.66 051 [0.01 0.35 0.25 0.22 0.66 0.30
91 Routine Yard Waste U 0.67 0.80 0.75 0.72 0.47 0.68 |[0.47 0.71 0.68 0.72 0.28 0.57
Average 0.69 0.67 0.69 0.69 0.68 0.40 0.40 0.41 0.40 0.38
# of Efficient | 26 27 29 27 26 14 14 17 16 14
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Solving these linear programs allows for building an efficiency frontier from the relative efficiency

scores of the different DMUs. The efficiency frontier helps identify inefficient DMUs and their distance to

thefrontier, indicating a target for all individual DMUs to obtain the highest overall efficient performance.

Figure 3 illustrates the efficiency frontiers for 2020, in the disaster's first year. The dashed and solid lines

indicate the most efficient DMUs f@CR with priority input and the BCC with priority input, respectively.

The x and yaxis values indicate the weighted summation of input and output values of the corresponding

DMU, respectively.

The frontier shows the use of inputs to prodinckcated output levels. Although the model generally

chooses DMUs consuming fewer inputs given output lévelspeaing in the bottom left in the frontier
DMU #59 also appears as an efficient DMU since it produces the highest number of outputs. However,

DMU #59 consumes relatively more inputs compared to many of its peers. The BCC model selects more

DMUs as
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DMU set of the CCR model becomes a subs#t@efficient DMUs by the BCC model, which can also be

seen in Tables 3 and 4.
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Figure 3. Efficiency Frontier for the year 2020

45.3. Yearly Efficiencies of Priority Levels

This part of the analysis focuses on the relative efficiencies of priority levels over the years based on

four relative efficiency model variants. Recalling that the final dataset includ@stical, 12 Important,
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and 64RoutineDMUs, the presented ressilindicate the average efficiency scores by each priority level.

The yearly total number of requests shows thatrtifportantrequests are slightly higher than tBatical

ones, andRoutinereceives most of the service requests each year (see Figlhe #ean resolution times

follow the order of criticality level in the first three years, where critical requests receive the fastest average
response and routine requests receive the slowest average response. However, in 2020 and 2021, the

Importantcallsreceived a quicker response, the potential reasons for which are explained in Section 5.1.
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2017 2018 2019 2020 2021 2017 2018 2019 2020 2021
Critical 6532 169.70 8120 166.20 8205 156.83 7449 119.75 7118 110.95
Important 7419 209.84 9866 289.69 9902 248.17 8120 79.13 8534 80.26
Routine 38025 571.11 40682 485.85 42659 404.10 34510 246.55 32374 238.29

Figure 4. (a) Yearly total number of service requests and (b) mean response times per priority group

Given daily request volumes and corresponding response performance, we obtained the relative
efficiency scores for each priority level. The results are summarized in Table 5 and illustrated in Figure 5.
Firstly, the results indicate that the model variants wingl priority input assign a higher efficiency score
than model variants without priority input since the relative annual service speed takes place in the
denominator of the efficiency formulation (5). The efficiency score decreases as the priority index
increase.

Secondly, the results indicate that despite the fastest respdbiseca requests, the DMUs labeled as

Importanthave the highest efficiency over other priority labels, excluding the BCC with a priority model
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before 2020. One might expectdbtain higher scores for higher priority levels, as the system prioritizes
requests in terms of which one should be resolved faster. However, the presented efficiency measurement
accounts for multiple input and output variables, which eliminates direxdt#dgtsg service categories with

a faster response as the most efficient. Those service types may receive only a few requests in a year. In
such a case, they do not consume most of the service capacity. On the other hand, other categories might
receive hitper demand volumes but slower service speeds. The proposed efficiency model enables
determining service categories' relative efficiency based on service speed and service capacity usage.

Table 5. Average relative efficiency scores by DEA modehriants per year per priority level

Priority
Year Model Variant Critical Important Routine
CCR-no pri 0.26 0.36 0.31
2017 CCR-pri _ 0.56 0.63 0.45
BCC-no pri 0.33 0.52 0.39
BCC-pri 1.00 0.72 0.62
CCR-no pri 0.25 0.33 0.29
2018 CCR-pri _ 0.55 0.64 0.44
BCC-no pri 0.32 0.51 0.40
BCC-pri 1.00 0.72 0.58
CCR-no pri 0.28 0.31 0.30
2019 CCR-pri _ 0.52 0.55 0.45
BCC-no pri 0.36 0.45 041
BCC-pri 1.00 0.74 0.61
CCR-no pri 0.31 0.45 0.32
2020 CCR-pri _ 0.42 0.66 0.42
BCC-no pri 0.34 0.46 0.40
BCC-pri 0.79 1.00 0.61
CCR-no pri 0.32 0.36 0.31
2021 CCR-pri _ 0.43 0.63 0.45
BCC-no pri 0.34 0.42 0.38
BCC-pri 0.77 1.00 0.60
Average 0.51 0.57 0.44
Pre-disaster Average 0.54 0.54 0.44
During -disaster Average 0.47 0.62 0.44

The results for the prdisaster period indicate that although the average response speed matches up with
the priority levels defined by the system, thgportantDMUs are the most efficient categories on average.
Only the BCC model with priority input agss the highest efficiency scoresQdtical, which shows that
when the efficiency measure involves a priority index based on yearly average relative speed as another

input, the speed of a DMU becomes dominant in assigning an efficiency scofeyitécal receives the
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highest average score. Table 4 provides the results for all DMUs individually and shows that the BCC
model with priority inputs selects dlritical DMUs as efficient in the first three years. Then, in 2020 and
2021, the BCC model with pnity inputs assigns the highest score of onéniportantDMUs when a
mismatch in assigned priority labels and the actualized service speed occurs. The CCR with priority, CCR
without priority, and BCC without priority variants are more consistent, andaheioose thémportant

categories as the most efficient each year on average.
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Figure 5. Graphical representation of average relative efficiency scores by DEA model variants (CRS is
for the CCR model, indicating constant returns to scale, and VRS stals for the BCC model, referring to
variable returns to scale)

45.4. Yearly Efficiencies of Departments

In this section, we focus on the relative efficiencies of departments based on four relative efficiency
model variants. Ten departments respond t@XG&L311 service requestmdtheir full names are listed
in Appendix A with abbreviations used in the output tables and figures. The exact number of service
categories each department is responsible for is provided in Table 6. Each department ibles$ponsi

resolving at least one and at most 33 categories.

Table 6. Number of categories (DMUs) assigned to each department

Department OGA FR NA CA 0J CO U PEDS PW HS
Number of categories 1 1 1 1 3 2 6 16 33 27

The OCFL311 is a coordinated system that collects and distributes requests to responsible departments

with independent service capacities. Table 6 indicates the responsibility of each department varies in terms

163



of types of needs. Accordingly, the numberrefuests is also different for each department. The total
number of service requests and corresponding resolution times by departments are illustrated in Figure 6,
where we observe that, generally, as the number of categories increases, the demandovaume
department also increases. Based on the dataset, the Health Services (HS) receive the highest demand
volumes each year, followed by Public Works (PW) and Planning, Environmental, and Development
Services (PEDS). The graph in Figure 6 (b) indicatasttie mean response times are not proportional to
service demand for the department. For example, HS responds to requests faster than PEDS, although its
request volume is two times more than the requests for PEDS. On the other hand, the Fire Rescue
deparment had the slowest response from 2017 to 2019 despite responding to only a single request
category. The average efficiency scores of departments per year based on each DEA model variant are
summarized in Table 7.
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Department 2017 2018 2019 2020 2021 2017 2018 2019 2020 2021
OGA 86 162 132 130 156 7.3 2.8 2.2 25 3.8
FR 204 212 168 123 130 4208.1 8276.9 42525 4529 267.3
NA 353 492 580 763 628 4.7 5.8 4.9 4.5 4.8
CA 645 849 788 286 111 205.8 2625 154.1 1244 2321
oJ 703 947 1204 1260 1001 4.2 3.3 2.6 2.6 3.5
(6{0) 711 1364 1558 1928 662 2.7 35 2.2 2.9 3.0
U 6893 1284 1068 1219 1717 54.7 46.1 71.2 66.3 249.2
PEDS 9578 12369 14311 10628 8968 1837.5 1110.0 857.5 529.4 491.3
PW 11092 13587 14154 12475 11371 349.4 358.9 400.5 285.1 274.7
HS 21711 27402 26803 21267 23282 705 121.2 79.1 31.8 499

Figure 6. (a) Yearly total number of service requests and (b) mean response times per department
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The results indicate that the departments dealing with a few categories have higher efficiency scores

than other departments. These categories fall into the bottom left of the efficiency frontier as they produce

few inputs but consume fewer outputs. Exdeqt r

the Fire Rescue department withlarportanturgency label, the departments dealing witB dategories
are only responsible for addressRgutinerequests. PEDS, PW, and HS departments have lower efficiency

scores, although they receive substantially more requests and manage all Critical, Important, and Routine

categories.

The outputs of each model variant, illustrated in Figure 7, indicate gheattants without priority input
assign lower scores, as mentioned in the previous sections. Furthermore, the BCC model's efficiency scores

are higher than their CCR counterparts. Although the exact values vary, the efficiencies of departments by

each modl have a similar relative order.

Table 7.Average relative efficiency scores by DEA model variants per year per department

t

he

APubl i

c

Safety>Smoke

Department
Year Model Variant OGA FR NA CA OJ CO U PEDS PW HS
CCR-no pri 1.00 0.13 0.96 050 091 0.91 045 0.04 0.14 0.48
2017 CCR-pri _ 1.00 1.00 1.00 1.00 0.99 0.92 057 0.28 0.35 0.62
BCC-no pri 1.00 1.00 1.00 1.00 0.93 0.92 0.49 0.21 0.20 0.54
BCC-pri 1.00 1.00 1.00 1.00 1.00 1.00 0.69 0.49 0.67 0.73
CCR-no pri 1.00 0.09 0.85 048 0.87 0.83 051 0.05 0.16 0.40
2018 CCR-pri _ 1.00 1.00 1.00 1.00 0.89 0.84 0.64 0.32 0.38 0.53
BCC-no pri 1.00 1.00 1.00 1.00 0.96 0.83 058 0.26 0.24 0.47
BCC-pri 1.00 1.00 1.00 1.00 0.99 0.97 0.68 0.49 0.65 0.69
CCR-no pri 1.00 0.16 0.79 058 0.77 0.73 0.56 0.06 0.14 0.44
2019 CCR-pri _ 1.00 1.00 1.00 100 0.79 0.73 0.69 0.32 0.35 0.54
BCC-no pri 1.00 1.00 1.00 1.00 0.91 0.76 0.62 0.29 0.22 0.49
BCC-pri 1.00 1.00 1.00 1.00 0.98 0.95 0.72 0.54 0.68 0.70
CCR-no pri 1.00 1.00 0.75 056 0.70 0.68 0.47 0.08 0.16 0.54
2020 CCR-pri _ 1.00 1.00 1.00 0.86 0.72 0.69 0.47 0.26 0.31 0.60
BCC-no pri 1.00 1.00 1.00 0.79 0.90 0.72 050 0.20 0.19 0.58
BCC-pri 1.00 1.00 1.00 0.86 0.98 0.92 056 0.52 0.62 0.82
CCR-no pri 1.00 0.44 0.62 045 0.78 0.67 030 0.09 0.18 0.51
2021 CCR-pri _ 1.00 1.00 1.00 0.88 0.91 0.87 0.47 0.28 0.33 0.60
BCC-no pri 1.00 1.00 1.00 1.00 0.87 0.69 0.38 0.22 0.21 0.53
BCC-pri 1.00 1.00 1.00 1.00 0.97 0.95 0.53 0.50 0.62 0.80
Average 1.00 0.84 095 085 0.89 0.83 055 0.27 0.34 0.58
Pre-disaster Average 1.00 0.78 0.97 0.88 0.92 0.87 0.60 0.28 0.35 0.55
During-disaster Average 1.00 0.93 0.92 0.80 0.85 0.77 0.46 0.27 0.33 0.62
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The Fire Rescue department is a uniqgue example in terms of receiving a low number of requests, yet its
mean response is relatively slow and variable each year. So, the CCR model without a priority input assigns
low efficiency scores to the Fire Rescue d&pant due to its large amount of service capacity used while
responding to a small number of service requests. However, one should remember that the effort required
to resolve unique inquiries within or between categories varies based on the spedificatizen reports
to the system. Based on the dataset, smoke alarm requests tend to require more time to address; however,
the yearly averages also indicate that the Fire Rescue department significantly improved the speed in
addressing smoke alarm comgr Over the years, the average resolution times of smoke alarm requests
dropped from 8000 hours to below 500 hours.

Noting that 8000 hours of service means almost a year, one can argue that the average response time for
smoke alarm issues probably do@s directly indicate how long it takes to perform necessary action to
address these calls. However, the reported resolution time is the average of all Fire Rescue requests issued
in a year, and the Fire Rescue department receives more than 100 requegisttie 311 system per year.
Although these requests are labeledraportant,they are all noremergency issues. The Fire Rescue
department's highest priority is resolving the emergency issues that are not collected by the 311 system and
beyondthescopef t hi s study. Yet, these requests remain
resolution status; t herefor e, keep the 1|ist of aw
this reason, we assume each request continues to cotimisystem's capacity until it is entirely resolved

with AClIl osedod status.
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Figure 7. Graphical representationof averagerelative efficiency scores by DEA model variants (CRS is
for the CCR model, indicating constant returns to scale, and VRS stands for the BCC model, referring to
variable returns to scale)

45.5. Change in service efficiency during a disaster

In this partof the study, we examine how the efficiency patterns change during a disaster based on the
cross efficiencies of service categories. We discuss the service equity based on the deviation in service
efficiency during the crisis to point out potential inelifiess that might arise across departments or service
categories due to changes in efficiency patterns resulting from changes in demand and corresponding
service performance.

We perform our analysis on two levels. First, we analyze the-efbisencies & categories under a
single department to deepen our understanding of the relative efficiencies of individual service categories
sharing the same departmental resources and how their efficiency patterns changed during the disaster
compared to the prdisager period. Secondly, we examine all service categories to analyze the change in
efficiencies during a disaster on the category level.

For the first part of the analysis, we chose the Public Works department since it received one of the
highest request voimes, and its relative performance is found to be relatively inefficient compared to other
departments. Public Works is responsible for addre838mgMUs in total, 10 of which ar€ritical, 3 are

Important and20are Routine requests. Figure 8 illustsdtiee relative efficiencies of Public Works DMUs
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for each year based on the CCR model with priority input. The graph indicates efficient and inefficient
categories for each priority level as the scores vary from zero to one. The efficiency patternyis highl

consistent over the years, meaning the relative efficiencies of Public Works DMUs do not change
remarkably based on the simple relative efficiency model. Yet a few categories experienced a slight

decrease or increase in their efficiency scores overdhesy

1.2
1
0.8
0.6
0.4
0.2 /
50 s - o | = R
- ) & © ¢ © S c 3
c c o [CE=) 7} = o @ c 7
0 g o2 285 325 S £33 %2cz30oacolos2oe §so
E.E'E%&%gamg:‘;,_ocEﬂdgeEj%EgmmgiﬁoigTs
Q=T O R] c =2 0 3 = X 3 2 2 = IS c o B S 5 = c
» 3 o 2 5 40 2 ¢ O @ = © = S 0 o S T & ¥ o £ a8 T 3 B
E = £ £ T < & @ o n [ E o = a I = = =
5 s 3 O c ©®@ = © A O > o n o o £ 2 £ o« 73] 2 B O
O S c = X < S o O 2 = 9 9o £ £ £ A = O 3
ELZ 9255883 255%32588hRh0%L83 T8 2055382
£ TRt G S ® c = 19} S ®© ©
o 2 o ¢ £ 2 L @3 N T B 5 &0 & L& EF Y N £ s T L T o X 2 8 «
¥ ¢ 5 £ 8@ © A @ 9 & £ 2 9o g @O T A 3 S Hh © B 2 2 £ 2 5§ =
8 = 2 > T «© o g < o £ g 2 2 =
2 8§50 % 25 8wmd J2¢8 f¢ = Lh 23 Ltoegcon g
O 2 L& L7 = T E = = Q. T X B4
¢ O 523 & 3 £ 48 £ 2 e 5§ 5 e 8 © 5 2 T I g 532 £
£ g = ® £ A D o O N S E @ £ o0 2 T o 2 =
§ g§sggfpe: gFgebgri SEP sS85 g £
I © AN T E A L o 9 T X g = o0
A o 2 £ E o NoD = Ay 7 2o o 2 X g R
=% O E £ 5 ©w 2 ¢ » 5 5 B = L o v - ® L S »u T
 ® © =2} = = C
2 5 25 3 5 g S 5o g £ ¢ 28 § T 2 © &
& 2 5 3 8 I g 26 s = : £ 2 xc F 2 5 2
o > 2 £ 8 ©- & S & E g T T 8 O 5
O £ 5 © o € T g ©® 5 £ © » 5 - ®
T o 9 x «© %mrn =2 9 c = c
S o © » s n {p o "
S = T o o 2 D2 D 5 0 o
g ] S 5 0 2 2 g s 2
3 o 28 £ £ & 3 5
o n 0 T T © 0 0
o 8 & =
T o 2
(7]
Routine Important Critical
em@um )()]7 ==g==2018 2019 2020 e=@==2021

Figure 8. Yearly CCR efficiencies of Public Works categories

Next, we calculate the crosdficiencies of Public Works DMUs under CCR with priority input
following the arbitrary method proposed by Doyle and Green (1994). For the comparativesamadysi
consider the following time windows with the same size: (1) the@parnelemic period covering the requests
in 20182019, and (2) the duringandemic period involving the requests in 2@B21. The cross
efficiency scores of each DMU are calculatedelolasn the optimal weights of all other DMUs referred to
as Npeer s-efficiendyhmatricesrfay prdisaster and durindisaster are illustrated in Figure 9,
where green indicates the highest efficiency in the color scale, and red stands for gtesf@iency

score. In the efficiency matrix, the x and y axis represent the DMUs of the Public Works department, and
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the Critical, ImportantandRoutineDMUs are also indicated in the figure. Based on the optimal weights
obtained from the simple efficiep model (4), each matrix celfiQindicateshe crossefficiency score of

00 "wiven the optimal parameter weights®@ "Y The columawise average represents the averaged
peer appraisal @ 0 “Yandshows an efficiency approximation. The averaged peer appraisal score indicates
the robustness of the efficiency score of a DMU under appraisal by its peers since it is the average of all
crossefficiency scores calculated based on the optimal input apaditoweights of all DMUs. The scores

in the matrix diagonal are the simple relative efficiency scores that are initially found by the CCR model
(4), indicating the selappraisal efficiency score @0 Y

The crossefficiency analysis allows examininige efficiency range for each DMU relative to the other
DMUs, indicating the upper and lower bounds of the efficiency score a DMU can obtain given the
parameters of other DMUs. The averaged peer appraisal score is helpful to understand, on average, how
efficient a DMU would still be if an operational performance policy is determined based on the performance
of peer DMUs.

Furthermore, crossfficiency analysis is helpful in problem settings where not all DMUs compete with
each other to become the most effiti but they cooperate within the systemimprove overall service
efficiency. In our public service system context, with multiple DMUs having different criticality |ewels
beingserved by various departments, we can argue that the DMUs under thdegzartenent compete
with each other for the same resources. Similarly, the DMUs with the same priority level compete for
similar service performance levels. On the other hand, the DMUs under different priority levels or different
departments do not competgh each otherStill, a DMU's efficiency depends on the others' scores since
they share the overall service capacitye crossefficiency analysis enables analyzing efficiency levels for

each DMU relative to the DMUs with competitive or cooperativati@hships.
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Figure 9. Crossefficiencies of Public Works DMUs under CCR based on Doyle and Green (1994)
arbitrary formulation: (a) pre -pandemic (20182019) vs. (b) duringpandemic (20262021)

The crossefficiency matrices in Figure 9 indicate that thessefficiency scores do not change much
when a peer DMU6s opti mal weights are used in the
columns in the matrices where the colors do not vary a'les. means the efficiency measure is robust
given diffelent weights for efficiency calculatio@omparing the differences in pdésaster (a) and during
disaster (b) matrices, we can say that the efficiency of €iitieal DMUs decreased during the disaster,
and the efficiencies dinportantDMUs increased.

We further present the comparative analysis results foiparelemic and duringandemic periods,
summarized in Table 8. The table indicates the average peer appraisal scores for each DMU for two time
periods, and the last column presents the change imeeffic score compared to the flisaster period.
Assuming that the prdisaster efficiency is the target efficiency level that a system aims to maintain, a
negative value indicates a decrease in efficiency level, i.e., negative deviation from the tiargetef
level, and visa versa. According to the analysis, the highest negative im3dcd% experienced by DMU
#9. In contrast, the highest positive impact of +25.0% is experienced by DMU #1Critibal DMUs
experienced an average of 6.3% decraatweir efficiencies, whilémportantDMUs experienced a 17.8%
increase, anRoutineDMUs had a 2.5% increase. Thus, the performance for the Critical services worsened

while the relative performance for the others improved.
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Additionally, we look at thetandard deviations of peer appraisal scores before and during the disaster.
The results indicate that the standard deviations duisester period are less fGritical andImportant
than they were in the pidisaster periodin contrastthe standard deviations f&outineare increased
during the disaster. The findings indicate that although the perfornahtice Critical services worsened
compared to prelisaster, its crossfficiency range decreasédn the other hand, the cresfficiency range
increased despite the improved service efficiency for the Routine ellisagter period.

We recall that a single department addresses these categories. Considering the indicateaduetgency |
the diverse impact of a disaster on service efficiencies signals powari@timalutilization of service
capacity across the DMUs and priority levels. Service agencies may consider minimizing the total negative
deviation or minimizing the maximon deviationfrom the predisaster service performance for more
equitable service across service categories with different criticality levels. The proposed approach allows
service providers to monitor resulting relative service performance given theingsedpaservice requests.
Building on the identification of changes in service efficiency during disasters and across service categories,
there is an opportunity to look at how the system can minimize those differences. Additionally, conducting
such a compative analysis on the change in relative efficiencies due to the disaster event prepares system
managers by providing them with an indication of how the system will need to reallocate resources in the
next disaster.

Table 8. Averaged appraisal bypeers of Public Works DMUs under CCR: prepandemic (20182019) vs.
during-pandemic (20262021)

Pre-disaster During -disaster
DMU Priority Peer appraisal (std dev) Peer appraisal (std dev) M I I
1 Critical 0.19 (0.07) 0.13 (0.04) -0.06
2 Critical 0.11 (0.05) 0.11 (0.04) 0.00
3 Critical 0.18 (0.07) 0.16 (0.05) -0.02
4 Critical 0.60 (0.21) 0.47 (0.13) -0.12
5 Critical 0.14 (0.05) 0.13 (0.04) -0.02
6 Critical 0.28 (0.08) 0.40 (0.09) 0.12
7 Critical 0.25 (0.08) 0.28 (0.07) 0.03
8 Critical 0.85 (0.24) 0.68 (0.23) -0.17
9 Critical 0.80(0.22) 0.49 (0.15) -0.31
10 Critical 0.49 (0.19) 0.42 (0.13) -0.07
11 Important 0.61 (0.33) 0.86 (0.D) 0.25
12 Important 0.24 (0.09) 0.40(0.12) 0.16
13 Important 0.34 (0.D) 0.46 (0.16) 0.12
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14 Routine 0.08 (0.04) 0.08 (0.03) 0.01

15 Routine 0.34 (0.11) 0.37 (0.14) 0.04
16 Routine 0.28 (0.09) 0.34 (0.D) 0.06
17 Routine 0.11 (0.05) 0.19 (0.06) 0.08
18 Routine 0.09 (0.03) 0.13 (0.04) 0.04
19 Routine 0.24 (0.05) 0.31 (0.07) 0.07
20 Routine 0.20(0.07) 0.33 (0.11) 0.12
21 Routine 0.17 (0.06) 0.19 (0.06) 0.02
22 Routine 0.08 (0.03) 0.09 (0.03) 0.01
23 Routine 0.09 (0.03) 0.12 (0.04) 0.02
24 Routine 0.16 (0.07) 0.26 (0.08) 0.10
25 Routine 0.25 (0.12) 0.24 (0.15) 0.00
26 Routine 0.59 (0.18) 0.31 (0.07) -0.28
27 Routine 0.73 (0.21) 0.83 (0.27) 0.09
28 Routine 0.04 (0.02) 0.10 (0.04) 0.06
29 Routine 0.10 (0.04) 0.06 (0.02) -0.04
30 Routine 0.13 (0.05) 0.06 (0.02) -0.07
31 Routine 0.09 (0.04) 0.09 (0.03) 0.01
32 Routine 0.23 (0.07) 0.32 (0.08) 0.08
33 Routine 0.15 (0.05) 0.22 (0.07) 0.07

We secondly present the cresf§iciencies of all 91 DMUs. The graphical representation of the results
is provided in Figure 10. The color distributions in the two matrices indicate that theetiiogscies
during the pandemic are lower than before, which can be easily recogniedipg at the increasagd
cells in the matrix (b). Remember that the values of a single column of a matrix indicate treffmiessy
scores when another DMUG6Gs o pt iwiseaaverageedpmgpderntssthe paere u s e
appraisal scoréor a DMU. When we pay attention to the priority levels indicated on the matrices, we can
see that the efficiency of each priority level decreased during the pandemic. This is more apPaitieat in

andRoutinecategories.
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Figure 10. Crossefficiencies of all DMUs under CCR based on Doyle and Green (1994) arbitrary
formulation: (a) pre-pandemic (20182019) vs (b) duringpandemic (20262021)

The comparative analysis results for-pendemic and duringandemic periods are summarized in
Table 9, whichhas the same structure as Table 8. First, the average peer appraisal scores for each DMU
provided for compared time frames, and the last column indicates the change in efficiency score compared
to the predisaster period. The analysis shows that the DM{j®igenced an average 8.0% decrease in
service efficiency during the pandemic. Specifically, the Critical DMUs experienced a tlé@#ase
Important DMUs experienced a 1.83écreaseand Routine DMUs had a 7.6% decrease in their average
efficiency. The Ighest negative impact wa42.0% experienced byGritical DMU #9, while the highest
positive deviation was of +24.0% experienced bynaportantDMU #24.

The deviation from the efficiency scores in the-gigaster period indicates that although thdesys
was able to decrease the total time spent responding to the requests during the pandemic period, the capacity
allocation across individual DMUs resulted in a decrease in overall service efficiency. 76 out of 91 DMUs
were negatively impacted durirdisaster period in terms of service efficiency, with negative deviations
varying from-0.01 to-0.42.

The comparison of the standard deviations of peer appraisal scores before and during the disaster
indicates that the standard deviatiomghe during-disaser period are less fdCritical and Routing and
slightly more forimportantthan they were in the pisaster period. The findings indicate that although

average service efficiency worsened during the pandemic,-effidency ranges of DMUs decreased,
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indicating that a score of a DMU does not vary very much when the other DMUs model parameters are
used.

Our analysis indicates that the service categories, addressed by multiple departments under a coordinated
system, can be differentially impacted by saditer. It is essential to recognize each system com@®nent
different characteristicsand requiremenissuch as their demand volumes, responsible agencies, and
priorities,to maintain efficient and equitable service performance across service comp®hergsrvice
providers can benefit from the analysis results and discover ways of minimizing the negative deviation from
pre-disaster efficiencies by exploring opportunities to reallocate system capacities or adjust prioritization

strategies.

Table 9. Averaged appraisal by peers of all DMUs under CCR: prepandemic (20182019) vs. during
pandemic (20262021)

Pre-disaster During -disaster
DMU Priority Peer appraisal (std dev) Peer appraisal (stddev) Yl
1 Critical 0.15 (0.08) 0.23 (0.25) 0.07
2 Critical 0.46 (0.17) 0.24 (0.07) -0.21
3 Critical 0.32 (0.14) 0.21 (0.15) -0.11
4 Critical 0.62 (0.2) 0.46 (0.11) -0.17
5 Critical 0.83 (0.26) 0.84 (0.22) 0.01
6 Critical 0.15 (0.08) 0.04 (0.02) -0.11
7 Critical 0.09 (0.05) 0.04 (0.03) -0.05
8 Critical 0.14 (0.08) 0.05 (0.03) -0.09
9 Critical 0.46 (0.25) 0.14 (0.06) -0.32
10 Critical 0.11 (0.06) 0.04 (0.02) -0.07
11 Critical 0.22 (0.11) 0.13 (0.1) -0.09
12 Critical 0.2 (0.1) 0.08 (0.04) -0.12
13 Critical 0.78 (0.31) 0.5 (0.35) -0.27
14 Critical 0.62 (0.32) 0.2 (0.2) -0.42
15 Critical 0.4 (0.2) 0.14 (0.07) -0.26
16 Important 0.34 (0.14) 0.24 (0.07) -0.10
17 Important 0.37 (0.12) 0.31 (0.33) -0.06
18 Important 0.25 (0.12) 0.12 (0.04) -0.13
19 Important 0.12 (0.06) 0.07 (0.04) -0.05
20 Important 0.49 (0.17) 0.48 (0.13) -0.01
21 Important 0.59 (0.21) 0.52 (0.14) -0.07
22 Important 0.58 (0.19) 0.67 (0.21) 0.08
23 Important 0.5(0.2) 0.71 (0.22) 0.20
24 Important 0.35 (0.33) 0.55 (0.46) 0.21
25 Important 0.47 (0.32) 0.31(0.24) -0.16
26 Important 0.19 (0.1) 0.12 (0.05) -0.07
27 Important 0.27 (0.13) 0.2(0.2) -0.07
28 Routine 0.28 (0.09) 0.21 (0.12) -0.06
29 Routine 0.38 (0.13) 0.38 (0.1) -0.01
30 Routine 0.22 (0.1) 0.3(0.2) 0.08
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31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83

Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine
Routine

0.33 (0.11)
0.42 (0.16)
0.32 (0.12)
0.43 (0.16)

0.5(0.17)
0.09 (0.05)
0.15 (0.05)
0.08 (0.05)
0.23 (0.11)
0.34 (0.12)
0.22 (0.16)
0.43 (0.24)
0.52 (0.31)
0.39 (0.32)
0.16 (0.15)

0.39 (0.3)
0.12 (0.07)
0.05 (0.03)
0.07 (0.04)

0.16 (0.1)
0.05 (0.04)
0.07 (0.04)
0.28 (0.16)
0.36 (0.22)
0.31 (0.18)
0.44 (0.29)
0.05 (0.03)
0.14 (0.09)

0.28 (0.2)
0.14 (0.09)
0.05 (0.03)
0.26 (0.15)
0.13 (0.08)
0.04 (0.02)

0.6 (0.33)
0.28 (0.16)
0.29 (0.13)
0.22 (0.11)
0.09 (0.05)
0.07 (0.04)
0.19 (0.09)
0.17 (0.08)
0.13 (0.07)
0.06 (0.03)
0.08 (0.04)
0.13 (0.07)
0.26 (0.18)
0.45 (0.23)
0.65 (0.26)
0.03 (0.02)
0.08 (0.04)
0.11 (0.05)
0.07 (0.04)
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0.23(0.13)
0.43 (0.16)
0.24 (0.08)
0.38 (0.11)
0.47 (0.12)
0.22 (0.28)
0.07(0.08)
0.27 (0.33)
0.37 (0.31)

0.37 (0.1)
0.14 (0.22)
0.27 (0.25)
0.22(0.21)

0.26 (0.3)
0.23 (0.33)
0.22 (0.24)
0.05 (0.03)
0.07 (0.05)
0.03(0.02)

0.1(0.11)
0.02 (0.02)
0.03 (0.01)
0.11 (0.09)
0.17 (0.17)
0.18(0.18)
0.32 (0.32)
0.03 (0.02)
0.06 (0.03)
0.23 (0.28)
0.07 (0.03)
0.05(0.03)
0.11 (0.07)
0.04 (0.03)
0.04 (0.03)
0.38 (0.36)
0.17 (0.16)
0.17(0.11)

0.1 (0.04)
0.08 (0.05)
0.05 (0.03)
0.11 (0.09)
0.14 (0.08)
0.06(0.03)
0.03 (0.02)
0.04 (0.02)
0.08 (0.03)
0.31 (0.26)
0.11 (0.09)

0.4(0.26)
0.06 (0.05)
0.02 (0.01)
0.03 (0.02)
0.04 (0.04)

-0.10

0.01
-0.08
-0.05
-0.04

0.14
-0.08

0.19

0.14

0.03
-0.08
-0.15
-0.31
-0.14

0.07
-0.18
-0.07

0.01
-0.03
-0.05
-0.03
-0.04
-0.17
-0.19
-0.13
-0.12
-0.03
-0.07
-0.05
-0.08
-0.01
-0.15
-0.09
-0.01
-0.22
-0.11
-0.12
-0.11
-0.01
-0.03
-0.08
-0.02
-0.07
-0.03
-0.03
-0.05

0.05
-0.33
-0.25

0.02
-0.06
-0.08
-0.03



84 Routine 0.18 (0.09) 0.1 (0.05) -0.08

85 Routine 0.13 (0.06) 0.09(0.05) -0.04
86 Routine 0.34 (0.22) 0.12 (0.11) -0.22
87 Routine 0.3(0.2) 0.09 (0.08) -0.21
88 Routine 0.4 (0.29) 0.11 (0.09) -0.29
89 Routine 0.25 (0.18) 0.08 (0.07) -0.17
90 Routine 0.17 (0.11) 0.09 (0.07) -0.08
91 Routine 0.34 (0.22) 0.1(0.1) -0.24

4.6. Managerial and Practical Implications

This section aims to provide several insights and conclusions based on our analyses and observations
on the OCFL311 systembs performance over five yeal
we found notable and hope will be helpful for readmmnd public service system managers.

The OCFL311 is a coordinated service system that is responsible for addressing multiple categories of
services with the coordination and coll aboration
Althoughthe departments hatkeir own capacities, and their responsibilities vary under the umbrella of
the311 noremergency service system, the performance of a department affects the relative efficiencies of
categories under its responsibility as well asdffieiency of other departments. The 311 system keeps the
unanswered requests as fAincomplete, d which wait i
reports updates about the request, if there are any. Thus, incomplete requests continsente the
systents total capacity and remain unresolved. Keeping these in mind, this study assumes that the system's
overall service capacity is the total amount of time allocated teentargency requests, approximated as
the total response time for tieensidered period of time. Accordingly, the study highlights that efficient
service performance is possible by allocating service capacity efficiently to service categories.

Secondly, this paper shows that public service systems may experience a stgrtificeye in service
request volumes during disasters, which also validates the findings of a few prior studies (Pamukcu &
Zobel, 2021; Pamukcu et al., 2021). Such disruptions may significantly increase some needs and
substantially decrease others. Giverlsunexpected changes in thaily number of requestservice

providers need to be aware of how response performance for each request consumes the limited and shared
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service capacity, affecting the relative efficiencies of othel@nagers can benefit fmo the proposed
approach foidentifying changes in service efficiency during disasters and across service catdgwies.
analysk of the change due to the disaster event prepares system managers by providing them with an
indication of how the system canmmize those differences and hatwill need to reallocate resources

in the next disaster.

Additionally, the study reveals that assigning priority levels to categories helps guide service providers
about which service categories should have a fasteomespghan others. Our analysis indicates that the
service speed is based on urgency le&isical requests receive the quickest average response in the pre
disaster period, and thoutineaccepts the slowest. However, in 2020 and 2021, the order of urgency and
speed of response did not match sisoee of theCritical requests received slower respansiean
Importantcategoriesiuring the COVID19 pandemiclts potential explanations arésdussed previously
in Section 4.5.1This example shows that the giisaster prioritization strategies may not work properly
during disasters as the request behavior significantly changes. So, managers need to keep an eye on how
response behavior to diffent priority levels changes, especially during disasters. Tracking request patterns
and response speed may help better understand if a system needs a change in strategies or operations. These
changes could be increasing capacities or adjusting the tprieritization strategy to maintain service
performance and more efficient use of limited resources.

Furthermore, the proposed model accounts for cate@quigxities and relative service speéd
efficiency measuremenianagers can benefit from theodel to explore experimental questions such as
what would be the relative efficiencies if tiitical requests receive two times faster response than
Important requests on average? Or, what would be the ideal relative speed ratios of priority lewels if th
system aims to increase the relative efficiency of a certain urgency legm#imenting with this can help
decision makers decide if they need to invest in expanding their service capacity or if reallocating the
available resources would improve effioties of specific categories, for example, the ones with higher

urgency.
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Besides the option of investing in more resources (e.g., increasing working hours or increasing the
number of personnel), managers can consider ways of reducing the numberiofsgalsfic categories.

For example, the OCFL311 introduced new service categories for the requests directly related to the
ongoing pandemic such &0OVID-19 rental assistance/accine Outreachor Testingunder the Public

Safety main category withRoutheurgency level. This is a good example of how service or information
requests can be handled effectively by proper categorization and prioritization, even if they cannot be
avoided.

Moreover comparing efficiency scores before and during a disastepatso nt s out that a s
efficiency may decrease even if the system providers manage to reduce average response times. Response
performance to service categories depends on multiple dimensions, including the department addressing
the issue, the uemcy of the request type, its relative demand volume over all regoeste relative
demand volume over the requests received by its department

Despite partnering with various municipal departments in response to teemsogency service needs
of citizens, managerial challenges exist in improving or maintaining service efficiency across departments.
For example, in the OCFL311 system, the individual agencies unite under the 311 services, and their
coordination depends on business agreements. Theeeatiegories and their urgencies are determined
by the 311 management and the agency together. Such regulations might prevent taking immediate actions
to handle changing operational needs of these systems. The managers should be aware of the challenges in
coordinating systemss u c h as needing mul t i pdfoee implemesting anyenci e
decisions. In our context, we can consider changing/adding categories, reassigning pricaitmsatorg
resources as managerial decisions that may hgpire service efficiency and equity. And the decisions
on these need to be approved by both the 311 system and the correspondingCagéimeyother hand,
resource distribution within individual agencies is relatively easdenpared tcacross agencies.hus,
agenciesnight allocate their resources more efficiently across service categories and consider equity while

maintaining the same level of efficiency during disasters.
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4.7. Conclusiors

This study reveals how significant changes in service demand due to a disaster may affect the operational
efficiency of a public service systeihpoints out that disasters may disproportionately affect the need for
different services; therefore, the eféincies of service categories may change during a disastdiocus
on the Orange County, Florida 311 system, which collects themangency service requests of citizens
via multiple intake channels, and directs them to responsible departments edfallyc#riaging and
processing each request. We propose a model to measure and compare the relative efficiencies of service
categories over time, which depends on the performance of the 311 service center and all collaborating
departments. We propose faupdel variants and discuss the advantages of one over others in the analysis
section.

In this study, we used the service data provided by Orange County Florida 311 System managers, who
also helped us understand their system's functioning. However, dbspdignificant amount of detailed
data and a decent wunderstanding of the systemsdé o
study still has limitations on data availability and the scope of the current study. First, this paper assumes
that service capacity is the total time spent resolving all service requests, and we defined yearly overall and
departmental capacities accordingly. Introducing daily service capacity and corresponding response times
would improve the efficiency scores. Yibie approximation by capacity used to respond to all requests
enabled us to develop a measure that only requires the actualized service data. We want to note that we
obtained daily staffing levels for a limited period of time in 2020. Unfortunately,dteevdas insufficient
to perform analysis for five years, and the available data was not representative of thdibastee period.

We hope to have access to capacity information for a more extended period to improve efficiency
measurement in the future.

Additionally, this study focuses on a single system but examines multiple departments which collaborate
in responding to neemergencyequests, and the efficiency measurement is the same for all departments.

So, the approach is applicable to individual departments as well. Alternatively, this approach can be applied

179



to other 311 systems that operate in the US and Canada, many of wdide gublic access to their
historical service data. Furthermore, the presented approach can be extended to agencies that address
emergency and neamergency issues, such as Police Department, Health Services, or Fire Rescue.
Considering the various urgey levels that those departments are dealing with, efficiency in service
performance would be an important issue, especially during disasters.

Several future research directions are considered to extend the presented research effort and lead to
additional research questions. First, this paper focuses on the service type of requests that require
considerable effort to address the issue. On the other hand, a significant portion of the requests is for
information that can be resolved quickly. The analysiafofmation types of requests can be interesting,
considering the operators use the same operational capacity to respond to both service and information
requests. Although the information requests are mostly label@®batine they receive a fast respens
thanks to their ease of resolution. So, there is an opportunity to look at how the demand for information
requests affects the response times of both information and service types of requests.

Another future extension caconsider minimizing the total gative deviation or minimizing the
maximum negative deviation from the mlisaster service performance for more equitable service across
service categories with different criticality levels. Building on the findings in this study, a goal
programming modetan be implemented for reallocating available capacities or resources to improve
service efficiencyAlthough the 311 system and service departments have their own capacities, they have
a common goal: resolving n@mergency issues requested via the 351lem. In order to illustrate how
the total efficiency would be maximized during a disaster, a future study may compare results in alternative
scenarios where the capacity is fully shared, partially shared, or not shared by the departments.

Another futuredirection can be looking at a more extended disaster period to observe the changes in
efficiency patterns as the system recovers from the disaster impact and adjusts its capacity over time. Last
but not least, a future study may look at different or mepeasentative measures of efficiency to improve

the performance measurement in public service operations.
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