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Abstract 

Disasters impact different communities differently due to pre-existing vulnerabilities and 

inequalities, which diversify amounts and types of public service needs. Understanding the varying 

needs of communities that rely on government services helps decision-makers allocate limited 

resources properly during crises to maintain effective, efficient, and equitable service provision 

across the region. This 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 slow-onset disasters. 

The first study focuses on the volatility in the service needs of citizens from a public system 

during a long-term disaster. The study proposes a time series approach for predicting demand 

volatility patterns to manage service productivity. This chapter explores the longitudinal impacts 

of long-term 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 discusses 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 discussions in the first study and discusses static and dynamic 

risk factors of slow-onset disasters to reveal how these factors diversify the service needs of 

communities and impact the corresponding service response performance 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 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 technology-based public system that experiences significant changes 

in service demand during disasters. The study presents a mathematical model quantifying the 

relative service efficiencies associated with service requests from an input-output-based standpoint 

to uncover the inefficiencies in response performance to different service categories. The paper 

discusses the opportunities for managing service efficiency and equity within and between service 

departments by rearranging available capacities and prioritization strategies during emergencies.  

  



 

 

 

Supporting the operational performance management of public service systems 

during slow-onset disasters 
 

Duygu Pamukcu 

General Audience Abstract 

Disasters impact different communities differently due to pre-existing vulnerabilities and 

inequalities, which diversify amounts and types of public service needs. Understanding the varying 

needs of communities that rely on government services helps decision-makers allocate limited 

resources properly during crises to maintain effective, efficient, and equitable service provision 

across the region. The three independent studies of the dissertation commonly investigate how 

service operations can be successfully managed to maintain the operational performance goals of 

public organizations during slow-onset disasters (e.g., climate change, drought, pandemic). 

The first study focuses on the variability in the service needs of citizens from a public system 

during a long-term 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 resource management. The study further discusses the different 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 

discusses disaster risk factors of slow-onset 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 capacity adjustments 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. The 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 equity within and between 

service departments. 
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Chapter 1: Introduction  

Apart from 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 the regular 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 locally or globally. The 

September 11th  terrorist attacks in 2001, Hurricane Katrina in 2005, and the Haiti 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 efficient management of operations. (Boyne et al., 2006; OôBrien, 2018; Pamukcu 

& Zobel, 2021).  

In addition to devastating sudden-onset disaster events such as floods and earthquakes, slow-onset crises 

such as the ongoing global COVID-19 pandemic or climate change point out the further need for long-term 

planning and management strategies to cope with the dynamically changing risks and impacts of such 

longitudinal disasters (Cole et al., 2021; Yamori & Goltz, 2021). Accordingly, this dissertation focuses on 

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

1.1. Goals of the Dissertation 

This dissertation builds upon how information and communication technology-based public service 

systems are affected by and respond to long-term slow-onset crises while trying to maintain critical services 

to citizens and support disaster management practices of government agencies. We refer to the term ñpublic 

serviceò for regular, everyday services provided to citizens directly through a public sector body: a federal, 

state, or local government. Throughout the dissertation chapters, we 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 

performance criteria, such as efficiency, productivity, and equity in service provision.  
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The first study aims to predict irregular variance in daily service request volumes during a slow-onset 

disaster to manage service productivity, which leads to the following overarching research questions: 

RQ1: How does a slow-onset disaster affect a public service system's daily service demand volatility? 

Does the demand volatility behavior change across different service categories and across communities 

with diverse vulnerability backgrounds? 

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

experiencing varying types and volumes of service requests from citizens during long-term disasters. The 

study poses the following overarching research questions: 

RQ2: How do the dynamic disaster risk factors (i.e., daily disruption likelihood and exposure) impact 

public service performance over time? Does service demand volume mediate the impact of a long-term 

disaster on service response time? 

The third study builds upon the knowledge from the first two papers and focuses on how long-term 

disasters may affect the service demand of community members and the corresponding response 

performance of the service providers. The paper focuses on efficiency and equity in service provision, and 

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 relative efficiencies 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 three independent chapters that commonly investigate the 

performance management of a service system during a long-term disaster. The dissertation chapters are 

presented in the paper manuscript format, including their unique motivations, research methodologies, 

analysis results, discussions, and conclusions, except the dissertation's final chapter, which summarizes the 

overarching research findings and contributions and concludes the dissertation. 
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The first study, ñManaging the productivity of a municipal service system during a pandemic,ò focuses 

on the volatility in the service needs of citizens from a public system during a long-term disaster. The 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, Even Flow (TSEF): the variability in service 

demand. This chapter explores the longitudinal impacts of long-term 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 discusses 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, ñUncovering challenges in maintaining the operational performance of public service 

systems during long-term disasters,ò builds upon the discussions in the previous study, where we discover 

citizens seek municipal services in varying types and volumes during long-term disasters. The paper 

discusses static and dynamic risk factors of slow-onset disasters to reveal how these risk factors diversify 

the service needs of communities and impact the corresponding service response performance 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 performance, considering service response time 

as the performance indicator. 

The third study, ñManaging Efficiency and Equity in the Operational Performance of Public Service 

Systems During a Disaster,ò focuses on efficient and equitable capacity management and prioritization 

strategies of an information technology-based public system that experiences significant changes in service 

demand during disasters. The study presents a mathematical model quantifying the relative service 

efficiencies associated with service requests from an input-output-based standpoint to uncover the 

inefficiencies in response performance to different service categories. The paper discusses the opportunities 

for managing service efficiency and equity within and between service departments by rearranging 

available capacities and prioritization strategies during emergencies.  



 

4 

 

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 patterns and 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. The study further applies a 

time series forecasting method, a Seasonal Autoregressive Moving Average with Exogenous Variables 

(SARIMAX) model, to predict daily response times to service requests. 

The third paper proposes a Data Envelopment Analysis (DEA) model, a nonparametric mathematical 

modeling method, to quantify the relative efficiencies of service categories of a public service system from 

an input-output standpoint.  

1.4. Scope and Limitations 

The empirical studies in this dissertation mainly focus on two well-established 311 non-emergency 

service systems: New York City 311 (NYC311) and Orange County Florida 311 (OCFL311) systems. 

Although both systems have proven their success in emergency preparedness 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 operations. They provide a significant amount of data indicating many details 

about every single request. The extensive analyses of these systemsô well-documented service reports 

throughout the dissertation chapters reveal many exciting and important findings, which help point out 

potential challenges a system might experience during disasters and how managers can benefit from 

presented outcomes and methods. 

Despite the large quantity of detailed data and a decent understanding of the systemsô operations and 

relations with their business partners, the presented papers have some limitations on data availability on the 

system side. For example, we lack perfect information about specific actions the systems have taken to deal 

with the impacts of the pandemic. Still, the public records on service requests, available performance 
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reports, and meetings made with the Orange County Florida 311 system managers allow for discovering 

potential adjustments that help a system to perform effective practices. Furthermore, we made some 

assumptions and approximations to complete the bigger picture of the operations. For example, the third 

paper presents an approximation for the total service capacity due to the lack of more granular data on daily 

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

demonstrate how 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 dissertation papers, we discuss the limitations of each 

study in more detail and mention how they point to many exciting future research opportunities.  

1.5. Contributions of the Research 

The dissertation papers provide several contributions to research and practice.  

¶ The first paper is the first to present a time series method that successfully forecasts unstable demand 

volatility.  

¶ The first paper contributes to the literature by examining the 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 literature by framing disaster risk in terms of dynamic and static 

risk features in a slow-onset disaster context. 

¶ The second paper emphasizes the need for a careful examination of social vulnerabilities in a public 

sector operations context to maintain efficient and equitable service provision during disasters since 

pre-existing vulnerabilities elevate 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 technology-based public service system that needs to persist during a disaster regarding 

the requests received from citizens. 
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¶ The third paper highlights that efficient service performance is possible by allocating service 

capacity efficiently and properly assigning urgency levels to service categories. 

¶ The third paper emphasizes the potential for increased service efficiency inequity within and across 

municipal departments. 
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Chapter 2:  Managing the productivity of a municipal service 

system during a pandemic 
 

Abstract 

Slow-onset disasters are long-term and low-intensity 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 the needs of citizens and government capabilities. We present 

a tool for predicting irregular variance in daily service needs during a slow-onset disaster to manage service 

productivity by focusing on one essential aspect of the Theory of Swift, Even Flow: managing 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 demand due to a slow-onset 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 are directly affected by the ongoing 

disaster by comparison to the pre-disaster period. Then an econometric time series analysis is performed 

separately for these groups. The study further discusses the possibility of differential impacts of such 

disasters 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. As a case study, we 

examine the volatility in daily 311 non-emergency service requests and discuss the impact of the COVID-

19 pandemic, a recent slow-onset disaster, on the volatility of this system. We then discuss the value of 

predicting future volatility on the productivity of a public service system.  

Keywords: Productivity, Theory of Swift Even Flow, 311, Public Service System, Time Series, GARCH 
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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 to provide necessary services to their citizens. Historically, the 

vast majority of disaster research and theory spin around sudden-onset disasters, e.g., earthquakes, 

hurricanes, and tsunamis, especially on the most significant and destructive historical events (Staupe-

Delgado, 2019). The devastating crisis events of last decades, such as the major terrorist attacks 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 high-level service performance and urge public organizations to be more 

resilient to such disruptive disasters (Boyne et al., 2006). Such historical events build knowledge on 

potential future impacts, helping local governments better prepare their services for future catastrophes. 

Disaster events that are long-term and low intensity with gradual or variable effects, such as droughts, 

famines, and pandemics, are referred to as slow-onset 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, slow-onset disasters often receive less attention from researchers. However, recent 

literature has highlighted that slow-onset disasters merit greater consideration since their exclusion may 

adversely impact the communities that are ultimately affected by them (Yamori & Goltz, 2021a). The 

COVID-19 pandemic and global climate change, two of the more significant recent slow-onset disasters, 

have proven the need for governments to develop ways of coping with their severe impacts on lives, 

livelihoods, and communities (Yamori & Goltz, 2021). 

Since disasters vary in many aspects, such as scope, duration, frequency, and speed, each crisis requires 

careful preparation and management to respond to and recover from its negative impacts. Effective planning 

and adaptation to slow-onset disasters is especially challenging in urban areas due to complex governance 

challenges, limited capabilities, social, political, or financial instabilities, as well as uncertainties due to the 

disaster itself (Cole et al., 2021). Furthermore, failure in learning, repeated mistakes, and insufficient 
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mitigation and preparation may result in inadequate and delayed strategic and operational response to such 

extended disasters, resulting in acute and irreversible consequences (Van Wassenhove, 2006).  

In this study, we aim to predict the longitudinal and dynamic impacts of a slow-onset disaster on a public 

service system, in order to support more effective 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 effects on productivity (Schmenner & Swink, 1998; 

Schmenner, 2001, 2004). To mitigate productivity in response to a slow-onset disaster, we focus on one 

essential aspect of the Theory of Swift, Even Flow (TSEF): managing variability in demand. Timely and 

accurately predicting deviations from the expected service demand is vital for utilizing limited resources 

and maintaining efficient and effective service provision. A positive or negative deviation from expected 

service demand may result in underutilization or overutilization of resources, decreasing system 

productivity. Thus, we aim to predict the daily demand volatility of a public service system before and 

during a slow-onset disaster in order to support taking action to mitigate impacts on the systemôs resource 

management. 

While the types and volumes of service needs may vary across time and communities, such public 

service systems may also experience changes in different 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 at all (Pamukcu & Zobel, 2021). The diverse impact of crises on different service types 

highlights the multidimensionality in reactions of such systems to crisis events. Accordingly, simply 

evaluating the total service demand may not provide sufficient or comprehensive insights into how a long-

term disaster may affect demand volatility.  

Considering diverse reactions to different service needs during disasters, we first group 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 after the initiation of the disaster and if the service types are directly related to the ongoing 

crisis. Based upon this grouping, we pose our first research question as follows:  

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

due to a slow-onset disaster? During such a disaster, are there any differences in the daily volatility of 

different service groups? 

We then extend our analysis into the volatility of service requests received from different locations to 

observe if the areas with diverse socioeconomic characteristics may react to disasters differently. Such 

disparities in service requests may result in discrepancies in the service needs of different areas. This leads 

to the second research question: 

RQ2: Does a slow-onset disaster differentially impact the service demand variability for each service 

request group in different municipal boroughs (socio-economically different communities)? 

To answer these questions, we focus on the New York City 311 (NYC311) non-emergency call system, 

as a representative public service system, and we use their publicly available service request data for our 

empirical analysis. We develop an econometric time series prediction model to measure the volatility in 

daily service demand (call volumes) during a slow-onset disaster, using the daily fluctuations in the number 

of 311 requests during the COVID-19 pandemic as a specific example of such a disaster. To predict daily 

demand variance, we propose the use of the Generalized Auto-Regressive Conditional Heteroscedasticity 

(GARCH) model, since the volatility is nonconstant and conditionally dependent on the volatility of 

previous days. Then, we compare the volatility in different boroughs of New York City to illustrate the 

differential effects of disasters in different locations, and to consider the corresponding efficient allocation 

of limited resources to reduce overall volatility in system 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 COVID-19 pandemic is a slow-onset disaster that is gradual in onset and global in scope. 

Considering its severity and extent, focusing on this particular disaster gives us a unique and rare 

opportunity to examine public service system reactions to a long-term slow-onset disruptive event. 
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Quantitative assessments of the significant effects of disruptions on deviations in daily service demand, and 

eventually on service productivity, provide government bodies with an effective means to enhance their 

public service system operational management. The approach that we present in this paper can be 

generalized to other slow-onset crises with gradual or variable impacts over time, such as extreme climatic 

events like heatwaves or winter storms due to climate change, which have started to occur more frequently 

worldwide (Curriero et al., 2002; Yang et al., 2019; Kianmehr & Pamukcu, 2022). It can also be applied to 

seasonal climatic sudden-onset events such as Atlantic hurricanes, which might or might not turn into severe 

disasters but periodically cause significant dynamic changes in weather conditions and require continuous 

monitoring and preparation.  

The disaster operations management literature rarely considers the longitudinal impact of long-term 

disasters. This study is unique in terms of presenting an econometric time series approach to account for 

variability in service demand over time due to a slow-onset 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 longitudinal 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 effective service 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 review the relevant literature, focusing on 311 call systems in Section 2.1, call center 

operations management in Section 2.2, and service system productivity from the TSEF perspective in 

Section 2.3, and we position our research accordingly. 
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2.2.1. 311 non-emergency call systems  

This study focuses on municipal 311 call systems as representative public sector service systems, 

operating in many metropolitan areas in the United States and Canada. The original 311 non-emergency 

service request system was built in Baltimore, Maryland, in 1997, as a single telephone hotline (Schwester 

et al., 2009), aiming to reduce overload in the 911 emergency call system by extensive numbers of non-

emergency requests. Since then, many independent 311 systems have been established to facilitate service 

and information exchange between citizens and local agencies. Today, the 311 service is considered a 

multimedia hub, municipal information source, and community engagement tool, which evolved from a 

simple call-center-based service over time (Samuel, 2019). Many 311 call systems successfully integrate 

new information communication technologies (ICTs) into their operations to improve service delivery and 

resiliency to disruptions. They generally provide multiple modes such as phone or internet-based access to 

government services, numerous language options, and additional alternative options for people with 

disabilities, in order to connect with 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 with agencies and citizens. 

The great potential of 311 systems in the accountability and responsiveness of local governments has 

been pointed out by researchers from various fields, such as organizational theory, public administration 

researchers, and urban affairs and planning (Schwester et al., 2009; Wu, 2020). Recent studies have started 

investigating the potential value of 311 service data to examine citizen service request behavior and 

municipal service performance during emergencies. For example, Zobel et al. (2018) use 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 multidimensional resilience of a community, 

based on the volume and timing of different service types related to severe weather events (Zobel et al., 

2017; Zobel & Baghersad, 2020). 

Existing research efforts also emphasize that 311 systems allow service providers to provide more 

effective and efficient disaster management (OôBrien, 2016; Pamukcu et al., 2021). The significant help of 
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the Orange County, Florida 311 system in collecting requests about post-disaster service needs during the 

2004 Atlantic hurricane season is a good example of how these systems can be useful in the Cityôs disaster 

management efforts. Since the noteworthy help of the 311 system in response and recovery operations in 

the area in 2004, the County government has been encouraging people to submit disaster-related issues to 

their local 311 system (Williams & Phelan, 2011; Kennedy, 2015).  

In another recent example, Pamukcu and Zobel (2021) demonstrated how 311 call data is able to reflect 

how public response to a pandemic crisis and the associated government actions may differ, emphasizing 

the potential for improving service provision effectiveness before, during, and after disasters. Pamukcu and 

Zobel (2021) and Pamukcu et al. (2021) reveal that 311 systems experienced remarkable service volume 

and frequency changes due to the pandemic crisis. Recognition of the substantial contribution of such 311 

systems in providing timely information to the public and effective response to requests has made 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 most service organizations, including private companies, governments, 

and emergency services, establish call centers that are highly 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 requested service relatively soon after 

the request is received. However, the service capacity cannot be inventoried, and there is only little 

opportunity to effectively queue requests before processing them. Furthermore, the significant variation in 

both arrivals of requests and service times brings uncertainty in operational decisions such as staffing and 

scheduling of these systems. Due to such operational challenges and uncertainties, call center operations 

have gained the interest of operations management researchers in several domains, including forecasting, 

scheduling, capacity planning, and queueing. Gans et al. (2003) provide a literature review on call center 



 

15 

 

operations management that primarily addresses analytical models supporting capacity management 

decisions.  

The prior studies indicate that call center operations management generally follows a bottom-up 

hierarchical capacity planning approach, where the decisions 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 top, utilizing hiring models to choose longer-term staffing requirements that 

result in a monthly or quarterly required number of hires and training. Operational decisions in such 

hierarchical capacity planning require many inputs, such as arrival rate, service rate, productivity, or 

turnover rate, which are primarily estimated based 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 apply stationary models (Gans et al., 2003; Whitt, 2006; Green et al., 2007). Some 

researchers focus on more extended periods (ex., days, weeks, or months) and assume a non-stationary 

arrival rate (Gans et al., 2003; Brown et al., 2005; Aldor-Noiman et al., 2009). They use autoregressive 

time series models since the arrival rates are serially correlated, and variability and seasonal patterns are 

predictable.  

In this paper, our focus will be on the daily number of service requests in a non-emergency call system 

with non-stationary variance, especially after the initiation of a disaster. We aim to predict deviation from 

stationary call arrivals since non-stationary arrivals challenge capacity planning. Either positive or negative 

deviation from expected service demand causes underutilization or overutilization of resources, decreasing 

the systemôs efficiency and productivity. The 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 toward improved service performance, there are no 

globally agreed evaluation criteria to assess service performance since it is judged by multiple 

constituencies ï consumers, taxpayers, politicians, etc. (Radnor, 2015). In this paper, our discussion is 

centered around productivity, a fundamental concept in assessing operational service performance that is 

often a matter of concern in the operations management domain, where particular attention is on 

maintaining or mitigating productivity due to system disruptions or unexpected irregularities. Productivity 

measurement is more challenging in public services than it is in more traditional manufacturing or private 

service systems. The main reason for this is that the service outputs are more intangible, which makes 

productivity challenging to quantify. For example, many public service agencies, such as police or fire 

departments, aim to prevent unwanted outcomes or emergencies rather than seeking an increase in output 

(i.e., crisis events such as fires or accidents) (Jääskeläinen & Lönnqvist, 2011). 

Governments invest in emerging information and communication technologies to provide more 

effective, efficient, and transparent public service (Qi & Shen, 2019). However, despite the investments in 

information technology, operations have experienced slower long-term benefits in both productivity or 

effectiveness, which is referred to as the ñproductivity paradoxò in the literature (Karwan & Markland, 

2006). Coupled with many other difficulties, such as the multi-stakeholder structures and the need for 

socially equitable service to the public, governmental agencies continued to seek ways to enhance 

productivity while improving responsiveness to the requests of people simultaneously (Lee & Perry, 2002). 

Schmenner (2004) explicitly discusses the influence of information technology on productivity through its 

impact on the speed and variability of service flow. This allows e-government practices and Citizen 

Relationship Management (CiRM) implementations to contribute to the productivity of municipal services 

through a more accurate characterization of service demand. 

In the literature, several approaches are presented to measure service productivity. For example, to 

utilize the detailed operative-level productivity examination, Jääskeläinen and Lönnqvist (2011) categorize 

service outputs into two main aspects: tangible (quantity, magnitude, availability, or location, etc.) and 
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intangible (atmosphere in service provision, the satisfaction of direct or indirect customers, etc.). They 

propose a weighted index based on multiple service outputs. On the other hand, Jola-Sanchez et al. (2016) 

consider hospital productivity as total factor productivity that contains unobservable aspects, such as 

managerial ability and input quality.  

To explain the differences in productivity between different (manufacturing or service) operations, 

Schmenner and Swink proposed the Theory of Swift, Even Flow (TSEF), which argues that ñéthe more 

swift and even the flow of materials (or information) through a process, the more productive is that processò 

(Schmenner & Swink, 1998). The theory indicates 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; Schmenner, 2001). The TSEF uses 

a set of well-recognized 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 bottlenecks (law of bottlenecks), by eliminating non-value-added 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 to either the change in speed or the variability of the 

flow within a given process (Schmenner & Swink, 1998). Schmenner (2004, 2015) argues that swift, even 

flow has the same impact on the service process that it has on manufacturing or agriculture processes, which 

either speed the service or reduce variation, or both. 

Different studies have used TSEF to explain manufacturing and service operations productivity. 

Germain et al. (2001) show 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 al. (2009) also use the theoretical perspective of TSEF to examine the perioperative surgical 

services department 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 of actually 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 explaining the 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 Carolina, Karwan and Markland (2006) 

further demonstrate the importance of service productivity by applying the TSEF and specifically discuss 

its potential in the context of government services (Karwan & Markland, 2006). Devaraj et al. (2013) 

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 service system, 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 complaint about a missing 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 implicitly 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 service request 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 performance in the presence 

of system disruptions or unexpected irregularities. We further aim to examine 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 decision-makers to allocate resources where most needed (law of 

variability) and to 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: Data-driven time series modeling 

Several studies use the queueing theory approach for predicting call center service demand, assuming 

that arrivals follow a Poisson process. A common practice for call center capacity and staffing decisions is 

to use Erlang queuing models due to their ease of application (Gans et al. 2003, Aksin et al. 2007). However, 

Erlang models measure steady-state performance, assuming a constant arrival rate using the Poisson 

distribution. A Poisson 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 service demand distribution highly depends on the 

timescale (Ibrahim 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 demand  (Avramidis 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., 2007). Empirical studies also point out that the 

performance of highly time-dependent systems may not be derived sufficiently by stationary models (Gans 

et al. 2003).  

Call center capacity planning requires many inputs, mostly estimated based on historical data using time 

series methods. Many call centers predict arrival and service rates by calculating grand averages using past 

observations instead of forecasting service times or other parameters in detail (Gans et al., 2003). However, 

disruption in the system due to a disaster generally changes the ñnormalò call behavior, where arrival 

uncertainty and variance significantly change (Pamukcu & Zobel, 2021; Pamukcu et al., 2021). The 

opposing arguments 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 from the ñnormalò call arrival, which we assume to be represented by ñsteady stateò 

or ñnon-crisisò call volumes. 
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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 between the request amounts in different periods, 

either within a single day (intraday) or day-to-day (inter-day). Such dependencies even remain strong when 

the time series is cleansed from seasonality. Brown et al. (2005) and Aldor-Noiman et al. (2009), in 

particular, report the significant dependence between call volumes on successive days. In order to account 

for inter-day correlations, Brown et al. (2005) propose an arrival volume forecasting model having an 

autoregressive feature to incorporate the previous call volumes into the prediction of future ones. In the 

analysis section below, we therefore provide inter-day 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 (ARIMA), make a strong assumption that 

volatility or variance is constant over time, which is called homoskedasticity. However, this assumption is 

not always realistic, and the variance is not necessarily constant. Due to changing needs and priorities of 

people during disaster events, the 311 non-emergency service system receives service requests with 

unstable variance over time. So, in our context, we cannot make a homoskedasticity assumption for the 

service request volatility of the daily number of service requests during a slow-onset disaster. 

The Generalized Auto Regressive Conditional Heteroskedasticity (GARCH) model was developed to 

predict future variability where the variance is not stable but conditional on the variance of the previous 

period. The GARCH model has widely been used in many fields, especially in industry and finance, for 

volatility modeling (Bali & Hovakimian, 2009; Ben-Ameur et al., 2009). In this study, we examine if the 

daily variance in service demand shows the GARCH effect, due to a slow-onset disaster, and we propose a 

model to predict future volatility in daily service demand based on the longitudinal and dynamic disaster 

impact. 

Previously, researchers proposed various time series prediction models to predict future daily request 

numbers and response times for the 311 non-emergency service system. For example, Zha and Veloso 

(2014) and Zobel et al. (2018) apply a random forest method to predict the daily average number of requests 
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based on five exogenous factors: average temperature, temperature range, the occurrence of snow, day of 

week, and holidays. Zobel et al. (2018) use historical data to forecast the request volumes for the following 

year and compare the observed call volumes received within the predicted range in order to interpret the 

disaster impact based on percent deviation from the expected service request volumes forecasted based on 

past data. Kontokosta et al. (2017) propose a gradient boosting regression model to predict daily number of 

service requests over time and contribute to 311 system efficiency by informing resource allocation strategy 

and improving service response. Madkour and Eren Tokgoz (2020) implement a decomposable time series 

model with trend, seasonality, and holiday components to predict call volumes in future hurricane seasons 

based on eight prior hurricane seasons.  

Although such previous studies present effective methods to predict daily average service demand, none 

of these earlier models address volatility in the daily average number of non-emergency service requests to 

manage productivity during disaster events. The TSEF indicates that systems could improve operational 

productivity by reducing demand variability, so accurate measurement of service demand variability is an 

essential step toward managing productivity. Hence, this study tests and quantifies demand volatility as a 

stand-alone indicator of productivity. This will help decision-makers monitor and 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 time-series prediction model to empirically assess the daily volatility in the daily 

mean service demand of a public service system during a long-term crisis. Engle initially introduced the 

Autoregressive Conditional Heteroskedasticity (ARCH) model in 1982, and Bollerslev generalized it to a 

General Autoregressive Conditional Heteroskedasticity (GARCH) model in 1986. A GARCH model is 

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 values (Ben-Ameur et al., 2009). 

The model includes a mean sub-model and a variance sub-model, where the residuals of the mean sub-
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model are input into the variance model. Generally, well-known time series forecasting models such as an 

Autoregressive Moving Average (ARMA) model or its variants are used as the mean sub-model, thus a 

brief overview of ARMA variants is provided in the Appendix. The mean models aim to provide a good fit 

for predicting the mean, assuming constant variance over time, where ‐ͯ ὔπȟὬ  and Ὤ is constant. 

Supposing that the residuals of the mean model violate the constant variance assumption and the residuals 

are conditionally heteroskedastic, a variance model is necessary, and it is built to explain the conditional 

variance in the residuals.  

The GARCH model predicts the variance, i.e., the volatility for the next period, based on a constant, a 

weighted sum of the p most recently observed squared prediction errors and a weighted sum of the q most 

recently observed variances. It tests if there is an unstable variance and predicts future volatility.  

Suppose a mean sub-model is defined as in Eq. (1), where the output variable, ὣ , the expected return 

at period ὸ, differenced on lag-d, is a linear function of a constant ὧ, a weighted sum of ὴ most recent return 

values, the weighted sum of ή most recent predicted errors (or residuals), Ὤ, and the vector of exogenous 

variables ╔╧ at period ὸ. The ὋὃὙὅὌὴȟή sub-model can be expressed as in Eq. (2), where Ὤ is the 

conditional variance at period ὸ, is the constant, ‐ is the prediction error at period ὸ, and ‌ and ‍ are ‫ 

the weights of the corresponding components. 

ὣ ὧ  ‎ὣ —‐ ╔╧ 

Ὤ ‫ ‌‐ ‍Ὤ   

 

(1) 

 

(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 mean sub-model to predict the daily average number of calls based 

on the historical call volumes. Following the approach of Zha and Veloso (2014) and Zobel et al. (2018), 

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. Furthermore, in our particular example, we include the disaster 

effect by introducing the daily number of positive COVID-19 cases as another exogenous variable to 

account for the time-varying impact of a longitudinal disaster. The significance of the exogenous variables 

is then tested, and only the ones with significant contributions are included in the final mean sub-model, 

which is explained in model fitting in Section 5.3. 

2.4. Data description and preparation 

2.4.1. New York City 311 service requests 

The NYC 311 system was formally established in 2003. The NYC government enables open access to 

historical and recent 311 service request data through the New York City Open Data initiative for improved 

accessibility, transparency, and accountability of the City government (Pamukcu & Zobel, 2021). The 

historical NYC 311 non-emergency request data was collected to examine daily fluctuations in service 

request volume during a long-term slow-onset disaster. This dataset includes a record of each unique 311 

service request with the following attributes (among others): the exact time and date, the responsible 

agency, the complaint type, the street address, the borough, resolution status 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 request categories 

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 after the slow-onset 

disaster had begun. The NYC government announced a health emergency one week after the cityôs first 

COVID-19 positive case was confirmed, on March 7th, 2020. This ñState of Emergencyò declaration is 

assumed to be an indicator of the beginning of the process of pandemic growth. 

Our initial analysis is conducted using a subset 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 from the State 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 slow-onset disaster. During this time period, 1,067,814 service requests were issued. 

In this initial analysis, we use only the data for the 20 categories of requests with the highest call volumes 

since the remaining request types had only few or zero daily entries. We therefore test the significance of 

the disruption on the call volumes for these selected top 20 categories. The NYC311 call system has 

received 226,487 and 841,327 requests for the selected categories in the pre- and post-emergency 

declaration periods, respectively. Table 1 summarizes the average daily service requests per category in 

each of the two 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 before and after the health emergency 

announcement. To test the significance of the shift from ñnormalò call request behavior, we use Studentôs 

t-tests at p=0.05. 

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

 Average number of daily requests  

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

Noise - Street/Sidewalk 91.4 745.3 653.9 **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 Reopening 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 (All Materials) 114.4 85.6 -28.8 *888* 

General Construction/Plumbing 98.8 62.3 -36.5 **888 

Abandoned Vehicle 119.1 70.6 -48.5 **888 

Street Condition 197.2 113.5 -83.7 **888 

Illegal 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, *: p-value < 0.001) 

We observed a significant difference (either positive or negative) in the call volumes after the COVID-

19 pandemic began, except for in the Water System and Noise - Commercial service 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/Sidewalk and Noise ï Residential 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 became less visible 

to citizens due to their restricted daily activities, such as Illegal Parking, Blocked Driveway, and Abandoned 

Vehicle. Additionally, some call types, Water System and Noise - Commercial service requests, do not 

exhibit a significant change in call volumes after the pandemic announcement. We also identify the requests 

directly related to the ongoing pandemic from the listed top 20 call categories: Non-Emergency Police 

Matter, Consumer Complaint, and NonCompliance with Phased Reopening.  

This preliminary analysis indicates that demands for different non-emergency services are not 

necessarily all affected by a disaster in the same way. This observation points out the multidimensionality 

in reactions of a municipal service system to disasters which can provide additional insights into how 

service providers should manage the request variability to maintain service productivity. Thus, this study 

separately examines the demand variation during an ongoing long-term disaster for the call type groups 

with different reactions. For our empirical study, we therefore create three groups of request categories: (1) 

ñincreasedò for the categories with a positive net change in request volume, (2) ñdecreasedò for the 

categories with a negative net change in request volume, (3) ñpandemic-inducedò for the directly pandemic 

related categories. 

2.4.3. Data cleaning and preparation 

We further extend our analysis of the daily volatility of NYC 311 service requests by collecting a total 

of seven years of time series data from New York City. We call the time interval ÔȟÔ ρ a ñdayò without 

loss of generality. Each Ô denotes a distinct day measured over the time period from 00:00:00 to 23:59:59, 

with ὸ ρ representing the first day in the data set, and ὔ representing the number of requests that arrive 

during day ὸ. In total, Ὕ ςυυχ observations are available in the selected time window ὸ ρȟȣὝ.  
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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 to 12/31/2021 

Request Groups 

Daily average 

# of calls 

Number of 

observations 

Bronx-increased 635.2 2557 

Bronx-decreased 484.9 2557 

Bronx-pandemic-induced 32.8 2557 

Brooklyn-increased 599.3 2557 

Brooklyn-decreased 847.8 2557 

Brooklyn-pandemic-induced 65.7 2557 

Manhattan-increased 516.5 2557 

Manhattan-decreased 424.3 2557 

Manhattan-pandemic-induced 60.7 2557 

Queens-increased 406.7 2557 

Queens-decreased 715.2 2557 

Queens-pandemic-induced 61.7 2557 

 

After removing the data entries with missing information, we first calculated the daily number of calls 

for each type for NYC boroughs of the Bronx, Brooklyn, Manhattan and Queens (the daily service requests 

for Staten Island were excluded since the borough received an insufficient number of requests (less than 

the threshold of 30 requests per day) within the considered time window). Then the call types were grouped 

based on the preliminary analysis of the effect of COVID-19, and three categories of groups were defined 

accordingly their type and behavior: increased requests, decreased requests, and pandemic-induced 

requests.  

We thus obtained 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 847.8 across datasets and 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 recorded in the NYC311 service data includes information indicating from which 

municipal borough the request is made. To investigate the socioeconomic and demographic discrepancies 

across these boroughs, and thus better understand the diverse needs of communities with different 

vulnerability backgrounds, we used the Social Vulnerability scores of each borough provided by the Centers 

for Disease Control and Prevention (CDC). The CDC calculates ranking-based vulnerability indices across 

the counties and census tracts of the United States using the most recent Census and American Community 
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Survey (ACS) data (SVI 2016 Documentation CDC, 2016). The vulnerability measurement is made based 

on four themes: (1) minority status & language, (2) socioeconomic status, (2) household composition & 

disability, and (4) housing & transportation. We obtained the SVI for the boroughs of NYC based on the 

most recent available indices announced by the CDC. 

Recalling that we excluded Staten Island from the study due to insufficient daily observations, we 

present the vulnerability scores of the remaining NYC boroughs in Table 3. We use relative vulnerability 

information in the following analyses while discussing the differences 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 disadvantaged 

population compared to others in terms of demographic and socioeconomic features. On the other hand, 

Manhattan has the lowest score across vulnerability themes, except Housing type and Transportation, 

followed by Queens. Thus, we consider Manhattan and Queens to be relatively advantaged regions. 

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) (Engle, 1982; Bollerslev, 1986). In this context, the financial returns are 

considered the primary variable of interest for volatility modeling; accordingly, volatility models require 

the economic values to be converted into relative returns (Matei, 2009).  

Financial econometrics calculates a simple asset return as the percent change in price. Given ὖ is the 

price at period ὸ and ὖ  is the price at period ὸ ρ, Ὑ   is the one-period return on an 
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investment in the asset between ὸ ρ and ὸ. Echoing this in the context of daily call volumes in a service 

system, we define return as the percent change from the call volume of the day before. We convert the daily 

call volume data into daily returns in order to build a volatility model. 

In the remainder of the paper, we will use the term ñreturnò to represent the daily percent change in call 

volume (the number of service requests). Therefore, with ὔ representing the daily number of unique calls 

received, ὣ is the daily return in call volume from period ὸ ρ to ὸ, and is calculated as follows: 

ὣ
ὔ ὔ

ὔ
ЎὔϷ       ὸ ρȟȣὝ 

 

(3)

The standard deviation, „, is used to measure return variability (volatility) over time. Unlike with the 

financial return, in our case, both positive and negative change means ñlossò for the system since keeping 

the system in a steady state where the daily request volumes are stationary is the most advantageous for 

efficient use of resources and productivity.  

2.5.2. 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 the square root of the number of days the system operates (received calls in our case) in a year. Therefore, 

the annualized volatility equals „ Ѝσφυ (excluding the instances of February 29th 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 out the oldest observation and introducing the most recent one in 

each step to re-estimate the volatility. The volatility based on the rolling window approach is backward-

looking, calculated based on the past data. 

We used a 30-day rolling window from 01/02/2015 to 12/31/2021 to calculate observed volatilities. 

Figure 1a and Figure 1b show the one-month rolling volatility patterns for selected request groups in the 

Bronx and Manhattan, representing socio-economically diverse communities. The rolling volatility graphs 

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 the slow-onset event differs in different boroughs, however, 

indicating the diverse impact of the event on the service needs of citizens in different locations. For 

example, in the Bronx, the variability in increased call types increased a lot after 2020, while the pattern is 

smoother in Manhattan, although it still is rising.  

 

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

 

Furthermore, the pandemic-induced call groups also have different volatility behavior in those boroughs. 

While the pandemic-induced requests of Bronx experienced peak volatility (above 50) in the first three 

months of 2020, covering the initial declaration of the pandemic, the volatility decreased below 15 and 

reached a steady pattern in the following days of the pandemic. On the other hand, the volatility of 

pandemic-induced calls in Manhattan did not get as high as in the Bronx. Although the Manhattan 

pandemic-induced calls also experienced 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 model 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 successive periods (Brown et 

al., 2005; Aldor-Noiman et al., 2009; Zha & Veloso, 2014; Kontokosta et al., 2017; Madkour & Eren 

Tokgoz, 2020). To support past findings, we first test the dependence of service request volumes on 

successive days of a week. Table 4 presents the representative inter-day correlations between daily call 

volumes across the day of a week, based on the 7-year 311 call data for Manhattan, for the Increased Calls 

data (request categories with significantly 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 (2015-2021) 

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 require stationary data, 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), covering the five years before the pandemic outbreak. 

Second, from January 2015 to December 2021 (denoted as Period II), including both the pre-pandemic 

period and the first 21 months of the COVID-19 pandemic. Table 5 summarizes the outputs of the 

Augmented Dickey-Fuller Test in each case with the null hypothesis that a unit root is present (i.e., the time 

series is non-stationary).  

The Augmented Dickey-Fuller test values on the tested periods indicate that non-stationarity increased 

after the inclusion of the pandemic period. We observe that calls for pandemic-induced request types in 

particular were stationary in all boroughs in Period I; in contrast, the time series became non-stationary in 
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Period II. Increased and decreased call groups resemble similar results in almost all test groups except for 

the increased calls in Queens. The Augmented Dickey-Fuller test statistics drop off from Period I to Period 

II in each test group, which signals a longitudinal disruption in different service components even though 

not 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-I) and including COVID -19 (Period-II)  

Test group Test period 
Augmented Dickey-Fuller 

test statistic 
Lag order p-value 

Manhattan       

Increased    
I -5.244 12 0.010** 

II  -3.299 9 0.071 

Decreased   
I -6.251 12 0.010** 

II  -3.451 9 0.047* 

Pandemic-induced    
I -5.078 12 0.010** 

II  -2.831 9 0.227 

Brooklyn       

Increased    
I -3.956 12 0.011** 

II  -3.675 9 0.025* 

Decreased    
I -6.120 12 0.010** 

II  -3.854 9 0.016* 

Pandemic-induced    
I -7.431 12 0.010** 

II  -2.693 9 0.285 

Bronx       

Increased    
I -4.162 12 0.010** 

II  -4.044 9 0.010** 

Decreased    
I -5.695 12 0.010** 

II  -3.174 9 0.092 

Pandemic-induced    
I -7.263 12 0.010** 

II  -2.8634 9 0.213 

Queens       

Increased    
I -4.265 12 0.010** 

II  -4.359 9 0.010** 

Decreased    
I -6.367 12 0.010** 

II  -3.368 9 0.059 

Pandemic-induced    
I -5.955 12 0.010** 

II  -2.968 9 0.169 

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

The Period II 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 Dickey-Fuller test results for differenced call 
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returns are presented in Appendix A, indicating that the new differenced time series are stationary with p-

value<=0.01.  

A GARCH model is also only applicable if the residuals of a fitted mean model are not homoskedastic 

(independent of previous residuals and with constant variance over time). Instead, the data should have 

conditional heteroskedasticity in the residuals, where heteroskedasticity means the irregular pattern of 

variation in residuals, and conditional heteroskedasticity means the residual variance is dependent on the 

past variation in residuals and resembles clustered patterns within particular periods of time.  

One way of detecting this behavior is by testing the squared standard residuals by the ARCH-LM test 

with a null hypothesis of no ARCH effect, i.e., that the time series is homoskedastic. For each dataset, we 

first fit a proper ARIMA model to predict daily changes in the number of calls for each group. We used the 

AIC (Akaike Information Criterion), AICc (Corrected Akaike Information Criterion), and BIC (Bayesian 

Information Criterion) for the selection of the most plausible ARIMA alternative. Then we applied an 

ARCH-LM test using the residuals of the fitted mean model.  

The selected mean model performance indicators and the ARCH-LM test statistics are presented in 

Table 6. For each call group and borough, we fitted a model for Period II covering both pre-disaster and 

during-disaster time windows. The results statistically prove the ARCH effect in all of the created time 

series except for the one associated with the Queens increased call group data, which does 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 Ɑ  ME RMSE MASE 

Test 

statistic p-value 

Manhattan                     

Increased SARIMA(1,1,2)(2,0,0) 133.8 133.8 174.7 0.06 -0.01 0.25 0.49 89.1 8.2E-15** 

Decreased SARIMA(1,1,2)(0,0,2) 592.5 592.5 633.4 0.07 0.00 0.27 0.52 72.7 1.3E-11** 

Pandemic-induced 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) 737.6 737.6 778.5 0.08 0.00 0.28 0.50 31.4 5.0E-04** 

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** 

Pandemic-induced SARIMA(4,0,0)(1,0,0) 5860.5 5860.5 5901.4 0.58 0.00 0.76 0.52 322.3 2.2E-16** 

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) 415.9 415.9 451.0 0.07 0.00 0.26 0.46 90.5 8.9E-01** 

Pandemic-induced SARIMA(4,1,0)(1,0,0) 575.8 575.9 608.9 0.08 -0.00 0.28 0.47 60.85 2.2E-16** 

Queens                     

Increased  SARIMA(4,0,0)(1,0,0) 3317.5 3317.6 3358.5 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 3.0E-15** 

Pandemic-induced SARIMA(2,0,2)(1,0,0) 4898.8 4898.8 4939.7 0.40 0.00 0.00 0.44 123.2 2.2E-16** 

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

 

The GARCH effect also can be observed on the rolling volatility plots (see Figures 1a and 1b in 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 volatility after March 2020 were due to the effects 

of the state of emergency and the subsequent emergency declarations due to the pandemic. Figures 1a and 

1b also indicate the system has been experiencing periodic volatility spikes for increased and decreased call 

groups in the both Bronx and Manhattan, signaling a seasonality effect in each time series. In our model, 

we thus introduce day-of-week as an exogenous variable to account for its impact on demand volatility.  

In the following sections, we exclude the requests for the borough of Queens 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. Given these three remaining boroughs and their relative social 

vulnerability scores, the Bronx represents the area with a socio-economically 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-LM 

test results statistically support that the call returns (ὣ  have conditional variance over time. The conditional 

variance of returns (ὣ  indicates the true measure of uncertainty about a variable given a model and 

information set Џ , which covers the set of information known at time ὸ ρ (including ὣ ȟὣ ȟȣὣ . 

We can define the prediction of the returns at time ὸ as the expected value of ὣ conditional on the 

information one period earlier, ὸ ρ. Predicted mean (‘) and variance („) are formulated as: 
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‘ ὉὣȿЏ ), 

 „ ὺὥὶὣȿЏ Ὁὣ ‘ȿЏ Ὁ‐ȿЏ , 

(4) 

(5)

where ‐ ὣ ‘ is the prediction error at period ὸ.  

The ARIMA model is used to fit a mean model and calculate prediction errors. Following Zha and 

Veloso (2014) and Zobel et al. (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 COVID-19 cases as another exogenous variable to account for the variable 

impact of the ongoing long-term disaster. The day of the week variable accounts for weekly seasonality in 

the time series. As discussed above, lag-1 differencing is applied to the dependent variable to remove trends 

in the time series and convert data into a stationary form, where ὣ ὣ ὣ Ȣ 

Given the mean model (1), the variance model is then defined. We use the standard GARCH(1,1) model, 

the most preferred GARCH model in the literature. The conditional variance Ὤ at period ὸ is the sum of a 

constant observed squared prediction error at period ὸ ,‫ ρ, and observed conditional variance at period 

ὸ ρ, where ‐,  ‌ and ‍ are the coefficients of corresponding components. The conditional variance is 

formulated as follows:    

Ὤ ‫ ‌‐ ‍Ὤ  (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 separately. As discussed above, for the increased 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 pandemic-induced call 

groups, we selected the time window from 01/01/2020 through 12/31/2021, since most of the service 
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categories in the pandemic-induced group were added after the initiation of the disaster, and the pre-

pandemic period was not informative in predicting future volatility of this call group. The readers can visit 

Appendix C to observe the change in the number of daily service requests for each call group in each 

borough.  

 The R package rugarch version 1.4-8 is used in GARCH model predictions. The best-fitted model is 

selected as the one providing minimum values of AIC (Akaike Information Criteria), BIC (Bayesian 

Information Criteria), and HQIC (Hannan-Quinn Information Criteria). 

The prediction results based on the fitted GARCH(1,1) models are reported in Table 7. The first row 

indicates the fitted mean model for each test group. In each column, we then present the estimated values 

of model parameters and standard errors in parentheses for the tested call groups in each borough.  

The following parameters indicate the specifications for the fitted model. 

Mean model: 

ὧ: constant, 

ὃὙȡ autoregressive term, 

ὓὃ: moving average term, 

ὥὶὧὬά: if ARCH volatility in the mean regression, 

Ὓόὲ - ὊὶὭ: dummy variables created to account for weekly seasonality, 

ὌέὰὭὨὥώ: dummy variable indicating if a day is a holiday or not, 

ὅέὺὭὨ: the number of positive infections per day. 

Variance model: 

ɤ: constant, 

Ŭ: the ARCH term, 

ɓ: the GARCH term. 

Distribution: 

ὛὯὩύ : skewness of the distribution, 

ὛὬὥὴὩ: the shape of the distribution. 

 

First of all, the model output indicates that the 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 the AR and MA components vary from zero to four orders. The dummy variables 

indicating 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 

Increased 

Brooklyn 

Decreased 

Brooklyn 

Pandemic-induced 

Bronx 

Increased 

Bronx 

Decreased 

Bronx  

Pandemic-induced 

Manhattan 

Increased 

Manhattan 

Decreased 

Manhattan 

Pandemic-induced 

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(4,1,0) ARIMA(1,1,1) 

Model Parameters 

ὧ -0.19 (0.00)*** 0.23 (0.01)*** -0.16 (0.04)*** -0.27 (0.01)*** 0.13 (0.01)*** -0.29 (0.06)*** -0.28 (0.01)*** 0.38 (0.01)*** -0.31 (0.07)*** 

ὃὙ 2.17 (0.00)*** 1.72 (0.02)*** 0.32 (0.07)*** -0.8 (0.18)* ** 0.53 (0.03)***  0.48 (0.09)*** 1.1 (0.02)*** -0.18 (0.02)*** 0.52 (0.05)*** 

ὃὙ -2.09 (0.00)*** -1.55 (0.02)***     -0.24 (0.02)*** -0.15 (0.02)***  

ὃὙ 0.90 (0.00)***  0.45 (0.02)***      -0.13 (0.02)***  

ὃὙ        -0.07 (0.02)***  

ὓὃ -2.58 (0.00)***  -1.96 (0.00)*** -0.66 (0.06)*** 0.46 (0.18)*** -0.8 (0.02)*** -0.77 (0.07)*** -1.41 (0.00)***  -0.82 (0.03)*** 

ὓὃ 2.90 (0.00)*** 1.77 (0.00)***  -0.47 (0.06)***   0.33 (0.01)***   

ὓὃ -1.66 (0.00)*** -0.62 (0.00)***  -0.21 (0.04)***   0.16 (0.01)***   

ὓὃ 0.36 (0.00)*** -0.04 (0.00)***  -0.07 (0.02)***      

ὥὶὧὬά   0.36 (0.13)***  0.31 (0.02)***  0.65 (0.11)***   0.43 (0.09)*** 

Ὓόὲ 0.19 (0.01)*** -0.18 (0.01)*** 0.20 (0.03)*** 0.17 (0.01)*** -0.10 (0.01)*** 0.18 (0.04)***  0.29 (0.02)*** -0.28 (0.02)*** 0.33 (0.05)*** 

ὓέὲ 0.20 (0.01)*** -0.24 (0.01)*** 0.10 (0.03)*** 0.20 (0.01)*** -0.13 (0.01)*** 0.16 (0.03)*** 0.30 (0.02)*** -0.37 (0.02)*** 0.23 (0.03)*** 

ὝόὩί 0.19 (0.01)*** -0.20 (0.02)*** 0.09 (0.03)***  0.20 (0.01)*** -0.11 (0.01)*** 0.11 (0.04)*** 0.33 (0.01)*** -0.37 (0.02)*** 0.21 (0.03)*** 

ὡὩὨ 0.30 (0.01)*** -0.27 (0.01)*** 0.10 (0.03)*** 0.35 (0.01)*** -0.15 (0.01)*** -0.18 (0.06)*** 0.52 (0.02)*** -0.43 (0.01)*** 0.23 (0.01)*** 

ὝὬόὶ 0.47 (0.01)*** -0.41 (0.01)*** 0.14 (0.03)*** 0.47 (0.01)*** -0.19 (0.01)***  0.65 (0.02)*** -0.48 (0.01)*** 0.26 (0.02)*** 

ὊὶὭ 0.21 (0.01)*** -0.23 (0.01)***  0.26 (0.01)*** -0.09 (0.01)***  0.22 (0.01)*** -0.53 (0.02)*** 0.16 (0.04)*** 

ὌέὰὭὨὥώ -0.04 (0.00)*** 0.13 (0.02)***   0.14 (0.02)*** 0.00 (0.00)*** -0.09 (0.02)*** 0.22 (0.03)***  

ὅέὺὭὨ     0.01 (0.00)***     

ɤ 0.01 (0.00)*** 0.00 (0.00)*** 0.00 (0.00)*** 0.00 (0.00)*** 0.00 (0.00)*** 0.02 (0.01)*** 0.00 (0.00)*** 0.01 (0.00)*** 0.01 (0.00)*** 

Ŭ 0.08 (0.02)*** 0.10 (0.02)*** 0.02 (0.01)*** 0.06 (0.01)*** 0.04 (0.01)*** 0.03 (0.02)*** 0.03 (0.01)*** 0.09 (0.04)*** 0.06 (0.02)*** 

ɓ 0.77 (0.04)*** 0.80 (0.04)*** 0.96 (0.01)*** 0.92 (0.02)*** 0.94 (0.01)*** 0.90 (0.03)***  0.95 (0.02)*** 0.77 (0.09)*** 0.94 (0.01)*** 

ὛὯὩύ 1.52 (0.05)*** 1.29 (0.04)*** 1.38 (0.08)*** 1.55 (0.06)*** 1.58 (0.05)*** 1.80 (0.14)*** 1.28 (0.04)*** 1.33 (0.04)*** 1.50 (0.08)*** 

ὛὬὥὴὩ 4.22 (0.34)*** 4.26 (0.36)*** 3.56 (0.47)***  4.67 (0.44)*** 4.37 (0.35)*** 3.62 (0.53)*** 5.51 (0.56)*** 3.71 (0.28)*** 3.09 (0.60)*** 

AIC  -0.442 -1.052 0.528 -0.253 -0.407 1.007 -0.402 -0.346 0.684 

BIC  -0.396 -1.007 0.616 -0.212 -0.370 1.096 -0.361 -0.307 0.778 

HQIC  -0.425 -1.036 0.562 -0.238 -0.393 1.041 -0.387 -0.332 0.720 

     (***: p -value <= 0.001, **: p-value <= 0.01, *: p-value <=0.05)   
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day-of-week positively affects the daily return volatility for increased and pandemic-induced types of 

services. On the other hand, it negatively impacts the daily return volatility of decreased call groups. This 

observation is consistent across the three boroughs examined. Holiday is 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 not found to be a significant predictor of daily demand volatilities, except 

for a slightly significant impact on Bronx-decreased calls. The model outputs indicate that the variance 

model parameters (ɤ, Ŭ, and ɓ) are significant contributors to the fitted model equation; therefore, GARCH 

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 student-t distribution. 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 to the empirical distribution, which is explained in detail in Section 6.2. 

Table 8 presents the long-run unconditional variance forecast of each time series calculated based on 

the fitted GARCH(1,1) model specifications. Given that the conditions remain the same, we expect the 

volatility of a time series to pull toward its long-term 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 the Brooklyn-decreased call group, and the highest is 

56.11% for the Manhattan pandemic-induced calls. Long-run volatility is found to be higher for disaster-

related service groups, which are the most unstable service categories as the slow disaster continues to 

evolve. Manhattanôs decreased and pandemic-induced call groups have higher long-term volatility than 

other boroughs. On the other hand, among increased call groups, the Bronx has higher volatility than others. 

2.6.2. Diagnostics Checking for Model Validity  

In this section, we summarize results of performing the Pearsonôs goodness-of-fit, Weighted Ljung-Box, 

and ARCH-LM tests on all fitted GARCH models to validate their appropriateness. 

The Weighted Ljung-Box test is first applied to the standardized residuals to check if there is significant 

auto-correlation. The null hypothesis is that the auto-correlation between the residuals equals zero. A 

significant auto-correlation within standardized residuals indicates a poor mean model fit. The Weighted 

Ljung-Box test is also applied to the standardized squared residuals to check if there is significant auto-

correlation in those values also. A significant auto-correlation within standardized squared residuals implies 

there is remaining heteroskedasticity that could not be explained by the fitted GARCH model. Therefore, 

both tests should suggest no auto-correlation to support a proper model fit. 

Similar to the Weighted Ljung-Box test, the ARCH-LM test is applied to check for serial dependence due 

to conditional variance by testing auto-correlation on the standardized squared residuals. The null 

hypothesis of the test is the auto-correlation between the residuals equals zero, meaning there is no 

remaining ARCH effect in the modelôs residuals. Thus, the test should fail to reject the null hypothesis to 

indicate no remaining volatility effect in the time series.  

Pearsonôs goodness-of-fit test compares the empirical distribution of the standardized residuals with the 

selected theoretical distribution. The null hypothesis is that the empirical and theoretical distributions are 

identical. Accordingly, the theoretical distribution is a proper fit if the test fails to reject the null hypothesis. 

We select the skewed student-t distribution as the theoretical distribution for residuals. 

The validity test results for the fitted GARCH models are summarized in Table 9. The Weighted Ljung-

Box test results on standardized squared residuals indicate no significant autocorrelation within 
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standardized squared residuals, meaning there is no heteroskedasticity that the fitted models cannot explain. 

The ARCH-LM test results also support that finding. Furthermore, the Pearsonôs goodness-of-fit test outputs 

indicate that the skewed student-t distribution is a good fit for selected models.  

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

 Brooklyn            Bronx  Manhattan 
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Weighted Ljung-Box  

(Std Res) 
0.206 0.640 0.010 0.301 0.110 0.000 0.442 0.035 0.001 

Weighted Ljung-Box  

(Std Sq-Res) 
0.894 0.899 0.327 0.845 0.264 0.941 0.770 0.103 0.753 

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

Goodness-of-Fit  0.469 0.400 0.197 0.730 0.056 0.096 0.920 0.329 0.566 

 

Only the Weighted Ljung-Box test on the standardized residuals indicates that auto-correlation is 

significant in some of the fitted models. The results show that this is a particular problem in the pandemic-

induced call groups. First, the time series behavior of the pandemic-induced calls is very different from that 

of the increased and decreased types (see Figures 1a and 1b) since the disaster-related calls experienced the 

highest volatility in the first months of the disaster, with decreasing volatility in the following months. 

Furthermore, the pandemic-induced groups only have two-year-long time series, which do not involve a 

stable period at all and are dynamically affected by the ongoing disaster. On the other hand, the increased 

and decreased group time series are based on seven years of data, enabling the model to fit better thanks to 

higher numbers of observations in the time series. 

In contrast to the Weighted Ljung-Box test results, however, the other test results indicate that the 

presented models perform well in terms of addressing all heteroskedasticity and achieving a proper fit to 

the distribution. For this reason, we conclude that these models are appropriate and that they sufficiently 

predict the actualized volatility.  
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2.6.3. The comparison of predicted and observed volatilities 

In this section, we compare the predicted volatilities with the observed volatilities measured by the 

rolling window approach, in order to show that the prediction model is close to the actualized volatility. 

The actual rolling volatilities are computed using a rolling window approach for the standard deviation over 

a specified period of time. Based on the empirical data, one-month rolling standard deviations are calculated 

to represent the actualized volatilities, as above in Section 5.2.  

Figures 2 illustrates the GARCH(1,1) results together with the observed volatilities over time for the 

three Bronx call groups. The corresponding graphs comparing the actual and GARCH volatilities in 

Manhattan and Brooklyn are provided in Figures D1-D6 in Appendix D. The results highlight 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 can be, which is 

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

 
Figure 2 (a). Bronx increased calls ï Actual vs. GARCH(1,1) with the correlation 0.93 

 

 
Figure 2 (b). Bronx decreased calls ï Actual vs GARCH(1,1) with the correlation 0.92 



 

43 

 

  
Figure 2 (c). Bronx pandemic induced calls ï 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 in Table 10. The 

average correlations are 70% in Brooklyn, 91% in the Bronx, and 75% in the Manhattan call groups. The 

volatility model fitted to the Bronx call groups provides the best fit compared to the other boroughs. The 

significant correlations between fitted and observed volatility values indicate a GARCH model can fit a 

good model to predict return volatility, and thus that it can accurately predict time-variant volatility in 

service demand.  

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

 Brooklyn            Bronx  Manhattan 

 Increased Decreased 
Pandemic 

induced 
Increased Decreased 

Pandemic 

induced 
Increased Decreased 

Pandemic 

induced 

Correlations 0.57 0.65 0.88 0.93 0.92 0.89 0.76 0.58 0.91 

 

2.6.4. Cross-validation of GARCH predictions 

We now perform a backtesting method to cross-validate the volatility predictions. We perform Value at 

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

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

managers use backtesting to ensure that the actual loss does not exceed the expected loss at a given 

confidence level. In our context, we define loss as the deviation from expected volatility since both over- 

and under-estimation may result in inefficient use of resources. 



 

44 

 

In the literature, the VaR method is known for monitoring and quantifying the 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 

approach, the actual observations under and above the desired confidence levels are considered 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 exceedances should not exceed one minus the confidence level in the VaR 

model. 

The fitted GARCH model can be used to measure the number of exceedances. The VaR backtesting 

model divides the dataset into estimation and test windows. The estimation window is used for predicting 

a loss function with fitted GARCH model parameters. 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 2015 until December 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 into the VaR 

calculation, and the one-day 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 in the VaR graph in Figure 3 represents the daily forecasted VaR 

given by the GARCH models at the 95% significance level for (a) Brooklyn-increased, (b) Brooklyn-

decreased, and (c) Brooklyn-Pandemic-induced call groups, respectively. Red points refer to actual losses 

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) Brooklyn-increased (b) Brooklyn-decreased 

(c) Brooklyn-Pandemic-induced call group, respectively 

 

Table 11 presents the summary of the VaR analysis output for each dataset. The first two columns 

provide the significance level and the 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 results. The Kupiec Test examines unconditional coverage with 

the null hypothesis of the VaR model having correct exceedances. The Christoffersen test looks at the 

conditional coverage with the null hypothesis that the VaR model has correct exceedances and 

independence of failures. 

Table 11. The summary of VaR analysis results  

 

Alpha 
Expected 

Exceed 

Actual VaR 

Exceed 
Actual %  

Kupiec Test 

(p-value) 

Christoffersen 

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* 

Manhattan - 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 Induced 
0.010 3.2 2 0.005 0.345 0.633* 

0.050 18.2 24 0.066 0.183 0.075* 
     (*: p-value <=0.05) 

 

The VaR model 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 Brooklyn-increased call group with alpha=0.05 indicates that the actual number of exceedances is 

slightly more than expected. However, the difference still is not very much. The previous validation analysis 

also signaled a loose fit of the Brooklyn-increased call group, with the smallest correlation of 0.57 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 backtest results, we 

conclude that the fitted GARCH model 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 days. Service 

demand can be uncontrollable for a system but manageable if correctly forecasted and if actions are taken 

accordingly. Volatility is a service demand behavior that can be 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 operations. Managers 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 system. Our study highlights that a system loses its steady functioning when a disaster impacts its 

service area, which may increase demand volatility. Moreover, a disaster affects not only disaster-related 

requests but also requests for other regular services of a municipal service system since the state of 

emergency 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 disasters (Kennedy, 2015; OôBrien, 2016; Pamukcu & Zobel, 2021; Kianmehr & Pamukcu, 2022).  

Building upon the prior investigations, this study points out how a long-term slow-onset disaster 

prevents the system from quickly returning to standard service demand patterns as the disaster continues to 

evolve and dynamically affects the 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 during such slow-onset 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 periodically 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 types. Public service 

systems, such as the 311 system examined in this study, collect and address different types of service 

requests that do not necessarily have similar demand patterns over time. A variety of municipal non-

emergency service categories receive diverse numbers of requests with different frequencies, and these 

systems are complex and 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 differentially affected and highlights the 

value of separating request types with differential impacts during a disaster while predicting their volatility 

behavior. Predictions only accounting for the overall service demand might not accurately reveal the distinct 

volatility patterns in different service types. Service 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 socio-economically different 

backgrounds. The demographic and socioeconomic background of individuals affects the type and amount 

of need they have for public services, which becomes even more apparent if their location is prone to the 

adverse effects of a disaster. Examining the non-emergency service needs of different populations across a  

service area informs local government bodies about differential needs across communities. Monitoring 

daily service demand patterns for different service types helps build important knowledge about how these 

systems can be improved to better address the varying needs of people with diverse vulnerability 

backgrounds.  

Our study points out that demand behavior differs in different municipal boroughs where 

socioeconomically diverse populations reside. We introduce the CDCôs Social Vulnerability Index as a way 

to differentiate populations across boroughs in terms of alternative vulnerability themes. Managers can 

build on this by adopting alternative methods or more up-to-date knowledge about differential vulnerability 

backgrounds in their service region.  

Systems like NYC311 are advantageous in terms of their standardized and detailed documentation of 

service requests. Having such a well-documented 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 request's associated borough, even if the street address of the requestor is missing.  

Our study thus demonstrates conducting volatility analysis and forecasting at the municipal borough level 

to reveal 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 this reason, individual 

311 systems should pay attention to properly documenting service requests, in order to provide support for 

such analyses. 

2.8. Conclusions 

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 slow-onset disaster. This provides an 

approach for mitigating and managing service productivity during a crisis by focusing on one essential 

aspect of the Theory of Swift, Even Flow in this context: managing the variability in service demand. The 

proposed time series model can capture the longitudinal and dynamic impacts of a long-term disaster for 

better service performance management. We specifically applied our empirical analysis to investigate the 

effects of the COVID-19 pandemic, a representative long-term disaster, on the daily non-emergency service 

request behavior of New York City residents. 

This paper first presents a descriptive analysis to point out the multidimensionality in the NYC311 

systemôs reactions to a disaster considering the change in service needs in the aftermath of the pandemic 

announcement. Introducing such differential impacts 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 demand volatility in 

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 slow-onset disasters, considering the citizensô multidimensional reactions to 

different municipal services. Additionally, this study 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 historical data in the 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 volatility in 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 method is generalizable to other types of long-term 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 of service providers. One other disaster example could 

be extreme weather events caused by climate change which started to occur more frequently in certain 

regions in certain seasons, for example, the heatwaves and the wildfires on the West coast of North America. 

Although individual events can be considered short-term events, they tend to happen more frequently and 

often in conjunction with each other. A long-term investigation considering certain seasons with higher risk 

and higher impact due to climatic events can help decision-makers 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 collect and address complaints or service needs. 

For example, this study can be extended to other public service centers, such as a 911 emergency call system 

which probably experiences highly volatile service demand during disasters. As a future 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' emergency and non-emergency 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 (Period-II)  
Test group Test period Dickey-Fuller test statistic p-value 

Manhattan     

Increased   
II  -31.9 0.01** 

Decreased  

II  -31.7 0.01** 

Pandemic-induced   
II  -33.6 0.01** 

Brooklyn    

Increased   
II  -37.2 0.01** 

Decreased   
II  -31.9 0.01** 

Pandemic-induced   
II  -36.2 0.01** 

Bronx    

Increased   
II  -39.7 0.01** 

Decreased   
II  -29.4 0.01** 

Pandemic-induced   
II  -31.1 0.01** 

Queens    

Increased   
II  -33.1 0.01** 

Decreased   
II  -36.1 0.01** 

Pandemic-induced   
II  -37.4 0.01** 

      (**: p -value <= 0.01) 

2.11. Appendix B. ARMA and ARIMA model formulations  

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

create a complete model (a generic ὃὙὓὃὴȟή equation is illustrated in Eq. (1)). 

ὣ ‎ὣ —‭ ὧ               ρ 

The first component is the generalized Autoregressive model ï ὃὙὴ ï it uses ὴ lag variables to build 

a linear function of an output variable based on the previous values as lag variables. The second component 

is the generalized Moving Average model ï ὓὃή ï it uses ή lag error terms to utilize 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 time t-j is ‭ ȟ and c is a constant value. ὃὙὓὃὴȟή 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, ὃὙὓὃὴȟή assumes a constant variance meaning that the probability distribution 

remains constant over time. 

The general Autoregressive Integrated Moving Average model ï ὃὙὍὓὃὴȟὨȟή ï extends the previous 

equation and deals with the non-stationary data with differencing, which allows potentially stabilizing the 

mean of the time series to remove trends and seasonality. ὃὙὍὓὃὴȟὨȟή based on p autoregressive and q 

moving average terms with d degree differencing can be represented in Eq. (2) as follows: 

ὣ ὧ  ‎ὣ —‐         ς 

2.12. Appendix C. Number of service requests in NYC boroughs 

 
Figure C1. Daily number of service requests per call group from Manhattan  

 

 
Figure C2. Daily number of service requests per call group from Brooklyn  
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Figure C3. Daily number of service requests per call group from Bronx  

 

 

2.13. Appendix D. GARCH Volatility predictions  

 
Figure D1. Manhattan increased calls ï Actual vs GARCH(1,1) with the correlation 0.76 

 

 
Figure D2. Manhattan decreased calls ï Actual vs GARCH(1,1) with the correlation 0.58 
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Figure D3. Manhattan pandemic induced calls ï Actual vs GARCH(1,1) with the correlation 0.91 

 
Figure D4. Brooklyn increased calls ï Actual vs GARCH(1,1) with the correlation 0.57 

 

 
Figure D5. Brooklyn decreased calls ï Actual vs GARCH(1,1) with the correlation 0.65 
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Figure D6. Brooklyn pandemic-induced calls ï Actual vs GARCH(1,1) with the correlation 0.88 

 

2.14. Appendix E. VaR forecasts for 2021 

 
Figure E1. Bronx increased calls 

 
Figure E2. Bronx decreased calls 
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Figure E3. Bronx pandemic-induced calls 
 

 

Figure E4. Manhattan increased calls 

 
Figure E5. Manhattan decreased calls 
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Chapter 3: Uncovering challenges in maintaining the operational 

performance of public service systems during long-term disasters 
 

Abstract 

Disasters impact communities differently due to geographical and socio-economic vulnerabilities and 

inequalities, which diversify amounts and types of public service needs. Understanding the varying needs 

of communities that rely on government services helps decision-makers 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 long-term disaster, given that citizens seek municipal services 

in varying types and volumes due to pre-existing vulnerabilities and the changing severity and exposure of 

the disaster over time. We demonstrate an event study to examine how a public service system responds to 

changing service requests of citizens during a long-term disaster. We point out substantial differences in 

demand volumes and the corresponding service speed to communities with different vulnerability 

backgrounds. We perform empirical analysis 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 COVID-19 pandemic as a specific type 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 long-term disaster and to support maintaining or improving response 

and recovery by equitably addressing the needs of different vulnerability groups. 

Keywords: Public service systems, 311, Non-emergency services, Time Series Regression, Event Study, 

Resilience 
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3.1. Introduction  

Every year, many public, private, and non-profit 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 disaster may negatively affect the continuity and effectiveness of service delivery. The 

recent severe disasters such as the September 11th terrorist attacks in 2001, the Indian Ocean tsunami in 

2004, hurricane Katrina in 2005, and the earthquakes in Haiti and Chile in 2010 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 in the Disaster Operations Management field (Bhamra et al., 2011; 

Sahebjamnia et al., 2018). 

Historically, organizations have overwhelmingly been challenged by disasters sudden in onset, such as 

flooding, earthquakes, wildfires, etc., where the mitigation and management efforts primarily target 

absorbing and adapting to the effects of such sudden-onset events (Staupe-Delgado, 2019). On the other 

hand, slow-onset disasters were not always a short-term concern for disaster planning since their severity 

and immediate impact are generally invisible compared to their sudden-onset counterparts. 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 have started to grow (Cole et al., 2021). The 2021 North American Winter Storm and the 2021 

Western North America heat wave are the two recent examples of extreme weather events linked to the 

effects of climate change (Kianmehr & Pamukcu, 2022). 

Another slow-onset disaster, the recent deadly coronavirus pandemic that spread worldwide in 2020, 

has brought new challenges into the disaster operations management 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 of slow-onset disasters like climate 

change and pandemics and their variable impact for more extended periods of time, novel disaster planning 
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and management methods have become highly necessary to cope with their dynamically changing risks and 

deadly consequences spread over a longer disaster management cycle (Cole et al., 2021; Yamori & Goltz, 

2021). 

While the disasters have been compelling, organizations seek more ways to improve their resilience 

capacity to respond to emerging events effectively and reduce the loss and recovery time as much as 

possible. Absorptive and adaptive capacities are two fundamental system capacities to enhance the disaster 

resiliency of a system (Vugrin et al., 2011, 2015). While the absorptive capacity represents a systemôs 

ability to absorb the effects of disruption and reduce consequences with only a little endogenous effort, 

adaptive capacity is dynamic and involves continuous adjustments in functioning with some effort to turn 

back to the system's steady state (Nohrstedt, 2015). 

Government services are among the critical sectors that carefully plan and manage emergencies due to 

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 government service 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, or workspace), 

allocating limited resources to proper tasks becomes even more challenging when responding to an 

emergency. Besides these existing difficulties in organizationsô disaster planning and management, 

consideration of long-term and evolving effects of slow-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 socio-economic 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 eventôs severity but also from the incapability of communities to self-protect their lives, 

livelihoods, and goods. Already vulnerable groups are most likely the ones who need information and relief 

the most during disasters (Nguyen et al., 2021). Thus, understanding the varying needs of people helps the 
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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 operations during a long-term 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 adaptation efforts as the long-term 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 manage operations 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 of the dissertation focused on understanding the service demand behavior during 

a long-term disaster. It presented a 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, and revise 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 service demand as the input for this system. 

We closely examine a representative service system that has been successfully managing a challenging 

slow-onset disaster, the COVID-19 pandemic, so far. The findings in the first paper helped us to understand 

why service performance may be challenged during such a long-term 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 describe how the demand 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 long-term disaster impact the daily service demand of people and the corresponding 

speed of service 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 long-term disaster? 

RQ3: How do the dynamic disaster risk factors impact public service performance over time? Does service 

demand volume mediate the impact of a long-term disaster on service response time? 

 

In order to address the posed research questions, we examine a representative public service system 

that experienced the long-term effects of a slow-onset disaster and we choose the COVID-19 pandemic as 

an example of a long-term disaster causing multiple disruptions in the public service systemôs operational 

performance over time. We use the public dataset of 311 non-emergency service calls made in New York 

City to empirically analyze the daily volumes of service requests and the corresponding service response 

speed. First, we examine the structural change in service demands of citizens due to a long-term disaster 

and the significant shift in response time using an event study approach. We then perform several time 

series analyses to identify significant contributors to the change in the call systemôs speed in service 

response. We identify the communities with the highest and lowest vulnerability scores in New York City 

based on the Social Vulnerability Index of the CDC (Centers for Disease Control and Prevention) to 

investigate discrepancies in the service needs of populations with different vulnerability backgrounds 

during a long-term health disaster. This study only considers the impact 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 practice. First, 

this research distinguishes slow-onset disastersô dynamic and static risk features. It contributes to the 

literature by framing disaster risk in a slow-onset disaster context, which is not a common practice. Second, 

we align empirical findings with the resiliency of a public service system and provide insights into how a 

systemôs adaptive and absorptive capacities could help maintain necessary operations and services during 

a long-term crisis. Third, we emphasize the need for a careful examination of social vulnerabilities in a 
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public sector operations context since pre-existing inequalities elevate disaster impacts and diversify the 

needs of communities. Accounting for the vulnerabilities across the population may help decision-makers 

to maintain efficient and equitable service provision during emergencies. Last but not least, we present a 

time-series method to forecast future response times in case of long-term disasters by including dynamic 

disaster risk factors as exogenous variables. 

The remainder of 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 followed by the methodology 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 collection. 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 potential for improving its internal resilience capacity, 

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 non-emergency system reactions to disasters  

Local governments manage public services aiming for convenient access and improved communication 

with their citizens to support public well-being (OôBrien, 2016). Several local government service systems 

are available worldwide to help with emergency and non-emergency 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 for transportation in the United States and Canada, 114 

14 is a hotline for non-emergency police matters in Sweden, and 116117 is a nonurgent medical assistance 

helpline effective in European countries (Zobel & Pamukcu, 2022).  
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This study focuses on 311 non-emergency call systems, which were initially created to reduce the 

burden on the 911 emergency helpline due to many calls about non-emergency issues (Schwester et al., 

2009). Although 311 systems focus 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 citizens (OôBrien, 2016; Pamukcu et al., 2021).  

Public service systems have long been proven invaluable in effective disaster management during 

historical disaster events (Pamukcu et al., 2022). Public 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 up-to-date and reliable information directly from authorities. Both citizens 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. Research Hypotheses  

Disasters interrupt a public service systemôs functioning, 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 first apply an event study approach to show that an intervention due to a disaster 

can be visible on a service systemôs demand and/or response patterns. This effect may cause a temporary 

or permanent change according to how the system adapts itself during or in the aftermath of the crisis. In 

our first analysis, we question if longitudinal 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 long-term disaster causes a structural change in the daily public service 

demand pattern over time. 

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

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

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

moves to a new stage where the service needs are no longer the same, and the systemôs response to needs 



 

69 

 

is also different. The potential risk and loss in performance due to a disaster are primarily determined by a 

systemôs vulnerability and resilience capacity, where pre-existing vulnerabilities amplify the risk but can 

be mitigated by its resilience capacity (Lei et al., 2014). While examining how a long-term disaster might 

affect the performance of a service system and how its adaptation strategies may help 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 likelihood of the event 

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). In the context of a long-term 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 or 

dynamic factors depending on if they are affected by the disaster and change over time. While vulnerability 

represents the constant risk factor, the likelihood of a disruption and disaster exposure are defined as the 

dynamic risk indicators. The diagram in Figure 1 explains the relationships between exogenous disaster 

risk contributors of a long-term disaster and the service systemôs operational performance.  

Disasters may affect communities differently due to geographical and socio-economic inequalities, 

especially in urban areas, leading to different amounts and types of service needs (Nguyen et al., 2021). In 

general, socially vulnerable populations are at higher disaster risk due to insufficient access to financial 

support, medical care, nutrition, and transportation (Karaye & Horney, 2020). In our study, we consider 

vulnerability as the constant disaster risk factor, which is determined based on the pre-existing 

geographical, demographic, and socio-economic characteristics. 



 

70 

 

 

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 human condition and reduce their losses (Cutter et al., 2003). In 

contrast, from the organizational perspective, communities correspond 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 request behavior of 

community groups with varying levels of vulnerability.  

In our research framework, vulnerability is assumed as a pre-disaster risk feature that does not change 

over time. So, we perform a comparative analysis using the population areas with different vulnerability 

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 long-term disaster such as a pandemic, systems experience multiple disruptive shocks at 

varying levels due to the changes in the severity of the event. In that sense, slow-onset disasters differ from 

their sudden-onset counterparts, which commonly cause a single severe shock, and their direct and indirect 
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effects are observed in the aftermath of the event. In contrast, the impact of a slow-onset event starts with 

the first shock; however, the overall effect does not merely depend on that single shock but on multiple 

shocks during an uncertain time window.  

In this study, we focus on a pandemic which is a long-term slow-onset 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 from both its severe health consequences and the secondary effects 

of lockdowns, isolation, and loss of income (Negret, 2020). Lockdowns and temporary closure of 

nonessential businesses are examples of the precautions that enormously affect social and economic lives.  

We consider mayoral executive orders related to the pandemic as triggering events; in other words, 

disruptive shocks to the service system since these orders restricted or relaxed specific cautions that 

significantly changed peopleôs daily activities and needs. In addition to the announced executive orders, 

daily updates on the number of cases, hospitalizations, and deaths continuously inform both organizations 

and vulnerable community groups about exposure to the health emergency.  

Given the changing long-term disaster risk over time, we present long-term emergency risk as a 

dynamic function of constant and dynamic risk features. We choose 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 presented hypotheses help us to picture how a successfully operating service system has been 

affected by a pandemic and how current adjustments in capacities and adaptation strategies enabled this 

system to overcome dynamic changes in service demand and response over time. Surprisingly, as we deepen 

our analyses by looking at different vulnerability groups 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 an applied research field where researchers have traditionally focused 

on developing predictive or prescriptive analytical models to guide organizations about what they should 

do for effective and efficient operations management (Balcik & Smilowitz, 2020). Recently, researchers 

have started to also pay attention to understanding what organizations are doing in reality and why. The 

increasing availability of wide-scale big data and fast-growing data processing and analysis techniques 

allows the investigation of the impact of current managerial actions using observational data in empirical 

methodologies. Additionally, real-world empirical data helps overcome challenges due to restrictive 

assumptions in traditional analytical models, often criticized as being less practical (Choi et 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 time (Ho 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., 2020). This study highlights the increasing 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 assurance (Boland & Fowler, 2000). Public sector 

performance quantification differs from its 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 substantial ground in the empirical OM field, including community services (e.g., 

public library and postal services), humanitarian relief operations, and health and social services (Balcik & 

Smilowitz, 2020). The event study methodology is appropriate to quantify the abnormalities in the flow of 

services and the systemôs performance due to a disruption.  
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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 well-known in empirical estimations of the 

expected financial and market values (e.g., stock returns) due to abnormal system behavior observed after 

a disruptive event (Hendricks & Singhal, 2005; Terwiesch et al., 2020) as well as being frequently used to 

quantify negative impacts on the operational performance of a firm (Hendricks & Singhal, 2005; Ambulkar 

et al., 2015).  

Intervention (or interrupted) time series analysis is an event study method used in time series 

econometrics or regression-based models. Intervention analysis accounts for before-after trends in a time 

series and is used to study the effect of the external intervention (an event) on a time series over time. 

3.4.2. Seasonal ARIMAX Model  

In this study, we 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 

autoregressive integrated moving average (ARIMA) model with seasonal components and additional time-

varying variables (covariates) in either categorical or numeric format.  

The ὛὃὙὍὓὃὢὴȟὨȟή ὖȟὈȟὗ  is based on ὴ autoregressive and ή moving average terms with Ὠ 

degree differencing in the non-seasonal part, and ὖ autoregressive and ὗ moving average terms with 

Ὀ degree differencing in the seasonal part of the model, where ά is the 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 that ὸ represents the period of time (e.g., a day) and ώ is the dependent variable of interest at 

time t, the ὛὃὙὍὓὃὢὴȟὨȟή ὖȟὈȟὗ  model can be formulated as follows: 

ώ ȟ ὧ  ‎ώ —‭ ɮώ –‭  ♪╧ ‭        ρ 
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where ‎ and — are the coefficients of the autoregressive and moving average components of the non-

seasonal part, and ɮ  and – are the coefficients of the autoregressive and moving average components of 

the seasonal part, respectively. ╧ represents the vector of exogenous variablesȟ‭ is the error term for time 

t and c is a constant value. Previously, the ARIMAX model has long been used for time series prediction 

on disaster impact and recovery (Jalalkamali et al., 2015; Aji et al., 2021; Charles & Corley, 2021). 

3.5. Data Description 

3.5.1. The area of interest 

As discussed above, our study focuses on the New York City 311 (NYC311) non-emergency call 

system performance during the COVID-19 pandemic. New York City is one of the most diverse cities in 

the United States, with the highest population density in terms of social and economic characteristics (Zobel 

et al., 2018a). NYC has five boroughs: the Bronx, Brooklyn, Manhattan, Queens, and Staten Island. The 

NYC Department of City Planning has created 59 community districts within the city boundaries, each with 

a population range from 50,000 to over 200,000 (Citizensô Committee for Children of New York, 2019). 

 

Figure 2 The NYC PUMAs and populations based on the 2018 American 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 define 55 statistical 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 PUMAs and their populations are illustrated on a heat map in Figure 2. 

3.5.2. The New York City 311 service request data 

New York City has one of the most comprehensive non-emergency call systems in the U.S., linking 

New Yorkers to various municipal services. The NYC311 call system has been effectively using e-

government applications to reach out to its citizens since 2003 (Idicheria et al., 2012). Today, people can 

access the NYC311 system via multiple modes, such as through the website, text message, phone call, 

skype call, social media, or smartphone app. Additionally, its online service has 50 language options, and 

the phone call service has 175 language options to encourage all citizens to participate and keep in contact 

with the municipal services. Furthermore, the Video Relay Service (VRS) and Text Telephone options are 

also available for people who are deaf, hard of hearing, or speech-impaired.  

Considering that the NYC311 call system has a solid foundation with its successful e-government 

implementations, one can expect that NYCôs municipal non-emergency call system has a reasonably high 

resilience capacity. With this in mind, we empirically discuss 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-19 pandemic, which allows us to discuss the internal disaster 

resilience capacity of the system.  

The NYC Open Data initiative enables free access to 311 data for public use to improve the local 

governmentôs accessibility, transparency, and accountability1. In the NYC311 dataset, each call entry 

consists of fundamental attributes such as the complaintôs exact time and date, the corresponding agency, 

the complaint type, the incident address, the borough, the district, and the resolution update. Pamukcu and 

Zobel (2021) provide a detailed list of available attributes. Given the incident creation and closure dates for 

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

 
1 https://opendata.cityofnewyork.us/ 
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(service response time)i = (incident closure date)i ï (incident creation date)i 

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 COVID-19 pandemic, the complete set of NYC 311 

service request data was downloaded for the period between January 1st, 2015 and December 31st, 2021. 

Our empirical analysis uses the 311 service call data and compares the 2020-2021 data against the call 

volumes and service response times in the pre-disaster period. 

The service requests with missing information and zero or negative service times are removed in the 

data cleaning process. For example, in the entries with ñPendingò status, the incident creation date comes 

after the incident closed date, which does not make sense. Additionally, the entries with zero service times 

are assumed to be a repetition of the existing complaints, or to be non-actionable service requests, and 

therefore they are also removed. Furthermore, resolution times for each call vary from seconds to months. 

A few entries with a response time calculated as more than a year are removed from the dataset, assuming 

that these entries are no longer addressed or were not updated by mistake. Lastly, to obtain an equal number 

of observations (days) per year, 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 -19 infections and executive orders   

Recent studies highlight the substantial variations in the spreading and outcomes of the COVID-19 

pandemic across communities due to pre-existing inequalities and vulnerabilities (Gaynor & Wilson, 2020; 

Khazanchi et al., 2020). The severity of the crisis and the outcomes are found to be highly dependent on 

the existing inequalities in the population (Protecting NYCôs Most Vulnerable Populations During COVID-

19, 2020). These studies point out some groups suffering more seriously from the pandemic, such as 

communities of color, low-income residents, people living in poverty, single-parent families, unemployed 

people, and seniors (Gaynor & Wilson, 2020; Khazanchi et al., 2020). 
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The United Nations Office for the Coordination of Humanitarian Affairs (OCHA) defines a pandemic 

as a slow-onset disaster that arises over time and varies in its impact (2011). The novel COVID-19 pandemic 

is a severe global health crisis initiated in 2020 and has caused more than 6 million deaths globally as of 

September, 20222. In addition to direct health consequences, due to its rapid spread, the normal functioning 

of almost all services, such as health, education, production, transportation, and tourism are disrupted by 

the coronavirus pandemic. Restrictive orders are declared in country or local levels, including lockdowns, 

travel bans, stay-at-home orders, and face mask regulations, to decelerate disease spreading and minimize 

the demand for possibly limited healthcare resources (U.S. Department of Health and Human Services, 

2020). In our empirical analyses, the daily confirmed positive COVID-19 cases in NYC represent the Cityôs 

exposure to the pandemic. The open access data on confirmed COVID-19 cases were pulled from the NYC 

Department of Health website3, where the NYC Department of Health has been reporting up-to-date 

information on daily numbers of confirmed cases since February 29, 2020.  

Mayoral emergency executive orders are essential for the disaster management of a city because they 

inform and regulate citizen behavior. These orders are public announcements of emergency-related 

regulations and directives. In the case of a pandemic, emergency executive orders include lockdowns, travel 

bans, stay-at-home orders, social distancing regulations, and face-covering requirements. The New York 

State Office of the Governor declared 113 pandemic related executive emergency orders by the end of 

December 31, 2021, starting from the State of Emergency Declaration on March 7, 2020. Each COVID-19 

related executive order first summarizes the previous announcements starting from the emergency 

declaration, then either explains the new restrictions or relaxations such as Closure of Nonessential 

 
2 https://covid19.who.int/ 
3 https://health.data.ny.gov/Health/New-York-State-Statewide-COVID-19-Testing/xdss-u53e 
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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 of the Office 

of the Governor4. We formed a dichotomous time series variable based on the dates of the executive orders 

during the pandemic, each representing the likelihood of new disruption in the system. In addition to this 

dichotomous variable, we further created another time series variable, where the value on any given day is 

a function of time and of the announcement of an executive order, as formulated in Eq. (2):  

Ὁ ÍÁØ ὕȟύὕ         ᶅὸɴ ρȟȣȟὝ (2)

Here Ὁ represents the effect of an executive order at time ὸ, ύ denotes the weight of announcing the 

executive order Ὥ periods before the current time ὸ, where ὕ is a dichotomous variable that takes the value 

of one if an emergency executive order is announced at time ὸ, or zero otherwise. In the scope of this study, 

we use these defined variables to examine the impact of the timing of messaging on the citizensô municipal 

service request behavior.  

3.5.4. Weather data 

The previous research on non-emergency service demand prediction suggests introducing 

climatological data in time series models, which are proven to be significant predictors of daily call volumes 

(Zha & Veloso, 2014; Zobel et al., 2018). The historical climatological data was collected from the National 

Weather Service website5. The 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 variables and potential predictors of service volume and response times. The 

weather dataset covers the period from January 1, 2015 to December 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 also collected information about the annual personnel capacities and overtime payments from the 

annual performance report of NYC 311 Customer Service Center through the NYC government website6. 

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 annual overtime 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 and Prevention (CDC) identifies populations that are socially and 

economically more vulnerable to the impacts of health crises and other kinds of disasters to help healthcare 

professionals and emergency response officials (SVI 2016 Documentation CDC, 2016). The Social 

Vulnerability Index (SVI) of the CDC quantifies the relative social vulnerabilities of populations in the 

United States. SVI is a ranking based on social variables that are grouped into four related themes: (1) 

socio-economic status, (2) household composition & disability, (3) minority status & language, and (4) 

housing & transportation. Although the recent SVI was developed before the COVID-19 pandemic, 

analyses indicate significant correlations between the social vulnerability features used by SVI and the 

confirmed numbers of COVID-19 cases and deaths (Jernigan, 2020; Negret, 2020).  

Comparing community groups with different pre-existing 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 backgrounds of people, 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 repository7 for New York State at the census tract level based on the 2014-2018 

American Community Survey (ACS) 5-year data.  

To explore the significance of differences in service request behavior of vulnerable community groups 

with diverse socio-economic backgrounds, we identify the Public 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 are assumed as the averages of SVIs of census tracts within each 

PUMA. Vulnerability scores by NYC PUMAs are illustrated in Figure 3, where the PUMAs with the 

highest and lowest scores are highlighted in blue and orange colors, respectively. The five PUMAs with the 

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 areas for comparative analysis. Figure 4 indicates the selected two 

population areas represent groups with significantly different vulnerability backgrounds. 

 

Figure 3. CDC SVI by PUMAs (averages of census tract SVIs by each PUMA). Blue represents the highest 

five scores (PUMAs with highest 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 Registry/ Geospatial 

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. Box ï 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, we now analyze if the daily disruption likelihood and exposure 

substantially impact the service demand of communities with different vulnerability backgrounds and how 

such fluctuations in service demand affect the daily service response times. The following discussion first 

provides a descriptive analysis of the data. We then conduct 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 for each 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 vulnerability scores, (3) the service requests by PUMAs with low vulnerability scores 

and (4) the service requests received by all PUMAs that are not directly related to the ongoing disaster. The 

last group only includes the ñregularò categories which collect requests not directly related to the ongoing 

pandemic crisis. In other words, service categories that were newly created in order to address pandemic-

specific needs of the people are removed from the dataset. The excluded categories are non-emergency 
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police matter, noncompliance with phased reopening, consumer complaint, mass gathering complaint, and 

COVID-19 non-essential construction. 

The overall dataset covers the time frame from 01/01/2015 until 12/31/2021. The period before 

01/01/2020 represents the before-event (pre-pandemic) period, and after 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 of 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 impact has already 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 15331.5 

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.  

 

Figure 5. The daily total number of calls and corresponding 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 versus the corresponding daily 

average response times is illustrated in Figure 5, where a structural change in the time series can be seen 

starting from 2020. The visualization of service demand and the systemôs performance in response signals 

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

Figure 6 highlights the yearly change in the daily average number of requests versus the corresponding 

daily average response times for high and low-vulnerability groups. The graph indicates that although the 

historically high vulnerability group tends to request non-emergency services more, during the pandemic 

period their service demand increased significantly more than that of the low vulnerability group. The 

statistics show that the system was able to decrease average response times despite this increased service 

demand, however the most vulnerable group, who are most in need of services, received a relatively slower 

response than the less vulnerable population. 

3.6.2. Time series intervention analysis 

As the first analysis of this paper, we conducted an intervention analysis to determine if a longitudinal 

disaster caused a structural change in both the number of calls and the daily average resolution times of the 

system. First, we performed a breakpoint analysis to compute the optimal breakpoints in the given time 

series, indicating when a structural change started. We used the breakpoints() function of R in the 

strucchange library to compute optimal breaks and chose the points that minimize 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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Figure 7 visualizes the response time data with breakpoints, which are represented as dashed lines with 

confidence intervals included at the bottom of each line. The average resolution time data has five 

breakpoints based on the optimal model selection criteria (BIC=6.086e+04 and RSS=1.4-5e+14). Figure 7 

indicates that the time span between two breakpoints is approximately equal to one year, and the response 

structure slightly differs in each time span which may depend on the operational decisions and capacities 

determined for the given period. Although the breakpoints are not precisely at the start of each new year, 

the confidence intervals generally cover the beginning of a year. This strengthens our argument that 

operational decisions may be the reason for structural changes in the response 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 in the request behavior of citizens in 2020. Figure 8 visualizes the total number of calls 

over time with optimal breakpoints calculated (based on BIC=3.951e+04 and RSS=8.465e+09). Although 

there has been a slightly increasing trend in call numbers over the years (see Figure 5), the increase in 2020 

is far more than expected and is caused by the expanding service and information needs of people during 

COVID-19 (Pamukcu and Zobel, 2021; Pamukcu et al., 2021). The second breakpoint is found after 2020 

and it is close to March 7th, 2020, when the ñState of Emergencyò was announced in New York. This 

breakpoint represents the first shock to the system due to the COVID-19 pandemic. 

 

Figure 7. Structural change in average daily resolution times over time 



 

86 

 

 

Figure 8. Structural change in the total number of calls over time 

The breakpoint analyses support our first hypothesis, H1a, that a long-term disaster causes a structural 

change in daily service demand patterns. Although the analysis on the response time time series does not 

indicate a shift right after the declaration of the disaster, there is a positive change in response speed which 

started a couple of months before the disaster, and the system was able to maintain the improving pattern 

in service speed despite the increasing service demand during the crisis period. So, we conclude that given 

the empirical dataset, we do not have enough evidence to support H1b, i.e., a long-term disaster does not 

necessarily cause a structural change in the speed of service flow. Depending on the systemôs resilience 

capacity and its capability to adapt to the changing conditions, a system can maintain or even improve its 

performance under such conditions.  

3.6.3. Comparative analysis  

In this section, we conduct a comparative analysis on the system use and service performance of the 

two selected vulnerability groups before and during the disaster period. Figure 9 and Figure 10 illustrate 

the response times and the daily number of calls within the 311 system over time, respectively. A unique 

color represents the time series of each vulnerability group in each period to highlight the change in time 

series behavior in 2020 and the difference between the high and low vulnerability groups. 
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Figure 9. The daily average resolution times by vulnerability groups 

 

 

Figure 10. The daily number of calls over time by vulnerability groups 

In order to compare the service request behavior and corresponding response times for the selected two 

vulnerability groups, a series of two-tailed t-tests 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 response time per group per selected period of time. Period I covers the 

observations of five years starting from January 1st, 2015, whereas Period II covers the observations starting 

from January 1st, 2020 until the end of the year 2020. Period II includes the impact of the coronavirus 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 

vulnerability  

Low 

vulnerability  

Difference 
(high vs. low) 

High 

vulnerability  

Low 

vulnerability  

Difference 
(high vs. low) 

Period I 
(01/01/2015-

12/31/2019) 
623.6 461.8 161.8*** 

(p<2.2e-16) 
14418.2 15234.0 -815.8*** 

(p=2.6e-05) 

Period II  
(01/01/2020-

12/31/2020) 
1631.2 848.3 782.9*** 

(p<2.2e-16) 
12059.0 14403.8 -2344.8*** 

(p=2.6e-08) 

Difference 
(Period I vs. 

Period II) 
1007.6*** 

(p<2.2e-16) 

386.5*** 

(p<2.2e-16)  

-2359.2*** 

(p=5.7e-11) 

-830.2*** 

(p=0.0049)  
 

Table 2 first summarizes the results of comparing daily call volumes by vulnerability group and period. 

The Studentôs t-test results indicate 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 in Period I compared to Period II for both high and low 

vulnerability groups (p<2.2e-16). 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 Periods I and II 

(p<2.2e-16). The high vulnerability group requests almost doubled the low vulnerability group request 

volume in Period II. The test results support H2a that the change in service demand during a disaster 

compared to pre-disaster period significantly differs in populations with different vulnerability levels. These 

findings can be interpreted as greater vulnerability causing more demand for public services, which 

increases further during crisis times. Moreover, high call volumes by vulnerable groups signal that there is 

relative ease of accessibility for this system, even in socio-economically disadvantaged population areas.   

The right-hand side of Table 2 summarizes the results of comparing average response times. The 

average response times were significantly different for selected vulnerability groups in both Periods I and 

II, which supports hypothesis H2b. Despite the presence of more service requests received from the high 

vulnerability group, the system responded to their calls faster on average (p=2.6e-05 for Period I and 

p=2.6e-08 for Period II). Comparing the response times in Periods I and II indicates that the system was 
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able to respond to calls more quickly during the crisis period despite the significant increase in call volumes. 

The results point out the systemôs ability to adapt to the increased call volumes of 2020 and a further 

improvement in the service performance in high vulnerability areas. 

3.6.4. Time series model fitting   

Call center service operations studies have primarily focused on request arrival dates (Brown 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 since these arrival rates are serially 

correlated, and variability and seasonal patterns are predictable (Gans et al., 2003; Brown et al., 2005; 

Aldor-Noiman et al., 2009). In this study, however, we focus on the operational service performance of a 

public service system where we focus on the daily response times as the dependent variable of interest. We 

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 from t=1. Ὑ represents the 

average response time at day t.  

3.6.4.1. Time series modeling assumptions 

The daily response time data is additive, where trend and seasonal components exist. Generally, 

multiple seasonality exists for daily time series that cover a window of multiple years, including weekly, 

monthly, and quarterly or yearly seasonal trends. A common approach to defining multiple seasonality in 

a time series is introducing the data as weekly and defining dummy variables to represent the remaining 

seasonal patterns in the data (Gould 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 series 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 the data to be stationary. In order to test the significance of 

trend and weekly seasonal effects, we first applied a time series linear regression model to the response 
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time dataset, the results of which are provided in column I of Table 3. The regression results indicate that 

the trend and seasonal effects are statistically significant. This finding is further supported by the 

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test, a well-accepted and commonly used test with the null 

hypothesis that the time series has level or trend 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 12/31/2020) 

 I  II  

 Resolution Time ᶯLog(ResolutionTime) 

                Estimate (Std. Error)               Estimate (Std. Error) 

(Intercept) 1.140e+06  (1.314e+04)*** -1.26e-03  (1.5e-02) 

trend -1.123e+02  (6.572e+00)*** 1.39e-07  (7.3e-06) 

season2 -4.811e+04  (1.555e+04)***            -1.96e-03  (1.7e-02) 

season3 -3.846e+05  (1.555e+04)*** -5.86e-04  (1.7e-02) 

season4 -4.509e+05  (1.555e+04)*** -1.14e-03  (1.7e-02) 

season5 -3.241e+04  (1.555e+04)***     -3.65e-05  (1.7e-02) 

season6 7.289e+03  (1.555e+04)***          -2.79e-04  (1.7e-02) 

season7 1.407e+04  (1.555e+04)  **        -6.95e-04  (1.7e-02) 

Residual SE 194700*** 0.2137 

Multiple R -squared 0.5104*** 9.2E-06 

Adjusted R-squared 0.5088*** -0.003206 

p-values:  0 ó***ô 0.001 ó**ô 0.01 ó*ô 0.05 ó.ô 0.1 ó ô 1 

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 differencing to remove any linear and nonlinear trends as well as the 

seasonal effects that might be evident in the time series. The lag-d differencing operator ɳ  is defined as 

follows: 

ᶯὢ ὢ ὢ  

Generally, lag-1 differencing removes the trend, and lag-d differencing is used to deseasonalize data 

where d is the parameter defining the seasonal order. Accordingly, we first applied lag-7 differencing to 

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

transformed and differenced time series, indicating there is no substantial evidence to reject the hypothesis 
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that the time series is stationary (p-value>0.1). We further applied the Augmented Dickey-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. The results in column II of Table 3 indicate no remaining trends or weekly seasonal 

effects in the time series. 

Similar to the response time data covering all PUMAs, the initial time series data for both the high and 

low-vulnerability groups were nonstationary based on the KPSS Unit Root Test (p-value<0.01). The same 

approach explained above was followed to detrend and deseasonalize all resolution times for the two 

vulnerability group datasets. After performing the logarithmic transformation and lag-7 differencing, 

stationary time series were also obtained for each of these response time data sets. The transformation and 

differencing procedures for the high and low vulnerability group datasets are provided in Tables A1 and 

A2 of Appendix A. 

 

Figure 11. Time series 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 set, as illustrated in Figure 11, in order to explain that a 

linear model is not sufficient to explain variability in daily response time data. 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 plot signals significant autocorrelations among residuals in lag orders, 

especially at lag order 7, pointing out that the linear regression model is insufficient. The ACF indicates 

possible Moving Average (MA) effects. Furthermore, the significant autocorrelation at 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 that daily response time data indicates possible autoregressive and moving 

average effects of the time series. We also consider weather, capacity, and disaster-related exogenous 

variables as potential predictors of daily response time. Given these predictor and outcome variables, we 

build a Seasonal ARIMAX model to predict significant contributions of exogenous variables and future 

response times based on the built prediction model. The ὛὃὙὍὓὃὢὴȟὨȟή ὖȟὈȟὗ  model is based on p 

autoregressive and q moving average terms with d degree differencing in the non-seasonal 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 period. We follow an inductive method and add variables 

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 ╡◄ 
Exogenous variables   
 Daily number of calls ╝◄ 
 Daily number of calls per service capacity ╝╒◄ 
 Service capacity ╒◄ 
 Overtime payment ╞○▄►╟◄ 
 Public Holiday ╗▫■░▀╪◐◄ 
 Average Temperature ╣▄□▬◄ 
 Precipitation ╟►▄▬◄ 
 Snowfall ╢▪▫◌◄ 
 Month-of-year ╜◄ 
Disaster risk factors   

 Daily number of infections ╘◄ 

 Executive order likelihood ╞◄ 

 Executive order effect ╔◄ 
   

The prediction model details for the full dataset, and for the 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 we identified 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)7 

with AIC=-1796.3, AICc=-1796.3 and BIC=-1756.5. Model 2 then tested the effect of weather-related 

exogenous variables, with the results indicating that weather conditions are not significant predictors of 

service response performance. In 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, the model found 

them insignificant, except the dummy variable for 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=1686.9. In 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, respectively. Of these, only the executive order effect 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 -φȟ-χȟὉȟὔ ὉzȟÁÎÄ ὕὺὩὶὖȟ the best final model 

SARIMAX(1,0,2)(0,1,2)7 reduces the selection criteria to AIC=-1809.1, AICc=-1809.0 and BIC=-1740.8. 

The residuals that remained from the fitted SARIMAX model are presented in Figure B1 in Appendix B. 

The Ljung-box test result shows that the fitted model's residuals are random and normally distributed. The 

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

The fitted prediction model for full dataset does not support H3a that the daily disaster exposure and 

likelihood have direct impacts on the speed of service flow. On the other hand, with the same model, we 

 



 

94 

 

 

Table 5  Iterative inductive SARIMAX (1,0,2)(0,1,2)7 model building with full dataset (01/01/2015-12/31/2020) 

 
  

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) **  

ar1  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) *** 

ma1 -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) *** 

sma1 -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)             
 

M2 
  

 0.02 (0.02)       
       

M3 
  

-0.00 (0.02)        
       

M4 
  

 0.00 (0.02)        
       

M5 
  

 0.01 (0.02)                

M6 
  

 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) ** 
M7 

  
 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) * 

M8 
  

-0.00 (0.02)        
       

M9 
  

 0.01 (0.02)        
       

M10 
  

-0.00 (0.02)      
       

M11 
  

-0.01 (0.02)        
       

M12 
  

-0.00 (0.02)        
       

■▪╝◄ 
    

0.00 (0.00)       
     

╞◄ 
     

-0.01 (0.01)  
    

╔◄ 
      

-0.00 (0.00) * 
 

-0.00 (0.00) . -0.00 (0.00) . 

╘◄ 
       

0.00 (0.00) 
  

╝◄*╔◄ 
        

-0.04 (0.02) * -0.01 (0.01) . 

╞○▄►╟◄                    0.00 (0.00) . 

Ɑ 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 

AICc -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 -

Box test  

12.53 14.02 14.64 11.69 11.85 10.54 10.46 10.26 9.89 9.05 

LM test 48.19 ***     46.94 ***    50.51 ***   46.17 ***   46.20 ***   46.08 ***   46.92 ***   44.83 ***   46.20 ***   47.42 ***   

p-values:  0 ó***ô 0.001 ó**ô 0.01 ó*ô 0.05 ó.ô 0.1 ó ô 
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cannot reject hypothesis H3b that daily service demand (ὔ) mediates the effect of daily disruption 

likelihood Ὁ  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, we first fitted a SARIMA model 

without including any exogenous variables to find the baseline model and selection criteria. The best model 

(Model 1 in Table B1 in Appendix B) was found as SARIMA(1,0,2)(1,1,1)7 with AIC=432.38, 

AICc=432.44 and BIC=472.2.  

Then, we tested the weather-related exogenous variables to see their impact (Model 2). The high 

vulnerability group data results indicate that weather conditions significantly affect service response 

performance. The 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 response time.  

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 #10 that corresponds to October. Therefore, only M10 is kept in the 

exogenous variables set. At this point, the model selection criteria were improved to AIC= 409.91, 

AICc=410.38 and BIC=535.06.  

In the following iterations (Model 6-8), we tested the effect of the daily number 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 significantly. Table 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 

 ╗▫■░▀╪◐◄ ╣▄□▬◄ ╟►▄▬◄ ╢▪▫◌◄ M10 ╝◄*╔◄ ╝╒◄ 

╗▫■░▀╪◐◄ 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 

╟►▄▬◄ 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 

╝◄*╔◄ -0.03 0.02 -0.03 0.00 -0.01 1.00 0.25 

╝╒◄ 0.00 -0.04 -0.05 0.02 0.01 0.25 1.00 

Including all significant predictors, the best final model SARIMA(1,0,2)(1,1,1)7 reduces the 

selection criteria to AIC=388.47, AICc=388.67 and BIC=468.11. The residuals that remained from the 

fitted SARIMAX model are presented in Figure B1 in Appendix B. The LM test result indicates there is no 

heteroskedasticity in the remaining residuals, in other words, residuals have a constant variance with 

p>0.01. The Ljung-box test result shows that the fitted modelôs residuals are still not completely random, 

and the distribution slightly deviates from 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, the fitted 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 service demand 

(ὔ) mediates the effect of daily disruption likelihood Ὁ  on the speed of service flow.  

3.6.4.5. Prediction model for low vulnerability group data 

As with the model development for the high vulnerability group data, we first fit a SARIMA model to 

the low vulnerability group data without including any exogenous variables, in order to find the baseline 

model. For the first model, SARIMA(1,0,2)(1,0,1)7 is selected as the best with AIC=157.83, AICc=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 weather-related exogenous variables in Model 2. The results indicate that weather 

conditions do not significantly 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 for month #10 (October) was found significant, so 

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, AICc=155.59, and BIC=189.69.  

In the following iterations (Model 4-7), the significance of the daily number of calls, daily number of 

infections, executive order likelihood and executive order effect variables are tested, respectively. Only the 

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 (Model 8-9). Lastly, we 

included the call volume per capacity 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 correlations between selected 

variables (see Table B4 in Appendix B). 

The best final model SARIMAX(1,0,2)(1,1,1)7, with the selected exogenous variables, reduces the 

selection criteria to AIC=150.52, AICc=150.6 and BIC=201.72. The model is improved as the significant 

exogenous variables are introduced to model. The residuals that remained from the fitted SARIMAX model 

are presented in Figure B2 in Appendix B. The Ljung-box test result shows that the fitted modelôs residuals 

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 likelihood on the 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 data despite the lack of perfect 

information on the systemôs service capacity allocated to the selected specific call group. The introduced 

exogenous variables, including service demand, personnel capacity as a proxy to service capacity, and 

others, help fit a representative 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, we attempt to forecast future service performance without disaster 

intervention. The forecast represents the daily average response performance if the disaster does not occur 

and therefore does not affect the system. We used the pre-disaster period dataset from the beginning of 

2015 until the end of 2019 to forecast daily average response times for 2020 and 2021, given the full dataset, 

including all service requests from all PUMAs. We fit a new model since the underlying data set is different 

than that is used in the previous sections. The details on model parameters and validity test results are 

summarized in Appendix C. The disaster and capacity-related exogenous variables were not included in the 

prediction model, assuming that the disaster information was unknown and the capacity adjustment due to 

the pandemic was not made. Thus, the forecast is only based on the information available during the pre-

disaster period. This analysis helps to uncover deficiencies in current practice to point out further potential 

improvements in the systemôs operational strategies. 

 

Figure 12. Average response time forecast for 2020-2021 based on SARIMA (4,0,0)(0,1,1)7 model 
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Figure 12 illustrates the daily mean response times forecasting for 2020 and 2021 based on the full 

dataset. The comparison of forecasted and actual (observed) response times indicates that the actual 

response is mostly within the upper and lower bounds of the forecasted values. So one can argue that the 

systemôs actual service performance was not negatively affected dramatically, although the actual daily 

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, indicating that the system still lacks the ability to closely maintain target performance due to 

disruptive shocks during the disaster.  

Assuming that the forecasted response times are the target service performance for the system, which 

was not informed by the upcoming disruptive disaster yet, we measure the deviation of actualized response 

times from the target response times as follows: 

ὨὩὺὭὥὸὭέὲ  ὸὥὶὫὩὸ ὨὥὭὰώ ὶὩίὴέὲίὩ ὸὭάὩ ɀ ὥὧὸόὥὰ ὶὩίὴέὲίὩ ὸὭάὩ 

We refer to the negative departure from target performance as a ñloss,ò indicating the service speed is 

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 from January 1st, 2020 until December 31st, 

2021. The blue line in the figure indicates when the ñState of Emergencyò was announced. Since the request 

volumes have already started to increase since January 2020, the deviation from target service performance 

starts below zero at the beginning of the year 2020.  

Although the deviation is sometimes positive, indicating better performance compared to the target, the 

performance is highly volatile. It falls below the target line many times, indicating the system is not in a 

steady state in terms of service performance. Figure 13 also shows that loss decreases over time and the 

system starts to go back to its steady state and improve through the end of the analysis period. 
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Figure 13. The difference between the observed and forecasted response times based on only pre-disaster 

information  

We also present the deviations of actual response times from the 80% and 95% upper and lower 

boundaries of the forecasted values, as illustrated in Figure 14. The graph highlights that the worst-case 

forecast boundaries (80% and 95% upper bounds) were almost always above the observed values, indicating 

the actual service performance was still better than the expected worst-case performance during the disaster 

period. On the other hand, the actual service performance is almost always worse than the best-case forecast 

boundaries (80% and 95% lower bounds), which shows the performance during the disaster was not as 

good as the expected best-case scenario the system might have. Furthermore, the actual response times 

exceeded the forecasted worst-case performance a few times, and the first of these occurred when the health 

emergency was declared in New York State on March 7.  

When we look at the deviation time series provided in Figures 13 and 14, we can relate this pattern with 

a disaster resilience curve, which represents the trajectory of ñlossò from target performance over time. 

Such resilience is measured based on both how much the performance deviates from the target over time 

and how long it takes to bounce back to normalcy for the system, indicating that the system has fully 

recovered from the negative impacts of the disaster event.  
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Figure 14. The difference between the observed and forecasted response times (including 80% and 95% 

lower and upper bounds of forecast) based on only pre-disaster information 

 

3.6.6. Forecasting future response times with disaster intervention  

In this part of the analysis, we used the fitted prediction models based on the service data from 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 part of the disaster period would help forecast performance during the rest of the 

disaster. All significant exogenous variables are included in each of three prediction models, including the 

disaster risk variables found to have a substantial effect in the model fitting. Thus, the forecast is based on 

both pre-disaster and during-disaster inputs observed until the end of 2020.  

The long-term nature of the COVID-19 pandemic allows us to build a prediction model informed by 

both system reactions and disaster factors during the early stages of the crisis, which helps estimate future 

performance and perform necessary managerial and operational decision-making to maintain or improve 

the service performance. The forecasting model takes the fitted model specifications as input. 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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Figure 15. Full data set, 2021 daily average response time forecast based on fitted SARIMAX 

(1,0,2)(0,1,2)7  

Figure 16. Regular requests, 2021 daily average response time forecast based on fitted SARIMAX 

(1,0,2)(0,0,2)7 model 

 

 

Figure 17. High vulnerability group, 2021 daily average response time forecast based on SARIMAX 

(1,0,2)(1,0,1)7 model 
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Figure 18. Low vulnerability group, 2021 daily average response time forecast based on SARIMAX 

(1,0,1)(0,0,1)7 model 

 

Based on the fitted models using 2015-2020 data (which now includes the significant capacity and 

disaster-related variables), daily average response times for 2021 were forecasted. The results for the full 

requests, regular service requests, the high vulnerability group, and the low vulnerability group datasets are 

illustrated in Figures 15, 16, 17, and 18, 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 forecasted and actual 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 performance for high and 

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 received by the high-vulnerability 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. This hints 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. A disruption impacts the system by causing a deviation 

from its normal functioning; therefore, the system performance deviates from the intended performance 

levels following the disruptive shock. When a system experiences a disruption, its ñ ability to prepare and 

plan for, absorb, recover from, or more successfully adapt to actual or potential adverse eventsò (NRC, 

2012) becomes more of an issue to ensure and maintain the functionality of the system (Zobel et al., 2018). 

In the context of public service operations, one could say 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 disasters.  

The well-known concept of the disaster resilience triangle, initially proposed by Bruneau in 2003 and 

extended by Zobel and Khansa (2012, 2014), defines the system impact based on how the performance 

deviates from its target over time and how long it takes to stabilize on its original level or another 

performance level. The disaster resilience triangle investigates the difference between targeted and actual 

system performance following a disruptive shock in order to quantify resiliency based on the system impact.  

Systems may experience consecutive shocks resulting from either multiple sudden onset events or a 

single long-term event. The multiple shock feature of a long-term disaster resembles a multi-event situation 

where the system loss might be similar to that illustrated in Figure 19(a). On the other hand, in the case of 

a slow-onset 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 long-term crisis, the departure from desired performance due to consecutive shocks may diminish, 

although new shocks may continue to arise. The system impact during a slow-onset disaster scenario is 

visualized in Figure 19(b) with a slight adjustment in the original illustration by Zobel and Khansa (2012).  
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Figure 19. System impact for an organization during (a) consecutive sudden-onset disaster events (b) a 

slow-onset disaster with multiple shocks (adapted from Zobel and Khansa 2012) 

 

In this study, we found a system impact curve similar to Figure 19(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 Figure 13). We considered response time, i.e., speed of service flow, as an aspect of 

service performance while assessing the impact of a long-term disaster on that performance. We further 

introduced disaster exposure and likelihood as dynamic risk factors of a long-term disaster which cause a 

change in system response over time.  

Our empirical analysis showed that the daily infection rates do not significantly impact response time 

performance. However, we identified that the spikes in the service demand and the corresponding higher 

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 on March 7th, 

the closure of nonessential businesses on March 20th, the Phase I reopening on June 8th and the Phase II 

reopening on June 22nd are important events in the evolution of this long-term disaster. We introduce the 

mayoral executive orders as the identifier of those milestones and consider each order as a likelihood of a 

new shock due to the ongoing long-term 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. 

3.7.2. 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 long-term disaster, we discuss how a system can overcome challenges in maintaining service performance 

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 previously, 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 effectively. Vugrin et al. (2011) define a systemôs internal resilience 

capacity as a total of its absorptive and adaptive capacities. The 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 capacity stands for a systemôs automatic and immediate actions to a 

disruption. On the other hand, adaptive capacity consists of all other internal efforts during the emergency 

period; it is a dynamic and continuous learning process that involves making adjustments to an 

unanticipated and uncertain event (Nohrstedt, 2015). Adaptive capacity requires some internal effort to 

regain a portion of the system performance and enable the continuity of high-quality service using alternate 

processes and resources (Vugrin et al., 2015). 

The 311 non-emergency systems successfully incorporate information and communication 

technologies into their functions, enabling the continuity of communication between citizens and 

government bodies in terms of their disaster-related and other regular service needs. The NYC311 is a well-

operating example of available non-emergency 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 the non-emergency 

services in NYC. The system was able to adapt to the significantly increased number of calls quickly, and 

the systemôs internal resilience capacity helped service providers respond to requests even faster compared 

to the pre-disaster period. Robustness and 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 and e-government practices improve a systemôs 

robustness to disruptive shocks by providing alternative pathways both to citizens to continue demanding 
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services and governments to continue addressing community needs. The availability 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 the COVID-19 

pandemic, requesting 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. However, in-person 

contact options were restricted due to the threat of disease spreading but absorbed by the other access 

modes. 

During the COVID-19 pandemic, the NYC311 system has benefitted from the flexibility of its current 

functionality to better manage pandemic-related requests. An example of this is that NYC311 welcomes 

pandemic-related complaints with specific request entry options such as ñSocial Distancing Violationò and 

ñFace-covering Violationsò that were created after the health emergency declaration. This is a smart and 

straightforward adaptation strategy for identifying pandemic-related requests that required only a small 

internal effort to be made by the system providers in order to make the system function better using its 

inherent structural flexibility.  

Furthermore, our findings highlight the significant contributions of capacity and financial adjustments 

in maintaining service performance. In addition to the low-effort internal adjustments that help maintain its 

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 report of the NYC 311 

Customer Service Center, personnel capacity was 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 pandemic (Tisch, 2021). 

3.8. Managerial and practical implications  

This study focused on a public service system to point out how a long-term 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 managers obtained from our analyses and empirical 

findings, in support of drawing several important conclusions. 

3.8.1. Request for services behavior changes during a long-term disaster. This research identifies 

the issue that during a disaster period, the service request 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 since the request behavior 

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 study by Pamukcu et al. (2021) investigates a similar 

change in service demand behavior in Orange County, Florida, 311 system during COVID-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 vulnerability backgrounds.  

Forecasts without disaster input show that during a long-term disaster, a system sometimes receives 

more requests and sometimes less depending on the needs at a particular time, which can 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 above or below the predicted intervals. In the 

discussion section, we highlight 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 of the minor internal adjustments 

available through using flexible and robust system components, which may lead to more efficient and 

equitable service provision. Including disaster risk information in the forecasting models provides more 

accurate forecasts, from which the system managers can benefit by making necessary adjustments for a 

more efficient response during a disaster. Furthermore, differentiating the analysis of service performance 

across different vulnerability groups helps identify the differential needs of diverse communities for a more 

equitable response.  
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 Although non-emergency service systems welcome disaster-related nonurgent service and information 

requests, the requests during a disaster are not necessarily related to an ongoing event rather they may be 

focused on standard daily municipal issues. Our study considers requests that are not directly disaster-

related as ñregularò and highlights that request behavior and the corresponding response to those regular 

services also significantly changes during a disaster. To 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 Appendix D. A previous 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 months of COVID-19 and also present specific call types that started receiving directly 

disaster-related requests. Our study validates and builds upon the preliminary findings of the study in 

Pamukcu and Zobel (2021) by pointing out that the service demand for overall non-disaster requests also 

increases significantly during the pandemic. The system managers should know that most service requests 

belong to non-disaster service categories, even during a disaster. The changing conditions of a disaster also 

affect what people need and what they care about. For example, during the stay-at-home orders, the calls 

for household and neighborhood-related issues increased, whereas the requests about traffic and road 

conditions decreased. Furthermore, the complaints about residential noise increased when people stayed at 

home, and nonessential businesses were closed (Pamukcu & Zobel, 2021). These examples illustrate how 

a daily nonurgent issue may start receiving more (or less) attention from citizens, affecting the demand and 

response patterns associated with those 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 differential equity impact better 

and to maintain or better utilize their investments. 

3.8.2. A system faces different disruptive events at different times during a long-term disaster. 

This study emphasizes how a long-term disaster effect may differ from short-term sudden-onset 

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 long-term disaster timeline which resembles that of a multi-disaster 

scenario in many ways. The system may not 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 announces changes in the disasterôs severity or new regulations 

to manage the disaster.  

This study therefore highlights how conditions change over time and will continue to evolve during a 

long-term disaster, requiring continuous adaptation efforts. Managers need to keep an eye on both repeated 

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 shift in both request and response behavior as the coronavirus outbreak 

transforms into a pandemic. 

3.8.3. Response behavior changes during a disaster. This study also points out that during a disaster, 

service performance varies. The NYC311 system performance improved in 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 functions 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 results 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 communities while maintaining 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 average factors significant 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 gets even more challenging when a system 

experience instability due to a disaster.  

The COVID-19 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 

mentioned earlier, long-term 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 that there was 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 periods of the disaster. 

Thus, managers should be aware that challenges in responding to a long-term disaster may help system 

providers discover more efficient and effective operational practices. 

Lastly, the success of NYC311 in decreasing average response times to requests 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 systemôs response and recovery actions, the managers should keep 

in mind that addressing non-disaster 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 customers. This paper introduces executive orders as an outside signal from a reliable government 

source which is a signal to both the system and its customers. 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 indicates moving to 

another disaster management phase. We presented executive orders as indicators of potential disruptive 

shocks. In other words, they represent a likelihood of experiencing a new challenge in maintaining the 

systemôs steady state performance. 
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In addition to long-term events like a pandemic, executive orders can be triggering for sudden-onset 

disasters as well. A hurricane is an example of this, with mandatory evacuation orders, early warning 

notifications, declarations of an emergency, announcements of a suspension/waiver of payments, and taxes, 

extensions for deadlines, and the assignment of new roles to agencies to help with mitigation, response, or 

recovery actions necessary to cope with the emergency, all may have an impact on a communityôs requests 

for information or for assistance. 

3.8.5. Daily changes in disaster severity in the area of interest do not impact the daily response 

behavior. This paper lastly points out that the daily number of infections in the systemôs service region did 

not have a significant impact on daily average response times. However, it is a sign of the severity of the 

ongoing pandemic. One reason for the lack of local impact might be the global nature of the pandemic, so 

that the perceived severity of disaster may be affected by other disaster statistics at the state or federal level 

or even on a global scale. Another explanation might be that during such long-term events, people may lose 

attention to frequently updated disaster-related information as they normalize the situation and lose the 

meaning of numbers. Consequently, in our study, we did not find significant evidence of a direct effect of 

daily infection rates on response behavior or an indirect effect of the interaction with daily service request 

volumes. 

On the other hand, the interaction effect of the number of requests and the release of executive orders 

was found to be a significant predictor of future response performance. A potential reason for executive 

orders to have a substantial impact, but not the daily disaster-related updates, is that government 

announcements summarize the current risk level of the ongoing event and mandate actions to be taken for 

disaster response or recovery, such as imposing lockdowns and closing businesses 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 orders are only announced once in a while, preventing them from 

losing their importance to community members and service providers. 
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3.9. Conclusions 

Public service organizations must be resilient to disasters to maintain necessary services during 

emergencies. When responding to an emergency, allocating limited resources to proper tasks becomes even 

more challenging. Additionally, disasters may affect communities differently due to geographical and 

socio-economic inequalities, leading to different amounts and types of service needs. Although there are 

many uncertainties due to dynamic changes during a long-term disaster, it is beneficial for service 

responders to more effectively estimate how their response would be, given changing citizen needs and 

potential differences based on the existing vulnerabilities across the region.  

In this study, we showed that public service needs tend to differ substantially during a long-term 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 of citizens with diverse vulnerabilities can help explain differential demand patterns during 

a disaster. We thus highlight the importance of considering pre-existing vulnerabilities while responding to 

crises to help authorities build effective emergency management plans for future events.   

Prior literature suggests quantifying disaster risk based on the probability of occurrence of an event, 

existing vulnerabilities, and exposure to disaster (Arnette & Zobel, 2019). A slow-onset disaster differs 

from sudden-onset events with respect to the time dimension and dynamic changes in risk levels. In the 

example case of a pandemic, executive orders indicate the likelihood of experiencing a new disruptive 

shock, and social vulnerabilities amplify the disasterôs impact 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 slow-onset disaster. 

The contributions of this study to disaster operations management literature are threefold. First, this 

research distinguishes slow-onset disastersô dynamic and static risk features. It contributes to the literature 

by framing disaster risk and resiliency in a slow-onset 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 help to maintain 

necessary operations and services during a long-term crisis. Last, we emphasize the need for a careful 

examination of pre-existing vulnerabilities across the population in a public sector operations context since 

these inequalities elevate disaster impacts and diversify the needs of communities. Thus, prior knowledge 

of vulnerabilities can help decision-makers maintain effective and equitable service provision for their 

customers during emergencies. 

Despite the significant amount of detailed service data we collected, the study still has some limitations 

on data availability on the system side. First of all, the study lacks perfect information about specific actions 

the NYC311 system has taken to deal with the adverse effects of the pandemic. Yet the public records of 

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 forecasting 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 extensions of the paper could focus 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, the presented 

average response behavior is consistent across the 40 agencies providing services under the coordinated 

non-emergency service system. Other recent studies also indicate similar observations in non-emergency 

systems performance during disaster, although they 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 system managers to support 

their efforts to manage the COVID-19 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 data. Moreover, the 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 address additional research questions for a comparative study on multiple 

systems operating in the same region. Last but not least, our study findings may inform for-profit service 

systems in terms of how a customer behavior would affect the service performance during a long-term 

disaster. Maintaining services during a disaster is a common goal of all types of service organizations unless 

there are restrictions on particular businesses continuing their operations under such circumstances. A 

future study can thus tackle the disaster impact on the performance of a for-profit 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 A1. High Vulnerability Resolution time data ï Time series regression results testing the 

existence of trend and seasonality in data  

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

 I  II  

 Resolution Time ᶯLog(ResolutionTime) 

                Estimate (Std. Error)               Estimate (Std. Error) 

(Intercept) 916718.96 (23643.36)***  -2.792e-03 (2.333e-02) 

trend                        -28.58 (11.83)* *                              4.480e-06 (1.172e-05) 

season2 -263402.31 (27988.60)***    -3.479e-03 (2.762e-02) 

season3 -317196.02 (27988.60)***   -6.076e-04 (2.762e-02) 

season4 -30019.61 (27988.62) * *      -3.673e-04 (2.762e-02) 

season5 96952.67 (27988.63)***    -1.731e-03 (2.762e-02) 

season6 105841.77 (27988.66)***   -2.530e-03 (2.762e-02) 

season7 100991.97 (28011.03)***    -2.927e-03 (2.764e-02) 

Residual SE 350100 0.345 

Multiple R -squared 0.1822 8.068e-05 

Adjusted R-squared 0.1796 -0.003137 

p-values:  0 ó***ô 0.001 ó**ô 0.01 ó*ô 0.05 ó.ô 0.1 ó ô 1 

 

 

Table A2. Low Vulnerability Resolution time data ï Time series regression results testing the 

existence of trend and seasonality in data  

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

 I  II  

 Resolution Time ᶯLog(ResolutionTime) 

  

              Estimate (Std. 

Error)  

              Estimate (Std. 

Error)  

(Intercept) 993314.11 (20165.00)*** 5.944e-04 (2.950e-02)   

trend -44.51 (10.09)***          5.941e-07 (1.480e-05)   

season2 -155968.00 (23870.97)***   -4.125e-03 (3.488e-02) 

season3 -182283.81 (23870.98)***    2.537e-03 (3.488e-02)    

season4 -30616.63 (23870.99)        -2.052e-03 (3.488e-02) 

season5 34457.76 (23871.00)      -1.570e-03 (3.488e-02) 

season6 34738.23 (23871.02)       -2.673e-03 (3.488e-02) 

season7 28195.87 (23890.10)    -2.380e-03 (3.491e-02) 

Residual SE 298600 0.4354 

Multiple R -squared 0.0835 2.185e-05 

Adjusted R-squared 0.08056 -0.003198 

p-values:  0 ó***ô 0.001 ó**ô 0.01 ó*ô 0.05 ó.ô 0.1 ó ô 1 
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3.12. Appendix B. SARIMAX Model Outputs  

 

 

 

Figure B1. Regular requests group SARIMAX(1,0,2)(0,0,2)7 model residuals 

  

PACF of Squared Residuals  
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Figure B2. High vulnerability group SARIMAX(1,0,2)(1,0,1)7 model residuals 

 

 

Table B2. Iterative inductive SARIMAX (1,0,2)(1,0,1)7 model building with high vulnerability 

group data (01/01/2015-12/31/2020) 
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Figure B3. Low vulnerability group SARIMAX(1,0,1)(0,0,1)7 model residuals 

 

PACF of Squared Residuals  
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Table B3. Iterative inductive SARIMAX (1,0,1)(0,0,1)7 model building with low vulnerability 

group data (01/01/2015-12/31/2020) 
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AICc 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 16.91 16.35 17.06 15.97 16.47 15.94 15.87 

LM test 29.24 

**  

30.54 

***  

28.79 

**  

29.27 

**  

27.20 

**  

28.48 

**  

27.85 

**  

24.28 

**  

22.97 

*  

20.79 

*  

p-values:  0 ó***ô 0.001 ó**ô 0.01 ó*ô 0.05 ó.ô 0.1 ó ô  

 

 

3.13. Appendix C. Forecasting Model Outputs 

Table C1. SARIMAX (4,0,0)(0,1,1)7 model parameters with full data set from (01/01/2015-

12/31/2019) 

 Model  

Intercept -0.00 (0.00)***        

ar1 0.38 (0.02)*** 

ar2 0.07 (0.03)*** 

ar3   0.10 (0.03)*** 

ar4 0.12 (0.02)*** 

sma1 -0.86 (0.02)*** 

╗▫■░▀╪◐◄ -0.03 (0.01)*** 

╢▪▫◌◄ -0.01 (0.00)*** 

■▪╝◄ 0.16 (0.03)*** 

Ɑ  0.03 

AIC  -1483.04 

AICc -1482.91 

BIC -1427.98 

Ljung -Box test 55.82 

LM test 27.11** 

p-values:  0 ó***ô 0.001 ó**ô 0.01 ó*ô 0.05 ó.ô 0.1 ó ô 

 

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 requests data. Including all significant 

predictors, which are ὌέὰὭὨὥώȟ ὖὶὩὴȟ Ὓὲέύȟ M12, ὔ*Ὁȟ and ὰὲὔὅȟ the best final model 

SARIMA(1,0,2)(0,0,2)7 reduces the selection criteria to AIC=-1691.3, AICc=-1691.2 and BIC=-1617.4. 

The residuals that remained from the fitted SARIMAX model are presented in Figure D1. The Ljung-box 

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

compared to the first iterations, with the inclusion of the exogenous variables.  
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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 of service flow. On the other hand, we cannot reject the hypothesis H3b 

that daily service demand (ὔ) mediates the effect of daily disruption likelihood Ὁ  on the speed of service 

flow. 

Table D1. Iterative inductive SARIMAX (1,0,2)(0,0,2)7 model building with regular dataset (01/01/2015-

12/31/2020) 
 

  

Model 

1 

Model 

2 

Model 

3 

Model 

4 

Model 

5 

Model 

6 

Model 

7 

Model 

8 

Model 

9 

Model 

10 

Model 

11 

Intercept -0.00 

(0.00)  

-0.02 

(0.01)      

0.00 

(0.01)     

0.00 

(0.00)   

-0.00 

(0.00)   

-0.00 

(0.00)   

-0.00 

(0.00)   

-0.01 

(0.01)   

-0.00 

(0.00)   

0.00 

(0.00)   

0.00 

(0.00)   

ar1 0.94 

(0.01) 

***  

0.93 

(0.02) 

***  

0.92 

(0.02) 

***  

0.93 

(0.02) 

***  

0.94 

(0.01) 

***  

0.94 

(0.01) 

***  

0.94 

(0.01) 

***  

0.94 

(0.01) 

***  

0.94 

(0.01) 

***  

0.93 

(0.02) 

***  

0.93 

(0.02) 

***  

ma1 -0.57 

(0.03) 

***  

-0.56 

(0.03) 

***  

-0.56 

(0.03) 

***  

-0.56 

(0.03) 

***  

-0.56 

(0.03) 

***  

-0.57 

(0.03) 

***  

-0.57 

(0.03) 

***  

-0.56 

(0.03) 

***  

-0.58 

(0.03) 

***  

-0.56 

(0.03) 

***  

-0.56 

(0.02) 

***  

ma2 -0.19 

(0.02) 

***  

-0.18 

(0.02) 

***  

-0.18 

(0.02) 

***  

-0.18 

(0.02) 

***  

-0.19 

(0.02) 

***  

-0.19 

(0.02) 

***  

-0.18 

(0.02) 

***  

-0.19 

(0.02) 

***  

-0.19 

(0.02) 

***  

-0.19 

(0.02) 

***  

-0.19 

(0.02) 

***  

sma1 -0.75 

(0.02) 

***       

-0.73 

(0.02) 

***       

-0.75 

(0.02) 

***       

-0.73 

(0.02) 

***       

-0.75 

(0.02) 

***       

-0.75 

(0.02) 

***       

-0.81 

(0.03) 

***       

-0.75 

(0.02) 

***       

-0.74 

(0.02) 

***       

-0.72 

(0.02) 

***       

-0.72 

(0.02) 

***       

sma2 -0.07 

(0.01)  

**  

-0.07 

(0.02) 

**  

-0.07 

(0.02) 

**  

-0.07 

(0.02) 

**  

-0.07 

(0.02) 

**  

-0.07 

(0.02) 

**  

-0.07 

(0.02) 

**  

-0.07 

(0.02) 

**  

-0.08 

(0.02) 

***  

-0.08 

(0.02) 

***  

-0.08 

(0.02) 

***  

╗▫■░▀╪◐◄ 

 

-0.05 

(0.01) 

***    

-0.06 

(0.01) 

***        

-0.06 

(0.01) 

***  

-0.06 

(0.01) 

***  

╣▄□▬◄ 

 

0.00 

(0.00)                            

╟►▄▬◄ 

 

0.02 

(0.01) 

**       

0.02 

(0.01) 

**           

0.02 

(0.01) 

*     

0.02 

(0.01) 

*     

╢▪▫◌◄ 

 

-0.01 

(0.00) 

***       

-0.01 

(0.00) 

***          

-0.01 

(0.00) 

***     

-0.01 

(0.00) 

***     

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 

(0.02) 

.        

-0.03 

(0.01) 

*             

-0.03 

(0.01) 

*        

-0.04 

(0.01) 

*        

■▪╝◄ 

    

0.07 

(0.03) 

*          

0.09 

(0.03) 

**        

╞◄ 

     

-0.01 

(0.01)      

╔◄ 

      

-0.00 

(0.00)     

╘◄ 

       

0.00 

(0.00)    

╝◄*╔◄ 

        

-0.08 

(0.02) 

***  

-0.10 

(0.02) 

***  

-0.10 

(0.02) 

***  

■▪╝╒◄ 

                   

0.55 

(0.18) 

**  

Ɑ  0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 

AIC  -1627.8 -1667.5 -1622.6 -1671.6 -1630.8 -1627.9 -1627.5 -1617.3 -1639.9 -1691.1 -1691.3 

AICc -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  4.31  4.39 4.44 4.23 4.27 3.89 4.00 13.9 4.52 3.95 3.95 

LM test 41.51 

***     

52.11 

***    

40.70 

***   

56.15 

***   

47.19 

***   

41.25 

***   

41.25 

***   

36.46 

***   

38.18 

***   

58.94 

***   

58.99 

***  
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Figure D1. SARIMAX(1,0,2)(0,1,2)7 model residuals for regular requests dataset 

 

 

  

PACF of Squared Residuals  
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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 services with different priorities, which require different amounts of resources. Considering the 

limited service capacities of individual service departments 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 circumstances, including disasters that disrupt government service system functionality. In this study, 

we concentrate on the impacts of disasters on the operational performance of information technology-based 

government service systems. We discuss opportunities for managing service efficiency and equity during 

emergencies by reutilizing service capacity. We suggest quantifying the relative service efficiencies 

associated with service requests from an input-output-based standpoint to uncover the inefficiencies in 

response to service categories. We use a real-world case study to demonstrate the impact of a disaster on 

the operational performance of the Orange County, Florida 311 system during the COVID-19 pandemic. 

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

and monitoring the relative efficiency of an information-technology-based 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 potential solutions to 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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4.1. Introduction 

Disaster operations management has need for approaches that support practical and efficient decision-

making to enhance preparedness, response, and limited resource utilization (Altay & Green, 2006). It is 

vital to notice that when a disaster disrupts the community and the regular functioning of its systems, 

recovering from its impact depends on resolving many problems that arise (Galindo & Batta, 2013). 

Disasters involve many uncertainties, such as the timing and severity of their negative consequences, which 

increase the difficulty and complexity of disaster operations management problems. However, they 

necessitate effective, efficient, and equitable decision-making. Public services are one of the systems 

negatively impacted by disaster events. They have a critical role in collecting and assessing the information 

and service needs of people impacted by disasters since they have already built good communication with 

and engagement with their citizens. Being resilient to such events helps these systems need to be able to 

continue their fundamental functions as well as to address emergent needs. Public service systems should 

try to maintain a reasonable level of efficiency and equity in service provision even when it is necessary to 

reallocate available resources or extend system capacities to do so. 

Recently, information and communication technology (ICT)-enhanced government services have 

started to gain more interest in terms of their capability to sustain essential services and contact with citizens 

before, during, and after a disaster, besides their regular tasks (Pamukcu et al., 2021). Smart technologies 

bring many advantages to cities, such as improving the life quality of citizens, local economy, 

transportation, and traffic management, and enhanced interaction with the government via incorporating 

ICTs (Hartmann, 2019; Ismagilova et al., 2019). The citizens are likely to become co-producers of relevant 

information with the government in such technology-based platforms (Pitogo & Magno, 2021). ICT-

enhanced government systems offer many benefits, including easy and timely access to government 

services, useful information, high-quality interactions between stakeholders, and thus, improved service 

delivery and more efficient and transparent public administration (Yang et al., 2004; Axelsson, Melin, & 

Lindgren, 2013; Wang, Zhang, Li, & Ruan, 2016). These systems are responsible for trying to maintain 
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performing critical services to citizens in any circumstances, including disasters that disrupt government 

service system functionality. 

Governmental information and service request systems are good examples of governmentsô ICT 

implementations that promote the coproduction and collaboration of government and residents to maintain 

the publicôs well-being (OôBrien, 2016a). The N-1-1 systems, such as 211 for community services and 

information, 311 for municipal non-emergency services, 511 for traffic assistance, and 911 for emergency 

services, are examples of governmental information and service request systems operating in the United 

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 agencies that actually provide other services.  

Government systems aim to provide ñgoodò service to their citizens, which means being able to provide 

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. Sustainable public 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 technology-based government 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 in 

prioritizing the service inquiries they receive. First-come, first-served (FCFS) is a well-known approach in 

scheduling and queuing and common practice in their effort to be fair in service (Hathaway et al., 2022). 

Depending on the service centerôs operational policy, other queuing disciplines might apply in different 

system settings, such as last-come, first-served (LCFS), or shortest-job-first (SJF). Such systems might also 

provide various services requiring different 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 cases, prioritization 

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, and after emergencies as people seek more and evolving types of information and 

services (Pamukcu & Zobel, 2021). The possible changes and increase in needs of communities 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. Many such systems potentially have emergency plans that allow them to use additional 

resources to respond to the growing needs of affected people during emergencies. However, these extra 

resources will be constrained due to physical limits such as working space, time, or trained staff. 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 be able to reutilize resources efficiently among communities. 

With this in mind, this study focuses on the service efficiency aspect of the public systemôs operational 

performance, subject to resource limitations and unstable service demand. Particularly, we operationalize 

efficiency as the service performance indicator of a public system that is prone to disruptions in its normal 

functioning due to crises. From an input-output perspective, we consider service efficiency as the cost of 

producing a given outcome (Andrews & Entwistle, 2010), indicating the best possible utilization of 

available resources given a set of restrictions on rising output levels (Korhonen & Syrjänen, 2004). 

Additionally, we refer to service equity as allocating resources and opportunities as needed to create equal 

service efficiencies for individual operating units, i.e., decision-making units, also referred to as distributive 

justice or fairness in the literature (Lucy et al., 1977). In the context of a government service system 

partnering with multiple local agencies, we consider service equity as being fair and impartial in distributing 

available service capacity to decision-making units by recognizing their different characteristics and 
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requirements such as their demand volumes, responsible agencies and urgencies instead 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 research questions: 

RQ1: How does the occurrence of a disaster affect the relative efficiencies of different service categories 

of an information technology-based 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 demand?   

Under the guidance of the proposed research questions, we propose a Data Envelopment Analysis 

(DEA) approach for a time series analysis for comparing relative service efficiency before and during a 

disaster.  The DEA model quantifies the relative service efficiencies associated with the actual provision of 

services in response to service requests from an input-output-based standpoint. We expand on the prior 

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 COVID-19 outbreak.  

311 non-emergency systems are coordinated information technology-based community call systems 

which unite service requests for multiple municipal departments. They serve as the central hub in their local 

area in collecting various non-emergency requests that need to be addressed either by 311 operators 

firsthand or in coordination with responsible local agencies. If any action 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 more effective disaster 

management with the coproduction of government bodies and citizens (OôBrien, 2016b; Pamukcu et al., 

2021) motivate us to choose this system as a specific context to perform our empirical analysis. The 311 

system in Orange County, Florida is selected since it is a well-established non-emergency system operating 
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since 2002. It has proven its effectiveness and significant contribution to informing people collecting 

complaints and responding to needs successfully during the 2004 hurricane season on the southeast coast 

of the United States (Williams & Phelan, 2011; Pamukcu et al., 2021). Considering the benefits of providing 

reliable and transparent dialog with citizens in both crisis and non-crisis times, and their potential 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 researchers (Hartmann, 

2019). 

There are multiple potential benefits of continuously 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 resources and performance 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 

improvements 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 potential for addressing 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 cooperation between all stakeholders of the system by strengthening 

mutual trust, effective communication, and shared decision-making. 

To the best of our knowledge, this research is the first attempt to analytically assess the relative service 

efficiencies of a coordinated technology-based 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 management and 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 terms of how an information technology-based 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 efficiency scores of non-crisis 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 types. Demonstrating 

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 disruptions 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 discover underlying factors that can 

more effectively balance service delivery in such a coordinated environment. 

4.2. Background 

4.2.1. 311 non-emergency 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 

communities (Kalkanci et al., 2019). As introduced above, 311 non-emergency systems are an example of 

government service systems, which are coordinated information technology-based service systems that 

unite service requests for multiple municipal departments. The first 311 system was created to eliminate 

high numbers of non-emergency calls in the 911 emergency system by directing non-emergency calls to a 

separate call center (Schwester et al., 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 as integrated voice response 

(IVR) technology, automated texting, web chat, and app-driven requesting options (Pamukcu et al. 2021). 
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311 systems serve as the central hub in their local area in collecting various non-emergency requests 

that need to be addressed either 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 immediately by the 311 operators. On the 

other hand, the action-required 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 action by a local agency or municipal department is necessary, a 311 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 non-emergency service 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 citizens. (OôBrien, 2016b; Pamukcu 

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. Enhanced participation and communication become more of an issue before, 

during, and after emergencies as people seek information and services most (Pamukcu & Zobel, 2021). A 

previous study highlights that New York City 311 service data can disclose how citizen reactions vary 

during the COVID-19 pandemic and how such data can be used to capture various information about the 

ongoing crisis (Pamukcu & Zobel, 2021). 

The prior studies also note that non-emergency systems have been used to collect disaster-related 

problems and needs from citizens (Williams & Phelan, 2011; Kennedy, 2015; Pamukcu et al., 2021). For 

example, in response to the COVID-19 crisis, New York City asked citizens to report pandemic-related 

issues, such as social distancing and face-covering violations through their 311 system, in order to increase 

the Cityôs situational awareness and to collect timely information to react more quickly (Pamukcu & Zobel, 

2021). Similarly, Orange County, Florida 311 (OCFL311) introduced new options under the Public Safety 

category to answer citizensô questions about various coronavirus aid and funding opportunities, COVID-
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19 testing, or vaccines. Also, OCFL311 processed citizen reports for incidents of 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 

and increase the effectiveness of the Cityôs response, thus making the system an important tool for disaster 

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 requests are still relevant during a crisis. In other words, even if a call itself 

doesnôt require an immediate emergency response, it may still be related to critical issues that arise or 

persist during a crisis. For this reason, 311 systems typically need to handle significant changes in non-

emergency information and service needs during disasters (Zobel et al., 2017; Baghersad et al., 2020; 

Pamukcu et al., 2022). For example, due to the COVID-19 outbreak, many 311 systems experienced sudden 

peaks in complaint volumes for some service categories after announcements of a State of Local 

Emergency, although they are about non-disaster issues such as noise complaints in residential areas and 

sidewalks or complaints about illegal fireworks (Pamukcu & Zobel, 2021). This study, however, also 

indicates that different 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 & Zobel, 2021). 

Prior studies also used 311 service data to measure satisfaction with public services. Hsu et al. (2022) 

argue 311 data provides a comprehensive understanding of public service provision for different types of 

non-emergency issues. The authors conduct an empirical analysis of NYC311 system to measure service 

quality based on citizen satisfaction considering the asymmetric perception of citizens on satisfaction 

claiming negative experience has a stronger impact on peopleôs dissatisfaction than satisfaction due to a 

positive experience. Given that 311 service data reflects the variations in public responses in both crisis and 

non-crisis 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 et al. (1978) and extended by Banker 

et al. (1984), is a nonparametric modeling method that estimates the relative efficiency of a particular 

decision-making unit (DMU) within a group of DMUs. The DEA method has been extensively used in 

operations performance evaluations, and its accuracy has been proven in many public and private sectors. 

Some examples are health care (see  Dimas et al., 2012; Bahadori et al., 2016), education (see, Haelermans 

& Ruggiero, 2013), banking (see  Puri & Yadav, 2013; Bhatia & Mahendru, 2016), supply chains (see, 

Azadi et al., 2014), and transportation systems (von Hirschhausen & Cullmann, 2010; Daraio et al., 2016), 

among others. For a further detailed list of examples, readers can visit an extensive review of the DEA-

related articles by Emrouznejad and Yang (2018), including theory and methodology developments since 

1978. 

DEA is also used in the efficiency measurement of customer contact centers of different companies. 

Ducic et al. (2020), for example, compare the relative efficiency of multiple contact centers of a single 

company to maintain customer satisfaction and the companyôs overall efficiency. Poykayil Jayananda 

Panicker (2002) evaluates the performance of customer service representatives in a call center using DEA 

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 prioritization 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 DEA-related method to evaluate the relative severity of the impacts of 

natural disasters on different regions. Li et al. (2013) and Saharizan et al. (2018) also used the DEA method 

to estimate the spatial regionsô relative vulnerability to flooding. Klumpp et al. (2021) address the lack of 

in-depth efficiency research in humanitarian operations and present a boot-strapped DEA window analysis 

to assess humanitarian logistics efficiency concerning multiple actor levels and time series requirements. 

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 examples (Choi, 2005; 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 relative service performance of ICT-enabled 

public service systems in this context. The need for such strategies to address disaster-specific issues and 

help with local disaster management operations while still maintaining their normal operations as efficiently 

as possible, makes them a new and important application area for this type of analytical technique. 

DEA implementations in the literature vary based on a systemôs organizational structure. For example, 

Li et al. (2019) propose a model for a decentralized system that determines maximal efficiency scores across 

all DMUs by minimizing the total deviation by integrating a goal programming method with the DEA 

approach. Many others have proposed a centralized DEA approach for coordinated organizational settings 

where the decision-maker seeks a collective goal rather than individual interests, and a resource allocation 

scheme is defined according to a collective objective (Lozano, Villa, & Brännlund, 2009; Lozano, Villa, & 

Canca, 2011; Fang & Li, 2015; Fang, 2017). Our study also focuses on a coordinated service system, where 

decisions made in coordination with multiple business partners or departments. Although each service 

department has its 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 resource which should be efficiently allocated to 

multiple service categories based on agreed-upon 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 numbers of variables and relations using mathematical programming techniques, and it 

consumes multiple inputs to produce multiple outputs (Cooper et al., 2011). Evaluating the performance of 

a system from the input-output perspective aims to investigate how a system should simultaneously 

minimize its use of resources while increasing its outputs to be more efficient. DEA is a well-suited 
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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 other multi-criteria 

decision analysis methods, DEA does not require any pre-assumptions on the underlying functional 

relationships between the parameters (Peng et al., 2014). 

The DEA approach has 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 level (Färe et al., 2010). In other words, once the optimal input 

levels are reached for each output level, adding additional capacity, or input units, cannot 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., input, is essential 

for positive output; in other words, there will not be output if there is no input. And third, a factor of 

production is limitational since the output is bounded from above, and hence there is a capacity bound. All 

these features are important in measuring relative efficiencies of a systemôs operational units, since they 

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 model that are relevant. A 

simple relative efficiency model and a cross-efficiency model are presented. The details of each model are 

explained below in more detail.  

4.3.1. Simple Relative Efficiency Model 

The simple relative efficiency model, the so-called the CCR model, was first introduced by Charnes, 

Cooper, and Rhodes (1978) with the constant returns to scale (CRS) assumption, which means as inputs 

increase, the outputs increase proportionally. The CCR model determines a set of optimal relative weights 

for each ὈὓὟὨ ρȟȣȟὯ, by maximizing its ratio of aggregated outputs to aggregated inputs while 

ensuring assigning a unique efficiency ratio Ὡ to each ὈὓὟ. Model (1) illustrates the basic relative 

efficiency model proposed by Charnes et al. (1978). 



 

142 

 

Ὡ ὓὥὼ 
В ‘ώ

В ‫ὼ
 

 ίȢὸȢ  
В ‘ώ

В ‫ὼ
ρ      Ὦ ρȟȣȟὲ 

                                                         ‘ ȟπ       Ὦ ‫ ρȟȣȟά ȠὭ ρȟȣȟὲ                                                        ρ 

In model (1), given a set of ὲ independent DMUs, with each consuming ά inputs to produce ί outputs, 

the input and output vectors of ὈὓὟὨ ρȟȣȟὯ are denoted as ὢ ὼ ȟȣȟὼ  and ὣ 

ώ ȟȣȟώ , respectively. ‘ and represent unknown relative weights of Ὦ ‫  output and Ὥ  input, 

respectively. Model (1) objective function and the constraints can be linearized easily by inserting the 

equations †  ρВ ‫ὼϳ ȟ‘Ƕ  †‘ ȟ‫  †into the model. In this way, the original model can ‫ 

be translated into a linear program. 

Banker, Charnes, and Cooper, (1984) extend the CCR model to allow variable returns to scale. The 

original CCR model assumes that the change in input level proportionally affects the output level. 

Considering that, in our context there are multiple service types with different priorities also requiring 

different amounts of inputs, we can argue that the relationship between input and output levels are not 

necessarily proportional. On the other hand, within a service category level, a unit increase in input can 

proportionally increase the outcome. So, in this study, we consider both CCR and BCC variants of the DEA 

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 Efficiency Model 

The Cross-efficiency model is first introduced by Doyle and Green (1994), as a new perspective in 

understanding relative efficiencies of DMUs based on peer-appraisal instead of self-appraisal in which the 

focus is on choosing the best set of input and output weights to maximize a DMUôs own measured efficiency 

relative to other DMUs. Differently, Doyle and Green (1994) suggest creating a matrix of cross-efficiencies 

by calculating the efficiency scores of each DMU given the best set of weights chosen for all other DMUs, 
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i.e., peers. To create a ὯὼὯ cross-efficiency matrix, first the optimal weights ‘ ᶻ and ‫ ᶻ  of a  ὈὓὟ are 

obtained by simple efficiency model (1). Then, the cross-efficiency scores of any ὈὓὟ Ὦ ρȟȣȟὯ are 

calculated as follows: 

Ὁ
В ‘ ᶻ ώ

В ‫  zὼ
  ȟ     ὨȟὮ ρȟȣȟὯ 

For ὈὓὟ Ὦ ρȟȣȟὯ, the average of all Ὁ  Ὠ ρȟȣȟὯ at period t is referred to as the averaged 

peer appraisal of ὈὓὟ, and calculated as follows:    

Ὁ
ρ

ὲ
Ὁȟ              Ὦ ρȟȣȟὯ 

The averaged peer appraisal indicates an efficiency approximation given the optimal input and output 

weights of peers. The simple efficiency scores Ὡ Ὠ ρȟȣȟὯ correspond to Ὁ  values in the leading 

diagonal of the cross-efficiency matrix.  

The cross-efficiency analysis is helpful to understand how efficient ὈὓὟ would still be if a 

performance policy was determined by a peer DMU. This is important in our context since the approach 

would help confirm that the efficiency measure is robust relative to the other DMUs to justify the process 

better. As such, the averaged peer appraisal score is considered as a robustness score for a DMU under 

appraisal by its peers (Doyle & Green, 1994). Furthermore, the method is helpful in decision-making about 

capacity planning since it allows for analyzing cross-efficiency scores if resources are being shared or 

reallocated across DMUs. The analysis is practical in problem settings where not all 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 departments do not compete with each other; still, the efficiency of one affects the efficiencies of 

other DMUs sharing the same capacities. The cross-efficiency analysis enables analyzing efficiency levels 

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

4.4.1. Problem Context: OCFL311 

Our empirical study focuses on a well-established non-emergency 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 help or information about local municipal services via the 

OCFL311 system (Pamukcu et al., 2021). OCFL311 integrates various information and communication 

technologies (ICTs) into its system, such as multiple phone and internet-based 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 requests are initially 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 OCFL311 system service requests for 2017-2021, 

thanks to an ongoing partnership with the East Central Florida Regional Planning Council (ECFRP) and 

the Orange County government. This OCFL311 service request data includes a pre-determined list of 

attributes for each 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 coordinates, among others. A detailed list of the available 

attributes is provided by Pamukcu et al. (2021). Given the creation and closure dates for each inquiry, the 

resolution time of each incident is simply calculated by subtracting incident creation time from incident 

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 Service Efficiency of OCFL311 

In this study, we focus on how relative service efficiencies of non-emergency 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 pandemic at the beginning of the year 2020. For simplicity and to ensure a fair comparison 

among DMUs, we only focus on action-required requests (i.e., service type of requests), which generally 

require more than a minute to address and commonly necessitate physical action 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). The action-required 

service requests require significantly more time to complete (vary from minutes to months) and consume 

most of the service capacity allocated to address the non-emergency service needs of people. 

We define decision-making units (DMUs) as individual request categories. In OCFL service data, each 

record involves information on the complete category of the inquiry. ñTraffic & 

Transportation>Flooding/Stormwater>Flooding/Standing Waterò is an example description of a complete 

category that includes all the subcategories and the main category. In this example, Traffic & 

Transportation is the main category, and the rest describes its subcategories. In our model, we consider 

each complete category as a single DMU. Excluding all the information-seeking categories and the 

categories that received less than 30 requests per year from the 415 service categories in total, we obtained 

91 unique DMUs. The full list of the DMUs is provided in Table A in the Appendix, including each DMUôs 

priority level and responsible department.  

Each service category, or DMU, has a criticality label based on pre-assigned 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 category together, which the OCFL311 managers 

explained to us during an interview (OCFL311 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 are Routine 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 context. The relative efficiency model includes a set of k 
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independent ὈὓὟὨ ρȟȣȟὯ, each consuming ὲ inputs Ὥ ρȟȣȟὲ to produce ά outputs Ὦ

ρȟȣȟά  at time period ὸ ὸ ρȟȣȟ†. In order to analyze the change in relative efficiency score over 

periods, the model includes time dimension ὸ, indicating a specific period over which the efficiency is 

calculated based on input and output vectors of ὢ ὼ ȟȣȟὼ  and ὣ ώ ȟȣȟώ , 

respectively. In the empirical model, we consider ñyearò as a unit period of time and examine the yearly 

change in service request volumes and the corresponding service efficiencies. 

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

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

Ὡ
В ‘ ώ

В ‫ ὼ
Ȣ 

As mentioned previously, in this study, we consider both CCR and BCC variants of the DEA model.  

The closed form of the proposed input-oriented dual linear programming model, adapted from Charnes et 

al. (1978), is as follows: 

Ὡ  ὓὥὼ ‘Ƕώ  

 ίȢὸȢ   ‫ ὼ ρ 

‘Ƕώ   ‫ ὼ π     Ὦ ρ ȟȣȟά 

                                                         ‘Ƕ ȟ‫  π       Ὦ ρȟȣȟά ȠὭ ρȟȣȟὲ                                               σ 

In this linear model (3), Ὡ ᶰπȟρ is the relative efficiency assigned to ὈὓὟ. The objective function 

maximizes the weighted summation of the output parameters. If Ὡ  ρ, ὈὓὟ is considered as efficient; 

otherwise, if Ὡ ρ, inefficient. The decision variables of the model, ‘Ƕ  and ‫  are the unknown 

relative weights of the Ὦ output and the Ὥ input, respectively, and the model optimizes estimates of these 

values in order to maximize the systemôs efficiency. We note that model (3) is the dual form of the linear 

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 the BCC variant proposed by Banker, Charnes and Cooper (1984) suggests, we include an additional 

constant variable ὧ  in the objective function and a constraint in order to allow variable returns to scale. 

The BCC variant of the DEA model (4) is then as follows: 

Ὡ  ὓὥὼ ‘Ƕώ ὧ  

 ίȢὸȢ   ‫ ὼ ρ 

‘Ƕώ   ‫ ὼ ὧ π     Ὦ ρ ȟȣȟά 

                                                         ‘Ƕ ȟ‫  π       Ὦ ρȟȣȟά ȠὭ ρȟȣȟὲ                                                

  ὧ ὪὶὩὩ                   τ 

The complete DEA solves † Ὧ linear programs, one for each  ὈὓὟ for each period ὸɴ Ὕ to obtain 

the set of optimal weights (‘z  and ‫z ) for each  ὈὓὟ Ὠ ρȟȣȟὯ. The optimal weights of a 

 ὈὓὟ at period ὸ is then used to calculate cross-efficiency scores for any  ὈὓὟ (j=1,é,k) as follows:  

Ὁ
В ‘z  ώ

В ‫z ὼ
  ȟ     ὨȟὸȟὮ ρȟȣȟὲ 

For ὈὓὟ (j=1,é,n), the average of all Ὁ  (d=1,é,n) at period t is referred to as the averaged peer 

appraisal of ὈὓὟ, and calculated as follows:    

Ὁ
ρ

ὲ
Ὁ ȟ             ὸȟὮ ρȟȣȟὲ 

The averaged peer appraisal indicates an efficiency 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 efficient ὈὓὟ would still be. The averaged peer 

appraisal score is considered as a robustness score for a DMU under appraisal by its peers (Doyle & Green, 

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 model parameters and definitions 
Sets: Definition  

D set of DMUs Ὠ ρȟȣȟὯ 

I set of inputs Ὥ ρȟȣȟὲ 

J set of outputs Ὦ ρȟȣȟά  

P set of departments ὴ ρȟȣȟὶ 

T set of periods (years) ὸ ρȟȣȟ† 

Parameters:  

ὢ  The vector of input variables ὼ ȟȣȟὼ  for DMU ὨᶰὈ at period ὸɴ Ὕ 

ὣ  The vector of output variables ώ ȟȣȟώ  for DMU ὨᶰὈ at period ὸɴ Ὕ 

Ὡ  Efficiency score of DMU ὨᶰὈ at period ὸɴ Ὕ 

άὩὥὲὙὩί Mean (average) resolution time for DMU ὨᶰὈ at period ὸɴ Ὕ 

ὲὅὥὰὰ Number of resolved requests for DMU ὨᶰὈ of department ὴɴ ὖ at period ὸɴ Ὕ 

”  1, if DMU ὨᶰὈ is served by department ὴᶰὖ; 0, otherwise 

ὴὣ Ratio of requests for DMU ὨᶰὈ over annual total number of requests at period ὸɴ Ὕ 

ὴὈ Ratio of requests for DMU ὨᶰὈ over its departmentôs total number of requests at period ὸɴ Ὕ 

ὧὣ Ratio of service capacity use by DMU ὨᶰὈ over annual total capacity at period ὸɴ Ὕ 

ὧὈ Ratio of service capacity use by DMU ὨᶰὈ over annual department capacity at period ὸɴ Ὕ 

ὅὶὭ 1, if DMU d is labeled as ñCriticalò at period t; 0, otherwise 

Ὅάὴ 1, if DMU d is labeled as ñImportantò at period t; 0, otherwise 

Ὑέό 1, if DMU d is labeled as ñRoutineò at period t; 0, otherwise 

ὴὶὭ Priority index of DMU ὨᶰὈ at period ὸɴ Ὕ  

Decision 

Variables: 
 

‘  Weight of output Ὥɴ Ὅ for DMU ὨᶰὈ at time ὸɴ Ὕ 

‫  Weight of input Ὦɴ ὐ for DMU ὨᶰὈ at time ὸɴ Ὕ 

Ὡ  The relative efficiency assigned to DMU ὨᶰὈ at time ὸɴ Ὕ 

Ὁ  The cross-efficiency of DMU Ὦɴ Ὀ at time ὸɴ Ὕ given the optimal weights of DMU ὨᶰὈ 

 

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 a request is received, it enters the systemôs waiting list to be addressed. The output 

of a decision-making 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 much capacity service providers are 

willing to allocate to that request. Accordingly, we consider the number of service requests resolved for 

DMU ὨᶰὈ at period ὸ (ὲὅὥὰὰ as an uncontrollable service output of the system. 
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The OCFL311 service system collects and resolves its service requests in coordination with local agency 

partners in Orange County, Florida, denoted as departments in the dataset. Each department ὴɴ ὖ is 

responsible for processing one or multiple service categories (or DMUs). Additionally, the number 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 two additional output variables in efficiency measurement: (1) the ratio of 

resolved requests of a DMU Ὠ over the total number of resolved requests at period ὸ, denoted as  ὴὣ, and 

(2) the ratio of resolved requests of a DMU Ὠ over the total requests responded to by its corresponding 

department ὴ at period ὸ, denoted as ὴὈ,  The calculations of each are presented below: 

ὴὣ ὲὅὥὰὰ ὲὅὥὰὰ        ᶅὨᶰὈȟὸɴ Ὕ 

ὴὈ ὲὅὥὰὰ ὲὅὥὰὰ”         ᶅὨᶰὈȟὸɴ Ὕ 

The total time allocated to resolve service requests in OCFL311 system is a shared resource (in hours) 

and approximates the Countyôs total non-emergency service capacity. Although there is no centralized 

decision-making regarding capacity planning or resource management in a non-emergency 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 addressing multiple service categories, 

and departments can still improve their efficiency by better using their capacity in response to service 

requests.  

We consider mean resolution time (in hours) for an individual DMU Ὠ at period ὸ as the unit capacity 

used by request, denoted as άὩὥὲὙὩί, and 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) the total service capacity, calculated as the total time spent responding to all requests received at period 

ὸ by DMU Ὠ, and (2) the departmental service capacity, calculated as the time spent by each department ὴ 

in responding to requests received at period ὸ. For each DMU, we then calculate the ratio of service capacity 
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used over the total capacity by DMU Ὠ at period ὸ, denoted as  ὧὣ, and the ratio of service capacity used 

over the annual departmental capacity by DMU Ὠ at period ὸ,  denoted as  ὧὈ. These two ratios were 

introduced as controllable input parameters to our efficiency model. The formulations of each are presented 

below. 

ὧὣ άὩὥὲὙὩίὲὅὥὰὰ ὲὅὥὰὰάὩὥὲὙὩί        ᶅὨᶰὈȟὸɴ Ὕ 

ὧὈ άὩὥὲὙὩίὲὅὥὰὰ ὲὅὥὰὰ” άὩὥὲὙὩί        ᶅὨᶰὈȟὸɴ Ὕ 

Lastly, considering each request has a pre-assigned priority label indicating which categories the service 

responders should prioritize or ensure a more efficient response for, we include a priority index for DMU 

Ὠ at time ὸ. 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 system has three 

levels, the priority index, ὴὶὭ, is calculated as follows: 

ὴὶὭ ύ ὅὶὭύ Ὅάὴ ύ Ὑέό                   ᶅὨᶰὈȟὸɴ Ὕ  

where ὅὶὭȟὍάὴ, and Ὑέό are binary variables indicating if a DMU is labeled as ñCritical,ò ñImportant,ò 

or ñRoutine,ò respectively, and zero otherwise. The weights ύ  for priority level Ὧ at time ὸ are determined 

based on the relative speed ratio, calculated as the average service speed of each priority level Ὧ at period 

ὸ over the average speed in responding to requests with the highest priority at period ὸ. 

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 vector ὢ  includes the parameters: άὩὥὲὙὩίȟὧὣȟὧὈȟὴὶὭ, and the output vector ὣ  

includes the parameters: ὲὅὥὰὰȟὴὣȟὴὈ. Given the identified input and output parameters, and ‘ 

and are the weights of Ὥ ‫  output and Ὦ  input, respectively, the service efficiency of a specific DMU Ὠ 

at time period ὸ is formulated as follows: 

                        Ὡ
В ‘Ὥ

В ‫Ὦ  
   (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 and non-crisis time 

intervals. The results of non-crisis 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 individual efficiency scores as well as the changes in the systemôs 

overall efficiency. 

4.5. Empirical Analysis and Discussion 

4.5.1. 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 of the OCFL311 system. Excluding only information-seeking 

categories and the ones with only a few request entries for each year, 91 categories are obtained. Service 

categories are considered the decision-making units (DMUs) of the relative efficiency model. Each service 

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 selected service categories from 01/01/2017 until 12/31/2021. The 

OCFL311 spent approximately 24,602 hours in total to resolve the requests for those five years.  

We consider the years from 2017 to 2019 as the pre-pandemic period where the system is assumed to 

be in ñsteady stateò or ñnon-crisisò mode. On the other hand, starting from the first months of 2020 until 

the end of 2021, the system activated its ñEmergency Mode,ò and the capacities and service performance 

were affected by the adaptive actions of the OCFL311 system (OCFL311 Managers, 2021). 
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The yearly change in total service request 

volumes and corresponding service response 

times are illustrated in Figure 1. The historical 

service data indicates that the request volumes 

for selected categories increased from 2017 to 

2019. However, yearly service request 

volumes decreased in the last two years when 

the pandemic crisis was active. The dataset 

also shows service speed has increased in the 

last two years given the five year period. In other words, the annual 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 pre-and during-pandemic 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 years. Furthermore, 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 service category 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 named Critical, then the second priority is Important, and the least urgent is Routine. 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, median 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 of Table 2, we 

provide two ratios considering the Critical level as the 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 mean resolution time 

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

ὴὶὭ. 

Table 2. Summary Statistics for requests with each priority level for each year 
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# of Requests 9211 12109 44565 8309 10206 44369 8408 10070 46903 7620 8222 43864 7421 8799 43790 

Median Res. 40.1 63.1 57.3 21.9 22.3 64.7 22.0 21.4 59.7 12.4 12.8 20.0 11.8 12.7 19.8 

Mean Res. 207.5 396.2 563.0 171.2 284.3 454.4 162.0 247.3 377.0 120.2 81.3 208.5 110.5 79.3 192.1 

Std. Dev Res. 960.2 1262.4 2307.5 483.0 1452.6 1631.1 491.5 958.5 1021.2 365.8 260.2 585.7 394.5 239.3 528.6 

Req. Ratio 1.0 1.3 4.8 1.0 1.2 5.3 1.0 1.2 5.6 1.0 1.1 5.8 1.0 1.2 5.9 

Mean Ratio 1.0 1.9 2.7 1.0 1.7 2.7 1.0 1.5 2.3 1.0 0.7 1.7 1.0 0.7 1.7 

 

The yearly summary on priority levels indicates that Routine requests always received the slowest 

median response. And median resolution time for Important requests is slightly more than the median 

resolution for Critical requests, except in 2019. Furthermore, in the pre-pandemic period (from 2017 to 

2019), the mean resolution times decreased as the urgency of the response increased. This is an expected 

response behavior. Additionally, based on paired Studentôs t-test, the number of service requests did not 

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 (or increase in service speed) is more drastic in 2020 and 2021, where 

the system operates in ñemergency mode,ò and the emergency policy successfully reduces the average 

resolution times in each priority level. Surprisingly, in the during-pandemic period, the mean resolution 

time for Important requests is found to be less than that for the requests labeled Critical. Similarly, the 

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

the standard deviation of resolution times for Important requests is less than the ones for Critical. 

 
Figure 2. Change in mean resolution times and number of requests over time by priority level  

In our search for some explanations to make sense of the Important requests receiving the highest speed 

despite their label, we observe the following. Firstly, the ñPublic Safety>Smoke Alarmò is a category in the 

responsibility of the Fire Rescue department with the Important priority label. The average resolution time 

to this category decreased drastically (more than ten times) in 2020 and 2021 compared to pre-disaster years 

affecting the total service capacity allocated to Important service categories. Secondly, the ñTraffic & 

Transportation>Signs and Signals>éò categories, labeled as Critical, received slower responses during 

the pandemic compared to the pre-pandemic period. Although the system was able to activate the 

ñemergency modeò and improve service speed overall, such individual examples signal a mismatch in 

assigned priority labels and the actualized service speed during the emergency. 

4.5.2. Yearly Efficiencies of 311 Service Categories 

In the empirical analysis, yearly efficiencies 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 priority levels in 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 efficiency scores are impacted if the model is not informed by the pre-determined priority index, 

and if mean resolution times and capacity usage are enough to capture the relative efficiencies across service 

categories. The model outputs for CCR and BCC variants of 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 priority input remains within 

range of 0.45-0.49, and the averages without priority input are observed within the range of 0.29-0.33. For 

all DMUs in each year, the model with priority input assigns a higher efficiency score compared to the 

results of the model without 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 without-priority 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 0.67-0.69 for the model with priority input and 0.38-0.41 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 relative order as the CCR model outputs. 

Different from the CCR variant, relative efficiencies differ in BCC with and without priority 

information, especially for DMUs with Critical  and Important priorities. Recall that in Section 5.1, we 

mention that the Important requests were resolved more quickly compared to Critical  DMUs during the 

disaster period (2020-2021). 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 relative efficiency of 

Important DMUs exceeds the Critical DMUs during the disaster period. The BCC model with priority input 

chooses the Critical DMUs as the most efficient for the first three years. On the other hand, 2020 and 2021 

results indicate that Important DMUs are the most efficient, while Critical 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 Critical 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 0.91 0.56 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 and Highways>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 0.54 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 0.39 0.35 0.31 0.01 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 1.00 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 0.56 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 0.98 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 0.53 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 0.87 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 0.86 0.64 0.48 0.57 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 0.82 0.40 0.41 0.09 0.20 0.33 0.29 

26 Important Trees>Tree down PW 0.53 0.33 0.24 0.28 0.36 0.35 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 0.55 0.50 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 0.35 0.42 0.51 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 0.49 0.50 0.45 0.52 0.46 0.46 0.48 

30 Routine Domestic>Found HS 0.37 0.33 0.42 0.68 0.59 0.48 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 0.52 0.54 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 0.50 0.65 0.56 0.48 0.59 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 0.59 0.80 1.00 0.82 0.93 0.59 0.50 0.77 

36 Routine Domestic>Trap>Pick-up HS 0.28 0.29 0.20 0.72 0.85 0.47 0.14 0.20 0.20 0.72 0.84 0.42 

37 Routine Domestic>Trap>Request HS 0.34 0.21 0.21 0.21 0.26 0.25 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 0.95 0.51 0.14 0.12 0.22 0.89 0.95 0.46 

39 Routine Wild>Confined HS 0.31 0.41 0.38 0.98 0.85 0.58 0.14 0.33 0.23 0.98 0.84 0.50 

40 Routine Wild>Dead HS 0.43 0.43 0.47 0.46 0.45 0.45 0.39 0.34 0.44 0.46 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 Area Agencies>Municipalities>City of Orlando OJ 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 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 0.91 0.73 0.85 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 0.40 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 0.52 0.36 0.34 0.45 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 0.59 0.61 0.61 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 0.54 0.28 0.40 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> Sheriffôs Office 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 0.31 0.31 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 and Highways>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 0.20 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 0.01 

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 0.24 0.20 0.03 0.09 0.03 0.08 0.12 0.07 

86 Routine Garbage Collection U 0.73 0.68 0.84 0.53 0.48 0.65 0.57 0.50 0.64 0.53 0.23 0.49 

87 Routine Garbage>Bulk Pickup U 1.00 0.62 0.69 0.45 0.39 0.63 1.00 0.52 0.59 0.45 0.23 0.56 

88 Routine Garbage>Collection Roll Carts U 0.56 0.71 1.00 0.51 0.50 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 0.41 0.49 0.32 0.56 0.36 0.44 0.24 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 0.57 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 0.47 

 
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 and Highways>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 0.59 0.67 1.00 1.00 0.77 0.54 0.43 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 0.68 0.7 1.00 1.00 0.80 0.41 0.59 0.62 0.72 0.57 0.58 

21 Important Domestic>Stray>Sick HS 0.83 0.89 0.84 1.00 1.00 0.91 0.83 0.83 0.80 0.69 0.53 0.74 

22 Important Domestic>Trap>Occupied HS 0.93 0.77 0.84 1.00 1.00 0.91 0.93 0.77 0.79 0.77 0.59 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 0.91 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 0.43 0.49 0.41 0.45 0.54 0.29 0.34 0.23 0.11 0.30 

29 Routine Domestic>Dead HS 0.54 0.47 0.53 0.50 0.48 0.51 0.54 0.47 0.53 0.46 0.46 0.49 

30 Routine Domestic>Found HS 0.44 0.37 0.43 0.75 0.62 0.52 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 0.56 0.49 0.60 0.76 0.51 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>Pick-up HS 0.76 0.76 0.49 1.00 0.88 0.78 0.28 0.41 0.29 1.00 0.85 0.57 

37 Routine Domestic>Trap>Request HS 0.38 0.37 0.43 0.41 0.41 0.40 0.21 0.15 0.10 0.03 0.02 0.10 

38 Routine Wild>Aggressive HS 0.79 0.64 0.49 1.00 0.96 0.78 0.33 0.28 0.29 1.00 0.95 0.57 

39 Routine Wild>Confined HS 0.40 0.42 0.43 1.00 0.85 0.62 0.18 0.38 0.25 1.00 0.85 0.53 

40 Routine Wild>Dead HS 0.43 0.43 0.47 0.48 0.49 0.46 0.43 0.40 0.46 0.46 0.44 0.44 

41 Routine Area Agencies>Municipalities>City of Apopka OJ 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 OJ 0.99 0.97 0.94 0.94 1.00 0.97 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 0.99 1.00 0.98 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 0.43 0.41 0.41 0.40 0.04 0.05 0.04 0.04 0.09 0.05 

48 Routine Graffiti>On Private Property PEDS 0.88 0.44 0.43 0.58 0.54 0.58 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 0.43 0.44 0.49 0.45 0.02 0.21 0.13 0.08 0.07 0.10 

50 Routine Housing>Minimum Standards PEDS 0.38 0.38 0.43 0.41 0.41 0.40 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 0.41 0.40 0.02 0.02 0.02 0.05 0.03 0.03 

53 Routine Junk Vehicles PEDS 0.44 0.62 0.58 0.41 0.41 0.49 0.13 0.58 0.50 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 0.92 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 0.47 0.48 0.42 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 0.41 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 0.88 0.55 0.69 1.00 1.00 1.00 0.85 

60 Routine Violations>Business out of a home PEDS 0.37 0.37 0.43 0.41 0.41 0.40 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 0.50 0.51 0.47 0.09 0.19 0.18 0.15 0.25 0.17 

63 Routine Violations>Unpermitted Const. PEDS 0.37 0.37 0.43 0.41 0.41 0.40 0.06 0.06 0.03 0.03 0.06 0.05 

64 Routine Violations>Vehicle Location PEDS 0.55 0.37 0.43 0.56 0.55 0.49 0.06 0.07 0.19 0.23 0.13 0.14 

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> Sheriffôs Office CO 0.99 0.94 0.89 0.83 0.89 0.91 0.85 0.66 0.52 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 0.43 0.41 0.41 0.40 0.03 0.10 0.05 0.10 0.19 0.09 

69 Routine Clean Up>Street Sweeping PW 0.54 0.37 0.43 0.47 0.48 0.46 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 0.41 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 0.43 0.41 0.41 0.40 0.14 0.20 0.19 0.10 0.13 0.15 

72 Routine Flooding/Stormwater>Retention Ponds PW 0.37 0.37 0.43 0.50 0.52 0.44 0.06 0.05 0.10 0.15 0.26 0.13 

73 Routine Roads and Highways>Asphalt Paving PW 0.37 0.37 0.43 0.41 0.41 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 and Highways>Maintenance PW 0.37 0.37 0.43 0.42 0.44 0.41 0.02 0.05 0.04 0.07 0.05 0.05 

76 Routine Sidewalk>Other PW 0.68 0.37 0.43 0.41 0.41 0.46 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 0.41 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 0.43 0.41 0.41 0.43 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 0.47 0.49 0.49 0.10 0.04 0.07 0.10 0.07 0.07 

83 Routine Traffic>Traffic Study PW 0.37 0.37 0.43 0.41 0.41 0.40 0.02 0.01 0.04 0.01 0.02 0.02 

84 Routine Trees>Tree PW 0.37 0.37 0.43 0.41 0.41 0.40 0.05 0.06 0.06 0.09 0.13 0.08 

85 Routine Trees>Tree limb PW 0.37 0.37 0.43 0.45 0.47 0.42 0.04 0.11 0.04 0.09 0.12 0.08 

86 Routine Garbage Collection U 0.76 0.70 0.85 0.55 0.54 0.68 0.63 0.56 0.81 0.54 0.35 0.58 

87 Routine Garbage>Bulk Pickup U 1.00 0.65 0.72 0.56 0.47 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 0.56 0.55 0.70 0.45 0.66 1.00 0.54 0.42 0.62 

89 Routine Recycling U 0.64 0.64 0.52 0.57 0.48 0.57 0.41 0.63 0.37 0.49 0.31 0.44 

90 Routine Utilities U 0.37 0.56 0.50 0.43 0.66 0.51 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 

the frontier, 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 for CCR with priority input and the BCC with priority input, respectively. 

The x- and y-axis values indicate the weighted summation of input and output values of the corresponding 

DMU, respectively. 

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

chooses DMUs consuming fewer inputs given output levels ï appearing 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 ñefficientò since it allows for variable returns to scale and has a larger solution space. The efficient 

DMU set of the CCR model becomes a subset of the efficient DMUs by the BCC model, which can also be 

seen in Tables 3 and 4.  

 

Figure 3. Efficiency Frontier for the year 2020 

4.5.3. 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 includes 15 Critical, 12 Important, 
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and 64 Routine DMUs, the presented results indicate the average efficiency scores by each priority level. 

The yearly total number of requests shows that the Important requests are slightly higher than the Critical 

ones, and Routine receives most of the service requests each year (see Figure 4). The mean 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 

Important calls received a quicker response, the potential reasons for which are explained in Section 5.1. 

 

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 involving 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 

increases. 

Secondly, the results indicate that despite the fastest response to Critical requests, the DMUs labeled as 

Important have the highest efficiency over other priority labels, excluding the BCC with a priority model 

 # of Requests Mean Response 
 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 
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before 2020. One might expect to obtain 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 directly selecting 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 higher 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 model variants per year per priority level 

  Priority  

Year Model Variant  Critical  Important  Routine 

2017 

CCR-no pri  0.26 0.36 0.31 

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 

2018 

CCR-no pri  0.25 0.33 0.29 

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 

2019 

CCR-no pri  0.28 0.31 0.30 

CCR-pri  0.52 0.55 0.45 

BCC-no pri  0.36 0.45 0.41 

BCC-pri  1.00 0.74 0.61 

2020 

CCR-no pri  0.31 0.45 0.32 

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 

2021 

CCR-no pri  0.32 0.36 0.31 

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 pre-disaster period indicate that although the average response speed matches up with 

the priority levels defined by the system, the Important DMUs are the most efficient categories on average. 

Only the BCC model with priority input assigns the highest efficiency scores to Critical, 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 score, and Critical 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 all Critical DMUs as efficient in the first three years. Then, in 2020 and 

2021, the BCC model with priority inputs assigns the highest score of one to Important DMUs 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, and they all choose the Important 

categories as the most efficient each year on average.  

 

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 stands for the BCC model, referring to 

variable returns to scale) 

 

4.5.4. 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 to the OCFL311 service requests, and their 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 is responsible for 

resolving at least one and at most 33 categories. 

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

Department OGA FR NA CA OJ 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 
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of types of needs. Accordingly, the number of requests 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 demand volume for a 

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) indicates that the 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 

department 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.  

 

 # of Requests Mean Response 

Department 2017 2018 2019 2020 2021 2017 2018 2019 2020 2021 

OGA 86 162 132 130 156 7.3 2.8 2.2 2.5 3.8 

FR 204 212 168 123 130 4208.1 8276.9 4252.5 452.9 267.3 

NA 353 492 580 763 628 4.7 5.8 4.9 4.5 4.8 

CA 645 849 788 286 111 205.8 262.5 154.1 124.4 232.1 

OJ 703 947 1204 1260 1001 4.2 3.3 2.6 2.6 3.5 

CO 711 1364 1558 1928 662 2.7 3.5 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 70.5 121.2 79.1 31.8 49.9 

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. Except for the ñPublic Safety>Smoke Alarmò request answered by 

the Fire Rescue department with an Important urgency label, the departments dealing with 1-3 categories 

are only responsible for addressing Routine requests. 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 that the variants 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 model have a similar relative order.  

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

  Department 

Year Model Variant  OGA FR NA CA OJ CO U PEDS PW HS 

2017 

CCR-no pri  1.00 0.13 0.96 0.50 0.91 0.91 0.45 0.04 0.14 0.48 

CCR-pri  1.00 1.00 1.00 1.00 0.99 0.92 0.57 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 

2018 

CCR-no pri  1.00 0.09 0.85 0.48 0.87 0.83 0.51 0.05 0.16 0.40 

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 0.58 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 

2019 

CCR-no pri  1.00 0.16 0.79 0.58 0.77 0.73 0.56 0.06 0.14 0.44 

CCR-pri  1.00 1.00 1.00 1.00 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 

2020 

CCR-no pri  1.00 1.00 0.75 0.56 0.70 0.68 0.47 0.08 0.16 0.54 

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 0.50 0.20 0.19 0.58 

BCC-pri  1.00 1.00 1.00 0.86 0.98 0.92 0.56 0.52 0.62 0.82 

2021 

CCR-no pri  1.00 0.44 0.62 0.45 0.78 0.67 0.30 0.09 0.18 0.51 

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 0.95 0.85 0.89 0.83 0.55 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 unique 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 department 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 specific event a citizen 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 concerns. 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 does not 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 requests through the 311 system per year. 

Although these requests are labeled as Important, they are all non-emergency issues. The Fire Rescue 

department's highest priority is resolving the emergency issues that are not collected by the 311 system and 

beyond the scope of this study. Yet, these requests remain active in the OCFL311 system with an ñOpenò 

resolution status; therefore, keep the list of awaiting inquiries busy until they are reported as ñClosed.ò For 

this reason, we assume each request continues to consume the system's capacity until it is entirely resolved 

with ñClosedò status. 
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Figure 7. Graphical representation of average relative 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) 

 

4.5.5. Change in service efficiency during a disaster 

In this part of 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 inequalities 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 cross-efficiencies of 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 pre-disaster 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 volumes, and its relative performance is found to be relatively inefficient compared to other 

departments. Public Works is responsible for addressing 33 DMUs in total, 10 of which are Critical, 3 are 

Important, and 20 are Routine requests. Figure 8 illustrates the 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 pattern is highly 

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 over the years. 

 

Figure 8. Yearly CCR efficiencies of Public Works categories 

Next, we calculate the cross-efficiencies of Public Works DMUs under CCR with priority input 

following the arbitrary method proposed by Doyle and Green (1994). For the comparative analysis, we 

consider the following time windows with the same size: (1) the pre-pandemic period covering the requests 

in 2018-2019, and (2) the during-pandemic period involving the requests in 2020-2021. The cross-

efficiency scores of each DMU are calculated based on the optimal weights of all other DMUs referred to 

as ñpeers.ò The cross-efficiency matrices for pre-disaster and during-disaster are illustrated in Figure 9, 

where green indicates the highest efficiency in the color scale, and red stands for the lowest efficiency 

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, Important and Routine DMUs are also indicated in the figure. Based on the optimal weights 

obtained from the simple efficiency model (4), each matrix cell ὭȟὮ indicates the cross-efficiency score of 

ὈὓὟ given the optimal parameter weights of ὈὓὟ. The column-wise average represents the averaged 

peer appraisal of ὈὓὟ and shows 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 

cross-efficiency scores calculated based on the optimal input and output weights 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 self-appraisal efficiency score of ὈὓὟ.  

The cross-efficiency analysis allows examining the 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, cross-efficiency analysis is helpful in problem settings where not all DMUs compete with 

each other to become the most efficient, but they cooperate within the system to improve overall service 

efficiency. In our public service system context, with multiple DMUs having different criticality levels and 

being served by various departments, we can argue that the DMUs under the same department 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 compete with each other. Still, a DMU's efficiency depends on the others' scores since 

they share the overall service capacity. The cross-efficiency analysis enables analyzing efficiency levels for 

each DMU relative to the DMUs with competitive or cooperative relationships. 
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Figure 9. Cross-efficiencies of Public Works DMUs under CCR based on Doyle and Green (1994) 

arbitrary formulation: (a) pre -pandemic (2018-2019) vs. (b) during-pandemic (2020-2021) 

The cross-efficiency matrices in Figure 9 indicate that the cross-efficiency scores do not change much 

when a peer DMUôs optimal weights are used in the measurement, which can be observed by looking at 

columns in the matrices where the colors do not vary a lot. This means the efficiency measure is robust 

given different weights for efficiency calculation. Comparing the differences in pre-disaster (a) and during-

disaster (b) matrices, we can say that the efficiency of some Critical  DMUs decreased during the disaster, 

and the efficiencies of Important DMUs increased. 

We further present the comparative analysis results for pre-pandemic and during-pandemic 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 in efficiency score compared to the pre-disaster period. 

Assuming that the pre-disaster 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 target efficiency 

level, and visa versa. According to the analysis, the highest negative impact is -31.0% experienced by DMU 

#9. In contrast, the highest positive impact of +25.0% is experienced by DMU #11. The Critical DMUs 

experienced an average of 6.3% decrease in their efficiencies, while Important DMUs experienced a 17.8% 

increase, and Routine DMUs 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 the standard deviations of peer appraisal scores before and during the disaster. 

The results indicate that the standard deviations during-disaster period are less for Critical and Important 

than they were in the pre-disaster period. In contrast, the standard deviations for Routine are increased 

during the disaster. The findings indicate that although the performance of the Critical services worsened 

compared to pre-disaster, its cross-efficiency range decreased. On the other hand, the cross-efficiency range 

increased despite the improved service efficiency for the Routine during-disaster period. 

We recall that a single department addresses these categories. Considering the indicated urgency levels, 

the diverse impact of a disaster on service efficiencies signals potential suboptimal utilization of service 

capacity across the DMUs and priority levels. Service agencies may consider minimizing the total negative 

deviation or minimizing the maximum deviation from the pre-disaster 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 their response to service 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 comparative 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 by peers of Public Works DMUs under CCR: pre-pandemic (2018-2019) vs. 

during-pandemic (2020-2021) 

  Pre-disaster During-disaster  

DMU Priority  Peer appraisal (std dev) Peer appraisal (std dev) Ў╔██ 

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 (0.20) 0.25 

12 Important 0.24 (0.09) 0.40 (0.12) 0.16 

13 Important 0.34 (0.10) 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 (0.10) 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 cross-efficiencies of all 91 DMUs. The graphical representation of the results 

is provided in Figure 10. The color distributions in the two matrices indicate that the cross-efficiencies 

during the pandemic are lower than before, which can be easily recognized by looking at the increased red 

cells in the matrix (b). Remember that the values of a single column of a matrix indicate the cross-efficiency 

scores when another DMUôs optimal weights are used. And the column-wise average represents the peer 

appraisal score for 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 apparent in Critical 

and Routine categories.  
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Figure 10. Cross-efficiencies of all DMUs under CCR based on Doyle and Green (1994) arbitrary 

formulation: (a) pre -pandemic (2018-2019) vs (b) during-pandemic (2020-2021) 

The comparative analysis results for pre-pandemic and during-pandemic periods are summarized in 

Table 9, which has 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 pre-disaster period. The analysis shows that the DMUs experienced an average 8.0% decrease in 

service efficiency during the pandemic. Specifically, the Critical DMUs experienced a 14.8% decrease, 

Important DMUs experienced a 1.8% decrease, and Routine DMUs had a 7.6% decrease in their average 

efficiency. The highest negative impact was -42.0% experienced by a Critical DMU #9, while the highest 

positive deviation was of +24.0% experienced by an Important DMU #24.  

The deviation from the efficiency scores in the pre-disaster period indicates that although the system 

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 during-disaster 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 deviations in the during-disaster period are less for Critical and Routine, and 

slightly more for Important than they were in the pre-disaster period. The findings indicate that although 

average service efficiency worsened during the pandemic, cross-efficiency 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 a disaster. It is essential to recognize each system componentôs 

different characteristics and requirements, such as their demand volumes, responsible agencies, and 

priorities, to maintain efficient and equitable service performance across service components. The service 

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: pre-pandemic (2018-2019) vs. during-

pandemic (2020-2021) 
  Pre-disaster During-disaster  

DMU Priority  Peer appraisal (std dev) Peer appraisal (std dev) Ў╔██ 

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 Routine 0.33 (0.11) 0.23 (0.13) -0.10 

32 Routine 0.42 (0.16) 0.43 (0.16) 0.01 

33 Routine 0.32 (0.12) 0.24 (0.08) -0.08 

34 Routine 0.43 (0.16) 0.38 (0.11) -0.05 

35 Routine 0.5 (0.17) 0.47 (0.12) -0.04 

36 Routine 0.09 (0.05) 0.22 (0.28) 0.14 

37 Routine 0.15 (0.05) 0.07 (0.08) -0.08 

38 Routine 0.08 (0.05) 0.27 (0.33) 0.19 

39 Routine 0.23 (0.11) 0.37 (0.31) 0.14 

40 Routine 0.34 (0.12) 0.37 (0.1) 0.03 

41 Routine 0.22 (0.16) 0.14 (0.22) -0.08 

42 Routine 0.43 (0.24) 0.27 (0.25) -0.15 

43 Routine 0.52 (0.31) 0.22 (0.21) -0.31 

44 Routine 0.39 (0.32) 0.26 (0.3) -0.14 

45 Routine 0.16 (0.15) 0.23 (0.33) 0.07 

46 Routine 0.39 (0.3) 0.22 (0.24) -0.18 

47 Routine 0.12 (0.07) 0.05 (0.03) -0.07 

48 Routine 0.05 (0.03) 0.07 (0.05) 0.01 

49 Routine 0.07 (0.04) 0.03 (0.02) -0.03 

50 Routine 0.16 (0.1) 0.1 (0.11) -0.05 

51 Routine 0.05 (0.04) 0.02 (0.02) -0.03 

52 Routine 0.07 (0.04) 0.03 (0.01) -0.04 

53 Routine 0.28 (0.16) 0.11 (0.09) -0.17 

54 Routine 0.36 (0.22) 0.17 (0.17) -0.19 

55 Routine 0.31 (0.18) 0.18 (0.18) -0.13 

56 Routine 0.44 (0.29) 0.32 (0.32) -0.12 

57 Routine 0.05 (0.03) 0.03 (0.02) -0.03 

58 Routine 0.14 (0.09) 0.06 (0.03) -0.07 

59 Routine 0.28 (0.2) 0.23 (0.28) -0.05 

60 Routine 0.14 (0.09) 0.07 (0.03) -0.08 

61 Routine 0.05 (0.03) 0.05 (0.03) -0.01 

62 Routine 0.26 (0.15) 0.11 (0.07) -0.15 

63 Routine 0.13 (0.08) 0.04 (0.03) -0.09 

64 Routine 0.04 (0.02) 0.04 (0.03) -0.01 

65 Routine 0.6 (0.33) 0.38 (0.36) -0.22 

66 Routine 0.28 (0.16) 0.17 (0.16) -0.11 

67 Routine 0.29 (0.13) 0.17 (0.11) -0.12 

68 Routine 0.22 (0.11) 0.1 (0.04) -0.11 

69 Routine 0.09 (0.05) 0.08 (0.05) -0.01 

70 Routine 0.07 (0.04) 0.05 (0.03) -0.03 

71 Routine 0.19 (0.09) 0.11 (0.09) -0.08 

72 Routine 0.17 (0.08) 0.14 (0.08) -0.02 

73 Routine 0.13 (0.07) 0.06 (0.03) -0.07 

74 Routine 0.06 (0.03) 0.03 (0.02) -0.03 

75 Routine 0.08 (0.04) 0.04 (0.02) -0.03 

76 Routine 0.13 (0.07) 0.08 (0.03) -0.05 

77 Routine 0.26 (0.18) 0.31 (0.26) 0.05 

78 Routine 0.45 (0.23) 0.11 (0.09) -0.33 

79 Routine 0.65 (0.26) 0.4 (0.26) -0.25 

80 Routine 0.03 (0.02) 0.06 (0.05) 0.02 

81 Routine 0.08 (0.04) 0.02 (0.01) -0.06 

82 Routine 0.11 (0.05) 0.03 (0.02) -0.08 

83 Routine 0.07 (0.04) 0.04 (0.04) -0.03 
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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 systemôs performance over five years, including two years of the pandemic period, which 

we found notable and hope will be helpful for readers and public service system managers. 

The OCFL311 is a coordinated service system that is responsible for addressing multiple categories of 

services with the coordination and collaboration of the systemôs partners, i.e., local service departments. 

Although the departments have their own capacities, and their responsibilities vary under the umbrella of 

the 311 non-emergency service system, the performance of a department affects the relative efficiencies of 

categories under its responsibility as well as the efficiency of other departments. The 311 system keeps the 

unanswered requests as ñincomplete,ò which wait in the list of jobs to be completed. Moreover, the system 

reports updates about the request, if there are any. Thus, incomplete requests continue to consume the 

systemôs 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 to non-emergency requests, approximated as 

the total response time for the considered 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 significant change 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. Given such unexpected changes in the daily number of requests, service 

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 others. Managers can benefit from the proposed 

approach for identifying changes in service efficiency during disasters and across service categories. The 

analysis of the change due to the disaster event prepares system managers by providing them with an 

indication of how the system can minimize those differences and how it will 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 faster response than others. Our analysis indicates that the 

service speed is based on urgency levels. Critical requests receive the quickest average response in the pre-

disaster period, and the Routine accepts the slowest. However, in 2020 and 2021, the order of urgency and 

speed of response did not match since some of the Critical requests received slower responses than 

Important categories during the COVID-19 pandemic. Its potential explanations are discussed previously 

in Section 4.5.1. This example shows that the pre-disaster 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 different 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 current prioritization strategy to maintain service 

performance and more efficient use of limited resources. 

Furthermore, the proposed model accounts for categoriesô priorities and relative service speed in 

efficiency measurement. Managers can benefit from the model to explore experimental questions such as 

what would be the relative efficiencies if the Critical requests receive two times faster response than 

Important requests on average? Or, what would be the ideal relative speed ratios of priority levels if the 

system aims to increase the relative efficiency of a certain urgency level? Experimenting 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 efficiencies 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 number of calls in specific categories. 

For example, the OCFL311 introduced new service categories for the requests directly related to the 

ongoing pandemic such as COVID-19 rental assistance, Vaccine Outreach, or Testing under the Public 

Safety main category with a Routine urgency 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 disaster also points out that a systemôs total 

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 urgency of the request type, its relative demand volume over all requests, or the relative 

demand volume over the requests received by its department.  

Despite partnering with various municipal departments in response to the non-emergency 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. The service categories 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 systems, such as needing multiple constituenciesô approval before implementing any 

decisions. In our context, we can consider changing/adding categories, reassigning priorities, or allocating 

resources as managerial decisions that may help improve service efficiency and equity. And the decisions 

on these need to be approved by both the 311 system and the corresponding agency. On the other hand, 

resource distribution within individual agencies is relatively easier compared to across agencies. Thus, 

agencies might 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. Conclusions 

This study reveals how significant changes in service demand due to a disaster may affect the operational 

efficiency of a public service system. It points out that disasters may disproportionately affect the need for 

different services; therefore, the efficiencies of service categories may change during a disaster. We focus 

on the Orange County, Florida 311 system, which collects the non-emergency service requests of citizens 

via multiple intake channels, and directs them to responsible departments after carefully triaging 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 four model 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, despite the significant amount of detailed 

data and a decent understanding of the systemsô operations and relations with their business partners, this 

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. Yet the 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, the data was insufficient 

to perform analysis for five years, and the available data was not representative of the before-disaster 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 non-emergency requests, 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 
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to other 311 systems that operate in the US and Canada, many of which provide public access to their 

historical service data. Furthermore, the presented approach can be extended to agencies that address 

emergency and non-emergency issues, such as Police Department, Health Services, or Fire Rescue. 

Considering the various urgency 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 analysis of information 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 labeled as Routine, they receive a fast response 

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 can consider minimizing the total negative deviation or minimizing the 

maximum negative deviation from the pre-disaster service performance for more equitable service across 

service categories with different criticality levels. Building on the findings in this study, a goal 

programming model can be implemented for reallocating available capacities or resources to improve 

service efficiency. Although the 311 system and service departments have their own capacities, they have 

a common goal: resolving non-emergency issues requested via the 311 system. 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 future direction 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 more representative measures of efficiency to improve 

the performance measurement in public service operations. 



 

181 

 

4.8. References 

Altay, N., & Green, W. G. (2006). OR/MS research in disaster operations management. European 

Journal of Operational Research, 175(1), 475ï493. https://doi.org/10.1016/J.EJOR.2005.05.016 

Andrews, R., & Entwistle, T. (2010). Does cross-sectoral partnership deliver? An empirical exploration of 

public service effectiveness, efficiency, and equity. Journal of Public Administration Research and 

Theory, 20(3), 679ï701. https://doi.org/10.1093/jopart/mup045 

Axelsson, K., Melin, U., & Lindgren, I. (2013). Public e-services for agency efficiency and citizen benefit 

ð Findings from a stakeholder centered analysis. Government Information Quarterly, 30(1), 10ï22. 

Azadi, M., Shabani, A., Khodakarami, M., & Farzipoor Saen, R. (2014). Planning in feasible region by 

two-stage target-setting DEA methods: An application in green supply chain management of public 

transportation service providers. Transportation Research Part E: Logistics and Transportation 

Review, 70(1), 324ï338. https://doi.org/10.1016/J.TRE.2014.07.009 

Baghersad, M., Zobel, C. W., & Behara, R. (2020). Evaluation of Local Government Performance after 

Disasters. Proceedings of the 17th ISCRAM Conference, May. 

Bahadori, M., Izadi, A. R., Ghardashi, F., Ravangard, R., & Hosseini, S. M. (2016). The evaluation of 

hospital performance in Iran: a systematic review article. Iranian Journal of Public Health, 45(7), 

855. /pmc/articles/PMC4980339/ 

Banker, R. D., Charnes, A., & Cooper, W. W. (1984). Some models for estimating technical and scale 

inefficiencies in data envelopment analysis. Http://Dx.Doi.Org/10.1287/Mnsc.30.9.1078, 30(9), 

1078ï1092. https://doi.org/10.1287/MNSC.30.9.1078 

Banker, Rajiv D. (1984). Estimating most productive scale size using data envelopment analysis. 

European Journal of Operational Research, 17(1), 35ï44. https://doi.org/10.1016/0377-

2217(84)90006-7 

Bhatia, A., & Mahendru, M. (2016). Non-parametric analysis of technical efficiency of public sector 

banks (PSBs) in India. Global Business Review, 17(2), 318ï331. 

https://doi.org/10.1177/0972150915619811 

Charnes, A., Cooper, W. W., & Rhodes, E. (1978). Measuring the efficiency of decision making units. 

European Journal of Operational Research, 2(6), 429ï444. https://doi.org/10.1016/0377-

2217(78)90138-8 

Choi, S. O. (2005). Relative efficiency of fire and emergency services in Florida: An application and test 

of data envelopment analysis. International Journal of Emergency Management, 2(3), 218ï230. 

https://doi.org/10.1504/IJEM.2005.007361 

Cooper, W., Seiford, L., & Zhu, J. (2011). Handbook on data envelopment analysis.  

Daraio, C., Diana, M., Di Costa, F., Leporelli, C., Matteucci, G., & Nastasi, A. (2016). Efficiency and 

effectiveness in the urban public transport sector: A critical review with directions for future 

research. European Journal of Operational Research, 248(1), 1ï20. 

https://doi.org/10.1016/J.EJOR.2015.05.059 

Dimas, G., Goula, A., & Soulis, S. (2012). Productive performance and its components in Greek public 

hospitals. Operational Research, 12(1), 15ï27. https://doi.org/10.1007/S12351-010-0082-

2/TABLES/5 

Doyle, J., & Green, R. (1994). Efficiency and cross-efficiency in DEA: Derivations, meanings and uses. 



 

182 

 

Journal of the Operational Research, 45(5), 567ï578. https://doi.org/10.1057/jors.1994.84 

Ducic, A., Savic, G., & Popovic, M. (2020). Efficiency Measurement of Customer Service Call Center. 

1st International Scientific Conference ñEconomic and Business Trends Shaping the Future.ò 

https://doi.org/10.47063/EBTSF.2020.0026 

Emrouznejad, A., & Yang, G. liang. (2018). A survey and analysis of the first 40 years of scholarly 

literature in DEA: 1978ï2016. Socio-Economic Planning Sciences, 61, 4ï8. 

https://doi.org/10.1016/J.SEPS.2017.01.008 

Fang, L. (2016). Centralized resource allocation DEA models based on revenue efficiency under limited 

information. Journal of the Operational Research Society, 67(7), 945ï952. 

https://doi.org/10.1057/JORS.2015.117 

Fang, L., & Li, H. (2015). Centralized resource allocation based on the costïrevenue analysis. Computers 

& Industrial Engineering, 85, 395ï401. https://doi.org/10.1016/J.CIE.2015.04.018 

Färe, R., Grosskopf, S., & Margaritis, D. (2010). Time substitution with application to data envelopment 

analysis. European Journal of Operational Research, 206(3), 686ï690. 

https://doi.org/10.1016/J.EJOR.2010.03.021 

Galindo, G., & Batta, R. (2013). Review of recent developments in OR/MS research in disaster operations 

management. European Journal of Operational Research, 230(2), 201ï211. 

https://doi.org/10.1016/j.ejor.2013.01.039 

Haelermans, C., & Ruggiero, J. (2013). Estimating technical and allocative efficiency in the public sector: 

A nonparametric analysis of Dutch schools. European Journal of Operational Research, 227(1), 

174ï181. https://doi.org/10.1016/J.EJOR.2012.12.004 

Hartmann, S. (2019). Citizen relationship management for civic participation: How smart cities use 311 to 

involve citizens. In E-Participation in Smart Cities: Technologies and Models of Governance for 

Citizen Engagement. Public Administration and Information Technology (Vol. 34, pp. 59ï77). 

Springer, Cham. https://doi.org/10.1007/978-3-319-89474-4_4 

Hathaway, B. A., Emadi, S. M., & Deshpande, V. (2022). Personalized Priority Policies in Call Centers 

Using Past Customer Interaction Information. Management Science, 68(4), 2806ï2823. 

https://doi.org/10.1287/mnsc.2021.4021 

Hsu, J. H.-P., Wang, J., & Lee, M. (2022). Towards an Expectation-Oriented Model of Public Service 

Quality: A Preliminary Study of NYC 311. International Conference on Social Informatics, 447ï

458. https://doi.org/10.1007/978-3-031-19097-1 

Ismagilova, E., Hughes, L., Dwivedi, Y. K., & Raman, K. R. (2019). Smart cities: Advances in 

researchðAn information systems perspective. In International Journal of Information 

Management (Vol. 47, pp. 88ï100). Elsevier Ltd. https://doi.org/10.1016/j.ijinfomgt.2019.01.004 

Kalkanci, B., Rahmani, M., & Toktay, L. B. (2019). The role of inclusive innovation in promoting social 

sustainability. Production and Operations Management, 28(12), 2960ï2982. 

https://doi.org/10.1111/poms.13112 

Kennedy, K. (2015, August 27). Orange County Office of Emergency Management Advises Residents to 

Prepare for Possible Storm Impact. https://newsroom.ocfl.net/media-advisories/press-

releases/2015/08/orange-county-office-of-emergency-management-advises-residents-to-prepare-for-

possible-storm-impact/ 

Klumpp, M., & Loske, D. (2021). Long-term economic sustainability of humanitarian logisticsða multi-



 

183 

 

level and time-series data envelopment analysis. Public Health, 18(5), 2219. 

https://doi.org/10.3390/ijerph18052219 

Korhonen, P., & Syrjänen, M. (2004). Resource allocation based on efficiency analysis. Management 

Science, 50(8), 1134ï1144. https://doi.org/10.1287/mnsc.1040.0244 

Li, C.-H., Li, N., Wu, L.-C., & Hu, A.-J. (2013). A relative vulnerability estimation of flood disaster 

using data envelopment analysis in the Dongting Lake region of Hunan. Natural Hazards and Earth 

System Sciences, 13, 1723ï1734. https://doi.org/10.5194/nhess-13-1723-2013 

Li, F., Zhu, Q., & Liang, L. (2019). A new data envelopment analysis based approach for fixed cost 

allocation. Annals of Operations Research, 274(1), 347ï372. https://doi.org/10.1007/s10479-018-

2819-x 

Lozano, S., Villa, G., & Brännlund, R. (2009). Centralised reallocation of emission permits using DEA. 

European Journal of Operational Research, 193(3), 752ï760. 

https://doi.org/10.1016/J.EJOR.2007.07.029 

Lozano, Sebastián, Villa, G., & Canca, D. (2011). Application of centralised DEA approach to capital 

budgeting in Spanish ports. Computers & Industrial Engineering, 60(3), 455ï465. 

https://doi.org/10.1016/j.cie.2010.07.029 

Lucy, W. H., Gilbert, D., & Birkhead, G. S. (1977). Equity in local service distribution. Public 

Administration Review, 37(6), 687ï697. 

OôBrien, D. T. (2016). Lamp lighters and sidewalk smoothers: How individual residents contribute to the 

maintenance of the urban commons. American Journal of Community Psychology, 58(3ï4), 391ï

409. https://doi.org/10.1002/AJCP.12093 

Pamukcu, D., & Zobel, C. W. (2021). Characterizing 311 System Reactions to a Global Health 

Emergency. Proceedings of the 54th Hawaii International Conference on System Sciences, 2216ï

2225. https://scholarspace.manoa.hawaii.edu/handle/10125/70885 

Pamukcu, D., Zobel, C. W., & Ge, Y. (2021). Analysis of Orange County 311 System service requests 

during the COVID-19 pandemic . Proceedings of the 18th International Conference on Information 

Systems for Crisis Response and Management. https://par.nsf.gov/biblio/10294149 

Pamukcu, D., Zobel, C. W., & Ge, Y. (2022, May). A Data Envelopment Analysis-based approach for 

managing performance of public service systems during a disaster. Proceedings of the 19th ISCRAM 

Conference. 

Peng, M., Song, L., Guohui, L., Sen, L., & Heping, Z. (2014). Evaluation of fire protection performance 

of eight countries based on fire statistics: an application of data envelopment analysis. Fire 

Technology, 50, 349ï361. https://doi.org/10.1007/s10694-012-0301-x 

Pitogo, V. A., & Magno, F. A. (2021). Technology-mediated Citizensô Co-Production on Disaster 

Management: The case of highly urbanized city. 14th International Conference on Theory and 

Practice of Electronic Governance, 476ï480. https://doi.org/10.1145/3494193.3494259 

Poykayil Jayananda Panicker, A. (2002). Evaluation of the Performance of Customer Service 

Representatives in a Call Center Using DEA/ Network Model/ Fuzzy Sets [Virginia Tech]. 

https://vtechworks.lib.vt.edu/handle/10919/31704 

Puri, J., & Yadav, S. P. (2013). Performance evaluation of public and private sector banks in India using 

DEA approach. International Journal of Operational Research, 18(1), 91ï121. 

https://doi.org/10.1504/IJOR.2013.055540 




























