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Abstract of Praxis

A COMPARISON OF UNIVARIATE MODELING AND FORECASTING
TECHNIQUES FOR PREDICTING ITIL DEMAND MANAGEMENT
WORKLOAD UP TO SIX WEEKS AHEAD

The City of Atlanta is actively pursuing tools and techniques to aggressively progress
their ITIL Maturity level to achieve world-class performance in IT service delivery.
Currently, a methodology to accurately forecast demand management to predict future
workload does not exist. This added capability will ensure more accurate staffing
forecasts against service targets. IT Infrastructure Library (ITIL) has proven itself to be a
reliable framework to integrate into an Information Technology Service Management
(ITSM) function. Although ITIL is well-known worldwide, little academic research has
been published to date about the impact of low priority service requests impact on IT
service delivery. This praxis presents the applied nature of modeling univariate IT
demand management data.

The data collected in terms of date submitted, calendar week number of submission,
resolution date, business hours to resolve, City of Atlanta department, issue type, and
priority level were collected from January 2016 to December 2016. Using the Pareto
Principle, one department was selected for the study with the two additional departments
for purposes of validation, totaling 11,760 helpdesk tickets. The key metric, “Business
Hours to Resolve,” a mean-time-to-resolve (MTTR) metric, was aggregated into weekly
averages totaling 53 discrete observations representing the 53 weeks in 2016 for each
department. After necessary differencing, a model was selected that had the best
characteristics with that of a properly-specified model. The models were validated by

performing six-week ahead forecasts, and the predicted MTTR results were compared

vii



with the actual MTTR. A comparison of seven sophisticated univariate methods
(1) Random walk; (2) Random walk with drift; (3) Constant mean; (4) Linear trend
(5) Simple moving average; (6) Exponential smoothing; and (7) ARIMA was performed.
The results indicate that the ARIMA model significantly outperformed the six other
univariate methods and that the proposed methodology is suitable for developing future
predictive ITIL Demand Management models for the City of Atlanta.

KEYWORDS: IT Service Management (ITSM), Pattern of Business Activity (PBA)

Analytics, IT Infrastructure Library (ITIL), Mean-Time-to-Resolve (MTTR), ITIL
Demand Management, City of Atlanta, Time-series analysis
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Chapter 1. Introduction

In July 2015, City of Atlanta deployed the IT Infrastructure Library (ITIL)
framework, which is a collection of best practices for running an IT Service Management
(ITSM) organization, with the goal to improve service delivery metrics against their
service level agreements (SLA). This praxis will focus on forecasting ITIL demand
management workload to use as an indicator for short-term predictions of the mean-time-
to-resolve (MTTR) metric for a given week up to six weeks ahead. City of Atlanta IT
organization has consistently missed their SLA targets. The purpose of demand
management in ITIL is to promote reduced demand for services as required by the IT
organization which may include reducing user access, for example, providing user
incentives to reduce demand during peak hours. (Long, 2012).

In this case study, accurately predicting demand management using a univariate
model should be sufficient (Taylor, de Menezes, McSharry, & Street, 2006). In this case
study, we compare the accuracy of seven sophisticated univariate methods. The seven
main methods that we consider are: (1) Random walk; (2) Random walk with drift;

(3) Constant mean; (4) Linear trend; (5) Simple moving average; (6) Exponential
smoothing; and (7) ARIMA. Lastly, in contrast to SLA monitoring, already executed
processes can be analyzed from a service provider perspective (Mager, 2014) to improve

application reliability.

1.1 Background

Atlanta Information Management (AIM) provides a broad range of IT services to its

customers (Aviation Services, Watershed Management Services, City Operations



Support, Public Safety and Justice, and City Administrative Services). AIM develops and
maintains the City’s IT infrastructure, providing technical assistance and guidance as well
as effective I1T-support across City of Atlanta in alignment to the City Priorities. To
support the City of Atlanta (COA) Strategic objectives, AIM is organized such that it can
provide the best IT services possible. Service Desk acts as the face of AIM as it is the
first line and single point of contact for most internal and external customers.

The Service Desk supports 8,900 City of Atlanta customers, 165 sites, and 6,336 PCs
and Laptops. The Service Desk is accessed through a single phone extension where all
calls will are answered within a maximum timeframe of 20 minutes. Calls will be either
resolved or prioritized and escalated to onsite technicians or application SMEs (subject
matter experts), as appropriate. 1T staff provide services remotely, with field technicians
also available to provide onsite support when appropriate.

December 2015, the service level agreements’ targets for the Service Desk metrics
were revised to accurately match them to the current resources and the organization’s
maturity level. A new priority level of ‘Critical’ was created to accommodate the top high
priority systems to disallow the metrics to “mask” availability in the future. The hours of
availability were also changed to reflect the new priority. These changes took effect
December 1, 2015, and are outlined below in Table 1-1. Definitions for all of the priority

levels are located in Appendix A.



Table 1-1: Change to Service Level Agreement Priority Levels Effective December 2015

Priority Previous Targets New Target

Response Resolution Response Resolution
Time Time Time Time
Priority O (Critical) New New 15 Minutes | (ASAP)
Priority 1 (High) 15 Minutes | 1 Hour 30 Minutes | 4 Hours
Priority 2 (Essential) 1 hour 1 Business day | 1 Hour 1 Business day
Priority 3 (Important) 4 hours 3 Business days | 3 Hours 3 Business days

Note. SLA Priority Level provided by City of Atlanta, Atlanta Information Management, Performance and
Accountability Division

1.2 Motivation and Purpose

The main motivation of this case study is to help the City of Atlanta improve their
service delivery processes and predictability in their processes. Systems Engineering
Standard ISO/IEC 15288 has been used as a theoretical framework for conceptual studies
in the domain of organizational business process and design of eco-industrial parks
(Mora, Gomez, O'Connor, Raisinghani, & Gelman, 2015). Given that IT service must
consider the interactions of several human and technology components, an IT service and
their generative IT service system constitutes man-made engineered systems (Mora et al.,

2015).

13 Problem Statement

Currently, the means to forecast demand management (mean-time-to-resolve) to
predict future workload does not exist at the City of Atlanta. The City of Atlanta is
actively pursuing tools and techniques to aggressively progress their ITIL Maturity level
to achieve world-class performance in IT service delivery. This added capability will
ensure more accurate staffing forecasts against service targets. Enterprise performance is

optimized when both technology and the organization mutually adjust to one another



until a satisfactory fit is obtained (Pombinho, Aveiro, & Tribolet, 2013). It is important
that all the departments in the City of Atlanta are fully operational at all times to serve

their major stakeholders. One major issue that can occur to halt operations is IT issues.
Studies indicate as much as 90% of organizations fail in applying their strategies

(Pombinho et al., 2013) to improve enterprise performance.

1.4 Thesis Statement

IT Professionals within City of Atlanta's Information Management division should
implement demand management into their ITSM program because it will improve
predictability, accurately forecast demand of services, and identify the real workload

required to accomplish their mission.

1.5  Scope of Study and Research Goals

The principal focus will be centered on City of Atlanta’s Service Desk operations
focusing on demand management (mean-time-to-resolve) inaccurate forecasts lead to
misalignment of resources to address IT helpdesk tickets. It was noted that organizations
strongly agreed that the use of business information and analytics differentiated them
from their peers were twice as likely to be top performers (LaValle, Lesser, Shockley,
Hopkins, & Kruschwitz, 2011). Lower performers were twice as likely to use analytics as
a tool or guide for future strategies and were twice as likely to use insights to guide day-
to-day operations (LaValle et al., 2011). The aim will be to investigate service requests
with the specific objective of improving operational performance and increasing

productivity (Bautista, Akbar, Alvarez, Metzger, & Reaves, 2013).



Chapter 2. Literature Review

This research is meant to identify and leverage techniques available to enable City of
Atlanta the capability to forecast mean-time-to-resolve (demand management). There
have been outstanding research around the effects of and mitigation strategies for IT
service organizations ability to minimize or control the impact of high-priority incidents
in service desk operations. The City of Atlanta manages their IT Service Management
(ITSM) following the Information Technology Infrastructure Library (ITIL) framework.
The literature review will cover many topics to include ITSM, ITIL, demand
management, time-series analysis, forecasting techniques, and how to select the
appropriate model for this study.

The conceptual framework utilized to perform this study was leveraged from the
scholarly journal, “From a literature review to a conceptual framework for sustainable
supply chain management” by Seuring and Miiller’s, where the literature review

methodology was transformed into a framework below which was followed:

Theory-driven selection of
structural dimension and analytic categories

v

Determining definitions and coding for Revisi
h category evision,
eac of structural
+ dimensions
Analyzing the material: and anal_ytlc
Denotation of relevant place of finding categories

v

Analyzing the material:
Editing and extraction of place of finding

v

Preparation of results

Figure 2-1: Research Process for structuring content analysis
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(Seuring & Miiller, 2008)

2.1 Information Technology Service Management (ITSM)

Organizations are establishing IT governance to ensure that IT is aligned with the
objectives of the organization (Cater-Steel & Tan, 2005). IT service management is a
subset of Service Science that focuses on defining, managing, delivering, and supporting
IT services to achieve organizational goals (Shahsavarani & Ji, 2011). IT organizations
actively identify the services its customers need and focuses on planning and delivering
those services to meet availability, performance, and integrity of system security
requirements to meet internally and externally agreed-upon quality and cost targets
(Sallé, 2004; Shahsavarani & Ji, 2011). The scholarly journal, IT Service Management
and IT Governance: Review, Comparative Analysis and their Impact on Utility

Computing by Salle’ describes ITSM as:

“the IT evolutionary stage where IT organizations actively identify
services its customers need and focus on planning and delivering those
services to meet availability, performance, and security requirements to
include managing service-level agreements, both internally and
externally, to meet agreed-upon quality and cost targets” (Sallé, 2004).

There are many frameworks that fall within the main international IT Service
Management processes (e.g., ITIL v2, ITIL v3, ISO/IEC 20000, COBIT 4.0, CMMI-
SVC, MOF 4.0, and ITUP) that include the design of IT services as part of their main

best practices (Mora et al., 2015).

2.1.1 ITSM History

The journal IT Service Management and IT Governance: Review, Comparative

Analysis, and their Impact on Utility Computing by Sallé (Sallé, 2004), states that IT



Service Management has evolved from the “dark ages” in the 1970s to the late 1980s as

depicted in Figure 2-2 below (Sall¢, 2004).

A
IS0 Standard O
5
BS1 15000
£ Standard MOF w30
E = ES| Code & HP ITSM v3.0
s 3 OGCIML2 Yup rsmyzo
= g MOF v1.0 O
@ HPITSM v 1.0
% CCTA
0 ITIL
IBM ISMA O
IT Dark Age-s O
| | | |
| | | 0 | - Time
1970 1980 1980 2000 2010
Figure 2-2: Evolution of IT Service Management Methodologies

(Sallé, 2004)

IT organizations that have implemented a best practice such as ITIL need to have a

dual focus concentrating not only on the operational/tactical level benefits achieved by

the employment of best practices but also on their strategic level to develop a unique and

valuable stance relevant to the customer (Marrone & Kolbe, 2011).

2.2

Information Technology Infrastructure Library (ITIL)

In the book, Pragmatic Application of Service Management, by Van Hove and

Thomas describes ITIL as “a framework of best practices for the provision of quality

services where the activities, processes, functions, and capabilities documented in ITIL

provide guidance that should be analyzed by an organization to define an ‘adopt and

adapt’ program of activities to improve service delivery based on their individual needs,

culture, organizational structure and so on” (Van Hove & Thomas, 2016, p. 28). The
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concept of developing frameworks and standard operating procedures to have repeatable
results, be it formal or informal, is not foreign to most professional environments. For
this study, we will use the definition developed by Axelos (Kneller, 2013, p. 4) which
defines ITIL as:
“ITIL adopts a ‘lifecycle’ approach to IT services, focusing on practices
for service strategy, service design, service transition, service operation
and continual service improvement. Service strategy focuses on the
collaboration between business strategists and the IT service provider to
develop IT service strategies that support the business strategy. Service
design, the design of the overarching IT architecture and each IT service
to meet customers’ business objectives by being both fit for purpose and
fit for use. Service transition, the management and control of changes
into the live IT operational environment, including the development and
transition of new or changed IT services. Service operation, the delivery
and support of operational IT services in such a way that they meet
business needs and expectations and deliver forecasted business
benefits. Continual service improvement, the process of learning from

experience and adopting an approach which ensures continual
improvement of IT services.”

Although robust, this definition is chosen as it is the formal definition from ITIL
framework owner, Axelos, and it incorporates both resolving technical issues as well as
focusing on continual process improvement. Fortunately, IT Infrastructure Library (ITIL)
can effectively and efficiently help us to conduct the IT service management and also

ITIL is recognized as the de facto standard for managing enterprise IT and forms the

basis of the international standard 1SO 20000 (Yao & Wang, 2010).

2.2.1 Information Technology Infrastructure Library History

The book Practical IT Service Management by Thendra (BS, 2008, pp. 24-25), states
that during the late 1980s, the Central Computer and Telecommunications Agency

(CCTA) in the UK started to work on a set of processes called the Information



Technology Infrastructure Library (ITIL). Soon, major companies and other government
organizations adopted the framework, added their own best practices, and thus the ITIL
framework became a set of industry best practices (BS, 2008, pp. 24-25). In 2001, ITIL
version 2 was released to include Service Support and Service Delivery (BS, 2008, p. 25).
Version 3 is the latest version of ITIL which was published in May 2007 consisting of
26 sections which include the following five services: Service Strategy, Service Design,
Service Transition, Service Operation and Continual Service Improvement (Marrone &
Kolbe, 2011). ITIL version 3, released in late 2007, is an add-on to version 2 with the
focus on alignment of ‘IT and the Business’ (BS, 2008, p. 25) to offer value-based and
business-focused service practice to guide organizations from just providing a great
service to becoming innovative and best in class (BS, 2008, p. 34). ITIL is now managed
by the UK's Office of Government Commerce (OGC) and is supported by the IT Service

Management Forum (Sallé, 2004).

2.2.2 The Valueof ITIL

Less than 10 years ago, an international survey of 441 firms was conducted to
examine the benefits of ITIL, the de-facto ITSM framework, provided to the IT
organizations (Marrone & Kolbe, 2011). Results indicated a correlation between adoption
and operational benefits, meaning, as the adoption of ITIL increased so did the number of
realized operational benefits to include the levels of maturity of the Business-1T
alignment (Marrone & Kolbe, 2011). This confirms that the further the implementation of
ITIL the greater the operational and strategic benefits to an organization as a whole
(Marrone & Kolbe, 2011). Figure 2-3 illustrates the five maturity levels of ITIL v3. The

City of Atlanta is currently at Level 1 but is quickly progressing to Level 2.
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Level Level name Definitions

0 Non-existent Management of processes is not applied at all
1 Ininal/ad hoc Processes are ad hoc and disorganized
2 Repeatable Processes follow a standard, are documented and understood
3 Defined Processes are documented and monitored for compliance
4 Managed Management monitors and measures according to metrics
established on the previous level
5 Optimized Good practices are followed and automated
Figure 2-3: Maturity Model Levels with Definitions

(Marrone & Kolbe, 2011)

2.2.3 ITIL Lifecycle

There are numerous ITSM processes, and although related, they tend to be specific to
their technology or niche. ITIL is flexible in the fact that even the five stages in the
service lifecycle can be found in other frameworks. ITIL version 3 consists of five
sections with an emphasis on life cycle management services provided by IT which are
(Heikkinen & Jantti, 2012; Suhairi & Gaol, 2013):

(1) Service Strategy — describes an IT organization’s high-level approach to
providing services;

(2) Service Design — a stage in the service lifecycle in which a new or modified
service is developed and made ready for the Service Transition stage;

(3) Service Transition — typically testing and validation of services to ensure
sufficient quality of the service prior to moving into production;

(4) Service Operation — service is available for IT end users and is monitored to
determine service levels as well as look for operational faults;

(5) Continual Service Improvement — activity of collecting and analyzing data,
providing recommendations, and implementing said recommendations.

This praxis will focus primarily on the service strategy stage, specifically demand

management.

10



2.2.4 ITIL Demand Management

For any model, demand prediction is an important aspect in model development and
the type of planning and accuracy that is required is predicated by the form of the demand
depends on; hence it can be represented as an annual demand, a peak demand, or load
duration curves like daily, weekly, monthly, semi-annual or annual (Taylor et al., 2006).
The main objective of the demand management is to understand, anticipate and influence
business demand for services which is done by analyzing patterns of activities and user
profiles and provisioning capacity in line with strategic business objectives (Al Mourad
& Hussain, 2014). Demand Management can also be examined as a process undergoing
continual process improvement with a high percentage of its practices in the "performed"
level and some in "managed” level (L6pez-Poveda, Rusu, & Johannesson, 2010).
Ironically, in a separate study, demand management was ranked second in degree of
importance for service integration; however, the interview results indicated demand
management was not implemented, and IT’s hierarchial role within a company directly
influences the success of demand management program (Goldberg, Satzger, & Fromm,
2016).

ITIL Demand Management process represents the first point of touch of user
requirements and service provider’s ability to respond to those requirements (Tanovic &
Orucevic, 2012). ITIL Demand Management touches on all the ITIL lifecycle processes
apart from service transition. ITIL Demand Management objectives are to optimize the
use of capacity by moving the workload to less utilized times, hardware, or places
(Blokdijk, 2008). This process enables the analysis of Pattern of Business Activity

(PBAS) that represents user business activity, and it assigns corresponding demand
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patterns that further creates 3 types of packets (Core service, Service level and Lines of

service packets) as illustrated below in Figure 2-4 (Tanovic & Orucevic, 2012).
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Figure 2-4: Demand Management Diagram
(Heikkinen & Jantti, 2012)

2.2.4.1 Pattern of Business Activity (PBA)

A Pattern of Business Activity is “a workload profile of one or more business
activities that are used to support the IT service provider understand and plan for different
levels of business activity” (Agutter, 2012b). This praxis will focus on the metric mean-
time-to-resolve to understand and anticipate demand management within this domain of
ITIL. PBASs reflect changing customer use of services (Agutter, 2012b). Continuous
measurement, monitoring, and control during manufacturing processes has been shown to
improve quality and increase the probability of a desirable outcome (Grenn, Sarkani, &
Mazzuchi, 2015) and this is no different in IT service delivery operations. They need to

be identified, documented and change controlled to ensure services support customer

12



demand, and although customer demand can be difficult to predict, it is not impossible

(Agutter, 2012b).

2.3  Time-Series Analysis and Forecasting Techniques

Subsequent to the publication of the book “Time Series Analysis Forecasting and
Control” by George Box and Gwilym Jenkins in 1976, the interest in time series
modeling and forecasting exploded (Dickey, 2015). Stationarity of a series is a significant
phenomenon as it can influence the models behavior, for example, the term ‘shock’ is
often used to indicate an unexpected change in the value of a variable (or error)
(Mohamed, 2008). For a stationary series, a shock will slowly die away, meaning, the
effect of a shock during time ‘t” will have a lesser effect in time ‘t+1°, a still smaller
effect in time ‘t+2°, etc. (Mohamed, 2008).

Availability management should be applied to all services and needs to understand
business and IT information (Agutter, 2012a). Various time series and forecasting
techniques will be implemented in the study for mean-time-to-repair. Figure 2-4 is an
example how the time between incidents is measured. This measurement will principally
focus on maintainability. Maintainability is the measure of how quickly and efficiently an
IT service or another configuration element can be returned to normal working after a

failure (Agutter, 2012a).
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Figure 2-5: Service Availability Metric Measurement
(Heikkinen & Jantti, 2012)

2.3.1 Time Series

Time series is a sequence of observations ordered by a time parameter that may be
measured continuously or discretely (Yaffee & McGee, 2000). Continuous times series
are recorded instantaneously and steadily; however, most measurements in the social
sciences are made at regular intervals which are discrete (Yaffee & McGee, 2000). For

this praxis, we will be using discrete observations.

2.3.2 Suitable Sample Size for Analysis

As a rule of thumb, the series should contain a reasonable enough of observations for
proper parameter estimation, and although there is no hard and fast rule about minimum
size, some authors postulate 30-60 observations are needed (Yaffee & McGee, 2000). “If
the series comes from a sample of a population, then the sampling should be done so that

the sample is representative of the population” (Yaffee & McGee, 2000).
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2.3.3 Forecasting Techniques

A demand forecast identifies the projects and services that an IT department should
expect to deliver in the upcoming year as demand comes from a variety of sources,
including (Pink Elephant, 2015):

e Volume trends for services currently being provided

e Anticipated demand for new services and service-level upgrades as part of the
"business as usual”

e Demands for commaodity products (like PCs), repairs, enhancements, and other
small, ongoing services

e Kaey initiatives to fulfill business needs; and major projects to enhance ITs
abilities such as new emerging technologies, critical IT infrastructure, and process
improvements (such as ITIL implementations)

A demand forecast includes both assured business and speculative projects and
services (Pink Elephant, 2015). Time series may be stationary or nonstationary (Yaffee &
McGee, 2000). “Loosely speaking a stationary process is one whose statistical properties
do not change over time whereas nonstationary series are characterized by random walk,

drift, trend, or changing variance” (Nason, 2006; Yaffee & McGee, 2000).

2.3.3.1 Random Walk versus Random Walk w/ Drift

“If each realization of the stochastic process appears to be a random fluctuation, as
in the haphazard step of a drunken sailor, bereft of his bearings, zapped with random
shocks, the series of movements is a random walk and if the series exhibits such sporadic
movement around a level before the end of the time horizon under consideration, it
exhibits random walk plus drift” (Yaffee & McGee, 2000). “Drift, in other words, is
random variation around a nonzero mean that will fluctuate randomly from the previous
temporal position, but at some level significantly different from zero” (Yaffee & McGee,

2000).
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2.3.3.2 Constant Mean

The simplest “regression” may be described by (Radhakrishna Rao, Helge
Toutenburg, & Heumann, 2008):
ve= u+e (t=1,....,T),
Equation 1: Constant Mean
as if each observation is randomly pulled from the same population, this assumes that

the time series consists of independently and identically distributed values (Nau, 2014b).

2.3.3.3 Linear Trend

If the mean  has a linear trend with time, we have the model (Radhakrishna Rao et
al., 2008):
ye=a+ B te
Equation 2: Linear Trend
where a is the expectation of y,, B is the slope, and €, is the added random variation

(Radhakrishna Rao et al., 2008).

2.3.3.4 Simple Moving Average

The simple moving average is a mean of a constant number of observations where the
mean is based on the same number of observations in a sliding time span that moves its
point of origin one time period at a time from the beginning to the most recent
observations of the series until the end of the series, at which point, the calculations cease
(YYaffee & McGee, 2000). In the formula below, the subscript i is replaced by t, and the n
from the simple average becomes a t as well where t; to t; denotes three time periods

(Yaffee & McGee, 2000):
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t3

MAQ3) = z X;

t=t,
Equation 3: Simple Moving Average

The cumulative effort of the moving average gives more weight to the central
observations than those at the ends of the series; however, it is sometimes preferred for
naive forecasting of the next observation of the series from the last single moving average
value, but consists of nothing more than moving averages of all periods preceding the last

observation (Yaffee & McGee, 2000).

2.3.3.5 Simple Exponential Smoothing

A method developed during World War Il by Robert G. Brown, simple exponential
smoothing, when used for forecasting, uses weighted averages of the past data where the
further back along the historical time path, the less influence each observation has on the
forecasts and is represented as (Yaffee & McGee, 2000):

Fiy1 = (1=0)F; + (o),
Equation 4: Simple Exponential Smoothing (Forecasting)

When data has been selected for training and validated, the equation that emerges
from a simple (single) exponential smoothing is a linear constant model which is
displayed as:

Ye=u+ e

Equation 5: Linear Constant Model
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2.3.3.6 Brown’s Linear Exponential Smoothing

Brown's linear exponential smoothing model uses two different smoothed series that
are centered at different points in time (Nau, 2014a). “The forecasting formula is based
on an extrapolation of a line through the two centers” (Nau, 2014a). “The model equation
for double exponential smoothing is” ("SAS/ETS(R) 9.22 User's Guide," 2017).:

Ye—pr + Bet + &

2.3.3.7 Holt’s Linear Exponential Smoothing

“In failing to account for trends in the data, simple exponential smoothing remains
unable to handle interesting and important nonstationary processes” (Yaffee & McGee,
2000). The final model for prediction contains a mean and a slope coefficient along with
the error term (Yaffee & McGee, 2000):

Ye=p + Bt + e
Equation 6: Holt's Linear Exponential Smoothing

The data in this praxis does not have a seasonality effect, however, if it did, the

Winter’s model can accommodate both trend and seasonality by adding a seasonal

parameter to the Holt model (Yaffee & McGee, 2000).

2.3.3.8 ARIMA

Although an auto-regressive integrated moving average (ARIMA) model is a more
complicated forecasting method, it accounts for several parameters together, including ES
and MA, as well as decomposition of trends and seasonality (Rudge, Chonko, & Heiliger,
2014). “The basic processes of the Box—Jenkins ARIMA (p,d,q) model include the

autoregressive process, the integrated process, and the moving average process” (Yaffee
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& McGee, 2000). In a separate study, ARIMA models were used for incident
prioritization to discover patterns for building complementary components to develop
domain-specific solutions to measure the likelihood of an objective being met (Bartolini,
Sallé, & Trastour, 2006). The ARIMA model used for this study is the following (Yaffee
& McGee, 2000):

ARIMA (p,d,q)

where

p = the number of auto-regressive (AR) parameters
d = the number of differencing used to make the data stationary
g = the number of MA parameters
(a) Autocorrelations (AC) and Partial Autocorrelations (PAC)

The ARMA model consists of three main steps: model identification, parameter
estimation and application (Wang, Chau, Xu, & Chen, 2015). Among these three steps,
the identification step is important and includes two stages: (1) if it is necessary,
appropriate differencing of the series is performed to achieve stationary and normality,
(2) the order of the AR and MA parts of ARMA model is identified.(Wang et al., 2015).
Stationarity and normality can be achieved for example using the Augmented
Dickey-Fuller technique which is calculated as (Mohamed, 2008):

5
Axip = kx;p1 + z W; g Axi,p_t+ €t
k=1
Equation 7: Augmented Dickey-Fuller Stationarity Test
Box and Jenkins employed the autocorrelation function (ACF) and the partial

autocorrelation function (PACF) as basic tools to detect the order of the ARIMA model
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(Wang et al., 2015). If sample data is an AR(p) model, the PACF cut-off is at lag p. On
the other hand, if sample data is a MA(q) process, the ACF has a cut-off at lag g (Wang

etal., 2015).

2.3.4 Forecast Accuracy Measures

The error in period i is defined as the difference between the actual datum and the
forecast or written generically as: e; = x; — f; (Flores, 1986). In general, accuracy
measures can be split into two groups: scale-dependent measures and scale independent
measures (Kim & Kim, 2016). As the group names indicate, the scale-dependent
measures are measures for which the scale depends on the scale of the data (Kim & Kim,
2016). The measures used in this praxis - mean square error (MSE), root mean square
error (RMSE), and mean absolute error (MAE) - all belong to this category (Kim & Kim,
2016). These measures are useful when comparing different forecasting methods that are
applied to data with the same scale, but should not be used when comparing forecasts for
series that are on different scales (Kim & Kim, 2016).

Percentage errors have the benefit of being scale-independent, and so are frequently
used to compare forecast performance across different data sets and although a good
measure of accuracy for a particular forecast, an analyst can choose to analyze relative
error in the entire series (Hyndman & Koehler, 2006; Yaffee & McGee, 2000). Statistical
comparisons of model estimates or predictions (P;; i = 1,2,...,n) with thought to be
dependable and pairwise matched observations (O;; i = 1, 2,...,n) continue to be the most
basic means of evaluating model performance in the climatic and environmental sciences
(Cort J. Willmott & Matsuura, 2005). Individual model prediction errors usually are

defined as ej = Pi — Oi. (Cort J. Willmott & Matsuura, 2005). “Measures of average error
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or model performance then are based on statistical summaries of e; (i = 1, 2,...,n)” (Cort
J. Willmott & Matsuura, 2005). The average model-estimation error can be written

generically as:

n n 1/y
ey = [z Wileily/z Wi]]
im1 im1

Equation 8: Average Model-estimation Error

2.3.4.1 Scale-Dependent Errors

These forecast errors are on the same scale as the data which when simply
represented is, e, = Y; — F;, regardless of how the forecast was produced (Chase Jr,
1995; Hyndman, 2006). For example, if y; is sales volume in kilograms, then et is also in
kilograms (Chase Jr, 1995). Accuracy measures that are based directly on e are therefore
scale-dependent and cannot be used to make comparisons between series that are on
different scales (Chase Jr, 1995; Hyndman, 2006). The two most commonly used
scale-dependent measures are based on the absolute errors (MAE) or squared errors
(RMSE) and when compared, the MAE is popular as it is easier to understand and

compute (Chase Jr, 1995).

2.3.4.1.1 Root Mean Squared Error (RMSE)

The RMSE is more suitable to represent model performance than the MAE when the
error distribution is expected to be Gaussian (Chai & Draxler, 2014). The underlying
assumption when presenting the RMSE is that the errors are unbiased and follow a

normal distribution (Chai & Draxler, 2014).
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Calculation of the RMSE involves a succession of three simple steps (Cort J.
Willmott & Matsuura, 2005). “‘Total square error’ is obtained first as the sum of the
individual squared errors; that is, each error influences the total in proportion to its
square, rather than its magnitude” (Cort J. Willmott & Matsuura, 2005). “Large errors,
as a result, have a relatively greater influence on the total square error than do the
smaller errors” (Cort J. Willmott & Matsuura, 2005). This means that the total square
error will grow as the total error is concentrated within a decreasing number of
increasingly large individual errors (Cort J. Willmott & Matsuura, 2005). The total square
error then is divided by n, which yields the mean-square error (MSE) (Cort J. Willmott &
Matsuura, 2005). The third and final step to calculate RMSE is to take RMSE as the
square root of the MSE (Cort J. Willmott & Matsuura, 2005). “Average error is most
commonly taken with y = 2; that is, as the root-mean-square error (RMSE) where RMSE

is calculated as follows” (Cort J. Willmott & Matsuura, 2005):

n 1/2
nty |ei|2]
i=1

Equation 9: Root Mean Squared Error (RMSE)

RMSE =

2.3.4.1.2 Mean Absolute Error (MAE)

Calculation of MAE is fairly straightforward by taking the absolute value of the
difference between the estimated forecast and the actual value at the same time so that the
negative values do not cancel the positive values (Cort J. Willmott & Matsuura, 2005;
Yaffee & McGee, 2000). “To put it differently, it involves summing the magnitudes

(absolute values) of the errors to obtain the ‘total error’ and then dividing the total error
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by n; once again, assuming that the w; s are all equal to 1.0” (Cort J. Willmott &

Matsuura, 2005).

Equation 10:  Mean Absolute Error (MAE)

2.3.4.2 Scale-Independent Errors

The percentage error is given by p, = 100e;/Y; (Chase Jr, 1995). Scale-independent
errors are useful when comparing forecasts for series on different scales (Kim & Kim,
2016). Percentage errors have the advantage of being scale-independent, and so are
frequently used to compare forecast performance between different data sets (Chase Jr,
1995). A commonly used percentage error measure is MAPE and is popular as it is easier

to understand and compute (Chase Jr, 1995).

2.3.4.2.1 Mean Absolute Percentage Error (MAPE)

MAPE is the average of absolute percentage errors (APE) (Kim & Kim, 2016). As a
rule, the lower the MAPE percentage errors, the more accurate the forecast (Chen,
Bloomfield, & Fu, 2003). MAPE results is a means to judge the accuracy of the forecast
and are meant to be interpreted as —less than 10% is a highly accurate forecast, 11% to
20% is a good forecast, 21% to 50% is a reasonable forecast, and 51% or more is an
inaccurate forecast (Chen et al., 2003).

It is one of the most extensively applied measures of forecast accuracy, due to its
benefits of scale-independency and ease to interpret; however, MAPE has the substantial
shortcoming that it yields infinite or undefined values for zero or close to zero actual

values as is to be expected for intermittent data (Hyndman, 2006; Kim & Kim, 2016). Let
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At and F denote the actual and forecast values at data point t, respectively (Kim & Kim,

2016) where MAPE is defined as:

1 N
MAPE = —z
N L=

Equation 11:  Mean Absolute Percentage Error (MAPE)

A — F
Ae

2.3.4.2.2 Mean Error (ME)

This measurement is not helpful in model selection as it sums all of the values
identified and then is divided by the total number of errors identified; however, the mean
error is a good from an observational point of view to determine bias in the model. The
mean error is merely the average error (Yaffee & McGee, 2000). The mean error can be

defined as (Flores, 1986):

n
ME = Z e;/n
i=1

Equation 12:  Mean Error (ME)

2.3.4.2.3 Mean Percentage Error (MPE)

The average percentage error in an entire series is a general measure of fit useful in
comparing the fits of different models (Yaffee & McGee, 2000). This measure adds up all
of the percentage errors at each time point and divides them by the number of time points

and is defined as (Flores, 1986; Yaffee & McGee, 2000):

n

n

a;

t=1

Equation 13:  Mean Percentage Error (MPE)
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2.3.4.2.4 Conclusions

There are three ways we can potentially generate forecasts (F) of a quantity (Y) from
a particular period: (1) compute forecasts from a common origin t (for example, the most
recent month) for a sequence of forecast horizons Fn+1,...,Fn+m based on data from times
t=1,...,n; (2) vary the origin from which forecasts are made but maintain a consistent
forecast horizon as in a series of one-period-ahead forecasts Fi+h,...,Fm+h Where each Fj+h
is based on data from timest=1,..., j ; (3) produce predictions for a single future-period
using multiple data series (Hyndman, 2006).

The Mean Absolute Error (MAE) measures the degree to which forecasts and the
outcomes are close together whereas, the Mean Absolute Percentage Error (MAPE) is
similar except that it presents a measure of forecasting accuracy relative to the eventual
outcome in terms of a percentage, whereas, the Root Mean Square Error (RMSE) is a
measure of precision based on the residuals aggregated over the back-test period
(Gounopoulos, Petmezas, & Santamaria, 2012). RMSE and MAE are absolute
performance measures where MAE is the most expected measure of average error
magnitude, and unlike RMSE, it is an unambiguous measure of average error magnitude
(Cort J. Willmott & Matsuura, 2005). Historically, RMSE had been popular, largely
because of their theoretical relevance in statistical modeling; however, they are more
sensitive to outliers than MAE which has led to the recommendations against their use in
forecast accuracy evaluation (Hyndman & Koehler, 2006).

It appears that all dimensioned evaluations and inter-comparisons of average model
performance error should be based on MAE (Cort J. Willmott & Matsuura, 2005). In

contrast to RMSE or MAE being absolute performance measures, MAPE is a relative
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[performance measure] (Zhang & Qi, 2005). For assessing accuracy on a single series, it
has been recommended that the MAE be the metric of choice because it is easiest to

understand and compute (Hyndman, 2006).

2.3.5 Model Selection

“All models are wrong but some are useful (Box, 1976), and model selection is best
seen as a way of approximating, rather than identifying, full reality as statistical model
selection is commonly based on the parsimony principle” (Posada & Buckley, 2004). The
use of different model selection strategies may lead to the selection of different models of
evolution, and we know that model choice affects all aspects of focused analysis (Posada
& Buckley, 2004). Selection bias may occur when the number of candidate models is
large where in such cases, casual fluctuations in the data will rise the score of some
models more than others and therefore, the chance that the best or most optimal model
won for spurious reasons increases (Posada & Buckley, 2004).

“In statistical terms, this is a trade-off between bias (distance between the average
estimate and truth) and variance ( a spread of the estimates around the truth)” (Posada &
Buckley, 2004) as noted below in (Figure 2-6). “The idea is that by adding parameters to
a model we obtain improvement in fit (see below) to some degree, but at the same time
parameter estimates are “worse” because we have less data (i.e., information) per
parameter which begs the question of how complex should the model be for a given

problem” (Posada & Buckley, 2004).
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Figure 2-6: Trade-off Between Bias and Variance
(Posada & Buckley, 2004)

“Other model selection methods exist, like cross-validation and the bootstrap, but
they seem too time-consuming and note that cross validation is asymptotically equivalent

to the AIC for the selection of substitution models” (Posada & Buckley, 2004).

2.3.5.1 Akaike Information Criterion (AIC)

Typically used in forecasting or open-ended model selection, AIC is focused on
where efficiency (predictive accuracy) is necessary (Aho, Derryberry, & Peterson, 2014).
“The AIC is an asymptotically unbiased estimator of the expected relative
Kullback-Leibler information quantity or distance (K-L) which represents the amount of
information lost when we use model g to approximate model f fit, whereas the second
component, or penalty term, becomes larger” (Posada & Buckley, 2004). Sample size can
have an effect on the outcome of model selection with the AIC (Posada & Buckley,
2004). For large sample sizes, the AIC dominates the other criteria across the board,
however, in contrast, for impulse responses based on quarterly processes, the AIC is not
recommended (Ivanov & Kilian, 2005). Competing research suggests using AIC when
the sample size is small compared to the number of adjustable parameters, n/K < 40, AIC

is best represented (Aho et al., 2014):
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AIC =-2In2(0) + 2,

Equation 14:  Akaike Information Criterion (AIC)

AIC is known to have consistency problems in trying to balance underfitting and
overfitting knowing that convergence might never be achieved (Miche & Lendasse,
2009). Overfitting means a model that will have a lot of random noise if used for future
prediction, while underfitting means a model will have a bias when used for future
prediction (Aho et al., 2014). As sample size increases, more small (tapering) effects are
picked up, and the size of the selected model increases to include the increase in

predictive power (Aho et al., 2014).

2.3.5.2 Schwarz Bayes Information Criterion (SBIC)

The SBIC dominates the other criteria for sample sizes up to 120, whereas for all
larger sample sizes the HQC is the most accurate criterion Schwarz Bayes Information
Criterion (SBIC) (Ivanov & Kilian, 2005). SBIC is best represented (Yaffee & McGee,
2000):

SBIC =T® ZT: et
= t -

=1
Equation 15:  Schwarz Bayes Information Criterion (SBIC)

SBIC has a tendency to underfit — especially when p, is large — this tendency does
not seem to affect the accuracy of the estimated persistence profiles unless there is a fast
increase of the penalty term with the number of samples (lvanov & Kilian, 2005; Miche
& Lendasse, 2009). Overfitting is picking a model more complex than the true model,
and underfitting is picking a model simpler than the true model (Aho et al., 2014). As

sample size increases, the true model rises to the top (Aho et al., 2014).
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2.3.5.3 Hannan-Quinn Criterion (HQC)

HQC is close to the criteria identified with AIC and SBIC as noted in the expression
below (Miche & Lendasse, 2009):

HQC = —2L4x + 2k In(In(n))
Equation 16:  Hannan—Quinn Criterion (HQC)

Although the criteria have very similar convergence regarding the number of neurons
used for building the model in AIC and BIC, it is important to note that HQC criterion is
typically more consistent enabling a stable convergence (Miche & Lendasse, 2009).
Performance increases substantially as the sample size grows with a relatively large
sample (120 or more observations), and HQC is found to outdo the rest in correctly

identifying the true lag length (V. K.-S. Liew, 2004).

2.3.5.4 Model Selection Conclusion

“Model selection is a useful tool for research, but it is not a substitute for careful
thinking and common sense” (Posada & Buckley, 2004). Identifying the best criterion in
selecting the AR order is difficult as noted in Table 2-1 as no criterion is found to
consistently perform better than the rest in all cases except for HQC and BIC when the
sample size is equal to or larger than 200 (V. Liew, 2004). Although our sample size is
only 53 for each of the departments, HQC performed better and will improve over the
years as the City of Atlanta collects more data around ITIL Demand Management.

This also supports the concept that as the sample size grows, criteria perform better
and better (V. Liew, 2004). AIC and BIC is based on the residual sum of squares (Res) of
the considered model (first term of the criterion) plus a penalty term (second term)

(Miche & Lendasse, 2009).
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Table 2-1: Probability of Correctly Estimating the True Order of AR Process

Sample Size Order Selection Criteria
(Logarithmic Scale) AIC SIC HQC BIC
25 (1.40) 0.31 0.40 0.36 0.36
50 (1.70) 0.28 0.38 0.33 0.37
100 (2.00) 0.26 0.36 0.32 0.33
200 (2.30) 0.21 0.30 0.24 0.28
400 (2.60) 0.16 0.23 0.19 0.20
800 (2.90) 0.12 0.17 0.15 0.16
1600 (3.20) 0.08 0.12 0.09 0.11

The AlC-based and HQC-based response estimates both are not only more accurate
than those based on the true lag order, but they also are more precise than the response
estimates based on the SIC with the concern that SIC tends to underestimate the true lag
order severely in small samples (Ivanov & Kilian, 2005).Comparatively, HQC
deteriorates with increasing sample size (Ivanov & Kilian, 2005). Table 2-2 reveals that
for a relatively small sample size, criterions have under-estimated the true order with a
probability of around one-third, however, regarding over estimation, the criterions are

negligible in all cases regardless of small sample size (V. Liew, 2004).

Table 2-2: Probability of Under Estimating the Order of AR Process

S le Size
ample S1ze Order Selection Criteria

(Logarithmic Scale AIC SIC HQC BIC
25 (1.40) 0.312 0.401 0.355 0.364

50 (1.70) 0.284  0.381 0.333 0.368

100 (2.00) 0.256  0.355 0.316 0.328

200 (2.30) 0.208 0296  0.244 0.275

400 (2.60) 0.159  0.232 0.189 0.204

800 (2.90) 0.118 0.17 0.146 0.158

1600 (3.20) 0.076  0.119  0.093 0.107
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2.3.6 Cross-Validation

“Cross-validation is an established technique for estimating the accuracy of a
classifier and is usually performed either using a number of random test/train partitions
of the data, or using kfold cross-validation” (Mullin & Sukthankar, 2000). As far back as
the early 1930s, training an algorithm and evaluating its statistical performance on the
same data yields an over-optimistic result (Arlot & Celisse, 2010). Cross-validation was
raised to fix this issue, starting from the remark that testing the output of the algorithm on
new data would yield a good estimate of its performance (Arlot & Celisse, 2010).

“Cross-validation provides a nearly unbiased estimate, using only the original data”
(Efron, 1983). In most real applications, only a limited amount of data is available, which
led to the idea of splitting the data: Part of the data (the training sample) is used for
training the algorithm, and the remaining data (the validation sample) is used for
evaluating its performance (Arlot & Celisse, 2010). “The holdout method, sometimes
called test sample estimation, partitions the data into two mutually exclusive subsets
called a training set and a test set, or holdout set” (Kohavi, 1995).

It is common to designate % of the data as the training set and the remaining '5 as the
test set (Kohavi, 1995). If data are stratified, the proportions of the different strata should
(approximately) be the same in the sample and in each training and validation sample
(Arlot & Celisse, 2010). In k-fold cross-validation, sometimes, called rotation estimation,
the data set D is randomly split into k mutually exclusive subsets (the folds) D1,Ds,....Dx

of approximately equal size (Kohavi, 1995).
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Chapter 3. Contribution to City of Atlanta

The role of IT Demand Management is critical in addressing any misalignments
between IT and the business due to its unique positioning between business and IT
(Pombinho et al., 2013). Benefits noted at other corporations and government agencies,
such as Defense Logistics Agency (DLA), can contribute to City of Atlanta’s effort to
address workload forecasting. At DLA, the application of demand management enables
them to predict issues and workload for its distribution agency in order to sustain
adequate staffing levels and set proper rates for customers (Rudge et al., 2014). This
benefit directly ties into IT service delivery at the City of Atlanta as inaccurate forecasts
lead to misalignment of resources as it relates to IT helpdesk tickets and workload in
addressing declining service levels per the performance metric mean-time-to-resolve.

In addition, the proposed methodology can facilitate City of Atlanta’s demand
management framework as well as contribute to the front-end engineering and design of
technological solutions. For example, in the raw data, there was a high volume of
password resets. Based on this data, the analysis indicates self-service solutions could
tremendously reduce workload and shift demand management of resources to higher
priority issues. This proactive identification of low-level problems could provide the time

necessary to discover root causes to eliminate issues permanently.

3.1 Research Question

The research question asks:

Can the use of analytics and time series modeling enable the City of Atlanta to
predict ITIL demand management to anticipate customer demand for IT
services?
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This question addresses the issue of developing an effective methodology for demand
management. A review of literature suggests that demand management is critical in
industries with transactional goods and services being exchanged. Researching the
various approaches and frameworks led to using time-series analysis. Much research is
available for applications and incidents that resulted in a critical or high severity impact.
There was not much research available for topics of significant transactions of activity for
events of low severity within the IT Service Management (ITSM) domain.

Hypothesis

Ho: Using IT service ticket data to develop predictive models will not predict weekly
mean-time-to-resolve (demand management) for the City of Atlanta Police
Department (APD).

Ha: Using IT service ticket data to develop predictive models will predict weekly
mean-time-to-resolve (demand management) for the City of Atlanta Police
Department (APD).

To test this hypothesis, this research will formulate a methodology for the
development of predictive models for an IT Service Helpdesk and validate the results to

measure the quality of the said model.
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Chapter 4. Methodology

This research is meant to leverage time-series and forecasting methodologies in the

Phase 1: Data Collection and Pre-Processing
e Extraction

e Data Manipulation

e Perform Calculations

A

Phase 2: Utilize Big Data & Analytics Platforms
o Exploratory Data Analysis

Pareto Principle

Visualization

Model Comparison

Tests for Stationarity

domain of demand management from various industries such as high-frequency power
distribution for power grids (He, Liu, Chen, Xiao, & Yang, 2012) to Chinese automobile
manufacturing (Chen, 2011) to forecasting wheat production in Pakistan (Amin,
Amanullah, & Akbar, 2014) and utilize these concepts within the Information
Technology Service Management (ITSM) domain. Selection of a prediction model
strongly affects the prediction performance as the model which works well in one study
might not work well in another [study]; therefore, emphasis on model creation, model
selection, and parameter fitting are all important (Matsuo, 2003). The research method

will follow four key phases depicted in the flow diagram in Figure 4-1.

Figure 4-1:

Fail

Y

Phase 3: Validity Model Testing Criteria
e Validity Testing
e Test for Randomness of Residuals

Yes

Assumptions
Test?

Yes

Phase 2a: Choose Different Path
e Transform Variables as needed
o Select a Different Model
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These include the Data Collection and Pre-Processing Phase, utilization of Big Data and
Analytics Platforms Phase, Validity Model Testing Criteria Phase, and finally, the case
Study Phase.

The data collection and pre-processing phase required cleansing the data to be used
for the analysis. During the Big Data and Analytics Platforms Phase, a SPOTFIRE
program was used for exploratory data analysis and visualization purposes to get a high-
level representation of how the data is presented. Also, a STATGRAPHICS Centurion
program was used for model comparisons and validity testing. Lastly, SAS Studio
program was used for assumption testing and validation utilizing the historical data
obtained from the City of Atlanta to demonstrate the utility of ITIL Demand Management
being applied at City of Atlanta for their ITSM Department for performance metric

mean-time-to-resolve.

4.1 Phase 1: Data Collection and Pre-Processing

The data was provided via Microsoft Excel spreadsheet format. The dataset is
transactional and covers the time period January 1, 2016, to December 31,2016, for
tickets categorized as either “Closed” or “Resolved.” The challenge with transactional
data is that it inherently arrives in irregular time intervals where the natural inclination is
to aggregate the data to a fixed time interval while trying to achieve what’s considered an
“optimal” interval (Engle & Russell, 1998). The dataset contains 27 variables of which
seven (Date Submitted, Week Number, Resolution Date, Business Hours to Resolve, City
Department, Issue-Type, Priority) were used in this study. The seven variables are
defined as:

e Date submitted: when the actual ticket was created in the system
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e Week Number: actual calendar week of when the ticket was created

e Resolution date: date when the requestor is notified of ticket resolution

e Business Hours to Resolve: delta in business hours from submission to resolution
e City Department: one of the 34 City of Atlanta Departments as the requestor

e Issue-Type: Service Request or Incident

e Priority: Critical, High, Medium, Low, Project (ordered highest to lowest)

The only manual manipulation for the variables above was including a
“=WEEKNUM?” statement to provide the calendar week number and a very complex IF
statement to calculate the delta of the net workdays not to include holidays and weekends
to provide the “Business Hours to Resolve” value. Helpdesk tickets that, through
confirmation, were designated “orphaned” - meaning the ticket was resolved but not
formally closed out - were not included in the data analysis. Tickets that were resolved
within seconds, due to an issue being completed either outside of the formal process or

inability to access to the ITSM software, were removed to avoid skewness in the data.

4.2  Phase 2: Utilize Big Data & Analytics Platforms

Data analysis will be performed locally utilizing various Big Data and Analytics
Platforms. For the purposes of data movement and transformation process: extraction,
transformation, and loading, the following platforms used were SPORTFIRE,
STATGRAPHICS Centurion, and SAS Studio. The extraction step is theoretically the
most straightforward task of all, with the main objective being the identification of the
correct subset of source data that has to be collected for analysis and further processing
(Vassiliadis & Simitsis, 2009). In general, the data transformation and cleansing tasks
deal with groups of conflicts and problems that can be characterized by two levels,

schema-level and record-level problems (Vassiliadis & Simitsis, 2009). The most typical
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problems at the record level, concern duplicated or contradicting records, in addition,
uniformity complications concerning the granularity or timeliness of data can occur
(Vassiliadis & Simitsis, 2009). This praxis will focus on record-level problems as the

data is transactional and requires cleansing and normalization.

4.2.1 Pareto Principle

“The Pareto Principle, also known as the 80-20 rule, the law of the vital few and the
principle of factor sparsity, states that for many events roughly 80 % of the effects come
from 20 % of the causes” (Huang & Nie, 2010). The focal point of the praxis is to focus
on the departments that have the highest impact on the help desk operation balanced
against available resources. We use Pareto Principle to calculate only a small part of the
IT Service Management help desk ticketing system. We argue that the approach is
feasible as the help desk spends more than 80% of their time fixing issues for a
department that accounts for 20% of their workload. SPOTFIRE program will be used to
visualize the data to determine the cutoff of where the analysis will begin and the
departments that will be used for the purpose of validation.

Data from Phase 1 of the methodology will be used to create a new dataset which will
be the weekly aggregate of the “Business Hours to Resolve” variable totaling 53 discrete
observations for each department identified using the Pareto Principle. The weekly
aggregate will create the univariate variable “ITIL Demand Management” which is what
will be used for forecasting. To summarize, in order to create the single ITIL Demand
Management variable, the weekly mean-time-to-resolve by week number was used to

create the data set for each City Department by Issue-type and Priority.
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4.2.2 Model Comparison

The need to evaluate a model's performance comprehensively and objectively or to
compare competing models is a highly important aspect of modeling research (Cort J
Willmott et al., 1985). Since the praxis is focused around mean time to resolve, it is
important when evaluating different models using a single metric to note that differences
in the error distributions become more important to assess model performance (Chai &
Draxler, 2014). Analytics program STATGRAPHICS Centurion was used for automatic
model comparison and validity testing to address that matter. SAS Studio was used to test
assumptions as well as stationarity. By examining plots in SAS, you can judge whether
the series is stationary or nonstationary. In this case, a visual inspection of the
autocorrelation function plot will indicate if a time-series is nonstationary. In addition to
visually inspecting the data for stationarity, the Augmented Dickey Fuller test can also be
used. The test statistic and the p-value from the Augmented Dickey Fuller test are used to
assess stationarity. A very low test statistics and p-values express that the data is
stationary while higher test statistics and p-values express non-stationary data. The
hypothesis statement below represents the test for stationarity:

Ho: Non-stationary

Ha: Stationary

Results that conclude that rejecting the null hypothesis and accepting the alternative
hypothesis would allow the analysis to continue without having to difference the data
because of it not being stationary. If not, the data must be differenced in order to move
forward and compute the forecast. If all of the assumptions fail, we will attempt to

transform the variables (e.g., log transformation) to see if the model passes the
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assumptions. If this fails, we will select a different model and test assumptions in an

iterative manner until a model passes all assumptions.

4.3  Phase 3: Validity Model Testing Criteria

Validity model testing will be performed using program STATGRAPHICS
Centurion. We summarize the results of five tests run on the residuals to determine
whether each model is adequate for the data. The five test runs on the residuals consist of:

RUNS = Test for excessive runs up and down

RUNM = Test for excessive runs above and below median
AUTO = Box-Pierce test for excessive autocorrelation
MEAN = Test for difference in mean 1st half to 2nd half
VAR = Test for difference in variance 1st half to 2nd half

o~ e

The results of the validity criteria will be displayed and to be interpreted as:

e “OK” - means that the model passes the test

e One * - means that it fails at the 95% confidence level

e Two *'s - means that it fails at the 99% confidence level

e Three *'s - means that it fails at the 99.9% confidence level.

The preference will be to select a model with the lowest Hannan-Quinn Criterion

(HQC) that also passes all validity criteria tests.

4.4  Phase 4: Select Optimal Model for Validation

City of Atlanta planning cycle falls within a six-week cycle at the leadership level.
Therefore, 47 weeks will be used to train the model and six weeks withheld for purposes
of prediction and validation. During the period where actual data is available, predicted

values from the fitted model and the residuals (data-forecast) will be developed. The
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steps from Phases 2 and 3 for the remaining City of Atlanta departments identified will

be repeated for validation.

4.4.1 Cross-Validation

If the forecaster withholds all data about events occurring after the end of the fit
period and uses multiple test periods (or multiple origins), the forecast-accuracy
evaluation is structurally identical to the real-world-forecasting environment, in which we
stand in the present and forecast the future and remove the possibility that arbitrary
choice of time origin might unduly affect the forecasting accuracy results (Tashman,
2000). Commensurate with City of Atlanta planning cycle, 11 weeks will be used to train
the model and six weeks withheld for purposes of forecast performance. The new dataset,
the weekly aggregate of the Mean-Time-to- Resolve, from Phase 1 of the methodology
will be used for purposes of cross-validation. Two or more random segments of the data
from each of the three distributions will be used to create the following six-week ahead
forecast indices:

e Data point from Q1 to forecast six-weeks into Q2

o Calendar weeks 1-11 will be used to train the model and calendar weeks
12-17 will be withheld for purposes of forecast performance.
e Data point from Q2 to forecast six-weeks into Q3
o Calendar weeks 12-22 will be used to train the model and calendar weeks
23-28 will be withheld for purposes of forecast performance.
e Data point from Q3 to forecast six-weeks into Q4
o Calendar weeks 30-40 will be used to train the model and calendar weeks
41-46 will be withheld for purposes of forecast performance.
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e Data point from a given quarter to forecast six-weeks within the same quarter
o Calendar weeks 7-17 will be used to train the model and calendar weeks
18-23 will be withheld for purposes of forecast performance.

This approach distinguishes sensitivity to outliers in the test period from sensitivity to
the phase of the business cycle by analyzing whether a particular model performance
deteriorates between an earlier and later test period to attain cyclical diversity in
analyzing individual time series (Tashman, 2000). It is recommended to use percent error

measures such as MAPE when choosing the forecast-error statistic (Tashman, 2000).
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Chapter 5. Results

This study focused on the 34 departments under the General Fund which totaled
33,073 observations for the time period January 1, 2016, to December 31, 2016.
Following the Pareto principle, the Atlanta Police Department (APD) had 21.3% (7,034)
of the observations. Atlanta Information Management (AIM) and Atlanta Public Works
observations represented 13.0% (4,295) and 12.9% (4,273), respectively. Because Atlanta
Information Management and Public Works were so close in observations, both were
selected for purposes of validation illustrated in Figure 5-1.

There were 53 weeks in 2016 and the key metric, “Business Hours to Resolve,” a
mean-time-to-resolve metric, was aggregated into weekly averages totaling 53 discrete
observations for each department. The number of observations used for analysis for each
department satisfied the recommended minimum sample size for time series analysis and
forecasting (Yaffee & McGee, 2000). Daily aggregates provided poor results and
monthly aggregates were too small in sample size nor provided the appropriate estimation
needed from a six week ahead forecast perspective.

Ilustrated in Figure 5-2, low priority helpdesk tickets accounted for 80.5% (5,659) of
the observations for Atlanta Police Department (APD), 69.2% (2,971) for Atlanta
Information Management (AIM) and 73.3% (3,130) for Atlanta Public Works. This data
will be useful in model comparison as well as highlighting departments within City of

Atlanta that experience high demand for IT resources.
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Figure 5-1: Pareto of Helpdesk Tickets by Department
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Figure 5-2: Visual Representation of Low Priority Service Requests
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In this research, time series models were fitted on an aggregate of weekly average
time to resolve data with the aim of fitting multiple time series models on this data to
obtain reliable forecasts on the basis of statistical measures (Amin, Amanullah, & Akbar,
2014). Each of the statistics is based on the one-ahead forecast errors, which are the
differences between the data value at time t and the forecast of that value made at time t-
1. The first three statistics (RMSE, MAE, MAPE), measure the magnitude of the errors.
A better model will give a smaller value. The last two statistics (ME and MPE) measure
bias. A better model will give a value close to 0. In this case, a total of 53 points were
generated using the first 47 observations for model selection and parameter estimation
with the last six observations withheld as the test set for forecasting evaluation and model

validation.

5.1 ITIL Demand Management Forecasting

5.1.1 Testing for Stationarity and Normality

“Visual inspection is based on the classical method of Box-Jenkins (1970) for
identifying properties of time series data” (Maradiaga, Pujula, & Zapata). “That is,
looking for series that always comes back to the mean, have an equal variance and the
covariance between any two values in the series and depend solely in the interval of time
that separates them” (Maradiaga et al.). Illustrated in Figure 5-3 through Figure 5-5
through visual inspection, we can conclude that all three City of Atlanta departments do
not have a constant mean and variance and, therefore, violating the stationarity
assumption. The data had seasonal effects as certain periods of the year (e.g. late

summer) experienced high requests for password resets for annual/open enrollment of
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elected benefits such as health insurance. The most common resolution is a data
transformation like differencing or ARIMA filters (Maradiaga et al.) to dampen the
effect. Through visual inspection, counting the lags and using the results from the

Dickey-Fuller test, the optimal model for this analysis was used.
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Figure 5-3: Failed Stationarity Test for Atlanta Police Department
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Figure 5-4: Failed Stationarity Test for Atlanta Information Management
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Series Values for Average Time to Resolve
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Figure 5-5: Failed Stationarity Test for Atlanta Public Works

Stationarity is easily identifiable in the top left of Figure F- 1 to Figure F- 3 located in
in Appendix F. Per the residual normality diagnostics results, located in Figure G- 1 to
Figure G- 3 in Appendix G, there were no significant autocorrelations in the residuals at
any lag for the p<.05 level of significance for all City of Atlanta departments modeled
and validated against in this study.

In addition, the distribution of residuals is nearly normal and more confirmatory is the
QQ-Plot that indicates a minimal departure from normality confirming the residuals more
closely fit a normal distribution. Per the residual correlation diagnostics located in Figure
H- 1 to Figure H- 3 in Appendix H, there were no significant lags for IACF, and the
white noise plots for all departments indicated the models produced only uncorrelated
white noise, confirmation that the models selected were properly-specified models. A
comprehensive comparison of the results is available in Appendix F to H for Atlanta
Police Department, Atlanta Information Management, and Atlanta Public Works

respectfully.
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5.1.2 Model Selection Criteria

Consolidated below in Table 5-1 are the results of fitting different time series models
to the data different time series models on the basis of HQC. We found that models
ARIMA (0,1,2) had the lowest HQC to forecast ITIL Demand Management for City of
Atlanta’s Police Department, ARIMA (1,1,0) for Atlanta Information Management, and
ARIMA (2,1,0) for Atlanta Public Works on the basis of historical data for the range

from January 1, 2016, to December 31, 2016.

Table 5-1: Optimal Model Selection for City of Atlanta ITIL Demand Management
Forecasting

Model Selection for City of Atlanta
ITIL Demand Management Forecasting

Department Model
Atlanta Police Department ARIMA (0,1,2) 1.89
Atlanta Information Management ARIMA (1,1,0) 4.74
Atlanta Public Works ARIMA (2,1,0) 3.14

A comprehensive comparison of the results of fitting different time series models to
the data different time series models is located in Table B- 1 to Table B- 3 in
Appendix B, displaying the model selection for Atlanta Police Department, Atlanta

Information Management, and Atlanta Public Works respectfully.

5.1.2.1 Validity Model Testing Results

All three departments passed the five tests indicating no tests were statistically
significant at the 95% or higher confidence level and, as such, we believe the current

model is probably adequate for the data. See Table C- 1 to Table C- 3 in Appendix C.
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5.1.3 Model Coefficient Summary

“The forecast errors are the difference between the actual values in the test set, and
the forecasts produced using only the data in the training set” (Chase Jr, 1995). The
model coefficients based on the model selection for estimated ITIL demand management
forecast is broken down as (Amin et al., 2014):

e Where y, is the forecasted ITIL demand management for time t weeks
e Where y,_, is the forecasted ITIL demand management of one previous week
e Where y,_, is the forecasted ITIL demand management of two previous weeks

e Where é,_; is the previous one-week residual as indicated in Table B- 1 in
Appendix B.

e Where é,_, is the previous two-week residual as indicated in Table B- 1 in
Appendix B.

5.1.3.1 City of Atlanta - Atlanta Police Department

Based on the model selection, the model coefficients noted in Table 5-2 for City of
Atlanta Police Department estimated ITIL demand management forecast is:

$, = 0.423626,_, + 0.538748,_,

Table 5-2: ARIMA (0,1,2) Model Coefficient Summary
Parameter ‘ Estimate ‘ Stnd. Error
MA(1) 0 .42 0.13 3.35 0.0016
MA(2) 0.54 0.13 4.30 <.0001

5.1.3.2 City of Atlanta - Atlanta Information Management

The P-value for the AR(1) term is less than 0.05, so it is significantly different from
zero. Based on the model selection, the model coefficients noted in Table 5-3 for City of
Atlanta Information Management estimated ITIL demand management forecast is:

yt = _0.689625\“-_1
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Table 5-3: ARIMA (1,1,0) Model Coefficient Summary

Parameter ~ Estimate  Stnd. Error
AR(D) -0.69 0.11 -6.46 <.0001

5.1.3.3 City of Atlanta - Atlanta Public Works

Based on the model selection, the model coefficients noted in Table 5-4 for City of
Atlanta Public Works estimated ITIL demand management forecast is:

9 = —0.70169,_; — 0.641939,_,

Table 5-4: ARIMA (2,1,0) Model Coefficient Summary
AR(1) -0.70 0.12 -5.87 <.0001
AR(2) -0.64 0.12 -5.36 <.0001

5.1.4 Tests for Autocorrelation and Independence

As noted in Table 5-5 to Table 5-7, three tests have been run to determine whether or
not the residuals from a random sequence of numbers to detect the presence of assignable
causes, also help to discover the causes themselves in the course of further research and
development (Mosteller, 1941). “For this purpose, runs of different kinds and of different
lengths have been found useful” (Mosteller, 1941). The first test performed counts the
number of times the sequence was above or below the median. “Quality control
engineers have found, at least in research and development work, that a convenient
indication of lack of control is the occurrence of long runs of observations whose values
lie above or below that of the median of the sample” (Mosteller, 1941). In time series
analysis, a sequence of random variables or in this case, numbers, is often called white
noise in the stochastic sense, since it contains equal contributions at many frequencies
(Kuo, 1996). In the application of statistical methods for quality control analysis, a tried-

and-true method is to construct a control chart with control limits spread across the mean
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such that under conditions of statistical control, or random sampling, the probability of an
observation falling outside these limits is a given « (Mosteller, 1941).

The second test to perform is to count the number of times the sequence rose or fell.
The occurrence of a point outside these limits can be taken as a sign of the presence of
assignable causes of variation in the production line (Mosteller, 1941).

The third test is based on the sum of squares of the first 24 autocorrelation
coefficients. “A process with serially correlated data may signal incorrectly and weaken
the effectiveness of a control chart, and a viable solution to this problem is to fit a

time-series model to the data” (Bersimis, Psarakis, & Panaretos, 2006).

5.1.4.1 City of Atlanta - Atlanta Police Department

The first test in Table 5-5 (runs above and below the median), the number of such
runs equals 25, as compared to an expected value of 27.0 if the sequence were random for
Atlanta Police Department. Since the P-value for this test is greater than or equal to 0.05,
we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 37, as
compared to an expected value of 34.33 if the sequence were random for Atlanta Police
Department. Since the P-value for this test is greater than or equal to 0.05, we fail to
reject the null hypothesis that the residuals are random (unpredictable patterns) at the
95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,

we cannot reject the hypothesis that the series is random at the 95.0% or greater
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confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-5: Atlanta Police Department Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median 0.42 0.67
Runs up and down 0.73 0.47
Box-Pierce Test 12.82 0.62

5.1.4.2 City of Atlanta - Atlanta Information Management

In Table 5-6, the results of the first test (runs above and below the median), the
number of such runs equals 25, as compared to an expected value of 27.0 if the sequence
were random for Atlanta Information Management. Since the P-value for this test is
greater than or equal to 0.05, we fail to reject the null hypothesis that the residuals are
random (unpredictable patterns) at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 29, as
compared to an expected value of 34.33 if the sequence were random for Atlanta
Information Management. Since the P-value for this test is greater than or equal to 0.05,
we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or greater
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-6: Atlanta Information Management Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median 0.42 0.67
Runs up and down 1.62 0.11
Box-Pierce Test 19.33 0.25
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5.1.4.3 City of Atlanta - Public Works

The first test in Table 5-7 (runs above and below the median), the number of such
runs equals 28, as compared to an expected value of 27.0 if the sequence were random for
Atlanta Public Works. Since the P-value for this test is greater than or equal to 0.05, we
fail to reject the null hypothesis that the residuals are random (unpredictable patterns) at
the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 35, as
compared to an expected value of 34.33 if the sequence were random for Atlanta Public
Works. Since the P-value for this test is greater than or equal to 0.05; we fail to reject the
null hypothesis that the residuals are random (unpredictable patterns) at the 95.0% or
greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-7: Atlanta Public Works Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median  |0.14 0.89
Runs up and down 0.06 0.96
Box-Pierce Test 17.07 0.31

5.2  Hypothesis Resolution

The results provide absolute confirmation or validation of the hypotheses constructed
during this research. The null hypothesis was rejected, and the alternative was accepted.
Illustrated below in Figure 5-6 to Figure 5-8, the ARIMA models show the differences
between the actual and predicted values at the 95% confidence interval. In all cases at
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different points in time, two values (3.8%) were outside of the 95% confidence interval.

We can conclude the model demonstrated high predictability and that the forecasts are

reliable for the Atlanta Police Department, Atlanta Information Management, and Atlanta

Public Works Department. Confirmation of Hypothesis | required formulating a

methodology for selecting the criteria for model selection and prediction. As

demonstrated by the case study, the framework developed in this praxis used univariate

data analysis proved to be sufficient in predicting IT demand management and workload.

The results of this praxis can be leveraged in the other departments at the City of Atlanta.

Figure 5-6:
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Figure 5-7: Forecasts for ITIL Demand Management (AIM) ARIMA (1,1,0)
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53 Cross-Validation

We withheld all data about events occurring after the end of the fit period using
multiple test periods to create a forecast-accuracy evaluation structurally identical to the
real-world-forecasting environment (Tashman, 2000). It was recommended to use percent
error measures such as MAPE when choosing the forecast-error statistic (Tashman,
2000). MAPE results is a means to judge the accuracy of the forecast using the results
from the forecast in comparison to the actual demand management output. To assess the
results from the MAPE calculation, the Judgement of Forecast developed by Lewis will
be used states - less than 10% is a highly accurate forecast, 11% to 20% is a good
forecast, 21% to 50% is a reasonable forecast, and 51% or more is an inaccurate forecast
(Chen et al., 2003). Over a given 17-week time span, the last six weeks served as
validation for the forecast. The data used to compare the actual results to the forecasted
results were not part of the model as they were held out during model identification and
parameter estimation. The models selected from the praxis proved to be reliable for a six-
week forecast. Two or more random segments of the data from each of the three
distributions will be used to create the following six-week ahead forecast indices:

e Data point from Q1 to forecast six-weeks into Q2

e Data point from Q2 to forecast six-weeks into Q3

e Data point from Q3 to forecast six-weeks into Q4

e Data point from a given quarter to forecast six-weeks within the same quarter
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5.3.1 Model Coefficient Summary

“The forecast errors are the difference between the actual values in the test set, and
the forecasts produced using only the data in the training set” (Chase Jr, 1995). The
model coefficients based on the model selection is broken down as (Amin et al., 2014):

e Where y, is the forecasted ITIL demand management for time t weeks

e Where y,_, is the forecasted ITIL demand management of one previous week
e Where y,_, is the forecasted ITIL demand management of two previous weeks
e Where é,_; is the previous one-week residual

e Where é;_, is the previous two-week

5.3.1.1 Data point from QL1 to forecast six-weeks into Q2
Calendar weeks 1-11 will be used to train the model and calendar weeks 12-17 will
be withheld for purposes of forecast performance.
5.3.1.1.1 City of Atlanta - Atlanta Police Department

Based on the model selection, the model coefficients noted in Table 5-2 for City of
Atlanta Police Department estimated ITIL demand management forecast is:

9, = 1.388486,_, — 0.507938,_,

Table 5-8: ARIMA (0,1,2) Model Coefficient Summary
Parameter ‘ Estimate ‘ Stnd. Error P-value
MA(1) 1.39 0.24 5.81 0.0004
MA(2) -0 .51 0.21 -2.37 0.0451

5.3.1.1.2 City of Atlanta - Atlanta Information Management

Based on the model selection, the model coefficients noted in Table 5-3 for City of
Atlanta Information Management estimated ITIL demand management forecast is:
yt == _0'751643yt—1
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Table 5-9: ARIMA (1,1,0) Model Coefficient Summary

Parameter Estimate  Stnd. Error
AR() 0.75 0.20 -3.69 <.0050

5.3.1.2 Data point from Q2 to forecast six-weeks into Q3

Calendar weeks 12-22 will be used to train the model and calendar weeks 23-28 will
be withheld for purposes of forecast performance.

5.3.1.2.1 City of Atlanta - Atlanta Police Department

Based on the model selection, the model coefficients noted in Table 5-2 for City of
Atlanta Police Department estimated ITIL demand management forecast is:

9, = 0.4281876,_, + 0.475819¢,_,

Table 5-10: ARIMA (0,1,2) Model Coefficient Summary

Parameter Estimate = Stnd. Error t P-value
MA(1) 0 .43 0.30 1.40 0.1979
MA(2) 0 .48 0.29 1.61 0.1470

5.3.1.2.2 City of Atlanta - Atlanta Information Management

The P-value for the AR(1) term is less than 0.05, so it is significantly different from
zero. Based on the model selection, the model coefficients noted in Table 5-3 for City of
Atlanta Information Management estimated ITIL demand management forecast is:

ye = —0.7179949,_4

Table 5-11: ARIMA (1,1,0) Model Coefficient Summary

Parameter Estimate Stnd. Error
AR(1) -0.72 0.21 -3.34 .0086
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5.3.1.3 Data point from Q3 to forecast six-weeks into Q4
Calendar weeks 30-40 will be used to train the model and calendar weeks 41-46 will
be withheld for purposes of forecast performance.
5.3.1.3.1 City of Atlanta - Atlanta Police Department

Based on the model selection, the model coefficients noted in Table 5-12Table 5-4 for
City of Atlanta Police Department estimated ITIL demand management forecast is:

$, = 0.345659,_, + 0.5054749,_,

Table 5-12: ARIMA (0,1,2) Model Coefficient Summary

Parameter Estimate = Stnd. Error t P-value
AR(1) 0.35 0.32 1.09 0.3059
AR(2) 0.51 0.30 1.68 0.1323

5.3.1.3.2 City of Atlanta - Atlanta Information Management

The P-value for the AR(1) term is less than 0.05, so it is significantly different from
zero. Based on the model selection, the model coefficients noted in Table 5-13Table 5-4
for City of Atlanta Information Management estimated ITIL demand management
forecast is:

5\11' = _08058525}1—_1

Table 5-13: ARIMA (1,1,0) Model Coefficient Summary

Parameter Estimate Stnd. Error P-value

AR(1) -0.81 0.17 -4.75 0.001

5.3.1.3.3 City of Atlanta - Atlanta Public Works

Based on the model selection, the model coefficients noted in Table 5-14Table 5-4 for
City of Atlanta Public Works estimated ITIL demand management forecast is:

Y = —1.30934y,_, — 0.930534y,_,
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Table 5-14: ARIMA (2,1,0) Model Coefficient Summary
Parameter Estimate = Stnd. Error t P-value
AR(1) -1.32 0.24 -5.48 0.0006
AR(2) -0.93 0.25 -3.67 0.0063

5.3.1.4 Data point from Q2 to forecast six-weeks into Q2
Calendar weeks 7-17 will be used to train the model and calendar weeks 18-23 will
be withheld for purposes of forecast performance.
5.3.1.4.1 City of Atlanta - Atlanta Public Works

Based on the model selection, the model coefficients noted in Table 5-15Table 5-4

(Q2 within Q2) for City of Atlanta Public Works estimated ITIL demand management

forecast is:
y; = —0.519739,_; — 0.46116y;_,
Table 5-15: ARIMA (2,1,0) Model Coefficient Summary
Parameter Estimate = Stnd. Error -
AR(1) -0.52 0.37 -1.40 0.20
AR(2) -0.46 0.37 -1.24 0.25

5.3.2 Tests for Autocorrelation and Independence
5.3.2.1 Data point from QL1 to forecast six-weeks into Q2

5.3.2.1.1 City of Atlanta - Atlanta Police Department

The first test in Table 5-5 (runs above and below the median), the number of such
runs equals 10, as compared to an expected value of 9.0 if the sequence were random for

Atlanta Police Department. Since the P-value for this test is greater than or equal to 0.05,
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we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 10, as
compared to an expected value of 10.33 if the sequence were random for Atlanta Police
Department. Since the P-value for this test is greater than or equal to 0.05, we fail to
reject the null hypothesis that the residuals are random (unpredictable patterns) at the
95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or greater
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-16: Atlanta Police Department Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median 0.26 0.79
Runs up and down -0.10 1.00
Box-Pierce Test 1.56 0.67

5.3.2.1.2 City of Atlanta - Atlanta Information Management

In Table 5-6, the results of the first test (runs above and below the median), the
number of such runs equals 9, as compared to an expected value of 9.0 if the sequence
were random for Atlanta Information Management. Since the P-value for this test is
greater than or equal to 0.05, we fail to reject the null hypothesis that the residuals are
random (unpredictable patterns) at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 9, as
compared to an expected value of 10.33 if the sequence were random for Atlanta

Information Management. Since the P-value for this test is greater than or equal to 0.05,
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we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or greater
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-17: Atlanta Information Management Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median -0.26 1.00
Runs up and down 0.52 0.60
Box-Pierce Test 2.60 0.63

5.3.2.2 Data point from Q2 to forecast six-weeks into Q3

5.3.2.2.1 City of Atlanta - Atlanta Police Department

The first test in Table 5-18 (runs above and below the median), the number of such
runs equals 9, as compared to an expected value of 9.0 if the sequence were random for
Atlanta Police Department. Since the P-value for this test is greater than or equal to 0.05,
we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 11, as
compared to an expected value of 10.33 if the sequence were random for Atlanta Police
Department. Since the P-value for this test is greater than or equal to 0.05; we fail to
reject the null hypothesis that the residuals are random (unpredictable patterns) at the

95.0% or greater confidence level.
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For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-18: Atlanta Public Works Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median ~ [-0.26 1.00
Runs up and down 0.10 0.92
Box-Pierce Test 3.30 0.35

5.3.2.2.2 City of Atlanta - Atlanta Information Management

The first test in Table 5-19 (runs above and below the median), the number of such
runs equals 8, as compared to an expected value of 9.0 if the sequence were random for
Atlanta Information Management. Since the P-value for this test is greater than or equal
to 0.05, we fail to reject the null hypothesis that the residuals are random (unpredictable
patterns) at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 9, as
compared to an expected value of 10.33 if the sequence were random for Atlanta
Information Management. Since the P-value for this test is greater than or equal to 0.05;
we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.
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Table 5-19: Atlanta Information Management Tests for Autocorrelation and Independence

Test Test Statistic Value p-value
Runs above and below median  |0.26 0.80
Runs up and down 0.52 0.60
Box-Pierce Test 5.00 0.29

5.3.2.3 Data point from Q3 to forecast six-weeks into Q4

5.3.2.3.1 City of Atlanta - Atlanta Police Department

The first test in Table 5-20 (runs above and below the median), the number of such
runs equals 7, as compared to an expected value of 9.0 if the sequence were random for
Atlanta Police Department. Since the P-value for this test is greater than or equal to 0.05,
we fail to reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 12, as
compared to an expected value of 10.33 if the sequence were random for Atlanta Police
Department. Since the P-value for this test is greater than or equal to 0.05; we fail to
reject the null hypothesis that the residuals are random (unpredictable patterns) at the
95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-20: Atlanta Public Works Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median  |0.78 0.44
Runs up and down 0.73 0.46
Box-Pierce Test 2.34 0.50
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5.3.2.3.2 City of Atlanta - Atlanta Information Management

The first test in Table 5-21 (runs above and below the median), the number of such
runs equals 6, as compared to an expected value of 9.0 if the sequence were random for
Atlanta Information Management. Since the P-value for this test is greater than or equal
to 0.05, we fail to reject the null hypothesis that the residuals are random (unpredictable
patterns) at the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 6, as
compared to an expected value of 10.33 if the sequence were random for Atlanta
Information Management. Since the P-value for this test is not greater than or equal to
0.05; we reject the null hypothesis that the residuals are random (unpredictable patterns)
at the 95.0% or greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-21: Atlanta Information Management Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median  {1.30 0.20
Runs up and down 241 0.02
Box-Pierce Test 3.02 0.55

5.3.2.3.3 City of Atlanta - Atlanta Public Works

The first test in Table 5-22 (runs above and below the median), the number of such
runs equals 7, as compared to an expected value of 9.0 if the sequence were random for

Atlanta Public Works. Since the P-value for this test is greater than or equal to 0.05, we
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fail to reject the null hypothesis that the residuals are random (unpredictable patterns) at
the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 11, as
compared to an expected value of 10.33 if the sequence were random for Atlanta Public
Works. Since the P-value for this test is greater than or equal to 0.05; we fail to reject the
null hypothesis that the residuals are random (unpredictable patterns) at the 95.0% or
greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-22: Atlanta Public Works Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median  [0.78 0.44
Runs up and down 0.10 0.92
Box-Pierce Test 4.52 0.21

5.3.2.4 Data point from Q2 to forecast six-weeks into Q2

5.3.2.4.1 City of Atlanta - Public Works

The first test in Table 5-23 (runs above and below the median), the number of such
runs equals 12, as compared to an expected value of 9.0 if the sequence were random for
Atlanta Public Works. Since the P-value for this test is greater than or equal to 0.05, we
fail to reject the null hypothesis that the residuals are random (unpredictable patterns) at
the 95.0% or greater confidence level.

For the second test (runs up and down), the number of such runs equals 11, as

compared to an expected value of 10.33 if the sequence were random for Atlanta Public
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Works. Since the P-value for this test is greater than or equal to 0.05; we fail to reject the
null hypothesis that the residuals are random (unpredictable patterns) at the 95.0% or
greater confidence level.

For the third test (Box-Pierce), the P-value is greater than or equal to 0.05; therefore,
we cannot reject the hypothesis that the series is random at the 95.0% or higher
confidence level. Given all tests were not are statistically significant at the 95% or greater

confidence level, we conclude the current model is adequate for the data.

Table 5-23: Atlanta Public Works Tests for Autocorrelation and Independence
Test Test Statistic Value p-value
Runs above and below median  {1.30 0.20
Runs up and down 0.10 0.92
Box-Pierce Test 0.39 0.94

5.4 Cross-Validation Results

Although MAPE, the Judgement of Forecast developed by Lewis, the MAPE values
were used as an indicator to initiate dialogue with the City of Atlanta to define “good”,
“reasonable,” and “inaccurate” when explaining forecast performance. It was defined as:

e “Good” - represents forecasts that will not require moving personnel around or

managing expectations with other departments if service level agreements cannot
be accomplished.

e ”Reasonable” - defined as forecasts within tolerance levels of performance at City

of Atlanta with a leeway of service level agreements being met most of the time.

e “Inaccurate” - forecasts are defined as forecasts where the data could possibly be

useful; however, is anecdotal at best where long-term plans should not be

executed against it.
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5.4.1 APD & AIM: Six-Week Ahead Forecast (Q1 to Q2)

Illustrated below in Figure 5-9 to Figure 5-10, Atlanta Police Department and Atlanta
Information Management, respectfully, both visually demonstrated highly accurate
forecasts for said data points from quarter 1 forecasting into quarter 2. The first four of
the six weeks for Atlanta Police Department forecasts were very close to actuals. At
weeks five and six, there was a minimal departure from the actuals confirming the
forecasts closely fit the data.

Atlanta Information Management initial forecast was noticeably below the actual, but
it is not without reason given the fact the initial data point is not too far off what would
be expected in the model. The course correction took place at the second forecast,
3/25/2016, began demonstrating tighter forecasts and smaller residuals as the model went
into the future.

Statistically, the forecast accuracy measure MAPE values for Atlanta Police
Department (APD) and Atlanta Information Management (AIM) were 32% and 24%
respectfully, indicating by definition reasonable forecasts (Chen et al., 2003).

Atlanta Police Department (APD)
Six-Week Ahead Forecast
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Figure 5-9: APD Six-Week Ahead Forecast (Q1 to Q2)
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Atlanta Information Management (AIM)
Six-Week Ahead Forecast
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Figure 5-10: AIM Six-Week Ahead Forecast (Q1 to Q2)

5.4.2 APD & AIM: Six-Week Ahead Forecast (Q2 to Q3)

Illustrated below in Figure 5-11 to Figure 5-12, Atlanta Police Department and
Atlanta Information Management, respectfully, forecasts. It is important to note that
seasonality in the data due to high password resets and spikes in requests occurred during
the summer months. Initial forecasts for Atlanta Police Department and Atlanta
Information Management underpredicted. These occurrences are in the forecast period to
demonstrate robustness in the model as data in the previous weeks would not indicate
such a high shift in demand progressing later into the forecast period (weeks five and
six). Atlanta Police Department had more variation and data points overall in this case
study, and once again, at weeks five and six, there was a higher departure from the
actuals. During the summer months, closer attention should be on Atlanta Police

Department.
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Atlanta Information Management initial forecast was below the actual, but not
without reason given the fact the initial data point is not far off what would be expected
in the model. The actuals were reasonably flat in output as the forecasts took a similar
behavior in model performance. The course correction took place at the second forecast,
6/10/2016, which resulted in tighter forecasts and smaller residuals as the model went
into the future.

Statistically, the forecast accuracy measure MAPE values for Atlanta Police
Department (APD) and Atlanta Information Management (AIM) were 50% and 18%
respectively. Although at the cusp of an inaccurate forecast, APD by definition
demonstrated a reasonable forecast and AIM a good forecast performance (Chen et al.,

2003).

Atlanta Police Department (APD)
Six-Week Ahead Forecast
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Figure 5-11: AIM Six-Week Ahead Forecast (Q2 to Q3)
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Atlanta Information Management (AIM)
Six-Week Ahead Forecast
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Figure 5-12: AIM Six-Week Ahead Forecast (Q2 to Q3)

54.3 APD, AIM & APW: Six-Week Ahead Forecast (Q3 to Q4)

Illustrated below in Figure 5-13 to Figure 5-15, Atlanta Police Department, Atlanta
Information Management, and Atlanta Public Works, respectfully, forecasts. Accounting
for the significant volume of password resets and spikes in requests during the previous
weeks during the summer months where much seasonality occurs in the data, the results
demonstrate better model performance in forecasts Atlanta Police Department overall.

Atlanta Police Department (APD) had less variation and more data points overall in
this case study; however, the forecasts begin to be tighter with smaller residuals. Atlanta
Information Management (AIM) first three forecasts were above the actual, but
directionally was trending in the same direction. As the trend progressed, so did the
reduction in residuals and tighter forecasts. Atlanta Public Works (APW) second forecast,
10/7/2016, was below the actual. Accounting for the summer activity, the model did
course correct and demonstrated minimal departure from the actuals with a significant

reduction in residuals and tighter forecasts.
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Statistically, the forecast accuracy measure MAPE values for Atlanta Police
Department (APD), Atlanta Information Management (AIM), and Atlanta Public Works
(APW) were 18%, 30%, 16% respectively. AIM by definition had a reasonable forecast,

whereas, APD and APW demonstrated good forecast performance (Chen et al., 2003).

Atlanta Police Department
Six-Week Ahead Forecast
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Figure 5-13: AIM Six-Week Ahead Forecast (Q3 to Q4)
Atlanta Information Management (AlM)
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Figure 5-14: AIM Six-Week Ahead Forecast (Q3 to Q4)
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Atlanta Public Works (APW)
Six-Week Ahead Forecast
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Figure 5-15: APW Six-Week Ahead Forecast (Q3 to Q4)

5.4.4 APW: Six-Week Ahead Forecast (Q2 to Q2)

Atlanta Information Management first three forecasts were above the actual, but
directionally was trending in the same direction. As the trend progressed, so did the
reduction in residuals and tighter forecasts.

Statistically, the forecast accuracy measure MAPE values for Atlanta Public Works

(APW) was 35%, indicating by definition a reasonable forecasts (Chen et al., 2003).
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Atlanta Public Works (APW)
Six-Week Ahead Forecast
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Figure 5-16: APW Six-Week Ahead Forecast (Q2 to Q2)

5.4.5 Conclusion

The models performed within acceptable tolerance levels per confirmation from City
of Atlanta expectations for predicting ITIL Demand Management using Weekly Mean-
Time-to-Resolve (MTTR) data. The data shows more predictability in the earlier half of
the year; however, it is important to note that seasonality in the data due to high password
resets and spikes in requests that occur mostly during the summer months. We can
conclude the effects causing seasonality require further review and should be pursued
outside of this study to normalize IT service desk process performance. The model results
of the actuals against the forecasts are similar in performance, thus confirming the
selected model does not conflict with the hypothesis resolution. Statistically speaking, the
forecast accuracy measures demonstrated all forecasts had good to reasonable forecasts.
The takeaway is City of Atlanta at the senior leadership level should be able to better plan
and predict future IT helpdesk issues with a high degree of accuracy moving forward.
The summarized results of the following six-week ahead forecast indices were:
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Data point from Q1 to forecast six-weeks into Q2
o Atlanta Police Department (APD) and Atlanta Information Management
(AIM) had “reasonable” forecasts.
Data point from Q2 to forecast six-weeks into Q3
o Atlanta Police Department (APD) forecast performance declined from the
previous segment yet sustained “reasonable” forecast performance;
however, Atlanta Information Management (AlM) forecast performance
improved to a “good” forecasts.
Data point from Q3 to forecast six-weeks into Q4
o Atlanta Police Department (APD) forecast performance significantly
improved from the previous segment to a “good”. Atlanta Public Works
also demonstrated “good” forecast performance. Atlanta Information
Management (AlM) forecast performance decline moderately from
“good” to “reasonable” in this segment.
Data point from a given quarter to forecast six-weeks within the same quarter

o Atlanta Public Works (APW) had “reasonable” forecast performance.
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Chapter 6. Conclusion

6.1  Chapter Overview

This chapter will review the methodology, boundaries, purpose and scope of the

praxis, and potential future research topics to expand upon relevant to this praxis.

6.2 Methodology Summary

The methodology introduced in the praxis provides decision makers the tools and
resources necessary to execute their mission while balancing available resources against
forecasted demand. The literature covered time-series and forecasting methodologies in
the domain of demand management from various industries such as high-frequency
power distribution for power grids to Chinese automobile manufacturing to forecasting
wheat production in Pakistan. The uniqueness of the methodology and study was the
integration and application of said concepts for the Information Technology Service
Management (ITSM) domain. The literature conveyed the complexity in controlling user
demands and higher order of magnitude math background required if the analysis is
performed manually. This research does not seek to demonstrate how to manually
perform the forecasting tasks as it relates to demand management but to provide a
preview to the tools and applications readily available to streamline the analysis where

the math is performed within the application.

6.3 Boundaries of Study

Key limitations of this study were the focus around using ITIL as the ITSM

framework as well as available data used in this study. December 2015, the service level
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agreements’ targets for the Service Desk metrics were revised to accurately match them
to the current resources and the organization’s maturity level. As a result, this study was
restricted to data for the year 2016 and the ITIL framework. For maximum benefit, the
praxis focused on three of the 34 departments for City of Atlanta. A key limitation that is
not considered is the cost per ticket, but the model could be modified to include this
dimension.

Most researchers and practitioners would agree that implementing demand
management into their ITSM program would be beneficial; however, the choice to deploy
demand management in a mature or newly developed ITSM organization will have
varying effects. The methodology introduced in the praxis provides decision makers the
tools and resources necessary to implement ITIL demand management into their
environment with the ability to measure results over time. Thus, to utilize the research
methodology presented in this praxis, there must be agreement with the stages and results

(Bostick, 2016).

6.4  Review of Purpose and Scope

Service level management is a challenge in a distributed system’s environment
because all processes should provide a consistent, reliable, and predictable service
delivery (Talla & Valverde, 2013). Systems Engineering Standard ISO/IEC 15288 has
been used as a theoretical framework for conceptual studies in the domain of business
organizational process and design of eco-industrial parks (Mora et al., 2015) and given
that IT service must consider the interactions of several human and technology
components, an IT service and their generative IT service system constitutes as a

man-made engineered systems (Mora et al., 2015). System Engineers are routinely
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entrusted with maintaining the delicate balance between cost, schedule and technical
performance as part of the systems engineering process (Eggstaff, 2013). The purpose of
this praxis was to provide a framework that could be utilized for ITIL demand
management. The approach is modeled after the City of Atlanta’s strategic planning
cycles to ensure IT organizational alignment with the business. Due to the transactional
nature of the data, the proposed methodology is nimble enough to address any
abnormality in the data. The methodology was verified using two other case studies for

Atlanta Information Management department and the Atlanta Public Works department.

6.5 Research Contributions

Contribution 1. Developing a methodology for modeling and forecasting techniques
for predicting ITIL Demand Management Workload for any time period ahead.
Contribution 2. Developing visual analytics to prioritize decision making from a

Pareto-principle point of view as noted in Chapter 5.

6.6 Recommendations for Future Research

Holistic Systems Analysis - City of Atlanta IT service design and process capabilities
should be further analyzed from a holistic systems point of view commensurate with
Systems Engineering Standard 1ISO/IEC 15288 (Mora et al., 2015).

Probabilistic Concept Annotation for IT Service Desk Tickets — If an off-the-shelf
technological solution is integrated into the ITSM organization, deeper dives into
probabilistic annotation of service desk tickets should be analyzed (Jan, Chen, & Ide,

2014).
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Modeling Service Level Agreements - Modeling service level agreements to establish
the Process Model Discovery. A complete log is the basis of quality mining results, for
instance, the processing of a classical IT-service-helpdesk which is repeated frequently
and recorded by a ticketing system is a good example for Process Mining implementation

(Mager, 2014).

6.7 Conclusion

The three outcomes as a result of this research was the development of a methodology
where decision makers can more accurately forecast departmental needs based on
activities that are not easily identified, the ability to target departments with the highest
impact to the help desk operation, and incorporation of data-driven decision making into
the ITIL demand management process. This was accomplished by utilizing a
methodology that enabled IT Helpdesk practitioners with the tools, resources, and
framework to balance their priorities against available resources.

There has been little research to address the cumulative effects of low-priority service
requests and how it can disrupt enterprise performance. This usually occurs focusing only
or mainly on high-priority incidents and service requests; therefore, neglecting the low-
priority issues which as a result may develop into high-priority incidents. The results
command attention to Atlanta Police Department where tailored solutions or a deeper
dive study to uncover why the volume of tickets is significantly higher with this
department relative to other departments.

The results confirm the methodology and model(s) selected prove to have a high
degree of accuracy and predictability. The results of this study will be helpful for City of

Atlanta personnel in leadership positions for strategic planning and the introduction of
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demand management to facilitate budgetary discussions and level-set service
expectations for the future. We can conclude the implications of not implementing
demand management to predict mean-time-to-repair can result in IT service delivery
organizations developing inaccurate forecasts resulting in misalignment of resources to

address IT helpdesk issues.
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Appendix A

New SLA Priority Level effective December 1, 2015

Definitions

Critical (Priority 0)

Enterprise Applications/Systems that have possible severe impact on the health, welfare,
safety and security of the population and /or significant financial loss and reputational
damage to the organization. There is usually no viable alternative available during
outage.

High (Priority 1)

Enterprise, Departmental, Office, Location, Group, Individual Applications/Systems that
have possible impact on the health, welfare, safety and security of the population and/or
minimal potential financial loss and reputational damage to the organization. There may
be an alternative but it causes significant impact during outage.

Essential (Priority 2)

Enterprise, Departmental, Office, Location, Group, Individual Applications/Systems that
have little to no impact on the health, welfare, safety and security of the population
along with no potential financial loss and reputational damage to the organization. There
is usually a workaround during outage.

Important (Priority 3)

Departmental, Office, Location, Group, Individual Applications/Systems that have little
to no impact on the health, welfare, safety and security of the population along with no
potential financial loss and reputational damage to the organization. There is usually a

workaround during outage or repair is possible.

Response Time

The time it takes to manually acknowledge a customer’s incident/service request by
phone or email while documenting the same in Service Desk application with the status
update “Customer Contact” during the specified availability hours of the impacted
application/system. Response time is measured from the time ticket is opened to the time
the customer is notified their incident was received and was being addressed.

Resolution Time

The time it takes to resolve a customer’s incident/request by verifying with the customer
via phone or email that the issues was resolved to their satisfaction and updating the
ticket with status “Resolved” in the Service Desk application during the specified
availability hours of the impacted application/system. Resolution time is measured from
the time ticket is opened to the time the customer is notified the ticket is resolved.
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Appendix B

Table B- 1: APD Optimized Model ARIMA (0,1,2)

ATLANTA POLICE DEPARTMENT
ARIMA (0,1,2)
(January 1, 2016 to December 31, 2016)

ITIL demand
Period (t) management

e)

Forecasted value of ITIL Residual
demand management (y,) (e

Week 1

Week 2
Week 3

Week 4

Week 5

Week 6

Week 7

Week 8

Week 9

Week 10
Week 11
Week 12
Week 13
Week 14
Week 15
Week 16
Week 17
Week 18
Week 19
Week 20
Week 21
Week 22
Week 23
Week 24
Week 25
Week 26
Week 27
Week 28
Week 29

2.379411765
4.244537538

4.72759481
5.398791667

7.24302566

3.764752022
5.817370756
4.135851191
5.747813749
8.382381643
3.350705467
6.863100283
8.375706628
3.729221273
7.522938808
11.78618345
7.166332824
4.960514133
8.458125649
5.522108678
5.038576923
5.029305556
2.878157492
4.829722222
9.670365497
5.994045139
11.39838384
15.19919405
13.60748317

2.428745865

3.979550121
4.006227479

4.780123804
5.931479054
3.606089056
5.933961106
3.9521402
5.848349708
6.588816999
3.646193912
6.97895281
6.362552099
4.306025882
7.341692099
8.360595767
5.70787324
5.903147625
7.682287396
5.37846165
6.253500701
5.807440695
4.870279947
6.273890135
8.140325563
5.455877673
9.647354927
9.804197519
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1.815791672

0.74804469
1.392564188

2.462901856
-2.166727032
2.2112817
-1.798109915
1.795673549
2.534031935
-3.238111532
3.21690637
1.396753818
-2.633330826
3.216912927
4.44449135
-1.194262944
-0.747359107
2.554978024
-2.160178718
-0.339884727
-1.224195145
-2.929283202
-0.040557724
3.396475362
-2.146280425
5.942506165
5.551839126
3.803285646



ATLANTA POLICE DEPARTMENT

Period (t) management

Week 30
Week 31
Week 32
Week 33
Week 34
Week 35
Week 36
Week 37
Week 38
Week 39
Week 40
Week 41
Week 42
Week 43
Week 44
Week 45
Week 46
Week 47
Week 48
Week 49
Week 50
Week 51
Week 52
Week 53

ARIMA (0,1,2)
(January 1, 2016 to December 31, 2016)
IS CREN Forecasted value of ITIL Residual
) demand management (y,) (e

6.604604605 9.219276764 -2.614672159
7.823570602 6.098824478 1.724746124
8.713764805 8.2888814 0.424883405
7.950527263 7.740485582 0.210041681
6.706225358 7.697081156 -0.990855797
6.290841385 7.131961671 -0.841120286
4.073471111 7.217117742 -3.143646631
2.373512545 6.039960813 -3.666448268
7.486729798 5.693494564 1.793235235
5.752564534 8.418917827 -2.666353292
4.502908333 6.236768429 -1.733860095
6.202710728 6.667784081 -0.465073353
4.749583333 7.307258508 -2.557675175
7.747041063 6.26494063 1.482100433
8.008849581 8.299939792 -0.291090211
8.983509259 7.489824767 1.493684492
8.209965812 8.443936862 -0.23397105

7.806342593 7.657051193 0.149291399
10.12595442 7.895011965 2.230942451
8.568231707 7.872669238 0.69556247

6.256904762 7.922003339 -1.665098577
3.734828704 7.971337439 -4.236508735
8.704027778 8.02067154 0.683356238
6.707867647 8.07000564 -1.362137993
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Table B- 2: AIM Optimized Model ARIMA (1,1,0)

ATLANTA INFORMATION MANAGEMENT
ARIMA (1,1,0)
(January 1, 2016 to December 31, 2016)

period (9 management  Foreedvaluet TIL - Residua
(»e)

Week 1 27
Week 2 15.78096405 26.7732154 -10.99225134
Week 3 17.2103903 22.96101945 -5.750629151
Week 4 16.15196017 16.56576782 -0.413807647
Week 5 26.39509036 16.40809355 9.986996813
Week 6 13.28397031 18.67350594 -5.389535631
Week 7 30.12895022 21.61255236 8.516397854
Week 8 20.28465812 18.49642691 1.788231212
Week 9 15.4899388 25.78967834 -10.29973955
Week 10 15.8381338 19.23858607 -3.400452263
Week 11 17.20331224 15.51943538 1.683876856
Week 12 30.48826646 15.78734986 14.7009166
Week 13 13.57581395 20.40081221 -6.824998256
Week 14 25.93718554 24.43186472 1.505320814
Week 15 21.37691824 17.80810867 3.568809565
Week 16 30.37802315 23.38669184 6.991331307
Week 17 22.10897947 23.80005225 -1.691072782
Week 18 39.99049107 27.03201279 12.95847828
Week 19 44.20649895 27.26786693 16.93863202
Week 20 43.70648148 39.49435012 4.212131364
Week 21 34.6658153 43.36275986 -8.696944565
Week 22 39.90206916 40.81717868 -0.915109517
Week 23 54.43195419 36.35699598 18.07495821
Week 24 48.43785714 43.17268862 5.265168528
Week 25 43.40924145 51.32878366 -7.919542203
Week 26 45.57475 47.05446307 -1.479713067
Week 27 34.54353704 43.96147295 -9.417935912
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ATLANTA INFORMATION MANAGEMENT
ARIMA (1,1,0)
(January 1, 2016 to December 31, 2016)

ITIL demand

Period (t) management Forecasted value of ITIAL Residual
) demand management (y;) (&)

Week 28 47.38644895 41.9425665 5.443882451
Week 29 23.5231536 38.49421461 -14.97106101
Week 30 60.09664634 39.42518396 20.67146238
Week 31 18.21905 34.99093251 -16.77188251
Week 32 32.73250992 45.44009307 -12.70758315
Week 33 11.68198198 24.81559011 -13.13360813
Week 34 20.88706541 25.43663106 -4.549565646
Week 35 18.99094444 15.32763558 3.663308863
Week 36 30.0690768 19.30177129 10.76730551
Week 37 10.41412913 21.80429123 -11.3901621
Week 38 9.016597222 23.4047722 -14.38817498
Week 39 41.7676936 11.00784013 30.75985347
Week 40 26.22521127 17.83155961 8.393651656
Week 41 31.94759456 34.71681911 -2.769224547
Week 42 16.0645068 28.51141592 -12.44690912
Week 43 20.83286616 26.71251656 -5.879650394
Week 44 14.02555556 18.10905192 -4.08349636
Week 45 21.78145139 18.19322627 3.588225115
Week 46 19.18424603 16.26068914 2.923556897
Week 47 25.51475694 20.10331845 5.411438496
Week 48 20.80020576 20.72473413 0.075471631
Week 49 14.76038194 23.32659017 -8.566208229
Week 50 14.05012222 21.38164112 -7.331518899
Week 51 16.88111111 22.19447993 -5.313368819
Week 52 11.71012626 21.33910984 -9.628983576
Week 53 9.217437276 21.49233101 -12.27489374
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Table B- 3: Public Works Optimized Model ARIMA (2,1,0)

ATLANTA PUBLIC WORKS
ARIMA (2,1,0)
(January 1, 2016 to December 31, 2016)

ITIL demand Forecasted value of ITIL Residual

demand management (¥,) (&)

(7e)

Period (t) management

Week 1 0

Week 2 6.486527778
Week 3 4.536807458
Week 4 4.648468915
Week 5 1.792438973
Week 6 2.955765701
Week 7 5.835864198
Week 8 4.858326211
Week 9 2.130300926
Week 10 6.909662698
Week 11 16.1757265
Week 12 7.125721393
Week 13 10.89635511
Week 14 10.19723704
Week 15 18.40989464
Week 16 15.98631027
Week 17 7.956237745
Week 18 15.59619444
Week 19 10.75125228
Week 20 4.567126323
Week 21 8.455480769
Week 22 9.237811653
Week 23 5.710644208
Week 24 10.8127906
Week 25 24.47661017
Week 26 8.982110043
Week 27 5.155075075

0.130538809
3.438225684
2.615509293
6.004094142
4.296563874
4.006672353
3.190485158
4.26593216

5.166786349
5.025544398
6.374997238
9.204347469
13.48791493
8.866538818
12.62949654
13.43573015
16.0282597

14.53349629
10.44930992
12.58744416
9.28674131

6.666691991
8.355540492
9.138211398
11.00914531
13.60051049
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6.355988969
1.098581774
2.032959623
-4.211655168
-1.340798174
1.829191844
1.667841053
-2.135631234
1.74287635
11.1501821
0.750724155
1.692007636
-3.290677897
9.543355818
3.356813738
-5.479492409
-0.432065254
-3.782244012
-5.882183593
-4.131963391
-0.048929657
-0.956047783
2.457250107
15.33839877
-2.027035263
-8.44543541



ATLANTA PUBLIC WORKS
ARIMA (2,1,0)
(January 1, 2016 to December 31, 2016)

ITIL demand

e)

Period (t) management
Week 28 19.34022059
Week 29 12.7257
Week 30 8.26314951
Week 31 12.21528752
Week 32 9.552351047
Week 33 8.821725865
Week 34 10.66026515
Week 35 8.435912106
Week 36 5.179845086
Week 37 18.09224359
Week 38 7.28558299
Week 39 11.57072917
Week 40 14.96015432
Week 41 12.54604762
Week 42 12.60592963
Week 43 11.99001634
Week 44 11.26692956
Week 45 13.02445195
Week 46 5.66489071
Week 47 14.79009259
Week 48 5.218181818
Week 49 13.35202778
Week 50 8.595030864
Week 51 8.228333333
Week 52 16.64887732
Week 53 5.408508772

Forecasted value of ITIL Residual

demand management (y,) (e
17.50594052 1.834280072
10.65473617 2.070963833
10.01608486 -1.752935354
15.95098948 -3.73570195
11.9945951 -2.442244056
9.669596708 -0.847870843
11.25856486 -0.598299711
9.940611335 -1.504699229
9.435752389 -4.255907303
9.359363977 8.732879612
10.08144926 -2.795866265
8.632669027 2.93806014
1477717269 0.182981628
10.0957971 2.450250516
12.79379787 -0.18786824
14.27266471 -2.282648371
12.75215922 -1.485229653
12.50698652 0.517465429
12.36450337 -6.699612664
10.77420394 4.01588865
12.16239402 -6.944212198
9.242427794 4.109599984
13.39070416 -4.795673299
12.11748089 -3.889147556
11.02125708 5.627620234
12.93887215 -7.53036338
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Appendix C

Table C- 1: Validity Model Testing Criteria for City of Atlanta Police Department ITIL Demand
Management Forecasting based on the Estimation Period of the Aggregate of
Weekly Average Time to Resolve Data

RUNS RUNM AUTO MEAN
(A) 2.86325 OK OK OK OK OK
B) 2.89243 OK OK OK OK OK
(C) 270654 * OK OK * OK
(D) 2.64924 * OK OK OK OK
(E) 2.86923 OK OK OK OK OK
F) 26046 OK OK OK OK OK
(G) 277915 OK OK OK OK OK
(H) 2 68807 OK OK OK OK OK
(I 243346 OK OK OK OK OK
(I} 2.51653 OK OK OK OK OK
(K) 245584 OK OK OK OK OK
L) 2.52932 OK OK OK OK OK
(M) 2.62636 OK OK OK OK OK

Table C- 2: Validity Model Testing Criteria for City of Atlanta Information Management ITIL
Demand Management Forecasting based on the Estimation Period of the
Aggregate of Weekly Average Time to Resolve Data

RUNS RUNM AUTO MEAN
(A) 14.2163 * = kR OK *
B) 14.3734 ® RE RK 0K ®
(©) 12.5784 * OK R 0K OK
D) 12.7073 * OK T 0K OK
(E) 10.8089 OK OK OK OK *
(F) 10.8663 OK OK OK 0K OK
G) 11.1993 OK OK OK OK *
(H) 11.1571 OK OK OK 0K *
i) 10.3894 OK OK OK OK OK
5] 10.3618 OK OK OK 0K OK
K) 103922 OK OK OK 0K OK
L) 10.4753 OK OK OK 0K OK
M) 10.5735 OK OK OK OK OK
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Table C- 3: Validity Model Testing Criteria for City of Atlanta Public Works ITIL Demand
Management Forecasting based on the Estimation Period of the Aggregate of
Weekly Average Time to Resolve Data

ode » » » A 0O A AR

A 6.253 OK * 0K OK OK
(B) 6.31373 OK * oK oK OK
©) 5.05668 OK oK oK * OK
(D) 464884 OK oK oK oK OK
(E) 5.71677 OK OK OK OK OK
(F) 4.79743 OK OK OK oK OK
(G) 4.99784 OK OK oK OK OK
(H) 4.85949 OK OK oK oK OK
[0) 453075 OK OK OK oK OK
Q) 452915 OK oK oK oK OK
(K) 4.80237 OK OK OK OK OK
L 4.55674 OK oK oK oK OK
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Appendix D

Table D- 1: Model Selection for City of Atlanta Police Department ITIL Demand Management
Forecasting based on the Estimation Period of the Aggregate of Weekly Average
Time to Resolve Data
Model RMSE MAE MAPE ME MPE AIC HQC SBIC
(A) 459622 3.42835| 48.2798| 0.117977|-14.09050| 3.05047| 3.05047| 3.05047
(B) 4.64548| 3.43861| 48.7866| 0.000000|-15.91520| 3.11434| 3.12916| 3.15371
(©) 4.18019| 3.02932] 48.8184| 0.000000|-27.44990| 2.90327| 2.91808| 2.94263
(D) 4.19829| 3.00928| 47.7791| 0.000000|-26.66640| 2.95446| 2.98409| 3.03319
(E) 4.46941| 3.00674| 42.0745| 0.143935|-14.30140| 3.03706| 3.05188| 3.07643
(F) 4.11535| 3.01333| 43.2797| 0.214145|-15.45390| 2.87200| 2.88681| 2.91137
(G) 4.37772| 3.26315| 46.3160| 0.234095|-14.06020| 2.99561| 3.01042| 3.03498
(H) 4.23931| 3.08903| 44.4724| 0.171901|-15.48990| 2.97391| 3.00353| 3.05264
() 4.04339| 2.77029] 35.8803| 1.133420| -4.13897| 2.87927| 2.90890| 2.95800
(J) 3.96987| 2.83291| 40.4230| 0.488148(-14.96830| 2.84257| 2.87220| 2.92130
(K) 4.30671| 2.84202| 38.7564| 0.782058| -4.18926| 3.00546| 3.03508| 3.08419
L) 4.13959| 2.98413| 43.7215| 0.346563|-13.97660| 2.96885| 3.01329| 3.08695
Table D- 2: Model Selection for City of Atlanta Information Management ITIL Demand
Management Forecasting based on the Estimation Period of the Aggregate of
Weekly Average Time to Resolve Data
Model RMSE MAE MAPE ME MPE AIC HQC SBIC
(A) | 14.16660| 10.91050| 47.6246|-0.063217(-16.23440| 5.30177| 5.30177| 5.30177
(B) 14.32300| 10.91050| 47.5607| 0.000000|-15.94840( 5.36628| 5.38109| 5.40565
(C) | 12.88230| 10.55080| 47.3046| 0.000000{-23.91850| 5.15426| 5.16907| 5.19362
(D) | 13.01480( 10.54970| 47.3587| 0.000000(-23.94080| 5.21728| 5.24691| 5.29601
(E) | 10.86150| 8.03673| 35.2156| 0.104412|-12.87980( 4.81301| 4.82782| 4.85238
(F) 10.94670| 8.47194| 38.2342| 0.028937|-15.67680| 4.82864| 4.84345| 4.86800
(G) | 11.28230| 8.39873| 36.8531|-0.052962|-13.11910| 4.88903| 4.90384| 4.92840
(H) | 11.23820| 8.48250| 38.0110| 0.026994|-14.91410( 4.92375| 4.95337| 5.00248
() 10.60070| 7.88488| 34.6765|-0.086413)|-13.54590( 4.89205| 4.95130| 5.04951
(J) 10.50530| 7.89114| 33.8479| 0.605951|-10.05490| 4.87397| 4.93322| 5.03143
(K) | 10.45770| 8.08027| 34.4369| 0.921693| -8.48217| 4.77979| 4.80941| 4.85852
(L) 10.55500] 8.10611| 35.7666|-0.071214|-13.80760| 4.84085| 4.88529| 4.95895
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Table D- 3:

Model Selection for City of Atlanta Public Works ITIL Demand Management
Forecasting based on the Estimation Period of the Aggregate of Weekly Average
Time to Resolve Data

Model RMSE MAE MAPE ME MPE AIC HQC SBIC
(A) 9.49878| 7.49026 0.230421 4.50233| 4.50233| 4.50233
(B) 9.60092| 7.52032 0.000000 4.56627| 4.58108| 4.60564
(©) 7.48805| 5.73318 0.000000 4.06917| 4.08398| 4.10853
(D) 7.56237| 5.69775 0.000000 4.13148| 4.16110{ 4.21020
(E) 9.18468| 7.20362 0.004310 4.47763| 4.49244| 4.51699
(P 7.62097| 5.84945 0.441092 4.10436| 4.11917| 4.14372
(G) 7.74757| 6.02990 -0.918089 4.13731| 4.15213| 4.17668
(H) 7.97938| 6.26097 -1.139990 4.23883| 4.26845| 4.31756
() 7.55843| 5.44536 1.308290 4.21554| 4.27479| 4.37300
Q)] 7.55149| 5.47815 1.616230 417115 4.21559| 4.28924
(K) 7.57048| 5.54976 1.598260 4.13362| 4.16325| 4.21235
L 7.55746| 5.63894 1.368080 4.13018| 4.15980| 4.20891
(M) 7.59289| 5.69126 1.495800 4.09698| 4.11179| 4.13634
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Appendix E

Table E- 1: Validity Model Testing Criteria for City of Atlanta Police Department ITIL Demand
Management Forecasting based on the Estimation Period of the Aggregate of
Weekly Average Time to Resolve Data at the 95% Confidence Interval
0de R R R A O A AR
(A) 4.59622 OK OK OK OK OK
(B) 4.64548 OK OK OK OK OK
© 4.18019 OK *x OK OK OK
(D) 4.19829 OK * OK OK OK
(E) 4.46941 OK OK OK OK *
(F) 4.11535 OK OK OK OK *
(G) 4.37772 OK OK OK OK *
(H) 4.23931 OK OK OK OK *
1) 4.04339 OK OK OK OK OK
(J) 4.03798 OK OK OK OK OK
(K) 3.96987 OK OK OK OK OK
(L) 4.30671 OK OK OK OK *
(M) 4.11592 OK OK OK OK OK
Table E- 2: Validity Model Testing Criteria for City of Atlanta Information Management ITIL

Demand Management Forecasting based on the Estimation Period of the
Aggregate of Weekly Average Time to Resolve Data at the 95% Confidence
Interval

Model RMSE RUNS RUNM AUTO MEAN VAR
*

A 14.1666 ok ok OK *
G) 14323 * o o OK *
©) 12.8823 * oK Honx oK OK
(D) 13.0148 * oK Hoxx oK OK
(E) 10.8615 oK OK OK oK *
(F) 10.9467 oK oK oK oK oK
©) 11.2823 oK oK OK oK *
(H) 11.2382 oK 0K OK oK *
) 10.6007 o 0K OK oK OK
0) 10.5053 wx 0K oK oK oK
(K) 10.4577 * OK OK oK OK
L 10.555 * oK oK oK oK
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Table E- 3: Validity Model Testing Criteria for City of Atlanta Public Works ITIL Demand
Management Forecasting based on the Estimation Period of the Aggregate of
Weekly Average Time to Resolve Data

ode » R » A\ O A AR

) 9.49878 oK OK oK oK oK
(B) 9.60092 OK OK OK OK OK
©) 7.48805 OK OK OK OK OK
(D) 7.56237 oK OK oK OK OK
(E) 9.18468 oK oK oK oK 0K
(F) 7.62097 oK oK oK oK oK
©) 7.74757 oK oK oK OK 0K
(H) 7.97938 oK oK oK OK OK
[0) 7.55843 oK oK oK oK oK
8) 7.55149 oK OK OK oK OK
(K) 7.57048 oK oK oK oK oK
L) 7.55746 oK OK OK OK oK
(M) 7.59289 OK OK OK OK 0K
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Appendix F

Trend and Correlation Analysis for ITIL Demand Management - APD
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Figure F- 1: Trend and Correlation Analysis for ITIL Demand Management (APD) ARIMA

(0,1,2)
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Trend and Correlation Analysis for ITIL Demand Management - AIM
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Figure F- 2: Trend and Correlation Analysis for ITIL Demand Management (AIM) ARIMA
(1,1,0)

Trend and Correlation Analysis for ITIL Demand Management - APW
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Figure F- 3: Trend and Correlation Analysis for ITIL Demand Management (Public Works)
ARIMA (2,1,0)
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Appendix G

Residual Normality Diagnostics for ITIL Demand Management - APD
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Figure G- 1: Residual Normality Diagnostics for ITIL Demand Management (APD) ARIMA
(1,1,0)
Residual Normality Diagnostics for ITIL Demand Management - AIM
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Figure G- 2:

Residual Normality Diagnostics for ITIL Demand Management (AIM) ARIMA
(1,1,0)
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Residual Normality Diagnostics for ITIL Demand Management - APW
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Figure G- 3:

Residual Normality Diagnostics for ITIL Demand Management (Public Works)
ARIMA (2,1,0)
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Appendix H

Residual Correlation Diagnostics for ITIL Demand Management - APD
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Figure H- 1: Residual Correlation Diagnostics for ITIL Demand Management (APD) ARIMA
(0,1,2)
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Residual Correlation Diagnostics for ITIL Demand Management - AIM

1.0 1 1.0
0.5 0.5
w [TR
% 0.0 — E-(J' B'D__-—I_l_.—-J_.—l_._-_r
o
0.5 05
-1.07 T T T : -1.0 T T
0 5 10 0 5 10
Lag Lag
1.0 - .
0.5 S 001
&
a
LL h
u] 4 . ||
& oo Lul_._lile g
£ o5
05 g
aol | 1_0_4llllljuuljll
0 5 10 0 5 10
Lag Lag

Figure H- 2; Residual Correlation Diagnostics for ITIL Demand Management (AIM) ARIMA
(1,1,0)

Residual Correlation Diagnostics for ITIL Demand Management - APW
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Figure H- 3: Residual Correlation Diagnostics for ITIL Demand Management (Public Works)
ARIMA (2,1,0)
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