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Abstract of Praxis

Comparison of Statistical and Machine Learning Methods for Improving Demand
Forecasting of Spare Parts in Simulators and Weapon Ranges

According to the 2015 U.S. Government Accountability Office (GAQ) report,
Department of Defense (DoD) supply chain management has been classified as a high-
risk area since 1990, due in part to weaknesses in accurately forecasting the demand for
spare parts. The inability to accurately perform inventory planning of spare parts in
simulators and weapon ranges contributes to the accumulation of 3.6 billion dollars of
excess inventory for the Army. Selection of an accurate predictive model is necessary for
the Army to improve their forecasting capabilities in support of inventory planning for
simulators and weapon ranges. Traditional statistical methods have been used historically
to project intermittent demand of spare parts leading to inaccurate forecasts resulting in
slow-moving inventory and increased storage costs.

This praxis extends the existing body of knowledge through the identification of
the most accurate model type for inventory demand forecasting of spare parts in
simulators and weapon ranges operating in non-manufacturing environments. Results
show that Support Vector Regression (SVR) is the best performing method when
forecasting repairable and consumable part demand for simulators classified as Non-
Mission Capable (NMC), Partially Mission Capable (PMC), Fully Mission Capable
(FMC), as well as scheduled and non-scheduled maintenance actions over a 52-week
forecast horizon. K-Nearest Neighbor Regression (KNNR) tied the performance of SVR
as the best performing method when forecasting material demand for non-scheduled

maintenance actions that have classified a system as Partially Mission Capable (PMC).

Vi



Results show that the machine learning models used in this praxis were more accurate
than statistical methods in forecasting repairable part demand for scheduled and non-
scheduled maintenance actions that covered 2 and 4 years. However, the Teunter,
Syntetos, and Babai (TSB) statistical forecasting method performs better than some
machine learning methods when estimating repairable part demand for scheduled and
non-scheduled maintenance actions that covered 6 years. The identification of the most
accurate forecasting model is substantiated by determining if there is a statistically
significant difference in the forecasting accuracy of statistical and machine learning
methods using real-life data. Engineering and logistics managers can utilize this praxis as
a reference in the selection of the best performing forecasting method, to support

inventory planning.
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Chapter 1 — Introduction

1.1  Background

Live, Virtual, and Constructive (LVC) simulators and weapon ranges have
supported the US military for almost half a century in preparing soldiers for combat
operations(Pal et al., 2011). Dynamic shifts in the geopolitical landscape have pushed the
United States to update its military strategy in order to achieve victory in combat (United
States Government, 2018). As a result of the dynamic shift, a strategic approach named
“Mosaic Warfare” was coined by the U.S. Government’s Defense Advanced Research
Project Agency (DARPA) (Ionita, 2020). This new strategy leverages a disparate set of
capabilities consisting of both high technology and traditional combat resources, to
develop a dynamic kill chain which can morph to account for ad-hoc adversarial tactics.
At a moment’s notice, commanders at multiple levels can combine a patch work of
resources to deploy new and lethal capabilities to achieve victory on the battlefield. A
fundamental capability in realizing the military’s new strategic approach of “Mosaic
Warfare”, is the simulation of real-world battlefield complexities in a training
environment. As General George Washington wrote to John Hancock, “Men who are
familiarized to danger meet it without shrinking; whereas those who have never seen
service often apprehend danger where no danger is.” (Washington, 1776). Simulators and
weapon ranges have been used in a variety of configurations to emulate the complexities
found in dynamic military operational environments (Pal et al., 2011). They are complex

repairable systems that are operated and maintained around the globe in a field



environment, which support military readiness in a complex Operational Environment
(OE).

In April of 2015, the Government Accountability Office (GAO) released an
assessment identifying the Army’s inability to effectively manage excess inventory.
There were four inventory management objectives that were the focus of the GAO’s
effort. The initial focus was to determine if the US military had met the 8% threshold,
previously established by GAO, for on-hand excess inventory. Next, they assessed if the
U.S. military was successful in the reduction of inventory that would contribute to the
excess balance for each branch. Thirdly, GAO’s assessment focused on how each armed
forces branch improved its ability to manage inventory balances to ensure timely
availability of spare parts. The fourth and last objective assessed how each US military
branch improved its ability to perform material forecasts. The assessment highlighted that
while the U.S. Navy and U.S. Air Force had successfully met the target objectives, the
U.S. Army had failed to do so. Results of the assessment showed that the Army held an
excess inventory balance of spare parts that were valued at $3.6 billion. “The Army’s
calculation of its inventory to meet requirements was not in accordance with Army
guidance and resulted in potentially underreporting its amount of on-hand excess
inventory to the Office of the Secretary of Defense (OSD)” (GAO, 2015)

1.2 Research Motivation

The “GAO identified (Department of Defense) DoD supply chain management as
a high-risk area due in part to ineffective and inefficient inventory management practices
that have contributed to high levels of excess inventory relative to total inventory”

(Hinton, 1999). Approximately 80% of the spare parts utilized to maintain U.S. DoD



equipment, which equates to $78 billion in 2014, are controlled by the Army, Navy, and
Air Force branches. However, the 2015 follow up report stated that the Army failed to
reduce excess inventory and reach the target objective levels as identified by GAO
(GAO, 2015). The Army faces several key operational issues such as multiple distributed
operations occurring simultaneously in different regions of the world such as the Middle
East, Africa, Europe and South East Asia (United States Government, 2018). In the 2018
U.S. National Defense Strategy, resilient and agile logistics were highlighted as a key
tenant for modernization (United States Government, 2018). The dynamic nature
associated with the simulation of offensive, defensive, and civil support operation
execution, within the training framework, creates turbulent environment for the
Operations and Sustainment (O&S) of simulators and weapon ranges (Russell, 2016;
Training and Doctrine Command, 2011; U.S. Army Training and Doctrine Command,
2012).

1.3  Problem Statement

The inability to accurately perform inventory planning of spare parts in
simulators and weapon ranges contributes to the accumulation of 3.6 billion dollars of
excess inventory for the Army.

Conventional statistical methods have been historically utilized to project the
intermittent demand of spare parts. Such methods often lead to inaccurate forecasts which
result in slow-moving inventory and increased storage costs (Aris A. Syntetos & Boylan,
2005). According to the 2015 GAO report, DoD supply chain management has been
classified as a high risk area since 1990, due in part to weaknesses in accurately

forecasting the demand for spare parts (GAO, 2015). According to the same 2015 GAO



assessment, “The Army is miscalculating its inventory requirements, potentially resulting
in the underreporting of its on-hand excess inventory (3.6 billion)”.
1.4 Thesis Statement

A predictive model that improves forecast demand of spare parts in simulators
and weapon ranges is vital for the Army, to satisfy nonscheduled maintenance actions for
complex systems operating in non-manufacturing environments.

Sufficient stock of parts must be on hand to support scheduled and non-scheduled
maintenance actions, which enable the system to achieve operational availability
requirements. This praxis will utilize parts identified on maintenance records as the
demand signal for the decrement of spare parts out of the inventory. Multiple use cases
will be defined by the research questions and hypotheses later in this chapter, which will
state the performance of each forecasting method under a variety of conditions. The
approach will align the impact of the part to the operational state of the system. For
example, this praxis utilizes work orders to identify a system as Non-Mission Capable
(NMC), Partially Mission Capable (PMC), or Fully Mission Capable (FMC).
Additionally, the best performing forecasting method will be identified using a range of
timeframes, training devices, and weapon ranges to assess estimating accuracy.

1.5  Research Objectives

The objective of this praxis is to provide a reference for the selection of the best
performing forecasting method by:

e Analyzing the material demand pattern associated with each hypothesis to
determine whether the pattern is erratic, intermittent, lumpy, or smooth.

e Determining the error associated with each forecasting method



1.6

Determining if there is a statistically significant difference between forecasting
methods
Research Questions and Hypotheses

This praxis extends the existing body of knowledge through the identification of

the most accurate model type for inventory demand forecasting of spare parts in

simulators and weapon ranges operating in non-manufacturing environments, by

answering the following Research Questions (RQ) RQ1 through RQ5, under the

Hypothesis H1 to H5:

RQL1: Is there a statistically significant difference in the accuracy of ML methods
and statistical techniques for unknown IDF?

RQ2: Is there a statistically significant difference in the accuracy of IDF methods
when maintenance records classify a system as NMC)

RQa3: Is there a statistically significant difference in the accuracy of IDF methods
when maintenance records classify a system as PMC.

RQ4: Is there a statistically significant difference in the accuracy of IDF methods
when maintenance records classify a system as FMC.

RQ5: Does ML or statistical methods perform better with parts having
intermittent or lumpy demand signals over a 2, 4, and 6-year period?

H1: There is a statistically significant difference in the accuracy of ML methods
and statistical techniques for unknown intermittent demand forecasting of spare
parts within complex systems.

H2: There is a statistically significant difference in the accuracy of IDF methods

when maintenance records classify a system as NMC.



H3: There is a statistically significant difference in the accuracy of IDF methods

when maintenance records classify a system as PMC.

H4: There is a statistically significant difference in the accuracy of IDF methods

when maintenance records classify a system as FMC.

H5: ML ensembles have a higher accuracy than statistical methods for forecasting

parts demand over a 2, 4, and 6-year period.
1.7  Scope of Research

This praxis will compare multiple machine learning and statistical approaches, to
determine the best performing method in the demand forecasting of parts in simulators
and weapon ranges, which operate in non-manufacturing environments. The praxis will
rank the most accurate demand forecasting models, which will enable engineering and
logistics managers within the strategic sourcing organization, to perform optimized
inventory planning. They can further utilize the best performing forecasting method, to
determine the accurate amount of inventory to keep on hand while minimizing the
number of parts that have no demand within the previous year.
1.8  Research Limitations

This research is limited to the O&S programs within the DoD, which perform
logistics and sustainment activities in support of complex systems located in
non-manufacturing environments. The praxis is further limited to unclassified systems
that are under maintenance in which the data is collected manually, through a work order
or service request. Systems of interest in this praxis have an operational availability
requirement of 90% to 98%. It is not the objective of this praxis to identify an algorithm

that can provide a demand forecast to support a 100% system availability. While the



financial data associated with the excess inventory values of the WFF program does exist,
it is not yet publicly released. As such, the theoretical cost savings attributed to each of
the methodologies covered in this study will not be reported. Additionally, the data used
in this study is limited to work orders collected on the WFF program and are associated
with the following systems:

e Auviation Combined Arms Tactical Trainer (AVCATT)

Close Combat Tactical Trainer (CCTT)

e Combined Arms Collective Training Facility (CACTF)

e Digital Range Training System (DRTYS)

e Engagement Skills Trainer (EST)

e Gunnery Maintenance Driver Trainers (GMDT)

e Joint Multinational Readiness Center (JMRC)

e Laser Marksmanship Training System (LMTYS)

e National Training Center (NTC)

e Tactical Engagement Simulation Systems (TESS)

e Wireless Independent Targeting System (WITS)
Work orders utilized in the research, are limited to ones which are classified as either
preventive maintenance or corrective action with a start date of the 4th of May 2012,
through 30" of April 2017, of the WFF program. There are a wide variety of statistical
and machine learning methods for predicting demand, this research is limited to the use

of 7 forecasting methodologies.



1.9  Organization of Praxis

Chapter 2 provides an in-depth literature review of IDF, where material demand
pattern classification, traditional statistical approaches, and machine learning methods
will be presented. Chapter 3 covers the statistical and machine learning methodologies
which have been applied during this research. Chapter 4 provides the results of the
analysis associated with each research question and hypothesis. While Chapter 5 delivers
the results as it relates to the research questions and provides a conclusion on the

research, with a look at the opportunities for potential future research.



Chapter 2—L.iterature Review

2.1 Introduction

This literature review provides the background for multiple material demand
methodologies. The chapter will review studies that focus on timeseries forecasting, how
demand profiles impact the performance of forecasting methods, how different types of
error measures assess the accuracy of forecasting techniques, and the use of statistical and
machine learning forecasting methods. Section 2.2 provides a high-level introduction to
the field of timeseries demand forecasting. Section 2.3 provides a detailed review of
demand pattern types and their impact on the performance of various forecasting
methods. Section 2.4 conducts a review of several metrics used to measure accuracy in
terms of capabilities and limitations which is a critical element in assessing performance.
A review of multiple methods to determine statistical significance is conducted in Section
2.5. Sections 2.6 and 2.7 review statistical and machine learning forecasting methods.
The chapter will conclude with Section 2.8, which summarizes the key concepts covered
in the literature review, and key points that will be carried forward into the methodology
section.
2.2 Timeseries Demand Forecasting

A foundational function of supply chain inventory management is the ability to
perform accurate demand forecasting for spare parts (Willemain et al., 2004). To support
a product in the field, inventory control systems must determine the correct Economic
Order Quantities (EOQ) for stockage levels. The minimum order quantity and maximum
order quantity, used in a variety of inventory control systems, is considered the best

theoretical methodology for managing intermittent demand (Sani & Kingsman, 1997).



Time series demand forecasting identifies the minimum and maximum part quantities for
an inventory control system. Since the initial development by HM Wagner in 1970
(Wagoner, 1970), the methods used to determine the optimal value of re-order point, have
been the subject of multiple studies.

The method used to group the demand by timeseries has a direct effect on the
accuracy of most forecasting methods (Hasni et al., 2019; Tashman, 2000). When
determining the accuracy of a forecasting method, researchers can assess the performance
of a model by using an in-sample or out-of-sample (OOS) evaluation. In-sample
evaluation, when used for statistical methods has shown to be inflexible to structural
changes, and have a tendency to overfit (S. Makridakis et al., 1982). The use of out-
of-sample data to assess the forecasting accuracy of multiple methods to create an unseen
test sample, have been adopted by multiple research studies, and are used to assess the
accuracy of a model after it has been trained (Ahmed et al., 2010; Fiorucci et al., 2016;
Kourentzes et al., 2014; Spyros Makridakis et al., 2018; Spithourakis et al., 2011).
Additionally, the previously referenced studies found that the method of out-of-sample
data segmentation is a more accurate portrayal of real-world conditions, which in turn
provides a realistic environment to measure the performance of the forecasting model.

When evaluating forecast models with data split into training and test sets, the last
period in the training set is also known as the “origin point” for the forecast. Once the
origin is known, the range of time periods between the origin and the final forecasting
point is known as the forecasting horizon. In testing the accuracy of various forecasting
methods, researchers can hold the origin at the beginning of the forecast horizon

(fixed-origin) or move the origin across the estimated timeframe (rolling-origin) method.
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While this approach simplifies the computational load required to generate an estimate,
studies have shown that the accuracy decreases as the number of time periods expand
(Ekhosuehi, 2016; Kourentzes, 2014; Spyros Makridakis & Hibon, 2000; Aris A.
Syntetos & Boylan, 2005). Rolling-origin estimates provides a way to determine the
accuracy of the estimates at multiple points which has been shown to be more accurate (S
Makridakis & Winkler, 1989). The multiple error points generated across the forecast
horizon can then be utilized to develop an accuracy profile, which can be used to assess
the optimal range for a given method.
2.3  Categorization of Demand Patterns

The accuracy of forecasting methods are dependent on correctly characterizing the
demand distribution (Lengu et al., 2014). In 2005, Syntetos, Boylan, and Croston,
hereafter known as SBC, published what is now the standard used in research for the
categorization of demand patterns (A. A. Syntetos et al., 2005). SBC extended William’s
seminal work on classification which was based on intermittency and demand size by
introducing average inter-demand interval (ADI) to measure the average interval between
the demands. ADI can accommodate more demand distributions by average intervals than
William’s method of using mean lead time multiplied by mean arrival rate, assuming a
Poisson distribution (T. M. Williams, 1984). SBC’s interval calculation leverages
Croston’s method for calculating periodic demand by using the mean time interval
between each demand (Croston, 1972). However, intermittent demands introduce
additional complexity to fit the demand profile to a distribution pattern (Botter & Fortuin,
2000; Fortuin & Martin, 1999). This problem is exacerbated when the inventory control

forecasts include the management of part obsolescence (Ruud H. Teunter et al., 2011).

11



SBC’s method allows the researcher to apply a unique smoothing factor to demand
interval and demand size, allowing for greater flexibility in accurately modeling
intermittency. Based upon this methodology, SBC classified time series into four
categories lumpy, intermittent, smooth, and erratic(A. A. Syntetos et al., 2005). SBC
determined that the top performing forecasting method was influenced by the demand
profile. Lengu, Syntetos, and Babai’s extended SBC by using multiple Poisson methods
to categorize compound distributions associated with spare parts demand (Lengu et al.,
2014).

While SBC is a widely accepted framework demand classification, the lesser known
Kostenko and Hyndman’s work done in 2006 extended the SBC method (Kostenko &
Hyndman, 2006). Kostenko and Hyndman, hereafter referred to as KH, focused on the
smooth demand pattern classification. Their assessment was that an ADI less than 1.32
and Squared Coefficient of Variation (CV?) less than 0.49, was not precise enough to
support correct classification of demand. KH updated model split the smooth demand
region diagonally and recommended the use of SBA in the upper region of the diagonal
split and Croston’s method in the lower. In 2014, Kourentzes used the KH method in
assessing Croston, SBA, TSB and multiple other ID forecasting methods, and validated
that KH was more precise approach than SBC (Kourentzes, 2014).

2.4  Statistical Forecasting Methods

Statistical methods date back to World War Il with the work of Robert G. Brown
(Gardner, 2006). His adaptation of moving averages to develop a tracking model, called
Exponential Smoothing (ES), laid the foundation for the development of multiple

statistical forecasting models. These methods have continued to mature and evolve over
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the decades, to handle challenges such as intermittent demand, obsolescence, and bias
correction (Gardner, 2006; Gooijer & Hyndman, 2005; Spyros Makridakis et al., 2018;
Shenstone & Hyndman, 2005; Aris A.Syntetos & Boylan, 2005).

2.4.1 Simple Exponential Smoothing (SES) Forecasting Method

Selection of the correct ES model is essential for development of an accurate
forecast. In total there are 24 different variations of ES, with Holt’s variant called Simple
Exponential Smoothing (SES) being the most broadly applicable to a variety of use cases
by not applying trend or seasonal values (Gooijer & Hyndman, 2005). SES been
demonstrated to perform better than other statistical forecasting methods in multiple
studies (Aris A. Syntetos & Boylan, 2005; Willemain et al., 2004). SES applies a
common weighting value to smooth previous demands, and an exponentially decreasing
value, to predict demand across the forecast horizon. The framework created by
Hyndman et. al adds flexibility to the selection of the appropriate ES method by using
logarithmic approach (Robert J Hyndman et al., 2002). The accuracy achieved using the
framework, enabled SES to rival the performance of the winning forecasting models,
when the forecast horizon was up to 6 periods with an assumption of no intermittent
demand. However, SES has produced poor results when forecasting intermittent part
demand (Croston, 1972; Aris A. Syntetos & Boylan, 2005).

2.4.2 Croston’s Forecasting Method

In 1972, Croston’s seminal work titled “Forecasting and Stock control for
Intermittent Demands” addressed the inadequacies of ES methods in predicting
intermittent demand (Croston, 1972). Intermittent demand forecasting is difficult due to

one or more periods having no demand, which introduce bias in the estimates (Croston,
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1972). By updating the forecast values with each demand, and treating demand size and
intermittency as independent values, the Croston method is able produce forecasts more
accurate than ES methods when dealing with intermittent demand (Croston, 1972;
Kourentzes, 2014; Lengu et al., 2014; Nikolopoulos et al., 2016; Shenstone & Hyndman,
2005; Spiliotis et al., 2020; A. A. Syntetos et al., 2005; Aris A. Syntetos & Boylan, 2005;
Willemain et al., 1994, 2004). However, a controversial element to Croston’s method is
the assumption that intervals between demand follow a geometric distribution. Several
researchers have challenged Croston’s assumptions, Lengu et. al. found that intermittent
demand followed a Poisson distribution (Lengu et al., 2014). Syntetos and Boylan openly
criticized the assumption and corrected for it as well as other forecasting problems in
their method called the Syntetos Boylan Approximation (SBA) (Aris A. Syntetos &
Boylan, 2005). Although other researchers have found this method to be flawed, it is
implemented in commercial products such as SAP APO, ForecastPro, and SAS
(Kourentzes, 2014; Shenstone & Hyndman, 2005; Aris A. Syntetos & Boylan, 2005;
Ruud H. Teunter et al., 2011).

2.4.3 Syntetos-Boylan Approximation (SBA) Forecasting Method

SBA addresses another challenge related to Croston’s method as it only updates
when there are periods of positive demand. This issue associated with Croston’s method
is exemplified in military applications as spare parts often face multiple periods where
zero demand is recorded (Ruud H. Teunter et al., 2011). In this scenario, Croston’s
method would still show a forecast based on the last positive demand for an obsolete part,
leading to overstock and stagnant inventory. In 2005 Syntetos et al. proved that Croston’s

method exhibited a positive ‘inversion bias’, where it over-forecasted the average
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demand (A. A. Syntetos et al., 2005). The bias was determined to be related to the
smoothing factor that was applied to the demand intervals. The study found that as
smoothing increased in value, a larger bias was exhibited. Syntetos and Boyland
corrected the bias in Croston’s approach by introducing a debiasing factor to the
equation, which reduced the weight of the smoothing.

SBA has been used in a number of independent studies which demonstrate that the
SBA does not exhibit the bias found in Croston’s method (Doszyn, 2020; Gutierrez et al.,
2008; Spiliotis et al., 2020; Van der Auweraer et al., 2019). In Syntetos and Boylan’s
2005 study, showed that SBA outperformed Croston’s method, when “faster intermittent”
demand data was used, and was also more resilient to outliers (Aris A. Syntetos &
Boylan, 2005).

2.4.4 Dynamic Optimized Theta Model (DOTM) Forecasting Method

Multiple studies have called Dynamic Optimised Theta Method (DOTM), a
special case of SES, where the parameter that calculates drift is half the slope of the
linear trend (Fiorucci et al., 2016; Rob J. Hyndman & Billah, 2003; Thomakos &
Nikolopoulos, 2015). The Theta model was introduced in 2000 by Assimakopoulos and
Nikolopoulos (Assimakopoulos & Nikolopoulos, 2000), hereafter known as AN, where a
seasonally adjusted timeseries was decomposed into two theta values to addresses short
term variability and long term fluctuations (Assimakopoulos & Nikolopoulos, 2000).
Fiorucci et al.’s study showed that DOTM outperformed other Theta method variants as
well as the SES method when forecasting material demand (Fiorucci et al., 2016). AN

postulated in their original work that the Theta method could be improved by accounting

for additional variability in the time series, by adding theta lines to the forecast
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(Assimakopoulos & Nikolopoulos, 2000). This postulation was confirmed when DOTM
was reported to be the most accurate method in the M3 forecasting competition (Spyros
Makridakis & Hibon, 2000).

2.4.5 Teunter, Syntetos, and Babai (TSB) Forecasting Method

While the Theta methods squarely focus on forecasting using the normalization of
trend data, they do not address the challenge of planning for part obsolescence that
plagues inventory planning for military systems (Ruud H. Teunter et al., 2011). The
Teunter, Syntetos, and Babai forecasting method, hereafter known as TSB, has been
demonstrated to outperform both Croston and SBA methods in forecasting accuracy
while addressing challenges associated with part obsolescence (R. H. Teunter & Duncan,
2009; Ruud H. Teunter et al., 2011). While TSB extends the methods found in Croston
and SBA, it differs by updating the forecasted values at each period by actively
calculating the probability of demand occurrence. Similar to the Theta methods, TSB
uses separate smoothing constants that are applied to demand size and probability,
leading to the creation of two forecasting vectors that are used to develop the forecast
(Ruud H. Teunter et al., 2011). The application of different smoothing constants based
upon the demand pattern enabled TSB to outperform other statistical methods and neural
networks (Kourentzes et al., 2014; Nikolopoulos et al., 2016)

2.4.6 Approximate Bayesian Computation Forecasting Method

Approximate Bayesian Computation (ABC) is a noteworthy forecasting method
that has grown in popularity in recent years (Frazier et al., 2019). While ABC has been
used in multiple inventory management applications to support inventory classification,

there is a growing body of work focused on the forecast development of datasets that
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have “intractable” likelihood functions (Marin et al., 2012). Marin et. al. defines
intractable likelihood as a segment in the erratic demand profile (Marin et al., 2012).
There are a wide variety of ABC methods, and the majority of them use summary
statistics from the data to develop an approximation of forecast values (Blum et al.,
2013). While several studies have developed empirical techniques towards the selection
of statistical methods, a team from the Amazon Development Center in Germany, has
developed a novel approach using ABC to forecast the intractable material demand at a
scale that supports worldwide distribution of products (Seeger et al., 2017). The results of
the study proved that Seeger et al.’s forecasting model fit the actual demand profile with
greater precision than other selected methods. However, these results are difficult to
replicate in a broad set of conditions. As Kourentzes stated in his blog post, “In short,
depending on the criteria we set, we can get any result we want from the ABC analysis,
so it is important to choose carefully.” (Kourentzes, 2021).
2.5  Machine Learning Forecasting Methods

Machine learning forecasting models trace their lineage to Voltaire’s nonlinear
time series analysis work developed in the 1930’s (Gooijer & Hyndman, 2005).
Researchers in the 1970’s and 1980’s demonstrated that a nonlinear forecasting method
was preferable to handling cyclical forecasts that exhibited seasonal fluctuations. Several
recent studies have focused on the use of Machine Learning (ML) methods in the
development of material demand forecasts (Amin-Naseri & Rostami Tabar, 2008;
Gutierrez et al., 2008; Lee et al., 2018; Lolli et al., 2019; Mukhopadhyay et al., 2012;
Pawar & Tiple, 2019; Salinas et al., 2020; Smyl, 2020). While several studies have

assessed the performance of these methods independently others have compared the
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accuracy to statistical techniques and reported mixed results. Makridakis et al. reported
that ML methods performed very poorly when compared to statistical forecasts (Spyros
Makridakis et al., 2018). However, Spiliotis et al. demonstrated that some ML methods
can provide significantly less biased and more accurate forecasts than their statistical
counterparts (Spiliotis et al., 2020). Barker attributes the poor performance of ML
methods in demand forecasting to the researcher’s lack of knowledge (Barker, 2020). She
theorizes that a researcher’s understanding of time series data and unstructured modeling
practices is critical to unlocking the true performance of ML forecasting methods. A
central practice in generating accurate results using ML is to use Cross Validation (CV)
(Bergmeir et al., 2018).

2.5.1 Cross Validation (CV)

K-fold CV is a widely adopted method for training ML models to perform a
variety of tasks including development of forecasts (Bergmeir et al., 2018; Jung, 2018).
However, using K-fold CV for forecasting time series data causes the ML models to
ignore the sequence of observations in the data and leverage future values to forecast
estimates in the past. Tashman’s statement that “peeking at the held-out (future) data
while selecting the forecasting method pollutes the evaluation environment” exemplifies
the problem (Tashman, 2000). This concern has been shared by multiple researchers as
identified in Bergmeir’s study (Bergmeir et al., 2018). According to Cerqueria and
Zhong’s research there has not been a common agreed upon methodology for the
application of CV for ML forecasting models addressing intermittent demand (Cerqueira
et al., 2020; Zhong et al., 2020). An alternate approach applied by several researchers is

to use OOS evaluation methods to determine the accuracy of the model (Cerqueira et al.,
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2020; Kourentzes, 2014; Aris A. Syntetos & Boylan, 2005; Tashman, 2000). In OOS, the
data associated with training and testing are separated linearly to avoid training the
models using future data. However, K-fold CV outperforms OOS when residual errors
are uncorrelated (Bergmeir et al., 2018). While both K-fold CV and OOS have strong
arguments for the use of either method, only using CV methods leads to bias estimates
(Varma & Simon, 2006). A layered cross validation approach blends the two evaluation
techniques and has been demonstrated to produce more accurate results (Zhong et al.,
2020). Zhong’s study of a two-step nested and repeated CV method, for feature selection
and model construction was shown to perform better in predictive accuracy than K-fold
CV. Using a nested and repeated CV approach removes the bias as observed in previous
studies, and the holdout approach supports a testing sample that mirrors OOS.

2.5.2 Multi-Layer Perceptron Forecasting Method

The Multi-Layer Perceptron (MLP) implementation of a Neural Network has been
used in several studies for demand forecasting (Ahmed et al., 2010; Amin-Naseri &
Rostami Tabar, 2008; Gutierrez et al., 2008; Islek & Oguducu, 2017; Spyros Makridakis
et al., 2018; Mukhopadhyay et al., 2012; Pawar & Tiple, 2019; Salinas et al., 2020;
Spiliotis et al., 2020). The MLP is a feed-forward artificial neural network composed of
several nodes and a minimum of three connected layers. This method has been used in
multiple comparative studies with mixed results. MLP estimates were one of the most
accurate in a comparison of ML forecasting techniques (Pawar & Tiple, 2019). It also
consistently outperformed statistical methods when forecasting material with a lumpy

demand profile (Gutierrez et al., 2008). However, other ML methods like Generalized
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Regression Neural Network (GRNN) have been shown to outperform MLP in some use
cases (Amin-Naseri & Rostami Tabar, 2008).

2.5.3 Support Vector Regression (SVR) Forecasting Method

Support Vector Regression (SVR) is another machine learning technique that is
performed by a Support Vector Machine (SVM) originally developed by Vladimir
Vapnik (Ruping, 2001). SVMs are a supervised learning process, which leverage multiple
kernel functions to convert a nonlinear problem into a linear one. There are multiple
kernels that are used in the SVM model which support the nonlinear conversion. The
Radial Basis Functions (RBF) kernel provides the most accurate estimates when
compared against Linear, Fourier, Subsequence, and Pair Hidden Markov models
(PHMM)(RUuping, 2001). The accuracy associated with SVR using the linear kernel
ranked as one of the worst when compared against statistical and other ML forecasting
methods (Spyros Makridakis et al., 2018).

2.5.4 Random Forest Forecasting Method

In 2014, Loh published a comprehensive literature review commemorating 50
years of evolution of the regression tree algorithm, that was conceptualized by Morgan
and Sonquist in 1963 (Loh, 2014). Loh’s review focused on the major regression tree
algorithms that have been extensively used by practitioners for over half a century. The
review started with Morgan and Sonquist’s Automatic Interaction Detection (AID)
algorithm, which formed the basic framework for regression trees. The Theta Automatic
Interaction Detection (THAID) developed by Messenger and Mandell, extended AID by
adding a variable that supported splitting the data by classification (Loh, 2014). While

both these methods suffered from underfitting and overfitting of data, Classification and
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Regression Trees (CART), developed in 1984 by Brieman et al. resolved this issue (Loh,
2014). The CART method increased the computational cost by first building out the
entire tree, and then pruning the tree back to the lowest cross-validation estimate error
(Ahmed et al., 2010; Cerqueira et al., 2020; Loh, 2014; Spyros Makridakis et al., 2018).

2.5.5 K-Nearest Neighbor Regression (KNNR)

K-Nearest Neighbor (KNNR) uses the distance between two similar points to
develop the basis for forecasts. A lower k value reduces the smoothing factor which
increases variance but reduces bias in the results (Ahmed et al., 2010). Once the k value
has been established, KNNR provides consistent estimates in a variety of material
demand forecasting use cases (L.Devroye, 1994). This method can be combined with
statistical methods to develop highly accurate forecasts in industrial settings with limited
data (Nikolopoulos et al., 2016). When determining the distance between two points
measuring Euclidean distance is commonly used. There are other methods such as
Dynamic Time Warping (DTW), Symbolic Aggregate Approximation (SAX), and
Symbolic Fourier Approximation (SFA) that can be applied in specific data patterns
(Mahato et al., 2018). DTW has been demonstrated to outperform all other measures
when dealing with nonlinear data (Mahato et al., 2018)

2.6 Accuracy Measures applied to Forecasting Methods

Accuracy measures empirically support the statement made by the famous British
statistician, George Box, that, “All models are wrong, but some are useful” (Wasserstein,
2010). The selection of an accuracy measure must have thoughtful consideration for
accuracy, bias, ease of interpretation, and other factors (Norris et al., 1982). Hyndman

and Koehler noted that, ““...Many of the (accuracy) measures recommended by previous
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authors...are found to be degenerate in commonly occurring situations.” (Rob J.
Hyndman & Koehler, 2006). The following sections provide a literature review of several
accuracy measures.

2.6.1 Percent Error Accuracy Measure

Percentage error methods are scale independent, which allow researchers to use the
approach in comparing multiple forecasting methods across a variety of data sets. There
are multiple variations to calculating percentage errors such as Mean Absolute
Percentage Error (MAPE) and Symmetrical Mean Absolute Percentage Error (SMAPE).
MAPE is preferable when identifying the cumulative lead time error based upon the use
of equal weighting of part level lead time up to 12 months (Tashman, 2000). MAPEs
could be averaged across individual test periods to provide a broader assessment of a
forecasting method. This post analysis approach is becoming a common method to
validate the accuracy of forecasting models (Nicolaisen & Driscoll, 2014). While this
approach is a popular method for many situations, it is inappropriate for forecasting
intermittent demand, as there are multiple periods with zero demand or no value
(Armstrong & Collopy, 1992). MAPE expects the actual values from the dataset to use
ratio-scaled data, and all values are meaningful, including the number zero.

An improvement upon MAPE is the Symmetric Mean Absolute Percentage Error
(SMAPE). By using the forecast horizon, this approach is less sensitive to actual value for
the forecasted time period as values approach close to zero (Spyros Makridakis & Hibon,
2000). However Hyndman and Koehler cite multiple studies to prove that this method
applies a smaller penalty to higher rather than lower forecasts, and it is not a true

symmetrical measure of accuracy (Rob J. Hyndman & Koehler, 2006).
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2.6.2 Relative Error Accuracy Measure

An alternative to calculating the percent error is to use a relative measure. Relative
error measures calculate the accuracy of multiple forecasting methods against a
standardized method (SM) (Armstrong & Collopy, 1992). Relative error measures are
scale independent and can be used to rank the accuracy of statistical and machine
learning methods. However, these measures are difficult to determine in relation to each
other, as the performance of methods ranked in the 10 - 20 range are not twice as accurate
as methods that score in the 30 - 40 range (Rob J. Hyndman & Koehler, 2006). The
difficulty in measuring the performance of the forecasting methods based on a relative
scale makes this approach difficult to be adopted for decision making in management.
There are multiple relative error measures, such as Relative Absolute Error (RAE), Mean
Relative Absolute Error (MRAE), and Median Relative Absolute Error (MdRAE).

When forecasting using a rolling point origin, the errors across each point in the
forecast horizon are averaged together using MRAE. However, the results associated
with MRAE are sensitive to outliers, making this approach less than ideal for forecasts
that are dealing with intermittent demand (Gooijer & Hyndman, 2005). In dealing with
the sensitivity caused by using the mean value, Armstrong and Callopy introduced the
concept of “Winsorizing”. It effectively removes the outliers from being included in the
MRAE calculation making the results less volatile (Armstrong & Collopy, 1992). While
MdRAE method is less sensitive to outliers than MRAE and has the same effect as
“Winsorizing” the data, there is still difficulty in determining the relative improvement of
one forecasting method over another on a single horizon as determined by Hyndman and

Koehler (Rob J. Hyndman & Koehler, 2006).

23



2.6.3 Scaled Error Accuracy Measure

While relative errors are fraught with issues, even with improvements using
symmetrical methods, scaled error methods address several of these issues (Rob J.
Hyndman & Koehler, 2006). Scaled error measures can provide more accurate and
consistent results versus percent or relative error measures by their ability to address
situations which would result in an infinite or undefined value being reported. This
situation occurs often when dealing with intermittent demand as several forecast periods
have zero values.

There are variations of scaled error such as Mean Absolute Scaled Error (MASE) and
Root Mean Squared Scaled Error (RMSSE). MASE was recommended by Hyndman and
Koehler, over other techniques as the standard method for the comparison of forecast
measures. The accuracy of MASE was substantiated by Franses’s study in “A note on the
Mean Absolute Scaled Error” (Franses, 2016). Both studies referenced how MASE
handles loss functions (error) in a more stable and predictable manner when dealing with
in-sample demand data. In 2008, MASE was added as a supplemental accuracy measure
in the M3 forecasting competition as SMAPE exhibited bias against large positive errors
(Spyros Makridakis & Hibon, 2000). RMSSE was cited as a variant of MASE but
exhibited better performance when dealing with datasets that have intermittent demand
(Rob J. Hyndman & Koehler, 2006).

Hyndman and Koehler’s observation that scaled error performs better than percent or
relative measures, runs contrary to Armstrong and Collopy’s study which determined that
these techniques are unreliable and shouldn’t be used to determine forecasting accuracy

across time series (Armstrong & Collopy, 1992). However, Armstrong and Collopy’s
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recommendation is anomalous as multiple studies have achieved consistent results
(Bergmeir et al., 2018; Cerqueira et al., 2020; Dehlavi, 2020; Frazier et al., 2019; Salinas
et al., 2020; Thomakos & Nikolopoulos, 2015).
2.7  Statistical Significance Between Forecasting Methods

While the selection of the correct error measure continues to evolve over time, it
is also important to determine if there is a statistically significant difference between
forecasting methods. Analysis of Variance (ANOVA) has been used in a growing number
of time series studies to determine if there is a statistical difference between forecasting
methods (Kourentzes, 2014; Loh, 2014; Permanasari et al., 2010; Sani & Kingsman,
1997; Spiliotis et al., 2020; Willemain et al., 2004). Developed in the 1920°s by Ronald
Fisher, ANOVA compares the variance between and within groups to determine if there
is a statistical difference (Li, 1967). The Duncan Multiple Range Test, developed by
David Duncan, is an ANOVA post hoc test that compares the mean value of multiple
groups to identify at what point within groups statistical significance is determined
(Society, 2013). The combination of both methods are able to determine a statistical
significance and which techniques provided a statistically significant result (Permanasari
etal., 2010).

An alternative to the combination of ANOVA and Duncan Multiple Range Test, is
the Giacomini-White Conditional Predictive Ability (CPA) test, hereafter known as GW.
The GW test performs a comparison of the error term between two models and
determines if there is a statistically significant difference between the two at various
confidence intervals (Giacomini & White, 2006). Assuming the data profile is consistent

one can determine which forecasting method will be more accurate in the future. GW is
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able to determine that there was a statistical significance between the various methods at
a 95% Confidence Interval (Cl) level under three different data preparation conditions
using data from the M3 forecasting competition (Ahmed et al., 2010). While the GW test
has produced encouraging results, its implementation has largely been limited to
comparing forecasting methods in electrical consumption (Lago, 2020).
2.8 Summary and Conclusion

This literature review covered methodologies to support the development of a
material demand forecast. A key theme throughout the chapter is that demand pattern
categorization and cross validation which have been shown to impact the accuracy of
forecasting methods (Bergmeir & Benitez, 2012; Jung, 2018; Kostenko & Hyndman,
2006; A. A. Syntetos et al., 2005). The literature also revealed not all error measures are
appropriate when estimating intermittent demand. Scaled error measures are considered
the best in evaluating forecasting methods for this praxis (Armstrong & Collopy, 1992;
Doszyn, 2020; Franses, 2016; Rob J. Hyndman & Koehler, 2006). Once the demand
profile is set and error measure is chosen, TSB has been cited as the most adaptable
statistical method for forecasting spare part demand in military environments
(Kourentzes, 2014; Ruud H. Teunter et al., 2011). Additionally, MLP has been cited as
the most accurate ML method when estimating intermittent material demand (Ahmed et
al., 2010; Islek & Oguducu, 2017; Pawar & Tiple, 2019). However, there are relatively
few studies that compare the performance of statistical and machine learning forecasting
methods (Ahmed et al., 2010; Spyros Makridakis et al., 2018; Spiliotis et al., 2020). Of
the few comparative studies that have been performed, several of them place

computational limitations on the machine learning methods. This praxis adds to the body
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of knowledge by removing the computational limitation placed against machine learning
methods and comparing the achieved accuracy to statistical models thereby providing
logistics and engineering managers the best performing demand forecasting method.
Using this methodology, the research conducted in this praxis addresses a gap in the
literature by identifying the most accurate material demand forecasting method as it
relates to a system being classified as Non-Mission Capable (NMC), Partially Mission
Capable (PMC), and Fully Mission Capable (FMC). Lastly, another gap in the literature
addressed by this praxis is the evaluation of forecasting methods over time using material

demand from maintenance records.
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Chapter 3—Methodology

3.1 Introduction

This chapter describes how the research for this praxis was conducted. A
description about the data source and how the data was prepared is provided in Section
3.2. Section 3.3 describes the process and formulas used to calculate material demand
patterns. Section 3.4 presents the statistical forecasting methods, the methods used to tune
each model, and the supporting formulas. Section 3.5 presents the Machine learning
(ML) forecasting methods, the design of experiments used to tune each model, and the
supporting formulas. Section 3.6 provides the tables and graphs used for each hypothesis.
3.2 Data

3.2.1 Collection of Data

The data for this praxis was obtained from the U.S. Army’s work order repository
called the “ATMP Bidder’s Library”, which was used for acquiring the Army TADSS
Maintenance Program (ATMP) contract. The ATMP Bidder’s Library contains the
complete maintenance actions associated with the sustainment of all simulators, starting
from year 4 through the end of year 9 of the WFF program. 21 million maintenance
records are associated with the systems under this praxis. There were no missing data
elements found in any record. Each record has 33 associated features, describing various
aspects of the maintenance action. Several maintenance actions have multiple records in
the dataset due to the use of multiple parts associated with a single work order. The data
used in this study are associated with the following systems maintained on the WFF
program:

e Aviation Combined Arms Tactical Trainer (AVCATT)
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e Close Combat Tactical Trainer (CCTT)

e Combined Arms Collective Training Facility (CACTF)

e Digital Range Training System (DRTYS)

e Engagement Skills Trainer (EST)

e Gunnery Maintenance Driver Trainers (GMDT)

e Joint Multinational Readiness Center (JMRC)

e Laser Marksmanship Training System (LMTS)

e National Training Center (NTC)

e Tactical Engagement Simulation Systems (TESS)

e Wireless Independent Targeting System (WITS)

3.2.2 Data Preparation
Data cleansing was performed on the repair part number and repair part name

fields. This activity focused on standardization of several part numbers and descriptions
as several similar parts were procured by different vendors. The repair part name and
repair part number fields were selected using the work order data. A manual sorting
process was performed on the repair part name grouped similar parts together. Most parts
were identified by generic description, a comma, and then a detailed description (e.g.,
Hard Drive, SATA I1). All similar part descriptions were associated with a common part
name (e.g., Hard Drive) and through this process the distinct amount of part numbers
used in the praxis is reduced from 35,307 to 26,322. The distinct part numbers totaling to

26,322 are broken out by each system.
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Original Number of | Reduced Number of | Remaining Number of
System Unique Parts Unique Parts Unique Parts

AVCATT 1,580 1,157 423
CACTF 1,800 930 870
CCTT 2,906 498 2,408
DRTS 3,778 560 3,218
EST 1,772 802 970
GMDT 6,153 1,752 4,401
JMRC 2,817 486 2,331
LMTS 279 186 93
NCM3 48 11 37
NSTD 392 291 101
NTC 5,335 2,312 3,023
LCT, TES,

WITS 8,447 - 8,447
Total 35,307 8,985 26,322

Table 1 Data Cleansing Part Number Reduction

The raw dataset used in this praxis contains 33 features which provide

information about several aspects of a maintenance action. The bullets below provide a
listing of each feature and identifies the rationale behind including or excluding the field
in the data analysis. Table 2 provides the name, and description of all the features,
followed by whether it was used in the praxis.

e Training Functional Area (TFA) is not included as this field does not provide
information to determine repair part, quantity used, need date, or part type.

e Sub-Training Functional Area (SUBTFA) is not included as this field does not
provide information to determine repair part, quantity used, need date, or part
type.

e System ldentifier (SystemID) is not included as this field does not provide

information to determine repair part, quantity used, need date, or part type.
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Device number is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Device serial number is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Site is not included as this field does not provide information to determine repair
part, quantity used, need date, or part type.

Work order number is included as it identifies a unique demand instance.

Work order description is not included as this field does not provide information
to determine repair part, quantity used, need date, or part type.

Work order priority description is included as this field indicates if a work order is
associated with changing the operational status of a TADSS to NMC or PMC.
Work Order (WO) type description is included in the praxis as it identifies if the
maintenance being performed is a corrective, preventive, or other action.
Functional location drill down is not included as this field does not provide
information to determine repair part, quantity used, need date, or part type.

The functional location description is not included as this field does not provide
information to determine repair part, quantity used, need date, or part type.
Problem reported is included as it identifies the date of the material demand.
Action completed is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Time to return field is not included as this field does not provide information to

determine repair part, quantity used, need date, or part type.
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Lot year is not included as this field does not provide information to determine
repair part, quantity used, need date, or part type.

Affected Part Unique Identifier is not included as this field does not provide
information to determine repair part, quantity used, need date, or part type.
Affected Part Number is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Affected Part Name is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Maintenance Action is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Number of Parts from Storeroom is included as it identifies the quantity of repair
parts pulled from inventory.

Number of Parts from PO is included as it identifies the quantity of repair parts
ordered to support the repair.

Date Sent to Vendor is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Date Received from Vendor is not included as this field does not provide
information to determine repair part, quantity used, need date, or part type.
Repair Part Ownership is not included as this field does not provide information
to determine repair part, quantity used, need date, or part type.

Repair Part Name is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Repair Part Number is included as it is used to identify material demand
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Repair Part Serial Number is not included as this field does not provide
information to determine repair part, quantity used, need date, or part type.

Repair Part Stock Type is included as it identifies whether the part is repairable or
consumable.

Repair category is not included as this field does not provide information to
determine repair part, quantity used, need date, or part type.

Total Work Order Labor is not included as this field does not provide information
to determine repair part, quantity used, need date, or part type.

Long Description is not included as this field does not provide information to

determine repair part, quantity used, need date, or part type.
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TFA The Training Functional Area defined on the WO. No
SubTFA The Sub-Training Functional Area defined on the WO. No
System ID Internal Raytheon Tracking ldentifier MNo
The identifying device number as defined on the WO. (If reported to WTA in the
Device Number case of depot repair components) Yes
Device Description The identifying device description as defined on the WO. No
Unigue number assigned by the government to track a specific device. If populated
Device Serial Mumber with JOO0CX00K, itidentifies that the WO was not written against a specific device Mo
or serial number is not currently associated with training device.
Site The geographic location where the WO originated. MNo
Work Order Number The identifying number to locate the WO by in Maximo. Yeas
Work Order Description | The short description (Title) of the work that was performed on the WO No
The priority of the Work Order. A description of the numeric value in the database.
Waork Order Priority Priority 1 is a Non-Mission Capable (NMC) or Down event, PRI 2 is a Partial
Description Mission Capable (PMC) or Degraded event, other priorities are Fully Mission Yes
Capable (FMC).
WO Type Description Brief description of the WO Type Yes
Functional Location Drill |Functional operating location within training device / system the Work Order is No
Down being written against
Functional Location Functional operating location description within training device / system the Work No
Description Order is being written against
Problem Reported The date and time the WO was created. Yes
Action Completed The date and time the WO was closed. Mo
Time to Return The chronological difference (in days and % of 24 hours) between the Action No
Reported and Action Completed dates.
Lot Year WFF Option year when the work order was started No
Affected Part Unique Unique identifier for the affected part associated with the Work Order. Not required No
Identifier for non-Corrective Action work orders or material items.
The identifying part number for the affected part on the Work Order. Not required for
R non«Correfgﬁvz pAction Work Orders. P q —
The name of the affected part on the Work Order. Not required for non-Corrective
Affected Part Name Action Work Orders. Mo
) ) The action that was taken to complete the Work Order. “Repaired at bench”, for
Maintenance Action example. Mo
MNumber of Parts From The quantity of parts consumed on the WO that came from a Maximo storeroom. Yes
Storeroom
Mumber of Parts From PO [ The quantity of parts consumed on a WO that were ordered directly on a PO. Yes
Date item{s) were shipped to vendor or materials were requested. If vendor not
Date Sentto Vendor required, .Ear:notated azp‘”\.fendor not required”. ﬁ No
Date Received from Date itern(s) or materials were received from vendor. If vendor not required, No
Vendor annotated as “Vendor not required”.
Property Classification of Government Furnished Property, Contractor wired
Repair Part Ownership ngeg,Rawheon{)wnedeperty perty Acq Mo
The description of the parts used for repair on the WO. If no parts were required or
Repair Part Name bench stock was used, itis annotated as *No parts issued from inventory™. No
The identifying part number for repair parts listed on the WO. If no parls were
Repair Part Number required or bench stock was used, itis annotated as “No parts issued from Yes
inventory™.
Repair Part Serial The unique identifying serial number for repair parts listed on the WO. This No
Number information is only available for serialized pieces of equipment.
Repair Part Stock Type The classification of the repair parts used to complete the WO. Based on storeroom Yes
where part was issued from.
) ldentifies if the work being performed on the Work Order is for BER, FWT, NFWT,
Repair Category LOSS No
Total Work Order Labor  |Actual labor hours as recorded on the WO. Mo
o The long description, taken from the WO, describing what was completed on the
Long Description No

WO.

Table 2 List of selected features
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3.3  Demand Pattern Identification

This praxis uses a demand pattern identification approach based on Syntetos,
Boylan, and Croston’s method (SBC) to categorize the dataset for each hypothesis (A. A.
Syntetos et al., 2005). As identified in chapter 2.4, studies have shown that the
performance of forecasting methods are impacted by the material demand pattern. The
classification labels of lumpy, intermittent, erratic, and smooth as well as the ADI vs CV?
plot is the standard used to determine demand patterns (Doszyn, 2020; Lei et al., 2018;
Lolli et al., 2019a; Nikolopoulos et al., 2016). This method is chosen for its ability to
characterize the demand profile for each hypothesis. The performance of each forecasting
method is monitored as the demand pattern changes across each hypothesis. Equation 1
defines the Squared Coefficient of Variation (CV?). Equation 2 defines the Average

Demand Interval (ADI).

cve = (2
X

Equation 1 Squared Coefficient of Variation

where,
o is the standard deviation,
X, is the demand at time ¢, and
X is the mean demand.

1
X

Equation 2 Average Demand Interval

where,

X is the mean demand.
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3.4  Statistical Forecasting Methods

Three statistical methods are used in this praxis. They are, the Simple Exponential
Smoothing (SES) method, Teunter Syntetos and Babai’s (TSB) variant of Croston’s
method, and the winner of the M3 competition, Dynamic Optimized Theta Method
(DOTM). The SES method was selected due to its historical capability of accurately
performing demand forecasting (Croston, 1972). TSB was selected due to its ability to
overcome challenges associated with intermittency in demand, estimation bias due to
intermittency, and part obsolescence (Ruud H. Teunter et al., 2011). DOTM was selected
because of the high accuracy forecasting material demand during the M3 competition
(Spyros Makridakis & Hibon, 2000).

3.4.1 Simple Exponential Smoothing Method

This forecasting method is implemented using Python version 3.6.9 and the
“Statsmodels” class from the “SimpleExpSmoothing” library (Hyndman, Rob
Athanasopoulos, 2021). Using this method, the SES model adjusts the level of the
forecasted demand using historical data. The weighted value of the observed demand
decreases exponentially as forecasts are made in future periods. The selected library
automatically selects and applies the a and £ smoothing constants that best fit the data.
Equation 3 defines the iterative form to determine the forecast across the horizon.
Equation 4 defines the application of error correction based upon the previous forecasted

error.

Equation 5 defines the standard exponential smoothing method.
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St =BXe + (1 —a)Si4
Equation 3 SES Iterative form
X =5._1+ae,

Equation 4 Error Correction is applied to forecast

X(m) =X, *m

Equation 5 SES formula final form

where,
a is the smoothing variable for the series level,
B is the smoothing variable for slope,
S; 1s the value of the level of the series after smoothing,
X, is the forecast value in period t,
X, is the actual value in period t,
m is the number of periods in the forecast horizon,
X.(m) is the forecast value for m periods, and
e, IS the forecast error.
3.4.2 Teunter Syntetos and Babai Forecasting Method
TSB is implemented in Python version 3.6.9 using custom code based on the
sample code posted by Nicolas Vandeput (Vandeput, 2019). The duration of the forecast
horizon is adjusted to align with each hypothesis. Hypotheses 1 through 4 have a forecast
horizon set to 52 periods. As hypothesis 5 has multiple sub elements, the time periods for
the forecast horizon are set to 31, 30, and 52 periods for the 2-, 4-, and 6-year segments

respectively. The smoothing parameters for all hypotheses, a for level, and g for trend,

37



are were set to 0.2 respectively as it provided the most accurate results within published
accepted parameters (Croston, 1972). The initialization method was set to the first three
occurrences of a non-zero demand for a part. This approach avoids data leakage by not
allowing the forecast to base estimates upon average demand of future periods. TSB
calculates demand size and probability of demand to develop a forecast for each period.

Equation 6 defines the formula used in TSB to derive the estimated values for the next

period.
. an Z,
Xe=(1—%)=
t ( 2) B,
Equation 6 Teunter Syntetos and Babai (TSB) Forecasting Method
where,

X, is the next period demand size estimation,
a is the demand smoothing constant,
Z, is the exponentially smoothed demand size, and

P, is the exponentially smoothed inter-demand size.

When calculating demand probability, the selection of the correct equation to be used
is based upon having a demand in the current period or not. Equation 7 defines the
formula used determine the probability of demand size in the next period when the

current period has a value of zero.
X = O:Xt = Xt—l + B0 — ﬁt—l)'z,t = Ztr—l'Y,t = ﬁtZ,t
Equation 7 TSB Demand Probability equation if demand is O in the current period

where,

38



X is the demand at time ¢,

X, is the probability of demand at time t,

B is the inter-demand smoothing constant,

7, is the estimated mean demand size in period ¢, and

Y, is the estimated demand in period ¢ + 1.
Equation 8 defines the formula used determine the probability of demand size in the next
period when the current period has a value equal to or greater than one.

Xe > O:Xt = Xt—l + ,3(1 - Xt—l)'zt = Zt—l +a(X; — Zt—l)' Yt = XtZt

Equation 8 TSB Demand Probability equation if demand is greater than 0 in the current
period

where,
X is the demand at time ¢,
X, is the probability of demand at time t,
B is the inter-demand smoothing constant,
Z, is the estimated mean demand size in period t, and

Y, is the estimated demand in period t + 1.

3.4.3 Dynamic Optimised Theta Method

The statsmodels libraries were employed to implement the DOTM forecasting
method using Python version 3.6.9. This library automatically assigns the optimal theta
values based upon fitting the model to the material demand pattern (Hyndman, Rob
Athanasopoulos, 2021; Perktold, Josef Seabold, Skipper Taylor, 2019). DOTM uses two
Theta coefficients (6, 8,) to develop a forecasted value. 8, develops a short-term

forecast, while 6, creates a long-term estimate. Both theta values are combined in a

39



summary formula to calculate the overall estimate for the model. DOTM uses the damped
version of SES to calculate 6,, which supports its ability to handle intermittent demand
found in the dataset (Rob J. Hyndman & Billah, 2003). Equation 9 defines the formula
for the short term (6, ) forecast used in DOTM.

0, =(1—6)X —6,(T—1)/2

Equation 9 Theta line 1 formula

where,
6 is the smoothing constant,
X is the mean demand,
6, is the long term forecast, and
T is the total periods across the forecast horizon.

Equation 10 defines the formula for the long term (6,) forecast used in DOTM.

6, =%+ 5 (no1p t T
2 = Ar+nr t 5 Do . .

Equation 10 Theta line 2 formula
where,
)?T+h|T is the forecasted value at time t plus the remaining horizon given the total
periods in this praxis,
b, is something that you looked up that is different than the smoothing constant,
h is the forecasted horizon,
a is the smoothing constant, and
T is the total periods within the study that is a sum of both observed and forecasted

periods.
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Equation 11 defines the formula for the combined short- and long-term forecasts.
Xio =0, +0,(t—1)+ 04,
Equation 11 Dynamic Optimised Theta Method (DOTM) Theta Line

where,

X, ¢ is the total forecast value,

6, is the short term forecast,

0, is the long term forecast,

6 is the smoothing constant, and

X, is the demand at time t.
3.5  Machine Learning Forecasting Methods

Support Vector Regression (SVR) was selected due to its low errors reported in
multiple time series forecast studies (Islek & Oguducu, 2017; Kilimci et al., 2019; C. K.
I. Williams, 2003). Multi-layer Perceptron (MLP) was also chosen for its high accuracy
in several studies (Gutierrez et al., 2008; Islek & Oguducu, 2017; Lolli et al., 2019b;
Pawar & Tiple, 2019). Random Forest (RF) was selected based upon the high level of
accuracy reported in previous studies (Ahmed et al., 2010; Loh, 2014; Ronaghan, 2018;
Spiliotis et al., 2020). K-Nearest Neighbor Regression (KNNR) was chosen for its ability
to provide consistent level of accuracy when performing time series forecasting (Ahmed
et al., 2010; Dehlavi, 2020; L.Devroye, 1994; Mahato et al., 2018).
All machine learning models use a predefined number of previous periods, called

a step back value, to determine the expected forecast value for the next period. The
duration of the step back period varies by the ML forecasting method used. The number

of periods included in the step back value prevents the models from under or over fitting
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the training and testing data. Tuning this value impacts the error associated with each
model by hundreds or even thousandths. Multiple trials were performed with each
method by varying the step back period from 1, 4, and 10 periods.

As performed in Spiliotis et al’s comparison of statistical and machine learning
forecasting methods, data is scaled before training the machine learning model to
between 0 and 1 (Spiliotis et al., 2020). The MinMaxScaler function in the SciKit learn
module in python version 3.6.9 is the code that executes the scaling of the data prior to

training. Equation 12 defines the formula for the scaling method.

Yt = Ymin

Ymax — Ymin

Ve =
Equation 12 Scaling Method
Where
v, is the linear transformed value,
y.1s the training sample in period ¢,
Ymin 1S the minimum value of the training sample, and
Vmax 1S the maximum value of the training sample.

Scaling will only be applied to minimize the time to train each ML model. The
test dataset will remain unscaled to align with the approach used by the statistical models.
As discussed in Chapter 2.6.1 there is not an agreed upon methodology for training ML
forecasting technique. The following section describes the methodology that is used in
this praxis.

3.5.1 Machine Learning Model Evaluation Method

Zhong et al’s approach for nested and repeated Cross Validation (CV), otherwise

known as time series nested cross validation, is used in this praxis (Zhong et al., 2020).
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This approach builds upon Bergmeir and Benitez’s recommendation of a blocked form of
cross validation by using splits to segment the data in a linear manner (Bergmeir &
Benitez, 2012). The data is first split into a training and a test set, and parameter tuning of
each model uses the training dataset. The training dataset is further split into training and
validation segments. There are two loops that support training and validation of the
model. The inner loop tunes the hyper parameters for the model by adjusting the criterion
that minimize the error by using the training and validation segments. The outer loop is
used to determine the general error estimation of the model. Training data is split into
multiple train and test segments by using a rolling origin method (Tashman, 2000). The
number of splits determines the number of periods included in the sliding window used to
determine the next forecast value as estimates are made by the model. The average error
is determined across all time segments to determine the overall model error. Once the
model has completed both loops in the training segment, accuracy of the model is
determined in an out-of-sample (OOS) manner by using the unseen test data. Figure 1

provides a visual depiction of the CV approach.
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Repair Part Number, Problem Reperted, Number of Parts from Storeroom, Number of Parts from PO

¥
Model Training

* Objective is to determine Rolling Origin * Objective is to tune the Hyper
Evaluation Error Estimation Parameters

« Split the dataset into multiple different + Splitinto training and validation data
training and test sets based on time sets based on time and part number
and part number using in sample data using in sample data.

* Mean error on each split is reported + Mean error on each split is reported

* Uses Out of Sample (00S) data
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Figure 1 Time Series Nested Cross Validation (CV) method

3.5.2 Support Vector Regression

This method is implemented by using the tslearn Python library (Tavenard et al.,
2020). The SVR model uses two parameters Cost (C) and Epsilon. During the training
phase, the cost parameters were set at 0.001, 0.01, 0.1, 1, and 10 while the parameters for
epsilon were set at 0.001, 0.01, 0.1 and 1. The selection of these values align with similar
parameters selected by Spiliotis et. al. in their study comparing statistical and machine
learning approaches for daily forecasting (Spiliotis et al., 2020). The optimal value for C
and epsilon was determined to be 0.001 during training of the model.

The Gaussian Radial Basis Function (RBF) Kernel was selected to address

nonlinearity in the data. The ability of the RBF kernel to fit the nonlinear distribution of
the data determines the accuracy of the model. RBF was the most accurate kernel method

for SVR in time series forecasting in Rupling’s study of SVM Kernels for time series
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analysis (Ruping, 2001). Equation 13 defines the error minimization function, which is

used to minimize the distance between the support vector and the hyperplane.
n
1 2
MINE||WI| + CZ €]
i=1

Equation 13 Support Vector Regression (SVR) Minimization Function

where,

w is the target value,

C is the hyperparameter, and

¢ is the error margin between the support vector and the observation.
Equation 14 defines the formula for the error margin to constrain the minimization
function.

ly; —wixi| < ¢
Equation 14 Support Vector Regression (SVR) Minimization Constraint Function

where,
y; is the target value,
w; is the coefficient,
x; s the predictor value, and
€ is the error margin between the hyperparameter and the support vector.

Figure 2 depicts the hyperplane segmenting the data into two dimensions by
demand interval and demand size. The error of the model is determined based on the
distance from the hyperplane to the dashed boarder line segmenting the data.
Nonlinearity in the model is calculated using the error from each data point to the edge of

the support vector.
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Figure 2 lllustration of Support Vector Regression (SVR)method

3.5.3 Multi-Layer Perceptron

This method is implemented using the MLPRegressor module from the
Scikit-learn library in Python version 3.6.9 (Pedregosa et al., 2011). Additionally, the
StandardScaler module was implemented to normalize the data across all features during
model training. This praxis implements a MLP approach with 3 hidden layers which
aligns with the work of Spiliotis et al. (Spiliotis et al., 2020). The step back value for the
MLP forecasting model was set to four periods. Multiple iterations of MLP testing were
performed to determine the quantity of nodes which would provide the most accuracy.
MLP test consisted of all three layers containing 128, 64, 8, 5, and 3 nodes. It was

observed that the accuracy of the model increased as the number of nodes were reduced.
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The best quantity of hidden nodes was determined to be three nodes at each layer for all
hypotheses.

The Adaptive Moment Estimation (Adam) optimization algorithm was embedded
in the MLP model, which is used to tune the network weights and learning rate of the to
reduce error (Kingma & Ba, 2015). While the use of Adam is computationally expensive,
the increase in learning rate and improvements in model accuracy is greater than
manually tuning the neural network. This approach supports a linear training of the
model. The rectified linear activation function (ReLu) was used to account for vanishing
gradient decent as estimates are developed across the forecast horizon. Two thousand
iterations were performed to train and test the model. Equation 15 defines formula for
calculating the forecast value.

m
Xe=g (Z I; wy )
i=1
Equation 15 Multi-Layer Perceptron Formula

where,

X, is the forecast value,

g is the non-linear activation function,

x; 1s the input value, and

w; is the weighting applied to the input value.

Figure 3 describes the MLP method utilized in this praxis. The demand size for

four periods is fed into the network through an input node. Weights of the input, hidden,
and output layers are tuned by the Adam Optimizer. The output layer generates the

estimated demand size and interval values at each time step.
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Figure 3 lllustration of the Multi layer Perceptron (MLP) method.

3.5.4 Random Forest (RF)

The CART RF method is implemented by using the tslearn package
RandomForestRegressor in Python version 3.6.9 (Tavenard et al., 2020). The tslearn
learn module in Python uses the Gini impurity criterion to determine the importance
associated with a given node (Ronaghan, 2018). The bootstrap argument is set to True,
ensuring that the trees are trained on segments of the dataset. Training segment size is
manipulated by using the “max_samples” parameter. This parameter was set to the
default value of None to align the training of each tree with the individual segments. The
RF forecasting model uses two values to determine the number of estimators and the
depth of the tree. During model training the values of 10, 25, and 50 were selected to

48



determine the number of estimators that should be employed. The parameters associated
with the depth of the tree during the training phase were set to 5, 10, and 20. These
parameter selections align with similar values selected by Spiliotis et. al. in their study
comparing statistical and machine learning approaches for daily forecasting (Spiliotis et
al., 2020). The number of estimators and the depth of the tree was ten and five
respectively, for lumpy demand patterns. Once the best performing tree depth and
number of estimator values were identified, the values associated with the splits for the
nested time series cross validation and step back values, were determined by changing
one value at a time and re-training the model.

The Random Forest (RF) method uses an ensemble approach where multiple decision
trees are developed, and the average of all results is taken to provide an estimated
forecast value (Loh, 2014). Training data is used to create the CART decision trees in RF
model, by using a bagging approach. The bagging approach creates full unpruned
decision trees based on different fits to the training dataset. The fit is based upon
determining the best numerical feature to split using the appropriate impurity criterion.
Equation 16 defines the formula for calculating the Gini impurity criterion used for each

node.

> Ra-f

Equation 16 Random Forest (RF) Gini Impurity Criterion Formula

where,
f: is the frequency of the label i, and

C is the count of distinct labels.
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Once the Gini impurity is calculated the importance of each node is calculated in the
Scikit-learn package. Equation 17 defines the formula used to calculate the importance of
each node. This formula assumes there is only two nodes.

n = w; G = wioy Gy — Wi G

Equation 17 Random Forest (RF) Formula to calculate the importance of each node

where,

ni; is the importance of the node,

w; is the weighted number of samples,

C; is the impurity value of the node,

j () is the left child node, and

j(r) is the right child node.

Variance reduction using least squares is used to support calculating the regression
function that is used to develop the forecast. Both the Mean Square Error (MSE) and
Mean Absolute Error (MAE) are used in the model. Equation 18 defines the formula used

to calculate MSE.

1 N 5
— Xe —w)
Nzizl t—H

Equation 18 CART MSE Formula

where,
X is the demand at time t,
N is the number of values, and
u is the mean,

Equation 19 defines the formula for MAE.
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Equation 19 Classification and Regression Tree (CART) Mean Squared Error (MSE)
formula

where,
X, is the demand at time t,
N is the number of values, and
u is the mean.

These equations create a variety of results across all decision trees, which are then
averaged to create an estimate for the entire Random Forest.

Figure 4 describes the RF method that was applied in this praxis. Each feature in
the dataset is used to construct the decision trees at timestep t = 0. The training data is
for each tree fit differently at ¢ = 0 which causes a different estimation to be created. The
estimates are averaged together at the RF level to produce the estimated demand size and

interval at t = 0. This process is iterated at each time step.
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Figure 4 lllustration of the Random Forest (RF) method.

3.5.5 K-Nearest Neighbor Regression

This method was implemented using Python version 3.6.9, the tslearn library
version 0.5.2, and the distance between points calculated using DTW to determine a
regression line that accurately divided each cluster (Tavenard et al., 2020). Dynamic
Time Warping (DTW) is used to identify similarities in repair part demand across the
systems associated with each hypothesis. The KNN forecasting model has a single
parameter to identify the quantity of nearest neighbors which will be evaluated. During
the training phase the parameters employed were 1, 5, 10, 15, 25, and 50. The selection of

these parameters aligns with similar values selected by Spiliotis et. al. in their study
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comparing statistical and machine learning approaches for daily forecasting (Spiliotis et
al., 2020).

KNNR uses an instance-based learning approach, that doesn’t require the
algorithm to have prior knowledge of data distribution to develop a forecast. Like
previously discussed methods, KNN uses the problem reported date and the repair part
quantity as key elements in the development of the forecast. Equation 20 defines formula

for calculating the forecast value.

y:_z Ym

meg(x)

Equation 20 K-Nearest Neighbor (KNN) Formula

where,
K is the quantity of points subject to the analysis,
m is an observation point,
g(x) is a cluster of K nearest neighbors at point x, and

Ym 1S the target output for the observation point x,,,.

Figure 5 depicts multiple clusters of part numbers represented by different colored
circles. There are multiple circles of the same color in each period as there can be
multiple demands for the same part. Each cluster is divided by a non-linear regression
line. The distance between the regression line and the repair part number is calculated as

the error associated with the method.
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Figure 5 Illustration of the k Nearest Neighbor Regression (k-NNR) method

3.6  Methods for Model Comparison

The performance results for all forecasting methods are based on using Root
Mean Squared Error (RMSE). This measure was selected due to its ability to assess
forecasting errors. RMSE is independent of scale, symmetrically penalize positive and
negative errors, doesn’t suffer from a divide by zero error, and exhibits better
performance when dealing with datasets that have ID (Rob J. Hyndman & Koehler,
2006). The best performing method will have the lowest error, and therefore the lowest
RMSE score (Rob J. Hyndman & Koehler, 2006). Mean Absolute Error (MAE) is the
second error measure selected. The part demand for the systems selected in this praxis is
issued in a common quantity of each. As all parts use the same scale, several of the

benefits cited in section 2.5.3, that are associated with Mean Absolute Scaled Error
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(MASE) are also applicable for MAE. MAE produces smaller error distribution which
supports comparative analysis between forecast methods.

Figure 6 illustrates the demand profiles for the intermittent, lumpy, smooth, and
erratic categories. Each circle represents the ADI and CV? value associated with a part
number. The red lines indicate the threshold values for each category as identified in

Chapter 2.4.

100 ‘

Intermittent
(ADI >= 1.32, CV2< 0.49)

. ’ I Lumpy
. (ADI >=1.32, CV2>=0.49)

Smooth Erratic
(ADI < 1.32, CV2< 0.49) (ADI < 1.32, CV2 >= 0.49)

0 CV2=0.49 100

ADI=1.32

Figure 6 ADI vs CV2 Plot

Verification of a statistical difference between forecasting methods is
implemented using the Analysis of Variance (ANOVA). ANOVA performs a comparison
of the error terms between all models. Based on historical accuracy, the test can
determine if there is a statistically significant difference between the forecasting models.
All hypotheses were evaluated using a significance level of 0.05. The degrees of freedom
used to determine the F critical value for each hypothesis is based upon the number of

forecasting methods. The numerator is derived by taking the number of forecasting
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methods, 7, and subtracting one, for a remaining value of 6. While the denominator uses
the number of repair parts, observations, associated with each hypothesis, and subtracts
one. All hypotheses have a quantity of observations that exceed 200. Based upon the
“Critical Values of the F-Distribution: oo = 0.05” published by Purdue University, the F
Critical value for all hypotheses is 2.099 (University, 2021). Two ANOVA analysis were
performed for each hypothesis based upon the errors identified by the MAE results of
each forecast model. Table 3 provides an example of how the ANOVA results will be
presented for each hypothesis. The upper left corner of the table provides the hypothesis
number and accuracy method used for the analysis. Statistical significance is determined

if the F value reported in the table is greater than 2.099 and the P value is less than 0.05.

Degrees of
H1 MAE ANOVA Sum of Squares Freedom F P
Forecast Method 7.504e+02 6 0.678 0.667
Residual 3.397e+07 184247

Table 3 Analysis of Variance (ANOVA)

Table 4 provides an example of how these results is displayed for each
hypothesis. Multiple iterations of this table will be generated spanning two-, four- and
six-year periods to satisfy hypothesis 5. All the forecasting methods are listed on the left
side of the grid and is grouped by statistical and ML methods. The top two cells of the
graph provide the category of results (e.g., Performance and Rank). The focus of each
hypothesis and the associated number is directly listed under the categories. RMSE and
MAE values are displayed next to each corresponding method. The relative ranking of
each method, in terms of RMSE and MAE results are identified in the last two cells on

the corresponding row of each method.
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Performance Rank
Method Years 0 to 4 - Corrective COR Work Orders (H5)
RMSE MAE RMSE MAE
Statistical Methods
Simple
Exponential
Smoothing (SES) 0.95364 0.65073 5
Teunter Syntetos
and Babai (TSB) 1.04026 0.6816 6
Dynamic
Optimised Theta
Model (DOTM) 1.04192 0.67885 7
ML Methods
Support Vector
Regression (SVR) 0.83658 0.44696 3
Multi-Layer
Perceptron (MLP) 0.83529 0.46975 2
Random Forest
(RF) 0.95217 0.59435 4
K-Nearest
Neighbor
Regression
(KNNR) 0.81872 0.42272 1

Table 4 Tabular illustration of all forecasting methods metrics
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Chapter 4—Results

4.1  Introduction

This chapter provides an analysis of results obtained by using part demand data
from the maintenance records collected on the Warfighter FOCUS Program. Sections 4.2
through 4.6 present the results of each hypothesis. The demand profile associated with
each hypothesis is presented using the aggregate demand classification chart. Following
the demand profile results, are the mean performance and ranking of each forecasting
method using Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE). The
Analysis of Variance (ANOVA) results are presented after the mean RMSE and MAE
performance table. Section 4.7 presents the validation methods used to determine the

optimal parameters for each forecasting method.

4.2 Hypothesis 1 - Forecasting Material Demand for 6 years

H1: There is a statistically significant difference of in the accuracy of machine
learning methods and statistical techniques for unknown intermittent demand.

This hypothesis utilizes six years or 334 periods of corrective and preventive
maintenance records for every system identified in this praxis. Each forecasting model is
trained on 282 periods while the forecast horizon for this hypothesis covers 52 periods.
There are 26,322 unique repairable and consumable part numbers associated with these
maintenance actions are included in the training and testing dataset. H1 tests each
forecasting method’s ability to accurately predict, slow (repairable) and fast-moving

(consumable) part demand.
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Aggregate Demand Classification for all systems - H1
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Figure 7 Aggregate demand classification for all systems H1

Figure 7 identifies the distribution of part demand for preventive and corrective
maintenance work orders. The squared coefficient of variation for demand size (CV?) has
been plotted against Average Demand Interval (ADI), for all repairable and consumable
parts associated with work orders. This data set encompasses all simulators and weapon

ranges across a six-year timeframe.
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Performance | Rank
Method Corrective and PM Work orders (H1)
RMSE | MAE | RMSE | MAE
Statistical Methods
Simple
Exponential
Smoothing (SES) 0.821 0.474 4 6
Teunter Syntetos
and Babai (TSB) 0.798 0.378 3 3
Dynamic
Optimised Theta
Model (DOTM) 0.870 0.531 6 7
ML Methods
Support Vector
Regression (SVR) 0.620 0.310 1 1
Multi-Layer
Perceptron (MLP) 0.728 0.366 2 2
Random Forest
(RF) 0.821 0.470 5 5
K-Nearest
Neighbor
Regression
(KNNR) 0.877 0.445 7 4
Table 5 RMSE and MAE results of all forecasting methods for H1
Degrees of
H1 MAE ANOVA Sum of Squares Freedom F P
Forecast Method 1.255 e+03 6 3.067 0.005
Residual 1.256 e+07 184247

Table 6 MAE ANOVA results for H1

4.3  Hypothesis 2 - Forecasting Material Demand for NMC Systems
H2: There is a statistically significant difference in the accuracy of Intermittent
Demand Forecasting (IDF) methods when the maintenance records classify a system as

(Non-Mission- Capable (NMC).
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This hypothesis focuses on the intermittent demand of critical parts that are

associated with a simulator becoming Non-Mission Capable (NMC). The approach to

satisfy this hypothesis is to use all six years, 334 periods of corrective action maintenance

records where EST, AVCATT, CCTT, GMDT, or LMTS simulators are classified as

inoperable. As with H1, both repairable and consumable parts are used to test this

hypothesis. Each forecasting model is trained on 282 periods while the forecast horizon

for this hypothesis covers 52 periods. There are 1,586 unique repairable and consumable

part numbers associated with these maintenance actions are included in the training and

testing dataset.
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Figure 8 Aggregate demand classification for all systems H2

Figure 8 displays the distribution of part demand for corrective maintenance work

orders that have classified the simulator as Non-Mission-Capable (NMC). The CV? is

plotted against ADI for repairable and consumable parts associated with work orders.
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This data set includes the Engagement Skills Trainer (EST), Aviation Combined Arms
Tactical Trainer (AVCATT), Close Combat Tactical Trainer (CCTT), and Gunnery

Maintenance Driver Trainer (GMDT) suite of simulators across a six-year timeframe.

Performance | Rank

Method Non-Mission Capable (H2)

RMSE | MAE | RMSE | MAE

Statistical Methods

Simple
Exponential
Smoothing
(SES) 0.199 0.143 7 7

Teunter
Syntetos and
Babai (TSB) 0.161 0.010 5 5

Dynamic
Optimised
Theta Model
(DOTM) 0.199 0.143 6 6

ML Methods

Support
Vector
Regression
(SVR) 0.100 0.0258 1 1

Multi-Layer
Perceptron
(MLP) 0.149 0.089 3 4

Random
Forest (RF) 0.148 0.089 2 3

K-Nearest
Neighbor

Regression
(KNNR) 0.156 0.076 4 2

Table 7 RMSE and MAE results of all forecasting methods for H2
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Degrees
Sum of of
H2 MAE ANOVA Squares Freedom F P
Forecast Method 22.489 6 3.064 0.005
Residual 13573.26 11095

Table 8 MAE ANOVA results for H2

4.4  Hypothesis 3 - Forecasting Material Demand for PMC Systems

H3: There is a statistically significant difference in the accuracy of IDF methods
when the maintenance records classify a system as Partially Mission Capable (PMC).

The approach to test this hypothesis is to use all six years, 334 periods of
corrective action maintenance records where EST, AVCATT, CCTT, GMDT, or LMTS
simulators is classified as PMC. As with H1 and H2, both repairable and consumable
parts are used to test this hypothesis. Each forecasting model is trained on 282 periods
while the forecast horizon for this hypothesis covers 52 periods. The reduced forecast
horizon is due to the lack of work orders that classified any system in the Praxis as PMC.
There are 959 unique repairable and consumable part numbers associated with these
maintenance actions are included in the training and testing dataset. H3 tests each
forecasting method’s ability to predict the demand associated with repair parts that cause

one or more functions within a system to become inoperable.
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Aggregate Demand Classification for all systems - H3
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Figure 9 Aggregate demand classification for all systems H3

Figure 9 displays the distribution of part demand for corrective maintenance work

orders that have classified the simulator as Partially Mission-Capable (PMC). The CV? is

plotted against ADI, for repairable and consumable parts associated with work orders.

This data set includes EST, AVCATT, CCTT and GMDT suite of simulators across a

six-year timeframe.
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Performance | Rank
Method Partially Mission Capable (H3)
RMSE | MAE | RMSE | MAE
Statistical Methods
Simple
Exponential
Smoothing
(SES) 0.137 0.066 7 7
Teunter
Syntetos and
Babai (TSB) 0.129 0.054 4 3
Dynamic
Optimised
Theta Model
(DOTM) 0.137 0.066 6 6
ML Methods
Support Vector
Regression
(SVR) 0.098 0.020 1 2
Multi-Layer
Perceptron
(MLP) 0.131 0.058 5 5
Random Forest
(RF) 0.125 0.054 3 4
K-Nearest
Neighbor
Regression
(KNNR) 0.109 0.020 2 1

Table 9 RMSE and MAE results of all forecasting methods for H3

Degrees of
H3 MAE ANOVA Sum of Squares | Freedom F P
Forecast Method 2.107 6 2.607 0.016
Residual 903.078 6706

Table 10 MAE ANOVA results for H3

4.5 Hypothesis 4 - Forecasting Material Demand for FMC Systems
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H4: There is a statistically significant difference in the accuracy of IDF methods
when the maintenance records classify a system as FMC.

This hypothesis uses all six years, 334 periods of corrective a maintenance
records for all systems identified in this Praxis. Each forecasting model is trained on 282
periods while the forecast horizon for this hypothesis covers 52 periods. There are 21,471
unique repairable and consumable part numbers associated with these maintenance
actions which are included in the training and testing dataset. This hypothesis tests each
forecasting method’s ability to predict all the repair parts that are associated with a non-

scheduled maintenance action.

Aggregate Demand Classification for all systems - H4

350 A
i
300 ~
250 +

200 ~

ADI
s

150 +

100 +

50 +

T T T T T
0 25 50 75 100 125 150 175 200
cv~2

Figure 10 Aggregate demand classification for all systems H4

Figure 10 identifies the distribution of part demand for corrective maintenance
work orders that do not impact the operational availability of the simulator or weapon

range and is still classified as Fully-Mission-Capable (FMC). The CV? is plotted against
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the ADI for repairable and consumable parts associated with all work orders. This data

set includes all simulators and weapon ranges across a six-year timeframe.

Performance | Rank

Method Fully Mission Capable (H4)

RMSE | MAE | RMSE | MAE

Statistical Methods
Simple
Exponential
Smoothing
(SES) 0.872 0.512 4 6
Teunter
Syntetos and
Babai (TSB) 0.850 0.408 3 3
Dynamic
Optimised
Theta Model
(DOTM) 0.927 0.577 6 7
ML Methods

Support Vector
Regression
(SVR) 0.645 0.330 1 1
Multi-Layer
Perceptron
(MLP) 0.773 0.392 2 2
Random Forest
(RF) 0.873 0.499 5 5
K-Nearest
Neighbor
Regression
(KNNR) 0.938 0.481 7 4

Table 11 RMSE and MAE results of all forecasting methods for H4

Sum of Degrees of
H4 MAE ANOVA Squares Freedom F P
Forecast Method 1.157 e+03 6 2.159 0.044
Residual 1.342 e+07 150290

Table 12 MAE ANOVA results for H4
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4.6 Hypothesis 5 - Forecasting Material Demand over 2-, 4-, and 6-year periods

H5: ML ensembles have a higher accuracy than statistical methods for
forecasting parts demand over a 2-, 4-, and 6-year period.

The approach to satisfy this hypothesis is to use only corrective action
maintenance records where the repair part is classified as repairable for all systems in this
praxis. The timeframe for this hypothesis requires that the forecast methods are run
multiple times across a 2-, 4-, and 6-year timeframe. For the two-year forecasting
timeframe, consisting of 104 periods, each model is trained on 73 periods. The forecast
horizon for two-year forecast covers the remaining 31 periods. The four-year forecasting
timeframe which consists of 208 periods, utilizes 178 periods to train each model and 30
periods for the forecast horizon. Finally, the six-year forecasting timeframe, 334 periods,
uses 282 periods to train each model. The forecast horizon for this hypothesis covers 52
periods. Each use case for H5 applies 1,866 unique repairable part numbers which are
included in the training and testing dataset. H5 focuses on the ability of each forecasting

method to accurately predict the demand for slow moving parts over multiple timeframes.

68



Aggregate Demand Classification for all systems - H5
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Figure 11 Aggregate demand classification for all systems H5

Figure 11 identifies the distribution of part demand for corrective maintenance
work orders. The CV? is plotted against ADI for repairable parts associated with work
orders. This data set includes all simulators and weapon ranges across a six-year
timeframe.

4.6.1 Forecasting Material Demand over a 2-year period
H5 2-year timespan: ML ensembles have a higher accuracy than statistical

methods for forecasting parts demand over a 2-year period.
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Aggregate Demand Classification for all systems - H5-Year 0 to 2
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Figure 12 Aggregate demand classification for all systems H5- 0 to 2 years
Figure 12 identifies the distribution of part demand for corrective maintenance
work orders. The CV? is plotted against ADI for repairable parts associated with work
orders. This data set includes all simulators and weapon ranges across a two-year

timeframe.
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Performance | Rank

Method Years 0 to 2 - Corrective COR Work Orders (H5)
RMSE | MAE |  RMSE | MAE
Statistical Methods
Simple
Exponential
Smoothing
(SES) 0.968 0.721 6 6
Teunter
Syntetos and
Babai (TSB) 0.849 0.579 5 5
Dynamic
Optimised
Theta Model
(DOTM) 1.360 1.089 7 7
ML Methods
Support Vector
Regression
(SVR) 0.404 0.267 1 1
Multi-Layer
Perceptron
(MLP) 0.581 0.457 3 4
Random Forest
(RF) 0.568 0.360 2 2
K-Nearest
Neighbor
Regression
(KNNR) 0.619 0.422 4 3

Table 13 RMSE and MAE results of all forecasting methods for H5 - 0 to 2 years

4.6.2 Forecasting Material Demand over a 4-year period

H5 4-year timespan: ML ensembles have a higher accuracy than statistical

methods for forecasting parts demand over a 4-year period.
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Figure 13 Aggregate demand classification for all systems H5- 0 to 4 years
Figure 13 identifies the distribution of part demand for corrective maintenance
work orders. The CV? is plotted against ADI for repairable parts associated with work

orders. This data set includes all simulators and weapon ranges across a four-year

timeframe.
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Performance \ Rank
Method Years 0 to 4 - Corrective COR Work Orders (H5)
RMSE MAE | RMSE | MAE
Statistical Methods
Simple
Exponential
Smoothing
(SES) 0.954 0.651 5 5
Teunter
Syntetos and
Babai (TSB) 1.040 0.682 6 7
Dynamic
Optimised
Theta Model
(DOTM) 1.042 0.679 7 6
ML Methods
Support Vector
Regression
(SVR) 0.837 0.447 3 3
Multi-Layer
Perceptron
(MLP) 0.835 0.470 2 2
Random Forest
(RF) 0.952 0.594 4 4
K-Nearest
Neighbor
Regression
(KNNR) 0.819 0.423 1 1

Table 14 RMSE and MAE results of all forecasting methods for H5 - 0 to 4 years

4.6.3 Forecasting Material Demand over a 6-year period
H5 6-year timespan: ML ensembles have a higher accuracy than statistical

methods for forecasting parts demand over a 6-year period.

73



Aggregate Demand Classification for all systems - H5-Year 0 to 6
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Figure 14 Aggregate demand classification for all systems H5- 0 to 6 years

Figure 14 identifies the distribution of part demand for corrective maintenance
work orders. The CV? is plotted against ADI for repairable parts associated with work
orders. This data set includes all simulators and weapon ranges across a six-year

timeframe.
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Performance | Rank
Method Years 0 to 6 - Corrective COR Work Orders (H5)
RMSE | MAE |[RMSE | MAE

Statistical Methods

Simple
Exponential
Smoothing
(SES) 0.561 0.364 4 5
Teunter
Syntetos and
Babai (TSB) 0.547 0.283 3 3
Dynamic
Optimised
Theta Model
(DOTM) 0.604 0.412 6 6

ML Methods

Support Vector
Regression
(SVR) 0.423 0.187 1 1
Multi-Layer
Perceptron
(MLP) 0.491 0.281 2 2
Random Forest
(RF) 0.623 0.420 7 7
K-Nearest
Neighbor
Regression
(KNNR) 0.567 0.317 5 4
Table 15 RMSE and MAE results of all forecasting methods for H5 - 0 to 6 years

4.7 Model Validation

All models used in this study are validated by construct. The statsmodels python
library was employed to implement both the SES and DOTM forecasting methods which
automatically assign the optimal values to the smoothing parameters based upon fit
(Hyndman, Rob Athanasopoulos, 2021; Perktold, Josef Seabold, Skipper Taylor, 2019).

A manual approach was used to fit the TSB model to the dataset. The machine learning
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methods use time series nested cross validation results to validate the models. As
identified in Section 3.6.1, the use of the correct cross validation method significantly
impacts the accuracy associated with all the machine learning methods. SVR, KNN,
MLP, and RF used the time series nested cross validation method. Grid search cross
validation (GridsearchCV) was used along with custom code to identify the parameter
that best fit each repair part demand during the training phase for each method. Nine
experimental approaches were constructed to evaluate each ML model’s behavior for all

hypotheses.
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Chapter 5—Discussion and Conclusions

5.1  Discussion

The focus of this praxis was to determine if there was a statistically significant
difference in the forecasting accuracy of statistical and machine learning methods using
real-life data. The results obtained in this study, align with previous research (Billah et
al., 2006; Kourentzes et al., 2014; Spyros Makridakis et al., 2018; Spyros Makridakis &
Hibon, 2000) that compared the performance of various forecasting methods to ascertain
the most accurate technique to be used for a specific use case. However, much of the
existing literature stops short of determining if there is a statistically significant
difference between each forecasting measure. Several studies, including the M
competitions, focus solely on the mean accuracy of each method to determine the best
forecasting technique (Rob J. Hyndman & Koehler, 2006; Januschowski et al., 2020;
Spyros Makridakis & Hibon, 2000; Spithourakis et al., 2011). This praxis improved upon
the comparison methods performed in previous studies by determining if there was
statistical significance between forecasting methods. Additionally, most studies do not
account for multiple operational states for a system, such as Non-Mission Capable
(NMC), Partially Mission Capable (PMC), and Fully Mission Capable (FMC), when
determining the best performing material demand forecasting method (Van der Auweraer
et al., 2019). The criticality of selecting the most accurate forecasting method to ensure
that the parts are on hand, increases as the operational states for a system decrease from
FMC, PMC, and NMC.

A discussion of the results associated with hypotheses one through five is

provided in sections 5.1.1 through 5.1.5. Section 5.1.6 reviews the ability to determine
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the statistical significance by error measure, and Section 5.2 provides conclusions and
offers insights gained in this study that can be used in future research. A suggestion on
how this research contributes to the current body of knowledge is provided in Section 5.3.
Section 5.4 concludes this chapter with recommendations for future research.

5.1.1 Discussion of Hypothesis 1

H1: There is a statistically significant difference in the accuracy of Machine
Learning (ML) methods and statistical techniques for unknown intermittent demand
forecasting of spare parts within complex systems.

Hypothesis 1 tested each forecasting method’s ability to accurately predict, slow
(repairable) and fast-moving (consumable) part demand across a forecast horizon of 52
weeks. A total of 26,322 unique repairable and consumable part numbers were utilized in
testing this hypothesis. The demand pattern associated with H1 indicates that the demand
profile is classified as lumpy. The Average Demand Interval (ADI) value is greater than
1.32 which indicates that the demand interval for repair parts used to maintain the
systems in this study is greater than 1.32 weeks on average. According to the results table
in Section 4.3, the ranked order of errors based upon root mean square error (RMSE) and
mean absolute error (MAE) are consistent in determining the top three performing
methods of Support Vector Regression (SVR), Multi-Later Perceptron MLP, and
Teunter, Syntetos, and Babai (TSB). The range of RMSE values across all forecasting
methods vary by 0.257, from the best performer SVR with a score of 0.620, and to the
poorest performer K-Nearest Neighbor Regression (KNNR) score of 0.877. Both the best
and poorest performance were confirmed by similar MAE results. The range of MAE

values across all forecasting methods varied by 0.221, from the best performer SVR’s
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score of 0.310. The poorest performer differs from the RMSE assessment with Dynamic
Optimized Theta Model (DOTM) scoring the lowest value at 0.870. It can be determined
from the F and P values from the MAE ANOVA test in Section 4.3 that a significant
difference exists between the selected forecasting methods. The F value of 3.067 is
greater than F critical value of 2.099 and P value of 0.005 which is less than 0.05. This
finding recommends that personnel developing material forecast should see a statistically
significant improvement in the forecasting of material when dealing with a data set that
contains repairable and consumable parts over a one-year forecast horizon.
MAE Result: Hypothesis confirmed

5.1.2 Discussion of Hypothesis 2

H2: There is a statistically significant difference in the accuracy of IDF methods
when the maintenance records classify a system as NMC.

Hypothesis 2 focuses on forecasting the intermittent demand of critical parts that
are associated with a simulator becoming Non-Mission Capable (NMC), across a 52-
week forecast horizon. A total of 1,586 unique repairable and consumable part numbers
were utilized in the testing of this hypothesis. The demand pattern associated with H2
spans across both intermittent and lumpy classifications. A lumpy demand profile is
associated with an ADI value that is greater than 1.32 which is an indicator that the
demand interval for repair parts used to maintain the systems is greater than 1.32 weeks
on average. The intermittent demand profile also has an ADI value greater than 1.32
however it has a lower average demand size (CV?) of less than 0.49 which is typically
associated with repairable parts. According to the results table in Section 4.4, the RMSE

and MAE results are consistent in determining the top performing forecast method SVR.
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The range of RMSE values across all forecasting methods varied by 0.998 from the best
performer SVR, with a score of 0.100, to the poorest performers, in a tie at five decimal
points, between SES and DOTM with a score of 0.199. The range of MAE values across
all forecasting methods vary by 0.068, from the best performer SVR, with a score of
0.076, to the poorest performers, in a tie at five decimal points, between SES and DOTM
with a score of 0.143. It can be determined from the F and P values from the MAE
ANOVA test in Section 4.4 that a significant difference exists between the selected
forecasting methods. The F value of 3.064 is greater than F critical value of 2.099 and P
value is 0.005, which is less than 0.05. This finding recommends that personnel
developing material forecast should see a statistically significant improvement in the
forecasting of material, when forecasting part demand that supports the repair of a non-
functional system.

MAE Result: Hypothesis confirmed

5.1.3 Discussion of Hypothesis 3

H3: There is a statistically significant difference in the accuracy of IDF methods
when maintenance records classify a system as Partially Mission Capable (PMC).

Hypothesis 3 focuses on forecasting the intermittent demand of critical parts that
are associated with a simulator becoming Partially Mission Capable (PMC) across a 52-
week forecast horizon. A total of 959 unique repairable and consumable part numbers
were utilized in testing this hypothesis. The demand pattern associated with H3, spans
across both intermittent and lumpy classifications. A lumpy demand profile is associated
with an ADI value that is greater than 1.32 which indicates that the demand interval for

repair parts used to maintain the systems is greater than 1.32 weeks on average. The
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intermittent demand profile also has an ADI value greater than 1.32 but has a lower CV?
of less than 0.49. According to the results table in Section 4.5, the RMSE and MAE
results are consistent in determining the worst three performing forecast methods MLP,
DOTM, and SES. The range of RMSE values across all forecasting methods varied by
0.039 from the best performer SVR, with a score of 0.098, to the poorest performer, SES
with a score of 0.137. Both the best and poorest performance was confirmed by similar
MAE results. Similarly, the range of MAE values across all forecasting methods varied
by 0.045, from the best performer KNNR, with a score of 0.02, to the poorest performer
SES, with a score of 0.066. It can be determined from the F and P values from the MAE
ANOVA test in Section 4.5 that a significant difference exists between the selected
forecasting methods. The F value of 2.607 is greater than F critical value of 2.099 and P
value of 0.016, which is less than 0.05. This finding recommends that personnel
developing material forecast should see a statistically significant improvement in the
forecasting of material, when forecasting part demand that supports the repair of a
partially functional system.

MAE Result: Hypothesis confirmed

5.1.4 Discussion of Hypothesis 4

H4: There is a statistically significant difference in the accuracy of IDF methods
when maintenance records classify a system as Fully Mission Capable (FMC).

Hypothesis 4 focuses on forecasting the intermittent demand of repair parts that
are associated with a non-scheduled maintenance actions that do not impact the
operational availability of a system, across a 52-week forecast horizon. A total of 21,471

unique repairable and consumable part numbers associated were utilized in testing this
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hypothesis. The demand pattern associated with H4 is classified as lumpy. The ADI value
is greater than 1.32 which indicates that the demand interval for repair parts used to
maintain the systems in this study is greater than 1.32 weeks on average. According to
the results table in Section 4.6, the RMSE and MAE results are consistent in determining
the top three performing forecast methods SVR, MLP, and TSB. The range of RMSE
values across all forecasting methods varied by 0.293 from the best performer SVR, with
a score of 0.645, to the poorest performer, KNNR with a score of 0.938. Similar MAE
results confirmed the best performance forecasting method. The range of MAE values
across all forecasting methods varied by 0.247, from the best performer SVR, with a
score of 0.330, to the poorest performer DOTM, with a score of 0.577. It can be
determined from the F and P values from the MAE ANOVA test in Section 4.6 that a
significant difference exists between the selected forecasting methods. The F value of
2.159 is greater than F critical value of 2.099, and P value is 0.044 which is less than
0.05. This finding recommends that personnel developing material forecast should see a
statistically significant improvement in the forecasting of material when forecasting part
demand that supports the non-scheduled repair of a fully functional system.

MAE Result: Hypothesis confirmed

5.1.5 Discussion of Hypothesis 5

H5: ML ensembles have a higher accuracy than statistical methods for
forecasting parts demand over a 2-, 4-, and 6-year period.
Hypothesis 5 employs three tests to confirm or refute the hypothesis. A total of

1,866 unique repairable part associated were used in testing this hypothesis. The demand
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pattern associated with H5, spans across intermittent and lumpy classifications. A lumpy
demand profile is associated with an ADI value that is greater than 1.32 which indicates
that the demand interval for repair parts used to maintain the systems is greater than 1.32
weeks on average. The intermittent demand profile also has an ADI value greater than
1.32 but has a lower CV? of less than 0.49. The subsequent sections use the RMSE and
MAE performance ranking for each of the forecasting method to determine if the
hypothesis is confirmed or not.
5.1.5.1 Discussion of Hypothesis 5 - forecast of repairable parts over a 2-year period
Forecasts developed over a 2-year period focuses on identifying the most
accurate forecasting type that can estimate when estimating the intermittent demand of
repairable parts which, are associated with a non-scheduled maintenance actions across a
31-week forecast horizon. The demand pattern associated of H5 with a 2-year timespan
has a lumpy classification. A lumpy demand profile is associated with an ADI value that
is greater than 1.32 which indicates that the demand interval for repair parts used to
maintain the systems is greater than 1.32 weeks on average. According to the results table
in Section 4.7.1, the RMSE and MAE results are consistent in determining the top
performing forecast methods which are SVR, Random Forest (RF), MLP, and KNN All
ML forecasting methods used in this research have a higher accuracy than the statistical
methods over the 31-week forecast horizon. The range of RMSE values across all
forecasting methods varied by 0.955 from the best performer SVR, with a score of 0.404,
to the poorest performer, DOTM with a score of 1.360. The best and poorest performance
are further confirmed by similar MAE results. The range of MAE values across all

forecasting methods varied by 0.823, from the best performer SVR, with a score of 0.267,
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to the poorest performer DOTM, with a score of 1.090. This finding recommends that
personnel developing material forecast should see an improvement in the forecasting of
material, when forecasting repairable part demand that supports the non-scheduled repair
of a fully functional system.

RMSE Result: Hypothesis confirmed

MAE Result: Hypothesis confirmed

5.1.5.2 Discussion of Hypothesis 5 - forecast of repairable parts over a 4-year period

Forecasts developed over a 4-year period focuses on identifying the most accurate
forecasting type that can estimate when estimating the intermittent demand of repairable
parts which are associated with a non-scheduled maintenance actions across a 32-week
forecast horizon. The demand profile for H5 with a 4-year timespan has a lumpy
classification. The lumpy demand profile is associated with an ADI value that is greater
than 1.32 which indicates that the demand interval for repair parts used to maintain the
systems is greater than 1.32 weeks on average. According to the table in Section 4.7.2,
the RMSE and MAE results are consistent in determining the top performing forecast
methods which are SVR, RF, MLP, and KNN. All ML forecasting methods used in this
research have a higher accuracy than the statistical methods over the 32-week forecast
horizon. The range of RMSE values across all forecasting methods varied by 0.223 from
the best performer KNNR, with a score of 0.819 to the poorest performer, DOTM with a
score of 1.042. While the MAE score confirms the best performer, the results differ in the
poorest performer. The range of MAE values across all forecasting methods varied by
0.259, from the best performer KNNR, with a score of 0.423, to the poorest performer

TSB, with a score of 0.682. While KNNR is the most accurate measure for this
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hypothesis, the testing and training time for this method took 7 hours and 48 minutes,
compared to MLP, the second most accurate method, which took less than one minute.
This finding recommends that personnel developing material forecast should see an
improvement in the forecasting of material when forecasting repairable part demand
which supports the non-scheduled repair of a fully functional system. However, the
various forecasting methods are not expected to perform statistically significantly better
based on the ANOVA results identified in Section 4.7.2.

RMSE Result: Hypothesis confirmed

MAE Result: Hypothesis confirmed

5.1.5.3 Discussion of Hypothesis 5 - forecast of repairable parts over a 6-year period
Forecasts developed over a 6-year period focuses on identifying the most
accurate forecasting type that can estimate when estimating the intermittent demand of
repairable parts which are associated with a non-scheduled maintenance actions across a
52-week forecast horizon. The demand pattern associated with H5 with a 6-year
timespan, spans across intermittent and lumpy classifications. The lumpy demand profile
is associated with an ADI value that is greater than 1.32 which indicates that the demand
interval for repair parts used to maintain the systems is greater than 1.32 weeks on
average. An intermittent demand profile also has an ADI value greater than 1.32 but has a
lower average demand size (CV?) of less than 0.49. According to the table in Section
4.7.3, the RMSE and MAE results are consistent in determining the top performing
forecast methods SVR, and MLP. However, RMSE and MAE are consistent with

assessing TSB, a statistical measure, as the third best performing forecasting method,
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refuting the premise for hypothesis 5. Additionally, RMSE ranks SES as the fourth best
performing measure while MAE ranks KNNR as the fourth best performing measure.
The range of RMSE values across all forecasting methods varied by 0.2 from the best
performer SVR, with a score of 0.423, to the poorest performer, RF with a score of 0.623.
The MAE scores align with the rankings identified by RMSE. The range of MAE values
across all forecasting methods varied by 0.150, from the best performer SVR, with a
score of 0.270, to the poorest performer TSB, with a score of 0.420. While RF is the least
accurate measure for this hypothesis with the testing and training time for this method
taking one hour and 50 minutes, compared to SVR, the most accurate method, which
took less than three minutes. This finding recommends that personnel developing
material forecast should not see an improvement when using statistical or machine
learning methods in the forecasting of repairable part demand that supports the non-
scheduled repair of a fully functional system. This result is also confirmed by the non-
statistically significant results reported in both RMSE and MAE ANOVA tables
identified in Chapter 4.7.3.

RMSE Result: Hypothesis not confirmed

MAE Result: Hypothesis not confirmed
5.2  Conclusions
“Better predictions remain the foundation of all science and the primary purpose
of forecasting, which must strive to achieve such an objective by all possible means.”
(Spyros Makridakis & Hibon, 2000). The selection of the best performing forecasting
method must include the determination of a statistically significant difference between

the selected forecasting methods. Choosing the correct error measure to determine
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statistical significance, RMSE vs MAE in this praxis, is critical to achieving this aim.
Once the correct error measure is selected, this praxis reports that Machine Learning
models can perform equal to or better than statistical models when computational
constraints are removed. Additionally, it was observed that the accuracy achieved by
forecasting measures varied, based upon the hypothesis. One can conclude that similar
comparisons must be performed by each use case to ensure selection of the most accurate
method. The accuracy for each forecasting method is also impacted by the amount of
training and testing data available as identified in hypothesis five. Again, this supports
the previous assertion that similar comparisons must be performed to ensure the selection
of the most accurate method. This research extends the existing body of knowledge
through the identification of the most accurate model for inventory demand forecasting of
spare parts in simulators and weapon ranges, operating in nonmanufacturing

environments by answering the research questions (RQ) 1 to 5.

RQ1: Is there a statistically significant difference in the accuracy of machine learning
(ML) methods and statistical techniques for unknown intermittent demand forecasting
(IDF)?
RQ1 Response: When using MAE as the error method and ANOVA to detect
statistical differences, there is a significant difference between ML methods and

statistical techniques.

RQ2: Is there a statistically significant difference in the accuracy of IDF methods when

maintenance records classify a system as Non-Mission Capable (NMC)?
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RQ2 Response: When using MAE as the error method and ANOVA to detect
statistical differences, there is a significant difference between ML methods and

statistical techniques.

RQa3: Is there a statistically significant difference in the accuracy of IDF methods when

maintenance records classify a system as Partially Mission Capable (PMC)?

RQ3 Response: When using MAE as the error method and ANOVA to detect
statistical differences, there is a significant difference between ML methods and

statistical techniques.

RQ4: Is there a statistically significant difference in the accuracy of IDF methods when

maintenance records classify a system as Fully Mission Capable (FMC)?

RQ4 Response: When using MAE as the error method and ANOVA to detect
statistical differences, there is a significant difference between ML methods and

statistical techniques.

RQ5: Do ML or statistical methods perform better with parts having intermittent or

lumpy demand signals over a 2, 4, and 6-year period?

RQ5 Response: The RMSE and MAE error measures rank ML methods higher
than the statistical forecast methods over a two-year period. Both the error
measures rank ML higher than the statistical forecast models over a four-year
period. However, neither of the error measures rank ML methods higher than the

statistical forecast methods over a six-year period.
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5.2.1 Lessons Learned

Based on the experiences learned during the development of this praxis, the

following list of recommendations have been provided for future analysis and studies,

Root Mean Squared Scaled Error (RMSSE) is the error measure used to determine
accuracy in the M5 competition. It is theoretically a better error metric than
RMSE and MAE. However, at the time of this writing RMSSE has not been
implemented in Python and there is limited documentation regarding the
implementation of RMSSE. Until there is a more robust set of documentation
available, it is recommended to use more traditional error measures such as
RMSE and MAE.

Time series nested cross validation was utilized to improve the training and
testing accuracy of the ML models. While this method improved the overall
accuracy, it increased the computational expense and time required to evaluate the
results for each model.

The computational cost associated with forecasting models can vary significantly.
K Nearest Neighbor Regression (KNNR) was the most computationally expensive
forecasting method used in the study taking 23 hours to estimate while other
forecasting methods took minutes to complete. It is thus recommended to factor
computational cost when selecting a forecast model.

Google Collaboratory was used as the development environment for all
forecasting models. This web-based environment was an essential tool that
supported running multiple forecasting methods simultaneously. However, if a

forecasting method takes longer than 12 hours to complete, this environment will
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5.3

time out. It is recommended that if future studies are to be performed using
complex long running models, such as the ones utilized in this research, using a
subscription-based service or investing in local compute will help towards having
dedicated computing resources.

Several ML forecasting methods were computationally expensive and required
several hours to complete. The code libraries employed in this research to
implement the ML models utilized the Central Processing Unit (CPU) to support
execution. It is recommended that when selecting libraries to implement the code
for the ML forecasting model, select the ones that can leverage the Graphic
Processing Unit (GPU) or Tensor Processing Unit (TPU) to reduce the execution
time.

Contributions to Body of Knowledge

This study extends the existing body of knowledge through the identification of

the most accurate model for inventory demand forecasting of spare parts in simulators

and weapon ranges, operating in non-manufacturing environments. Analysis was

performed to identify if there was a statistically significant difference between the various

forecasting models. The most accurate material demand forecasting method was

identified as it relates to a system being classified as Non-Mission Capable (NMC),

Partially Mission Capable (PMC), and Fully Mission Capable (FMC). Also, identification

of the most accurate forecasting method over a 2-, 4-, and 6-year period using material

demand from maintenance records was reported.
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5.4  Recommendations for Future Research

Future research should test the effect of determining a statistically significant
difference between forecasting methods when using different error measures. This
research utilized two error measures to determine the results for each hypothesis. When
determining if there was a statistically significant difference in accuracy between the
forecasting methods the results varied based upon which error measure was selected.
Future studies should consider additional forecasting methods to determine if a better
forecasting model can be applied to this data set. Additionally, the smoothing constraints
for Simple Exponential Smoothing (SES) and Dynamic Optimized Theta Method
(DOTM) was optimized automatically using the Sci-Kit learn library. Researchers could
use different libraries to tune the models manually to see if an improvement in results is
achieved. Lastly future studies could increase the forecast horizon by using additional

data from subsequent contracts to assist the Army with developing a strategic forecast.
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Appendix A Source Code and Data Files

Al. Github Repository

All source code and supporting files used for this praxis is hosted on GitHub

under the user profile of Zenologos. The root directory for this work is named praxis and

can be found at the following URL

https://github.com/Zenologos/Praxis

A2. Repository File Structure

ANOVA _Error_Files directory contains a .csv file for each hypothesis. Contained
within each .csv file is an export of the error values for each forecasting method by
forecasting period. This file was used by the code in anova_test_main_2.ipynb to
determine statistical significance between methods.

Data_Cleansing_Part_ Numbers repository contains a .xlIsx file for all simulators and
weapon ranges where the part number was cleansed as described in Chapter 3.3.2.
Forecast_Models directory contains the source code for all forecasting models used in
this praxis. Additionally, this directory contains the source code for the Analysis of
Variance (ANOVA). Comments can be found in each file identifying the variables
that must be changed. These variables correspond to the values identified across the
forecasting methods described in multiple sections of chapter 3.

Hypotheses Data_Files directory contains all .csv files referenced in the source code.
These files are named h1l_adi_a.csv, hl _adi_b.csv, h2_adi.csv, h3_adi.csv,
h4_adi_a.csv, h4_adi_b.csv, h5_yr 02.csv, h5_yr 04.csv, h5_yr 06.csv. The files to

support hl and h4 must be consolidated prior to recreating the experiment as the files
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were artificially split to meet file size limitations in GitHub. The additional files in
the directory are supporting files used to create the files referenced above.
e Raw_Data_Files directory contains the original set of maintenance files received from

the Army TADSS Maintenance Program (ATMP) bidders library.

A3. Forecast Model File Structure
A3.1 Statistical Model File Structure
All statistical models for this praxis are in the same file named
TSB_DOTM_SES Model _MAIN.ipynb. The structure for this file is the following
e Import reference libraries
e Mount external drive
e Reference root path for hypothesis files
e ldentification of hypothesis number and supporting data file
e ldentification if scaling is to be used
e Several blocks of code insert additional zero value records if the hypothesis is 3
e Several blocks of code define for each statistical model

e Mean RMSE and Mean MAE is identified at the bottom of the file.

The figures below identify key elements in the file structure.
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Figure 15 Statistical Model Python Libraries

Figure 15 above identifies the libraries that are referenced in creating the forecast

model.

Figure 16 Code block defining TSB Forecast Model

Figure 16 identifies the block of code written to define the Teunter, Syentetos,
Boylan (TSB) forecast model. Row 3 enables the user to adjust the forecast horizon,
alpha and beta smoothing values. Additionally, Rows 33, and 34 must be adjusted to
identify the first period in the forecast horizon. The forecast horizon and first period in

the forecast horizon must be adjusted for Hypothesis 5, when dealing with years 0
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through 2 and 0 through 4. The correct period values are identified in the comments

within the file.

Figure 17 Code block defining Simple Exponential Smoothing (SES)

Figure 17 identifies the code block created to define the Simple Exponential

Smoothing (SES) forecast method.

Figure 18 Code block defining Dynamic Optimised Theta Method (DOTM)

Figure 18 identifies the code block created to define the Dynamic Optimised

Theta Method forecast model.

A3.2 Machine Learning Model File Structure
The machine learning models are in separate files within the GitHub repository.
There is one file for each forecasting method. The Multi-Layer Perceptron (MLP) model
file name does not start with nested as it does not use nested cross validation during
training. The following is the file structure for the machine learning files.
e Import reference libraries
e Mount external drive

e Reference root path for hypothesis files
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e ldentification of hypothesis number and supporting data file

e Identification if scaling is to be used

e Several blocks of code insert additional zero value records if the hypothesis is 3

e Code block to split the data into training and test groups

e Block of code define the training version of the machine learning forecast model

e Code block to define nested cross validation (except MLP)

e Cross validation step to identify optimal parameters to use during the testing
phase

e Block of code define the testing version of the machine learning forecast model

e Mean RMSE and Mean MAE is identified at the bottom of the file.

Figure 19 Code block defining Multi-Layer Perceptron (MLP)

Figure 19 identifies the code block created to define the Multi-Layer Perceptron
(MLP) forecasting method. The step_back function identified on row 5 can be adjusted to
identify the number of previous periods required prior to creating an initial estimate. The

hidden layer sizes can be adjusted on row 17.
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Figure 20 Code block defining Support Vector Regression (SVR)

Figure 20identifies the code block created to define the Support Vector
Regression (SVR) forecasting method. The step_back function identified on row 5 can be
adjusted to identify the number of previous periods required prior to creating an initial
estimate. The Cost function and epsilon value can be adjusted on row 25. Row 26 enables
the used to adjust the inner split value, and random state of the model. Once optimal
parameters are identified using the training definition of the model, a second definition of

the SVR model used for testing model accuracy is used to generate the results for the

model.
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Figure 21 Code block defining Random Forest (RF)

Figure 21 identifies the code block created to define the Random Forest (RF)
forecasting method. The step_back function identified on row 5 can be adjusted to
identify the number of previous periods required prior to creating an initial estimate. Row
24 enables the user to adjust the number of estimators and maximum depth of each tree.
Row 25 enables the used to adjust the inner split value, and random state of the model.
Once optimal parameters are identified using the training definition of the model, a
second definition of the RF model used for testing model accuracy is used to generate the

results for the model.

Figure 22 Code block defining K-Nearest Neighbor
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Figure 22 identifies the code block created to define the K-Nearest Neighbor
(KNN) forecasting method. The step_back function identified on row 5 can be adjusted to
identify the number of previous periods required prior to creating an initial estimate. The
distance measure can be adjusted from Dynamic Time Warping (DTW) to Euclidean
distance, by changing the variable in row 13. Row 14 enables the user to adjust the
number of nearest neighbors to be included in the estimation. Row 15 enables the used to
adjust the inner split value, and random state of the model. Once optimal parameters are
identified using the training definition of the model, a second definition of the KNN

model used for testing model accuracy is used to generate the results for the model.

+ SCALE):

plit(n_splits = n_splits_outer)

Figure 23 Code block defining Nested Cross Validation (CV)

Figure 23 identifies the code block created to define Nested Cross Validation
(CV). The dumber of outer splits identified on row 3 can be adjusted to determine the
number of segments used in training the model. The inner splits associated with nested

CV are defined within each forecast model.
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