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Abstract of Praxis

Recovery Plan Modeling for Backward Planning, Low-Volume Manufacturing

In a backward planning manufacturing environment, there is minimal allowance
for the business to overcome normal production disruptions such as material shortages,
technical design issues, and inoperable or bottlenecked equipment. When a
manufacturing disruption occurs, the manufacturing and engineering subject matter
experts are required to develop recovery plans to mitigate the disruptions and ensure the

scheduled delivery dates can be met as previously agreed upon with the customer.

This research presents the application of a multi-criteria decision model (MCDM)
to automate the creation of recovery plans and assess their feasibility against work center
workload data and production schedules. The MCDM features and criteria weighting
were developed utilizing expert paired comparison and the analytical hierarchy process to
develop the weighting of the critical criteria. Through the utilization of recovery plans,
the business is provided an opportunity to more accurately forecast their production

delivery dates after overcoming a production disruption.
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Chapter 1—Introduction
1.1 Background

In a manufacturing environment, recovery plan creation, implementation and
validation is necessary to mitigate supply chain disruptions. Supply chain disruptions
impact a company’s ability to execute the planned manufacturing production schedules to
ensure customer deliveries are achieved on-time. These disruptions could include things
such as: technical design challenges resulting in rework or redesign of the product,
material shortages causing delays in production starting, bottlenecked or constrained
work centers, or equipment that is down due to maintenance or repair activities. To
overcome these disruptions, the manufacturing and scheduling subject matter experts
(SME) are required to create a recovery plan to evaluate how to meet the original
delivery dates that were committed to the customer.

There is added complexity for recovery plan creation in a backward scheduling
enterprise resource planning (ERP) system. In a forward scheduling environment, the
organization begins to build the products upon receipt of the order whereas backward
scheduling begins as late in the delivery cycle as possible (Forward and backward
scheduling, 2021). Figure 1.1 and 1.2 graphically depict the order in which forward

scheduling and backward scheduling operations flow.

START
: : Resource Product Shipment .
:‘;;lel(;:der i e Assembly —> 2. Manufacturing —> 3. Preparation —> 4. Delivery

Figure 1.1 - Forward Scheduling Order of Planning
(Forward and backward scheduling, 2021)



l

&— 1. Delivery

START
Receive
New Order

Resource Product Shipment
* Assembly « 3. Manufacturing « 2. Preparation

Figure 1.2 - Backward Scheduling and Order of Planning
(Forward and backward scheduling, 2021)

The current process for creating a recovery plan’s is manual and relies
upon the SME’s knowledge and experience of the manufacturing processes that
the product follow in order to develop a recovery plan. The product flow (or
routing) is the made up of the necessary work centers and the associated
flowtimes tied to each work center that are required for the product to follow in
order to manufacture the product to meet the customers design and quality
requirements. While the data is available in varying formats from different
systems, recovery plans are often created without validation of available resources
whether that be through the employee or equipment availability as well as without
verifying if the product’s work centers are already bottlenecked or constrained.
Due to the manual process, the use of historical recovery plan execution isn’t
relied upon to validate if the proposed recovery plans can be feasibly executed

within the parameters that the SME’s have developed.

1.2 Problem Statement
Recovery planning in a backward planning, low-volume manufacturing

environment is dependent upon subject matter expert knowledge, risking 40%



knowledge loss if the subject matter expert leaves the business (Laureani & Antony,

2010).

Historically, the creation and implementation of recovery plans was entirely
dependent upon SME expertise. This reliance results in the risk of 40% knowledge loss
when SME’s leave the business (Laureani & Anthony 2010). The manufacturing industry
has experienced a 3.6% total separation rate in the first three months of 2022, a 16.1%
increase over total manufacturing separations in 2021 (Job Openings, 2022). With the
increase in total separations, there is a greater need for a recovery plan process and tool to
be developed that incorporates the knowledge of the SME’s as well as the necessary

criteria for the creating a feasible recovery plan as determined by the SME’s.

1.3 Thesis Statement
A multi-criteria decision model using manufacturing inputs and historical
recovery plan data will improve accuracy and feasibility of recovery plan

implementation, minimizing the necessity of experienced employee input.

In an effort to alleviate the need for the SME’s manual creation of recovery plans,
a multi-criteria decision model (MCDM) will be developed and implemented to provide
the user a feasibility analysis using a Red, Yellow, Green demarcation providing an
output of Not Recommend, Recovery Plan at Risk, or Recover Plan is Feasible,

respectively. The MCDM will utilize the data sources identified by the SME’s as critical



for successful recovery plan creation. The utilization of these datasets will enable
data driven decision making about the feasibility or executability of a recovery
plan before it is implemented.

In addition to identifying the critical datasets, the utilization of the
Analytical Hierarchy Process (AHP) in conjunction with the expert’s feedback
will provide a weighted priority to the criteria they determined to be critical. This
process will ensure the MCDM properly weighs the data to enable the outputs to

accurately depict the Red, Yellow, Green scoring.

1.4 Research Objectives

The overall goal of this research will be to develop a MCDM utilizing the
outlined data and expert determined criteria weights to streamline and validate the
creation of recovery plans. To support this overall goal, the following objectives

have been established.

Objective 1: To improve accuracy and executability of recovery plans.
With a projected 14.2% growth in the manufacturing sector projected for 2022,
there is an increased need in accurate and executable recovery plans
(Manufacturing, n.d.). In conjunction with manufacturing sector growth, supply
chain disruptions continue to impact the ability of manufacturing facilities to
receive raw materials needed to produce their goods. In the first half of 2022,

these disruptions had increased 46% over the previous year (Jorgensen, 2022).



Objective 2: To automate the creation and validity of recovery plans, utilizing
data and removing reliance on SME expertise. Utilizing data and SME inputs, the
automation of recovery plan creation will lessen the burden on SME knowledge to
manually create recovery plans and provide data validation to ensure the recovery plan is

executable.

Objective 3: To overcome the knowledge loss caused by attrition rates in
recovery plan creation. The increase in attrition within the manufacturing industry limits
the ability for the business to capture the expertise necessary to manually create recovery

plans.

1.5 Research Questions
Three overarching research questions will guide the literature review and

research. They are as follows:

e RQ1: What recovery plan criteria are the most important for discriminating
between a feasible versus infeasible recovery plan? Utilizing expert paired
comparisons, the critical features of recovery plans will be determined and
implemented into the MCDM. The incorporation of SME feedback through paired
comparisons is imperative to ensure the appropriate features are being assessed

when determining recovery plan feasibility.



RQ2: Can the appropriate weights for recovery plan criteria be developed
through discussions with SMEs? Once the recovery plan criterion are selected, the
utilization of paired comparisons will allow for the appropriate weights for the

features to be developed.

RQ3: Can a multi-criteria decision model be developed to accurately assess the
feasibility of a recovery plan? Based on the feature selection and weights of the
recovery plan criteria, the creation and introduction of a MCDM will allow for the
incorporation of SME identified critical data to ensure a thorough evaluation of

the recovery plan is completed prior to implementation.

1.6 Hypothesis

A MCDM will enable project managers to adequately assess proposed

recovery plan feasibility.

The implementation of a MCDM will simplify and streamline the creation

of recovery plans, enabling project managers to create and implement recovery

plans utilizing empirical data.

1.7 Scope and Limitations of Research

This Praxis is limited to backward scheduling, low-volume

manufacturing environments.



1.8 Organization of Praxis

The Praxis will be organized into the following chapters:

Chapter Description

Introduction: Praxis overview, problem and thesis

1
statements, research questions and objectives and hypothesis
Literature Review: Review of existing literature related to

2
Praxis topic

3 Methodology: Explanation of research model

4 Results: Outcome of research

5 Conclusion: Summary of findings and results




Chapter 2—L iterature Review

2.1 Introduction

The manufacturing industry provides the United States 24% of its annual Gross
Domestic Product (GDP), a 29.2% increase over the 2005 recession manufacturing GDP
(Thomas, 2021). The increased criticality of the delivery of manufactured goods was
brought to the forefront of many conversations with the COVID-19 pandemic supply
chain challenges which resulted in over a 60% delay in manufactured domestic good
deliveries week over week (Helper & Soltas, 2021). For a company to remain
competitive and reliable, they must have the ability to meet customer delivery demand
on-time.

While multiple journals and sources contributed to the completion of this
research, three journals were the primary works that directed the research of this Praxis.
First, D.R. Georgiadis, T.A. Mazzuchi and S. Sarkani’s (2012) work including the review
of deterministic Multi-Criteria Decision Making helped direct which model approach was
the best fit to address the issue trying to be solved. Second, “The framework to evaluate
manufacturing capability utilizing analytical hierarchy process” authored by R.R.
Lekurwale, M.M. Akarte and D.N. Raute (2015) provided the framework for
implementation of the analytical hierarchy process to support criteria weighting. Lastly,
the journal authored by T.A. Mazzuchi, W.G. Linzey and A. Bruning (2007) laid the
foundation for the gathering of expert judgement which was necessary to develop

solution through the use of a Multi-Criteria Decision Model (MCDM).



2.2 Employee Attrition

With a 16.1% increase in employee separations in the manufacturing industry in
2022 (Job Openings, 2022), there is an increased risk of knowledge loss primarily in the
areas of technical knowledge, customer and supplier relationships, and management
knowledge (Sumbal et al., 2020). Utilizing the current process of recovery plan
development, the reliance on expert knowledge of the manufacturing and technical
aspects of the manufacturing processes presents a risk to the organization which could
result in failing to meet customer deliverables due to improperly created recovery plans.
The standardization and utilization of data in recovery plan development will allow for
the business to build greater confidence in their company’s ability to overcome a

manufacturing disruption that could impede their ability to meet their delivery schedules.

2.3 The Manufacturing Industry

Between June 1979 and December 2009, the rate of goods manufactured within
the United States dropped by 41% with the greatest loss of manufacturing jobs in United
States history happening between 2000 and 2010 (Helper et. al, 2012). While there are a
variety of competing opinions on the singular cause of this decline, the consistent
response found in research is a three-fold impact: foreign trade, automation and decline in
output (Bhatia et. al, 2018; Atkinson, 2013). Based on the current rate of manufacturing
job growth, it could take until 2037 to regain the number of jobs that were lost in the
2000’s (Helper et. al, 2012).

Leading up to the COVID-19 pandemic, which began in March 2019, the United

States manufacturing industry had recovered 1.3 billion manufacturing jobs, a mere 22%



of the jobs that were lost in the 2000’s (Chewning et. al, 2022). Based on 2019 data,
China and the United States lead the world in global manufacturing outputs at the rates of
28.7% and 16.8%, respectively (Seth, 2022) resulting in China being one of the United
States primary competitors. In order for the United States to combat the job loss to
foreign trade as well as globalization, manufacturing companies must implement
strategies to remain competitive within their manufacturing sector to prevent job and
business loss. Reliability, productivity and communication are critical factors for
maintaining strong relationships with customers (Lovering, 2016); accurate recovery
plans support all three of these factors and provides the business a communication and

execution tool to ensure their customer deliverables are met.

2.3.1 Manufacturing Management Systems

In the manufacturing industry, it is imperative that production schedules are
managed to enable on-time delivery to the customer and ensure the business supply chain
can meet the workload and associated schedules they have agreed to execute
(Kamaruddin et al., 2013). Enterprise Resources Planning (ERP) or Material
Requirement Planning (MRP) systems are commonly utilized to manage manufacturing
schedules, product throughput and the associated metrics needed for the successful
management of business operations (Hirano et al., 2009). Often, MRP and ERP systems
develop schedules based on lead times and batch sizes without reviewing the capacity of
the work centers or operations in the process flow (Guan et al., 2007).

Due to the lack of integration between ERP/MRP production schedules and

capacity analysis, regular management reviews of work center and equipment capacity is

10



necessary to evaluate that the production schedules aren’t causing bottlenecks or
constraints in the manufacturing process. Bottlenecks and over capacity work centers
make it more challenging for the organization to plan and control their production
processes, especially when there are multiple constraints in the process flow (Guan et al.,
2007). While it is critical to review these metrics as a standard business process, it is even
more critical to review them while recovery plans are being developed and executed to
guarantee the recovery plan is executable or feasible based on planned capacity analysis.
By failing to review these metrics, the business risks its ability to deliver on-time as well
as risks negatively impacting their reputation with the customers (Kamaruddin et al.,

2013).

2.4 Recovery Planning

Recovery planning, also known as real-time deterministic scheduling, is
structured around developing production schedules based on the current work in the
supply chain and realigning the schedules to demonstrate how they will be executed
(Kamaruddin et al., 2013). Historically, recovery plans are developed through subjective
decisions made by project managers who are considered experts on the portion of the
supply chain that needs a recovery plan. The project managers coordinate flowtime
compression or reduction based on feedback from the impacted production supervisors.
Utilizing the standard production flowtimes, the project manager will create the recovery
plan by implementing the agreed upon flowtime reductions. After the recovery plan is
created, the production supervisors execute the plan and success is measured by meeting

the customer demand on-time. There is currently no structured process or metrics for

11



validating the feasibility of recovery plans, which introduces risk in successfully
executing the customer schedules.

The effort of rescheduling can impact the performance of meeting the
customer need dates (Kamaruddin et al., 2013). This effort introduces the
necessity of recovery plan development and feasibility analysis to identify and
assess opportunities within the manufacturing processes to reduce production
flowtimes and expedite production builds. Due to the need to utilize a variety of
data sources to evaluate recovery plan feasibility, there is a risk that a bottleneck
or constraint will be imposed into the manufacturing process if the data sources
aren’t interpreted accurately. The introduction of a bottleneck negatively impacts
the product that is being built on a recovery plan as well as all steady state and
future products that are slated to be built through the bottlenecked work center,
putting customer delivery at risk.

There is a risk for unexpected, unplanned events to occur throughout the
manufacturing production process such as quality challenges, material availability
delays, downed equipment, or bottleneck or constrained work centers
(Kamaruddin et al., 2013). With the decrease in time for product development and
product life cycles, organizations have minimal room for delays throughout the
engineering design, development and manufacturing build processes (Nategh,
2009).

Agriculture supply chains are faced with more supply chain distributions
than standard manufacturing due to the impact of seasonal growth, perishable

goods and long lead-times (Behzadi et al, 2017). Due to this, there is a need for

12



risk management strategies to be developed to overcome supply chain disruptions
(Behzadi, et al, 2017). Robust strategies are required to overcome high risk

production impacts, similar to the COVID-19 pandemic (Zavala-Alcivar et al., 2020).
While many supply chains were negatively impacted by COVID-19, the agricultural food
supply chain was greatly affected by the economic implications of the pandemic such as
panic buying, social distancing, labor shortages and interruptions in supply deliveries and
transportation (Zavala-Alcivar et al., 2020). In addition to catastrophic events, the
increased complexity of the supply chain due to globalization and lean management
strategies eliminating supply chain contingencies result in the need for a business to
consider robust mitigation strategies and evaluation of supply chain risk management
strategies (Behzadi et al, 2007).

The article presented by Behzadi et al (2007) proposes that there are two types of
risk management that a company can embrace: robust or resilient. Within a robust risk
management approach, the business has implemented strategies to withstand disruptions,
maintain normal operations, and stay operational throughout the uncertainty (Behzadi et
al, 2007). Resilient risk management is focused on being able to efficiently return to its
original state or implement a new, more desirable state after they have overcome the
disruption. The research presented by Behzadi et al (2007) assess the strategies correlated
with these risk management methodologies and their applications in the agricultural
supply chain.

When evaluating the current recovery planning process against the works
presented by Behzadi et al. and Zavala-Alcivar et al., the resilient risk management

methodology is the most closely aligned with the business being evaluated throughout

13



this Praxis. There are multiple strategies associated with resilient risk
management: proactive, concurrent and reactive (Zavala-Alcivar et al., 2020). By
definition of these risk management methods, reactive is the primary scenario
encountered at the company; reactivity is defined as surviving the event through
recovery, learning and continuous improvement (Zavala-Alcivar et al., 2020). The
proposed solution presented by Zavala-Alcivar et al. includes focusing on
robustness through implementing production redundancy and excess inventory
(2020).

While the long-term goal of a business should be focused on
implementing a proactive approach that includes these solutions, the business is
currently in need of a recovery planning solution while the other risk management
strategies are assessed for viability of implementation. Due to the reliance on the
subject matter experts for recovery plan creation and the risk of employee attrition
resulting in knowledge loss, additional research was conducted to determine the

best process for capturing and incorporating expert judgment.

2.5 Expert Paired Comparison

In an effort to develop a recovery plan solution that meets the needs of the
business, it was imperative to engage the subject matter expert’s (SME) to determine
which aspects of their recovery plan creation process should be included. To effectively
engage the SME’s and capture their feedback, the expert paired comparison process was
considered. This process creates an environment for capturing the SME’s critical

recovery plan criteria and allowing the SME’s to compare each of those criterion against

14



each other to determine their preference between the criterion (Mazzuchi et al., 2007).
Expert judgement is utilized in risk analysis and can be implemented in a pairwise
methodology (Mazzuchi et al., 2007). Through this process, the experts are asked to
conduct a series of comparisons between criteria based on their relevant importance to
the expert (Mazzuchi et al., 2007).

Expert paired comparison can be defined as a formalized process for pooling
expert opinions conducted by the experts sharing detailed judgements on the topic
needing to be assessed (Bamber & Aspinall, 2013). This approach is applied widely to
industries such as engineering, medicine and natural sciences (Bamber & Aspinall, 2013).
The best situation to utilize this approach is when there is an urgent issue needing to be
addressed but the dataset is incomplete or there is a lack of understanding of the issue
(Bamber & Aspinall, 2013).

To overcome the lack of data or lack of understanding, the Structured Expert
Judgement (SEJ) elicitation draws a rational consensus between experts often addressing
an issue tied to complex system (loannou et al., 2022). The SEJ relies upon pairwise
comparisons to indicate where the strong feedback similarities are amongst the experts
(loannou et al., 2022). Pairwise comparison matrices help to determine the patterns for
the individual experts to indicate the level of agreement between them (loannou et al.,
2022).

Based on the research conducted, expert paired comparison proved to be the best
method for capturing expert feedback and ensuring the feedback was documented
utilizing a scientific method. This process aligns with the NEL model in which the

experts compare the various components pairwise, dictating which component is more
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critical (Mazzuchi et al., 2007). Once the expert paired comparison data collection and
pairwise comparison matrices calculations are completed, the data will be used to inform

the development of a MCDM model.

2.6 Multi Criteria Decision Making

When assessing the best methodology for addressing the issue of recovery
plan feasibility, the need was identified for a solution to be developed that
allowed for multiple data sources to be combined into a singular model. While
there are a variety of reasons a researcher might use a MCDM model, the primary
driver for this Praxis is the framework a MCDM creates for the merger of expert
opinion with quantitative data to evaluate alternatives as part of the decision-
making process (Georgiadis et al., 2012). This method allows for the expert
feedback to be incorporated in the MCDM model output and requires the use of a
MCDM methodology to sort, prioritize and quantify the criteria selection
(Georgiadis et al., 2012).

MCDM’s are reliant upon a dataset to begin the creation of the MCDM
(Georgiadis et al., 2012). Once the data is identified, it is organized into a decision
matrix (D) which contains alternatives (Ai), criteria (xi), and weights (wi) as
depicted in Figure 2.1 (Georgiadis et al., 2012). Each category has n number of

opportunities (Georgiadis et al., 2012).
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Figure 2.1 - MCDM Decision Matrix Example
(Georgiadis et al., 2012)

There are three common steps that should be referenced when creating a MCDM

(Georgiadis et al., 2012). They are as follows (Georgiadis et al., 2012):

1. Determine the criteria, attributes and alternatives
2. Develop the criteria weighting
3. Utilize the numerical output to rank the criteria

Through this analytical approach, the foundation for the MCDM will be created
and greater insight will be gleaned from the experts on their decision-making process
during recovery plan creation (Lekurwale et al., 2014; Georgiadis et al., 2012). To begin
the MCDM process, the MCDM methodology must first be selected. Based on the
journal article by Georgiadis et al. (2012), there are over thirty different MCDM
methods; these methods were evaluated to determine the best fit for the application of

manufacturing recovery planning.
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2.6.1 Multi Criteria Decision Making Methodologies

While the Georgiadis (2012) article identified thirty-three MCDM methodologies,

it was imperative to narrow this scope down to applicable MCDM methods to enable a

clearer path to selection for this application. Based on initial research, the following are

the most common MCDM methodologies (Sotoudeh-Anvari, 2022) narrowing the list of

thirty-three down to eleven:

AHP — Analytical Hierarchy Process

ANP — Analytical Network Process

DEMATEL - Decision Making Trial and Evaluation Laboratory
ELECTRE — Elimination and Choice Expressing Reality

GRA — Gray Relational Analysis

PROMETHEE - Preference Ranking Organization Method for Enrichment of
Evaluations

SAW — Simple Additive Weighting

TOPSIS — Technique for Order Preference by Similarity to Ideal Solution
VIKOR

WPM — Weighted Product Model

WSM — Weighted Sum Model

Utilizing a common method of MCDM ensures sufficient literature spanning

multiple applications is available for review. Based on further literature review, it was

found the most common MCDM methods in manufacturing are as follows: ANP, AHP,

DEMATEL, GRA, PROMETHEE, TOPSIS and VIKOR (Khan et al., 2018). Utilizing

this list of methodologies, a review was completed to evaluate the pros and cons of each
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methodology as documented in Table 2.1 — MCDM Manufacturing Methodology

Review.

Definition

Pros

Cons

ANP

Analytical Network Process
(Chen etal., 2019)

A more generic form of AHP
utilizing network structure to
assess criteria

Presents data in network
structure, dividing the elements
being evaluated into
independent criteria

Too complex for practical
applications

Verification of results is
challenging due to feedback
loops

AHP

Analytical Hierarchy
Process
(Aruldoss et al., 2013)

Arranges goals, criteria and
alternatives for problem
evaluation; incorporate pairwise
comparison to obtain the best
solution

Presents data in hierarchal
structure making the importance
of the elements clearer to the
user

Increased number of pairwise
comparisons required
Overcoming irregularities in the
rankings

DEMATEL

Decision Making Trial and
Evaluation Laboratory
(Ullah et al., 2021)

Provides visualization of the
relationship and structure
through cause and effect
matrices and graphs

Divides characteristics into
cause and effect groupings and
ranks criteria based on
correlation and
interdependencies

Theory driven approach rather
than data driven

GRA

Gray Relational Analysis
(Aruldoss etal., 2013)

Applications with limited or
incomplete data and used in
conjunction with other methods
that experience a deficiency

Best used in a situation with
unique solution

Does not provide optimal
solution

PROMETHEE

Preference Ranking
Organization Method for
Enrichment of Evaluations
(Abdullah et al., 2018)

A method for outranking a finite
list of alternatives; evaluates
inner relationships of
alternatives

Provides a simple ranking
method as compared to MCDM
methods; completeness of
ranking

Unclear methodology for
weighting coefficients

TOPSIS

Technique for Order
Preference by Similarity to
Ideal Solution
(Shih et al., 2007)

Allows for evaluation and
comparison along with ranking
of alternatives

Primary output is indicated by
the shortest distance from the
ideal solution.

Logic representing employee
choice, assessment of both the
best and worst alternatives, and
easily programmed

Unable to process rank reversal
and no process to preform
consistency checks

VIKOR

(Opricovic & Tzeng, 2007)

Allows for comparison of
conflicting criteria or criteria
that has different units of
measure

Provides a selection and ranking
process from a set of
alternatives while utilizing the
conflicting criteria

Unable to check for consistency
of judgements

Table 2.1 — MCDM Manufacturing Methodology
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From this analysis, there were two methods that stood out as the best solution to
address the recovery plan need: AHP and TOPSIS. Both methods provide a quantitative
and qualitative criteria integration interface (Supraja & Kousalya, 2016). AHP has the
ability to include human interaction while fuzzy TOPSIS would need to be employed to
incorporate expert feedback (Supraja & Kousalya, 2016). TOPSIS provides a simpler
interface for calculations and compares each alternative with both the best and worst
alternatives (Supraja & Kousalya, 2016).

Due to AHP providing a framework for the inclusion of expert judgement, it was
selected as the MCDM methodology for this Praxis. Throughout research, it was found
that there is an opportunity for an integrated AHP and TOPSIS MCDM model solution
(Arslan et al., 2020). Arslan et al. (2020) present utilizing AHP to incorporate expert
feedback and assess the criteria weighting. The addition of AHP provides a level of
sensitivity analysis that cannot be completed as part of the TOPSIS methodology (Arslan
et al., 2020). Once the criteria weighting was completed, the TOPSIS method is used to
evaluate the criteria and provide a joint MCDM solution (Arslan et al., 2020). Further
research should evaluate the integration of AHP and TOPSIS to determine if their hybrid

solution would provide a viable solution for recovery planning.

2.7 Analytical Hierarchy Process

The Analytical Hierarchy Process (AHP) is a widely used MCDM modeling
application which is used in the development of weighted output to support decision
making in real-life problems (Lekurwale et al., 2014). As one of the primary MCDM

methodologies offering an integrated interface for the inclusion of expert judgement,
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AHP provides the foundation needed to develop a solution to recovery plan feasibility.
To capture expert knowledge in a systematic way, this research utilizes AHP framework
and expert paired comparison to develop key criteria for recovery plan feasibility as well
as the associated criteria weighting. In the decision-making process, it is challenging for
the recovery plan creator to accurately assign weights to multiple criteria and develop a
recovery plan that includes weighted criteria (Georgiadis et al., 2012). The utilization of
AHP provides a more reliable criteria selection and brings consistency to the weighting
process thus leading to dependable recovery plan results (Lekurwale et al., 2014).

To effectively integrate expert paired comparison and AHP, the expert’s critical
criteria selections are classified into group criteria (Lekurwale et al., 2014). The
summation of how many individual experts select a particular criterion in each
comparison is calculated to inform the intensity score based on Saaty’s Scale of Relative
Importance (Vargas, 2010). Saaty’s scale provides criteria weights to dictate the
importance of each criterion which appraises the final aspect of this research: the

development of the MCDM maodel.

2.8 AHP MCDM Model

Based on the research completed for this Praxis, there is limited guidance and
research on the incorporation of AHP MCDM output into manufacturing model to
address a manufacturing-based issue. Through the AHP hierarchical process, the needed
datasets and inputs will be identified along with their associated weighting (Lekurwale et
al., 2014). The literature indicates the development of the MCDM model is dependent

upon the needed outputs from the model which will guide the start of this model
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development (Abadi & Moore, 2022). The engagement of the SME’s will be critical in
the development, iteration and implementation of the model to ensure the business need
is being addressed. Since this Praxis is seeking to solve a real-world recovery plan
feasibility problem, it is expected iterations of the model will occur as the model is tested

and reviewed by the experts.

2.9 Conclusion

The continued growth in the U.S. manufacturing sector coupled with the risk of
employee attrition and supply chain disruptions provides the foundational need for a
formalized recovery planning process. Recovery planning is required for businesses to
execute to overcome unplanned disruptions which is especially critical in a backward
planned manufacturing environment. Due to backward planned manufacturing, there is
minimal room for schedule adaptation to overcome supply chain or manufacturing
disruptions forcing companies to develop solutions to ensure they are successful in
meeting their customer deliverables on-time.

The literature review provided context and background for the varying
frameworks that will be utilized to execute the research captured in this Praxis. A review
of common MCDM methodologies within the manufacturing was completed to identify
the best approach for developing a solution for recovery plan feasibility assessments.
AHP was selected due to the ability to seamlessly include expert judgement analysis into
the criteria selection. This Praxis will combine expert paired comparison to capture
expert feedback of the critical criteria, AHP to develop criterion weighting, and the

creation of a MCDM model. The primary output of the MCDM model seeks to address
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the identified gap of recovery plan feasibility assessments prior to implementation in the
manufacturing departments.

Chapter 3—Methodology

3.1 Introduction

This chapter will focus on the creation and evaluation of an expert paired
comparison Analytical Hierarchy Process (AHP). This framework will then inform the
development of the Multi-Criteria Decision Model (MCDM) which will be utilized to
evaluate the feasibility of a recovery plan prior to implementation. The primary output of
this research will be the development and implementation of a MCDM that utilizes AHP
and subject matter experts to develop the criteria and criteria weighting.

Section 3.2 will provide background into the development of the expert paired
comparison study and Sections 3.3 and 3.4 will elaborate on the development of the AHP
and MCDM, respectively. In Section 3.5, the process for data collection and cleaning will

be detailed and Section 3.6 will summarize the methodology for this Praxis.

3.2 Expert Paired Comparison

In order for the expertise of the business to be accurately captured and included in
the development of the AHP and MCDM, the selection of recovery plan experts was the
first necessary step to proceed forward. Through business experience and relying upon
feedback from senior leadership in manufacturing, six experts were identified who would
be willing and able to support the execution of the necessary paired comparisons studies;

these studies were completed in the format of surveys rather than being conducted during
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an in-person meeting to avoid the disruption to current manufacturing processes.
The six experts hold the position of Integrated Supply Chain (ISC) Project
Manager (IPM) and are relied upon on a daily basis to create, maintain and
execute recovery plans for their respective manufacturing functions. They are the
business experts of their respective manufacturing departments and respective
part numbers that are being produced. They have a minimum of seven years of
manufacturing business experience, with a minimum of two of those years

holding the IPM position.

Collect Expert
Comparison Data -

Compile &
Summarize
Results

Collect Expert Compile &
Feedback - Critical Summarize

. . . Prioritizati f
Attributes/Criteria Results HOTIHESHON O

Attributes/Criteria

Figure 3.1 - Expert Paired Comparison Data Capture Process

As captured in Figure 3.1, the process to collect data from the recovery
plan experts followed four steps: (1) collect critical attributes and criteria from
each expert, (2) compile the results into a single set of attributes and criteria, (3)
utilize AHP to prioritize those attributes and criteria, and (4) compile and
summarize the prioritization. To begin the paired comparison effort for the
development of the AHP and MCDM, it was necessary to capture the critical
criteria and attributes for successful recovery plan creation. An initial survey was
created to identify the criteria most important to the experts. Once the data points
were compiled, the results then contributed to the creation of the second survey.
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The second survey documented the expert’s comparison of each of the criteria against

one another, utilizing their business knowledge and manufacturing expertise to determine
which criteria have a greater importance to the creation of recovery plans. After receiving
input from the experts, the data were compiled and summarized to inform the initial steps

of the AHP.

3.3 Analytical Hierarchy Process

In order to develop an AHP, the steps outlined in Figure 3.2 are necessary to
derive the criteria weighting (Mu, 2017) which is the primary output from the AHP. As
discussed in Section 3.2, the expert paired comparison data that were collected informed

the development of the AHP.

Step 2:

Step 3: Step 4:

Step 1: Assess Calculate
Overall

Priorities

Assess
Alternatives
Priority

Develop Relative
Hierarchy Weights of
Criteria

Figure 3.2 - AHP Development Steps

In Step 1 of Figure 3.2, an AHP hierarchy was developed which includes three
levels classified as the following: the goal, the attributes/criteria and the alternatives (Mu,
2017). This basic structure is outlined in Figure 3.3 with C1, C2 and C3 representing the

attributes/criteria level of the hierarchy and Al and A2 representing the alternatives.
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GOAL

Figure 3.3 - Basic AHP Model
(Mu, 2017)

Once the hierarchy is established, the execution of Steps 2 and 3 from
Figure 3.2 rely upon the expert data to establish the relative intensity of the
attributes/criteria as outlined in Table 3.1 (Mu, 2017). To execute this step of the
process, the sum of the comparison scores from the six experts will be used to
assign the relative intensity score for each attribute/criterion and alternatives that
were selected and evaluated. The assignment of the relative intensity scores was
conducted in coordination with Saaty’s Scale of Relative Importance (Vargas,
2010) as outlined in Table 3.1. Utilizing this scale, the relative intensity will be

assigned as follows:

e Score of 1: attribute/criteria that were equally rated (3-3) amongst the experts
e Score of 3: attribute/criteria that were rated 4-2 amongst the experts
e Score of 5: attribute/criteria that were rated 5-1 amongst the experts
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e Score of 7: attribute/criteria that were rated 6-0 amongst the experts

Relative Intensity Importance Explanation
Both criteria are equally
1 Equal . iy
important
One criterion is moderately more
3 Moderately . -
iy important than the other
One criterion is strongly more
5 Strong . =
= important than the other
One criterion is very strongly
7 Very Strong . ry i
iy = more important than the other
One criterion is extremely more
9 Extreme .
important than the other
Intermediate .
2468 Compromise is needed
Values

Table 3.1 - Intensity Scale for Paired Comparison

With the attributes/criteria relative intensities scored, the calculation of the overall

priorities was completed (Step 4 in Figure 3.2) utilizing a Pairwise Comparison Matrix as

(Vargas, 2010)

a starting point for the calculations. In the Pairwise Comparison Matrix (example in

Table 3.2), the diagonal comparison will always remain as a score of 1 since the

comparison is between the same two criteria (Mu, 2017). The relative intensity scores

will be captured on the lower section (orange boxes in Table 3.2) and their reciprocal is

capture on the upper section of the chart (blue boxes in Table 3.2).
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Criteria 1| Criteria 2 | Criteria 3
Criteria 1 1 1/5 1
Criteria 2 5 1 1/3
Criteria 3 1 3 1

Table 3.2 - Pairwise Comparison Matrix

Following the creation of the comparison matrices, the dataset must be
normalized utilizing the sum of each column and dividing by the values in each

comparison, creating a Matrix similar to Table 3.3.

Criteria 1 | Criteria 2 | Criteria 3
Criteria 1 0.143 0.048 0.429
Criteria 2 0.714 0.238 0.143
Criteria 3 0.143 0.714 0.429

Table 3.3 - Normalized Pairwise Comparison Matrix

Once these calculations are completed, the Eigenvector calculation will be
conducted by calculating the average of each horizontal criteria’s normalized
values (Vargas, 2010). As a validation of the calculations, the total Eigenvector
will be close to 1 as demonstrated in Table 3.4 (Vargas, 2010). The Eigenvector
will be utilized as the criterion weighting for the AHP which will inform the

development of the MDCM.

Eigenvector %

Criteria 1| 0.20655358 | 20.66%
Criteria 2| 0.36514749 | 36.51%
Criteria 3| 0.428775802 | 42.88%

Table 3.4 - Eigenvector Calculations
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The final AHP calculation supports the evaluation of data inconsistencies,
utilizing Saaty’s calculation of the consistency index and Random Consistency Indices
Scale (Vargas, 2010). The calculation for the Consistency Index (Cl) is as calculated
using A max (the sum of each criterion’s eigenvector multiplied by the sum) and the n

value representing the number of samples.

A -
CI — X n
n—1

Equation 3.1 - Saaty's Consistency Index

N 1 2 3 4 3 &

|
&9
W

10

RI a 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49

Table 3.0.5 - Saaty’s Random Consistency Indices Scale
(Vargas, 2010)

Within Table 3.6, the relevant calculations for the consistency of the AHP data
has been calculated. The target score of the Consistency Ratio (CR) is less than 10%; the
example dataset used would be determined that there are inconsistencies within the data
that needs to be addressed before moving forward with the criteria weights (Vargas,

2010).
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Criteria 1| Criteria 2 | Criteria 3
Eigenvector | 0.20655 | 0.36515 | 0.42878

Sum 7.00 4.20 2.33
A max 3.98

Cl 0.49

CR 0.84

Table 3.6 - Consistency Matrix Calculations

3.4 Multi-Criteria Decision Model

Once the results of the AHP have been consolidated which include the
criteria and their normalized weights, the MCDM development was initiated. This
process begins with the determination of data sources to address the expert criteria
that were identified, developing the inputs and expected outputs of the model and
evaluation and implementation of Macros and Visual Basic Programming code

within Excel for the completion of the MCDM.

3.4.1 Selecting MCDM

For any business, the primary objective is to stay competitive in their
industry and in order to do that, their operations and job functions need to be
optimized for success. Recovery plan development and execution is a key
objective of production optimization and holds an even greater importance in a
backward planning manufacturing facility where there is minimal opportunity for
schedule compression or alteration to overcome supply chain disruptions. For

many applications and research initiatives, a singular objective function is

30



sufficient to develop a solution for the outlined issue, whereas issue resolution for a
production line generally includes multiple objectives needing to be addressed
(Watrébski, et al, 2020). Due to the multiple criteria that need to be assessed
simultaneously to adequately evaluate recovery plan feasibility, a MCDM utilizing AHP
and expert paired comparison analysis was the most logical combination of applications

to address this issue.

3.4.2 Development of MCDM

As described in Section 3.4.1, there are multiple criteria necessary for successful
development of the MCDM; thus, there are multiple data sources that need to be
coordinated within the MCDM itself. Section 3.5.1 elaborates on the varying data sources
and data collection methods.

The MCDM was developed based upon utilizing a report previously created by
industrial engineers (IE) that analyzed only a small subset of the criteria identified as
critical by the experts. Leveraging this original analysis as the core of the MCDM
simplifies the MCDM interface and reduces the time necessary for training the IPM’s to

use the new tool once it is implemented.

3.5 Data Collection and Cleaning
To ensure the research questions and objectives are sufficiently met through the
development of the MCDM, historical recovery plans from a backward planning

manufacturing environment will be utilized as a validation tool for the model outputs. By
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utilizing this dataset, the model was tested and iterated to ensure thoroughness of the

implemented solution.

3.5.1 Data collection

While there are multiple data sources necessary for the creation of the
MCDM, the primary data source for the validation of the model is the historical
recovery plan data that were collected from a backward planning manufacturing
facility. As documented in Table 3.7, this dataset will provide the following to

inform the creation and validation of the model:

e Activity name which generally includes production operation titles

e Baseline execution dates for each operation

e Baseline execution durations for each operation, calculated in work days rather than
calendar days

e Percentage of flowtime compression as compared to the standard full flowtime for the

associated operations

Baseline Execution Dates

Activity Name Start Finish Duration % Compression
Product1-0Ops1-5 9/30/2019 11/5/2019 27 10.0%
Product1-Ops6-10 11/6/2019  11/20/2019 11 35.3%

Product1-Ops11-15 11/21/2019 12/17/2019 17 22.7%

Table 3.7 - Historical Recovery Plan Data Structure

In addition to the data provided in Table 3.7, the actual execution dates for
the associated recovery plan were collected in a similar format as documented in

Table 3.8. The collection of these data allows the comparison of the baseline
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execution dates (dates predicted during the creation of a recovery plan) versus the actual
dates of execution that were used to determine if the historical recovery plans were
successful before the dataset is used within the model. Identifying anomalous data prior
to model validation allows for less troubleshooting and iterating of the model to

determine why the MCDM is showing the historical data as infeasible.

Actual Execution Dates

Activity Name Start Finish Duration % Compression Full Flow
Product1-Ops1-5 9/30/2019  11/6/2019 28 6.7% 30
Product1- Ops6-10 11/7/2019 11/22/2019 12 29.4% 17

Product1- Ops 11-15 11/25/2019 12/23/2019 19 13.6% 22

Table 3.8 - Actual Recovery Plan Execution Data Structure

In addition to the historical recovery plan data, there was a necessity to collect
further information about the products and manufacturing process to aid in the
development of the MCDM. These data were collected from the following sources:

e Enterprise Resource Planning (ERP): product flowtimes, product yield, current
product inventory, product demand, material availability for each product, historical
execution (actual execution vs planned execution)

e |E Analysis: manufacturing bottlenecks, manufacturing workload analysis, available

work hours within the product’s work centers

3.5.2 Data Cleaning and Masking
With all of the data sources that were outlined in Section 3.5.1, the technique of

data masking will be implemented. Specifically, this will be focused on product names,
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operation numbers, work centers names and bottleneck equipment names. The
masking will occur by creating a generic name for each data point such as Product
1, Equipment 1, Operation 1 and so on.

The data cleaning effort will be focused on removing incorrect or
incomplete data from the data collection. Duplicate data points will be removed
from the collection and the data that are incorrectly structured will be manually
adjusted to follow the needed template for analysis. As described in Section 3.5.1,

anomalous data will be flagged and used strictly for validating the model.

3.6 Model Output

The MCDM will be validated utilizing the masked and cleaned data as the input
into the model. The feasibility of the model will be categorized by either green (good),
yellow (at risk), or red (unachievable) to visually indicate to the IPM their chance of
success for the recovery plan they are creating. In additional to the overall feasibility, the
model identifies which input criteria is causing the model to flag a particular color,
allowing the IPM to adjust their inputs to achieve a feasible recovery plan. Once a
recovery plan is deemed feasible by the IPM, the recovery plan will be implemented on

the manufacturing floor.

3.7 Conclusion

Utilization of the methods described in this section enabled a successful
development, iteration and implementation of the MCDM into the backward
scheduling manufacturing environment. With the incorporation of expert paired
comparison and AHP analysis, the critical criteria were identified and

incorporated into the model to ensure the experts feedback and concerns were
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addressed through the creation of the model. After the data were collected, data cleaning
and masking methods were implemented to protect the data source. With cleaned and
masked data, the model was able to be validated, iterated and implemented, allowing for

the IPM’s to determine the feasibility of their recovery plans prior to implementation.
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Chapter 4—Results

4.1 Introduction

To successfully create a Multi Criteria Decision Model (MCDM) that will
minimize the reliance on expert experience and manual creation of a recovery plan, the
feedback from experts was captured prior to the MCDM creation to ensure the proper
attributes and criteria were being addressed. Once the data were captured, the Analytical
Hierarchy Process (AHP) was utilized to assign weights to each of the criteria identified
by the experts and these data were then utilized to create the MCDM. Once the MCDM
was created using current data, the MCDM was validated against historical, manually
created, recovery plans to determine the soundness of the MCDM solution.

Within Section 4.2, the research questions and hypothesis will be revisited and
aligned to the appropriate result sections as evidence for completion. Section 4.3 will
elaborate on the collection of the expert’s feedback and in Section 4.4, the utilization of
the expert’s feedback to develop and execute the AHP. The development and the results
of the MCDM wiill be discussed in Section 4.5 with the results of MCDM validation will
be captured in Section 4.6 and finally, the conclusion of the results section will be

outlined in Section 4.7.

4.2 Research Questions and Hypothesis

The following Research Questions (RQ) and Research Hypothesis (RH) were

developed to guide the research of this Praxis:
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4.2.1 Research Question and Hypothesis 1
RQ1 and RH1 utilized expert paired comparison to determine the critical
criteria needed to create a feasible recovery plan. Within Section 4.3, the results of the
expert paired comparison will be discussed.
e RQ1: What recovery plan criteria are the most important for discriminating
between a feasible versus infeasible recovery plan?
e RHI1: Itis possible to create a list of criteria to determine if a recovery plan is

acceptable or unacceptable.

4.2.2 Research Question and Hypothesis 2
Utilizing an AHP (discussed in section 4.4), RQ2 and RH2 were addressed with
the input from the experts to develop the criterion weighting.
e RQ2: Can the appropriate weights for recovery plan criteria be developed through
discussions with SMEs?

e RH2: Itis possible to develop criterion weights.

4.2.3 Research Question and Hypothesis 3
The development and implementation of a MCDM (Section 4.5) achieves the
objectives that were outlined in RQ3 and RH3.
¢ RQ3: Can a multi-criteria decision model be developed to accurately assess the
feasibility of a recovery plan?

e RH3: Itis possible to develop a MCDM to assess recovery plan feasibility.
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4.3 Expert Paired Comparison

As discussed in Section 3.2 and 3.3, the Expert Paired Comparison study captured
six expert’s feedback on the Critical Criteria/Attributes of a recovery plan as well as the
Prioritization of those Critical Criteria/Attributes to support the creation of the recovery
plan. These experts were identified by the Integrated Supply Chain (ISC) Project
Manager (IPM) management team as primary recovery planning creators for the business.
After the experts were identified, their responses were collected in two phases as

demonstrated in Figure 3.2 and outlined in the bullets below.

e Phase 1: Critical Criteria/Attributes — The experts were given the opportunity to
list the various criteria that they currently utilize to create recovery plans and list
the criteria they desire to incorporate in the recovery plan process. In
collaboration with the experts (IPM’s) and their management team, their input
was summarized into the hierarchy depicted in Figure 4.1 below. In relation to a
recovery plan, the terms below mean the following:

o Actual vs. Planned: After the completion of a part’s build cycle, an
analysis of the actual time it took for the part to be built is compared to the
planned time for a part to be built to determine if the manufacturing
process was completed as planned.

o Assembly Flowtime: The total number of work days required to build a

particular quantity of a singular part number.
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o Assembly Yield: The number of parts you will expect to produce of a
particular part number. A lower yield part number introduces risk into the
successful execution of a recovery plan.

o Auvailable Work Hours: Quantity of hours available at a work center which
is based on the equipment up-time and number of employees working at
the particular work center.

o Bottleneck Work Centers: A work center that has more work scheduled to
be built then there are hours available to be worked. This introduces a
bottleneck into the manufacturing build.

o Build Quantity: The number of parts needed for a particular part number
to support the recovery plan builds.

o Current Inventory: The number of parts that are already manufactured and
ready for next level assembly to utilize.

o Demand: The overall build quantities for the specific part number.

o Material Availability: Analysis of a part’s Bill of Materials (BOM) and the
inventory to determine if all material is available for the part’s build

o Workload Analysis: An analysis of the workload for the entire part
number’s build plan to determine bottleneck or near bottleneck work

centers that will impede successful manufacturing builds.

e Phase 2: Priority of Critical Criteria/Attributes — Following the creation of the
Hierarchy, the experts were asked to categorize each of the criteria and then

compare each criterion against the other attributes within each level of the
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hierarchy as outlined below. The results of these comparisons informed the
creation of the AHP matrices.
o Level 1 - Recovery Plan Creation
o Level 2 — Assembly, Manufacturing, Forecasting
o Level 3 - Assembly: Actual vs. Planned, Assembly Flowtime, Assembly
Yield
o Level 3 - Manufacturing: Bottleneck Work Centers, Workload Analysis,
Available Work Hours
o Level 3 — Forecasting: Current Inventory, Build Quantity, Demand,

Material Availability
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Figure 4.1 - Expert Paired Comparison Hierarchy

4.4 Analytical Hierarchy Process Matrices

To ensure the experts feedback on critical criteria were captured and incorporated
into the model appropriately, an AHP was used to calculate the appropriate weights for
each criterion. Utilizing the AHP scoring scheme as outlined in Section 3.3 and
demonstrated in Table 3.1, each level and category in the Expert Paired Comparison
Hierarchy (Figure 4.1) received a weighting value that would be incorporated into the
model. Both manual and software-based calculations were completed to validate

accuracy of those calculations prior to incorporation.
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To initiate the AHP calculations, the expert feedback was first input into matrices
based on the scoring scheme provided in Section 3.3. Table 4.1 provides the summary of
the Level 2 Recovery Plan expert’s prioritization of Assembly, Manufacturing and

Forecast.

Level 2 - Recovery Plan

Assembly| Mfg Forecast
Assembly 1 1/7 1/3
Mfg 7 1 5
Forecast 3 1/5 1

Table 4.1 - Expert Paired Comparison Level 2

The following three tables capture the expert prioritization for Assembly,

Manufacturing, and Forecasting in Table 4.2, Table 4.3 and Table 4.4 respectively.

Level 3- Assembly

A/P Flow Yield
A/P 1 5 3
Flow 1/5 1 1
Yield 1/3 1 1

Table 4.2 - Expert Paired Comparison Level 3 — Assembly

Level 3 - Manufacturing

Bottle Work AH
Bottle 1 3 3
Work 1/3 1 1
AH 1/3 1 1

Table 4.3 - Expert Paired Comparison Level 3 - Manufacturing
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Level 3 - Forecasting

Cl BQ D MA

Cl 1 1 3 1/7

BQ 1 1 3 1/7

D 1/3 1/3 1 1/5
MA 7 7 5 1

Table 4.4 - Expert Paired Comparison Level 3 - Forecasting

Following the summarization of the expert’s feedback, the Consistency Ratio
(CR) was validated for each level within the hierarchy. In Table 4.5, the manual
calculation and validation for Level 3 — Assembly are captured and in Figure 4.2, the
software output validates that the calculations align and prove a CR output of 3%,
achieving the goal of less than 10%. Each of the matrices was validated within the

software and the remaining outputs can be found in Appendix A.
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A/P Flow Yield
A/P 1 5 3
Flow 1/5 1 1
Yield 1/3 1 1
1.53 7.00 5.00
A/P Flow Yield
A/P 0.652 0.714 0.600
Flow 0.130 0.143 0.200
Yield 0.217 0.143 0.200
A/P Flow Yield
Eigenvector | 0.655487 | 0.157764 | 0.186749
Sum 1.53 7.00 5.00
A max 3.04
Cl 0.021587302
CR 0.037219485

Table 4.5 - Level 3 — Assembly AHP Manual Calculations

Priorities Decision Matrix
These are the resulting weights for the criteria The resulting weights are based on the principal eigenvector of
based on your pairwise comparisons: the decision matrix:
Cat Priority Rank (+) ) z 3
1 AvP 65.9% [ 11.2% 11.2% 1 1 500 3.00
2 Flowtimes 15.6% 3 27% 2.7% 2 020 1 1.00
3 Yield 185% 2 3.1% 3.1% S| W= T
Number of comparisons = 3 Principal eigen value = 3.029
Consistency Ratio CR = 3.0% Eigenvector solution: 3 iterations, delta = 5.2E-8

Figure 4.2 - Level 3 - Assembly AHP Software-Based Calculations

After completing each Level of AHP calculation, the software-based AHP

calculations were used to develop and evaluate the final weighting system for the
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MCDM. In Figure 4.3, the output captures the priority at each level of the AHP as well as
providing the overall weighted priority, captured on the right-hand side of the hierarchy.
Based on the priority outputs, five criteria stand out as most critical to be addressed
through the creation of the MCDM due to their priority achieving a score higher than 5%.
They are as follows: bottlenecked work centers, work center workload, available hours at

a work center, material availability (MA) and Actual vs. Planned (AvP or A/P).

Decision Hierarchy

Level 0 Level 1 Level 2 Glb Prio.

AvP 5.3%
Asseml}ly Flowtime 1.3%
Yield 1,50

Bottleneck 43.8%

Mfé’ Workload 14.6%

Available hrs 14.6%
Current 'nvento-'y 2.5%
build quant‘ty 2.5%
demand 1.3%

MA 12.6%

Recovery Plan

rc (R A

Figure 4.3 - Software-Based AHP Decision Hierarchy
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With the priority for the MCDM being placed on these five criteria, the weights
were recalculated to achieve the 100% distribution need to accurately calculate the

MCDM feasibility The new percentage of weighting can be found in Table 4.6.

Original % | New %
Bottleneck 43.8% 48.2%
Workload 14.6% 16.1%
Available Hours 14.6% 16.1%
Material Availability 12.6% 13.9%
Actual vs. Planned 5.3% 5.8%
0.909 1

Table 4.6 - Updated Criteria Weights

The utilization of the AHP allowed for the expert’s feedback to be captured into a
numerical weighted value. The numerical weights inform the creation of the MCDM to
determine the appropriate datasets to utilize as well as incorporate the appropriate

criterion weights to determine the recovery plan model feasibility.

4.5 Multi-Criteria Decision Model

To calculate the overall feasibility of a recovery plan, each of the five criteria
outlined in Section 4.4 needed to be individually evaluated within the MCDM to inform
the final feasibility assessment for the recovery plan. In each of the following sections,
the process for developing the MCDM inputs utilizing each criterion will be expanded

upon and will include the parameters for the Red/Yellow/Green scoring criteria, which
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are summarized in Table 4.7. The Red/Yellow/Green scoring criteria were established

utilizing expert feedback. They were developed with the experts as follows:

Actual vs Planned — As a business function, it is determined that an acceptable
range for A/P falls between 0.8 and 1.2 (thus tying to the score of green). Often a
score of 1.2 to 1.5 can be contributed to minor manufacturing disruptions that can
be overcome (yellow) but once A/P reaches higher than 1.5, there is risk that the
product being manufactured will not be executed within its scheduled flowtime
(red).

Material Availability — This metric acts as the only qualitative criteria that was
identified. As part of the MA review, it is determined if material is available or
not. If material is not available, the recovery plan cannot be started thus receiving
a score of red. If material is available the recovery plan can be started, enabling a
score of green.

Workload/Available Hours — To allow for the business to have availability to
overcome manufacturing disruptions, the metric tracked is for no work center to
be planned at great than 1.8 shifts of work. The model produces a score of red for
each work center (WC) that has a score greater than 1.8 indicating the number of
shifts of work needed to execute the work, a score of yellow if the shifts of work
fall between 1.51 and 1.8 and then a score of green if the score is less than 1.5. A
total of 1.5 shifts indicates overtime will be required to execute the work that is
over one shift. After the individual WC’s have been assessed, they are summed
for the part number being evaluated to indicate if a score of red will be assigned

more than 50% of the WC’s show red or yellow results, 25% to 49.9% receiving
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a yellow score and green indicating less than 24.9% of the WC’s are red or
yellow.

Bottleneck — The bottleneck metric closely aligns to Workload/Available Hours.
The primary difference between bottleneck and Workload/Available Hours is
how the data is assessed. Whereas Workload/Available Hours is looking at
individual WC'’s, bottleneck is assessing each WC. Within a singular part number
routing, a part can travel across the same WC multiple times. The bottleneck
evaluation is looking at the average shifts of work for each WC for the duration
of the recovery plan build; pulling this information from the Workload dataset
within the model. The scoring aligns the same as Workload/Available Hours.
Overall Recovery Plan — Once the scoring is ready to be completed for the
entire recovery plan model, the criteria weights are calculated using the color
scoring (Section 4.5.5 elaborates on the calculations) and summed for the four
criteria areas. The scoring outlined in Table 4.7 is applied to the summation score
from the criteria evaluations. These values were evaluated and iterated at length
with the experts to determine an appropriate scoring scheme. The scoring
indicated in Table 4.7 states that a recovery plan is deemed green if it receives a
score of 81 or better, yellow if the score is between 60-80 and a score of red if a

score of 59 or below is applied.
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Bottleneck &
Workload/Available Hours
Overall Individual WC
Score Recovery Plan Total % Score MA AfP
Red =59.9 = 50% =1.81 Yes =1.51
Yellow a0 - 80 25-49.9% 1.51-1.8 1.21-1.5
Green =81 =24.9% =1.5 Mo =1.2

Table 4.7 - Red/Yellow/Green Recovery Plan Scoring Criteria

As a starting point for the creation of the MCDM, the five criteria listed in Table
4.6 and their data sources were the initial focus for the MCDM. The following sections

outline how each criterion were incorporated.

4.5.1 Bottleneck Work Centers

Bottleneck data for a work center is calculated by summing the total shifts of
work at the work center for the selected period of time. The shifts of work equation
(captured in Equation 4.1) equate to the sum of the forecasted hours divided by the
product of number of machines and available work hours for a particular work center.
This equation is utilized to calculate the shifts of work for each month (i.e., January 2019,

February 2019, etc.) that a particular work center is scheduled to product parts built.

Forecasted Hours
(Number of Machines * Available Work Hours)

Shifts of work =

Equation 4.1 - Shifts of Work Equation

The work center scoring calculated in the model aligns with the scoring criteria

for Workload/Available Hours as designated in Table 4.7. Once this calculation is
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complete for each work center, the overall part number scoring is calculated using the
Bottleneck scoring listed in Table 4.7; Table 4.8 represents a historical recovery plan
output from the Bottleneck portion of the MCDM. The analysis for the bottleneck

calculation is included within the Visual Basic for Applications (VBA) coding and occurs

once the user has populated the necessary data files and completed the model input.

Avg Shifts of
WcC Work

Part4-2
Avg Shifts of
Work
1.51

Table 4. 8 - Bottleneck MCDM Output

The overall feasibility for bottleneck analysis is captured by determining the
percentage of each Red, Yellow, and Green output for the individual Part Numbers being
evaluated as part of the recovery plan. After the percentage are calculated, the assignment

of Red/Yellow/Green occurs for the bottleneck criteria.
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4.5.2 Workload & Available Hours

In the development of the MCDM, it was found that the Workload data and
Available Hours are captured within one report. Thus, these criteria were combined into
one MCDM output. Similarly, to section 4.5.1 Bottleneck Work Centers, the Shifts of

Work equation (Equation 4.1) is utilized to inform the score for each work center.

Impacted WC's

Part Number Op Number New Month

11-2015

11-201%9

Table 4.9 - Workload & Available Hours MCDM Output

In addition to the color scoring, the MCDM also identifies when the proposed
recovery plan changes the month that particular operations of the part’s build plan was
originally scheduled. This is necessary to allow the IPM to evaluate if there are new
bottlenecks or constraints being caused by the proposed recovery plan; the summary tab
within the MCDM captures each Part Number, Operation Number and Work Center that
experienced this change (Table 4.9) and determines the Red/Yellow/Green status for each

based on the criteria outlined in Table 4.7.
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4.5.3 Material Availability

The Material Availability (MA) input requires a manual review of the part’s Bill
of Materials (BOM) to determine if there are any material shortages or gaps preventing
the start of manufacturing for the part. If there is a shortage, the IPM will input “Yes” and
if there isn’t a shortage, they will input “No”. The IPM will input their assessment into
the Recovery Plan Input Data table (Table 4.10). The scoring (as captured in Table 4.7) is
straightforward for MA,; if the answer is No, the score of Green is denoted indicating
there are no material constraints to starting the recovery plan; if the answer is Yes, the
score of Red is denoted to indicate the material needed is unavailable thus making it

impossible to begin the recovery plan on the scheduled date.
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4.5.4 Actual vs. Planned

The Actual vs. Planned criterion for a part number is the ratio of the actual
execution over the planned execution as demonstrated in Equation 4.2. This ratio
provides the IPM’s with visibility about how the part is performing against the planned
execution which will help them determine if the part should be considered for a recovery
plan. The Actual vs. Planned data is manually entered into the Recovery Plan Input Data
tab (second column from the right) and the color score is denoted based on the criteria

captured in Table 4.7.

Actual Execution

Actual vs. Pl d Ration =
ctuacvs. frannead Katlon = 5o nned Execution

Equation 4.2 - Actual vs. Planned Equation

4.5.5 MCDM Output

The final MCDM feasibility output metric combines the four criteria summaries
outlined throughout Section 4.5.1 — Section 4.5.4 for the parts being evaluated within the
recovery plan. To develop a final recovery plan score, a multiplier was used to provide a

weight to each Red/Green/Yellow output (Table 4.11).

Multiplier
Red 0
Yellow 0.5
Green 1

Table 4.111 - MCDM Output Multiplier
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The MCDM output is the weighted average of the alternatives. This is calculated
by taking the product of the appropriate multiplier and the AHP weights (Weight %) for
each criterion and summing the result to determine the final output metric of the recovery

plan as demonstrated with the example dataset in Table 4.12.
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4.6 Data Validation

To validate the accuracy of the MCDM, historical, manually created recovery
plans were utilized. The historical recovery plans were entered into the MCDM and their
outputs were compared to the actual performance of the recovery plan. These data are
comprised of ten different recovery plans, spanning 613 work centers that was validated
against 8,790 data points that provide the bottleneck, workload and available hour aspects
required for recovery plan validation.

Two validation approaches were used for the model. First, a more granular view
of the execution of the operations within the part number flowtimes were evaluated
against what was actually executed and what was predicted to be executed. Second, a

granular view of a singular part number from the validation was evaluated.

4.6.1 Work Center Execution Validation

Historical Recovery Plan Execution

Partl Partl1-2 Part2 Part2-2 Part3 Part3-2 Part4 Part4-2 Part5 Part5-2

# of Operations
= N w B (%) D ~ [0 o
o O O O O o o o o

o

B OnTime ™M PastDue

Figure 4.4 - Historical Recovery Plan Execution
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To ensure a direct comparison, the data were summarized into work center
operations that were completed On Time and those that were completed Past Due to the
recovery plan. Ten part flowtimes were examined. Figure 4.4 captures the Historical
Recovery Plan Execution graphing the quantity of work center operations that were
completed on time in blue and past due in orange. Figure 4.5 captures the projected

number of work center operations from the MCDM model.

MCDM Output

Partl Partl1l-2 Part2 Part2-2 Part3 Part3-2 Part4 Part4-2 Part5 Part5-2

# of Operations
= N w H (9] [e)] ~ (o) [(e)
o o o o o o o o o

o

H Projected On Time M Projected Past Due

Figure 4.5 - MCDM Output

In order to see a clearer comparison of the historical and modeled datasets, Figure
4.6 and Figure 4.7 were created. In Figure 4.6, the On Time data are compared between
the MCDM output and the Actual recovery plan execution (in number of operations). The
results indicate the model predicted more on-time completions than were actually
completed on-time. Figure 4.7 captures the comparison between the two datasets for Past
Due Work Center operations, indicating there were more operations actually past due as

compared to what the model estimated.
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Figure 4.6 - On Time Work Center Comparison

Past Due
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Figure 4.7 - Past Due Work Center Comparison
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The maximum variance within this dataset occurs at three Work Centers on Part
5-2; although the results show a 94.7% accurate direct comparison between the historical
dataset and the MCDM output. The closeness of the predicted number of operations to
the actual number provides analysts with confidence the MCDM will successfully predict

whether a recovery plan can be executed within the given parameters.

4.6.2 Part Number Validation

To provide a granular view of the part number validation process, Part 1 was
selected. Table 4.13 illustrates the criteria scores for this part (each explained below) and
the overall averaged score of “green” for the recovery plan. In fact, Part 1 was executed
on time when the recovery plan was executed; thus, the model output accurately assessed

the recovery plan.

Weight
¥ Part1
Bottleneck| 48.2 Green
WL/AH 32.2 Green
MA 13.9 Green
Afp 2.8 Red

Table 4.13 - Part 1 MCDM Feasibility Output

e MA — No MA concerns were present during the actual execution of the recovery
and thus the model output provides a Green score.

e A/P - The A/P ratio for Part 1 was 1.62 putting it into the area of concern for
successful execution. The model represented this concern by assigning a red score

in this criterion.
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e Workload/Available Hours & Bottleneck — The business reviews
Workload/Available Hours and Bottleneck work centers on a monthly basis. In
order to validate the output for Workload/Available Hours and Bottleneck, the
historical data was reviewed from the IE team. The model indicated two work
centers and operations that were at risk through the Workload/Available Hours
Assessment (Table 4.14) and three work centers at risk through the bottleneck
assessment (Table 4.15). The historical IE data indicated that these identified
work centers were of concern for trending towards constrained and unable to
accept additional work. The model captured these concerns and the ability of the
other work center operations to accept the additional workload. This resulted in an

overall green score for both Workload/Available Hours and Bottleneck.

Part Number|Op Number
Part 1 500
Part 1 525

New Month
11-2019
11-2019

Table 4.14 - Part 1 Workload/Available Hours MCDM Output
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Part1

Avg Shifts of
wC Work

Table 4.15 - Part 1 Bottleneck MCDM Output

Overall, the part number granularity allows for the validation to be completed
indicating the results from the MCDM align with the actual execution of the Part 1
recovery plan and the IE datasets indicating where the predicted challenges would be

within that execution plan.

4.7 Conclusion

The creation and validation of the MCDM utilizing expert inputs and AHP criteria
weighting allowed for a successful solution to be found for the IPMs. The creation of the
MCDM to incorporate the critical criteria outlined by the IPMs and the expert informed
AHP informed the MCDM output to allow for the IPM to receive a Red, Yellow, Green

indicator on the likelihood of recovery plan success.
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Chapter 5—Discussion and Conclusions

5.1 Discussion
The primary purpose of this work was to develop a model that would alleviate the
challenges of recovery plan creation and implementation in backward planning, low-
volume manufacturing environments. Expert paired comparison, Analytical Hierarchy
Process (AHP) and Multi-Criteria Decision Model (MCDM) were utilized to address the
following three research questions and hypothesis:
Research Objective 1
e RQ1: What recovery plan criteria are the most important for discriminating
between a feasible versus infeasible recovery plan?
e RH1: Itis possible to create a list of criteria to determine if a recovery plan is
acceptable or unacceptable.
e Evidence: Through the use of expert paired comparison, the critical recovery
plan criteria were identified and those criteria were implemented into the
MCDM to produce a feasibility assessment of a proposed recovery plan.
Research Objective 2
e RQ2: Can the appropriate weights for recovery plan criteria be developed through
discussions with SMEs?
e RH2: Itis possible to develop criterion weights.
e Evidence: Utilizing the AHP process, the expert selected criteria were analyzed
and given the appropriate weights that were then incorporated into the MCDM

feasibility output.
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Research Objective 3

e RQ3: Can a multi-criteria decision model be developed to accurately assess the
feasibility of a recovery plan?

e RH3: Itis possible to develop a MCDM to assess recovery plan feasibility.

e Evidence: The incorporation of expert paired comparison and AHP allowed for a
MCDM to be developed that produces a feasibility assessment for the proposed
recovery plan. The MCDM was validated against historical data to ensure that the

model provided an accurate feasibility output.

5.2 Conclusions

This Praxis sought to develop a model that could accurately provide a feasibility
assessment for recovery plans that are developed by project managers. This research
utilized the combination of Expert Paired Comparison, AHP and MCDM to develop this
model. The model’s incorporation of expert identification of critical criteria selection and
the criteria weighting calculated through AHP principles provided the foundation for the
model development (RH1 & RH2). The MCDM utilized the weighted criteria to identify
data sources with those criterions incorporated which informed the development of the
MCDM, resulting in an accurate feasibility output as validated with historical recovery
plan data (RH3).

This research demonstrates the opportunity for project managers to successfully
test the accuracy of their recovery plan prior to implementation, lowering the risk of

inexecutable recovery plans being issued to the manufacturing production floor. Feasible
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recovery plan development and implementation enables the company to better meet their

customer deliverables despite supply chain disruptions.

5.3 Contributions to Body of Knowledge

This Praxis defines a MCDM that provides a predictive success indicator to the
supply chain project managers who are utilizing it to validate recovery plan feasibility.
This work provides backward scheduled, low volume manufacturing companies a
resource to overcome supply chain disruptions and implement recovery plans that are

executable resulting in on-time delivery to their customers.

5.4 Recommendations for Future Research

For future research, it would be recommended that additional historical recovery
plans be evaluated within the MCDM to inform the user if there are other aspects of a
recovery plan that need to be incorporated based on the industry they are working in as
well as broadening the workload data source to encompass a larger manufacturing

dataset.
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AHP Software Outputs

Level 3 — Forecast

Appendix A

A-wrt FC-or B? Equal

1 @ Current inventory O build quantity @1
2 ® Currentinventory O demand O1
3 O Currentinventory ® MA O
4 @ build quantity O demand O
5 O build quantity ® MA O
6 O demand ® MA O
CR=19.8% OK

Level 3 — Manufacturing

How much more?

020304050607 08009
OQ2@®304050607080¢9
0203040506®7038009

Qz®30405060708009
0203040506®7030¢9

020304®s5 060703809

Resulting Priorities

Cat Priority Rank

1 Currentinventory 13.2% 2

2 build quantity 13.2% 2

3 demand 6.8% 4

4 MA 66.9% -
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A - wrt Mfg - or B? Equal How much more?
1 @ Bottleneck OWorkload O1 C2@®@30405060708009
2 @ Bottleneck OAvailablehrs O1  02@®30405060708039

3 ® Workload OAvailable hrs ®1 0203040506070800

CR=0% OK

Resulting Priorities

Cat Priority Rank
1 Bottleneck 60.0% &1
2 Workload 20.0% 2

3 Awvailable hrs 20.0% 2

Level 3 — Assembly
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A - wrt Assembly - or B? Equal How much more?
1 @ A OFowtime O1 020304®5060708009
2 ®Avw Ovield 01 ©283040506070809

3 @ Flowtime O Yield @ 1 0203040500708 009

CR=3% OK

Resulting Priorities

Cat Priority Rank
1 AvP 65.9% -
2 Flowtime 15.6%

3 Yield 18.5% 2

Level 2
A - wrt Recovery Plan - or B? Equal How much more?

1 O Assembly @Mfg O1 0203040506@®70809
2 OAssembly @FC O1 02030405060708009

3 @© Mfg OFc O1 020304®5060708009
CR = 6.8% OK

Resulting Priorities

Cat Priority Rank

1 Assembly 8.1%

2 Mfg ?31%-

3 FC 18.8%
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