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Abstract

This research aims to understand the relationship between the time expenditure in the demand planning
procedure of a multinational pharmaceutical company — Valeant, Inc. — and the company’s supply chain
performance. It is hypothesized that spending more time on the planning-related activities will increase the
quality of the decision making related to the demand planning, hence improve the main key performance
indicators used by the company’s planning department. Therefore, it is opted to detect the non-value-added
actions which are not related to demand planning, and eliminate them from the planning process. Since the
main objective is to define and eliminate the ‘time waste’ from the process, DMAIC (define, measure,
analyze, improve, control) as a lean & six sigma methodology is adopted to facilitate the research as a data-
driven and analytical framework. To quantify the problem, data regarding the temporal aspects of the
demand planning actions is collected and Valeant’s key performance indicator records are gathered. To
establish the connection between planning actions’ duration and the supply chain performance, a regression
analysis is conducted between the former and the latter. The regression models revealed that there is a
significant negative impact of the duration of reporting, data quality assurance and forecast pack creation
on the company’s supply chain performance, in terms of forecast accuracy, backorder value and obsolete
inventory value. Therefore, those actions are identified as the bottlenecks leading to time inefficiency and
low supply chain performance. On the other hand, it is understood that spending more time in backorder
analysis, forecasting (manual or algorithmic), and demand consensus meetings with supply chain partners
is beneficial for the company’s supply chain performance. To observe the impact of bottleneck elimination
and an efficient time allocation between positively influential planning actions, a simulation study is
performed. A simulation model of the real-life demand planning process is created to test several scenarios
where the bottlenecks are eradicated. The scenario experimentation showed that by reducing the time spent
on reporting, using the time saved on backorder analysis and consensus meetings can lead to an increase of
26.7% in forecast accuracy, and a decrease of 9% and 36% in the obsolescence and backorder value,
respectively. Additionally, several other improvement scenarios are defined, based on the prioritization of
Valeant over its forecasting, backorder and obsolescence performance.



Executive Summary

The MSc graduation project at hand investigates the relationship between the time efficiency in demand
planning process of a pharmaceutical company and its supply chain performance. Upon the start of the
graduation project, the partner pharmaceutical company — Valeant — declared its complaints regarding the
demand planning process. According to Valeant’s problem definition, the demand planners spend
considerable time on the actions that are not in the essence of the demand planning, and consequently have
to speed up for the planning-oriented actions to meet their monthly deadlines. Having less time available
for the value-added actions might lead to incomprehensive or late decision making in demand planning,
which shows its consequences in the supply chain performance of Valeant. Thus, developing
countermeasures to halt the time inefficiency in the demand planning process is expected to increase the
supply chain performance to a certain extent. Lean philosophy is one of the common approaches to apply
process improvements; aiming to reduce the ‘waste’ from a process and bring more value to the customers
by ensuring the continuous flow of material and information. Therefore, in order to improve the demand
planning process of Valeant in terms of its time efficiency, lean paradigm served as a basis through the
execution of this project. Among numerous lean tools in the literature DMAIC (define, measure, analyze,
improve and control) is selected due to its quantitative core and orientation in data analytics.

As the first stage of DMAIC, the problem is defined as ‘spending the demand planning time inefficiently
and hence not being able to achieve supply chain performance targets’. Since Valeant uses forecast accuracy
(%), backorder value ($) and obsolete inventory ($) as its main supply chain key performance indicators
(KPI’s), the target of the project is described as to increase the forecast accuracy while decreasing the
backorder and obsolescence value.

The measure phase is the stage where problem-related data is collected for quantification. Since the issue
is ‘time waste’ in the demand planning, data showing the time expenditure of the demand planners in their
planning actions is collected. Moreover, records of the SC KPI’s over the years are gathered. Based on the
temporal data of the demand planning process, the main actions taken by the planners are observed. In light
of the data, a process map is created. The process map revealed that each country follows a different action
sequence. Furthermore, it is observed that some actions, e.g. reporting, replenishment decisions, manual
forecasting analysis, etc. take considerably more time than others.

In the analyze phase of DMAIC, a regression analysis is performed. Three models are built, showing the
relationship between action durations and forecast accuracy/backorder value/obsolescence value. In order
to examine the impact of the inventory levels of the countries, it is added to the regression models as an
explanatory variable. Finally, to investigate the human factor in the supply chain performance, i.e. planning
skills of the demand planners, binary variables for each planner in the team are included to the regression
models.

Based on the regression models, some insightful conclusions are made:

e Spending more time in manual and automatic forecasting will increase the forecast accuracy and reduce
the obsolescence value.

e Spending more time in reporting jeopardizes the supply chain performance by decreasing the forecast
accuracy and increasing the backorder value.



e Strategy meetings devoted to fighting against working capitals showed its negative impact on the
forecast accuracy, since they are non-value-added actions in terms of forecasting. However, by
decreasing the inventory levels via strategy meetings, the obsolescence can be reduced; which poses a
trade-off.

e Countries with high inventory levels have high risks of backorder; since countries with more SKU’s or
more expensive SKU’s will create more backorders as well.

e Demand consensus meetings are found to be highly beneficial due to their diminishing effect on the
backorder and obsolescence.

e Spending more time in backorder analysis decreases the backorder value.

e Surprisingly, it is observed that spending more time on JDA *has an increasing effect on the backorder
value. This phenomenon is explained by the automatically reduced safety stock levels due to more
accurate forecasting, leading less buffer for the supplier quality issues.

e Thetime spent for solving the data quality issues solely impacts obsolescence value, whereas its indirect
effect can be observed in forecast accuracy and backorder value via reporting and forecast pack
creation.

e As far as obsolescence value is concerned, standardization projects do not add value into the
obsolescence analysis, therefore had an increasing effect on the obsolescence value.

The regression analysis showed that there are some actions which impact the performance positively and
some others which decrease the performance. In light of these findings, the purpose is defined as to develop
solutions to decrease the time spent by the demand planners on the negatively-influential actions and allow
them to use the saved time in the positively-influential actions. The action types of which the durations are
planned to be shortened are determined as reporting, data quality assurance, and forecast pack creation. The
actions to increase the time spent on are decided as forecasting (manual and with JDA), demand consensus
meetings, and backorder analysis.

Once the expected changes are defined, a simulation model which imitates the monthly demand planning
process is created in the improve stage. After validating that the simulation model reflects the reality
accurately, numerous scenarios are defined where the intended solutions are applied to observe the changes
in the supply chain performance. 94 scenarios are run in which the time expenditure is decreased (increased)
for the negatively (positively) influential action categories. The impact of the scenarios is recorded for the
short, medium and long term where the time savings of 20%, 50%, and 80% are achieved respectively. The
scenario experimentation revealed that decreasing the time spent on reporting and using the time saved by
this way for backorder analysis and demand consensus meetings bring about the best performance increase
both in the short and long run, if an overall improvement in all the KPI’s is desired. By following this
scenario, in the long run, the forecast accuracy can be increased by 26.7%, whereas the backorder and
obsolescence values can be decreased by 36% and 9%, respectively (Figure a). On the other hand, if Valeant
opts to prioritize improving the performance for a single KPI, the improvement suggestions differ than the
best performing alternative for the holistic supply chain performance increase (Figure b).

The reporting is observed as the major bottleneck according to the findings of the regression analysis and
the simulation study. Since the demand planners spend most of the reporting time to assure the quality of
the data collected from several supply chain partners, assuring the data accuracy can solve the reporting
bottleneck to a great extent. To this end, it should be established that the data should flow through the

1 JDA is the advanced planning tool used by Valeant for algorithmic forecasting.
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Figure a: The impact of decreasing the time spent on reporting and increasing the action durations of backorder analysis and demand
consensus meeting on the SC KPI’s, in the short, medium and long term

SC KPI Improvement Short Run Long Run
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Figure b: The best scenarios which improve each SC KPI individually with highest percentage

supply chain seamlessly and should be accessible to each partner in the same format. To ensure that, an
ERP system integration is suggested to Valeant, since an ERP system facilitates the accurate, accessible
and qualified data storage for all supply chain partners. Moreover, many ERP systems in the market offer
automatic reporting tools, which will lift the burden of manual reporting from the demand planners’
shoulders. ERP integration is expected to show its benefits in the forecast pack creation stage as well, since
it will create a standard way of data sharing, hence the demand planners will not have to spend time on data
formatting and sanity checks. It is also crucial for Valeant to ensure a standard demand planning process
for all countries. Since planners must consider the stock levels of many countries while performing the
demand planning of a certain country; they lose time in format adjustments, administrative issues and
partner communication between the countries. Therefore, if unity in the demand planning protocol is
established, it will reduce the time spent on forecast pack creation and hence bring about higher supply
chain performance. On the other hand, as one of the priorities of Valeant, JDA integration is also expected
to improve company’s supply chain performance. However, to compensate for the negative effect of JDA
on the backorder performance, JDA integration should be supported with the countermeasures to fine-tune
the safety stock levels. If JDA-driven forecast and replenishment decisions are combined with human
expertise and business intelligence, it is expected that Valeant can maximize its benefits from the JDA
integration.



Acknowledgements

During this unforgettable 6-month period, | have experienced the great enjoyment and privilege of being a
part of both Technical University of Eindhoven and Valeant Pharmaceuticals. Holding this paper in my
hands, | am extremely proud of what | have achieved and how much | learned. My feelings now are
bittersweet: This paper rings the bells for the end of an era, being a student which | loved to its fullest; but
also celebrates the arrival of a new phase in my life —my professional career. With all these mixed emotions,
I would like to take the chance here to show my appreciation to all who have helped me greatly through
this project.

Firstly, I would like to thank Joris Kinable as my academic advisor, for his valuable contributions to this
research. It was a pleasure to be a student of him and to experience his knowledge. | thank Tom van
Woensel, who has made this project possible by including me into the Data2Move community. As my study
advisor for almost 2 years, | appreciate his contribution into my personal, academic and professional
development. A big ‘thank you’ for Sarah Gelper; for making Data2Move a great experience for me and
for always supporting me during the highs and lows of my project. | want to express my gratitude for
Zumbul Atan, for opening the doors of TU/e for me and for facilitating the start of my professional career.

If 1 had the chance, | would write a whole other paper about VValeant Pharma Team. It was so amazing to
feel like a part of a loving and caring family. | will always remember my time in Valeant with a huge smile
on my face. | am thankful to Peter Csontos, who has made sure that I am well integrated to the company, |
get the information | need, and | feel supported. He was a great inspiration for me as a manager, and | hope
our roads will cross again. 1 would like to thank Simge Kaplan, who has listened to all my stories, been a
part of all my crying and laughing moments and always given me insightful advice. | would like to thank
Francois for showing me the talents of human mind, and to Sucheta and Lee for making me feel welcome.
Valeant Pharma was my luck in this project, | have learned a lot about demand planning, lean, inventory
management; but more importantly how to be a team.

And my beloved ones... I feel so lucky to have you all in my life, you are the backbone of my achievements.
I am more than grateful for my family: My parents Ayse & Murat Akgul, for all the compromises you have
made, for teaching me the values of life, and above all for making me feel loved and supported from miles
away. You are always so close to me no matter where you are. My amazing boyfriend Daan Linnartz,
million times ‘thank you’ for making me happy, for being always there for me, and for supporting me in all
my achievements. | am thankful for every day that | am spending with you. Special thanks to Nazli Ander
for her support both as a fellow student and as a great friend. Thanks to Haleh Mohseni, Sami Ozarik, Umut
Bayrak, Kerem Akgul, Mark Linnartz and Alperen Dedeoglu for their much-appreciated feedback; and to
Mariothe & Paul Linnartz for making me feel that | have also a family in the Netherlands.



Contents

LiSt OF ADDIEVIBTION ... viii
LSE OF TADIES ...ttt iX
ST OF FIQUIES ...t bbbt h bbb bt b et e e ettt b e bt b nn e n e X
I 0] =0 U4 o] SRS Xi
Chapter 1 - INrOGUCTION.......c.eiuiiiitieiie ettt e s et ettt b e nen e 1
L1100 MIOBIVALION ...ttt b et 1
1.2, Company BaCKGrOUNG...........ccuiiiiiiiiieieeeee e 2
1.3. RESEAICH GOQIS..... .o 3
1.4, RESEAICH PIAN ..ottt 4
Chapter 2 - LITErature REVIBW..........cuiiiiiiiiteiieeieee ettt 6
2.1, Supply Chain IManagemENT.......ccuciiiiiie e te ettt steste et e sbeere e besreeeesre e e e sreeres 6

A SUPPLY Chain PIANNING ..ottt 6

b.  Supply Chain Planning in Pharmaceutical INAUSEIY..........cccccceiiiiiiieciiiise e 7

c.  Supply Chain Performance Management ............cccorerieieieininisesie e 8

2.2.  Lean Principals and SiX-Sigma TOOIS.........cccieiiiiiiic it 9
2.3.  BuUSINESS Process ManagemENT .........coueieiririiisie ittt 10
2.4, RESEAICN GAP ...veviueeeieiieiieit ettt b e 11
(@8 =T T T T ] TSROSO 13
3.1, Problem SEALEIMENT........coiiiiiiii et 13
I - | 0 1=1 1)1 1120 DRSSPSR 16
CRAPTET 4 = IMIBASUIE ...tttk bbb bbbkt b bbbt e st et bbbt bt e b enes 18
4.1, Data CONBCIION ...ttt bbb 18

a. Data Related to the Action Types, Action Orders and Time Spent on the Actions..................... 18

b. Data Related t0 SC PErfOrMANCE ..........coiiviirieiiiiiieisiese e 20

4.2.  Process Map of the Demand Planning CYCle..........ccooiiiiiiiiiiieee e 21
CRAPTET 5 = ANAIYZE ...ttt bbbttt b e e 24
5.1.  Selection of the ANalYSIS TOOL........cociiiieiccr e e 24
5.2, DAt PrePAratiON......coeeiiiiiiiteitiitesiet ettt sttt sttt b bbbttt ettt bbb 25
ST T Y/ [ o 1= o S SSPR 26

a.  The Model for the FOrecast ACCUIACY (20).......uiureririerieieisi sttt 28

b.  The Model for Backorder ValUe ($) .......cccevreiriiiriiieisese e 29

c.  The Model for the ObsoleSCENCE VAIUE ($) ...ovoveririieiiiriieie e 29

Vi



5.4,  EVAIUALION OF the IMOUEBIS ..ottt ettt et e e e e e e e ettt eeeeeseeee e eeeeeeseaaes 30

5.5.  Discussion of the Regression RESUILS ..........cccuiiieiiiiiieie s se et st sresne s 31
ChAPLET 6 = IMPIOVE ...tk b bbbttt bt bt n e enes 33
6.1. Benchmarking the Planning PrOCESS.........cciciviiiiiiiiii ittt 33
6.2.  Creation of the SIMUlation MOGEL............ccoiiiiiii e 34
6.3.  Distribution and Parameter SEIECTION ..o 36
6.4.  SIMUIALION RUN SELUD ...cvviiticice sttt st e e e b ae et e taeaesreetaenbenre s 38
6.5. Results, Validation and Verification of the Simulation Model ... 39
6.6.  Scenario EXPErimENTAtION .......ccceiveiiiieiie it st se et et e st e e re et s re e b e be e e e sreeraenrenre s 40
Chapter 7 = CONCIUSION ...t bbbttt 44
7.1, DISCUSSION ...ttt b bbbt b bbbt bbbt et b bbb 44

a.  Research QUESLioNS REVISITEA ........cccviieiiiiiie ettt ens 44

D, Managerial INSIGNTS.......cviiiii e st sreens 46

C. REIBVANCE ... .t b ettt 49

7.2.  Limitations and Future ReSearch DIreCHIONS..........ccceiviriiiiiiiiiiise e 49
11 0] [ToTo =T o] 1Y 2RSS 51
N o] 1=] 16 [ QTSSO T P PR PR PR PP 59
A. 1. The Process Map Based 0N FIEQUENCY .......ccveviieiiiiii ittt sttt sre et te e e ens 59
A. 2. The Process Map Based 0N PerfOrmManCe...........cooeririerieieieisi st 60

F AN o] 01T a 1o Dl = SO 61
B. 1. Regression Models for FOrecast ACCUIACY (%0) .......cvierirrererieiieisesieste sttt 61
B. 2. Regression Models for the Backorder Value ($) ..........ccoveiriiiiiiiiiisee e 62
B. 3. Regression Models for the Obsolescence Value ($)......cccoervreririiieneeiseree e 63
AAPPENTIX € ..ot b et h b bR b E R R R R b bttt R ettt bt 64
C. 1. Process IMap Of FrANCE .......ccoviiiiiiec ettt te ettt te et e sbeeae e besae et e s beebesreetaenbenre s 64
C. 2. ProCess Map OF UK ...ttt bbbttt 65
C. 3. ProCeSS IMAP OF GIBECE. ... .iiieieitieie ettt sttt ettt ettt ettt e te et e e saeene e besneeeesteeeeseeeneenreaneas 66
C. 4. Intended Standardized ProCeSS IMAP........cuuiiiiiiiiiiiiiie et 67
AN o] 01T 0o 13l I TSP 68
APPENTIX E . R b ettt bttt bt 69
E. 1. Best Performing Scenarios in the Short Run (Holistic Performance Increase) .........c.cccooevevevenene. 69

E. 2. Best Performing Scenarios in the Long Run (Holistic Performance InCrease) ...........ccccceeevevennene. 70
E. 3. Best Performing Scenarios for an Individual Highest SC KPI InCrease...........cccoceovviiiiiiieneniennns 71

vii



List of Abbreviation

ACC: Forecast accuracy (%)

APS: Advanced planning system

BPM: Business process management
BP-TEST: Breusch Pagan Test

BO: tpackorder

CDF: Cumulative distribution function
CRISP-DM: Cross industry standard process for data mining
DMAIC: Define-Measure-Analyze-Improve-Control
EMEA: Europe, Middle East and Africa

ERP: Enterprise resource system

FP: Forecast pack

IQR: Inter-quantile range

IT: Information technology

KPI: Key performance indicator

MAPE: Mean absolute percentage error
MdAPE: Median absolute percentage error
OBS: Obsolescence value ($)

OTC: Over-the-counter

PDF: Probability density function

SC: Supply chain

SCM: Supply chain management

SKU: Stock keeping unit

SSE: Sum of squared errors (residuals)

UK: United Kingdom

VBA: Visual Basic for Application Computing
VVSM: Value stream mapping

WIP: Work-in-progress

viii



List of Tables

Table 1: Financial State of Valeant PharmaceUtiCalS.............cviviiiiiiiiiiiiisene e 2
Table 2: Actions and their descriptions in a chronological order through the monthly planning cycle...... 15
Table 3: The action categories defined based on the categorization of the data...........c.ccccvcvninincicnnnn. 20
Table 4: The explanatory variables used in the regression Models...........ccoeveviiiciiiicic s 26
Table 5: List of all models with their goodness-of-fit indicators, and MdAPE values..........c..cccocoeevennnnne 30
Table 6: Average statistics of the replications in comparison with the actual KPI values............c..c.......... 39



List of Figures

Figure 1: The reSearch OULIING ..........ov i 5
Figure 2: Research Gap and the Place of This Project in the Related Literature...........cccccoevevvevvivenennnnn, 12
Figure 3: The conceptual map of the monthly demand planning cycle ... 15
Figure 4: The regression framework created based on Gelper (2016) .........ccccuvererereieiiiiisinese e 27
Figure 5: The simulation model of the demand planning cycle, created in Arena ...........cccoceevveveveenennnn, 37
Figure 6: Framework for diStribution fitting...........ccooiiiiiiii e 38
Figure 7: The SC performance improvements under the best performing scenario ...........cccccevvivenennnn, 43



List of Equations

Equation 1: Methodology of inventory level calculation.............ccccocvvveiiiiiic i 16
Equation 2: Methopdology of forecast accuracy calculation............cccceevviiiic i 17
Equation 3: Methopdology of backorder value calCulation .............ccccooveiiiiiiniiciece e 17
Equation 4: Methopdology of obsoloscence value calculation.............c.cccocveieienieic v 17
Equation 5: Regression analysis model CONSIUCTION............ccoiiiiiieiieieiccs e 24
Equation 6: Calculation of regression residuals............cccoviveiiiecicie i e 24
Equation 7: Sum of squared errors (SSE) CalCulation..........cccccovveiiiiii i 24
Equation 8: Regression model for forercast aCCUracy (90).......ccourererereeinininise e 28
Equation 9: Regression model for backorder Value ($) ........cccoooiiiiiiiiiiiieee e 29
Equation 10: Regression model for 0bsoloscence Value ($) ......ovvveveririrreiiirinieiiseeenseeesee e 29
Equation 11: Calculation of median absolute percentage error (MAAPE).........c.cccoeieieininiininine e 30
Equation 12: Calculation of forecast accuracy (%) in the simulation model............ccccceviiiiiniccciee, 35
Equation 13: Calculation of backorder value ($) in the simulation model ..., 36
Equation 14: Calculation of obsoloscence value ($) in the simulation model ..o, 36
Equation 15: Calculation of total time spent (minutes) in the simulation model.............cccocoovininenennn. 36

Xi



Chapter 1 - Introduction

This chapter is dedicated to introducing the current project which aims to increase the time efficiency of the
demand planning process of a multinational pharmaceutical company and hence to increase its supply chain
(SC) performance. The chapter starts with the explanation of the project motivation. Later, the company in
which the project is conducted is introduced. In the following sections, the research objectives are declared
and the research plan is outlined.

1.1. Motivation

Over the past decades; increasing competitiveness, rigorous regulations from governments and peaking
R&D costs put pharmaceutical companies in a hard position. Such factors direct pharmaceutical companies’
attention to optimizing their SC to stay as a competitor in the marketplace (Susarla & Karimi, 2012). SC
operations involve decision making that will influence production, demand planning, inventory
management, logistics and many others; and aims to ensure on-time delivery to the customer with the right
amount, right price and the right quality. The correctness of the time, quality, quantity and price of a product
is mainly controlled by the planning activities, among many other decisions made in a SC. Planning
activities in the SC management (SCM) context refer to predicting the future events in a SC and develop the
best possible responses to those events in order to assist the decision making. Planning of a SC has several
diverse stages, i.e. from production and demand planning to distribution planning. The demand planning,
however, has major effects on the other planning stages, since its outcomes influence the demand accuracy,
safety stock levels and order amounts (Stadtler, Kilger & Meyr, 2015). This means that the improvement of
the demand planning of a SC will bring benefits to the following planning stages, and ultimately results in a
better performing SC in terms of fulfilling customers’ needs.

Companies in the pharmaceutical industry carry an immense responsibility of reaching their customers with
the right amount, right quality and at the right time, since their products intend to improve people’s health.
To ensure that the customers’ demand will always be fulfilled in a timely manner, many pharmaceutical
companies hold a great amount of inventory. On the other hand, this brings up another issue, namely the risk
of obsolescence. Briefly, obsolescence refers to the inventory which is not possible to be sold anymore due
to its expired shelf life. This trade-off in the pharmaceutical industry highlights the importance of correct
demand estimation and inventory management, hence the demand planning. Consequently, improving the
demand planning process of a pharmaceutical SC is key to bring a competitive advantage to a pharmaceutical
company (Uthayakumar & Priyan, 2013).

In the field of SCM, lean manufacturing principles and six sigma tools have been used broadly over the last
decades for process improvements (Myerson, 2013). Lean paradigm is defined as a set of principles, aiming
to ensure waste elimination in the pursuit of creating value for the customer (Myerson, 2013). Accordingly,
lean SCM aims to create a tighter chain structure among the SC participants in order to accomplish more
value creation for the customer (World Scientific News, 2017).



This graduation project is held in the demand planning department of Valeant Pharmaceuticals. As a
profound player in the pharmaceutical industry, Valeant aspires to improve million’s lives. To this end,
Valeant gives utmost importance to its SCM. As the building blocks of its SC, Valeant’s demand planning
department thrives to become lean in its day-to-day operations to create more value to their customers. The
project elaborated in this paper intends to examine the demand planning activities of Valeant’s SC with a
profound focus on the improvement points to which the lean principles can be applied. The goal of the
project is to ensure the efficiency in the demand planning activities by focusing on the “time waste”, and
hence to improve SC performance of the company.

1.2. Company Background

Valeant Pharmaceuticals is a multinational company that produces prescription and non-prescription
pharmaceuticals, as well as medical devices. It has a broad scope of branded, generic and over-the-counter
(OTC) products in various therapeutic areas among which dermatology and optical care are of profound
importance. Founded in 1959, Valeant is now active in over 100 countries, headquartered in Canada with
approximately 22,000 employees globally. The financial overview of Valeant Pharmaceutical as of 2018 is
displayed in Table 1.

Stock Price $22.08
Gross Profit $ 6,176,000
Operating Income $ 102,000

Table 1: Financial State of Valeant Pharmaceuticals. Retrieved from https://finance.yahoo.com/quote/VRX/financials/ (17 May
2018).

Valeant’s manufacturing plants are spread over the globe among which US, Brazil, Mexico, Germany, and
Poland facilities are the major ones. Additionally, there is a vast number of warehouses and distribution
centers worldwide. Valeant Amsterdam, however, is a logistics center where forecasting, SC planning, and
logistics decisions are made for several countries, and for products in the sectors of eye-care, pharma (drugs,
vaccines, OTC products, etc.) and medical devices. The project under description will be conducted in the
Pharma planning team. The team members ensure a smooth and optimized SC by acting like a bridge
between suppliers, warehouse managers, logistics managers and the wholesalers. Their main responsibilities
are:

e ensuring a high level of demand forecast accuracy

e determining the safety stock level

e managing the inventory levels in the warehouses

e minimizing obsolescence risk, inventory holding costs and backorders
e maximizing the service level to customers

The pharma planning team, consisting of 6 planners, is responsible for the demand planning of more than
25 countries in the Europe, Middle East, and Africa (EMEA) region. For each country, the planning is
performed monthly, and 6 months in advance, e.g. the inventory levels of November are planned in May.


https://finance.yahoo.com/quote/VRX/financials/

The production lead time is, on average, 4 months with slight differences among the products, whereas the
forecasting horizon is set as 18 months with the primary focus on the current year. The pharma team usually
sells its products to wholesalers, but in rare cases the products are sold directly to pharmacies and hospitals.
The products are not sold to any parties (wholesalers or hospitals) when the remaining shelf life is below the
12-month level; which is set based on the contracts between Valeant and its customers.

1.3. Research Goals

The management board and the pharma demand planning of Valeant have complaints about the time
inefficiencies in their demand planning procedure, and its impact on their key performance indicators
(KPI’s). The problems they face; e.g. data quality issues, poor communication among the SC participants,
poor design of the forecasting actions, fatigue of the demand planners over the planning horizon, and thereby
agile decisions due to time limitations lead to a sub-optimal SC planning. In a lean perspective, this is due
to the “waste” throughout the planning cycle, i.e. using the planning time inefficiently. It is believed that the
underlying reasons for the “time waste” is the lack of a standard data sharing tool which jeopardizes the data
quality through the planning cycle, the differences between the planning processes for different countries
due to the lack of standardization, and finally the manual forecasting due to the inefficient use of the
automated forecasting tool. Spending the time inefficiently either leaves the planners with less time to
concentrate on the planning-oriented actions, e.g. forecasting, replenishment and ordering; or extends the
lead time over its monthly horizon. The demand planners need to overwork from time to time, or take agile
decisions for the sake of fulfilling the planning deadlines. As SC planning is a part of the lead time itself,
the time inefficiency in the planning part results in late deliveries, inventory building, backorders, and low
forecast accuracy, etc. in the SC (Stadtler, 2005). Thus, Valeant experiences the negative influence of the
inefficient use of time through the demand planning cycle on its SC performance.

This project aims to find the key points of Valeant’s planning process that lean principles can be applied for
“time waste” elimination, to ensure the smooth flow of information, value creation for customers and a better
performing SC. Once the stages in the planning procedure leading to time waste are confirmed,
countermeasures to those ill stages will be recommended. Since the main objective is to increase the
performance of the demand planning department, the impact of the suggested process improvements on the
SC performance will be tested. To conclude, the project is dedicated to test and accept the hypothesis below:

Hypothesis: Ensuring efficient use of time in the demand planning process leads to higher SC performance
for Valeant.

In light of the project goals and the hypothesis, a number of research questions are developed:

Question 1: What are the stages, stakeholders and their roles in Valeant’s SC planning procedure?
Question 2: What are the bottlenecks in the data flow of Valeant’s SC planning?
() What is the duration of each task throughout the cycle? What is the overall flow of activities through

the cycle?
(b) What is the impact of the duration and order of the actions on the SC performance?

3



(c) What are the aspects that lead to time waste in the cycle, observed by mapping the process?

Question 3: To what extent can the SC performance be increased by ensuring the time efficiency of the
demand planning process?

(2) How will “time waste” eliminations influence the overall SC performance?
(b) How can the observed bottlenecks be eliminated from the SC planning cycle?

1.4. Research Plan

As the starting point of the project, an extensive body of literature is viewed to support the project with a
theoretical background. The literature on lean and six-sigma is studied to comprehend the essence of the
lean philosophy. To gain more insight into pharmaceutical SCs and SC planning, a vast amount of scientific
studies is read. Finally, literature about business process management (BPM) is scanned to understand the
structure of developing improvement suggestions for a process and implementing them in an organization.

Through the preliminary literature scan, it is understood that the lean and six-sigma is a toolbox that is loaded
with several methodologies. Among several tools in the lean and six-sigma field, DMAIC is selected as the
most convenient methodology to pilot the project. DMAIC (define, measure, analyze, improve and control)
is a data-driven lean & six-sigma methodology with the process improvement target (Sokovic, Pavletic &
Pipan, 2010). The reason that DMAIC is selected over other lean & six sigma methodologies is that DMAIC
takes data as the foundation to perform a statistical analysis and uses data to infer the “waste” in a process
(Gentleman, Hornik & Parmigiani, 2012). Therefore, the essence of DMAIC is more in line with a graduation
project in the field of Operations Management & Logistics due to its basis of analytics, data, and quantitative
modeling.

In the define phase, the planning process of several countries is examined with their planners and the
planners’ complaints about the planning are collected. Based on the observations and collected complaints,
problems in the planning process are established. The measure phase is appointed for quantifying the
problem and determining its severity. To this end, data including information about the time spent in a
planning cycle is collected. This data enables the researcher to map the flow of the planning activities and
the pace of each activity. Furthermore, to be able to analyze the effects of time inefficiencies on the SC
performance, data displaying several SC KPI’s (i.e. backorders, obsolescence risk, forecast accuracy) is
collected. The essence of the analyze phase is to apply statistical analysis on the collected data, in order to
comprehend the root causes leading to time waste in the planning process. Once the root causes are found,
improvement suggestions are developed. This brings about the improve phase. The improvement ideas are
constructed based on the literature and the analysis conducted in Chapter 5 and 6. Finally, the idea of the
control phase is to implement the countermeasures developed in the improve phase and to monitor whether
they yield the anticipated results. However, due to the time limitations of the graduation project and the
independence of the executive decisions of Valeant, this paper is not able to perform the control phase of
the DMAIC cycle.

To conclude, the project is designed to follow a DMAIC cycle in order to improve the SC performance by
increasing the time efficiency of the demand planning process. The project is outlined in Figure 1.
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Figure 1: The research outline




Chapter 2 - Literature Review

The introduced problem focuses the attention on the existing literature in the segment of the SC planning,
SC of multinational pharmaceutical firms, SC performance, lean, six-sigma and BPM tools. This section
provides an overview of the current literature on the diverse areas regarding the construction of this
graduation project.

2.1. Supply Chain Management

SCM involves decision making that will influence production, inventory management, distribution and many
others; and aims to ensure on-time delivery to the customer with the right amount, right price and the right
quality.

The literature covered in this section gives insight into the operations of SCM. The first subsection outlines
the key research papers for the project at hand, with a profound focus on whats and hows of SC planning
without industry specification. The second section is dedicated to the SC and demand planning for the
pharmaceutical industry. The last section introduces the major SC KPI’s used by Valeant Pharma demand
planning department and covers the related literature. For more in-depth information about SC planning, SC
planning for the pharma industry and SC performance measure, the reader is invited to study Stadtle et al.,
(2015); Narayana, Kumar Pati & Vrat, (2014); and Chae (2009) respectively.

a. Supply Chain Planning

Stadtler (2005), provides an overview of SC planning stages and their hierarchical sorting, from production
and demand planning to transportation planning. He highlights the importance of Advanced Planning
Systems (APS), and the quality of the data shared through the SC, when it comes to customer satisfaction
and SC performance. Forecasting is claimed to be one of the major points of the demand planning, and it is
stated that achieving forecast accuracy is key to SC performance excellence. The APS is pinpointed due to
its ability to include several important factors that may influence demand forecasting, compared to
conventional methods of forecasting, e.g. Winter’s method, moving average method, etc. Since Stadtler’s
paper (2005) draws attention to the data quality in demand planning, which is highlighted as one of the
problems of VValeant Pharma Demand Planning department, it is an important addition to the literature review
of this project. Moreover, he stresses the vitality of the APS for an accurate forecasting; which is a key
performance indicator of Valeant that is desired to be improved by this project. The paper also enables the
researcher to comprehend the operational tasks of the demand planning department of Valeant from a
theoretical perspective, since it outlines the SC planning stages and their interdependence.

Microsoft Dynamics CRM (2008) provides numerous examples from the business world where
multinational companies experience problems in terms of their demand planning, e.g. low forecast accuracy,
high levels of inventory accumulation, backorders and obsolete inventory. Forecasting is stated as vital in
the pursuit of SC excellence and a well-functioning demand planning procedure, since it prevents the
working capitals, obsolete inventory and lost sales. When it comes to forecast accuracy, the article highlights
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the fact that forecasting tools and APS outperform the manual forecasting performed by demand planners,
as the former includes many variables into account for the demand forecasting where incorporating those
variables manually by forecast specialists are infeasible or time-consuming. Moreover, the existence of an
enterprise resource system (ERP) is also stated as an advantage for a SC, since it allows the stakeholders to
use the same data with their partners in the SC, hence ensures completeness, accuracy and quality in the
demand planning. Due to the examples it uses from real-life cases, the SC problems it touches, e.g.
obsolescence, forecast performance, backorders and high inventory levels, and the solutions it suggests
coping with those; the article is in alignment with the issues that VValeant faces in its demand planning.

b. Supply Chain Planning in Pharmaceutical Industry

Methodologies regarding the process improvements in the pharma SCs are mostly observed to be in the form
of mathematical optimization models. To illustrate, Lakhdar & Papageorgiou (2008) develop a Mixed-
Integer-Programming solution to the medium-term production planning of pharmaceutical manufacturers
under demand uncertainty. The mathematical optimization model in the paper is constructed considering
lead time, shelf lives, inventory holding cost, and uncertain demand; in order to maximize the overall profit
gained from manufacturing. Even though the project at hand is not constructed to use analytical optimization
techniques such as cost minimization or lead time reduction models, the paper is important since it touches
to the SC problems (e.g. inventory problems, product expiration, etc.), which constitutes the major issues
that Valeant suffers from.

Aside from mathematically-constructed solutions, Chowdary & George (2011) apply lean principles to the
manufacturing phase of a pharma company. To this end, the existing process is displayed via process
mapping techniques through the paper. Creating a future process map leads to process improvements in the
manufacturing phase and shows its effects in decreased lead time, cycle time and work-in-progress (WIP).
This study defers from the project at hand as it tries to apply a lean transformation in the manufacturing
aspect of the SC, yet it brings a significant contribution to the literature scan since it uses lean principles and
process mapping in the pharmaceutical industry.

It is found by Jaberidoost, Nikfar, Abdollahiasl & Dinarvand (2013) that pharma firms’ problems related to
their SC are mostly internal issues, originated from process complications and deficiencies in within-firm
communication. The convolution of the pharma industry pushes the pharma companies to adapt tactful SC
improvements to gain a competitive advantage in the market.

Candan and Yazgan (2016) point out that the high complexity of the pharma SC stems from long set-up
times, critical shelf life, obsolescence risk, and high volumes of waste produced throughout the
manufacturing process. Additionally, the lack of control over the end customer, since pharma companies
reach out to the customers via wholesalers, puts a burden on the SC planning due to the discrepancies
between forecasted and actual sales.

Garza-Reyes, Betsi, Kumar & Radwan Al-Shboul (2018) seek to divulge the level of readiness among
pharma companies when it comes to applying lean principles into their operations. They revealed the fact
that the vast majority of the pharmaceutical companies in the European market have not adopted the lean
philosophy into their day-to-day operations.



Those papers reflect the reality which Valeant should get a grip on; since Valeant as well has not fully
adopted the lean principles into its production scheme and its operational processes. Since the paper sheds
light on the lack of acceptance for the lean paradigm in the pharma industry, and the difficulties experienced
in terms of change management during the lean transformation, several lessons are learned from the paper
which will be valuable for Valeant in the implementation of the process improvements suggested by the
paper at hand.

c. Supply Chain Performance Management

Valeant Pharma Demand Planning department uses forecast accuracy inventory level, and finally the
monetary value of backorder value and obsolete inventory for the monthly performance tracking of the
countries. This section is dedicated to analyzing those 4 performance measures and their interdependencies.

Pay (2010) defines the reason behind the obsolete inventory as the uncertainty in both the supply and the
demand side. Stating that there is usually a gap between the supply side’s interests and the demand side’s
expectations, he points out the importance of demand planning to merge and harmonize those interests to
fight against obsolescence. He also emphasized the role of new product launches in the obsolete inventory,
as the SC managers tend to assume that new launches will sell tremendously, and therefore build huge stocks
without conducting a comprehensive market and supply/demand analysis. Not planning the launches
thoroughly and blindly building up inventory mostly result in low sales of the new products, leading to piles
of obsolete inventory. On the other hand, the products that are no longer in production but still in the market,
which are defined as discontinuous items, are even a more severe threat to the obsolescence risk. Pay’s
argument is in line with Valeant’s situation, since every year several new medical products are launched,
and even more are discontinued; leading to the fact that in 2017 those items constituted the 38% of Valeant's
obsolete inventory. This paper contributes to the project by explaining several causes of obsolete inventory,
and by establishing the importance of demand planning to halt obsolescence.

Ahlawat & Martinez (2016) conduct a research to understand the importance of forecast accuracy, and the
reasons behind the backorders for the companies in the health care sector. By collecting data from a medical
tool manufacturer, they perform a regression analysis between backorder value and several other factors in
SC (e.g. forecast accuracy, on-hand inventory, supplier production rate, production lot size, etc.). By doing
so, they affirm that there are numerous reasons behind backorders and lost sales, among which the forecast
accuracy is of great influence. Moreover, they prove that the uncertainties in the supply side such as
production disruptions, quality issues, etc. have a great impact as well on the backorder level. In order to test
the level of the influence of those factors on the backorder level, they build a simple simulation model of the
inventory system of the medical company. Firstly, this paper is vital in the sense that it provides information
on the forecast accuracy, backorder, inventory level etc., which are the main performance measures for
Valeant’s demand planning. Moreover, the methodology used in the paper is thought-provoking, since it
merges the analysis of SC performance with the demand planning activities by using analytical methods
such as data mining, regression analysis and discrete event simulation. Such an approach might be suitable
for the project at hand with some alterations; which will be discussed later in Chapter 4.

Plossl (2018) highlights the importance and the challenge of finding the optimal level of inventory for a
manufacturing company. He claims that inventory levels should not be performance indicators themselves,
however, should allow the demand planners to use it as an insightful measure for setting up the safety stocks
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and replenishment amounts more accurately. It is also stated that in every manufacturing company low level
of inventory is desired; yet achieving such levels is only possible if forecasting is performed accurately and
safety stocks are set to their optimal levels. Furthermore, he points out that the reason for the difference
between the projected and the actual level of inventory can be manifold, e.g. obsolete inventory, production
problems on the vendor’s side, inaccurate forecast, etc. Since it reflects the importance of keeping the records
of inventory levels for a demand planning department of a manufacturing company and differentiating the
inventory level records from other SC KPI’s, the paper is of great importance for this project as Valeant
keeps those records for the same reasons. Moreover, it helps the researcher understand the dynamics between
several performance indicators, i.e. backorder levels, forecast accuracy, obsolete inventory, etc. which are
the three main SC KPI’s that Valeant uses for monthly reporting.

2.2. Lean Principals and Six-Sigma Tools

In this section, a general knowledge in lean paradigm, its applications in the work environment, and various
waste elimination tools are provided. For more comprehensive interpretation of lean principals, its history
and several lean applications in the workplace, the reader is directed to Womack, Jones & Roos (1990).

Womack et al. (1990) define lean as a way of thinking that aims to specify the value in a work process, to
ensure a smooth flow of value along the work cycle by continuous improvement in the pursuit of perfection
and efficiency. To this end, they underpin the vitality of value stream in order to observe non-value-added
process stages, so-called Muda (waste), so that the waste can be eliminated from the cycle to bring value to
the end customer. Womack et al. (1990) shed light on the history of lean philosophy by highlighting Toyota
Production Systems — Toyota’s production outlook in the Post War period. They introduce several
methodologies in the lean toolbox, e.g. A3 method, 5-Whys, Plan-Do-Check-Act, etc. to provide an
understanding to the reader that the lean paradigm is a philosophy and can be applied into any context as
long as the correct methodology is selected based on the problem content. This implies that for the project
at hand where the aim is to apply a lean transformation in the demand planning process of Valeant for higher
SC performance, it is crucial to select the most suitable lean tool.

Later, Womack & Jones (2003) exploit the value stream mapping, for process improvements, by explaining
it as ‘the simple process of directly observing the flows of information and materials as they now occur,
summarizing them visually, and then envisioning a future state with much better performance’. In light of
this description, they examine the stages of using extended value stream mapping; from creating the visual
map to analyze the bottlenecks on it, and from provisioning the to-be map to applying necessary actions for
business process improvements. Abdulmalek & Rajgopal (2007) use value stream mapping as a lean
technique with a case study where they aimed to bring process improvements in a steel mill. Their study
brings a novelty in the lean literature in the sense that it is applied into a process sector. For process
improvements, they identify three aspects from the current value stream map, i.e. transforming from a push
system to a pull system in terms of production, establishing shorter but more frequent maintenance times
and finally ensuring shorter setup times. Once they detect the improvement points, they design a to-be value
stream map, and in order to investigate the outcome of the future process map, they build a simulation model
of the to-be map. The simulation model of the future state is built in Arena, where the three improvement
points have two levels and each factor-level combination is replicated multiple times in order to examine the
alterations in the process lead time and WIP. It is seen that the suggested improvement points can bring



about a 70% reduction in the process lead time and 90% reduction in the WIP. However, the paper stresses
the vital importance for the project at hand in the sense that it adopts a lean transformation approach for the
process improvement and uses process mapping and simulation techniques to analytically examine the
expected outcomes of the proposed lean solutions. Nevertheless, Abdulmalek & Rajgopal (2007) still try to
improve production related performance metrics, i.e. manufacturing lead time and work-in-progress.
Moreover, there are several differences between a steel mill and a pharmaceutical company in terms of
production, information flow, and product content and performance metrics. Nonetheless, the use of
simulation and scenario experimentation to reach the best possible performance outcome in a production
environment brings great inspiration for the problem of this paper.

Salah, Rahim & Carretero (2010) define six-sigma as a descriptive methodology to continuously increase
quality and reduce variability in order to accomplish a higher process performance. Upon the definition of
six-sigma, they compare lean and six-sigma as the most common continuous improvement approaches by
analyzing their similarities and differences. Although their focal points are diverse — lean focuses on waste
elimination and process efficiency, whereas six-sigma concentrates on quality assurance — they have a
common ground which is to create value along the material/information flow. Therefore, they emphasize the
importance of the integration of former and the latter to achieve service excellence. Later, they introduce the
DMAIC (define-measure-analyze-improve-control) phenomenon as a robust and well-defined structure to
apply lean principles and six-sigma methodologies; and elaborate on the dynamics of each phase of DMAIC.
As mentioned in Chapter 1, DMAIC is the backbone for the framework of this project; therefore, this paper
is a major contribution for shaping the DMAIC cycle throughout the project.

In their book, Gentleman et al. (2012) bring to the literature extensive information about how to apply
DMAIC cycle by using R programming language. The book is inspirational in the sense that it combines
scientific methodologies e.g. statistics, simulation, analytical modeling etc. with a practical way of thinking
within a business context; which makes it applicable for the project at hand since the project opts to improve
Valeant’s SC performance by applying a scientific methodology. For each stage of DMAIC, from define to
control, they promote several methods to be applied in R programming and give hints for a more qualified
and more straightforward project management approach. Exclusively, the tools he introduced for the analysis
part of DMAIC, i.e. regression methods, statistical tools for outcome evaluation, etc. galvanize the researcher
into seeking approaches to use R and regression analysis for the project at hand, in the analysis part of the
DMAIC cycle.

2.3. Business Process Management

Gerth (2013) defines business project management (BPM) as “a management approach that comprises the
creation, development, maintenance, and optimization of business processes in enterprises and institutions”.
Since the project attempts to improve the demand planning performance by making modifications in the
planning process, comprehending the literature about process optimization, process redesign and process
management is meaningful.

Van der Vorst & Beulens (2002) examine the benefits of process redesign in order to reduce the uncertainty
in the supply and demand side of a SC, and hence to increase the SC performance in general. As the process
lead-time of the demand planning is an essential part of the overall lead time, he draws attention to the
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process improvements in the demand planning to achieve higher SC performance. To this end, he highlights
the importance of investigating the existing system in order to detect the factors leading to uncertainty and
inefficiency. Only after creating the existing process map, it is logical to design a to-be map by bringing
suggestions to clean the non-value-added elements from the process. He also emphasizes the vitality of
analyzing the expected outcome of the process redesign project, and to try several alternatives in order to
reach the best performing to-be process before implementation. Van der Vorst & Beulens’s work provides
a basis for this project by stressing the importance of process lead time as a part of the overall lead time of
a SC, and hence the importance of process improvements to boost the SC performance. Moreover; the
methodology it suggests, i.e. to create the as-is process map first and experiment several alternatives before
designing the to-be map, helps the researcher to build her own approach accordingly through the project.

Reijers, & Liman Mansar (2005) defines three stages in a business process re-design. The first stage is to
understand the requirements of the new business process design by the operational employees who are
exposed to the current business process. The second stage, design, is the period where several solutions are
applied to reach the requirements and the best alternative is selected for the implementation; which leads to
the last stage - implementation. He also introduces the trade-off between cost, flexibility, time and quality
which is defined as the devil’s quadrangle. The devil’s quadrangle means that while increasing one factor
from the set of flexibility, cost, time and quality, at least one other should be compromised. Such relationship
is crucial to understand for this project as well; since the researcher claims that if more time is spent on the
value-added demand planning activities, the quality of the work, i.e. the SC KPI’s will increase, as in
Hypothesis 1. Therefore, the findings of Reijers & Liman (2005) are in line with the researcher’s hypothesis.

Lau, Ho, Zhao & Chung (2009) adopt a BPM approach in order to increase the performance of a SC network
and ultimately the customer satisfaction. The aim is to ensure high-quality products moving along a smooth
SC process. The paper applies a process mining approach, i.e. a technique to analyze and optimize business
processes via event-related data. Process mining differs from other BPM techniques, since it takes a bottom-
up approach by starting to analyze the process data before creating an optimized design of the process. Van
der Aalst (2018) states that process mining functions as a process mapping tool, since it visualizes the flow
of actions taken through the process by also illustrating the frequency and duration of the actions. Therefore,
process mining allows the researcher to observe the different paths taken for the same process, bottlenecks
and improvement possibilities via a process map. The paper is valuable for the project since it introduces
new and more analytical techniques, i.e. process mining, to map the process for process improvements
compared to the mapping tools proposed in the lean paradigm.

2.4. Research Gap

Regarding the project discussed in this report, firstly the literature on the SCM and planning is covered. The
literature on the subject is vast; discussing the major stages of the SC planning, the interdependency and the
hierarchical relation of the stages and their contribution to transmitting the product to the end customer.
Numerous methodologies to overcome inefficiencies in the SC paradigm are proposed, however a limited
number of those exploit lean principles in the manner where a holistic view on the process improvement is
preferred to the optimization of a single/multiple stages of SC. The majority of the papers focus on the end
results of the SC, e.g. to increase the forecast accuracy by changing the forecast algorithms, reducing the
backorder by changing the lot size, etc. However, a research paper that draws the attention to the planning
process and its improvement in terms of time efficiency is not encountered through the literature review.
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Moreover, many of the proposed techniques involve theoretically strong models to solve SC issues, yet lack
the practical applicability in real life cases.

BPM is covered as a field of literature that investigates the process improvement and optimization tools, in
addition to the lean paradigm. BPM completes the lean paradigm in the pursuit of process improvement by
informing the reader about the trade-offs between several aspects of a process, i.e. flexibility, cost, quality
and time. It also provides knowledge about the stages of a process improvement project. Yet, when the
literature review over BPM is considered, what is missing is a quantitative approach. The papers do not
include a case study where a real-life process is examined with numerical methods, instead they provide a
conceptual framework to follow in a business process re-design project.

Finally, the lean thinking and recipes to become lean are introduced. Papers examining the advantages of
lean principles, lean and six-sigma tools in diverse industries are ample in the literature. Nonetheless, a
miniature group among all studies investigates the applicability of lean principles into SC planning process,
more specifically in the demand planning process of a pharmaceutical company. Instead, the literature turns
the spotlight into lean management in manufacturing by mostly focusing on lead time reduction and quality
assurance.

To conclude, the literature combining those several aspects, i.e. pharmaceutical industry, SC planning, BPM
and lean thinking, is sparse. The paper at hand intends to fill the gap in this manner by providing a
methodology that leads to an efficient SC planning within a pharmaceutical manufacturing company via lean
transformation and BPM techniques, in the pursuit of increasing the SC performance. Therefore, this project
is a significant contribution to the related disciplines, as it combines the 4 literature fields covered in this
chapter within a real-life problem. The versatility of this project’s focal points is demonstrated in Figure 2.

Pharma
SC
Planning

Figure 2: Research Gap and the Place of This Project in the Related Literature
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Chapter 3 - Define

It is stated in Chapter 1 that the DMAIC methodology of the lean & six-sigma toolbox is selected to outline
the project at hand. Define is the first phase of the DMAIC cycle where the objective is to select and define
the problem under investigation. While the problem is defined, a high-level process map is drawn, and the
targets of the project are set. In light of the purpose of this stage of the cycle, the first section is about problem
definition and conceptual process mapping. The second section is for setting the targets of the DMAIC cycle.

3.1. Problem Statement

In order to perform a comprehensive and effective DMAIC cycle, defining the problem correctly is vital. To
be able to define the problem, each demand planner in Valeant Pharma team is interviewed. The interviews
constituted the first 3 weeks of the project, where the day-to-day tasks of the demand planners are observed
and noted, and evaluated by the researcher. The actions, their intended orders, the stakeholders involved are
outlined in Table 2 in chronological order for a monthly period, from day 1 to day 30. Based on the
information in Table 2, the process is conceptually mapped in Figure 3.

Day Actions

The first Monday of the month, each planner in the supply chain planning team starts
gathering the new available information for the current month’s planning, for each EMEA
country. The data collection includes:

e The history and the forecast data of ex-factory sales (sales to wholesalers)

e The history and the forecast of sell-in data (sales from wholesalers to pharmacies)

e The stock level of wholesalers

e The stock level in the warehouses

e The history and forecast of sell-out data (sales from pharmacies to customers)

e Open orders of Valeant — orders that have been initiated, but not received yet

e Shipments in progress
The planners gather the data through several stakeholders via e-mail communication. For the
ex-factory data, the planners contact internal sales department. The data regarding the stock
level, sales and demand of the wholesalers are gathered via a 3" party data provider called
IMS. IMS further provides the sell-in data. All aforementioned data is available in the Excel
format. On the other hand, the stock levels at the warehouse, open orders and shipments are
checked from in-house stocking software; and for the sake of compatibility they are copied
on the overall Excel sheet as well. Once all the required data is collected, a master Excel file
named Forecast Pack is constructed. The Forecast Pack displays the trends in the forecast
accuracy, sales and stock levels with historic and predicted values; and accumulates the new
data intake. It calculates the sales forecast, expected inventory levels, backorder and
obsolescence risk based on the data input and the formulas in the pack. In other words, it
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serves as a data archive and performance dashboard of each month’s planning on the country
level.

The collected data is investigated, and four different reports are prepared for the
management, i.e. inventory report, obsolescence report, backorder report and forecast
accuracy report. The inventory report includes current total inventory in each warehouse and
in internal/external suppliers. It also displays an overview of how long the current inventory
will be sufficient to fulfill the demand, based on the forecasted demands. The obsolescence
report highlights the historical and expected average obsolescence risk (in monetary value
and as number of products) for each product, calculated based on the last 6-months historical
and next 6-months forecasted sales. In the backorder report, the products that go into the
category of backorder during the month are displayed. For each backordered product, the
start and end date of the backorder is presented; and in light of these, the total number of
backordered product unit and their monetary value are shown. Finally, the forecast accuracy
report shows the differences between the actual and forecasted sales.

3,45

Once the reports are prepared and the forecast pack is built, the planners check the sanity of
the reports and the forecast pack. They compare the current month’s value with the last
months’ to see if there are unexpected issues, and if yes they investigate the discrepancies to
find the root causes. By the end of the 5" day, they send out the finalized versions of the
reports and the forecast pack to each stakeholder to receive their feedbacks.

6,7,8

The feedbacks regarding the forecast pack and the reports are gathered from all stakeholders,
and they are examined to check whether stakeholders have made some unexpected changes.
The products with backorder or obsolescence risk, or with low forecast accuracy are
highlighted. In light of these, the next three days are appointed to hold meetings with
production engineers, distributers, marketing department and suppliers to discuss
problematic products and unexpected changes made by other stakeholders.

Based on the discussions and updates, the forecast pack is finalized and uploaded to the
within-firm system called JDA; which is an advanced planning optimization tool that
supports the data flow between the supply chain planning team and the production sites. JDA
is also used for the demand forecasting of some counties, since it displays an automated
forecasting based on the historical sales data.
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Starting from the 10th day, the replenishment cycle starts. Based on the stock levels,
obsolescence risks, open orders and forecasted demands, the supply chain analysts give
orders to the suppliers for the upcoming 6 months; considering the lead time, minimum order
quantities, and shelf lives of different stock keeping units (SKU). The replenishment policy
is determined as an (S, s) policy, i.e. once the inventory level drops below a predetermined
level (s), an amount that will increase the inventory level to (S) is ordered (Zheng &
Federgruen, 1991). When the planners finish their preliminary replenishment planning, they
meet with the stakeholders once more to discuss the order levels’ feasibility. Later, the orders
are sent based on the agreed levels.

10" and
onwards

Table 2: Actions and their descriptions in a chronological order through the monthly demand planning cycle

Week 1 Week 2 Week 3 Week 4
) A | |
|
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Daji 2 « Arrange demand consensus « Improvement projects
«  Inventory report meetings
Obsolescence report M
Backorder report - Finalize FP
Forecast accuracy + Upload to JDA
report
Day3.4.5

Send out the FP and the
reports

Figure 3: The conceptual map of the monthly demand planning cycle

As one can observe, the cycle is highly complex, involving several different stakeholders with diverse roles,
different geographical and governmental constraints. Moreover, the replenishment planning requires a
detailed eye, since many parameters are interdependent in a timely manner. Due to the high complexity, the
data accuracy throughout the process is vital. The presence of an ERP system accelerates the data gathering
process and ensures the data accuracy (Myerson, 2013). However, since Valeant pulls supply chain planning
data by receiving Excel sheets from each stakeholder instead of retrieving it from a common ERP system,
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and the data sent to them are mostly unreliable or not accurate; they have to spend considerable time in
ensuring the data reliability. This causes the team members to have less time available to concentrate on the
actual planning phase, such as increasing forecast accuracy and improving order decisions. Furthermore,
JDA, the advanced planning optimization tool, is often not used for the forecast accuracy and replenishment
decisions, but mostly for communicating with internal suppliers and assisting them with their production
planning. This under-utilization of JDA is derived from the fact that many of the markets for which the
pharma team is responsible have not integrated JDA to their overall system. Therefore, for those countries,
the planners need to manually calculate the predicted sales by the help of several forecasting algorithms,
such as smoothing methods, moving averages, etc. (Stadtler et al., 2015). However, it is more efficient to
receive the forecasts from JDA and analyze the abnormalities and outliers and manipulation only those;
instead of performing the forecasting manually for each stock keeping unit (SKU) (Myerson, 2013). Another
problem the planners suffer from is the lack of standardization in the planning procedures of different
countries. The interviews with the planners reveal that each country has their own way of communication
among the supply chain parties, different forecasting methodologies, different information sharing levels
among the stakeholders (some countries do not include the sell-in and sell-out data into their forecasting,
and only focus on ex-factory sales), and different reporting methods. When this is the case, the harmony
between the planners and their procedures is missing. This further leads to the difficulty of creating common
reports for the pharma team’s overall success and jeopardizes the ability of taking common improvement
actions.

3.2. Target Setting

Presumably, there are several underlying reasons in different phases of the SCM which lead to low SC
performance, e.g. poor forecasting algorithms, sub-optimal safety stock levels, product quality issues, etc.
Nevertheless, when a helicopter view is adopted examining the process from a holistic approach, there is
expected to be a relationship between the temporal aspects of the demand planning and the SC performance.
This project’s scope is restricted solely for the interaction between demand planning lead time (as part of the
overall lead time) and the SC performance. As hypothesis 1 suggests, it is claimed that time wasted driven
by the issues outlined in Table 2 reflect themselves by lowering the SC performance. Therefore, the project
aims to reduce the time waste and hence increase the SC performance of Valeant.

Valeant Pharma Planning Department uses 4 SC performance measures each month, i.e. forecast accuracy,
backorder value ($), obsolete inventory ($) and inventory level ($). The monthly inventory level is calculated
in the beginning of the month by summing the on-hand inventory level and shipments in transit for each
SKU. The physical inventory level of each SKU is multiplied by the price of the SKU, and later the monetary
value is aggregated for all SKU’s.

Equation 1:

Inventory level ($)for a country = z Price ; * (Onhand inventory; + Shipment in transit;)
i

The forecast accuracy is calculated for the past month by dividing aggregated absolute forecast error to total
sales and subtracting this amount from 1.
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Equation 2:

Y.i'|Actual Sales; — Predicted Sales;|
£

100
2.1 Actual Sales;

Forecast accuracy (%) = 1 —

To calculate the backorder value, firstly the number of the days that the backorder exists is found, by
subtracting the day that the inventory level is zero from the day where the new orders arrive, and inventory
is replenished. Later, the number of the backorder days is multiplied with the average daily sale for the past
6-months to find the amount of lost sales. Lastly, that value is accumulated over all SKUs.

Equation 3:
Backorder Value ($) = Zi(# of backorder days); * (Average daily sales ($) of the last 12 moths);

Finally, the obsolescence value is calculated. For each SKU, the time available to sell the product is
calculated by subtracting required shelf life and the current month from the expiration date of that product.
Later, the predicted monthly average sales of the upcoming 6 month are calculated, and the average is
multiplied with the number of months available for sale. That is the expected sales till the obsolescence
point, and it is deducted from the inventory level of the current month. When this value is aggregated for all
SKU?’s, the country level obsolescence value is found.

Equation 4:

Obsolecence value ($) = Y ; Inventory level ($); - (Expiry month; — Shelf life; — Current Month) =
Average Monthly sales ($);

As Plossl (2018) states, the inventory level is not a performance measure, but rather an insightful variable
for other SC KPI’s. Therefore, inventory reduction is not included in the DMAIC target. On the other hand,
by ensuring a smooth functioning demand planning process where the non-value-added actions are
minimized, it is opted to:

e Increase the forecast accuracy,
e Decrease the backorder value,
e Decrease the obsolescence value.
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Chapter 4 - Measure

The measure stage of the DMAIC cycle is dedicated to collect information about the process under
investigation to transform the problem defined in the previous phase, define, into a measurable form (De
Mast & Lokkerbol 2012). Such form enables the researcher to conduct numerical and statistical analysis in
the upcoming stages, i.e. analysis stage. In order to obtain information about the process, one collects data
according to the purpose of the analysis, and in light of the gathered data the process is mapped. The current
chapter informs the reader on the data collection procedure. The chapter is concluded with the creation of a
more in-depth process map.

4.1. Data Collection

The problem of the demand planning department is defined previously as the inefficient use of time through
the monthly demand planning cycle, which leads to low SC performance e.g. low forecast accuracy, high
backorders, late order placement, etc. Since this complication is majorly driven by the time-related issues, a
time measurement of the demand planners through the demand planning cycle is necessary. Moreover, it is
noted previously that the demand planners have complaints about the lack of standardization in the demand
planning process, i.e. the order of the demand planning actions differ significantly from one demand planner
to another. Therefore, it is also key to collect information about the flow of demand planning actions for
each demand planner, or respectively for each country. Finally, since the main discontent of the inefficient
time usage is the low SC performance, measurements of the SC performance, i.e. SC KPI’s are a crucial part
of the data collection. Accordingly, in the data collection phase, the main goal is to gather information over
three major factors related to the problem at hand:

e Action types and order of the actions in the monthly demand planning process of different countries
e Time spent on the defined action types per country for monthly demand planning
e Main SC KPI's used by the demand planning department

a. Data Related to the Action Types, Action Orders and Time Spent on the
Actions

The major actions taken by the demand planners for each country are known, e.g. forecasting analysis, data
collection, reporting, replenishment analysis, etc., which are found in the define phase. Nevertheless, if
looked closer, those actions can be subcategorized depending on the context. In some occasions some actions
are skipped or delayed by the demand planners deliberately. Moreover, the actions are repeated when there
is new information available regarding the demand planning of a country, or the result of the action is
erroneous. Finally, each demand planner has his/her own way of working through the month and each
country has a different demand planning protocol, meaning that the order of the demand planning actions
differs from country to country and from planner to planner. When this is the case, the deviation between
countries” demand planning in terms of their time effectiveness and SC performance might stem from the
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differences between action types and action orders. Thus, it is crucial to collect data related to action types
and action flows. Furthermore, since the project aims to understand the effect of the time (in)efficiencies in
the demand planning process, one of the key data for the project is the temporal information of the actions,
i.e. how much time the demand planners spend per action through the monthly planning of a country.

Unfortunately, a comprehensive data of the action types, action orders and action durations is not available
in Valeant’s database. Thus, in order to get the necessary information, the researcher collected the related
data. To this end, a spreadsheet is created within the common cloud of the department where each demand
planner has access to the spreadsheet. The spreadsheet serves as a template for the demand planners to feed
in the information about the actions they take. Since the main objective is to measure the duration of the
actions taken by the demand planners, the spreadsheet is created based on a stopwatch approach. The
conventional method to get an estimation of the time that takes to complete a job is to use a stopwatch to
manually measure the duration between the start and the end of a job. Similarly, the spreadsheet built for the
data collection is created within Microsoft Excel with a Visual Basics for Application Computing (VBA)
code running in the background as a stopwatch. Consequently, the demand planners are required to fill in
the spreadsheet when they begin to a demand planning action by starting the stopwatch in the spreadsheet.
When the demand planners finish the actions that are triggered previously, they stop the timer in the
stopwatch. Based on the start and end time, the action duration is calculated in the units of minutes. When
the action is recorded via the stopwatch, the demand planner is asked to fill in an action description in the
list and the country of which the action is taken for. Since the demand planning is a monthly process, it is
important to obtain the action-related data for a complete month for the sake of completeness. Moreover, in
order to be able to compare and contrast the relationship between time efficiency and SC performance of the
different countries, it is key to have the data for all the countries under the responsibility of Valeant’s Pharma
Planning team. Thus, each demand planner is asked to fill in the common spreadsheet every work day for
the March 2018 with all the actions taken by him/her without exception, for every country he/she is
responsible for. Since the data is collected manually by including several different stakeholders, the data
collection process itself is challenging and prone to human error. In order to ensure the continuity of the data
collection by the demand planners, the researcher created a task reminder in the email server for each demand
planner. Moreover, to minimize the error, the researcher monitored the data fed in by the demand planners
on a daily basis in order to take immediate action to avoid errors or missing information. Additionally, in
order to ensure the correct scoping, the actions that are not related to demand planning, e.g. lunch time,
company trainings unrelated to planning, etc. are excluded from the spreadsheet. In order to reflect the action
durations correctly, several corrections are made as well. Since the general idea of the analysis is to
understand how the total time spent on the planning actions affects the SC performance, the time of the in-
between breaks is irrelevant to the analysis. Therefore, regardless of the type of the break, e.g. lunch time,
coffee break, end of the working hours, receiving a call, etc., if multiple consecutive actions possess the
same action description for the same country, those actions are accumulated into one row.

At the end of March 2018, the temporal data of the planning actions is obtained for 20 countries planned by
6 demand planners. When the data of the different countries is merged into one aggregated data sheet, it is
observed that there are numerous different action descriptions which in essence refer to the same action type.
Therefore, in order to catch the correct level of the granularity, it is decided to define some action categories
that are comprehensive enough to include the several action descriptions. When the aggregated data is
examined, and the action descriptions are evaluated with each demand planner, 13 diverse action categories
are recognized that cover all the action descriptions entered by all the demand planners (Table 3). In light of
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these descriptions, a column in the spreadsheet is added which shows the category of an action based on
Table 3.

Action Categories Description

Ad Hoc Actions that are not planned or expected, but require immediate solution

Finding solutions for the SKU’s that are under the risk of going to
backorder, e.g. fulfilling the demand by the inventory of another
country,
pressuring the supplier for early delivery

Data Gathering & Data Quality Collecting the data necessary for the forecast pack creation, sanity

Backorder Analysis

Assurance checks in the data, and ensuring data quality
Analyzing the forecast results created by the forecast pack, sanity check
Forecast Analysis (Manual) and if needed manually update the automatically produced forecast
values

Adding the required data into the common forecast pack which shows

Creation of Forecast Pack the historical and predicted value of the demand and supply

Logistics Decisions Decisions related to the transportation of the goods

Uploading the forecast pack into JDA to allow suppliers to start
production planning, retrieving the algorithmically produced forecast
values
Meetings with the product managers, suppliers, planners, marketing and
finance to agree on the reorder amount and reorder date for the SKU’s
Finding solutions for the SKU’s that are under the risk of expiration,
Obsolescence Analysis e.g. directing the excess inventory to other countries, starting

promotions with the marketing department.

Forecasting Analysis (JDA) &
Feeding JDA

Demand Consensus Meeting

Improvement Projects Projects to standardize the demand planning process.

Checking the forecast pack for each SKU to decide whether order a new
batch or not, if yes, to calculate how much to order and when to order

Creating the forecast accuracy, inventory, obsolescence, and backorder
reports for the management board

Meetings to improve the strategical decision making of the planning
Strategy Meetings managers, mainly strategies to decrease the inventory level, to halt the
quality issues, etc.

Replenishment Decisions

Reporting

Table 3: The action categories defined based on the categorization of the data

b. Data Related to SC Performance

There are several performance indicators when it comes to evaluating the success of a supply chain of a
multinational pharmaceutical company. One of the most common SC KPI's, especially in the demand
planning context, is the forecast accuracy. Forecast accuracy is a generic indicator of how well the planning
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department is doing in terms of predicting the future demands (Chae, 2009). Valeant keeps the records of
the monthly forecast accuracy for each country since 2015, therefore the forecast accuracy data is retrieved
from Valeant’s database.

In a SC, the customer orders are met with the inventory on-hand, and the unfulfilled demand due to the lack
of inventory is defined as backorder (Sari, 2008). The amount of backorder is dependent on the forecast
accuracy, since if the demand is predicted lower than the actual demand, the orders are not fulfilled and
backordered. However, it might also be due to some production issues, e.g. quality problems in the batches,
low production rates and downtimes in the production facility (Slee, 2016). The monetary value of the
backordered demand is also commonly used as a SC KPI for the demand planning. Accordingly, Valeant
reports the financial value of the backorders monthly.

Last but not least, the obsolescence risk or obsolete inventory level is a crucial SC KPI, since it measures
the amount and monetary value of the inventory that is impossible to sell due to its expiration. The obsolete
inventory is a great challenge for the manufacturing companies, since it comes along with tremendous
inventory holding costs and bears huge financial burden for scrapping (Chae, 2009). The obsolescence risk
is especially challenging for the pharmaceutical companies, since the medical products are highly regulated
by the governments and have a limited shelf life due to their active ingredients (Thummalapalli, 2010). Thus,
Valeant includes the obsolescence report in their monthly tracking list as well, for scrapping decisions and
in order to follow their performance in terms of expired products. As a common performance indicator in
the pharmaceutical industry, and thanks to the availability in Valeant’s database, the obsolescence risk
records are obtained as the 3" SC KPI data from Valeant’s database.

4.2.  Process Map of the Demand Planning Cycle

One of the key aspects of the measure stage of DMAIC is to create a process map by using the data obtained
through the data collection. A process map allows the researcher to visually observe the flow of the actions,
action orders and durations. It also classifies the actions as value-adding and non-value-adding; hence sheds
light on the parts of a process where there is room for improvement by minimizing or eliminating the non-
value-added actions. There are several techniques in the lean toolbox for process mapping. Value stream
mapping (VSM) is the most mainstream method for process mapping; showing the flow of material and
information through the process (Rother & Shook, 2003). VSM is mainly used in a manufacturing context,
displaying the inventory level, task duration and WIP for each action in the process, as in Chowdary &
George (2011). Apart from VSM, there are other tools as flowcharting, spaghetti diagrams, and brown paper
exercises, etc.; however, those tools solely show the workflow through the process with involved
stakeholders (Damelio, 2011). In comparison, VSM method is more suitable for the lean transformation of
a production line and highly detailed, showing the stock levels and WIP for each stage; whereas flowcharting
and spaghetti diagrams are high-level conceptual maps to observe the workflow. The VSM tool is not
considered as a good fit for the process mapping of Valeant’s demand planning cycle, since the flow item of
the demand planning process is the decisions, analysis and information created by the demand planners and
hence more conceptual than the material flow of a production line. It is neither convenient to define the stock
levels nor the WIP for a demand planning action; hence the main parameters of a VSM do not contribute to
a better insight into the process. On the other hand, the flowcharting and spaghetti diagrams lack the time
aspect of a process; showing only the decision points, stakeholders and action descriptions of a process.
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Therefore, none of the mainstream lean tools for process mapping is found to be applicable for the project
at hand; and another methodology outside the lean scope is sought.

During the literature study over the business process management, the concept of process mining is
introduced. VVan der Aalst (2018) defines process mining as a combination of data mining/machine learning
and process modeling/process analysis, a novel discipline that seeks to discover, observe, and optimize
processes via examining the event information (event logs). Event logs are the data available in the
information technology (IT) systems of an organization, displaying the time, content and actor of an event
from a process. By using the event logs, process mining tools enable the users to map the current process
(discovery), check whether it follows the intended standardized process description (conformance), and
improve the process bottlenecks (enhancement). Since process mining illustrates the workflow of a process
with the order, duration and frequency of the actions taken through the process; it facilitates the investigation
of the bottlenecks of the demand planning process from a lean perspective and from a more analytical angle.
For the purpose of the measure phase of the DMAIC, only the discovery feature of the process mining will
be used for this project, i.e. the process mapping. The data displaying the actions taken by the demand
planners for the monthly planning of the countries will serve as a base for the event log data. A classical
event log data suitable for the process mining must include three prerequisite factors, i.e. the time stamp of
the data, case ID, and activity description. Additionally, it may include information over the actors taking
the action, cost of the action, etc. Considering the data collected for this project, the time stamps are already
available since the data includes the start and end time of each action. Furthermore, the action description is
also entered by the demand planner. The resources, i.e. the actors performing the actions are also known as
the demand planners. Therefore, the case ID is the only missing factor to complete the event log data. Case
ID is a unique code given to the actions taken for the same process item. In the case of the monthly demand
planning, a case is the monthly demand planning of a single country. For instance, the demand planning of
United Kingdom (UK) is a case whereas the monthly demand planning of Hungary is another case.
Therefore, all the actions taken for the monthly demand planning of a country belong to the same case, and
they are given to the same case ID.

The next stage is to select the process mining tool. There are several process software tools in the market,
e.g. Disco, ProM, PPM, Celonis, etc. However, Van der Aalst (2018) uses Disco in his book, stating that
Disco is more scalable, user-friendly and robust than many other tools and easier to interpret. Furthermore,
Disco allows the user to increase/decrease the granularity of the process map depending on the desired level
of the detail. It also enables the researcher to observe the process in terms of frequency, i.e. the repetition of
the actions, and the performance, i.e. time spent on the actions. Due to its convenience and its allowance to
performance observations, Disco is selected as the process mining software.

Appendix A.1 shows the frequency process map, i.e. actions of the demand planning process and how many
times the actions or the paths are repeated, created on Disco. The numbers in the boxes represent the number
of times the actions are repeated by the demand planners for the EMEA countries’ demand planning in
March 2018. The numbers near the arrows represent the number of times the demand planners follow that
path during the month. More frequent actions and paths are highlighted with the tones of the color and the
thickness of the arrows respectively. One can observe from Appendix A.l that in reality there is not a
standardized flow of actions; instead the demand planners take different paths depending on the urgency of
the action, their preference, etc. The action categories that are taken repetitively during the month are
observed as forecast pack (FP) creation, reporting and replenishment.

Later, the process map is drawn from a performance point of view, i.e. based on the action durations, and
illustrated in Appendix A.2. Once again, the numbers in the boxes and the arrows represent the total time
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spent during the month for all the countries, for the actions and waiting times between actions respectively.
As one can observe, creating the forecast pack, solving data quality issues, and the replenishment decisions
are taking the most time of the demand planners. On the other hand, the waiting time between JDA upload
and replenishment is measured as the greatest waiting time.

Even though decreasing/eliminating waiting times from a process is one of the common approaches in the
pursuit of a lean process design, this project does not focus on the waiting times but rather on the action
durations. The reason behind this approach is twofold. Firstly, the waiting times visualized in the process
map (Appendix A) are on the country level. However, it is known that the demand planners are responsible
for many countries, and when they need to wait for the demand planning of a country, e.g. for JDA upload,
they continue with the planning of another country. Therefore, even though there might be waiting times
between two actions within the demand planning of a particular country, the planners are never idle
throughout the monthly planning cycle. This statement is proven by data, after observing the non-stop flow
of the actions taken by the demand planners. Secondly, the waiting time values are misleading, since they
include weekends, afternoons, and other non-planning activities. Thus, waiting times observed in the process
map are found to be irrelevant and deceptive, hence excluded from the scope of the analysis part. Instead,
the action durations are selected as the focal point of the analysis.
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Chapter 5 - Analyze

This chapter provides information about the DMAIC’s analysis stage in this project. Firstly, the analysis
method for this section, i.e. regression analysis will be introduced and the reasoning of selecting such an
approach is elaborated on. Later, the framework while building a regression model for the selected three
KPI’s is explained. In the final section, the findings of the regression analysis are presented.

5.1. Selection of the Analysis Tool

There are numerous tools available for the analysis part of the DMAIC, where the root cause of the ‘waste’
in a process is detected. The core of analysis is to define relationships between the output, the process and
the input. John, Meran, Roenpage & Staudter (2008) suggest several tools to be used in the analysis part of
DMAIC which will help the DMAIC user to comprehend the dependency between the process inputs and
process performance. Cause-effect diagram, value stream mapping, process mapping and regression analysis
are some of the tools suggested in Gentleman et al. (2012), among many others in the wide spectrum. For
the project at hand, a multivariate regression analysis is found to be the most appropriate tool, since
multivariate regression analysis displays the relationship between several inputs and the outputs via an
analytical model, where the magnitude and the direction of the relationship can be observed numerically. In
other words, multivariate regression in this project allows the user to understand the most influential action
types for the SC KPI’s, and also whether the time spent on the actions increase or decrease the selected SC
KPP’s.

Briefly, multivariate regression is a mathematical model which shows the relationship between multiple
explanatory variables and a dependent variable (McCarty, 2005), which is explained in Equation 5:

Equation5:y = ay * X1 + ay * X3 + 03 * X3 .o +E

Where y is the dependent variable, x,,’s are explanatory (independent) variables, a,’s are dependency
coefficients, and ¢ is the error term. During a regression analysis, a data set with some explanatory variables
and an independent variable is used, and the aim is to find the dependency coefficients. The coefficients are
found such that the sum of the squared residuals is minimized where residuals are defined as in Equation 6.

Equation 6:e; = §; — y;
where ¥ is the estimated value of the independent variable, and e;’s are the residuals.
The sum of squared residuals (SSE) is as in Equation 7:

Equation 7: SSE = Y;e?
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5.2. Data preparation

Considering the project at hand, it is needed to build three regression models for each SC KPI’s, i.e. forecast
accuracy (%), backorder value ($), and obsolescence value ($), where those KPI’s are the dependent
variables of their corresponding model. Since the aim is to understand the relationship between time spent
on the demand planning activities and the SC performance, the action durations are the main set of
explanatory variables. The data collected in Chapter 4 includes the temporal aspects of the planning actions.
However, before building the regression models, ensuring the data quality is crucial in order to conduct an
unbiased, accurate, and valid regression analysis.

Data preparation (pre-processing) is the act of forming the raw data into the intended format so that the data
analysis can be initiated. Data pre-processing is necessary for a data analysis, because the collected data can
be incomplete, noisy or inconsistent. In light of this, data cleaning incorporates missing value treatment,
outlier detection, and removal of inconsistent data (Gelper, 2016). The raw data collected at the end of the
measure phase is already processed in terms of missing data; since every working day the new entries are
monitored and immediately corrected and completed with the data planners. Therefore, at this stage of the
project, the data does not contain missing data. However, the data is not evaluated in terms of outliers yet.
In order to detect the outliers in the data, the time values of each action category are evaluated. In outlier
detection, the interquartile range (IQR) approach is used (Sullivan, 2018). Accordingly, if IQ0 =

Quartile ; — Quartile,, values outside of the range of Median + 1.5 * IQO are accepted as outliers.
Instead of eliminating those values from the data, the values are replaced with Median + 1.5 * IQO based
on its closeness to the upper or lower quartile. The reason for not eliminating the outliers is to keep the unity
of country-level data and to preserve the already-limited sample size, since the data solely includes the
information about one month of demand planning.

After the data cleaning, the data transformation and data integration are executed. For each country, the time
spent on the same activity category is summed up to construct a country-level aggregated data. Moreover, it
is considered that inventory value is highly influential in the SC performance, therefore added to the data as
another explanatory variable (Gunasekaran & Tirtiroglu, 2001). Finally, to monitor whether the expertise of
the planners is influential for a country’s planning KPI’s, binary variables showing if a country is planned
by a particular planner are integrated. Furthermore, country level KPI values (i.e. forecasting accuracy,
backorder value, and obsolescence value) are incorporated into the data. However, since the time data is for
the demand planning of March which is performed 6-months ahead, the demand planning decisions of March
is effective for the coming 6 + 1 months, i.e. September-October-November, and the KPI values for the
future is logically not available yet. Therefore, for the performance measures, the average value of each KPI
for September-October-November of last year (2017) is used in the aggregated data, by ensuring the stability
of KPI’s over years via monitoring the data. After following the aforementioned steps, the aggregated data
is ready to be used in the regression analysis.
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5.3. Modeling

Modeling is the part after data processing, where several models are fitted to the data for creating an
analytical model explaining the dependent variable with the explanatory variables. Through this section, R
Studio Version 1.0.136 is used to create the regression models.

The regression analysis is intended to bring three models:

1. Model for explaining the relationship between action durations (minutes), inventory value and binary
variables & 3-Months-Average Forecast Accuracy (%) of 2017

2. Model for explaining the relationship between action durations (minutes), inventory value and binary
variables & 3-Months-Average Backorder Value ($) of 2017

3. Model for explaining the relationship between action durations (minutes), inventory value and binary
variables & 3-Months-Average Obsolescence Value ($) of 2017

In order to see the individual trends of the selected SC KPI’s, while building a model for a SC KPI, the other
SC KPTI’s are excluded from the model. Therefore, it is assumed that the selected SC KPI’s are independent
of each other. In the pursuit of the model creation for 3 aforementioned relations, a regression analysis
framework is used based on Gelper (2016). All the variables used in the regression models are outlined in
Table 4, and the framework is outlined in Figure 4.

Variable Explanation Variable Representation
Ad Hoc tad Hoc
Backorder Analysis tgackorder
Data Gathering & Data Quality Assurance tpata
Forecast Analysis (Manual) trorecast
Creation of Forecast Pack tep
Logistics Decisions tLogistics
Forecasting Analysis (JDA) & Feeding JDA tjpa
Demand Consensus Meeting tMeeting
Obsolescence Analysis tobsolescence
Improvement Projects tproject
Replenishment Decisions tReplenishment
Reporting tReport
Strategy Meetings tStrategy
Inventory Value Inventory
Binary variables for Planners Dummy

Table 4: The explanatory variables used in the regression models

Based on the framework, the first step once a regression model is constructed is to check the correlation
between explanatory variables, since it is a multilinear regression analysis and the explanatory variables
should be independent of each other. To this end, the correlation between the explanatory variables is
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Figure 4: The regression framework created based on Gelper (2016)

checked with “vif()’ function of R, and the highly correlated explanatory variables are excluded from the
regression model. Later, the scatter plots between each explanatory variable and the dependent variable is
created with ‘avPlots()’ function to see if there are some analytical transformations needed (logarithmic,
quadratic, etc.). If the scatter plot does not display a linear relation, the transformations are performed
according to the shape of the plot. The next step is to check whether the explanatory variables are significant
in terms of their ability to explain the variance in the dependent variable. For this purpose, R constructs a
significance test as, Hy: @; = 0, claiming that the dependency coefficient of each explanatory variable is
zero. Therefore, in order to prove that the explanatory variables are significant, the null hypothesis should
be rejected, in order words p-values of the significance test should be less than the confidence threshold. A
rule of thumb in the regression analysis is to use 0.05-0.1 range as the acceptable p-value range ("Hypothesis
Testing (Critical value approach)™, 2018). Once it is ensured that all the remaining explanatory variables are
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significant, the next step is to check the goodness of fit of the regression model. For this purpose, R provides
R?, adjusted R?, and f-test for the model. R-Square explains the percentage of the variance in the dependent
variable explained by the explanatory variables (blog.minitab.com, 2018). Adjusted R-Square adjusts this
value by taking into consideration the number of explanatory variables. Hair, Hult, Ringle & Sarstedt (2013)
define R? values in range 1.00-0.75, 0.75-0.50, 0.50-0.25 as significant, moderate and weak respectively.
Finally, the f-test checks whether the level of variance in the dependent variable is significantly different
from O, and a p-value smaller than 0.05 is an indicator of a good fit. Following the goodness-of-fit check,
the other main assumptions of multiple linear regression should be controlled. One assumption of the linear
regression is the homoscedasticity of the error terms, i.e. the error terms’ standard deviation is finite and
constant (Gelper, 2016). Moreover, the residuals should be normally distributed. Final checks in the
regression analysis should be done to ensure these assumptions.

a. The Model for the Forecast Accuracy (%)

The framework introduced in Figure 4 is followed for the analytical model that explains the relationship
between forecast accuracy and the explanatory variables. Appendix B.1 displays some major models tried
in light of the framework, by showing the explanatory variables included into the model, the explanatory
variables which show multicollinearity, and the indicators of goodness of fit for each model. Regression
Model 8 in Appendix B.1 is selected as the most representative, robust model and best fit to the data due to
its satisfactory goodness-of-fit results. The final step is to check whether linear regression assumptions hold,
i.e. the normality of the residuals and the homoscedasticity. Breusch Pagan test is a commonly used test to
check homoscedasticity; by building a null hypothesis which states the sample data is homoscedastic
(Breusch & Pagan, 1979). Therefore, to ensure that there is no heteroscedasticity, a p-value greater than 0.05
should be obtained. The bp-test for the selected model results in a p-value of 0.73, and homoscedasticity is
proven. To statistically justify the normality of the residuals, the Shapiro Wilk test is applied. Shapiro test
builds a null hypothesis accepting that the tested sample is normally distributed, therefore the p-value should
lead to failing to reject the null hypothesis, hence have a greater value than the critical value (@ = 0.05)
(Royston, 1982). The Shapiro test yields a p-value of 0.65 is observed; which means that the null hypothesis
is not rejected, and the normality of the residuals is confirmed. Once the best fit model is selected and the
linear regression assumptions are ensured, the Regression Model 8 can be declared as the selected model for
the Time and Forecast Accuracy relation.

Equation 8:

Forecast Accuracy (%) = 98.19 + 0.04 * tggrecast + 3.1 * ln(t]DA) —10.33 * Intgepore — 0.15 *
tStrategy + 27.56 * DummYPlannerx

Therefore, the forecast accuracy of a country is positively affected by the time spent on forecast analysis
(manual), time spent on the forecasting tool JDA and finally if the country is planned by planner X. On the
other hand, spending time on report creation and strategy meetings decrease the forecast accuracy of a
country.
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b.  The Model for Backorder Value ($)

The same framework is applied for creating the model that explains the relationship between explanatory
variables and the backorder value of the countries. Appendix B.2 shows the major models that are fitted to
the data, and their metrics. Since every explanatory variable in the model is significant, there is no
multicollinearity, and the goodness of fit indicators are satisfactory, Model 5 is selected as the best-fit. Later,
the main assumptions of linear regression are controlled. The bp-test produced the p-value of 0.24, therefore
the homoscedasticity is confirmed. For the normality assumption, Shapiro Wilk test is applied to the
residuals, and the p-value is found to be 0.8. This leads to accepting that the residuals are normally
distributed. Since all the pre-requisites of a multivariate regression model are fulfilled, the best-fit model is
selected for the explanation of the backorder value ($) and outlined in Equation 9.

Equation 9:

Backorder Value ($) = —1131 * tgackorder + 3145 * tjpa - 107600 * In(tyeeting) + 112500 *
ln(tReport) + 0.08576 * Inventory

In light of this model, it is observed that spending more time on backorder analysis or demand consensus
meetings decrease the backorder; whereas more time spent on JDA or report creating increase the backorder.
Finally, the inventory level of a country is an increasing factor for the backorder value.

C. The Model for the Obsolescence Value ($)

The same approach is used when looking for the best-fit regression model for the obsolescence value.
Appendix B.3 shows the major models that are fitted with the explanatory variables in the models, the
multicollinearity, and the goodness of fit indicators. All the explanatory variables in model 4 are significant,
and there is no multicollinearity between the explanatory models. Furthermore, the goodness of fit metrics
is highly satisfactory. Therefore, model 4 is selected as the best-fit candidate. However, before this
conclusion, the assumptions of the multivariate regression analysis are controlled.

The homoscedasticity of the model fit is investigated with bp-test. It yields a p-value of 0.61, ratifying the
homoscedasticity of the model. Finally, the normality of the residuals is checked. The p-value obtained from
the Shapiro test is 0.142, which is not sufficient to reject the null hypothesis of the normality. Since the
model is formed with explanatory variables which are all significant, with significant goodness of fit
indicators, has no multicollinearity, is homoscedastic, and finally produces normally distributed residuals; it
is selected as the analytical model which will be used to explain the obsolescence value.

Equation 10:

Obsolescence Value ($) = —191100 + 488 * tp,a — 551 * tporecast + 1840 * tgp — 2049 *
tipa — 1314 * tyeeting T 2299 * tproject — 2142 * tgirategy + 0.1245 * Inventory

The obsolescence value increases with time spent on data quality assurance, forecast pack creation,
improvement projects, and inventory level. On the other hand, more time spent on forecast analysis (both
manual and JDA), demand consensus meetings and strategy meetings reduce the obsolete inventory value.
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5.4. Evaluation of the Models

When the literature over the regression evaluation is covered, several assessment measures are encountered,
e.g. SSE, R?, adjusted R?, mean absolute percentage deviation (MAPE), etc. (Armstrong and Collopy 1993).
However, SSE is difficult to comprehend without knowing the mean values of the dependent variables and
the fluctuations in the multivariate data. Furthermore, the (adjusted) R%is mainly an indicator of the ratio of
variance explained in the dependent variable by the model parameters and variables. MAPE is comparably
more user-friendly and easy to interpret; however, is prone to be disrupted by the outliers in the data. Thus,
a representative, comprehensive and straightforward quality measure of the regression model is still needed.

According to Hyndman & Koehler (2006), median absolute percentage error (MdAPE) is a robust and
accurate measure of the regression model quality, where the dependent variables are relatively random, and
the sample size is small.

Equation 11: MdAPE = Mediandyijib

Considering the fact that the sample used in the regression has a size of 20, and the SC KPI’s are highly
fluctuating over the countries; MdAPE presents a suitable evaluation approach. After selecting MdAPE as
the evaluation criteria, the models’ MdAPE values are calculated and presented in Table 5.

Regression Model MdAPE
Forecast Accuracy (%) 11%

Backorder Value (3) 56%
Obsolescence Value ($) 36%

Table 5: List of all models with their goodness-of-fit indicators, and MdAPE values

There is not an MdAPE threshold established in the literature to declare the model as a good-fit. Yet, it gives
an insight into the representativeness of a regression model. It can be observed that the regression model for
the forecast accuracy is relatively better in predicting the forecast accuracy of a country in comparison with
the other models. On the other hand, the regression models for backorder value and obsolescence value
produce a higher MdAPE value. Nevertheless, as Armstrong and Collopy (1993) suggest, regression models
should be evaluated by looking into several performance measures, since they can perform considerably well
in a certain aspect of a regression, whereas perform poorly in others. Thus, the regression models found in
this chapter are evaluated holistically by considering both the MdAPE values and the goodness-of-fit
measures (i.e., f-test result, R?, and the adjusted R?). Since the models do have representative coefficients
(established by f-test), can significantly explain the variance in the dependent variables (reflected by R? and
the adjusted R?), and produce acceptable MdAPE levels; they are evaluated as sufficient to represent the
relationship between the SC KPI’s and the explanatory variables.
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5.5. Discussion of the Regression Results

In the regression analysis, the activities which are logically tied to the corresponding SC KPI’s were expected
to be significant explanatory variables in the selected best-fit model, e.g. backorder analysis for the selected
backorder value ($) model. To begin with, for the forecast accuracy model, forecast related activities such
as updating the forecasting, or using JDA were expected to increase the forecast accuracy when more time
is spent for them. Indeed, the respective model showed that those two activities significantly boost the
forecast accuracy. On the other hand, the data quality issues and ad hoc activities were considered to decrease
the forecast accuracy, since those activities keep the demand planners away from starting or concentrating
on the forecast activities. Yet, the regression model predicting the forecast accuracy showed that time spent
on the two activities do not significantly affect the forecast accuracy. Furthermore, it turned out that if the
country is planned by the demand planner X, the forecast accuracy is 27.5% higher than other countries.
When such an impressive accuracy increase is found, it is crucial to comprehend the underlying reason. The
planner X is responsible for the demand planning of Turkey; therefore, this result further implies that
Turkey’s forecast accuracy is considerably higher than the other countries’. As the result is assessed with
the planning team, it is pointed out that Turkey sets a good example for showing the positive effect of
collaboration and top management support in the SC performance. The demand planners agreed upon the
fact that Turkey differs from other countries since it has a demand planning workforce that is open for
collaboration, information sharing, and knowledge exchange. As Sandberg & Abrahamsson (2010)
concludes, the top management support, openness to collaboration and knowledge sharing, and assertive
leadership is found to be the underlying reason that pinpoints the high forecast accuracy in Turkey.
Surprisingly, spending time on reporting and strategy meetings is found to be decreasing the forecast
accuracy. To validate, this result is approached from a lean perspective. As Womack, et al., (1990) defined
the non-value-added actions in a process, reporting and strategy meetings (i.e. strategies to decrease the
inventory level) do not physically change the forecast values, and hence considered as ‘waste’ in terms of
forecast analysis. Therefore, spending more time on these activities might be deviating the available time
and attention of the demand planner from the forecasting activities.

For the performance of the planning department in terms of the backorder value, the activities that take
backorder analysis into their core were though as the main decreasing factors for the backorder value ($).
Those activities are intuitively backorder analysis, replenishment, and demand consensus meetings; since
those activities are related to adjusting the future inventory levels according to the forecast levels and SC
stakeholders’ expectations. As expected, the respective regression analysis showed that if a demand planner
spends more time on backorder analysis or demand consensus meetings, he is able to fine-tune the reorder
amount and date such that the backorder value is decreased. Notably, the duration of the replenishment
analysis does not impact the backorder value significantly. Yet, this is driven by the fact that in the data
collection and activity categorization, the automatic replenishment decisions that are based on the forecasting
and the meeting decisions are categorized under the replenishment. However, activities specialized in
reducing backorder risk of the risky SKU’s are categorized under the ‘backorder analysis’ category; which
explains the significant effect of the time spent on backorder analysis and insignificance of the replenishment
for the backorder KPI. Once again, data issues and ad hoc activities were considered as increasing factors
for the backorder value, although the regression model did not include them as significant factors. Spending
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time on reporting is once more found to be decreasing the SC performance in terms of backorder value,
which was explained from the lean perspective in the discussion for the forecast accuracy model. Finally, it
is highly crucial to explain the increasing effect of the time spending on JDA on the backorder value. Even
though having an accurate forecast means better prediction of the demand, and hence one of the associates
of backorder reduction; low forecast accuracy is not the sole reason for the backorder value (Toktay & Wein,
2001). In fact, higher forecast accuracy brings about decisions leading to lowering the safety stock
(Chockalingham, 2009). When the negative effect of JDA on the backorder performance is discussed with
the demand planning team, the underlying reason is claimed to be the relationship between forecast accuracy
and safety stock levels. For the countries where JDA is effectively used, and higher forecast accuracy is
obtained; JDA sets the safety stock levels automatically to a lower level. However, most of the time the
backorders observed by the Valeant is due to the quality issues in the supplier; and not related to the
low/demand forecast accuracy. Therefore, when the safety stock level is decreased due to high forecast
accuracy and the supplier is not able to produce the order, the backorder level reaches to a higher level
(Duane Abbey, 2008).

Considering the obsolescence model, the positive impact of the forecasting time (both manually and with
JDA) on the obsolescence performance is pinpointed. As Teunter, Syntetos & Zied Babai (2011) explained,
forecasting accuracy is highly crucial in the prevention of obsolescence, since predicting the demand better
will lead to better allocation of the inventory and less expired products. Relatively, demand consensus
meetings are held in order to fine-tune the replenishment decisions, thus spending time on the consensus
meetings intuitively leads to a lower obsolescence value ($). Additionally, countries’ inventory level is an
important factor in obsolescence performance, since bigger and expensive markets are expected to produce
higher obsolescence (Raafat, 1991). Since the strategy meetings are activities where the demand planners
discuss about how to decrease the overall inventory level in the warehouses, it serves to decrease the
obsolescence level. Finally, it is observed that spending time on data quality issues, creating the forecast
pack by merging the data files, and working on the standardization projects do increase the obsolescence
value of a country. Where data quality issues and forecast pack creation can be explained by the lean
perspective (i.e. those activities are non-value-added and considered as waste), the influence of the project
time is worth explaining. Since project meetings are for the standardization projects of the demand planning
activities; those are mostly related to the convenience of the demand planner, i.e. to facilitate the knowledge
sharing among team members. Therefore, in the short run, the standardization projects can be considered as
non-value-added since they do not physically alter the obsolescence level. Surprisingly, obsolescence
analysis and replenishment decisions are not significant factors for the obsolescence value. The reason
behind the insignificance of replenishment analysis is explained while discussing the backorder model
results. The insignificance of the obsolescence analysis can be explained by extremely low durations of
obsolescence analysis (2.8 hours in total for all countries) observed in the March 2018 data (Appendix A.2).
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Chapter 6 - Improve

In this section, a simulation model is constructed based on the analytical model created in the previous
section. The simulation study aims to develop process improvements in light of the findings of the regression
analysis and to investigate the impact of the suggested process improvements on the supply chain
performance. Firstly, the chapter introduces the creation phase of the simulation model of the current system,
where parameter selection, run setup and validation & verification are elaborated on. Later, it informs the
reader about the experimental setup where several scenarios are tested in terms of their SC performance, and
their results are shown.

6.1. Benchmarking the Planning Process

In order to provide a visual portrayal of the current process map of the demand planning, a simulation model
is designed. The simulation model represents a simplified version of a complex system in reality. It allows
the researcher to interpret the system visually, and to follow a set of experiments for improved system design
(Altiok & Melamed, 2007).

It appeared in the measuring phase that each country is following a different protocol in terms of the demand
planning. The lack of standard demand planning jeopardizes the possibility of improving the demand
planning department’s performance in EMEA countries from a holistic view, therefore the ideal approach is
to define the major problems in each country’s demand planning separately, and to develop countermeasures
accordingly for each. Yet, within this project, due to the time limitations, following a tailor-made DMAIC
approach for each country is not feasible. Thus, the process improvements generated in this section are based
on a benchmark process which represents the demand planning processes of all the EMEA countries. The
benchmark planning process should be defined such that it covers the commonly-taken action paths for all
20 countries and is efficient in terms of time usage and SC performance.

First of all, countries which use the demand planning protocol more efficiently are detected. To this end, the
time spent on each country’s demand planning is divided by the inventory value to that country, to observe
which country is using the time more efficiently. The reason behind this is that for countries which include
more SKU’s/or more expensive SKU’s, it is also expected to spend more time in the planning; since the
demand planners check forecast accuracy, backorder and obsolescence value for each SKU in the country’s
market and they need to pay special attention to the expensive SKU’s. When the total time spent on the
demand planning is divided into the inventory value for each country, and the ratio is sorted out in the
ascending order, it is observed that the demand planning of France has the lowest ratio, hence is the most
time efficient. Moreover, the countries which yield the best performance in forecast, backorder and
obsolescence independently are checked. In terms of forecast accuracy, France is again the top country.
When the obsolescence values of the countries are divided by their inventory value, again considering the
amount and monetary value of the SKU’s within a country, UK shows the lowest obsolescence level. Finally,
when the same approach is followed for backorder value, Greece performs the best in terms of backorder
level. Thus, France, UK, and Greece are selected as the suitable candidates to benchmark the demand
planning process in the simulation model.
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Once more, process mining is used to visualize the order of the actions taken within a demand planning cycle
for each of those three countries. Appendix C shows the process map of France, UK, and Greece. It is
observed that the three cycles resemble each other since they all start with data gathering/forecast pack
creation, followed with forecasting and meetings; and end with replenishment related activities (i.e.
replenishment, backorder analysis, obsolescence analysis). Furthermore, the process description diagram in
the departmental administrative booklet of VValeant Pharma Demand Planning is examined and illustrated in
Appendix C.4. This protocol is the anticipated and desired outcome of the improvement projects, as a
standard planning process for each country. Since it ensures a standard demand planning process map for all
the EMEA countries, it is a key factor in determining the benchmark for the simulation model. As seen in
the standardized to-be map, the demand planning should start with the forecast cycle; where firstly the
relative data is gathered and analyzed. Later on, the forecast pack is created, and SKU’s are analyzed item
by item in terms of their forecasts to create the agenda for the demand consensus meeting. Based on the
demand consensus meeting, the forecast produced automatically by the forecast pack will be manually fine-
tuned. This will signal the end of the first part of the cycle, where the forecasts should be entered to JDA.

In light of France, UK and Greece’s process maps, and the designed to-be map by the standardization project,
the first part of the cycle (i.e. first 2 weeks) is assumed to follow the order below:

Data Gathering/Analyzing = Forecast Pack Creation = Demand Consensus Meeting - Forecast Update
- Upload to JDA

For the second part of the cycle (i.e. last 2 weeks), the three countries of which the demand processes are
examined follow the order of replenishment related activities, and later improvement projects/strategy
meetings. Therefore, for the last 2 weeks, the order of the activities is assumed to be:

Replenishment = Backorder analysis = Obsolescence analysis = Improvement Projects = Strategy
Meetings

Finally, two more adjustments are performed to finalize the benchmark demand planning process for the
simulation modeling. Firstly, it is observed that ad hoc activities are randomly emerging through the cycle
and are included in the benchmark process as the last step to follow. The reason behind is that the focus of
the simulation project is to understand the impact of the amount of time spent on the activities rather than
the impact of how and when the time is spent, since standardizing the project is not in the scope of this
project. Lastly, the action category ‘Logistics’ is not included in the benchmarking process, since such
activity is only present for the UK market, and is planned to be discarded from the UK demand planner’s
responsibility in the coming months.

6.2. Creation of the Simulation Model

Based on the selection criteria introduced above, the benchmark process is constructed, and it is applied to
a simulation model. The simulation model is built on Rockwell Arena Simulation software, model 9.0 with
32-bit version. For more information about Arena and simulation, the reader is referred to Altiok & Melamed
(2007).
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The order of the planning actions is preserved as in the benchmark model, whereas the determination of the
KPI’s is implemented in the simulation model based on the analytical models found by the regression
analysis in Chapter 5. The model is visualized in Figure 5 and explained in order below. For the explanation
of the modules, please use the number above the modules in Figure 5 and find the corresponding explanation
number below:

1.

‘Monthly Planning Begins’ (Create module): Arena requires entities to be created to be able to create
the flow in a simulation model; therefore, one can think of this module as the creation of the demand
planning cycle for the new month. The module requires an inter-arrival time between the entities, and
the distribution of the arrival of entities. For the demand planning procedure at hand, it is known that the
arrival of the entities is constant within a month, since the cycle starts again in the first Monday of the
month. Therefore, the arrival distribution is selected as ‘constant’. The parameter of inter arrival time is
selected by calculating the average time spent on each country’s planning. The data shows that the
average of time spent on demand planning of a country is 1800 minutes. Therefore, 1800 minute is
selected as the inter-arrival times between consecutive planning entities.

‘What is the inventory level?” (Assign module): Since inventory level is found to be a significant
influential variable on the backorder and obsolescence value ($) in the analysis section, it is important
to assign inventory levels ($) to the new entities (new planning cycle of a country) as an attribute. The
guantitative determination of the inventory level will be explained in section 6.3.

‘Inventory value average’ (Record module): This is a record module, and its function is to keep track of
the statistics related to the inventory level throughout the simulation run.

From ‘Data quality assurance’ to Ad hoc’ (Attribute module): All these modules are assigning a value
to the entity that represents the time spent on that action type for that particular country’s monthly
demand planning. The parameter selection for each action type is explained in section 6.3.

‘Is it for planner x?” (Decide module): The analytical model for forecast accuracy (%) shows that the
countries planned by the Planner X have higher forecast accuracy than other countries. Therefore, it is
crucial to separate the countries planned by the planner X. Among 20 countries included in the data
analysis, only one country was under the responsibility of planner X. Therefore, it can be concluded that
the probability of a country being planned by planner X is % = 0.05. the decide module creates a random

variable between 0 and 1, and if the number is smaller than 0.05, it assigns the country to planner X.

‘Forecast accuracy with Planner X’ and ‘Forecast accuracy for others’ (Assign module): If a country is
assigned to Planner X, its forecast accuracy is determined differently. Forecast accuracy is assigned to
the entity following the result of the corresponding regression analysis (Equation 8), and outlined in
Equation 12.

Equation 12:

Forecast Accuracy (%): Min (100, 0.4 * tgorecast + 3.1 *ln(t]DA) — 10.3 * ln(tReport) —
0.15 * tsirategy + 88.3 + 27.5 * (Planner x) )

Planner X is a binary variable, and gets the value of 1 if the country is attained to Planner X. In order to
prevent the values to be not higher than 100%, the minimum of 100% and the calculated value is selected.
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7. ‘Other KPIs’ (Assign module): After calculating the forecast accuracy based on the binary variable
Planner X, the other two KPI’s which are backorder value ($) and obsolescence risk ($) are calculated
with respect to the results of the regression models. In order to prevent the backorder value to be
negative, the maximum of 0 and the calculated value is selected.

Equation 13:

Backorder Value ($) = Max(0, 1131 * tgackorder + 3145 * tjpa — 107600 * In(tmeeting) +
112500 * In(tgeport) + 0.08 * Inventory ($) )

Equation 14:

Obsolescence Risk ($) = Max(0,—191100 + 488 *tpaa — 551 * tporecast + 1840 * tgp —
2049 * tipp — 1314 * tyeeting + 2299 * tproject — 2142 * tirategy + 0.1245

Inventory ($))

In order to observe the total time spent on the planning of a country (or an entry), another attribute is
assigned to the entity in this model, which is called Total Time Spent (min). It is calculated as in Equation
15:

Equation 15:

Total Time Spent (min) = (tpaa + tpp + tReport T tMeeting + tForecast T fjpa +

tReplenishment + tgackorder T tobsolescence T tProject + tStrategy + tad Hoc)

8. From ‘Forecast Accuracy Average’ to ‘Obsolete Inventory Average’ (Record module): As recording the
inventory level, the 3 major KPI’s that are investigated throughout the project are recorded in the
simulation model for statistical purposes.

9. ‘The cycle is delayed?’ and ‘Number of Delays’ (Decide and Record module): The decide module
intends to separate the planning cycles that exceed 1800 minutes through the experimental run length.
The record module records the number of delayed cycles during the simulation.

10. ‘End of month’ (Dispose module): The planning cycles which are completed are disposed from the
model. The dispose model prevents the accumulation of completed entities.

6.3. Distribution and Parameter Selection

The current section describes the methodology that is used to assign time values to the action types (e.g. time
spent on update forecast, replenishment, ad hoc, etc.). In order to find a representative mathematical function
that can define a statistical variable, one performs a statistical distribution fitting to the numerical
observations in his data. The objective of the distribution fitting is to check whether the observation sample
belongs to the population that has the probability density function (pdf) and cumulative distribution function
(cdf) of the suggested random distribution (Delignette-Muller & Dutang, 2015). For the demand planning
process at hand, since the time spent on the action categories is not constant and different for each country,
a distribution that can generate the numbers in the collected data should be used to assign time values to
those action categories. The assign module in Arena allows the user to use certain distribution types (e.g.
normal, Weibull, Poisson, exponential, etc.) that generate random numbers accordingly. The user is expected
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Figure 5: The simulation model of the demand planning cycle, created in Arena
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to define the suitable distribution type and the distribution parameters. Thus, to complete the simulation
model, for the duration of each action category, the best-fit random distribution type and its parameters are
found by following statistical distribution fitting. For this purpose, a package in R called ‘fitdistrplus’ is
used. The package contains several functions and tools that assist R-users to select the best-fit distribution
for their data. The framework that is followed within the ‘fitdistrplus’ package is shown in Figure 6. A list
of all distributions types and their corresponding parameters are presented in Appendix D.
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Figure 6: Framework for distribution fitting”

6.4. Simulation Run Setup

Before running the model and analyzing the output, Arena requires the user to set up the run conditions.
The number of replications represents how many times the simulation will be run with the same conditions.
Main statistics defined by the user will be calculated per replication. The objective to use multiple
replications is to let different seeds create different random number sequences. The overall statistics of the
simulation are found by taking the average of the statistics produced by each replication, which will reduce
the variability of the simulation statistics (Altiok & Melamed, 2007). There is not a selection process or a
rule of thumb to decide the replication number. It is preferred to have more replications if the simulation
run is not computationally expensive. Since more replications will bring less variability and increasing the
number of replication for the simulation model at hand will not require significantly longer run time; the
replication number is selected as 100. The replication length, on the other hand, is an indicator of how long
the replications will be run. The warm-up period eliminates the statistics calculated throughout the
specified time from the general statistics, since the user desires to reach to long-term statistics that are not
affected by the initial biases that the simulation model can create (Altiok & Melamed, 2007). The warm-up
period in the run setup allows the simulation to reach the steady state, hence ensure unbiased and accurate
results. A common method to decide the warm up period is to observe the WIP in the system over a time
horizon to detect the time interval that it reaches to steady state (Kelton, Sadowski & Zupick, 2015).
However, since the entities arrive to the system at hand with a constant inter arrival time — monthly arrival
of demand planning entity, the WIP is stable over time already. Therefore, such methodology is not
applicable to this simulation model. Another method to eliminate the bias effect from the simulation

statistics is to set the warm up period and the replication length to a considerably long time interval.
9600000

9600

Therefore, the replication length is selected as 9600000 minutes, which is = 1000 months, since in

* Akaike criterion (AIC) is a commonly-used measure in distribution setting to compare several models in
terms of their quality in explaining the data (Akaike, 1974). Lower AIC values are preferred.
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a month the planners can spend 9600 minutes on planning in total. The warm up period is selected as the
first 100 months, therefore the first 9600 * 100 = 960000 minutes.

6.5. Results, Validation and Verification of the Simulation Model

To assess the quality of the simulation model, the model should be verified and validated. The model
verification is an indicator of the correctness of the model in terms of its power to represent the real system
correctly. A rule of thumb to verify the simulation model is to check the number of arrivals to the system
through the replication length (Altiok & Melamed, 2007). Regarding the simulation model analyzed in this
paper, the inter arrival time between entities is set constant as 1800 minutes. The simulation is run for
96000000 minutes, where the first 960000 minutes are set as warm up period. Therefore, Arena will only
collect statistics for 9600000 — 960000 = 8640000 minutes. Considering the 1800 minutes as the inter

. . .- - 8640000
arrival time, it is expected to receive 1500

if it is assumed that there is a continuous flow within the simulation model, which is another indicator of a
verified model, it is also expected to have 4800 entities leaving the system. Indeed, the model creates and
disposes 4800 entities for each replication length. Therefore, it can be concluded that the model is verified,
and it is accepted that it reflects the intended real-life visualization in a correct manner.

= 4800 entities throughout the replication length. Moreover,

The validation of the simulation model is to evaluate the model in terms of its credibility, in other words,
to check how well the simulation results correspond to the performance values of the real system. In light
of this description, to validate the model, the model outputs in terms of the selected SC KPI’s are compared
to the real KPI values. The simulation model introduced in section 6.2 is run with the setup conditions
explained in section 6.3. At the end of the run, the Arena output analyzer yields the average of the replication
averages of 100 replications, as well as the minimum and maximum replication averages of 100
replications. Table 6 shows those values retrieved as the output of the simulation model and compares them
with the average of the original KPI values by calculating the MdAPE.

Forecast Accuracy Backorder Value Averages Obsolescence Value Inventory Level Averages ($)
Averages (%) (&) Averages ($)
Results Min Max | Average | Min Max | Average | Min Max | Average Min Max Average
Actual
Averages 63.79 385919 510639 4003764

Simulation 56.91 58.06 57.75 406194 | 451628 | 432261 598420 | 670960 630280 4166621 | 4595415 | 4404863
Results
MdAPE 11% 9% 9% 5% 17% 12% 17% 31% 23% 4% 15% 10%

Table 6: Average statistics of 100 replications in comparison with the actual values, in terms of selected SC KPI’s

The number of delays in the system, meaning that countries of which the demand planning takes more than
1800 minutes is found to be on average 1844 (of the 4800 countries planned in the simulation length). This
means that 38% of the time the demand planning of a country is delayed, or the demand planner needs to
overwork to compensate the delay, which validates the argument of the demand planning team that the
majority of the months the demand planning is delayed. For further check, the aggregated data used in the
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regression model is controlled. The countries of which the demand planning took more than 1800 minutes
on March 2018 is found as 8. Considering the fact that there are 20 countries included the analysis, 40% of
the counties experienced a delay in their demand planning; which validates the simulation model’s result
in terms of the number of delays.

Even though MdAPE does not have a cut-off point to declare the model as successfully representing the
reality, one can observe from the above values that the simulation model produces KPI averages acceptably
close to the real averages. Especially in cases where the variable under investigation has high variance,
producing simulation results with high precision is quite challenging. Thus, as far as the complexity of the
relationship between SC planning and SC performance; and the high variance of the selected SC KPlIs are
concerned; the results of the simulation model are adequately good to provide an overview of time influence
on the SC performance. Therefore, the model validation is completed.

6.6. Scenario Experimentation

In order to understand the system behavior and to create performance metrics under different conditions,
the next stage of a simulation study is to conduct experiments under diverse scenarios by manipulating the
input parameters or other system conditions. Scenario analysis further allows the user to interpret the
optimal conditions of a system in terms of its efficiency or performance level.

Regarding the project at hand, the regression analysis clearly shows the action categories on which the time
spent decrease one or multiple selected SC KPI’s. Accordingly, time spent on reporting, strategy meetings,
JDA advanced planning tool, data quality issues, forecast pack creation, and project meetings are negatively
affecting the SC performance of the demand planning department. Therefore, decreasing the time spent on
those activities will positively impact the performance; which makes those actions good candidates to be
manipulated in the scenario analysis. On the other hand, one can observe that if a planner spends more time
on forecasting, JDA, backorder, demand consensus meetings, and strategy activities, there will be an
increase in the different aspects of the SC performance. Thus, those action categories will be positively
manipulated in several scenario analyses to investigate the behavior of the performance indicators. Special
attention should be drawn to variables tjpa, tproject aNd tstrategy- tipa IS positively impacting the forecast
accuracy whereas time spent on JDA also increases the backorder value ($). However, the time spent on
JDA should not be decreased, since there is an ongoing project in the demand planning department to
integrate JDA to all markets and prioritize the use of JDA over manual forecasting. Therefore, in the future
it is expected to observe more time spent on the advanced planning tool, and a decrease is not practical to
be included in the scenario experimentation. Moreover, time spent on strategy meetings and improvement
projects are dependent on the managerial decisions, as the project initiations and the frequency of the
strategy meetings are determined based on the annual strategical targets. Therefore, manipulating those
actions in terms of their time management is not within the scope of the Pharma Demand Planning
department. When this is the case, changing the time spent on those actions are not considered in the
scenario creation. Conclusively, scenarios are designed in a way that a decrease in tjpa, and any change in
tproject OF tstrategy are ignored.

In order to discover the magnitude of the input impact on the simulation output, it is common to run several
replications with different levels of inputs. Within the scope of this simulation, since the idea is to reduce
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the time spent on negatively-influential action categories, several reduction levels should be tried. For
indication, the reduction level of the time spent on the negatively-influential actions are defined as low (20
% reduction), medium (50% reduction), and high (80% reduction). The reasoning behind the time reduction
levels is twofold. Firstly, when the case studies in the lean transformation literature are scanned, it is
observed that the time reductions have a wide range, varying from 15% to 90% depending on the business
context (Beard & Sumner, 2004). Therefore, to accommodate small-scale changes as well as more
comprehensive and time-consuming time reduction projects, a wide interval of time reduction starting from
20% and reaching to 80% is selected. Secondly, the impact of the improvement suggestions can change
depending on the integration level. In other words, while one improvement suggestion can bring quick but
small-scale benefits, other improvement suggestions might show their significant effects in the long run.
Thus, it is important to monitor whether the best-performing scenarios differ depending on the time
reduction level. In light of this reasoning and the ‘continuous improvement’ principle of lean, the reader
can consider low level of (20%) reduction as the beginning phase of an efficiency project, where only minor
inefficiencies in a process can be solved in the short run. On the other hand, 80% reduction (high) of a
negatively-influential action category can be achieved in the long run, hence its results should be interpreted
as the long-run results of an efficiency project.

Before starting the scenario experimentation, some assumptions need to be made for the sake of a
comprehensive, scoped, and well-defined scenario analysis.

Assumption 1: If the planning department decides to initiate time reduction projects for multiple action
categories, the start date of the actions and the pace of the projects will be the same. For instance, if the
company decides to reduce the action duration of the forecast pack creation and the report creation together,
both rime reduction projects will be kicked off right after this project at the same time, and if the time
reduction at any point in the future is observed for the two action categories, the levels will be the same;
either both are 20 %, both are 50% or both are 80%.

Assumption 2: In case where only a time reduction is applied, and task durations of positively-influential
action categories are not changed, the calculation of the new task durations for the negatively influential
factors are intuitive; solely taking the percentage of the original task duration according to the reduction
level of the scenario (20%, 50% or 80% reduction of the original task duration). Reducing the time spent
on negatively-influential actions and increasing the task durations of the positively influential actions is
relatively more complex and conducted as follows: Depending on the reduction level, the time spent on that
action for each country is reduced proportionally. For instance, for 20% reduction level, if tpa spain =
180 minutes, and tpaeaTurkey = 240, Atpataspain = 180 * 0.2 = 36 min, and Atpaea Turkey = 240 *
0.2 = 48 min. For each country, the time reduced from the selected action is added to the same country’s
selected positively-influential action time.

Assumption 3: There is a linear relationship between the time expenditure for the action categories and the
SC KPI’s. Therefore, the scenarios do not investigate the gradual changes in the SC KPI’s; but rather focus
on a specific point in time where the time expenditure for the planning actions is a ratio of the current
values. In other words, the possibility of diminishing/increasing marginal returns from time reduction
projects is ignored and the scenarios only perform a what-if analysis, i.e. what will be the SC KPI’s when
the action durations are reduced by a certain percentage.
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Assumption 4: Only the relationship between the regression analysis’ explanatory variables and the
dependent variables are included in the scenario analysis. The possible interdependency between the SC
KPI’s is not included in the what-if analysis.

In light of the aforementioned assumptions and feasibility checks, the actions to reduce the time spent on
are determined as data issues, reporting and forecast pack creation; whereas actions to increase the time
spent on are decided as forecasting, use of JDA, backorder analysis and demand consensus meetings.
Therefore, the number of scenarios to run is (23 — 1) * 2% * 3 = 336.

e (23 —1) for the actions to decrease the time spent for except the empty set where no time reduction
is performed, and the process is left as it is.

e 2% s for the actions to increase the time spent for

e 3 s for the three reduction levels (20%, 50% and 80%)

However, an experimental study with 336 different scenarios is computationally expensive. Therefore, in
the pursuit of the scenario which yields the best performance measures, a more robust searching method
should be created. To this end, a guideline is built for the scenario creation.

1. Tounderstand the individual effects of the negatively-influential actions, the time reduction will firstly
be applied independently to each negatively-influential action, rather than reducing the time spent on
negatively-influential actions in combination. This will allow Valeant to understand the main
improvement points in terms of their time management in the demand planning procedure. Based on
the individual reduction results, time reduction combinations which are expected to bring high value to
Valeant’s SC performance will be suggested for the next stage.

2. The main objective while creating a scenario is determined as to increase all the SC KPI’s together.
Therefore, scenarios which are expected to negatively impact/not change one or more SC KPI’s are not
selected. For instance, it is known that time spent on JDA is increasing the forecast accuracy while also
increasing the backorder value. Therefore, scenarios which will increase the time spent on JDA should
always be combined with increasing the time spent on the actions which will reduce the backorder
level, e.g. increasing the time spent on backorder analysis.

3. For the scenarios which are expected to increase all the SC KPI’s, only high and low level of reductions
are tried; since there is no ambiguity in the positive impact on the SC performance.

Based on the framework introduced above, 94 scenarios are defined to be run. The probabilistic
distributions for the altered action categories are modified by following the same path in Figure 6. With the
new distributions and new parameters, the simulation model is updated and run with the same run setup.
The results for each scenario are recorded. When the scenarios are sorted out in terms of combined positive
impact on forecast accuracy, backorder and obsolescence value; the most successful scenarios are observed.
Decreasing the time spent on reporting, and directing the time saving into backorder analysis and demand
consensus meeting yield the best SC performance boost both in the short run and in the long run. When this
scenario is applied and 80% time saving is achieved, a 27% change in the forecast accuracy, leading to 71%
forecast accuracy, is observed; with a decrease in obsolescence and backorder value of 9% and 36%
respectively (Figure 7).

When the SC KPI’s are evaluated independently, i.e. only the highest possible increase in a single SC KPI
is calculated, it is understood that forecast accuracy can reach 77% on average in the long run with a 35%
increase, if the time saved from reporting can be directed to forecasting activities. A 58% decrease in the
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obsolescence value can be achieved, if the time spent on FP creation can be reduced 80% and directed to
forecasting and demand consensus meetings. Finally, backorder value can be reduced 38%, if reporting can
be done in 80% less time and the time saving is transferred to backorder analysis. Appendix D firstly
presents the best performing 5 scenarios in the short run and the long run, when a holistic SC performance
increase in all KPI’s is desired. Later, the most successful scenarios which increase one of the KPI’s with
the highest level are illustrated, for 20% and 80% time reduction levels.

Scenario: Decrease trgpor, 1NCrease tg,eiorder AN tyeeting

0,
30.0% % change in
20.0% forecast
accuracy
(5]
2 10.0%
_‘C% ’ e —— %change in
O 0.0% obsolescence
% Low Medium High value
§ ammmmm % change in
E -20.0% backorder value
-30.0%
-40.0%

Time Saving Level

Figure 7: The SC performance improvements under the best performing scenario

43



Chapter 7 - Conclusion

This chapter concludes this research by discussing the results from a practical and theoretical point of view.
First, a discussion section is included to analyze the results of the project. Within this section, the results
are evaluated in terms of their ability to answer the research questions. Moreover, the relevance of the paper
at hand is explained the in terms of its contribution to the literature. Finally, some managerial insights are
presented. The second section states the limitations faced throughout the project, and possible future
research directions.

7.1. Discussion

In Chapter 1, several research questions are posed. It is crucial to revisit the research questions, and answer
them according to the project findings, in order to prove to the reader that the project has achieved its
intended objective.

a. Research Questions Revisited

Question 1: What are the stages, stakeholders and their roles in Valeant’s SC planning procedure?

According to the data collected in Chapter 4, 13 action types are defined which constitutes the stages of the
demand planning cycle. The reader is directed to Table 3 for the demand planning stages and their
explanation.

Question 2: What are the bottlenecks in the data flow of Valeant’s SC planning?

(a) What is the duration of each task throughout the cycle? What is the overall flow of activities through
the cycle?

(b) What is the impact of the duration and order of the actions on the SC performance?

(c) What are the aspects that lead to time waste in the cycle, observed by mapping the process?

To be able to answer Question 2.a., the data collected in measure phase is taken as the basis. Thanks to the
data and the data collection tool created by the researcher on Excel VBA, it is now known to Valeant how
much time each demand planner spends for each demand planning action during a month. In order to
observe the action sequence and create a process map, the process mining phenomenon is used (Appendix
A). The process maps illustrated that there is not a standard planning protocol followed for each country,
which poses an issue to be solved by Valeant in the future. Due to the high level of differences between
countries in terms of their demand planning procedure, a benchmark process is created (Figure 5). For
Question 2.b, a regression analysis is conducted in Chapter 5. The regression analysis enabled the researcher
to observe the influence of action durations on the selected SC KPI’s. By following the framework outlined
in Figure 4; Equation 8, Equation 9 and Equation 10 are constructed. Accordingly, it is observed that there
is a positive relationship between the forecast accuracy and the duration of forecast analysis (either manual
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or with JDA); whereas the relationship is negative for the duration of reporting and strategy meetings. For
backorder value, it is found that spending time on backorder analysis or demand consensus meeting
decreases the backorder value. However, more time spent on forecasting with JDA or reporting; or having
a high level of inventory increase the backorder. Finally, the data quality issues, creating the forecast pack,
improvement projects and the high inventory levels lead to higher levels of obsolete inventory, whereas
more time spent on forecasting, demand consensus meeting and strategy meeting reduce the obsolescence
risk. As an answer to question 2.c, several negatively and positively influential action categories are
determined according to the regression results. However, due to the feasibility constraints, it is found more
appropriate to focus on an action set. Therefore, data quality issues, reporting and forecast pack creation
are taken as the bottlenecks, since they are negatively influencing the SC performance, and the process map
showed that they require a high amount of time to complete. On the other hand, backorder analysis,
forecasting (manual and with JDA) and demand consensus meeting are found to be the positively influential
actions, and it is aimed to increase the demand planners’ time spending on those actions for higher SC
performance.

Question 3: To what extent can the SC performance be increased by ensuring the time efficiency of the
demand planning process?

(a) How will “time waste” eliminations influence the overall SC performance?
(b) How can the observed bottlenecks be eliminated from the SC planning cycle?

From a holistic view where the goal is to increase the SC performance from all three points as much as
possible, the best performing scenario both in the short run (with 20% time reduction is made possible) and
in the long run (with 80% time reduction is made possible) is to decrease the time spent on reporting, and
steer the saved time to backorder analysis and demand consensus meetings proportionally (Appendix D).
This scenario is expected to yield a 26.7% increase in the forecast accuracy in the long run. Furthermore, a
reduction of 9% and 36% in obsolescence value and backorder value can be achieved respectively, when
an 80% time reduction level is achieved in the long run. Therefore, it is recommended to Valeant to apply
this scenario in practice, if a holistic SC performance improvement is opted. On the other hand, if Valeant
rather focuses on individual SC KPI’s, different best scenarios apply. If achieving higher forecast accuracy
is prioritized by Valeant, it is suggested to decrease the time spent on reporting and increase the time
spending on manual forecasting in the same amount. Such an action is anticipated to yield 6.3% forecast
accuracy increase in the short run, with 35.2% increase in the long run. On the other hand, if the first concern
is to decrease the backorder level, Valeant is invited to increase the efficiency in reporting, allowing the
demand planners to spend more time on backorder analysis. This will reduce the backorder value by 38%
in the long run. Finally, if obsolescence value is selected as the first SC KPI to improve, the best
improvement (48% reduction in the long run) can be achieved by shortening the forecast pack creation
duration and spending more time in forecasting and demand consensus meetings. Once the bottlenecks are
detected, the new question is how to eliminate the bottleneck, which will be discussed in the next section.
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b. Managerial Insights

In light of the regression analysis and scenario experimentation, several actions are detected as negatively
influencing the SC performance. Accordingly, this section aims to develop remedies for the bottlenecks
and elaborates on the expected outcomes of the solutions suggested.

ERP Integration: In Chapter 5, the data quality assurance — solving issues such as missing data, data errors
late data deliveries, etc. — is detected as a negatively influential action category in terms of its duration. In
light of this finding, several scenarios including time savings in data quality assurance are experimented in
Chapter 6. However, when the best performing scenarios are presented, both holistic and individual,
scenarios optimizing data quality actions lag behind other improvement scenarios. However, it should be
noted that even though data quality assurance is an action category out-and-out - i.e. literal actions to solve
the data quality issues, e.g. requesting new data, consulting IT, etc. - many other actions do suffer from
data quality issues as well. Therefore, improving data quality is anticipated to reflect its benefits not directly,
but with its relationship with other actions. Reporting is one of the actions which take considerable time
due to questionable data quality. Moreover, reporting is found as the most influential bottleneck in the
simulation study, since many best performing scenarios involve time savings in the reporting phase. Four
types of reporting (i.e. inventory, backorder, and obsolescence and forecast accuracy report), required each
month by the executive board, are prepared by the demand planners manually. When this action is
performed manually, an immense amount of time is required from the demand planners. Moreover, they
monitor the sanity of the reports and control the discrepancies between the expected and the actual values
in the report because of the data quality issues. Therefore, a solution which will assure the data quality and
allow automatic reporting is needed to reduce the reporting time. An ERP system has numerous data
processing abilities within and stores the data in one common database which is seamlessly accessible by
all of its users (Akkermans, Bogerd, Yicesan & van Wassenhove, 2003). It facilitates the transparency in
data sharing from the raw material supplier to the retailer. Allowing access to each of its users, and an ERP
system reduces the error rate within the data and if encountered, it allows the IT system to detect and
eliminate it more quickly (Kelle & Akbulut, 2005). Therefore, the demand planners’ grave problems due
to the lack of seamless data sharing can be solved to a great extent by implementing an ERP system. Once
the data is shared transparently, the data errors will be minimized and related time waste in the demand
planning procedure will be disposed. Such improvement will foster the SC performance. Most importantly,
since the data quality is assured, the necessity of sanity checks, which constitutes the majority of the
reporting duration, will no longer valid. Moreover, to automate the reporting procedure, the ERP system
can be utilized since many ERP systems include automatic advanced reporting tools and dashboards
(Forslund & Jonsson, 2007). Implementing an ERP system will show it benefits in forecast pack creation
as well. Within an ERP system, the data will be shared in the same format throughout the SC, and therefore
the demand planners will not have to format the Excel sheets to activate the monthly forecast pack. To
conclude, since several best performing scenarios with different criteria include savings in the reporting
and FP creation duration, and ERP system assists Valeant to apply the theoretical best-performing scenarios
in real life.

In Chapter 7, several time reduction levels (20%, 50%, and 80%) are experimented via the simulation study.
Therefore, it is also important to discuss how much time saving will be provided by the ERP integration, in
terms of the reporting, forecast pack creation and the data quality assurance. In the measure phase, where
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the temporal information of the action categories was collected, the demand planners did not provide the
issues they were dealing with while taking an action. Instead, a short description of the action type was
given. Therefore, it is difficult to tell what portion of the reporting and forecast pack creation is due to the
data quality problems by looking into the data. However, the literature over the ERP integration showed
that the companies do integrate ERP tools gradually. This means that when Valeant decides to bring an
ERP system into practice, such action will be spread over years and the transaction from manual data
sharing to seamless data sharing via ERP will be progressive. Thus, it is expected that the time reduction in
reporting and forecast pack creation with the help of ERP integration will be triggered with an initial level
and will increase steadily over time. The literature in the field of ERP supports this argument. Beard &
Sumner (2004) investigated several case studies where an ERP system is adopted by a manufacturing
company and listed the percentage cycle time reductions in diverse process areas ranging from 50% to 90%.
Annamalai, & Ramayah (2011) examined the benefits of ERP integration for an Indian manufacturing
company and observed a gradual 41% increase in the productivity for the planning actions. Although the
literature gives an insight into the feasible time reduction levels in a manufacturing environment, it is safe
to say that the time reduction level thanks to ERP integration is hard to foresee, since it depends on the
company, the context, the top management support, level of integration and numerous other factors.
Nevertheless, it is wise for Valeant to keep collecting data about the temporal aspects of the demand
planning actions once the ERP integration is put into practice, in order to obtain the correct values of time
reductions in reporting, forecast pack creation and data quality issues. Thereby, Valeant can repeat the
simulation study with the real-life time reduction values to conclude more accurate expectations of SC
performance improvements.

Process Standardization: Apart from the necessity of an ERP system, the demand planners’ common
complaint about the lack of standardization in the process is presented several times in the paper. It is
observed with the regression analysis that indeed the lack of standardization, especially in the forecast pack
creation stage affects the SC performance adversely. Since the demand planning of a country is
interdependent with the stock and demand levels of different countries, the demand planners are involved
with the demand planning of other countries as well. Therefore, when there are differences between the
forecast packs of those multiple countries, the demand planners spend considerably more time in finding
the necessary information and formatting it into their own standards. Therefore, process standardization in
demand planning for all EMEA countries will save significant time for the demand planners, specifically
in the FP creation stage. Therefore, standardization activities are anticipated to create the theoretical results
of the scenarios which include savings in FP creation. Fortunately, Valeant Demand Planning Department
has triggered a comprehensive process standardization project for the country level demand planning
procedure. A few demand planners have been following a project management approach to standardize the
demand planning actions for every country. Since it is a time-consuming project, the positive impact of the
project on SC performance is expected to be observed once the process improvements reach their maturity
level.

Although it is challenging to predict how much time reduction can be achieved by standardizing the demand
planning process, the literature proves the benefits of process standardization. Manrodt & Vitasek (2004)
conducted a case study within an international logistics provider, where several standardization projects are
applied to global processes of the company. The results implied that the network planning cycle time can
be reduced by 61% by standardizing the planning process, with other improvements in terms of inventory
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levels and financial terms. However, a case study examining the benefits of process standardization in a
demand planning context is not encountered throughout the literature scan. Thus, from the perspective of
Valeant, the author suggests continuing the data collection throughout the ongoing standardization projects
to see the progressive time reduction levels thanks to process standardizations and repeat the simulation
study accordingly. Only by then, it can be fully known whether it is realistic to reach the theoretically-
proposed 20%-50%-80% time reduction levels in forecast pack creation in practice.

Integration of JDA: It is mentioned earlier that forecasting is performed manually by the demand planners
for most of the countries, whereas for a limited set it is performed automatically by the advanced planning
tool JDA. Recently, Valeant has triggered a project which aims to integrate more countries in the scope of
JDA and the executive board has growing expectations from the JDA integration. As outlined by Ivert
(2009), implementation of the JDA as an APS will provide Valeant’s demand planners with decision
support and planning efficiency, hence improve the SC performance. Accordingly, it is shown in the
regression analysis that by spending more time on JDA, hence transforming the forecasting from manual
to automatic, SC performance can be boosted significantly in terms of forecast accuracy and obsolescence
value. By adopting algorithmic forecasting, the factor of human error in the forecasting analysis can be
minimized, and more comprehensive forecasting methodologies can be applied. However, the regression
model illustrated that there is a negative impact of JDA usage on the backorder performance due to
automatically lowered safety stock levels. Therefore, while implementing JDA, Valeant should compensate
for the expected negative impact on the backorder value. This could be done by correcting the automatically
updated safety stock levels via human expertise and business intelligence. Moreover, it is observed in the
best performing scenarios in Appendix E that scenarios increasing JDA time mostly includes increasing
manual forecasting time as well. This signals the necessity of combining manual forecasting with JDA-
based forecasting. Recently, a vast majority of the forecasting literature investigate the human-machine
interaction (Gelper, 2018). Although there are some papers selecting one over another for more accurate
demand forecasting, a group of scientists as Baecke, de Baets & Vanderheyden (2017) promote the
approach that machine-based forecasting results should be verified by human judgement and combined
with expert knowledge. Therefore, the researcher’s recommendation to Valeant is to organize a smooth
transaction period from manual forecasting to JDA-based forecasting, where a combination of former and
latter is taken as the basis for demand forecasting. Moreover, Valeant is invited to investigate the relation
between JDA and safety stock levels/backorder value further and develop its JDA implementation strategy
accordingly to not sacrifice between forecast accuracy and backorder performance.

In order to understand the feasible time reduction level with respect to JDA integration, the data collected
in the measure phase is analyzed. The average time spent by the demand planners for the forecast analysis
via JDA is found to be 118 minutes, whereas this duration is 222 minutes on average for the countries of
which the forecasting is performed manually by the planners. Therefore, it can be concluded that forecasting
via JDA takes 53% of the manual forecasting, and a 47% time reduction on average can be expected once
the JDA is integrated to other EMEA countries. However, it is crucial to note that country-level time
reduction levels may differ from the 47% expected reduction, and the expected maximum reduction levels
will be achieved gradually depending on the JDA integration level. Thus, it is best for VValeant to investigate
the real-life time reduction levels by gathering more data when the JDA integration is triggered in real life,
and to observe which segment of the suggested 20%-50%-80% reduction continuum will be achieved in
practice.
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c. Relevance

In section 2.4, the research gap to be filled by this project is introduced. After informing the reader about
the research results, it is relevant to discuss whether the paper served its intention in contributing to the
literature. Throughout Chapter 3 and Chapter 4, major demand planning stages of a manufacturing company
are defined. The relation between the actions, action orders and durations are introduced. Moreover, in
section 3.2, a few major KPI’s used in the pharmaceutical SC context are illustrated. This part of the
research mainly contributed to the pharmaceutical supply chain planning literature. The objective of the
research is set to increase the SC performance of Valeant by eliminating the ‘time waste’ in the demand
planning process. Different than the other studies in the lean field, it turned the spotlight into the question
of how to increase the SC performance of a manufacturing company by ensuring time efficiency in the
planning process. Therefore, the paper is found to be the first in the literature connecting the demand
planning lead time and the SC performance. Moreover, by using the DMAIC cycle within a case study, and
by including a regression and simulation analysis into the DMAIC cycle; the paper presented a more
quantitative approach in the intersection set of lean and SCM. Moreover, this paper has a unique perspective
in the sense that it takes a helicopter view into the whole planning process, rather than focusing on different
stages of the SC individually. Therefore, it adds the holistic structure of BPM into the SCM lexicon. By
establishing a relationship between the time expenditure in the planning process and the quality of its
outcomes, i.e. SC KPI’s, the paper investigates the so-called devil’s quadrangle in a pharma SC context.

In light of the aforementioned reasons, it can be said that the paper merges three relevant literature fields,
i.e. SCM, lean paradigm and BPM, as promised; by applying a quantitative approach within a case study.
However, it should also be noted that the methodology proposed in this paper is not specific to Valeant
Pharma Demand Planning team. On the contrary, the DMAIC cycle in this paper can be applied into any
SC process for SC performance improvements, as long as the stages of the projects can be defined and are
numerically measurable. When the SC KPI’s, regression variables, and simulation parameters are altered
accordingly, the proposed structure is applicable in any project without industry specification, where the
aim of the project is defined as to increase performance via an efficient time expenditure in a SC process.

7.2. Limitations and Future Research Directions

There are a few limitations experienced through this graduation project. To begin with, the data showing
the action definitions, orders and durations is collected by the researcher, since it was not available in the
company’s database. Consecutively, the data may be prone to slight errors due to human factors. Although
the researcher attempted to minimize the error level of the data by continuously monitoring the new fed
information, it should be acknowledged that an IT-system-based data collection of the event log information
will have higher reliability. Moreover, since the temporal data is collected for only a month, the sample size
is limited. The limited sample size jeopardized the quality of the regression analysis, since the
representativeness of the sample of the general demand planning procedure is open to questions. With
greater sample size, Valeant can obtain better performing regression models in terms of their fitting
capabilities (i.e. better MAAPE and better goodness-of-fit indicators), and a more accurate indication of the
time-quality relationship. Furthermore, since the demand planning is performed 6 months in advance, the
impact of the demand planning of March 2018 can only be observed in the last quarter of the year. To be
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able to circumvent this issue, it is assumed that the performance indicators are stable over the years, and
hence the performance records of the last quarter of 2017 were used in the regression analysis. Even though
the researcher controlled whether there is an upward or downward trend for the KPI’s and proved that all 3
KPI’s are stable over the years; for a more accurate relation derivation between the time and performance,
the regression and simulation studies should be repeated once the KPI’s of 2018’s last quarter are available.

There are also several aspects to be examined in the future studies. First of all, Valeant is invited to
investigate whether the expected results are obtained in reality, once the improvement suggestions are
implemented. Thereby, the control phase of the DMAIC can be executed as well. In that sense, it is
important to test how much time saving will be achieved by the improvement suggestions. Even though 3
time reduction levels were tested in the simulation study to give an insight on the theoretically-expected SC
performance improvements, Valeant should measure the real time saving levels in the control phase. To
this end, the stopwatch-based spreadsheet can be used for the data collection and the simulation model can
be run with true time reduction levels, in order to observe the anticipated SC performance improvements
in reality. Moreover, in the simulation study, it was assumed that the impact of time reduction is linear.
Thus, it is also worthwhile to investigate whether the linearity assumption holds, or a diminishing/
exponential marginal return will be obtained from the time reduction levels when the improvement
suggestions are implemented. In other words, through the implementation phase when the level of time
savings increases gradually, a future study can check if there is a decreasing or increasing acceleration for
the SC performance boost.

Surprisingly, the regression analysis pointed out the negative impact of JDA time expenditure on the
backorder performance, i.e. spending more time on advanced planning tool has an increasing effect on the
backorder value. Although the researcher claimed that this might stem from the combination of
automatically reduced safety stock levels by JDA and the supplier quality issues, this phenomenon is worth
investigating further. Since Valeant has currently speeded up the implementation of JDA for other EMEA
countries, it is wise to consider for Valeant the findings of the regression analysis in order to obtain the
maximum performance from the JDA integration project.

This project aimed to investigate the time waste of a process and relate it to the SC performance. However,
when the focal point is turned from a holistic process examination to a more in-depth analysis of each stage
of the demand planning; one can find many other potential issues leading to low SC performance. For
instance, low forecast accuracy can be stemming from a poorly-performing forecasting algorithm or the
obsolescence levels can be caused by redundantly high safety stocks. Thus, the researcher invites the future
researchers to examine the other waste types than ‘time waste’ in Valeant’s demand planning process and
develop solution alternatives accordingly. To facilitate such an approach, a simulation model which imitates
an inventory management system can be developed, apart from the time perspective of the demand planning
cycle. A simulation model of an inventory management system reflects the demand planning performance
more accurately and thoroughly, since it includes the interdependency between the SC performance
indicators, e.g. the impact of the forecast accuracy on the obsolescence levels of the future, by following
the inventory levels, demand and supply levels, etc. Moreover, it shows the time series information of
obsolescence and backorder, i.e. more clear illustration of how accumulated inventory leads to obsolescence
in time and how decreasing inventory may cause backorders in the future periods. When a dynamic
simulation model is created, the future levels of forecast accuracy, obsolescence level and backorder levels
can be predicted in advance, enabling the companies to take proactive actions.
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Appendix A

A. 1. The Process Map Based on Frequency

Appendix A.1: The process map drawn in Disco, based on the frequency of the actions and paths taken by the demand planners

Manugistics is another name of JDA.
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A. 2. The Process Map Based on Performance

2DEhrs

634 hrs
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Appendix B.2: The process map drawn in Disco, based on the performance, i.e. the action durations and waiting times

Manugistics is another name for JDA.
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Appendix B

B. 1. Regression Models for Forecast Accuracy (%o)

Regression Explanatory Variables Multicollinearity R? | Adjusted F-Test
Model
R? p-value
1 Intercept, tAd Hoc» ztBackorderxtData tAd Hoc» tLOgiStiCS’ 0.93 0.56 0.25
trorecast Lrp ltLOgiStiCSl t]DAl tReplenishmentl
tMeeting: tobsolescence: tProjectl tMeetingv
tReplenishment: Inventory
treports Lstrategy Inventory, Dummy
2 Intercept*, tpackorder: tpatas tpatas tProject 0.61 0.08 0.44
trorecast: tFP:t]DA: tMeetingl tobsolescence:
tProjectv tReport: tStrategy*: Dummy
3 Intercept*, tgackorder: None 0.53 0.18 0.25
tForecastv tFP:t]DA: tObsolescencev
tMeetingv tReport: tStrategy* ' Dummy
4 Intercept™®, tgackorder: trorecast None 0.68 0.44 0.05
trp,109(tjpa),
tMeeting- tObsolescence! IOg(tReport)*l
tStrategy*l Dummy
5 Intercept™®, tzackorders None 0.67 0.48 0.03
tForecasn tFPIIOg(t]DA)*:
tMeetinga IOg(tReport)*! tStrategy*7 Dummy
6 Intercept™®, tgackorders None 0.66 0.54 0.006
tForecast*a IOg(t]DA)*-
IOg(tReport)*v tStrategy* ' Dummy
7 Intercept™, trorecast™ 109(tjpa)*, None 0.6 0.5 0.005
IOg(tReport)*! tStrategy* ' Dummy
8 Intercept*, trorecast™ None 0.71 0.61 0.002

log(tjpa)™,
IOg(tReport)*: tStrategy*! Planner x *

Appendix B. 1: The regression models tried for forecast accuracy (%), the * represents the significant variables
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B. 2. Regression Models for the Backorder Value ($)

Regression
Model

Explanatory Variables

Multicollinearity

RZ

Adjusted

RZ

F-Test

p-value

Intercept, taq Hoc»
tBackordertpata
trorecast) LFp
tLogistic& t]DAa
tMeeting’ tobsolescence:
tProject’ tReplenishmentv

tReport’ tStrategyv
Inventory, Dummy

tad Hoc:
tLogistics:

tProject

0.93

0.56

0.25

Intercept, tBackorder*i tpata
trorecastr trp
tipa™,
z'LMeetingf tobsolescences

t i *t t *
Replenishment s ‘Reports “Strategy
Inventory*

None

0.92

0.83

0.002

* *
tBackorder: t]DA ' tMeetingi

t i *t *
Replenishment : ‘Report
tstrategy ™ INVeNtory*

None

0.96

0.87

0.004

tpackorder: t]DA*’ In(tMeeting) *,
tReplenishment*’ In(tReport)*’
IN(Estrategy), INventory™

t i *
Replenishment

0.86

0.78

tpackorder: t]DA*’ In(tMeeting) *,
In(tReport)*’ In(tStrategy)a
Inventory*

None

0.8

0.73

Appendix B.2: The regression models tried for the backorder value ($), the * represents the significant variables
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B. 3. Regression Models for the Obsolescence Value ($)

Regression Explanatory Multicollinearity R? Adjusted F-Test
Model Variables
R? p-value
1 Intercept, taq Hocs tad Hocr tLogistics: 0.99 0.98 0.002
tBackorderitData tReplenishmentv
tForecast: LFp tReportv

tLogisticw t]DAa
tMeeting’ tobsolescence:
tProject’ tReplenishmentv

tReport’ tStrategyv
Inventory, Dummy

2 Intercept, tgackorder: None 0.98 0.95 €
tpata™
trorecast™ trp™
tipa
tMeeting*a
tobsolescences tProjecta
tstrategy » INVENtory*

3 Intercept, tpara™, None 0.98 0.96 €
* *
tForecast ’tFP
t]DA’
tMeeting*a
tobsolescences tProject’
tstrategy ™ INveNtory™

4 tpata™ None 0.99 0.98 €
trorecast™ trp™
tipa™,
tMeeting*v tProject*’
tstrategy ™ INvVeNtory™

Appendix B. 3: The regression models tried for the obsolescence value ($), the * represents the significant variables
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Appendix C

C. 1. Process Map of France

.

Appendix C.1: Frequency-based process map for France’s demand planning

Manugistics is another name of JDA.
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C. 2. Process Map of UK

Appendix C.2: Frequency-based process map for UKs demand planning

Manugistics is another name for JDA.
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C. 3. Process Map of Greece

Appendix C.3: Frequency-based process map for Greece’s demand planning

Manugistics is another name for JDA.
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C. 4. Intended Standardized Process Map

Forecast Cycle

Forecast Draft

Retrieve
data from
PS

Download
data from
JDA

Hystory

Hystory

1]

Analyse
data

Is data
correct?

Yes
I

Update
Forecast
Packs

New data corrected

Store fcst
packs it with
versions

Analysis
Item by Item

Consensus Meeting Agenda
(with the output of the analysis and
suggesions)

CONSENSUS
MEETING

N

Yes

Update the Forecast

Forecast stay
asitis.

In the Fest In the JDA

Pack System

(Send Minutes from Consensus\

Meeting

Appendix C.4: Valeant'’s intended standardized process map for the first 2 weeks of the monthly planning cycle, based on the in-
progress standardization projects in Pharma Demand Planning

PS refers to PeopleSoft, which is an IT system used by Valeant to see the stock levels.
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Appendix D

Action Name on Simulation

Action Variable on the

Model Regression Distribution Parameters
What is the inventory level? Inventory (%) Weibull Scale = 3973767  Shape = 0.83
Data Quality Assurance tpata Weibull Scale = 64.12 Shape = 0.47
Forecast Pack Creation trp Normal Mean = 236.70 Standard Deviation = 136.52
Report tReports Weibull Scale = 169.05 Shape = 1.21
Meetings tMeetings Normal Mean = 171.65 Standard Deviation = 118.69
Update Forecast trorecast Gamma Scale = 240.54 Shape= 0.65
Upload to JDA tipa Gamma Scale = 64.27 Shape=0.80
Replenishment CReplenishment Gamma Scale = 277.29 Shape= 1.75
Backorder Analysis tpackorder Gamma Scale = 265.50 Shape = 0.51
Obsolescence Time Lobsolescence Weibull Scale = 3.97 Shape = 0.47
Improvement Projects tproject Weibull Scale = 34.94 Shape = 0.50
Strategy Meetings Ustrategy Weibull Scale = 8.48 Shape = 0.50
Ad Hoc tadHoc Gamma Scale = 84.26 Shape = 0.99
Appendix D: The list of the action distributions and parameters for the simulation model

68




Appendix E

E. 1. Best Performing Scenarios in the Short Run (Holistic Performance Increase)

Scenario
Description

Control
BO!

Control
OBS?

Control
Acc?

Scenario
BO

Scenario
OBS

Scenario
Acc

A
Acc

A
OBS

A
BO

Report
decrease of
20%,
increase
backorder
& meet

$
438,675

$
647,738

57.18%

$
396,117

$
594,384

59.55%

4%

-8%

-10%

FP
decrease of
20%,
increase
meeting &
forecast

$
438,675

$
647,738

57.18%

$
423,944

$
558,033

57.91%

1%

14%

-3%

Report
decrease of
20%,
increase
meeting

$
438,675

$
647,738

57.18%

$
398,426

$
624,387

59.54%

4%

-4%

-9%

FP
decrease
20%,
increase
backorder,
forecast,
meeting

$
438,675

$
647,738

57.18%

$
435,786

$
562,847

57.71%

1%

13%

-1%

Report
decrease of
20%,
increase
backorder

$
438,675

$
647,738

57.18%

$
408,007

$
641,191

60.18%

5%

-1%

-1%

Appendix E.1: The results of the best performing scenarios in the short run (20% time saving) when a holistic SC performance
increase is taken as the criterion

1 BO: Backorder Value

2 OBS: Obsolescence Value

3 Acc: Forecast Accuracy

69




E. 2. Best Performing Scenarios in the Long Run (Holistic Performance Increase)

Scenario
Description

Control
BO!

Control
OBSs?

Control
Acc?

Scenario
BO

Scenario
OBS

Scenario
Acc

Acc

OBS

Report
decrease
80%,
increase
backorder
&
meeting

$
438,675

$
647,738

57%

$
280,752

$
589,441

71%

26.7
%

-9%

-36%

FP
decrease
80%,
increase
backorder
, forecast,
meeting

$
438,675

$
647,738

57%

$
396,234

$
346,903

59%

3.6%

-46%

-10%

FP
decrease
80%,
increase
backorder
, meeting,
forecast,
JDA

$
438,675

$
647,738

57%

$
383,292

$
338,094

60%

5.0%

-48%

-13%

Report
decrease
of 80%,

and
increase
backorder
& forecast

$
438,675

$
647,738

57%

$
289,503

$
622,874

75%

30.6
%

-4%

-34%

Report
decrease
of 80%,
increase

forecast &
JDA

$
438,675

$
647,738

57%

$
411,322

$
572,062

7%

34.0
%

-12%

-6%

Appendix E.2: The results of the best performing scenarios in the long run (80% time saving) when a holistic SC performance
increase is taken as the criterion

1 BO: Backorder Value
2 OBS: Obsolescence Value

3 Acc: Forecast Accuracy
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E. 3. Best Performing Scenarios for an Individual Highest SC KPI Increase

20% Time Saving

Scenario Control | Control | Control | Scenario | Scenario | Scenario A A A
Description | BO?! OBS? Acc® BO OBS Acc Acc OBS BO
Report $ $ 57.18% $ 3 61% 6.3% -2.1% -4.7%
decrease 438,675 | 647,738 418,117 | 634,150

20%,

increase

forecast
FP decrease $ $ 57.18% $ $ 57.91% 1.3% -13.8% -3.4%
20%, 438,675 | 647,738 423,944 | 558,033

increase

meeting &

forecast

Report $ $ 57.18% $ $ 59.54% 4.1% 0.0% -10.5%
decrease 438,675 | 647,738 392,563 | 647,731

20%, and

increase

backorder

80% Time Saving

Scenario Control | Control | Control | Scenario | Scenario | Scenario | A Acc A A
Description BO OBS Acc BO OBS Acc OBS BO
Report $ $ 57.18% $ $ 77% 35.2% -8% -28%
decrease 438,675 | 647,738 316,314 | 595,757

80%,

increase

forecast
FP decrease $ $ 57.18% $ $ 60% 4.8% -48% -6%
80%, 438,675 | 647,738 412,820 | 335,196

increase

meeting &

forecast

Report $ $ 57.18% $ $ 72% 26.8% -17% -38%
decrease of | 438,675 | 647,738 271,101 | 540,152

80%,

increase

meeting

Appendix E.3: The results of the best performing scenarios in the short and long run when the SC performance increase is taken
for each KPI individually

1 BO: Backorder Value
2 OBS: Obsolescence Value
3 Acc: Forecast Accuracy
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