
 

- 1 - 
 

Dealing with Supply Chain ComplexiƟes with Scenario Intelligence 
by 

Luis Felipe BiƩencourt de Brito Sena 
Bachelor of Science in Civil Engineering, State University of Goias, 2015 

and 

Zhan Ding 
Ph.D., Bioengineering, University of Toledo, Toledo, Ohio, 2000 

  
SUBMITTED TO THE PROGRAM IN SUPPLY CHAIN MANAGEMENT 

 IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR THE DEGREE OF 

MASTER OF APPLIED SCIENCE IN SUPPLY CHAIN MANAGEMENT 
AT THE 

MASSACHUSETTS INSTITUTE OF TECHNOLOGY 
  

May 2024 

© 2024 Luis Felipe BiƩencourt de Brito Sena and Zhan Ding. All rights reserved. 
The authors hereby grant to MIT permission to reproduce and to distribute publicly paper and electronic 
 copies of this capstone document in whole or in part in any medium now known or hereaŌer created. 

  
 

Signature of Author: ____________________________________________________________________ 
Luis Felipe BiƩencourt de Brito Sena 

Department of Supply Chain Management  
May 10, 2024 

Signature of Author: ____________________________________________________________________ 
Zhan Ding  

Department of Supply Chain Management  
May 10, 2024 

CerƟfied by: ___________________________________________________________________________ 
 Dr. Maria Jesus Saenz 

 ExecuƟve Director, MIT Supply Chain Management Master’s Program 
 Capstone Advisor  

CerƟfied by: ___________________________________________________________________________ 
 Dr. Devadrita Nair 

Postdoctoral Associate, Center for TransportaƟon and LogisƟcs 
 Capstone Co-Advisor 

Accepted by: __________________________________________________________________________ 

Prof. Yossi Sheffi 
Director, Center for TransportaƟon and LogisƟcs 
 Elisha Gray II Professor of Engineering Systems 
Professor, Civil and Environmental Engineering 



 

- 2 - 
 

Dealing with Supply Chain ComplexiƟes with Scenario Intelligence 

by 

Luis Felipe BiƩencourt de Brito Sena 

and 

Zhan Ding 

SubmiƩed to the Program in Supply Chain Management 
on May 10, 2024 in ParƟal Fulfillment of the 

Requirements for the Degree of Master of Applied Science in Supply Chain Management 

 

ABSTRACT 

The sponsor company, historically known for convenƟonal cigareƩe sales, announced a 
commitment to a smoke-free environment in 2015. This strategic shiŌ, combined with an increasingly 
volaƟle and uncertain environment, presented unprecedented levels of complexity to their inventory 
management process. Our project goal was to evaluate supply chain complexity through scenario 
simulaƟons to recommend inventory management policies. The study began with a structured model 
using syntheƟc data simulaƟng the sponsor company’s supply and demand to gain insights into the 
behaviors of their complex supply chain. Through simulaƟon, we idenƟfied the non-linear relaƟonship 
between customer demand and the company’s upstream inventory posiƟons. With these insights, this 
project then simulated various forecast techniques and producƟon plans using different safety stock 
methodologies such as Root Mean Square Error (RMSE), Standard DeviaƟon of Forecast Error (SDFE), and 
Days of Inventory. Each policy yielded monthly simulated inventory posiƟons, which were compared 
among themselves and with the company's real inventory posiƟon at the Ɵme. Furthermore, the paper 
evaluated the impact of reducing lead Ɵme by one month on their inventory cost.  Our findings showed 
that using ExponenƟal Smoothing with Damped Trend forecasƟng in Ɵme period t for period t+3 yielded 
a Mean Absolute Percentage Error (MAPE) of 20.7%, compared to the sponsor's current process which 
presented a MAPE of 28%. Moreover, the producƟon plan methodology developed by this project would 
have presented 14% lower inventory cost to the company without any stockout event. Finally, a simulaƟon 
tool uƟlizing the recommended producƟon plan policy was delivered to the company enabling them to 
make scenario analysis for the future. 
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1. Introduction 

Our sponsor company Philip Morris InternaƟonal (PMI) was widely known as a cigareƩe company 

unƟl 2015. Since then, they have announced to the world their goal to proacƟvely contribute to a smoke-

free planet. It means the sponsor company is building its future on smoke-free products that while not 

risk free are a beƩer choice than cigareƩe smoking.  

According to the company’s Global VP of Supply Chain, in his speech at the Leaders in Supply Chain 

Awards 2023, in a short period of Ɵme, the sponsor company was able to increase the sales of smoke-free 

products, which now represent 39% of their net revenue as Q1’24. Their next milestone is to achieve 50% 

of their net revenues from the Heat not Burn (HnB) category by 2025. In addiƟon to that, the sponsor 

company is entering markets for a variety of new categories, including e-cigareƩes and nicoƟne pouches, 

further expanding their porƞolio (AlcoƩ Global, 2023).  

The company´s VP of Supply Chain also stated in his speech that the organizaƟon has transiƟoned 

from a simple and stable product category, with a controlled manufacturing environment and a simplified 

distribuƟon, to a more complex business. This complexity involves mulƟple product categories that are 

highly interconnected and are oŌen compeƟng for the same resources, like supply materials, 

manufacturing footprints, and distribuƟon channels.  AddiƟonally, the complexity of the sponsor 

company’s porƞolio has increased by 100% over the last three years and is expected to double again in 

the next three years (AlcoƩ Global, 2023). 

1.1 MoƟvaƟon 

In addiƟon to the company's strategic shiŌ, the recent escalaƟon of the VUCA (VolaƟle, Uncertain, 

Complex, and Ambiguous) world has introduced unprecedented levels of complexity to businesses, 

including our sponsor company. Within this challenging landscape, the supply chain process plays a criƟcal 

role in translaƟng the company's vision into reality. 

Furthermore, the fact that the company is changing its strategy and rapidly growing in a new 

product segment is adding complexity to its supply chain, as it transiƟons from a category of simple and 

stable products to one that encompasses a broader range of offerings in a new segment, where they 

compete for the same resources. Therefore, in this scenario, the company has less accuracy in forecasƟng, 

as it has less informaƟon to make its predicƟons and the market is not as stable as that of convenƟonal 

cigareƩes. In this context, the company may experience a higher-than-expected Loss of Goods Sold, 

referred to internally as LOGD. 



 

- 7 - 
 

1.2 Problem Statement and Project QuesƟons 

Given the growing necessity to manage supply chain uncertainƟes in this complex environment, 

this project aims to provide the sponsor company a recommendaƟon on the inventory management 

policy, through simulaƟon exploring how different scenarios may impact the company, by considering 

fluctuaƟons in demand, lead Ɵme extensions, increased lead Ɵme variability, and adjustments in target 

service levels. In this context, the quesƟons to be answered include: 

1. How can the applicaƟon of simulaƟon enable the company to conduct scenario analysis effecƟvely 

to address the complexiƟes within their supply chain process? 

2. What is the recommended inventory policy for the company? 

3. How might different scenarios affect the company´s inventory posiƟon?  

1.3 Scope: Project Goals and Expected Outcomes 

The simulaƟon model will be based on data ranging from January 2021 to November 2023 from 

the region the sponsor company refers to as the CZ Cluster, which includes the Czech Republic, Hungary, 

Poland, and the Slovak Republic, for products Heets and Terea, which are two different categories of Heat 

not Burn products. This project will focus on the demand side of their supply chain process and deliver 

managerial recommendaƟons on the inventory management policy for the sponsor company to adopt. 

AddiƟonally, the project will deliver a simulaƟon tool that will allow the company to conduct scenario 

analysis for the future. 

 

1.4 Project Plan of Work 

To provide recommendaƟons for the company's inventory policy and construct the simulaƟon 

model, the first step was to understand the company's current supply chain process. 

Upon receiving the historical data containing forecast informaƟon, actual sales data, and inventory 

levels for the products and markets under analysis, the data cleaning and data analysis stage was iniƟated 

to prepare the data for the simulaƟon models. 

AŌer collecƟng and cleaning the data, various producƟon plan policies using different safety stock 

methodologies were evaluated to compare their potenƟal impact on the company's inventory posiƟon. 

The inventory levels yielded by these methodologies were also compared with the company's historical 

stock posiƟons. Following the analysis and comparison of the results, our inventory management policy 
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recommendaƟon was formulated, and based on this recommendaƟon, a simulaƟon tool was developed 

to allow the company to conduct scenario analysis for the future. 

2. State of the Practice  

The aim of this project is to provide recommendaƟons for the inventory policy of the sponsoring 

company. In this secƟon, we will begin by examining factors that contribute to the complexity of the 

company's operaƟons. AddiƟonally, we will explore the product diffusion curve across various industries. 

Subsequently, we will explore different forecasƟng techniques to be uƟlized in this project. Finally, we will 

introduce the concept of the Period Review Policy, which will inform the development of producƟon plans 

in simulaƟon models. 

2.1 The Complexity 

The complexity as shown in Figure 2-1 in the tobacco industry's inventory forecasƟng models 

requires a criƟcal reassessment, parƟcularly considering the integraƟon of both exogenous and 

endogenous factors. These models, tradiƟonally reliant on historical data and tailored for legacy products, 

may fall short in the face of market disrupƟons. Exogenous factors such as regulatory changes and shiŌing 

consumer behaviors, along with endogenous factors like producƟon processes and internal supply chain 

dynamics, necessitate a thorough reevaluaƟon and adaptaƟon of these models. This strategic update is 

essenƟal to ensure their relevance and effecƟveness in navigaƟng the evolving market dynamics, thereby 

maintaining operaƟonal efficiency and a compeƟƟve edge in a rapidly changing industry landscape. 

 

2.1.1 The Industry 

The tobacco industry operates within stringent regulatory frameworks, necessitaƟng strict 

adherence to laws that govern various aspect of industry, including adverƟsing, packaging, and sales, with 

a focus on public health iniƟaƟves that can significantly vary across different markets. 

These regulaƟons dictate strict Ɵmelines for sales and product disposal, requiring companies to 

discard goods that could be consumed but for a certain reason do not match the regulatory requirements 

anymore.  
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Figure 2-1  
 
The Sponsor Company Supply Chain Complexity Involving Exogenous Factors Such as Global Forces and 
Endogenous Focus Areas 
 

 

 

Notes.   Recent expansion of the porƞolio and increasing complexiƟes in worldwide supply chain is tesƟng 

the commercial, operaƟonal, financial processes highlighƟng risks and resiliency gaps for many 

organizaƟons.  Some examples of major disrupƟons, 1. LogisƟc disrupƟon; 2. ProducƟon delays; 3. Third 

parƟes/suppliers’ reliability; 4. Commodity pricing; 5. Workforce and labor. 

 

2.1.2 The Forward-Coverage ForecasƟng Method 

The sponsor company is confronted with another complexity: enhancing their forecasƟng 

methodology, parƟcularly within the emerging HnB category, which introduces its own complexity that 

involves different behaviors in depending on the market channel.  

In their comprehensive analysis, Neale & Willems (2014) provided a detailed explanaƟon of the 

forward-coverage model, highlighƟng its intuiƟve adaptability to demand fluctuaƟons and its 

mathemaƟcal defensibility. This approach is widely adopted by a variety of known companies due to its 

effecƟveness and pracƟcality, and so is by the sponsor company.  While the forward-coverage model is 

widely adopted, it can cause the so-called landslide effect, which is very similar to the challenges the 

sponsor company is facing.    
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The landslide effect in inventory management refers to a phenomenon where small changes or 

errors in inventory planning and forecasƟng lead to disproporƟonately large fluctuaƟons in inventory 

levels. This effect can result in costly overstocking or stockouts, negaƟvely impacƟng operaƟonal efficiency 

and profitability.  

The landslide effect underscores the importance of accurate demand forecasƟng, robust inventory 

planning, and effecƟve supply chain management pracƟces. By minimizing errors and uncertainƟes in 

inventory management processes, companies can miƟgate the risk of experiencing the detrimental effects 

of the landslide effect and maintain opƟmal inventory levels to meet customer demand while minimizing 

excess inventory costs.   

 

2.1.3 The Nonlinear Dynamics in OperaƟons 

For complex business operaƟons, business dynamics and system thinking are criƟcal (Sterman, 

2010).  CoordinaƟng a set of departments under various constraints and uncertainƟes is a complex 

problem, primarily due to ambiguity in determining component requirements, uncertainty in component 

services, and interdependencies among services. Addressing these challenges requires finding ways to 

achieve coordinaƟon and coherence among supply chain partners, (LaƟfa et al., 2013).   

Ashayeria & Lemmes (2006) believed global business and markets are evolving into unpredictable, 

fragmented, and dynamic environments.  Instead of relying solely on staƟc analyses of aggregated data, 

stakeholders must navigate the changes by selecƟng the opƟmal model that allows for more accurate and 

responsive demand planning in the face of evolving market condiƟons.  

Based on the analyƟcal data, various techniques are commonly employed for scenario planning. 

These include the Monte Carlo SimulaƟon (Metropolis & Ulam, 1949), Discrete Time/Event (Navonil et al., 

2021), Agent Based SimulaƟons (Dhanan et al., 2017), and System Dynamics (Sterman, 2010). System 

Dynamics modeling is parƟcularly useful for capturing the nonlinear behaviors of complex systems 

(Sterman, 2010), incorporaƟng reinforcing or balancing feedback loops to comprehend system dynamic 

behavior.   

System Dynamics effecƟvely models complex systems by breaking them down into state variables 

without losing the essence of the system's true nature. This modular approach starts with a simple 

framework, allowing modelers to gradually expand into more detailed, manageable modules. By mapping 

each module’s aƩributes to physical seƫngs, previously unknown problems can be redefined and 

addressed using established knowledge. This method transforms challenging, undefined scenarios into 

structured, solvable problems, providing a clear pathway through the lens of familiar concepts.  John D. 



 

- 11 - 
 

Sterman (2010) outlines in his book "Business Dynamics – System Thinking and Modeling for a Complex 

World" a generic model Figure 2-2 for supply chain management, which serves as an illustraƟve example. 

 

Figure 2-2 
 
Adapted From Demands, Capacity and Exogenous Factor Increasing Inventory Planning Complexity  
 

 

 

This model includes exogenous and endogenous variables, delves into the dynamics of supply pipeline 

and stock levels, offering a foundaƟonal understanding of key consideraƟons. Firstly, it underscores the 

mulƟtude of factors and variables that companies must weigh when managing supply line lead Ɵme or 

stock levels. It emphasizes that merely ordering new units to replace consumed ones can be problemaƟc; 

instead, companies must account for exisƟng inventory within the supply pipeline (depicted by the red 

loop). This necessitates minimizing the gap between desired and actual supply line performance (red loop) 

or stock levels (green loop) by adjusƟng procurement based on anƟcipated needs—a process that can 

involve various esƟmaƟon techniques, as elaborated in subsequent secƟons. 
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Secondly, the adjustment of stock presents challenges, given its irreversible nature once products are 

manufactured. In contrast, tweaking supply pipeline configuraƟons is relaƟvely more flexible than 

acquiring new units, making it a pivotal focus for addressing the complexiƟes of supply chain management.  

2.2 Product Diffusion 

Considering the sponsor company's goal of increasing sales in the HnB category, it is beneficial to 

introduce the Bass Diffusion Model outlined in Figure 2-3. Simply speaking, the Bass Diffusion Model, 

widely employed across strategy, markeƟng, and diverse domains, elucidates the trajectory of product 

adopƟon through an S-shaped growth curve exhibited by many products shown in Figure 2-3.  A deeper 

comprehension of the adopƟon curve could assist companies in selecƟng inventory simulaƟon models 

with appropriate assumpƟons. 

Figure 2-3  
 
 Rate of New Product AdopƟon 
 

 

Note.  From “ConsumpƟon Spreads Faster today” by Nicholas Felton, 2007, The New York Times.  
 

One of significant instances of S-shaped growth is referred to as logisƟc growth (Richardson, 1991). 

The logisƟc growth model (1) postulates that the net fracƟonal populaƟon growth rate is a downward-

sloping linear funcƟon of the populaƟon, to esƟmate the new product adopƟon growth curve. UlƟmately, 

the model suggests that no growth is infinite—once the total populaƟon capacity is approached, the 

system's expansion stabilizes and shiŌs toward equilibrium, marking a transiƟon to dominance by negaƟve 

feedback as the product reaches market saturaƟon.  
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൰ + 𝑔଴𝑡       

(1) 

 
 

NotaƟon: 

A: number of adopters (the installed base), A(0) is the iniƟal adopters 

P: PotenƟal populaƟon, P=N-A, where N is the Carrying Capacity or the Total PopulaƟon N in Figure 2-4, P(0) is 

the iniƟal potenƟal populaƟon. 

g0: iniƟal fracƟonal growth rate 

t: Ɵme units 

 

Viewing it through the lens of System Dynamics modeling, the logisƟc growth unfolds as Figure 2-4. 

Figure 2-4 

The LogisƟc Growth Diffusion Model  

 

Note. Adapted from “Business Dynamics System Thinking and Modeling for a Complex World” by John D. 
Sterman, 2010.  

 

The logisƟc growth features two feedback loops: a balancing loop denoted as ‘B’ and a reinforcing 

loop marked as ‘R’ in the diagrams, driving the adopƟon process. The balancing ‘B’ loop is fueled by mass 

media efforts from companies, aimed at raising product awareness among potenƟal adopters. As adopƟon 

increases, the pool of potenƟal adopters diminishes, which in turn reduces the impact of further markeƟng 

effects. This represents a natural limit to growth as the market becomes saturated.  In contrast, the 

reinforcing ‘R’ loop operates through social influence within personal networks. As more individuals adopt 
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the product, they create more exposure and endorsements for it, thereby increasing the probability that 

non-adopters will convert to adopters. This loop tends to accelerate adopƟon.   

It is worth noƟng that researchers are conƟnuing to refine the basic diffusion model from the Bass 

diffusion model, aggregaƟon modeling techniques to extending into individual-level models (Ranganath, 

2012). Within product category forecast, if there is a need to forecast between products within families, 

Norton and Bass (1987) model which is the extended version of Bass Model can be useful to capture the 

cannibalizaƟon effect of successive products. 

 

2.3. ForecasƟng 

ForecasƟng techniques can broadly be classified into subjecƟve and objecƟve categories. 

SubjecƟve techniques oŌen result from collaboraƟon across various company departments, such as sales, 

markeƟng, market intelligence, and finance. These methods draw on collecƟve experƟse and insights from 

different areas of the business. SubjecƟve forecasƟng itself divides into judgmental methods based on the 

internal knowledge and opinions from sales force surveys and expert insights, and experimental methods, 

which gather external feedback via customer surveys or focus groups. Conversely, objecƟve forecasƟng is 

primarily in the domain of producƟon and inventory planners. This approach is categorized into causal 

methods that seek to uncover underlying relaƟonships and Ɵme series methods aimed at idenƟfying 

demand paƩerns using techniques such as moving average, exponenƟal smoothing, damped trend 

analysis, regression, machine learning predicƟons, among others (Caplice & Ponce, 2023). 

 

2.3.1 Moving Average 

 A moving average method is a Ɵme series forecasƟng technique, which operates by averaging 

consecuƟve values from a dataset to smooth fluctuaƟons and highlight underlying trends. This approach 

is categorized within the broader scope of filtering techniques, which convert an original Ɵme series into 

a modified version by successively recalculaƟng averages to include new data while excluding the oldest 

data points. This ensures an up-to-date reflecƟon of the series with a consistent number of data points in 

each average, facilitaƟng a clear analysis of trends over Ɵme. 

The moving average method, however, is characterized by its selecƟvity in the number of data 

points considered for each average. For instance, a 6-point moving average would only incorporate the six 

most recent data points, equally weighted, to compute the average. This specificity in the selecƟon of data 

points allows for tailored analysis and forecasƟng, adaptable to various analyƟcal needs and Ɵme frames 

(Makridakis et al., 1998). 
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The moving average equaƟon is according to (17) in the Appendix SecƟon D.1. 

 

2.3.2 ExponenƟal Smoothing for Level and Trend (Holt Model) 

  ExponenƟal smoothing for Level and Trend, also known as Holt´s Model assumes a linear trend 

and stands out from methods such as CumulaƟve, Naïve, and Moving Average by adjusƟng the importance 

of data based on its proximity in Ɵme. This method is based on the concept that data points closer to the 

present are more significant due to their Ɵmeliness, and their relevance decreases exponenƟally as they 

age. In essence, exponenƟal models seamlessly integrate informaƟon from the near past with more dated 

data. 

The emphasis on newer data relaƟve to older data is controlled by the alpha factor, with a range 

from 0 to 1. This parameter sets the balance between new and old informaƟon, by defining how much 

weight is given to the latest observaƟons in the model. When the alpha factor is near to 1, the model's 

forecast aligns more closely with the naïve method. When the alpha is close to 0, the forecast resembles 

the cumulaƟve method more closely. Typically, in pracƟcal applicaƟons, the alpha factor is selected within 

the range from 0.1 to 0.3. The equaƟons for this methodology are according to (18), (19) and (20) in the 

Appendix SecƟon D.2 (Caplice & Ponce, 2023). 

When combining the ExponenƟal Smoothing method with RMSE (Root Mean Square Error) in 

forecasƟng, we have the capability to variably weight errors over Ɵme. In this approach, recent errors are 

given more significance than older ones, mirroring the principle of ExponenƟal Smoothing. This differenƟal 

weighƟng is facilitated through the adjustment of the omega parameter, known as the Mean Squared Error 

Trend, specifically designed to prioriƟze recent forecast errors. 

 

2.3.3 Damped Trend Model with Level and Trend 

  Recognizing that trends do not persist unchanged indefinitely and that assuming constant linear 

trends can result in over forecasƟng, the damped trend model emerges as a suitable recommendaƟon for 

longer forecast horizons. It aims to more accurately mirror the diminishing effect of trends observed in 

real-life scenarios. This model introduces a minor adjustment to the exponenƟal smoothing model by 

incorporaƟng a dampening parameter, phi (φ), with values ranging between 0 and 1. This parameter 

effecƟvely moderates the projecƟon of trends over Ɵme, ensuring that forecasts become more 

conservaƟve as they extend into the future. The equaƟons for this methodology are according to (21), (22) 

and (23) in the Appendix SecƟon D.3 (Caplice & Ponce, 2023). 
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2.4. Inventory Model – Periodic Review Policy 

In today's fast-paced business environment, efficient inventory management stands as a 

cornerstone for organizaƟons aiming to meet customer demands while opƟmizing operaƟonal costs. 

Within the spectrum of MulƟ-Period Inventory Models, which includes methodologies like Economic 

Order QuanƟty, Single Period (News Vendor), Base Stock Policy, ConƟnuous Review Policy, and Periodic 

Review Policy, the laƩer has been chosen for this project. This decision stems from its alignment with the 

sponsor company’s operaƟonal reality, where producƟon planning occurs monthly. This monthly cadence 

is necessitated by the need to meƟculously coordinate labor, raw material availability, producƟon mix, and 

other variables in advance. Therefore, our focus in this topic will be dedicated to addressing the key 

consideraƟons relevant to this inventory policy. 

The quanƟty of units that the company will order up to this number, known as S, can be calculated 

according to (2), which states that the company will maintain an inventory target capable of fulfilling the 

expected demand along with a safety stock. 

 𝑆 (𝑢𝑛𝑖𝑡𝑠) = 𝜇ோ + 𝑘𝜎௅ାோ, (2) 

 The safety stock represents the level of inventory necessary to miƟgate the probability of the 

company experiencing stockouts to a degree less than the Cycle Service Level. For instance, if a company's 

Cycle Service Level is 95%, then the safety stock denotes the quanƟty of inventory the company should 

maintain to cover over 95% of the expected units to be sold during the replenishment cycle (Caplice & 

Ponce, 2023). 

When developing an inventory model for the future, parƟcularly in scenarios where a company 

depends largely on forecasts rather than historical data, the forecasted demand for the period serves as 

the mean value and the root mean square error (RMSE) of the forecast error over that specific Ɵmeframe 

is used along with the service level, lead Ɵme, and review period to calculate the review period (Caplice & 

Ponce, 2023). 

 

3. Methodology  

AŌer a literature review on different methods of inventory opƟmizaƟon policies and different 

forecasƟng approaches, these methodologies will be put into pracƟce using the informaƟon provided by 

the company for the four markets and the two products under analysis. Scenarios will be created to 

compare how different producƟon plans stack up against each other and against the actual inventory curve 

of the company from December 2021 to November 2023. Comparisons will also be made with the 
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mathemaƟcal forecasƟng models discussed in the State of the PracƟce secƟon, alongside the current 

forecasƟng model of the sponsor company.  

 

3.1 Data Gathering and Analysis 

3.1.1 Data Gathering 

The company provided us with two sets of data: one containing the historical monthly forecast 

and monthly sales for the products and markets under the scope of this project ranging from 2021 to 2023, 

and another dataset containing the company's weekly inventory posiƟon for the same products (two main 

products under the Heat not Burn category) and the four markets under the scope of this project. 

The dataset containing monthly forecasts and actual market sales presented different forecasƟng 

versions. Therefore, data processing was necessary to ensure that the producƟon plans considered in the 

simulaƟons of this project were based on the most updated forecast at the Ɵme of producƟon plan 

execuƟon, mirroring the approach taken by the company during the same period.  

Data treatment was also necessary for the dataset containing the company’s weekly inventory 

posiƟon. We received the data on a weekly basis, but the relevant informaƟon for our simulaƟon was only 

the last monthly inventory posiƟon per product and per market. 

 

3.1.2 Data Analysis 

As HnB represents a new novel product category, our iniƟal step involves comprehending their 

diffusion into the market and validaƟng whether they adhere to (1).  

The decline in Heets sales (orange line) observed in January 2023 can reasonably be aƩributed to 

the company's launch of the second-generaƟon product, Terea (grey line). It's plausible that some HnB 

users transiƟoned from Heets to Terea, resulƟng in the drop in Heets sales. However, the overall user 

populaƟon appears to conƟnue growing, as shown in Figure 3-2 below, indicaƟng a diffusion growth trend. 
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Figure 3-1 
 
Heets and Terea Sell in Data in Czech Republic 
 

 

Figure 3-2  
 
Combined Heets and Terea Sell in Data in Czech Republic 
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To understand where HnB fit within the Bass diffusion curve, logisƟc regression analysis was 

conducted, and the Czech Republic is shown as an example in Figure 3-3 which uses (1) defined for this 

purpose. AddiƟonally, the regression results are summarized in Table 3-1. The analysis revealed a high R-

value of 0.79 that is staƟsƟcally significant. These findings allow the study to treat the data as represenƟng 

a single product category, simplifying the data analysis, and modeling process.  Similar data analysis has 

been conducted for Hungary, Poland, and Slovak Republic as well, which are available in Appendix A.   

 
Figure 3-3  
 
Fiƫng the LogisƟc Growth (1) to Data for Czech Republic for HnB AdopƟon Over Addressable PopulaƟon 
 

 

Note. In Figure 3-3, we assumed that the Original Budget (OB) represented the company's esƟmaƟon of 
the market and was used as the carrying capacity.    
 

Table 3-1 
 
Fiƫng the LogisƟc Growth (1) to Sales Data for Czech Republic for HnB AdopƟon Over Addressable  
PopulaƟon Regression 
 

R Square Adjusted R 
Square 

Coefficients 
(intercept) 

Coefficients  
(Time) 

0.79 0.77 -38.27*** 0.00081*** 
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In the analysis described, the study uƟlizes the sponsor company's Original BudgeƟng (OB) 

esƟmates as the proxy for the sponsor company’s market carrying capacity. To miƟgate potenƟal biases 

from relying solely on first-party data, the analysis was also extended to encompass overall market data, 

including third-party products shown in Table 3-2. When adapƟng the data to include these third-party 

and total addressable market figures, we observed similar paƩerns that were staƟsƟcally significant across 

the four markets studied. Notably, all markets demonstrate a modest growth slope, indicaƟng that they 

are transiƟoning into a period of mature growth. 

 
Table 3-2 
 
Fiƫng the LogisƟc Growth (1) to market data of Czech Republic, Hungary, Poland, and Slovak Republic. 
 

  Czech Republic Hungary Poland Slovak Republic 

MulƟple R 0.89 0.85 0.98 0.84 

R Square 0.79 0.72 0.95 0.71 

Adjusted R Square 0.77 0.70 0.95 0.70 

Intercept -38.27*** -54.84*** -63.18*** -43.47*** 

Slope 0.00081*** 0.0012*** 0.0014*** 0.00093*** 
 

3.2 SimulaƟon Model for Manufacturing Scenario Planning 

The dynamic, non-linear supply chain system we learned from the sponsor company comprises 

inflow, such as producƟon at discrete monthly intervals, inventory in pipeline and channels, and the 

conƟnuous ouƞlow of product consumpƟon. A useful equaƟon for simulaƟng this complex and dynamic 

inventory considering producƟon happening on a monthly cadence and consumpƟon being ongoing, can 

be derived from understanding the balance between these two flows over Ɵme. This approach typically 

integrates the producƟon and consumpƟon rates over the same period to predict inventory levels.  To 

begin, the paper defines the inventory level I(t) at any Ɵme t can be modeled by the (3): 

𝐼(𝑡) = 𝐼(𝑡 − 1) + 𝑓(𝑡) − 𝑔(𝑡)                                                                (3) 

NotaƟon: 

f(t): batch product releases at discrete monthly intervals.   

g(t): conƟnuous consumpƟon. 

I(t-1): the inventory at the end of previous period. 

According to the data analysis discussed in SecƟon 3.1.2 of the paper, the product category 

exhibits modest growth, leading to the assumpƟon that the consumpƟon, denoted by g(t), remains 

relaƟvely stable.  Therefore, this paper explores various scenarios for producƟon, denoted by f(t), using 
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forecasƟng techniques such as the Moving Average, Holt Model, and ExponenƟal Smoothing with Damped 

Trend. The objecƟve is to assess the efficacy of these methods in predicƟng producƟon needs while 

considering safety stock levels.  

The paper uƟlizes a System Dynamics framework for manufacturing inventory management, as 

illustrated in Figure 3-4.  The primary advantage of using this simulaƟon model is its ability to provide 

detailed insights into the key drivers of inventory levels and producƟon efficiency. By adjusƟng various 

parameters within the model, we can simulate different operaƟonal scenarios, which helps idenƟfy 

leverage points where changes yield the most significant improvements. 

Specifically, the simulaƟon assists in understanding how changes in producƟon rates, lead Ɵmes, 

and demand variability affect overall inventory levels and service levels. This insight is crucial for the paper 

in later secƟon for opƟmizing producƟon, inventory, and minimizing costs associated. Detailed results from 

these simulaƟon scenarios are comprehensively documented in Appendix A.  

 

Figure 3-4 

The Structure of Inventory and ProducƟon 

 

Note.  Adapted from Business Dynamics System Thinking and Modeling for a Complex World by Sterman 
J.D, 2010  
 

For example, in Scenario 1, the model starts in an equilibrium state where all flows, including the 

ProducƟon CompleƟon Rate and Shipment Rate, remain constant unƟl Ɵme unit 5, as depicted in Figure 
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3-5. StarƟng at Ɵme unit 5, a single step increase of 20% in the Shipment Rate is introduced, with the 

resulƟng dynamics shown in Figures 3-5 and Figures 3-6. This change triggers the system to dynamically 

respond through a series of interconnected feedback loops, inventory adjustments, and flows that mimic 

real-world operaƟons in Figure 3-4, resulƟng in a much larger amplificaƟon compared to the iniƟal demand 

increase for flow rates throughout the system.  

 

Figure 3-5 
 
SimulaƟon Scenario 1 of ProducƟon Level OscillaƟon Due to Ship Rate Increased by 20% 
 

 
Note. SimulaƟon scenario before Ɵme unit 5 are in equilibrium state where inflows and ouƞlows are 
constant. StarƟng at Ɵme unit 5, a single step increase of 20%. 

 

ObservaƟons from Figure 3-5 and Figure 3-6 underscore criƟcal system behaviors, parƟcularly the 

system's efforts to reach equilibrium, oŌen leading to undesirably high inventory levels. While it naturally 

tends to minimize amplificaƟon, the company must carefully weigh policy decisions and trade-offs to 

ensure adequate service levels are met. In the same scenario, illustrated in Figure 3-6 and detailed in 

Figure 3-7, serviceability falls below 100% on five occasions throughout the simulated period. 
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Figure 3-6 
 
SimulaƟon Scenario 1 of Inventory and Service OscillaƟon Due to Ship Rate Increased by 20% 
 

 

 

Figure 3-7 
 
SimulaƟon Scenario 1 of Service Level below 100% Due to Ship Rate Increased by 20% 

 

3.3 Inventory OpƟmizaƟon Model – Comparing Different ForecasƟng Techniques 

This study employed various forecasƟng methodologies, such as Moving Average, ExponenƟal 

Smoothing Holt Model, and Holt Model with Damped Trend. The aim was to analyze how these forecasƟng 

models performed by comparing them with the company's forecast to provide recommendaƟons 
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regarding the forecasƟng process to the sponsor company. IniƟally, these models were analyzed 

considering forecasƟng for Ɵme period t+1 in Ɵme period t to understand the results these mathemaƟcal 

models are yielding in a moment that typically exhibits the best outcomes, which is forecasƟng for the 

next Ɵme period. However, for producƟon planning execuƟon, it's necessary to consider that the company 

is in Ɵme period t-1, forecasƟng for Ɵme period t+L. Thus, considering a lead Ɵme of 2 months, we assessed 

the forecasƟng methodology of Damped ForecasƟng, as this model can forecast for the future through a 

trend while simultaneously considering a factor to dampen this trend. The Moving Average methodology 

is unable to consider this trend. 

With these analyses, we were able to compare how different forecasƟng techniques performed in 

their best-forecast window (predicƟng for the next period) and when predicƟng 3 months ahead, 

comparing the results with the current process of the sponsor company.  

This secƟon, focused on the forecast results of the ExponenƟal Smoothing with Damped Trend 

methodology, as it is capable of making predicƟons for future months considering a level, a trend and a 

factor to damp the trend, which is important when conducƟng long-term analysis, and is more aligned 

with the reality of the sponsoring company. The results of the other forecasƟng analyses will be presented 

in Appendix B for the company to observe how these models would perform if the company manages to 

reduce the forecast window, for example, by reducing the lead Ɵme. 

 

3.3.1 ForecasƟng Metrics 

There are different metrics to assess the quality of a forecast, such as Mean DeviaƟon (MD), Mean 

Absolute DeviaƟon (MAD), Mean Squared Error (MSE), Root Mean Square Error (RMSE), Mean Percent 

Error (MPE), and Mean Absolute Percent Error (MAPE). In this work, as we intend to assess the forecasƟng 

quality in percentage terms, we will use Mean Absolute Percent Error (MAPE) as a comparison metric. 

MAPE is calculated according to (4), where At is the Actual Result and Ft is the Forecast for Ɵme period t. 

 

 
𝑀𝐴𝑃𝐸 =  

∑
|𝐴𝑡 − 𝐹𝑡|

𝐴𝑡
௡
௧ୀଵ

𝑛
 

(4) 
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3.3.2 ExponenƟal Smoothing Damped Trend Forecast – ForecasƟng for t+3 in Time Period t 

In this scenario, forecasƟng for Ɵme period t+3 while in Ɵme period t was considered. Thus, the 

forecast is obtained through the following equaƟon, where 𝑎௧  and 𝑏௧ are found according to (19) and (20) 

respecƟvely. 

The equaƟon for this method is defined according to (5). 

 𝑋(௧, ௧ାଷ) ୀ 𝑎௧  +  3 ⋅  𝜑  ⋅ 𝑏௧  (5) 

 

This model presented an Accumulated MAPE of 20.7%, compared with 28% of the company 

current forecasƟng process, detailed in Table B-6 in Appendix B.  

 

3.4 Inventory OpƟmizaƟon Model – Comparing Different ProducƟon Plans 

To recommend the opƟmal inventory policy for the company, we developed five disƟnct 

producƟon plans policies employing different safety stock methodologies. These plans were scaled for the 

company's two products across four different markets and then compared against each other and the 

actual inventory posiƟon observed from December 2021 to November 2023. 

To efficiently assess the performance of these producƟon plan policies, we consolidated forecasts, 

actual sales and stock posiƟons across all markets and products, resulƟng in an aggregated producƟon 

plan policy. This streamlined approach allows for easier interpretaƟon, analyzing the performance of the 

producƟon plans within a unified scenario, rather than scruƟnizing eight separate charts and metrics. This 

analysis guided our recommendaƟons for the company's producƟon plan policy. 

 

3.4.1 ProducƟon Plan UƟlizing a Standard DOI (Days of Inventory) Target 

This policy is the most similar to the one the company is currently using. Based on factors such as 

lead Ɵme, agreements with distributors, the importaƟon process, and others, the company sets a number 

of days of inventory that it believes will provide security to the process to prevent stockouts, while also 

ensuring that the market is not leŌ with an excessive surplus of product. Figure F-1 displays a chart with 

the inventory posiƟon for the Days of Inventory methodologies. 

Under this policy, the company's safety stock is calculated according to EquaƟon (6). 

 𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫ = 𝐷𝑂𝐼௫ ∗ 𝐷𝑎𝑖𝑙𝑦 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ (6) 
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NotaƟon: 

𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫  = target safety stock in units for the company to maintain by the end of the month x (units) 

𝐷𝑂𝐼௫  = target days of inventory for the company to have by the end of the month x (days) 

𝐷𝑎𝑖𝑙𝑦 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ = daily average sales projected for x upcoming months (units) 

 

The Daily Average Forecast୶ is not the quanƟty of units the company expects to sell per day in 

month x. Rather, it represents the number of units per day the company anƟcipates selling in the months 

following month x. Therefore, by mulƟplying the desired number of days for safety stock by the daily unit 

sales expected in subsequent months, the company determines the target safety stock it aims to have at 

the end of month x. The Daily Average Forecast in this project, was calculated according to (7). 

 

 𝐷𝑎𝑖𝑙𝑦 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ =
ெ௢௡௧௛௟௬ ௌ௔௟௘௦ ி௢௥௘௖௔௦௧ೣశభାெ௢௡௧௛௟௬ ௌ௔௟௘௦ ி௢௥௘௖௔௦௧ೣశమ

଺଴
,  (7) 

 

In (5), the Monthly Sales Forecast represents the quanƟty of units the company forecasts to sell in 

the respecƟve months.  

With the calculaƟon of the safety stock, the original producƟon plan for the month x is calculated 

according to (8). 

 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝑙𝑎𝑛(௫ିଵ,   ௫,   ௫ା௅) = 𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ା௅ + 𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫  

−𝐸𝑛𝑑𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛௫ା௅ ିଵ  

(8) 

 

NotaƟon: 

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝑙𝑎𝑛௫ିଵ,௫,௫ା௅ = is the producƟon plan to be made in month x-1, for the following month, which 

will reach the market L months aŌer the month in which it was produced (units) 

𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ା௅ = the monthly forecast to be sold in the month x+L (units) 

𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫  = the calculated safety stock using the DOI methodology, according to the (3-2) (units) 

𝐸𝑛𝑑𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛௫ା௅ିଵ = simulated inventory posiƟon from the month prior to the month in which 

the product will reach the market (units)  

 

 When assessing the performance of various producƟon plans against historical outcomes or 

developing simulaƟon models with stochasƟc demands to evaluate different strategies for the future, 

incorporaƟng forecast errors in the inventory posiƟon is crucial. This approach provides a more accurate 

reflecƟon of real-world condiƟons. Since producƟon plans aim to adjust the market supply based on the 

difference between the previous month's ending inventory and the forecast for the upcoming month, plus 
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safety stock, the model assumes that actual demand aligns with the forecast. This assumpƟon simplifies 

the calculated ending inventory posiƟon for month x to always represent the safety stock. However, for a 

meaningful evaluaƟon of inventory policies and their comparison to the company's actual historical 

inventory, acknowledging forecast error is essenƟal. Ignoring this leads to comparisons between 

theoreƟcal desired inventories and actual inventories affected by past forecast inaccuracies. To address 

this, a producƟon plan that considers forecast error needs to be defined according to (9). 

 

 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝑙𝑎𝑛 𝑤𝑖𝑡ℎ 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟 (௫ିଵ,   ௫,   ௫ା௅)   = 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ା௅ + 𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘 −

𝐸𝑛𝑑𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 +  𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟௫ିଶ   

(9) 

 

In this equaƟon, the 𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟௫ିଶ    represents the most recent forecast error, 

occurring in the month prior to when the company plans its producƟon. Since the company prepares the 

producƟon plan for month x during month x-1, the forecast error from month x-2 is considered for the 

upcoming producƟon plan. This approach more accurately simulates real-world scenarios, where actual 

sales do not always align with the sales forecast. 

 The Simulated Inventory PosiƟon considering the Forecast Error in this case can be calculated 

according to (10). 

 𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑖𝑛𝑔 𝑡ℎ𝑒 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟௫

= 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝑙𝑎𝑛 𝑤𝑖𝑡ℎ 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟௫ି௅

+   𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛௫ିଵ − 𝐴𝑐𝑡𝑢𝑎𝑙 𝑆𝑎𝑙𝑒𝑠௫ 

(10) 

 

 The Simulated Inventory PosiƟon, considering the forecast error, can then be compared with the 

actual inventory posiƟon of the company and with the simulated inventory posiƟons derived from 

different methodologies. This comparison helps determine the most effecƟve approach for the company. 

The producƟon plan, target ending inventory posiƟon, and simulated inventory posiƟon considering the 

forecast error yielded by this methodology are displayed in SecƟons 4.1 and 4.2. 

 

3.4.2 ProducƟon Plan UƟlizing the Root Mean Squared Error of the Forecast (RMSE) 

 When uƟlizing the Root Mean Squared Error (RMSE) of the forecast, the primary disƟncƟon lies in 

the calculaƟon of safety stock.  

 When a company relies on its forecasƟng process to predict future demand, instead of using 

historical data, the safety stock can be calculated according to (11). 
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 𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫ିଵ = 𝑅𝑀𝑆𝐸௫ି଻→௫ିଵ ∗ 𝑘 ∗  √𝐿 + 𝑅 (11) 

 

NotaƟon: 

𝑅𝑀𝑆𝐸௫ି଻→௫ିଵ = Root Mean Squared Error of the forecast from Ɵme period x-7 unƟl Ɵme period x-1 (units) 

L = Replenishment Lead Time (Ɵme) 

R = Review Period (units) 

k = Safety Factor 

 

 The Root Mean Squared Error of the Forecast, is calculated according to (12) and (13). 

 𝐸𝑟𝑟𝑜𝑟 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 =  (𝐴𝑐𝑡𝑢𝑎𝑙 𝑆𝑎𝑙𝑒𝑠 − 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑆𝑎𝑙𝑒𝑠)ଶ (12) 

  𝑅𝑀𝑆𝐸 =  ∑
ா௥௥௢௥ ௌ௤௨௔௥௘ௗ

଺
௫ିଵ
௫ି଻                                                     (13) 

 

NotaƟon: 

𝐸𝑟𝑟𝑜𝑟 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 = Forecast error squared for Ɵme period x (units) 

RMSE = Root Mean Squared Error of the forecast (units) 

n = Number of previous periods to be considered in the RMSE calculaƟon (Ɵme) 

Once a company defines the cycle service level, it is possible to calculate the safety factor that 

saƟsfies the condiƟon above using tables or an Excel spreadsheet, according to (14). 

 𝑘 = 𝑁𝑂𝑅𝑀𝑆𝐼𝑁𝑉 (𝐶𝑆𝐿)                                                        (14) 

 

 The original producƟon plan is calculated according to (15). 

 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝑙𝑎𝑛(௫ିଵ,   ௫,   ௫ା௅)

= 𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡௫ା௅ + 𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫ିଵ

− 𝐸𝑛𝑑𝑖𝑛𝑔 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛௫ା௅ ିଵ 

(15) 

 

 The ProducƟon Plan with forecast error and the Simulated Inventory PosiƟon considering the 

forecast error are calculated according to (9) and (10) respecƟvely. 

The producƟon plan, target ending inventory posiƟon, and simulated inventory posiƟon considering the 

forecast error yielded by this methodology are displayed in SecƟons 4.1 and 4.2. 
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3.4.3 ProducƟon Plan UƟlizing the Mean Squared Error Trending 

 Another producƟon plan was simulated, employing the Mean Squared Error Trend methodology. 

In this approach, recent errors are weighted more heavily than older ones. Rather than assigning equal 

weight to the RMSE of the previous six months, more emphasis is placed on the most recent data. The 

omega parameter used was 0.05. 

The producƟon plan, target ending inventory posiƟon, and simulated inventory posiƟon considering the 

forecast error yielded by this methodology are displayed in SecƟons 4.1 and 4.2. 

 

3.4.4 ProducƟon Plan UƟlizing the Standard DeviaƟon of the Forecast Error 

The methodology for calculaƟng the ProducƟon Plan using the Standard DeviaƟon of the forecast 

error is similar to the RMSE methodology and its name is intuiƟve. Instead of calculaƟng the safety stock 

using the RMSE of the forecast error, in this methodology it is calculated using the standard deviaƟon of 

the forecast error. In this project, the Standard DeviaƟon of the Forecast Error of the previous 6 months 

was used. Thus, the safety stock is calculated according to (16). 

 𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘௫ିଵ = 𝑆𝑡𝑑. 𝐷𝑒𝑣. 𝐹𝑐𝑠𝑡 𝐸𝑟𝑟𝑜𝑟(௫ି଺→௫)  ∗ 𝑘 ∗ √𝐿 + 𝑅  (16) 

 

 Once the safety stock is defined, the ProducƟon Plan considering the Forecast Error and the 

Simulated Inventory PosiƟon considering the forecast error are also determined by (7) and (8) respecƟvely. 

The producƟon plan, target ending inventory posiƟon, and simulated inventory posiƟon considering the 

forecast error yielded by this methodology are displayed in SecƟons 4.1 and 4.2. 

 

3.4.5 ProducƟon Plan Through a Calculated DOI Target 

This methodology combines the current approach uƟlized by the company with the Root Mean Squared 

Error methodology. In this method, we calculate the RMSE for the period between July 2021 and 

November 2023. The average RMSE for this enƟre period is used to determine the Safety Stock through 

equaƟon (11). Then, we divide this calculated safety stock, which represents the average safety stock 

derived from the RMSE methodology from July 2021 to November 2023, by the average daily IMS for the 

same period to obtain the number of days that this safety stock represents. This process is repeated for all 

markets and products, and for each one, a producƟon plan was also developed, considering the Days of 

Inventory (DOI) methodology. 
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The producƟon plan, target ending inventory posiƟon, and simulated inventory posiƟon 

considering the forecast error yielded by this methodology are displayed in SecƟons 4.1 and 4.2. 

 

3.5 SimulaƟon Tool for Scenario Analysis 

 A SimulaƟon Tool was developed to allow the company to analyze various future scenarios. This 

tool operates within a spreadsheet interface, allowing users to adjust variables such as the beginning and 

ending month, markets, products, service level, and the desired Days of Inventory (DOI) Target. 

The simulaƟon incorporates the reality that the volume produced in a specific month will be 

available in the market aŌer lead Ɵme periods following the producƟon. This lead Ɵme is adjusted based 

on a stochasƟc value following a Triangular DistribuƟon. This distribuƟon encompasses both the minimum 

lead Ɵme, indicaƟng how early the volume might reach the market, and the maximum delay it could 

encounter. For example, with a lead Ɵme of 2 months or 60 days, considering a Lead Time AnƟcipaƟon at 

10% and Lead Time Delay at 30%, the volume could reach the market anywhere between 54 days (10% 

earlier) and 78 days (30% delayed). The Triangular DistribuƟon, unlike a uniform distribuƟon, suggests that 

the probability of volume arrival is not evenly spread across its range. It is more likely for the volume to 

arrive closer to the mode, which in this example, is at 60 days. This mode represents the most probable 

arrival point, indicaƟng that occurrences near the midpoint are more frequent than those at the extremes. 

The Triangular DistribuƟon was chosen because it accurately reflects the complexiƟes encountered in 

operaƟons. Consequently, when there's a delay, the number of days tends to be greater than in the case 

of an advance. Therefore, in this scenario, we consider that if the lead Ɵme is 60 days, the product may 

advance by 6 days (10%), but it could also be delayed by 18 days (30%). 

The same principle applies when deriving Simulated Sales. UƟlizing the Sales Forecast as input, 

the triangular distribuƟon factors in both a Forecast Error Min and a Forecast Error Max. For instance, if 

the forecast predicts 120,000 units, the range of Simulated Sales will span from 84,000 units to 132,000 

units. 

In the SimulaƟon Tool, the company has the flexibility to adjust the inputs showed in Figure E-1 

for conducƟng scenario analysis. Each modificaƟon produces a disƟnct scenario, enabling the company to 

make comprehensive analysis of the trade-offs inherent in different scenarios. 

AŌer defining the parameters, the company enters the forecast values for the upcoming months, 

along with the actual inventory posiƟon from the previous month, and the already established producƟon 
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plans that will be available in the market in the following months, thus impacƟng the inventory posiƟon 

for the subsequent periods. These inputs are necessary for iniƟalizing the simulaƟon model, which follows 

the methodology of Days of Inventory outlined in SecƟon 3.4.1. 

The simulaƟon run in Python generates both a chart and a data frame with the inventory posiƟon, 

which can then be exported to Excel for addiƟonal scenario analysis. 

Figure 3-8 
 
Simulated Daily Inventory PosiƟon for Scenario Analysis 

 

 

4. Results  

4.1 Comparing Different Forecast Techniques with the Sponsor Company’s ForecasƟng  

To analyze the forecasƟng process of the sponsor company, we aggregated the Actual Sales of the 

two products and four markets under the scope of the project to compare with their respecƟve forecasts. 

In Figure 4-1, we can observe the behavior of the two lines, showing that Actual Sales most of the Ɵme fall 

below the forecast. It is also noƟceable that sales demonstrated an increasing trend from July 2021 to 

December 2022, and during the year 2023, sales stabilized. 
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Figure 4-1 
 
Actual Sales vs the Sponsor Company’s forecast – Heets+Terea – All Markets 
 

 

From July 2021 to November 2023, the accumulated MAPE of the sponsor company's Sales 

Forecast was 28%, which can be observed in Table B-1 in Appendix B.  

In SecƟon 4.1 we concentrated on evaluaƟng ExponenƟal Smoothing with Damped Trend against 

the company's forecast, highlighƟng its accuracy in mirroring the actual business scenario. Detailed 

comparisons of this method with other forecasƟng techniques used by the company are documented in 

Appendix B. 

4.1.1 ExponenƟal Smoothing with Damped Trend vs the Sponsor Company’s Forecast - 

ForecasƟng for t+3 in Time Period t 

Considering the company's reality of forecasƟng three months ahead, the ExponenƟal Smoothing 

with Damped Trend methodology exhibited a cumulaƟve MAPE of 20.7%, compared to the company's 

current forecast MAPE of 28%. 
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Figure 4-2 
 
Actual Sales vs the Sponsor Company’s Forecast vs Damped Trend – Heets + Terea – All Markets  
 

 

In Figure 4-3, we can observe that the Damped Trend model consistently had a MAPE lower than 

the MAPE of the company's forecast. 

Figure 4-3  
 
Sponsor Company’s Forecast vs Damped Trend – Heets + Terea – All Markets 
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By analyzing Table 4-1, we can conclude that if the company had uƟlized the Damped ForecasƟng 

technique instead of its current process, its inventory posiƟon would have been, on average, 0.7% lower 

throughout the year. 

 

Table 4-1 

 
Inventory ReducƟon of 0.7% Comparing the Damped Trend ForecasƟng Technique With the Company’s 
ForecasƟng Process Considering the Calculated DOI Methodology 
 

 

 

*The figures in the tables above have been altered to ensure confidenƟality. 
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4.2 Inventory PosiƟon Tradeoff Among Different ProducƟon Plans 

Figure 4-4 shows the target ending inventory posiƟon of different producƟon plans. As previously 

explained in this project, the producƟon plans are calculated considering that the market will sell according 

to the sales forecast, since every producƟon plan is planned for the future. When the forecast error is not 

considered in the models, the ending inventory posiƟon will equal the safety stock calculated for that 

specific month. These values represent the quanƟty of units the company aims to have by the end of each 

month.  

Figure 4-4 

Target Inventory PosiƟon – The Sponsor Company’s Forecast – All Markets and Products 
 

 

In this scenario, we could compare how the target ending inventory posiƟon for each month 

changes in response to the changes in different producƟon plans, but we cannot compare these curves 

with the real stock posiƟon of the company because the company's real stock posiƟon was influenced by 

the forecast error. Therefore, to compare different producƟon plans among themselves and compare them 

with the real stock posiƟon of the company, the forecast error should be considered in the model. Figure 

4-5 displays the inventory posiƟon at the end of each month aŌer considering the forecast error. 
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Figure 4-5  
 
Simulated Inventory PosiƟon – the Sponsor Company’s Forecast – All markets and Products 
 

 

The curves reveal that all models are currently affected by the forecast error, closely reflecƟng the 

paƩern observed in the Real Stock PosiƟon curve. Notably, the model with a Standard DOI, consistently 

maintains higher inventory levels than others and exceeds the company's stock levels in the market. Both 

the MSE Trending and the Calculated DOI methodology exhibit similar performances. In contrast, the RMSE 

and Standard DeviaƟon of the Forecast Error methodology, when aggregated presented an inventory 

posiƟon close to zero in one specific month, suggesƟng potenƟal stockout events upon disaggregaƟon 

across one or more markets and products. 

The inventory metrics of the five different producƟon plans can be observed in Table 4-2. By 

analyzing the numbers and the graphic of the simulated inventory posiƟon, we can see that the Standard 

DOI inventory target is clearly excessive, leaving the company with excess inventory in the market, which 

increases its inventory cost as well as the risk of Loss of Good Sold (LOGD). 
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Table 4-2 
 
The Sponsor Company’s Forecast & LeadƟme = 3 months 
 

 

*The figures in the table above have been altered to ensure confidenƟality. 

 

The Standard DeviaƟon of the Forecast Error methodology exhibited the lowest inventory levels 

in the market. However, as menƟoned earlier, this metric also resulted in stockout events. 

The RMSE metric, in addiƟon to experiencing stockout events, showed high inventory metrics, 

indicaƟng inefficiency in stock calibraƟon. At Ɵmes, the inventory was insufficient, while at other Ɵmes, it 

exceeded the necessary levels. 

Both the RMSE Trending methodology and the Calculated DOI, which was 21 days in the 

aggregated posiƟon, presented very similar metrics without encountering stockout events. 

 

4.3 ProducƟon Plan Analysis Comparing Different Methodologies 

Analyzing the various producƟon plan curves reveals a tendency for the models to converge over 

Ɵme. The primary discrepancies occur in the iniƟal months, where producƟon plans with higher safety 

stocks iniƟally have greater output. Thus, the variance among the different inventory calculaƟon 

methodologies has a more pronounced impact on the volumes to be produced by the factories in the early 

months. Over Ɵme, the influence of different producƟon plan methodologies becomes more significant 

on the inventory remaining in the market rather than on the volume to be produced by the faciliƟes as 

displayed in Figure 4-1. 
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Figure 4-6  

Different ProducƟon Plans – All Markets and Products 
 

 
 

4.4 Analyzing the Impact of Lead Time ReducƟon on Inventory PosiƟon 

In Table 4-3, the impact of a higher lead Ɵme on the company’s inventory posiƟon can be 

observed. By reducing the lead Ɵme from 3 months to 2 months, inventory is significantly lowered, by 

21.3%. 
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Table 4-3  

Inventory ReducƟon of 21.3% for a lead Ɵme of 2 Months Versus 3 Months on the Calculated DOI 
 

 
 

 

*The figures in the tables above have been altered to ensure confidenƟality. 

 

5.Discussion  

5.1. Insights and RecommendaƟons AŌer Comparing Different Forecast Techniques With 

the Sponsor Company’s Forecast 

 Comparing the MAPE of the sponsor company’s Forecast (28%) with the MAPE of the ExponenƟal 

Smoothing with Damped Trend (20.7%), forecasƟng in Ɵme t for Ɵme period t+3, we observed that the 

laƩer methodology presented beƩer results in terms of MAPE. This indicates that the mathemaƟcal model 

was more accurate than the company's current process, which combines market expert informaƟon, 
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planning team input, and financial guidelines, among others. The ExponenƟal Smoothing with Damped 

Trend yielded superior results because the company's forecast exhibits a noƟceable bias. 

The accuracy of the company's current forecast needs improvement. To achieve this, it is 

necessary to review the process to idenƟfy areas that need correcƟon, since the current forecast 

inaccuracy is resulƟng in excessive inventory in the market, leading to addiƟonal costs and risks for the 

company. Thus, it is imperaƟve to enhance the exisƟng forecasƟng process to miƟgate these challenges. 

AddiƟonally, the company should ensure that its forecast is more accurate than the mathemaƟcal model, 

which leverages the experƟse of its market experts.  

Therefore, we recommend that the company conƟnue with its subjecƟve forecasƟng process, 

which involves alignment among various departments. However, it is crucial to review this process in 

search of enhancements and bias reducƟon. AddiƟonally, the company should consistently compare its 

forecasƟng metric results against the objecƟve method provided by the ExponenƟal Smoothing with 

Damped Trend model. It is important to note that if the company's forecasƟng process results in a higher 

MAPE (Mean Absolute Percentage Error) than the objecƟve model, it will significantly affect its inventory 

posiƟon, leading to higher inventory costs. 

 

5.2. ProducƟon Plan Insights and RecommendaƟons aŌer Comparing Different Safety 

Stock Methodologies 

The Calculated DOI methodology for the aggregate posiƟon was 21 days. However, since this 

metric is being evaluated for the enƟre period from July 2021 to November 2023 and sales values for Terea 

markets only started to be available from November 2022, the model does not consider forecast errors for 

Terea for a long period, which consequently lowers the RMSE in the aggregate posiƟon. The best way to 

define a Calculated DOI that is closer to an opƟmized posiƟon but does not expose the company to 

unnecessary stockout risks is by analyzing the Calculated DOI across the four Heets markets, which are 

more mature. 

Applying the Calculated DOI methodology to Heets for the four markets under the scope of our 

analysis, we found the Calculated DOI values shown in Table 5-1. 
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Table 5-1 
 
Calculated Days of Inventory per Market 
 

 

Appendix C displays the inventory posiƟon of all four markets based on the five different 

producƟon plans assessed by this project.  

Taking into consideraƟon the figures in Table 5-1 and analyzing all the simulated inventory curves 

market by market to idenƟfy any instances of stockout events, as well as examining the inventory metrics 

presented in Table 4-2, we observed that the technique referred to as Standard Days of Inventory (DOI) 

Target exhibited higher inventory metrics, indicaƟng a result 19% worse than what the company achieved 

during the same period. The methods labeled as Calculated DOI, Root Mean Square Error (RMSE), and 

Standard DeviaƟon of Forecast Error demonstrated very similar metrics, yielding an inventory posiƟon of 

14%, 15%, and 14% lower than the company’s inventory posiƟon for the respecƟve period. However, the 

RMSE and Standard DeviaƟon of Forecast Error methodologies were on the verge of experiencing a 

stockout event in December 2022 in the aggregate posiƟon, encompassing all products and markets. This 

suggests the likelihood of a stockout event occurring in some market during that month. 

Therefore, our recommendaƟon is for the company to adopt a Calculated DOI of 40 days for all 

markets for both products. This approach would ensure that the company maintains a buffer inventory of 

40 days at the end of each month to miƟgate against shipment delays or actual sales that exceed forecasts. 

6. Conclusion  

This project simulates the goal-seeking behavior of a dynamic supply chain using System 

Dynamics, exploring how equilibrium is pursued through inventory policies. It then adapts the sponsor 

company’s data and conducts a detailed examinaƟon of various inventory policies and their disƟnct 

impacts. The dynamic and analyƟcal simulaƟons were effecƟve and can be further expanded and 

integrated. 

We used simulaƟon to understand the impact of various forecasƟng techniques and safety stock 

methodologies on the company's producƟon plans and simulated inventory posiƟons, leading to several 

conclusions. 
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Firstly, in the aggregate posiƟon, which tends to decrease the forecast error, the accumulated 

MAPE of the company's forecast was 28%. The Accumulated MPE in the same period was -21%, also 

showing that the company's forecasƟng process exhibits a high bias, as the Actual Sales consistently fall 

below the target. Forecast inaccuracies have led to overstocks across mulƟple markets, leading to higher 

inventory costs and higher risks of LOGD costs, and highlighƟng the importance of refining forecasƟng 

models and processes to beƩer align with actual sales trends. While objecƟve forecasƟng models like 

ExponenƟal Smoothing with Damped Trend presented a lower Accumulated MAPE of 20.7%, this 

forecasƟng technique should serve as a useful guide to complement, rather than replace the subjecƟve 

forecasƟng process that relies on the experƟse of market experts within the company. 

Secondly, this work developed the method denominated as Calculated DOI, adapƟng the RMSE 

methodology to the current process employed by the sponsor company, seeking to idenƟfy the ideal 

methodology for the company to work with. By seƫng the DOI to 40 days across all markets and products, 

the company can establish a buffer inventory that buffers against shipment delays and unexpected 

increases in sales. This balanced approach has proven to maintain sufficient inventory levels without 

unnecessarily exposing the company to risks during this policy change. A simulaƟon tool, incorporaƟng 

the recommended methodology, has been provided to the company, which could serve as a valuable tool 

for conducƟng scenario analysis in the future. 

Third, it was also evident how impacƞul an increase in lead Ɵme is on the company's inventory 

posiƟon. A one-month reducƟon in lead Ɵme resulted in a 21.3% decrease in inventory posiƟon for the 

company when considering cycle stock, safety stock, and in-transit inventory, underscoring the importance 

of the company seeking ways to reduce lead Ɵme. 
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Appendix A – Diffusion Model Analysis 

Figure A-1 
Fiƫng the LogisƟc Model to Data for Hungary for HnB AdopƟon Over Addressable PopulaƟon 
 

 

Figure A-2 
Fiƫng the LogisƟc Growth (1) to data for Poland for HnB adopƟon over addressable populaƟon. 
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Table A-1  
 
Fiƫng the LogisƟc Growth (1) model to data for Hungary for HnB adopƟon over addressable populaƟon 
regression results of Figure A-1 

R Square Adjusted R 
Square 

Coefficients 
(intercept) 

Coefficients  
(Time) 

0.796327534 0.79 -109.93*** 0.0025*** 
 

Table A-2 
  
Fiƫng the LogisƟc Growth (1) to data for Poland for HnB adopƟon over addressable populaƟon 
regression results of Figure A-2 

R Square Adjusted R 
Square 

Coefficients 
(intercept) 

Coefficients  
(Time) 

0.31 0.29 -77.72*** 0.0017*** 

 

 

Figure A-3 
 

 Fiƫng to data for Slovak Republic for HnB adopƟon over addressable populaƟon. 
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Table A-3 
 

Fiƫng the LogisƟc Growth model to data for Slovak Republic for HnB adopƟon over addressable 
populaƟon regression results of Figure A-3 

R Square Adjusted R 
Square 

Coefficients 
(intercept) 

Coefficients  
(Time) 

0.345125027 0.33 -41.29*** 0.0009*** 
 

Table A-4 

 System dynamic simulaƟon of a step increase of 20%,  
 

 

Notes. Safety Stock at ½ default, service level below 100% during the iniƟal months. 
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Table A-5 
 

 System dynamic simulaƟon of a step increase of 20%,  

 

Notes. inventory cycle Ɵme increased to 1.5x default. 

Table A-6 
 

 System Dynamic SimulaƟon of a Step Increase of 20%. 
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Table A-7 
 

 System dynamic simulaƟon of inventory levels of Manufacturing Lead Time 2x Default and a Step 
Increase of 20% 

 
 

Table A-8 
 

 System Dynamic SimulaƟon of Inventory at a Step Increase 20% in Sine Amplitude paƩern. 
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Appendix B – ForecasƟng Analysis 

B.1 - Company’s ForecasƟng Analysis 

 Table B-1 illustrates that the company´s forecast presented an Accumulated MAPE of 28%. 

Table B-1 
 
Sponsor Company´s forecast metrics 
 

 

 

B.2 Moving Average – ForecasƟng for t+1 in Time Period t 

A Moving Average Forecast of 3 months and 6 months was assessed in each market and product 
to compare with the company’s current forecasƟng process.  

Comparing the 3-month Moving Average with the 6-month Moving Average and the sponsor 
Company Sales Forecast, we can observe that both Moving Averages exhibited beƩer metrics. Specifically, 
the 3-month Moving Average showed an Accumulated MAPE of 23.2%, while the 6-month Moving Average 
presented an Accumulated MAPE of 18.2%, whereas the Accumulated MAPE of the Sponsor Company was 
28%, as discussed earlier.  
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Table B-2  
 

Moving Average – ForecasƟng for t+1 in Time Period t 
 

 

Figure B-1 illustrates that the Moving Average of 6 months is the one with the lowest MAPE. 
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Figure B-1 
 
Accumulated MAPE the Sponsor Company’s Forecast vs Holt Model vs Damped Trend – Heets + Terea – 
All Markets 
 

 

B.3 ExponenƟal Smoothing Holt Model Forecast – ForecasƟng for t+1 in Time Period t 

The Holt Model presented an Accumulated MAPE of 14.9%, compared to 28% of the sponsor 
company, as can be observed in Table B-4. 
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Table B-4 
 
ExponenƟal Smoothing Holt Model forecast – forecasƟng for t+1 in Time period t 
 

  

B.4 ExponenƟal Smoothing Damped Trend Forecast – ForecasƟng for t+1 in Time Period t 

Table B-5 displays the execuƟon of the ExponenƟal Smoothing – Damped Trend Forecast. This 
model presented an Accumulated MAPE of 14.5%, compared to 28.0% of the company’s forecast. 
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Table B-5 
 
ExponenƟal Smoothing – Damped Trend Forecast – ForecasƟng for t+1 in Time Period t.  
 

 

Figure B-2 displays the curve of the Accumulated MPE for the three different forecast 
approaches. We can observe that the Damped Trend is the closest to 0. 
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Figure B-2  
 
Accumulated MAPE the Sponsor Company’s Forecast vs Holt Model vs Damped Trend – Heets + Terea – 
All Markets  
 

 

Figure B-3 illustrates that the dashed curve of the ExponenƟal Smoothing with Damped Trend 
method tends to be closer to the Actual Sales line when compared to the Sponsor Company Forecast. 
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Figure B-3  
 
Actual Sales vs the Sponsor Company’s Forecast vs ExponenƟal Smoothing – Heets + Terea – All Markets 
 

 

B.5 ExponenƟal Smoothing Damped Trend Forecast – ForecasƟng for t+3 in Time Period t 

Table B-6 displays the execuƟon of the ExponenƟal Smoothing – Damped Trend Forecast in Ɵme 
period t for Ɵme period t+3. This model presented an Accumulated MAPE of 20.7%, compared to 28.0% 
of the company’s forecast. 
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Table B-6 
 
ExponenƟal Smoothing – Damped Trend Forecast – ForecasƟng for t+3 in Time Period t 
 

 

Figure B-4 illustrates that the dashed curve of the ExponenƟal Smoothing with Damped Trend 
method tends to be closer to the Actual Sales line when compared to the Sponsor Company Forecast. 
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Figure B-4 
 
Actual Sales vs the Sponsor Company’s Forecast vs Damped Trends – Heets + Terea – All Markets 
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Appendix C - Simulated Inventory PosiƟon with Different ProducƟon Plans per Market 

C.1 – Czech Republic 

Figure D-1 shows the simulated inventory posiƟon comparing the different ProducƟon Plans in 
the Czech Republic market. The calculated DOI in this market was 26 days. 

Figure C-1 
 
CZECH Republic Heets Simulated Inventory PosiƟon – lead Ɵme 3 months 
 

 

C.2 – Hungary 

Figure C-2 shows the simulated inventory posiƟon comparing the different ProducƟon Plans in 
the Hungary market. The calculated DOI in this market was 34 days. 

Figure C-2 
 
Hungary Heets Simulated Inventory PosiƟon – lead Ɵme 3 months 
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C.3 – Slovak Republic 

Figure C-3 shows the simulated inventory posiƟon comparing the different ProducƟon Plans in 
the Slovak Republic market. The calculated DOI in this market was 25 days. In this market we can see 
that the inventory posiƟon of the company was lower than the recommended by our policy. 

Figure C-3 
 
Slovak Republic Heets Simulated Inventory PosiƟon – lead Ɵme 3 months  

 

 
C.4 – Poland 

Figure C-4 displays the simulated inventory posiƟon comparing the different ProducƟon Plans in 
the Poland market. The calculated DOI in this market was 28 days. In this market, all the producƟon plan 
methodologies experienced stockouts because from January 2022 unƟl September 2022, the company 
sold more than forecasted in 7 out of 9 months in the period. In this case, forecast inaccuracy led to 
stockouts across all producƟon plan methodologies. 

Figure C-4 

Poland Heets Simulated Inventory PosiƟon – lead Ɵme 3 months 
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Appendix D – ForecasƟng EquaƟons 

D.1 – Moving Average 

The moving average can be calculated according to (17): 

 

 
𝑋௧,௧ାଵ =  

∑  ௑௜೟
೔స(೟శభషಾ)

ெ
  

 

(17) 

NotaƟon: 

𝑋(௧,௧ାଵ)= forecast in period t for the period t+1 

M = number of months to be considered in the moving average 

𝑋௜  = Actual values of the last M data points. 

 

D.2 – ExponenƟal Smoothing for Level and Trend (Holt Model) 

The equaƟon for this method is defined as the follows: 

 

 𝑋௧,௧ା் = 𝑎௧ + 𝑇 ∗ 𝑏௧ 

  

(18) 

 𝑎௧ =  𝛼 ∗ 𝑥௧ + (1 − 𝛼) ∗ (𝑎௧ିଵ + 𝑏௧ିଵ) 

 

(19) 

 𝑏௧ =  𝛽(𝑎௧ − 𝑎௧ିଵ) + (1 − 𝛽) ∗ 𝑏௧ିଵ 

  

(20) 

NotaƟon: 

𝑋(௧,௧ା்)= forecast in period t for the period t+T (units) 

 𝑎௧= level of sales for the Ɵme period t (units) 

𝑏௧= slope of sales for the Ɵme period t (units) 

α = ExponenƟal smoothing factor for level (0 ≤ α ≤ 1) 

β = ExponenƟal smoothing factor for trend (0 ≤  β ≤  1) 

𝜔 = Mean Square Error trending factor (0.01 ≤  ω ≤  1) 

𝑥௧ = Actual sales for Ɵme period t (units). 
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D.3 – Damped Trend Model  

The equaƟon for this method is defined as the follows: 

𝑋௧,௧ା் = 𝑎௧ + ෍ 𝜑௜

௧

௜ୀଵ

∗  𝑏௧ 

 

(21) 

𝑎௧ =  𝛼 ∗ 𝑥௧ + (1 − 𝛼) ∗ (𝑎௧ିଵ + 𝜑 ∗ 𝑏௧ିଵ) 

 

(22) 

𝑏௧ =  𝛽(𝑎௧ − 𝑎௧ିଵ) + (1 − 𝛽) ∗ 𝜑 ∗ 𝑏௧ିଵ 

  

(23) 

NotaƟon: 

𝑋(௧,௧ା்)= forecast in period t for the period t+T (units) 

 𝑎௧= level of sales for the Ɵme period t (units) 

𝑏௧= slope of sales for the Ɵme period t (units) 

α = ExponenƟal smoothing factor for level (0 ≤ α ≤ 1) 

β = ExponenƟal smoothing factor for trend (0 ≤  β ≤  1) 

𝜑 = ExponenƟal smoothing factor for dampening (0 ≤  φ ≤  1) 

𝑥௧ = Actual sales for Ɵme period t (units) 
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Appendix E – Inputs and Parameters for the SimulaƟon Tool 

Parameters for conducƟng scenario analysis. 

 

Table E-1 
  

Parameters for the Simulated ProducƟon Plan 
  

 

Inputs for the simulaƟon model. 
 
Table E-2 
  

Data Input for the Simulated ProducƟon Plan 
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Appendix F – Inventory PosiƟon For the Days of Inventory Methodologies 

Table F-1 
  

Inventory PosiƟon for the Days of Inventory Methodologies 
 

 
𝑆𝑎𝑓𝑒𝑡𝑦 𝑆𝑡𝑜𝑐𝑘 = 𝐷𝑎𝑦𝑠 𝑜𝑓 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ∗  𝐼𝑀𝑆 

 


