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Abstract 

 Despite comprising more than 50% of businesses Small and Medium Enterprises are seldomly the 

object of research and little attention is given to how widely accepted and proven methods of managing 

business are disseminated and implemented across them. The purpose of this study is to gain insight into the 

challenges faced by SMEs and how these challenges preclude and condition the policy design and methods 

deploying for Demand Forecasting for Inventory Management. 

 In the quest to answer the research question of “How can a SME design a Demand Forecasting 

System for Inventory Management in the light of typical SME resource constraints?” this study follows one 

Danish SME in the Auto Industry aftermarket and builds a roadmap to deploy a Demand Forecasting system 

for Inventory Management considering the needs and resources available at the firm and largely 

generalizable across the SME ecosystem. 

 The conceptual framework rests on previous studies and SME theory regarding general 

constraints, widely disseminated theory of demand forecasting and inventory control and builds on both to 

generate a guiding light to a satisfactory system of demand forecasting upon which inventory management 

policies rest. It studies several forms of demand data aggregation to determine how and when should 

forecasts be done and based on quantitative measures on said forecasts outlines an inventory management 

comprehensive policy for the case company that may contribute to a positive outcome in other SMEs facing 

similar challenges.  Its findings are that most resource constraints described in SME literature are found at 

the case company and they indeed influence the decisions made at the policy design level. Based on these 

findings an extensive study on methods of aggregation and disaggregation and forecasting of time series was 

performed and revealed that while temporal aggregation was beneficial, cross-sectional aggregation was not 

desirable since decisions regarding inventory management are done at the SKU level and no satisfactory 

method of disaggregation was found. This dissertation then studies several solutions for replenishment 

policies based on forecasting error and performs an in-depth study of security stocks and centralized vs 

decentralized stocks to compare the nominal benefit accrued for the studied case company. 

 Lastly the author proposes a generalizable roadmap solution for an SME to design and implement 

an Inventory Management system based on quantitative demand forecasting and discusses its limitations. 
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1. Introduction 

“Pedras no meu caminho? Eu guardo todas. Um dia vou 

construir um castelo.”  

Nemo Nox, Brasilian blogger in its blog “Por um punhado de pixels”, 2003. 

 This famous quote, written by a Brazilian blogger in 2003 and often erroneously attributed to one 

of the most famous Portuguese poets of the 20th century translates into: Rocks in my path? I collect them all. 

One day I will build a castle. 

 While commonly accepted as an ode to difficulties in one’s past path and the importance of 

learning and cherish these difficulties as a mean to lift oneself in the future, I prefer the more philosophical 

take on a phrase that observes 3 temporal states as well as a physical one, the past, the present, the future, 

and the importance of the path. I view the rocks as lessons learned, their collection as the connection of dots 

that guide to a solution, or castle if you may, and the path as the road map that leads us there. 

 In this dissertation I explore the parse literature on SMEs dealing with resource constraints, and 

how that interacts with an SME need to implement more accurate methods of Demand Forecasting for 

Inventory Management to be able to compete with behemoths of industry and their large resource pools, 

but mostly the lack of a roadmap that guide an SME on the best use of their resources to reach their goal. 

 Therefore, the rocks are the unconnected theoretical lessons on SMEs and their constraints, Time 

Series analysis, Demand Forecasting, and Inventory Management. The collection of such lessons as the light 

that guides one on how to reach a solution, the castle is the Demand Forecasting System for Inventory 

Management, and the path the road map I propose to reach or build the best castle possible in light of the 

resource constraints faced by SMEs. 

1.1. Motivation 

 During my studies in Supply Chain Management at the Copenhagen Business School I was 

introduced to and taught several subjects, however, the subjects I have felt more passionate about had all to 

do with data-driven decision making and operations optimization. Two of the courses I took, “Supply Chain 

Configuration - Decisions and Models” and “Business Analytics - Data Driven Operations” provided me with 

knowledge regarding Demand Forecasting based on Time Series methodology and Inventory Management, 

the fields of research of this thesis while contextualizing these themes in an SME environment. 
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 Demand Forecasting and Inventory Management literature aimed at students presents a 

simplistic view of the world. Most assume constant normally distributed demand, little to no attention is 

given to other types of demand that tend to follow other patterns more subject to variability such as slow 

moving, intermittent, or erratic demand. However, in a real-world setting a great deal of SKUs tend to follow 

the latter. This always intrigued me! Knowing that aggregation is a powerful tool against variability I 

wondered if aggregation techniques could help achieve better accuracy of forecasts to be used in a SME 

effective inventory management context. 

 Having worked previously with the case company on a demand forecasting model at the supplier 

level with the intent to aid supplier relationship practices, by developing a more accurate forecasting model 

than the one employed by the case company at the time, I learned of the intended overhaul of inventory 

management practices as the company consolidated its SKU line, as well as the dissatisfaction towards the 

forecasting technique employed due to low accuracy that had led to a complete abandonment of 

quantitative forecasting and a surplus of inventory at hand. 

 I consider that current literature, practices, and software available in the domain of demand 

forecasting is mostly aimed at large companies with more resources than the traditional SMEs, despite 

existing studies confirming that in some countries SMEs represent a considerable share of the economy in 

both percentage of firms and workforce. In the USA SMEs are 99.7% of companies and employ 50% of the 

private sector workers (Quayle, 2002). Furthermore, I could not find any satisfactory guide on how to design 

and develop a system that was simple enough to understand, easily developed and managed and that 

reached an acceptable outcome when demand forecasting is aimed at Inventory management. Most 

literature seems to be directed at experienced econometrists and statisticians and thus fall out of reach of 

most practioneers, myself included. Furthermore, it is often the case of SMEs to lack these resources or skills 

(Paik, 2011). 

 Therefore, I felt compelled to further investigate these topics, under the point of view of a typical 

SME, and develop a road map that leads to an acceptable solution. Being a practical person by nature I follow 

the mantra of managing what can be managed, much like an ABC system I strive to prioritize and thus 

reaching a more effective but simpler process that yields good results rather than an in-depth, complex, and 

resource heavy system that in my opinion might only produce decreasing marginal returns for the extra 

resources consumed. 

1.2. Case Description and Problem formulation 

 In recent decades, a growing movement towards data-driven decision making has brought the 

demand forecasting activity in companies into the limelight of the organization, as this activity seems to have 
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become the cornerstone of most management decisions and is commonly agreed by that an accurate 

forecast is essential for inventory management (Lee et al, 1997; Waters 2003). During the extensive literature 

research for this thesis most academic literature on demand forecasting for inventory management either 

fell on the scope of the general theoretical level or the practical application studies level. The latter seems to 

rest exclusively on the study of this activity and its implementation on larger organizations with large 

resource pools and therefore, became the source of the author academic curiosity to understand how a SME 

could, with more limited resources deploy a strategy to improve the efficiency of this activity without 

increasing the burden on resources by purchasing software, hire experts or invest in expensive training of its 

employees. 

 Baden-Jensen AS (B-J) is a Danish SME that supplies the auto industry after-market with all the 

equipment and products for a paint-shop (stand-alone paint-shops as well as paint-shops integrated in larger 

mechanic workshops). It supplies paints, thinners, and hardeners, abrasives, plastics, masks, paint-guns, and 

mixing equipment among other items. They pride themselves to serve roughly 25% of the Danish market with 

a one stop solution to auto paint-shops. Despite being one of the largest distributers in Denmark, the market 

of auto paint-shops only comprises around 400 companies and B-J fits into the SME category with fewer than 

50 employees and an annual turnover of around 100 million danish kroner (DKK).  

 While B-J has been quite successful over the decades, the company is currently going through a 

modernization under the leadership of the Martin Baden-Jensen, the third generation of Baden-Jensens. This 

modernization includes the launch of a work-flow software for paint-shops, E-Flow, that streamlines the WIP, 

inventory management as well as the invoice procedures when the service is B2B, and insurance claims are 

needed. Also at the heart of this modernization is a complete overhaul of its SKU line where many substitute 

products are being discontinued and the SKU assortment is being consolidated. Management at B-J feels the 

company has been carrying excessive inventory that stems from inaccurate forecasts generated by the 

company’s ERP System that has led to the complete abandonment of the quantitative forecasting process 

and instead judgmental forecasting has been the basis of purchasing and inventory management.   

 The company operates 2 warehouses, one in Ballerup and the other in Kolding, different 

geographical areas of Denmark, that supply separate geographical markets where demand is considered to 

be independent due to the nature of the businesses they supply and the assumed randomness of accidents 

across a wide spectrum of cars, brands, colors, and finishes each paintjob implies.  

 Purchasing is centralized in the Ballerup office, at least regarding the “Wet-Products” SKUs, and 

85% of these products are supplied by one supplier, Axalta, that has been the firms’ partner for over 40 years 

and supplies 3 major brands paint systems: Spies-Hecker, Standox, and Chromax. A paint system comprises 

different lines depending on the chemistry of each product, for example water-based products and non-
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water-based ones. Demand for each brand is independent due to chemistry incompatibility and the selection 

of a system by customers is based on the skills, techniques, and preference of each customer. Price is also an 

important factor, and Spies-Hecker being the most expensive is considered the “Rolls-Royce” of paint 

systems. They mostly differ in their chemical composition that confers each system with different properties 

of mixing, application, and drying times as well as the spectrum of products each system supplies.  

 Spies-Hecker, whose demand data has been used in this thesis, is the most complete system 

supplying the Auto and Truck after-market as well as Industry paint jobs that can range from giant 

infrastructures such as the Storebælt Bridge in Denmark, to trains, and even furniture. Spies-Hecker provides 

around 1000 products that represent 80% of B-J sales, and Category A1 products (which comprise all the 

“Wet-Products” for Auto and Industry) are 90% Spies-Hecker products.  

 The supplier lead time is guaranteed one week in 98% of SKUs, with 92% of orders being 

delivered complete. Delivery costs are supported by the supplier if the order is larger than 1500€, which is a 

relatively low value given the expensive nature of most of these SKUs with an average supplier order of 

30000€. Orders are placed two to three times a month, on a Thursday, and delivered the following week.  

 The company operates in a contractual form with its customers, with contracts ranging from 3 to 

5 years, due to the high fixed costs of deploying a paint system at the customer’s location, and therefore 85% 

of sales are considered “Internal Sales”. Due to the nature of business of B-J’s customers, back orders are not 

an option since a car paint job cannot be backlogged as it translates into a cost for the customers operation 

and brand. Therefore, in the event of lack of inventory to supply demand, B-J suffers a high reputational cost 

that might lead to the loss of a customer with yearly contracts in the order of millions DKK.  

 Orders are placed by a B-J customer when their inventory falls below a certain threshold and they 

are expected to be delivered the next day, Ballerup supplies Sjaeland geographical area accounting for 40% 

of turnover, and Kolding supplies Jutland and Fyn geographical area with the remaining 60%.  

 Besides these warehouses and office units, that are owned by B-J, the company’s commitment to 

its customers as a “One-Stop-Shop” solution goes beyond the role of a distributor, and the company has a 

paint training center in Middlefart for its premium customers and it is common that the company offers its 

customers support with other functions such as Marketing.  

 Currently the company has an average of 8 weeks of inventory rotation and some SKUs remain in 

inventory for six to eight months. The volume of Inventory means that a lot of financial resources are tied to 

inventory, raising costs that are further compounded when a SKU becomes obsolete either through 

expiration or due to regulation changes. Not only there is a cost of obsolescence as this obsolescence implies 

quite high disposal costs due to the chemical nature of products.  
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 B-J purchasing faces another common challenge, dubbed the “hockey-stick” phenomenon 

(Chopra & Meindl, 2016), where at the end of the calendar year, and around June, the supplier raises prices 

and B-J stocks up on inventory to supply the expected demand at a lower cost, deferring higher costs to the 

next year exercise where it also adjusts its’ prices, which choses to do only once a year. Furthermore, the 

“hockey-stick phenomenon is exacerbated due to the large bonuses paid to B-J by its’ suppliers if the agreed 

purchasing quota is achieved, which then amounts to a quantity discount that incentivizes inventory pile-up, 

which can be disastrous if this pile up is in an SKUs that moves slow. 

 Management understands the value of the forecasting activity for inventory management, which 

is demonstrated by the fact that previously tried to establish it through the rudimentary forecasting tool 

within its ERP system. The model followed for all SKUs was a three-month weighted moving average, 

however, due to very different demand patterns among different SKUs with some exhibiting seasonal 

patterns; mostly due to industry holidays (which affects all products) or weather/temperature related 

patterns (mostly hardeners and additives whose drying is temperature related); the weighted moving 

average model yields very inaccurate forecasts. Due to this inaccuracy this forecasting method was slowly 

abandoned and over time a judgmental approach took over.  

 Management wishes to become more data-driven in its decisions and thus has decided to 

sponsor this thesis to find a solution on how to design an inventory management system based on data-

driven demand forecasting, however due to the high number of SKUs carried and the time it takes to develop 

forecasts it wishes this system to be semi-automated, simple, and easy to use, maintain, and track. This 

system should pinpoint which SKUs should be prioritized and more closely managed. It should also outline 

Inventory policies for SKUs with different demand patterns. The aim is to reduce inventory at hand without 

sacrificing service level, and automate order generating abilities based on accurate forecasts when possible.  

 This thesis proposes then to study at what periodicity should the purchasing take place based on 

forecast accuracy through aggregation, classify, group SKUs according to demand patterns and families, test 

for possible gains in accuracy by forecasting aggregately, and outline proposed inventory policies for different 

SKU groups. This research academical value centers on the study of how resource constraints affecting an 

SME delimitate the options a firm has when dealing with challenges regarding demand forecasting and 

inventory management. 

1.3. Research questions 

 This thesis focuses on a practical problem faced by many SMEs, how to reconcile their available 

resources with resource consuming activities that have the potential to either confer competitive advantage 

or at least level the competitive plane against their competitors. 
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 Therefore, the main research question is as stated: How can a SME design a Demand Forecasting 

System for Inventory Management in the light of typical SME resource constraints? 

To aide at reaching a satisfactory answer several research sub questions are asked throughout this study: 

 

• What resource constraints exist at the case company? What constraints were found relating to the 

demand forecasting activity? 

• What kind of Inventory Management strategies and KPIs exist at the case company and how can they 

be improved? 

• Can aggregation help improve forecasting results while reducing SMEs resource consumption? How 

to select which products and categories should be investigated first? How to determine forecast 

accuracy? How should the case company deal with SKUs that are deemed unforecastable due to high 

forecast error? How can an SME design a KPI to track forecasted demand consumption throughout 

the consumption period? 

• Should the case company follow the same replenishment policy for all the SKUs? How to determine 

Security Stocks when stock-outs are not an option in an SME context? Should the case company 

pursue a centralized or decentralized warehousing strategy? Should this strategy be applied to all 

SKUs? 

• How does a Demand Forecasting System for Inventory Management help improve inventory control 

at the case company. 

1.4. Research delimitation 

 To answer the proposed research question and derivate sub questions the following delimitation 

is proposed. 

 The object of research is a Danish SME, Baden-Jensen AS (B-J). This thesis focuses on studying 

what resource constraints, described in literature, are present at the case company and how they shape the 

decisions to be taken when designing an Inventory Management system based on Demand Forecasting. This 

was achieved through the collection of primary data from multiple unstructured interviews and sparring 

sessions with knowledgeable actors within the firm due the course of one year. 

 The secondary data sample used in this project comes from sales of Category A1, Auto industry. 

A1, Auto Industry products is comprised of so called “wet products” that have regular demand and represent 

80% of B-J’s annual turnover with 90% being Spies-Hecker (SH) products. A sample representing 16,5% of 

annual sales from SH A1 products was used, in a total of 89 SKUs or 9% of SH SKUs, from two distinct 

families, this stems from the author’s desire to study cross-sectional aggregation at the family and demand 

pattern level to comprehend different types of aggregation and its impact for inventory management. Since 
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the company does not have an ABC system in place, this Category A1 is not to be understood as products A in 

an ABC system, it is merely a Marketing product classification that is further explained in Chapter 4, Findings.  

 It is assumed that sales data is the most accurate depiction of demand since the case company 

does not log lost sales and non-fillable orders are assumed to be satisfied on the next delivery. 

1.5. Project structure 

 This project is divided into seven main chapters. Chapter 1 describes the context and sets the 

background for the challenges to be analyzed, the motivation behind the undertook project, and the 

expected result to be achieved. In Chapter 2 the theoretical framework is reviewed, and the relevant findings 

are presented. Chapter 3 outlines the methodological considerations the choices made regarding research 

design. Hereafter, Chapter 4 describes the analysis performed as well as justifies the assumptions and tools 

used in said analysis. The analysis is based on the theoretical background discussed on Chapter 2 applied to 

the primary and secondary data collected. Findings are then presented. Chapter 5 discusses the findings in 

the previous chapter comparatively with literature and research. The final chapter, Chapter 6 and 7, present 

the conclusion and the limitations of this study, the practical considerations and recommendations are 

outlined, and the theoretical contribution confirmed. Furthermore, author includes Chapter 8 and 9 with the 

references and a list of appendices. 

2. Literature review 

 

2.1. SMEs typical resource constraints 

 SMEs are considered drivers of economic growth and job creation. According to statistical data 

they represent 99% of companies and play a crucial role in an economy, often being described as the 

backbone of a nation (Paik, 2011; Danmarks Statistic, 2016). Despite these assertions these companies are 

considered more vulnerable and do suffer from high failure rates when compared with larger companies 

(Paik, 2011). These failure rates can be directly correlated with factors such as the lack of resources, 

competences, expertise as well as with social factors such as different managerial styles and strategy creation 

and deployment (US Small Business Administration, 2010; Storey, 1994). 

 In literature there is no one definition of SME across industries, although most authors refer to 

some quantitative and qualitative measures to define an SME. The most common quantitative measures are 

related with the number of employees and turnover, usually benchmarked as fewer than 250 employees and 

a turnover of less than 50 million Euros annually (European Commission, n.d.; Gibson & van der Vaart, 2008). 

Other authors also define SMEs through more qualitative measures such as issues of control and growth 

(Christensen et al. 2004), lack of structures (Greiner, 1972), owners’ involvement in operations (Forsman, 
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2008), the generalist role of management and their constant shift among different roles, usually described 

with the analogy of multiple hats in one head (Welsh & White, 1981; Paik et al. 2009). Despite these 

acknowledgments Holm (2003) asserts that the flexibility inherent to the lack or formalization of rules and 

processes within SMEs can be considered a strength. 

 Other factors distinguish an SME from a larger company, typically SMEs are more prone to 

seasonal variations in cash flows and sales (Welsh & White, 1981), they tend to not have the most 

sophisticated information technology (IT) and lack expertise on the use of IT, leading to data inconsistency or 

poor quality of data (Woznica & Healy, 2009), the reliance on a small number of customers and the need for 

multi-skilled employees as well as the scarcity of resources are also distinct from what is observed in larger 

companies (Forsman, 2008). 

 All these characteristics and differences in resources compound in the scarcity of time as a 

resource too (Bridge et al. 1998) and influence the drivers of decision and policy making within SMEs 

(Pedersen et al. 2012). 

2.1.1. How do SMEs typical resource constraints impact demand forecasting. 

 While a lot of research about demand forecasting practices and its impact on a company’s 

performance has been done, it mostly focuses on the theoretical level or on large companies and almost no 

research has been published on the practices and effects of demand forecasting processes in SMEs 

(Augustine, 2013). 

 In this chapter the author will revise the literature on demand forecasting, its processes, 

implementation, and performance keeping in mind that this thesis is about SMEs and their resource 

constraints. Theory on Demand Forecasting methods and common error measures is later exposed in chapter 

2.2; 2.3, and its sub-chapters. 

 Makridakis (1996) and Smith et al. (1996) generalized that in all types of forecasting context 

certain principles of forecasting were considered important: the accuracy of forecasts and the realization that 

the forecasting activity always has errors, thus also important is the study of error measures, and the error 

acceptability threshold of firms, forecasts with error are tolerated up to a certain level of error; the 

decreased accuracy of forecasts depends on the time horizon of said forecasts, thus forecasts longer into the 

future have larger errors than ones closer in time; the rate of technological change is inverse to the accuracy 

of forecasts, the higher the rate of technological change the less reliable a forecast becomes.  

 The barriers of entry of an industry also have an impact on forecast accuracy: the lowering of 

entry barriers promotes more competition thus distorting demand; the rate of information dissemination 

decreases the relevance of accurate forecasts; demand elasticity decreases forecast accuracy; forecast 
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accuracy is greater for consumer products than for industrial ones due to the fact that there are more 

consumer products customers than industrial ones; aggregate forecasts tend to be more accurate that 

disaggregate ones due to the reduced variance of aggregated observations. In summation these eight 

indicators are used by Smith (1996) to measure the use of forecasts: Simplicity; Understandability; Ease of 

use; Comprehensiveness; Effectiveness; Timeliness; Accuracy; Overall Satisfaction. 

 Despite these general indicators, some authors argue that in the specific SME context other 

factors influence the use of forecasts, namely the lack of expertise, available time, available funds, and 

managerial/technical support. These factors were often compounded by the lack of investment in ERP 

systems and demand forecasting software (Singh et al. 2008). Furthermore, other research links forecasting 

and the lack of expertise to the “Black-Box Syndrome”, best described as the mistrust in a result that one 

does not know or understand how it is created or reached (McCarthy et al, 2006; Tenopir, 1994). 

 Regarding this study and the impact of forecasting in Inventory control general studies establish 

that to increase firm performance through cost management there is a need for companies to improve their 

judgement in forecasting through the understanding of error measures and the origin of such errors due to 

the negative impact of the forecast error in business performance (Annastiina et al. 2009; Kan 2003; Ritzman 

et al. 1993). And Stonehouse & Pemberton (2002) assert that regarding SMEs, many still rely on intuition 

when planning rather than deriving their decisions on planning instruments, such as quantitative forecasting. 

This leads SMEs to continued reliance on convenience forecasting methods (judgmental, salesman type), 

rather than the existing quantitative ones. This is seen as a direct result of the ease of use of such methods, 

ignorance regarding higher level statistical methods, demand knowledge, training, confidence in results of 

“Black Box” methods, and management initiative (Smith et al, 1996; Sanders, 1994).  

 Finally, as opposed to larger firms, SMEs reported lower operating volumes, less competition, 

and lack of expertise as a reason for investing more resources into forecasting (Smith et al. 1996), as well as a 

higher degree of resistance to change from traditional methods to statistical ones (Sanders, 1995). Smith 

(1996) also pointed that lack of managerial support, and quality of data as mains drivers for reliance on 

traditional methods, while surveys indicated that less than five percent of SMEs were deploying computers 

and software for their forecasting processes (Sharma et al. 2006). 

 Regarding the eight indicators of use of demand forecasting Augustine (2013) found that SMEs 

privileged Simplicity, Ease of Use, Understandability and Timeliness as drivers for their demand forecasting 

processes while larger firms with professional forecasters put more emphasis on aspects related with 

Effectiveness, Accuracy and Overall Satisfaction. This study also identified that performance on firms with 

professional forecasters was superior, as well as firms with ISO certification, due to the awareness and 

exposure to formal procedures such as record keeping and collective decision making.  
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 To the same extent, firms that were more learning oriented achieved better performance. 

Interestingly, the size of firms seemed to also influence the use of forecasting and IT, with firms with less 

than 10 employees scoring far worse than firms with 100 or more employees, which was posited to derive 

from these firms being more team oriented with information sharing among team members (Augustine, 

2013). This study concludes that for SMEs to improve their performance using forecasting they should focus 

on the following recommendations: SMEs should invest in quantitative forecasting methods as opposed to 

the traditional ones, as well as in professionally trained managers and forecasters than can deploy and 

analyze such methods and their results. Also, investment in IT capabilities and ISO certifications will yield 

better performance in SMEs. (Augustine, 2013). 

2.1.2. Inventory management in SMEs 

 In this chapter the author analyzes the literature on SMEs and Inventory Management while a 

more profound theoretical exhibition on Inventory management is laid out on chapter 2.4 and its sub-

chapters. 

In literature, inventory management practices are viewed as major constructs of working capital 

management in SMEs (Baños-Caballero et al, 2014), and it is argued that working capital is pivotal in ensuring 

the liquidity and profitability of businesses (Mukhopadhyay, 2004), thus rendering Inventory Management 

instrumental for SMEs. 

 Studies performed on Inventory Management in SMEs tell a tale of two tails, on one hand we 

have studies on the factors that lead to the adoption of Inventory Management practices in SMEs and on the 

other studies who sought to find out how these practices were disseminated across the SMEs ecosystem.  

 Some studies point at the existence of four major factors that influence the outcome and 

adoption of inventory management: inventory control planning, documentation records, knowledge and 

skill of employees, and funding (Chan et al., 2017). Planning concerns the method employed for control and 

manage inventories, such as demand forecast, safety stock, and re-order points (Jonsson & Mattsson, 2008). 

Documentation records refers to the quality of data and its accuracy regarding the actual physical count and 

location of inventories. SMEs sometimes face challenges in the upkeeping and reliability of such records 

(Agbola & Amoah, 2015). Regarding knowledge and skill of employee’s studies identify that most companies 

lack qualified employees when dealing with inventory, the lack of familiarity with processes, attention to 

detail or Information technologies skills were among some of the causes of disruption of the operation where 

inventory was the root cause (Othman, 2015). Funding relates to the propensity of a firm to invest in 

resources though training or the adoption of technology, this was found to constrain Inventory Management 

practices when priorities need to be balanced (Carter & Price, 1993). All these factors were confirmed by 

Chan et al. (2017) in their study on SMEs, with the knowledge of employees and their skill being the most 

influential factor in this context.  
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 It was also found that lack of proper Inventory Management practices in SMEs leads to several 

challenges, such as underproduction/overproduction derived from inaccurate demand forecasting 

procedures, overstocking, stock outs, delay of raw material deliveries and mismatched records of inventory 

against real physical inventory (Chan et a., 2017). Other studies on the subject found that cost and success of 

adoption of Inventory Management practices in other companies were the most important factor when 

deciding to invest in these practices, and that the biggest challenges these practices helped overcome were 

related to stock-outs, obsolete inventories, and inventory inaccuracies (Johnson and Ruankaew, 2017). 

 Regarding the dissemination of Inventory Management practices in SMEs, Johnson and 

Ruankaew (2017), found that these practices have become institutionalized with most SMEs adopting at least 

one of the considered “best practices”: Stock counts, Forecasting, Economic Order Qunatity (EOQ), Quality 

Inspection, and Inventory Classification. Semi automation of SMEs due to the adoption of ERP systems was 

also prevalent across most SMEs (Jonhson & Ruankaew, 2017). Some studies on SMEs pointed towards the 

use of Just-in-Time inventory systems by most manufacturing SMEs and some disregard for ABC, EOQ or 

Material Requirement Planning systems, and list the lack of business acumen and funding availability as 

probable causes for this phenomenon (Muchaendepi et al., 2019). 

2.1.3. Network design in SMEs. 

 In this Chapter the author will present the theory on Network Design with a focus on SMEs while 

a more general presentation on Network Design for Inventory Management is later showcased in Chapter 

2.2. and its sub chapters. 

 Regarding warehousing and the centralization dilemma in an SME context is argued to have 

somewhat different drivers comparatively to larger enterprises as the drivers for centralization are: lower 

staff competence, lower inventory level, lower purchasing costs, higher data quality, and higher quality 

control. And the drivers for decentralization are: higher capacity, financial resources in case a larger 

warehouse is needed, management priorities, lower transportation costs and lower number of lost sales 

(Pedersen et a., 2012). As the authors of this study point this difference observed in an SME context versus 

the general context stems directly from the resource constraints typically faced by SMES, the lack of 

competences and resources, fewer advantages of economies of scale in a centralized setting, and limited 

managerial availability to carry through a centralization project when a firm already has a decentralized 

warehouse network (Pedersen et al., 2012). 

 

2.2. Demand forecasting practices 

 Forecasting demand is the cornerstone of most of the important planning decisions in a supply 

chain, from inventory management to purchasing or production planning (Russell and Taylor, 2014; Chopra 

and Meindl, 2016). These supply chain activities are all affected by demand; therefore, a demand forecast 
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will be the basis of decisions regarding how much inventory is needed, how much to produce or how much to 

purchase to satisfy the forecasted customer needs. 

 A forecast can be obtained using either qualitative methods, quantitative methods, or a mix of 

both. A qualitative forecast is one based on judgement, experience, or a best guess, while a quantitative one 

is based on statistical methods, such as Time Series and regressions. This thesis focuses on quantitative 

forecasting methods and demand forecasting using models based on Time Series that will be explained next. 

2.2.1.  Time Series 

 Pearsons (1923) defines Time-Series as a sequence of observations of an aggregate, an 

average or a relative number applied to a definite interval or a point in time. Further elaboration states 

that unless otherwise specified these observations should be understood to relate to equal time units, 

sequential in time and built according to specified standards. An example of Time-Series is the sequence 

of sales of a defined SKU over a time and that has been “bucketed” into defined time periods, may them 

be days, weeks, months… Time-Series are subject to 4 types of variations that include seasonality, 

secular trend, irregular fluctuations, and cyclical movements that can exhibit periodicity or not. 

(Pearsons, 1923). 

2.2.2.  Data aggregation in Time-Series, uses and effects. 

 Due to the growth in SKU assortment that a company carries during the last decades the problem 

of forecasting short-term demand for individual items has become more complex and resource consuming. 

The problem compounds when product life cycles are short. In summation, there are a lot of single products 

demand to forecast and little data available to build a reliable forecasting model. (Dekker et al. 2004) 

 According to Dekker the literature on aggregation for demand forecasting is not common but can 

be divided into two lines of research. The first line deals with mechanisms to aggregate data, produce 

aggregate forecasts and then disaggregate to the original data sampling frequency. This aggregation could be 

done in time, temporal aggregation, or across series, contemporaneous or cross-sectional aggregation of 

products by family type, customers (Rostami-Tabar et al. 2015) geographical location, known as Portfolio 

Effect (Zinn et al. 1989), or a combination of both (Zotteri, Kalchschmidt, 2007). The second line of research 

on aggregation refers to a specific type of cross-sectional aggregation of products but by common 

seasonality. Also, important to refer the problem of hierarchical forecasting that deals with top-down vs. 

bottom-up forecasting processes. (Schwarzkopp et al. 1988). 

 Independently of the form of aggregation, statistical properties of the Time Series will be 

transformed (Amemiya & Wu, 1975) and a masking effect might be the result (Chen & Lee, 2012), such as 

stochastic amplification or the seasonal smoothing of the variance of the resulting time series (Bray and 
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Mendelson, 2012). These effects result in information loss (Amemiya & Wu, 1975). Some authors, however, 

contend that there is a benefit in aggregating Time Series due to the increase in forecasting accuracy because 

of outliers being offset (Hotta et al, 2005). Zottery and Kalchschimdt (2007) assert that whatever type of 

aggregation, cross-sectional or temporal, any form of aggregation should be thoroughly analyzed to match 

the level of decision. To the same extent statistical properties of disaggregated Time Series are also subject to 

modifications through the process such as the loss of seasonality patterns (Wei, 1978; Drost & Nijman, 1993), 

and short-term cyclical variations (Rossana & Seater, 1995) 

 In the next paragraphs the author thoroughly reviews the literature on these main lines of 

aggregation research. 

2.2.2.1. Temporal aggregation 

 The concept of temporal aggregation refers to the transformation of high frequency time-series 

into low frequency time-series, for example days into weeks or months. The process in which a forecaster 

sums or buckets the high frequency data into n observations and n is the aggregation level (Rostami-Tabar et 

al. 2013). The previous example of transforming daily observations time-series into weeks would assume a 

n=7. 

 Temporal aggregation is divided into overlapping and non-overlapping. The first case assumes 

that as a new high frequency observation is made it is incorporated into the aggregate and the oldest 

observation is removed, this would be the case of a 7-day moving average. The latter and the one we will use 

in this thesis assumes that aggregates are sequential, consecutive and with no overlapping, such as the 

sequence of weekly observations derived from daily data as previously explained (Rostami-Tabar et al. 2013). 

 Research has shown that temporal aggregation techniques for demand forecasting is 

recommended for modeling Intermittent time-series (Nikolopoulos, Syntetos, Boylan, Petropoulos, and 

Assimakopoulos (2011). These recommendations are validated by other authors that show that temporal 

aggregation of time-series of intermittent demand items reduces the intermittency substantially which 

allows for simpler and more conventional forecasting methods to be used to model demand (Babai et al., 

2012; Petropoulos & Kourentzes, 2014). 

 Studies by other authors seem to indicate that the use of temporal aggregation to model fast 

moving demand data also results in improved accuracy of forecasts and reduces computational needs for 

such activity (Spithourakis, Petropoulos, Babai, Nikolopoulos, and Assimakopoulos, 2011). 

 Temporal aggregation of time-series can present some difficulties for planners as some additional 

statistical properties might be added at the aggregate level such as Moving-average residual structures 

(Amemiya & Wu, 1975), two-way causality (Weiss, 1984), previously unobserved error terms (Silvestrini & 

Veredas, 2008), or mask properties like seasonality at the disaggregate level (Wei, 1978; Drost & Nijman, 
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1993), autoregressive order (Stram & Wei, 1986) and short-term cyclical variations (Rossana & Seater, 1995). 

However, Hotta et al (2005) contends that variance reduction through temporal aggregation produces more 

stable statistical forecasts. 

 Literature shows us that there is an existing conflict between planners and operations, while a 

typical operation might prefer weekly forecasts due to reduction of inventory in the operation, and thus 

lower costs, planners tend to prefer longer time buckets, typically monthly ones, due to increased stability 

and accuracy of forecasts (Finn, 2004). 

2.2.2.2. Contemporaneous or cross-sectional aggregation 

 The concept of contemporaneous or cross-sectional aggregation assumes time-series can be 

aggregated through some form of dimension. This dimension might be the product, for example same shoe 

with different color; the product family, for example shoe family; geographic location, store, distribution 

center, country etc..; customer type; supplier; or even a combination like product family/geographic location 

(Chen and Boylan 2006). 

 It is contended that contemporaneous or cross-sectional aggregation is suited for single items 

time-series whose demand seems smooth, but a certain trend might be lurking at the family level, also, 

several authors contend that this approach can be beneficial for time-series that present similar seasonality 

patterns through estimating Seasonal Indices at the aggregate level and using these indices to then forecast 

at the disaggregate level (Chen and Boylan 2006, Dekker et al. 2004). 

 Similarly, cross-sectional aggregation is plagued by the same statistical issues discussed 

previously with temporal aggregation. 

2.2.2.3. Optimal aggregation level 

 Some studies point to the existence of an optimal level of aggregation, especially when 

intermittent demand patterns exist (Nikolopoulos et al. 2011). Regarding such SKUs with such demand 

patterns, temporal aggregation seems to make sense as it reduces the number of zero observations per time 

bucket, thus forging a more forecastable time series, and reducing its variance when compared with the 

original time series. These authors posit that setting the temporal aggregation level to the lead-time length 

plus one review period yields promising results, and that this level of aggregation makes sense for inventory 

management since forecasts in that time horizon are required for stock control decision making 

(Nikolopoulos et al. 2011). 

 While there is no consensus or optimal aggregation level on the cross-sectional level literature 

usually aggregates demand depending on product, family, supply chain structure, or product/location (Zotteri 

et al., 2005). Zotteri et al. discussed a different kind of aggregation which used demand patterns to aggregate 
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products at location, either store, chain, or cluster level, where stores with similar demand patterns were 

clustered together. These authors do not analyze the effect of disaggregation back to the store level when 

aggregation or clustering was employed. Nonetheless, they argue that no evidence of “one best way” to 

aggregate exists (Zotteri et al., 2005). 

2.2.2.4. Disaggregation strategies 

 When transforming low frequency observations or forecasts into high frequency ones several 

strategies emerge in the literature. On one hand the author found papers describing Linear Algebra matrix 

models of disaggregation used by macro economists when disaggregating the observations or forecasts of a 

variable X using some sort of tracker of that variable through time. These complicated models followed either 

a static regression method between the variables, as the methods developed by Chow-Lin, Fernandez and 

Litterman, or a dynamic regression method as the ones developed by Santos-Cardoso and Proietti (Quillis, 

2019). On the other hand, the author only found simplistic calculus approaches mostly used by practioneers 

as the ones described by Finn (2004). Finn (2004) in its study of monthly temporal aggregation vs weekly 

used two simple methods: simple division by 4 and a calculation of historic sales percentage per week/month 

as method of disaggregating monthly forecasts into weekly ones. Comparing 2 different forecasting models, 

Finn concludes that the best alternative was the simpler division by 4. However, Finn does add the caveat 

that this might be related to the specificity of data used in this analysis. Finn also suggests that for some 

industries where the “hockey stick phenomenon” occurs the percentage method might be more indicated. 

The “hockey stick phenomenon”, where demand increases towards the end of a period (Chopra & Meindl, 

2016), is especially prevalent in businesses with very strict sales target per period (Finn, 2004). 

 Quillis does state in his work that the use of sophisticated methods is impaired by knowledge and 

the need to communicate the methods and results to the final users. (Quillis, 2019). 

2.2.3. Types of demand 

 

2.2.3.1. Demand Classification 

 When analyzing demand prior to forecasting one must distinguish among the different types of 

demand existent. Commonly demand is classified into regular demand and other requirements demand 

(Thomopoulos, 2015). Regular demand is the object of forecasting, while other requirements demand, such 

as initial demand, outlier demand or forward demand is detrimental to the forecasting procedure as it skews 

results. (Thomopoulos, 2015). 
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2.2.3.2. Demand variation and measures of demand 

variation. 

 Demand variation is defined by the fluctuation of order sizes or per a defined unit of time (Lyles, 

2019). The literature commonly accepts 3 types of demand variation:  

• Demand volatility: the variation of order sizes between sequential defined time units. Typically 

recognized as a random stochastic process (Sobel, 1969). 

• Demand shifts: a sometimes predictable albeit uncontrollable process, such as changes in consumer 

preferences (Lyles, 2019). 

• Seasonality: a regular, predictable process rooted in social or environmental routines such as holidays or 

weather patterns that influence consumption. 

Demand variation analysis is a powerful process through which a practioneer can identify the predictability of 

demand and use it to better define safety stock levels (Lyles, 2019). It is partitioned in 2 metrics: Average 

Demand and Standard Deviation of Demand. Average Demand is calculated as the sum of all the demand per 

defined time interval divided by the number of time intervals considered, as shown is the next formula. 

 

(Lyles, 2019) 

 Standard Deviation of Demand is the absolute distance a general demand observation is from the 

average of those observations. A higher Standard Deviation of Demand indicates a higher volatility of 

demand. It is given through the following formula: 

         (Lyles, 2019) 

 These two metrics are used in the literature of demand pattern classification proposed by Eaves 

and Kingsman, and explained in the following point in this Chapter, but as a coefficient of variation, 

expressed as the Standard Deviation divided by the Average. This normalizes the result as enables 

comparison among different time series (Eaves and Kingsman, 2004). 

 Seasonality is measured through a seasonal factor index that measures the specific period 

demand as a percentage of annual average of all the periods (Lyles, 2019). 
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2.2.3.3. SKU Time Series Demand Pattern Categorization 

 Inventory control has become a source of competitive advantage in many industries with special 

emphasis in spare part supply industries, as is the need to characterize demand patterns ante-hoc the 

decision of forecasting method and inventory control policy to apply to a specific SKU (Babiloni et al. 2010). 

Through this demand pattern categorization one can group classified SKUs to appropriately select the 

Forecasting Method and Inventory Policy that is expected to yield better results. However, there is no 

standardization of categories and characteristics of the different demand patterns and studies show that the 

use of software packages (Boylan et al. 2006), or ad-hoc classification (Sani and Kingsman, 1997) are the most 

common methods in industrial environments.  

 The literature suggests 3 distinct methods for categorization of SKUs demand patterns: an 

approach based on variance partition, an approach based on accuracy of forecasting procedure and an 

approach based on the characteristics of the demand shape (Babiloni et al. 2010). 

 The first approach, based on the partition of the variance of the demand, two studies take lead.  

Williams first proposed the partition of the demand during lead time by its causal parts: the number of orders 

per SKU arriving in a defined unit of time, its average and standard deviation; the size of each order per SKU 

in the same unit of time, its average and standard deviation, and the lead time per SKU, its average and 

standard deviation. He them proposes 3 types of patterns based on the size of the first two ascribed terms in 

this partition: smooth, slow-moving, and sporadic (Williams, 1984). 

 Eaves and Kingsman built further on this theoretical categorization by also including the size of 

coefficient of variation of the SKU lead time and partitioning Williams smooth category into two, they then 

propose the following categories: smooth, irregular, slow-moving, mildly intermittent, and highly 

intermittent (Eaves and Kingsman, 2004). 

 

Figure 1- Williams and Eaves & Kingsman Demand Pattern Classification 
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 These studies lacked however the standardization of the boundaries between High and Low, 

although Williams proposed cut-off points of 0,2 out of 1 for transaction variability and 0,5 out of 1 for 

demand size variability and Eaves & Kingsman proposed on their study on the RAF spare parts demand 

patterns that the cut-off point should be 0,25 out of 1 for transaction variability and 0,1 out of 1 for demand 

size variability. Regarding Lead time variability the proposed cut-off rate by Eaves and Kingsman was 0,53 out 

of 1. These cut-off points were however arbitrary and ad-hoc depending on managerial decision (Syntetos et 

al. 2005) 

 The second approach based on the accuracy of the forecasting procedure was proposed by 

Syntetos et al. (2005). Its categorization was based on the comparison of the theoretical Mean Square Error 

(MSE) of 3 distinct forecast methods aimed at forecasting intermittent demand, Croston’s method, Syntetos 

and Boylan’s derivation of the Croston’s method, and the Simple Exponential Smoothing method commonly 

employed by many practitioners. Their comparison of MSE identified areas of higher accuracy for each 

forecasting model employed whose boundaries were derived from the Squared Coefficient of Variation (CV²) 

of the demand size and the average inter-demand interval (𝒑). Their categorization defined the following 

categories: smooth, Intermittent, Erratic, and Lumpy. It also defined the cut-off point for the CV² as 0,49 and 

for p as 1,32 (Syntetos et al. 2005). 

 
          p = 1,32 

CV²= 

0,49 

Erratic Lumpy 

Smooth Intermittent 

 

Figure 2- Syntetos et al. Demand Pattern Classification 

 

 The third approach is based on the characteristics of the demand shape. This approach associates 

inventory control with intermittence of the demand pattern, measured by the shape and asymmetry of the 

probability of distribution and its conclusions are that the higher the asymmetry the higher the intermittence 

of the demand pattern and thus a higher inventory level is needed to reach the required service level. 

However, this approach does not categorize demand patterns in any schema. (Bartezzaghi et al. 1999; 

Zotteri, 2000). 
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2.3. Demand forecasting using time series methods. 

 

2.3.1. Common methods of demand forecasting using Time Series. 

 Statistical methods based on Time Series build models on historical data and try to predict future 

observations based on the assumption that past behaviors will repeat themselves. These methods study 

identifiable patterns in historical data such as trends, cycles, and seasonality. They assume that these past 

data patterns will shed light on future demand patterns, therefore these methods relate forecasting with one 

external variable: time. 

 Times Series forecasting methodology assumes that historical data can help predicting the 

systematic component of observed demand and a random component that arises from the imperfect nature 

of forecasting (Chopra & Meindl, 2016). Using several statistical methodologies one can estimate the 

systematic component of a demand pattern, and with the study of the error between forecast and observed 

demand one can then estimate the random component. The best methodology for a specific time series is 

given by the methodology that better estimates the systematic component, thus reducing the random 

component across a predefined error measure. 

 When forecasting the systematic component of demand the Time Series methodology 

decomposes this component into Level, Trend and Seasonality. Where the Level is the deseasonalized 

demand, the Trend is the growth/decline rate in demand over time and Seasonality being the predictable 

seasonal fluctuations of demand over time but within a fixed time frame (Chopra & Meindl, 2016). 

 Time Series methods are divided into the following categories: 

• Naive or Intuitive methods, where no information on level, trend or seasonality is considered to 

exist. 

• Static methods, which are methods that assume that level, trend, and seasonality are static when 

new demand is verified. These models extrapolate a fixed level, trend and seasonality from historical data 

and apply it to future forecasting without updating them when new demand exists. 

• Adaptive methods, which are methods that continuously review new demand observations and this 

new demand signals regarding level, trend, and seasonality to update these and apply them to future 

forecasting. 

• Demand forecasting using combined methods, uses the average of a Naïve method compounded 

with the Holt-Winter’s approach. In seasonal SKUs, this approach enables a forward signal from a possible 

surge in demand verified in the last period to influence the forecast at , bypassing the traditional 

average seasonal factor (Dekker et al., 2004). 
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 Time Series methods are considered appropriate when demand does not vary significantly from 

one year to the next (Russell & Taylor, 2014) 

 On the next paragraphs the author will explain the most common Time Series methods. 

2.3.1.1. Naïve or Intuitive Methods 

 The Naive or Intuitive methods are some of the simplest and most widely used. They are created 

by taking the average of n observations from the data to dampen out the random increases or decreases of a 

forecast that uses only one period (Russell & Taylor, 2014). The Moving Average method is one where each 

period is considered to have a predefined percentage weight in relation to the other periods. These weights 

can be the same or differ among them as long as the sum of the weights percentages is equal to 1 (100%). 

2.3.1.1.1. Moving Average (MA) 

 A common method when one assumes no trend or seasonality just takes the average of a 

selected number of past periods to produce a forecast for the current period. 

Where the forecast is: 

                                 (Chopra & Meindl, 2016) 

And the average of past demands: 

     (Chopra & Meindl, 2016). 

2.3.1.1.2. Weighted Moving Average (WMA) 

 The Weighted Moving Average follows the same logic as the MA model, however it assigns a 

weight to each of the averaged periods. For example, a 3-month weighted moving average where the oldest 

observation has the weight of 0,1 (10%), the second oldest a weight of 0,3 (30%) and the most recent 

observation has the weight of 0,6 (60%). These weights are attributed by the analyst a priori depending on 

the analyst desire to smooth out the older demand signals with more recent ones. 

 A model that uses a longer moving average period will smoothen the data variations more than 

one that uses a shorter period (Russell & Taylor, 2014), meaning that a moving average that considers more 

observations will produce a smoother forecast through time than one that only uses less observations. This 

model assumes that no trend or seasonality exist in the data and therefore just the level is estimated, and 

the forecast corresponds to the last estimated level: 
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Where:       

   (Chopra & Meindl, 2016) 

•  𝑭 𝒕 + 𝟏 is the demand forecast for period 𝒕 + 𝟏 

•  𝑳 𝒕 is the average of the last observed periodical demand 

 

Level,  𝑳 𝒕, is defined by the following equation in the case of equally distributed weights per periodical 

observation:  

 

                                                          (Chopra & Meindl, 2016)  

 Where  is the number of periods which the forecaster includes in the Moving Average method. 

 In the case of a weighted Moving Average where the weight distribution is not leveled across the 

periodical observations, the equation will include the weight factors attributed by the forecaster:  

 

                  (Chopra & Meindl, 2016)  

  Where ,  and  are the weight factors attributed by the forecaster, these should have a value 

between 0 and 1 and their sum should be equal to 1. 

 These models are used when there is no observable trend or seasonality in the demand data 

although they have the disadvantage of having to be recomputed each time a new observation is available 

(Chopra & Meindl, 2016). 

2.3.1.2. Static Method 

 As previously mentioned, this model assume that all information is already comprised in past 

demand data and that new demand observations bring no new knowledge to the forecasting process. 

Therefore, it uses statistical modeling of past data to determine level, trend and seasonality values and 

indices and apply them on models forecasting future demand as static, immutable constants. It follows the 

equation: 

 

 

Where:       

   (Chopra & Meindl, 2016) 
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• L is the level constant based on historical data, estimated through a regression analysis of the 

deseasonalized demand throughout the observed periods and equal to the Intercept value of such a 

regression. 

• T is the trend constant based on historical data, estimated through a regression analysis of the 

deseasonalized demand throughout the observed periods and equal to the Slope value of such a regression. 

• S  is the seasonal factor estimated by averaging the seasonal factors of periods seasonally 

repeat themselves on a yearly basis. This depends on the periodicity of the observations (weekly, monthly, 

yearly) and their repetition as explained below. 

 

2.3.1.2.1.  Estimating Level, Trend, and Seasonality 

 To estimate the level and trend of a Time Series one need to first deseasonalize the observed 

past demand through time, dependent on the periodicity of such demand. This will remove the demand 

fluctuations that are repeatedly observed over a defined period.  

 Seasonality depends on the periodicity of observations; therefore, the correct periodicity must 

first be accessed. First, by visually accessing the data, one can infer if any evidence of seasonality exists and 

how does it repeat itself within the data. Most companies collect data on a daily, weekly, monthly, quarterly 

fashion, thus if a seasonal pattern exists in this data, it should be noticeable when sequential periodic 

observations repeat the same, or approximately the same, variation pattern throughout a time frame, usually 

a year. When this time frame is longer than a year and such pattern exists, one refers to it a cyclicality rather 

that seasonality. For example, the cyclical nature of the stock market within the time frame of a century. 

 When the available data is in monthly observations over the course of a year then the periodicity 

of such a Time Series is 12. When data is compiled into aggregated 3-month periods (quarterly) over the 

course of a year, then its periodicity would be 4 since there are 4 periods of 3 months within a year. 

Periodicity (𝒑) is therefore the number of periods after which the seasonal cycle repeats itself. 
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Figure 3 - Periodicity = 12; monthly observations     Figure 4 - Periodicity = 4; Quarterly observations 
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 In the above figures it is demonstrated how the same data can lead to different periodicities 

depending on how it is gathered. On the left it is gathered monthly over a 3-year period and on the right 

every period corresponds to 3 months of observations over the same 3-year period. From this starting point 

the deseasonalized demand based on periodicity can then be estimate using one of these two equations, 

depending on the periodicity being an even or odd number (Chopra & Meindl, 2016): 

 

 (Chopra & Meindl, 2016) 

 The level (L ) and trend (T ) constants can now be found through a regression analysis on the 

estimated deseasonalized demand based on periodicity and the n periods it comprises. On our 12 month, 3-

year period example a regression analysis must be done on the estimated deseasonalized demand based on 

periodicity and the 36 observations the data provide (12 months times 3 years of observations). Level and 

trend are computed using a linear regression of the deseasonalized demand based on periodicity as the 

dependent variable and time (36 periods) as the independent variable. The level constant is then the 

intercept coefficient, and the trend constant the slope coefficient of such a linear regression. We have then 

that the deseasonalized demand based on the regression will be given by these: 

=  

=  

(Chopra & Meindl, 2016)  

 The seasonal factor (S ) of a given period is computed by dividing the observed demand by the 

deseasonalized demand based on regression previously estimated, and the average seasonal fact(s͞  ) 

coefficient of the repeated cyclical observations should be computed in order to re-introduce the seasonality 

variable into the forecast. This index is computed through the averaging of the individual S of observations 

that fall in the same period every year. 

 In the 4 quarters, 3-year example: 12 periods of data with a periodicity of 4, where S  (period 1), S 

(period 5) and the S  (period 9) correspond to the same period that is repeated every year in the first quarter. 

To estimate the s͞  of the first quarter, the average of these three periods must be computed. 

 The Static method forecast for a given period  is then given by the following equation 

(Chopra & Meindl, 2016): 
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  (Chopra & Meindl, 2016) 

Where: 

•  𝑭 𝒕 + 𝟏 is the forecast of period 𝒕 + 𝟏 

• L and T constants are given by the coefficients of the previously explained linear regression. 

•  s͞ 𝒕 + 𝟏 is correspondent to the average of S that falls within the same periodicity: 

 

  (Chopra & Meindl, 2016) 

Where n is the number of times a specific period repeats itself. 

 In the static methodology, the derived constants L , T and the s͞   table are used throughout the 

forecasting exercise without being updated. Usually, these constants should be re-accessed whenever the 

underlying error in the forecast seems to indicate that the forecast is veering away from the observed 

demand. 

2.3.1.3. Adaptative Methods 

2.3.1.3.1. Simple Exponential Smoothing (SES) 

 The Single Exponential Smoothing (SES) method is the most used forecasting method (Wallstrom 

& Segerstedt, 2010). Similarly, to the Moving Average (MA) method SES is applied when no trend or 

seasonality is observed in the Time Series. However, and contrary to the MA method, it does not rely solely 

on a defined period of data to estimate L. This model assumes that L for period 0 is the average of all 

observed demand and then continuously revises L each period by using the latest available demand data and 

a weight system ( ; ) predefined by the analyst. 

Thus, we have the following equation for the forecast: 

   

 (Chopra & Meindl, 2016) 

Where the level for period zero is given by:     

 (Chopra & Meindl, 2016) 

and the level for period  by:    

 (Chopra & Meindl, 2016) 

Where  is the smoothing constant, chosen by the analyst with a value between 0 and 1 and the sum with its 

complement equals 1. 
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 As in the weighted moving average method, a weight  is placed on the most recent demand 

observation and ( ) on an average of all past demand observations. The difference among these 

methods is that this method continuously updates the L  based on the totality of observations instead of a 

predefined limited number as in the Moving Average method (Chopra & Meindl, 2016).  

2.3.1.3.2. Trend Corrected Exponential Smoothing (Holt’s Model) 

 In cases where Times Series seem to both exhibit level and trend (but no seasonality), Holt’s 

method might be a correct approach if the analyst believes that the current demand signals have the 

potential to improve the quality of the forecast. It attempts to dampen out the forecast by revising the 

estimate for both L and T at each period using both historical and newly available demand information. It 

uses a weight system but with two different smoothing constants (  and ) and their complements (  

and ) for level and trend, respectively. 

Therefore, the forecasting equation is:    

                                (Chopra & Meindl, 2016) 

                                (Chopra & Meindl, 2016) 

Where: 

•  is the revised level for period t 

•   is the revised trend for period t 

 Just as in the Static methodology we first need to compute L and T for period 0, these values are 

determined from historical data: the and  are then the coefficients of a linear regression (intercept and 

slope) between demand data and time (period), however, unlike the static methods, it is presumed that the 

Time Series has no seasonality and therefore there is no need to deseasonalize demand data prior to this 

step. 

 To compute the revised level (RL ) and revised trend (RT ) a weight system like the previously 

explained ones is determined by the analyst. Weight constants of for α and β are assigned, to smoothen out 

the forecast by giving more weight to the most recent observations and considering the remainder of 

observations an average, in the same way as a SES method (Chopra & Meindl, 2016). 

Thus we have that: 

  

  (Chopra & Meindl, 2016) 
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2.3.1.3.3. Trend and Seasonality Corrected Exponential Smoothing 

(Winter’s Model) 

 When the underlying Time Series shows evidence of the existence of a level, trend and 

seasonality factors Winter’s method might be a correct approach. It dampens the forecast result by assuming 

that the signals embedded in the newest demand observations might improve the quality of the forecast. 

Just like in Holt’s method it uses predetermined constants,  and  β , to smooth both level and trend, and 

introduces a new constant, 𝛄, to smooth the seasonality signal.  

 This method is based on the static method, therefore many of the steps are the same. It starts 

out by deseasonalizing the demand based on periodicity: it can then be computed using one of these two 

equations, depending on the periodicity being an even or odd number (Chopra & Meindl, 2016): 

   

           (Chopra & Meindl, 2016)  

 The level (L ) and trend (T ) constants can now be found through a regression analysis on the 

estimated deseasonalized demand based on periodicity and the n periods it comprises. On our 12 month, 3-

year period example a regression analysis must be done on the estimated deseasonalized demand based on 

periodicity and the 36 observations the data provide (12 months times 3 years of observations). Level and 

trend for period 0 are computed using a linear regression of the deseasonalized demand based on periodicity 

as the dependent variable and time (36 periods) as the independent variable. The level constant is then the 

intercept coefficient, and the trend constant the slope coefficient of such a linear regression: 

= Intercept of linear regression ( ; 𝒑)   (Chopra & Meindl, 2016) 

= Slope of linear regression ( ; 𝒑)   (Chopra & Meindl, 2016) 

 As in the Static method we need to calculate the deseasonalized demand based on the regression 

to compute the seasonal factors. The deseasonalized demand based on the regression is given by the 

following equations:   

  =   (Chopra & Meindl, 2016) 

=   (Chopra & Meindl, 2016) 
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 The seasonal factor (S ) of a given period is computed by dividing the observed demand by the 

deseasonalized demand based on regression previously estimated, and the average seasonal factor ( s͞  ) 

coefficient of the repeated cyclical observations should be computed to re-introduce the seasonality variable 

into the forecast. This index is computed through the averaging of the individual S s of observations that fall 

in the same period every year. 

 In the 4 quarters, 3-year example: 12 periods of data with a periodicity of 4, where S (period 1), S 

(period 5) and the S (period 9) correspond to the same period that is repeated every year in the first quarter. 

To estimate the   s͞   of the first quarter, the average of these three periods must be computed. 

 Now that the constant values of L, T and s͞   have been determined the analyst can forecast the 

first cycle of p observations using the following (Chopra & Meindl, 2016): 

                            (Chopra & Meindl, 2016) 

Where:  

• = Intercept of linear regression ( ; P)     (Chopra & Meindl, 2016) 

• = Slope of linear regression ( ; P)     (Chopra & Meindl, 2016) 

   (Chopra & Meindl, 2016)  

 

    (Chopra & Meindl, 2016) 

However, for future cycles of 𝒑 observations 

For the subsequent periods, the forecast follows this equation: 

       (Chopra & Meindl, 

2016) 

Where: 

• 𝒑 is the periodicity 

 

•    (Chopra & Meindl, 2016) 

 

•     (Chopra & Meindl, 2016) 

 

•   (Chopra & Meindl, 2016) 
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Where: 

• ,  and 𝛄 are previously defined smoothing constants, with values between 0 and 1, for 

level, trend and seasonality, respectively, and their sum with their complements equal 1 

• 𝒑 is the periodicity  

 

2.3.1.4. Combined Methods 

 The method proposed by Dekker et al. (2004), for seasonal demand SKUs was a weighted average 

of a Naïve method with the forecast from the Holt-Winter’s method, thus with an alpha of 0,1 given to 

demand of the last period observation (t-1) and the complement of said alpha given to the Holts-Winter 

forercast. 

 =       

Where: 

•  is the weight assigned to the last known demand 

• is the forecast from the Holt-Winter’s method 

 

2.3.2. Common Error Measures for demand forecasting using Time Series. 

 As explained previously, according to demand forecasting theory, demand can be decomposed 

into different components: a systematic and a random component. The forecasting activity tries to estimate 

only the systematic component of demand and is therefore inaccurate by default. By studying this inaccuracy 

through an error measure gives the analyst a measure of comparison between different forecasting methods 

applied to the same Time Series. This study enables practitioners to evaluate the limitations and possible 

problems in the choice of embedded parameters in each designed model, as well as the design of 

contingency plans based on expected deviations between the forecasted demand and the experienced 

demand (Chopra & Meindl, 2016) In this chapter, the author will describe the most common error measures 

such as MAD and MSE (Wallstrom & Segerstedt, 2010), as well as MAPE (Chopra & Meindl, 2016). These error 

measures limitations are also described to analyze and compare forecasting methods.  
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2.3.2.1. Mean Square Error 

 The MSE measures variance of forecast error. It is the average of the sum of the difference 

between the forecast and the observed demand each period divided by n periods and is given by the 

following equation: 

   (Chopra & Meindl, 2016) 

Where = -  

 The MSE measure penalizes larger errors, as all errors are squared. Therefore, this error measure 

is appropriate for comparing forecasts where the cost of a large error is greater than the benefits of an 

accurate forecast (Chopra & Meindl, 2016). 

2.3.2.2. Mean Absolute Deviation 

 The MAD measures the average absolute deviation of a forecast from the experienced demand. 

It is the average of all absolute difference between forecast and observed demand. All errors are treated as 

absolute values. It is given by the following equation: 

   (Chopra & Meindl, 2016) 

Where = Absolute value of  

 MAD is an appropriate error measure when the magnitude of the error is proportional with its 

cost (Chopra & Meindl, 2016), but it can lead to misleading results when the data has a high level of periods 

with zero demand (Wallstrom & Segerstedt, 2010). It is therefore not ideal for intermittent demand Time 

Series. 

2.3.2.3. Mean Average Percentage Error 

 The MAPE measures the absolute error in each period as a percentage of the demand for said 

period and is given by the following equation: 

  (Chopra & Meindl, 2016) 

 It is considered an appropriate error measure when demand shows seasonality patterns (Chopra 

& Meindl, 2016). 

 



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 36 

 

2.3.2.4. Bias 

 Due to changes in demand patterns, forecasts will undoubtedly stray off the desired accuracy, 

therefore one needs a way to track and control the forecasting. A common way is through the Bias, which 

sums the forecasting error at each period and provides an insight regarding the method’s deviation from the 

desired mean of 0. 

   (Chopra & Meindl, 2016) 

 

2.3.2.5. Tracking signal 

 A better indicator of the existence of bias is the Tracking Signal, this measure works like the 

intervals of tolerance in a production process and is given by the ratio of Bias over the MAD. 

                                                (Chopra & Meindl, 2016) 

2.3.2.6. Considerations on Error Measures 

 Different error measures consider different aspects of the underlying demand pattern, therefore 

no one error measure can be considered superior or inferior to another. Therefore, it is recommended by 

scholars that several error measures should be studied, and each result should be assessed individually by 

the forecaster (Silver, Pyke, & Peterson, 1998). However, some authors point out that in the present of 

intermittent demand, which is often plagued by periods of zero demand as well as periods of extreme outlier 

demand most error measure fail to provide an accurate insight (Davydenki & Fildes, 2016). 

2.4. Inventory Management 

 In the following chapter the author will revise the general theory on Inventory Management 

focusing on retail actors, with special focus on Safety Inventory and the specialized theory relating this 

process with SMEs. Literature defines Inventory Management as the practices and processes that ensure a 

minimum or efficient cost attributable to holding physical inventory while ensuring customers’ demands are 

met at the desired level (Toomey, 2000). 

The theory considers 3 principal costs when managing stocks: Inventory Holding Cost and Inventory Ordering 

Cost, and Safety Inventory Cost (Chopra, S., & Meindl, P. 2016). 
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2.4.1. Inventory Holding Cost 

 Inventory Holding Cost can be decomposed into the following costs: 

• Cost of Capital: a subject that influenced much of the relevant theory in the 70s and 80s due to the high 

cost of capital (Toomey, 2000). 

• Cost of Obsolescence or Spoilage: the cost incurred when a product is removed from the sales portfolio, 

which could stem from innovation, substitute products, new legal or industrial standards, or written off due 

to spoilage (Chopra, S., & Meindl, P. 2016). In some industries this cost is amplified when there are additional 

costs to dispose of such product, sometimes referred as treatment cost of spoilage (Lodha, n. d.) 

• Cost of Handling: these include variable receiving and handling costs that are quantity change 

dependent (Chopra, S., & Meindl, P. 2016). 

• Cost of Occupancy: These include the variable costs related to the quantities handled over the inventory 

cycle and are quantity change dependent (Chopra, S., & Meindl, P. 2016). 

• Miscellaneous Costs: incremental costs related to changes in the quantities handled, these could relate 

to theft, damage, additional insurance etc. (Chopra, S., & Meindl, P. 2016). 

 

2.4.2. Inventory Ordering Cost 

 Inventory Ordering Cost can be decomposed in the following: 

• Buyer time: due to changes in the frequency of orders and that reflects on the number of buyers 

needed (Chopra, S., & Meindl, P. 2016). 

• Transportation Costs: changes in the costs of transportation due to changes in the frequency of the 

orders placed (Chopra, S., & Meindl, P. 2016). 

• Receiving Costs: costs associated with each order received, quantity independent. These could be 

administrative work or inventory record updating (Chopra, S., & Meindl, P. 2016). 

• Other Costs: other costs that are order size independent and unique to each purchasing process in 

different firms (Chopra, S., & Meindl, P. 2016). 

 Based on these costs, theory proposes a main avenue to exploit economies of scale when 

ordering, the Economic Order Quantity (EOQ). This model balances the cost of the ordered product, which is 

influenced by the existence of supplier discounts, the cost of holding inventory and the cost of ordering such 

product and produces results regarding the optimal lot quantity to be ordered considering that holding costs 

increase with larger lots, although sometimes ordering and material cost decrease with larger lots. This EOQ 

can be computed for s single products or multiple aggregated products (Chopra, S., & Meindl, P. 2016). 
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2.4.2.1. Economical Order Cost 

 The Economic Order Cost relates to the most efficient and cost-effective combination between 

the size of an order (Q) to be place to a supplier, which relates to the demand per period and lead time of 

supply, the cost of placing an order of Q units, the cost of holding Q units, and the cost of Q units (Chopra, S., 

& Meindl, P. 2016). 

2.4.2.2. Cycle Inventory and Average Flow Time 

 Cycle Inventory and Average Flow Time relate to the amount of Inventory a certain stage of the 

supply chain retains through their day-to-day operations and therefore the amount of time each SKU spends 

within each stage of the supply chain (Chopra, S., & Meindl, P. 2016). 

Ideally any stage of the supply chain would benefit themselves by reducing the Cycle Inventory and the 

Average Flow Time each SKU spends through the operation, since these metrics have a direct impact on the 

cost of holding inventory and thus a direct impact on bottom line financial measure such as Return on 

Investment (ROI) and Return on Assets (ROA) (de Vargas et al. 2017). 

2.4.3. Safety Inventory Cost 

 Safety inventory exists to meet demand fluctuations derived from the inaccuracy inherent to the 

forecasting process (Chopra, S., & Meindl, P. 2016). It does however incur some costs, these relate to the 

liability they represent when the market value of such inventories decreases, when these inventories become 

obsolete due to the reasons for obsolescence previously mentioned and due to the cost of capital invested in 

these inventories (Toomey, 2000). Therefore, there exists a trade-off between the need to have available 

inventory to keep the desired level of customer satisfaction and the cost of holding this inventory, especially 

when overstock situations are common in real world situations (de Vargas et al. 2017). Safety stock needs 

related to two fundamental factors: The uncertainty of demand and supply, and the desired level of product 

availability (Chopra, S., & Meindl, P. 2016). 

• Uncertainty of demand and supply. To deals with these uncertainties certain strategies have been 

proposed, namely the reducing the supplier lead time for supply uncertainty and reducing demand 

uncertainty through the more accurate forecasting practices and thus reducing the forecasting error (Chopra, 

S., & Meindl, P. 2016). 

• Regarding the desired level of product availability theory proposes two methods to deal with the 

question of safety stock: the service level method, and the percent fill method. Both methods are commonly 

referred as the service level method (Chopra, S., & Meindl, P. 2016). 

 The percent fill method can be view in two ways, the Product Fill Rate or The Order Fill Rate. 
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2.4.3.1. Product Fill Rate 

 Product Fill Rate is equivalent to the portion of a product’s demand that is covered straight out of 

inventory and represents that probability that the demand for a certain SKU to be supplied from the 

inventory-at-hand for a specified unit of time (Chopra, S., & Meindl, P. 2016).  

2.4.3.2. Order Fill Rate 

 Order Fill Rate differs as it is the portion of orders totally fulfilled from available inventory, thus 

being lower than the Product Fill Rate since some orders are delivered incomplete (Chopra, S., & Meindl, P. 

2016).  

2.4.3.3. Customer Service Level 

 The Cycle Service Level (CSL) method represents the portion of replenishment cycles that end 

with all demand being fulfilled from inventory. The replenishment cycle is the time lagged between the 

placing/delivery of supplier orders. The Cycle Service Level is thus the probability that all demand within a 

replenishment cycle being satisfied and is measured in a specified number of replenishment cycles. The Cycle 

Service Level tends to be lower that the fill rate since it is measured in lower frequency periods than the fill 

rate (Chopra, S., & Meindl, P. 2016). 

2.4.4. Replenishment Policies 

 Finally, Inventory Management Theory reflects also in the type of replenishing policies employed 

by firms. Typically, these are divided in Continuous Review and Periodic Review (Chopra, S., & Meindl, P. 

2016). 

2.4.4.1. Continuous Review 

 Continuous review happens when inventory is continuously monitored and an order of size Q is 

placed when the levels of inventory-at-hand decrease below a threshold, the reorder point (ROP). This lot 

size Q is directly related to the EOQ theory previously detailed and the ROP to the average demand over lead 

time and the level of available security Stock that covers that demand (Chopra, S., & Meindl, P. 2016). 

 CSL under continuous review policy depends on the following inputs, assuming a normally 

distribution of demand: 

• D = Average demand per period 

• σD = Standard deviation of demand per period 

• L = Average lead time for replenishment 
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Thus:   ROP = DL + SS 

 With DL being the average demand over lead time, and the SS the security stock as a function of 

the desired CSL. 

              (Chopra & Meindl, 2016) 

 

2.4.4.2. Periodic Review 

 Periodic review happens when inventory is monitored at regular intervals and an order is placed 

to raise the inventory level to a specified level. This level can be fixed or variable and based on accurate 

forecasts (Chopra, S., & Meindl, P. 2016). 

 CSL under periodic review policy is equal to the probability of the demand for the period 

between reviews (T) plus the demand over lead time (L) is below an ante hoc specified level called order-up-

to-level (OUL), assuming a normally distribution of demand (Chopra, S., & Meindl, P. 2016). 

OUL = D (T+L) + SS 

Where: 

• D = Average demand per period 

• σ (T+L) = Standard deviation of demand per (Period between reviews + Lead time) 

• L = Average lead time for replenishment 

And:               (Chopra & Meindl, 2016)  

 Despite these traditional methods of replenishment and ordering policies, several authors point 

out that these are based on assumptions that do not hold when demand is Intermittent, Slow-moving, or 

Lumpy, since these tend not to follow a normal distribution pattern (Silver et al. 1998). Babiloni et al. (2010) 

pointed in their exhaustive study on demand categorization literature several contributions made by a 

myriad of authors on proposed addition to these review policies aimed at better serve SKUs with such 

demand patterns. They are however statistically more difficult to compute, some are based on compound 

Bernoulli process, negative binomial distributions, Gamma distributions and computerized algorithms, and 

amount of expertise and computational effort required is huge (Babiloni et al. 2010). 
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2.4.5. Other Inventory Control Policies 

 The value of inventory control policies is widely researched in literature, and it is commonly 

accepted that firms who deploy such policies achieve better performances due to better utilization of the 

available resources (Johnson and Ruankaew, 2017). There are multiple policies adopted by firms, with the 

most common in the retail sector being related to product classification, such as the ABC policy, the 

management of physical inventory such as the use of ERP systems, annual physical count and reconciliation 

of stocks, or the management of flows of goods through policies such as the EOQ theory or Just-in-Time 

policies to achieve leanness or economies of scale (Johnson and Ruankaew, 2017). 

2.4.5.1. ABC System 

 The ABC inventory classification system is a widely used technique to manage the use of 

resources in inventory control by allocating them to the most important items with an inventory portfolio 

(Fuerst, 1981). This method follows Paretto’s assertion that roughly 80% of sales arise from only 20% of 

products, Onwubolu in its case study on the implementation of an inventory control system for a small 

company found that for that specific company only 1.3% of products accounted for 70% of sales (Onwubolu, 

2006). The ABC classification is based on the unit usage/sale of each product and its unit value, with this 

method products are classified based on their contribution to the whole production/sales and thus items 

classified in group A are the ones with the highest contribution, followed by B group items, and finally by C 

group items. Commonly accepted thresholds among these groups are: group A contains about 10% of all 

SKUs and accounts for nearly 50% of sales, group B items represent about 40% of SKUs and the same 

percentage of sales, finally group C items include 50% of SKUs but amount to only 10% of sales (Fuerst, 1981). 

Onwubolu (2006) discusses the importance of distinct ABC systems depending on if SKUs are finished 

products or raw materials and shows that this classification system enables the creation of distinct policies 

and controls for each group with A group SKUs requiring more attention and accuracy of records and 

controls. Common pitfalls regarding ABC system classification are for example, assuming that C group SKUs 

can be removed from the product portfolio, mismanagement of group C products, due to perceived lack of 

importance, that might create stockouts and thus disrupting business, and the assumption that all 

inventories can be classified using this system (Fuerst, 1981).  

2.4.5.2. Other Systems 

 Other common inventory control policies are: Just in Time, annual Inventory counts and 

reconciliation, Safety stock, ERP Systems, and Inventory Pooling. 

Just-in-Time policies is when inventories are kept to a minimum by shortening supply lead times and accurate 

forecasts. While this is widely used on manufacturing facilities it can become difficult for retail firms whose 
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demand is more unpredictable than a previously set production plan, especially in non FMCG retailers and at 

the distributer level (Wong & Johansen, 2006). Annual Inventory counts and reconciliation are common 

practices where a firm counts all the units of each SKU warehoused and checks against the book count of 

such SKUs (Bragg, 2020). Safety Stock is commonly used in retail industries, especially at the distributer level 

since demands are usually not known until they happen (Thomopoulos, 2015). ERP Systems relate to 

software for resource planning, most include inventory and forecasting modules they provide efficiency and 

cost savings as they integrate several other functions of operational planning. (TradeGecko, n.d.). Inventory 

pooing refers to the centralization or not of inventories in a single location to take advantage of the “square 

root law” of inventory and thus reduce costs through centralization (Mahmoud, 1992). 

2.4.6. Common KPIs for Inventory Management 

 Withing inventory control systems Key Performance Indicators (KPIs) are needed to be able to 

measure and benchmark progress, identify problems and their sources, and tackle them when they arise. 

(Onwubolu, 2006). KPIs depict a firms’ situation in a certain procedure or process at a point in time based on 

predefined measures. They typically are comprised of report that might include sales figures, trends, personal 

statistics, real time supply chain information and all that is deemed consequential for the good functioning of 

business (Onwubolu, 2006). They are designed with a specific target and a measure on a scale of 

performance that best represents the goal of such KPI, and they should be easily understood by the end user 

regarding to what the underlying causes that affect the KPI are (Onwubolu, 2006). 

2.4.6.1. Sales KPIs 

• Stockholding: the total value of inventories. 

• Stock-turns: the number of replenishment cycles per year, thus relating to the Cycle Inventory 

previously discussed since the more Stock Turns a company has the lower the Cycle Inventory is thus 

lowering Inventory holding costs. 

• Service Level: Percentage of sales that are fulfilled from inventory at-hand. 

• Stock to Sales ratio: value of inventory divided by the sales value. 

• Sell through ratio: percentage of units sold over units received. 

• Backorder Rate: percentage of delayed orders over total orders. 

• Accuracy of Forecast Demand: Several measures of forecast accuracy, discussed in chapter 2 of 

this thesis. 

• Rate of return: Return on Investment (ROI). 

• Product sales. 

• Revenue per unit: total revenue per period over units sold in period. 

• Cost per unit: Total costs over number of units sold or produced. 
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• Gross margin. 

 

2.4.6.2. Receiving KPIs 

• Time to receive: total time spend in the receiving function, from reception to record update and 

preparation for sale. 

• Put away time: total time used to stow away inventory. 

• Supplier Quality Index: composite measure that accesses the performance of a firms’ vendors 

 

2.4.6.3. Operational KPIs 

• Lost sales ratio: percentage of days a product is out of stock per year. 

• Perfect order rate: percentage of orders shipped without any problems, complete, no returns 

and with required documentation for example. 

• Inventory Shrinkage: difference between recorded inventory and physical inventory. 

• Average Inventory per period: Initial inventory period plus end inventory divided by two. 

• Inventory Carrying Cost: Percentage of all inventory related costs over the total value of 

inventory. 

• Customer Satisfaction Score: Survey of customer happiness measured in percentage of positive 

responses over total responses. 

• Fill rate. Explained previously. 

• Order Cycle Time: average time a firm takes to fulfill and order. 

• Stock-outs: percentage of items out of stock when a customer places an order. 

• Service level: Percentage of orders fulfilled over orders received. 

• Lead time: time it takes for an order to be delivered after being received. 

• Dead Stock /Spoilage: percentage of stock that is unsellable in a period over all available stock in 

that period. 

• Available Inventory Accuracy: Percentage of items whose count matches records. 

 

2.4.6.4. Employee KPIs 

• Labor cost per item: number of units over total labor expense. 

• Labor cost per hour: cost of an employee per hour.  (Oracle Netsuite, 

n.d.) 
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2.4.7. Relation between Inventory Management and Demand Forecasting 

 The relation of inventory management and forecasting stems from the principle of forecast 

inaccuracy (Toomey, 2000) and that is where the planning of inventory and Safety stock comes to play. The 

safety stock has then a strong relation with demand side fluctuations but also with supply side ones, where 

supply error, lateness, incomplete order delivered may arise the need of such stock, (Toomey, 2000). 

2.5. Network design for Inventory Management 

 In this chapter the author reviews the literature concerning network design, with emphasis on 

warehousing, centralization vs. decentralization of inventory. 

 As a part of inventory management, scholars have written on warehousing policy related to 

centralized vs. decentralized inventories, as decisions on the number or warehouses and centralization of 

certain SKUs have a direct impact in warehousing and safety stock associated costs as well as in the level of 

product availability and customer satisfaction (Baker, 2007; Chopra, S., & Meindl, P. 2016). 

 Warehouses are buffers against risk, by allowing safekeeping of needed inventories and security 

stocks, while ate the same time these inventories increase risks of product obsolescence and other inventory 

related costs such as damage and shrinkage (Baker, 2007). Centralized stock keeping reduces the amount of 

inventory needed, thus reducing the associated costs although they increase the firms’ distance to its 

customers, thus possible decreasing customer satisfaction and increasing distribution costs (Baker, 2007). In 

other words, these is a trade-off among customer service, costs of keeping inventory, and distribution costs. 

There is plenty of literature on the Portfolio Effect and its’ savings generated by inventory pooling at a single 

location, with the common acceptance of the “Square Root Law” (SRL) as an approximation of the 

relationship between inventories needed and the number of facilities a warehousing network has 

(Mahmoud, 1992). 

 The main general drivers for centralizing inventories and thus reduce the number of warehouses 

are: lower inventory levels, higher delivery precision, lower warehousing costs, lower number of employees, 

and balancing demand peaks. While the main general drivers of decentralized inventories and thus increase 

the number of warehouses are: decreased delivery time, higher local exposure, higher service level, lower 

number of lost sales, and lower transportation costs (Pedersen et al., 2012). 

 

3. Research Methodology 

 To be able to answer the research questions this Thesis sets out to examine the choice of 

methodology and research design are critical since they affect the outcome (Saunders, Lewis, & Thornhill, 

2016). The following paragraphs will detail these choices. 
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3.1. Research Design 

 The research design works like a general plan of how this thesis aims at answering the research 

questions it proposes. Therefore, the philosophy, approach, strategy, time horizon and data collection will be 

further detailed in the following chapter. 

3.2. Research philosophy 

 Due to the practical approach of this thesis to a real world issue the philosophy that better 

reflects it is one of pragmatism. This philosophy stems from the concepts of practicality and reality, the first 

meaning that action is at the center of the research and theory seeking (Rumens & Kelemen, 2011), the latter 

referring to the natural and constant change embedded in reality that represents the fluidity of the real 

world (Dewey, 1931). In the theory of nature, pragmatism blends subjectivism and objectivism when 

addressing practical issues in specified contexts in an action-oriented fashion as opposed to an abstract view 

of a theoretical issue (Saunders, Lewis, & Thornhill, 2016). 

 This project aims at developing a real-world tool based on theoretical insights to be deployed in 

the context of the demand forecasting activity, in a SME, aimed at improving Inventory management 

practices. The pragmatic philosophy adopted, aims to provide a clear and reasonably accurate model of 

forecasting at the SKU level to address the case company specific goals in Inventory Management efficiency 

while focusing on SMEs specific resource constraints. 

3.3. Thesis structure fit 

 This thesis first reviews academical knowledge regarding SMEs and their resources and 

constraints related to the demand forecasting activity, inventory management and network design; second it 

reviews the widely and commonly accepted methods and theories behind the statistical aggregation of Time 

Series, it examines the literature regarding the statistic modeling of Time Series for demand forecasting and 

the comparative evaluation of forecasting methods through error measures, reviews the literature on 

inventory management and network design at a more general level; Lastly this Thesis applies the reviewed 

knowledge to the specific case company data, first through several meetings and sparring sessions with 

relevant members of the organization to compile the necessary qualitative primary data regarding the firms 

operation and its resource constraints and secondly through the use of quantitative secondary data for 

modeling and comparative analysis of the different methods of aggregation and forecasting and inventory 

management practices for validation of knowledge and assertion of results in a practical environment. These 

subjects are further explained in point 3.7 of this Chapter. Therefore, the author applies a deductive logic to 
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theory development, starting from a general standpoint and digging down to the specific level (Saunders, 

Lewis, & Thornhill, 2016).  

3.4. Methodology 

 Previously the author has defined pragmatism as this research philosophy, therefore, the 

research questions, the context and the results are the drivers behind the methodological choice. This thesis 

follows a mixed method research design, it has two distinct phases of data collection and analysis. Known as 

the double-phase research design it is split into two specific research methods that build on each other: first 

a sequential exploratory method is taken, where one starts the study qualitatively followed by a quantitative 

study; this first method is seconded by a sequential explanatory one where the results from the quantitative 

study are qualitatively studied. This mixed method approach validates the dynamic forces within the research 

design by recognizing the interactive and iterative nature of this research, where the sequence of research in 

each phase is both informed by the previous phase and directs the following phase of research (Saunders, 

Lewis, & Thornhill, 2016). 

 In this thesis this methodology allows to address the research questions both qualitatively and 

quantitatively, furthermore, the exploratory research confers flexibility and adaptability to the research from 

its starting point until its conclusion. This inherent flexibility and adaptability allow a degree of fluidity when 

confronted with new insights or data making it ideal to narrow the focus of the research from the general 

broad research focus to the context specific focus as the research progresses (Saunders, Lewis, & Thornhill, 

2016). 

 Just as the sequential exploratory methodology demands this thesis starts out by conducting an 

exploratory qualitative research, data collection and analysis to clearly understand the common issues 

related with the demand forecasting activity and inventory management practices in the context of an SME. 

Based on the insights from this research the statistical aggregation and forecasting methodology will be 

chosen and a descriptive quantitative research, data collection and analysis is performed with the objective 

of studying the different statistical deployed methods through the lens of the appropriate error measures. 

Lastly a qualitative discussion on the results will be enacted to tie down the insights from the context specific 

exploratory analysis with quantitative explanatory analysis. 

3.5. Research strategy 

 When the approach and methodological choices have been made one needs to consider the 

research strategy when defining the research design. Therefore, there is the need for the researcher to 

understand the purpose of said research. In this thesis the author adopts a combined study approach where 

the initial explanatory study establishes the relation between general variable affecting SME in the context of 



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 47 

 

the specific activity of demand planning is combined with descriptive study of the case company context 

followed by a quantitative study of alternative methods of statistical aggregation and forecasting applied to 

the case specific Time series data for the purpose of inventory management. Finally, an explanatory study of 

the quantitative findings is conducted based on different error measures to discuss and construct the most 

accurate model deploying the methodologies that the exploratory research deemed adequate for dealing 

with SKU level forecasting for Inventory Management in an SME context. 

In this thesis the author adopts a case study research strategy as this design allows for the study to analyze a 

phenomenon in its real-life setting (Saunders, Lewis, & Thornhill, 2016). In this thesis the subject is the case 

company organization and its demand forecasting activities on a SKU level, therefore the case study 

approach studies this activity in a very specific context and its implications for further action (Dubois & 

Gadde, 2002). The fact that a case study research design allows the deployment of both qualitative and 

quantitative research allied with a combined study approach is beneficial to the detailed examination of the 

case company in its context (Bryman, 2012).  

 With this case study approach the author aims ate observe and analyze the specific activity of 

demand forecasting at the SKU level under the general issues faced by SMEs and observed in the case 

company context. It hopes at developing a model of statistical data aggregation and forecasting appliable to 

an SME context and validated with the specific case study data. This thesis can be further categorized a single 

case study where valuable insights can be gained for the case company and a possible theoretical model 

might emerge for SMEs that share some characteristics with the case company. 

3.6. Time Horizon 

 Due to the criticality of the time dimension in de development of this thesis the author has made 

some relevant considerations regarding the timing and the data. Since time is a scarce resource when 

developing a Master Thesis, a cross-sectional standpoint was adopted and the answers to this Thesis research 

questions represent only a picture of the context and circumstances at the time when this research was 

conducted (Saunders, Lewis, & Thornhill, 2016). 

3.7. Data Collection 

 Due to the mixed methodology approach to this research both primary and secondary data 

collection was carried out and handled in the below explained fashion.  
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3.7.1. Primary Data 

 The primary data used for this project was collected through interviews, meetings and sparring 

sessions carried out with representatives from the case company throughout the duration of this research. 

3.7.1.1. Interviews 

 To produce a complete picture of the case company, understand its operation and the challenges 

it faces as well as relate theory on SMEs and their resource constraints with a real-world example, the author 

performed several informal interviews and multiple sparring sessions with relevant actors within the 

organization. This enabled the author to develop a deep understanding of the challenges to overcome and 

how they related to the general theory on SMEs and produce a roadmap to overcome constraints while 

delivering an acceptable solution to the challenges encountered while contributing to the same reviewed 

theory on SMEs. 

 The interview process for primary data collection had several actors and consisted of several 

scheduled semi structured interviews. See appendixes for more information on the dates and content of such 

interviews. 

 These scheduled interviews where between the author and one or more of the following 

members of the case company organization. These interviewees were selected based on the research field of 

this thesis and the relevance of certain actors within the case company organization on the subject at hand, 

thus making the interviewees the best contributors the case company has for the successful completion of 

this study. The selected interviewees hold relevant positions within the organization and are responsible for 

strategic decision making regarding the fields of demand forecasting, inventory management and data 

integrity. Representatives from the case company, B-J, are: Martin Baden-Jensen, CEO, and Jens Thomassen, 

Purchasing and Inventory Manager. 

 The interviews followed a semi-structured approach with a template guide for each interview 

based on the topics of research and how they relate to the case company. Despite a clear direction provided 

by these interview guides the activity itself was conducted giving the interviewees the opportunity to expand 

on their knowledge relating to the subject at hand and the generality of this project, which provides this 

research a broader understanding of the context and specificities relating to the case company in this case 

study (Saunders, Lewis, & Thornhill, 2016) 

 The interview guide used for both interviews can be found in Appendix 1. 

 Before the interviews, at the time of scheduling and prior to the commencement of each 

interview, the interviewees were briefed on the topics to be discussed, this helped the subjects to prepare 
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and deliver the highest quality of contribution. It was also explained to the interviewees that the possibility of 

asking clarifying questions was available so as not to lose any relevant data in the academic/practitioner 

translation. All interviews were recorded. 

3.7.1.2. Meeting and Sparring Sessions 

 Even though formal semi-structured interviews were conducted there were even more 

unstructured meetings, conversations, and sparring sessions between the researcher and several employees 

at Baden-Jensen that allowed the author to understand and get a more holistic picture of the case company 

and its challenges. 

3.7.2. Secondary Data 

 All secondary data used in this project was pulled from the case company’s ERP system, Power BI 

system and their official website and will be further detailed in the below sections. 

3.7.2.1. Data from B-J’s ERP system 

 The quantitative data used in this thesis was extracted from B-J’s ERP system, Visma. This data is 

from sales quantities and number of orders from all Spies-Hecker products from the category A1- Auto, this 

category is divided in 22 different families that together represent 355 products and a turnover of 57.4 

million DKK and 73000 units sold in the fiscal year 2018. To have a decent sample and complete data a few 

considerations were made:  

• Products should have sales data from the years 2015 until 2019, data from 2020 was excluded 

due to the singularity of a pandemic year and its potential to skew sales and therefore results. This left only 

244 products. 

• The author chose to select 2 families of products to study, and to ensure these families were 

relevant an analysis of the financial impact of each family was conducted by dividing the turnover generated 

by each family by the amount of unit sales from said family, these varied from 2,656% to 217,5%. The results 

allowed the author to identify the families that mostly impacted the sales of the company. However, to select 

a meaningful sample, the selected families should comprise a significant number of SKUs and have a large 

impact on the total sales of the company. The first selected family was comprised of 13 products, had a 

financial impact of 119,9% and represented 11,2% of the sales from A1-Auto products. The second family 

selected consisted of 74 products with a financial impact of 131,6% and representing 40,5% of the sales of 

A1-Auto products. 

 With these choices the demand forecasting study was based on sales data from May 2015 to 

April 2018 and compared against sales data from May 2018 to April 2019. Despite, sales data not 
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representing the real demand, it is assumed that in the lack of information pertaining backlogs and lost sales 

this is the best representation of demand possible. 

 From the selected SKUs two time series were then extracted, unit sales and number of orders. 

These were the aggregated in the following fashion: 

• first temporally at periods of one week, two weeks, four weeks, and finally monthly. This would 

allow for comparison between forecast accuracy at different temporal aggregation level.  

• Second, using the described method of demand pattern classification proposed by Eaves, each 

unit sales time series was then classified as Smooth, Slow-Moving, Intermittent, or Irregular This was done to 

study if aggregation across demand pattern yielded more accurate results. 

• Third, full family aggregation was also studied. 

The following table illustrates the aggregation and disaggregation strategies followed: 

Type of Aggregation Types of disaggregation 

 Temporal Cross-sectional Temporal and cross-sectional 

SKU 1 week None 

SKU 2 weeks  50% per week None None 

SKU 4 weeks  25% per week None None 

SKU Monthly  None None None 

Demand pattern group 1 week  None  Group sales %  None  
Demand pattern group 2 weeks  None Group sales % 50% per week + Group sales % 

Demand pattern group 4 weeks None Group sales % 25% per week + Group sales % 

Family 1 week  None  Family sales %  None  
Family 2 weeks  None Family sales % 50% per week + Family sales %  
Family 4 weeks  None Family sales % 25% per week + Family sales % 

 

Figure 5 - Aggregation-Disaggregation Strategies 

 These aggregation and disaggregation strategies allowed for the comparison at the SKU level, 

which is the level used when dealing with inventory control and purchasing. The temporal aggregations 

allowed for the study of forecast accuracy to determine if it made sense to change the replenishment cycle to 

a lower time bucket of one week or increase it to a four week or monthly cycle. The cross-sectional 

aggregation allowed to gain insight towards resource consumption since if accuracy of forecasts was 

increased or even maintained there could be substantial time gains, thus consuming less resources, through 

aggregation. To illustrate this imagine the 244 SKUs forecasted using 7 different techniques and then 

compared to select the most accurate forecast, if 5 minutes was spent per forecast a total of 142 hours, or 

almost 18 eight hour working days would be spent forecasting them, if family aggregation yields good results 

and we assume that instead of 5 minutes we now spend 8 due to aggregation and disaggregation the same 

244 SKUs aggregated in 22 families would only take 20,5 hours, or 2,5 eight hour working days to complete.  



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 51 

 

 In the aggregation of SKUs according to demand pattern the author could not in any of the 

selected families identify products that would fall into the intermittent demand category, thus this being a 

limitation on the study later explained on chapter 7.  This study is based on the comparison of error 

measures across different aggregations and forecasting methods, however, certain aspects had to considered 

when selecting the error measures to compare: 

• MSE could not be used as a comparison error measure across different temporal aggregations 

since when one aggregates on a larger time bucket, errors tend to be larger to and this measure penalizes 

larger errors as it squares them. It also cannot be used in disaggregated forecasts at the same time bucket 

since you cannot easily disaggregate the error, just the forecast. It would be prohibitively time consuming to 

extrapolate all the errors of past aggregate forecast and study their mean. 

• MAD could not be used for the same reason; it is not normalized across temporal intervals. 

• Bias is also not relevant when different temporal aggregations are considered for the same 

reason. 

• Tracking signal is relevant when a method has already been chosen, thus offers no insight across 

methods and aggregations. 

• Therefore, MAPE was selected as the appropriate error measure to use when comparing 

different cross-sectional aggregations, while a composite MAPE was constructed since MAPE does not 

handle time series where demand can be 0 in a given period, as it happens often in Intermittent, Irregular, 

and Slow-Moving SKUs. This composite MAPE substituted periods with 0 with an imaginary demand of 1. The 

author acknowledges the inaccuracy and unconventionality of this approach but contends that the insights 

outweigh the losses of information of such measure. For further insight, the maximum and minimum error 

registered during the whole previous year was recorded when forecasts were made at the SKU level to 

understand if this composite MAPE was being influenced by very distant in the past forecasts as well as to 

have a better picture of the possible variability of forecast error. 

• When comparing disaggregated forecasts, to get some insight on the error of such forecasts, the 

disaggregated forecast was then compared with the disaggregated demand and an average error was 

deduced. However, due to the time-consuming nature of this approach this was done only for 8 weeks (the 

forecast in period t, and in period t-1 when a 4-week aggregation is assumed), in a total of eight periods of 1 

week, 4 periods of 2 weeks, and 2 periods of 4 weeks. 

• The disaggregation was only performed when the best forecasting technique had been assessed 

for the temporal/cross-sectional aggregation in question. This selection was objectively done based on 

several error measures such as MSE, MAD, MAPE and Bias. 

 A total of 6090 forecasts were thus created to which we sum 1044 disaggregated forecasts to the 

SKU/week level. Finally, monthly forecasts were not disaggregated due to different number of weeks in each 
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month, and due to some of the realizations gathered throughout this study which will be further discussed in 

Chapter 5 of this thesis. 

 Regarding Inventory Management policies two approaches were followed as to compare if a 

more straight-forward, simplistic method would produce satisfactory results as compared with the CSL 

method for periodic review. The management team at B-J desires to consolidate their supplier purchases 

based on accurate forecasts and thus use a periodic review system and hold enough security for a minimum 

of 2 weeks of average demand.  

 Thus, the author studied what the correct CSL should be to guarantee that the maximum forecast 

unit error was covered, due to the specificity of the firms’ business model, in which backlogs are not an 

option and a delivery time of maximum 2 days is allowed. To compare, the author, together with the 

Purchasing Manager discussed another option, where security stock would be determined based on a set of 

managerial rules that directed that SKUs below a certain expected forecast X error should carry an inventory 

stock equal to n times the average weekly demand,  SKUs whose expected forecast error larger than X albeit 

lower than Y should carry a security stock equal to z times the average weekly demand, and SKUs with an 

expected forecast error above Y should be managed on a continuous review system. To measure then the 

efficiency of such policies a comparison was made regarding using one CSL level that ensured the same 

number of SKUs to have their maximum registered unit error covered and the proposed policy per SKU error 

group threshold. In the studied model X = 18%, Y = 40%. Finally, regarding inventory management simulation 

on centralized inventories versus decentralized inventories was conducted based on later discussed 

assumptions to estimate the final inventory financial cost and compare it to the current inventory level as to 

estimate the potential savings from the application of this Inventory Management based on Demand 

Forecasting System. 

3.7.2.2. Website 

 The case company official website was also used a source of secondary data regarding the case 

company description, historical development, suppliers, products, and current services it provides its 

customers. 

3.8. Credibility of Research 

 To reach a higher level of quality and credibility in a research project one must access the 

reliability and validity of said research (Saunders, Lewis, & Thornhill, 2016). Next the author will address 

these concepts within this research as well as all the measures that were in place to guarantee them. 
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3.8.1. Reliability 

 The Reliability of a research is anchored in both its replicability and consistency, this means that 

whatever technique and method used in data collection as well as in its analysis should be able to be 

repeated and produce consistent findings to a certain extent (Bryman, 2012).  

A common distinction is made among internal and external reliability, the first referring to the consistency 

during the research and the latter to whether the used methods for data collection and analytic treatment 

would produce consistent findings (Saunders, Lewis, & Thornhill, 2016).  

 Tackling the internal reliability of this project the author undertook several steps; interviews 

were guided by the aforementioned interview guide which allowed the subjects and the author to keep focus 

in this study’s objectives. Moreover, the interviews were recorder and reviewed by the author to guarantee 

the factuality of data. 

 To deal with possible external reliability issues the research design should guarantee the 

connection of data with its analysis. In this project that meant that each interview on a topic followed the 

same guide for different subjects. However, it is understood that the nature of a semi-structured interview 

with the possibility to open ended questions could lead to different follow up questions depending on the 

subject being interviewed. Furthermore, the introductory briefs given to the subjects on the topics of the 

interview was the same for every subject, which results in improved reliability through consistency as all the 

subjects were expected to have the same preparatory understanding for the same type of interview. 

3.8.2. Validity 

 The validity of a project is evaluated through the appropriateness of the methods and measures 

used, the quality of the analysis and the generalizability of the findings. It can be viewed from an internal 

perspective or an external one, the first concerns the demonstration of the proposed causal relationship 

between two variables and the latter with the generalization of findings to other relevant settings (Saunders, 

Lewis, & Thornhill, 2016).  

 To evaluate this research validity, we must first access the goals of said research. It sets out to 

achieve a simplified model for statistical time series aggregation and demand forecast that fits the needs of a 

general SME, this being the practical contribution. Also, this project aims at contributing to the sparse 

literature on data aggregation for demand forecasting at the SKU level, which can be viewed as the academic 

contribution. 

 This thesis validity towards its academic contribution is based on a comprehensive research of 

relevant academic literature on the subject. Its internal validity regards the proposed causal relation between 
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the common issues identified and generalizable among SMEs and a need to develop an accurate demand 

forecasting activity at the SKU level for the purpose of Inventory Management. Regarding its external validity 

the author contends that this research findings are generalizable to the SME ecosystem due to the common 

issues on resource constraints faced by such type of enterprises and the general need to have an accurate 

forecasting tool at the SKU level when the aim is to manage inventory. The author acknowledges that a case 

study of a single company is a limitation to the proposed generalization and suggests that further 

deployment of the built model to other companies’ data should be investigated to confirm the proposed 

external validity. 

 Concerning the practical contribution to the business world, this projects validity regarding the 

development of a model of data categorization, aggregation for subsequent demand forecasting rests on the 

quality of the techniques and methods employed when: classifying time Series data; when aggregating or 

disaggregating time series data; when forecasting and optimizing forecasting parameters to reduce the 

expected error, and finally on the quality of the error measures selected as a basis for forecasting methods 

results comparation. Its internal validity stems from the proposed causal relationship between categorized 

Time series data, and the generated demand forecast bound by a specific set of parameters and evaluated 

based on appropriately chosen error measures. Its external validity is confirmed by the improved forecasting 

accuracy of the proposed model and its implementation within the case company’s demand forecasting 

activity. The case company accepts this as a valid tool that successfully identifies and categorizes time series, 

aggregates data, forecasts based on the aggregated data to produce accurate forecasts while taking into 

consideration the found constraints that limit this activity at the case company. Furthermore, the author 

conducts a study and produces recommendations to be implemented enabling the firm to reach substantial 

estimated financial savings. The findings and recommendations from this thesis are meant to be achievable 

with limited resource consumption, in line with what theory recommends in an SME context. The author 

acknowledges that there are limitations to the applicability of the proposed model for time series 

classification and its subsequent forecasting model based on the defined parameters over time. These 

limitations will be later addressed in Chapter 8 of this thesis. 
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4. Findings 

 In this chapter the author reflects on the collected and modeled data, exploring the 5 proposed 

research sub-questions that enable to design a general roadmap to answer the main research question. This 

roadmap will be detailed in the following Chapter 6, Conclusion.  

 

Resource constraints and implications for Demand Forecasting. 

 In this section the author first analyzes the case company under the lens of proposed theory on 

SMEs and resource constraints and later establishes a connection to the impacts of such constraints in the 

demand forecasting activity at the case company. 

 Despite what some authors argue, the likelihood of disruption due to seasonal variations in 

cashflows and sales was not found at the case company, except from the expected seasonal variations due to 

industry holidays in July and December, which is contrary to the findings of Welsh & White (1981). The 

reason for this concerns the nature of the business and the reliance on large supply contracts lasting up to 5 

years, and the low client turnover across time resulting in stable cashflows throughout the year. 

 The tendency to not having the most sophisticated IT technologies was also not found since the 

case company has begun its IT overhaul for more than a decade with the implementation of its ERP system 

and has consistently updated its technologies (ERP) and adopted the latest IT software such as Power BI for 

visualization, which is contrary to Woznica & Healy’s findings (2009). As a matter of fact, the case company is 

nowadays a software company itself, having developed a software for workflow and inventory management 

for its own customers, and currently is exploring other international markets. However, it was found some 

lack of expertise in some IT technologies confirming Woznica & Healy’s findings (2009), and currently 

development of such technologies is made out-of-house, through contracted developers and consultants. 

Inconsistency or poor data quality issues was not found as well, however, some key measures on past data 

were found missing. Namely, regarding inventory management, no data of past inventory levels existed or 

was able to be pulled out of the ERP system, which can stem from lack of expertise with the ERP system in 

that level. 

 Reliance on a small number of customers was also not found since despite being an SME, it is a 

“big” SME that currently serves circa 25% of the entire Danish automobile aftermarket of paint shops. The 

need for multi-skilled employees was found and prevalent as Forsman found (2008), with several employees 

wearing many hats, case and point the Purchasing Manager which is also responsible for Inventory 

Management as well as warehouse management in one of the warehouse locations, confirming Paik et al.’s 

assertion (2009). Scarcity of resources was found mostly at the level of time available, which leads to 

prioritization of tasks. 
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 Regarding demand forecasting in the context of an SME, it was found at the case company that 

despite the overall acceptance of forecasts as a need and desire of the company, the previous attempt at 

operating a forecasting system was too simplistic and set up by actors external to the case company. 

Therefore, a one model fit all forecasting method was applied, a Weighted Moving Average, which lead to 

terrible forecasting accuracy with an average MAPE of 45%, a standard deviation of MAPE of 27% a 

maximum MAPE of 150% and a minimum MAPE of 14% across the studied SKUs. Previously found resource 

constraints, such as available time, expertise and technical support made this activity redundant and a 

judgmental approach was then favored, which is consistent whit findings by Annastiina et al. (2009), Kan 

(2003) and Ritzman et al. (1993). 

 A high resistance to change was not found at the case company, not only is the firm transforming 

itself, but it also invested resources in supporting this thesis to be able to deploy a forecasting system based 

on more sophisticated statistical methods, which is contrary to previous findings by Smith et al. (1996, and 

Sanders (1995). Furthermore, this investment was also backed by senior management which shows that 

contrary to findings by Smith et al. (2006) there is no lack of managerial support. 

 Regarding the drivers for the use of demand forecasting it was found that while Simplicity, Ease-

of-Use, Understandability and Timeliness were important for the case company, as Augustine (2013) found, 

in this specific case Accuracy was also a key driver demonstrated by the fact that due to poor accuracy the 

case company had previously stopped its demand forecasting activity. Therefore, it is found that due to the 

existing resource constraints at the case company, the need for a demand forecasting system stems from the 

need of accuracy and simplicity of use, which validates the choices made by the author to employ easily 

understandable methods, simple to monitor that provided an acceptable level of accuracy for most items.  

Resource constraints and implications for Inventory Management. 

 Based on the previously identified resource constraints the author now bridges the gap of how 

these have shaped the Inventory Management policies at the case company and outlines the opportunities 

for improvement. 

 In interviews with the Purchasing Manager, it was found that the following Inventory 

Management policies had been in place for quite some time: an ERP system to track and trace the available 

inventory in each of the firm’s warehouses, yearly stock counts for reconciliation, quality inspection upon 

receiving, and safety stock. However, safety stocks at the company are determined based on a 5-week rule 

that functions as a weighted moving average with more weight in the most recent weeks rather than the 

weeks further away, this effectively creates a moving safety stock value and for quite stable supply lead times 

could be better managed, thus reducing the value of inventory. B-J tends to place more emphasis in 

controlling inventories that represent the majority of sales but does it on an industry-supplier aggregation 
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level rather than through a traditional ABC system where all products are pitched against each other to 

determine a hierarchy of importance.  

 Through its ERP system a demand forecasting system was put in place, following a Weighted 

Moving Average model for all SKUs, this proved quite inaccurate and was therefore dropped. In the sample of 

SKUs forecasted in this thesis in only 1% did the B-J’s WMA yielded better results, and it still had an MAPE of 

97%. For the rest of SKUs, 48% followed the Winter’s Model (with an average MAPE of 26%), 25% the Static 

Model (with an average MAPE of 35%), 22% a Mixed Model (with an average MAPE of 26%), 2% a SES Model 

(with an average MAPE of 78%), 1% a Holt’s Model (with an average MAPE of 16%, although this product had 

only 6 units sold in 3 years, a really slow mover, and the forecast given was always zero), and 1% followed a 

MA Model (with an average MAPE of 42%).  

 It was found that the lack of skills regarding statistical modeling present at the company hindered 

the deployment of an effective demand forecasting activity for inventory control and thus judgmental 

forecasting was deployed. Also, since the actors at the firm have a multitude of responsibilities and thus time 

becomes scarce, simpler rules of one method/rule-fits-all has been in use, thus decreasing the confidence on 

the past demand forecasting for inventory management as well as increased safety stocks to be able to meet 

demand seen as unpredictable. 

 According to literature it is commonly accepted that an ABC system of SKU categorization, resting 

upon Paretto’s law of 80/20, seems to be the common approach and one deployed by most SMEs as 

explained in previous chapters (Onwubolu, 2006). However, B-J does not have such a system in place for 

inventory management and instead only categorize products based on Industry type, Auto, Industry, Other 

Wet Products, Consumables, Workshop Equipment, and Diverse. While this categorization has a direct 

relation to the financial impact, it relates to the market segments the firms serves rather than from an 

inventory management point of view. Therefore, in this study the author developed his own roadmap for 

product classification as previously explained, where the financial impact of each product supplied by Spies-

Hecker was studied as well as the financial impact of the whole family was investigated. This stemmed from 

the aggregation objectives proposed by the author of this thesis rather than from an ABC System point of 

view. This served the purpose of this research although the traditional ABC method might reduce resource 

consumption, since it was found and later explained on this chapter that there were no benefits of cross-

sectional aggregation, rendering the developed road map superfluous.  

 Therefore, it seems plausible to say that the implementation of a demand forecasting system 

that is tailored to each product would be beneficial for the case company. Furthermore, the implementation 

of an ABC system that hierarchizes products instead of industry-supplier can also improve the inventory 
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management system as it allocates the resources to the most important SKUs as literature recommends 

(Onwubolu, 2006).  

 However, an interesting finding from the SKU classification done with basis on demand patterns 

seems to be able to point to a starting point when SKUs have been classified through the ABC system. While 

conducting the study according to the strategy defined and the assumptions made, the author classified the 

product according to demand pattern, and in doing so this interesting correlation sprang to view: the lower 

the Coefficient of Variation of a product (either at the unit sales or at the number of orders) the more 

accurate the forecasts became. The following table shows the correlation of both Coefficients of Variation 

(C.oV.s), and the MAPE of the best forecasting method for each SKU, at weekly aggregation level as well as at 

the 4-week aggregation level and the monthly aggregation level. 

1 WEEK AGGREGATION  
MAPE 

C.oV. - transaction variability  

 
C.oV. - demand size variability  

MAPE 1     

C.oV. - transaction variability -0,299 1   

C.oV. - demand size 
variability -0,224 0,990 1 

4 WEEK AGGREGATION  MAPE  

 
C.oV. - transaction variability  C.oV. - demand size variability  

MAPE 1     

C.oV. - transaction variability 0,528 1   

C.oV. - demand size 
variability 0,538 0,990812357 1 

MONTHLY AGGREGATION  MAPE  

 
C.oV. - transaction variability  C.oV. - demand size variability  

MAPE 1    

C.oV. - transaction variability 0,820 1  
C.oV. - demand size 
variability 0,799 0,949387264 1 

 

Figure 6 - Correlation between C.oVs. and MAPE 

 The previous table shows that as the temporal aggregation increased the size of the time bucket 

so did the correlation between the C.oVs (both at the transaction and demand size level) and the accuracy of 

forecasts, based on MAPE. The increasing accuracy for larger time bucket of aggregation can stem from the 

specificity of the industry, where customers also seem to follow a monthly management of their purchases, 

placing larger order in the beginning of the month and smaller ones towards the end, causing quite a lot of 

variability on a week-to-week basis which negatively affects the forecasting accuracy. This points to a way to 

prioritize which products seem to yield more accurate forecasts based on a simple measure. Therefore, this 

could be a tool for prioritization among multiple SKUs, where resources used in forecasting could be more 

efficiently spent. The firm currently distributes around 3000 SKUs, if category A from the ABC system 
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amounts to the expected 10% described in literature it is reasonable to assume that quite a lot of resources 

will be consumed to be able to produce forecasts, therefore a simple measure of the C.oVs. is a good tool to 

first forecast the SKUs most likely to yield accurate forecasts. 

 Regarding the KPIs described in literature for Inventory Management employed at the case 

company the following figure illustrates the current situation. 

Sales KPIs   Yes = X Comments 

•         Stockholding X   

•         Stock-turns     

•         Service Level X 85% overall, 95% on A1- Auto Category SKUs 

•         Stock to Sales ratio X   

•         Sell through ratio     

•         Backorder Rate X   

•         Accuracy of Forecast Demand   Currently no Demand Forecasting is performed  

•        Rate of return: Return on Investment (ROI) X   

•         Product sales X   

•         Revenue per unit X   

•         Cost per unit X   

•         Gross margin X   

Receiving KPIs Yes = X Comments 

•         Time to receive     

•         Put away time     

•         Supplier Quality Index X ISO Supplier rating 

Operational KPIs Yes = X Comments 

•         Lost sales ratio    

•         Perfect order rate X 
Under development through Eflow Software with 

customer Inventory module that provides 
transparency for B-J into lost sales 

•         Inventory Shrinkage X   

•         Average Inventory per period X   

•         Inventory Carrying Cost X   

•         Customer Satisfaction Score X   

•         Fill rate. Explained previously X   

•         Order Cycle Time X   

•         Stock-outs X   

•         Service level X   

•         Lead time X   

•         Dead Stock /Spoilage X   

•         Available Inventory Accuracy X   

 Employee KPIs Yes = X Comments 

•         Labor cost per item   Aggregated fashion not per item 

Labor cost per hour X   

 

Figure 7 - Inventory related KPIs at B-J 

 Despite the multitude of KPIs employed, stock turns per SKU were not found to exist. This might 

influence the Inventory Management results as there is a lack of a clear method to track where stock 

surpluses are occurring and should be better managed. The benefits of such a KPI are that no extra resources 

are consumed to discover and manage such SKUs. 
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Aggregation methods and results for Demand Forecasting. 

 As previously explained several types of aggregation were studied in this thesis, since theory on 

demand forecasting not only discusses benefits and caveats of aggregation while generally accepts that 

through aggregation less resources are consumed (Dekker et al. 2004). Therefore, three types of aggregation 

were studied in this Thesis: Temporal, Cross-sectional (SKU Level, Demand Pattern Group Level, and Family 

Level), and Temporal/Cross-Sectional. Two families of products were selected: Family 1 (13 SKUs: 4 Smooth 

items, 3 Irregular items, and 6 Intermittent items), and Family 2 (74 SKUs: 19 Smooth items, 18 Irregular 

items, and 37 Intermittent items). Unfortunately, according to Eaves & Kingsman (2014) classification no 

Slow-Moving item was discovered in these families. Despite this fact the author feels that conclusions drawn 

from the study of other identified demand pattern groups are generalizable to such a group of SKUs, were 

they to exist. Further on this point will be discussed in Chapters 6 and 7, Conclusion, and Limitations and 

future research. The Eaves & Kingsman model, despite its shortcomings, was selected due to the ease of use 

and comprehension, as opposed to the Syntetos et al. (2005) complexity or the Bartezzaghi et al. (1999) lack 

of real classification schema.  

 These SKUs, grouped or not, were then aggregated temporally in 1-week, 2-weeks, 4-weeks, and 

monthly time buckets to try and find the elusive optimal aggregation level described by Nikolopoulos et al. 

(2011).  Forecasts were then modeled at the SKU level, Group level, and Family level for both families 

following the previously described common methods of demand forecasting using time series: MA, WMA, 

SES, Holt’s, Winter’s, and the less common Mixed model. On the SES, Holt’s, Winter’s, and Mixed approaches 

Excel solver was then deployed to find the lowest MAPE possible. Several error measures were compared, 

and the most fitting forecast was selected. Several error measures and disaggregation readings were taken to 

be able to compare throughout all these layers of aggregation. The following comparisons were then made to 

access performance improvement on a percentual basis: 

• Temporal aggregation level: 1-week vs all other temporal aggregational levels 

- Done at the SKU level as well as SKU level forecasts aggregated into groups. 

 The error measures presented below, in Figures 8, 9, and 10 are averages and standard 

deviations of MAPE, 8 Week Error Average and Standard Deviation, and Previous Year Forecasts Maximum 

Error Average and Standard Deviation. SKU level is all the SKUs individually forecasted, Group Level is the 

demand pattern per family grouping of individual SKU’s forecasts, Family Level is the family grouping of 

individual forecasts per family. 

 The results shown in Figure 8 present that across all error measures, a significant improvement 

when a 4 week or monthly aggregation is deployed, especially for Smooth and Irregular items. This is due to 

the stabilization of the time series and reduced variance of demand from period to period. Intermittent 



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 61 

 

items seem to fare better on the 4-week aggregation level although there are still substantial gains at the 

monthly aggregation level. For further information on the error measures and their averages the reader is 

referred to Chapter 8, Appendices. 

• Cross-sectional level: in Figure 9 and 10, two forms of cross-sectional aggregation were 

compared: 

- SKU/cross-sectional aggregation, where the average MAPE of individually SKU forecasts grouped 

was compared with the Group aggregated forecast MAPE at the same temporal aggregation level.  

- SKU/cross-sectional disaggregation, where the 8-week average error and Standard Deviation of 

individually forecasted SKU forecasts was compared with the disaggregation of the Group aggregated 

forecast 8-week  average error and Standard Deviation. This was done at the SKU/SKU level, SKU/Group 

Level, and SKU/Family Level. 

 While the first showed positive results through improvement of the MAPE except at the 1-week 

level for family 2 (even at group level), when disaggregated through the historical sales percentages of each 

SKU in each group, or in the totality of SKUs (SKU/SKU comparison), the results were mixed, with loss of 

performance of up to and above 200%, both at Average 8-week error and Standard Deviation measures, or 

minimal gains ranging from 5% to 40%. Furthermore, these gains were not consistent in each temporal 

aggregation. 

• Temporal/cross-sectional level: again, two different comparisons were made: 

- Group and Family Level aggregated forecast at different temporal aggregation levels: where 1-

week aggregated forecasts average MAPE were compared with other temporal aggregation aggregated 

forecasts average MAPE. 

-  Group and Family Level disaggregated forecasts at different temporal aggregation levels: where 

1-week disaggregated forecasts 8-week average error and Standard Deviation were compared with other 

temporal aggregation disaggregated forecasts 8-week average error and Standard Deviation. 

 While aggregated forecasts did benefit from larger temporal aggregation time buckets in all 

groups or families, with the largest time bucket yielding better performances, when disaggregated 

temporally and by % of sales the results are again inconclusive with some performance decreases at a 2-week 

temporal aggregation and performance increases at a 4-week temporal aggregation. Monthly comparisons 

were not made since months can have 4 to 5 weeks and no results could be inferred.  
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Figure 8 - Temporal Aggregation Error Measures Comparison 
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Figure 9 - Temporal and Cross-sectional Aggregation Error Measures Comparison – part 1 
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 In summary, all findings seem to reveal benefits of temporal aggregation to a lower frequency 

(larger time bucket), which confirms findings by Hotta et al. (2005) due to offsetting of outliers and reduction 

of intermittence supported by Nikolopoulos, Syntetos, Boylan, Petropoulos, and Assimakopoulos (2011). This 

seems to also relate to the business cycle and the wishes of the case company to forecast once a month. 

When forecasting at a higher aggregation level and then disaggregating to a lower-level results were 

inconclusive. Therefore, even in the presence of stable lead times of 1 week for this specific supplier, the 

practice of ordering once a week to decrease the inventory at-hand and increasing the stock-turns becomes 

virtually impossible to manage due to the high variability of demand at the week level. 

 Regarding cross sectional aggregation results also point to benefits in accuracy when aggregating 

at family or group level. These results are consistent with theory on aggregation, that posits that aggregation 

reduces variability and volatility of time series, thus increasing accuracy as found by Chen and Boylan (2008). 

However, when forecasting for inventory management where decisions are made at the SKU level, the 

disaggregation of aggregated forecasts to the SKU level exposed the literature expectation of the so-called 

masking effect of aggregation described by Chen & Lee (2012). Therefore, it seems that while less resource 

consuming to aggregate, as Spithourakis, Petropoulos, Babai, Nikolopoulos, and Assimakopoulos, (2011) 

recommend, when cross sectional aggregation is done it leads to misleading results that would in fact lead to 

either surpluses or shortages of inventory which in turn would lead to lower customer service. 

 Regarding analyzing accuracy among different methods and just as literature recommends, one 

should rely on several error measure rather than just one (Silver, Pyke, & Peterson, 1998). While MAPE is 

commonly accepted to be an easy-to-understand measure as it is expressed in percentual terms, it can lead 

to erroneous decisions regarding which method to choose. In this thesis, the author found at least 2 products 

in the chosen sample whose MAPE seemed to show promising results across all methods, a very low MAPE 

that could be interpreted a good forecast. However, upon closer inspection of other error measures, it was 

discovered that due to the extreme slow-moving nature of these products, the forecasts were consistently 

forecasting 0 sales. This then affected the bias and the tracking signal, with quite negative bias and a tracking 

signal way below the commonly accepted threshold of 6, -6. Below this example is shown in Figure 11. 

 The author chose to use a combination of MAD, MAPE, MSE, Bias and observe the tracking signal 

of each forecast to select the most appropriate method of forecasting. Several times the author encountered 

SKUs whose forecasts error measures pointed at different methods as best option, in which case the author 

decided on a judgement call based on the one that presented lowest error across most measures, as 

recommended by Silver, Pyke, & Peterson (1998). Most of the times this happened the differences of error 

measures from method to method were quite insignificant though, as show in Figure 12. 
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Figure 10 - Temporal and Cross-sectional Aggregation Error Measures Comparison – part 2 
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 Figure 11 - Example of misleading error measures 

Model   MAD MAPE MSE bias 

12 Week Moving Average  4,92 29,89% 39,14 10 
Weighted 12 Week Moving Average  (Baden-Jensen 
Model) 

  
5,14 30,70% 41,35 4 

Static Model   2,51 12,57% 10,41 -1 
Simple exponential Smoothing Optimization using 
Solver 

  
4,81 25,71% 34,86 -4 

Holt's Model Optimization using Solver   4,43 22,92% 31,46 -6 

Winter's Model Optimization  using Solver   2,43 12,07% 10,49 -4 

Mixed Model Winter Naïve   2,49 12,12% 10,86 -6 

Error measure comparisson (improvement) Original W12WMA vs Optimal Solution 111% 154% 297%   

 

Figure 12 - Differences in Error Measures Across Methods 

 However, while conducting this analysis on the error measures of the forecasted SKUs there were 

instances where high error margins were recorded for each of the deployed methods, thus there is a need to 

understand and deal with such SKUs since their inventory still needs to be managed. There are several 

reasons forecasting techniques might render an absurdly high error and thus being of little value. Imagine a 

forecast whose MAPE rounds to about 80%, it is of little value to spend resources on such forecast. As 

previously discussed and interesting relationship between Coefficients of Variability and expected MAPE was 

found, leading the way to avoid such resource deployment. Nonetheless the common reasons the author 

found in the sample studied for this “unforecastability” were poised either on a fundamental change of the 
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underlying demand pattern or the intermittence of such demand pattern. Literature on forecasting 

intermittent demand pattern SKUs is quite extensive, with sophisticated methods proposed by Croston and 

others (Spithourakis, 2011), which rely on Poisson’s distribution and probability of demand occurring rather 

than the assumption that demand always occurs as in the forecast methods the author deployed. However, 

these methods are quite complex in the author’s opinion to be deployed in an SME context where resources 

like time and skill are deployed to more pressing matters as Smith et al. (1996) defends and findings suggest. 

Regarding underlying changes in demand pattern literature suggests that the parameters of a method should 

be revised, one of the parameters being the data used. In this case it is suggested that one should only use 

data that is currently relevant, and therefore leave out older data that might skew results. The following 

example clearly illustrates this phenomenon in one of the studied SKUs: While using 4 years of data, there 

was a sudden change in the demand pattern around year 2, therefore the forecast using data older than two 

years was heavily impacted and the tracking signal graph shows it clearly. When using 4 years of data the 

error measure comparison pointed at the WMA method to be used, if so the MAPE would be 79%. When 

curtailing the data to only the 2 most recent years, the error measure pointed now to the use of the Winter’s 

method and an MAPE of just 14% was yielded. This is illustrated in Figures 13 and 14. 

 

Figure 13 – Forecast error measures using 4 years of demand data 

 

Figure 14 – Forecast error measures after curtailment of data two consider only 2 years of demand data 
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 However, when the data shows an intermittent demand pattern there are no easy ways to solve 

the conundrum. Therefore, the author suggests a simple approach of disregarding the forecasting activity all 

together and manage inventory based on rules such as holding just security stock equivalent to the maximum 

demand per period plus a fixed percentage. While not optimal the author will later show on this chapter that 

this approach covers most demand needs if employed and is simple enough to manage with minimum 

resources. 

Replenishment Policies and results for Inventory Management. 

 In this section the author reflects on how replenishment policies impact the way inventory is 

managed as well as outlines how to determine Security Stocks in the context of high undesirability of stock-

out occurrence. 

 One important finding previously discussed, is that when the decision level is at the SKU level, 

there is no one-fit-all solution neither for aggregation strategies neither for forecasting method as defended 

by Zotteri et al. (2005), and as this thesis have shown with 89 SKUs with using all 7 studied forecasting 

methods to produce the most accurate forecast. Therefore, one must ask, in light of the observable 

differences in demand patterns and forecast accuracy among SKUs, if they should not follow different 

replenishment policies too. While the studied literature offered a few alternatives on replenishment policies 

it did not direct to how these should be applied in the light of distinct demand patterns per SKU. Therefore, 

after careful consideration the author feels that distinct approach based on the forecastability of SKUs yields 

promising returns. 

 When an SKU is deemed forecastable and the error margin acceptable, it can be considered to 

have a somewhat stable demand and therefore a periodic review system, with forecasts produced once a 

month should be the basis for the replenish policy. When an SKU is deemed unforecastable, likely due to the 

intermittence of its demand pattern it helps to think of it as an item that is ordered to supply demand 

throughout a “season” that has an expected demand but whose length is not known. Therefore, a continuous 

review policy should be employed to track the sales of such SKU and determine when the “season” has 

ended, and a new order should be placed to raise the inventory levels back to the expected demand of 

another unknown length “season”.   

 Regarding Security Stocks the main line of approach should be the same, different methods for 

different groups of SKUs based on their “forecastability” and strive for simplicity in the chosen methods to 

accommodate the available resources and needs of an SME. Therefore, this thesis explores inventory 

management simpler alternatives, easily understood, and applied to problem solving. Despite theory 

proposing several methods for managing security stocks from CSL, to Fill Rate. The Author chose to use CSL 

due to the ease of comprehension and deployment through a simple mathematical formula. 
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     (Chopra, S., & Meindl, P. 2016) 

Where σT+L is the standard deviation of demand over the period between reviews plus lead time. 

 Due to the nature of business of the case company it is imperative that no stockout occur. Also, 

to reduce resource consumption, it is desirable that one value of CSL be applied to all products, though this is 

not necessarily the most effective policy. Despite the simplicity of the CSL method author compared it to a 

more basic rule logic method developed by the author at the request of the management that wished to 

achieve a “2-week security stock” goal. 

 Due to these necessities, the author conducted a study of what CSL would then cover the 

maximum negative unit error of all last year’s forecasts, this was done with and CSL of 0,90; 0,92 0,94; 0,96; 

0,98; 0,99. It was considered that the lead time was 1 week, thus in the CSL formula the period between 

reviews plus lead time was equal to 5 weeks. Out of 63 products deemed “forecastable” it was found that for 

the majority (63%) a CSL of 0,9 would suffice. However, due to the need for the case company to ensure that 

stockouts are kept to a minimum the author chose a CSL of 0,96, which assured that from the “forecastable” 

sample 97% of the products would have a security stock able to cover the maximum negative unit forecast 

error of the previous year. 

 On the simpler method the author developed a method based on thresholds of forecast error 

and average and maximum monthly unit sales from the last year of sales. It assumed that an error up to 

MAPE 18% was considered good by management and a half of the monthly average unit demand was 

enough security stock, if the forecast had an error of between MAPE 18% and MAPE 40% then the security 

stock should be of a whole monthly average unit demand. If the forecast error was larger than 40% the SKU 

was deemed unforecastable and if not resolved through data curtailment, then the security stock would 

follow the previously explained rule of maximum demand per period in the previous two years plus a fixed 

percentage. The percentage chosen was 50%. Both approaches had similar results, with the CSL approach 

having a better performance of 6% in one family and 9% in the other. Results on the financial impact of both 

approaches will be presented later in this chapter when the author compares a possible centralization of the 

Inventory. 

 Regarding KPIs it is imperative to consider that forecasts that lead to orders being placed to the 

firm’s suppliers are always subject to error by nature and therefore a simple KPI should be deployed to 

analyze inventory consumption between replenishments cycles. This thesis found that the benefits of 

Temporal Aggregation were substantial, and that forecasting should be done at the monthly level, as 

previously exposed. 
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 Regarding what KPI should be developed the author did not find any specific method, since 

literature mostly focuses on theoretical considerations not practical applications. Therefore, since this seems 

to be left to be designed by the practioneer, the author proposes two different schemes. If the purchasing 

activity is to be taken just once a month, then a unit sold KPI per warehouse, based on real time data, should 

be developed to determine the rate of consumption of the forecasted quantities for the month. While 

looking at monthly sales figures, through the course of one year, the author noticed that sales and therefore 

inventory consumption throughout the month is not constant, usually the first week of each month has a 

bigger weight than the following weeks, accounting for nearly 30% of Auto Industry products, while the 

second and third weeks account for 25% each, and the last week only for 20%. So, a KPI that tracks if the 

inventory consumption is above or below these percentages might work as a forward warning if something is 

taking place that might result in a stock-out. If some sort of stock-out is about to happen, a second supply 

order might be made. However, there is the chance that the hypothetical stock-out might be happening in 

only one or a few SKUs, and this might result in an order that will be below the threshold of 1500 €, at which 

point the case company must bear the transportation cost, which is undesirable.  

 The author considers more reliable a 2 order per month policy, based on a monthly forecast 

divided into a percentage of 60% for the first monthly order and 40% for the second allied to the same 

consumption KPI for tracking. This solution most likely will result in covering the possible SKU stock-outs and 

result in a higher stock turn and greater throughput of inventory in the system. The caveat is that to manage 

the warehouse efficiently, the purchases are made in whole pallets which might carry more units than the 

desired count, also, the nature of these chemical SKUs means that the production batch number of each 

bought SKU is important since when mixing with other chemical SKUs they must be from the same batch. 

When the supplier produces on average 6 batches per year this can become a delicate balancing act. 

 Lastly it important to analyze network design when a firm is supplying geographical distinct 

markets and aims at satisfying demand with a very high CSL as to avoid stock-outs. The case company, as 

stated in the case description and problem formulation aims at reducing inventories and centralization of 

inventories is a common lever to achieve such a goal, however, other drivers might exist that propel the 

decision to keep inventories decentralized as it is currently the case. Next the author will identify the case 

company’s drivers for each strategy in the lens of theoretical knowledge and propose a midway solution 

which outcome will be analyzed further along in this chapter. 

 

 

 According to Pedersen et al. (2012) certain drivers for centralization or decentralization are 

common across firms, SMEs included. The following table identifies such drivers at the case company. 
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 Drivers present Drivers missing Reason for missingness 

Centralized 
warehousing 

Reduced Inventory   

 Higher Data Quality Well maintained ERP for I.M. 

  Lower Purchasing Costs Purchasing is already centralized 

  
Lower Staff 

Competence 
Competent warehousing Staff 

  Higher Quality Control Competent warehousing Staff/ISO system 

  Financial Company owned warehouses 

Decentralized 
warehousing 

Higher Customer Service     

Lower transportation 
Costs 

    

Financial   Company owned warehouses 

 

Figure 15 – Drivers for Centralization/Decentralization at the case company 

 In summation the only driver to change the current network design is reducing inventories. 

However, it could prove beneficial to centralize some of the SKUs instead of the whole network, namely the 

high-cost SKUs that have a very intermittent demand pattern where some only sell one unit per year and cost 

up to 2000 DKK. Next the author will present the last study conducted in this thesis, where the impact of 

centralizing some SKUs will be presented. 

How does a Demand Forecasting System for Inventory Management help improve inventory control at the 

case company? 

 From the literature it is inferred that forecasting is indeed beneficial for a firm to deploy when 

managing inventories. In this section the author will explore, based on the case company, such assertion and 

show in nominal terms the impact for the case company of such activity. Considering the hypothesis that B-J 

still relied on its traditional WMA model, the models and methods applied to each of the 89 SKUs individually 

would result in the following improvements of accuracy according to the studied error measures: MAD would 

have an average improvement of 47% and a maximum improvement of 111%; MAPE would have an average 

improvement of 69% and a maximum improvement of 181%; MSE would have an average improvement of 

125% and a maximum improvement of 382%. This shows the value of customizing each SKU approach rather 

than assuming a one model fits all approach. Average percentage error would decrease in relation to the 

demand, the absolute error would also decrease showing less volatile unit error per forecast and finally the 

outlier large errors would decrease by a large factor as MSE shows us. All in all, a more accurate and less 

volatile forecast would be achieved. In the existing case, where the company does not even use a forecasting 

system, the author calculated the actual financial impact of an Inventory management system based on time 

series forecasts by comparing the following results with the current average inventory level in DKK. 

 Assuming the previously outlined systems, one based on CSL of 0,96 and another on the rule 

system determined from the forecast MAPE two very close results were achieved, with the CSL approach 

yielding larger savings. It is important to notice that when a SKU was deemed unforecastable the rule of using 
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the maximum monthly unit sales was observed in both systems, where the SKU follows a continuous review 

policy and the ROP is equal to the 1,5 times the maximum units sold in a month of the past 2 years. In the 

distributed inventory system, the security stock unit value or the ROP of the unforecastable SKUs was the 

subject to the “square root law of inventory” for a system with 2 warehouses, where inventory increases by 

the square root of the number of warehouses (Mahmoud, 1992). 

 If the company keeps distributed stocks of all SKUs, as does now, the results would be as follows: 

  
Distributed System   Proposed Value of Inventory (DKK) Savings (%) 

CSL/Rule 
Improvement 

  
Current Value of 
Inventory (DKK)  

CSL=0,96 
Rule Based 

System 
CSL=0,96 Rule Based System 

Family 1 504.143,09 444.754,37 457.466,23 11,78% 9,26% 2,52% 

Family 2 2.943.021,30 1.354.305,19 1.476.996,23 53,98% 49,81% 4,17% 

Total 344.7164,39 1.799.059,56 1.934.462,46 47,81% 43,88% 3,93% 

 

Figure 16 – Inventories value in a distributed warehousing system 

 If the company decides to centralize certain SKUs, for example: the ones that have an average 

monthly sale of less than 5 units and a high SKU purchase cost of more 440 DKK/unit then the results would 

be as follows: 

  
 Semi-Centralized 

System 
Proposed Value of Inventory (DKK) Savings (%) 

CSL/Rule 
Improvement 

  

Current Value of 
Inventory (DKK) 

CSL=0,96 
Rule Based 

System 
CSL=0,96 Rule Based System 

Family 1 
504.143,09 374.082,64 386.794,5 25,80% 23,28% 2,52% 

Family 2 
2.943.021,3 1.333.835,75 1.4565.26,79 54,68% 50,51% 4,17% 

Total 
3.447.164,39 1.707.918,39 1.843.321,29 50,45% 46,53% 3,93% 

 

Figure 17 – Inventories value in a semi-centralized warehousing system 

 One must acknowledge that, these two models depend on the assumptions taken in the 

centralized system, the amount of unit monthly sales that is considered “low”, and the threshold of what is 

an expensive SKU. Furthermore, to decide on centralizing or not certain SKUs, one needs to consider the 

transportation and customer service costs associated with longer distances of certain SKUs to the end 

customer. Overall, assuming also that the average savings of deploying an inventory management system 

based on demand forecasting on these sample families (representing DKK 3.447.164,39 of the Auto Industry 

Inventories valued at DKK 13.087.199,78) is extendable to the other families within the same A1 category, 

one could expect a reduction of 47,81% on the value of inventories keeping the distributed system, while the 

savings would amount to 50,45% if some very slow-moving SKU were to be centralized. This would represent 
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a saving of DKK 6.256.990,21 if the current distributed system is upheld, and DKK 6.602492,28 with the semi 

centralized model. If these findings apply to the whole of inventories across all SKUs, valued at 26 million 

DKK then savings would be 12,43 million DKK in the distributed system and 13,12 million DKK if semi-

centralized inventories were adopted. This value is without considering further gains from possible 

curtailment of time series to deem certain SKUs deemed unforecastable into the forecastable side of the 

system. These findings corroborate Toomey’s (2000) assertion that there is a profound relationship between 

Demand Forecasting and Inventory Management where the need for security stock arise from fluctuations of 

demand and supply. Thus, an Inventory Management system based on Demand Forecasting which produces 

reliable forecasts has a definite impact on the cost of Inventory through the decreasing of Inventories at-

hand. 

5. Discussion 

 In this chapter the author will discuss the findings to lead to an answer to the research question 

in the next chapter, Conclusion. 

 The first sub research question identified some of the resource constraints faced by SMEs 

present in the case company, especially the ones that related to the development and implementation of 

demand forecasting systems. Namely time and skill availability in the development side and distrust of 

opaque “Black-Box” methods with high error margins. This leads then to the emergence of the need for a 

demand forecasting system to be simple, easy to use and understand and manageable while consuming little 

time resources, as this will directly affect other important functions a “man of many hats” must perform, 

which happens at the case company. The need for simplicity and ease of use is confirmed through the 

assertion that the case company once had a demand forecasting system which assumed all SKUs to have the 

same demand pattern, this led to extreme inefficiencies and an abandonment of the process. The proposed 

model outlined in the following Chapter aims at providing the much-needed transparency to avoid the so 

called “Black-Box” paradigm. 

 Regarding Inventory Management systems, besides the ERP, only unsophisticated methods were 

deployed at the studied firm.  And the author contends that more sophisticated, albeit easily understandable 

methods, could be deployed to take advantage of the very stable supply lead times and thus reducing 

inventory. Namely instead of managing inventory based on a marketing categorization, an ABC system that 

pitches all SKUs in the Auto Industry segment should be deployed to precisely pinpoint the SKUs whose close 

inventory management yields more benefit. It was also found that both Coefficients of Variation of a time 

series, could potentially lead to a more efficient resource consumption since it would pinpoint the SKUs 

whose demand forecasting activity had a higher chance of attaining accurate results. These findings seem to 

validate Johnson and Ruankaew’s (2017) findings than at least some of the “best practices” in inventory 
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management are deployed by SMEs, also Muchaendepi et al. ‘s (2019) findings that some disregard for 

certain types of inventory management systems is common in an SME environment exists at the case 

company. At the case company it was found that the constrains in available time, the day-to-day 

prioritization management style of the past had been a constraint to the development of a clear strategy and 

investment into training and deploying of other inventory management systems as Carter & Price (1993) 

posit. 

 Furthermore, regarding KPIs for inventory management, the company could benefit from the 

implementation of a stock turn KPI that could benchmark the current inventory management against future 

improvements or vice-versa. Also, on the KPI section the development of a forecasting system must be 

accompanied by the close observance of a forecast accuracy KPI, that should be a composite of various error 

measures. The MAPE, and the tracking signal are by far the most important and easy to understand. Besides 

these KPIs the author proposes an inventory consumption KPI that will in real time provide information of 

inventory depletion throughout the month and identify the SKUs that might need to be ordered before the 

next replenishment cycle is reached. 

 Regarding aggregation, it was found that temporal aggregation and cross-sectional aggregation 

both improve accuracy of forecasting as literature details. However, and following Zottery and Kalchschimdt 

(2007) assertions that aggregation should be closely analyzed to match the level of decision making, it was 

found that since Inventory Management and replenishment policies should be decided on a SKU level there 

was no satisfactory disaggregation strategy that could translate the gains of cross-sectional aggregation into 

benefits for an Inventory Management system. Therefore, the author argues that the demand forecasting 

activity should be undertook at the monthly level, even if the results were also promising at the 4-week level, 

since this correlates with the monthly business cycle from the case company and its customers; and it should 

be done at the individual SKU level rather that aggregated by demand pattern or family due to ineffective 

disaggregation strategies that decreased SKU forecast accuracy.  

 Based on the observation of quite distinct demand patterns among SKUs the author contends 

that first and foremost when forecasts seem to translate into higher error margins, as will invariably happen 

as either the C.oVs. grows, the root of inaccuracy must be studied. In case the tracking signal and the time 

series shows evidence of a shift in demand pattern, then time series curtailment should be applied when 

possible, because of the possible gains in accuracy shown in the previous Chapter, Findings. One must keep in 

mind that when we talk of a periodicity of 12 months, ideally one needs more that 12 months of data to 

make some forecasting methods work. When the root of this lack of accuracy is based on high intermittence 

or slow movingness then a simple method of observation of the max unit sales amount per period and the 

establishment of a rule of thumb, such as the one proposed, might be enough to yield satisfactory returns 

rather than the consumption of resources through the deployment of complex forecasting methods aimed at 
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intermittent time series despite the existence of several ones. The decision to apply this rule of thumb will 

also have an impact on the replenishment policy. Therefore, the author suggests that forecastable items 

should follow a periodic review system with replenishment being done every time a forecast is produced 

(monthly in the case company), and unforecastable items should follow a continuous review policy with the 

ROP being the studied security stock for each item. Whenever these items’ inventory falls below the security 

stock a minimum order should be placed to elevate the inventory above the security stock level. 

 Regarding security stocks, and with the SME context in mind, the author once again refers to the 

SME constraints and needs. Therefore, a security stock determining policy should also be simple, user 

friendly, and not too time consuming. Two models were described and tested, one a simple concoction of 

rules of thumb based on forecast accuracy and average monthly unit sales, the other on a more 

sophisticated, albeit user friendly measure of CSL. It was found that the literature recommended CSL 

approach yielded better results and the understandability and easiness of deployment did not further 

constrain the case company SME resource pool. 

 Regarding centralization of inventories, despite better financial results from a centralized 

approach on certain SKU inventories, this was the only driver for it. Therefore, and keeping into focus that 

centralized stocks will lead to a lower customer service, higher transportation costs, and will increase the 

complexity of the system since it will be only partially centralized, the author argues that there is no real 

benefit and might constraint the resource pool of an SME in the same situation as the case company. This 

seems to corroborate Pedersen et al. (2012) assertion on the missing drivers for centralization found in SMEs 

that are already decentralized. 

 Finally, it was demonstrated that the deployment of an inventory management system based on 

demand forecasting has tangible benefits, even if it follows simpler and more understandable methods 

aimed at an SME context. 

 Based on the findings the author proposes the following road map to guide an SME through the 

demand forecasting jungle and to find a route to build an Inventory Management System based on 

quantitative data driven decisions. 

Road Map for design of an Inventory Management System based on Demand Forecasting for SMEs 

There is the necessity by SMEs to deploy more of the so called “best practices” for inventory management 

and one of them is the ABC system (Step 1) to prioritize SKUs based on financial importance for the firm’s 

business. Once categorized the firm should start its process by selecting Category A products (Step 2) and 

collect the demand data, or best approximation through sales, from a specific time interval (Step 3). The time 
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interval should be larger than one year, especially if seasonality seems to exist. In this thesis the author chose 

3 years of data, and a 4th to compare forecasts to.  

 

 Figure 18 – Road map for design of an Inventory Management System based on Demand Forecasting for SMEs 

   

 In this thesis the author studied a firm which had one main supplier and therefore lead times 

were constant across all the SKUs studied. However, the likelihood of having different suppliers for Category 

A products might mean that different supply lead times exist. If so, several studies for different suppliers with 

different lead times will be needed. This issue will be revisited in the next Chapter, Limitations.  

 Next this data should be arranged in a Time-Serie with predefined time buckets (Step 4) that 

range from the lead time aggregation to the business cycle aggregation, the objective is to study if forecasts 

at the smallest of the two time-buckets are stable enough to take advantage of higher inventory turns, thus 

lowering the cost of inventory. Following a simple study of the Coefficients of Variation (C.oVs.) of demand 

size and number of orders (Step 5) should help pinpoint which SKUs have the highest probability of yielding 
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stable enough forecasts to perform an exploratory study. Next, select a sample of the SKUs with lowest 

C.oVs. (Step 6).  

 Follow with an exploratory study with several different statistical models, from Moving Averages 

to Winter/Holts adaptative models (Step 7). Evaluate the results using a range of error measures (Step 8). In 

this study the author chose MSE, MAPE, MAD, Bias and Tracking Signal. Together with key stakeholders 

decide on the acceptable level of temporal aggregation and acceptable error (Step 9). In this thesis it was 

found that no cross-sectional aggregation method was suitable for Inventory Management design since 

decisions were at the SKU level and no form of disaggregation of cross-sectional aggregation yielded good 

results. After deciding on the correct level of temporal aggregation one should forecast all Category A SKUs, 

and again evaluate the error measures to decide on the best method for each SKU (Step 10). From the 

observable forecast error SKUs can now be grouped into “Forecastable” and “Unforecastable” (Step 11). 

Next, the “Unforecastable” SKUs can be individually analyzed to determine if the reason for 

“unforecastability” is rooted on intermittence or on a possible demand pattern shift in the data used (Step 

12).  

 If the “unforecastability” is rooted on a shift in the demand pattern, then data curtailment might 

be a solution and a re-forecast of such SKUs using less data should be performed (Step 13) and again these 

forecasts should be evaluated with several error measures (Step 14) and classified again into “Forecastable” 

or “Unforecastable” (Step 15). Forecastable items are more stable and therefore a Periodic Review 

Replenishment Policy should be adopted to make best use of available resources in purchasing, Security 

stocks can be determined with the Cycle Service Level method based on the firm’s service level choice (Step 

16 A). Re-orders for these SKUs should be based on the forecast for the period minus the available stock 

above the Security Stock level. It is important to note that Security Stocks levels should also be monitored 

since seasonality might exist for some.  

 When the SKUs are deemed “Unforecastable” then more resources should be tied to their 

monitoring and a Continuous Review Policy should be adopted through the definition of Re-order Points for 

each SKU. This ROP should be based on the maximum consumption in the past periods of the chosen level of 

temporal aggregation for the Periodic Review Policy, plus a predefined percentage (Step 16 B). In this thesis 

the author chose 50%. Again, there are several limitations to this proposed method that will be discussed in 

the next Chapter, Limitations. 

 Finally, a KPI should be developed and monitored to track consumption of the forecasted SKUs 

throughout the interval between reviews (Step 17). This will allow to provide a warning in case an anomalous 

level of consumption is registered, and appropriate measures should be taken to avoid stockouts. This being 

the main reason that the author recommends 2 purchases made in the review interval for the case company 
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example. If only one purchase happens, and a specific SKU is showing signs of possible stockout then the 

delivery cost would fall on the studied company. This situation is dependent of the firm to which the system 

is being designed. 

 The whole process should be repeated for Category B and C if possible (Step 18), according to the 

available resources. Furthermore, depending on the firm for whom the system is being designed there should 

be a discussion on the centralization/decentralization of stocks, fully or partially (Step 19). 

 This system should them be deployed gradually, to allow for a study of the effects of the 

proposed policies through predefined KPIs, before being fully deployed (Step 20). This is in line with 

recommendations from literature. 

 The proposed road map aids and abets SME, who generally face different resource constraints 

than larger firms, to build a system for Inventory Management. It proposes simpler but effective solutions, 

who strive to be easily understood and applied, while ensuring that through understandability confidence in 

the system is built and the “black box syndrome” avoided. 

6. Conclusion 

 The general question to be posed at the end of a research project is the famous – And so what? 

What does all this time and effort translate into, when one is no longer looking at just the experiment or case 

company? What lessons can be taken and brought to the general theoretical and practical world? 

 At the beginning of this paper the author proposes to develop a roadmap that could be used to 

achieve the goals of effectiveness and efficiency in inventory management using less complex demand 

forecasting methods and concepts than some of the latest research and competitions on demand forecasting 

seem to be focused on these days. The aim was to bridge the gap between complex theory and identifiable 

constraints of non-theoretical practioneers in the real context of an SME. This map should link the lessons 

learned, the “rocks”, and provide the “path” to the build-up of a “Castle” to safeguard demand needs while 

ensuring efficiency, effectiveness and not overburden resources. The author answers the main research 

question. “How can a SME design a Demand Forecasting System for Inventory Management in the light of 

typical SME resource constraints?”, through identification of the resource constraints present in the case 

company and generalizable to the SME context, the extensive study on aggregation, the definition of the 

optimal level of aggregation and the following studies on real data showcase the potential gains of the 

deployment of such a road map to design this system. 

 This thesis, based on extensive literature research and research on real-world qualitative and 

quantitative data, it highlights the resource limitations and constraints that SMEs generally endure and 

identifies some in a specific case company. It shows that these resource constraints are linked to the drivers 
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and decisions taken by SMEs in their management activities with a focus on demand forecasting and 

inventory management practices.  

 The proposed roadmap starts by acknowledging that while SMEs tend to follow some of the 

“best practices” regarding inventory management, their resource constraints regarding skill and time tend to 

shape its policies and activities and some “best practices” are not deployed. It was found that the specific 

case company lacked resources to deploy an effective demand forecasting activity and therefore follow 

inventory management policies based on quantitative methods of forecasting. In the specific case and due to 

the drivers behind the firm’s business, mostly regarding an extremely high level of service, as required by 

clients, this led to prevailing overstocks. A situation that is not uncommon in other SMEs. Due to the high 

financial impact that overstocks have on availability of other resources, as stated in some SME literature, it 

became imperative to deploy an effective inventory management system based on quantitative methods 

that takes into consideration the found resource constraints at the case company, which literature on SMEs 

seems to generalize. 

 In summary, the author argues that the findings from this thesis are partially generalizable to the 

wider ecosystem of SMEs due to similarities of the case company resource constraints and the literature 

described resource constraints faced and found in SMEs. The proposed roadmap to navigate what can be 

understood as a complex challenge, regarding the design and deployment of an Inventory Management 

System based on Demand Forecasting, enables SMEs to breakdown the project into phases that use less-

complex methods but who promise valuable returns. Furthermore, the proposed roadmap for such a system 

satisfies the observable requirements of Simplicity, Ease-of-Use, Understandability and Timeliness posited 

in literature on SMEs plus the observed requirement of Accuracy at the case company. 

Implications for research and academia. 

 This thesis builds upon the meagre existing literature focused on SMEs, namely the resource 

constraints faced by these entities and their effects. It has used a single case study to demonstrate that some 

of the current literature predicated resource constraints do manifest themselves at the case company, such 

as Paik et al.’s (2009) assertion regarding human resources and their polyvalency or the lack of adoption of 

some of the considered  best practices regarding inventory management described by Johnson and 

Ruankaew (2017), while at the same time seems to not confirm some of the literature’s premises on SME 

resource constraint, such as high resistance to change as posited by Smith et al. (1996). 

 Regarding aggregation this thesis demonstrates the benefits of temporal aggregation as 

described by Hotta et al. (2005), and its drawbacks such as the masking effect described by Chen and Lee 

(2012). 
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Implications for practice 

 The designed roadmap is the main implication for practice, by detailing step by step a guide to 

designing an Inventory Management system based on quantitative methods of demand forecasting that is 

accessible for use by SMEs using easily understood methods while respecting the literature and case 

company described drivers and needs for such a system. The author will describe in the next chapter the 

main limitations of this research and its implications for the generalization of such a roadmap to the SME 

ecosystem. 

7. Limitations and future research 

 In this chapter the author reflects on the limitations of this study and the avenues of research 

such limitations open. 

 The main limitation of this study and one that affects its generalizability concerns the type of 

business studied. This study was performed and delimitated to a case company whose business is retail and 

distribution of B2B products. While inventory management is of concern to most companies large or small, 

this thesis findings regarding the dismissal of cross-sectional aggregation methods might not prove true in a 

manufacturing firm context. Since for most manufacturing firms the use of postponement in its operations 

mean that raw materials kept in inventory are used to produce a multitude of final goods, family cross-

sectional aggregation of final goods demand forecasting might prove useful to manage raw material 

inventories.  

 The second major limitation of this study, one which stems from the proposed delimitation also, 

concerns the specificity of the case company supplier mix. In the studied firm the supplier mix is largely 

dominated by one supplier who supplies around 33% of the company’s traded SKUs and these SKUs 

represent circa 80% of sales. Furthermore, this specific supplier guarantees a constant lead time for 98% of 

its products. One must assume not all firms have such a dominant supplier with such constant lead times for 

most supplies. While this specificity decreased the complexity of the study since it placed all SKUs at the 

same level and enabled a study focused on the aggregation methods, when transposed into practice, in a 

firm with multiple suppliers, for their different ABC category products with different lead times for each 

supplier and quite possible with variable lead times per SKU, the complexity of the system increases and 

quite possible multiple studies should be performed in order to determine the correct temporal aggregation 

level for each SKU forecast. 

 The third limitation to this study is that it forecasts at the unit level of demand while 

replenishments are hardly ever done at this level. Most common, and as it happens at the case company, 

supplies are replenished at the pallet or batch size due to efficiencies of warehouse receiving and storage 

procedures or due to incompatibility of products depending on the batch number. Therefore, when designing 
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the replenishment process, one must have in mind that while forecasted demand units might still be a 

correct approximation the inventories might be higher than expected due to the aforementioned reasons. 

 Another limitation to this study concerns the proposed thresholds for accuracy of forecasts and 

centralization of certain SKUs inventories, and the proposed security stock policy for “unforecastable” SKUs. 

The thresholds selected can be considered speculative and in no way are generalizable, and the security stock 

policy for unforecastable items is no doubt a very simplistic rule of thumb that does not mathematically 

guarantee that stock-outs will not occur. All these assumptions are therefore illustrative and subject to 

debate. Despite this, the assumptions made in this study were subject to internal discussion at the case 

company and validated by stakeholders. 

 Finally, the author acknowledges that while the theory on Economical Order Quantity was 

reviewed and found not be put in practice at the case company, the author chose not to dwell in it since even 

though yearly demand, order costs, cost per unit and holding costs for any given SKU might be estimated 

with reasonable accuracy, batch incompatibility presents a challenge. Most chemicals sold by the case 

company are produced in batches whose production run last for around two months and quite often 

different SKUs from different batches cannot be used together, therefore, an extra layer of complexity to the 

replenishment process is added if one deploys a strategy like EOQ that does not take this factor into 

consideration. 

 These limitations all present new avenues of research into Demand Forecasting for Inventory 

Management though they are not necessarily all related to the SME context. One interesting avenue for 

future aggregation theory work in demand forecasting could be the repeat of the study on cross-sectional 

aggregation in raw material inventories of manufacturing SMEs. 
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Appendix 1 – Interview guide  
 
Part 1 - Current demand forecasting  
 
1) How do you currently, or have in the past, forecasted demand? 
 
a) How are you measuring demand?  

i) What metrics do you use?  

ii) What input information do you use?  
 

b) At which time horizons do you forecast?  
 
c) Which parameters do you use in your models?  

d) Who is responsible for forecasting and why?  

e) What is an acceptable forecasting error? 
 
f) How important do you believe an accurate demand forecasting is?  
 
2) When and why were the current forecasting model(s) created? 
 
a) What are the assumptions behind the model(s)? Have they ever been updated? 

b) How does the forecasting activity impact the available resources at you company? 
 
3) Does your ERP system forecast demand?  
 
a) How does your ERP system forecast demand? What are the assumptions and parameters of deployed 
forecasting methods? 

b) How do you use the generated information into order processing?  

c) Do you use professional judgement to adjust the forecast?  
 

i) If yes, on what basis?  

ii) Are these adjustments recorded?  
iii) Do you trust your current demand forecasting model? Why/why not?  

 
Part 2 - Current purchasing processes  
 
4) What does your organization look like regarding purchase?  
 
a) How many are doing purchasing and where are they located? 

b) What activities does ‘purchasing’ involve?  

c) How does the purchasing activity impact the available resources at your company?   

5) What strategy does Baden-Jensen currently employ in its purchasing?  
 
6) Which factors affect your purchasing decisions? (lead times, price, discounts etc.)  
7) How does your current demand forecasting affect your purchasing process?  
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8) How would an improved demand forecasting affect your purchasing process?  
 
9) Which replenishment strategies exist at Baden-Jensen? 
 
Part 3 – Inventory Management 
 
10) How are Inventories managed at Baden-Jensen? Policies and Systems? 
 
11) How are Security stocks Managed at Baden Jensen? 
 
12) What Inventory Management KPIs exist at Baden-Jensen, and how are they used? 
 
13) What challenges do you currently face regarding Inventory Management? 
 
14) How many warehouses does Baden-Jensen currently operate? 
 
15) How are Inventories distributed? 
 
16) how does Inventory Management impact the availability of resources at your company? 
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Appendix 2 – Financial road map developed to select families to study. 
 

Supplier 
Industr

y 
Categor

y 
Famil

y 
Produ

ct 
Status 

Qty 
2018 
(no 

return
s) 

% 
Revenue 

2018 
% 

Product 
financial 
impact 

Family 
financial 
impact 

Spies 
Hecker 

A1- 
Auto 

B110 

C110 

13028  100 2,67% 11035,53 0,98% 36,8% 

38,7% 

 13039  195 5,20% 35692,31 3,18% 61,1% 

 19087  45 1,20% 5554,92 0,49% 41,2% 

 23622  30 0,80% 3305,74 0,29% 36,8% 

 27868  591 15,77% 167652 14,93% 94,6% 

 27992  2462 65,71% 
801829,4

4 71,39% 108,7% 

 30323  220 5,87% 40124,41 3,57% 60,8% 

 30324  87 2,32% 55063,87 4,90% 211,1% 

 33539 
only 2014-15 
data 1 0,03% 525,13 0,05% 175,2% 

 33902 from 2016 16 0,43% 2382,67 0,21% 49,7% 

  
  

    3747 
100,00

% 
1123166,

02 
100,00

%   

          6,00%   2,32%   

 

C112 

13293  288 8,06% 43243,1 3,24% 40,3% 

48,1% 

 18875  910 25,46% 283055,2 21,23% 83,4% 

 28757  10 0,28% 3246,66 0,24% 87,0% 

 28799  224 6,27% 36805,22 2,76% 44,1% 

 30191  386 10,80% 
113850,4

7 8,54% 79,1% 

 30957  9 0,25% 6574,82 0,49% 195,9% 

 32000  50 1,40% 34953,19 2,62% 187,4% 

 32125  258 7,22% 
253348,9

9 19,00% 263,3% 

 32126  416 11,64% 
363604,3

3 27,28% 234,3% 

 32451  524 14,66% 92528,77 6,94% 47,3% 

 33561 from 2015 146 4,09% 27334,38 2,05% 50,2% 

 33562 from 2015 39 1,09% 6866,3 0,52% 47,2% 

 33893 from 2015 272 7,61% 33042,76 2,48% 32,6% 

 34165 from 2015 42 1,18% 34649,14 2,60% 221,2% 

  
  

    3574 
100,00

% 
1333103,

33 
100,00

%   

          5,73%   2,76%   

 

C114 

22865  123 2,11% 37402,4 0,69% 32,7% 

119,9% 
 22866  57 0,98% 18065,78 0,33% 34,1% 

 30190  53 0,91% 54257,7 1,00% 110,2% 
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 30607  502 8,59% 
343962,3

5 6,34% 73,8% 

 32339  119 2,04% 
129183,1

7 2,38% 116,9% 

 32340 

only 
13/16/17/18, 
few 
transactions 3 0,05% 923,46 0,02% 33,1% 

 32676  161 2,76% 
177056,7

7 3,26% 118,4% 

 32755  65 1,11% 72116,08 1,33% 119,4% 

 32788  606 10,37% 635634 11,71% 112,9% 

 32789  421 7,21% 
445323,5

3 8,21% 113,9% 

 32790  711 12,17% 
741172,3

2 13,66% 112,2% 

 32878  285 4,88% 
307687,6

7 5,67% 116,2% 

 33088 no 2018 20 0,34% 18297,66 0,34% 98,5% 

 33504 from 14 615 10,53% 
664751,7

3 12,25% 116,4% 

 33505 from 15 524 8,97% 
558548,5

4 10,29% 114,7% 

 33876 from 16 374 6,40% 
226921,6

2 4,18% 65,3% 

 34078 from 16 45 0,77% 48185,01 0,89% 115,3% 

 34160 from 16 104 1,78% 33131,79 0,61% 34,3% 

 34161 from 16 163 2,79% 52607,09 0,97% 34,7% 

 34162 from 16 22 0,38% 23630,35 0,44% 115,6% 

 34183 from 16 740 12,67% 
779984,2

6 14,37% 113,5% 

 34715 from 18 58 0,99% 21715,25 0,40% 40,3% 

 34716 from 18 15 0,26% 15816,08 0,29% 113,5% 

 34717 from 18 56 0,96% 20828,14 0,38% 40,0% 

  
  

    5842 
100,00

% 
5427202,

75 
100,00

%  

          9,36%   11,22%   

 

C121 

29985  1 0,08% 599 0,05% 54,9% 

141% 

 29986  403 33,89% 831029 64,03% 188,9% 

 29987  85 7,15% 50704 3,91% 54,7% 

 29989  169 14,21% 100873 7,77% 54,7% 

 29990  55 4,63% 32483 2,50% 54,1% 

 29991  8 0,67% 4649 0,36% 53,2% 

 29992  15 1,26% 8765 0,68% 53,5% 

 29993  21 1,77% 12336 0,95% 53,8% 

 29994  17 1,43% 9812 0,76% 52,9% 

 29995  5 0,42% 2782 0,21% 51,0% 
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 29996  13 1,09% 7587 0,58% 53,5% 

 29998  5 0,42% 3110 0,24% 57,0% 

 29999  13 1,09% 7829 0,60% 55,2% 

 30000  44 3,70% 26614 2,05% 55,4% 

 30001  5 0,42% 2894 0,22% 53,0% 

 30002  52 4,37% 31129 2,40% 54,8% 

 30003  27 2,27% 15912 1,23% 54,0% 

 30004  143 12,03% 84805 6,53% 54,3% 

 30005  19 1,60% 11491 0,89% 55,4% 

 30006  41 3,45% 24418 1,88% 54,6% 

 30007  10 0,84% 5810 0,45% 53,2% 

 30008  30 2,52% 17503 1,35% 53,5% 

 30009  8 0,67% 4644 0,36% 53,2% 

  
  

    1189 
100,00

% 1297778 
100,00

%   

          1,90%   2,68%   

 

C122 

23557  295 8,01% 169004 7,90% 98,6% 

75,0% 

 23564  94 2,55% 53457 2,50% 97,9% 

 23565  96 2,61% 54315 2,54% 97,4% 

 23568  257 6,98% 146485 6,85% 98,1% 

 23581  87 2,36% 49713 2,32% 98,4% 

 23584  83 2,25% 48736 2,28% 101,1% 

 23587  52 1,41% 29544 1,38% 97,8% 

 27359  13 0,35% 3891 0,18% 51,5% 

 27361  11 0,30% 3427 0,16% 53,6% 

 27362  21 0,57% 6405 0,30% 52,5% 

 27366  34 0,92% 10537 0,49% 53,3% 

 27454  113 3,07% 64640 3,02% 98,5% 

 27456  706 19,17% 401920 18,79% 98,0% 

 27770  6 0,16% 1841 0,09% 52,8% 

 27771  8 0,22% 2491 0,12% 53,6% 

 27773  18 0,49% 5619 0,26% 53,7% 

 27774  18 0,49% 5482 0,26% 52,4% 

 27776  103 2,80% 31812 1,49% 53,2% 

 29490  35 0,95% 10918 0,51% 53,7% 

 29518  57 1,55% 17587 0,82% 53,1% 

 29522  28 0,76% 8724 0,41% 53,6% 

 29523  36 0,98% 11101 0,52% 53,1% 

 29524  13 0,35% 4068 0,19% 53,9% 

 29525  17 0,46% 5039 0,24% 51,0% 

 29526  13 0,35% 4072 0,19% 53,9% 
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 29527  18 0,49% 5441 0,25% 52,0% 

 29816  240 6,52% 476475 22,28% 341,8% 

 30470  528 14,34% 300981 14,07% 98,1% 

 33555 from 15 16 0,43% 5069 0,24% 54,5% 

 33580 from 15 24 0,65% 6741 0,32% 48,3% 

 33831 from 15 48 1,30% 15208 0,71% 54,5% 

 33840 from 15 87 2,36% 24527 1,15% 48,5% 

 33841 from 15 54 1,47% 15238 0,71% 48,6% 

 33842 from 15 29 0,79% 8122 0,38% 48,2% 

 33860 from 16 56 1,52% 15323 0,72% 47,1% 

 33865 from 15 72 1,96% 22557 1,05% 53,9% 

 33867 from 16 17 0,46% 5559 0,26% 56,3% 

 33868 from 16 62 1,68% 19639 0,92% 54,5% 

 33869 from 16 68 1,85% 20758 0,97% 52,5% 

 33872 from 15 54 1,47% 16857 0,79% 53,7% 

 33873 from 16 31 0,84% 9780 0,46% 54,3% 

 33909 from 16 20 0,54% 6174 0,29% 53,1% 

 33914 from 16 39 1,06% 11915 0,56% 52,6% 

 34094 from 16 1 0,03% 399 0,02% 68,7% 

 34159 from 16 4 0,11% 1362 0,06% 58,6% 

  
  

    3682 
100,00

% 2138953 
100,00

%   

          5,90%   4,42%   

 

C123 

23613  67 10,88% 43735 14,35% 131,9% 

63,9% 

 23615  66 10,71% 44139 14,48% 135,2% 

 27363  11 1,79% 3834 1,26% 70,4% 

 27364  25 4,06% 8546 2,80% 69,1% 

 27367  14 2,27% 4929 1,62% 71,2% 

 27368  15 2,44% 5489 1,80% 74,0% 

 27775  7 1,14% 2476 0,81% 71,5% 

 28187  91 14,77% 56531 18,55% 125,5% 

 28188  25 4,06% 15385 5,05% 124,4% 

 28888 
few 
transactions 8 1,30% 4991 1,64% 126,1% 

 28915 
few 
transactions 6 0,97% 3754 1,23% 126,4% 

 28916  35 5,68% 22345 7,33% 129,0% 

 29406 
few 
transactions 3 0,49% 1766 0,58% 119,0% 

 29516  54 8,77% 19024 6,24% 71,2% 

 29519  5 0,81% 1684 0,55% 68,1% 

 29520  15 2,44% 5206 1,71% 70,1% 
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 29521  45 7,31% 15965 5,24% 71,7% 

 33551 from 15 13 2,11% 3924 1,29% 61,0% 

 33863 from 15 7 1,14% 2200 0,72% 63,5% 

 33864 from 16 29 4,71% 11498 3,77% 80,1% 

 33866 from 16 25 4,06% 9607 3,15% 77,7% 

 33910 from 16 50 8,12% 17783 5,83% 71,9% 

  
  

    616 
100,00

% 304811 
100,00

%   

          0,99%   0,63%   

 

C124 

30987  175 0,91% 163586 0,84% 91,7% 

131,6% 

 30988  1214 6,33% 2977975 15,22% 240,6% 

 30989  106 0,55% 70646 0,36% 65,4% 

 30991  39 0,20% 35043 0,18% 88,1% 

 30993  96 0,50% 47519 0,24% 48,5% 

 30994  110 0,57% 41236 0,21% 36,8% 

 30996  67 0,35% 34085 0,17% 49,9% 

 30998  192 1,00% 128397 0,66% 65,6% 

 31002  74 0,39% 42711 0,22% 56,6% 

 31005  124 0,65% 83686 0,43% 66,2% 

 31007  165 0,86% 74773 0,38% 44,4% 

 31009  137 0,71% 30890 0,16% 22,1% 

 31011  244 1,27% 315069 1,61% 126,6% 

 31015  143 0,75% 53942 0,28% 37,0% 

 31016  156 0,81% 59340 0,30% 37,3% 

 31018  74 0,39% 36692 0,19% 48,6% 

 31020  266 1,39% 119681 0,61% 44,1% 

 31021  388 2,02% 280572 1,43% 70,9% 

 31022  155 0,81% 134118 0,69% 84,9% 

 31023  664 3,46% 476898 2,44% 70,4% 

 31024  265 1,38% 191878 0,98% 71,0% 

 31025  212 1,10% 155126 0,79% 71,8% 

 31026  453 2,36% 1108262 5,66% 239,9% 

 31027  401 2,09% 977355 5,00% 239,0% 

 31029  575 3,00% 329904 1,69% 56,3% 

 31030  202 1,05% 115816 0,59% 56,2% 

 31031  408 2,13% 273421 1,40% 65,7% 

 31033  298 1,55% 171848 0,88% 56,6% 

 31035  771 4,02% 442810 2,26% 56,3% 

 31037  175 0,91% 100502 0,51% 56,3% 

 31038  194 1,01% 111585 0,57% 56,4% 



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 96 

 

 31040  141 0,73% 81023 0,41% 56,4% 

 31042  288 1,50% 381093 1,95% 129,8% 

 31048  1428 7,44% 3473303 17,75% 238,5% 

 31049  867 4,52% 623698 3,19% 70,5% 

 31050  2212 11,53% 2468141 12,61% 109,4% 

 31734  824 4,29% 693787 3,55% 82,6% 

 31735  149 0,78% 106508 0,54% 70,1% 

 31736  308 1,61% 223145 1,14% 71,0% 

 32237  88 0,46% 108300 0,55% 120,7% 

 32656  203 1,06% 92321 0,47% 44,6% 

 32657  267 1,39% 180938 0,92% 66,5% 

 32658  225 1,17% 150347 0,77% 65,5% 

 32659  111 0,58% 42204 0,22% 37,3% 

 32661  133 0,69% 66773 0,34% 49,2% 

 32662  341 1,78% 130547 0,67% 37,5% 

 32824  34 0,18% 41417 0,21% 119,5% 

 33018  30 0,16% 27537 0,14% 90,0% 

 33019  90 0,47% 82010 0,42% 89,4% 

 33020  113 0,59% 104117 0,53% 90,4% 

 33107  71 0,37% 56045 0,29% 77,4% 

 33126  267 1,39% 62391 0,32% 22,9% 

 33127  50 0,26% 14824 0,08% 29,1% 

 33128  134 0,70% 39304 0,20% 28,8% 

 33129  186 0,97% 55380 0,28% 29,2% 

 33130  56 0,29% 16572 0,08% 29,0% 

 33131  273 1,42% 81226 0,42% 29,2% 

 33132  306 1,59% 208129 1,06% 66,7% 

 33133  23 0,12% 14334 0,07% 61,1% 

 33134  37 0,19% 24229 0,12% 64,2% 

 33135  294 1,53% 197368 1,01% 65,8% 

 33136  111 0,58% 73952 0,38% 65,3% 

 33552 from 14 7 0,04% 11104 0,06% 155,6% 

 33553 from 15 71 0,37% 46628 0,24% 64,4% 

 33554 from 14 192 1,00% 145897 0,75% 74,5% 

 33578 from 14 15 0,08% 9343 0,05% 61,1% 

 33680 from 15 59 0,31% 27945 0,14% 46,4% 

 33682 From 16 23 0,12% 10589 0,05% 45,1% 

 33683 from 15 57 0,30% 19262 0,10% 33,1% 

 33685 from 15 24 0,13% 11094 0,06% 45,3% 

 33686 from 15 42 0,22% 15434 0,08% 36,0% 
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 33687 from 15 114 0,59% 23191 0,12% 19,9% 

 33688 from 15 95 0,50% 18742 0,10% 19,3% 

 33689 from 15 93 0,48% 24408 0,12% 25,7% 

 33690 from 15 50 0,26% 9854 0,05% 19,3% 

 33833 from 15 11 0,06% 19040 0,10% 169,7% 

 33834 from 15 18 0,09% 5135 0,03% 28,0% 

 33835 from 15 21 0,11% 5985 0,03% 27,9% 

 33858 from 15 16 0,08% 11446 0,06% 70,2% 

 33943 from 16 48 0,25% 28270 0,14% 57,8% 

 34635 from 18 29 0,15% 16517 0,08% 55,9% 

  
  

    19188 
100,00

% 19566213 
100,00

%   

          30,74%   40,45%   

 

C130 

13085  153 2,98% 41779 0,58% 19,5% 

180,9% 

 23485  66 1,29% 21807 0,30% 23,6% 

 23974  6 0,12% 7383 0,10% 87,8% 

 26427  171 3,33% 61204 0,85% 25,5% 

 27863  733 14,29% 908997 12,65% 88,5% 

 29885  50 0,97% 15558 0,22% 22,2% 

 30434  1028 20,04% 969663 13,49% 67,3% 

 32062  518 10,10% 892019 12,41% 122,9% 

 32260  214 4,17% 345575 4,81% 115,2% 

 33151 only 13  0 0,00% 0 0,00% 
#DIVISION/

0! 

 33501 from 14 150 2,92% 77913 1,08% 37,1% 

 33534 from 14 1265 24,66% 2598776 36,15% 146,6% 

 34523 from 18 705 13,75% 1213492 16,88% 122,8% 

 34524 from 18 70 1,36% 33959 0,47% 34,6% 

  
  

    5129 
100,00

% 7188125 
100,00

%   

          8,22%   14,86%   

 C132 
13292  24  494   

2,656%       24   494     

          0,04%   0,00%   

 

C140 

13276  391 2,74% 123334 1,72% 62,8% 

64,8% 

 22398  34 0,24% 14087 0,20% 82,5% 

 22868  202 1,42% 54680 0,76% 53,9% 

 23169  67 0,47% 55963 0,78% 166,4% 

 23627  440 3,09% 28110 0,39% 12,7% 

 25078  509 3,57% 20118 0,28% 7,9% 

 25162  343 2,41% 124480 1,74% 72,3% 
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 27314  20 0,14% 15507 0,22% 154,4% 

 27379  711 4,99% 587486 8,21% 164,6% 

 28305  866 6,08% 32288 0,45% 7,4% 

 29384  94 0,66% 53389 0,75% 113,1% 

 29385  31 0,22% 16072 0,22% 103,3% 

 29612  59 0,41% 49319 0,69% 166,5% 

 29797  94 0,66% 51099 0,71% 108,3% 

 29886  64 0,45% 28416 0,40% 88,4% 

 30261  360 2,53% 99070 1,38% 54,8% 

 30297  1789 12,55% 1839223 25,70% 204,8% 

 30298  205 1,44% 217659 3,04% 211,5% 

 30435  87 0,61% 22977 0,32% 52,6% 

 30958  13 0,09% 5006 0,07% 76,7% 

 31053  277 1,94% 55193 0,77% 39,7% 

 31572  1671 11,73% 406109 5,68% 48,4% 

 32336  393 2,76% 840782 11,75% 426,1% 

 33152 only 13 0 0,00% 0 0,00% 
#DIVISION/

0! 

 33502 from 14 2838 19,91% 1194488 16,69% 83,8% 

 33503 from 14 513 3,60% 226310 3,16% 87,9% 

 33825 from 15 42 0,29% 20208 0,28% 95,8% 

 24163 from16 117 0,82% 120643 1,69% 205,4% 

 34525 from 18 1889 13,26% 787891 11,01% 83,1% 

 34547 from 18 2 0,01% 2215 0,03% 220,6% 

 34718 from 18 118 0,83% 48704 0,68% 82,2% 

 34815 from 18 12 0,08% 14496 0,20% 240,6% 

  
  

    14251 
100,00

% 7155322 
100,00

%   

          22,83%   14,79%   

 

C145 

13231  9 0,17% 3095 0,11% 62,8% 

70,6% 

 26413  1 0,02% 397 0,01% 72,5% 

 26426  24 0,46% 10918 0,39% 83,1% 

 30453  55 1,06% 23913 0,84% 79,4% 

 31051  243 4,70% 258219 9,12% 194,1% 

 31556  43 0,83% 10427 0,37% 44,3% 

 31648  99 1,91% 39794 1,40% 73,4% 

 31698  797 15,40% 1315727 46,45% 301,6% 

 32261  1832 35,40% 423529 14,95% 42,2% 

 32265  154 2,98% 26455 0,93% 31,4% 

 32678  200 3,86% 207468 7,32% 189,5% 

 33017  12 0,23% 4135 0,15% 62,9% 
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 33506 from 14 557 10,76% 258159 9,11% 84,7% 

 33653 from 15 79 1,53% 42636 1,51% 98,6% 

 33659 from 15 46 0,89% 3087 0,11% 12,3% 

 33660 from 15 33 0,64% 2117 0,07% 11,7% 

 33717 from 15 20 0,39% 1276 0,05% 11,7% 

 33718 from 15 16 0,31% 1086 0,04% 12,4% 

 33727 from 15 90 1,74% 6154 0,22% 12,5% 

 34095 from 16 59 1,14% 21718 0,77% 67,2% 

 34164 from 16 120 2,32% 13375 0,47% 20,4% 

 34179 from 16 8 0,15% 528 0,02% 12,1% 

 34405 from 17 32 0,62% 2105 0,07% 12,0% 

 34406 from 17 15 0,29% 1032 0,04% 12,6% 

 34527 from 18 631 12,19% 155417 5,49% 45,0% 

  
  

    5175 
100,00

% 2832767 
100,00

%   

  
          8,29%   5,86%   

Total per 
category 

  
    62417   

48367935
,1     

  

  
  

      
100,00

%   
100,00

%   
  

percentag
es per 
category 

  
      85,57%   84,28%   

  

 

B120 

C132 

10129 

expensive but 
few 
transactions 
(37) 2  3552   

207,2598
% 

        2   3552     

          0,02%   0,04%   

 
C145 34600  3  1632   

63,4850%         3   1632     

          0,03%   0,02%   

 

C152 

13853  33 31,43% 11138 10,52% 33,5% 

117,62% 

 31983  16 15,24% 14582 13,78% 90,4% 

 34724 from 18 56 53,33% 80109 75,70% 141,9% 

  
  

    105 
100,00

% 105829 
100,00

%   

          1,00%   1,17%   

 

C154 

25062  10 0,84% 9128 0,78% 93,1% 

114,5% 

 27129  67 5,61% 107985 9,22% 164,3% 

 31899  201 16,83% 117896 10,07% 59,8% 

 31903  43 3,60% 26496 2,26% 62,8% 

 31904  87 7,29% 51284 4,38% 60,1% 
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 32176  184 15,41% 153337 13,09% 85,0% 

 32177  224 18,76% 181382 15,49% 82,6% 

 32845 
few 
transactions  3 0,25% 5373 0,46% 182,6% 

 32846 
few 
transactions  3 0,25% 4945 0,42% 168,1% 

 34341 from 17 249 20,85% 350810 29,96% 143,7% 

 34342 from 17 25 2,09% 17519 1,50% 71,5% 

 34343 from 17 97 8,12% 144271 12,32% 151,7% 

 34754 from 18 1 0,08% 599 0,05% 61,1% 

  
  

    1194 
100,00

% 1171025 
100,00

%   

          11,34%   12,98%   

 

C160 

28721  805 29,79% 754467 33,31% 111,8% 

97,8% 

 28722  302 11,18% 466625 20,60% 184,3% 

 28723  56 2,07% 87728 3,87% 186,9% 

 28724  231 8,55% 42015 1,85% 21,7% 

 28725  55 2,04% 37477 1,65% 81,3% 

 28726  76 2,81% 37761 1,67% 59,3% 

 28728  102 3,77% 182406 8,05% 213,3% 

 28729  115 4,26% 253384 11,19% 262,8% 

 28730  110 4,07% 54307 2,40% 58,9% 

 28732  25 0,93% 5208 0,23% 24,9% 

 28733  63 2,33% 28979 1,28% 54,9% 

 28734  45 1,67% 19524 0,86% 51,8% 

 28735  19 0,70% 8233 0,36% 51,7% 

 28737  40 1,48% 53719 2,37% 160,2% 

 28738 only 13 0 0,00% 0 0,00%  

 29607  33 1,22% 12992 0,57% 47,0% 

 29608  12 0,44% 3054 0,13% 30,4% 

 29609  84 3,11% 21906 0,97% 31,1% 

 29610  17 0,63% 4444 0,20% 31,2% 

 32317  122 4,52% 31134 1,37% 30,4% 

 32318  147 5,44% 66415 2,93% 53,9% 

 32319  66 2,44% 27694 1,22% 50,1% 

 32320  36 1,33% 16775 0,74% 55,6% 

 32321  132 4,89% 34425 1,52% 31,1% 

 33149 from 14 9 0,33% 14310 0,63% 189,7% 

  
  

    2702 
100,00

% 2264982 
100,00

%   
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          25,66%   25,11%   

 

C165 

28744  297 10,74% 215956 14,60% 135,9% 

62,4% 

 28745  298 10,77% 189720 12,82% 119,0% 

 28746  2078 75,13% 992423 67,08% 89,3% 

 28747  61 2,21% 65705 4,44% 201,4% 

 34537 from 18 31 1,12% 15011 1,01% 90,5% 

 34538 from 18 1 0,04% 584 0,04% 109,2% 

      2766 
100,00

% 1479399 
100,00

%   

          26,27%   16,40%   

 C170 
34778 from 18 12  22361   

217,5%       12   22361     

          0,11%   0,25%   

 

C180 

13866  325 15,07% 101627 4,54% 30,1% 

121,2% 

 28748  898 41,65% 1078512 48,16% 115,6% 

 28749  703 32,61% 778215 34,75% 106,6% 

 28750  189 8,77% 231467 10,34% 117,9% 

 28751  41 1,90% 49587 2,21% 116,4% 

      2156 
100,00

% 2239408 
100,00

%   

          20,48%   24,82%   

 
C185 28743  51  55920   

128,0%         51   55920     

          0,48%   0,62%   

 

C212 

34540 from 18 455 39,16% 349342 27,17% 69,4% 

129,1% 

 34541 from 18 206 17,73% 280880 21,84% 123,2% 

 34542 from 18 228 19,62% 285133 22,17% 113,0% 

 34543 from 18 2 0,17% 1382 0,11% 62,4% 

 34544 from 18 38 3,27% 83133 6,46% 197,7% 

 34552 from 18 233 20,05% 286050 22,24% 110,9% 

  
  

    1162 
100,00

% 1285920 
100,00

%   

          11,04%   14,25%   

 
C240 34339 from 18 219 58,40% 238825 61,02% 104,5% 

121,8% 
 

 
34340 from 18 156 41,60% 152543 38,98% 93,7% 

  
  

    375 
100,00

% 391368 
100,00

%   

          3,56%   4,34%   

Total per 
category     

  
    10528   9021396     

  

      
  

      
100,00

%   
100,00

%   
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percentag
es per 
category     

  
      14,43%   15,72%   

  

Total per 
Industry     

  
    72945   

57389331
,1     

  

                        

 
 

 

Appendix 3 – Sample of Eaves Classification of products for family 1 

Eaves Demand 
Classification 

model 

Transaction 
Variability 

Demand Size 
Variability 

Lead Time 
Variability 

 

Eaves Demand Classification 
model 

Family 
Prod 
nr.        

Demand Size Variability 
(0,8409..→) 

C114 22865 0,941696 0,868348149 1 

Transaction 
Variability 
(0,614229 

↓) 

Smooth Slow moving 
  33504 0,490294 0,489502516 1 

  32788 0,489238 0,543813377 1 33504       

  33505 0,52745 0,625273039 1 32788       

  32790 0,614229 0,731775834 1 33505       

  22866 1,049395 0,757303256 1 32790       

  32789 0,69247 0,756322079 1 
Irregular Intermittent 

  30190 1,166425 0,840947648 1 

  32339 0,961151 1,012916263 1 22866   22865   

  30607 1,084208 1,231685176 1 32789   32339   

  32676 1,058792 1,237893141 1 30190   30607   

  32878 0,831541 1,365169993 1     32676   

  32755 1,539514 1,65477886 1     32878   

Median 0,941696 0,840947648      32755   

25% quartile 0,614229 0,731775834       
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Appendix 4 – Montlhy aggregation per SKU, best forecast method, error measures, average sales, rule of 

thumb Security Stock 

      monthly aggregation         

Average 
monthly 

sales 

SS(18%   
;   40% 
cutout 
rates) 

Able to 
cover 
max 

error? 

Family Eaves cat. 

Product  Best Method 

SKU Level     Average 
error last 
and first 4 

weeks 

Max error 
last year 

Min error 
last year 

Max 
negative 

error 
(units)     MAD MAPE MSE Bias TS Evaluation 

C114 

Smooth 

33504 Winter 6,22 14,64% 63,19 -6,00 Very good, up to 3 months 23% 38% 0% 18 44 22 YES 

32788 Winter 7,70 13,10% 88,68 
-

37,00 ok, just for the 1st forecast 19% 31% 0% 21 57 29 YES 

33505 Static/Winter SAME 6,11 20,72% 61,84 
-

18,00 Very good, up to 1 month 23% 92% 4% 18 35 35 YES 

32790 Winter 5,68 16,72% 54,16 
-

12,00 very good, up to 2 months 19% 62% 0% 17 41 21 YES 

Irregular 

22866 Static 4,22 62,81% 26,32 -6,00 good, under, up to 2 months 47% 600% 0% 8 11   

32789 Winter 4,54 19,79% 38,32 
-

10,00 very good, up to 6 months 35% 41% 0% 17 26 26 YES 

32339 MA 4,22 42,29% 35,35 -8,00 very ood, up to 6 months 22% 83% 0% 15 13   

Intermittent 

22865 Winter 4,81 33,20% 38,49 0,00 Very good, up to 2 months 54% 150% 5% 12 16 16 YES 

30190 Static 2,51 44,36% 9,81 9,00 Very good, up to 2 months 275% 300% 0% 6 8 8 YES 

30607 WMA 5,76 97,53% 73,81 
-

47,00 very bad, under 37% 69% 4% 27 20   

32676 SES 6,22 84,24% 57,51 
-

30,00 bad, under 65% 350% 0% 13 13   

32878 Mixed 6,92 49,34% 90,54 26,00 Very good, up to 1 month 145% 275% 5% 12 21   

32755 static 2,00 80,38% 6,59 -2,00 good, under, upt to 3 months 65% 300% 0% 6 4   

C124 Intermittent 

30989 Winter 1,84 21,66% 6,11 -8,00 ok, only for the 1st 53% 60% 0% 6 9 9 YES 

30991 SES 1,32 72,18% 2,89 -3,00 goog, up to 2 months 23% 300% 0% 3 3   

30993 Static 1,54 35,48% 3,70 -3,00 very good, up to 5 months 35% 67% 0% 4 7 7 YES 

30994 Winter 2,41 33,81% 9,59 -5,00 very good, up to 5 months 28% 300% 0% 9 9 9 YES 

30996 Winter 1,22 23,95% 2,30 3,00 good, up to 4 months 27% 33% 0% 2 6 6 YES 

31002 Winter 2,22 50,64% 7,19 -2,00 good, up to 6 months 20% 100% 14% 6 6   

31005 Winter 1,89 23,69% 4,81 -4,00 very good, up to 4 months 15% 80% 8% 4 9 9 YES 

31015 Mixed 2,32 25,15% 8,00 -4,00 very good, up to 4 months 20% 100% 0% 6 11 11 YES 

31018 Winter 1,03 26,49% 2,00 2,00 very good, up to 4 months 50% 100% 0% 1 5 5 YES 

31022 Winter 2,43 17,49% 13,30 -8,00 very good, up to 6 months 22% 180% 0% 8 16 8 YES 

31040 Static 2,38 19,98% 11,46 
-

10,00 ok, only for the 1st forecast 64% 83% 0% 8 11 11 YES 

32237 Winter 1,68 30,10% 5,03 
-

20,00 bad, under 52% 150% 0% 6 6 6 YES 

32659 Winter 1,84 22,04% 6,00 -2,00 Very good, up to 1 month 6% 80% 0% 5 9 9 YES 

32824 Static, Winter, Mix ALL SAME 0,95 53,60% 1,92 -5,00 good, only for the 1st forecast 42% 200% 0% 5 2   



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 104 

 

33018 Static 0,89 55,32% 1,65 1,00 good, up to 5 months 117% 200% 0% 3 2   

33019 Mixed 1,30 54,03% 3,19 0,00 good, up to 2 months 13% 200% 11% 4 5   

33020 Winter 1,97 42,47% 7,27 -3,00 good, up to 6 months 0% 250% 0% 5 7 7 YES 

33107 Mixed 1,70 58,70% 6,68 
-

43,00 very bad, under 14% 100% 0% 8 3   

33127 Mixed 1,43 31,60% 2,95 3,00 very good, up to 6 months 17% 67% 0% 1 5 5 YES 

33128 Static, Winter, Mix ALL SAME 2,49 20,29% 10,43 -4,00 very good, up to 6 months 14% 71% 0% 6 12 12 YES 

33130 Static, Winter, Mix ALL SAME 1,65 33,44% 5,00 5,00 ok, up to 1 month 92% 167% 0% 3 6 6 YES 

33132 Static, Winter, Mix ALL SAME 3,27 20,18% 14,68 -1,00 good, up to 5 months 20% 67% 3% 9 19 19 YES 

33133 Winter 0,81 41,29% 1,41 -4,00 bad, under 100% 200% 0% 1 2 2 YES 

33134 Winter 0,97 56,06% 1,73 -2,00 good, up to 6 months 25% 200% 0% 2 2   

33136 Static 2,08 58,02% 8,41 -1,00 ok, up to 1 month 37% 200% 0% 9 7   

33552 Holts 0,16 16,22% 0,16 -6,00 terrible, special case 0% 0% 0% 2 0   

33553 Mixed 1,76 51,39% 4,89 1,00 good, up to 5 months 42% 100% 0% 5 5   

33554 Mixed 2,43 23,42% 10,54 
-

16,00 good, up to 1 month 74% 100% 0% 7 12 12 YES 

33578 Winter 0,89 59,91% 1,70 -1,00 good, up to 6 months 25% 200% 0% 1 2   

33680 Winter 1,54 49,54% 6,46 -9,00 ok, only for the first forecast 41% 175% 0% 9 4   

33683 Winter 1,43 76,95% 3,92 -3,00 good, up to 2 months 20% 200% 0% 3 3   

33686 static 1,03 57,57% 1,73 
-

10,00 not good, under 83% 100% 0% 4 2   

33687 Winter 1,78 59,22% 4,70 -4,00 ok, up to 1 month 21% 250% 0% 3 6   

33688 Static 1,62 55,55% 4,97 
-

10,00 not good, under 30% 44% 0% 4 6   

33689 mixed 2,14 60,04% 7,65 
-

11,00 not god, under 17% 150% 0% 3 7   

33690 Winter 0,97 39,36% 2,05 2,00 good, up to 4 months 42% 300% 0% 3 3 3 YES 

33833 Winter 0,59 37,21% 0,97 -8,00 terrible, special case 58% 100% 0% 3 1   

smooth 

30988 Static/Winter SAME 7,22 7% 113,92 
-

17,00 very good, up to 4 months 14% 30% 1% 16 95 48 YES 

31020 Winter 2,43 12,07% 10,49 -4,00 very good, up to 4 months 13% 38% 0% 8 21 11 YES 

31021 Static 3,00 9,36% 13,05 
-

13,00 ok, just for the 1st forecast 8% 21% 3% 5 34 17 YES 

31023 Mixed 5,57 9,92% 53,41 4,00 good, up to 5 months 7% 26% 2% 7 57 29 YES 

31024 Winter 3,54 14,39% 24,41 9,00 very good, up to 1 month 19% 63% 4% 3 25 13 YES 

31026 Winter 4,70 12,50% 42,22 -4,00 good, up to 3 months 16% 36% 0% 13 38 19 YES 

31027 Mixed 4,00 11,54% 29,03 12,00 Bad, over 20% 44% 0% 8 34 17 YES 

31029 Winter 3,78 8,14% 31,68 -6,00 very good, up to 2 months 11% 24% 0% 6 50 25 YES 

31031 Winter 3,81 11,16% 24,95 
-

13,00 very good, up to 6 months 6% 21% 0% 7 34 17 YES 
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31033 Winter 2,97 11,56% 17,08 
-

20,00 bad, under 14% 33% 0% 11 26 13 YES 

31035 Mixed 6,62 12,54% 68,78 -9,00 ok, up to 2 months 14% 64% 2% 18 60 30 YES 

31042 Mixed 3,00 14,42% 14,95 -1,00 very good, up to 6 months 13% 50% 0% 11 22 11 YES 

31048 Winter 8,08 7,80% 120,03 
-

59,00 bad, under 7% 18% 0% 16 108 54 YES 

31049 Mixed 4,97 8,01% 35,57 
-

22,00 very good, only for the 1st 13% 16% 2% 12 65 33 YES 

31050 Mixed 9,89 5,86% 170,27 
-

74,00 bad, under 7% 15% 0% 31 166 83 YES 

31734 Winter 5,22 11,42% 52,19 
-

33,00 bad, under 5% 34% 0% 21 50 25 YES 

31736 Static, Winter, Mix ALL SAME 4,62 21,99% 32,78 5,00 good up to 2 months 15% 44% 0% 7 24 24 YES 

32657 Winter 2,43 10,75% 11,57 0,00 ok, up to 2 months 7% 35% 0% 6 26 13 YES 

32662 Winter 3,35 12,57% 18,76 
-

12,00 good, up to 1 month 22% 31% 4% 11 26 13 YES 

Irregular 

30987 Mixed 2,43 17,34% 10,00 
-

12,00 very good, only for the 1st 21% 33% 0% 6 14 7 YES 

30998 mixed 2,32 17% 9,14 10,00 ok, only for the 1st 13% 67% 0% 7 16 8 YES 

31007 Mixed 2,14 15,89% 7,27 7,00 very good, up to 6 months 26% 47% 0% 5 14 7 YES 

31009 static 1,73 16,44% 4,86 4,00 good, up to 4 months 21% 43% 0% 5 11 6 YES 

31011 Static, Winter, Mix ALL SAME 3,41 21,19% 16,76 0,00 good, up to 5 months 13% 64% 0% 4 19 10 YES 

31016 Mixed 1,86 14,87% 4,95 1,00 good, up to 1 month 18% 43% 0% 3 13 7 YES 

31025 Static, Winter, Mix ALL SAME 3,89 19,79% 23,19 -8,00 very good, up to 4 months 31% 43% 0% 10 20 20 YES 

31030 Winter 2,54 16,18% 10,49 
-

18,00 bad, under 13% 35% 0% 6 16 8 YES 

31037 Winter 2,30 18,17% 8,03 -5,00 very good, up to 2 months 33% 67% 0% 5 15 8 YES 

31038 Mixed 2,16 14,93% 7,51 4,00 ok, up to 1 month 4% 43% 0% 6 16 8 YES 

31735 Winter 2,65 16,15% 13,46 
-

20,00 bad, under 20% 38% 0% 9 16 8 NO 

32656 Winter 1,78 12% 5,41 4,00 ok, up to 1 month 21% 36% 0% 6 17 9 YES 

32658 Winter 2,65 16,44% 10,32 -6,00 ok, up to 1 month 18% 31% 6% 6 17 9 YES 

32661 Winter 1,81 18,44% 6,19 -7,00 very good, only for the 1st 15% 75% 0% 5 11 11 YES 

33126 Winter 2,86 18,43% 13,14 
-

10,00 good, up to 1 month 21% 71% 0% 10 18 18 YES 

33129 Mixed 3,03 16,79% 14,70 -6,00 ok, up to 2 months 23% 50% 0% 6 19 10 YES 

33131 Winter 2,70 20,30% 14,81 -4,00 ok, up to 1 month 8% 200% 0% 5 19 19 YES 

33135 Static, Winter, Mix ALL SAME 3,78 22,40% 20,54 0,00 very good, up to 4 months 20% 89% 5% 9 20 20 YES 
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Appendix 5 – Error measures of different aggregation methods. 

Type of 
Aggregation 

Aver
age 

MAP
E or 
Com
posit

e 
MAP

E 

Stan
dard 
Devi
ation 

of 
MAP
E or 
com
posit

e 
MAP

E 

Ave
rag
e 8 
We
ek 

Erro
r 

Std. 
Devi
atio
n of 

8 
Wee

k 
Erro

r 

Aver
age 

Maxi
mum 
Error 
Last 
Year 

Std. 
Devi
ation 

of 
Maxi
mum 
Error 
Last 
Year 

  

Aver
age 

MAP
E or 
Com
posit

e 
MAP

E 

Stan
dard 
Devi
ation 

of 
MAP
E or 
com
posit

e 
MAP

E 

Ave
rag
e 8 
We
ek 

Erro
r 

Std. 
Devi
atio
n of 

8 
Wee

k 
Erro

r 

Aver
age 

Maxi
mum 
Error 
Last 
Year 

Std. 
Devi
ation 

of 
Maxi
mum 
Error 
Last 
Year 

  

Aver
age 

MAP
E or 
Com
posit

e 
MAP

E 

Stan
dard 
Devi
ation 

of 
MAP
E or 
com
posit

e 
MAP

E 

Ave
rag
e 8 
We
ek 

Erro
r 

Std. 
Devi
atio
n of 

8 
Wee

k 
Erro

r 

Aver
age 

Maxi
mum 
Error 
Last 
Year 

Std. 
Devi
ation 

of 
Maxi
mum 
Error 
Last 
Year 

  

Aver
age 

MAP
E or 
Com
posit

e 
MAP

E 

Stan
dard 
Devi
ation 

of 
MAP
E or 
com
posit

e 
MAP

E 

Ave
rag
e 8 
We
ek 

Erro
r 

Std. 
Devi
atio
n of 

8 
Wee

k 
Erro

r 

Aver
age 

Maxi
mum 
Error 
Last 
Year 

Std. 
Devi
ation 

of 
Maxi
mum 
Error 
Last 
Year 

Temporal 
Aggregation 

Level 

1 Week   2 Weeks   4 Weeks   Monthly 

                                                        

SKU Level 
54% 22% 73% 66% 

402
% 

344
% 

  47% 26% 66% 
111
% 

301
% 

345
% 

  28% 18% 28% 43% 
116
% 

113
% 

  30% 21% 32% 36% 
108
% 

100
% 

                                                        

Group Level 
SKU 

                               

Smooth Family 
1 

71% 8% 73% 41% 
638
% 

41%   31% 6% 26% 9% 
152
% 

77%   17% 4% 
9,5
0% 

2% 82% 47%   16% 3% 21% 2% 56% 24% 

                                                        

Smooth Family 
2 

44% 8% 50% 35% 
584
% 

379
% 

  24% 7% 26% 15% 
192
% 

160
% 

  12% 3% 10% 7% 40% 16%   11% 3% 12% 5% 34% 14% 

                                                        

Erratic Family 1 
105% 33% 

209
% 

146
% 

750
% 

454
% 

  110% 34% 
284
% 

301
% 

983
% 

930
% 

  43% 16% 44% 38% 
203
% 

150
% 

  65% 24% 
107
% 

83% 
241
% 

98% 

                                                        

Erratic Family 2 
45% 15% 57% 22% 

205
% 

106
% 

  50% 13% 52% 36% 
248
% 

98%   38% 18% 33% 46% 
166
% 

130
% 

  41% 17% 37% 27% 
143
% 

78% 

                                                        

Slow-moving 
Family 1 

96% 8% 
200
% 

60% 
1133

% 
544
% 

  84% 20% 
174
% 

86% 
633
% 

205
% 

  40% 15% 80% 85% 99% 71%   42% 18% 35% 10% 
241
% 

254
% 

                                                        

Slow-moving 
Family2 

55% 6% 65% 30% 
322
% 

85%   39% 15% 54% 71% 
275
% 

185
% 

  18% 10% 26% 44% 76% 47%   17% 2% 19% 7% 60% 38% 

                                                        

Family Level 
SKU 

                               

Family 1 
92% 27% 

165
% 

122
% 

804
% 

461
% 

  80% 42% 
179
% 

237
% 

647
% 

734
% 

  34% 18% 42% 55% 
142
% 

124
% 

  45% 28% 64% 69% 
184
% 

164
% 

                                                        

Family 2 
47% 13% 57% 28% 

331
% 

262
% 

  41% 16% 46% 45% 
240
% 

144
% 

  27% 18% 26% 40% 
112
% 

110
% 

  28% 18% 26% 23% 94% 76% 

Cross-Sectional 
Aggregation 

Level and 
Disaggregation

s 

                                                      

                            
                          

SKU Level 

          only family 1       only family 1            

Temporal 
Disaggregation 
per week 

X X X X X X   X X 
166
% 

148
% 

X X   X X 
110
% 

56% X X   X X X X X X 

  

        only smooth 2 55% 45%     only smooth 2 54% 40%            

                                                        

Group Level 
                               

Smooth Family 
1 

59% X X X X X   17% X X X X X   10% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X 87% 57% X X   X X 25% 3% X X   X X 
10,

46% 
4% X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X 87% 57% X X   X X 60% 33% X X   X X 52% 22% X X   X X X X X X 

Smooth Family 
2 

88% X X X X X   12% X X X X X   6% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X 
122
% 

52% X X   X X 22% 14% X X   X X 15% 13% X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X 
122
% 

52% X X   X X 53% 35% X X   X X 55% 37% X X   X X X X X X 

                                                        

Erratic Family 1 
66% X X X X X   39% X X X X X   16% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X 
173
% 

111
% 

X X   X X 
307
% 

258
% 

X X   X X 
121
% 

149
% 

X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X 
173
% 

111
% 

X X   X X 
254
% 

156
% 

X X   X X 
141
% 

78% X X   X X X X X X 

Erratic Family 2 
48% X X X X X   15% X X X X X   8% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X X X X X   X X X X X X   X X X X X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X X X X X   X X X X X X   X X X X X X   X X X X X X 
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Slow-moving 
Family 1 

76% X X X X X   37% X X X X X   16% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X 
119
% 

43% X X   X X 
236
% 

147
% 

X X   X X 
232
% 

278
% 

X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X 
119
% 

43% X X   X X 
213
% 

39% X X   X X 
172
% 

34% X X   X X X X X X 

Slow-moving 
Family2 

64% X X X X X   13% X X X X X   6% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X X X X X   X X X X X X   X X X X X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X X X X X   X X X X X X   X X X X X X   X X X X X X 

                                                        

Family Level                                

Family 1 
78% X X X X X   17% X X X X X   11% X X X X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

X X 
162
% 

38% X X   X X 
170
% 

184
% 

X X   X X 
147
% 

251
% 

X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X 
162
% 

38% X X   X X 
154
% 

104
% 

X X   X X 
144
% 

99% X X   X X X X X X 

Family 2 
105% X only smooth X X   12% X only smooth X X   6% X only smooth X X   X X X X X X 

Cross-Sectional 
Disaggregation 
% Sales 

 X 85% 38% X X   X X 24% 15% X X   X X 15% 14% X X   X X X X X X 

Temporal and 
Cross-Sectional 
Disaggregation 

X X X X X X   X X 53% 35% X X   X X 56% 37% X X   X X X X X X 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Copenhagen Business School Thesis for MSc in Supply Chain Management Business Project 
Author: António Maria Tavares Duarte Nogueira 

” Great Forecasts and how to find them!   
 - A roadmap to a Demand Forecasting based Inventory Management System for SMEs” - 108 

 

Appendix 6 – Optimal CSL per SKU 

Product 
SS with CSL=       

0,90 0,92 0,94 0,96 0,98 0,99 0,995 0,999 0,9999 0,99995 

33504 15 17 19 21 24 27 30 36 44 46 

32788 21 23 25 28 33 37 41 50 59 62 

33505 14 16 17 20 23 26 29 34 41 43 

32790 20 22 25 28 32 37 41 49 58 61 

22866                     

32789 13 15 16 18 21 24 27 32 38 40 

32339                     

22865 13 14 15 17 20 22 25 30 36 37 

30190 6 7 8 9 10 11 12 15 18 19 

30607                     

32676                     

32878                     

32755                     

30989 5 5 6 7 8 9 9 11 13 14 

30991                     

30993 4 4 5 5 6 7 8 9 11 11 

30994 6 6 7 7 9 10 11 13 15 16 

30996 4 4 5 5 6 7 8 9 11 11 

31002                     

31005 5 5 6 6 7 8 9 11 13 13 

31015 6 6 7 8 9 10 11 13 16 17 

31018 4 4 4 5 6 6 7 8 10 10 

31022 8 8 9 10 12 14 15 18 21 22 

31040 6 6 7 8 9 10 11 13 16 16 

32237 5 5 5 6 7 8 9 10 12 13 

32659 5 5 6 7 8 9 10 11 14 14 

32824                     

33018                     

33019                     

33020 5 5 6 6 7 8 9 11 13 13 

33107                     

33127 4 5 5 6 6 7 8 9 11 12 

33128 7 7 8 9 10 12 13 15 18 19 

33130 4 4 5 5 6 7 8 9 11 11 
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33132 9 10 11 13 15 16 18 22 26 27 

33133 3 3 3 4 4 5 5 6 7 7 

33134                     

33136                     

33552                     

33553                     

33554 6 7 8 8 10 11 12 14 17 18 

33578                     

33680                     

33683                     

33686                     

33687                     

33688                     

33689                     

33690 3 4 4 4 5 6 6 7 9 9 

33833                     

30988 24 26 29 33 38 43 48 57 69 72 

31020 8 9 9 11 12 14 15 18 22 23 

31021 10 11 12 14 16 18 20 24 29 30 

31023 15 16 18 20 24 27 30 35 42 44 

31024 9 10 11 12 14 16 17 21 25 26 

31026 13 15 16 18 21 24 27 32 38 40 

31027 14 15 16 18 22 24 27 32 39 40 

31029 13 15 16 18 21 24 27 32 38 40 

31031 11 12 13 15 17 19 21 26 31 32 

31033 9 10 11 13 15 17 18 22 26 28 

31035 16 17 19 21 25 28 31 37 44 46 

31042 8 9 10 11 13 14 16 19 23 24 

31048 30 32 36 40 47 53 59 70 85 89 

31049 16 17 19 22 25 29 32 38 45 47 

31050 38 42 46 52 61 69 76 91 109 114 

31734 21 23 25 28 33 37 41 49 59 61 

31736 9 10 11 12 14 16 17 21 25 26 

32657 9 9 10 12 13 15 17 20 24 25 

32662 9 10 11 12 14 16 18 21 25 26 
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30987 6 7 8 8 10 11 12 14 17 18 

30998 7 7 8 9 10 12 13 15 18 19 

31007 6 7 7 8 10 11 12 14 17 18 

31009 5 6 6 7 8 9 10 12 14 15 

31011 7 8 9 10 11 13 14 17 20 21 

31016 6 7 7 8 10 11 12 14 17 18 

31025 9 10 11 12 14 16 17 21 25 26 

31030 7 7 8 9 11 12 13 16 19 20 

31037 7 7 8 9 11 12 13 16 19 20 

31038 7 8 9 10 11 13 14 17 20 21 

31735 7 8 9 10 11 13 14 16 20 21 

32656 7 8 9 10 12 13 14 17 20 21 

32658 7 8 8 9 11 12 13 16 19 20 

32661 5 5 6 7 8 9 9 11 13 14 

33126 8 9 9 11 12 14 15 18 22 23 

33129 8 9 10 11 13 15 16 19 23 24 

33131 8 9 10 11 13 14 16 19 22 23 

33135 9 10 11 12 14 16 18 21 25 26 

 

If green then cover maximum unit error in previous years forecasts 
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Appendix 7 – Security stocks and Inventory valuation for Family 1 

 


