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Abstract of Praxis 
 
 

An Engineering Management Approach to Electrical and Electronic Fulfillment 
Inventory Investment Improvement Planning at Low Cost 

 
The intention of a products distribution business enterprise is to invest in products or 

inventory, create value through service (or product availability), and in return capture 

revenue. This activity is naturally accompanied by varying levels of investment risk due 

to product demand uncertainty. A common concern or challenge given this organizational 

activity is how to best ensure inventories are available for customers within a reasonable 

service time window, and yet not tie up too much working capital in that service 

inventory. One possible method is proposed and its execution elaborated upon herein. 

The purpose of this study is to systemically engineer and apply an improved 

inventory purchasing decision model with a low implementation cost, specific to 

medium-sized electrical and electronic components distributors, thereby creating a 

bridging inventory investment improvement method for use until the cost of a more 

sophisticated solution becomes viable via scaling organizational growth. 

To reach this improvement, autoregressive integrated moving average time series 

forecasting will be applied to static historical service data for three electrical and 

electronic components distributor supply chains and fulfillment networks. Given a new 

forecasting technique that proves to be accurate for a high percentage of materials, 

evidence of improvement by hypothetical differentiation of required on-hand inventory 

levels will be presented. 
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Glossary of Terms 
 
 
Affinity of products: The strength of the relationship between two or more single- 

provider products, measured by the probability of their being simultaneously ordered by a 

customer. 

Attribute data: Discrete qualitative data that can be counted for recording and analysis. 
 
Back order: An order for a product that is temporarily out of stock with the supplier. 

Cash flow: The total amount of money being transferred into and out of a business, 

especially as it affects liquidity. 

Carrying costs: Those costs inherent to holding inventory; they are made up of (1) 

inventory investment, (2) insurance, (3) physical handling, (4) taxes, (5) warehousing 

(mortgage, lease, etc.), (6) outsource warehousing, (7) obsolesce, (8) damages, (9) 

shrinkage, (10) relocation costs, and (11) clerical and inventory control. 

Core competency: A defining capability or advantage that distinguishes an enterprise 

from its competitors. 

Cost of out-of-stocks: The sum of all stock keeping units, defined as average units sold 

times average per-unit revenue times one minus the in-stock percentage. 

Competitive differentiator: An organization that engages in strategic positioning to set 

its products, services, and brands apart from those of its competitors. 

Days of inventory outstanding: How many days, on average, a company turns its 

inventory into sales. 

Demand quantity: The amount of a single product ordered by a customer. 
 
Demand planning: A multi-step operational supply chain management process used to 

create reliable forecasts. 
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Dual echelon inventory system: A supply chain with two supply modes at the most 

upstream stock points. 

Demand forecast: The process of predicting future demand for a firm’s product, 

comprised of a series of steps that involves the anticipation of demand for a product in 

the future under both controllable and non-controllable factors. 

Finished goods: Goods that have been completed by the manufacturing process or 

purchased in a completed form, but which have not yet been sold to customers. 

In-stock percentage: Percentage of stock keeping units with a positive or zero on-hand 

balance of material, under conditions of demand for those items. 

Inventory: The complete list of items such as property or goods in stock, or the contents 

of a geographically defined space. 

Inventory relevance: The measure of absolute accuracy of inventory on hand with 

respect to customer demands. 

Inventory turns: A ratio showing how many times an entity has sold and replaced 

inventory during a set period. The number of days it takes to sell the inventory on hand is 

calculated by dividing the number of days in the period by the inventory turns ratio. 

Key performance indicator: A quantifiable measure used to evaluate the success of an 

organization, employee, or other entity in meeting objectives for performance. 

Life cycle (product): The cycle experienced by every product, from introduction to 

withdrawal or eventual demise. 

Lead time: The time between the initiation and completion of a procurement process. 

Material usage: The amount of usually raw or work-in-process material used in the 

manufacturing process. 
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Multi-echelon inventory system: A supply chain with more than two supply modes at 

upstream stock points. 

Obsolescence: The process by which material becomes obsolete or outdated and is no 

longer used. 

Ordering costs: The expenses incurred by a supplier when creating and processing an 

order. 

Order frequency: The rate at which a material is ordered over time, also known as 

velocity. 

Ordering policy: Guidelines as to when an inventory replenishment order is to be issued, 

such as when the stock falls to a certain level or to zero. 

Perfect order: A measurement defined as the percentage of orders delivered to the right 

place, with the right product, at the right time, in the right condition, in the right package, 

in the right quantity, with the right documentation, to the right customer, with the correct 

invoice. Failure to meet any of these conditions results in a less than perfect order. 

Purchase order: A commercial document and first official offer issued by a buyer to a 

seller, indicating types, quantities, and agreed prices for products or services. It is used to 

control the purchasing of products and services from external suppliers. 

Procurement: The action of obtaining something, especially with care or effort. 
 
Quantity on hand: The amount of a material that is legally and geographically 
possessed. 

 
R Studio: A software program designed for statistical analysis of large quantities of data. 

 
Raw material: The basic material from which a product is made. 

 
Reorder point: The level of inventory of an item that triggers an action to replenish the 
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stock of that item; that is, the minimum quantity of an item that an entity holds in stock, 

such that, when stock falls to this amount, the item must be reordered. 

Safety stock: An additional quantity of an item held in inventory in order to reduce the 

risk that the item will be out of stock, thus acting as a buffer in case sales of the item are 

greater than planned or the supplier is unable to deliver additional units at the expected 

time. 

Sales line: A single item on an order in any quantity. A sales order must have at least one 

sales line to be a sales order, but theoretically there is no limit to number of sales lines 

that a sales order can have. 

Sales order: A confirmation document sent to the customer before delivering the goods 

or services, made up of at least one sales line. 

Service level (inventory): The rate at which an inventory services customer demands 

quantities during the promised time period. 

Standard deviation: A measure of the extent of deviation for a group as a whole. 
 
Stock-out: The occurrence of not having inventory to service an order request during the 

promised time period. 

Stock replenishment: An operation that consists in making the stock full again in order 

to avoid stock-out. 

System engineering: An interdisciplinary field of engineering and engineering 

management that focuses on how to design and manage complex systems over their life 

cycles. 

Time series: A series of values of a quantity obtained at successive times, often with 

equal intervals between them. 



xvi  

Unit of measure: A definite magnitude of a quantity, defined and adopted by convention 

or by law that is used as a standard for measurement of that quantity. Any other value of 

that quantity can be expressed as a simple multiple of the unit of measurement. 

Working capital: The capital of a business that is used in its day-to-day operations, 

calculated as current assets minus current liabilities. 

Work in process: The inventory of a company’s partially finished goods waiting for 

completion and eventual sale, or the value of these items. 

Z-score: A measure of how many standard deviations an element is from the mean. 
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Chapter 1 – Introduction 
 
 

1.1 Overview 
 

Inventory is defined as a complete list of items, such as property or goods in stock, or 

as the contents of a geographically defined space. For the purposes of this research and 

throughout this publication, we will focus particularly on inventory as the stock of goods 

and its various impacts on a specific business market. 

For many firms that engage in product transactions as their primary economic value 

proposition, inventory management is a significant concern for balancing the provision of 

competitive service to their customers (by making their products readily available) while 

maintaining the firm’s economic health (by not over-investing, by quantity or type, in 

goods that may not be demanded by customers). Considering this dynamic, the act of 

inventorying goods is systemically positioned to impact cash flow. Inventory investments 

tie up cash for an uncertain period of time, but they do provide faster customer order-to- 

cash cycle time by ensuring the right materials are quickly available when a customer 

creates a demand for the product. This situation of customer product demand uncertainty 

makes inventory management an exercise in managing risk; however, as inventory 

management is a systemic and generally repeating process, it can in some cases be 

process engineered to focus on optimal service and investments. 

As inventory investment is often a large percentage of a firm’s overall investments in 

support of its day-to-day operations, this circumstance suggests that optimal levels of 

inventoried goods (defined as raw material, work-in-process, and finished goods) may be 

a potential competitive differentiator in market competition. The Hackett Group, Supply 

Chain Digest, and other strategic consultants and business press entities view inventory 
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management—or more specifically, days of inventory outstanding—as one of the three 

pillars that make up the evaluation of working capital, a key performance indicator (KPI) 

of a publicly held corporation (Gilmore, 2017). 

The Electrical and Electronic (EE) supplies marketplace is no exception to the rules 

that impact the holding of goods inventories, and is the specific market of focus for this 

research, carried out from an operational engineering management perspective. For 

various reasons, many participants in this industry are only now turning their focus 

toward the optimization of inventory systems as potential drivers of competitive benefit, 

and in some instances, a fully systemic process with mathematical modeling has yet to be 

investigated. 

1.2 Motivation 
 

The impetus for this research emerged from the collaboration of three EE supplies 

distributors under a single holding conglomerate (all presently medium-sized businesses 

but engaged in efforts to further consolidate their operations), who sought to explore 

whether their current combined goods offerings exceed their portion of market demand, 

which could allow for the leverage of inventory investment cost reduction across these 

business units in regular operations. Each of the three businesses also, by means of the 

circumstances of their individual business maturation processes, currently limits the 

leveraging of inventory planning processes within the general settings of their respective 

electronic resource planning (ERP) software platforms with little added analytics. In at 

least one case, the standing process is as simple as observing the prior 45 days of 

customer demand for a product and conducting ad hoc conversations with internal 

customer-facing personnel. Clearly, this loosely organized system provides an 
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opportunity to be exploited. 
 

A study performed by the SCORE Association with the U.S. Small Business 
 

Administration revealed that after seven years only an estimated 31 percent of new 
 

businesses will still be in operation. While a variety of causes contribute to this 
 

reality, studies have revealed that poor inventory control is a top reason new 
 

businesses fail every year. (Scanco.com, 2018) 
 

It is not hard to find cause or reason to validate the importance of managing 
 

inventory: a quick Internet search will result in many examples like the one above. 

However, many small and medium-sized companies still consider product development, 

marketing, and sales to be their core competencies, and view inventory management 

investment actions (particularly concerning the acquisition of software tools to assist in 

inventory management) as unreliable efforts. With a litany of stories of software 

implementation projects going wrong, exceeding budget, and missing deadlines, one 

cannot really fault small and medium-sized businesses (for whom, compared to large 

businesses, the potential consequences of negative implementation results are more 

severe) for seeking cheaper methods of achieving a similar capability, even if this means 

a lower percentage of total capability gains. 

The uncertainties discussed above suggest that there is still an amplifying challenge 

not always recognized by small and medium-sized businesses. The supply chain for a 

product requires, throughout that product’s life cycle, a continuously enhancing process 

that objectively communicates tangible inventory performance data. This enables 

improved future decision making and planning in order to garner the greatest possible 

benefit from that product. Accordingly, the aim here is to develop a low-cost systemic 
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mechanism driven by EE marketplace feedback that signals customers’ product demand 

levels to the respective procurement organization, and applies proven quantitative 

forecasting techniques from other fields. As mentioned, the underdeveloped processes 

currently used by the three studied organizations create a scenario subject to error from 

seasonality, perception faults, and typical business risk aversion, so a full process 

development is reasonable. 

Pertinent to this study is that the EE distribution industry has an interesting set of 

unique characteristics. 

First, the products are generally intended for project-based installations consisting 

mostly of durable items with long product life cycles (e.g., large cabling, cement junction 

boxes). However, there are also affinitive products specific to the act of installation (e.g., 

lug-style wire termination parts, cable sleeves), some of which do have shelf-life 

considerations (e.g., adhesives, resins), and items intended for more regular maintenance 

use (e.g., covers, packing, bolts). Intuitively, this product mix may result in significant 

differences in demand levels, necessitating caution when reviewing velocity-measure 

data. 

Second, many EE products are variations of reel-based wire and cable, for which 

value-added service is provided by conversion of the primary quantity package into a 

sub-quantity package when meeting various demand quantities. 

Third, medium-sized distributors in this industry must balance inventory investment 

levels with local customer service ability in order to maintain market competitiveness; 

this is particularly challenging in this heavily commoditized market where service is the 

primary differentiator for most products. This dynamic has a significant impact on 
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competitiveness, as the financial burden to operate locally has to be balanced with the 

maintenance and growth of a customer base driven by service in the form of product 

availability. 

The combination of all these characteristics makes inventory management an 

exceptionally demanding task in the absence of an objective mathematical model and a 

set of analytics to describe inventory interaction with the EE marketplace. 

The inventory performance feedback signals of the three medium-sized EE 

components distribution companies studied here suggest performance short of investment 

potential; this reduces overall business performance and the ability to maximize service 

to the respective market. However, given the smaller business size of the organizations it 

is desirable that any developed solution be capable of application in a short time period 

and at a relatively low cost, even if this results in a reduced level of optimization. 

An engineering management approach to the inventory management process in 

combination with a base autoregressive integrated moving average (ARIMA) time series 

forecasting model will yield a repeatable procedure and data to support improved 

inventory investment financial returns at a low implementation and regular operating 

cost. This is the purpose of this research, which is guided by the following questions: 

Question 1. Can the use of engineering management techniques yield an improved 

yet low-cost process to increase inventory performance for the aforementioned 

distributors? 

Question 2. Is it possible to determine the merits of an inventory system-engineered 

process that leverages mathematical time series forecasting as an optimization 

technique to recommend relevant inventory levels for medium-sized EE distribution 
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networks? 
 

The hypothesis of this research is that using ARIMA time series calculations on 
 

historical demand data to develop a predictive model will accurately forecast customer 

demand for a given time period. 

It is currently unclear if an engineered system with time series forecasting can play a 

full or even partial role in improving inventory performance in the EE distribution 

market. Therefore, the key benefits of the knowledge generated by this research are 

thought to be: 

1) Determination of whether the results of synthesized procurement decision making 

via an engineered process with time series forecast modeling improve upon the 

results obtained with the current procurement decision-making process. If so, the 

research can also determine whether this suggests material purchasing can be 

reduced while still meeting market demands; 

2) Evaluation of the feasibility of applying an engineered system with time series 

forecasting as a sustained process; and 

3) Determination of whether the system and modeling can suggest procurement 

decisions going forward that maintain or improve inventory performance for a 

distributor in the EE market. 

These three points of new knowledge could play a strong role in advocating for the 

application of a low-cost system, as there are open-source software packages currently 

available that could facilitate this level of regular analysis if built into an organization’s 

process. 
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The scope of the data analyzed in this research is limited to the goods stocked by the 

three identified, contributing EE distributors and their recorded material demands. The 

operating and service area of the three business units researched is almost entirely 

contained within North America, and therefore, the dataset is limited to North American 

transactions. This is significant when considering lead times from suppliers and service to 

the target market. 

Materials that had not been demanded since 2015 were considered obsolete and not 

reviewed. Materials demanded for the first time in 2017 were considered newly 

introduced products; these would require a separate analytics strategy, as adequate history 

is necessary for time series analysis to be applicable. Accordingly, neither obsolete nor 

newly introduced materials were included in the analysis for this study. As mentioned 

earlier, many of these materials have extremely long life cycles, so the assumption that 

material that has not experienced demand for over three years is obsolete or without value 

may not be accurate. The assumption is not intended to imply these materials should not 

be evaluated in a different manner; they are omitted here only because the target of this 

study is to improve management of materials that require regular handling and 

monitoring. 

Of a selection of 5,076 different material SKUs over the three distributors, 19 SKUs 

were determined to be newly introduced and approximately 1,498 SKUs found to be 

obsolete, leaving some 3,559 SKUs to be analyzed in this research. The remaining 3,559 

different materials that are the subject of the analysis make up around 70% of the 

materials considered for stocking across the three distributors. 
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1.3 Praxis Organization 
 

This praxis consists of five chapters. Chapter 1 is an overview and definition of goods 
 

inventory, the challenges and values it presents, and the context of this research and its 

goals. 

Chapter 2 provides a comprehensive literature review of three topics that are all 

interrelated in this research: 

1) Goods inventory and its management, in the context of the challenges and values 

it creates and general curation methods; 

2) Systems engineering as a discipline, and how it can affect the performance and 

effectiveness of inventory investments; and 

3) How EE supplies distribution networks function, and how they might leverage 

systems engineering in their inventory management for financial performance 

improvement. 

Chapter 3 presents the application of an engineered system approach and 

methodology with mathematical modeling, to be examined as a potential operational 

improvement to replace current processes. 

Chapter 4 conveys the observed results of the previous chapter’s application (along 

with those of an additional live application that emerged during the research process) and 

discusses the potential value of its operational implementation, as suggested by the 

results. 

Chapter 5 acts as a summary of the research and derived conclusions, and provides a 

number of recommendations for further development and future research. 

The methods of controlling the costs associated with the goods inventories of 
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products providers are well studied, and the various application challenges, limitations, 

and values are well documented. Chapter 2’s literature review will reflect these 

particulars, and yet display how an innovative multidisciplinary approach may be able to 

engineer improved performance and value in an inventory system at a low 

implementation cost. Different planning and policy concepts will be covered, and with 

those notions in mind, techniques used in systems engineering will be explored in an 

effort to relate them back to the operations of the target market. 
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Chapter 2 – Literature Review 
 
2.1 Inventory: Its Definition and Purpose 

 
A number of sources provide definitions for the term inventory. The following, from 

BusinessDictionary.com, seems to capture the main points of most available definitions, 

and even provides some financial context that adds to this research. It defines inventory 

as: 

1. An itemized catalog or list of tangible goods or property, or the intangible 

attributes or qualities. 

2. The value of materials and goods held by an organization (1) to support 

production (raw materials, subassemblies, work in process), (2) for support activities 

(repair, maintenance, consumables), or (3) for sale or customer service (merchandise, 

finished goods, spare parts). 

The value of an inventory depends on the valuation method used, such as first-in, 
 

first-out (FIFO) method or last-in, first-out (LIFO) method. As inventory is often the 
 

largest item in the current assets category, GAAP [generally accepted accounting 
 

principles] require that inventory should be valued on the basis of either its cost price 
 

or its current market price whichever is lower of the two to prevent overstating of 
 

assets and earning due to sharp increase in the inventory's value in inflationary 
 

periods. The optimum level of inventory for an organization is determined by 
 

inventory analysis. (BusinessDictionary.com, n.d.) 
 

Holding inventory for production or resale is not a rare thing, and well managed 

inventories with repeatable, sustained, inter-functionally connected processes have clear 

advantages. They maximize the use of capital investment dollars; optimize space usage, 



11  

thereby reducing overall real-estate needs; and ensure a provider is ready to serve at short 

notice, attracting the immediate-need customer and making the provider more 

competitive in the open marketplace. However, holding inventory is not without risk, 

including over-investment in new products, failure to adjust to end-of-product life cycle 

trends, and poor management of the procurement chain in situations of change. Logically, 

this risk is amplified for finished goods versus raw materials, as raw materials are more 

likely to find a repurposing solution in an alternative finished good. Thus, the scrutiny of 

finished goods stocks should be prioritized. 

Poorly managed inventory can threaten the business longevity of a products- 

providing entity, as reported by the SCORE Association and U.S. Small Business 

Administration. For example, in 1999 Kmart was engaged in a price war with Walmart as 

providers of like products. While Walmart adopted a more contemporary just-in-time 

inventory system that allowed it to develop inventory relevance towards its demand, 

subsequently lowering its operational costs and thereby its prices, Kmart failed to adjust 

its systems. Kmart’s inventory burdened its working capital levels and forced it out of 

price competition, contributing to its later bankruptcy (Trujillo, 2018). More recently, 

apparel icon Ralph Lauren began to experience significant inequality in its supplies 

versus demands for its products; consequently, in 2016, after major leadership changes, 

the company was worth only half of its US$16 billion dollar value of four years prior 

(Trujillo, 2018). These examples highlight the urgency and detailed attention that 

inventory systems should treated with in order to create and sustain a product-provision- 

driven business entity. 

To conduct a fair due diligence into this subject matter, a literature review was 
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executed and is summarized below in Table 2-1. This review reflects that while there is 

no a methodology to create an errorless inventory system, there are trends reflecting 

elements that often lead to higher rates of performance. This review breaks the inventory 

system into eight policy or strategy categories to assist in evaluating those categories for 

systemic development potential. 

To determine a system and methodology for achieving a high-performance inventory 

program, it is wise to review some of the traditional inventory management tactics and 

definitions that have fashioned industry perspectives and, in many cases, successfully 

guided products companies to their current status. 

 

2.1.1 What is Inventory Management? 
 

The role of inventory management is to determine the most advantageous policies to 

distribute inventories most effectively. These policies to a major extent reflect the 

environment in which a company operates (Muckstadt & Sapra, 2010). Many different 

factors can play a part in how the most effective distribution of inventories is achieved; 

however, for products companies in general the focus is on how to best balance service 

level to the customer (defined as the percentage of total orders for which the demanded 

quantity of specific stock goods are on hand when requested) with days of inventory 

outstanding (GAAP calculate this by dividing total inventory value on hand by the 

average daily inventory value sold, both based on procurement price) in an effort to 

provide for the relevant market while keeping the working capital stable and the balance 

sheet healthy. 
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Table 2-1 
 
Review of Inventory System Components by Policy or Strategy Category 
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2.1.1.1 Why Hold Inventory 
 

Inventory has many different effects on both a firm’s operations and its results. As 

mentioned earlier, the holding of inventory is at its core an action of managing risk and 

accounting for a number of customer requirements to keep the business competitive in  

the marketplace. Max Muller, in his Essentials of Inventory Management, identifies six 

key reasons to hold inventory: 

• Predictability: To engage in capacity planning and production scheduling. 
 

• Fluctuations in demand: A supply of inventory on hand is protection (to 

ensure customer service). 

• Unreliability of supply: Inventory protects you from unreliable suppliers or 

when an item is scarce and steady supply is difficult to ensure. 

• Price Protection: Buying quantities of inventory at appropriate times helps 

avoid the impact of cost inflation. 

• Quantity discounts: Often bulk discounts are available if you buy in large 

rather than small quantities. 

• Lower ordering costs: If you buy a larger quantity of an item less frequently, 

the ordering costs are less than buying smaller quantities over and over again. 

(2011, p. 3–4) 

However, even though inventory protects against many risks, if left unchecked it can 

easily become a business anchor and can suffocate cash flow as a result of time in 

holding. 
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2.1.1.2 The Cost of Holding Inventory 
 

A key ingredient to understanding an inventory’s relationship with value and cash 

flow is the cost of housing the inventory. Before the details of this cost are explained, it is 

important to remember that this connection operates on a time-sensitive basis: that is, 

holding costs are recurring for as long as the inventory is held, much like rent costs for 

the inventory’s “accommodation.” 

Factors involved in calculating the total cost of carrying inventory generally fall into 

these categories: (1) warehouse space, (2) taxes, (3) insurance, (4) obsolescence and 

shrinkage, (5) material handling, and (6) cost of money invested. An example of typical 

costs to hold inventory is provided in Table 2-2. 

 
 
Table 2-2 

 
List and Weighted Values of Typical Inventory Holding Costs 

 

 
Percentages represent fraction of total cost. Adapted from Richardson (1995). 
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The summation of these annualized costs divided by average inventory value is 

known as the carrying cost rate or, as Muller (2011) refers to it, the K factor. Muller also 

provides a rule of thumb: that the K factor be about 20% of cost plus the prime lending 

rate (he provides an example of around 26% annually). At face value, this would lead one 

to assume that at some point, fewer than five years from purchase, one would become 

mathematically unable to profit from the sale of the product and would, in fact, begin to 

lose money on that particular inventory investment. 

Included in this cost-of-holding conversation is the need to visualize the physical 

space interaction with respect to scale and associated storage limitations that product 

inventories inevitably encounter. In Figure 2-1 below, Shapiro and Wagner provide a 

graphical representation of the relationship between the housing space available for an 

inventory and the extent to which that inventory utilizes the allotted space as part of their 

cost of holding. They bring this to light because there needs to be clarity around the 

consideration of economies of scale when, over a time period, higher throughput volumes 

are achieved. It is worthy of mention that each material competes with others for the 

limited space, thereby moving the storage capacity mark for each material as quantity-to- 

hold decisions are made. 

These concepts all serve as motive to seek support to closely manage material 
 

procurement and monitor inventory levels. Figure 2-1 below shows graphically how the 
 

financial and physical interact with c1> c2 reflecting economies of scale with throughput 
 

above D1 over the time with the material in a given location. The curvature shows the 
 

advantages of leveraging the use of high percentages of available capacity. 
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Figure 2-1. The relationship between holding costs and storage capacity as varying 
 

quantities of material flow through available storage capacity. (Shapiro & Wagner, 2009). 
 
 
 

2.1.1.3 The Process of Inventory Purchasing 
 

The complex act of ordering materials, be they finished goods for retail or raw 

materials for processing, requires its own place in the pantheon of inventory 

management. To begin, the structure of a purchase order (PO) is important as it is used to 

create a unit of measure, one that can be rather variable in value. A PO is a single, 

formally recorded communication of a request for goods to an external providing entity, 

with a minimum order of one item or fraction of one unit of measure of quantity (referred 

to as one line item) and no real limiting maximum order. 

As further explanation, take the practical example of an office manager who places an 

order for one pen to an office products provider. This would be one order with one line 

item (likely listed as the SKU or part number of the pen) with a quantity of one. If that 

same manager were to order three tablets, four cases of paper, and 10 printer ink 
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cartridges, this would be one order with three lines (which list the identification numbers 

of the tablet, paper, and ink), in quantities of three, four, and ten respectively. It is also 

(for further conversions around efficiency metrics) good to note that while three tablets 

and ten ink cartridges may be easy to work with in preparation for shipping to a 

customer, four cases of paper are significantly more physically demanding due to their 

weight, yet in this context the four cases of paper have the same line value as the tablets 

and ink. 

These definitions are important for understanding operational procedure, as 

typical practice when measuring purchasing operational costs is to do so in cost per PO 

line, which most closely represents a measure of purchasing workload. 

Although you should only have the minimum amount of inventory on hand 

required for either production or distribution, be careful not to purchase small 

quantities over and over again. Buying quantities in small amounts frequently will 

lead to an excessive cost of replenishment. (Muller, 2011, p. 46) 

 
 

2.1.1.4 Methods of Evaluating Inventory Performance 
 

When looking to quantitatively understand how well inventory is performing, we 

see that the evaluation must include how well the stocked inventory addresses the 

customers’ demand in the market while simultaneously minimizing investment and 

operational costs. These are traditionally measured in two metrics: level of service and 

days of inventory outstanding respectively. Figure 2-2 demonstrates the key relationships 

between functions and their material measures. 
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Figure 2-2. Measurement of inventory system performance (Syntetos, Nikolopoulos, & 

Boylan, 2010). 

 
 

Service level and days of inventory outstanding are both rather simple to calculate 

(assuming like definitions are adhered to): 

1) Inventory service level is the number of order lines for which inventory is present 

and therefore shipped to a customer from the desired location at the time of the 

initial request, divided by all lines requested from that location over the same time 

period (shipping failures, while included in overall customer service level, should 

not be included here as the intention is isolate the measure of inventory stocking 

effectiveness). 

2) Days of inventory outstanding is a financial approach to viewing an inventory’s 

impact on working capital and is determined as stated in Section 2.1.1 (Gilmore, 

2017). 

The relationship between these two measures determines the effectiveness and 

performance of a provider’s inventory management program. 
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2.1.2 Inventory as Managing Risk and Investing in Service 
 

As noted above, the activity of holding inventory is an investment in both financial 

performance and customer relations. 

Traditional inventory models focus on characterizing replenishment policies so as to 

maximize the expected total profit, or equivalently, to minimize the expected total 

cost over a planning horizon. (Chen, Sim, Simshi-Levi, & Sun, 2007) 

Essentially, the entire practice can be summed up by stating that a product provider is 

taking a bet that they are capable of selecting items to hold that will be demanded by the 

customer, at the right time, in the right quantity, and in the right place. 

It is worth pointing out that due to common consciousness of the obvious 

uncertainties (or risk) of open marketplace product demand there is not a social 

expectation of perfection in the selection of inventory items to hold or their quantities, 

thereby allowing for artificially inflated confidence in the “bet.” It is equally notable that 

there is generally a threshold range of accountability along total material-on-hand value 

measures that is usually in place for procurement entities. 

Another factor in the evaluation of the motivation behind stocking decisions is that 

often, from the customer’s perspective, a provider holding too much material would not 

generally be regarded as a problem. Instead, customers would view this as improving 

their likelihood of receiving on-time service; this perception may drive some bias even 

within departments of a products providing organization, where performance may be 

evaluated based on service levels or revenue. These points of decision making impact 

should be considered at the individual level as they can adversely affect the approach set 

forth by a company’s policy to achieved desired performance goals. 
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According to expected utility theory, the decision-maker’s objective is to maximize 

the expectation of some appropriately chosen utility function of the decision-makers 

payoff. Such a modeling is established mathematically based on an axiomatic 

argument. That is, based on a certain set of axioms regarding the decision-maker’s 

preference over lotteries, one can show the existence of such a utility function and 

that the decision-maker’s choice criterion is the expected utility. (Chen, Sim, Simshi- 

Levi, & Sun, 2007) 

2.1.2.1 Inventory Management and Demand Planning 
 

The role of inventory management, as mentioned, “is to determine policies that create 

and distribute inventories most effectively” (Muckstadt and Sapra, 2010), and to that end 

we look toward the various systemic functions within the inventory management 

discipline. 

The situation explored in this research has a unique set of environmental features: 

First, the three EE distributors supply component parts to manufacturers, but also supply 

the same items to other distributors as finished goods. Second, they provide a low- 

complexity value-added service by modifying material, such as cutting wire lengths from 

large wholesale reels to smaller customer-specified lengths. These dynamic demands 

from stock continue on a recurring basis, which intuitively suggests their inventory 

management system should develop a specified planning cycle. 

The cycle of material procurement is from customer order to provider delivery, which 
 

causes an inevitable material flow as shown in Figure 2-3. This displays the elements to 
 

be considered in the development of the demand planning portion of the management 
 

system and its accompanying policies. 



22  

𝑻𝑻 

 

 
 

Figure 2-3. Cycle stock and safety stock in the cycle of materials procurement. 
 

(Muckstadt & Sapra, 2010). 
 
 

One such specific policy, indicated in Equation 2.1, is that of holding safety stock, 

“inventory that is carried to prevent stock outs” (King, 2011). This additional risk 

management technique comes with extra inventory costs. A practical way to think about 

safety stock is as a buffer to protect against significant differences between real and 

planned-for demand. 

One preferred method of determining safety stock levels is the use Equation 2.1, 

provided by the American Production and Inventory Control Society (APICS) for “when 

both demand variability and lead time variability are present” (King, 2011): 

𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺 𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺 = 𝒁𝒁 ∗  √(𝑷𝑷𝑷𝑷 ∗ 𝝈𝝈𝑫𝑫𝟐𝟐 ) + (𝝈𝝈𝑳𝑳𝑳𝑳 ∗ 𝑫𝑫𝒂𝒂𝒂𝒂𝒂𝒂)𝟐𝟐, (2.1) 
𝟏𝟏 

 

where Z is the Z-score associated with the desired level of service; PC is the performance 

cycle, another term for total lead time; T1 is the time increment used to calculate the 

standard deviation of demand, denoted σD; σLT is the standard deviation of lead time; and 

Davg is average demand. 
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𝑫𝑫 

In the case of the three EE distributors studied, historical practice was not to capture 

lead times for individual POs but to record only an updated average (it will be suggested 

that this be changed going forward). This means that calculating the standard deviation of 

historical lead times is not possible; therefore, the less preferable general safety stock 

calculation will be used for this study’s analysis and forecasting: 

𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺 𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺  = 𝒁𝒁 ∗  √(𝑷𝑷𝑷𝑷 ∗ 𝝈𝝈  ). (2.2) 
𝑻𝑻𝟏𝟏 

 
 
 

2.1.2.1.1 Material Requirement Planning in Inventory Planning 

Three distributors in this research apply MRP (material requirements planning) as 

their tool for controlling inventories, orders, and other financial requirements. MRP in 

this current setting is used for order management and processing; it can also be used for 

demand planning but, due to software cost, is perceived as unfeasible at this level of 

business. When demand planning functionality is in use, “MRP is used to tell when to 

order and when to manufacture (add value), based on demand” (Chatpattananan, 2004). 

Chatpattananan explains standard MRP ordering policy as follows: the order at time t, Ot, 

is the quantity needed to bring inventory back to the target level T in time period t + L 

(lead time) (see Figure 2-4). This is the up-to-the-target ordering policy that minimizes 

variation in inventory. 
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Figure 2-4. Standard MRP or infinite loading ordering policy, where I is inventory, Z is 

demand, O is order quantity, and F is forecast demand (Chatpattananan, 2004). 

 
 

The purpose of using MRP loading order policy is that it is interactive in absorbing 

forecast changes, which can be caused by demand fluctuations, bulk buy opportunities, 

and so on, and can consider them in a given time period. It also serves as the stationary 

base line for auto regression and moving average calculation elements that allow 

purchasing decisions to reduce variation in ordering. 

Fundamentally, MRP houses the calculations and historical details and executes the 

analysis in the most generic sense of the determined best calculation fitting the business 

environment in which the inventory holder operates. 

 
 

2.1.2.2 Inventory Management & Ordering Policy 
 

Muckstadt and Sapra (2010) write: There are four fundamental questions that must be 
 

answered when managing inventories. 1) What items should be stocked in a system? 
 

Clearly depending business goals. 2) Where should inventory items be stocked? 
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Should all locations stock the same item types? 3) What quantities should be ordered 
 

when an order is placed? These factors determine the answer to question 4) When 
 

should an order be placed? 
 

An inventory policy addresses these issues and, in many cases, enlists the support of a 

fully designed system with associated procedures, automation, and modeling tools to 

assist in operationalizing in a manner that drives progress toward business objectives. 

2.1.2.2.1 Ordering Policy Calculations 
 

To minimize variation in demand forecasting over time, one can apply a smoothing 

policy to the standard MRP policy described in Section 2.1.2.1.1 The ordering policy 

used in forecasting for this study is applied in a base ARIMA with smoothing to 

minimize variation in demand used to forecast future need. An important ability in an 
 

ordering policy is to reduce the impact of uncertain customer demand on inventory 
 

replenishment ordering quantities to gain operational efficiency while still adjusting to 
 

demand levels in a way that reduces over and under stocking of goods. To do that the 
 

ARIMA generalized order starts at a finite differencing order (see Equation 2.3) and 
 

adjusts over time in the linear system of equations. This provides a weighted smoothing 
 

to apply to Ot (order quantity at a given time) and prevents a wave or bullwhip effect in 
 

the inventory levels. This effect can be caused by constantly trying to chase a fixed 
 

inventory point by ordering policies that work to perfectly calculated inventory levels. In 
 

the model studied here it adjusts the standard MRP calculation for more regulated 
 

replenishment order quantities on a more regular basis. This allows the model to leverage 
 

the value of the lead time to minimize on hand inventory levels while still providing a 
 

high percentage of order fulfillment. 
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𝑡𝑡 

𝑖𝑖=0 

Chatpattananan’s (2004) research provides the following linear system of equations 

for ARIMA (p; 0; q) generalized order: 

𝑑𝑑 
 

 

𝑑𝑑𝑑𝑑 
𝑉𝑉𝑉𝑉𝑉𝑉(∇0𝑂𝑂 ) = 𝑑𝑑 

𝑑𝑑𝑑𝑑 
𝑉𝑉𝑉𝑉𝑉𝑉(𝑂𝑂𝑡𝑡) = 0 (2.3) 

 

(where ∇𝑑𝑑𝑂𝑂𝑡𝑡 is the first differencing order) 

is 
 

𝑆𝑆−1 
𝑑𝑑 

 
 

𝑑𝑑𝑑𝑑0 
= 2𝛽𝛽0 − 2 (𝐾𝐾 − ∑ 𝛽𝛽𝑖𝑖) = 0 

𝑖𝑖=0 

 
 

 

𝑑𝑑 
 

 

𝑑𝑑𝑑𝑑1 

 
= 2𝛽𝛽1 

𝑆𝑆−1 

− 2 (𝐾𝐾 − ∑ 𝛽𝛽𝑖𝑖) = 0 
𝑖𝑖=0 

 
 

 

𝑑𝑑 
 

 

𝑑𝑑𝑑𝑑2 

 
= 2𝛽𝛽2 

𝑆𝑆−1 

− 2 (𝐾𝐾 − ∑ 𝛽𝛽𝑖𝑖) = 0 
𝑖𝑖=0 

 
 

 

. . . 
 

. . . 
 
 
 

𝑑𝑑 
 

 

𝑑𝑑𝑑𝑑𝑆𝑆−1 

. . . 
 

= 2𝛽𝛽𝑆𝑆−1 − 2(𝐾𝐾 − ∑𝑆𝑆−1 𝛽𝛽𝑖𝑖) = 0, 

 
 

(is the 1st ordering period after differencing order) 

(is the 2nd ordering period after differencing order) 

(is the 3rd ordering period after differencing order) 

(is the nth ordering period after differencing order) 
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where d is demand; β is the weight; S is smoothing period; ψ is the next variable value; K 
 

is equal to 1 + (S + LT) where LT is lead time (1-θ); and 
 

𝑆𝑆−1 

𝛽𝛽𝑖𝑖  = 𝐾𝐾 − ∑ 𝛽𝛽𝑖𝑖 
𝑖𝑖=0 

 
where i = 0, 1, 2, …, S – 1 and K = 1+y1+ y2+…+yS+L; hence, 

 
β0 = β1 = β2 = … = βS = K/S+1 =  (1 + y1+y2+…+yS+L / S+1) (2.4) 

 
Equation 2.4 is “the set of optimal smoothing weights βi for i = 0, 1, 2, …, S – 1 for 

the smoothing ordering policy for that minimizes the variation in differencing order for 

ARIMA (p; 0; q) model” (Chatpattananan, 2004). Variations in demand in conjunction 

with lead times cause higher variations in inventory with standard MRP calculations, and 

the ARIMA smoothing calculation works to reduce the impact of that variation. 

This ordering policy with ARIMA (p, 0, q) model calculation technique can allow 

procurement teams to take actual historical data and, within a range, forecast future 

demand. Naturally, the accuracy of such forecasting is dependent on product 

characteristics and intended use (e.g. consumables versus durables). One significant value 

of this technique is the ability to scale this calculation to apply for any demand, with any 

operational lead time, over any smoothing period; only the accuracy is of concern, based 

on the abovementioned factors. 

2.1.2.3 ARIMA in Inventory Management 
 

ARIMA was developed to address practical problems related to time series (such as 

planning, production control, and optimization of processes) and was published in 1976 

by George Box and Gwilym Jenkins (Box, Jenkins, Reinsel, & Ljung, 2015). 



28  

There are many options for modeling. The current modeling in place with the three 

studied distributors resembles the use of a simple moving average, and that has helped 

these organizations achieve their current level of success: simple moving averages are 

strong gauges of trends and are, as the name implies, rather simple to use. Exponential 

smoothing could also be used; however, it is a hard sell to customer-facing entities, like 

sales or marketing personnel, because by its nature data is removed, and that removal can 

be seen as indifference to actual customer market signals. There are also the neural 

network and Croston methods, the prior referring to machine learning, which could hold 

significant merit although resource constraints eliminate it from consideration. The 

Croston method, on the other hand, should be considered because, historically, it 

performs historically well for products with intermittent demand. It could be surmised 

that the Croston method’s use of separately forecast demand and interval arrival times 

between bursts of demand with exponential smoothing maybe make it a compatible 

hybrid partner with ARIMA to improve total predictive accuracy with product lines 

whose order velocities vary from material to material. “Croston’s (1972) method is the 

most widely used approach for intermittent demand forecasting (IDF), and involves 

separate simple exponential smoothing (SES) forecasts on the size of a demand and the 

time period between demands” (Shenstone & Hyndman, 2005) The idea is that a total 

management solution would address best forecast accuracy methods for fast- and slow- 

moving materials. The only application challenge would be determining what set of 

parameters a SKU needs to best fit each model as these may vary on a case-by-case basis. 

The strength of ARIMA is when there are large amounts of data points, it will adjust 

for trends, seasonality, cycles, and non-stationary when making its forecast. It is also 
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widely available in current statistical tools. 
 

In the construction of a model to support policy it is important to understand that not 

all dynamics that affect the policy can be captured by a structured model in its generic 

calculation. This should be addressed as part of the systemic solution via a manual review 

process of forecast accuracy followed by calculated adjustment for trends to service (i.e., 

if a growth trend has historically created actuals 5% greater than recent forecasting, it is 

logical to adjust forthcoming forecasting up by 5–7% to ensure service, assuming 

historical seasonality has been considered). However with a known repeatable, 

approximately accurate calculation that is then logically grounded in live operations we 

find that: 

With demand in an ARIMA form, we can derive its corresponding forecast demand. 

Then present the interrelationship between the inventory, demand, and orders in 

which we propose the standard MRP/ERP ordering policy as the order policy.” 

(Chatpattananan, 2004) 

2.2 Engineering Management with Systems Engineering and Inventory 
 

The act of holding inventory is best considered as an application of engineering 

management with strong use of systems engineering because of two factors, complexity 

and value. There is significant complexity involved in achieving best possible 

performance in the two key metrics of (1) inventory service level and optimized holding 

costs, and (2) the value provided by reaching those achievements, as reflected in Table 2- 

2. 

“The function of systems engineering is to guide the engineering of complex 

systems” (Kossiakoff, Sweet, Seymour, & Biemer, 2011). The primary issue here is that 
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inventory has to be guided in order to be successful, and all interactions with an 

inventory—planning and forecasting, control, order handling, and financial accounting— 

reflect a set of steps and decisions that are complex on a level that could rival the most 

sophisticated machines. 

2.2.1 What is a System and What is Systems Engineering? 
 

Systems engineering is a technique within the various skill sets of engineering 

management that can assist us in clarifying our understanding of the inventory supply 

chain. The definition of a system can be very broad in context; for the purposes of this 

research we will refer to a system as “a set of interrelated components working together 

toward a common objective” (Kossiakoff, Sweet, Seymour, & Biemer, 2011) This works 

well as it implies complexity, and in this research all the interworking pieces of an 

inventory supply chain will naturally cross-functionalize to drive successful service. 

To engineer, in this research, means “to arrange, manage, or carry through by skillful 

or artful contrivance” (Dictionary.com, 2018). With these definitions in mind, this 

research considers systems engineering to entail arranging and managing a set of 

interrelated processes that hold meaningful operating relationships toward a common 

goal. 

 
 

2.2.2 An Engineering Management Approach to the Inventory Planning Process 
 

Inventory supply chains (when approached from the perspective of engineering 

management) consider the processing of all products from raw material to customer and 

back again to be exceptionally complex and to require broad knowledge: about materials 

production, demand planning, procurement, transportation and transport, warehousing 
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and facilities design and management, product management, automation and equipment, 

reverse logistics, and finance and operations research analytics. These are all 

organizational structures and building blocks that have regular interactions within 

engineered inventory and supply chain management, and they begin to define the 

system’s hierarchy levels. Borrowing from the hierarchy concepts of Systems 

Engineering Principles and Practice, Table 2-3 adapts the EE inventory system design 

hierarchy (Kossiakoff, Sweet, Seymour, & Biemer, 2011). 

In this research we will focus on operational portions of two sub-components within 

the whole of the supply chain system: demand planning (with a forecasting model) and 

ordering. 

 

Table 2-3 

EE Demand Planning System Design Hierarchy 
 

 
Source. Kossiakoff, Sweet, Seymour, & Biemer (2011). 
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For more specific detail, it is often helpful to list the specifics of the system in 

accordance with an industry standard method, the International Council on Systems 

Engineering (INCOSE) terminology approach to hierarchy within the system (INCOSE, 

2015). This is illustrated in Figure 2-5 to show where in the system this research will 

apply modeling in effort to realize potential improvements in application. 

 
Figure 2-5. EE distributor demand planning system hierarchy in INCOSE format. 

 
Figure 2-5 approximates the current demand planning organization in place in the 

three EE distribution entities studied. The INCOSE format helps identify to potential 

locations for added functionality as improvement needs are assessed. 

2.2.3 Measuring Inventory Cost Management Process Control 
 

In inventory management, accuracy is often defined in dollars rather than in actual 

physical units … the dollar value of product does not reflect exactly what items are in- 

house. For example, imagine you sent out a thousand cases of peaches to a customer 

rather than the thousand cases of pears actually requested. An annual inventory would 

reflect an overall dollar value roughly equal to whatever it would have been even if the 

correct item had been shipped. Therefore, our shelf count is off a thousand over for one 

SKU and a thousand under for another with no discrepancy in accuracy—if accuracy is 

measured in dollars. (Muller, 2011) 
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This method of measuring accuracy in dollars contributes to the perception that 

inventories are accurate, and yet confusion arises when service levels are low, possibly 

caused by stock-outs. In order to reflect the performance of both financial and physical 

inventory and reduce possible confusion, a set of attribute control p-charts like that in 

Figure 2-6 can be employed to measure the proportion of forecasting accuracy and stock 

value accuracy defects, at the item, SKU, or part-number level. These will be tracked and 

aggregated in sub-groups based on order-rate velocity of item demand, as the nature of 

this velocity creates a strong set of common attributes when making stock decisions. 

 
 
 

 
Figure 2-6. Attribute control P-chart for proportional control measurement. 

 
 

There are a number of different control charts, all with different characteristics meant 

for different data types, that one can input numbers into to generate an output. The 

applicability and accuracy of that output can create misinformation if chart-type selection 

is not done appropriately. So it is imperative the correct charts are selected for the data 

type being analyzed. Here we will use time-series-based attribute data and consider 
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accuracy in terms of both percentage of units and dollar value; this dictates that we use a 

P-chart-style control chart as they are designed to track proportionate non-conforming 

data and can be used with either constant or varying sample sizes. 

 
 
2.3 Setting and Context: The EE Distribution Market 

 
The business purpose of the researched EE distributors is to provide specialty products 

and services to a variety of industries and markets, and to be comprehensive cable and 

connectivity providers in North America. These are medium-sized companies with 

annual revenues of between US$50 and $200 million. Their core products fall into three 

categories: 

• Broadband for the critical products and services needed by independent 

telephone companies, utilities, municipalities, electrical co-ops, wireless 

providers and their contractors, tower owners, and more; 

• Manufacture of custom electro-mechanical assemblies, cable assemblies, and 

box builds; customer support in the telecommunications, military, industrial, 

and transit markets; and 

• A range of electronic wire and cable, shrink tubing, fiber optics, connectors, 

and terminals; associated EE products for the military and shipbuilding, oil 

and gas, and industrial markets, the pleasure craft marine industry, the 

industrial marketplace, and telecom, data center, and battery markets. 

Figure 2-7 illustrates how the physical inventories of the studied organizations are 

stored, to provide visual reference for the materials discussed and, in some cases, their 

special handling needs. 
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Figure 2-7. EE distribution inventory warehousing for the three studied organizations. 
 
 
 

2.3.1 Fulfillment and Distribution Networks 
 

There are a number of different distribution models, each with different dynamics and 

complexities. As seen in Figure 2-8, the EE distributors being researched have the same 

characteristics as a 

… two-echelon distribution network model for service parts, consisting of a central 

warehouse and a number of local warehouses. All the customers are dispersed among 

the local warehouses based on their relative positions, i.e., a customer would be 

assigned to the closest local warehouse. We assume customer demand follows an 

independent, the local warehouses are supplied with the stock from the central 

warehouse, whenever a customer request arrives at a local warehouse, the demand 

would be satisfied from the stock on hand, if available, in case of a stock-out at a 

local warehouse, customer demand is satisfied by an emergency lateral transshipment 

(ELT) from a neighboring local warehouse holding the required stock. If none of the 

local warehouses are able to satisfy the demand, the demand is then satisfied by a 
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direct delivery from the central warehouse. (Alfredsson and Verrijdt, 1999) 
 

The only deviation from this description is that the central warehouse is, in this 

research, referred to as the inventory supplier. This is relevant in the context of this 

research as it positions inventory planning in a way that impacts performance of the 

entire network. 

 
 

 
Figure 2-8. Dynamics of the EE customer fulfillment chain. 

 
 
 

2.3.1.1 The Service Value of the Network 
 

In order to assess the value of improved inventory performance, the value of the 

distribution network needs to be understood. We consider the distribution network to be 

all internally controlled entities (usually facilities like warehouses or manufacturing 

plants) that hold inventories for distribution to customers. To be effective as a distribution 

network, “supply chain strategies must be aligned with corporate or business unit 

objectives. The advantage of aligning supply chain strategy to business strategy is that it 

can increase revenue, reduce costs and improve competitive advantage” (Gattorna, 2003). 
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Part of the alignment of the network is always a question of scale, the purpose of a 

warehouse is to provide service in a timely manner which geographically it would be 

positioned to do, however price (particularly with commoditized products) generally 

plays a larger role in customer decision making, so clearly if retaining a facility drives a 

business’ costs too high to allow for a competitive product price point the facility would 

act as a financial anchor. This is where a balancing of transportation and facilities costs 

make a value claim for regular comparative review, and where facility contract policies 

can sway intermediate term financial effectiveness. This is particularly true with the way 

North American transportation has developed with the rise of companies like UPS and 

FedEx amongst others during the last two to three decades. 

 
 

2.3.2 EE Distribution Centers 
 

The distribution networks of the three EE distributors each have their own facilities 

(although efforts are being made to integrate and, in some cases, consolidate facilities). 

Distributor 1 retains facilities in the Boston, MA area; Chicago, IL; Atlanta, GA; and 

Tempe, AZ. Distributor 2 has facilities in Philadelphia, PA; Dallas, TX; and Seattle, WA. 

And Distributor 3 has locations in the Norfolk, VA area; Houston, TX; and San Diego, 

CA. The next sections explore, via a physical review and interview process, the EE 

distribution center guidelines for the operation of different functions inside the facilities 

that interact with inventories on a regular basis. It should be noted that these centers, as 

well as servicing manufacturers and other distributors, also carry out direct-to-customer 

fulfillment, so the terms fulfillment center and distribution center are synonymous in this 

context. 
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2.3.2.1 Receiving and Put-Away Operations 
 

Received material is processed and entered into MRP the same day. Materials 

placed in the MRA (returns) area are reviewed and any issues resolved within 30 days of 

receipt. PO receipts are to only be processed using the vendor’s packing list. If the 

packing list is not included with the shipment, the vendor is contacted for an emailed 

copy. Visual inspections of the materials are performed before removing it from the 

delivery vehicle. If any damage is found during this preliminary inspection, it is reported 

immediately to the driver and the facility manager or designee. At that time a decision 

will be made on whether to unload the shipment or to refuse it. 

All wire and cable products received are physically verified with the vendors’ 

specification; 100% visual inspection is performed on all reels for labeling, wire/cable 

color, and print legend verification. 

Having accepted the material and attaching the product ID bar code label, the material 

is placed into stock or, in the case of an immediate turnaround, forwarded to the shipping 

area. An inventory location for any new material is determined prior to material being 

placed in the identified location. Locations are numerically labeled on warehouse 

shelving or floor locations. If the facility is online using MRP then the transactions are 

performed electronically and the packing slips filed. 

Hazardous material is placed in the appropriate storage area after completion of 

receipt processing. State and local regulations determine HAZMAT storage requirements 

for each location. 
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2.3.2.2 Inventory Controls Operations 
 

The appropriate identification and traceability of products supplied to and shipped 

from an EE distribution location is maintained. Each product is uniquely identified during 

the receiving inspection, storage, splitting, and delivery processes such that the 

information allows the differentiation of one product from another. All products retain 

the original manufacturer’s markings throughout the process. 

Many EE products have specific limited shelf lives, which define the period of time 

for which the manufacturer guarantees the product. The shelf life may be dependent on 

the conditions in which the product is stored. Careful attention to shelf life, expiration 

date, and storage conditions helps ensure that the EE distributors ship quality products 

and minimize inventory obsolescence. Stock is rotated on a first-in, first-out (FIFO) 

basis. 

Inventory is cycle-counted for accuracy on a velocity basis, with items prioritized by 

demand frequency and categorized into groups A, B, and C, with velocity thresholds of 

minimum demand once every 30, 90, and 180 days respectively. These groups are 

counted for accuracy adjustments quarterly, semi-annually, and annually respectively. 

During receiving, cycle-counting, and order processing any product with identified 

damage is removed and systemically adjusted for in ERP. 

 
 

2.3.2.3 Pick Pack and Ship Operations 
 

All customer orders are processed and shipped per the contractual requirements and 

company policy. Customer orders may be transmitted or ship-confirmed via a customer- 

supplied computer system or processed through the in-house computer system. 
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The customer care group forwards pick tickets to the warehouse manager, or releases 

sales orders to the warehouse (depending on facility). 

The warehouse then receives the pick slip in one of two different ways: (1) by 

printing the pick slip to the warehouse printer or (2) the warehouse supervisor prints the 

pick slip. The warehouse manager (or designee) then prioritizes the daily order by (1) 

ship date, (2) processing amount, (3) shipping method, and (4) item number. Utilizing the 

pick slip, the pickers (or packers) pull the material from the active warehouse racks or 

from the floor by utilizing the locator and lot number information found on the pick slip. 

Next, the material is evaluated for the following: (1) verified print legend; (2) 

footage, part number, or quantity; (3) size of wire (if any); (4) voltage rating; and (5) 

applicable specifications or markings. Material requiring additional processes, such as 

spooling, cutting, or striping, is staged in the appropriate areas. Material that does not 

need any additional processing is moved to the packing area to be prepared for shipment. 

 
 
2.4 Chapter Summary 

 
The reviewed literature, summarized in Table 2-1, and the current business situation 

of the targeted businesses together highlight the significant potential value of sequencing, 

process engineering, and managing a complex and connected set of organizational 

systems and sub-systems to develop inventory performance for competitive 

differentiation. The chapter has also proposed and analyzed a strong, previously tested 

method: ARIMA time series forecasting has been implemented in MRPs in other 

inventory planning scenarios, resulting in more favorable costs with stable or improved 

customer service. 
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Now, with a strong familiarity with the EE supply chain model and operations, with 

historical demand data in hand, and having clarity around a systems approach, we have a 

judicious foundation from which to build a methodology to apply these concepts to a 

real-world EE distribution scenario. 
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Chapter 3 – Methods 
 

3.1 Introduction 
 

Before describing the approach of this research it is important to note the context in 

which it was requested and thereby conducted. The three EE distributors have been 

acquired by a single conglomerate, and while they are making inroads toward operational 

integration they are yet to reach such an operational state. These are small to medium- 

sized companies, and therefore rely heavily on low-cost improvement initiatives for 

internal growth objectives. 

The three EE distributors have also recently experienced a pluralization of relatively 

expensive and overdue projects, some with a heavy focus on software solutions, which 

has created an atmosphere of hesitancy toward the allocation of capital for solutions 

based primarily on technology without significant vetting, thus causing elongated 

decision lead times in these matters. This point is raised as the likely reason for this 
 

research and project work being sponsored, with an engineering management and 

operations solution approach versus an information-technology focused endeavor. 

These companies are all also currently experiencing a situation of very high 

workforce tenure. The combination of all these factors in this setting appears to have 

created a preference for lower-cost change-of-process based solutions that accept human 

factors over solutions based on software systems with their attendant higher costs, with 

the caveat that computing can be used in a supporting role when low-cost options present 

themselves. 

Being that these EE companies are at an early stage of their process of supply chain 

development (albeit not young in age) compared to firms in other industries with multi- 
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echelon supply chains, it is important to note that while inter-branch material transfers are 

possible, they are not currently intended for replenishment purposes; rather, individual 

locations primarily carry out their own material procurement. This being the case, this 

research will combine the demands and materials of all ten network locations (all three 

companies’ primary inventory-holding locations) to build a comprehensive representation 

of the situation in order to understand total financial impacts (or potential impacts if full 

operational integration is achieved). This view will also best contrast total market 

demands against total inventory assets for a comprehensive view of market serviceability. 

Conversely, this also allows us to see whether the three companies currently overstock 

like products, thereby identifying opportunities to reduce investment where inventory 

significantly exceeds demand. 

 
 

3.1.1 Research Approach 
 

The challenge of this research is to suggest an application of an inventory scheme that 

sustains desired service and achieves financial improvements via improved management 

tactics. To reach this goal we will use the process illustrated in Figure 3-1. 

 

Figure 3-1. Methodology to combine system and process improvement. 
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This method focuses on three main areas: (1) understanding and aligning approaches 

and processes with the current organizational structures and physical flow of products 

through their life cycles, (2) applying a proven ARIMA demand planning technique to 

the historical data of the EE distribution companies targeted in this study and assessing 

hypothetical historical results, and (3) leveraging a knowledge management strategy that 

emphasizes the significance of the inventory system and the impact it has on the given 

product supplier. 

First, defining system boundaries with regard to material inventory flows helps us 

begin to understand where best to apply specifically sequenced functions and activities. 

Figure 3-2 reflects the nature of the current material flow at a macro level of the target 

EE distributors. One point to note when considering inventory planning improvements is 

that in this current configuration, the supply chain is really only considered to be the 

action of facilitating material movement into the fulfillment or warehousing and 

distribution network, the internal manufacturing centers, or directly to the customers, 

essentially making these organizations an operational procurement groups versus a full 

to-the-customer supply chain that would have full visibility and authority to manipulate 

the system in response to market signals. Given that this is the group responsible for 

procuring inventoried material to the demand plan, this makes them heavily reliant on 

cross-functional signals that currently have little if any formal structure. This research 

resides within the Operations Excellence Group, which is empowered to research, 

propose, and facilitate the communication of improvement capabilities and the methods 

by which to achieve such improvements, and this is the object of this research. 
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The scope of this research is limited to the fulfillment and warehousing distribution 

inventories; however, about three-quarters of the way through the research a member of 

the EE distributors’ leadership requested an application of the method to a portion of 

internal manufacturing inventories as well. Those results will be reported here as they are 

materially relevant to the research. 

Given the dynamics of current material flow and the organizational structure, the 

approach of this research will be to expand upon material demand planning from a 

viewpoint within the fulfillment or warehousing distribution network (which implies 

greater visibility of material in stock) in order to provide improved inventory need 

visibility to the supply chain group, which executes the procurement function. 

 
 

 
Figure 3-2. Product value-chain movement. 
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stocked;1 

Second, as context for the baseline operational procedure, it has been confirmed that 

the research targets currently determine the next time period’s inventory needs and 

thereby make material procurement decisions using rule-of-thumb historical material 

usage in combination with ad hoc communication with internal customer-facing 

personnel (e.g., sales, customer service, and marketing) who may be familiar with the 

nuances of upcoming customer needs. 

The ARIMA model selected for demand planning (or forecasting) of orders in this 

research is presented in Equation 2.4 and discussed in Section 2.1.2.2.1. This model will 

be applied to all material numbers (SKUs) offered by the target companies that meet the 

following criteria: (1) material must have order history in at least two of the last three 

years and be regularly (2) the material must be planned stocked material rather 
 

than material made to specific orders, which excludes customer-specific materials 

customization but not impact materials whose modification of quantity is essential to the 

value of distribution; and (3) stocked material must have experienced market demand 

within the last three years, excluding extremely slow-moving and obsolescent materials 

and identifying those items that need a specific action plan and cost-of-carrying impact 

analysis for informed tactical decision making. This is out of scope and reserved for 

future work. 

The total materials listings of the three target companies contain approximately 5,076 
 

[.1]different stocked items; of these, approximately 3,559 items (roughly 70%) meet the 
 
 
 
 

1 This restriction ensures adequate history to model and then test against more recent data and excludes 
products newly introduced in the most recent data year (19 items in total). Although the market for most 
of these materials is largely commoditized, future work should address how to migrate newly developed 
or enhanced product demand analytics into the standard system for proper mid- to long-term 
sustainment. 
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criteria. A total of 19 items are eliminated as new product introductions and 1,498 items 

as stocked but receiving no demand since prior to 2015. To further enhance the value of 

the analysis, the remaining 3,559 items are categorized by demand velocity, as this makes 

a meaningful mathematical impact based on what items are most demanded by the 

market and therefore replenished most often. This knowledge connects the supply chain 

and distribution organizations of these companies similarly with respect to the scaling of 

resources and costs required to manage these inventoried items, under the pretext that the 

more an item is ordered, the more frequently it must be handled by the warehouse to 

fulfill customer orders, and thus the more it has to be procured for replenishment and 

subsequently received once again by the warehouse. Of the items within the scope of 

analysis, approximately 589.5K ordered lines (the number of times an item was requested 

by a customer in any quantity; i.e., item demand or order velocity) had been made against 

the stock inventories of the ten warehouses in scope. Of those order lines, the attributes of 

velocity are reported in Table 3-1. 

 
 
Table 3-1 

 
Material Breakdown of Target EE Distributors’ Items by Network Order Velocity 

 
 

 
 
 

As order frequency plays a large role in the number of historical data points available 

for an item in time series analysis, this style of break down lends itself to identifying 
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whether a lack of sufficient historical data will negatively affect forecasting accuracy. It 

also emphasizes which items may represent performance opportunities from both a 

service and financial perspective. 

A strong advantage of this research is the availability of years of historical data on all 

material orders fulfilled and all procurement receiving records. This allows us to model 

with actual historical order data and test potential results against more recent actual 

results data for an accurate indication of what would likely have happened had the 

proposed processes been in place at that time. This method was convincing to at least 

some internal organization stakeholders, as its presentation inspired the request that the 

method be tested on a manufacturing entity within the same conglomerate. 

The open-source statistical computing software R Studio is used to calculate the 

ARIMA demand forecast. This research consisted of learning to use the program, 

collecting and formatting the pertinent data in a manner R Studio could process for 

results, and then extracting the data for comparison against actual recent historical results. 

This approach met the sponsoring requirements, mentioned earlier, of matching a process 

with current business structures and leveraging low-cost computing when available. 

Third and finally, to convey and sustain the value of this research, knowledge 

management tactics will be employed in the form of (1) an internal community of 

practice with associated archive via SharePoint and (2) the preparation of general 

knowledge training on the subject to be delivered via the conglomerate’s learning 

management system, with a suggested minimum target audience based on value-chain 

function. 
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3.1.2 New Systemic Process with ARIMA Forecasting Model 
 

The systemic steps applied to replace the current 45 days of usage and ad hoc 

communication procedure follows a regular (likely monthly) iteration in the demand 

planning system hierarchy of (1) collecting demand history data; (2) applying ARIMA 

time series forecasting via R Studio; (3) reviewing and adjusting for recent trend velocity 

with consideration of past seasonality, if any; and (4) conducting model diagnostics and 

transparency reporting for leadership oversight communication. Thus, following the 

strategy set forth by Cryer and Chan (2008), the resulting changes to the demand 

planning system hierarchy are displayed in Figure 3-3. 

 
 
 

 
Figure 3-3. EE distributor demand planning system hierarchy in INCOSE format with 

ordering policy and procedure updates. 

 
 

The modeling strategy followed for this research adheres to the three steps prescribed 

in the INCOSE handbook: 
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(1) model specification, (2) model fitting, and (3) model diagnostics. 
 

Model specification or identification is, as stated, an ARIMA. Model fitting begins 

with a static dataset of two years of historical data points, 2015 and 2016, used to forecast 

for 2017. This is followed by results review and postulation of potential adjustments. 

Lastly, diagnostics are run on modeling accuracy to actuals, strength of trend is observed, 

and appropriate adjustments to process are suggested. 

3.1.3 Data Acquisition 
 

Based on the above-described design for modeling, the following data collection plan 

was executed. Historical data were sourced from the distributors’ ERP systems and 

formatted such that R Studio could translate and run calculations against the data. The 

customer demand data are time-based attribute data; however, the quantities of materials 

on hand were reported in real time without any catalog of historical values. 

Consequently, to obtain an average those reports were manually run and recorded 

multiple times. 

Table 3-2 presents the plan for data collection from the ERPs by customer order lines, 

making up the elements of the approximately 589.5K lines of demand, collected either 

for historical data points for modeling inputs from 2015 and 2016 or as actuals for 

comparison 2017 predictions for validation of the modeling. 



 

 
 
 

 
 
 
 
 
 

Table 3-2 
 

Comprehensive Data Collection Plan to Analyze the Target EE Distributors’ Materials 
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Table 3-3 
 

ERP Data Example of Order lines Evaluated from the Source Repository 
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Table 3-3 presents an example of customer order lines in raw format from the ERP, to 

be aggregated for demand analysis by material, location, and date and then formatted for 

processing in R Studio. The key details to take from this information are that each Ship 

From Org is a different geographic location, the Trx Date is the date of customer 

demand, the Item Name is the material identifier, and the Ar Quantity is quantity 

demanded. 

In an example of the next step, Table 3-4 exemplifies data formatted for translation 

into R Studio, containing the material numbers across the top row of the table with the 

corresponding demand date in the left most column and aggregate demands of all 

locations filling out the matrix. 

The next step in the analysis process is to upload the data files into R Studio and run 

the code for the selected ARIMA forecasting model. An example of this code for the top 

20% of order lines, consisting of 13 individual material items, can be found in Appendix 

A. Table 3-5 (again with material numbers in the header row and corresponding demand 

date in the left-most column) presents a sample of the 2017 forecast from R Studio; this 

forecast is to be compared with 2017 actuals. 



 

 
 
 
 

 
 

 

 

Table 3-4 
 

Sample of an EE distributor’s Daily Item Demand Formatted for R Studio 

Table 3-5 
 

R Studio Forecast Output of an EE Distributor’s Daily Item Demand Sample 
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The forecast results shown in Table 3-5 contain many repeated forecasted demand 
 

quantities. This may be the result of one or a combination of the following factors: (1) the 

use of a large amount of historical data (approximately 506 days in this case) may cause 

the moving average to dominate the results; (2) that sourcing of historical data from a 

fixed two-year time period may diminish the impact of trending as the forecasted time 

period moves away from the initial forecast point; (3) white noise error in the ARIMA 

may cause a normal distribution of the errors. 

For an indication of how effective a demand and subsequent inventory forecast might 

be, it should be compared to historical on-hand inventory quantities, preferably material 

by material, quantity by quantity, and day by day. Unfortunately, as can be seen in the 

ERP reporting in Table 3-6, the researched distributors only catalog a rounded value by 

storage location. Note, Organization Code is the geographic location, Item Name the 

corresponding material, and Qty Onhand the rounded quantity in stock. Thus, an 

aggregate of the on-hand values was collected over a set of three months and the average 

compared against forecasted values combined with their respective calculated safety 

stocks to assess the potential benefit offered by the proposed methodology. 



 

 
 
 

 
 

Table 3-6 
 

EE Distributor’s Average Inventory Item On-hand Repository: Sample 2017 Actuals 
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𝑒𝑒 

3.1.4 Validation 
 

As mentioned in Section 3.1.1.2, a significant advantage of this research is the 

availability of a large amount of historical data on all material orders fulfilled and all 

procurement receiving records. This allows us to model with actual historical order data 

and test potential results on more recent actual order data to accurate determine what 

would likely have happened were the proposed processes in place at that time. The result 

of this comparison is provided in Section 4.2 below. 

For validation of the planning and forecasting techniques, control charts are 

constructed if aggregate predictions are within an acceptable range for operational 

implementation (usually ±30% of actual historical results). The charts are constructed at 

the SKU or item levels and, if possible, at the aggregate level, using inventory on-hand 

value to reflect the proportional difference in inventory on hand over time while 

simultaneously comparing estimated on-hand levels with demand to visualize any effects 

on inventory service level. 

 
 
3.2 Strengths and Limitations 

 
The obvious strength of utilizing base ARIMA time series forecasting is that, in 

theory, it will generate a much more objective stocking strategy. That being said, 

If the white noise terms {et} in a general ARIMA series each arise independently 

from a normal distribution then.. the forecast error et(l) will also have normal 

distribution.. In practice, 𝜎𝜎2 will be unknown and must be estimated from the 

observed times series. (Cryer and Chan, 2008) 

Additionally, the dataset’s failure to reflect any variation in historical on-hand 
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quantities (because only average on-hand quantities were input to the target repository) 

obscures prior process planning shortfalls related to changes in market conditions, such 

as seasonality or other external forces. Nevertheless, this does not diminish the overall 

results. 
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Chapter 4 – Results 
 
 
4.1 Data Collection, Processing, and Characteristics 

 
Table 4-1 presents the characteristics of the data collected from the various ERPs. 

 
Approximately 10% of the total data was unusable for myriad reasons, from out-of-scope 

international shipments to data entry accuracy issues or missing or corrupted data. Three 

years of data were captured, providing a strong data platform for the modeling process. 

This process of analyzing the 3,559 SKUs over the 506 shipping days of 2015–2016 

required over 25,500 lines of R Studio computing code. 

 
 
Table 4-1 

 
Overall Target EE Distributor Data Characteristics 

 

 
 
 

Once the data were entirely captured they were modified into a format consistent with 

time series processing requirements for R Studio, reflected in Table 4-2. In that table, 

each row reports data for a single SKU. Key points include the date in international 

nomenclature, material demand in integers, and that zero values are not applicable (NA) 

and are to be disregarded in the moving average calculation. 
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Table 4-2 
 
Sample of Data Formatted for R Studio Time Series Processing 

 

A data integrity check ensured inappropriate values did not impact the calculation 

accuracy. NA values replace zero values, which would inappropriately weight mass 

calculations. For example, the third row beneath ‘data.frame’ of Table 4-2 reports data 

for SKU X407405497. The first input is 104 units of demand on January 5, 2015 (2015- 

01-05 in international format), and the second is NA, corresponding with January 6, 2015 

(2015-01-06), meaning there was no demand for that item on that day. The 13 SKUs 

represented here are the highest velocity items of the target distributors and comprise 

about 20% of the approximately 589.5K order lines for which data were collected. 

Table 4-3 provides an important summary of the SKU-by-SKU breakdown of 

descriptive statistics. That is, for each of the 13 highest velocity SKUs, the table reports 

the minimum (but non-zero) order quantity received on any single day (Min.; negatives 

values indicate returned products), maximum order quantities received on any single day 

(Max.), Median or center of all days’ demand quantities, and Mean or average of all days’ 

demand quantities. Additionally, the table reports the first quartile, delimiting the first 
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25% of demand quantities (1st Qu.), and the third quartile or 75% of demand quantities 

(3rd Qu.). Finally, NA’s is the count of days without any demand for the material. 

 
Table 4-3 

 
SKU-by-SKU Breakdown of Descriptive Statistics 

 

 
Next, actual historical demand was plotted to search for any anomalies that could 

impact forward forecasting accuracy. Such a plot conveniently reveals either consistency 

in the data or the presence of values that would adversely impact the accuracy of results. 

 
 

 

Figure 4-1. Historical demand by date (x-axis) and SKU quantity demanded (y-axis). 

Example SKU used for 
this section 
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The historical data are then sequenced into the necessary R Studio time series format 

for the ARIMA calculation to function properly: essentially, the single material demand 

must set in a single long string. Table 4-4 displays the beginning of the string for material 

SKU X407405794. The first number, 7842, is the quantity demanded on January 5, 2015; 

the quantities demanded for each subsequent day are then reported sequentially. To scale 

this ability across the thousands of SKUs analyzed, a threshold formula based on standard 

deviation was input and typical Excel countif and lookup functions used to identified 

needed adjustments. This is the process by which returns are identified and removed and 

large quantities demanded for one-off projects are likely to be reduced as they are 

reflected by min and max in the descriptive statistics, although this can depend on 

customer behavioral history. 

 
 
Table 4-4 

 
Single-SKU Time Series Format Prepared for R Studio Forecasting 
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Once the historical values are in the proper time-series format, base ARIMA 

calculation is executed against the provided time-series data. The reported ARIMA 

values are ready to use in the planning forecast. 

 
 
Table 4-5 

 
Single-SKU ARIMA Values from R Studio 

 

 
 

Table 4-5 provides a sample ARIMA (1,0,1), in the format presented in Section 

2.1.2.2.1: ARIMA (p, d, q), where p is the value of the autoregressive parameter, d the 

value of differencing, and q the moving average parameter. The remainder of Table 4-5 

presents the corresponding values plus the mean and standard error valuations. The 

resulting ARIMA values are then used in the R Studio forecast function to calculate 

estimated demand quantities for 2017. The 2017 forecast can be graphed alongside actual 

historical 2015 and 2016 demand quantities for visual analysis. Figure 4-2 is a single- 

SKU example of this exercise. 
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Figure 4-2. R Studio-generated single-SKU base ARIMA forecast. 
 
 

All SKUs are processed and then aggregated for estimated totals, placed into an 

ordering cycle based on their individual average lead time, and added to their calculated 

safety stock to find a new estimated on-hand quantity to be compared with actual 

historical on-hand quantities for assessment of the new demand planning system’s 

potential. As noted earlier, it will be recommended that PO lead times going forward be 

recorded so that standard deviations of lead-time performance can be used to improve 

safety-stock algorithms. 

 
 
4.2 Results of Historical Data with Applied Process and Forecasting 

 
As seen in Figure 4-3 for the example SKU number 407405794, the ARIMA- 

forecasted total annual demand was 1,307,016 units, compared with an actual demand for 

1,310,520, giving an accuracy rate of about 99.7% in aggregate. This is rather exceptional 

even for strong historical forecasting. In the figure, the item’s forecasted value is shown 

by the orange 2017 prediction line over the actual historical values for the same time 
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period, in blue. While 99.7% overall accuracy appears to be a strong result, the lack of 

demand attenuation to may indicate accuracy challenges at an operational level. 

 
 

Figure 4-3. Single-SKU forecast compared to actual historical values. 
 
 

The next step in the methodology is to apply the SKU’s average lead time to the 

forecast, to simulate the reordering cycle and lead time impacts. The process here 

assumes a material order would be placed one lead time in advance. Safety stock is 

incorporated in the manner detailed in Section 2.2.2.1, using the updated average lead 

time for the product (ten days for the example SKU), the standard deviation of demand 

over previous lead times, and a Z-score measure for a .995 performance. 
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Figure 4-4. Forecasted base ARIMA for SKU 407405794 added to the relevant safety 

stock calculation and planned ordering cycle, based on average lead time; compared to 

actual historical orders including a hypothetical performance comparison. 

 
 

To break this down for purposes of clarity, the golden line of Figure 4-4 shows actual 

average 2017 on-hand inventory, while the grey line represents the average inventory that 

would have been kept on hand if the distributor had been using the proposed process and 

forecasting technique. The gap between these two lines shows the amount of capital that 

would have been freed up if the proposed process were in use. The orange line represents 

the forecasted quantity on hand as it would have been on a day-to-day basis addressing 

customer demand (the two points where the orange line dips below zero would likely 

have been service failures due to stock-outs, acceptable if maintained at a low rate of 

occurrence and quickly recoverable; these can also be avoided with proactive customer 

communications). Finally, the blue line tracks the actual demand on a day-to-day basis. 

As seen in Figure 4-4, had this technique been employed during 2017 it would have 

reduced the average on-hand inventory quantity by almost 20%; at about US$2.133 per 
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foot in average material value, it would have reduced spend on this product by some 

US$40,000. Of the 253 service days, the inventory ran out of stock on four occasions for 

a service level of 98.4%; however, service was restored within 24–48 hours in all 

circumstances, which is less impactful due to the fact that current operating commitments 

provide 24 hours to begin with. This thereby serves as validation an a single-SKU level 

that, given the correct application and circumstances, the ARIMA forecast can be 

operationally viable in driving inventory investment improvements. 

The next step is to accuracy-test the various velocity SKU sets for applicability, 

observe any degradation in data integrity, and assess the wider application of the 

methodology. The next five charts represent the proportions of the five velocity 

categories each SKU can fall into. SKUs that have an aggregate absolute accuracy that 

deviates from the target by more than 30% are not considered eligible for forecasting, as 

the need to account for that inaccuracy in safety stocking would increase the cost of 

inventory investment with little if any service improvement. 

 
 
Table 4-6 

 
Accuracy of Aggregate Predicted vs. Aggregate Actual Demand for Top 20% Items by 

Order Velocity 
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In general, any prediction within 10% of actual results is considered best in class, and 

in some cases, accuracies of up to 30% can be operationalized for significantly improved 

inventory positioning. Table 4-6 provides the results of basic ARIMA functionality on 

the 13 SKUs that represent the top 20% of lines by velocity. Approximately 70% of the 

materials fall inside acceptable parameters for improved performance. For these 13 SKUs 

alone, it appears that the velocity is strong enough to create mostly effective forecasting 

in a live situation and calculations suggest a range of $200K - $250K in reduced working 

capital investment if this process were operationalized. Three SKUs, however, fell 

outside of acceptable parameters to use the base ARIMA forecast. 

 
 
Table 4-7 

 
Accuracy Report for Aggregate Predicted vs. Actual Demand for Following 20–40% of 

Items by Order Velocity 

 
 
 

The next velocity level, consisting of the 36 SKUs that made up the next 20% of 

order lines, had much less accurate results. Given that, according to average velocities, 

these SKUs are ordered 2–5 times per day, it was surprising to see the forecast deviate so 

far from the actuals. Just as concerning, the trend worsens as order line velocity slows, as 

seen in Tables 4-8 through 4-10. 
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Table 4-8 
 
Accuracy Report for Aggregate Predicted vs. Actual Demand for Following 40–60% of 

Items by Order Velocity 

 
 
 

Table 4-9 
 
Accuracy Report for Aggregate Predicted vs. Actual Demand for Following 60–80% of 

Items by Order Velocity 

 
 
 

Table 4-10 
 
Accuracy Report for Aggregate Predicted vs. Actual Demand for Following 80–100% of 

Items by Order Velocity 
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After what appeared to be an accurate start to the base ARIMA forecasting, the 

results began to steeply decline in accuracy as velocity slowed. Beginning with around 

70%-acceptable forecasting for operational use with the top 13 items, subsequent 

iterations dropped to 30%, 7–8%, and finally 3% acceptability for use. These accuracy 

results suggest the method in its current form is not viable for use except for the upper 

tier of SKUs. However, an observation made here is that there is a gradual decline in 

accuracy performance based on velocity, which suggests there could be a relationship 

between the two factors. 

Initial conclusions about the cause of the forecast inaccuracies in the four slower 

velocity profiles are drawn from two observations: (1) the trend of the ARIMA forecasts, 

as seen in Figure 4-3, changes very little change over time (although if you look closely 

there is some movement toward the very beginning, a trait that is shown in most 

forecasts), and (2) given the stability and accuracy of the one-year forecasts generated 

using two years of fixed data for SKUs that are ordered more than five times a day, it 

might be the case that the sheer saturation of order lines for those SKUs result in accurate 

prediction of continuous demand (i.e., few or no days of no demand) rather than accurate 

prediction of the demand quantities. 

The data suggest that the use of static time periods causes less forecast attenuation; 

thus, any trend in the market demand of a given material is not taken into consideration, 

thereby causing inaccuracy that likely is not a reflection of the ability of the ARIMA but 

rather of the application technique. This logic would suggest that sourcing forecast data 

from a shorter, moving time period in combination with a shorter range of forecasted 

days may better reflect market demand changes for the given materials and could be run 
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multiple times over to test against historical data. This concept was not initially 

considered, as executing it with the 3,559 materials on which the research was based 

would require coding to a scale not yet developed; however, during the course of the 

study an opportunity presented itself to test this new theory on a smaller scale. 

 
 
4.3 Additional Manufacturing Study Opportunity 

 
During the course of the research, when early results for the top 20% of items by 

velocity were being reported to the EE distributors, it was requested by members of the 

leadership team that a pilot be conducted on some fast-moving raw materials for which 

one of the manufacturing groups believed they had opportunity for improvement. This 

group was far more active than the others in its management of the process, and also 

much more subject to large changes in demand (or more appropriately in the 

manufacturing setting, “usage”). Due to these specific elements, the decision was made to 

add the element of dynamic or rolling data to the calculations and application of the 

ARIMA for the manufacturing team. The results were as follows. 

 
 
Table 4-11 

 
Historical Data Points and Forecasting Length Data Dynamics for Base ARIMA Use in 

Additional Manufacturing Study 



72  

Table 4-11 summarizes the various tests carried out, with varied period durations for 

predictive historical data and, three-month interval forecasting rather than the full target 

time period. An additional test, planned for future work, will be of different forecast 

lengths (e.g., two, four, or five months). 

 
 

 

 
Figure 4-5. Multiple versions of rolling ARIMA forecasting for manufacturing, 
compared to actual historical results. 

 
 

The results of using rolling time lines were fascinating, as this change seemingly 

improved forecasting accuracy as it begins to reflect self-adjustments to market trends. 

This improved accuracy is reflected in the fact for that the majority of materials 

forecasted, at least one method was able to bring their aggregate predicted usage to 

within ±15% of historical usage, although no single method stood out as successful for all 

materials. This level of accuracy was rarely achieved with the static tests done on the EE 

distribution inventories, albeit at much larger scale (over three thousand items vs. 

twelve). From a business motivation standpoint, the analysis of the manufacturing 

inventory parts suggested an inventory improvement opportunity valued at approximately 
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US$1.4 million, of which about half to two-thirds is expected to be realized in 

operationalization. 

 
 
Table 4-12 

 
Estimated Inventory Investment Opportunity Using Base ARIMA with Dynamic Source 

Data for Manufacturing Group 
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Chapter 5: Conclusions & Future Work 
 
 
5.1 Summary and Recommendations 

 
In conclusion, the base ARIMA model showed strong potential for use with faster 

moving items. For the example presented in Chapter 4, material SKU 407405794, the 

model represented approximately US$40,000 worth of capital opportunity while 

maintaining acceptable service levels. That being said, dynamic engagement with the 

process seems to be necessary, as the execution of a full year’s forecast reflected 

accuracy limitations, especially when factoring in slower customer order velocity for a 

product. 

The opportunity to conduct an additional manufacturing pilot with a smaller sample 

of high-velocity items and greater application of dynamic concepts suggests this work 

should be continued with the EE distributors with more specific scope. The aim of that 

work is to improve on that presented here via reduced forecasting data volume and more 

interactive forecasting timelines; as it appears that more dynamic forecasting better lends 

itself to the ARIMA utility. 

The research questions that guided this study were (1) can the use of engineering 

management techniques yield an improved yet low-cost process to increase inventory 

performance for the aforementioned distributors, and (2) is it possible to determine the 

merits of an inventory system-engineered process that leverages mathematical time series 

forecasting as an optimization technique to recommend relevant inventory levels for 

medium-sized EE distribution networks? It appears the answers are not yet perfectly 

clear, but this research suggests at least part of these answers: the use of dynamic data 

inputs and forecast lengths with the developed model represents a promising path towards 
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accurate methods. 
 

Thus, an assessment of this research might be that it provides a pathway and stepping 

stone toward the original goal of improving inventory investment while maintaining or 

improving customer inventory service levels. Of particular interest is the role velocity 

played in the forecast accuracy of the results when using static historical datasets and 

longer forecast time periods. The modifications to the method used in the additional 

manufacturing application suggest that manipulating the volume of historical inputs and 

forecast period lengths plays a large role in the accuracy and therefore value of the 

forecasting. Existing inventory assessment uses rules of thumbs and the updating of 

historical averages; this deleverages inventory management capabilities and should be 

modified to allow a more detailed tracking methodology. 

 
 
5.2 Research Contributions 

 
This research contributes evidence that engineering management processes and 

analyses with ARIMA-based forecasting can, when actioned with either high-velocity 

demand or dynamic interaction, help medium-sized material distribution companies 

improve their inventory performance. This method can serve as an effective inventory 

investment management technique until such a time that revenues and complexity reach a 

threshold that justifies investment in an inventory management software system that 

incorporates many more inventory system dynamics. It should be understood that there is 

risk in operationalizing the forecasting calculations without diagnostic accuracy testing 

and when using static historical data inputs. 
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The results of this study also emphasize the value that visibility of inventory costs 

brings to a products distributor and highlights that management of these costs is 

necessary if medium-sized companies hope to grow larger. 

The process developed here was adopted by the studied manufacturing entities during 

the course of the research and has been commissioned for piloting with the local ERP to 

direct purchase-order decision making and reporting in an operational setting. 

 
 
5.3 Future Research 

 
This research provided a comprehensive view of the entirety of the network. The next 

level of development could be to address regional service levels and take local 

operational costs into account for geographic evaluation analysis to help understand when 

growth or contraction in a local market suggest operational change. In addition, the 

inclusion of a deeper analysis of SKU affinity relationships may contribute a proportional 

smoothing element to forecasting techniques. 

Another helpful extension of the study would focus on how to migrate newly 

developed or enhanced product demand analytics into the standard system for proper 

mid- to long-term sustainment; such products were omitted from this study due to the 

lack of historical data required for the mathematical modeling. 

An investigation of how to most efficiently address slow-moving and obsolete 

materials, identified during the sales and operations planning process, with a regular 

progressive cost-of-carrying impact analysis for informed tactical decision making would 

likely yield positive financial or capacity improvements. 
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Lastly, and most importantly for this research, this modeling should continue to be 

improved via further dynamic interaction, more detailed operational data collection, and 

transparent accuracy tracking and reporting for upper management. 

It is important to be cautious when assessing the overall impact of an improvement to 

a demand planning system to avoid misinterpreting it as the final step of inventory 

performance improvement. Only one system of the full inventory planning system design 

hierarchy (illustrated in Table 2-3) was addressed in this study, while each of the 

interconnected systems plays a significant role in inventory performance and could also 

yield opportunities. 
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Appendix A 
 

Code for 13 material items representing the top 20% of all order lines. The same code 
was run for all 3,559 material items. The length predicting data and forecast length was 
dynamics changed for the forecasting with the manufacturing group materials. 

 
# Read in all Praxis Demand Data 
DM0020 <- read.csv("EEMTS0020_1516.csv", check.names=FALSE ,header = TRUE, 
",") 

 
# Establish Date Format in Demand File 
DM0020$rDate <- as.Date(DM0020$rDate) 

 
# Replace Zero Demand Value with N/A to ensure accurate calculations 
DM0020[DM0020==0] <- NA 

 
# validate the last 2 commands worked and review data format (1 at a time) 
str(DM0020) 
summary(DM0020) 

 
# Plot demand by SKU/Part Number (change SKU/PN & data frame as applicable) 
plot(X407405794~rDate, data=DM0020) 

 
# CREATE TIME SERIES: 

 
# Time Series Format CODE (0020) 
TS_407405653<- ts(DM0020$X407405653, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405646<- ts(DM0020$X407405646, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405778<- ts(DM0020$X407405778, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405760<- ts(DM0020$X407405760, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405794<- ts(DM0020$X407405794, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_408012813<- ts(DM0020$X408012813, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405711<- ts(DM0020$X407405711, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_408012821<- ts(DM0020$X408012821, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405570<- ts(DM0020$X407405570, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405497<- ts(DM0020$X407405497, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
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TS_408012839<- ts(DM0020$X408012839, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_407405489<- ts(DM0020$X407405489, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 
TS_YA6CL2TC14<- ts(DM0020$XYA6CL2TC14, start = min(DM0020$rDate), end = 
max(DM0020$rDate)) 

 
# CREATE AUTOREGRESSIVE INTEGRATED MOVING AVERAGE: 

 
# ARIMA CODE (0020) 
A_407405653<- auto.arima(TS_407405653) 
A_407405646<- auto.arima(TS_407405646) 
A_407405778<- auto.arima(TS_407405778) 
A_407405760<- auto.arima(TS_407405760) 
A_407405794<- auto.arima(TS_407405794) 
A_408012813<- auto.arima(TS_408012813) 
A_407405711<- auto.arima(TS_407405711) 
A_408012821<- auto.arima(TS_408012821) 
A_407405570<- auto.arima(TS_407405570) 
A_407405497<- auto.arima(TS_407405497) 
A_408012839<- auto.arima(TS_408012839) 
A_407405489<- auto.arima(TS_407405489) 
A_YA6CL2TC14<- auto.arima(TS_YA6CL2TC14) 

 
# CREATE ARIMA RESULTS REVIEW: 

 
# ARIMA Results (0020) 
A_407405653 
A_407405646 
A_407405778 
A_407405760 
A_407405794 
A_408012813 
A_407405711 
A_408012821 
A_407405570 
A_407405497 
A_408012839 
A_407405489 
A_YA6CL2TC14 

 
# CREATE FORECAST CODE: 

 
# Forecast Code (0020) 
F_407405653<- forecast(object = A_407405653, h=253) 
F_407405646<- forecast(object = A_407405646, h=253) 
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F_407405778<- forecast(object = A_407405778, h=253) 
F_407405760<- forecast(object = A_407405760, h=253) 
F_407405794<- forecast(object = A_407405794, h=253) 
F_408012813<- forecast(object = A_408012813, h=253) 
F_407405711<- forecast(object = A_407405711, h=253) 
F_408012821<- forecast(object = A_408012821, h=253) 
F_407405570<- forecast(object = A_407405570, h=253) 
F_407405497<- forecast(object = A_407405497, h=253) 
F_408012839<- forecast(object = A_408012839, h=253) 
F_407405489<- forecast(object = A_407405489, h=253) 
F_YA6CL2TC14<- forecast(object = A_YA6CL2TC14, h=253) 

 
# CREATE .csv FILES OF FORECAST OF EACH SKU/PART NUMBER: 

 
# Write Forecast to .csv files (0020) 
write.csv(F_407405653,file="F_407405653.csv") 
write.csv(F_407405646,file="F_407405646.csv") 
write.csv(F_407405778,file="F_407405778.csv") 
write.csv(F_407405760,file="F_407405760.csv") 
write.csv(F_407405794,file="F_407405794.csv") 
write.csv(F_408012813,file="F_408012813.csv") 
write.csv(F_407405711,file="F_407405711.csv") 
write.csv(F_408012821,file="F_408012821.csv") 
write.csv(F_407405570,file="F_407405570.csv") 
write.csv(F_407405497,file="F_407405497.csv") 
write.csv(F_408012839,file="F_408012839.csv") 
write.csv(F_407405489,file="F_407405489.csv") 
write.csv(F_YA6CL2TC14,file="F_YA6CL2TC14.csv") 

 
# CREATE DATA FRAMES OF FORECASTS: 

 
# Write in CSV Forecasts as data frames (0020) 
PF_407405653<- read.csv("F_407405653.csv", header = T) 
PF_407405646<- read.csv("F_407405646.csv", header = T) 
PF_407405778<- read.csv("F_407405778.csv", header = T) 
PF_407405760<- read.csv("F_407405760.csv", header = T) 
PF_407405794<- read.csv("F_407405794.csv", header = T) 
PF_408012813<- read.csv("F_408012813.csv", header = T) 
PF_407405711<- read.csv("F_407405711.csv", header = T) 
PF_408012821<- read.csv("F_408012821.csv", header = T) 
PF_407405570<- read.csv("F_407405570.csv", header = T) 
PF_407405497<- read.csv("F_407405497.csv", header = T) 
PF_408012839<- read.csv("F_408012839.csv", header = T) 
PF_407405489<- read.csv("F_407405489.csv", header = T) 
PF_YA6CL2TC14<- read.csv("F_YA6CL2TC14.csv", header = T) 
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# cbind data frames into a single frame (0020) 
bind_0020 <- cbind(PF_407405653, 

PF_407405646, 
PF_407405778, 
PF_407405760, 
PF_407405794, 
PF_408012813, 
PF_407405711, 
PF_408012821, 
PF_407405570, 
PF_407405497, 
PF_408012839, 
PF_407405489, 
PF_YA6CL2TC14) 

 
# WRITE COMBINED PREDICTIONS TO .csv FOR ANALYSIS: 
write.csv(bind_0020, file = "0020 2017 Predictions.csv") 
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