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1. Introduction & Problem Motivation 
 

All supply chains rely on forecasts in order to build the right product, in the right quantity, at the right 
time, and have it in the right location. It is the responsibility of demand planners to achieve high forecast 
accuracy across all product lines in order to drive visibility of this imperative information. Poor forecast 
accuracy can lead to inaccurate production schedules, stock outs, lost sales, and higher inventory holding 
costs. The motivation of this project is t
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demand and supply (lead time) can have on safety stock settings and the overall health of the supply 
chain. This project and further research focus solely on the coefficient of variation of demand. The 
coefficient of variation can be used to determine the predictability of a demand pattern, or how easily it 
can be forecasted. This means that items with a higher coefficient of variation will inherently be harder to 
forecast. By identifying these items, it is possible to categorize items based on historical behavior. Many 
companies have adopted use of the coefficient of variation to implement SKU segmentation.  

It is important to note two things about the use of coefficient of variation in segmentation. First, seasonal 
data may have high CoV, but still be very forecastable. By nature, seasonal SKUs will have more variation 
in not only the timing of demand, but the volume as well. However, seasonality does not mean that it is 
harder to predict these patterns. Second, CoV ignores the sequence of observations (Singh, 2015). It is 
solely a measure of variation of the historical demand volume but does not take the sequence of those 
data points into consideration. 

Gilliland (2015) shows one way to graphically represent accuracy vs volatility using a comet chart. A comet 
chart has volatility (CoV) on the bottom axis and forecast accuracy on the left axis. In the chart lies all 
SKUs, with a trend line, or forecast value added line, layered on top. Gilliland states that anything above 
the forecast value-added line represents where the organization produced forecasts more accurate than 
a moving average, or naïve forecast. Anything below the line shows where the organization’s process 
made the forecast worse. 

 

Figure 2: Comet Chart - Accuracy vs. Volatility (Gilliland, 2015) 
 

Frepple (n.d.) brings light to the variability of the demand timing, which is not considered in the coefficient 
of variation formula. Frepple outlines four categories of items, segmented by their demand volume 
variability and demand timing variability.  
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Figure 3: Demand Timing Variability (Frepple, n.d.) 
 

Understanding the variability in timing is import
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After researching the use of CoV at existing firms and doing an initial analysis of the data collected, four 
segmentations were defined. This was done strategically to align with a comet chart, where coefficient of 
variation is analyzed against historical forecast accuracy. 

 

Figure 4: Segmentation Layout 
 

From here, an initial prototype for dashboard was built in Microsoft Excel, focusing only on Power Tools 
items for the Home Depot channel. This prototype was done to build a case to leadership on the 
importance of looking at the coefficient of variation and how it could be utilized by the demand planning 
organization. It also assisted in requesting funding for the QlikView dashboard to begin production. 

 

Figure 5: Dashboard Prototype 
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After getting support from leadership to continue with the project and receiving the necessary funding, 
the dashboard shown in Figure 6 was developed in QlikView. This dashboard automatically refreshes the 
data on a daily basis, and allows the entire demand planning organization to look at the data without 
individually pulling reports. The dashboard can be filtered for any combination of SKUs, time periods, 
customer groups, etc. The graph on the left side is similar to a comet chart, without the forecast value 
added line visible. This graph is color coded based on the ABC classification, where green is an A SKU, 
yellow is a B SKU, and red is a C SKU. The same graph is shown on the right, but the color coding here is 
based on historical fill rate. Green represents any 
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