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ABSTRACT 

 

 This thesis analyzes the demand an animal pharmaceutical company sees and compares 

forecasting methods to find the most accurate one. Companies collect large amounts of data and 

a forecast model can utilize the collected data to predict future demand. There are various 

forecasting techniques that are better suited for different industries. In this research, error terms 

identify which forecast technique a company should be using by pinpointing which method 

produces the forecast closest to the historical data.  

 In order to create this analysis, eighteen months of data were provided by Company Z 

and three forecast models were set up in Excel. The Excel model relies heavily on data input and 

subject matter experts from the company to ensure that the correct data is utilized in creating the 

forecasts. To conclude, this thesis provides information on which forecast method was most 

accurate for Company Z and how they will continue to monitor and update the forecast to see 

what their demand will be for the next three to six months.  

 The findings for the animal pharmaceutical company in this thesis identified that 

exponential smoothing is the best forecasting method to utilize. The major findings confirm that 

for a company that sees a relatively low amount of seasonality and year after year sees the same 

trends, exponential smoothing creates the most accurate demand forecast.  
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Chapter 1  
 

Introduction 

With the growing portfolio of demand data from markets, it is important for companies to 

properly utilize the data they have been collecting. This data can be used for a myriad of 

improvement techniques, such as better forecasting, production planning, transportation 

management, demand planning, among other things (Langley et al., 2020). The accuracy of the 

forecast can be increased when there is better visibility into what the data can provide and the 

factors that are built into the different forecasts. With better forecasting, companies across the 

globe are able to make better decisions about planning and are able to more accurately hold and 

plan inventory (Langley et al., 2020). With better insight into what will be needed in the future, 

companies can make more accurate decisions on what amount of inventory they should be holding 

and better allocate their costs to research, development, and design that will help push the company 

forward.  

 The demand forecast is a projection that is constantly changing, based on consumer needs 

as well as production capacity. When creating the forecast, there are three main decisions to make: 

what level the forecast should be made on (warehouse, pallet, stock keeping unit [SKU], etc.), 

what time interval to build the forecast on (daily, weekly or monthly), and are there seasonal trends 

that can be accounted for in the forecast. Knowing these factors will help a company plan for the 

upcoming demand and have the correct amount of labor staffed. This thesis aims to find which 

factors are most important when creating a forecasting plan and then details what steps are taken 

to actually create the forecast.  
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This thesis will determine a forecasting method utilizing a company’s historical data. 

Because the company analyzed operates in a specific market, the thesis will focus on the animal 

pharmaceutical industry and best practices for said industry. The forecast will be a result of 

company data and answers provided by a company contact. The company data, analyzed by way 

of Excel, will use the historical data to predict future demand based on the exponential smoothing 

method of forecasting. With this forecast, the company will independently use the data to create 

production and labor schedules. Due to anonymity, the company that this research was originally 

applied to will be referenced as “Company Z” for the entirety of this thesis. The remainder of this 

thesis is structured as follows. Chapter 2 will consist of a literature review of forecasting methods 

in practice today as well as give deeper insight into the company background. Chapter 3 will 

discuss the methodology that was used to create the forecast. Chapter 4 will be analysis of the 

forecast created and Chapter 5 will be a summary of the research that has been completed.  
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Chapter 2  
 

Background 

Large companies collect information and data on day-to-day activities; however, it is rarely 

utilized to the company’s advantage. This is referred to by Gartner, Inc. as dark data (“Dark Data 

Assets,” 2019). Because the quantity of this data stored is so vast, it often takes dedicated resources 

to sift through and find usable pieces to make better decisions and predictions. According to an 

article in Supply Chain Digital, companies that utilize a forecast, on average, reach a fifteen to 

twenty percent decrease in safety stock, which translates to a large inventory reduction throughout 

the whole supply chain (Pierce, 2013). 

 Although it is near impossible to create a forecast with one hundred percent accuracy, it 

is still helpful to have some understanding of what demand could be in order to best prepare the 

distribution centers (DCs) and manufacturing plants. Without a forecast, it is impossible to plan 

for labor requirements, building size requirements, and production plans for any product (Bozarth 

& Handfield, 2019), any of which can cause major issues in the supply chain if they are not 

addressed well. If a firm over-hires labor, too much cash on hand will be tied up in salaries. If a 

building will not meet demand requirements in the long term, the company will be affected by 

capacity constraint or, in other words, restricted by what the facility is able to produce and therefore 

being unable to meet demand. When a company is restricted by capacity constraint, they risk their 

competitors stepping in and taking over their portion of the market share (D’Aveni, 2010). 

Additionally, not having an accurate picture of the production plan will lead to either an overage 
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in raw materials, which is a costly way to tie up cash, or, a shortage of raw materials, which causes 

plants to sit idle and unproductive while a delivery is on the way.   

Forecasting Methods 

There are multiple widely used forecasting methods typically chosen based on the nature 

of the company and how volatile consumer demand is for the product. Time series forecasting 

models are utilized mainly when chronological order is important to create the forecast. In these 

models, the future demand is seen as a function of time (Bozarth & Handfield, 2019). Simple 

moving average, weighted moving average, exponential smoothing, and linear regression are the 

four widely accepted time series models and their use is dependent on several factors of the forecast 

that is being created.   

Simple moving average (SMA) is widely used for companies seeing a relatively low 

amount of demand variation, as this method works well to smooth the data over the short period it 

takes into account (Langley et al., 2020).  Typically, the most recent three to four months of data 

are averaged to produce the next month’s forecast as seen in equation 1, where Dt is the demand 

in month t, and N is the total number of months being used. However, more or less months can be 

utilized. 

Equation 1. Simple Moving Average 

𝑆𝑀𝐴 =
𝐷𝑡 + 𝐷𝑡−1 + ⋯ + 𝐷𝑡−𝑁+1

𝑁
 

Weighted moving average (WMA) is a more complex version of SMA, taking recent 

seasonality into account when assigning weights to the months, seen in Equation 2.  For this reason, 

WMA is more applicable to companies that experience more seasonality than constant demand. In 

the equation below (Equation 2), 𝑤𝑡  is equal to the weight assigned to the most recent month and 

(

1) 
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𝐷𝑡  is the demand in month t. As long as the weights are equal to 1, more months can be utilized in 

the formula, but the industry standard is to utilize three to four months of data to create this 

forecast.   

Equation 2. Simple Moving Average 

𝑊𝑀𝐴 = 𝑤𝑡 ∗ 𝐷𝑡 + 𝑤𝑡−1 ∗ 𝐷𝑡−1 + 𝑤𝑡−2 ∗ 𝐷𝑡−2 + 𝑤3 ∗ 𝐷𝑡−3  

Exponential smoothing takes the previous month’s forecast and combines it with the actual 

demand from the previous month to create the new demand, seen in Equation 3. By taking the 

forecast into account, some randomness is added back into the mix instead of relying solely on 

what the demand was in the past. This randomness helps to account for some seasonality and 

consumer preference but is better suited for companies that face less seasonality with their products 

and more constant demand. Equation 3 has the variable ∝ which is the smoothing constant used to 

weight the demand and the forecast for the previous month. D1 is equal to the demand for the 

previous month and F1 is equal to the forecast for the same month. Comparing the actual demand 

against the forecasted demand allows the company to utilize continuous revision to check and 

adjust weights should the need arise.  

Equation 3. Exponential Smoothing 

𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙 𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 = ∝ 𝐷1 + (1−∝)𝐹1 

In order to identify which method works best for a company in the animal pharmaceutical 

market, it is necessary to compare forecasting methods via error terms in order to see what method 

is the most accurate historically and should therefore be used to predict future demand. With more 

data collected and available for the analysis, it is easier to correct for seasonality and randomness 

for future forecasts.  

  

(

2) 

(

3) 
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Choosing an Appropriate Forecast 

Once the forecast has been created, error terms serve as a way to see which method was 

the closest to the actual demand. There are five commonly used error terms, bias (CFE), mean 

absolute deviation (MAD), mean squared error (MSE), mean absolute percent error (MAPE), and 

tracking signal. Before looking at the data, it may seem that just bias, or the difference between 

the forecast and the actual demand, would be sufficient to judge. However, with deeper analysis 

utilizing the five error terms, a method different to the method indicated by bias could show as the 

most accurate forecast. Only utilizing one piece of data when there are more resources available 

creates a forecast that is not performing to its highest potential (Langley et al., 2020).  Because 

error terms utilize actual demand in comparison to the forecast, they need to be calculated after the 

actual demand is known. When deciding on a forecasting method, it is important to use historical 

data and create “forecasts” to be able to measure against what demand was in reality. Increasing 

the amount of data that is utilized in creating forecasts lends itself to omitting randomness and 

variability that can negatively impact the accuracy of a forecast. With more data, there is more 

points to average, and the outliers are normalized.  

In May 2018, Company Z modified the data tracking process in order to prepare for better 

analytics and visibility into the company. Prior to this research, no forecasting method was being 

utilized meaning they were going into the months with very limited visibility into what they would 

be moving through DCs which causes many problems including, but not limited to, labor and 

transportation schedules (both inbound and outbound). Being able to visualize an estimate of what 

will be moving out of the distribution center will allow Company Z to be more prepared and not 

run into labor shortages or excessive scheduled labor. While Company Z estimated demand based 

on the previous year’s data, the seasonality and fluctuations in buying cycles, as well as increase 
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in demand from consumers, cause too much uncertainty to be able to forecast accurately enough 

to schedule workers and truckload shipments.  
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Chapter 3  
 

Methodology & Analysis 

 The key to creating the forecast is ensuring that the correct data has been collected and 

analyzed. After a series of discussions with the subject matter expert (SME) for Company Z’s data, 

it was determined that each line should be counted as one unit and by aggregating all lines, the 

total demand for the month can be determined.  The data that was used for this project was in excel 

files, separated by month. After aggregating the data by months, the sub-category of warehouse is 

needed to have more visibility at each warehouse.  

 Because warehouses are dynamic and new ones can open rapidly while others can close 

quickly, it is important to determine if the warehouse will be useful or not prior to using it as a 

base. For example, if a warehouse is showing that it has zero lines of data for multiple months and 

suddenly jumps to having 100+ lines of data, it should be temporarily removed from the data set 

to avoid miscalculations from the zero months. It is also good to note that not all warehouses will 

receive the same volume, even while across the network seasonal trends can be seen. It is also 

important to note that a large reason for the high variability between warehouses is due to the 

locations of these warehouses and the different markets they serve. The centralized warehouses 

are likely to see exponentially higher levels of volume because they are not only used for customer 

orders but also utilized to fill orders for other warehouses. To test the forecast model, a central DC 

was used. 
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Figure 1. Aggregated Data     

 

 

 

 

 

 

 

 

*warehouse names have been removed to protect anonymity  
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 In Figure 1, above, each line represents the volume seen at each warehouse in Company 

Z’s supply chain. At the time of this project Company Z was able to provide data for the previous 

eighteen months due to the changing of systems that occurred in May 2018. While forecasts were 

able to be modeled utilizing this quantity of data, yearly trends are not able to be seen as clearly 

as they would be with five plus years of data. That being said, Figure 2, seen below, shows that 

the warehouses, while seeing independent levels of demand, stay relatively constant throughout 

the course of the year. 

 The November 2019 data creates an outlier for the majority of the warehouses which is 

why analyzing the data prior to entering it into the forecasting tool is so important. Monitoring to 

ensure that these data points do not negatively impact the accuracy of the forecast is a key step in 

having an accurate forecast. It is also a check point to ensure that data is being loaded in the correct 

format and the forecast does not fall to human error. In many cases, these outliers can be explained 

by normal operations, such as a routine warehouse closure, supply rerouting or a warehouse 

upgrade. For these reasons, it is beneficial to have someone familiar with the business reviewing 

the data and ensuring its integrity. In this case, it was an example of human error and information 

entered incorrectly. While this is an example of a simple fix on the data sheet, it could result in an 

inaccurate forecast for this month. This one month of inaccurate forecasting creates many more 

months of inaccurate forecasts due to the interconnectivity of the forecasts and using forecasts 

versus the actual demand to create the error terms.  

 Some warehouses, depending on location, have the potential to be significantly busier than 

others and see a higher volume. Because of this volume fluctuation, diving down to the warehouse 

level is very important to create an accurate forecast. The next part of the analysis was taking the  
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Figure 2. Demand Across All Warehouses 
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warehouse data and using it to create the actual forecast. As discussed in Chapter 2, there are a 

number of different forecasting techniques that are widely accepted and used in industry.  

 In the calculation tab of the model, each forecast technique is calculated utilizing the 

forecasts from Chapter 2. Each column utilizes the formulas examined in chapter two to create a 

forecast and in following columns, error terms that assist in choosing the most accurate formula 

are calculated. Figure 3 shows the top of the excel sheet where the error terms are calculated in a 

table and the most accurate method is identified.   

 Figure 4 is a graphical depiction of the forecast for each method produced. As the dark 

grey line shows, exponential smoothing stays relatively flat and close to the actual demand. As 

weighted moving average (light grey) reacts to the demand spike one month late, it creates large 

inconsistencies between the actual demand and the forecasted demand, throwing the forecasted 

numbers off for months to come. Simple moving average (green) reacts with less intensity than 

the weighted moving average but the higher numbers for the surprise month continue to incorrectly 

increase the forecast for months to come before it returns to following actual demand. If Figure 5 

illustrated the following year, 2020, exponential smoothing would see an increased forecast in an 

attempt to hedge against the demand spike that occurred in 2019 but the weight that is seen in the 

equation (Equation 3) helps to restrict the spike from being too severe to be useful.  

Figure 3. Error Table 

 

Figure 3. Error Table 
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Figure 4. Graphed Forecasts 
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 As seen in Figure 3, for this company, exponential smoothing is the best method as it has 

three out of five error terms that are closest to zero. Although there is some seasonality seen in the 

data, the data is relatively stable for the majority of the year which aligns with what was discussed 

in Chapter 2. Something evident in Figure 3 is how inaccurate each forecasting technique appears. 

Although the most accurate technique is easily identifiable, Figure 3 does show large discrepancies 

between the forecast and the actual demand. The alternative to creating forecasts is essentially 

going into each month blind and not utilizing history to attempt to predict at least some 

randomness. In Figure 5 there is a large spike in demand in August 2019 as depicted by the orange 

line. Looking at this data set and utilizing it for next year’s forecast, an attempt can be made to 

offset any sudden jumps in demand, such as the one seen in the previous year. While there could 

be explanations made for why such a large increase in demand was seen, this data gives insight 

into something that could potentially happen again in the future and helps prepare for it. 

Additionally, as this database continues to grow, the increase in data that is used in creating the 

forecasts will help to avoid large spikes by averaging more of historical tendencies. Using the past 

to predict the future is never going to totally account for the randomness that occurs in the world 

but it helps to create a baseline to look at so there is at least somewhere to start from instead of 

starting from the beginning every month.  
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Figure 5. Projections 
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 As the data continues to evolve, the continued evaluation of the forecasts allows for growth 

and higher accuracy for future months. In order to fully utilize this tool and analysis, the data needs 

to be updated monthly as new information is gathered. Adding actual values will benefit accuracy 

by determining if the forecast is correctly predicting what the demand will be. Company Z will 

continue to monitor the forecasting tool to determine if the method of exponential smoothing 

remains the same as new data continues to be logged. If with more data a different method achieves  

a more accurate forecast, the forecast can be reevaluated and changed to this method if need be. 

The most accurate forecast is then pulled to a different sheet in the file. This sheet allows the user 

to adjust for any projected increases or decreases that marketing and sales is projecting. It also 

graphs the actual demand versus the forecasted demand which allows the user to visually identify 

how accurate the forecast has been historically and the trend of where demand is projected to go 

in the future.  
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Chapter 4  
 

Conclusion & Recommendations  

The forecast model hinges on inputting correct data and ensuring that outliers are 

removed, as is the case with most data models. The correct data input leads to an analysis that 

builds upon itself.  Having more data to include in the forecast will help better predict for the 

future which also means that the preferred forecasting method is subject to change. Because the 

data is relatively easy to clean and shape into the format the tool requires, utilizing Excel for the 

analysis leaves it in a simple state that can be constantly updated to reflect the best information.  

 The Methodology section describes the steps taken to create the forecast and how to 

continue to update the data set. As proven by this analysis, exponential smoothing is the best 

method to account for constant demand with light adjustments to seasonality. This company, 

prominent in the animal pharmaceutical industry, has constant demand that is impacted 

minimally, yet still impacted, by the seasonality of some of their products.  

 A limitation to this research is the limited amount of data that was able to be obtained. 

As mentioned before, the more data there is, the more accurate a forecast will be as outliers are 

normalized and patterns occur. The recommendation that has been made to Company Z is to 

utilize the model that has been built with the data and continue to update this model month by 

month. When five years of data has been collected, it is suggested that Company Z recreates the 

forecast and a trendline is added to forecast and normalize all of the data. Until more data is able 

to be collected and stored, Company Z will utilize this forecast model, updating the data month 

by month and identifying what forecast to follow and plan for at their facilities.  
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