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Abstract 
Many organizations rely on their planners and statistical sales forecasting systems to optimize 

their service levels and inventory. The interaction between the two is critical for successful 

organizational planning. However, many judgmental adjustments made to the algorithm 

generated forecasts are subject to biases and do not necessarily lead to greater performance. 

This master thesis concerns a study conducted at the development department of a Dutch 

headquartered company called Slimstock. Slimstock offers a software package, SLIM4, that 

contains forecasting, sales planning and inventory management.  The main focus of the study 

is on the effect of judgmental adjustments on the forecasting accuracy of statistical sales 

forecasting systems. Therefore the forecasts adjusted by planners were compared to the 

original forecasts generated by the algorithm to study which forecasts were the most accurate 

by comparing these two forecasts to the actual sales of the period. Additionally, the presence 

and effect of the following topics were studied: optimism bias, rounding of forecasts, time of 

day and several SKU characteristics. The objectives were to determine (1) what effect the 

judgmental adjustments had on the forecasting accuracy and (2) which factors influenced this 

forecasting accuracy.  

The results showed that planners generally improved the forecasting accuracy by making 

judgmental adjustments. Additionally, downward adjustments occurred more frequently and 

were more often in the correct direction than upward adjustments. The preferred adjustment 

direction even changed throughout the month, namely from downward at the start of the 

period to upward at the end of the period. Rounding occurred a lot, but did not seem to have 

a negative effect on the forecasting accuracy. Time of day also did not influence the 

forecasting accuracy. Concerning the SKU characteristics the average demand and order lead 

time influenced the adjustment direction that planners preferred.      

 Keywords: Algorithm Aversion, Forecasting, Human Algorithm Interaction, Optimism 

Bias, Rounding Numbers, Statistical Sales Forecasting, Time of Day 
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‘Wow, this is it!’ is the first thing that came to mind when I started to think about what to 
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almost finished, meaning that 6 years of studying at the Eindhoven University of Technology 

is coming to an end. A lot has changed since I first started studying in the bachelor 

Automotive. New friendships were made, memories were created, I discovered a totally new 

city, and many important choices had to be made. The most life changing and best choice was 

to stop with the bachelor Automotive and to enroll in the bachelor Industrial Engineering. 

From there on I developed myself, gathered a lot of knowledge and expanded my professional 

network.  

The last step in obtaining my master’s degree was to complete the Master Thesis Project. 

After some struggles in finding a suiting research topic, Mr. van de Calseyde and I agreed on 

a research aimed at product forecasting. To be more specific, the role of the human planner 

when working with statistical sales forecasting systems. The next step was to find a fitting 

company interested in the topic of research. After a search that lasted for multiple months 

and that was accompanied with many setbacks I landed in Deventer. Slimstock BV was 

interested in the research and we could quickly start the collaboration. From the first day on 

I already felt very welcome at the office. I got a short tour of the company, met many new 

people and was supplied with all the equipment that was needed to conduct the research. 

My colleagues at Slimstock were very helpful over the course of the project and I would 
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months. Furthermore I would likewise want to thank Philippe for his guidance and help as my 

mentor for this thesis project as well as Josette for her comments in a later phase of the 

research.  

It remains strange to realize that my student life is coming to an end. This summer I will also 

have completed my master Business Development & Entrepreneurship at the University of 
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Management Summary 
Many organizations rely on their planners and statistical demand forecasting systems to 

optimize their service levels and inventory. The interaction between the two is critical to 

obtain operational excellence. When sales forecasting is done correctly in the right 

environment, the amount of out of stock products (stock-outs) can be kept to a minimum 

while at the same time the costs are reduced greatly (Aburto & Weber, 2007; Danese & 

Kalchschmidt, 2011a). To aid planners in the sales forecasting process, statistical sales 

forecasting systems, such as SLIM4, are used. Organizations that use these quantitative 

methods significantly outperform companies that solely rely on judgmental methods (Sanders 

& Manrodt, 2003). Despite using quantitative methods, planners remain in control as they 

always have the possibility to make judgmental adjustments to the forecasts when they feel 

this is necessary. Potentially these judgmental adjustments can greatly improve the 

forecasting accuracy by allowing the estimated effects of special events to be incorporated 

into the forecast (Goodwin, 2000). It is therefore interesting to investigate what effect these 

adjustment have on the total forecasting accuracy. This research project was conducted in 

the Development Division of Slimstock which is located at the headquarters in Deventer, the 

Netherlands. Slimstock develops statistical sales forecasting software and uses the 

management by exception (MBE) approach. This means that there are certain situations in 

which the forecasts that are made by the software should remain untouched and other 

situations where the forecast produced by the software requires the planners’ attention. 

Literature Review 
The literature review was conducted to introduce the concept of statistical sales forecasting 

including the planning process, the difficulties of planning, and the role of that statistical sales 

forecasting has. Secondly, the concept of judgmental adjustments is introduced including the 

effects of optimism bias, rounding of numbers, the time of day and various SKU 

characteristics. Forecasting is of great importance as: “The goal of forecasting is not to predict 

the future but to tell you what you need to know to take meaningful action in the present.” 

(Saffo, 2007). When using statistical sales forecasting systems, many planners deviate from 

the ‘advice’ the algorithm based system gives. Depending on the industry these adjustments 

occur in up to 80% of the forecasts (Fildes et al., 2009). Despite many inefficiencies, literature 

shows that these adjustments made by planners often lead to a greater forecasting accuracy 

(Fildes & Goodwin, 2007). Additionally, expected is that optimism bias is present and that it 

has negative effects on the forecasting accuracy (Fildes et al., 2009; Legerstee & Franses, 

2009), that the rounding of numbers (forecasts) will greatly occur (Lynn, Flynn, & Helion, 

2013), that the time of day will negatively affect the forecasting accuracy due to cognitive 

fatigue (Smith et al., 2016) and that the unit price, average demand and order lead time could 

possibility influence the planners decision making. 
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Data 
As mentioned earlier Slimstock has provided various datasets from clients that use their 

systems. The data from their software package, SLIM4, and especially the forecasting data 

from this package will be analyzed. The sample consists of a complete SLIM4 database with 

data from multiple years from one of Slimstocks’ customers. This customer is a supplier of 

pottery, souvenirs and lifestyle items. They operate with two planners and have a product 

portfolio of over 7000 SKUs. Since January 2013 they have been using the software package 

that Slimstock provides. Within this database the data concerning the forecasting package 

will be used for analysis. The so called article audits will be analyzed to be able to analyze the 

judgmental adjustments. These article audits display both the before (algorithm generated) 

and after (planner altered) forecast. By analyzing this data this research hopes to gain insight 

in the planners’ decision making and how their judgmental adjustments influence the 

forecasting accuracy. Additionally, this research hopes to gain insight in which factors 

involving judgmental adjustments influence the forecasting accuracy.  

Research Design 
All data was present in the databases that Slimstock had provided. The first database 

contained multiple years of data from one of Slimstocks’ customers of which there was 2.77 

GB of data available. Not all data that was present in the database was relevant for this 

research project, therefore the truly relevant data needed to be extracted from this database. 

There were a great number of variables present in the database that Slimstock had provided. 

The most relevant variables for the judgmental adjustments were: the SLIM4 forecast, the 

planners’ forecast, the actual sales, the action time, the action date, the audit comment, the 

average demand after, the unit price, the average demand and the lead time. Based on these 

variables, new variables could be constructed to aid in the analysis. 

Within the article audit information, that concerns the judgmental adjustments, there was 

still a lot of data that could not be used. First of all, only 24 periods of actual demands were 

easily accessible in the article audit information. Secondly, not all forecasts in the system were 

calculated by the algorithm. All these forecasts were filtered from the dataset. After filtering 

these data points there were a sufficient amount of data points remaining (N=4593). There 

were other less straight forward filters that needed to be applied as well. For some situations 

the SLIM4 forecast and planner forecast were equal, meaning that there were no alterations 

in the forecast. Additionally, for many products the actual demand was zero even though the 

average demand and previous demand points all showed that normally their demand had a 

regular demand pattern. These products have also been filtered from the dataset (N= 4231). 

Finally, outliers needed to be filtered. An outlier can cause serious problems in statistical 

analyses and therefore needs to be dealt with. After the outliers were filtered the dataset 

(N=4200) was ready for analysis.  
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Results and Implications 
This research revealed various different findings on the topic of judgmental adjustments. The 

most important findings are listed below.  

1. In general the judgmental adjustments that the planners made improved the 

forecasting accuracy. Not only did the planner more often have the more accurate 

forecast, they also had to smallest total forecasting error. 

 

2. Adjustments made earlier in the month more often improve the accuracy than the 

ones made later in the month. This can be caused by the exceptions that are generated 

at the start of each period or by planners adjusting their focus to the next month. 

 

3. Planners tend to make more downward adjustments than upward adjustments. These 

downward adjustments are more often in the correct adjustment direction to improve 

the forecast but the mean error percentage for both adjustment directions showed 

no major differences. 

 

4. The preferred adjustment direction changed over the course of a month from 

downwards at the start of the period to upwards at the end of the period. Many 

exceptions could ‘guide’ the user to make downward adjustments explaining why a 

great number of downward adjustments were made. 

 

5. Planners have the tendency to round number when adjusting forecasts, but this 

rounding of numbers has no negative influence on the forecasting accuracy.  

 

6. The time of day (and thus cognitive fatigue) did not have any effect on the forecasting 

accuracy. This might indicate that the system does not seem to tire the planner in such 

a way that it (greatly) influences their forecasting performance. 

 

7. Concerning the SKU characteristics, the unit price did not seem to have any effect on 

the planners’ decision making. The average demand on the other did have an effect, 

planners had the tendency to make more upward adjustments for products that had 

a higher average demand. The order lead times showed the opposite of what was 

expected, longer lead times lead to more downward adjustments.  

 

Many of these findings are interesting as they confirm the importance of the MBE approach 

as many adjustments earlier in the period proved to be more effective than later in the period. 

Additionally, various findings can be used during the training sessions of planners.  



 
7 

Table of Contents 
Abstract ...................................................................................................................................... 2 

Preface ....................................................................................................................................... 3 

Management Summary ............................................................................................................. 4 

List of Figures ............................................................................................................................. 9 

List of Tables ............................................................................................................................ 10 

List of Abbreviations ................................................................................................................ 11 

1. Introduction ..................................................................................................................... 13 

1.1. Problem Statement ................................................................................................... 13 

1.2. Research Context ...................................................................................................... 15 

1.2.1. Company Context .................................................................................................. 15 

1.2.2. Project Context ...................................................................................................... 15 

1.2.3. Research Scope ...................................................................................................... 15 

1.3. Research Objectives .................................................................................................. 16 

1.3.1. Business Objective ................................................................................................. 16 

1.3.2. Scientific Objective ................................................................................................ 16 

2. Statistical Sales Forecasting ............................................................................................. 17 

2.1. The Planning Process ................................................................................................. 17 

2.2. Difficulties of Planning .............................................................................................. 19 

2.2.1. Conflicting Objectives ........................................................................................ 19 

2.2.2. Alternative Solutions .......................................................................................... 19 

2.2.3. Demand Uncertainty .......................................................................................... 20 

2.3. The Role of Statistical Sales Forecasting Systems ..................................................... 21 

2.3.1. Probability Distributions & Safety Stock ............................................................ 22 

2.3.2. Types of Forecasting .......................................................................................... 23 

3. Judgmental Adjustments ................................................................................................. 24 

3.1. Optimism Bias ........................................................................................................... 26 

3.2. Rounding Numbers.................................................................................................... 27 

3.3. Time of Day ............................................................................................................... 28 

3.4. SKU Characteristics .................................................................................................... 29 



 
8 

4. Data .................................................................................................................................. 31 

5. Research Design ............................................................................................................... 32 

5.1. Method ...................................................................................................................... 32 

5.2. Variables .................................................................................................................... 32 

5.3. Data Analysis ............................................................................................................. 34 

5.3.1. Data Selection ........................................................................................................ 34 

5.3.2. Statistical tests ....................................................................................................... 35 

6. Results .............................................................................................................................. 38 

6.1. Algorithm vs. Planner ................................................................................................ 38 

6.2. Optimism Bias Analysis ............................................................................................. 42 

6.3. Rounding Numbers Analysis...................................................................................... 48 

6.4. Time of Day Analysis ................................................................................................. 52 

6.5. SKU Characteristics .................................................................................................... 54 

7. Discussion......................................................................................................................... 56 

7.1. Discussion of the Results ........................................................................................... 56 

7.2. Answers to the Research Questions ......................................................................... 62 

7.3. Implications ............................................................................................................... 63 

7.4. Limitations ................................................................................................................. 65 

7.5. Future Research ........................................................................................................ 66 

7.6. Conclusion ................................................................................................................. 67 

References ............................................................................................................................... 68 

 

  



 
9 

List of Figures 
 

Figure 1 - Basic overview of the research project and the associated research questions .... 14 

Figure 2: The normal distribution (Thomopoulos, 2015) ........................................................ 22 

Figure 3: The Poisson distribution (Haslwanter, 2015) ........................................................... 22 

Figure 4: Lead time influence on ordering  (Taylor, 2010) ...................................................... 29 

Figure 5: Observations of the chosen ending numbers ........................................................... 48 

Figure 6: Influence of the Ending Number of the Mean Error Percentage ............................. 49 

  

file:///C:/Users/l.vandenwijngaard/Dropbox/Lenhard%20van%20den%20Wijngaard%20-%20Forecasting/Master%20Thesis%20Final%20Lenhard%20van%20den%20Wijngaard.docx%23_Toc506894812
file:///C:/Users/l.vandenwijngaard/Dropbox/Lenhard%20van%20den%20Wijngaard%20-%20Forecasting/Master%20Thesis%20Final%20Lenhard%20van%20den%20Wijngaard.docx%23_Toc506894813
file:///C:/Users/l.vandenwijngaard/Dropbox/Lenhard%20van%20den%20Wijngaard%20-%20Forecasting/Master%20Thesis%20Final%20Lenhard%20van%20den%20Wijngaard.docx%23_Toc506894814


 
10 

List of Tables 
 

Table 1: Variables obtained from the dataset for the Judgmental Adjustments .................... 33 

Table 2: Variables constructed for Judgmental Adjustments Analysis .................................... 33 

Table 3: Types of analysis required .......................................................................................... 35 

Table 4: Algorithm vs. Planner ................................................................................................. 38 

Table 5: Algorithm vs. User (Part of the month) ..................................................................... 39 

Table 6: Algorithm vs. Planner Forecast Error Percentage ...................................................... 40 

Table 7: Planner Forecast Error Percentage throughout the month ...................................... 40 

Table 8: Difference in Adjustment Direction ........................................................................... 42 

Table 9: Difference in Adjustment Direction (Part of the month) ........................................... 43 

Table 10: Planner Direction vs. Correct Direction ................................................................... 43 

Table 11: Adjustment Direction vs. Correctly Selected Adjustment Direction ....................... 44 

Table 12: Correct Direction (Part of Month) ............................................................................ 45 

Table 13: Difference in Adjustment Size Percentage .............................................................. 45 

Table 14: Difference in Planner Forecast Error Percentage .................................................... 47 

Table 15: Occurrence of Rounding .......................................................................................... 48 

Table 16: Forecast Error Percentage Rounding ....................................................................... 49 

Table 17: Grouped Rounded Numbers Analysis ...................................................................... 50 

Table 18: Part of month effect on ending number ‘0’ ............................................................. 51 

Table 19: Part of month effect on ending numbers '0' & '5' ................................................... 51 

Table 20: First Analysis Time of Day on the Planner Error Percentage ................................... 52 

Table 21: Second Analysis Time of Day on the Planner Error Percentage .............................. 53 

Table 22: Explorative Analysis SKU Characteristics ................................................................. 54 

 

  



 
11 

List of Abbreviations 
 

ANOVA One-way analysis of variance 

ERP Enterprise Resource Planning 

EPS Earnings Per Share 

MBE Management-by-exception 

S&OP Sales and operations planning 

SKU Stock Keeping Unit 

TAM Technology Acceptance Model 

  



 
12 

 

 

 

 

 

 

 

 

 

 

Intentionally left blank 

  



 
13 

1. Introduction 
This report is the result of a master thesis project performed at the Dutch headquartered 

company Slimstock from Deventer. Slimstock is currently the market leader in inventory 

optimization software and has more than 650 customers globally. The software package that 

Slimstock offers, SLIM4, contains forecasting, sales planning and inventory management. This 

organization is continuously looking for ways to improve their software hence their interest 

in this master thesis project. They strongly believe that planners and their software can 

reinforce each other. Slimstock uses the management-by-exception (MBE) approach in their 

software package. This means that there are certain situations in which the forecasts that are 

made by the software should remain untouched and other situations where the forecast 

produced by the software requires the planners’ attention. When there is an exception the 

software package indicates that the forecast requires some more attention and that possibly 

adjustments need to be made. These adjustments are manually made by the planners and 

are called judgmental adjustments. They can improve the forecasting accuracy, but are also 

known to often have a negative influence on the forecasting accuracy (Sanders & Manrodt, 

2003). This is due to the fact that human judgment can be subject to many biases (Lawrence, 

Goodwin, O’Connor, & Önkal, 2006). This research is aimed at understanding what effect 

these judgmental adjustments have on the forecasting accuracy.  

1.1. Problem Statement 
Many organizations rely on their planners and statistical demand forecasting systems to 

optimize their service levels and inventory. The interaction between the two is critical to 

obtain operational excellence. When sales forecasting is done correctly in the right 

environment, the amount of out of stock products (stock-outs) can be kept to a minimum 

while at the same time the costs are reduced greatly (Aburto & Weber, 2007; Danese & 

Kalchschmidt, 2011a). Other improvements ideally include lowering the inventory levels and 

increasing the responsiveness of the organization to customer demand (Helms, Ettkin, & 

Chapman, 2000). To aid planners in the sales forecasting process, statistical sales forecasting 

systems, such as SLIM4, are used. Organizations that use these quantitative methods 

significantly outperform companies that solely rely on judgmental methods (Sanders & 

Manrodt, 2003). Despite using quantitative methods, planners remain in control as they 

always have the possibility to make judgmental adjustments to the forecasts when they feel 

this is necessary. Potentially these judgmental adjustments can greatly improve the 

forecasting accuracy by allowing the estimated effects of special events to be incorporated 

into the forecast (Goodwin, 2000). Both organizational practice and literature indicate that 

judgmental adjustments of the statistical sales forecasts for stock keeping units (SKU) are very 

common as up to 80% of the statistical forecasts are adjusted in some companies (Fildes, 

Goodwin, Lawrence, & Nikolopoulos, 2009).  
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Apparently a great number of planners deviate from the systems’ advice and rely on their 

own judgment and intuitions when finding solutions. However, in the context of Slimstock it 

remains unknown when these judgmental adjustments occur and whether these adjustments 

increase the accuracy of the forecast. 

This research is data driven and is aimed at understanding how planners/users of the SLIM4 

statistical sales forecasting system interact with the software and what influence their 

judgmental adjustments have on the overall forecasting accuracy. The following research 

questions can be formulated concerning the improvement of the forecasting accuracy of 

statistical sales forecasting systems. These research questions are: 

RQ1)  What effect do the planners’ judgmental adjustments have on the forecasting accuracy 

of statistical sales forecasting systems? 

RQ2)  Which factors involving judgmental adjustments influence the forecasting accuracy of 

statistical sales forecasting systems?  

 

Figure 1 - Basic overview of the research project and the associated research questions 

 

The following structure will be used in the remainder of this research proposal. Chapter 2 

consists of an elaboration on what planning is, the main difficulties of planning and how 

statistical sales forecasting systems can improve the planning process. Chapter 3 concerns the 

role of judgmental adjustments when using statistical sales forecasting systems and the 

possible conditions under which judgmental adjustment take place. In chapter 4 the data that 

was used is discussed. Chapter 5 concerns the research design of this study including the 

method, the variables and the data analysis. In chapter 6 the results of the research are stated 

followed by chapter 7 where the findings are discussed, implications are given, limitations are 

addressed and the research is concluded.     

  

Statistical Sales 

Forecast 

Planner/Scheduler 
Decision 

Forecasting 
Accuracy 

Judgmental 
Adjustment 

RQ1 RQ2 
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1.2. Research Context 
This section describes the research context of this research consisting of (1) the company 

context discussed in section 1.2.1, (2) the project context explained in section 1.2.2, and (3) 

the research scope. 

1.2.1. Company Context 
Slimstock was founded in 1993 and has since then grown to become the market leader in 

inventory optimization with more than 650 customers globally. The software package that 

they offer contains forecasting, sales planning and inventory management, that aids 

companies in getting the right inventory to the right place at the right time. In addition to 

software solutions, they also offer project-based support and professional services, including 

coaching, analysis, and interim professional support.  

This research project was conducted in the Development Division of Slimstock which is 

located at the headquarters in Deventer, the Netherlands. Currently, Slimstock employs over 

200 people located in 20 countries. They believe that the value of software lies in its potential 

to help people make better decisions and work efficiently. Their mission is simple: ‘To make 

our customers outperform’. 

1.2.2. Project Context 
As mentioned in the introduction Slimstock is always seeking for ways to improve their SLIM4 

software package, hence their interest in this master thesis research project. They are 

interested in understanding what effect judgmental adjustments by planners have on the 

forecasting accuracy. The adjustments will be looked at from various perspectives such as 

from the human vs algorithm perspective, presence of optimism bias, the effects of rounding 

numbers, the effect of the time of day and the effects of various SKU characteristics such as 

the average demand, the order lead time and the unit price.  

1.2.3. Research Scope 
For this research project the planners’ interactions with the SLIM4 software are analyzed. 

Since the functionalities of the software package are quite large, not every single interaction 

by a planner will be analyzed. To remain within the complexity boundaries and to keep the 

research within a feasible timeframe a few limitations were set. That is, the scope of the thesis 

project concerns the forecasting part that the SLIM4 software offers and not the purchasing 

or order planning part. Within the forecasting part of the SLIM4 software package, the data 

from all the planners’ judgmental adjustments will be analyzed. To make this possible the 

automatically logged article information and the article audit information from the SLIM4 

software package will be used to conduct this analysis.  
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1.3. Research Objectives 
This section concerns the objectives of this research project consisting of the business 

objective is section 1.3.1 and the scientific objective in section 1.3.2. This study is aimed at 

providing valuable insights for Slimstock concerning the planners’ usage of the SLIM4 

software package while and at the same time contributing to the scientific literature 

concerning the interaction between humans and algorithms.     

1.3.1. Business Objective 
The first objective concerns a business objective and is aimed to provide Slimstock with 

valuable insights on what effect the judgmental adjustments that planners make to forecasts 

have on the forecasting accuracy and to gain insight on which factors seem to influence the 

forecasting accuracy. The main goal is to understand what happens concerning these 

adjustments to be able to make suggestions for fine tuning the SLIM4 software package. The 

results are used to gain awareness within the company and to develop the SLIM4 software 

package.    

1.3.2. Scientific Objective 
The second objective of this research is to contribute to the scientific literature concerning 

the interaction between humans and algorithms. Many studies have been conducted 

concerning why people trust human judgment over algorithms, known as algorithm aversion, 

(Dietvorst, Simmons, & Massey, 2014; Prahl & Van Swol, 2017) and judgmental adjustments 

in forecasting (Fildes et al., 2009). This project aims to contribute to these topics by trying to 

replicate and thus confirm their findings with a different statistical sales forecasting system. 

Additionally, the second goal of this project is to include multiple factors and test their 

possible influence on the forecasting accuracy. These factors include the preference to round 

numbers and the effect that rounding has on the forecasting accuracy, the effects that the 

time of day has on the forecasting accuracy and the effects that various SKU characteristics 

have on the adjustments made by planners.   
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2. Statistical Sales Forecasting 
To aid in the process of sales forecasting, various statistical methods are often used to 

automatically generate forecasts for a large sum of SKUs (Stadtler & Kilger, 2007). Many 

planning decisions and activities within a firm are based on the forecasts that are generated 

by these statistical sales forecasting systems (Danese & Kalchschmidt, 2011a). These forecasts 

are thus of great importance. The reasoning behind why companies need to forecast can be 

explained as:   

“The goal of forecasting is not to predict the future but to tell you what you need to 

know to take meaningful action in the present.” (Saffo, 2007) 

Statistical sales forecasting alone is already a very complex process, but it is only a small part 

of planning. The planning process itself is much larger and more complicated than one might 

expect. Since this thesis might be interesting for people less familiar with the topic of 

planning, a short explanation is given. So what is planning exactly? 

“Planning is a basic management function involving formulation of one or more 

detailed plans to achieve optimum balance of needs or demands with the available 

resources.” (BusinessDictionary, 2017) 

This definition contributes to the understanding of what planning concerns, but for a full 

understanding it is necessary to take a closer look at the complete process.    

 

2.1. The Planning Process  
Supply chains have become increasingly complex over the years. Every supply chain has a 

great amount of decisions to be made every day. These decisions vary in complexity such as 

a simple scheduling problem or a complex question to open a factory. When the decision is 

more complex or important it is better to be prepared and this can be done by planning. This 

planning activity can be divided in the following sub-phases (Domschke & Scholl, 2003):  

o Recognition and analysis of a decision problem 

o Definition of objectives 

o Forecasting of future developments 

o Identification and evaluation of feasible activities (solutions) 

o Selection of good solutions 
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Not every detail needs to be planned. The idea behind planning is to make a simplified model 

of the reality, but to still include as many details as necessary without ignoring any serious 

real world constraints. The next step is to use forecasting and simulation models to try to 

predict future developments and to explain relationships between the input and output of 

complex systems. No selection of solutions is done here. Optimization models are used for 

the selection of feasible solutions. These models have an additional objective function to 

minimize or maximize depending on the desired outcome. A desired outcome could be to 

minimize the inventory level while maintaining a certain service level (Stadtler & Kilger, 2007).     

Each plan has its’ own planning horizon, meaning that new plans have to be made every new 

time period. When the planning horizon has been reached, a new plan has to be ready or has 

to be made that reflects the current status of the supply chain. There are three different 

planning levels which depend on the length of the planning horizon and the importance of 

the decision that are to be made (Anthony, Newton, & Mass, 1965). These planning levels 

concern: 

o Long-term planning  

o Mid-term planning 

o Short-term planning 

The long-term planning decisions are considered to be strategic decisions. The development 

of an organization/supply chain in the distant future are the main consideration. In this phase, 

the design and structure of a supply chain are determined and the effects are noticeable in 

the distant future.  

The mid-term planning decisions determine an outline of the regular operations and are 

within the scope of the strategic decisions. Rough estimates are made on the times for the 

flows and the amount of resources needed within the supply chain for 6 to 24 months. This 6 

to 24 months planning horizon enables the consideration of seasonal development.  

The short-term planning is the lowest level but is of great importance. All activities need 

detailed instructions to make immediate execution and control possible. The planning horizon 

is short and can vary between a few days and three months. Due to the short planning horizon 

a high degree of detail and accuracy is required to be able to execute everything correctly as 

vague planning often leads to undesired outcomes. With a detailed plan the instructions for 

execution are clear. Earlier decisions by the upper levels restrict the short term planning, but 

this planning is still an important factor for the actual performance of the supply chain. Lead 

times, delays, customer service and other strategic issues are all determined at this level.  

Statistical sales forecasting can be used in all three levels of planning.  Most often statistical 

sales forecasting is used for the mid-term planning level and the short-term planning level.  



 
19 

2.2. Difficulties of Planning 
Planning and statistical sales forecasting systems can play a major role in increasing the 

effectiveness of the organizations supply chains. These systems can greatly decrease the 

inefficiencies that occur while planning, but they do have to deal with three different types 

of problems. The problem types are: conflicting objectives, infinite alternatives and demand 

uncertainty.  

2.2.1. Conflicting Objectives 
When it comes to planning itself there are often multiple conflicting objectives. As an example 

the goal could be to obtain an as high as possible customer service level while at the same 

time having the lowest inventory level possible to be able to reduce costs. The problem is that 

both cannot be satisfied at the same time as for the first objective an infinite amount of stock 

is desired, but for the second objective no stock is desired. A problem like this is called a multi-

objective decision problem (Stadtler & Kilger, 2007). A common solution to this problem is to 

set a minimum or maximum value on each objective except for the one objective that is being 

optimized. Returning to the original example of obtaining an as high as possible customer 

service level while at the same time having the lowest inventory level possible, the new 

objective could be to minimize the inventory level while still obtaining a minimum customer 

service level.  

Another used principle is by pricing all objectives monetarily by expressing them in profits of 

costs and my maximizing the resulting marginal profit. A problem here is that not every 

objective can be expressed in monetary values, i.e. the customer service level. Therefore, a 

more general way to solve this is to define scale values or scores for every objective. These 

can now be aggregated into a weighted sum. A major problem here is that the ‘optimal’ 

solution is based on the weights that have been added.   

2.2.2. Alternative Solutions 
Due to the fact that the planning operations often concern large supply chains there are a 

huge number of alternatives. There are actually infinite alternatives which makes it near to 

impossible to find an optimal solution. Mathematical methods of operations research are 

therefore needed to support the planning process. Exact optimal solutions include linear 

programming and network flow algorithms, but in most cases only near-optimal solutions can 

be computed. They can be computed by heuristics such as local search. Their success greatly 

depends on how the problem is modeled. A statistical sales forecasting system can aid all 

these principles.  
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2.2.3. Demand Uncertainty 
The final and most difficult problem is dealing with uncertainty. Planning requires predictions 

of future developments to be able to plan future activities. This data is estimated by forecast 

models and these forecasts will consist a forecast error. This error can be of greater or lower 

importance. The error affects the customer service level because it influences the availability 

of products. A simple solution is to obtain more stock (safety stock), but the consequence is 

that the inventory costs will rise as well.  

Another solution is to revise the plan if the deviation from the plan is too large. Almost always 

reality will deviate from a plan and when the discrepancy is too large the plan needs to be 

revised. This method of planning is rolling horizon based. A planning horizon is divided into 

periods such as months or weeks. At the beginning of a period long term plans are made, but 

the plan for the current period is the only plan that is actually executed. At the beginning of 

the second period new plans are made and are updated based on the information from the 

first period. Now the plan reaches one period further than the plan made in the first period. 

This process keeps on repeating itself and this method is a commonly used when coping with 

uncertainty.      

Event driven planning is a more efficient way of updating plans. No fixed interval is present in 

this case, but a new plan is made when there is an important event such as unexpected sales, 

breakdowns and major changes in orders. Continuous updates/real-time data is needed to be 

able to react at any given time. When a planning system is based on data from an ERP system 

this is often the case.  
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2.3. The Role of Statistical Sales Forecasting Systems 
To be able to grow as an organization it is important to integrate and manage all core business 

processes. Manual paperwork is a thing of the past, now large software tools are being used 

to improve the management of companies. A well-known example is the implementation of 

large enterprise resource planning (ERP) systems. These systems are used to collect 

information as well as to provide information to all relevant stakeholders. The information 

systems are designed across the entire organization and helps providing information for 

tracking and monitoring the progress of different processes (Ganesh, Mohapatra, 

Anbuudayasankar, & Sivakumar, 2014). These systems are also used to aid the planning 

activities of an organization which consists of the coordination of materials, services and 

information between different organizational units and in some cases separate organizations.  

Organizations need to plan in advance how much inventory they want to have available. For 

every SKU a forecast is needed for the duration of the planning horizon. These forecasts will 

be used to determine when to buy/produce and how much is needed. It is therefore critical 

that the forecasts are accurate. Although accuracy is important, literature states that there 

are multiple important aspects. Timeliness, usability and credibility of the forecast are just as 

important (Danese & Kalchschmidt, 2011b). Additionally, for effective forecasting other 

processes such as sales and operations planning (S&OP) are needed to translate the 

forecasting benefits to realize favorable business outcomes (Doering & Suresh, 2016). Taking 

into account the specific environment on the organization is critical when designing a 

forecasting system (Kalchschmidt, 2012). 

With the advent of statistical sales forecasting systems, planning and specifically predicting 

sales has become more accurate. The advancement in computers has made forecasting 

become more reliable and forecasting methods that previously were deemed impossible can 

now be executed (Thomopoulos, 2015). To deal with shifts in demands, organizations need a 

well-functioning forecasting system. This is where the statistical sales forecasting systems 

come into play. These best of breed systems, that are the best systems in its referenced niche, 

are often implemented next to existing ERP systems. The statistical sales forecasting system 

extracts all necessary information from the ERP systems after which large mathematical 

packages make calculations to solve product forecasting problems (Danese & Kalchschmidt, 

2011a). Most often these systems are used to aid the planners in their decision making. Using 

the mathematical software, an optimal and detailed forecast is calculated. The planner 

remains in control as he has the possibility to deviate from the solution that the statistical 

sales forecasting system provides. Correct use of these tools should lead to reduced inventory 

and costs while at the same time increased service levels are achieved. Literature shows that 

organizations relying on quantitative forecasting perform better than organizations that rely 

on judgmental forecasting (Sanders & Manrodt, 2003).  
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2.3.1. Probability Distributions & Safety Stock 
An important factor when forecasting is the probability distribution. Each product has their 

own unique demand pattern and thus probability that certain demand will occur. To be able 

to forecast the demand of each product properly, the correct probability distribution has to 

be used. This probability distribution can then be used to mathematically calculate the 

forecasts. The most used probability distribution types are the normal distribution for fast 

movers and the Poisson distribution for slow movers. Once the correct distribution is known, 

the required amount of safety stock can be calculated. 

Normal Distribution: The normal, or Gaussian, 

distribution is the most commonly used probability 

distribution in inventory management and in other 

scientific contexts as well. This distribution is used when 

there is a normal demand pattern, meaning that the 

demands steadily fluctuate around a certain level. A 

variable x with a normal distribution has a mean µ, 

standard deviation σ, and is labeled as: 𝑥~𝑁(𝜇, 𝜎2)  (Thomopoulos, 2015). Typically the 

normal distribution has a bell shape which can be seen in Figure 2. The demand pattern 

almost always fluctuates between (𝜇 − 3𝜎) and (𝜇 + 3𝜎) of which the most likely value is µ.  

Poisson Distribution: The Poisson distribution is used 

for products with a low and irregular demand pattern. 

Products are only sold once or twice during a period 

with a possibility of not being sold at all. The 

probability distribution expresses the probability of a 

certain number of events (k) that will occur in a fixed 

time interval, which for forecasting is expressed in 

periods. For the variable X, λ is both the mean and the 

variance, and k is 0,1,2… with the associated formula 

being: 𝑃(𝑋 = 𝑘) =
𝑒−𝜆𝜆𝑘

𝑘!
 (Nahmias & Olsen, 2015). In 

Figure 3 the effect of different values for λ on the demand pattern can be seen.  

Safety Stock: Safety stock is the extra inventory that is held to cover demand that exceeds 

the forecast. This type of stock is required for stock keeping locations such as stores and 

distribution centers if they want to obtain a certain service level. When only a service level of 

50% is required no safety stock is needed as there is a 50% chance that the demand is lower 

or equal to the mean. When a higher service level is wanted, safety stock is required to be 

able to cover the extra demand for situations where the demand is higher than the average 

demand. Safety stock is basically an expression for acceptable error.   

Figure 2: The normal distribution (Thomopoulos, 2015) 

Figure 3: The Poisson distribution (Haslwanter, 2015) 
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2.3.2. Types of Forecasting 
Typically forecasts are revised each period as the new sales of the last period become 

available. These forecasts are based on the sales history over the past periods. The more 

accurate the sales history the better the forecasts are. Smoothing is often used to improve 

the forecasting accuracy, where the most recent period in history weighs more than the other 

more historic periods.  

Multiple methods of forecasting can be used by the forecasting systems, depending on the 

situation and the demand patterns present. These methods include; horizontal forecasts, 

trend forecasts, seasonal forecasts, promotion forecasts and multi-SKU forecasts 

(Thomopoulos, 2015). Each forecasting method has different effects on the forecasting 

accuracy of an organization.  

Horizontal forecasts: This is the most typical and easiest type of forecasts. The demand 

pattern is horizontal where the monthly demand fluctuates around a certain level without 

any trend or seasonal influence. The most often used techniques are horizontal forecasting, 

horizontal moving average forecasting, horizontal discount forecasting smoothing forecasting 

and forecasting using 2 stages.   

Trend forecasts: For this situation the forecasts are for demand patterns where the monthly 

demand steadily increases or decreases and thus has a ‘trend’. A slope is calculated and added 

to the intercept value. Three models can be used in this situation; trend regression 

forecasting, trend discount forecasting and trend smoothing forecasting.  

Seasonal forecasts: These type of forecasts are needed when the demand pattern has a 

cyclical flow each year. An example is that the demand for ice-cream increases during the 

summer. Two models are mainly used; the seasonal smoothing multiplicative forecast model 

and the seasonal smoothing additive forecast model.  

Promotion forecasts: Promotion forecasting is needed whenever products are promoted in 

ways such as price reduction, zero interest rate, buy one get one free, and so on. There often 

is a start-date and end-date for these promotions and the demand during this period is 

relatively higher than when there is no promotion. This results in wild fluctuations in the 

demand history and thus adjustments to the forecasting models are required. Two forecasting 

models are used; the promotion horizontal model and the promotion trend model.  

Multi-SKU forecasts: Sometimes it’s necessary to forecast for multiple SKU’s but this brings 

many challenges. When looking at a shoe store for instance, each size and style is a separate 

SKU. Forecasts need to be made for these SKU’s at each location such as stores and 

distribution centers, both influencing each other. To be able to forecast a situation like this 

two methods can be used; the top-down method and the bottom-up method.  



 
24 

3. Judgmental Adjustments 
When using statistical sales forecasting systems, many planners deviate from the ‘advice’ the 

algorithm based system gives. Depending on the industry these adjustments occur in up to 

80% of the forecasts (Fildes et al., 2009). These adjustments by the users are often referred 

to as ‘judgmental adjustments’, since users rely on their own judgment and intuition in finding 

a solution. Judgmental adjustments are not always good or bad. Literature shows that 

forecasting models and judgment can be complementary (McNees, 1990). There are various 

circumstances under which human judgment can provide information with predictive value 

above and beyond that what has been incorporated in the formal model. Judgmental 

adjustments may improve accuracy by allowing the estimated effects of special events, such 

as holidays, to be incorporated into the forecast (Goodwin, 2000). Human judgment can 

thereby provide significant benefits to the forecasting accuracy but it can be subject to many 

biases (Lawrence et al., 2006), which can have deleterious effects on the forecasting accuracy.  

One of the biggest challenges of statistical sales forecasting systems is that they are based on 

algorithms. One might expect that algorithms which have been extensively examined and that 

have proven itself would be greatly desired, however that is not the case. Although research 

has shown that users supported by an algorithm perform better than users without an 

algorithm, the same research showed that users that are supported by an algorithm perform 

worse than the algorithm would have by itself (McAfee, 2013). The users that are supported 

by an algorithm make judgmental adjustments and by doing so perform worse than the 

algorithm would on its’ own without these adjustments. This can be explained by the fact that 

people in general often value their own opinion higher than that of an advisor (Yaniv & 

Kleinberger, 2000). Even when a good advisor is superior to them, decision makers still value 

their own opinion at the same level of importance. In the case of the previous example the 

advisor can be seen as the forecasting algorithm. Planners value their opinion higher than 

that of the advisor and this happens even when planners see that the algorithm consistently 

outperforms human judgment (Frick, 2015). This is a form of algorithm aversion.  

Users with algorithm aversion basically do not trust what the algorithm advises. One of the 

main reasons that algorithm aversion exists is that algorithms are ‘punished’ more severely 

for the mistakes they make compared to human forecasters (Dietvorst et al., 2014). In a study 

people were shown the performance of a forecasting algorithm, a human forecaster, both or 

neither. The participants were then asked if they would trust the forecasting algorithm or the 

human forecaster. Results showed that people tend to lose confidence more quickly when 

the forecasting algorithm made a mistake than when a human forecaster made the same 

mistake (Dietvorst et al., 2014). This is the case even when the same people saw the 

forecasting algorithm outperform the human.  
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This loss of trust is confirmed by another study as well, where after receiving bad advice the 

utilization of automated advice decreased significantly more than the advice from humans 

(Prahl & Van Swol, 2017). The authors stated that because errors from humans are expected 

and because humans are considered imperfect, the decision maker is likely to give the human 

a second chance as opposed to the algorithm. Additionally, users of these systems described 

themselves as having much more in common with the human decision maker than the 

automated advisors, despite having no interpersonal relationship with the human decision 

maker at all. Algorithm aversion caused by the loss of trust could therefore play a great role 

in the reasoning behind why judgmental adjustments occur. Literature states that it is 

possible to reduce the users’ algorithm aversion. This can be done by giving people some 

control over the algorithm’s forecast (Dietvorst, Simmons, & Massey, 2016). Even a slight 

amount of control over an (imperfect) algorithm can reduce the users’ algorithm aversion. 

The idea of being able to make judgmental adjustments could increase the trust planners have 

in the statistical sales forecasting systems resulting in less adjustments. 

Not only does algorithm aversion trigger judgmental adjustments, but incorrect use of the 

tools triggers this as well. The design of the forecasting system and the perceived complexity 

of the forecast influence how users act. Forecasting systems are often an integration of 

judgmental adjustments and algorithm forecasting, but when carried out poorly this has 

deleterious effects on accuracy (Fildes, Goodwin, & Lawrence, 2006). A study that looked at 

which strategies users apply across twenty different series showed that users often did not 

use the best fitting forecasting method (Goodwin, Fildes, Lawrence, & Nikolopoulos, 2007). 

Only a small number of methods were examined before making a selection. When a forecast 

was deemed to be more difficult more methods were examined, but still not all methods were 

tested. As a result a less fitting forecasting method was chosen which in turn caused planners 

to try and compensate the lack of fit. This compensation by planners is done by making large 

judgmental adjustments which according to the literature generally leads to less accurate 

forecasts.     

Despite planners seeing that the algorithm consistently outperforms human judgment, still 

many judgmental adjustments are made to the forecasts. Algorithm aversion and incorrect 

use of the tools seem to influence why and how often judgmental adjustments take place. 

Despite these inefficiencies, literature shows that these adjustments made by planners often 

lead to a greater forecasting accuracy (Fildes & Goodwin, 2007). The question now is, in the 

context of Slimstock what influence the judgmental adjustments that are made by planners 

generally have on the forecasting accuracy? There is one hypothesis that can be drawn 

concerning judgmental adjustments:  

H1: Judgmental adjustments generally do lead to greater forecasting accuracy 
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3.1. Optimism Bias 
One of the reasons why planners could have the urge to deviate from the systems advice is 

due to optimism bias/stock out aversion. Planners and schedulers want to make adjustments 

to forecasts with the aim to improve the forecasting accuracy. Literature shows that planners 

and schedulers make frequent adjustments to forecasts and that the adjustments itself are 

more often upwards than downwards (Davydenko & Fildes, 2013; Legerstee & Franses, 2009). 

In many cases upwards adjustments proved to be far less effective in improving the accuracy 

than the downwards adjustments (Fildes et al., 2009). Additionally, the same study showed 

that the upwards adjustments were more often in the wrong direction than the downwards 

adjustments, furthermore suggesting that there is an optimism bias present.  

Not only does optimism bias occur when forecasting sales, other forecasting/prediction 

practices are influenced as well. Literature shows that analysts’ earnings forecasts show 

optimism bias as well (Helbok & Walker, 2004). When looking at predicting the project time 

planning again people tend to have an optimism bias and thereby underestimate the project 

completion times (Buehler & Griffin, 2003). Capital budgeting is also influenced by an 

optimism bias, optimistic appraised projects can lack incentives to treat the risk due to the 

optimism bias present (Flyvbjerg, Bruzelius, & Rothengatter, 2003). Even managerial 

interventions can cause optimism bias (Mathews & Diamantopoulos, 1986). In many 

professional environments there is evidence that optimism bias is present. Therefore it is 

likely that when looking at the use of statistical sales forecasting systems, optimism bias will 

be present when using these systems as well.  

This optimism bias is psychologically explainable; most people judge future events in a more 

positive light than is justifiable by actual experience (Flyvbjerg, 2008; O’Sullivan, 2015). This 

is due to the dopamine levels in our brain. When the dopaminergic function is enhanced the 

optimism bias of people also increases (Sharot, Guitart-Masip, Korn, Chowdhury, & Dolan, 

2012). People seem to have a natural tendency to be positive. Within companies, optimism is 

even rewarded while pessimism is interpreted as disloyal (Lovallo & Kahneman, 2003). This 

gives planners/users even more incentive to be optimistic. The company’s capability of critical 

thinking is undermined. 

Optimism bias could therefore play a large role and influence what planners do with the 

advice from the statistical sales forecasting systems.  Based on previous studies that state the 

presence of optimism bias and the negative effect it may have (Fildes et al., 2009; Legerstee 

& Franses, 2009), the following hypotheses can be drawn in the context of this study. 

H2a: Planners/schedulers make more upward than downward adjustments 

H2b: Optimism bias negatively influences the forecasting accuracy  
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3.2. Rounding Numbers 
Another occurrence that could happen when planners deviate from the system’s advice is 

that they round the forecasts. This due to the fact that people have the natural tendency to 

round numbers and therefore could have the tendency to round the forecasts as well. There 

are many situations where people round numbers without really being aware of it 

themselves. When fueling up a vehicle at the gas pump people try to obtain a round number 

for the total sales price. In 56% of the cases this number was exactly round (Lynn, Flynn, & 

Helion, 2013). Finishing times at marathons also show a preference for round numbers. Data 

shows that there are finish time peaks at every hour mark and especially just before this mark 

(Allen, Dechow, Pope, & Wu, 2016). This is due to the fact that people aim to be faster than a 

certain round number. These are examples that occur in a non-professional environment.  

This preference for round numbers does not only occur in non-professional environments, 

but can also be found in professional environments. The housing market shows that the final 

house sales price has the tendency to be rounded to a number dividable by 50,000 (Pope, 

Pope, & Sydnor, 2015). The explanation is that these numbers serve as focal points. Product 

preference is also influenced by round numbers when describing product characteristics. If 

this is done in round numbers instead of in precise numbers the perceived length of the 

product’s benefits increases and thereby enhances product preferences (Pena-Marin & 

Bhargave, 2016). Even personal motivation is affected by round numbers. When your 

performance is graded just below a round number it motivates individuals more to improve 

themselves (Pope & Simonsohn, 2011). These round numbers act as goals to motivate 

individuals.  

There are forecasting examples known as well. When looking at annual earnings per share 

(EPS) forecasting, analysts have the tendency to round the numbers (Dechow & You, 2012). 

An analyst may forecast the total earnings and then divide this number by the number of 

shares to obtain a number such as $22.44689. These analysts often round these numbers to 

$22.45 or even $22.00. Analysts round these forecasts while the benefits of putting extra 

effort to forecast more accurately are outweighed by the costs. When the EPS forecast rises, 

the percentage of rounding increases as well. For forecasts between $1 and $10 the amount 

of numbers rounded is 49% and for forecasts between $10 and $100 this is 60%.   

Since literature shows that people have the tendency to round numbers, planners using 

statistical sales forecasting systems could have this tendency as well. Whether this tendency 

to round numbers influences the forecasting accuracy is yet to be seen. The hypothesis that 

can be drawn is stated below.   

H3: Planners/schedulers have the tendency to round numbers when adjusting forecasts 
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3.3. Time of Day 
The time of day could be another explanation when and why there are alterations to the 

forecast and might explain how large the alterations are that planners make when using 

statistical sales forecasting systems. Cognitive fatigue could be one of the reasons that the 

time of day may impair planners in their decision making. During the day the planners’ 

sharpness of mind can decrease and thus their decision making capability. Cognitive fatigue 

can be explained as: 

“Fatigue is the loss of work capacity over time. It is observed as either a decline in 

performance or a decline in the measurement of a central ability such as isometric 

strength in a physical task.” (Guastello, 2016) 

Cognitive fatigue can be seen anywhere. Looking at a relative simple task such as playing 

football (soccer), studies show that increased cognitive fatigue results in reduced accuracy 

and reduced speed of football-specific decision-making (Smith et al., 2016). This was already 

noticeable after 30 minutes of doing Stroop tasks (Stroop, 1935), which is a task that evokes 

contradicting responses. After working for a longer period of time and thus experiencing 

(cognitive) fatigue, a decrease in performance should be noticeable. Planners using statistical 

sales forecasting systems could therefore experience this as well and make less accurate 

forecasts as the day goes by.  

Sports is not the only situation where the decision making capability decreases due to 

cognitive fatigue. Students’ performance on standardized tests is influenced by this as well. 

For every hour later in the day, the test performance of students decreased by 0.9% 

(Sievertsen, Gino, & Piovesan, 2016). On the other hand, the same study showed that a 20- 

to 30-minute break improved average test performance by 1.7%. Performance seems to 

steadily decrease during the course of the day and improves again after a break. Many factors 

can thus influence the level of cognitive fatigue.  

Not only does cognitive fatigue influence the decision making itself, it also influences the 

consistency of the choices made. A study on decision fatigue in online food choice showed 

that the error variance later in the day is generally higher than earlier in the day or after 

recharging their mental energy by relaxing or by eating (Olsen, Meyerhoff, Mørkbak, & 

Bonnichsen, 2017). It is possible that the occurrence of larger error variance is also present 

when looking at the judgmental adjustments of the planners using statistical sales forecasting 

systems. 

The hypothesis that can be drawn based on prior research on the effect of time of day is:   

H4: Planners and schedulers using statistical sales forecasting systems show greater error 

in their adjustments later in the day than earlier in the day  
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3.4. SKU Characteristics 
Various human factors that could influence the decision making process have been discussed 

in the previous sections. Every product has its own unique product characteristics that could 

all influence the way planners forecast these products with the statistical sales forecasting 

systems. Characteristics that could influence the forecast are: 

o Unit price 

o Average demand 

o Order lead time 

Unit price: The unit price might affect the decision making of planners as well. It seems logical 

that costly products will be ordered with moderation, while cheap products will be ordered 

more freely. When looking at the newsvendor model the product price has a great influence 

on the number of products ordered (Nahmias & Olsen, 2015). When large sums of money can 

be lost (penalty cost), the amount of products ordered will be lower than when there is a 

smaller risk. The other way around applies as well, when the risk is low (low penalty cost) 

more products will be ordered.  

Similar reasoning could also be noticeable when planners adjust forecasts. It seems plausible 

that planners associate penalty costs with unit price, meaning that a high unit price is viewed 

as a product with a high penalty cost and the other way around. Expected is therefore that 

the forecasts of costly products will be rounded down while cheap products will be rounded 

up.  

Average Demand: The average demand of a product could also potentially influence the 

forecasts made by planners. It is more logical to adjust the forecast upwards for high demand 

products than for low demand products. This due to the fact that the ‘extra’ inventory for a 

fast moving product is expected to be depleted more quickly than that of a slow moving 

product. Concerning forecast adjustments, it seems plausible that planners are more likely to 

adjust the forecast upwards for fast moving products and are more likely to adjust the 

forecasts downwards for slow moving products.  

Order Lead time: The order lead times could affect the 

decision making of planners’ as well. The exact reorder 

point is greatly influenced by the lead time. A longer 

lead time results in a longer and more uncertain period 

to forecast the demand. In Figure 4 the effect of the 

lead time on the reorder point is shown. Even though 

forecasting systems incorporate demand uncertainty 

during the lead time in the forecasts, it still seems 
Figure 4: Lead time influence on ordering  (Taylor, 2010) 
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logical that planners will be influenced by the lead times. Planners still want to protect 

themselves against stock-outs and therefore longer lead times could result in more ‘safe’ 

forecasting and thus in positive adjustments. Short lead times should have the opposite 

effect, since there is less time needed to ‘correct’ the inventory position when the forecast 

turns out to be too low. Additionally, it seems plausible that the forecasts of products with 

longer lead times will be adjusted more often than those of products with shorter lead times.      
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4. Data 
Slimstock is currently the market leader in inventory optimization software in Europe and has 

more than 650 customers globally. The software package that Slimstock offers, SLIM4, 

contains forecasting, sales planning and inventory management. This software program is 

considered a best of breed system and is designed to interact with the customers’ existing 

ERP system and by doing so extends the functionality of what the customers systems can 

achieve. In addition to their software solutions they also provide project based support and 

professional services which include coaching, analysis and interim professional support. This 

company helps other companies to reduce their inventory and the working capital while at 

the same time increasing the service levels of the most important items. Concerning 

forecasting efficiency they improve the product availability and thus reduce the amount of 

stock-outs, which in return increase sales. 

To test the various hypotheses of this research, data from a statistical sales forecasting system 

is needed. Slimstock has provided various datasets from clients that use their systems. The 

data from their software package, SLIM4, and especially the forecasting data from this 

package will be analyzed. The sample consists of a complete SLIM4 database with data from 

multiple years from one of Slimstocks’ customers. This customer is a supplier of pottery, 

souvenirs and lifestyle items. They operate with two planners and have a product portfolio of 

over 7000 SKUs. Since January 2013 they have been using the software package that Slimstock 

provides. Within this database the data concerning the forecasting package will be used for 

analysis. The so called article audits will be analyzed to be able to analyze the judgmental 

adjustments. These article audits display both the before (algorithm generated) and after 

(planner altered) forecast. The article audits concern all alterations that have taken place to 

the articles forecast. It is not possible to adjust the forecast directly, but there are many 

methods that planners can apply to alter forecasts. These methods include adjusting the 

average demand of a product, adjusting the trend of a product, adding/removing a 

seasonality pattern and ‘initializing’ a forecast. Initializing means that the initial forecast will 

be recalculated based on the demand information available, all effects such as smoothing are 

removed from the calculation. All these alterations influence how the forecasts are calculated 

and thus directly influence the forecast accuracy. These alterations can therefore be seen as 

judgmental adjustments made by the planners. By analyzing this data this research hopes to 

gain insight in the planners’ decision making and how their judgmental adjustments influence 

the forecasting accuracy. Additionally, this research hopes to gain insight in which factors 

involving judgmental adjustments influence the forecasting accuracy. For feasibility reasons 

it is desired to have a few thousand data points available for the analysis and this was the 

case with the provided datasets.   



 
32 

5. Research Design 
The design of the research will be elaborated in this section. Firstly, in section 5.1 the method 

for gathering data will be discussed. In section 5.2 the various variables will be explained. 

Finally, section 5.3 concerns how the data will be analyzed.  

5.1. Method 
All data was present in the databases that Slimstock had provided. The first database 

contained multiple years of data from one of Slimstocks’ customers of which there was 2.77 

GB of data available. Not all data that was present in the database was relevant for this 

research project, therefore the truly relevant data needed to be extracted from this database. 

To aid in this operation Structured Query Language (SQL) was used to extract this data from 

the database.  

Firstly the data for the judgmental adjustments needed to be collected. As mentioned earlier 

this data was provided in the article audit, but this information alone was not enough to 

properly analyze the research question. The article information itself was needed as well. The 

article information had 204 columns of information for each article that included information 

such as the article code, the sales history, the lead time, the review time, the minimum order 

quantity and the forecasts for twelve periods. Using SQL this information was paired to the 

article audit information. A (inner) join was made between the article code and the article 

audit code to link this information. Since 24 periods of sales data is stored in the database, 

this has been used as the time scope of this research project. This sales data was required to 

compare both the unaltered and altered forecasts to the actual demand of the period. After 

all the data was extracted from the database using SQL and after being prepared in an excel 

sheet, the data could then be analyzed using an advanced statistical analysis software 

package called IBM SPSS (Statistical Package for the Social Sciences). SPSS is a data analysis 

package that is specifically designed to handle large or complex data.   

5.2. Variables 
As mentioned earlier there were a great number of variables present in the database that 

Slimstock had provided. The most relevant variables for the judgmental adjustments were: 

the SLIM4 forecast, the planners’ forecast, the actual sales, the action time, the action date, 

the audit comment, the average demand after*, the unit price, the average demand and the 

lead time.  

*Since the forecasts themselves cannot be changed directly, the ending number analysis was 

based on what the planner can actually change. Operational practice showed that planners 

only changed the average demand manually and thus those changes provided the data for the 

ending number analysis. 
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Variable Type Concerns Example 

SLIM4 Forecast Integer The forecast before the planners’ audit 227,18 

Planner Forecast Integer The forecast after the planners’ audit 161,48 

Actual Sales Integer The actual sales in the specific period 174 

Action Time Date The time at which the audit took place 10:52:00 

Action Date Date The date at which the audit took place 05 - 01 - 2017 

Audit Comment Character Why/what the planner has changed Gem (Average) 

Average Demand 
After 

Integer The new average demand as a result of a 
planners’ adjustment 

125  

Unit Price Integer The unit price of the article 4,824 (Euro) 

Average Demand Integer The average demand of the article 164,56 

Lead time Integer The lead time of the article 3,715077 (Periods) 
Table 1: Variables obtained from the dataset for the Judgmental Adjustments 

The variables obtained from the dataset can be seen in Table 1. Based on these variables, new 

variables could be constructed to aid in the analysis. These new variables concerned: the 

SLIM4 forecast error, the SLIM4 forecast error percentage, the planners’ forecast error, the 

planners’ forecast error percentage, SLIM4 vs Planner forecasting accuracy, the audit 

adjustment direction, the correct adjustment direction, if the planner adjusted in the correct 

direction, the size of the adjustment, the percentage size of the adjustment, the ending 

number of the adjusted forecast, if the ending number was zero, if the ending number was 

zero or five, the day of the adjustment, the part of the month, the hour of the adjustment, 

the part of the day and if the adjustment was made in the morning or afternoon.  

Variable Type Concerns Example 

SLIM4 Forecast Error  Integer ABS(SLIM4 Forecast – Actual Sales) 53,18 

SLIM4 Forecast Error % Integer (SLIM4 Forecast Error/Actual Sales) * 100 30,56 

Planner Forecast Error Integer ABS(Planner Forecast – Actual Sales) 12,52 

Planner Forecast Error % Integer (Planner Forecast Error/Actual Sales) * 100 7,20 

SLIM4 vs Planner Integer Smallest forecast error: SLIM4 (1) or Planner (0) 0 

Audit Direction Integer The audit direction: 0  Down, 1 UP 0 

Correct Direction Integer The correct audit direction: 0  Down, 1 UP 0 

Planner correct direction Integer Planner in correct direction: 1  Yes, 0  No 1 

Adjustment Size Integer ABS(SLIM4 Forecast – Planner Forecast) 67,18 

Adjustment Percentage Percentage 𝐴𝐵𝑆(𝑆𝐿𝐼𝑀4 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡/𝑃𝑙𝑎𝑛𝑛𝑒𝑟 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡)

𝑆𝐿𝐼𝑀4 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡
 

29 % 

Ending Number Integer Ending number of the new average demand 5  (125) 

Ending Number Zero Integer Ending number 0: 1  Yes, 0  No 0 

Ending Number Zero/Five Integer Ending number 0 or 5: 1  Yes, 0  No 1 

Day of the adjustment Integer The day on which the audit took place 5 

Part of the month Integer Day 1-10  1, Day 11-20  2, Day 20-31  3 1 

Hour Integer The hour in which the audit took place 10 (10:52) 

Part of the day Integer 6 am - 9 am  1, 9 am - 12 pm  2,  
12 pm - 15 pm  3, 15 pm - 18 pm  4 

2 

Morning or afternoon Integer Morning  1, Afternoon  2 1 
Table 2: Variables constructed for Judgmental Adjustments Analysis 
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5.3. Data Analysis 
This section concerns the data analysis methods. First in section 5.3.1 the selection of data is 

discussed since not each data point could be analyzed. After which it is explained how the 

missing data points and outliers were dealt with. In section 5.3.2 the methods and procedures 

for the various used data analyses are described.  

5.3.1. Data Selection 
The data that was provided was a collection of all data available within the software package. 

Within the article audit information, that concerns the judgmental adjustments, there was 

still a lot of data that could not be used. First of all, only 24 periods of actual demands were 

easily accessible in the article audit information. To be able to access more demand data many 

more actions would have been needed and different storage locations needed to be 

addressed. Since the last 24 periods are the most representative for the performance of the 

planners, the decision was made to only use the article audits over the past 24 periods. 

Secondly, not all forecasts in the system were calculated by the algorithm. Many were ‘user 

controlled’ meaning that the planner had entered it into the system themselves without any 

calculation by the algorithm. Other products were new in the system and also did not have 

an algorithm based forecast. The system only generates forecasts for products after a certain 

amount of sales data is available. All these forecasts were filtered from the dataset. After 

filtering these data points there were a sufficient amount of data points remaining (N=4593).  

There were other less straight forward filters that needed to be applied as well. For some 

situations the SLIM4 forecast and planner forecast were equal, meaning that there were no 

alterations in the forecast. Amongst other reasons this could be caused by making changes to 

the minimum order quantity or the service level and making notes. These data points still 

appeared in the article audit information and the choice was made to remove them from the 

dataset as there were no ‘real’ alterations to the forecasts. For many products the actual 

demand was zero even though the average demand and previous demand points all showed 

that normally their demand had a regular demand pattern. It is therefore reasonable to 

assume that there was a stock out at the concerning period of time that explains the absence 

of sales. These products have also been filtered from the dataset (N= 4231).     

Still, outliers needed to be filtered. An outlier can cause serious problems in statistical 

analyses and therefore needs to be dealt with. To deal with these outliers the three sigma 

rule (Pukelsheim, 1994) was used for both the SLIM4 forecast error percentage and the 

planner forecast error percentage. This rule omits all observations that are greater or smaller 

than three times the standard deviation as seen from the mean. After the outliers were 

filtered the dataset (N=4200) was ready for analysis.  
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5.3.2. Statistical tests 
Since the types of data differ for each hypothesis, various types of analysis were required to 

test the hypotheses. This section explains which analysis method was required for each topic. 

Firstly, an overview of the different analyses used is presented in Table 3. 

To Be Analyzed Type of Analysis Hypotheses Tested 

Algorithm vs. Planner Chi-Square Goodness-of-Fit, Chi-
Square Test of Independence, 
One-Way ANOVA, Paired 
Samples T-Test 

Hypothesis 1 

Optimism Bias Presence Chi-Square Goodness-of-Fit, Chi-
Square Test of Independence, 
One-Way ANOVA, Independent 
Samples T-Test 

Hypothesis 2A 

Optimism Bias Effect One-Way ANOVA Hypothesis 2B 

Rounding Numbers Chi-Square Goodness-of-Fit, Chi-
Square Test of Independence, 
One-Way ANOVA 

Hypothesis 3 

Time of Day One-Way ANOVA Hypothesis 4 

SKU Characteristics One-Way ANOVA N.A. 
Table 3: Types of analysis required 

 

Secondly, this section concerns a brief description of the analyses used for this research. 

Chi-Square Goodness-of-Fit Test 

‘Algorithm vs. Planner’, ‘Optimism Bias Presence’ and ‘Rounding Numbers’ were tested with 

a Chi-Square Goodness-of-Fit Test to check whether the distribution of cases in a single 

categorical variable follows a known or hypothesized distribution. The hypotheses for this test 

are stated below. The null hypothesis is rejected when the outcome is significant (𝑝 <  .05), 

thus meaning that the categorical variable does not have equal expected proportions. This 

test gives the number of observed observations, the number of expected observations and 

the chi-square statistic.   

𝐻0:  𝑇ℎ𝑒 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 ℎ𝑎𝑠 𝑒𝑞𝑢𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑠 

𝐻1:  𝑇ℎ𝑒 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 ℎ𝑎𝑣𝑒 𝑒𝑞𝑢𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑠 
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Chi-Square Test of Independence 

‘Algorithm vs. Planner’, ‘Optimism Bias Presence’ and ‘Rounding Numbers’ were tested with 

a Chi-Square Test of Independence. This test is used to discover if there is a relationship 

between two categorical variables. The hypotheses of this test are stated below. Again the 

null hypothesis is rejected when the outcome is significant (𝑝 <  .05), but for this test this 

means that two categorical variables that are tested are related. This test gives the number 

of observed observations, the number of expected observations and the chi-square statistic.    

𝐻0:  𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒1 𝑖𝑠 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑜𝑓 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒2 

𝐻1:  𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒1 𝑖𝑠 𝑛𝑜𝑡 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑜𝑓 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒2 

One-Way ANOVA 

‘Algorithm vs. Planner’, ‘Optimism Bias Presence’, ‘Optimism Bias Effect’, ‘Rounding 

Numbers’, ‘Time of Day’ and ‘SKU Characteristics’ were tested with a One-way ANOVA. This 

test is used to determine whether there are any statistically significant differences between 

the means of two or more independent groups. The hypotheses of this test are stated below. 

When the outcome is significant (𝑝 <  .05) this means that the null hypothesis is rejected 

and thus that there is a significant difference between the means of the groups. Each One-

Way ANOVA is simultaneously tested for the homogeneity of variance by conducting a 

Levene’s test. If the assumption of homogeneity of variance is violated (𝑝 <  .05), the Welch 

& Brown-Forsythe tests are used since these are robust against the violation of this 

assumption. After these tests have been conducted the F-ratio significance is consulted. This 

test gives the means, the Levene’s statistic, the F statistic and the robust tests statistics.  

𝐻0:  μ1 =  μ2 =  μ3 . . . =  μk 

𝐻1:  𝑀𝑒𝑎𝑛𝑠 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑎𝑙𝑙 𝑒𝑞𝑢𝑎𝑙 

Independent Samples T-Test 

‘Optimism Bias Presence’ is tested by conducting a Paired Samples T-Test. This test compares 

the means between two unrelated groups on the same continuous, dependent variable. The 

hypotheses can be seen below. When the outcome is significant (𝑝 <  .05) this means that 

the null hypothesis is rejected and thus that there is a significant difference between the 

means of both groups. 

𝐻0:  μ1 =  μ2 

𝐻1:  μ1 ≠  μ2 
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Paired Samples T-Test 

‘Algorithm vs. Planner’ is tested by conducting a Paired Samples T-Test. This test compares 

the means between two related groups on the same continuous, dependent variable. When 

the assumption of approximately normally distributed data has been violated a comparable 

Wilcoxon Signed-Rank Test is be used, because this test is robust against the violation of the 

normality assumption. The hypotheses can be seen below. When the outcome is 

significant (𝑝 <  .05) this means that the null hypothesis is rejected and thus that there is a 

significant difference between the means of both groups. 

𝐻0:  μ1 =  μ2 

𝐻1:  μ1 ≠  μ2 
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6. Results 
This section concerns the results of all the analyses. The structure of Section 5.3 is followed 

for the results as well. First, the forecasting accuracy of the algorithm is compared to the 

forecasting accuracy of the planner in Section 6.1. In Section 0 the analysis on optimism bias 

and the effect it has on the forecasting accuracy is stated. Section 0 concerns the effect that 

rounding has on the forecasting accuracy. In Section 6.4 the results of the effect of the time 

of day on the forecasting accuracy is stated and in Section 0 the results of the influence of 

several SKU characteristics are stated. 

6.1. Algorithm vs. Planner 
The first hypothesis can be answered using the results of the following section. 

Hypothesis 1: Judgmental adjustments generally do lead to greater forecasting accuracy 

 
The first test was conducted to check whether the algorithms’ forecast or the planners’ 

adjusted forecast resulted in greater forecasting accuracy. This was tested by testing whether 

SLIM4 or the planner had the smallest forecasting error and thus the most accurate forecast. 

The ‘SLIM4 vs Planner’ variable states which of the two had the most accurate forecast and 

was therefore tested with a Chi-Square Goodness-of-Fit test to test if there was an even 

distribution. The results of this test are presented in Table 4. The results showed that the 

planners’ adjusted forecast more often had the smallest forecasting error compared to that 

of the algorithm generated forecast, 2570 versus 1629 observations. A significant difference 

was found ( 𝜒2(1) ≥ 210.9,  𝑝 < .001), meaning that the variable ‘SLIM4 vs. Planner’ did 

not have equal expected proportions. In other words the planner significantly more often had 

the most accurate forecast when compared to the original SLIM4 algorithm generated 

forecast. In 61% of cases the adjusted forecast improved the accuracy of the forecast versus 

39% of the adjustments that did not improve the forecasting accuracy. This is in line with 

literature that states that human judgement can provide significant benefits to the 

forecasting accuracy (Lawrence et al., 2006).  

 

Table 4: Algorithm vs. Planner 

 
 

 

 

 

Group Observed Percentage Chi-Square 
Statistic 

SLIM4 1629 39% 210,879** 

Planner 2570 61%  

Equal 1 0 %  
Note: * = p < .05 | ** = p < .01 | - = n.s. | N = 4200   
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For the previous analysis all action dates of the planners’ adjusted forecasts were bunched 

together which might not be a fair comparison when compared to the algorithm generated 

forecasts. The algorithm generates the forecast at the beginning of each period, while 

planners are free to make adjustments throughout the month. Therefore a Chi-Square Test 

of Independence was conducted where a distinction had been made on the action dates of 

adjusted forecasts when analyzing the ‘SLIM4 vs. User’ variable. The action dates now being 

grouped as day 1-10, 11-20 or 21-31. The month is thus divided in three parts. For the later 

parts of the month the adjustments made by the planners are compared to the corresponding 

algorithm generated forecast at the beginning of the month. The results of this Chi-Square 

Test of Independence are presented in Table 5.  

Based on the shown percentages it seems that the number of observations where the 

planners’ forecast was the most accurate decreased over the course of a month. At the start 

of the month the ratio was 37/63 in favor of the planner, while later in the month the ratio 

reduced to 45/55. Additionally, the analysis showed that there was a significant 

pattern  ( 𝜒2(2) ≥ 16.122,  𝑝 < .01)  when one distinguished between the parts of the 

month. This meant that the variable ‘SLIM4 vs Planner’ was associated with the part of the 

month. The part of the month therefore seemed to influence whether the planner or the 

algorithm had the most accurate forecast. The number of observations where the planners’ 

forecast was the most accurate decreased over the course of a month. This result seems 

strange as one might expect that as more information becomes available during the month 

planners should be able to make more informed decisions and thus forecast more accurately, 

but this is not the case. Nevertheless, for each part of the month the planners still generally 

outperform the algorithm when they make judgmental adjustments to forecasts.  

 

Table 5: Algorithm vs. User (Part of the month) 

 

 

 

Additionally, the difference between the forecasting error percentages of the algorithm and 

the planner were tested, as most often having the most accurate forecast does not 

automatically mean that the total forecasting error is the smallest. It is therefore important 

to also look at the mean error percentage and not only at the ‘winning’ forecast. The intention 

was to conduct a Paired Samples T-Test, but the assumption of normality of the data was 

violated. Therefore a similar Wilcoxon Signed-Rank Test was conducted to analyze the 

differences in the forecast error percentages of the algorithm and the planner.  

Day SLIM4  Planner Equal Chi-Square Statistic 

1 - 10 833 (37%) 1430 (63%) 1 (0%) 16,122** 

11 - 20 474 (39%) 746 (61%) 0 (0%)   

21 - 31 322 (45%) 394 (55%) 0 (0%)   
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200  
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As can be seen in Table 6 the mean error percentages of the algorithm and planner differed 

greatly with a mean error percentage of 155% for the algorithm and 117% for the planner. 

The analysis additionally showed that there was a significant difference between the two 

forecast error percentages ( 𝑍 = −18.452,  𝑝 < .001) , meaning that not all means are 

equal. The variables ‘SLIM4 Forecast Error Percentage’ and ‘Planner Forecast Error 

Percentage’ thus had a significant difference in the mean error percentages, meaning that the 

results indicated that the algorithm generated forecasts had a greater mean error percentage 

and was thus less accurate than the altered forecasts by the planners. This shows that not 

only the planner was superior when looking at the ‘winning’ forecast, but also the overall 

forecast error percentage of the planner was much lower than that of the algorithm 

generated forecast. 

 

Table 6: Algorithm vs. Planner Forecast Error Percentage 

 

 

 

 

 

For the previous analysis again all action dates of the planners’ adjusted forecasts were 

bunched together. To check whether the mean error percentage of planners changed over 

the course of one month a One-Way ANOVA was conducted. The action dates were once 

more grouped as day 1-10, 11-20 or 21-31. The results of this analysis are displayed in Table 

7. It can be seen that the mean error percentages gradually decreased over the course of one 

month, reducing from 122.0% at the start of the month to 105.9% at the end of the month. 

Nevertheless, no significant interaction was found (𝐹(2,4197) = 1,558). The mean error 

percentage of the planners’ adjusted forecast did not seem to change during the month. 

 

Table 7: Planner Forecast Error Percentage throughout the month 

 

 

 

  

Group Mean Error 
Percentage 

SD Error 
Percentage 

Wilcoxon 
Signed-Rank 

Statistic 

SLIM4 155.2% 293.5% -18,452** 

Planner 117.1% 220.7%  
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200  

Day Mean SD Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

1 - 10 122.0% 232.4% - - F(2,4197) = 1.558, n.s. 

11 - 20 114.6% 195.2%    

21 - 31 105.9% 223.7%    
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200   
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All results concerning the analyses on the algorithm versus the planner showed that the 

forecasts generated by the algorithm had a greater error than the adjusted forecasts by the 

planners. The hypothesis that judgmental adjustments generally do lead to greater 

forecasting accuracy is thus confirmed by these analyses. These findings greatly contradict 

with previous research that showed that users that are supported by an algorithm perform 

worse than the algorithm would by itself (McAfee, 2013). On the contrary, previous research 

that stated that judgments can be complementary (McNees, 1990), that human judgment can 

provide information with predictive value above and beyond that what has been incorporated 

in the formal model (Goodwin, 2000) and that human judgement can provide significant 

benefits to the forecasting accuracy have been confirmed (Lawrence et al., 2006). The 

planners in this specific case seem to benefit from the presence of a statistical sales 

forecasting system.  
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6.2. Optimism Bias Analysis 
Hypothesis 2a can be answered with the following results.  

Hypothesis 2a: Planners/schedulers make more upward than downward adjustments 
 

The second hypothesis that needed to be answered was if planners showed signs of optimism 

bias when adjusting forecasts. This was initially tested by checking if upward adjustments 

were present significantly more often than the downwards adjustments. To test the presence 

of optimism bias a Chi-Square Goodness-of-Fit test was conducted comparing the two 

adjustment directions, either upwards or downwards. If optimism bias was present one would 

expect that planners most often adjust forecasts in the upward direction.  

As can be seen in Table 8, there was a great difference between the expected number of 

observations and the number of observed observations when looking at the planners’ 

forecast adjustment direction. For both directions 2100 was expected, but the actual number 

of observations for the upward direction was 1766 and 2434 for the downward direction. 

Additionally, it can be seen that 42% of the adjustments were upwards and 58% were 

downwards. The test showed that a significant interaction was found ( 𝜒2(1) ≥ 106.2,  𝑝 <

.001) , meaning that the variable ‘Adjustment Direction’ did not have equal expected 

proportions.  

The results thus showed that the preferred adjustment direction of planners was downwards 

and not upwards. Previous research showed that planners more frequently made positive 

adjustments than negative adjustments (Davydenko & Fildes, 2013; Legerstee & Franses, 

2009), but the results of this research stated otherwise. Based on these findings the 

hypothesis that planners/schedulers make more upward than downward adjustments would 

be disconfirmed as there were therefore no signs of optimism bias when looking at the 

preferred adjustment direction. One might argue that signs of pessimism bias were present 

when adjusting forecasts as most of the adjustments made by planners are in the downward 

direction.  

 

Table 8: Difference in Adjustment Direction 

 
  

 

 

 

  

Adjustment 
Direction 

Observed Expected Percentage Chi-Square 
Statistic 

Up 1766 2100 42 % 106,244** 

Down 2434 2100 58 %  
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200 
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Next, an analysis was conducted to check whether the preference of the adjustment direction 

changed over the course of a month. Again the action dates were grouped as day 1-10, 11-20 

or 21-31. A Chi-Square Test of Independence was conducted to investigate if the preferred 

adjustment direction changed during the month. The results in Table 9 show that the 

preferred adjustment direction greatly changed with 65% of the adjustments being 

downwards at the beginning of the month and 59% of the adjustments being upwards at the 

end of the month. This meant that the preferred adjustment direction of planners completely 

changed. This is supported by the Chi-Square test as a highly significant interaction was 

found  ( 𝜒2(2) ≥ 133.788,  𝑝 < .001) . The results thus showed that the adjustment 

direction and the part of the month are associated with each other. For the last part of the 

month the findings are in line with research that showed that more frequently positive 

adjustments are made than negative adjustments (Davydenko & Fildes, 2013; Legerstee & 

Franses, 2009). Based on these findings it is more difficult to confirm or disconfirm the 

hypothesis that planners/schedulers make more upward than downward adjustments as the 

preferred adjustment direction changes over the course of a month.  

 

Table 9: Difference in Adjustment Direction (Part of the month) 

 

 

 

 

Furthermore, an explorative analysis was conducted on selecting the correct adjustment 

direction. This meant performing an analysis to test if the planner more often selected the 

correct adjustment direction or not. In this case the correct adjustment direction is the 

direction that would have improved the forecasting accuracy. A Chi-Square Test of 

Independence was conducted to compare the planners’ adjustment direction with the correct 

adjustment direction of which the results can be seen in Table 10.  

 

 

Table 10: Planner Direction vs. Correct Direction 

 

 

 

 

 

Day Downwards Upwards Chi-Square Statistic 

1 - 10 1474 (65%) 790 (35%) 133,788** 

11 - 20 663 (54%) 557 (46%)   

21 - 31 297 (41%) 419 (59%)   
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200  

 Correct Adjustment 
Direction 

Chi-Square 
Statistic 

Down Up 

 
Planner Adjustment 

Direction 

Down 1871 
76.9% 

562 
23.1% 

514,031** 

UP 752 
42.6% 

1014 
57.4% 

 

Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4199 
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In total 2885 adjustments were in the correct direction whereas 1314 were not, which 

translates to 68.7% versus 31.3%. When looking at the correct adjustment direction, 76.9% 

of the downward adjustments were correct and 57.4% of the upward adjustments were 

correct. In addition, a significant interaction was found  ( 𝜒2(1) ≥ 514.031,  𝑝 < .001) 

meaning that the variable ‘Correct Direction’ was not independent of the variable 

‘Adjustment Direction’. The results indicated that the correct adjustment direction is 

associated with the planners’ adjustment direction, meaning that planners more often made 

correct adjustment direction decisions than not.  

The results of the analysis on the selection of the correct adjustment direction showed that 

there seemed to be a large difference between the percentages of the correctly selected 

adjustment direction. Here 76.9% of the downward adjustments were in the correct 

adjustment direction, whilst 57.4% of the upward adjustments were in the correct adjustment 

direction. The decision was made to examine if this difference in percentage was statistically 

significant. Therefore an Independent Samples T-Test was conducted of which the results can 

be in Table 11. As equal variances were not assumed a corrected analysis was conducted.  

The results showed that a significant difference had been found in the scores for the 

downward adjustments (M = 0.77, SD = 0.42)  and the upward adjustments (M =

0.57, SD = 0.50)  conditions; (t(3426.65) = 13.372, p < .001). This analysis thus showed 

that planners more often selected the correct adjustment direction when making downward 

adjustments than when they made upward adjustments. These findings are in line with 

previous research were it was stated that positive adjustments tended to be in the wrong 

direction more often than negative adjustments (Fildes et al., 2009). In our case positive 

adjustments being upward adjustments and negative adjustments being downward 

adjustments.   

  

Table 11: Adjustment Direction vs. Correctly Selected Adjustment Direction 

 

 

 

 

  

 Adjustment 
Direction 

Mean SD Levene’s 
Statistic 

t-Test 

 Down 0.77 0.42 ** t(3426.65) = 13.372** 

 Up 0.57 0.50   
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200   
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Knowing that when making adjustments to forecasts planners most often select the correct 

adjustment direction, an analysis was conducted to check if the part of the month affects how 

often the planner makes the correct adjustment direction decision. The Chi-Square Test of 

Independence was used. As can be seen in Table 12 the percentage of the forecasts adjusted 

in the correct direction decreased gradually over the course of the month with 71% of the 

forecasts being adjusted in the correct direction in the first part of the month, 68% is the 

second part of the month and 63% in the third part of the month. A significant interaction 

was found ( 𝜒2(2) ≥ 14.801,  𝑝 < .01), meaning that the part of the month and the rate of 

selecting the correct adjustment direction are related. Planners thus more often selected the 

correct adjustment direction than the incorrect direction, but seemed to perform better 

earlier in the month than later in the month.  

Table 12: Correct Direction (Part of Month) 

 

 

 

 

After researching the correct adjustment direction, a second explorative analysis was 

conducted on the difference in percentage size of the adjustment per adjustment direction. 

This to see if the adjustment direction influences the mean adjustment size. The test used for 

this analysis was a One-Way ANOVA and the results of this analysis can be seen in Table 13. 

The results showed that the upward adjustments had a mean adjustment size of 63.8% of the 

original forecast which was more than twice as high as the mean adjustment size of the 

downwards adjustments which was 28.4% of the original forecast. Besides the larger mean 

adjustment size the standard deviation of the upward adjustment size percentage was much 

larger than that of the downward adjustments with 393.8% versus 19.5%. Additionally, the 

analysis showed that a significant difference (𝐹(1,4130) = 19,565∗∗)  had been detected 

between the means of the adjustment percentage sizes of each adjustment direction. This 

means that when one distinguished on the variable ‘Adjustment Direction’ the means of the 

variable ‘Adjustment Size Percentage’ were not equal. The results thus show that the upward 

adjustments tended to be much larger than the adjustments that were in the downward 

direction. Optimism bias therefore might not show in the planners’ preferred adjustment 

direction, but in the adjustment size of the adjustments. 

Table 13: Difference in Adjustment Size Percentage 

 

  

Day Correct Incorrect Chi-Square Statistic 

1 - 10 1603 (71%) 661 (29%) 14,801** 

11 - 20 829 (68%) 391 (31%)   

21 - 31 453 (63%) 263 (37%)   
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200  

Adjustment 
Direction 

Mean SD Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

Up 63.8% 393.8% ** ** F(1,4130) = 19.565** 

Down 28.4% 19.5%    
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4132   
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The first analysis concerning the analyses on the presence of optimism bias showed the 

opposite of what was expected in the literature. The majority of the adjustments were not in 

the upwards direction as found in earlier studies (Davydenko & Fildes, 2013; Legerstee & 

Franses, 2009), but were in the downward direction. Although this preferred adjustment 

direction changed over the course of a month the greater majority of the adjustments were 

downwards. Therefore the hypothesis that planners/schedulers make more upward than 

downward adjustments is disconfirmed by this study.  

Another interesting finding is that planners proved to be quite capable of selecting the correct 

adjustment direction. Although they perform better earlier in the month than later in the 

month, in all parts of the month the planners more often selected the correct adjustment 

direction than not. Secondly, planners more often selected the correct adjustment direction 

when making downward adjustments than when they made upward adjustments. This seems 

to be in line which literature that states that in many cases upwards adjustments proved to 

be far less effective in improving the accuracy than the downwards adjustments (Fildes et al., 

2009). More research is needed on the mean error percentages of the two different 

adjustment directions to fully confirm their findings. Finally, the adjustment size for the 

upward adjustments tended to be more than twice as large as the downward adjustments. 
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Hypothesis 2b can be answered with Table 14. 

 

Next, the influence of the alleged presence of optimism bias was analyzed. This was tested by 

comparing the mean error percentages of both adjustment directions with each other. The 

analysis in Table 14 concerns the difference in the planners’ forecast error percentages per 

adjustment direction of the altered forecast. Again a One-Way ANOVA was used for the 

analysis. The mean error percentage of the adjusted forecast for the upwards direction was 

115.6% and for the downwards direction this mean error percentage was 118.2%. Concerning 

the standard deviation, the upward adjustments had a larger standard deviation than the 

downward adjustments with 240.4% versus 205.5%. Despite these differences, the statistical 

difference between the means of both planner forecast error percentages was not significant 

 (𝐹(1,4198) = 0.138) . Thus the analysis showed that the adjustment direction did not 

influence the planners’ forecast error percentage.  

 

Table 14: Difference in Planner Forecast Error Percentage 

 

 

 

 

The adjustment direction did not seem to play a role when looking at the forecast error 

percentage. In the previous section the results showed that planners more often selected the 

correct adjustment direction when making downward adjustments than when they made 

upward adjustments, but this did not have any effect on the results on the mean error 

percentages per adjustment direction. Previous studies which stated that upward 

adjustments proved to be far less effective in improving the accuracy than the downward 

adjustments (Fildes et al., 2009) are thus disconfirmed in this study. Furthermore, an 

interesting finding is that the larger upward adjustments in terms of size discussed in the 

previous section apparently did not affect the forecasting accuracy and are thus justifiable. 

Based on these findings the hypothesis that optimism bias negatively influences the 

forecasting accuracy is disconfirmed.  

  

Hypothesis 2b: Optimism bias negatively influences the forecasting accuracy 

Adjustment 
Direction 

Mean SD Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

Up 115.6% 240.2% - - F(1,4198) = 0,138, n.s. 

Down 118.2% 205.5%    
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200   
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6.3. Rounding Numbers Analysis 
Hypothesis 3 can be answered with Table 15. 

Hypothesis 3: Planners/schedulers have the tendency to round numbers when adjusting 
forecasts 

 

The third hypothesis concerns the presence of rounding when adjusting forecasts. Figure 5 

shows the ending numbers that the planners had chosen for when adjusting forecasts, 

including very specific ‘comma’ numbers where the altered forecast had numbers behind the 

decimal point. These comma numbers occur because planners are not restricted to input 

whole numbers when using the SLIM4 software. This figure clearly shows that alterations with 

numbers ending with ‘0’ and ‘5’ were observed more often than the other ending numbers. 

In exact numbers, the ending numbers ‘0’ and ‘5’ were observed with respectively 1132 and 

577 observations. The third most likely ending number ‘2’ only had 93 observations. It’s clear 

that planners had a great preference for rounding since 52.7% of the numbers had the ending 

number ‘0’ and another 26.0% had the ending number ‘5’. 

 

Figure 5: Observations of the chosen ending numbers 

Additionally, in Table 15 it can be seen that the first Chi-Square Goodness-of-Fit test showed 

that a significant pattern was found with ( 𝜒2(1) ≥ 5833.9,  𝑝 < .001), but this included the 

‘comma’ numbers which cannot be compared to the other observations. When a new 

corrected test was conducted without the ‘comma’ numbers still a greatly significant pattern 

was found with ( 𝜒2(1) ≥ 5509.1,  𝑝 < .001), meaning that the variable ‘Ending Number’ 

does not have equal expected proportions.  

Table 15: Occurrence of Rounding 

1132

26 93 45 57

577

57 59 63 36 104

0 1 2 3 4 5 6 7 8 9 COMMA

Number of observed ending numbers

Ending 
Number: 

0 1 2 3 4 5 6 7 8 9 Comma Chi-Square 
Statistic 

Observed 1132 26 93 45 57 577 57 59 63 36 104  

Expected1 204.4 204.4 204.4 204.4 204.4 204.4 204.4 204.4 204.4 204.4 204.4 5833,917** 

Expected2 232.7 232.7 232.7 232.7 232.7 232.7 232.7 232.7 232.7 232.7  5509,144** 
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N1 = 2248    N2 = 2146 
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The results thus showed that not every ending number is equally likely and that the round 

ending numbers ‘0’ and ‘5’ are observed often. This is in greatly in line with the literature 

concerning the human preference of rounding, examples being the preference to obtain a 

round number at the gas pump (Lynn et al., 2013), peaks of arrivals at round finishing times 

at marathons (Allen et al., 2016) and final house sales prices being rounded to a number 

dividable by 50,000 (Pope et al., 2015). The hypothesis that planners/schedulers have the 

tendency to round numbers when adjusting forecasts is thus confirmed.      

After discovering that planners have the tendency to round numbers, many questions on the 

effects of this presence of rounding arose. The first being what effect the rounding of 

forecasts has on the forecasting accuracy. Therefore explorative research had been 

conducted to test whether this tendency to use round numbers lead to a greater forecast 

error percentage. In Figure 6 the differences in the mean error percentages of the forecasts 

for each ending number is visualized.  

 

Figure 6: Influence of the Ending Number of the Mean Error Percentage 

For all possible ending numbers the mean forecast error percentages were compared to each 

other by conducting a One-Way ANOVA. The results of the analysis in Table 16 show that the 

mean forecast error percentage did change a lot for each alternative ending number. Since 

the Levene’s statistic was significant (𝑝 <  .05) the Welch and Brown-Forsythe analyses were 

consulted. The Welch analysis showed that a significant difference (𝐹(9,2237) = 1.169) had 

not been detected. The same holds for the Brown-Forsythe analysis with  (𝐹(9,2237) =

0.931). The analysis showed that for the variable ‘Ending Number’ no significant differences 

were found in the means of the variable ‘Planner Forecast Error Percentage’. In other words, 

the ending number of the adjusted forecast did not influence the planners’ forecasting error. 

Table 16: Forecast Error Percentage Rounding 

 

126

89

117

89

168

120
105 100

139

95 91
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Mean Error Percentage vs. Ending Number

Ending 
Number: 

0 1 2 3 4 5 6 7 8 9 Comma Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

Mean Error 
Percentage 

126 89 117 89 168 120 105 100 139 95 91 ** - F(9,2237) = 
0.710, n.s. 

Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 2248    
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One might have expected that rounding could have a negative effect as rounding by definition 

means that it is not optimal. One source of literature even showed that for forecasting annual 

earnings per share (EPS) analysts have the tendency to round the numbers, which lead to less 

accurate forecasts (Dechow & You, 2012). Nevertheless, for this situation rounding did not 

seem to have an impact.   

Since no major differences were found, two other One-Way ANOVA analyses were conducted 

where the ending numbers were grouped together of which the results can be seen in Table 

17. By grouping the ending numbers a pattern could be visible. The first analysis compared all 

altered forecasts with the ending number ‘0’ to the forecasts with the remaining ending 

numbers and the second analysis compared all altered forecasts with the ending numbers ‘0’ 

and ‘5’ to the forecasts with the remaining ending numbers. This to compare the rounded 

forecasts to the group of non-rounded forecasts. Both analyses showed a greater mean for 

the forecast error percentages of the rounded forecasts, but the results show that for both 

analyses this difference is not significant. Both the Welch and Brown-Forsythe test show that 

no significant pattern was found  (𝐹(9,2237) = 0.937)  for the first analysis and that no 

significant pattern was found (𝐹(9,2237) = 1.285) for the second analysis. This indicated 

that the variable ‘Ending Number’ had no significant influence on the means of the variable 

‘Planner Forecast Error Percentage’.  

 

Table 17: Grouped Rounded Numbers Analysis 

 
 

Both One-Way ANOVA tests showed that the mean error percentage was slightly higher for 

the rounded numbers than for the non-rounded numbers, but this difference was not large 

enough to obtain a significant difference. As mentioned in the previous section Dechow and 

You (2012) found that rounding the annual EPS lead to less accurate forecasts, but again 

rounding did not seem to influence the mean error percentage of the forecasts in this 

situation. Rounding thus occurred quite frequently when working with demand forecasting 

systems, but this tendency to use round numbers did not have a negative effect on the 

forecasting accuracy.  

  

Ending Numbers: Mean Error Percentage  Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

0 125.62 ** - F(9,2237) = 0.334, n.s. 

Others (1-9) 115.87    

0 & 5 123.74 ** - F(9,2237) = 0.297, n.s. 

Others (1-4 & 6-9) 111.40    
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 2248 
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Another explorative research took place to study if the preference to round changed over the 

course of a month The preference to round and the influence that rounding had could change 

over the course of a month. Therefore new analyses were conducted were one distinguished 

on the part of the month. The month was divided in days 1-10, 11-20 and 21-31. Using a Chi-

Square Test of Independence the relationship between the part of month and the preferred 

ending numbers was studied. For the first analysis that took place the altered forecasts that 

had the ending number ‘0’ were compared to the altered forecasts with the remaining ending 

numbers ‘1-9’ for each part of the month. The results of the Chi-Square Test of Independence 

are displayed in Table 18. There appears to be a limited amount of variation throughout the 

month with values varying between 49 and 51 percent concerning the percentage or rounded 

forecasts. Consequently, the Chi-Square statistic is not significant ( 𝜒2(2) ≥ 1.749,  𝑝 =

.417). The occurrence of the ending number ‘0’ therefore did not change over the course of 

one month.        

Table 18: Part of month effect on ending number ‘0’ 

 

 

 

 

The second analysis concerned an analysis where the altered forecasts that had the ending 

number ‘0’ or ‘5’ were compared to the altered forecasts with the remaining ending numbers 

‘1-4’ and ‘6-9’ for each part of the month. Again a Chi-Square Test of Independence was 

conducted of which the results are displayed in Table 19. In contrary to the previous analysis, 

a greatly significant interaction was found ( 𝜒2(2) ≥ 29.029,  𝑝 < .001). The results show 

that the percentage of rounding increased over the course of a month, with 71% of the altered 

forecasts being rounded in the first part of the month and 81% and 80% being rounded in the 

following two parts. The results thus show that the preference to round numbers increased 

halfway through the month and at the end of the month. The known human preference to 

round (Allen et al., 2016; Lynn et al., 2013) thus greatly occurred when altering forecasts and 

even increased halfway through the month. To repeat, the hypothesis that planners have the 

tendency to round numbers when adjusting forecasts is thus confirmed. 

Table 19: Part of month effect on ending numbers '0' & '5' 

 

 

 

 

Day Ending Number(s) Chi-Square Statistic 

0 1 - 9 

1 - 10 514 (49%) 537 (51%) 1.749, n.s. 

11 - 20 363 (51%) 345 (49%)   

21 - 31 244 (50%) 234 (50%)   
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 2248  

Day Ending Numbers Chi-Square Statistic 

0 & 5 1 - 4 & 6 - 9 

1 - 10 745 (71%) 306 (29%) 29.029** 

11 - 20 575 (81%) 133 (19%)   

21 - 31 389 (80%) 100 (20%)   
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 2248  
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6.4. Time of Day Analysis 
Hypothesis 4 can be answered with Table 20 and Table 21. 

Hypothesis 4: Planners and schedulers using statistical sales forecasting systems show 
greater error in their adjustments later in the day than earlier in the day 

 
The fourth hypothesis concerned the effect of the time of day on the forecasting error that 

planners had when adjusting forecasts. The choice was made to split the day into four 

quarters as not every hour of the day had a sufficient amount of observations to analyze. In 

Table 20 the results of the effect that the time of day had on the planners’ mean error 

percentage are presented. A One-Way ANOVA was conducted for this analysis.  

The results show that there was some variation in the means and standard deviations during 

the day. The analysis showed that the mean error percentages varied between 109.9% and 

130.4% for the different parts of the day. Since the Levene’s statistics was highly significant, 

the Welch and Brown-Forsythe test needed to be conducted. The statistical difference 

between the planner error percentages however was not significant as the Welch statistic 

showed that no significant pattern was found (𝐹(3,4196) = 1.836) and the Brown-Forsythe 

statistic likewise showed that no significant pattern was found (𝐹(3,4196) = 1.769). Time 

of day therefore did not have a significant impact on the mean error percentages when 

looking at the day divided in four quarters.  

Table 20: First Analysis Time of Day on the Planner Error Percentage 

 

 

 

 

Previous research showed that due to the increase of cognitive fatigue during the course of 

the day, human performance decreased (Sievertsen et al., 2016). Additionally, other research 

showed that cognitive fatigue decreased human performance for specific decision making 

tasks (Smith et al., 2016). Although there is some deviation between the planners’ mean error 

percentages, no significant decrease of performance was found in this research. Time of day 

therefore did not seem to influence the planners’ forecast error percentage when the day is 

divided into four quarters. The results of this study thus contradict with the literature when 

looking at planners working with statistical sales forecasting systems.  

  

Time of 
Day 

Mean Error 
Percentage 

SD Error 
Percentage 

Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

16 - 19  116.2% 251.2% ** - F(3,4196) = 1.913, n.s. 

19 - 12  113.7% 228.2%    

12 - 15 130.4% 242.2%    

15 - 18 109.9% 181.4%    
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200   
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A second analysis was conducted on the effect of the time of day on the mean error 

percentage where the day was split into two parts, morning and afternoon. Morning being 

from 6 am to 12 pm and afternoon being from 12 pm to 18 pm. The results of the analysis can 

be seen in Table 21. For this analysis the mean error percentage for the morning was 114.3% 

and for the afternoon 119.2%. The afternoon seemed to have a slightly greater mean error 

percentage, but no significant interaction was found  (𝐹(1,4198) = 0.513) . This second 

analysis on the effect of the time of day also showed that there was no significant difference 

in the mean error percentages when distinguishing between morning and afternoon. Making 

an adjustment to a forecast in either the morning or afternoon thus does not seem to 

influence the forecasting accuracy.  

Table 21: Second Analysis Time of Day on the Planner Error Percentage 

 

 

 

The fourth hypothesis concerned the effect of the time of day on the forecasting error that 

planners had when adjusting forecasts. Despite various differences in the mean error 

percentages, both analyses showed that the time of day did not have an influence on the 

mean error percentages of the planners’ forecasts as the differences were not significant. 

Again research that showed that human performance decreased of the course of a day 

(Sievertsen et al., 2016) and other research on the negative effects of cognitive fatigue (Smith 

et al., 2016) were disconfirmed by these results in this context. The hypothesis that planners 

and schedulers using statistical sales forecasting systems show greater error in their 

adjustments later in the day than earlier in the day is thus disconfirmed by the results of this 

analysis.  

 

  

Time of 
Day 

Mean Error 
Percentage 

SD Error 
Percentage 

Levene’s 
Statistic 

Welch| 
B & F 

ANOVA 

16 - 12  114.3% 233.0% - - F(1,4198) = 0.513, n.s. 

12 - 18  119.2% 211.3%    
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200   
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6.5. SKU Characteristics 
The final topic of study concerned an explorative research on the effect of various SKU 

characteristics to determine if these factors played a role when adjusting forecasts. Using 

multiple One-Way ANOVA analyses the means per adjustment direction were determined for 

the average unit price, average demand and average order lead time of which the results can 

be seen in Table 22. In the table unit price is displayed as UP, average demand as AD and 

order lead time as OL. 

Table 22: Explorative Analysis SKU Characteristics 

 

The first analyzed SKU characteristic was the effect of unit price on the adjustment direction. 

For the adjustments in the downward direction the unit price was greater than that of the 

adjustments that were in the upward direction. The average unit price of the downward 

adjustments were 4.04 versus 3.85 for the upward direction. Despite this difference no 

significant interaction was found  (𝐹(1,4198) = 0.543). Unit price therefore did not seem to 

influence the adjustment direction of planners. When looking at unit price it seemed logical 

that costly products would be ordered with moderation, while cheap products would be 

ordered more freely. Similar reasoning as for the newsvendor model could be in place 

(Nahmias & Olsen, 2015). For forecasting this would mean that costly products would be 

rounded down more often and cheap products would be rounded up more often. The results 

of this research showed no such effect as the difference between the mean unit prices of both 

directions was not significant. 

The second analyzed SKU characteristic was the effect of the average demand on the 

adjustment direction. The results showed that the average demand was much larger for the 

upward direction than the downward direction, with an average of 165.8 for the upward 

direction versus 137.8 for the downward direction. The analysis showed that highly significant 

differences were found  (𝐹(1,4198) = 10.424∗∗) . This meant that planners more often 

made upward adjustments when the average demand was greater. This could be due to the 

fact that the ‘extra’ inventory for a fast moving product is expected to deplete more quickly 

than that of a slow moving product. With this difference being greatly significant, it suggests 

that the average demand was an important factor when planners adjust forecasts.  

  

Adjustment 
Direction 

Mean  Levene’s Statistic Welch| B & F ANOVA 

UP AD OL UP AD OL UP AD OL UP AD OL 

0 4.04 137.8 3.99 ** - ** - ** ** F(1,4198) =  F(1,4198) =  F(1,4198) =  

1 3.85 165.8 3.90   0.543, n.s. 10.424** 17.991** 
Note: * = p < .05 | ** = p < .01 | - =  n.s. | N = 4200       UP = Unit Price in €   AD = Average Demand in Units   OL = Order Lead time in 

Periods 
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The final analyzed SKU characteristic was the effect of the order lead time. Concerning the 

order lead time the absolute difference was not that large with a mean of 3.99 for the 

downward adjustments versus 3.90 for the upward adjustments. Nevertheless the results for 

the order lead time were greatly significant  (𝐹(1,4198) = 17.991∗∗). Concerning the order 

lead time this meant that for the adjusted forecasts the order lead time was greater for the 

downward adjustments than for the upward adjustments. The final expectation was that 

planners would be influenced by longer order lead times, leading to more ‘safe’ forecasting 

and thus in more positive adjustments. This because a longer lead time results in a longer and 

more uncertain period to forecast the demand (Taylor, 2010). This research showed that 

there was a significant difference in the order lead time, but the results were the opposite of 

what was expected.  

To summarize this section, unit price did not seem to influence the adjustment direction of 

planners. Average demand and order lead time on the other hand did show greatly significant 

differences. These two characteristics thus did influence the preferred adjustment direction 

of altered forecasts.  
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7. Discussion 
In chapter 7 the findings of this research are discussed. First, the results of all the analyses are 

discussed, in the order that they have been reported in, in Section 7.1. In Section 0 answers 

to the research questions are given.   

7.1. Discussion of the Results 
In this section the results of the research are discussed.  

The first hypothesis read as followed. 

Hypothesis 1: Judgmental adjustments generally do lead to greater forecasting 
accuracy  

 

The question that needed to be answered was if the algorithms’ forecast or the planners’ 

adjusted forecast more often achieved the greater forecast accuracy. The results showed that 

the judgmental adjustments did generally improve the forecasting accuracy which was in line 

with the literature (Goodwin, 2000; Lawrence et al., 2006; McNees, 1990). Not only did the 

planner more often outperform the algorithm, the overall mean error percentage of the 

planner was lower as well.   

This result is obviously greatly desired as Slimstock believes that their software together with 

the planners judgment provide greater forecasting possibilities as they reinforce one another. 

As mentioned earlier Slimstock uses the MBE approach where planners are notified when 

there is an ‘exception’ and the forecast requires attention. This could explain why human 

judgment performs better in these analyses than the algorithm as many of these altered 

forecasts were already presented by the software as forecasts that might require 

adjustments. This could be backed by the fact that the planners’ adjustments more often 

improve the accuracy earlier in the month than later in the month as these exceptions are 

generated at the start of each period. There could be a link between these exceptions and the 

percentage of cases in which the planners improves the forecast. Without help of these 

exceptions planners could be making more ‘unguided’ adjustments which results in a lower 

improvement rate.  

Additionally, one might argue and expect that planners should be able to provide better 

forecasts over the course of a month as more (demand) information becomes available, 

especially when compared to the algorithm that generated the forecast at the beginning of 

the period. Another explanation for why the percentage of the adjustments that led to a more 

accurate forecast decreased steadily during the month is because the planners’ focus may 

have switched from the current forecast to the forecast of the next period. Alterations made 

by planners still influence the current forecast, but since the focus has been switched to the 

second period the adjusted forecasts will be less relevant for the current forecast.  
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Hypothesis 2a: Planners/schedulers make more upward than downward 
adjustments  

 

The second hypothesis that needed to be answered was if planners showed signs of optimism 

bias when adjusting forecasts. The hypothesis was that planner make more upward than 

downward adjustments, but this hypothesis was disconfirmed by this research. The results of 

the analysis showed the opposite of what was expected, namely that more downward 

adjustments were made than upward adjustments. Previous research showed that planners 

more frequently made positive adjustments than negative adjustments (Davydenko & Fildes, 

2013; Legerstee & Franses, 2009), but the results of this research stated otherwise. One might 

even argue that signs of pessimism bias were present when adjusting forecasts.  

When looking at the adjustment direction over the course of a month the preferred 

adjustment direction changed completely. At the start of the period the majority of the 

adjustments were downwards, but at the end of the month the majority of the adjustments 

were upwards. Again this could have something to do with the exceptions that are generated 

at the beginning of a period. Many of these exceptions could ‘guide’ the user to make 

downward adjustments. After these exceptions have be handled the ‘real’ preference of the 

planner could appear as the preferred adjustment direction at the end of the month is no 

longer downwards, but upwards. This change of direction could also be explained by the fact 

that planners might have some form of ‘stock out aversion’ as they see the sales develop over 

the course of a month. To protect against stock outs planners possibly make upward 

adjustments to the forecasts. Another possibility as explained in the previous section is that 

planners’ focus on the forecast of the next period which influences the current forecast. Still 

these results are quite interesting and further research could be necessary for clarification.  

After testing for the presence of optimism bias, an exploratory analysis was conducted to 

check whether the planners made adjustments in the correct direction or not. The analysis 

showed that planners were quite capable of selecting the correct adjustment direction. 

Exceptions could once more play a role here as these exceptions can guide users into a certain 

direction. Many of these exceptions indicate the probable direction in which the forecast 

needs to be adjusted to and could therefore play a major role in planners’ selection the 

correct adjustment direction. Similar to the previous section the planners’ percentage of 

selecting the correct adjustment direction decreased over the course of one month 

furthermore indicating that the exceptions could be greatly important as they are handled at 

the beginning of the period. The selection of the correct direction should have improved as 

the planner has more (demand) information available. Another possible explanation of why 

this selection of the correct direction decreased is that the focus of the planner shifted from 

the current forecast to that of the next period.  
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When looking at the selection of the correct adjustment direction a great difference between 

the two adjustment directions was found. It showed that the downward adjustments were 

significantly more often in the correct direction than the upward adjustments. This finding is 

confirmed by previous research where it was stated that upward adjustments tended to be 

in the wrong direction more often than downward adjustments (Fildes et al., 2009). Planners 

being over positive, and thus being influenced by an optimism bias, could be inclined to make 

upward adjustments even though there is no genuine reason for making an upward 

adjustment. This of course influences the rate in which the correct direction is chosen and 

could explain the difference between the two directions. Once more ‘stock out aversion’ 

could play a role as well as some planners might fear that stock outs may occur and therefore 

planners could possibly make upward adjustments to the forecasts to prevent this from 

happening even though the prediction is that the forecast is sufficient. This would again 

influence the rate in which the correct direction is chosen. 

Since no real indications of the presence of optimism bias were found optimism bias might 

show in other ways. The final explorative analysis was conducted to check if the percentage 

size of the adjustments changed per adjustment direction. The upward adjustments tended 

to be more than twice as large as the downwards adjustments. Optimism bias therefore might 

not show in the planners’ preferred adjustment direction, but in the adjustment size of the 

adjustments. As the adjustments for the upward direction were twice as large as for the 

downward direction, this could indicate that some form of optimism bias is present in these 

adjustments.   

 

 
Next, the influence of the alleged presence of optimism bias was analyzed. Both forecast error 

percentages of the upward and downward adjustments were compared and the analysis 

showed that the mean error percentages were quite similar and thus not significant. The 

adjustment direction therefore did not seem to play a role when looking at the forecast error 

percentage. This contradicts with previous studies which stated that positive adjustments 

proved to be far less effective in improving the accuracy than the negative adjustments (Fildes 

et al., 2009). This is a reassuring finding as the results show that there is no effect noticeable 

of any bias that may interfere with the forecasting capabilities of the planners. Interesting is 

that the larger upward adjustments in terms of size discussed in the previous section 

apparently did not affect the forecasting accuracy and are thus justifiable.  

  

Hypothesis 2b: Optimism bias negatively influences the forecasting accuracy 
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Hypothesis 3: Planners/schedulers have the tendency to round numbers when 
adjusting forecasts  

 
The third hypothesis concerned the presence of rounding when adjusting forecasts. The tests 

were significant and showed that not every ending number was equally likely when adjusting 

forecasts. Especially the ending numbers ‘0’ and ‘5’ were observed in large quantities. As 

expected, this was greatly in line with the literature concerning the human preference of 

rounding, examples being the preference to obtain a round number at the gas pump (Lynn et 

al., 2013), peaks of arrivals at round finishing times at marathons (Allen et al., 2016) and final 

house sales prices being rounded to a number dividable by 50,000 (Pope et al., 2015). This is 

an interesting finding as rounding apparently happens in over 75% of the occasions. Rounding 

in the most cases is not optimal and could therefore have a deleterious effect on the 

forecasting accuracy. To test if rounding had a negative effect, new analyses were conducted.  

Explorative research had been conducted to test whether this tendency to use round 

numbers lead to a greater forecast error percentage. Expected was that rounding forecasts 

would lead to greater forecasting error, but the results were quite clear and showed that 

rounding had no influence. To test if grouping the rounded and non-rounded numbers would 

result in significant results, two other analyses were conducted. Both tests showed that the 

mean error percentage was slightly higher for the rounded numbers than for the non-

rounded numbers, but this was still not large enough to obtain a significant difference. One 

source of literature showed that for forecasting annual earnings per share (EPS) analysts have 

the tendency to round the numbers, which lead to less accurate forecasts (Dechow & You, 

2012). In the context of Slimstock rounding did not seem to have a negative impact and thus 

contradicts with this literature.  

An explanation for this minimal difference in the mean forecasting error percentage could be 

that the majority of these adjusted forecasts were for products with relatively large forecasts. 

The possible (negative) effect of rounding a forecast of 7 to 10 would be much greater than 

rounding a forecast of 437 to 440. Therefore the effects on the mean error percentage could 

be quite limited and not be noticeable for this analysis. Further research might be needed 

concerning this topic where one should distinguish on the different initial (algorithm) 

forecasts ranging from 0 - 10, 10 - 20, and so on. By doing so the differences might be 

noticeable, especially for the products with lower forecasts. In conclusion rounding thus 

occurred quite frequently when working with demand forecasting systems, but this tendency 

to use round numbers did not have a negative effect on the forecasting accuracy.  
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To study if the preference to round changed over the course of a month two other analyses 

were conducted. The analyses showed that when both the ending numbers ‘0’ and ‘5’ are 

considered rounding significant differences were found. The preference to round increased 

over the course of a month. This could be explained by the fact that Slimstock uses the MBE 

approach, as many adjustments could be ‘guided’ at the start of the period due to these 

exceptions and result in less rounding of forecasts. After the first ten days the percentage of 

rounded forecasts jumps up by ten percent which might show the planners real frequency in 

which they would round when exceptions are not used. A second explanation could be that 

planners wait with the adjustments of difficult forecasts and first handle the ‘easier’ forecasts. 

This would mean that these difficult forecasts are adjusted later in the period and that due to 

their difficulty planners may have the tendency to round these forecasts. The results showed 

that the known human preference to round (Allen et al., 2016; Lynn et al., 2013) thus greatly 

occurred when altering forecasts and even increased halfway through the month.  

 

Hypothesis 4: Planners and schedulers using statistical sales forecasting systems 
show greater error in their adjustments later in the day than earlier 
in the day 

 

 
The fourth hypothesis concerned the effect of the time of day on the forecasting error that 

planners had when adjusting forecasts. The first analysis divided the day into four quarters 

and the second analysis into two halves. Despite various differences in the mean forecasting 

error percentages both analyses showed that the time of day did not have an influence on 

the mean error percentages of the planners’ forecasts. Previous research that showed that 

due to the increase of cognitive fatigue during the course of the day, human performance 

decreased (Sievertsen et al., 2016) and research that showed that cognitive fatigue decreased 

human performance for specific decision making tasks (Smith et al., 2016) were not replicated 

in this study. In the context of Slimstock no significant decrease of performance was found. 

Time of day therefore did not seem to influence the planners’ forecast error percentage, 

disconfirming the hypothesis. For Slimstock this is a positive finding as their system does not 

seem to tire the planner in such a way that it (greatly) influences their forecasting 

performance. One might even state that the workload for planners is relieved by the use of 

these statistical sales forecasting system and planners can therefore perform more 

consistently throughout the day.   
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 SKU Characteristics 
 

The final analysis concerning the judgmental adjustments of planners concerned an 

explorative analysis on the effect of various SKU characteristics on the adjustment direction. 

These characteristics were the unit price, the average demand and the order lead time.  

When looking at unit price it seemed logical that costly products would be ordered with 

moderation, while cheap products would be ordered more freely. Similar reasoning as for the 

newsvendor model could be in place (Nahmias & Olsen, 2015). For forecasting this would 

mean that costly products would be rounded down more often and cheap products would be 

rounded up more often. The results of this research showed no such effect as the difference 

between the mean unit prices of both directions was not significant. There are thus no 

consequences for the forecasting accuracy. 

For the average demand the expectation was that planners would adjust the forecast 

upwards for high demand products more often than for low demand products. This due to 

the fact that the ‘extra’ inventory for a fast moving product is expected to deplete more 

quickly than that of a slow moving product. This research showed that this was indeed the 

case suggesting that average demand was an important factor when planners adjust 

forecasts. This could explain why the upward adjustments made by planners where less often 

in the correct direction than the downward adjustments. Due to the planner seeing that the 

average demand is quite high they know that the consequences of over-forecasting are 

limited as the extra stock will still likely deplete in the near future. For products with lower 

average demands this is not the case and planners could be more cautions when making these 

adjustments. More research on this topic could be of interest. For Slimstock it may be 

interesting to study if planners make more risky forecasting decisions when the average 

demand is higher.    

The final expectation was that planners would be influenced by longer order lead times, 

leading to more ‘safe’ forecasting and thus in more positive adjustments. This because a 

longer lead time results in a longer and more uncertain period to forecast the demand (Taylor, 

2010). This research showed that there was a significant difference in the order lead time, but 

the results were the opposite of what was expected. The downward adjustments had a 

greater average lead time than the upward adjustments. The reasons as to why this occurred 

are unknown.  
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7.2. Answers to the Research Questions 
In this section the two main research questions of this study will be answered. Below the first 

research question of this study is stated.   

RQ1: What effect do the planners’ judgmental adjustments have on the 
forecasting accuracy of statistical sales forecasting systems? 

 

The results of this study are incontestable. The various analyses clearly showed that in this 

case the judgmental adjustments that are made by the planners generally improved the 

forecasting accuracy of the statistical sales forecasting system. This was greatly in line with 

the literature (Fildes et al., 2006). Not only did the planners’ adjusted forecast improve the 

forecasting accuracy more often than not, the total mean forecast error percentage was 

significantly lower for the planner than for the algorithm. As Goodwin (2000) stated, 

judgmental adjustments may improve accuracy by allowing the estimated effects of special 

events to be incorporated in the forecast. To answer the first research question, the effect 

that the planners’ judgmental adjustments have on the forecasting accuracy of statistical 

sales forecasting systems is positive. For Slimstock these findings are greatly desired. The 

results show that the algorithm and the planner together provide greater forecasting 

possibilities as they reinforce one another. Their MBE approach could be one of the reasons 

why the results show this high level of improvements when the forecasts are adjusted.    

 

RQ2: Which factors involving judgmental adjustments influence the forecasting 
accuracy of statistical sales forecasting systems? 

 

The second research question requires more elaboration than the first research question as 

many different factors were taken into consideration. Firstly, the presence and effect of 

optimism bias was studied. In contrary to what was expected most adjustments were in the 

downward direction. Legerstee and Franses (2009) showed that planners most frequently 

made upward adjustments, but the results of this study stated otherwise. Something that was 

quite striking is the change of the preferred adjustment direction over the course of the 

month. At the beginning of the month planners clearly had a preference for downward 

adjustments, but at the end of the month most adjustments were in the upward direction. 

Interesting was that when looking at the direction that the planners should have adjusted to 

in order to improve the forecasts is that the downward adjustments were more often in the 

correct direction than the upward adjustments.    

Concerning the analysis on rounding this research found that rounding happened quite 

frequently. The known human preference to round (Allen et al., 2016; Lynn et al., 2013) was 

thus noticeable when making judgmental adjustments. Despite this high figure, no evidence 

was found that rounding had a negative effect on the forecasting accuracy.  
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The same holds for the time of day. The results showed that no matter in which part of the 

day the adjustments were made the forecasting error percentage was not significantly 

different. The presumed negative effect of cognitive fatigue (Sievertsen et al., 2016) was not 

found. Finally, concerning the analysis on several SKU characteristics this research found that 

the average demand and order lead time both played a role when adjusting forecasts. 

Products with a higher average demand were more likely to be adjusted upwards, which was 

as expected. Something much more unexpected was that products with a greater order lead 

time were more likely to be adjusted downwards.      

7.3. Implications 
This study had two separate objectives, namely a business objective and a scientific objective. 

In this section both the objectives will be discussed and the implications are given.   

The business objective was to provide valuable insights for Slimstock concerning the planners’ 

usage of the SLIM4 software package. The main goal was to understand what happens when 

planners make judgmental adjustments to forecasts and to make suggestions for fine tuning 

the SLIM4 software package. One major reassuring finding is that the judgmental adjustments 

that planners make generally lead to an improved forecast. Slimstock believes that their 

software together with the planners’ judgment provide greater forecasting capabilities and 

this finding confirms the importance of the interaction between the two. Secondly, there are 

indications that their MBE approach seems to work as the percentage of adjustments that 

improve the forecast are the highest early in the period and gradually decreases over the 

course of the month. Since the exceptions are also handled at the start of a period there 

seems to be a link between the two. Additionally, the percentage of correct adjustment 

direction decisions was also higher earlier in the period furthermore indicating that these 

exceptions could aid in increasing the forecasting accuracy. For Slimstock this means that they 

should continue working with these exceptions and see if there are ways to improve the 

exceptions even further.  

Despite the planners generally improving the forecasts, there was of course some variation 

in the accuracy of the planners’ adjusted forecasts. Interesting was the finding that downward 

adjustments were more often in the correct direction than upward adjustments. Although 

this did not have an immediate effect on the forecasting accuracy it could be something that 

can be brought to the attention of planners during their training for working with the system. 

It’s debatable if this lower rate of selecting the correct adjustment direction can be 

considered an optimism bias effect, but it could certainly be useful to make the planners more 

aware of this phenomenon. The same holds for the tendency of planners to round forecasts, 

which could be interesting to mention during training sessions.   
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The second scientific objective was to contribute to the scientific literature on the interaction 

between humans and algorithms. As mentioned for the business objective a major finding 

was that the planners’ adjusted forecasts generally performed better than the forecasts 

generated by the system. This was in line with the finding of Fildes et al. (2009). Other 

literature on algorithm aversion showed that users that are supported by an algorithm 

perform worse than the algorithm would have by itself (McAfee, 2013) has been disconfirmed 

by this study. Literature additionally stated that it is possible to reduce the users’ algorithm 

aversion by giving people some control over the algorithm’s forecast (Dietvorst, Simmons, & 

Massey, 2016). In the context of Slimstock this definitely seems to be the case. The planners 

have the freedom to make adjustments to the algorithm generated forecasts and therefore 

do not seem to show this algorithm aversion.  

The tendency of planners to make upward adjustments (Legerstee & Franses, 2009) and the 

presumed negative effect as a result of the presence of optimism bias (Fildes et al., 2009) was 

not replicated in this research. What was found is that planners are quite good at choosing 

the correct adjustment direction, but that the positive adjustments were much less likely in 

the correct direction than the downward adjustments. Secondly, the planners’ selection of 

the correct adjustment direction decreased over the course of a month which was greatly 

against the expectation. More research on this topic could be required as the findings were 

not as expected meaning that there may be some factors that influenced this outcome. The 

MBE approach could be a reason why this decrease in performance was observed as the 

exceptions are handled earlier in the period and could improve the planners’ performance.  

Some SKU characteristics influenced the adjustment direction as well. Products with a higher 

average demand were more often adjusted upwards which seemed logical, but when the 

order lead time increased the adjustments were more often downwards. This is strange as 

one would expect that a greater order lead time would result in more upward adjustments 

and thus might require more research.  

Concerning the rounding of forecasts it was found that rounding did occur greatly when 

adjusting forecasts, but this tendency to round had no major effects on the forecasting 

accuracy. Noteworthy is the fact that the tendency to round increased over the course of a 

month which could be interesting for further analysis. Time of day did not seem to influence 

the forecasting accuracy.    
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7.4. Limitations 
Each research has its’ limitations and so does this study. The first limitation is that only one 

database from one client was analyzed. All findings are thus true for one of the customers of 

this statistical sales forecasting system, but this does not necessarily mean that the same 

results would have been found when other users of this system would have been analyzed. 

There could be great differences between various industries and types of products sold, but 

with this research these possible differences could not be analyzed. The type of forecasting 

system could also play a role, but again only one statistical sales forecasting system was 

analyzed.  

There were also limitations concerning the dataset itself. The greatest limitation was that no 

distinction could be made between the various planners.  This is a limitation as every human 

being performs differently and personal variation could not be measured. There could be 

great variation in the performance of planners of a certain gender, different years of working 

experience, other schooling backgrounds and much more possible influencing variables. The 

type of product could also have been interesting to analyze. Differences between the adjusted 

forecasts of perishable products and non-perishable products would have been interesting to 

analyze. As for the time frame, only two years of sales data was available in the dataset. This 

was a pity as having multiple years of data would not only provide more data points for the 

analysis but would also make different types of analysis possible. Seasonal patterns, 

differences between years and maybe even improvements or deteriorations of the planners’ 

performance could have been analyzed.  

The final limitation concerning the dataset was that planners were not able to make direct 

alterations to the forecast, but only by adjusting other variables such as the average demand, 

the trend or ‘initializing’ a forecast. The question therefore is to what extent all the observed 

adjustments can be considered judgmental adjustments as the planner does not directly alter 

the forecasts.   

There were multiple limitations concerning the analyses as well. For the analysis concerning 

rounding not every ending number was as common meaning that for the ending number ‘1’ 

only 26 observations were available. Multiple other ending numbers also had a low number 

of observations which made the analysis less accurate. A greater number of observations was 

desired. The same problem occurred for the time of day analysis. There were multiple hours 

for which the number of observations was quite low meaning that grouping the hours was 

necessary. Again more data points would have been desired.  
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A limitation that is relevant for all the analyses is the fact that only the forecast of the first 

sales period following the adjustment was analyzed. The adjustment also influences the 

forecasts of the periods further in the future and could have beneficial or disadvantageous 

effects for these forecasts. Of course this is only the case when the planner would not alter 

the forecasts in the future again, but organizational practice shows that this is often the case 

as most forecasts remain untouched after alterations. Further research on the total effect on 

the forecasting accuracy could be interesting.  

7.5. Future Research 
There is much potential for future research regarding this topic as a lot of factors were not 

researched. Firstly, future research based on the limitations will be addressed. Future 

research as an extension of this research is additionally discussed.  

One of the greatest limitations was that the research was conducted based on one database 

from one client. To solve this problem adding multiple databases from different clients to the 

analysis would be a simple solutions to obtain a more diversified research scope. An even 

more interesting extension possibility for future research is to conduct similar research at 

various companies from different industries using different forecasting tools. As every tool is 

different a greater variation in the results would be expected. It would thereby be possible to 

obtain a more general view on how planners and the statistical sales forecasting systems 

interact with one another.  

Another interesting topic could be to analyze the differences per planner. This to study which 

personal factors influence the forecasting accuracy. As mentioned earlier differences 

between the two genders, different years of working experience and various schooling 

backgrounds could be interesting to study. Many other factors could be incorporated to this 

study to gain insights on what factors are beneficial for forecasting.  

There were some issues concerning the amount of data points available. When more data 

would be available, additional research on the effects of rounding and the effect of the time 

of day would be possible. These are interesting topics as every human being has the tendency 

to round and gets tired during the day. By analyzing forecasts the everyday effects can be 

analyzed what is not only interesting for the forecasting literature. Additionally, when more 

years of data are available the effects of learning and gain more experience might be 

interesting to study.   
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The final limitation was that only the forecast of the first sales period following the 

adjustment was analyzed to compare the adjusted forecast to the algorithm generated 

forecast. An extended analysis on the influence of the adjustment on the following forecasting 

periods could therefore be an interesting topic of research. Especially for the adjustments 

made in the final part of the month this could be interesting as the assumption is that the 

planner changed their focus from the current forecast to the one following the current 

forecast. An analysis on the total impact of the adjustment could be made based on the 

forecasts of the following months.   

 

7.6. Conclusion 
This research studied the judgmental adjustments made by planners when operating 

statistical sales forecasting systems and contributed to the literature by providing insights into 

the planner and algorithm interaction. It revealed how judgmental adjustments could 

improve the forecasting accuracy and revealed which factors played a role in improving this 

accuracy. This led to insights and advice for the research company as well as a contribution 

to the literature on statistical sales forecasting systems.  
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