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A. [bookmark: _Toc60936162]Abstract

In this project, we are going to predict Walmart’s sales and demand accurately. In spite of the absence of complete and ideal historical data, we developed 4 prediction models including “Demand Prediction Model”, “Fuel Price Prediction Model”, “CPI Prediction Model” and “Unemployment Prediction Model” using one of the KNIME modeling method which is called “Decision Tree Prediction”. These models are used to predict the accurate future results of the product sales for Walmart. In order to make the result more accurate, I tried some several other models. Through experiments, I found the decision tree learner is the most appropriate one for the targets (Customer Demands, Fuel Prices, CPI and Unemployment Index). That way, I got above 80% accuracy for all targets. These accuracies will be shown in the results part with tables. The most difficult and challenging part was that because the original data set has several kinds of holiday weeks, I needed to put 5 times weight to those rows. Using KNIME’s specific nodes, I implemented these difficulties and removed the possible problems that might happen because of holiday weeks’ data duplication. Thanks to the project, I got to predict the overall trends of the big data more accurately and successfully for the first time. And learned a lot of things about KNIME platform itself. 



B. [bookmark: _Toc60936163]Introduction

I am provided with historical Walmart sales data for the main 99 products across the 45 outlets. In addition, Walmart did some promotional sales down events throughout the year. Those sales down contain the four holidays like Thanksgiving, Super Bowl, Labor Day and Christmas. These weeks including 4 holidays are regarded as five times weighted more than the normal weeks in the evaluation. Based on this information data set, I am going to make 4 prediction models which will determine the future trends of “Demand”, “Fuel Price”, “CPI” and “Unemployment”. First, I am going to do data preprocessing for the further analysis and processes. Second, I am going to partition the processed data set for columns. Third, 4 learner models would be made using decision tree learners which use 80% of the data set. Fourth, 4 predictors will make prediction results using the output of learners and 20% of the remained data set. Fifth, the accuracies will be judged. 



C. [bookmark: _Toc60936164]Literature Review

Literature review is very important part for an experiment or research. In this context, I am going to mention about KNIME platform itself which is found doing research.
1. Brief Introduction About KNIME
KNIME provides a graphical interface for the development. With this, I have to determine workflows using various nodes. First, we need data sets to process. It should be preprocessed because sometimes they have unpredicted and invalid values which might block the overall processing. Second, we need to determine the selection of nodes which will help calculation, filtering, modeling and so on. Third, we need to get the predicted values using the chosen methods. Concerned with methods, they include lots of algorithms which will help us to make the program run successfully as the way we expected without coding. Anyway, the most important thing about KNIME is making workflows. Let’s get started with Data Preprocessing.  
2. KNIME Data Preprocessing
This process is very important. Even though the overall workflows are quite good, if the preprocessing is not done right, it leads to the wrong result of the program. It guarantees the successful results of the program. So, in this process, we will find terms and content that is missing in spelling and commas. So, using filters, we need to filter these drawbacks of data set. And sometimes it includes the empty column data rows. We also need to change these rows. Therefore, we can fill these columns with mean values or something similar, or we can remove these rows.
3. KNIME Prediction Modeling

· Decision Tree Learner
There are several important nodes for big data processing. This node is very crucial for making modeling. It verifies a classification decision tree. We can set the attribute of them. There are selections of nominal and numerical. For this node, it should be nominal. It has selection of gain index and gain ratio. We prefer to use gain index because it’s working trends are really close to our workflow and target. It also includes pruning and not pruning method. If we use the pruning method, it means we are going to use the data set for both learner and prediction. But in contrary, if we use non-pruning method, we will get to use different data set for learner and prediction models. The advantage of the non-pruning method is that it can predict the result more precisely for the not studied data set because it was learned with different data set.
[image: ]
· Decision Tree Predictor
After determination of the model using learner, we are going to put the result of it to the predictor. This predictor will predict the selected column result using 2 inputs. One input is for learner output. Another one is for remained data set which did not take part in the learner model determination. Of course, the data set should be sampled for the target column. After executing, we can see the degree in which the predictor model is close to the real model.
[image: ]
· Random Forest Learner
This learner is also very important for determination of the real model using big data. Like the above decision tree learner, it uses some percent data set (generally 80% - 90%) to study the real model. Of course, the selection of the column should be done for setting. This node makes lots of random sample trees which has individual data rows for each. The size of trees can be selected using the settings.
.
[image: ]
· Random Forest Predictor
After determination of the random forest learner model, we can predict the future result using this predictor node. The remained data set (generally 10-20%) will go into the second terminals of the node as an input. We should select the target column for the setting part.
[image: ]
· Linear Regression Learner
Like the above learners, this learner is also very important one in the determination of the real model. Of course, depending on the data set and target column, we can choose the learner. Two lists of the dialog allow us to contain only specific columns. When using this learner, we also use 80-90% of the data set to determine the model.
[image: ]
· Regression Predictor
Based on the learner result and sampled data set of the remained data, we can predict the future result easily using this regression predictor.
[image: ]


D. [bookmark: _Toc60936165]Methods

1. Data Description and Preprocessing.
In big data processing, the first step is to find the exact data set. For this, we need to analyze every data set and classify them into necessary and unnecessary data sets. After the determination of those necessary data set, we need to filter them to get the valid data set for the further workflow processing. 
Data should be arranged by exact column names.
I am going to add some explanation of the original data for the project.
source.csv
This file contains the following fields:
Store — all store numbers (1 - 45)
Date — dates that represent weeks (e.x 01-03-2011)
Temperature — average temperature in the region
Fuel_Price — prices of the fuel in the specific store
MarkDown1–sales down for holiday days
CPI — consumer price index
Unemployment —unemployment rate
IsHoliday — shows whether the week contains one of the following holidays
The data set 1 for holiday weeks and 0 for non-holiday weeks.
Holidays are followings.
Super Bowl: 12-Feb-10, 11-Feb-11, 10-Feb-12, 8-Feb-13
Labor Day: 10-Sep-10, 9-Sep-11, 7-Sep-12, 6-Sep-13
Thanksgiving: 26-Nov-10, 25-Nov-11, 23-Nov-12, 29-Nov-13
Christmas: 31-Dec-10, 30-Dec-11, 28-Dec-12, 27-Dec-13
Based on the above information, I used a statistics node in order to find missing data.

[image: ]

I found no missing data. The data set was perfectly made. So, I didn’t need to insert missing value node like the following. But generally, it is necessary for the missing values.
[image: ]
This node stands for inserting new data or deleting rows in case the row has missing columns. 
In addition, we can use color manager node to identify the holiday flag.
[image: ]
We found several holiday weeks. After that, we are going to put 5 times weight to those values. As we can see, the blue colors are for holiday weeks. The following diagram shows the step of data set making. In the first-row filter, only holiday weeks rows come out. Using the first concatenate node, we double the rows. And using the second concatenate node, we are going to double again. The output data is concatenated with the original data which contains one set of holiday weeks rows. So, the total holiday weeks rows became 5 times more.
[image: ]
Finally, I put 5 times data copy of holiday weeks rows to the original data set so that the latter data set would have 5 times weight of holiday weeks rows.
Next, in order to partition, we change several column data formats into string such as Weekly Sales, Fuel Price, CPI and Unemployment columns using Number to String Node.
[image: ]
We are all set to start partitioning. That’s all for Data Preprocessing.
2. Making Learner and Predictor
When choosing a learner from lots of learners that KNIME provides with, we should focus on our targets. Demand, Fuel Price, CPI and Unemployment Index. These four targets have decision-tree friendly trends which can be seen in the data set. And the decision tree learner has a comprehensive explanation of the configuration and a link to a paper describing most of the functionality.
So, I am going to use this learner and predictor.
[image: ]
[image: ]
Because the target count is 4, we made 4 different learners and predictors.
[image: ]


The above image is for the setting of Weeklys_Sales Learner.
[image: ]
This above image is for the setting of Weekly_Sales Predictor.
[image: ]
The above learners and predictors are those 4 couples. For learners, I used 80% of the given data set. And for predictors, I used 20% of the given data set. This was implemented by partitioning node.
[image: ]
In the setting window, 80 means 80% of the data set which is the partition part 1. The remained data set is for partition part 2,therefore I used the partition part 1 for the learner and the partition part 2 for the predictor.
So, the whole diagram of the KNIME is the following.
[image: A picture containing diagram
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E. [bookmark: _Toc60936166]Results

We are going to see the accuracy of those 4 models.
1. Demand Accuracy (88%)
[image: ]
2. Fuel Prices Accuracy (90.7%)
[image: ]

3. CPI Accuracy (89.7%)
[image: ]

4. Unemployment Accuracy (87.6%)
[image: ]


F. [bookmark: _Toc60936167]Conclusion

In this project, I created 4 prediction models including Demand, Fuel Prices, CPI and Unemployment models. Those models were made using Decision Tree Learner. Through this project, I made more than 80% accuracy prediction. I was amazed by the algorithm which predicts the future’s sales in this project.
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9,265 0 0 e i 0 7 0 i 7 7 7
8.0 0 0 e i 0 7 0 i 7 7 7
7.3% 0 0 e i 0 7 0 i 7 7 7
6.6 0 0 e i 0 7 0 i 7 7 7
9521 0 0 e i 0 7 0 i 7 7 7
9553 0 0 e i 0 7 0 i 7 7 7
9575 0 0 e i 0 7 0 i 7 7 7
9,051 0 0 e i 0 7 0 i 7 7 7
8512 0 0 e i 0 7 0 i 7 7 7
6,665 0 0 e i 0 7 0 i 7 7 7
83 0 0 e i 0 7 0 i 7 7 7
7,716 0 0 e i 0 7 0 i 7 7 7
1357 0 0 e i 0 7 0 i 7 7 7
10,15 0 0 e i 0 7 0 i 7 7 7
4780 0 0 e i 0 7 0 i 7 7 7
4,145 0 0 e i 0 7 0 i 7 7 7
7501 0 0 e i 0 7 0 i 7 7 7
7.363 0 0 e i 0 7 0 i 7 7 7
6,589 0 0 e i 0 7 0 i 7 7 7
6.432 0 0 e i 0 7 0 i 7 7 7
6155 0 0 e i 0 7 0 i 7 7 7
2.8 0 0 e i 0 7 0 i 7 7 7
6903 0 0 e i 0 7 0 i 7 7 7
[EE] 0 0 e i 0 7 0 i 7 7 7
8119 0 0 e i 0 7 0 i 7 7 7
7.220 0 0 e i 0 7 0 i 7 7 7
6.0 0 0 e i 0 7 0 i 7 7
5407 0 0 e i 0 7 0 i 7 7 [pecurac} |
5217 0 0 e i 0 7 0 i 7 7 P
6,667 0 0 e i 0 7 0 i 7 7
593 0 0 e i 0 7 0 i 7 7 7
717 0 0 e i 0 7 ] i 7 A
Overall d d d d d d d i d 0.7 .47
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