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Video Game Sales Analysis 

 

Achievement Goals 

The goal of this analysis is to predict performance and global sales of a new video game across four 

markets: the United States, Japan, Europe, and the rest of the world (Other). Using a combination of 

machine learning tools across several different programs, our team analyzed the ability of these 

programs to accurately predict sales within each individual market as well as total worldwide sales. The 

results of this analysis will support better predictions of which games will achieve success by region, 

genre, and platform, which could be significant to video game developers and publishers.  

Relevance of Analysis 

Due to the exponential growth of the video game industry, we feel that our topic of choice is very 

relevant when it comes to making a meaningful prediction within a dataset. The task of predicting video 

game sales can lead to better business decisions within the video game industry for several areas of 

business. Marketing, finance, and R&D all can benefit heavily from an accurate prediction for future 

video game sales. In 2018, the video game industry reached a record-breaking sales figure of $43.4 

billion dollars. This represents an 18% growth from 2017 which is almost unheard of. Similarly, 2017 

experienced 16% growth from the year prior. This confirms just how relevant the industry and its growth 

is. Along with these encouraging numbers, the global video game market is expected to be worth over 

$90 billion by 2020. Aside from the financial implications of video games, there is a sense of unity and 

belonging that comes with the industry. In the 80’s, consumerism expanded as homeowners began to 

buy consoles and entertainment systems for the home and everyday life. As video games became more 

popular, a cultural shift began where people could come together and spend meaningful time with one 

another using video games. Fast forward to 2019 and the same holds true. Currently in the United 

States, 45% of gamers are women, this proves that video games are an inclusive experience. Along with 

this, 60% of Americans play video games daily and 64% of American households are home to at least 

one person who plays video games daily. Games are so much more than a way to escape the unpleasant 

realities of everyday life, they offer a sense of unity and belonging for so many people around the world.  

The Data Source 

The dataset our team used in our analysis is from kaggle.com (see exhibit 1). It contains data of over 

16,500 games. The unit size in this dataset is in millions of units sold. Only games that sold more than 

100,000 copies are included. Variables of these data include: 

 



○ Global Rank 

○ Name 

○ Platform 

○ Year 

○ Genre 

○ Publisher 

One of the most unique things about the dataset we chose to analyze is that it contains data from 1980 

to 2014. The industry itself has only been in existence since the late 70’s, so a dataset including data 

from the last 34 years encompasses almost the entire sales performance history of the industry.  

 
  



Tools and Methods 

To conduct our analysis, we utilized SAS and Python using the Pandas and ScikitLearn packages. In SAS, 

we imported the excel table and converted it into a SAS table using the Enterprise Guide then 

constructed our nodes in a diagram. The data was partitioned into 40% training and 60% validation with 

simple random sorting and a random seed of 420, then used to conduct an ensemble analysis combining 

the results of a LARS (Lasso Regression) model and a Decision Tree. The results of the models, 

particularly the Mean Squared Error, was examined to determine the strength of the models. To further 

test the strength of the models we conducted a prediction using the same dataset, sans target variable, 

to use as scoring data along with an independent prediction on The Witcher 3: Wild Hunt (PS4).  

 

In Python, specifically the Jupyter coding environment, we began by importing the necessary packages; 

Pandas, which is a data-structuring package allowing for the construction of matrices and tables, as well 

as the importation of Excel and similar csv files into the coding environment; ScikitLearn which is a 

comprehensive suite of machine-learning tools used to construct, run, and assess the models in the 

coding environment.  Once the packages were imported, the dataset was imported and the categorical 

variables such as Publisher and Platform were given category codes for more effective analysis and 

easier interpretation of the results.  

 
 

The models were then constructed by first defining the necessary variables, classifying them 

appropriately as X (input) or Y (target) variables, and defining the range included from the data source. 

Then the data was divided into training and testing sets; 50/50 for the North American sales models but 

it was adjusted individually per model to determine the best results. Once the data was partitioned, the 

models were named, created and trained to the training portion of the data. Individual factors for the 

models, such as alpha and max_leaf_nodes, were adjusted individually for each model to produce the 

best results. The models were then run, with print functions below to display the R2 value for each 

model on both training and test data to identify any potential overfitting.  



 
 

The feature importances were then determined using the Random Forest models, which were 

determined to be the most robust, and displayed using the print function. 

 

Finally, predictions were conducted by creating entities in the coding environment with the 

characteristics of specific games, removing the target variable from the data set and using the Random 

Forest models to predict the values. Specifically, the predictions used The Witcher 3: Wild Hunt on PS4, 

XBOX ONE, and PC to obtain values for North America Sales, Europe Sales, Japan Sales, Other Sales, and 

Global Sales.  



 
 

For both methods, once a top performing model had been determined, the various feature importances 

and detailed statistics could be examined for conclusions about causality and patterns in the data. 

 

Results 

The North American region has the largest amount of video game sales in the dataset, and the majority 

of the industry is American. Although, we built models to predict sales in each region, for the sake of this 

report the focus will be on the results for the North American region and Global.  This is mainly due to 

runtime errors in SAS, which led to the inability to run any predictions on the EU, Japan and Other region 

sales as target variables. 

 

SAS 

After creating many models, it was ultimately decided that an ensemble of a decision tree and a LARS 

regression model would be able to make strong predictions on the sales of video games in various 

regions. The final model is shown below, along with a model comparison of the mean square errors 

(MSE) of the ensemble and the other two models that make it up. 

When looking at the model comparison, notice that the MSE is not the best and is larger than that of the 

LARS model by multiple factors of ten. The LARS regression model was not used by itself in making 

predictions because of how small the validation error is. It was decided that the error would be too 



small to make consistent and adequate predictions on new data; therefore the LARS model would not 

be robust enough. In order to increase the robustness of the model it was ensembled with the decision 

tree. 

 

 
 

 
With the final model, a score node and a save data node was attached to the end of the model and ran 

twice: once to predict the North American Sales (shown below) and another to predict the Global Sales. 

Surprisingly, both models predicted better, in terms of MSE, than SAS had shown for the validation 

scores. This could have been due to the random seed used when training and validating the models and 

could highlight a possible, slight instability in the model.  

 

 
 

 
 

After predicting the North American and Global sales for all the video games in the original data set, the 

model was used to predict the sales for a specific video game: The Witcher 3: Wild Hunt (PS4). Both 

predictions made on The Witcher 3 were relatively close to the actual sales numbers with North America 

predictions off by 0.22 (220,000 units) and Global by 0.13 (130,000 units). Though, the North America 

prediction is worse than the Global prediction due to the actual number of sales being smaller but the 

prediction being off by a larger amount, it is still important to note that the prediction is still decent. 

However, what is more important to note is how close the Global prediction is to the actual amount. In 

terms of millions of units sold, being off by only 130,000 unit is a good prediction.  

 



 
 

 
Python 

After creating, running and scoring quite a few models, it was eventually decided that the random forest 

model was the most robust model and would be used in any subsequent predictions.  This is due to 

some of the models performing so well, as seen in the scores for North American sales shown below, 

that there is cause for concern that the regression models are overfitted. This concern comes from how 

close the models’ scores are to one and also how close the train and test scores are to one another.  

Ultimately, we are at least 85% confident in predictions made by the models in Python, which is a less 

than the score of the random forest however the decrease in confidence is due to the possibility of 

overfitting. 

 

The feature importances of the random forest highlight an interesting importance. It is not unexpected 

that the highest importance would be that of the Global Sales and other region sales, however the 

interesting importance is that of the Year.  What is interesting about looking at the year the video game 

was released is that it can highlight the idea of a video game increasing in popularity over time.  With 

that extra time and increase in popularity, one could infer that it would play and impact the overall sales 

of the video game. 

  

 
 



To test our model using a prediction, we removed all three The Witcher 3: Wild Hunt records (PS4, XBOX 

ONE, and PC), predictions on the sales figures were made for the PS4 version. Relatively, all the 

predictions are really close to their actual values, except for the Japan sales prediction. The prediction 

may only be about 0.2 above the actual sales figure, however relative to the actual sales (0.21 million 

units) this is a terrible prediction. With an actual error of over 100%, there seems to be something that is 

not quite working right with the Japan Sales model, at least when predicting The Witcher 3: Wild Hunt 

(PS4) sales.  

It’s important to also look at how accurate the Global Sales prediction was. The Global Sales prediction 

shows how robust the model is as it predicted The Witcher 3: Wild Hunt (PS4) to sell 0.06 million 

(60,000) or about 1.6% more units than it actually did.  Ideally, a business would likely want that forecast 

to be less than the actual amount, due in part to the conservative nature of business, but in terms of 

millions of units, being off by 60,000 is not very much and constitutes a very close prediction. 

 

 
 

Conclusion 

The video game industry is growing. Within the next few years, it will achieve annual sales of $50 billion. 

With such a rapidly growing market, sales performance forecasting will become increasingly important 

for game developers and publishers as they continue to learn the complexities of consumer preferences 

across many different markets. Because the industry is so young, it enables data scientists to perform 

analysis of the performance of nearly every modern video game. This cohesive collection of data from 

the last 34 years also enables researchers to make predictions about how factors like release date, 

genre, and platform significantly influence performance of new games. Our team’s analysis of this 

dataset led us to the conclusion that the model we created was able to predict global sales extremely 

well, while its ability to predict sales within individual markets was limited due to complex 

circumstances.   With more time, however, our team would take the opportunities to further examine 



these complexities in the data in order to provide a better analysis. For example, SAS could not 

complete some regional analysis models to the end and showed us run time errors.  Additionally, 

Japanese consumers typically prefer Sony Playstation games, so low Xbox game sales skewed the 

prediction for that market. Our dataset was comprehensive and allowed us to achieve meaningful 

predictions while proving that there is still much more information to be derived from it.  

 


