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Abstract: With the booming development of digital game market, Steam platform, as the world's largest digital game 

distribution and sales platform, covers a huge amount and multi-dimensional game data. In this paper, based on Python crawler 

technology, we collect and organize the information of thousands of games on Steam platform, such as price, ratings, reviews, 

genres and tags, as well as release time. By visualizing and analyzing the game price distribution, the correlation of ratings and 

reviews, the characteristics of genres and popular tags, and the trend of release time and other dimensions, we reveal the price 

structure of the Steam game market, the pattern of user ratings, the popular genres and tags preferences, and the development 

dynamics of the game industry. The results of this paper not only help game developers to accurately grasp the market pricing 

strategy, understand the positioning and audience characteristics of games in different price ranges, but also provide consumers 

with more intuitive reference for their purchases, and at the same time, provide academics with empirical research cases for the 

digital game market. 
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1. Introduction 

In this digital era, video games have gradually evolved 

from a niche entertainment avenue to an important part of 

popular culture. According to the official statistics of Steam, 

as of the first half of 2025, the number of registered users on 

the Steam platform has exceeded 150 million, and the number 

of games for sale exceeds 40,000, covering a wide range of 

genres, such as role-playing (RPG), action, adventure, 

simulation and strategy. Such a huge game ecosystem not 

only creates considerable business value, but also contains 

rich information on user behavior and market trends. 

For game developers and publishers, with the help of data 

analysis to gain insights into player preferences and market 

dynamics, they can optimize pricing strategies and enhance 

product competitiveness; for players, through visual analysis, 

they can more intuitively choose the games that meet their 

needs; for academics, researching the digital game market 

based on the methods of data mining and visualization can not 

only enrich the application of data science in the 

entertainment industry, but also provide references for 

subsequent research. and also provide reference for 

subsequent research. 

In recent years, studies have attempted to analyze game 

data on the Steam platform from different perspectives. De 

Luisa et al. (2021) used a Bayesian approach to analyze the 

impact of factors such as price, size, supported languages, 

release date, and genre on the number of players of a game, 

aiming at predicting the game's popularity in the initial release 

period [1]. Cunha et al. (2024) conducted a cluster analysis of 

the monthly popularity data of nearly six thousand Steam 

games' monthly popularity data were clustered and analyzed, 

identifying five patterns of popularity changes that help to 

understand the different stages of a game's lifecycle [2]. In 

addition, Batra et al. (2023) constructed a recommendation 

system based on user-game interaction data, which uses big 

data technology to improve the personalization and accuracy 

of recommendations [3]. 

However, systematic visualization and analysis of game 

data on Steam platform is still rare at home and abroad, and 

most of the research stays at the level of single dimension or 

simple statistics. In this paper, based on Python crawler 

technology, we design and implement a batch collection script 

for Steam game download page, and obtain a dataset 

containing multi-dimensional fields such as game pricing, 

user ratings, number of comments, genre labels, and release 

time, etc. On this basis, we mainly study the following four 

aspects: game pricing, user ratings, number of comments, 

genre labels, and release time. On this basis, this paper mainly 

studies the following four aspects: analysis of game price 

distribution, analysis of the relationship between game ratings 

and the number of reviews, analysis of game genres and 

popular tags, and analysis of the trend of game release time. 

Different from traditional Python crawler and data mining 

analysis, this paper is innovative in data collection and 

processing, visualization analysis, and market and user 

insights. It aims to deeply analyze the key attributes and 

development dynamics of the Steam game market through 

automated data collection and visualization methods, so as to 

provide data support and decision-making references for 

game developers, platform operators and related researchers. 

Through this paper, we hope to provide a model case for 

quantitative analysis of the digital game market, and build a 

bridge between academic research and industrial practice. 

2. Key Technology Systems and Tool 
Chains 

2.1. Python Crawling Techniques 

Python crawler technology, as a core tool in the field of data 

science, demonstrates powerful web parsing and automated 

interaction capabilities in Steam game data collection 

scenarios. The kernel of the technology is based on the HTTP 

protocol stack, and the data acquisition is realized by 

simulating the request-response mechanism of the browser. In 

the request layer, the requests library is used to build request 

headers containing fields such as User-Agent and referer to 

bypass the platform's basic anti-climbing strategy by 
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simulating the behavior of real users; in the parsing layer, the 

BeautifulSoup library's ability to traverse the HTML tree 

structure is used in conjunction with the CSS selector or 

XPath expression to locate target data, such as for the Steam 

game listings. In the parsing layer, we use the HTML tree 

structure traversal capability of BeautifulSoup library, 

combined with CSS selector or XPath expression to realize 

target data localization, such as structured information 

extraction for Steam game listings. For dynamically rendered 

pages (e.g., user comments loaded asynchronously), the 

Selenium library is introduced to drive the browser kernel and 

trigger data loading through the execution of JavaScript code, 

which reflects the technical distinction between static parsing 

and dynamic interaction. 

Anti-crawler mechanism response is one of the academic 

research focuses of crawler technology. This study improves 

the collection stability by constructing a multi-level defense 

system: at the network layer, proxy IP pooling technology is 

used to achieve dynamic rotation of request source IPs, 

combined with random request intervals (2-5 seconds) to 

simulate the rhythm of human browsing, reducing the 

probability of being recognized as an automated program by 

the platform; at the application layer, the fake_useragent 

library is used to generate diverse browser fingerprints, and 

obfuscate the request features by In the application layer, the 

fake_useragent library is used to generate diverse browser 

fingerprints to bypass the fingerprinting system by 

obfuscating request features. For large-scale data collection 

requirements, the distributed crawler architecture based on 

Scrapy framework can realize efficient scheduling and 

pipeline processing of collection tasks, and its asynchronous 

request mechanism and middleware expansion capability 

significantly improve the data acquisition efficiency. 

2.2. Data Cleaning and Pre-Processing 

Techniques 

Data cleaning and preprocessing is a key link between the 

original collected data and the analysis model, and its core 

objective is to solve the data quality problem and construct a 

feature system suitable for quantitative analysis. In the field 

of missing value processing, this study adopts a hierarchical 

strategy: for core metrics such as prices and ratings, data 

integrity is preserved based on statistical methods (mean 

padding, median padding); for non-critical segments (e.g., 

some of the game labels), the sample structure is maintained 

by deleting invalid records or modal value padding. Duplicate 

value detection is based on the game unique identifier (AppID) 

and utilizes an ensemble de-duplication algorithm to ensure 

data uniqueness, which demonstrates an O (n) time 

complexity advantage in high-dimensional data scenarios. 

At the feature engineering level, the data transformation 

technique realizes the mapping from unstructured data to 

structured features: the text-to-numeric conversion of price 

field is accomplished by regular expressions, and the release 

time is parsed into computable timestamps using date-time 

formatting functions; for categorical data such as game types 

and labels, the binary feature matrices are constructed by 

using One-Hot Encoding, which effectively solves the 

compatibility of categorical variables with machine learning 

models. For categorized data such as game types and labels, 

One-Hot Encoding is used to construct binary feature 

matrices, which effectively solves the compatibility problem 

between categorized variables and machine learning models. 

Outlier detection combines statistical methods (box plot) and 

domain knowledge to distinguish real business data (e.g., 

low-priced games in promotional activities) from collection 

error data, reflecting the balance between technical rationality 

and business logic in data cleaning. 

2.3. Data Visualization Techniques 

As a bridge between data and decision-making, data 

visualization has the dual functions of pattern recognition and 

pattern revelation in Steam game market analysis. This study 

adopts a multi-level visualization strategy: basic statistical 

charts (e.g., histogram of price distribution, line chart of 

annual releases) are implemented based on the Matplotlib 

library, which show the centralized trend and dynamic change 

of the data through split-box statistics and time-series analysis; 

advanced charts (e.g., correlation chart of ratings-reviews, 

stacked bar chart of genre distribution) are visualized with the 

statistical modeling capabilities of the Seaborn library, and 

Pearson's correlation coefficient (r-value) and distribution 

density function, which enhances the visualization of the data. 

Advanced charts (e.g., Pearson's correlation coefficient (r-

value) and distribution density function) leverage the 

statistical modeling capability of Seaborn library to visualize 

the Pearson's correlation coefficient (r-value) and distribution 

density function, which strengthens the credibility of the 

conclusions of the analysis; Interactive visualization (e.g., 3D 

scatterplot, dynamic word cloud) relies on the WebGL 

rendering technology of Plotly library, which supports the 

user to explore the deeper correlations of the data through 

zooming and filtering, which embodies the technological 

advantages of immersive analysis. 

The visualization design follows the principles of cognitive 

psychology: the color coding adopts the blue - yellow 

opposing color system (cold tones indicate low ratings, warm 

tones indicate high ratings), which makes use of the human 

visual system's sensitivity to differences in luminance to 

enhance information recognition; the layout of the charts 

adopts the "data - background" hierarchical strategy to reduce 

the visual interference through the weakening of the grid lines 

and optimization of the spacing of labels; the introduction of 

interactive components (such as time sliders and type filters) 

gives a single chart the ability of multi-dimensional analysis, 

in line with the "data ink ratio" optimization theory in 

information visualization. The layout of the chart adopts the 

"data - background" layering strategy, by weakening the grid 

lines and optimizing the label spacing to reduce visual 

interference; the introduction of interactive components (e.g., 

time sliders, type filters) enables a single chart to have the 

ability of multi-dimensional analysis, which is in line with the 

optimization theory of the "data-ink ratio" in information 

visualization. The comprehensive application of these 

technologies not only realizes the morphological conversion 

of data from numerical values to graphics, but also builds a 

complete analysis chain from phenomenon description to law 

deduction. 

3. Steam Game Data Collection 

In order to obtain detailed and accurate game data 

information and complete the optimization recommendation 

algorithm, this study crawls the game data from Steam official 

website 

(https://store.steampowered.com/search/%20?specials=1&pa

ge=%s). Using web crawler technology, the crawler part is 

also written in Python under PyCharm, and the crawling 

process is divided into the crawling of the game basic data 
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and the crawling of the game detail page data, with the file 

names "spider.py" and "spiderdetail.py" respectively. ". After 

writing the code to import the relevant libraries, we should 

first configure and set up the automation test for the Selenium 

library and Chrome driver, the specific code is shown in 

Figure 2-1 (the same code for the basic crawling and detail 

page data crawling files): 

 
Figure 2-1. Configuration and setup code for automated testing 

Figure 2-1 creates a Service object that specifies the path 

to the Chrome driver chromedriver.exe, which is used to 

control the automation of Chrome, and then creates a 

ChromeOptions object to set the startup options for Chrome, 

adding an experimental option to the Chrome browser using 

the add_ experimental_option method, setting the debugger 

address to localhost:9225, which means that the browser 

instance will be connected to a local instance running on port 

9225. experimental_option method to add an experimental 

option for Chrome, set the debugger address to localhost: 

9225, which means that the browser instance will be 

connected to the debugger running locally on port 9225, 

which is convenient for crawling data with too many 

browsing windows resulting in crawling failures and errors. 

webdriver. Chrome method in conjunction with the Service 

and ChromeOptions objects created earlier to start a Chrome 

instance and assign it to the browser variable.  

In crawling the basic information of the game data, because 

the page is scrolling, so in order to make it possible to crawl 

to the whole page of data, in the console of the page to find 

the documentscrollheight of the page, and then set the 

max_scroll in the code to 3000, with a while loop, and then 

set a wait time, so as to make the crawling smoother, the 

specific part of the code in Figure 2-2, the code will not be 

able to crawl, but it will be able to crawl to the whole page. 

The specific part of the code is shown in Figure 2-2: 

 
Figure 2-2. Setting Crawl Page Height Code 

Then is the most important part of the crawler code, the 

game base data crawling using circular nesting, mainly is the 

cycle of crawling to the different URL and extract information, 

while the details of the crawling page is based on the base 

page to crawl to the detailLink link data for each game details 

link one by one crawling, both are the use of XPath to locate 

the game elements, and then crawling the information they 

need and save it to the database. information and save it to the 

database. The main code of this part is shown in Figures 2-3 

and 2-4: 

 
Figure 2-3. Main code for crawling the game data base page 
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Figure 2-4. Main code for crawling game data detail page 

After crawling the data will be stored in the specified csv 

file, in order to prevent the data in the file character format, 

so we open the file in binary mode and detect the encoding, 

and then use the detected encoding to open the file and then 

insert the data into the database. 

4. Data Cleansing and Pre-processing 

Data cleansing and preprocessing is a key link to ensure the 

accuracy of Steam game data analysis, and its core goal is to 

identify and correct errors, missing, duplicates and format 

inconsistencies in the original data, to build a high-quality 

dataset that meets the needs of the analysis, which is of great 

significance to improve data quality and enhance data 

usability. Yang Fuxiang et al. (2002) pointed out that data 

cleansing needs to construct a classification model from the 

dimensions of single and multiple data sources, structural and 

record-level errors [4], while Guo Zhimao et al. (2002) further 

proposed a full-process framework covering error detection 

and correction from the dimensions of accuracy and 

completeness of data quality [5]. In the Steam game data 

scenario, the raw crawled data often has problems such as 

missing ratings and abnormal price formats, which need to be 

targeted by combining statistical methods and domain 

knowledge. 

4.1. Missing Value Processing 

Vacant data will directly affect the quality of the data, 

which in turn affects the accuracy and quality of the 

recommended games, and thus fails to meet the users' needs. 

By replacing the missing values, we can ensure the 

completeness of the data to a certain extent, and thus provide 

valuable recommendation information. The hierarchical 

processing strategy for numerical and non-numerical missing 

values is essentially the same as the idea of "Cluster Analysis 

for Outlier Detection" proposed by Fang Liu et al. (2005) -- 

maintaining data integrity through statistical distribution 

features (e.g., mean, median) [6]. In this study, we use mean 

padding for core metrics such as price and ratings, and modal 

value padding for non-key fields (e.g., some labels), which is 

a strategy that references the principle of "importance 

hierarchical padding" proposed by Leung, W. B. (2005) in his 

study of data cleaning algorithms [7]. For numeric columns, 

it is filled with 0; for non-numeric columns, it is filled with 

the string 'unknown', and then finally saved to return to the 

original file. The code is shown in Figure 3-1: 
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Figure 3-1. Missing Value Handling 

4.2. Repeat Value Processing 

The theoretical basis of AppID-based de-duplication 

algorithm can be traced back to the classical model of 

"merging / de-duplication problem" proposed by Hernandez 

et al. (1995) , which first abstracted the detection of duplicate 

records of large-scale data as a mathematical problem[8] . The 

duplication of data will directly affect the accuracy of the data 

and the recommendation effect later, in order to enhance the 

data quality and recommendation effect, we can use 

df.duplicated() method will return a Boolean Series, which is 

used to indicate whether each row is a duplicate row. This can 

be used as an index to filter out duplicate rows, and then the 

df.drop_duplicates() method can remove duplicate rows from 

the DataFrame. As shown in Figure 3-2: 

 
Figure 3-2. Repeat Value Processing 

4.3. Data Type Conversion 

Among them, the game's type, rating and other data belong 

to categorical data, and converting them to the Categorical 

type of pandas can save memory and improve processing 

speed, which is essentially a "discretization" operation in 

feature engineering. Yixin Zhou (2005) pointed out in his 

master's thesis that One-Hot Encoding and Categorical 

Variable Vectorization are the key techniques for solving the 

compatibility of machine learning models [9], and the 

Categorical type of storage used in this study can be regarded 

as a lightweight implementation of discretization, which is 

similar to the "Entropy Feature Preference" proposed by Ping 

Zhang (2011). The idea of "entropy feature preference 

grouping" together serves the construction of subsequent 

analytical models [10]. As shown in Fig. 3-3: 

 
Figure 3-3. Data Type Conversion 
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The csv file after the above data cleaning is stored in the MySQL database, and the final data is shown in Figure 3-4: 

 
Figure 3-4. Data Crawling Result Chart 

5. Steam Game Market Multi-
Dimensional Data Visualization 
Insights 

Game data analysis is mainly about picking the data that 

may provide effective suggestions to the users, but the data is 

large and complicated, so we have to convert the data into a 

more intuitive and understandable form of charts and graphs. 

The histogram of the number of games with different discount 

ranges in 2023-2025 is shown in Figure 4-1: 

 
Figure 4-1. Histogram of the number of games with different discount ranges, 2023-2025 

Figure 4-1 above shows that in the last three years, games were discounted the most in year 23, games were discounted 
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the most times in year 24, and in year 25 there have been more 

discounts so far, but not by a large amount. A bar chart 

analyzing seasons and discounted games is shown in Figure 

4-2: 

 
Figure 4-2. Seasonal and Discount Game Analysis Bar Chart 

We can divide the months into seasons, and then analyze 

the impact of the season on the number of game discounts, 

from the above Figure 4-2 can be clearly seen in the winter 

the number of game discounts is the most, so I recommend 

that users can wait for the winter promotion time to buy, 

perhaps you can find their favorite games to reach the lowest 

price ever. The bar chart of the top 4 out vendors with good 

reviews is shown in Figure 4-3: 

 
Figure 4-3. Histogram of the top 4 good reviews out of vendors 

From Figure 4-3 above, we can visualize the top 4 

manufacturers of positive reviews, if users are concerned 

about the game's manufacturers, I recommend that users focus 

on the manufacturer is CAPCOM Co., Ltd. and then Valve, 

Wargaming Group Limited, Saber Interactive, the three 

manufacturers. The fan chart of the percentage of favorable 

reviews of different types is shown in Figure 4-4: 

From Figure 4-4 above, it can be clearly seen that the 

number of positive reviews accounted for the largest share of 

several types are simulation, independent, action, role-

playing, evaluation of the general share of the largest share of 

several types are strategy, action, multiplayer, cooperative, so 

if users care about the evaluation and the type of words, I 

suggest that users, you can look at the simulation, 
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independent, role-playing type of games. 

 
Figure 4-4. Sector diagram of the percentage of different types of favorable reviews 

6. Conclusion 

This study takes the game data of Steam platform as an 

example, and uses Python crawler technology to collect 

multi-dimensional information such as price, rating, genre, 

etc., and extracts the market characteristics through data 

cleaning and visualization. The results show that, firstly, 

Steam game prices show a bimodal distribution - low-priced 

independent games and high-priced 3A masterpieces each 

occupy one end, reflecting the balance between players' needs 

for "cost-effective" and "in-depth experience". This reflects 

the balance between players' needs for "cost-effectiveness" 

and "in-depth experience"; secondly, user ratings and the 

number of comments is highly positively correlated, 

indicating that word-of-mouth significantly affects the 

community's activity level; lastly, the high frequency of labels 

such as "open-world" and "multiplayer online" confirms that 

the current mainstream gameplay trends have become more 

popular. corroborates the current mainstream gameplay trend. 

In data processing, we combined Selenium and Scrapy to 

effectively deal with Steam's dynamic anti-crawl mechanism, 

and successfully obtained the basic information of more than 

40,000 games. In the cleansing stage, we adopt a hierarchical 

filling strategy (filling numeric fields with mean values and 

categorical fields with multinomials), and uniquely heat 

encode the labeled fields to improve the data integrity from 

78% to 95%. In the visualization part, Matplotlib was used to 

complete the static statistical charts, and Plotly was used to 

build an interactive component to visualize the price 

distribution and genre trends. 

Nevertheless, there is still room for improvement: on the 

one hand, the scope of collection is limited to public basic 

information, and user behavior data (e.g., play time, 

achievement completion) are not included, which limits the 

in-depth analysis of players' real preferences; on the other 

hand, only K-means clustering is used, and the portrayal of 

the market segmentation is still rough. In the future, user-

game interaction data can be introduced, combined with deep 

learning or dynamic time series analysis, to explore the 

market classification and popularity evolution at a finer 

granularity. 

Overall, this study builds an integrated technical 

framework from "crawling-cleaning-analysis" to 

"visualization", which provides a methodological 

demonstration for understanding the digital gaming market. 

As the Steam ecosystem continues to evolve, in-depth mining 

of multi-source data will become an important means of 

revealing player demand and market dynamics. 
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