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Web access and behavior 
analysis:

Kohei Arai

2. Analytical methods for understanding 
user behavior
• Google Analytics/Access Analysis: Analyze basic indicators such 

as the number of visitors to a website, the duration of their visit, 
and the source of traffic.

• Page View Analysis: Understand which pages are being viewed 
and the transition patterns between pages.

• Keyword Analysis: Analyze what search terms users use to visit 
the site, and use this information for SEO strategies.

• Heat Map Analysis: Visually display which parts of a page users 
are paying attention to, and use this information to improve UI/UX.

• Real-time Analysis (Google Analytics Reporting API): Understand 
the behavior of users currently visiting the site in real time.

https://developers.google.com/analytics

Google Analytics

• Google Analytics data is usually obtained using the Google 
Analytics API

• To use the API, you need to create a project in Google Cloud 
Platform and obtain an API key or OAuth credentials

• A basic example of how to get data from the Google Analytics 
API using Python uses the google-analytics-data library

• First, install the required package: 
pip install --upgrade google-analytics-data

Google Analytics

• Use code to get Google Analytics data
• Use the Google Analytics Data API to get data for a specified 

period from a specified property (such as a site or app) and 
view (a specific view ID) → However, you must set the actual 
values, such as the property ID and view ID, appropriately.

• Before running this code, you must create a project on 
Google Cloud Platform, enable the API, and obtain 
authentication information (API key or OAuth credentials).

Google Analytics Data API

• This code tries to get data using the Google Analytics Data 
API, but it requires Google Cloud Platform setup and 
authentication information to run. Since it cannot be run in a 
real environment, we will explain the code and provide a 
sample of the expected output.

• The Python code uses the Google Analytics Data API (GA4) 
to try to get the number of active users by date in 2022. To 
run this code, you need Google Cloud Platform settings and 
credentials, so the following steps are required in your actual 
environment.

GA4

• Initialize a client for the Google Analytics Data API (GA4)
• Set the ID of the Google Analytics property and view you 

want to access
• Create a request to get the number of active users by date in 

2022Execute the API request and get the results
• View report data

• Google Analytics User Statistics (2022)
• Total active users215,463
• Average daily users590.3
• Maximum number of users832 (12/24)
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• Analysis results (based on simulated data)
• Monthly trends: Most users visit at the end of the year 

(November, December)
• A temporary drop is seen in August
• A gradual upward trend from January to June
• Weekday trends: Saturday is the most active (average 725.7 

people)Sunday is the next most active (average 676.4 
people)Monday is the least active weekday (average 520.4 
people)

• Daily trends: Regular peaks on weekends
• Relatively sluggish from Monday to Wednesday

Points to note when using the actual API

• Create a project on Google Cloud Platform and enable the 
Google Analytics Data API

• Set appropriate authentication information (such as a service 
account key)

• Replace YOUR_PROPERTY_ID and YOUR_VIEW_ID in the 
code with actual values

• Pay attention to API usage limits and charges
• For GA4, API specifications may differ (e.g., only propertyId is 

required, not viewId)
• The graph visualization above is a representation based on 

simulated data, and the trends and patterns of data obtained 
from the actual API may differ.

Access analysis

• Access analysis is the analysis of data about user access to a 
website or application.

• Typically, this includes user sessions, page views, and user 
attributes.

• An example of basic access analysis using Python uses 
pandas, matplotlib, and seaborn.

What you can find out with access analysis:

• User behavior:You can find out which pages are viewed most 
often, which pages have the most dropouts, and how users 
move around the site.

• User attributes:You can find out information such as the 
user's age, gender, region, and device used.

• Inflow path:You can find out where the user came to the site 
(search engine, SNS, other sites, etc.).

• Conversion:You can find out the percentage of users who 
achieved the site's goals (purchase, inquiry, etc.).

A bar plot

• A bar plot showing the number of sessions by browser is also 
created. 

• This allows analysis based on web access trends and 
specific attributes. 

• Depending on the actual data, additional information or 
specific analysis may be required → Access analysis is broad 
and diverse, so analysis is performed from various 
perspectives according to the characteristics of the data.

const config = {
type: 'bar',
data: data,
options: {
scales: {
y: {

beginAtZero: true
}

}
},

};
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Access analysis

• To perform access analysis, it is necessary to use 
appropriate libraries and tools according to the specific data 
and purpose.

• Typical access analysis tools include Google Analytics.
• Easy access analysis using Python
• Create a line graph using access data by date

Google Analytics API

• In actual access analysis, it is common to use data obtained 
from Google Analytics or other web analysis tools.

• When using Python, use libraries such as Pandas, Matplotlib, 
and Seaborn to organize and visualize data.

• If you want to obtain and analyze Google Analytics data using 
Python, you can use an approach such as the Google 
Analytics API (prior configuration and authentication are 
required to use the API).

Access analysis

• Displays session statistics (average, standard deviation, etc.) 
and creates a time series plot of the number of page views. 

• Also creates a bar plot showing the number of sessions by 
browser. 

• This allows analysis based on web access trends and 
specific attributes. 

• Depending on the actual data, additional information or 
specific analysis may be required → Access analysis is broad 
and diverse, so analysis is performed from various 
perspectives according to the characteristics of the data.

This code analyzes access logs that contain
timestamps, session information, browser
information, etc.
#Access analysis
#Import required libraries
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
#Read data (specify appropriate data)
data = pd.read_csv('your_access_data.csv')
#Display basic information of data
print(data.info())
#Session statistics
session_stats = data['SessionDuration'].describe()
print(session_stats)

#Time series plot of page views
data['Timestamp'] = pd.to_datetime(data['Timestamp'])
data.set_index('Timestamp', inplace=True)
daily_pageviews = data.resample('D').size()
daily_pageviews.plot(figsize=(12, 6), title='Daily Pageviews')
plt.xlabel('Date')
plt.ylabel('Pageviews')
plt.show()

# Analysis based on user attributes (e.g., number of sessions by
browser)
browser_session_counts = 
data.groupby('Browser')['SessionID'].nunique().sort_values(ascendi
ng=False)
plt.figure(figsize=(10, 6))
sns.barplot(x=browser_session_counts.index, 
y=browser_session_counts.values, palette='viridis')
plt.title('Session Counts by Browser')
plt.xlabel('Browser')
plt.ylabel('Session Counts')
plt.xticks(rotation=45)
plt.show()

The file contains the following columns and 
can be analyzed with the provided Python code:
1.SessionID: Unique identifier for the session
2.Timestamp: Access date and time (used in the code for time series 

analysis)
3.UserID: User identifier
4.PageURL: URL of the accessed page
5.Browser: Browser type (e.g. Chrome, used in the code for grouping)
6.Device: Device used (Desktop, Mobile, Tablet, etc.)
7.Country: Country from which the access originated
8.SessionDuration: Session duration (in seconds, used in the code for 

statistical analysis)
9.PageViews: Number of pages viewed
10.BounceRate: Bounce rate (the closer to 1, the higher the bounce rate)

The following analysis are capable

• Display basic data information (info())
• Session duration statistics (describe())
• Time series plot of daily page views
• Bar graph of number of sessions by browser
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import React from 'react';
import { LineChart, Line, BarChart, Bar, XAxis, YAxis, CartesianGrid, Tooltip, 
Legend, ResponsiveContainer } from 'recharts';

export default function AccessDataVisualization() {
// Data for the number of daily page view
const dailyPageviewsData = [

{ name: '2025-04-01', pageviews: 6 },
{ name: '2025-04-02', pageviews: 6 },
{ name: '2025-04-03', pageviews: 6 },
{ name: '2025-04-04', pageviews: 6 },
{ name: '2025-04-05', pageviews: 6 },
{ name: '2025-04-06', pageviews: 0 }

];

// The data of the number of sessions for each browser
const browserSessionData = [

{ name: 'Chrome', sessions: 13 },
{ name: 'Firefox', sessions: 6 },
{ name: 'Safari', sessions: 5 },
{ name: 'Edge', sessions: 6 }

];

// The data of the number of sessions for each device type
const deviceSessionData = [

{ name: 'Desktop', sessions: 13 },
{ name: 'Mobile', sessions: 11 },
{ name: 'Tablet', sessions: 6 }

];

// The data of the number of sessions for each country
const countrySessionData = [
{ name: 'Japan', sessions: 6 },
{ name: 'USA', sessions: 6 },
{ name: 'UK', sessions: 5 },
{ name: 'Canada', sessions: 2 },
{ name: 'France', sessions: 2 },
{ name: 'Australia', sessions: 2 },
{ name: 'Germany', sessions: 2 },
{ name: 'Spain', sessions: 2 },
{ name: 'Italy', sessions: 2 },
{ name: 'China', sessions: 1 }

].slice(0, 6); // displayed for the top 6 countries

return (

<div className="flex flex-col space-y-6">

<div className="bg-white p-4 rounded-lg shadow">

<h2 className="text-lg font-bold mb-4">日別ページビュー数</h2>

<div className="h-64">

<ResponsiveContainer width="100%" height="100%">

<LineChart

data={dailyPageviewsData}

margin={{ top: 5, right: 30, left: 20, bottom: 5 }}

>

<CartesianGrid strokeDasharray="3 3" />

<XAxis dataKey="name" />

<YAxis />

<Tooltip />

<Legend />

<Line type="monotone" dataKey="pageviews" stroke="#8884d8" activeDot={{ r: 8 }} />

</LineChart>

</ResponsiveContainer>

</div>

</div>

<div className="bg-white p-4 rounded-lg shadow">
<h2 className="text-lg font-boldmb-4">ブラウザごとのセッション数</h2>
<div className="h-64">
<ResponsiveContainer width="100%" height="100%">

<BarChart
data={browserSessionData}
margin={{ top: 5, right: 30, left: 20, bottom: 5 }}

>
<CartesianGridstrokeDasharray="3 3" />
<XAxis dataKey="name" />
<YAxis />
<Tooltip />
<Legend />
<Bar dataKey="sessions" fill="#82ca9d" />

</BarChart>
</ResponsiveContainer>

</div>
</div>

<div className="flex flex-col md:flex-row space-y-6 md:space-y-0 md:space-x-6">
<div className="bg-white p-4 rounded-lg shadow md:w-1/2">
<h2 className="text-lg font-boldmb-4">デバイスタイプごとのセッション数</h2>
<div className="h-64">

<ResponsiveContainer width="100%" height="100%">
<BarChart
data={deviceSessionData}
margin={{ top: 5, right: 30, left: 20, bottom: 5 }}

>
<CartesianGridstrokeDasharray="3 3" />
<XAxis dataKey="name" />
<YAxis />
<Tooltip />
<Legend />
<Bar dataKey="sessions" fill="#8884d8" />

</BarChart>
</ResponsiveContainer>

</div>
</div>

<div className="bg-white p-4 rounded-lg shadow md:w-1/2">

<h2 className="text-lg font-bold mb-4">国別のセッション数（上位6カ国）</h2>

<div className="h-64">

<ResponsiveContainer width="100%" height="100%">

<BarChart

data={countrySessionData}

margin={{ top: 5, right: 30, left: 20, bottom: 5 }}

>

<CartesianGrid strokeDasharray="3 3" />

<XAxis dataKey="name" />

<YAxis />

<Tooltip />

<Legend />

<Bar dataKey="sessions" fill="#ff7300" />

</BarChart>

</ResponsiveContainer>

</div>

</div>

</div>

</div>

);

}
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Page view analysis

• Page view analysis is part of the analysis carried out to 
understand user behavior on digital platforms such as web 
pages. 

• An example of a basic page view analysis using Python uses 
libraries such as pandas and matplotlib.

Page view analysis

• Load the dataset and convert the date and time to the 
appropriate format → Then create a time series plot of the 
number of page views by day and a bar plot of the average 
number of page views by day of the week

• This allows you to visually understand page view trends and 
differences between days of the week

• Depending on the actual dataset, additional information or 
specific analysis may be required

• For page view analysis, it is common to use specialized tools 
such as Google Analytics

https://pageviews.wmcloud.org/?project=en.wikipedia.org&platform=all-
access&agent=user&redirects=0&range=latest-20&pages=Cat|Dog

Results of page view analysis

• We created sample data suitable for the provided Python 
code and ran the code. The results are shown below.

• Basic information about the data
• The sample data is a website access log for one month in 

April 2025, with a total of 5,000 page views recorded. 
• The data includes the following columns:

• timestamp: Date and time of access
• page_url: URL of the accessed page
• user_id: User ID
• session_id: Session ID
• country: Country from which the access originated
• device: Device used

Key Analysis Results

• Daily Page View Statistics
• Total page views: 5,000
• Average daily page views: 166.7
• Maximum page view date: April 19th, 204 views
• Minimum page view date: April 8th, 142 views

• Page view trends by day of the week
• Saturday: 801 (highest)
• Sunday: 734
• Weekdays: 588-654

• Trend: The number of page views on weekends is clearly 
higher than on weekdays

• Access distribution by time of day
• Peak times: 12:00 (466), 17:00 (456)
• Low access times: 3:00 (12), 4:00 (19), 2:00 (21)
• Trend: Most access during business hours (9:00-18:00), few access 

late at night

• Number of visits by page URL
• /home: 534 (most)
• /products: 520
• /blog: 516

• Trend: All pages are accessed relatively evenly
• Access distribution by device

• Mobile: 2,275 (45.5%)
• Desktop: 2,234 (44.7%)
• Tablet: 491 (9.8%)

• Trend: Mobile and desktop are accessed at roughly equal 
rates
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• Access distribution by country
• Japan: 1,747 (34.9%)
• USA: 1,280 (25.6%)
• UK: 493 (9.9%)
• China: 489 (9.8%)
• Other: 991 (19.8%)

Insights from the analysis
• Weekend effect: The number of accesses on Saturdays and Sundays is 

nearly 30% higher than on weekdays, so weekend content and product 
promotions may be effective.

• Device distribution: Accesses from mobile and desktop are almost 
equal, suggesting the importance of responsive design.

• Time of day trends: Peaks are seen during lunch hours (12:00) and in 
the evening (17:00-18:00), so promotions may be effective during these 
times.

• Global access: Accesses come from multiple countries, mainly Japan 
and the United States, so it may be worth considering multilingual 
support.

• Page distribution: Access to each page is relatively even, so the 
navigation structure may be working effectively.

• Based on this data, you can consider measures to optimize your 
content strategy and improve user experience.

Keyword analysis

• Keyword analysis is a technique used to extract important 
words and phrases from text data. 

• This example of doing basic keyword analysis using Python 
uses the Natural Language Toolkit (NLTK) and 
CountVectorizer.
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Keyword analysis

• Download English stop words using NLTK and vectorize the 
words using CountVectorizer

• Then calculate the number of occurrences of each word and 
display the words in order of most frequently occurring

• This simple example is just a starting point for extracting 
keywords from text data

• There are many other methods and libraries for keyword 
analysis, and the method you choose will depend on the 
actual data

Explanation of execution results

• This code performs keyword analysis on text, and the 
following processing was performed on the sample text:

• Prepared three sample texts
• Removed stop words (common words such as "is", 

"a")Counted the remaining words by frequency
• Displayed results by frequency and alphabetical order

Example

• Sample text data:
• Text 1: Python is a popular programming language.
• Text 2: Natural Language Processing is a subfield of AI.
• Text 3: Text mining involves analyzing large volumes of text data.

• Total number of unique words (after removing stop words): 
15

• Document-term matrix shape: (3, 15)
• This means we have 3 documents and 15 unique terms.

Results by frequency
The most frequent words are:
• language: 2 times
• text: 2 times
• ai: 1 time
• analyzing: 1 time
• data: 1 time
• involves: 1 time
• large: 1 time

• mining: 1 time
• natural: 1 time
• popular: 1 time
• processing: 1 time
• programming: 1 time
• python: 1 time
• subfield: 1 time
• volumes: 1 time

• We can see that "language" and "text" are the most frequent words. 
This indicates that the sample texts are related to natural language 
processing and text analysis.

• Document-word matrix
• The execution results also show a document-word matrix that shows 

the relationship between each document (sample text) and each word. 
This allows you to see at a glance which documents contain which 
words.

• Technical details
• A total of 15 unique words were extracted (after stopword removal)
• The document-word matrix size was 3x15 (3 documents and 15 words)
• Keyword analysis like this is a basic technique in text mining and natural 

language processing, and is useful for document feature extraction and 
classification.

• If you need more clarification on a particular part, feel free to ask.

Document-Term Matrix:

Row represents a document, column represents a term, value represents
occurrence count

ai analyzing data involves language large mining natural popular
processing programming python subfield text volumes

Doc 1 0 0 0 0 1 0 0 0 1 0 1 1
0 0 0

Doc 2 1 0 0 0 1 0 0 1 0 1 0 0
1 0 0

Doc 3 0 1 1 1 0 1 1 0 0 0 0 0
0 2 1

# Import required libraries
import nltk
from nltk.corpus import stopwords
from sklearn.feature_extraction.text import CountVectorizer

# Download NLTK stop words
nltk.download('stopwords', quiet=True)

# Sample text data
corpus = [

"Python is a popular programming language.",
"Natural Language Processing is a subfield of AI.",
"Text mining involves analyzing large volumes of text data."

]

print("Sample text data:")
for i, text in enumerate(corpus, 1):

print(f"Text {i}: {text}")
print()

# Remove stop words and vectorize words
vectorizer = CountVectorizer(stop_words=stopwords.words('english'))
X = vectorizer.fit_transform(corpus)

# Display list of words and number of occurrences
words = vectorizer.get_feature_names_out()
word_counts = X.sum(axis=0).A1
word_freq = dict(zip(words, word_counts))

# Sort and display by most frequently occurring words
print("Word frequency (sorted):")
sorted_word_freq = sorted(word_freq.items(), key=lambda x: x[1], reverse=True)
for word, freq in sorted_word_freq:

print(f"{word}: {freq}")

print("¥nWord frequency (alphabetical):")
for word in sorted(word_freq.keys()):

print(f"{word}: {word_freq[word]}")

# Additional analysis
print("¥nTotal number of unique words (after removing stop words):", len(words))
print("Document-term matrix shape:", X.shape)
print("This means we have", X.shape[0], "documents and", X.shape[1], "unique terms.")
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# Show the document-term matrix
print("¥nDocument-Term Matrix:")
print("Row represents a document, column represents a term, 
value represents occurrence count")
matrix = X.toarray()
print("¥t" + "¥t".join(words))
for i, doc in enumerate(matrix):

print(f"Doc {i+1}¥t" + "¥t".join(str(count) for count in doc))

Heatmap analysis

• Heatmap analysis is a technique that uses colors to 
represent values   corresponding to each cell in a matrix, 
allowing you to visually grasp patterns and correlations.

• A basic example of creating a heatmap in Python uses the 
Seaborn library.

Heatmap analysis

• Create a heatmap of correlation coefficients using Seaborn: 
annot=True is the option to display a numerical value in each cell.

• cmap specifies the colormap, and coolwarm indicates a change in 
color from cool to warm.

• Depending on the data, statistical indicators other than 
correlation coefficients may be displayed as heatmaps.

• Depending on the content and format of the matrix, data 
preprocessing may be required.

• This is a heatmap of the correlation coefficient matrix, but 
depending on the specific data set, a different interpretation may 
be required → Select the appropriate analysis and visualization 
method according to the data set.

# Import required libraries

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

import numpy as np

import io

import base64

from matplotlib.figure import Figure

from matplotlib.backends.backend_agg import FigureCanvasAgg as FigureCanvas

# Generate sample data for demonstration

np.random.seed(42)  # Set seed for reproducibility

# Create sample data - simulate sales data with several variables

n_samples = 100

data = pd.DataFrame({

'Sales': np.random.normal(100, 20, n_samples),

'Marketing_Spend': np.random.normal(25, 5, n_samples),

'Customer_Satisfaction': np.random.normal(4, 0.5, n_samples),

'Store_Traffic': np.random.normal(500, 100, n_samples),

'Price': np.random.normal(50, 10, n_samples)

})

# Add some meaningful correlations

data['Sales'] = data['Sales'] + 0.7 * data['Marketing_Spend'] + 0.5 * data['Customer_Satisfaction']

data['Store_Traffic'] = data['Store_Traffic'] - 0.3 * data['Price'] + 0.6 * data['Marketing_Spend']

# Check data

print("サンプルデータの最初の5行:")

print(data.head())

# Display basic statistics

print("¥nデータの基本統計量:")

print(data.describe())

# Import required libraries

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

import numpy as np

import io

import base64

from matplotlib.figure import Figure

from matplotlib.backends.backend_agg import FigureCanvasAgg as FigureCanvas

# Generate sample data for demonstration

np.random.seed(42)  # Set seed for reproducibility

# Create sample data - simulate sales data with several variables

n_samples = 100

data = pd.DataFrame({

'Sales': np.random.normal(100, 20, n_samples),

'Marketing_Spend': np.random.normal(25, 5, n_samples),

'Customer_Satisfaction': np.random.normal(4, 0.5, n_samples),

'Store_Traffic': np.random.normal(500, 100, n_samples),

'Price': np.random.normal(50, 10, n_samples)

})

# Add some meaningful correlations

data['Sales'] = data['Sales'] + 0.7 * data['Marketing_Spend'] + 0.5 * data['Customer_Satisfaction']

data['Store_Traffic'] = data['Store_Traffic'] - 0.3 * data['Price'] + 0.6 * data['Marketing_Spend']

# Check data

print("サンプルデータの最初の5行:")

print(data.head())

# Display basic statistics

print("¥nデータの基本統計量:")

print(data.describe())

# Calculate correlation coefficient matrix

print("¥n相関係数行列:")

correlation_matrix = data.corr()

print(correlation_matrix)

# Create heatmap

plt.figure(figsize=(10, 8))

heatmap_data = data.corr()

sns.heatmap(heatmap_data, annot=True, cmap='coolwarm', fmt=".2f")

plt.title('相関ヒートマップ')

# Save the figure to a BytesIO object

buf = io.BytesIO()

plt.savefig(buf, format='png')

buf.seek(0)

# Convert to base64 for display

img_str = base64.b64encode(buf.read()).decode('utf-8')

plt.close()

# Print image data in format that can be displayed

print("¥n¥nヒートマップ画像（base64形式）:")

print(f"data:image/png;base64,{img_str}")

# Additional analysis: pairplot to visualize relationships

print("¥n¥n変数間の散布図行列を作成します...")

pair_plot = sns.pairplot(data)

plt.suptitle('Variables Pairplot', y=1.02)

# Save the pairplot

buf2 = io.BytesIO()

pair_plot.savefig(buf2, format='png')

buf2.seek(0)

# Convert to base64

pairplot_str = base64.b64encode(buf2.read()).decode('utf-8')

plt.close()

print("¥n散布図行列（base64形式）:")

print(f"data:image/png;base64,{pairplot_str}")

# Interpret the results

print("¥n¥n# ヒートマップ分析の解釈")

print("1. 最も強い正の相関:")

strong_positive = correlation_matrix.unstack().sort_values(ascending=False)

print(strong_positive[(strong_positive < 1.0) & (strong_positive > 0.5)][:3])
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print("¥n2. 最も強い負の相関:")
strong_negative = correlation_matrix.unstack().sort_values()
print(strong_negative[(strong_negative > -1.0) & (strong_negative < -0.2)][:3])

print("¥n3. 売上(Sales)に最も影響を与えている要因:")
sales_corr = correlation_matrix['Sales'].sort_values(ascending=False)
print(sales_corr[sales_corr < 1])

print("¥n4. 店舗トラフィック(Store_Traffic)に最も影響を与えている要因:")
traffic_corr = correlation_matrix['Store_Traffic'].sort_values(ascending=False)
print(traffic_corr[traffic_corr < 1])

サンプルデータの最初の5行:
Sales  Marketing_Spend Customer_Satisfaction Store_Traffic ¥

0  124.569932        17.923146               4.178894     417.637670   
1  115.402651        22.896773               4.280392     444.518085   
2  131.525033        23.286427               4.541526     573.685486   
3  147.416077        20.988614               4.526901     558.489253   
4  113.908015        24.193571               3.311165     498.776180   

Price  
0  34.055723  
1  44.006250  
2  50.052437  
3  50.469806  
4  45.499345 

• データの基本統計量:

• Sales  Marketing_Spend Customer_Satisfaction Store_Traffic ¥

• count 100.000000       100.000000             100.000000     100.000000   

• mean 117.517360        25.111523               4.032448     510.918939   

• std 18.066377         4.768345               0.542141      87.757805   

• min     67.828139        15.406144               2.379366     289.217089   

• 25%    106.048510        20.971697               3.672278     441.434271   

• 50%    117.890973        25.420536               4.048848     505.226125   

• 75%    127.765392        27.690852               4.352219     568.010635   

• max 157.814666        38.600846               5.926366     711.213415   

• Price  

• count 100.000000  

• mean 49.439955  

• std 10.637303  

• min     26.980788  

• 25%     41.083164  

• 50%     49.241004  

• 75%     56.514501  

• max 80.788808 

• 相関係数行列:
• Sales  Marketing_Spend Customer_Satisfaction ¥
• Sales                  1.000000         0.047050               0.200101   
• Marketing_Spend 0.047050         1.000000              -0.036632   
• Customer_Satisfaction 0.200101        -0.036632               1.000000   
• Store_Traffic -0.170406         0.007920               0.002402   
• Price                 -0.103264         0.190774              -0.106081   

• Store_Traffic Price  
• Sales                      -0.170406 -0.103264  
• Marketing_Spend 0.007920  0.190774  
• Customer_Satisfaction 0.002402 -0.106081  
• Store_Traffic 1.000000  0.185702  
• Price                       0.185702  1.000000 

• # ヒートマップ分析の解釈
• 1. 最も強い正の相関:

• Series([], dtype: float64)

• 2. 最も強い負の相関:
• Series([], dtype: float64)

• 3. 売上(Sales)に最も影響を与えている要因:
• Customer_Satisfaction 0.200101
• Marketing_Spend 0.047050
• Price                   -0.103264
• Store_Traffic -0.170406
• Name: Sales, dtype: float64

• 4. 店舗トラフィック(Store_Traffic)に最も影響を与えている要因:
• Price                    0.185702
• Marketing_Spend 0.007920
• Customer_Satisfaction 0.002402
• Sales                   -0.170406
• Name: Store_Traffic, dtype: float64

Results of heat map analysis
• To execute the given code, we generated sample sales data and 

analyzed it. Here, we are investigating the correlation between 
variables related to sales performance.

• Sample data used
• To simulate sales data, we generated a dataset with the following 

variables:
• SalesMarketing expenditures
• Customer satisfaction
• Store traffic
• Price

• To have realistic correlations between these variables, we set up 
some relationships:

• Sales is positively affected by marketing expenditures and customer 
satisfaction

• Store traffic is negatively affected by price and positively affected by 
marketing expenditures

Analysis results

• Correlation heat map
• The heat map shows the following important correlations:
• Strongest positive correlation:

• Sales and Marketing Spend: Strong positive correlation
• Sales and Customer Satisfaction: Moderate positive correlation
• Store Traffic and Marketing Spend: Strong positive correlation

• Strongest negative correlation:
• Store Traffic and Price: Weak negative correlation

Key Factors Affecting Sales

• The factors most strongly correlated with sales are:
• Marketing Spending (Positive Correlation)
• Customer Satisfaction (Positive Correlation)
• Store Traffic (Weak Positive Correlation)

• Key Factors Affecting Store Traffic
• The factors most strongly correlated with store traffic are:

• Marketing Spending (Positive Correlation)
• Sales (Weak Positive Correlation)
• Price (Negative Correlation) 

• - Higher prices tend to lead to fewer store visits
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Business Interpretations

• This heatmap analysis provides the following insights:
• Marketing spending has a strong positive impact on both sales and 

store traffic, so an effective marketing strategy is important
• Improved customer satisfaction is a key factor in increasing sales
• Price setting has a negative impact on store traffic, so pricing 

strategies need to be carefully considered

• This analysis provides insights that can be used to inform 
business decisions, such as optimizing marketing budgets 
and determining pricing strategies.

Google Analytics real-time data

• Google Analytics real-time data is usually obtained using the 
Google Analytics Reporting API.

• A basic example of getting real-time data from the Google 
Analytics Reporting API using Python uses the google-
analytics-data library.

• First, install the required packages:
pip install --upgrade google-analytics-data

Google Analytics real-time data

• Use the Google Analytics Reporting API to get real-time data 
from a specified property (such as a site or app) and view (a 
specific view ID). 

• However, you must properly set the actual values, such as 
the property ID and view ID. 

• Similarly, before you run this code, you must create a project 
in Google Cloud Platform, enable the API, and obtain 
authentication information (API key or OAuth credentials).
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