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Big Data Analysis
Data preparation and 

cleansing:
Kohei Arai

Big Data Analysis

• Data analysis methods are classified by purpose and 
introduced according to the analysis process.

• The flow from data collection and preparation to advanced 
analysis, and then to decision-making and action.

• By appropriately combining these analysis methods, data-
based decision-making and strategy planning become 
possible.

Python

• Basic Python code example 
(simple numerical 
calculation example)

• Define a function called 
add_numbers and call it to 
add up some numbers

• The result is displayed in the 
console

# Function to add two
numbers
def add_numbers(a, b):
result = a + b
return result
# Call function
num1 = 5
num2 = 10
sum_result = 
add_numbers(num1, num2)
# Display result
print(f"The sum of {num1} 
and {num2} is: {sum_result}")

1. The first step in data analysis is to 
ensure high-quality data.
• Data Cleansing/Data Cleaning: The process of preparing 

data for analysis, including handling missing values, 
removing outliers, and standardizing data formats ⇒ the 
foundation for obtaining accurate analysis results

• Exploratory Data Analysis: An initial analysis method for 
understanding the characteristics of data, including checking 
basic statistics of data, visualizing distribution, and grasping 
trends

Data Cleansing

• Data cleansing is the process of removing or correcting inaccurate, 
incomplete, or invalid data from a dataset to improve data quality. 
Simple Data Cleansing Example Using Python

• Perform basic data cleansing techniques such as removing 
missing values, converting to numerical data, and removing 
special characters in strings.

• Data cleansing varies depending on the project and data set, so it 
is important to select and customize the method based on the 
specific requirements.

• In actual work, various data cleansing operations are required 
according to the characteristics of the data set, such as missing 
value processing, outlier detection and correction, abnormal value 
completion, and data type conversion.

import pandas as pd

# サンプルデータの作成

data = {

'Name': ['John Doe', 'Jane Smith', 'Bob Johnson', 'Alice Brown', 'Mike'],

'Age': [30, None, 45, '', 25],

'Gender': ['Male', 'Female', 'Male', 'Female', None],

'Salary': ['$50,000', '$60,000', '$45,000', '$', '$70,000'],

}

df = pd.DataFrame(data)

# データの初期表示

print("クレンジング前:")

print(df)

# データクレンジングの関数

def cleanse_data(df):

# 欠損値の処理

df = df.dropna()

# 年齢の数値化

df['Age'] = pd.to_numeric(df['Age'], errors='coerce')

# 給与の数値化と欠損値の補完

# Replace empty strings and dollar signs with NaN before converting to float

# Remove commas and dollar signs before converting to float

df['Salary'] = df['Salary'].str.replace(',', '', regex=False).str.replace('$', '', regex=False)

df['Salary'] = pd.to_numeric(df['Salary'], errors='coerce') 

Data cleaning

• Data cleaning is the process of detecting and correcting errors 
and inaccurate values   in a dataset to improve data quality. 
Examples of basic data cleaning operations using Python's 
pandas library.

• Perform basic data cleaning techniques such as removing missing 
values, correcting negative ages, correcting inaccurate gender, 
and converting non-numeric salaries to missing values.

• It is important to select and customize the appropriate cleaning 
technique based on the characteristics of the dataset and 
business requirements.

• In real-world work, data understanding and domain knowledge are 
essential, and data cleaning is performed carefully and 
continuously by data scientists and data engineers.

1 2 3

4 5 6

7 8 9



2025/7/6

2

import pandas as pd

import numpy as np

# サンプルデータの作成

data = {

'Name': ['John Doe', 'Jane Smith', 'Bob Johnson', 'Alice Brown', 'Mike'],

'Age': [30, None, 45, -5, 25],

'Gender': ['Male', 'Female', 'Male', 'Female', 'Unknown'],

'Salary': ['$50,000', '$60,000', '$45,000', '$70,000', 'Not Available'],

}

df = pd.DataFrame(data)

# データの初期表示

print("クリーニング前:")

print(df)

# データクリーニングの関数

def clean_data(df):

# 欠損値の処理

df = df.dropna()

# 年齢の負の値を修正

df['Age'] = np.where(df['Age'] < 0, np.nan, df['Age'])

# 性別が不正確な場合を修正

Exploratory Data Analysis

• Exploratory Data Analysis (EDA) code is the initial analysis 
performed to understand and characterize a data set. Python 
programming language techniques are applied.

• View basic information about your data (column data types, 
number of non-missing data, etc.).

• Statistical summaries of your numerical data (mean, standard
deviation, minimum, maximum, etc.).

• Check for missing values.Observe the distribution of each variable 
by drawing histograms.

• Observe correlation coefficients between variables with a 
correlation matrix heat map.

• Observe relationships between variables with a scatter plot matrix.

• A scatter plot of tip 
amount versus bill. 
Smoking people have 
more variability in 
tipping. Men tend to 
pay (fewer) higher bills, 
while female non-
smokers tend to tip 
more consistently.

Here's a sample CSV dataset that would work well with your 
exploratory data analysis code. This fictional dataset represents 
mortgage loan application data with various features that would be 
interesting to analyze:
The dataset contains 30 records with the following columns:
1.age: Applicant's age (25-55)
2.income: Annual income in USD (36,000-85,000)
3.education_years: Years of formal education (12-18)
4.work_experience: Years of work experience (2-26)
5.credit_score: Credit score (590-760)
6.debt_to_income: Debt-to-income ratio (0.15-0.43)
7.has_children: Binary indicator of having children (0=No, 1=Yes)
8.home_ownership: Binary indicator of home ownership (0=No, 1=Yes)
9.loan_amount: Requested loan amount in USD (70,000-250,000)
10.interest_rate: Loan interest rate (3.6-5.6%)
11.loan_term: Loan term in years (15 or 30)
12.loan_status: Loan approval status (0=Denied, 1=Approved)

This dataset is designed to have:
• A mix of continuous and categorical variables
• Reasonable correlations between related variables
• Some patterns that would be visible in visualizations
• No missing values for simplicity

# 必要なライブラリのインポート

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import os

# データの読み込み

# Create a list of lists representing the data

data_list = [

[42,65000,16,15,710,0.23,1,1,150000,4.2,30,1],

[35,48000,12,10,680,0.31,0,0,95000,4.5,15,1],

[29,51000,14,5,650,0.29,0,0,120000,4.7,30,1],

[55,72000,16,25,750,0.15,1,1,200000,3.9,15,1],

[48,59000,12,22,690,0.28,1,1,180000,4.3,30,1],

[31,45000,14,7,630,0.35,0,0,85000,5.1,15,0],

[39,63000,18,12,720,0.22,1,1,210000,4.0,30,1],

[26,38000,12,3,600,0.42,0,0,75000,5.5,15,0],

[52,85000,18,23,760,0.18,1,1,250000,3.7,30,1],

[33,49000,16,8,670,0.32,1,0,110000,4.8,15,1],

[45,67000,14,18,700,0.25,1,1,190000,4.1,30,1],

[28,41000,12,4,620,0.38,0,0,90000,5.2,15,0],

[37,58000,16,11,690,0.27,1,0,160000,4.4,30,1],

[32,46000,14,6,640,0.33,0,0,100000,5.0,15,0],

[44,61000,12,16,680,0.26,1,1,170000,4.3,30,1],

[27,39000,12,3,610,0.4,0,0,80000,5.3,15,0],

[49,69000,16,20,730,0.21,1,1,220000,3.9,30,1],

[36,52000,14,9,660,0.3,1,0,130000,4.6,15,1],

[41,64000,18,14,700,0.24,1,1,185000,4.2,30,1],

[30,47000,12,5,625,0.36,0,0,95000,5.1,15,0],

[53,81000,16,25,745,0.17,1,1,240000,3.7,30,1],

[34,50000,14,7,650,0.31,0,0,115000,4.8,15,0],

[46,68000,16,19,710,0.22,1,1,200000,4.0,30,1],

[25,36000,12,2,590,0.43,0,0,70000,5.6,15,0],

[50,75000,18,22,730,0.2,1,1,220000,3.8,30,1],

[38,57000,14,10,675,0.28,1,0,150000,4.5,15,1],

[43,66000,16,15,705,0.24,1,1,195000,4.1,30,1],

[29,42000,12,4,615,0.39,0,0,85000,5.3,15,0],

[54,83000,18,26,755,0.16,1,1,245000,3.6,30,1],

]
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print(data.isnull().sum())
# ヒストグラムの描画

data.hist(figsize=(12, 10))
plt.show()
# 相関行列のヒートマップ

correlation_matrix = data.corr()
plt.figure(figsize=(12, 10))
sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm', fmt=".2f")
plt.show()
# 散布図行列

sns.pairplot(data)
• plt.show()
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