
GENERAL

an introduction to statistics with python e
Published: September 19, 2026  |  Index ID: #-

An Introduction to Statistics with Python

In today’s data �driven world, the ability to turn raw numbers into actionable insights is more valuable than ever.

Whether you’re a business analyst, a scientist, or simply a curious learner, mastering statistics is essential for

interpreting trends, validating hypotheses, and making informed decisions. Python, with its powerful libraries and

user �friendly syntax, has become the go �to language for statistical analysis. This article offers a comprehensive,

step �by �step guide—an introduction to statistics with Python e—that will walk you through the fundamentals,

practical tools, and real �world applications of statistical thinking.

Why Statistics Matter in the Digital Age

Statistics is the backbone of evidence �based decision making. From predicting stock prices to assessing the

effectiveness of medical treatments, statistical methods help us quantify uncertainty, detect patterns, and draw

reliable conclusions. In the era of big data, the sheer volume of information can be overwhelming; statistics

provides the framework to distill that noise into meaningful signals. Moreover, statistical literacy protects against

misinformation by enabling critical evaluation of data presented in media, research, and policy.

Getting Started: Setting Up Your Python Environment

Choosing the Right Distribution

Python’s versatility stems from its rich ecosystem of libraries. For statistics, the most common stack includes 

NumPy for numerical operations, Pandas for data manipulation, Matplotlib and Seaborn for visualization, and 

SciPy for advanced statistical functions. Installing these packages is straightforward with pip or conda:

pip install numpy pandas matplotlib seaborn scipy

Alternatively, using the Anaconda distribution bundles all these libraries and offers an integrated IDE (Spyder or

Jupyter). Once installed, you can import them in your script:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from scipy import stats

Creating a Reproducible Workspace

Reproducibility is a cornerstone of scientific work. Use Jupyter Notebooks or VS Code with Jupyter extensions to

combine code, visualizations, and narrative text in a single document. Keep your data files in a dedicated data/

folder, and version �control your notebooks with Git to track changes over time.



Foundations of Descriptive Statistics

Understanding Your Data: Measures of Central Tendency

Before diving into complex models, you need to describe what the data look like. The three most common

measures of central tendency are:

•  Mean – the arithmetic average, sensitive to outliers.

•  Median – the middle value when data are sorted, robust against extremes.

•  Mode – the most frequently occurring value, useful for categorical data.

In Python, Pandas makes these calculations trivial:

df = pd.read_csv('data/sales.csv')

mean_value = df['revenue'].mean()

median_value = df['revenue'].median()

mode_value = df['region'].mode()[0]

Dispersion and Spread: Variance, Standard Deviation, and Beyond

Knowing the spread of data is as important as knowing its center. Variance measures average squared deviations 

from the mean; standard deviation is simply its square root. In addition, the interquartile range (IQR)captures the

middle 50% of the data, providing a robust sense of spread.

variance = df['revenue'].var()

std_dev = df['revenue'].std()

iqr = df['revenue'].quantile(0.75) - df['revenue'].quantile(0.25)

Visualizing Distributions

Graphs bring intuition to statistics. Histograms, box plots, and density plots reveal shape, skewness, and outliers.

Seaborn’s distplot or kdeplot simplify the process:

sns.histplot(df['revenue'], kde=True, bins=30)

plt.title('Revenue Distribution')

plt.xlabel('Revenue ($)')

plt.ylabel('Frequency')

plt.show()

Box plots are especially useful for comparing multiple groups:

sns.boxplot(x='region', y='revenue', data=df)

plt.title('Revenue by Region')

plt.show()

Exploratory Data Analysis (EDA)



Correlation vs. Causation

Correlation quantifies the linear relationship between two variables, while causation implies a direct influence.

Pearson’s correlation coefficient ranges from -1 to 1, with values near ±1 indicating strong linear relationships.

Spearman’s rank correlation assesses monotonic relationships, useful when data are not normally distributed.

pearson_corr = df['revenue'].corr(df['marketing_spend'], method='pearson')

spearman_corr = df['revenue'].corr(df['marketing_spend'], method='spearman')

Visualize correlations with heatmaps:

corr_matrix = df.corr()

sns.heatmap(corr_matrix, annot=True, cmap='coolwarm')

plt.title('Correlation Matrix')

plt.show()

Handling Missing Data

Missing values are a common hurdle. Strategies include:

•  Deletion – remove rows or columns with missing data (simple but may bias results).

•  Imputation – fill missing values with mean, median, mode, or more sophisticated methods like k �Nearest 

Neighbors.

•  Model �based Imputation – use regression or machine learning to predict missing entries.

In Pandas, df.dropna() removes missing entries, while df.fillna() replaces them:

df['revenue'].fillna(df['revenue'].median(), inplace=True)

Inferential Statistics: Making Predictions About Populations

Sampling and the Central Limit Theorem

When you cannot analyze an entire population, you draw a sample. The Central Limit Theorem (CLT) guarantees

that, given a sufficiently large sample size, the sampling distribution of the mean will approximate a normal

distribution, regardless of the population’s shape. This property underpins many statistical tests.

Hypothesis Testing Basics

Hypothesis testing determines whether observed data differ significantly from a null expectation. The typical

workflow involves:

1.  Formulating null (H0) and alternative (H1) hypotheses.

2.  Choosing a significance level (;�’Â�6öÖÖöæÇ’��ã�Rà

3.  Calculating a test statistic (e.g., t �score, z �score).

4.  Comparing the statistic to a critical value or computing a p �value.

5.  Making a decision: reject or fail to reject H0.

Common Tests and Their Python Implementations

Used to compare the means of two groups. SciPy offers stats.ttest_ind for independent samples and stats.ttest_rel



for paired samples.

t_stat, p_val = stats.ttest_ind(df['sales_region_A'], df['sales_region_B'])

print(f't �stat: {t_stat:.3f}, p �value: {p_val:.3f}')

Chi �Square Test

Assesses associations between categorical variables. Use stats.chi2_contingency:

contingency_table = pd.crosstab(df['region'], df['product'])

chi2, p, dof, expected = stats.chi2_contingency(contingency_table)

print(f'Chi �square: {chi2:.3f}, p �value: {p:.3f}')

ANOVA (Analysis of Variance)

Compares means across three or more groups. SciPy’s stats.f_oneway provides a one �way ANOVA:

f_stat, p_val = stats.f_oneway(df['group1'], df['group2'], df['group3'])

Confidence Intervals

Confidence intervals (CIs) express the uncertainty around an estimate. For a mean, a 95% CI is calculated as:

mean = df['revenue'].mean()

stderr = stats.sem(df['revenue'])

ci_low, ci_high = stats.t.interval(0.95, len(df['revenue'])-1, loc=mean, scale=stderr)

Plotting CIs alongside point estimates enhances interpretability:

plt.errorbar(x=1, y=mean, yerr=[[mean - ci_low], [ci_high - mean]], fmt='o')

plt.title('95% Confidence Interval for Mean Revenue')

plt.show()

Regression Analysis: Modeling Relationships

Linear Regression

Linear regression predicts a dependent variable from one or more independent variables. Scikit �learn’s

LinearRegression class simplifies model fitting:

from sklearn.linear_model import LinearRegression

from sklearn.model_selection import train_test_split

X = df[['marketing_spend', 'num_employees']]



y = df['revenue']

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

model = LinearRegression()

model.fit(X_train, y_train)

predictions = model.predict(X_test)

print(f'R²: {model.score(X_test, y_test):.3f}')

Assessing Model Fit

Key metrics include:

•  R² (Coefficient of Determination) – proportion of variance explained.

•  RMSE (Root Mean Square Error) – average prediction error magnitude.

•  Residual Analysis – checking assumptions like homoscedasticity and normality.

Plotting residuals reveals patterns:

residuals = y_test - predictions

sns.scatterplot(x=predictions, y=residuals)

plt.axhline(0, color='red', linestyle='--')

plt.title('Residuals vs. Predicted')

plt.xlabel('Predicted Revenue')

plt.ylabel('Residual')

plt.show()

Logistic Regression

When the outcome is binary (e.g., churn vs. no churn), logistic regression estimates probabilities. Scikit �learn’s

LogisticRegression is a straightforward implementation:

from sklearn.linear_model import LogisticRegression

X = df[['age', 'income', 'tenure']]

y = df['churn']

model = LogisticRegression(max_iter=1000)

model.fit(X, y)

print(f'Accuracy: {model.score(X, y):.3f}')

Advanced Topics: Beyond the Basics



Time �Series Analysis

Time �series data require specialized
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