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Introduction

In the modern era of biological research, data is no longer a byproduct of experiments; it is the primary product. 

From high-throughput sequencing to clinical trials, scientists are confronted with vast, complex datasets that 

demand rigorous statistical analysis. An introduction to statistics with Python with applications in the life 

sciences statistics and computingis essential for researchers who wish to turn raw numbers into meaningful

biological insights.

Python has emerged as the lingua franca of scientific computing. Its rich ecosystem of libraries, intuitive syntax,

and active community make it an ideal platform for statistical modeling, data manipulation, and visualization.

Whether you are a seasoned biostatistician or a wet-lab researcher with minimal coding experience, this guide will

walk you through the foundational concepts, practical tools, and real-world applications that bridge statistics,

Python, and life science research.

Why Statistics Matter in Life Sciences

Biological systems are inherently noisy and variable. Environmental factors, genetic heterogeneity, and

measurement error all contribute to uncertainty in experimental outcomes. Statistical methods provide a systematic

framework to quantify this uncertainty, test hypotheses, and draw robust conclusions.

•  Hypothesis Testing: Determines whether observed differences are statistically significant or likely due to 

chance.

•  Estimation: Offers confidence intervals that reflect the precision of parameter estimates.

•  Predictive Modeling: Enables forecasting of disease progression, drug response, or ecological trends.

•  Experimental Design: Guides sample size calculations and randomization strategies to maximize power.

Incorporating statistics into the research pipeline enhances reproducibility, transparency, and the overall credibility

of scientific findings.

Python – The Preferred Tool for Scientific Computing

Python’s popularity in life science research stems from several key strengths:

•  Versatility: From scripting simple data manipulations to building complex machine learning pipelines.

•  Community: Thousands of open-source packages tailored to genomics, proteomics, and epidemiology.

•  Interoperability: Seamless integration with R, MATLAB, and C/C++ for specialized tasks.

•  Ease of Learning: Readable syntax lowers the barrier for biologists transitioning to programming.

By mastering Python, researchers can automate repetitive tasks, reduce human error, and scale analyses to

accommodate ever-growing datasets.

Core Statistical Concepts Covered



Descriptive Statistics

Descriptive statistics summarize data features—central tendency, dispersion, and shape—providing an initial

understanding of the dataset. Key measures include:

•  Mean, median, mode

•  Standard deviation, variance, interquartile range

•  Skewness, kurtosis

In Python, pandas offers concise methods like df.mean() and df.describe() to compute these metrics efficiently.

Probability Distributions

Probability distributions model the randomness inherent in biological data. Common distributions in life sciences

include:

•  Normal (Gaussian) distribution for measurement errors

•  Binomial distribution for success/failure experiments

•  Poisson distribution for count data such as mutation frequencies

•  Negative binomial for overdispersed count data in RNA �seq

Python’s scipy.stats module provides PDF, CDF, and random sampling functions for these distributions.

Inferential Statistics

Inferential statistics allow researchers to draw conclusions about a population based on a sample. Techniques

include:

•  t �tests and ANOVA for comparing group means

•  Chi �square tests for categorical data

•  Non �parametric tests (Mann �Whitney U, Kruskal �Wallis) when assumptions are violated

•  Multiple testing correction (Bonferroni, Benjamini �Hochberg) for high �throughput experiments

These tests are readily implemented via scipy.stats and statsmodels.

Regression Analysis

Regression models capture relationships between variables:

•  Linear regression for continuous outcomes

•  Logistic regression for binary outcomes (e.g., disease status)

•  Poisson or negative binomial regression for count data

•  Generalized linear models (GLMs) for more complex link functions

Python’s statsmodels and scikit-learn provide flexible APIs for fitting, diagnosing, and interpreting these models.

Bayesian Methods

Bayesian statistics treat parameters as random variables and update beliefs with data. Advantages include:

•  Incorporation of prior knowledge (e.g., previous studies)

•  Probabilistic interpretation of results (posterior distributions)

•  Robustness to small sample sizes

Libraries such as PyMC3 (now PyMC) and Stan (via pystan) enable Bayesian modeling with Markov Chain Monte

Carlo (MCMC) sampling.

Essential Python Libraries for Statistics



NumPy and Pandas

NumPy provides fast array operations and linear algebra routines. Pandas offers DataFrame structures for tabular

data, essential for data wrangling and preprocessing.

SciPy and Statsmodels

SciPy contains a comprehensive stats module for hypothesis testing, probability distributions, and more.

Statsmodels adds advanced statistical modeling, including GLMs, time series, and robust regression.

scikit-learn

While primarily a machine learning library, scikit-learn includes tools for regression, classification, clustering, and

cross �validation that are invaluable for predictive modeling in life sciences.

PyMC3 / PyMC

These libraries facilitate Bayesian inference with MCMC sampling, enabling hierarchical models, mixture models,

and other complex structures common in biological data analysis.

Seaborn and Matplotlib

Data visualization is crucial for communicating results. Seaborn builds on Matplotlib to provide aesthetically

pleasing statistical graphics such as violin plots, box plots, and heatmaps.

Step �by �Step Example: Analyzing Gene Expression Data

Data Acquisition

Suppose we have RNA �seq count data for two experimental groups: treated vs. control. The dataset is stored in a

csv file with genes as rows and samples as columns. Using pandas:

import pandas as pd

counts = pd.read_csv('rna_counts.csv', index_col=0)

Data Cleaning

Quality control involves filtering low �count genes and normalizing for library size. A common approach is the counts 

per million (CPM) transformation:

import numpy as np

cpm = counts.div(counts.sum(axis=0), axis=1) * 1e6

cpm = np.log2(cpm + 1)

Exploratory Data Analysis

Visualize the distribution of CPM values and identify batch effects using boxplots and principal component analysis

(PCA). Seaborn simplifies these tasks:

import seaborn as sns

sns.boxplot(data=cpm.T)

sns.scatterplot(x='PC1', y='PC2', hue='Group', data=pca_df)

Statistical Testing



Identify differentially expressed genes via a two �sample t �test, adjusting for multiple comparisons with the

Benjamini �Hochberg procedure:

from scipy.stats import ttest_ind

pvals = []

for gene in cpm.index:

    t, p = ttest_ind(cpm.loc[gene, control_samples],

                     cpm.loc[gene, treated_samples],

                     equal_var=False)

    pvals.append(p)

# Multiple testing correction

from statsmodels.stats.multitest import multipletests

adj_pvals = multipletests(pvals, method='fdr_bh')[1]

Visualizing Results

Generate a volcano plot to highlight significant genes:

import matplotlib.pyplot as plt

plt.scatter(logFC, -np.log10(adj_pvals))

plt.xlabel('Log2 Fold Change')

plt.ylabel('-Log10 Adjusted P �value')

plt.title('Volcano Plot')

plt.show()

Advanced Applications in Life Sciences

Genomics

Beyond differential expression, Python enables genome �wide association studies (GWAS), variant calling pipelines,

and haplotype phasing. Libraries like scikit �allel and pysam provide efficient handling of VCF files and BAM

alignments.

Proteomics

Mass spectrometry data analysis benefits from statistical models that account for missing values and technical

variability. Tools such as pyOpenMS integrate with Python’s statistical ecosystem for protein quantification and

pathway enrichment.

Epidemiology

Survival analysis, logistic regression, and spatial statistics are staples of epidemiological research. lifelines offers

Cox proportional hazards modeling, while geopandas supports geospatial data manipulation for disease mapping.

Clinical Trials

Designing and analyzing randomized controlled trials involves complex statistical considerations: randomization,

blinding, interim analyses, and adaptive designs. Python’s statsmodels and pyTrial libraries support these tasks,

ensuring compliance with regulatory standards.

Best Practices for Reproducible Research



Version Control

Use git to track changes in code, data preprocessing scripts, and analysis notebooks. Hosting on platforms like

GitHub or GitLab facilitates collaboration and transparency.

Documentation

Adopt docstring conventions (e.g., NumPy or Google style) and maintain a README that explains project

structure, dependencies, and execution steps.

Unit Testing

Implement tests with pytest to validate functions and pipelines, catching errors early and ensuring code reliability.

Sharing Results
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