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ABSTRACT

This chapter explores the transformative role of Bayesian statistics in reshaping the landscape of health-
care. By seamlessly integrating Bayesian methodologies into various facets of medical research and 
practice, a paradigm shift towards precision medicine is evident. From diagnostic accuracy to treatment 
optimization, the power of Bayesian statistics emerges as a cornerstone in driving innovation and efficacy 
within the healthcare domain. The synthesis of diverse data sources within this framework provides a 
comprehensive understanding of patient variability, paving the way for tailored interventions. Moreover, 
the chapter highlights the pivotal role of Bayesian statistics in guiding healthcare professionals through 
complex decision pathways, ultimately fostering improved patient outcomes. As healthcare continues its 
evolution, embracing Bayesian statistics emerges not merely as a choice but as a necessity for unlocking 
the full potential of data-driven advancements in the pursuit of enhanced medical care.

INTRODUCTION

Bayesian statistics is a branch of statistical inference that deals with the probability of events based 
on prior knowledge or beliefs. It is named after Thomas Bayes, who introduced the principle of condi-
tional probability. In Bayesian analysis, we update our initial belief about a parameter (often denoted 
as θ) using new data (usually represented by a random variable X), and express this updated belief as a 
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probability distribution. This allows us to incorporate uncertainty about the parameter values explicitly, 
and to revise our understanding as more data becomes available.

A key difference between Bayesian and frequentist statistics is the interpretation of probability. In 
Bayesian statistics, probability is viewed as a degree of belief, while in frequentist statistics, probability 
is viewed as the long-run frequency of events. Another important difference is that Bayesian methods 
allow for the incorporation of prior information, whereas frequentist methods do not. This can be ad-
vantageous when there is existing knowledge about the parameter of interest. However, it can also lead 
to bias if the prior information is incorrect or misleading (Jackman, 2009).

Frequentist statistics treats parameters as fixed but unknown quantities and focuses on the long-run 
frequency of certain events. Instead, we determine the probability of obtaining the observed data (or 
more extreme data) given a fixed value of the parameter. This is known as the p-value and it is used 
to test hypotheses about the parameter. A small p-value indicates evidence against the null hypothesis, 
while a large p-value suggests that the data are consistent with the null hypothesis. Frequentists often use 
concepts like p-values, confidence intervals, and hypothesis testing to make inferences about parameters 
(Jackman, 2009).

BAYESIAN PROBABILITY

The key concept in Bayesian statistics is the Bayesian probability, which is a measure of the probability 
of an event based on prior knowledge or beliefs about the event. In contrast to classical or frequentist 
statistics, where probabilities are seen as long-run frequencies of events, Bayesian probability represents 
a subjective degree of belief or confidence in an event.

Here are some key principles and concepts in Bayesian statistics:
1. 	 Prior Probability (Prior): This represents the initial belief or probability assigned to an event before 

considering new evidence.
2. 	 Likelihood: This represents the probability of observing new evidence given a particular hypothesis. 

It describes how well the data is explained by the hypothesis.
3. 	 Posterior Probability (Posterior): This is the updated probability of a hypothesis after considering 

new evidence. It is obtained by combining the prior probability and the likelihood of the data.
The fundamental theorem in Bayesian statistics is Bayes' Theorem, which mathematically describes 

how prior beliefs are updated in light of new evidence. The formula for Bayes' Theorem is:

​​[P​(H|D)​  =  ​P​(E|H)​ ⋅ P​(H)​ _ P​(E)​  ​]​​

​​[P​(H|E)​  =  ​P​(E|H)​ ⋅ P​(H)​ _ P​(E)​  ​]​​

Where:

• 	 (P(H|E)) is the posterior probability of hypothesis H given data or evidence E.
• 	 (P(E|H)) is the likelihood of observing the data given hypothesis H.
• 	 (P(H)) is the prior probability of hypothesis H.
• 	 P(E)) is the probability of observing the data or evidence.
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