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Understanding Markov Chains: A
Comprehensive Guide to Examples
and Applications

Probability theory and stochastic processes are essential
tools for modeling systems that evolve over time under
uncertainty. Among these, few concepts are as powerful
and widely applicable as Markov chains. Whether you are
predicting the weather, optimizing search engine
algorithms, or modeling customer behavior, understanding
Markov chains provides a robust framework for analyzing
sequences of random events where the future depends only
on the present state. In this article, we will explore the
fundamentals of Markov chains, illustrate them with
concrete examples, and delve into their diverse applications
across industries.

Named after the Russian mathematician Andrey Markov, a
Markov chain is a mathematical system that undergoes
transitions from one state to another according to certain
probabilistic rules. The defining characteristic, known as

to any future state depends solely on the current state and
not on the sequence of states that preceded it. This
"memoryless" property makes Markov chains both elegant
to analyze and computationally efficient to simulate.

What Is a Markov Chain?

At its core, a Markov chain consists of a set of possible
states and a transition probability matrix. Each entry in the
matrix represents the probability of moving from one state
to another in a single step. For example, if we have three
states (A, B, C), the matrix might show that from state A
there is a 0.7 chance of staying in A, a 0.2 chance of moving
to B, and a 0.1 chance of moving to C. The sum of
probabilities from any state always equals 1.

Markov chains can be discrete-time (where transitions
happen at fixed intervals) or continuous-time (where
transitions occur at random times). They can also be finite
(with a countable number of states) or infinite. In most
practical examples, we deal with finite, discrete-time
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Key Properties of Markov Chains

e Markov Property (Memorylessness): The future
depends only on the present, not the past.

e Transition Probability Matrix: A square matrix P
where P(i,j) is the probability of moving from state i to
state j.

» Stationary Distribution: For many chains, after
many steps, the probability of being in each state
stabilizes to a fixed distribution, independent of the
starting state.

¢ Irreducibility: A chain is irreducible if it is possible
to reach any state from any other state (not
necessarily in one step).

» Absorbing States: Some states, once entered, cannot
be left.

Understanding these properties helps in analyzing long-
term behavior and making predictions. For instance, the
stationary distribution is often used to rank web pages
(PageRank) or to determine the long-run proportion of time
a system spends in each state.

Illustrative Examples of Markov
Chains

To truly grasp how Markov chains work, let's walk through
a few classic examples that highlight the transition matrix
and the Markov property in action.

Example 1: Simple Weather Model

Imagine a location where the weather can be Sunny or
Rainy. The probability of tomorrow's weather depends only
on today's weather. Suppose we have the following
transition probabilities:

e If today is Sunny, tomorrow is Sunny with probability
0.9 and Rainy with probability 0.1.

e If today is Rainy, tomorrow is Rainy with probability
0.5 and Sunny with probability 0.5.

The transition matrix P is thus:
Sunny: [0.9, 0.1]
Rainy: [0.5, 0.5]

Using this chain, we can answer questions like: "If it is
sunny today, what is the probability that it will be rainy two
days from now?" By multiplying the matrix (or simply
tracing paths), we get 0.9*¥0.1 + 0.1*0.5 = 0.09 + 0.05 =
0.14. Over many days, the probability of rain stabilizes to
about 0.1667 (the stationary distribution). This simple
model is used in meteorology for short-range forecasting.

Example 2: Board Game Movement

Many board games use Markov principles. Consider a
simplified version of Monopoly where a player moves based
on a single die roll. The state could be the current position
on the board. The transition probabilities are determined by
the dice outcomes. Although there are special cards
(Chance/Community Chest) that break the Markov property
slightly, the core movement is a Markov chain. Analyzing
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Example 3: Text Generation and Language
Modeling

Markov chains are the foundation of n-gram language
models. In a simple bigram model, the probability of the
next word depends only on the most recent word (state).
For instance, from a corpus, we might learn that after the
word "I", the word "am" appears 40% of the time. By
walking through the chain, we can generate plausible
sentences. Modern deep learning models like RNNs and
transformers have surpassed these simple models, but
Markov chains remain an intuitive starting point for
understanding text sequences.

Real-World Applications of Markov
Chains

Markov chains are not just theoretical curiosities; they
power critical systems in finance, healthcare, engineering,
and artificial intelligence. Below are several major
application areas with concrete use cases.

Finance and Economics

In credit risk modeling, Markov chains describe how a
borrower's credit rating changes over time. For example, a
rating agency may transition from AAA to AA, or default.
Banks use the transition matrix to estimate the probability
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with states like "bull market™ and "bear market". While real
prices are more complex, Markov models provide a baseline
for risk assessment.

Biology and Epidemiology

Disease progression often follows a Markov chain. For
instance, a patient may move between states: Healthy, Sick,
Recovered, or Deceased. The transition probabilities
depend on treatment efficacy. Epidemiologists use Markov
chains to model the spread of infections within a population
(SIR models) and to evaluate intervention strategies.
Another application is in genetics, where Markov chains
model the evolution of DNA sequences along a chromosome
(hidden Markov models for gene finding).

Computer Science and Machine Learning

The most famous application is PageRank, the algorithm
that powered Google Search. PageRank models a random
surfer who clicks links randomly. The long-run probability
of being on a web page determines its importance. The
transition matrix is built from the link structure, and the
stationary distribution is computed iteratively. Markov
chains also appear in reinforcement learning (Markov
decision processes), where an agent learns optimal actions
based on state transitions and rewards. Additionally,
Markov Chain Monte Carlo (MCMC) methods are used
for Bayesian inference, allowing sampling from complex
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Operations Research and Queueing Theory

Telephone networks, server queues, and inventory systems
can be modeled as Markov chains. For example, in a call
center, the state could be the number of active calls. The
arrival rate and service rate define transition probabilities.
Managers use these models to determine how many
operators are needed to keep wait times low. Similarly,
manufacturing lines use Markov chains to predict
bottlenecks.

Sports Analytics

In sports like basketball, baseball, or soccer, Markov chains
model the flow of possession or the sequence of plays. For
instance, a basketball possession might transition from
"shooting" to "rebound" to "score" or "turnover". Coaches
analyze these chains to improve offensive strategies. The
famous "Moneyball" approach also uses stochastic
processes, though not exclusively Markov.

Natural Language Processing

Beyond simple text generation, Markov chains are used in
part-of-speech tagging and named entity recognition as
hidden Markov models (HMMs). In an HMM, the states are
hidden (e.g., word categories) and we observe emissions
(the words). The Viterbi algorithm finds the most likely
sequence of states. Though newer neural models have
advanced the field, HMMs remain relevant for certain tasks
with limited data.

Limitations and Extensions

While Markov chains are incredibly versatile, the strong
memorylessness assumption can be a drawback. In many
real systems, the future does depend on more than just the
present—for example, weather patterns often follow
seasonal cycles longer than one day. To address this,
researchers use higher-order Markov chains (where the
state includes the last k observations) or hidden Markov
models that capture latent states. Another extension is
continuous-time Markov chains, which allow transitions
at any moment, used in survival analysis and queueing
theory.

Despite these limitations, Markov chains remain a
cornerstone of probability and statistics. Their simplicity
makes them a starting point for modeling that can be
refined by adding complexity as needed.

Practical Steps to Build Your Own
Markov Chain Model

If you want to experiment with Markov chains, here is a
simple approach using a programming language like Python
(though you can do it by hand for small examples):

1. Define the states of your system (e.g., Sunny/Rainy,
stock market states).

2. Collect data on observed transitions (or estimate
probabilities based on domain knowledge).

3. Create the transition matrix by normalizing the
counts.
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0. Simulate the chain by starting from an initial state and
randomly choosing the next state according to the
matrix.

6. Compute the stationary distribution by repeatedly
multiplying the transition matrix with a probability
vector until it converges.

This process allows you to forecast long-term behavior and
answer "what-if" questions. For example, you can simulate
10,000 steps and count the proportion of time spent in each
state.

Conclusion

analyzing sequential randomness in a structured way. From
the simple weather forecast to complex algorithms like
PageRank and MCMC, the application of Markov chains is
vast and impactful. By mastering the core concepts—states,
transition matrices, the Markov property, and stationary
distributions—you will be able to model systems in finance,
biology, computer science, and beyond. The examples and
applications discussed in this article demonstrate that
despite being over a century old, Markov chains remain a
vital tool in both theoretical and applied fields. Whether you
are a student, data scientist, or engineer, incorporating
Markov chain thinking into your analytical toolkit will give
you a clearer perspective on processes that unfold over
time.
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