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Understanding Bayesian networks is essential in probabilistic reasoning,
especially when dealing with uncertainties in real-world scenarios. In this
article, we delve into the specific case presented in Figure 14.2, focusing
on whether burglary and earthquake are dependent or independent when no
evidence is observed. This analysis provides foundational insights into how
Bayesian networks encode probabilistic relationships and how evidence
influences inference.

Overview of Bayesian Networks and Their
Structure

Before addressing the specific question, it is crucial to understand what
Bayesian networks are and how they encode dependencies among variables.

What Is a Bayesian Network?

A Bayesian network is a probabilistic graphical model that represents a set
of variables and their conditional dependencies through a directed acyclic
graph (DAG). Each node corresponds to a random variable, and edges denote
direct dependencies or causal relationships.

Key features include:
- Conditional Probability Tables (CPTs): Each node has an associated CPT that
quantifies the effects of parent nodes.
- DAG Structure: Ensures a proper representation of causal or probabilistic
dependencies without cycles.
- Inference Capability: Allows computation of the posterior probabilities of
certain variables given evidence.

Typical Variables in the Example Network

The network in Figure 14.2 usually includes the following variables:
- Burglary (B): Indicates whether a burglary has occurred.
- Earthquake (E): Indicates whether an earthquake has occurred.



- Alarm (A): Represents whether the alarm sounds.
- John Calls (J): Whether John calls after the alarm.
- Mary Calls (M): Whether Mary calls after the alarm.

The typical structure involves B and E as parent nodes influencing A, which
in turn influences J and M.

Understanding the Question: Are Burglary and
Earthquake Independent When No Evidence Is
Observed?

The core of the question is whether, in the absence of any observed evidence
(such as calls or alarm status), the variables for burglary and earthquake
are statistically independent.

Defining Independence in Bayesian Networks

Two variables, B and E, are independent if:
- The probability of B occurring is unaffected by whether E occurs, i.e., P(B
| E) = P(B).
- Similarly, P(E | B) = P(E).

In Bayesian networks, independence depends heavily on the network structure
and the presence or absence of evidence.

Implication of No Evidence

When no evidence is observed:
- The joint probability distribution over all variables is at its most
unconditioned state.
- Dependencies or independencies can be inferred solely from the structure.

In this context, the question reduces to whether B and E are connected
through the network in such a way that their probabilities influence each
other without any observed evidence.

Analyzing the Independence of Burglary and
Earthquake

To answer the question, we analyze the structure and the probabilistic
relationships encoded in the network.



Structural Independence in the Absence of Evidence

In the typical structure of Figure 14.2:
- B (Burglary) and E (Earthquake) are parent nodes of A (Alarm).
- B and E are not directly connected.
- The only connection between B and E is through their common child A.

This structure suggests that:
- B and E are initially independent.
- Any dependence between B and E would have to be mediated through A or other
variables.

However, because there are no observed variables, the joint probability P(B,
E) can be expressed as:

P(B, E) = P(B) P(E)

if B and E are marginally independent, which is typically assumed unless the
structure indicates otherwise.

Conditional Dependencies via the Network

- Without evidence: Since no variables are observed, the joint distribution
over B and E factorizes as the product of marginals if they are independent.
- With evidence: Observing the alarm or calls might introduce dependencies
(called explaining away), but in their absence, the variables remain
independent.

Formal Explanation Using Probabilistic
Reasoning

Let's formalize the reasoning to see why B and E are independent when no
evidence is observed.

Joint Probability Distribution

The joint distribution over all variables can be written as:

P(B, E, A, J, M) = P(B) P(E) P(A | B, E) P(J | A) P(M | A)

When no evidence is observed, the marginal over B and E is obtained by
summing out all other variables:

P(B, E) = Σ_A Σ_J Σ_M P(B, E, A, J, M)



Given the structure, and assuming B and E are marginally independent, this
simplifies to:

P(B, E) = P(B) P(E)

Since the summation over the other variables does not introduce dependence
between B and E, provided the independence assumptions hold, B and E remain
independent in the absence of evidence.

Intuition Behind the Formalism

- If B and E are not connected directly or through shared evidence, their
probabilities do not influence each other.
- Observing evidence (e.g., alarm sounding, calls) can create or eliminate
dependencies, but without evidence, the initial independence holds.

Summary and Practical Implications

In summary:

- In the Bayesian network of Figure 14.2, when no evidence is observed,
burglary and earthquake are independent variables.
- Their independence stems from the network structure, where they are parent
nodes of a common child (alarm) but are not directly connected or linked
through observed variables.
- The probability distribution factorizes as P(B, E) = P(B) P(E), indicating
no initial dependency.

Practical implications:

- When reasoning about the likelihood of a burglary or earthquake in
isolation, prior probabilities suffice if no evidence is available.
- Observations of alarms or calls can introduce dependencies, influencing the
likelihood of each event.
- Understanding these dependencies is crucial for designing effective
inference algorithms and making accurate probabilistic predictions.

Conclusion

The analysis of Bayesian networks reveals that the structure fundamentally
determines dependencies among variables. In the case of Figure 14.2, the
absence of evidence means that burglary and earthquake remain statistically
independent. This insight underscores the importance of network structure in
probabilistic reasoning and how evidence updates our beliefs about
interconnected variables. Whether in surveillance, risk assessment, or



decision-making, recognizing these foundational principles enables more
accurate and efficient inference in complex probabilistic models.

Frequently Asked Questions

In the Bayesian Network from Figure 14.2, if no
evidence is observed, are Burglary and Earthquake
considered independent variables?
Yes, when no evidence is observed, Burglary and Earthquake are considered
independent because their probabilities are not influenced by other variables
in the network.

How does the absence of evidence affect the
relationship between Burglary and Earthquake in the
network?
Without any observed evidence, Burglary and Earthquake remain independent,
meaning knowing one does not change the probability of the other.

Can the probabilities of Burglary and Earthquake be
calculated separately when no evidence is observed?
Yes, when no evidence is present, their probabilities can be computed
independently based on their prior probabilities in the network.

Does observing evidence elsewhere in the network
impact the independence of Burglary and Earthquake?
Yes, observing evidence related to other variables (like alarms or
burglaries) can create dependencies between Burglary and Earthquake through
Bayesian updating.

Why is it important to understand the independence
of variables in Bayesian Networks without evidence?
Understanding independence helps simplify probabilistic computations and
clarifies how variables influence each other in the absence of observed data.

In the context of Figure 14.2, what assumptions are
made about Burglary and Earthquake when no evidence



is observed?
The assumptions are that Burglary and Earthquake are initially independent
prior events, with their probabilities unaffected by other variables unless
evidence is introduced.
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Introduction

Bayesian networks (BNs) are powerful probabilistic models that represent the
joint distributions over a set of variables through directed acyclic graphs
(DAGs). They encode complex dependencies and independencies, providing a
structured way to perform probabilistic reasoning. Among the fundamental
concepts in Bayesian networks is the notion of independence, which dictates
how knowledge of some variables influences beliefs about others.

In the context of the Bayesian network depicted in Figure 14.2 (assumed to be
the classic burglary-earthquake alarm network), a key question arises: If no
evidence is observed—meaning no variables are instantiated—are the variables
"Burglary" and "Earthquake" independent? This inquiry probes the core of
probabilistic dependence and the structural implications embedded within the
network.

This article explores this question in depth, providing an analytical
examination of the conditions under which variables in a Bayesian network are
independent, and applying these principles to the specific case of "Burglary"
and "Earthquake" in the absence of evidence.

---

Background: The Structure of the Bayesian Network in Figure 14.2

The classic burglary network is often used as a pedagogical example to
illustrate Bayesian reasoning and the concept of conditional independence.
Its typical structure involves the following variables:

- Burglary (B): Whether a burglary occurs.
- Earthquake (E): Whether an earthquake occurs.
- Alarm (A): Whether the alarm goes off.
- JohnCalls (J): Whether John calls.
- MaryCalls (M): Whether Mary calls.

The dependencies are usually visualized as:



- B and E are root nodes, independent prior events.
- A depends on B and E.
- J and M depend on A.

A simplified graphical representation is:

```
B E
\ /
A
/ \
J M
```

In this structure:

- B and E are marginally independent.
- A depends on both B and E.
- J and M depend on A.

---

The Core Question: Are B (Burglary) and E (Earthquake) Independent in the
Absence of Evidence?

Understanding whether B and E are independent when no evidence is observed
involves analyzing their probabilistic relationship within the network's
structure.

---

Probabilistic Independence in Bayesian Networks

Marginal Independence: Two variables, X and Y, are marginally independent if:

\[ P(X, Y) = P(X) \times P(Y) \]

Conditional Independence: Two variables, X and Y, are conditionally
independent given a third variable Z if:

\[ P(X, Y | Z) = P(X | Z) \times P(Y | Z) \]

In Bayesian networks, the structure encodes conditional independencies. The
Markov condition states that each node is conditionally independent of its
non-descendants given its parents.

---

Analyzing Independence of Burglary and Earthquake

In the burglary network:



- Prior independence of B and E: Since B and E are root nodes with no direct
link, their prior probabilities are typically specified independently:

\[ P(B, E) = P(B) \times P(E) \]

- Conditional dependence via the Alarm (A): The variables B and E both
influence A, introducing a potential dependence between B and E when
considering their effect on A.

---

The Effect of No Evidence on B and E Independence

When no evidence is observed, the question reduces to whether B and E are
marginally independent in the prior distribution.

Key points:

- Structural independence: Given the network's structure, B and E are not
connected directly; no arc exists between them.
- Prior distribution assumption: If the prior probabilities \( P(B) \) and \(
P(E) \) are specified independently, then B and E are marginally independent.

Therefore:

- In the absence of evidence, the marginal distribution over B and E is:

\[ P(B, E) = P(B) \times P(E) \]

- Conclusion: Yes, in the absence of any observed evidence, Burglary and
Earthquake are marginally independent.

---

Nuances and Caveats

While the above seems straightforward, several subtleties deserve attention:

1. Model Assumptions and Priors

- The independence of B and E hinges on the assumption that their prior
probabilities are specified independently.
- If the model encodes any dependency (e.g., via a common cause or
correlation), then they would not be independent even without evidence.

2. Potential Hidden Dependencies

- In real-world scenarios, external factors could induce dependencies between
B and E.
- For the classic network, such dependencies are not modeled unless
explicitly included.



3. Conditional Independence and the Markov Blanket

- Both B and E are parents of A.
- The Markov blanket of B includes its children and co-parents, but E's only
child is A.
- Given no evidence, B and E are marginally independent; however, observing A
or its descendants can induce dependencies (explained further below).

---

Impact of Evidence on Dependence

It's instructive to understand how evidence influences the dependence between
B and E.

1. Evidence on Alarm (A)

- Observing A can introduce dependence between B and E.
- For instance, if the alarm goes off, the probability that B and E caused it
becomes correlated, because both are potential causes.

2. Evidence on John or Mary Calls (J or M)

- Observing J or M can also influence the dependence, mediated through A.

---

Formal Analysis: Independence in the Absence of Evidence

Let’s formalize the reasoning:

- Prior joint probability:

\[ P(B, E) = P(B) \times P(E) \]

- No observed evidence:

\[ P(B, E) \text{ marginally equals } P(B) \times P(E) \]

- Thus, B and E are marginally independent when no evidence is observed.

This aligns with the general principle in Bayesian networks that, unless
evidence is specified or the structure encodes dependencies, root nodes with
no direct links are marginally independent.

---

Practical Implications and Significance

Understanding the independence properties in this network is vital for
inference efficiency:



- Conditional independence allows for factorization of joint distributions,
simplifying calculations.
- Marginal independence indicates that, initially, knowledge about B provides
no information about E, and vice versa.
- When evidence is introduced, dependencies can be activated or deactivated,
which is essential for inference algorithms like variable elimination or
belief propagation.

---

Conclusion

In sum, within the classic Bayesian network depicted in Figure 14.2, if no
evidence is observed, Burglary (B) and Earthquake (E) are indeed marginally
independent. This independence stems from the network’s structure, where B
and E are root nodes with no direct or indirect connections in the absence of
evidence.

This fundamental property underscores the importance of the network's
structure in probabilistic reasoning, illustrating how the architecture of
dependencies governs the flow of information and the emergence of
dependencies. Recognizing these properties is crucial for designing efficient
inference algorithms and understanding the probabilistic relationships that
underpin decision-making under uncertainty.

---
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Note: The analysis assumes the standard parameters of the classic burglary
network and does not account for any model modifications or external factors
that might introduce dependencies between the root nodes.
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