
Simulation Methodology:
Generate 100 networks with 20 nodes (genes) each and at most 3

parents to each node. For each of the 100 networks:

1. Generate a random proper Boolean function for each node

2. Assign random probabilities to the root node(s) and run the

deterministic Boolean network from all possible initial states,

obtaining the probability distribution of all possible network states

3. Collect 200 data points sampled from the stationary distribution

Precision and Recall Measures:
Terms:

FN (false negatives), TP (true positives), TN (true negatives), FP (false

positives), PTP (partial true positives), PFN (false negatives), PTN

(partial true negatives), and PFP (partial false positives)

Terms:

AFP (aggregate number of false positive), ATN (aggregate number of true

negatives), AFN (aggregate number of false negatives) and ATP

(aggregate number of true positives)

AFN = |FN| + |PFN|/2, ATP = |TP| + |PTP|/2,

AFP = |FP| + |PFP|/2, ATN = |TN| + |PTN|/2,

Transitive Closure Measures:
Å CC(X,Y) denoting X causally contributes to Y is true if there is a directed

path from X to Y;

Å PCC(X,Y) denoting X possibly causally contributes to Y is true if there is

a path from X to Y considering of properly directed edges and undirected

edges;
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Abstract

Learning causal relationships between genes from steady state gene expression profiles is an

important issue in bioinformatics and computational systems biology. Among the developed

methods, the Inductive Causation (IC) algorithm has been proven to be effective for inferring causal

relationships among variables. However, recent study in the context of gene regulatory networks

shows that the IC algorithm results in low precision and recall rates. To improve the performance, we

propose two algorithms, the modified IC (mIC) algorithm and the mIC_CoD algorithm, that utilize

partial prior knowledge of gene topological ordering information for learning causal relationships

among genes. We evaluate the performance of the algorithms on synthetic datasets and show that

the precision and recall rates using the mIC and the mIC_CoD algorithms are significantly improved

compared with those using the IC algorithm. We also evaluate the performance of mIC algorithm

against the more conventional Bayesian network (BN) inference method. The simulation study

shows that the mIC algorithm outperforms the Bayesian network method in both precision and recall

rates. We further apply the algorithms on a melanoma microarray dataset, and identify several

important causal relationships within a network of genes. Among the discovered connections, the

causal relationships associated with WNT5A, a gene playing an important role in melanoma, is

supported by literature. Current efforts involve further comparisons of the four algorithms (IC, mIC,

mIC_CoD, BN) across synthetic data sets of varying numbers of variables and samples, as well as

further validation against current real-world data.

Boolean Networks for Synthetic Data Generation

1. Correlation does not mean causality.

2. Causality is often inferred using temporal data. But temporal data alone is not enough, i.e. the

barometer falls before it rains, but it does not cause the rain.

3. Statistical and philosophical literature warn: ñUnlessone knows in advance all causally relevant

factors or unless one carefully manipulates some variables, no genuine causal influences are

possible.ò

4. We have much more steady state data (e.g. from microarrays) available than temporal data. We

should strive to utilize this wealth of data.

5. Can causal relationships be inferred from steady state data?

Answer: To some extent

Key Thoughts of Causality

mIC and mIC-CoD Algorithms

Simulation Analysis on 20-gene Network

Notes:
ÅBased on Judea Pearlôs IC algorithm
ÅUniquely incorporates both topological ordering information and steady state data to infer 
causality

3 Common Steps of mIC and mIC_CoD algorithms:
1. Find conditional independence:

For each pair of gene gi and gj in a dataset, test pair-wise conditional independence.  If they are 
dependent, search for a set

Sij = {gk | gi and gj are independent given gk, with i<k<j, or j<k<i}

Construct an undirected graph G such that gi and gj are connected with an edge if an only if 
they are pair-wise dependent and no Sij can be found.

2. Find v-structures:
For each pair of nonadjacent genes gi and gj with common neighbor gk, if gk Sij, k>i, and k>j, 
direct edges to gk, such as:

3. Direct as many edges as possible according to rule:
Directed edges must not create any cycles or new v-structures.

4th step for mIC_CoD algorithm:
4. Optimize the causal parents:

Step 1: For the candidate causal parent set Gj of a gene gi, obtain all of its non-empty subsets 
with cardinality less or equal to k, where k is the maximum number of parents allowed for gi, 
and then compute the corresponding CoD values.
Step 2: Choose the subset with highest CoD value as the new causal parent set for gi.
Step 3: Repeat optimization steps 1 and 2 for all other genes.

Melanoma Dataset
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Notes:
ÅThe 10 genes involved in this study chosen from 587 genes from the 

melanoma data

Prior Knowledge:
ÅMMP-3 is known to be at the end of the pathway

Findings:
Åpirin causally influences WNT5A (literature-verified)

ÅWNT5A causally influences MART-1 (literature-verified)

ÅProbability of obtaining the two literature-verified causal relationships 

by chance with this dataset is less than 1.4%

ÅProbability of the eleven total causal relationships identified being 

obtained by chance is less than 2E-12.

For example: Suppose we have 3 variables A,

B, and C obtained from the data such that A

and C are dependent, B and C are

dependent, but A and B are independent.

How could we model this relationship

graphically? Most likely your interpretation of

A, B and C would satisfy the causal

relationships shown here.
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A diagram illustrating cell 

cycle regulation (left) and 

the logic diagram describing 

the same activity (top)

Shmulevich, I.; Dougherty, E. R.; Zhang,
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A Boolean Network G(V, F) is defined by a set of nodes V = {x1, x2i, é, xn} and

a set of Boolean functions F = {f1, f2, é, fn}. Each xi �Ð{0, 1}, i = 1, é, n is a

binary variable whose value at time t + 1 is completely determined by the

values of some ki other genes at time t by means of a

Boolean function fi �ÐF. A Proper Boolean Function is one such that each input

influences the output value. We can then write:

Figure: Learned causal network for the 

10-gene melanoma dataset

Current and Future Work:

Further simulation studies:
ÅVary the size of the dataset (10 genes to 500 genes)

ÅVary the number of samples (50 samples to 500 samples)

ÅVary the amount of prior knowledge given to the algorithms

Further real data studies:
ÅApply algorithms to larger and newer cancer datasets

Further comparisons:
ÅCompare synthetic and real-world performance with Bayesian 

networks

http://sysbio.fulton.asu.edu


