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Abstract | | Simulation Analysis on 20-gene Network

_earning causal relationships between genes from steady state gene expression
orofiles i1s an important issue in system biology. Among the developed methods, the
nductive Causation (IC) algorithm has been proven to be effective for inferring
causal relationships among variables. However, simulation study in the context of
gene regulatory network shows that the IC algorithm, which uses only one single
data source, results in low precision and recall rates. To improve the performance,
we propose a joint learning scheme that integrates multiple data sources.We present
two algorithms, the modified IC (mIC) algorithm and the mIC CoD algorithm, that
combine steady state data with partial prior knowledge of gene topological ordering
iInformation, for jointly learning causal relationships among genes. We evaluate the
performance of the algorithms on synthetic datasets. The results 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 or Bayesian network model.
We further apply the algorithms on a melanoma microarray dataset, and identify
several important causal relationships within a network of 10 genes. Among the
discovered connections, the causal relationships associated with WNT5A, a gene
playing an important role in melanoma, are supported by literature.

Key Thoughts of Causality

1. Correlation does not mean causality.
2. Causality Is often inferred using temporal data. But temporal data alone is not
enough.
Example: Barometer falls before it rains, but it does not cause rain.
3. Statistical and philosophical literature warn: Unless one knows in advance all
causally relevant factors or unless one carefully manipulates some variables, no
genuine causal influences are possible".
Neither of the conditions Is realizable in most environments.
. Moreover, we have much more steady state data (e.g. from microarrays) than time
series or temporal data.
6. Can we infer some causal information from steady state data? Answer. To some

Simulation and Experiment

Simulation Methodology:
1. Generate M Boolean network (BN) connections with up to three input

elements for each node;
2. For each BN connection, generate N random Boolean functions for each

node;
3. Given one configuration (fixed connection and functions), get the
extent. . galtlionazr)é gigtribution of all atltrchtors; i o

. Collect ata points sampled from the stationary distribution: _
5. Repeat step 3 and step 4 for all M connections and N functions. Melanoma Dataset

For example: Suppose we have 3 variables A, B, and C obtained from the data

g~

that: A and B are dependent. B and C are dependent. and A and C are Notes:
independent. Think of A, B and C that satisfy the above. Most likely your Precision and Recall Measures: AThe 37 genes involved in this study chosen from 587
Interpretation of A, B and C would satisfy the causal relations AA B « C as shown Terms: genes from the melanoma data;
below. FN (false negatives), TP (true positives), TN (true negatives), FP (false A The following figure shows the gene network with 22
positives), PTP (partial true positives), PFN (false negatives), PTN genes out of those 37 genes;
MIC and miIC-CoD A|gorith ms (partial true negatives), and PFP (partial false positives)
Notes:
ABased on Judea Pearl 6s I C algorithm

AUniquely 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 g; and g; In a dataset, test pair wise conditional

independence. If they are dependent, search for a set Fig. Melanoma Data with 22 genes out of 37-gene dataset

Sij = {9« | g; and g; are independent given g,, with I<k<], or J<k<I} Prior Knowledge:
. . . . . . MMP3 is expected to be the end of the pathway
Construct an undirected graph G such that gi and gj are connected with an edge if Terms:
an only if they are pairwise dependent and no Sij can be found AFP (aggregate number of false positive), ATN (aggregate number of true -
negatives), AFN (aggregate number of false negatives) and ATP Findings:
2. Find v-structure: i (aggregate number of true positives) A Previous studies show that WNT5A has been identified as
~or each pair of nonadjacent genes g; and g; with common neighbor gy, if g,| S;, a gene of interest involved in melanoma;
K>1, and k>J, add arrowheads pointing at gy, such as g; ->gy <- g; AFN = |FN| + |PFN|/2, ATP = [TP| + |PTP|/2, A 6 causal connections have been discovered related

3. Orientate more directed edges according to rule: AFP = |FP[ + [PFP]/2, ATN = [TN] + [PTN}/2, WNT5A using causal algorithms.

Orientate the undirected edges without creating new cycles and v-structures

4" step for mIC_CoD algorithm:

4. Optimize the causal parents:
Optimization Step 1: For the candidate causal parent set G; of a gene g;, obtain all
of its non-empty subsets with cardinality less or equal to k, where k is the maximum
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