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Abstract: In order to gain more illicit profit, some traders in the stock
market try to make a targeted impact on prices by placing fake orders and
false advertising. Due to the high customer population, it is not possible to
discover these frauds using traditional methods. The present study seeks to
provide a system for preventing the frauds in future market-trading coins
based on Bayesian classifier model for Iran Mercantile Exchange. The
proposed model has polynomial time complexity and high accuracy because
of considering important dependencies among different features of data. The
primary labeling of data has been done by Kmeans clustering. The test of
model shows 94.55 percent similarity between model's output and labeled
data. Using this system can helps to identify the fraudulent from non-
fraudulent traders.
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. Conditional Probabilities Distribution (CPD)
. Complete Data

. Incomplete Data

. Optimization over structure

. Combined

. Inference

. Domain
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1. Spoof Trading

2. Layering

3. Eigen System

4. K- Nearest Neighbor

5. Distance Based Outlier Detection
6. Replicator Neural Network
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1. Principal Component Analysis
2. Peer Group Analysis
3. Local
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1. Self-Organizing Map
2. Threshold Type
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Algorithm: K means clustering

1- Minimize distance between every data point and the correspondent centroid, by this function:

1=, X0y kil

2- K«—choose randomly £ of our points as partition centers.
3- For m=1 to number of centers do
For n=1 to number of data do
Distance [m, n]<—compute the distance between every data point[n] on the set
with center[m]
End For
End For
4-Assign each point to the nearest cluster center.
5- For i=1 to number of centers do
Update the cluster center positions by using the following formula:
1 .
NPe g
End For
6- If the cluster centers change, Then repeat the process from 3 Else finish the process of k means
clustering algorithm and get the partition’s members and centroids.
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1 .Tree Augmented Naive Bayesian (TAN)
2. Discretization
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Algorithm: Discretization

Chi2 Function (att - attribute)
Phase 1:
a «.5
While (InConCheck (data) <&) do /Function InConCheck() returns an inconsistency rate
found in the discretized data/
For each numeric att do
Sort (att, data)
Chi-sg-init (att, data)
While (Merge (data)) do/Function Merge () returns true or false
depending on whether the concerned attribute is merged or not/
Chi-sq-calculation (att, data)
End While
End For
ay < a
a « decreSigLevel ()
End While
Phase 2:
For i=1 to number of tt do
sigLvl[i] « aq
End For
While (no-att-can-be-merged) do
For each mergeable att do
Sort (att, data)
chi-sq-init(att, data)
While (Merge (data)) do
Chi-sq-calculation (att, data)
End While
If (InConCheck(data) < §)
sigLvl[i] «decreSigLevel(sigLvl[i]);
Else
att i is not mergeable;
End For
End While
End Function

(53l 52,551 S
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Vyp = argmax P(v]-) HP(ailvj) Vyap = argmax P(Vj|a1, ...,an) (\" 319_31)
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Algorithm: TAN classification

1- Compute the mutual information between each pair of attributes: A;, A;

P(xy|z
(A s Ay | ©) =Teai Zyen Zeec P(x,Y,2) 108 (o it )

2- Build a complete undirected graph in which the vertices are the attributes n variables. The
edges are weighted according to the pairwise mutual information

3- Build a maximum weighted spanning tree (MWST) using Algorithm: Maximum weighted
spanning tree

4- Transform the resulting undirected graph to a directed graph by selecting the class variable as
the root node and setting the direction of all edges outward from it

5- Construct a TAN model by adding an arc from the class variable to all other variables

6- Determine each customer is guilty or not and its probability based on parameters are gained in
classifier

TAN @ ,g51.Y S
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Algorithm: Maximum weighted spanning tree
MWST-KRUSKAL Function (G,w)
I-A«0

2 - For each vertex v € G.V

3 - MAKE-SET (v)

4- Sort the edges of G.E into decreasing order by weight w

- For each edge (u,v) € G.E, taken in decreasing order by weight
- If FIND-SET (u) # FIND-SET (v)

-A =AU {(uy))

- UNION (u,v)

- Return A

Mol S -

End Function
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Algorithm: Main

1- For i=1 to number of data do
Assign the Label of each data using Algorithm: Kmeans clustering
/non guilty or guilty/
End For
2- For j=1 to number of customers do
Determine customer [j] is not guilty or guilty using Algorithm: Model Designing
End For
3- Validate proposed method
Compute the amount of percentage of compliance between two labeling.

Algorithm: Model Designing

1-For j=1 to number of continuous feature do

Discrete the amount of data in feature [j] using Algorithm: Discretization
End For
2-Make TAN classification using Algorithm: TAN classification and labeling data
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