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ABSTRACT

While the quality of life is enhanced as many types of diseases are remedied, there is a high demand for analysis and research on
gene-related diseases. There exists various forms and requirements in analyzing the relevance between genes and diseases, and the
runtime efficiency can be decreased due to the level of algorithm optimization. This paper proposes a platform for analyzing gene disease
relevance, provides API for remedying the variability issue, and suggests two algorithms which optimize the runtime efficiency. And, we
conduct experiments for measuring the relevancy using the analysis API, and compare the two algorithms. The first algorithm is to
improve the runtime efficiency comparing to the conventional methods, and the second algorithm is to improve the runtime efficiency with

lower accuracy. This platform can be well utilized for analyzing various forms of gene disease analytics.
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5.1 Finding Genes for given Disease
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Table 4. A Disease and Gene Relation Algorithm

Algorithm 1. A Disease and Gene Relation Algorithm

input: x, disease, allRelation

output: set of Gene genes

function findRelatedGenes_SD()
cmmRel :=allRelation[’diseaselD’ is disease]
cmmGene = cmmRell[’sourceGenelD’]
for each i in cmmGene:
Genes :=(average relevance to all path 1)
genes.sort()

N OO W N

return genes[:x]
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Table 8. Relation Measurement Algorithm
Algorithm 5. Relation Measurement Algorithm

input: graph, source, target
output: set of distance dist, path of predecessor pred,
relevance value score

1 | function dijstra(graph, source, target)
2 for node in graph:

3 if node == source:

4 palnode] := 1

5 else

6 palnode] = 0

7 endif

8 while pq:

9 node, pq := find_current_node()
10 for nghb in graph[node]:

11 if nghb in pq:

12 new_score:= dist[node]*graph[nodellnghb]
13 if new_score > pglnghbl:
14

15 endif

16 endif

17 endfor

18 if node == tareget:

19 return dist, pred, dist[target]
20 endif

21 endwhile
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Table 9. Dynamic Programming Based Algorithm

Algorithm 6. Dynamic Programming Based Algorithm
input: graph, source gene, target gene, record

output: set of distance, path of predecessor, relevance
1 | function optimized_algorithm()

2
3 while pq is not empty:

4 node := find_current_node(pq)
5 if (source to target) in record:
6

7

8

pred, dist ‘= record|[(source to target)]
return dist, pred, dist[target]

else:

9 for each nghb in node neighbors list:
10 score:=(relevance from node to nghb)
11 if score > (previous relevance path):
12
13 record[(source to target)] := (pred, dist)

14 return dist, pred, dist[target]
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Table 10. Approximation Based Algorithm
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