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Abstract:

With the enormous scientific progress that technology is witnessing at the moment,
new types of systems have emerged called smart systems. That have been developed and
used in many current applications Genetic algorithms. Were used in this research to study
the distribution of Boltzmann, which is subject to the composition of ribosomal RNA, and
included the suggestion of a genetic algorithm that combines the method of the maximum
likelihood with the method of generation constraint to estimate the Boltzmann distribution
parameter represented by the RNA parameter.
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The results showed that the embedded genetic algorithm is better for estimating the
RNA string parameter than previous methods.
Matlab has been used in writing research algorithms and finding results.
Keywords: genetic algorithm, Boltzmann distribution, Maximum Likelihood, generation
constraint.
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A g1l pe 220 SISy (3 aklly ¥l Jalaill oY) e JS )l Bae LA o (Ll
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e Afail) £ o P &
Jua¥l P g 5 (Jj:‘-“) j\:‘x\ PRl g | 0% MI;ECG
1. 100 Uniform Scattered Gaussian | 1.6802 -0.60821x10"
2. 100 Uniform Single Point | Gaussian | -1.1047 | -0.60071422x10°
3. 49 Uniform Single Point | Uniform | 0.9473 -0.19333%10!
4. 25 Uniform Single Point | Uniform | 0.9271 -0.18519+10!
5. 150 Uniform Scattered Gaussian | -0.6536 | -0.20924291x10°
6. 29 Uniform Scattered Gaussian | -0.2012 | -0.19819812x10°
7. 100 Uniform Single Point | Gaussian | -0.1867 | -0.16704016%10%*
8. 52 Uniform Intermediate | Uniform | 0.9713 -0.20324+*10*
Q. 100 | Stochastic Uniform Scattered Gaussian | 2.3818 -0.12222x10?
10. | 100 Roulette Scattered Gaussian | 1.8310 -0.72234+%10"
11. | 100 Roulette Heuristic Uniform | 0.9554 -0.19665%10!
12. | 100 Roulette Intermediate | Uniform | 0.9689 -0.20226+*10*
13. 73 Roulette Intermediate | Uniform | 0.9891 -0.20773*10"
14 84 Roulette Intermediate | Uniform | 0.9544 -0.19623*10!
15. | 99 Roulette Scattered Uniform | 0.8698 -0.16299*10!
16. 77 Roulette Heuristic Uniform | 0.9901 -0.21122*10*
17. | 64 Roulette Single Point | Uniform | 0.9461 -0.19286+10!
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¥ gioe (J:.J:ﬂ‘) j\:m fkies | 04 MI;ECG
18. 59 Uniform Heuristic Gaussian | -0.8992 | -0.39596007+10°
19. 80 Uniform Intermediate | Gaussian | -0.8334 | -0.34018509+10°
20. 35 Uniform Scattered Gaussian | 0.9943 -0.21300x10*
21. | 174 Roulette Scattered | Gaussian | 2.8772 -0.17959#10%**
22. | 221 Uniform Intermediate | Uniform | 0.9423 -0.19132x*10*
23. | 387 Uniform Heuristic Uniform | 1.1791 -0.29955#10!
24. | 454 Roulette Single Point | Gaussian | 1.9556 -0.82397%10!
25. | 597 | Stochastic Uniform Scattered Gaussian | -0.4373 | -0.93656995#10°
26. | 619 Roulette Single Point | Gaussian | -0.8236 | -0.33950690+*10°
27. | 735 Uniform Heuristic Uniform | 1.1191 -0.26981*10*
28. | 1129 Uniform Intermediate | Gaussian | -1.3164 | -0.84873490x10°
29. | 1250 Roulette Single Point | Uniform | 0.8995 -0.17431%10*
30. Stochastic Uniform Scattered Gaussian | 1.7154 -0.63398+10!
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