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Abstract. The analysis of textual data is essential in order to get information about events taking place in the 

world. Due to the rapid development of the Internet, the increase in the number of websites, blogs and social networks, 
the problem of automatic data processing arises. The use of machine learning algorithms has an important role for the 
analysis of the emotional aspect of the news topics posted on the network and user opinions on the events described in 
them. This article has reviewed systems monitoring social media content and the development of a module for automatic 
classification of the sentiment of emotional aspects of the news topics and user comments using machine learning 
algorithms for OMSystem. 
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1.

Accuracy 0.88 Accuracy 0.88
Precision 0.86 Precision 0.87

Recall 0.96 Recall 0.94
F-measure 0.90 F-measure 0.90

-

Accuracy 0.83 Accuracy 0.90 
Precision 0.83 Precision 0.89 

Recall 0.91 Recall 0.95 
F-measure 0.87 F-measure 0.92 

Accuracy 0.75 Accuracy 0.81 
Precision 0.80 Precision 0.78 

Recall 0.77 Recall 0.96 
F-measure 0.79 F-measure 0.86 



Accuracy 0.73 Accuracy 0.71
Precision 0.79 Precision 0.85

Recall 0.62 Recall 0.50
F-measure 0.69 F-measure 0.64

-

Accuracy 0.69 Accuracy 0.74
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Recall 0.80 Recall 0.71

F-measure 0.72 F-measure 0.73

Accuracy 0.62 Accuracy 0.71
Precision 0.67 Precision 0.79

Recall 0.44 Recall 0.55
F-measure 0.53 F-measure 0.65
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TECHNOLOGY OF OBTAINING NANOSTRUCTURED SILICON FILMS AND  
COMPARISON OF THEIR REFLECTIVE PROPERTIES 

 
Abstract. The work is devoted to technology of producing silicon films containing nanostructures. The 

dependence of reflective properties of experimentally obtained nanostructures of silicon films on incident radiation 
wavelength was studied and comparative analysis was performed. The results were compared with similar dependence of 
monocrystalline silicon films without nanostructures. 

Key words: porous silicon, nanostructure, silicon nanowires, chemical deposition method, electro-chemical 
anodizing, reflection, morphology. 

 


