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ʥʦʛʦ ʪʝʭʥʽʯʥʦʛʦ ʫʥʽʚʝʨʩʠʪʝʪʫ ʄʽʥʽʩʪʝʨʩʪʚʘ ʦʩʚʽʪʠ ʽ ʥʘʫʢʠ ʋʢʨʘʾʥʠ (ʧʨʦ-
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ʋ ʥʘʚʯʘʣʴʥʦʤʫ ʧʦʩʽʙʥʠʢʫ ʚʠʢʣʘʜʝʥʦ ʪʝʦʨʝʪʠʯʥʽ ʚʽʜʦʤʦʩʪʽ ʧʨʦ ʦʩʥʦʚʥʽ ʧʦʥʷʪʪʷ, 

ʤʝʪʦʜʠ  ̔ʟʘʩʦʙʠ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ (Data Science), ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʽ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ 
(Machine Learning & Artificial  Intelligence) ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ 
(Intellectual Data Analyze), ʘ ʪʘʢʦʞ ʧʨʘʢʪʠʯʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ ʜʣʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʩʫʯʘʩʥʠʭ 
ʪʝʭʥʦʣʦʛʽʡ ʧʨʠ ʨʦʟʚôʷʟʘʥʥʽ ʯʠʩʣʝʥʥʠʭ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ ʪʘ ʧʨʦʙʣʝʤ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʽʟʫ. 
ʅʘʚʝʜʝʥʦ ʧʝʨʝʣʽʢ ʢʦʥʪʨʦʣʴʥʠʭ ʟʘʧʠʪʘʥʴ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʥʘʙʫʪʠʭ ʪʝʦʨʝʪʠʯʥʠʭ ʟʥʘʥʴ ʪʘ 

ʧʨʘʢʪʠʯʥʠʭ ʥʘʚʠʯʦʢ. 
ʇʦʩʽʙʥʠʢ ʨʝʢʦʤʝʥʜʫʻʪʴʩʷ ʜʣʷ ʟʜʦʙʫʚʘʯʽʚ ʚʠʱʦʾ ʦʩʚʽʪʠ, ʷʢʽ ʥʘʚʯʘʶʪʴʩʷ ʟʘ ʩʧʝʮʽ-

ʘʣʴʥʦʩʪʷʤʠ 124 ï çʉʠʩʪʝʤʥʠʡ ʘʥʘʣʽʟè ʪʘ 126 ï çɯʥʬʦʨʤʘʮʽʡʥʽ ʩʠʩʪʝʤʠ ʪʘ ʪʝʭʥʦʣʦʛʽʾè 
ɯ, ɯɯ ʪʘ ɯɯɯ ʨʽʚʥʽʚ ʧʨʠ ʚʠʚʯʝʥʥʽ ʥʘʩʪʫʧʥʠʭ ʜʠʩʮʠʧʣʽʥ: çɯʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʤʦʥʽʪʦ-
ʨʠʥʛʫ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭè, çɯʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʘʥʘʣʽʟʫ ʩʪʘʥʫ ʩʢʣʘ-
ʜʥʠʭ ʩʠʩʪʝʤè, çɯʥʬʦʨʤʘʮʽʡʥʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʪʝʭʥʦʣʦʛʽʾè, çɯʥʪʝʨʥʝʪ ʨʝʯʝʡ ʪʘ ʽʥʪʝʣʝʢ-
ʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭè, çɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭè, çʉʠʩʪʝʤʥʠʡ ʘʥʘʣʽʟè, çɯʥʬʦ-

ʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴè, çʊʝʭʥʦʣʦʛʽʾ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷè, çɸʥʘʣʽʟ 
ʟʦʙʨʘʞʝʥʴè, çʉʤʘʨʪ-ʪʝʭʥʦʣʦʛʽʾè, çɸʥʘʣʽʟ ʜʘʥʠʭè, ʘ ʪʘʢʦʞ ï ʜʣʷ ʩʪʫʜʝʥʪʽʚ, ʷʢʽ ʧʨʦʭʦ-
ʜʷʪʴ ʥʘʚʯʘʣʴʥʫ, ʚʠʨʦʙʥʠʯʫ  ̔ʧʝʨʝʜʜʠʧʣʦʤʥʫ ʧʨʘʢʪʠʢʫ, ʪʘ ʜʣʷ ʧʝʜʘʛʦʛʽʯʥʦʾ ʧʨʘʢʪʠʢʠ 
ʘʩʧʽʨʘʥʪʽʚ. 
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ɺʉʊʋʇ 

 

 

ʅʘʫʢʘ ʧʨʦ ʜʘʥʽ, ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ 
ʤʦʜʝʣʝʡ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʮʠʭ ʤʦʜʝʣʝʡ 

ʩʪʘʶʪʴ ʜʝʜʘʣʽ ʘʢʪʫʘʣʴʥʽʰʠʤʠ ʪʘ ʧʦʰʠʨʝʥʽʰʠʤʠ ʚ ʫʩʽʭ ʩʬʝʨʘʭ ʥʘʰʦʛʦ 

ʞʠʪʪʷ. ʆʩʦʙʣʠʚʦ ʙʫʨʭʣʠʚʦ ʟʘʨʘʟ ʨʦʟʚʠʚʘʶʪʴʩʷ ʥʘʧʨʷʤʠ, ʦʩʥʦʚʘʥʽ ʥʘ 
ʚʠʢʦʨʠʩʪʘʥʥʽ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ ʪʘ ʩʝʨʚʽʩʽʚ ʥʘ ʢʰʪʘʣʪ ChatGPT ʚʽʜ 

OpenAI. ʆʜʥʘʢ, ʝʬʝʢʪʠʚʥʽʩʪʴ ʨʦʟʚôʷʟʘʥʥʷ ʙʫʜʴ-ʷʢʦʾ ʟʘʜʘʯʽ ʟʘʣʝʞʠʪʴ ʚʽʜ ʾʾ 

ʧʨʘʚʠʣʴʥʦʾ ʧʦʩʪʘʥʦʚʢʠ, ʚʠʙʨʘʥʠʭ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʘʨʭʽʪʝʢʪʫʨʠ 

ʤʦʜʝʣʝʡ, ʚʠʙʨʘʥʠʭ ʤʝʪʦʜʽʚ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʪʘ ʨʝʟʫʣʴʪʘʪʽʚ ʧʝʨʝʜʙʘʯʝʥʥʷ ʟ 
ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʮʠʭ ʤʦʜʝʣʝʡ. ChatGPT ʪʘ ʡʦʛʦ ʘʥʘʣʦʛʠ ʨʦʟʚôʷʟʫʶʪʴ ʙʘʛʘʪʦ 

ʟʘʜʘʯ, ʘʣʝ ʜʘʣʝʢʦ ʥʝ ʫʩʽ ï ʚʩʝ ʦʜʥʦ, ʧʦʪʨʽʙʥʠʡ ʜʘʪʘʩʘʡʥʪʠʩʪ, ʪʦʙʪʦ ʚʯʝʥʠʡ ʟ 

ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ, ʷʢʠʡ ʧʨʘʚʠʣʴʥʦ ʧʦʩʪʘʚʠʪʴ ʟʘʜʘʯʫ, ʩʬʦʨʤʫʣʶʻ ʟʘʧʠʪ, 
ʚʝʨʠʬʽʢʫʻ ʚʽʜʧʦʚʽʜʴ (ChatGPT ʯʘʩʪʦ çʛʘʣʶʮʽʦʥʫʻè, ʪʦʙʪʦ ʩʠʥʪʝʟʫʻ 

ʚʠʧʘʜʢʦʚʫ, ʘ ʥʝ ï ʧʨʘʚʠʣʴʥʫ ʚʽʜʧʦʚʽʜʴ), ʚʠʢʦʨʠʩʪʘʻ ʾʾ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ. 

ʈʦʟʚôʷʟʫʚʘʪʠ ʟʘʜʘʯʽ ʩʪʘʣʦ ʥʘʙʘʛʘʪʦ ʣʝʛʰʝ, ʨʦʙʦʪʘ ʩʪʘʣʘ ʙʽʣʴʰ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʶ, ʘ ʥʝ ï ʨʫʪʠʥʥʦʶ. ʇʨʦ ʮʝ ʪʘ ʽʥʰʝ ʙʫʜʝ ʫ ʮʴʦʤʫ ʧʦʩʽʙʥʠʢʫ. 
ʄʝʪʘ ʜʘʥʦʛʦ ʧʦʩʽʙʥʠʢʘ ï ʦʟʥʘʡʦʤʠʪʠ ʩʪʫʜʝʥʪʽʚ ʪʘ ʘʩʧʽʨʘʥʪʽʚ ʽʟ 

ʦʩʥʦʚʥʠʤʠ ʧʦʥʷʪʪʷʤʠ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ, ʦʩʥʦʚʥʠʤʠ ʟʥʘʥʥʷʤʠ ʽ ʥʘʚʠʯʢʘʤʠ 

ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʤʘʰʠʥʥʦʛʦ ʽ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ, 
ʤʝʪʦʜʘʤʠ ʽ ʟʘʩʦʙʘʤʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʥʝʦʙʭʽʜʥʠʤʠ ʜʣʷ 

ʨʦʟʚôʷʟʘʥʥʷ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ ʨʽʟʥʦʾ ʩʢʣʘʜʥʦʩʪʽ, ʘ ʪʘʢʦʞ ï ʜʣʷ ʦʧʪʠʤʘʣʴʥʦʛʦ 

ʚʠʙʦʨʫ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʩʝʨʚʽʩʽʚ ʜʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʮʴʦʛʦ 

ʧʨʦʮʝʩʫ.  
ʇʦʩʽʙʥʠʢ ʤʘʻ ʯʽʪʢʫ ʧʨʘʢʪʠʯʥʫ ʩʧʨʷʤʦʚʘʥʽʩʪʴ, ʪʦʙʪʦ ʚʝʩʴ ʤʘʪʝʨʽʘʣ 

ʚʠʢʣʘʜʝʥʠʡ ʚ ʢʦʥʪʝʢʩʪʽ ʨʦʟʚôʷʟʘʥʥʷ ʧʨʠʢʣʘʜʥʠʭ ʟʘʜʘʯ. ɸʚʪʦʨʠ ʥʝ ʩʪʘʚʠʣʠ ʟʘ 

ʤʝʪʫ ʜʫʙʣʶʚʘʪʠ ʢʣʘʩʠʯʥʽ ʚʠʜʘʥʥʷ ʟ ʪʝʦʨʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʯʠ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʯʠ ʥʘʫʢʽ ʧʨʦ ʜʘʥʽ. ʏʠʤʘʣʦ ʚʠʟʥʘʯʝʥʴ ʥʘʚʝʜʝʥʦ ʚ 
ʘʚʪʦʨʩʴʢʽʡ ʽʥʪʝʨʧʨʝʪʘʮʽʾ. ɯʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʦʧʠʩʘʥʽ ʤʘʢʩʠʤʘʣʴʥʦ 

ʩʪʠʩʣʦ, ʘʣʝ ʜʦʩʪʘʪʥʴʦ, ʱʦʙ ʨʦʟʫʤʽʪʠ ʚʽʜʤʽʥʥʦʩʪʽ ʤʽʞ ʥʠʤʠ ʽ ʱʦʙ ʤʦʞʥʘ ʙʫʣʦ 

ʚʠʙʨʘʪʠ ʦʧʪʠʤʘʣʴʥʽ ʜʣʷ ʪʽʻʾ ʯʠ ʽʥʰʦʾ ʟʘʜʘʯʽ. ɺ ʪʝʢʩʪʽ ʻ ʙʽʣʴʰʝ ʩʦʪʥʽ ʧʦʩʠʣʘʥʴ 
ʥʘ ʨʽʟʥʽ Python-ʥʦʫʪʙʫʢʠ ʟ ʧʨʦʛʨʘʤʥʠʤʠ ʨʽʰʝʥʥʷ ʱʦʜʦ ʢʦʞʥʦʾ ʪʝʤʠ. ʂʨʽʤ 

ʪʦʛʦ, ʻ ʙʘʛʘʪʦ ʧʦʩʠʣʘʥʴ ʥʘ ʩʫʯʘʩʥʽ ʩʢʣʘʜʥʽ ʧʨʦʛʨʘʤʥʽ ʨʽʰʝʥʥʷ, ʷʢʽ 

ʥʝʤʦʞʣʠʚʦ ʦʪʨʠʤʘʪʠ, ʢʦʦʨʠʩʪʫʶʯʠʩʴ ʦʜʥʠʤ ChatGPT ʯʠ ʜʦʢʫʤʝʥʪʘʮʽʻʶ. ʋ 

ʙʽʣʴʰʦʩʪʽ ʨʦʟʜʽʣʽʚ ʻ ʦʧʠʩ ʨʽʰʝʥʴ, ʷʢʽ ʧʝʨʝʤʦʛʣʠ ʥʘ ʢʦʥʢʫʨʩʘʭ 
ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ, ʧʝʨʝʜʫʩʽʤ 2022 ʽ 2023 ʨʦʢʽʚ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʜʽʡʩʥʦ 

ʩʫʯʘʩʥʠʭ ʨʽʰʝʥʴ ʪʘ ʟ ʧʨʠʢʣʘʜʘʤʠ ʾʭ ʝʬʝʢʪʠʚʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ï ʚʠʚʯʝʥʥʷ 

ʪʘʢʦʛʦ ʜʦʩʚʽʜʫ ʜʦʟʚʦʣʠʪʴ ʩʫʪʪʻʚʦ ʫʜʦʩʢʦʥʘʣʠʪʠ ʨʽʚʝʥʴ ʟʥʘʥʴ ʯʠʪʘʯʽʚ. 
ʇʦʩʽʙʥʠʢ ʙʫʜʝ ʢʦʨʠʩʥʠʤ ʟʜʦʙʫʚʘʯʘʤ ʚʠʱʦʾ ʦʩʚʽʪʠ, ʷʢʽ ʥʘʚʯʘʶʪʴʩʷ ʟʘ 

ʩʧʝʮʽʘʣʴʥʦʩʪʷʤʠ 124 ï çʉʠʩʪʝʤʥʠʡ ʘʥʘʣʽʟè ʪʘ 126 ï çɯʥʬʦʨʤʘʮʽʡʥʽ ʩʠʩʪʝʤʠ 

ʪʘ ʪʝʭʥʦʣʦʛʽʾè ɯ, ɯɯ ʪʘ ɯɯɯ ʨʽʚʥʽʚ ʧʨʠ ʚʠʚʯʝʥʥʽ ʥʘʩʪʫʧʥʠʭ ʜʠʩʮʠʧʣʽʥ: 

çɯʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭè, çɯʥʬʦʨʤʘʮʽʡʥʽ 
ʪʝʭʥʦʣʦʛʽʾ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʘʥʘʣʽʟʫ ʩʪʘʥʫ ʩʢʣʘʜʥʠʭ ʩʠʩʪʝʤè, çɯʥʬʦʨʤʘʮʽʡʥʽ 
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ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʪʝʭʥʦʣʦʛʽʾè, çɯʥʪʝʨʥʝʪ ʨʝʯʝʡ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ 

ʜʘʥʠʭè, çɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭè, çʉʠʩʪʝʤʥʠʡ ʘʥʘʣʽʟè, 

çɯʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴè, çʊʝʭʥʦʣʦʛʽʾ ʤʘʰʠʥʥʦʛʦ 
ʥʘʚʯʘʥʥʷè, çɸʥʘʣʽʟ ʟʦʙʨʘʞʝʥʴè, çʉʤʘʨʪ-ʪʝʭʥʦʣʦʛʽʾè, çɸʥʘʣʽʟ ʜʘʥʠʭè, ʘ 

ʪʘʢʦʞ ï ʜʣʷ ʩʪʫʜʝʥʪʽʚ, ʷʢʽ ʧʨʦʭʦʜʷʪʴ ʥʘʚʯʘʣʴʥʫ, ʚʠʨʦʙʥʠʯʫ ʽ ʧʝʨʝʜʜʠʧʣʦʤʥʫ 

ʧʨʘʢʪʠʢʫ, ʪʘ ʜʣʷ ʧʝʜʘʛʦʛʽʯʥʦʾ ʧʨʘʢʪʠʢʠ ʘʩʧʽʨʘʥʪʽʚ. ʄʘʪʝʨʽʘʣ ʧʦʩʽʙʥʠʢʘ 

ʤʦʞʝ ʙʫʪʠ ʢʦʨʠʩʥʠʤ ʽ ʜʣʷ ʩʣʫʭʘʯʽʚ ʜʨʫʛʦʾ ʚʠʱʦʾ ʦʩʚʽʪʠ ʟ ʩʠʩʪʝʤʥʦʛʦ 
ʘʥʘʣʽʟʫ, ʟ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʩʠʩʪʝʤ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʩʪʫʜʝʥʪʘʤ ʽʥʰʠʭ 

ʩʧʝʮʽʘʣʴʥʦʩʪʝʡ, ʷʢʽ ʥʝʜʦʩʪʘʪʥʴʦ ʚʦʣʦʜʽʶʪʴ ʦʩʥʦʚʥʠʤʠ ʟʥʘʥʥʷʤʠ ʪʘ 

ʥʘʚʠʯʢʘʤʠ ʨʦʙʦʪʠ ʫ ʮʽʡ ʩʬʝʨʽ. 
ʇʦʩʽʙʥʠʢ ʤʽʩʪʠʪʴ ʪʘʢ ̔ʨʦʟʜʽʣʠ: 

1. ɿʘʛʘʣʴʥʽ ʘʩʧʝʢʪʠ ʧʦʩʪʘʥʦʚʢʠ ʪʘ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ ʪʘ 
ʧʦʥʷʪʪʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. 

2. ʇʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʪʘ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ (EDA). 
3. ɯʥʞʝʥʝʨʽʷ ʦʟʥʘʢ (Feature Engineering). 

4. ʇʦʙʫʜʦʚʘ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

5. ʅʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʪʘ ʛʣʠʙʦʢʝ ʥʘʚʯʘʥʥʷ. 
6. ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʟʦʙʨʘʞʝʥʴ ʪʘ ʚʽʜʝʦ. 

7. ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʪʘ ʦʙʨʦʙʣʝʥʥʷ ʧʨʠʨʦʜʥʦʤʦʚʥʦʛʦ ʪʝʢʩʪʫ. 

8. ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ. 

ʋ ɼʦʜʘʪʢʫ ɹ ʥʘʚʝʜʝʥʦ ʨʝʢʦʤʝʥʜʘʮʽʾ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʚʣʘʩʥʦʛʦ ʜʘʪʘʩʝʪʫ 
ʥʘ ʧʣʘʪʬʦʨʤʽ Kaggle, ʘ ʫ ɼʦʜʘʪʢʫ ɺ ï ʧʨʠʢʣʘʜʠ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ ʫ 

ʢʦʥʢʫʨʩʘʭ Kaggle (ʧʨʠʢʣʘʜʠ ʾʭ ʨʦʟʚôʷʟʘʥʥʷ ʮʠʭ ʟʘʜʘʯ ʥʘʚʝʜʝʥʽ ʚ ʢʽʥʮʽ 

ʚʽʜʧʦʚʽʜʥʠʭ ʨʦʟʜʽʣʽʚ ʧʦʩʽʙʥʠʢʘ). 
ʇʝʨʰʠʡ ʨʦʟʜʽʣ ï ʮʝ ʦʩʥʦʚʥʽ ʧʦʥʷʪʪʷ, ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ ʪʘ ʷʢ ʚʠʙʨʘʪʠ 

ʯʠ ʧʦʙʫʜʫʚʘʪʠ ʚʣʘʩʥʠʡ ʜʘʪʘʩʝʪ. ɼʨʫʛʠʡ ʽ ʪʨʝʪʽʡ ʨʦʟʜʽʣʠ ï ʷʢ ʜʦʩʣʽʜʠʪʠ 

ʜʘʪʘʩʝʪ ʪʘ ʫʜʦʩʢʦʥʘʣʠʪʠ ʡʦʛʦ. ʏʝʪʚʝʨʪʠʡ ʽ ʧôʷʪʠʡ ʨʦʟʜʽʣʠ ï ʮʝ ʤʘʰʠʥʥʝ 

ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ (ʧôʷʪʠʡ ï ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ) ʥʘ ʦʩʥʦʚʽ ʩʬʦʨʤʦʚʘʥʦʛʦ ʫ 
ʨʦʟʜʽʣʘʭ 1-3 ʜʘʪʘʩʝʪʫ. ʈʦʟʜʽʣʠ 6-8 ʧʨʠʩʚʷʯʝʥʠʡ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʤʫ ʘʥʘʣʽʟʫ 

ʜʘʥʠʭ. ʊʦʙʪʦ, ʚʘʞʣʠʚʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʩʘʤʽ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʧʦʙʫʜʦʚʽ ʷʢʠʭ ʧʨʠʩʚʷʯʝʥʽ ʨʦʟʜʽʣʠ 1-5, ʥʝ ʻ ʩʘʤʦʮʽʣʣʶ. ʗʢ ʧʨʘʚʠʣʦ, ʾʭ 
ʙʫʜʫʶʪʴ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʨʠʢʣʘʜʥʠʭ ʟʘʜʘʯ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʭʥʦʣʦʛʽʡ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʪʦʙʪʦ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʧʝʮʽʘʣʴʥʠʭ 

ʪʝʭʥʦʣʦʛʽʡ, ʷʢʽ ʚʨʘʭʦʚʫʶʪʴ ʩʧʝʮʠʬʽʢʫ ʜʘʥʠʭ, ʪʘ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʧʝʨʝʜʪʨʝʥʦʚʘʥʠʭ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʊʦʤʫ, ʭʦʯʘ ʥʘʚʝʜʝʥʠʡ ʫ 
ʨʦʟʜʽʣʘʭ 1-5 ʤʘʪʝʨʽʘʣ ʡ ʜʦʟʚʦʣʷʻ ʨʦʟʚôʷʟʫʚʘʪʠ ʟʘʜʘʯʽ ʜʦʚʽʣʴʥʦʾ ʩʢʣʘʜʥʦʩʪʽ, 

ʘʣʝ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤ ʻ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʘʟʦʤ ʽʟ ʤʘʪʝʨʽʘʣʦʤ ʨʦʟʜʽʣʽʚ 6-8: 

ʟʦʙʨʘʞʝʥʥʷ ʽ ʚʽʜʝʦ (ʨʦʟʜʽʣ 6), ʧʨʠʨʦʜʥʦʤʦʚʥʽ ʪʝʢʩʪʠ (ʨʦʟʜʽʣ 7), ʨʷʜʠ ʜʘʥʠʭ 

(ʨʦʟʜʽʣ 8). ɿ ʽʥʰʦʛʦ ʙʦʢʫ, ʝʬʝʢʪʠʚʥʝ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ 
ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʫ ʨʦʟʜ. 6-8 ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʝʨʝʜʪʨʝʥʦʚʘʥʠʭ ʤʦʜʝʣʝʡ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʧʦʪʨʝʙʫʻ ʨʦʟʫʤʽʥʥʷ ʷʢ ʧʦʜʽʙʥʽ ʤʦʜʝʣʽ ʨʦʟʨʦʙʣʶʪʴʩʷ. 

ɸ ʫ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ, ʪʨʝʙʘ ʚʤʽʪʠ ʩʘʤʦʤʫ ʨʦʙʠʪʠ ʪʘʢʽ ʤʦʜʝʣʽ, ʪʦʤʫ ʧʝʨʝʜ 
ʦʟʥʘʡʦʤʣʝʥʥʷʤ ʟ ʨʦʟʜʽʣʘʤʠ 6-8 ʚʘʨʪʦ ʦʟʥʘʡʦʤʠʪʠʩʴ ʟ ʨʦʟʜʽʣʘʤʠ 1-5. 
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ʋʩʽ ʧʨʦʛʨʘʤʠ ʫ ʮʴʦʤʫ ʧʦʩʽʙʥʠʢʫ ï ʥʘ Python. ʋ ɼʦʜʘʪʢʫ ɸ ʥʘʚʝʜʝʥʦ 

ʦʩʥʦʚʥʽ ʢʦʤʘʥʜʠ Python, ʪʠʧʠ ʜʘʥʠʭ ʪʘ ʙʘʟʦʚʽ ʙʽʙʣʽʦʪʝʢʠ ʥʘ Python, ʷʢʽ ʩʣʽʜ 

ʤʽʥʽʤʘʣʴʥʦ ʟʥʘʪʠ ʜʣʷ ʦʟʥʘʡʦʤʣʝʥʥʷ ʟ ʧʦʜʘʣʴʰʠʤʠ ʨʦʟʜʽʣʘʤʠ.  
ʇʽʜ ʯʘʩ ʚʠʢʣʘʜʝʥʥʷ ʤʘʪʝʨʽʘʣʫ ʙʫʜʝ ʚʨʘʭʦʚʘʥʦ ʪʝ, ʱʦ ʟʘʨʘʟ ʣʝʛʢʦ 

ʜʽʟʥʘʪʠʩʴ ʚ ChatGPT ʟʤʽʩʪ ʪʘ ʧʘʨʘʤʝʪʨʠ ʙʫʜʴ-ʷʢʦʾ ʢʦʤʘʥʜʠ, ʦʧʝʨʘʪʦʨʘ, 

ʬʫʥʢʮʽʾ, ʙʽʙʣʽʦʪʝʢʠ, ʪʦʤʫ ʪʘʢʠʡ ʤʘʪʝʨʽʘʣ ʙʫʜʫ ʚʠʢʣʘʜʘʪʠʩʴ ʤʽʥʽʤʘʣʴʥʦ ï 

ʚʠʢʣʘʜʘʪʠʩʴ ʙʫʜʫʪʴ ʪʽʣʴʢʠ ʢʣʶʯʦʚʽ ʜʣʷ ʢʦʞʥʦʾ ʢʦʤʘʥʜʠ ʯʠ ʤʝʪʦʜʫ ʘʙʦ 
ʤʦʜʝʣʽ ʧʘʨʘʤʝʪʨʠ ʯʠ ʘʩʧʝʢʪʠ, ʥʘ ʷʢʽ ʦʙʦʚôʷʟʢʦʚʦ ʩʣʽʜ ʟʚʝʨʥʫʪʠ ʫʚʘʛʫ.  

ʋ ʢʦʞʥʦʤʫ ʨʦʟʜʽʣʽ ʙʫʜʫʪʴ ʥʘʚʦʜʠʪʠʩʴ ʦʛʣʷʜʠ ʧʨʠʢʣʘʜʽʚ ʨʦʟʚôʷʟʘʥʥʷ 

ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ, ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʙʘʛʘʪʦʨʽʯʥʦʛʦ ʜʦʩʚʽʜʫ ʘʚʪʦʨʽʚ, ʪʘ ʟʘʜʘʯ 
ʪʨʝʥʫʚʘʣʴʥʦʛʦ ʭʘʨʘʢʪʝʨʫ ʟ ʧʣʘʪʬʦʨʤʠ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ Kaggle, ̫ ʢʘ ʩʪʘʥʦʤ ʥʘ 

ʣʠʩʪʦʧʘʜ 2023 ʨʦʢʫ ʤʽʩʪʠʪʴ ʚʞʝ ʙʽʣʷ 16 ʤʣʥ. ʘʢʘʫʥʪʽʚ, 48 ʤʣʥ. ʥʦʫʪʙʫʢʽʚ ʪʘ 

4 ʤʣʥ. ʜʘʪʘʩʝʪʽʚ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ ʟ ʫʩʴʦʛʦ ʩʚʽʪʫ (ʜʠʚ. ʤʝʪʘʜʘʥʽ Kaggle). ʂʨʽʤ 

ʪʦʛʦ, ʙʫʜʫʪʴ ʥʘʚʦʜʠʪʠʩʴ ʧʦʩʠʣʘʥʥʷ ʥʘ ʛʦʪʦʚʠʡ ʧʨʦʛʨʘʤʥʠʡ ʢʦʜ ʥʘ Python ʟ 
ʽʣʶʩʪʨʘʮʽʻʶ ʚʠʢʣʘʜʝʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʥʘ ʧʨʠʢʣʘʜʽ ʨʦʟʚôʷʟʘʥʥʷ ʪʘʢʠʭ ʨʝʘʣʴʥʠʭ 

ʯʠ ʪʨʝʥʫʚʘʣʴʥʠʭ ʟʘʚʜʘʥʴ. ʂʦʞʝʥ ʨʦʟʜʽʣ ʙʫʜʝ ʟʘʚʝʨʰʫʚʘʪʠʩʴ ʩʧʠʩʢʦʤ 

ʚʘʞʣʠʚʠʭ ʢʦʤʘʥʜ ʽ ʬʫʥʢʮʽʡ, ʷʢʽ ʩʣʽʜ ʟʥʘʪʠ ʯʠ ʦʧʘʥʫʚʘʪʠ, ʪʘ ï ʩʧʠʩʢʦʤ 
ʢʦʥʪʨʦʣʴʥʠʭ ʧʠʪʘʥʴ ʜʣʷ ʩʘʤʦʧʝʨʝʚʽʨʢʠ ʦʧʘʥʫʚʘʥʥʷ ʤʘʪʝʨʽʘʣʫ. 

ɸʚʪʦʨʠ ʧʦʩʽʙʥʠʢʘ ʤʘʶʪʴ ʚʝʣʠʢʠʡ ʜʦʩʚʽʜ ʨʦʟʚôʷʟʘʥʥʷ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ ʫ 

ʩʬʝʨʽ ʤʝʜʠʮʠʥʠ ʪʘ ʙʽʦʣʦʛʽʾ, ʝʢʦʣʦʛʽʾ ʪʘ ʤʝʪʝʦʨʦʣʦʛʽʾ, ʝʢʦʥʦʤʽʢʠ ʪʘ ʪʦʨʛʽʚʣʽ, 

ʝʣʝʢʪʨʦʥʽʢʠ ʪʘ ɯʥʪʝʨʥʝʪʫ ʨʝʯʝʡ, ʝʥʝʨʛʝʪʠʢʠ ʪʘ ʝʣʝʢʪʨʦʤʝʭʘʥʽʢʠ, ʪʨʘʥʩʧʦʨʪʫ 
ʪʘ ʢʝʨʫʚʘʥʥʷ ʜʨʦʥʘʤʠ, ʜʝʰʠʬʨʫʚʘʥʥʽ ʜʘʥʠʭ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʟʦʥʜʫʚʘʥʥʷ 

ɿʝʤʣʽ, ʫ ʪ.ʯ. ʘʝʨʦʬʦʪʦʟʡʦʤʢʠ, ʪʦʱʦ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ, ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ 
ʜʘʥʠʭ. ʆʢʨʽʤ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ, ʘʚʪʦʨʠ ʤʘʶʪʴ ʟʥʘʯʥʽ ʟʜʦʙʫʪʢʠ ʫ ʨʝʡʪʠʥʛʘʭ 

ʧʣʘʪʬʦʨʤʠ Kaggle. ʇʨʦʬʝʩʦʨ ɺʽʪʘʣʽʡ ʄʦʢʽʥ ʤʘʻ ʟʚʘʥʥʷ Kaggle Notebooks 

Grandmaster (ʧʝʨʰʠʤ ʚ ʋʢʨʘʾʥʽ ʦʪʨʠʤʘʚ ʮʝ ʟʚʘʥʥʷ, ʪʦʜʽ ʾʭ ʫ ʩʚʽʪʽ ʙʫʣʦ ʣʠʰʝ 

ʙʽʣʷ 60 ʦʩʽʙ), ʘ ʫ ʩʚʽʪʦʚʦʤʫ ʨʝʡʪʠʥʛʫ Kaggle ʟ ʨʦʟʨʦʙʢʠ ʥʦʫʪʙʫʢʽʚ ʜʦʩʷʛ 10-
ʛʦ ʤʽʩʮʷ! ʄʘʻ ʙʽʣʴʰʝ 600 ʥʦʫʪʙʫʢʽʚ ʥʘ Python, ʟ ʷʢʠʭ ʤʘʡʞʝ ʧʦʣʦʚʠʥʘ ʻ 

ʧʫʙʣʽʯʥʠʤʠ. ʽ ʩʘʤʝ ʚʦʥʠ ʙʫʜʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʴ ʫ ʜʘʥʦʤʫ ʧʦʩʽʙʥʠʢʫ ʷʢ 

ʧʨʠʢʣʘʜʠ. ʄʠʭʘʡʣʦ ɼʨʘʪʦʚʘʥʠʡ ʤʘʻ ʟʥʘʯʥʠʡ ʜʦʩʚʽʜ ʟʘʩʪʦʩʫʚʘʥʥʷ Python-
ʨʽʰʝʥʴ ʜʣʷ ʨʽʟʥʠʭ ʧʨʠʢʣʘʜʥʠʭ ʟʘʚʜʘʥʴ, ʙʫʚ ʚʽʜʧʦʚʽʜʘʣʴʥʠʤ ʚʠʢʦʥʘʚʮʝʤ 

ʨʦʙʦʪʠ ʟ ʦʧʪʠʤʽʟʘʮʽʾ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʤʦʜʝʣʝʡ ʦʧʪʠʤʽʟʘʮʽʾ 

ʝʥʝʨʛʦʟʙʝʨʝʞʝʥʥʷ ʟʘʨʝʥʦʚʠʭ ʝʣʝʚʘʪʦʨʽʚ ʟʘ ʬʽʥʘʥʩʫʚʘʥʥʷ ʇʨʦʛʨʘʤʠ 

çɻʦʨʠʟʦʥʪè ɭʉ ʽ ʙʝʨʝ ʫʯʘʩʪʴ ʫ Kaggle-ʟʤʘʛʘʥʥʷʭ ʟ 2019 ʨ.  
ʆʩʥʦʚʥʠʡ ʪʝʢʩʪ ʧʦʩʽʙʥʠʢʘ ʥʘʧʠʩʘʥʦ ʧʨʦʬʝʩʦʨʦʤ ɺʽʪʘʣʽʻʤ ʄʦʢʽʥʠʤ (9 

ʘʚʪʦʨʩʴʢʠʭ ʘʨʢʫʰʽʚ), ʘʣʝ ʧʨʘʢʪʠʯʥʽ ʘʩʧʝʢʪʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʫʩʽʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ 

ʦʩʦʙʣʠʚʦʩʪʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ ʦʧʠʩʫʚʘʚ ʄʠʭʘʡʣʦ 

ɼʨʘʪʦʚʘʥʠʡ (ʧʽʜʨʦʟʜʽʣʠ 2.4, 3.4, 4.4, 5.4, 6.4, 7.4, 8.4, ʘ ʪʘʢʦʞ ʧʫʥʢʪʠ 1.4.1 ʪʘ 
6.1.3, ʫʩʽ ʢʦʥʪʨʦʣʴʥʽ ʧʠʪʘʥʥʷ ʪʘ ʦʧʠʩ ʯʘʩʪʠʥʠ ʧʨʘʢʪʠʯʥʠʭ ʟʘʚʜʘʥʴ, ʟʘʛʘʣʦʤ: 

1,68 ʘʚʪʦʨʩʴʢʠʭ ʘʨʢʫʰʽʚ). 

ɸʚʪʦʨʩʴʢʽ Kaggle-ʥʦʫʪʙʫʢʠ ʧʨʠʩʚʷʯʝʥʽ ʨʦʟʚôʷʟʘʥʥʶ ʫʩʽʭ ʚʠʜʽʚ ʟʘʜʘʯ, 
ʷʢʽ ʨʦʟʛʣʷʥʫʪʽ ʫ ʮʴʦʤʫ ʧʦʩʽʙʥʠʢʫ. ʉʘʤʝ ʟ ʥʠʭ ʙʨʘʣʠʩʴ ʙʘʛʘʪʦ ʨʠʩʫʥʢʽʚ ʪʘ 

ʧʦʷʩʥʝʥʴ. ʏʠʪʘʯʽ ʤʦʞʫʪʴ ʾʭ ʩʢʦʧʽʶʚʘʪʠ ʽ ʘʜʘʧʪʫʚʘʪʠ ʜʦ ʩʚʦʾʭ ʟʘʜʘʯ, 

https://www.kaggle.com/
https://www.kaggle.com/datasets/kaggle/meta-kaggle
https://sait.vntu.edu.ua/kafedra/sklad-kafedry/mokin-vitalii-borysovych/
https://sait.vntu.edu.ua/kafedra/sklad-kafedry/dratovanyi-mykhailo-volodymyrovych/
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ʢʦʨʠʩʪʫʶʯʠʩʴ ʮʠʤ ʧʦʩʽʙʥʠʢʦʤ. ʇʦ ʙʘʛʘʪʴʦʭ ʟ ʮʠʭ ʥʦʫʪʙʫʢʽʚ ʱʝ ʡ ʻ 

ʫʢʨʘʾʥʦʤʦʚʥʽ ʣʝʢʮʽʾ ʄʦʢʽʥʘ ɺ.ɹ. ʚ ʡʦʛʦ YouTube-ʢʘʥʘʣʽ çʂʫʨʩ AI-ML-DS 

Training ʥʘ Pythonè. 
ʂʦʣʝʢʪʠʚ ʘʚʪʦʨʽʚ ʚʠʩʣʦʚʣʶʻ ʧʦʜʷʢʫ ʜʦʢʪʦʨʫ ʪʝʭʥʽʯʥʠʭ ʥʘʫʢ, 

ʧʨʦʬʝʩʦʨʫ ʢʘʬʝʜʨʠ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ɺʅʊʋ, 

ʧʨʦʬ. ʄʦʢʽʥʫ ʆ.ɹ. ʟʘ ʮʽʥʥʽ ʧʦʨʘʜʠ ʟ ʨʽʟʥʠʭ ʘʩʧʝʢʪʽʚ. 

ʅʘʚʯʘʣʴʥʠʡ ʧʦʩʽʙʥʠʢ ʟʘ ʪʘʢʦʶ ʧʨʠʢʣʘʜʥʦʶ ʢʦʥʮʝʧʮʽʻʶ ʧʫʙʣʽʢʫʻʪʴʩʷ 
ʚʧʝʨʰʝ. ʇʨʦʩʠʤʦ ʥʘʜʩʠʣʘʪʠ ʢʦʤʝʥʪʘʨʽ, ʟʘʫʚʘʞʝʥʥʷ ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ 

ʡʦʛʦ ʫʜʦʩʢʦʥʘʣʝʥʥʷ ʥʘ ʧʦʰʪʫ sait@vntu.edu.ua ʢʘʬʝʜʨʠ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʽʟʫ 

ʪʘ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ɺʅʊʋ, ʜʝ ʧʨʘʮʶʶ ʘʚʪʦʨʠ ʧʦʩʽʙʥʠʢʘ. 
ʅʝʟʘʙʘʨʦʤ, ʙʫʜʝ ʚʠʜʘʥʘ ʜʨʫʛʘ ʚʝʨʩʽʷ, ʚ ʷʢʽʡ ʙʫʜʫʪʴ ʫʩʫʥʝʥʽ ʫʩʽ ʚʠʷʚʣʝʥʽ 

ʥʝʜʽʣʦʢʠ ʽ ʩʫʪʪʻʚʦ ʜʦʜʘʥʦ ʧʨʠʢʣʘʜʠ ʝʬʝʢʪʠʚʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʘʚʝʜʝʥʠʭ ʫ 

ʧʦʩʽʙʥʠʢʫ ʤʝʪʦʜʽʚ, ʤʦʜʝʣʝʡ ʪʘ ʪʝʭʥʦʣʦʛʽʡ. 

 

https://www.youtube.com/playlist?list=PL4DHq-xU-ebUiB6T6vjd0SoDha4GOm8zV
https://www.youtube.com/playlist?list=PL4DHq-xU-ebUiB6T6vjd0SoDha4GOm8zV
https://sait.vntu.edu.ua/kafedra/sklad-kafedry/mokin-oleksandr-borysovych/
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1 ɿɸɻɸʃʔʅɯ ɸʉʇɽʂʊʀ ʇʆʉʊɸʅʆɺʂʀ ʊɸ ʈʆɿɺôʗɿɸʅʅʗ ɿɸɼɸʏ 

ʅɸʋʂʀ ʇʈʆ ɼɸʅɯ ʊɸ ʇʆʅʗʊʊʗ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊʋ 

 

1.1 ʆʩʥʦʚʥʽ ʧʦʥʷʪʪʷ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ, ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ, 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ 
 

ɺ ʫʩʽʭ ʩʬʝʨʘʭ ʥʘʰʦʛʦ ʞʠʪʪʷ ʪʨʝʙʘ ʚʤʽʪʠ ʦʧʪʠʤʘʣʴʥʦ ʪʘ ʢʦʨʝʢʪʥʦ ʦʧʨʘ-

ʮʴʦʚʫʚʘʪʠ ʽʥʬʦʨʤʘʮʽʶ: ʟʙʠʨʘʪʠ ʾʾ, ʘʥʘʣʽʟʫʚʘʪʠ, ʧʨʦʛʥʦʟʫʚʘʪʠ, ʚʠʢʦʨʠʩʪʦʚʫ-

ʚʘʪʠ ʜʣʷ ʧʨʠʡʥʷʪʪʷ ʦʙˇʨʫʥʪʦʚʘʥʠʭ ʨʽʰʝʥʴ ʪʦʱʦ. ʋʟʘʛʘʣʴʥʝʥʦ ʚʝʩʴ ʢʦʤʧʣʝʢʩ 

ʧʽʜʭʦʜʽʚ, ʧʨʠʡʦʤʽʚ, ʤʝʪʦʜʽʚ ʽ ʟʘʩʦʙʽʚ ʜʣʷ ʚʠʨʽʰʝʥʥʷ ʮʠʭ ʟʘʜʘʯ ʥʘʟʠʚʘʻʪʴʩʷ 
çʅʘʫʢʘ ʧʨʦ ʜʘʥʽè (ʘʥʛʣ.: çData Scienceè, ʩʢʦʨʦʯʝʥʦ çDSè). ʆʩʥʦʚʥʠʤʠ ʩʢʣʘ-

ʜʦʚʠʤʠ DS ʻ ʪʘʢʽ: 

- ɯʥʞʝʥʝʨʽʷ ʜʘʥʠʭ (ʘʥʛʣ. çData Engineeringè ï DE), ʷʢʘ ʦʭʦʧʣʶʻ ʤʝʪʦʜʠ 
ʽ ʟʘʩʦʙʠ ʟʙʠʨʘʥʥʷ ʪʘ ʫʧʨʘʚʣʽʥʥʷ ʜʘʥʠʤʠ, ʾʭ ʧʦʧʝʨʝʜʥʴʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʧʝʨʝʜʦ-

ʙʨʦʙʣʝʥʥʷ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚ ʟʘʜʘʯʘʭ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ; 

- ʄʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ (ʘʥʛʣ. çMachine Learningè ï ML)  ï ʢʦʤʧʣʝʢʩ ʧʨʠ-

ʡʦʤʽʚ, ʤʝʪʦʜʽʚ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʟ ʨʦʟʚ'ʷʟʘʥʥʷ ʧʨʠʢʣʘʜʥʠʭ ʟʘʜʘʯ, ʷʢʦʤʫ ʧʝʨʝʜʫʻ 
çʥʘʚʯʘʥʥʷè ʤʦʜʝʣʝʡ ʥʘ ʢʦʤʧ'ʶʪʝʨʘʭ (ʤʘʰʠʥʘʭ) ʥʘ ʧʝʚʥʠʭ ʜʘʥʠʭ; 

- ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ (ʘʙʦ ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ) (ʘʥʛʣ. 

çArtificial Intelligenceè ï AI) ï ʢʦʤʧʣʝʢʩ ʧʨʠʡʦʤʽʚ, ʤʝʪʦʜʽʚ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʤʘ-
ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʽʤʽʪʘʮʽʾ ʨʽʟʥʠʭ ʘʩʧʝʢʪʽʚ ʣʶʜʩʴʢʦʛʦ ʧʽ-

ʟʥʘʥʥʷ, ʪʘʢʠʭ ʷʢ ʥʘʚʯʘʥʥʷ, ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤ, ʤʽʨʢʫʚʘʥʥʷ, ʩʧʨʠʡʥʷʪʪʷ ʪʘ 

ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ; 

-  çɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭè (Intelligent Data Analysis ï IDA) ï 
ʨʦʟʚ'ʷʟʘʥʥʷ ʧʨʠʢʣʘʜʥʠʭ ʟʘʜʘʯ ʟ ʘʥʘʣʽʟʫ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʜʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥ-

ʥʷʤ ʢʦʤʧʣʝʢʩʫ ʧʨʠʡʦʤʽʚ, ʤʝʪʦʜʽʚ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʪʝʭʥʦʣʦʛʽʡ. 

ʑʝ ʚʘʨʪʦ ʟʘʟʥʘʯʠʪʠ ʱʦ ʻ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤʠ ʤʦʜʝʣʷʤʠ. ɯʩʥʫʻ ʙʘʛʘʪʦ 

ʚʠʟʥʘʯʝʥʴ. ʄʠ ʧʨʦʧʦʥʫʻʤʦ ʪʘʢʝ: ʽʥʪʝʣʝʢʪʫʘʣʴʥʘ ʤʦʜʝʣʴ ï ʮʝ ʤʦʜʝʣʴ, ʧʦʙʫ-
ʜʦʚʘʥʘ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʨʦʟʚôʷʟʘʥʥʷ ʘʥʘʣʽʪʠʯʥʦʾ ʟʘʜʘʯʽ, ʷʢʘ ʟʜʘʪʥʘ ʥʘʚʯʘ-

ʪʠʩʷ ʥʘ ʦʩʥʦʚʽ ʜʦʩʚʽʜʫ ʪʘ ʫʟʘʛʘʣʴʥʶʚʘʪʠ ʟʥʘʥʥʷ ʜʣʷ ʦʧʨʘʮʶʚʘʥʥʷ ʥʦʚʠʭ ʜʘ-

ʥʠʭ ʪʘ ʩʮʝʥʘʨʽʾʚ. ʎʝ ʚʠʟʥʘʯʝʥʥʷ ʚʽʜʦʙʨʘʞʘʻ ʛʦʣʦʚʥʫ ʚʽʜʤʽʥʥʽʩʪʴ ʪʘʢʦʛʦ ʨʦʜʫ 
ʤʦʜʝʣʝʡ, ʷʢʘ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʚʦʥʠ ʜʦʟʚʦʣʷʶʪʴ ʧʝʨʝʜʙʘʯʘʪʠ ʟ ʚʠʩʦʢʦʶ 

ʪʦʯʥʽʩʪʶ ʜʘʥʽ, ʧʦʜʽʾ, ʛʝʥʝʨʫʚʘʪʠ ʥʦʚʽ ʟʥʘʥʥʷ ʪʘ ʽʥʬʦʨʤʘʮʽʶ. ʗʢʱʦ ʽʥʬʦʨʤʘ-

ʮʽʡʥʘ ʩʠʩʪʝʤʘ ʯʠ ʪʝʭʥʦʣʦʛʽʷ ʧʨʦʩʪʦ ʜʫʞʝ ʜʦʙʨʝ ʽ ʰʚʠʜʢʦ ʧʦʨʽʚʥʶʻ ʚʭʽʜʥʽ 

ʜʘʥʽ ʟ ʙʘʟʦʶ ʟʨʘʟʢʽʚ (ʚʽʜʙʠʪʢʠ ʧʘʣʴʮʽʚ, ɼʅʂ, ʦʙʣʠʯʯʷ, ʢʘʜʘʩʪʨʦʚʘ ʽʥʬʦʨʤʘ-
ʮʽʷ ʪʦʱʦ), ʪʦ ʚʦʥʘ ʥʝ ʻ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʶ, ʘ ʦʩʴ ʷʢʱʦ ʚʦʥʘ ʤʦʞʝ ʧʝʨʝʜʙʘʯʠʪʠ 

ʷʢ ʟʤʽʥʠʪʴʩʷ ʟʘʜʘʥʝ ʦʙʣʠʯʯʷ ʯʝʨʝʟ 10 ʨʦʢʽʚ ʯʠ ʥʘ 10 ʨʦʢʽʚ ʨʘʥʽʰʝ, ʪʦ ʮʝ ʚʞʝ 

ʦʟʥʘʢʘ ʾʾ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʩʪʽ ʫ ʩʝʥʩʽ ʮʴʦʛʦ ʚʠʟʥʘʯʝʥʥʷ. 
çʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪè ʱʝ ʯʘʩʪʦ ʧʦʜʽʣʷʶʪʴ ʥʘ 2 ʧʽʜʚʠʜʠ:  

- ʉʣʘʙʢʠʡ ʘʙʦ ʚʫʟʴʢʠʡ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ (narrow AI, weak AI) ï ʮʝ 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʷʢʠʡ ʟʜʘʪʥʠʡ ʚʠʨʽʰʫʚʘʪʠ ʢʦʥʢʨʝʪʥʽ ʟʘʚʜʘʥʥʷ, ʘʣʝ ʥʝ ʟʜʘ-

ʪʥʠʡ ʜʦ ʟʘʛʘʣʴʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʅʘʧʨʠʢʣʘʜ, ʩʣʘʙʢʠʡ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʝ 
ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʤʦʚʠ, ʤʘʰʠʥʥʦʛʦ ʧʝʨʝʢʣʘʜʫ, ʛʨʠ ʚ 

ʰʘʭʠ ʪʦʱʦ. 
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- ʉʠʣʴʥʠʡ ʘʙʦ ʟʘʛʘʣʴʥʠʡ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ (general AI, strong AI) ï 

ʮʝ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʷʢʠʡ ʟʜʘʪʥʠʡ ʜʦ ʟʘʛʘʣʴʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʪʦʙʪʦ ʟʜʘʪʥʠʡ 

ʜʦ ʤʠʩʣʝʥʥʷ, ʥʘʚʯʘʥʥʷ, ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤ, ʪʦʱʦ, ʷʢ ʣʶʜʠʥʘ. ʉʠʣʴʥʠʡ ʰʪʫ-
ʯʥʠʡ ʽʥʪʝʣʝʢʪ ʪʘʢʦʞ ʥʘʟʠʚʘʶʪʴ ʰʪʫʯʥʠʤ ʨʦʟʫʤʦʤ (artificial intelligence, AI). 

ʇʦʢʠ ʚʽʥ ʽʩʥʫʻ ʪʽʣʴʢʠ ʚ ʪʝʦʨʽʾ.  

ʅʘ ʞʘʣʴ, ʫ ʨʽʟʥʽʡ ʣʽʪʝʨʘʪʫʨʽ ʟʘʟʥʘʯʝʥʠʭ ʚʠʱʝ ʪʝʨʤʽʥʽʚ ʩʠʣʴʥʦ ʧʝʨʝʢ-

ʨʠʚʘʻʪʴʩʷ ʽ ʯʘʩʪʦ ʚʦʥʠ ʚʞʠʚʘʶʪʴʩʷ ʷʢ ʚʟʘʻʤʦʟʘʤʽʥʥʽ. ʆʜʥʘʢ, ʚʘʨʪʦ ʚʽʜʟʥʘ-
ʯʠʪʠ ʪʘʢʽ ʚʘʞʣʠʚʽ ʦʩʦʙʣʠʚʦʩʪʽ: 

1. ʄʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ (ML) ʟʦʩʝʨʝʜʞʫʻʪʴʩʷ, ʧʝʨʝʜʫʩʽʤ, ʥʘ ʥʘʚʯʘʥʥʽ 

ʤʘʰʠʥʥʠʭ ʤʦʜʝʣʝʡ ʟʘ ʽʥʬʦʨʤʘʮʽʻʶ ʟ ʜʘʪʘʩʝʪʽʚ, ʘ ʽʥʞʝʥʝʨʽʷ ʜʘʥʠʭ (DE) ï ʥʘ 
ʩʪʚʦʨʝʥʥʽ ʪʘ ʫʧʨʘʚʣʽʥʥʽ ʮʠʤʠ ʜʘʪʘʩʝʪʘʤʠ. ʉʘʤʝ ʪʦʤʫ ʚʦʥʠ ʪʘʢ ʽ ʥʘʟʠʚʘʶʪʴʩʷ. 

ɸʣʝ ʜʝʷʢʽ ʘʚʪʦʨʠ ʧʫʙʣʽʢʘʮʽʡ ʪʘ ʨʦʙʦʪʦʜʘʚʮʽ ʧʽʜ ʯʘʩ ʦʛʦʣʦʰʝʥʥʷ ʚʘʢʘʥʩʽʡ ʥʘ 

ʜʘʪʘ-ʽʥʞʝʥʝʨʘ ʯʠ ML-ʨʦʟʨʦʙʥʠʢʘ ʯʘʩʪʦ ʚʢʣʶʯʘʶʪʴ ML ʚ DE ʘʙʦ DE ʚ ML. 

2. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʟʦʩʝʨʝʜʞʫʻʪʴʩʷ, ʧʝʨʝʜʫʩʽʤ, ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʽ 
ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʤʦʜʝʣʝʡ ʘʙʦ ʽʥʰʠʭ ʤʦʜʝʣʝʡ, ʷʢʽ ʽʤʽʪʫʶʪʴ ʦʩʦʙʣʠʚʦʩʪʽ ʣʶʜ-

ʩʴʢʦʛʦ ʧʽʟʥʘʥʥʷ (ʥʝʯʽʪʢʘ ʣʦʛʽʢʘ, ʛʝʥʝʪʠʯʥʽ ʘʣʛʦʨʠʪʤʠ, ʙʘʻʩʽʚʩʴʢʝ ʯʠ ʢʦʛʥʽʪʠ-

ʚʥʝ ʤʦʜʝʣʶʚʘʥʥʷ ʪʦʱʦ), ʘ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʦʭʦʧʣʶʻ ʥʝ ʪʽʣʴʢʠ ʮʽ, ʘ ʡ ʫʩʽ 
ʤʦʞʣʠʚʽ ʽʥʰʽ ʧʽʜʭʦʜʠ ʪʘ ʤʝʪʦʜʠ ʩʪʚʦʨʝʥʥʷ ʤʘʰʠʥʥʠʭ ʤʦʜʝʣʝʡ, ʪʦʤʫ ML ʻ 

ʙʽʣʴʰ ʟʘʛʘʣʴʥʠʤ, ʘʥʽʞ AI. ɺʦʜʥʦʯʘʩ, AI ʚʠʚʯʘʻ ʡ ʙʫʜʦʚʫ ʣʶʜʩʴʢʦʛʦ ʤʦʟʢʫ, 

ʦʩʦʙʣʠʚʦʩʪʽ ʣʶʜʩʴʢʦʛʦ ʧʽʟʥʘʥʥʷ ʪʘ ʨʽʟʥʽ ʥʘʧʨʷʤʢʠ, ʷʢʽ, ʚ ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘ-

ʜʢʫ, ʥʝ ʚʽʜʥʦʩʷʪʴʩʷ ʜʦ ML.  
3. ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ (IDA), ʷʢ ʧʨʘʚʠʣʦ, ʧʦʣʷʛʘʻ ʫ ʚʠʢʦ-

ʨʠʩʪʘʥʥʽ ʩʧʝʮʽʘʣʴʥʦ ʨʦʟʨʦʙʣʝʥʠʭ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʧʝʨʝʜʪʨʝʥʦ-

ʚʘʥʠʭ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʦʜʝʣʝʡ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʨʠʢʣʘʜʥʠʭ ʘʥʘʣʽʪʠʯʥʠʭ ʟʘ-
ʜʘʯ. ʍʦʯʘ, ʜʝʷʢʽ ʘʚʪʦʨʠ ʯʘʩʪʦ ʨʦʟʛʣʷʜʘʶʪʴ ML/AI ʷʢ ʦʜʠʥ ʟ ʧʦʯʘʪʢʦʚʠʭ ʝʪʘ-

ʧ̔ ʚ IDA ʘʙʦ IDA ï ʷʢ ʦʜʠʥ ʟ ʬʽʥʘʣʴʥʠʭ ʝʪʘʧʽʚ ML ʘʙʦ AI.  

ɺ ʜʘʥʦʤʫ ʧʦʩʽʙʥʠʢʫ ʧʨʦʧʦʥʫʻʪʴʩʷ ʪʘʢʠʡ ʩʧʦʩʽʙ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ ʮʠʭ 

ʪʝʨʤʽʥʽʚ, ʢʦʥʮʝʧʮʽʡ, ʤʝʪʦʜʽʚ ʪʘ ʪʝʭʥʦʣʦʛʽʡ (ʨʠʩ. 1.1): 
1. ʉʧʦʯʘʪʢʫ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟʙʠʨʘʥʥʷ ʪʘ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ 

(Data), ʫ ʪ.ʯ. ʚʝʣʠʢʠʭ ʜʘʥʠʭ (Big Data), ʽ ʬʦʨʤʫʚʘʥʥʷ ʜʘʪʘʩʝʪʽʚ ʜʣʷ ʘʥʘʣʽʟʫ 

ʜʘʥʠʭ ï ʽʥʞʝʥʝʨʽʷ ʜʘʥʠʭ (DE), ʷʢʫ ʤʦʞʥʘ ʨʦʟʛʣʷʜʘʪʠ ʷʢ ʨʦʟʜʽʣ ʥʘʫʢʠ ʧʨʦ 
ʜʘʥʽ (DS) ʘʙʦ ʷʢ ʩʘʤʦʩʪʽʡʥʠʡ ʨʦʟʜʽʣ. 

2. ɿʘ ʨʝʟʫʣʴʪʘʪʘʤʠ DE ʟʜʽʡʩʥʶʻʪʴʩʷ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ 

(ʘʥʛʣ. çExploratory Data Analysisè ï EDA), ʷʢʠʡ ʧʝʨʝʜʙʘʯʘʻ ʧʨʠʢʣʘʜʥʝ ʟʘʩʪʦ-

ʩʫʚʘʥʥʷ ʦʢʨʝʤʠʭ ʨʦʟʜʽʣʽʚ ʤʘʪʝʤʘʪʠʢʠ, ʫ ʪ.ʯ. ʩʪʘʪʠʩʪʠʢʠ, ʜʦ ʜʘʥʠʭ. ʊʘʢʦʞ, 
ʮʝʡ ʘʥʘʣʽʟ ʤʦʞʝ ʧʝʨʝʜʙʘʯʘʪʠ ʧʨʦʙʥʫ ʧʦʙʫʜʦʚʫ ʤʦʜʝʣʝʡ ʜʣʷ ʘʥʘʣʽʟʫ ʧʝʚʥʠʭ 

ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʱʦʜʦ ʦʟʥʘʢ. ʇʨʠʯʦʤʫ, ʪʘʢʠʤʠ ʤʦʜʝʣʷʤʠ ʤʦʞʫʪʴ ʙʫʪʠ ʡ 

ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (DL). 

3. ɿʘ ʨʝʟʫʣʴʪʘʪʘʤʠ EDA ʧʨʦʚʦʜʠʪʴʩʷ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ (ML) ʤʦʜʝ-
ʣʝʡ ʪʘ ʤʦʜʝʣʝʡ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ (DL) ʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (AI).  

4. ʇʝʨʝʜʪʨʝʥʦʚʘʥʽ (ʧʝʨʝʜʥʘʚʯʝʥʽ) ʤʦʜʝʣʽ ML/DL/AI ʚʠʢʦʨʠʩʪʦʚʫ-
ʶʪʴʩʷ ʜʣʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ (ʯʠʩʣʘ, ʪʝʢʩʪ, ʟʦʙʨʘʞʝʥʥʷ, ʚʽʜʝʦ, 
ʤʦʚʘ, ʟʚʫʢʠ) (IDA), ʩʧʨʷʤʦʚʘʥʦʛʦ ʥʘ ʨʦʟʚôʷʟʘʥʥʷ ʨʽʟʥʠʭ ʧʨʠʢʣʘʜʥʠʭ ʘʥʘʣʽ-

ʪʠʯʥʠʭ ʟʘʜʘʯ. 
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ʈʠʩʫʥʦʢ 1.1 ï ʆʩʥʦʚʥʽ ʧʦʥʷʪʪʷ ʪʘ ʾʭ ʧʦʻʜʥʘʥʥʷ ʫ ʩʬʝʨʽ ML/DL/AI/DE/DS 

 

ʋʩʽʭ ʾʭ ʦʙôʻʜʥʫʻ ʥʘʫʢʘ ʧʨʦ ʜʘʥʽ (DS), ʫ ʪ.ʯ. DE, ʭʦʯʘ ʫʩʽ ʚʦʥʠ ʤʘʶʪʴ 

ʜʝʷʢʽ ʘʩʧʝʢʪʠ ʧʨʦʛʨʘʤʥʦ-ʘʧʘʨʘʪʥʦʛʦ ʧʣʘʥʫ, ʷʢʽ ʥʝ ʚʽʜʥʦʩʷʪʴʩʷ ʜʦ DS, ʘ ʪʦʤʫ 
ʚʦʥʠ ʣʠʰʝ ʧʝʨʝʢʨʠʚʘʶʪʴʩʷ.  

DS ̒  ʙʽʣʴʰ ʟʘʛʘʣʴʥʠʤ ʧʦʥʷʪʪʷʤ, ʘʥʽʞ ʤʘʪʝʤʘʪʠʢʘ, ʫ ʪ.ʯ. ʩʪʘʪʠʩʪʠʢʘ, ʪʘ 

DE, EDA, IDA, ʘ ʪʦʤʫ ʚʦʥʘ ʾʭ ʦʭʦʧʣʶʻ ʧʦʚʥʽʩʪʶ. 

ɼʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʫʩʽʭ ʮʠʭ ʦʧʝʨʘʮʽʡ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʧʨʠʢʣʘʜʥʝ ʧʨʦ-
ʛʨʘʤʥʝ ʟʘʙʝʟʧʝʯʝʥʥʷ ʪʘ ʽʥʪʝʛʨʦʚʘʥʽ ʩʝʨʝʜʦʚʠʱʘ ʨʦʟʨʦʙʢʠ (ʘʥʛʣ. çIntegrated 

Development Environmentè ï IDE). 

ʊʘʢʠʡ ʩʧʦʩʽʙ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ ʚʽʜʧʦʚʽʜʘʻ ʧʦʜʽʣʫ ʟʘʜʘʯ ʚ ɯʊ-ʢʦʤʧʘʥʽʷʭ 
ʥʘ ʜʘʪʘʽʥʞʝʥʝʨʽʚ ʪʘ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ. ʋ ʩʚʦʶ ʯʝʨʛʫ, ʜʘʪʘʩʘʡʥʪʠʩʪʠ ʘʙʦ ʩʪʚʦ-

ʨʶʶʪʴ ʥʦʚʽ ʤʦʜʝʣʽ ML/DL/AI, ʘʙʦ, ʯʘʩʪʽʰʝ, ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʚʞʝ ʛʦʪʦʚʽ ʤʦ-

ʜʝʣʽ, ʘʣʝ ʨʦʟʚʠʚʘʶʪʴ ʪʝʭʥʦʣʦʛʽʾ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʥʦʚʠʭ ʟʘʜʘʯ. 

ʅʘʡʙʽʣʴʰ ʮʽʥʥʠʤ ʚ ʥʘʰ ʯʘʩ ʻ ʚʤʽʥʥʷ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʩʘʤʝ IDA, ʘʣʝ ʮʝ ʥʝʤʦ-
ʞʣʠʚʦ ʷʢʽʩʥʦ ʙʝʟ ʨʦʟʫʤʽʥʥʷ ʦʩʥʦʚ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ ML/DL/AI, ʪʦʤʫ ʚʘʞ-

ʣʠʚʦ ʦʧʘʥʫʚʘʪʠ ʫʩʽ ʮʽ ʘʩʧʝʢʪʠ DS.  

ʉʣʽʜ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʩʬʝʨʘ ʧʦʻʜʥʘʥʥʷ DS/ML/DL/AI ʩʪʦʩʫʻʪʴʩʷ, ʧʝʨʝ-
ʜʫʩʽʤ ʪʘʢʦʛʦ ʢʣʘʩʫ ʧʨʦʙʣʝʤ, ʷʢ ʩʣʘʙʦʩʪʨʫʢʪʫʨʦʚʘʥʽ. 

ʗʢ ʚʽʜʦʤʦ, ʚ ʩʠʩʪʝʤʥʦʤʫ ʘʥʘʣʽʟ ̔ʨʦʟʨʽʟʥʷʪʁʴʩʷ 3 ʚʠʜʠ ʧʨʦʙʣʝʤ:   

- ʜʦʙʨʝ ʩʪʨʫʢʪʫʨʦʚʘʥʽ (ʘʥʛʣ. çwell-structuredè), ʘʙʦ ʢʽʣʴʢʽʩʥʦ ʩʬʦʨʤʫ-

ʣʴʦʚʘʥʽ ʧʨʦʙʣʝʤʠ, ʚ ʷʢʠʭ ʽʩʪʦʪʥʽ ʟʘʣʝʞʥʦʩʪʽ ʟôʷʩʦʚʘʥʽ ʜʫʞʝ ʜʦʙʨʝ; 
- ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʽ (ʘʥʛʣ. çunstructuredè), ʘʙʦ ʷʢʽʩʥʦ ʚʠʨʘʞʝʥʽ ʧʨʦ-

ʙʣʝʤʠ, ʱʦ ʤʽʩʪʷʪʴ ʣʠʰʝ ʦʧʠʩ ʥʘʡʚʘʞʣʠʚʽʰʠʭ ʨʝʩʫʨʩʽʚ, ʦʟʥʘʢ ʽ ʭʘʨʘʢʪʝʨʠʩ-

ʪʠʢ, ʢʽʣʴʢʽʩʥʽ ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʷʢʠʤʠ ʘʙʩʦʣʶʪʥʦ ʥʝʚʽʜʦʤʽ; 

https://uk.wikipedia.org/wiki/%D0%A1%D0%B8%D1%81%D1%82%D0%B5%D0%BC%D0%BD%D0%B8%D0%B9_%D0%B0%D0%BD%D0%B0%D0%BB%D1%96%D0%B7
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- ʩʣʘʙʦ-ʩʪʨʫʢʪʫʨʦʚʘʥʽ (ʘʥʛʣ. çill-structuredè), ʘʙʦ ʟʤʽʰʘʥʽ ʧʨʦʙʣʝʤʠ, 

ʷʢʽ ʤʽʩʪʷʪʴ ʷʢ ʷʢʽʩʥʽ ʝʣʝʤʝʥʪʠ, ʪʘʢ ʽ ʤʘʣʦʚʽʜʦʤʽ, ʥʝʚʠʟʥʘʯʝʥʽ ʩʪʦʨʦʥʠ, ʷʢʽ 

ʤʘʶʪʴ ʪʝʥʜʝʥʮʽʶ ʜʦʤʽʥʫʚʘʪʠ. 
ʂʦʤʧʣʝʢʩ ʪʝʭʥʦʣʦʛʽʡ DS/ML/DL/AI ʻ ʥʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤ ʩʘʤʝ 

ʱʦʜʦ ʩʣʘʙʦ-ʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʧʨʦʙʣʝʤ ʘʙʦ ï ʱʦʜʦ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ, ʷʢʽ ʚʽʥ 

ʜʦʟʚʦʣʷʻ ʧʝʨʝʚʝʩʪʠ ʫ ʢʣʘʩ ʩʣʘʙʦ-ʩʪʨʫʢʪʫʨʦʚʘʥʠʭ. ɽʪʘʧʠ EDA ʪʘ ML/DL/AI 

ʩʪʦʩʫʶʪʴʩʷ ʙʽʣʴʰʝ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʧʨʦʙʣʝʤ, ʘ ʝʪʘʧ IDA ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ 
ʚʞʝ ʜʦ ʩʣʘʙʦ-ʩʪʨʫʢʪʫʨʦʚʘʥʠʭ. ʉʘʤʝ ʮʴʦʤʫ ʚʠʜʫ ʧʨʦʙʣʝʤ ʽ ʧʨʠʩʚʷʯʝʥʠʡ ʮʝʡ 

ʧʦʩʽʙʥʠʢ.  

ɿ ʽʥʰʦʛʦ ʙʦʢʫ, ʷʢʱʦ ʤʝʪʦʜʠ ʽ ʪʝʭʥʦʣʦʛʽʾ DS/ML/DL/AI ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ 
ʜʦ ʜʘʥʠʭ, ʷʢʽ ʭʘʨʘʢʪʝʨʠʟʫʶʪʴ ʧʝʚʥʫ ʩʢʣʘʜʥʫ ʩʠʩʪʝʤʫ (ʷʢ ʧʨʘʚʠʣʦ  ʮʝ ï ʩʠʩ-

ʪʝʤʘ ʟ ʥʝʚʠʟʥʘʯʝʥʽʩʪʶ) ʽ ʚʦʥʠ ʜʦʧʦʤʘʛʘʶʪʴ ʟʨʦʙʠʪʠ ʧʝʚʥʽ ʚʠʩʥʦʚʢʠ ʱʦʜʦ 

ʮʽʻʾ ʩʠʩʪʝʤʠ ʚ ʮʽʣʦʤʫ (ʚʠʷʚʠʪʠ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ, ʧʦʙʫʜʫʚʘʪʠ ʤʦʜʝʣʽ, ʟʥʘʡʪʠ 

ʦʧʪʠʤʘʣʴʥʽ ʨʽʰʝʥʥʷ ʟʘʜʘʯ, ʦʙʛʨʫʥʪʫʚʘʪʠ ʨʝʢʦʤʝʥʜʘʮʽʾ ʪʦʱʦ), ʪʦʜʽ ʾʭ ʤʦʞʥʘ 
ʥʘʟʠʚʘʪʠ ʱʝ ʡ ʤʝʪʦʜʘʤʠ ʽ ʪʝʭʥʦʣʦʛʽʷʤʠ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʽʟʫ. ɿʘ ʮʠʭ ʫʤʦʚ, 

ʚʘʨʪʦ ʧʽʜ ʯʘʩ ʘʥʘʣʽʟʫ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʡ ʩʧʝʮʠʬʽʯʥʽ ʤʝʪʦʜʠ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʽʟʫ 

ʪʘ ʤʝʪʦʣʦʜʦʛʽʶ ʩʠʩʪʝʤʥʦʛʦ ʧʽʜʭʦʜʫ. 
ʑʦʜʦ DS/ML/DL/AI ʚ ʣʽʪʝʨʘʪʫʨʽ  ̒ʧʦʰʠʨʝʥʠʤ ʜʝʱʦ ʚʽʜʤʽʥʥʝ ʧʦʻʜ-

ʥʘʥʥʷ ʧʦʥʷʪʴ ʟ ʨʠʩ. 1.1. ɿ ʜʝʷʢʠʤʠ ʫʜʦʩʢʦʥʘʣʝʥʥʷʤʠ ʚʽʜʧʦʚʽʜʥʘ ʩʭʝʤʘ ʥʘʚʝ-

ʜʝʥʘ ʥʘ ʨʠʩ. 1.2. 

 

 
ʈʠʩʫʥʦʢ 1.2 ï ʆʩʥʦʚʥʽ ʧʦʥʷʪʪʷ ʪʘ ʾʭ ʧʦʻʜʥʘʥʥʷ ʫ ʩʬʝʨʽ Data Science 

 
ʅʘ ʨʠʩ. 1.2 ʧʦʢʘʟʘʥʦ, ʱʦ ʽʥʬʦʨʤʘʪʠʢʘ (ɯʊ ʪʘ ʢʦʤʧôʶʪʝʨʥʽ ʥʘʫʢʠ ï ʘʥʛʣ. 

çComputer Sciencesè) ʫ ʧʦʻʜʥʘʥʥʽ ʟʽ ʟʥʘʥʥʷʤʠ ʽ ʜʘʥʠʤʠ ʧʨʦ ʧʨʝʜʤʝʪʥʫ ʦʙ-
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ʣʘʩʪʴ (ʘʥʛʣ. çDomain Knowledge & Dataè) ʪʘ ʟʥʘʥʥʷʤʠ ʽ ʜʘʥʠʤʠ ʧʨʦ ʧʦʢʘʟ-

ʥʠʢʠ ʝʬʝʢʪʠʚʥʦʩʪʽ, ʚʠʤʦʛʠ ʢʦʨʠʩʪʫʚʘʯʽʚ ʯʠ ʢʣʽʻʥʪʽʚ, ʙʽʟʥʝʩ-ʩʪʨʘʪʝʛʽʾ ʪʘ ʦʙ-

ʤʝʞʝʥʥʷ ʪʦʱʦ (ʘʥʛʣ. çBusiness Knowledge & Dataè) ʫʪʚʦʨʶʶʪʴ çSoftware 
Developmentè, ʪʦʙʪʦ ï ʨʦʟʨʦʙʣʝʥʥʷ ʧʨʦʛʨʘʤʥʦʛʦ ʟʘʙʝʟʧʝʯʝʥʥʷɸ ʧʦʻʜʥʘʥʥʷ 

ʤʘʪʝʤʘʪʠʢʠ, ʫ ʪ.ʯ. ʩʪʘʪʠʩʪʠʢʠ, ʪʘ ʢʽʙʝʨʥʝʪʠʢʠ, ʫ ʪ.ʯ. ʪʝʦʨʽʾ ʢʝʨʫʚʘʥʥʷ ʪʘ ʦʧ-

ʪʠʤʽʟʘʮʽʾ ʩʠʩʪʝʤ, ʟ ʮʠʤʠ ʟʥʘʥʥʷʤʠ ʮʝ ï ʪʨʘʜʠʮʽʡʥʽ ʜʦʩʣʽʜʞʝʥʥʷ ʫ ʩʬʝʨʽ ʤʘ-

ʪʝʤʘʪʠʯʥʦʛʦ ʤʦʜʝʣʶʚʘʥʥʷ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʘ ʦʧʪʠʤʽʟʘʮʽʾ ʧʨʦʮʝʩʽʚ ʽ ʩʠʩʪʝʤ. 
ʇʦʻʜʥʘʥʥʷ ɯʊ ʪʘ ʢʦʤʧôʶʪʝʨʥʠʭ ʥʘʫʢ ʟ ʤʘʪʝʤʘʪʠʢʦʶ, ʫ ʪ.ʯ. ʩʪʘʪʠʩʪʠʢʦʶ, 

ʜʘʣʦ ʩʪʚʦʨʠʪʠ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʪʘ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ (ML & AI). ɸ ʥʘ 

ʩʪʠʢʫ ʾʭ ʫʩʽʭ ʫʪʚʦʨʠʣʘʩʴ ʥʘʫʢʘ ʧʨʦ ʜʘʥʽ (DS). ʆʪʞʝ, ʜʣʷ ʦʧʘʥʫʚʘʥʥʷ DS ʜʣʷ 
ʢʦʥʢʨʝʪʥʦʾ ʦʙʣʘʩʪʽ ʯʠ ʟʘʜʘʯʽ ʪʨʝʙʘ ʽ ʟʥʘʪʠ ʤʘʪʝʤʘʪʠʢʫ, ʧʝʨʝʜʫʩʽʤ ï ʩʪʘʪʠʩ-

ʪʠʢʫ, ʽ ʚʤʽʪʠ ʨʦʟʨʦʙʣʷʪʠ ʧʨʦʛʨʘʤʥʝ ʟʘʙʝʟʧʝʯʝʥʥʷ, ʧʝʨʝʜʫʩʽʤ ï ʥʘ Python, ʽ 

ʚʦʣʦʜʽʪʠ ʟʥʘʥʥʷʤʠ ʧʨʦ ʮʶ ʧʨʝʜʤʝʪʥʫ ʦʙʣʘʩʪʴ ʪʘ ʧʨʦ ʧʦʩʪʘʥʦʚʢʫ ʟʘʜʘʯʽ, ʧʝ-

ʨʝʜʫʩʽʤ ï ʱʦʜʦ ʚʠʤʦʛ, ʦʙʤʝʞʝʥʴ ʪʘ ʢʨʠʪʝʨʽʾʚ ʝʬʝʢʪʠʚʥʦʩʪʽ ʤʝʪʦʜʽʚ ʽ ʪʝʭʥʦ-
ʣʦʛʽʡ. 

ʗʢ ʚʽʜʦʤʦ ʫ ʩʬʝʨʽ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ ʨʦʟʨʽʟʥʷʶʪʴ 3 ʪʠʧʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚ-

ʯʘʥʥʷ ʟʘ ʚʠʜʦʤ ʥʘʚʯʘʥʥʷ: 

- ʅʘʚʯʘʥʥʷ ʟ ʫʯʠʪʝʣʝʤ (supervised learning) ï ʫ ʥʘʚʯʘʥʥʽ ʟ ʫʯʠʪʝʣʝʤ 

ʤʦʜʝʣʴ ʦʪʨʠʤʫʻ ʥʘʙʽʨ ʜʘʥʠʭ, ʷʢʽ ʚʢʣʶʯʘʶʪʴ ʚʭʽʜʥʽ ʬʫʥʢʮʽʾ ʪʘ ʚʽʜʧʦʚʽʜʥʽ ʮʽ-

ʣʴʦʚʽ ʟʥʘʯʝʥʥʷ. ʄʝʪʦʶ ʤʦʜʝʣʽ ʻ ʥʘʚʯʠʪʠʩʷ ʚʽʜʦʙʨʘʞʘʪʠ ʟʚ'ʷʟʦʢ ʤʽʞ ʚʭʽʜ-

ʥʠʤʠ ʬʫʥʢʮʽʷʤʠ ʪʘ ʮʽʣʴʦʚʠʤʠ ʟʥʘʯʝʥʥʷʤʠ, ʱʦʙ ʚʦʥʘ ʤʦʞʘʣʘ ʟʨʦʙʠʪʠ ʧʨʦ-

ʛʥʦʟʠ ʜʣʷ ʥʦʚʠʭ ʜʘʥʠʭ. ʅʘʧʨʠʢʣʘʜ, ʫ ʟʘʜʘʯʽ ʧʝʨʝʜʙʘʯʝʥʥʷ ʮʽʥʠ ʙʫʜʠʥʢʫ, ʤʦ-

ʜʝʣʴ ʥʘʚʯʘʻʪʴʩʷ ʥʘ ʦʩʥʦʚʽ ʨʘʥʽʰʝ ʚʽʜʦʤʠʭ ʧʘʨ "ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʙʫʜʠʥʢʫ - 

ʡʦʛʦ ʮʽʥʘ". 

- ʅʘʚʯʘʥʥʷ ʙʝʟ ʫʯʠʪʝʣʷ (unsupervised learning) ï ʫ ʥʘʚʯʘʥʥʽ ʙʝʟ ʫʯʠ-

ʪʝʣʷ ʤʦʜʝʣʴ ʦʪʨʠʤʫʻ ʥʘʙʽʨ ʜʘʥʠʭ, ʘʣʝ ʙʝʟ ʚʽʜʧʦʚʽʜʥʠʭ ʮʽʣʴʦʚʠʭ ʤʽʪʦʢ ʘʙʦ 

ʧʦʟʥʘʯʝʥʴ. ʄʦʜʝʣʴ ʥʘʤʘʛʘʻʪʴʩʷ ʟʥʘʡʪʠ ʧʨʠʭʦʚʘʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ ʘʙʦ ʩʪʨʫ-

ʢʪʫʨʫ ʚ ʜʘʥʠʭ, ʛʨʫʧʫʶʯʠ ʾʭ ʥʘ ʦʩʥʦʚʽ ʩʭʦʞʦʩʪʽ ʘʙʦ ʽʥʰʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. 

ʅʘʧʨʠʢʣʘʜ, ʫ ʟʘʜʘʯʽ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʪʝʢʩʪʦʚʠʭ ʜʘʥʠʭ, ʤʦʜʝʣʴ ʥʘʤʘʛʘʻʪʴʩʷ 

ʟʛʨʫʧʫʚʘʪʠ ʩʭʦʞʽ ʜʦʢʫʤʝʥʪʠ ʙʝʟ ʙʫʜʴ-ʷʢʠʭ ʟʘʟʜʘʣʝʛʽʜʴ ʚʠʟʥʘʯʝʥʠʭ ʢʘʪʝʛʦ-

ʨʽʡ. 

- ʅʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ (reinforcement learning) ï ʫ ʥʘʚʯʘʥʥʽ ʟ 

ʧʽʜʢʨʽʧʣʝʥʥʷʤ ʤʦʜʝʣʴ ʚʟʘʻʤʦʜʽʻ ʟ ʜʠʥʘʤʽʯʥʠʤ ʩʝʨʝʜʦʚʠʱʝʤ, ʧʨʠʡʤʘʶʯʠ ʨʽ-

ʰʝʥʥʷ ʽ ʦʪʨʠʤʫʶʯʠ ʥʘʛʦʨʦʜʫ ʘʙʦ ʧʦʢʘʨʘʥʥʷ ʟʘ ʢʦʞʥʫ ʜʽʶ. ʄʝʪʦʶ ʤʦʜʝʣʽ ʻ 

ʤʘʢʩʠʤʽʟʘʮʽʷ ʟʘʛʘʣʴʥʦʾ ʥʘʛʦʨʦʜʠ ʘʙʦ ʤʽʥʽʤʽʟʘʮʽʷ ʟʘʛʘʣʴʥʦʛʦ ʧʦʢʘʨʘʥʥʷ. ʅʘ-

ʧʨʠʢʣʘʜ, ʫ ʟʘʜʘʯʽ ʥʘʚʯʘʥʥʷ ʨʦʙʦʪʘ ʢʝʨʫʚʘʪʠ ʣʽʪʘʢʦʤ, ʤʦʜʝʣʴ ʥʘʚʯʘʻʪʴʩʷ 

ʧʨʠʡʤʘʪʠ ʨʽʰʝʥʥʷ ʧʨʦ ʢʝʨʫʚʘʥʥʷ ʣʽʪʘʢʦʤ ʥʘ ʦʩʥʦʚʽ ʥʘʚʢʦʣʠʰʥʴʦʛʦ ʩʝʨʝʜʦ-

ʚʠʱʘ ʪʘ ʤʘʢʩʠʤʽʟʫʚʘʪʠ ʯʘʩ ʧʦʣʴʦʪʫ ʘʙʦ ʤʽʥʽʤʽʟʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʘʚʘʨʽʡ. 

ʋ ʧʦʜʘʣʴʰʦʤʫ, ʷʢʱʦ ʮʝ ʥʝ ʟʘʟʥʘʯʝʥʦ ʦʢʨʝʤʦ, ʙʫʜʝ ʡʪʠʩʴ ʧʨʦ ʤʘʰʠʥʥʝ 

ʥʘʚʯʘʥʥʷ "ʟ ʫʯʠʪʝʣʝʤ". ʇʨʦ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʙʝʟ ʫʯʠʪʝʣʷ ʜʠʚ. ʧʽʜʨʦʟʜʽʣ 

2.2 "ʂʣʘʩʪʝʨʠʟʘʮʽʷ ʪʘ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʜʘʥʠʭ" ʪʘ ʧʫʥʢʪ 6.2.3 "ɸʚʪʦ-

ʝʥʢʦʜʝʨʠ ʫ ʟʘʜʘʯʘʭ ʙʝʟ ʫʯʠʪʝʣʷ". ʇʨʦ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ - 
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ʜʠʚ. ʧʽʜʨʦʟʜʽʣ 5.4 "ʄʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ (Reinforcement 

Learning)". 

ɺʘʞʣʠʚʦ ʫʩʚʽʜʦʤʣʶʚʘʪʠ, ʱʦ ʚ ʧʨʠʢʣʘʜʥʦʤʫ ʧʣʘʥʽ ʥʘʫʢʘ ʧʨʦ ʜʘʥʽ, ʤʘ-
ʰʠʥʥʝ ʥʘʚʯʘʥʥʷ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʪʝʭʥʦʣʦʛʽʾ ʻ, ʧʝʨʝʜʫʩʽʤ, 

ʽʥʬʦʨʤʘʮʽʡʥʠʤʠ ʪʝʭʥʦʣʦʛʽʷʤʠ, ʷʢʽ ʟʜʽʡʩʥʶʶʪʴ ʧʝʨʝʨʦʙʣʝʥʥʷ ʽʥʬʦʨʤʘʮʽʾ ʟ 

ʚʭʽʜʥʦʾ ʥʘ ʚʠʭʽʜʥʫ ʟʘ ʧʝʚʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ, ʩʧʨʷʤʦʚʘʥʠʤʠ ʥʘ ʟʙʽʣʴʰʝʥʥʷ 

ʢʽʣʴʢʦʩʪʽ ʽʥʬʦʨʤʘʮʽʾ I, ʧʝʨʝʜʫʩʽʤ ï ʥʘ ʢʨʘʱʫ ʩʠʩʪʝʤʘʪʠʟʘʮʽʶ ʽ ʬʦʨʤʘʣʽʟʘ-
ʮʽʶ, ʚʠʷʚʣʝʥʥʷ ʽ ʧʝʨʝʜʙʘʯʝʥʥʷ ʥʦʚʠʭ ʟʥʘʥʴ ʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ. ʎʽ ʘʣʛʦʨʠʪʤʠ, 

ʟʘʣʝʞʥʦ ʚʽʜ ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʩʪʨʫʢʪʫʨʠ ʤʦʜʝʣʝʡ ʯʠ ʨʦʟʛʘʣʫ-

ʞʝʥʦʩʪʽ ʽ ʙʘʛʘʪʦʚʘʨʽʘʥʪʥʦʩʪʽ ʘʣʛʦʨʠʪʤʫ, ʤʘʶʪʴ ʨʽʟʥʫ ʩʢʣʘʜʥʽʩʪʴ S. ʆʪʞʝ, ʜʣʷ 
ʢʨʘʱʦʛʦ ʨʦʟʫʤʽʥʥʷ ʤʘʪʝʨʽʘʣʫ, ʫ ʧʦʩʽʙʥʠʢʫ ʙʫʜʝ ʚʠʢʦʨʠʩʪʘʥʘ ʚʽʜʧʦʚʽʜʥʘ ʽʥ-

ʬʦʛʨʘʬʽʢʘ, ʷʢʘ ʙʫʜʝ ʜʝʤʦʥʩʪʨʫʚʘʪʠ ʷʢʠʤ ʯʠʥʦʤ ʢʦʞʝʥ ʙʣʦʢ ʽʥʬʦʨʤʘʮʽʡʥʠʭ 

ʪʝʭʥʦʣʦʛʽʡ ʤʦʞʥʘ ʨʦʟʪʘʰʫʚʘʪʠ ʚ ʪʘʢʽʡ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ S(I) (ʨʠʩ. 1.3). 

 

 
ʈʠʩʫʥʦʢ 1.3 ï ɯʥʬʦʛʨʘʬʽʢʘ ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʜʣʷ 
ʧʝʨʝʪʚʦʨʝʥʥʷ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʥʘ ʚʠʭʽʜʥʽ, ʚ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʩʢʣʘʜʥʦʩʪʽ S ʘʣʛʦ-

ʨʠʪʤʫ ʪʘ ʢʽʣʴʢʦʩʪʽ ʽʥʬʦʨʤʘʮʽʾ I, ʷʢʫ ʚʦʥʠ ʜʦʜʘʶʪʴ  

 
ʋ ʨʘʟʽ, ʷʢʱʦ ʥʘ ʜʽʘʛʨʘʤʽ ʙʫʜʝ ʙʘʛʘʪʦ ʙʣʦʢʽʚ, ʪʦ ʜʣʷ ʢʨʘʱʦʛʦ ʨʦʟʫʤʽʥʥʷ 

ʾʭ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʧʦ ʦʩʽ ʘʙʩʮʠʩ ʱʝ ʤʦʞʫʪʴ ʜʦʜʘʚʘʪʠʩʴ ʧʨʦʻʢʮʽʷ ʮʠʭ ʙʣʦʢʽʚ ʥʘ 

ʥʝʾ ʫ ʚʠʛʣʷʜʽ ʟʝʣʝʥʠʭ ʚʝʨʪʠʢʘʣʴʥʠʭ ʣʽʥʽʡ ʚʽʜ ʮʝʥʪʨʫ ʙʣʦʢʽʚ ʜʦ ʮʽʻʾ ʦʩʽ. 

ʋ ʢʦʞʥʦʤʫ ʨʦʟʜʽʣʽ ʙʫʜʫʪʴ ʥʘʚʦʜʠʪʠʩʴ ʧʨʠʢʣʘʜʠ ʧʦʩʪʘʥʦʚʢʠ ʪʘ ʥʘʧʨʷ-
ʤʢʠ ʨʦʟʚôʷʟʘʥʥʷ ʽ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ, ʽ ʪʨʝʥʫʚʘʣʴʥʠʭ ʟʘʜʘʯ ʫ ʧʣʘʪʬʦʨʤʽ Kaggle 

ʟ ʚʽʜʧʦʚʽʜʥʦʾ ʪʝʤʘʪʠʢʠ. ʇʦʩʽʙʥʠʢ ʦʨʽʻʥʪʦʚʘʥʠʡ ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʚʠ ʧʨʦ-

ʛʨʘʤʫʚʘʥʥʷ Python (ʜʠʚ. ɼʦʜʘʪʦʢ ɸ ʟ ʜʝʷʢʦʶ ʽʥʬʦʛʨʘʬʽʢʦʶ ʪʘ ʧʦʩʠʣʘʥʥʷʤʠ 

ʥʘ ʜʦʢʫʤʝʥʪʘʮʽʶ ʽ ʟʙʽʨʥʠʢʠ ʟʘʜʘʯ, ʱʦ ʜʦʟʚʦʣʠʪʴ ʧʨʠʩʢʦʨʠʪʠ ʾʾ ʦʩʚʦʻʥʥʷ, ʟʘ 
ʥʘʷʚʥʦʩʪʽ ʟʥʘʥʴ ʚʞʝ ʭʦʯʘ ʙ ʟ ʷʢʦʾʩʴ ʽʥʰʦʾ ʤʦʚʠ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʪʘ ʟ ʦʩʥʦʚ 

ʘʣʛʦʨʠʪʤʽʟʘʮʽʾ). 
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1.2 ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ ʘʥʘʣʽʟʫ ʜʘʥʠʭ. ʇʦʰʫʢ ʧʦ ʥʽʡ ʽʥʬʦʨʤʘʮʽʾ. 

ʇʦʙʫʜʦʚʘ ʜʘʪʘʩʝʪʫ ʪʘ ʡʦʛʦ ʧʦʜʽʣ ʥʘ ʪʨʝʥʫʚʘʣʴʥʠʡ, ʚʘʣʽʜʘʮʽʡʥʠʡ ʽ 

ʪʝʩʪʦʚʠʡ  

 

ʇʝʨʝʚʘʞʥʘ ʙʽʣʴʰʽʩʪʴ ʟʘʜʘʯ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʟʚʦʜʠʪʴʩʷ ʜʦ 2 ʢʣʘʩʽʚ: 

1. ɿʘʜʘʯʽ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʜʝ ʜʦʩʪʘʪʥʴʦ ʩʘʤʽʭ ʜʘʥʠʭ, ʧʦ 

ʷʢʠʭ ʤʦʞʥʘ ʧʨʦʚʝʩʪʠ ʘʥʘʣʽʟ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ, ʟʘʣʝʞʥʦʩʪʝʡ, ʧʝʨʚʠʥʥʠʡ ʩʪʘ-
ʪʠʩʪʠʯʥʠʡ ʘʥʘʣʽʟ ʪʦʱʦ ʙʝʟ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʢʣʘʜʥʠʭ ʤʦʜʝʣʝʡ. 

2. ɿʘʜʘʯʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʧʝʨʝʜʙʘʯʝʥʥʷ ʜʘʥʠʭ, ʷʢʽ ʧʦʪ-

ʨʝʙʫʶʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʢʣʘʜʥʠʭ ʤʦʜʝʣʝʡ ʜʣʷ ʧʨʦʚʝʜʝʥʥʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʚʠ-
ʩʦʢʦʾ ʪʦʯʥʦʩʪʽ, ʧʽʩʣʷ ʯʦʛʦ ʘʙʦ ʧʨʦʚʦʜʠʪʴʩʷ ʘʥʘʣʽʟ ʟʨʦʙʣʝʥʠʭ ʧʝʨʝʜʙʘʯʝʥʴ, 

ʘʙʦ ʘʥʘʣʽʟʫʻʪʴʩʷ ʩʘʤʘ ʤʦʜʝʣʴ, ʯʠʷ ʛʘʨʥʘ ʧʨʦʛʥʦʩʪʠʯʥʘ ʬʫʥʢʮʽʷ ʜʦʚʝʣʘ ʾʾ ʘʜʝ-

ʢʚʘʪʥʽʩʪʴ. 

ɿʘʜʘʯʽ ʜʨʫʛʦʛʦ ʢʣʘʩʫ, ʫ ʩʚʦʶ ʯʝʨʛʫ, ʧʦʜʽʣʷʶʪʴʩʷ ʥʘ ʟʘʜʘʯʽ, ʷʢʽ ʤʦʞʥʘ 
ʝʬʝʢʪʠʚʥʦ ʚʠʨʽʰʠʪʠ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʝʨʝʜʪʨʝʥʦʚʘʥʠʭ ʤʦʜʝʣʝʡ, ʽ ï ʥʘ ʟʘ-

ʜʘʯʽ, ʷʢʽ ʧʦʪʨʝʙʫʶʪʴ ʧʦʙʫʜʦʚʠ ʥʦʚʦʾ ʤʦʜʝʣʽ. 

ɼʘʥʠʡ ʧʦʩʽʙʥʠʢ ʧʨʠʩʚʷʯʝʥʠʡ ʥʘʡʙʽʣʴʰ ʩʢʣʘʜʥʦʤʫ ʚʠʧʘʜʢʫ, ʢʦʣʠ 
ʪʨʝʙʘ ʧʨʦʚʝʩʪʠ ʽ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ, ʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘ-

ʥʠʭ, ʜʣʷ ʷʢʦʛʦ ʱʝ ʪʨʝʙʘ ʧʦʙʫʜʫʚʘʪʠ ʤʦʜʝʣʽ ʟʘ ʜʘʪʘʩʝʪʘʤʠ, ʷʢʽ ʱʝ ʪʨʝʙʘ ʩʪʚʦ-

ʨʠʪʠ ʟʘ ʜʘʥʠʤʠ, ʷʢʽ ʱʝ ʪʨʝʙʘ ʟʥʘʡʪʠ.  

ɼʣʷ ʧʝʨʰʦʛʦ ʢʣʘʩʫ ʟʘʜʘʯʘ ʩʪʘʚʠʪʴʩʷ, ʷʢ ʧʨʘʚʠʣʦ, ʷʢ ʚʠʤʦʛʘ ʧʨʦʚʝʩʪʠ 
ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʥʘʷʚʥʦʩʪʽ ʪʘ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʟʘʢʦ-

ʥʦʤʽʨʥʦʩʪʝʡ, ʫ ʪ.ʯ. ʩʪʘʪʠʩʪʠʯʥʠʭ; ʚʠʷʚʣʝʥʥʷ ʧʦʤʠʣʢʦʚʠʭ, ʘʥʦʤʘʣʴʥʠʭ ʪʘ 

ʧʨʦʙʣʝʤʥʠʭ ʜʘʥʠʭ; ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʟʚôʷʟʢʽʚ ʤʽʞ ʜʘʥʠʤʠ, ʾʭ ʛʨʫʧʫʚʘʥʥʷ ʽ ʢʣʘ-
ʩʪʝʨʠʟʘʮʽʾ; ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʦʪʨʠʤʘʥʠʭ ʚʠʩʥʦʚʢʽʚ ʫ ʟʨʫʯʥʽʡ ʜʣʷ ʩʧʨʠʡʥʷʪʪʷ 

ʬʦʨʤʽ. ʄʦʞʫʪʴ ʙʫʪʠ ʡ ʰʠʨʰʽ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯ. 

ɹʽʣʴʰʽʩʪʴ ʟʘʜʘʯ ʜʨʫʛʦʛʦ ʢʣʘʩʫ ï ʮʝ ʟʘʜʘʯʽ ʦʧʪʠʤʽʟʘʮʽʾ. ɺʘʨʪʦ ʨʦʟʨʽʟ-

ʥʷʪʠ ʟʘʜʘʯʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʦʜʝʣʝʡ ʪʘ ʟʘʜʘʯʽ ɯɸɼ. 
ʅʘʚʽʪʴ, ʷʢʱʦ ʮʝ ʥʝ ʩʬʦʨʤʫʣʴʦʚʘʥʦ ʷʚʥʦ, ʦʧʪʠʤʽʟʘʮʽʷ ʤʦʞʝ ʟʜʽʡʩʥʶʚʘʪʠʩʴ ʫ 

ʬʫʥʢʮʽʷʭ ʙʽʙʣʽʦʪʝʢ, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʧʦʣʽʧʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʥʘʚ-

ʯʘʥʥʷ ʤʦʜʝʣʝʡ.  
ʂʣʘʩʠʯʥʽ ʦʧʪʠʤʽʟʘʮʽʡʥʽ ʟʘʜʘʯʽ ʚ ʪʝʦʨʽʾ ʩʠʩʪʝʤ, ʷʢ ʧʨʘʚʠʣʦ, ʬʦʨʤʫʣʶ-

ʶʪʴʩʷ ʪʘʢʠʤ ʯʠʥʦʤ: ʜʣʷ ʟʘʜʘʥʠʭ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʟʤʽʥʥʠʭ ʢʝʨʫʚʘʥʥʷ, ʟʘ ʫʤʦʚ 

ʚʧʣʠʚʫ ʢʦʥʪʨʦʣʴʦʚʘʥʠʭ ʽ ʥʝʢʦʥʪʨʦʣʴʦʚʘʥʠʭ ʟʙʫʨʝʥʴ ʟʘʙʝʟʧʝʯʠʪʠ ʦʧʪʠʤʫʤ 

ʢʨʠʪʝʨʽʶ ʦʧʪʠʤʽʟʘʮʽʾ ʟʘ ʧʝʚʥʠʭ ʦʙʤʝʞʝʥʴ. 
ʋ ʟʘʜʘʯʘʭ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʚʠʜʽʣʷʶʪʴʩʷ ʪʽʣʴʢʠ ʚʭʽʜʥʽ ʜʘʥʽ ʽ ʪʘʢ 

ʟʚʘʥʠʡ çʪʘʨʛʝʪè (ʢʘʣʴʢʘ ʟ ʘʥʛʣ. çtargetè ï çʮʽʣʴʦʚʘ ʦʟʥʘʢʘè), ʭʦʯʘ ʪʘʨʛʝʪʽʚ 

ʤʦʞʝ ʙʫʪʠ ʙʘʛʘʪʦ ʘʙʦ ʫʩʽ ʜʘʥʽ ʧʦ ʯʝʨʟʽ ʤʦʞʫʪʴ ʙʫʪʠ ʪʘʨʛʝʪʦʤ, ʥʘʧʨʠʢʣʘʜ, 

ʘʥʘʣʽʟ ʚʟʘʻʤʦʟʚôʷʟʢʫ ʤʽʞ ʘʣʝʨʛʝʥʘʤʠ ʧʘʮʽʻʥʪʘ [1]. ʏʘʩʪʦ ʫʩʽ ʮʽ ʜʘʥʽ ʨʦʟʪʘʰʦ-
ʚʫʶʪʴʩʷ ʚ ʦʜʥʽʡ ʪʘʙʣʠʮʽ. ʂʨʠʪʝʨʽʻʤ ʦʧʪʠʤʽʟʘʮʽʾ ʻ ʯʠʩʣʦʚʠʡ ʧʦʢʘʟʥʠʢ (ʤʝʪ-

ʨʠʢʘ ʯʠ ʧʦʭʠʙʢʘ). ʆʙʤʝʞʝʥʥʷ ʤʦʞʫʪʴ ʙʫʪʠ ʚʽʜʩʫʪʥʽʤʠ. ʇʦ ʩʫʪʽ, ʾʭ ʨʦʣʴ ʚʠ-

ʢʦʥʫʻ ʦʙʤʝʞʝʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʪʽʣʴʢʠ ʟʥʘʯʝʥʥʷ ʽʟ ʜʘʪʘʩʝʪʫ ʽ ʟʘʙʦʨʦʥʘ 
ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʽʥʰʽ. ɸʣʝ ʤʦʞʫʪʴ ʙʫʪʠ ʡ ʧʝʚʥʽ ʬʽʟʠʯʥʽ ʦʙʤʝʞʝʥʥʷ, ʥʘʧʨʠ-

ʢʣʘʜ, ʟʘʙʦʨʦʥʘ ʜʨʦʙʦʚʠʭ ʟʥʘʯʝʥʴ: ʫ ʨʘʟʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʝʛʨʝʩʽʡʥʠʭ ʤʦʜʝʣʝʡ 
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ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʯʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʢʽʣʴʢʦʩʪʽ ʦʙôʻʢʪʽʚ ʩʣʽʜ ʦʢʨʫʛʣʷʪʠ ʚʩʽ 

ʟʥʘʯʝʥʥʷ ʜʦ ʮʽʣʦʛʦ ʽ ʪʽʣʴʢʠ ʧʦʪʽʤ ʚʠʟʥʘʯʘʪʠ ʤʝʪʨʠʢʫ (ʜʠʚ. ʧʨʠʢʣʘʜ ʚʠʟʥʘ-

ʯʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʪʠʭ, ʭʪʦ ʚʠʞʠʚ ʥʘ çʊʠʪʘʥʠʢʫè ʫ ʥʦʫʪʙʫʮʽ). ɸʙʦ: ʢʽʣʴʢʽʩʪʴ 
ʭʚʦʨʠʭ ʥʘ ʢʦʨʦʥʘʚʽʨʫʩ ʥʝ ʤʦʞʝ ʙʫʪʠ ʚʽʜôʻʤʥʦʶ ʪʘ ʽʥ. 

ʆʪʞʝ, ʢʣʘʩʠʯʥʘ ʟʘʜʘʯʘ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʤʦʜʝʣʽ, 

ʷʢ ʧʨʘʚʠʣʦ, ʬʦʨʤʫʣʶʻʪʴʩʷ ʪʘʢʠʤ ʯʠʥʦʤ: ʜʣʷ ʟʘʜʘʥʦʛʦ ʜʘʪʘʩʝʪʫ (ʪʘʙʣʠʮʽ ʜʘ-

ʥʠʭ, ʪʝʢʩʪʦʚʽ ʬʘʡʣʽ, ʘʫʜʽʦ-, ʚʽʜʝʦʬʘʡʣʠ ʯʠ ʟʦʙʨʘʞʝʥʥʷ) ʧʦʙʫʜʫʚʘʪʠ ʽ ʥʘ-
ʚʯʠʪʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʫ ʤʦʜʝʣʴ, ʷʢʘ ʟʘʙʝʟʧʝʯʠʪ ɹʦʧʪʠʤʫʤ (ʤʘʢʩʠʤʫʤ ʯʠ ʤʽʥʽ-

ʤʫʤ) ʟʘʜʘʥʦʾ ʤʝʪʨʠʢʠ (ʤʝʪʨʠʢ) ʜʣʷ ʟʘʜʘʥʦʾ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ (ʦʟʥʘʢ). ʄʦʞʫʪʴ 

ʙʫʪʠ ʜʦʜʘʪʢʦʚʽ ʦʙʤʝʞʝʥʥʷ, ʘʣʝ ʥʝ ʦʙʦʚôʷʟʢʦʚʦ. 
ɿʘʜʘʯʘʤʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʤʦʞʝ ʙʫʪʠ ʦʧʪʠʤʽʟʘʮʽʷ ʚʠʢʦʨʠʩ-

ʪʘʥʥʷ ʨʽʟʥʠʭ ʤʦʜʝʣʝʡ, ʤʝʪʦʜʽʚ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʩʢʣʘʜʥʠʭ ʟʚ'ʷʟ-

ʢʽʚ ʪʘ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʫ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ, ʫ ʪ.ʯ. ʟ ʯʠʩʣʦʚʦʶ, 

ʪʝʢʩʪʦʚʦʶ, ʛʨʘʬʽʯʥʦʶ ʩʪʘʪʠʯʥʦʶ ʪʘ/ʯʠ ʜʠʥʘʤʽʯʥʦʶ ʽʥʬʦʨʤʘʮʽʻʶ, ʟ ʤʝʪʦʶ 
ʬʦʨʤʫʚʘʥʥʷ ʧʝʨʝʜʙʘʯʝʥʴ ʯʠ ʦʪʨʠʤʘʥʥʷ ʽʥʩʘʡʪʽʚ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʧʨʠʡʥʷʪʪʷ 

ʨʽʰʝʥʴ ʪʘ ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʚʜʘʥʴ ʫ ʨʽʟʥʠʭ ʛʘʣʫʟʷʭ. ʄʦʞʫʪʴ ʙʫʪʠ ʡ ʽʥʰʽ (ʙʽʣʴʰ 

ʟʘʛʘʣʴʥʽ ʯʠ ʙʽʣʴʰ ʚʫʟʴʢʽ) ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯ ɯɼɸ. 
ɭʜʠʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʧʦʩʪʘʥʦʚʢʠ ʽ ʨʦʟʚôʷʟʘʥʥʷ ʫʩʽʭ ʧʦʜʽʙʥʠʭ ʟʘʜʘʯ ʥʝ 

ʽʩʥʫʻ, ʭʦʯʘ ʥʠʞʯʝ ʫ ʮʴʦʤʫ ʨʦʟʜʽʣʽ ʥʘʚʝʜʝʥʦ ʨʷʜ ʫʟʘʛʘʣʴʥʝʥʠʭ ʘʣʛʦʨʠʪʤʽʚ ʽ 

ʨʝʢʦʤʝʥʜʘʮʽʡ ʜʣʷ ʥʘʡʙʽʣʴʰ ʩʢʣʘʜʥʠʭ ʚʘʨʽʘʥʪʽʚ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ, ʘʣʝ ʚʦʥʠ, 

ʥʘ ʞʘʣʴ, ʥʝ ʦʭʦʧʣʶʶʪʴ ʫʩʽ ʤʦʞʣʠʚʽ ʚʘʨʽʘʥʪʠ. 
ɺʽʜʤʽʥʥʽʩʪʴ ʚ ʘʣʛʦʨʠʪʤʘʭ ʤʦʞʝ ʙʫʪʠ ʡ ʫ ʪʦʤʫ, ʟ ʷʢʦʛʦ ʝʪʘʧʫ ʧʦʯʠʥʘ-

ʻʪʴʩʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ. ʋ ʟʤʘʛʘʥʥʷʭ ʪʘ ʥʘʚʯʘʣʴʥʠʭ ʧʨʠʢʣʘʜʘʭ ʚʞʝ ʻ ʜʘʪʘ-

ʩʝʪʠ ʽ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ, ʷʢʫ ʪʨʝʙʘ ʨʦʟʚôʷʟʫʚʘʪʠ. ʋ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯʘʭ: 
ɺʘʨʽʘʥʪ 1. ʄʦʞʝ ʙʫʪʠ ʚʽʜʦʤʠʤ ʜʘʪʘʩʝʪ, ʥʘʧʨʠʢʣʘʜ, ʜʘʥʽ ʤʝʜʠʯʥʠʭ ʘʥʘ-

ʣʽʟʽʚ, ʽ ʣʠʰʝ ʙʘʞʘʥʥʷ ʧʦʢʨʘʱʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʣʽʢʫʚʘʥʥʷ ʯʠ ʙʽʣʴʰ ʪʦʯʥʦ 

ʦʮʽʥʶʚʘʪʠ ʧʦʰʠʨʝʥʥʷ ʭʚʦʨʦʙʠ ʫ ʢʨʘʾʥʽ, ʘ ʷʢ ʩʘʤʝ ʮʝ ʟʨʦʙʠʪʠ ʽ ʟʘ ʷʢʠʤʠ ʧʦ-

ʢʘʟʥʠʢʘʤʠ ï ʥʝʚʽʜʦʤʦ, ʪʦʙʪʦ ʪʦʯʥʽ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯ ʱʝ ʩʣʽʜ ʩʬʦʨʤʫʣʶʚʘʪʠ 
ʩʘʤʦʩʪʽʡʥʦ. 

ɺʘʨʽʘʥʪ 2. ʄʦʞʝ ʙʫʪʠ ʚʽʜʦʤʦʶ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ, ʥʘʧʨʠʢʣʘʜ, ʧʽʜʚʠ-

ʱʠʪʠ ʪʦʯʥʽʩʪʴ ʱʦʜʦʙʦʚʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʦʬʽʮʽʡʥʦ ʦʧʨʠʣʶʜʝʥʥʦʾ ʢʽʣʴʢʦʩʪʽ 
ʭʚʦʨʠʭ ʥʘ ʢʦʨʦʥʘʚʽʨʫʩ ʚ ʢʨʘʾʥʽ, ʘʣʝ ʷʢʽ ʬʘʢʪʦʨʠ ʚʨʘʭʦʚʫʚʘʪʠ ï ʥʝʚʽʜʦʤʦ, 

ʪʦʙʪʦ ʜʘʪʘʩʝʪ ʱʝ ʪʨʝʙʘ ʩʪʚʦʨʠʪʠ, ʘ ʩʪʚʦʨʠʚʰʠ, ʫʪʦʯʥʠʪʠ ʧʦʩʪʘʥʦʚʢʫ ʟʘʜʘʯʽ, 

ʦʩʢʽʣʴʢʠ ʥʝ ʚʩʽ ʜʘʥʽ, ʟʘʟʚʠʯʘʡ, ʚʜʘʻʪʴʩʷ ʟʥʘʡʪʠ, ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʚʠʤʦʛ. 

ɺʘʨʽʘʥʪ 2 ʤʘʻ ʤʽʩʮʝ ʯʘʩʪʽʰʝ ʽ ʚʽʥ ʻ ʥʘʡʙʽʣʴʰ ʫʟʘʛʘʣʴʥʝʥʠʤ, ʘ ʚʘʨʽʘʥʪ 1 
ʻ ʡʦʛʦ ʩʧʨʦʱʝʥʠʤ ʚʠʧʘʜʢʦʤ. ʊʦʤʫ ʙʽʣʴʰʫ ʫʚʘʛʫ ʙʫʜʝʤʦ ʧʨʠʜʽʣʷʪʠ ʚʘʨʽʘʥʪʫ 

2. 

ʋ ʨʘʟʽ, ʢʦʣʠ ʟʘʜʘʯʘ ʚʠʨʽʰʫʻʪʴʩʷ çʟ ʥʫʣʷè, ʪʦʙʪʦ ʻ ʣʠʰʝ ʧʦʩʪʘʥʦʚʢʘ ʟʘ-

ʜʘʯʽ (ʚʘʨʽʘʥʪ 2) ʧʨʦ ʪʝ, ʱʦ ʩʘʤʝ ʩʣʽʜ ʥʘʚʯʠʪʠʩʴ ʚʠʨʽʰʫʚʘʪʠ, ʘ ʜʘʥʠʭ ʥʝʤʘʻ 
ʥʽʷʢʠʭ, ʪʦʜʽ ʨʝʢʦʤʝʥʜʫʻʤʦ ʩʢʦʨʠʩʪʘʪʠʩʴ ʪʘʢʠʤ ʘʣʛʦʨʠʪʤʦʤ: 

1. ʋʪʦʯʥʠʪʠ ʢʣʶʯʦʚʽ ʩʣʦʚʘ ʜʣʷ ʦʧʠʩʫ ʧʨʝʜʤʝʪʥʦʾ ʦʙʣʘʩʪʽ ʟ ʚʠʢʦʨʠʩ-

ʪʘʥʥʷʤ ʝʢʩʧʝʨʪʽʚ, ʩʧʝʮʽʘʣʴʥʦʾ ʣʽʪʝʨʘʪʫʨʠ ʯʠ, ʭʦʯʘ ʙ, ʯʘʪ-ʙʦʪʽʚ. ɿʨʦʙʠʪʠ ʩʝ-
ʨʽʶ ʘʥʛʣʦʤʦʚʥʠʭ ʟʘʧʠʪʽʚ ʽʟ ʟʘʜʘʥʦʾ ʪʝʤʘʪʠʢʠ ʚ ChatGPT (ʯʠ ʘʥʘʣʦʛʽʯʥʠʭ ʩʝʨ-
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ʚʽʩʘʭ), ʩʘʤʝ ï ʘʥʛʣʦʤʦʚʥʠʭ, ʪʦʜʽ ʨʝʟʫʣʴʪʘʪʠ ʙʫʜʫʪʴ ʙʽʣʴʰ ʧʦʚʥʠʤʠ ʽ ʨʝʣʝʚʘ-

ʥʪʥʠʤʠ. ʆʩʥʦʚʥʽ ʮʽʣʽ ʪʘʢʦʛʦ ʚʠʚʯʝʥʥʷ: ʘʥʘʣʽʟ ʩʫʯʘʩʥʠʭ ʧʽʜʭʦʜʽʚ ʽ ʪʝʭʥʦʣʦʛʽʡ 

ʜʦ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ; ʧʦʰʫʢ ʧʫʙʣʽʯʥʠʭ ʜʘʪʘʩʝʪʽʚ ʟ ʮʽʻʾ ʟʘʜʘʯʽ; ʚʠʟʥʘʯʝʥʥʷ 
ʧʝʨʝʣʽʢʫ ʘʥʛʣʦʤʦʚʥʠʭ ʢʣʶʯʦʚʠʭ ʩʣʽʚ ʟ ʪʝʤʘʪʠʢʠ ʟʘʜʘʯʽ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʧʦ-

ʰʫʢʫ. 

2. ɺʠʚʯʠʪʠ ʪʦʧʦʚʽ (ʧʝʨʰʽ ʩʪʦʨʽʥʢʠ ʩʧʠʩʢʫ) ʘʥʛʣʦʤʦʚʥʽ ʩʪʘʪʪʽ ʽʟ ʚʽʜʽʙ-

ʨʘʥʠʤʠ ʫ ʧ.1 ʢʣʶʯʦʚʠʤʠ ʩʣʦʚʘʤʠ ʫ ʩʝʨʚʽʩʽ Google Scholar. ɼʣʷ ʙʽʣʴʰʦʾ ʝʬʝ-
ʢʪʠʚʥʦʩʪʽ ʩʣʽʜ ʫ ʚʢ̔ʥʽ ʟʣʽʚʘ ʚʠʙʨʘʪʠ ʦʩʪʘʥʥʽʡ ʯʠ ʧʝʨʝʜʦʩʪʘʥʥʽʡ ʨʽʢ, ʘ ʥʠʞʯʝ 

ï ʟʥʷʪʠ ʧʪʘʰʝʯʢʫ çʚʢʣʶʯʘʶʯʠ ʮʠʪʫʚʘʥʥʷè (ʨʠʩ. 1.4). ʆʩʥʦʚʥʽ ʮʽʣʽ ʪʘʢʦʛʦ 

ʚʠʚʯʝʥʥʷ: ʘʥʘʣʽʟ ʩʫʯʘʩʥʠʭ ʧʽʜʭʦʜʽʚ ʽ ʪʝʭʥʦʣʦʛʽʡ ʜʦ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʪʘ 
ʢʦʥʢʨʝʪʥʠʭ ʾʭ ʨʝʟʫʣʴʪʘʪʽʚ, ʫ ʪ.ʯ. ʫ ʛʨʘʬʽʯʥʦʤʫ ʚʠʛʣʷʜʽ; ʧʝʨʝʚʽʨʢʘ ʜʦʩʪʦʚʽʨ-

ʥʦʩʪʽ ʚʽʜʦʤʦʩʪʝʡ, ʷʢʽ ʥʘʚʽʚ ChatGPT  ʫ ʧ.1; ʧʦʰʫʢ ʧʫʙʣʽʯʥʠʭ ʜʘʪʘʩʝʪʽʚ, ʷʢʽ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠ ʘʚʪʦʨʠ ʩʪʘʪʝʡ ʪʘ ʷʢʽ ʧʦʨʘʜʠʚ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ChatGPT 

(ʩʫʯʘʩʥʽ ʪʦʧʦʚʽ ʞʫʨʥʘʣʠ ʚʠʤʘʛʘʶʪʴ ʧʫʙʣʽʢʫʚʘʪʠ ʽ ʜʘʪʘʩʝʪʠ, ʽ ʧʨʦʛʨʘʤʠ ʜʣʷ 
ʾʭ ʦʙʨʦʙʣʝʥʥʷ ʟ ʨʝʟʫʣʴʪʘʪʘʤʠ, ʥʘʚʝʜʝʥʠʤʠ ʫ ʩʪʘʪʪʷʭ ï ʥʘʡʯʘʩʪʽʰʝ ʾʭ ʤʦʞʥʘ 

ʟʥʘʡʪʠ ʫ GitHub ʘʙʦ Kaggle); ʫʪʦʯʥʝʥʥʷ ʧʝʨʝʣʽʢʫ ʘʥʛʣʦʤʦʚʥʠʭ ʢʣʶʯʦʚʠʭ 

ʩʣʽʚ ʟ ʪʝʤʘʪʠʢʠ ʟʘʜʘʯʽ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʧʦʰʫʢʫ.  
 

 
ʈʠʩʫʥʦʢ 1.4 ï ʇʨʠʢʣʘʜ ʨʝʟʫʣʴʪʘʪʽʚ ʧʦʰʫʢʫ ʩʪʘʪʝʡ ʫ Google Scholar ʟ ʪʝʤʘ-

ʪʠʢʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʫ ʩʬʝʨʽ ʢʦʨʦʥʘʚʽʨʫʩʫ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫ-

ʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʟʘ ʦʩʪʘʥʥʽ 2 ʨʦʢʠ 

 
3. ɿʜʽʡʩʥʠʪʠ ʧʦʰʫʢ ʨʝʣʝʚʘʥʪʥʠʭ ʥʦʫʪʙʫʢʽʚ Kaggle ʪʘ ʚʠʚʯʠʪʠ ʚʠʢʦʨʠ-

ʩʪʘʥʽ ʫ ʥʠʭ ʜʘʪʘʩʝʪʠ (ʨʦʟʜʽʣ çInputè). ʆʜʥʘʢ, ʧʦʰʫʢʦʚʘ ʩʠʩʪʝʤʘ Kaggle ʫʩʽ 

ʢʣʶʯʦʚʽ ʩʣʦʚʘ ʧʦʻʜʥʫʻ ʟʘ ʦʧʝʨʘʮʽʻʶ çORè ʽ ʮʝ ʧʦʢʠ, ʥʘ ʞʘʣʴ, ʥʝ ʤʦʞʥʘ ʟʤʽ-

ʥʠʪʠ, ʪʦʤʫ ʰʫʢʘʪʠ ʜʦʮʽʣʴʥʦ ʪʽʣʴʢʠ ʟʘ ʦʜʥʠʤ ʩʣʦʚʦʤ, ʘʙʦ ʰʫʢʘʪʠ ʟʘʩʦʙʘʤʠ 
Google-ʧʦʰʫʢʫ, ʜʦʜʘʶʯʠ ʚ ʧʦʰʫʢ ʩʣʦʚʦ çkaggleè ï ʩʘʤʝ ʚ ʣʘʧʢʘʭ, ʚʠʤʘʛʘ-

ʶʯʠ ʡʦʛʦ ʦʙʦʚôʷʟʢʦʚʫ ʥʘʷʚʥʽʩʪʴ ʫ ʨʝʟʫʣʴʪʘʪʘʭ ʧʦʰʫʢʫ, ʪʦʜʽ, ʷʢ ʧʨʘʚʠʣʦ, ʨʝ-

ʟʫʣʴʪʘʪʦʤ ʧʦʰʫʢʫ ʙʫʜʝ ʩʘʤʝ ʜʘʪʘʩʝʪʠ ʽ ʧʨʦʛʨʘʤʠ ʚ Kaggle. ʇʨʠ ʮʴʦʤʫ, ʚʘʨʪʦ 

https://scholar.google.com/
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ʦɦʨʘʟʫ ʫʪʦʯʥʷʪʠ ʢʣʶʯʦʚʽ ʩʣʦʚʘ ʜʣʷ ʦʧʠʩʫ ʧʨʝʜʤʝʪʥʦʾ ʦʙʣʘʩʪʽ ʟ ʚʠʢʦʨʠʩʪʘʥ-

ʥʷʤ ʟʘʛʘʣʴʥʦ ʧʨʠʡʥʷʪʦʾ ʫ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ ʪʝʨʤʽʥʦʣʦʛʽʾ. 

4. ɿʜʽʡʩʥʠʪʠ ʧʦʰʫʢ ʜʘʪʘʩʝʪʽʚ ʫ GitHub ʟ ʧʨʠʢʣʘʜʘʤʠ ʨʦʟʚôʷʟʘʥʥʷ ʧʦʩ-
ʪʘʚʣʝʥʦʾ ʟʘʜʘʯʽ ʟʘ ʢʣʶʯʦʚʠʤʠ ʩʣʦʚʘʤʠ, ʚʽʜʽʙʨʘʥʠʤʠ ʫ ʧʫʥʢʪʘʭ 1-3. 

ʎʽ ʝʪʘʧʠ ʚʘʨʪʦ ʧʦʚʪʦʨʠʪʠ ʧʘʨʫ ʨʘʟʽʚ, ʱʦʨʘʟʫ ʫʪʦʯʥʷʶʯʠ ʘʙʦ ʫʨʽʟʥʦʤʘ-

ʥʽʪʥʶʶʯʠ ʧʦʰʫʢʦʚʽ ʟʘʧʠʪʠ. 

ʋ ʨʘʟʽ, ʷʢʱʦ ʥʝ ʚʜʘʣʦʩʴ ʟʥʘʡʪʠ ʧʦʪʨʽʙʥʠʡ ʜʘʪʘʩʝʪ ʘʙʦ ʡʦʛʦ ʟʥʘʡʜʝʥʦ, 
ʘʣʝ ʚʽʥ ʤʘʻ ʥʝ ʪʘʢʠʡ ʚʠʛʣʷʜ, ʷʢ ʪʨʝʙʘ, ʚʘʨʪʦ ʩʪʚʦʨʠʪʠ ʚʣʘʩʥʠʡ ʜʘʪʘʩʝʪ. ʏʘʩʪʦ 

ʻ ʩʝʥʩ ʨʦʙʠʪʠ ʩʚʽʡ ʜʘʪʘʩʝʪ, ʥʘʚʽʪʴ, ʢʦʣʠ ʻ ʨʽʟʥʽ ʽʩʥʫʶʯʽ, ʘʣʝ ʜʦ ʥʠʭ ʱʝ ʪʨʝʙʘ 

ʱʦʨʘʟʫ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʙʘʛʘʪʦ ʦʧʝʨʘʮʽʡ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ. ɸ ʪʦʜʽ ʟʘʩʪʦʩʦʚʫ-
ʻʪʝ ʾ ʭ, ʚʽʜʙʠʨʘʻʪʝ ʫʩʝ, ʱʦ ʪʨʝʙʘ, ʟʙʝʨʽʛʘʻʪʝ ʦʜʠʥ ʨʘʟ ʚ ʦʧʪʠʤʘʣʴʥʦʤʫ ʚʠʛʣʷʜʽ 

ʽ ʪʦʜʽ ʚʞʝ ʪʽʣʴʢʠ ʡʦʛʦ ʡ ʚʠʢʦʨʠʩʪʦʚʫʻʪʝ ʚ ʧʦʜʘʣʴʰʦʤʫ.  

ʇʽʜ ʯʘʩ ʟʙʠʨʘʥʥʷ ʜʘʥʠʭ ʜʫʞʝ ʚʘʞʣʠʚʦ ʚʨʘʭʦʚʫʚʘʪʠ ʪʽ ʦʟʥʘʢʠ, ʷʢʽ ʚʧʣʠ-

ʚʘʶʪʴ ʯʠ ʧʦʪʝʥʮʽʡʥʦ ʤʦʞʫʪʴ ʚʧʣʠʥʫʪʠ ʥʘ ʮʽʣʴʦʚʫ ʦʟʥʘʢʫ, ʽ ʥʝ ʚʨʘʭʦʚʫʚʘʪʠ 
ʪʽ, ʷʢʽ ʪʦʯʥʦ ʥʝ ʚʧʣʠʚʘʶʪʴ. ʅʘʧʨʠʢʣʘʜ, ʽʩʥʫʻ ʚʝʙ-ʩʪʦʨʽʥʢʘ, ʜʝ ʢʦʣʝʢʮʽʦʥʫʶʪʴ 

ʪʘʢ ʟʚʘʥʽ çSpurious Correlationsè (ʟ ʘʥʛʣ. ï çʍʠʙʥʽ ʢʦʨʝʣʷʮʽʾè), ʪʦʙʪʦ ï ʟʘʢʦ-

ʥʦʤʽʨʥʦʩʪʽ, ʤʽʞ ʷʢʠʤʠ ʥʝʤʘʻ ʬʽʟʠʯʥʦʛʦ ʯʠ ʩʝʤʘʥʪʠʯʥʦʛʦ ʟʚôʷʟʢʫ, ʘʣʝ ʩʪʘʪʠ-
ʩʪʠʯʥʠʡ ʘʥʘʣʽʟ ʧʦʢʘʟʫʻ, ʱʦ ʢʦʨʝʣʷʮʽʷ ʻ (ʨʠʩ. 1.5). 

 

 
ʈʠʩʫʥʦʢ 1.5 ï ʂʦʨʝʣʷʮʽʷ ʥʘ 0,79 ʢʽʣʴʢʦʩʪʽ ʥʝʢʦʤʝʨʮʽʡʥʠʭ ʧʫʩʢʽʚ ʢʦʩʤʽʯʥʠʭ 

ʨʘʢʝʪ ʪʘ ʟʘʭʠʱʝʥʠʭ ʜʦʢʪʦʨʩʴʢʠʭ ʩʪʫʧʝʥʽʚ ʫ ʩʬʝʨʽ ʩʦʮʽʦʣʦʛʽʾ ʥʘ ʚʝʙ-ʩʪʦʨʽʥʮʽ 
çSpurious Correlationsè 

 

ʋ ɼʦʜʘʪʢʫ ɹ ʥʘʚʝʜʝʥʦ ʘʣʛʦʨʠʪʤ ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʾ ʧʦʙʫʜʦʚʠ ʚʣʘʩʥʦʛʦ 

ʜʘʪʘʩʝʪʫ ʫ ʩʝʨʝʜʦʚʠʱʽ Kaggle. ʊʘʢʦʞ, ʤʦʞʥʘ ʩʪʚʦʨʶʚʘʪʠ ʜʘʪʘʩʝʪʠ ʫ ʚʠʛʣʷʜʽ 
ʬʘʡʣʽʚ ʥʘ ʣʦʢʘʣʴʥʦʤʫ ʢʦʤʧôʶʪʝʨʽ (ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ Python-ʧʨʦʛʨʘʤʘʭ ʥʘ 

ʮʴʦʤʫ ʞ ʢʦʤʧ'ʶʪʝʨʽ), ʫ GitHub, ʥʘ ʩʚʦʻʤʫ Google-ʜʠʩʢʫ, ʫ ʧʣʘʪʥʦʤʫ ʩʝʨʚʽʩʽ 

Amazon S3 ʪʦʱʦ.  

ɯʥʬʦʨʤʘʮʽʶ ʜʣʷ ʜʘʪʘʩʝʪʽʚ ʤʦʞʥʘ ʙʨʘʪʠ ʟ ʨʽʟʥʠʭ ʜʞʝʨʝʣ: 
- ʟʙʠʨʘʪʠ ʩʘʤʦʩʪʽʡʥʦ ʯʠ ʟʘ ʫʯʘʩʪʽ ʧʦʤʽʯʥʠʢʽʚ;  

https://github.com/search
https://www.tylervigen.com/spurious-correlations
https://www.tylervigen.com/spurious-correlations
https://www.tylervigen.com/spurious-correlations
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- ʟ ʨʝʘʣʴʥʠʭ ʽʥʬʦʨʤʘʮʽʡʥʦ-ʚʠʤʽʨʶʚʘʣʴʥʠʭ ʪʘ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʩʠʩʪʝʤ, 

ʫ ʪ.ʯ. ʥʘ ʦʩʥʦʚʽ ɯʥʪʝʨʥʝʪʫ ʨʝʯʝʡ; 

- ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʚʽʜʢʨʠʪʽ ʜʘʥʽ, ʫ ʪ.ʯ. ʟ ʚʝʙ-ʧʦʨʪʘʣʽʚ ʽ ʩʝʨʚʽʩʽʚ, ʩʦʮ-
ʤʝʨʝʞ, ʜʘʪʘʩʝʪʽʚ Kaggle, GitHub ʪʘ ʽʥ., ʥʘʡʙʽʣʴʰ ʟʨʫʯʥʦ ï ʢʦʨʠʩʪʫʚʘʪʠʩʴ ʜʘ-

ʥʠʤʠ ʯʝʨʝʟ API.  

ʉʣʽʜ ʟʘʟʥʘʯʠʪʠ, ʱʦ, ʱʦʨʘʟʫ, ʧʝʨʝʜ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʽʥʬʦʨʤʘʮʽʾ ʟ ʧʝʚ-

ʥʦʛʦ ʜʘʪʘʩʝʪʫ ʯʠ ʜʞʝʨʝʣʘ, ʩʧʦʯʘʪʢʫ ʩʣʽʜ ʫʚʘʞʥʦ ʚʠʚʯʠʪʠ ʣʽʮʝʥʟʽʡʥʽ ʫʤʦʚʠ 
ʮʴʦʛʦ ʜʘʪʘʩʝʪʫ ʪʘ ʟʘʢʦʥʦʜʘʚʯʽ ʚʠʤʦʛʠ ʱʦʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʘʢʦʛʦ ʨʦʜʫ ʽʥʬʦ-

ʨʤʘʮʽʾ ʽ ʜʦʪʨʠʤʫʚʘʪʠʩʴ ʫʩʽʭ ʚʠʤʦʛ (ʥʝ ʙʨʘʪʠ ʮʽ ʜʘʥʽ, ʘʙʦ ʘʥʦʥʽʤʽʟʫʚʘʪʠ ʾʭ, 

ʮʠʪʫʚʘʪʠ ʧʝʨʰʦʜʞʝʨʝʣʦ ʫ ʪʦʡ ʩʧʦʩʽʙ, ʷʢ ʚʠʤʘʛʘʻʪʴʩʷ ʫ ʥʴʦʤʫ). ɺʘʞʣʠʚʠʤ ʻ 
ʱʝ ʩʧʦʩʽʙ, ʚ ʷʢʠʡ ʚʠ ʧʣʘʥʫʻʪʝ ʧʦʰʠʨʶʚʘʪʠ ʩʚʽʡ ʜʘʪʘʩʝʪ. ɯʥʦʜʽ ʘʚʪʦʨʠ ʜʦʟʚʦ-

ʣʷʶʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʘʥʽ ʽʥʜʠʚʽʜʫʘʣʴʥʦ, ʜʣʷ ʚʣʘʩʥʠʭ ʧʦʪʨʝʙ. ɯʥʦʜʽ, ʚʠ 

ʤʦʞʝʪʝ ʾʭ ʟʘʚʘʥʪʘʞʠʪʠ ʙʝʟʢʦʰʪʦʚʥʦ, ʷʢ ʟʜʦʙʫʚʘʯ ʚʠʱʦʾ ʦʩʚʽʪʠ (ʩʣʽʜ ʣʠʰʝ 

ʟʘʨʝʻʩʪʨʫʚʘʪʠʩʴ ʟ ʧʦʰʪʠ ʟ ʘʢʘʫʥʪʫ ʫʥʽʚʝʨʩʠʪʝʪʫ), ʘʣʝ ʪʦʜʽ ʚʠ ʥʝ ʤʘʻʪʝ ʧʨʘʚʘ 
ʧʦʰʠʨʶʚʘʪʠ ʮʝʡ ʢʦʥʪʝʥʪ ʜʣʷ ʽʥʰʠʭ ʢʦʨʠʩʪʫʚʘʯʽʚ. 

Kaggle ʧʨʦʩʠʪʴ ʚʢʘʟʫʚʘʪʠ (ʭʦʯʘ, ʮʝ ï ʥʝ ʦʙʦʚôʷʟʢʦʚʠʡ ʧʘʨʘʤʝʪʨ) ʚʠʜ 

ʣʽʮʝʥʟʽʾ ʜʘʪʘʩʝʪʫ (ʮʝ ʦʩʦʙʣʠʚʦ ʘʢʪʫʘʣʴʥʦ, ʷʢʱʦ ʚʽʥ ʩʪʚʦʨʶʻʪʴʩʷ ʷʢ ʧʫʙʣʽʯ-
ʥʠʡ) ï ʧʽʜ ʯʘʩ ʚʠʙʦʨʫ ʪʠʧʫ, ʚʘʨʪʦ ʫʪʦʯʥʠʪʠ ʚʠʜ ʣʽʮʝʥʟʽʾ ʧʝʨʰʦʜʞʝʨʝʣ, ʱʦʙ 

ʥʝ ʙʫʣʦ ʥʝʫʟʛʦʜʞʝʥʥʷ. ʗʢ ʧʨʘʚʠʣʦ, ʜʣʷ ʧʫʙʣʽʯʥʠʭ ʜʘʪʘʩʝʪʽʚ ʚʠʢʦʨʠʩʪʦʚʫ-

ʻʪʴʩʷ ʉʉ-ʣʽʮʝʥʟʽʷ (ʘʥʛʣ. çCreative Commonsè). ʑʝ ʚ Kaggle ʻ ʧʦʧʫʣʷʨʥʦʶ 

ʣʽʮʝʥʟʽʷ ʄʘʩʩʘʯʫʩʝʪʩʴʢʦʛʦ ʪʝʭʥʦʣʦʛʽʯʥʦʛʦ ʽʥʩʪʠʪʫʪʫ (çMITè) ʪʘ ʽʥ. ɿʘʟʚʠ-
ʯʘʡ, ChatGPT ʤʦʞʝ ʜʦʧʦʤʦʛʪʠ ʚʽʜʧʦʚʽʩʪʠ ʥʘ ʧʠʪʘʥʥʷ ʯʠ ʤʦʞʥʘ ʜʘʥʽ, ʦʪʨʠ-

ʤʘʥʽ ʟʘ ʪʘʢʦʶ-ʪʦ ʣʽʮʝʥʟʽʻʶ, ʧʦʰʠʨʶʚʘʪʠ ʟʘ ʪʘʢʦʶ-ʪʦ, ʽ ʱʝ ʧʽʜʢʘʞʝ ʷʢ ʩʘʤʝ 

ʩʣʽʜ ʧʨʘʚʠʣʴʥʦ ʚʠʢʦʥʘʪʠ ʫʩʽ ʚʠʤʦʛʠ ʮʽʻʾ ʣʽʮʝʥʟʽʾ. 
ɺʘʞʣʠʚʠʤ ʘʩʧʝʢʪʦʤ ʚ ʟʘʜʘʯʘʭ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʻ ʬʦʨʤʫʚʘʥʥʷ ʥʘ-

ʚʯʘʣʴʥʦʛʦ, ʚʘʣʽʜʘʮʽʡʥʦʛʦ ʪʘ ʪʝʩʪʦʚʦʛʦ ʜʘʪʘʩʝʪʽʚ. ʅʘ ʥʘʚʯʘʣʴʥʦʤʫ ʜʘʪʘʩʝʪʽ 

ʥʘʚʯʘʶʪʴʩʷ, ʪʨʝʥʫʶʪʴʩʷ ʤʦʜʝʣʽ. ʁʦʛʦ ʱʝ ʥʘʟʠʚʘʶʪʴ çʪʨʝʡʥʦʚʠʡè ï ʚʽʜ ʘʥʛʣ. 

çtrainingè. ʅʘ ʚʘʣʽʜʘʮʽʡʥʦʤʫ (ʚʽʜ ʘʥʛʣ. ï çvalidationè) ʚʠʙʠʨʘʻʪʴʩʷ ʷʢʘ ʟ ʤʦ-
ʜʝʣʝʡ ï ʦʧʪʠʤʘʣʴʥʘ. ɸ ʪʝʩʪʦʚʠʡ (ʘʥʛʣ. çtestingè) ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʚʞʝ ʜʣʷ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʽʣʴʢʠ ʦʧʪʠʤʘʣʴʥʦʾ ʤʦʜʝʣʽ. ʊʝʩʪʦʚʽ ʜʘʪʘʩʝʪʠ ʧʦʧʫʣʷʨʥʽ ʫ ʨʽʟ-

ʥʠʭ ʟʤʘʛʘʥʥʷʭ. ɺ ʨʝʘʣʴʥʠʭ ʞʝ ʟʘʜʘʯʘʭ, ʫʩʽ ʜʘʥʽ, ʷʢ ʧʨʘʚʠʣʦ, ʧʦʜʽʣʷʶʪʴʩʷ 
ʪʽʣʴʢʠ ʥʘ ʥʘʚʯʘʣʴʥʽ ʪʘ ʚʘʣʽʜʘʮʽʡʥʽ ʘʙʦ ï ʥʘ ʥʘʚʯʘʣʴʥʽ ʽ ʪʝʩʪʦʚʽ, ʘʣʝ ʪʝʩʪʦʚʠʡ 

ʚʽʜʽʛʨʘʻ ʨʦʣʴ ʚʘʣʽʜʘʮʽʡʥʦʛʦ. ɿʘʟʚʠʯʘʡ, ʥʘʚʯʘʣʴʥʠʡ ʜʘʪʘʩʝʪ ʤʽʩʪʠʪʴ ʚʽʜ 70% 

ʜʦ 90% ʟʘʛʘʣʴʥʠʭ ʜʘʥʠʭ, ʚʽʜʧʦʚʽʜʥʦ, ʚʘʣʽʜʘʮʽʡʥʠʡ: ʚʽʜ 10% ʜʦ 30%. ʅʘʡ-

ʙʽʣʴʰ ʧʦʧʫʣʷʨʥʽ ʚʘʨʽʘʥʪʠ: 75/25% ʯʠ 80/20%. ɺʘʨʽʘʥʪ 90/10% ʚʠʢʦʨʠʩʪʦʚʫ-
ʻʪʴʩʷ, ʷʢʱʦ ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʜʘʥʠʭ ï ʟʘʤʘʣʘ ʽ ʤʦʜʝʣʴ ʥʝ ʤʦʞʝ ʥʘʚʯʠʪʠʩʴ 

ʥʘ 70-85%, ʘ ʚʘʨʽʘʥʪ 70/30% (ʘʙʦ, ʥʘʚʽʪʴ, 60/40%), ʢʦʣʠ ʜʘʥʽ ï ʜʫʞʝ ʦʜʥʦʤʘ-

ʥʽʪʥʽ ʽ ʤʦʜʝʣʴ ʜʘʻ ʥʘʜʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʫ 100% ʟʙʽʛʽʚ, ʥʘʚʽʪʴ ʟʘ 70/30%. 

ɿʘʟʚʠʯʘʡ, ʚʘʣʽʜʘʮʽʡʥʽ ʜʘʥʽ ʚʽʜʙʠʨʘʶʪʴ ʽʟ ʟʘʛʘʣʴʥʠʭ ʜʦʚʽʣʴʥʦ ʚʠʧʘʜ-
ʢʦʚʦ ʘʙʦ çʨʘʥʜʦʤʥʦè), ʘʣʝ ʜʣʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ, ʢʦʣʠ ʪʨʝʙʘ ʧʨʦʛʥʦʟʫʚʘʪʠ ʤʘʡ-

ʙʫʪʥʻ, ʪʦʜʽ ʚʘʣʽʜʘʮʽʡʥʠʤʠ ʻ ʦʩʪʘʥʥʽ ʟʥʘʯʝʥʥʷ ʨʷʜʫ, ʱʦʙ ʦʧʪʠʤʘʣʴʥʘ ʤʦʜʝʣʴ 

ʥʘʡʙʽʣʴʰ ʪʦʯʥʦ ʚʽʜʪʚʦʨʶʚʘʣʘ ʩʘʤʝ ʜʘʥʽ, ʨʦʟʪʘʰʦʚʘʥʽ ʚ ʯʘʩʽ ʙʝʟʧʦʩʝʨʝʜʥʴʦ 
ʧʝʨʝʜ ʪʝʩʪʦʚʠʤʠ.  

https://uk.wikipedia.org/wiki/%D0%9B%D1%96%D1%86%D0%B5%D0%BD%D0%B7%D1%96%D1%97_Creative_Commons


21 

 

ɼʣʷ ʢʣʘʩʠʯʥʠʭ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʷʢ ʧʨʘʚʠʣʦ, ʚʠʢʦʨʠʩʪʦʚʫ-

ʻʪʴʩʷ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʷ, ʢʦʣʠ ʟʘʜʘʻʪʴʩʷ ʪʽʣʴʢʠ ʚʽʜʩʦʪʦʢ ʜʘʥʠʭ, ʷʢʠʡ ʩʣʽʜ ʚʽʜʙʠ-

ʨʘʪʠ ʫ ʥʘʚʯʘʣʴʥʽ ʪʘ ʚʘʣʽʜʘʮʽʡʥʽ, ʪʘ ʢʽʣʴʢʽʩʪʴ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʡ (ʘʥʛʣ. ʩʢʦʨʦʯʝʥʦ: 
çcvè) ʪʘ ʽʥʰʽ ʧʘʨʘʤʝʪʨʠ (ʚʽʜʩʦʪʦʢ ʧʝʨʝʢʨʠʪʪʷ ʪʘ ʽʥ.) (ʨʠʩ. 1.6). 

 

 
ʈʠʩʫʥʦʢ 1.6 ï ʂʨʦʩ-ʚʘʣʽʜʘʮʽʷ ʥʘʚʯʘʣʴʥʠʭ ʪʘ ʚʘʣʽʜʘʮʽʡʥʠʭ ʜʘʥʠʭ ʟ cv=5,  

ʙʝʟ ʧʝʨʝʢʨʠʪʪʷ ʜʘʥʠʭ (ʟ ʦʧʠʩʫ ʫ GitHub) 
 

ʊʦʙʪʦ ʫʩʽ ʜʘʥʽ ʨʦʟʙʠʚʘʶʪʴʩʷ ʥʘ ʙʣʦʢʠ, ʷʢʽ ʧʦ-ʯʝʨʟʽ ʩʪʘʶʪʴ ʚʘʣʽʜʘʮʽʡ-

ʥʠʤ ʜʘʪʘʩʝʪʦʤ, ʘ ʨʝʰʪʘ ʻ ʥʘʚʯʘʣʴʥʠʤʠ ʜʘʥʠʤʠ. ʗʢʱʦ ʟʘʜʘʥʦ ʧʝʨʝʢʨʠʪʪʷ ʜʘ-
ʥʠʭ, ʪʦʜʽ ʢʦʞʥʝ ʟʥʘʯʝʥʥʷ ʧʦ ʜʝʢʽʣʴʢʘ ʨʘʟʽʚ ʤʦʞʝ ʙʫʪʠ ʫ ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʜʘʪʘ-

ʩʝʪʽ. ʊʘʢʠʡ ʩʧʦʩʽʙ ʜʦʟʚʦʣʷʻ, ʚ ʜʝʷʢʠʭ ʚʠʧʘʜʢʘʭ, ʩʫʪʪʻʚʦ ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ 

ʤʦʜʝʣʽ. 

ʑʝ ʚʘʞʣʠʚʦ ʩʣʽʜʢʫʚʘʪʠ, ʱʦʙ ʫ ʚʘʣʽʜʘʮʽʡʥʠʭ ʪʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʙʫʣʠ ʪʽ 
ʩʘʤʽ ʦʙʣʘʩʪʽ ʟʥʘʯʝʥʴ ʦʟʥʘʢ, ʱʦ ʡ ï ʫ ʥʘʚʯʘʣʴʥʦʤʫ, ʽʥʘʢʰʝ ʤʦʜʝʣʴ ʤʦʞʝ ʥʝ-

ʜʦʥʘʚʯʠʪʠʩʴ. ʅʘʧʨʠʢʣʘʜ, ʷʢʱʦ ʫ ʥʘʚʯʘʣʴʥʦʤʫ ʜʘʪʘʩʝʪʽ ʻ ʚʞʠʚʘʥʽ ʘʚʪʦ ʪʽʣʴʢʠ 

ʚʘʨʪʽʩʪʶ ʚʽʜ 10 ʜʦ 20 ʪʠʩ. ʜʦʣ., ʘ ʫ ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʪʘ ʪʝʩʪʦʚʦʤʫ ï ʚʽʜ 300 ʪʠʩ. 
ʜʦʣ. ʜʦ 2 ʤʣʥ. ʜʦʣ., ʪʦ ʪʘʢʘ ʤʦʜʝʣʴ ʥʘʚʨʷʜʯʠ ʙʫʜʝ ʝʬʝʢʪʠʚʥʦʶ. ɼʣʷ ʮʴʦʛʦ 

ʚʘʞʣʠʚʦ ʘʥʘʣʽʟʫʚʘʪʠ ʪʘ ʩʧʽʚʩʪʘʚʣʷʪʠ ʟʘʢʦʥʠ ʨʦʟʧʦʜʽʣʫ ʦʟʥʘʢ ʮʠʭ ʜʘʪʘʩʝʪʽʚ, 

ʧʨʦ ʱʦ ʙʽʣʴʰ ʙʫʜʝ ʡʪʠʩʴ ʫ ʥʘʩʪʫʧʥʦʤʫ ʨʦʟʜ. 2. 

ɼʘʪʘʩʝʪ, ʷʢ ʦʢʨʝʤʠʡ ʢʦʤʧʣʝʢʩ ʬʘʡʣʽʚ ʥʘ ʜʠʩʢʫ ʯʠ ʫ ʭʤʘʨʥʦʤʫ ʩʝʨʝʜʦ-
ʚʠʱʽ, ʥʝ ʟʘʚʞʜʠ ʻ ʥʝʦʙʭʽʜʥʠʤ, ʷʢʱʦ ʜʘʥʽ ʤʦʞʥʘ ʦʪʨʠʤʘʪʠ ʯʝʨʝʟ API (ʧʨʠʢ-

ʣʘʜʥʠʡ ʽʥʪʝʨʬʝʡʩ) ʯʠ ʧʨʦʩʪʦ ï ʟ ʚʝʙ-ʨʝʩʫʨʩʽʚ. ɼʣʷ ʮʴʦʛʦ ʜʦʩʪʘʪʥʴʦ ʟʨʦʙʠʪʠ 

ʟʘʧʠʪ ʫ ʧʨʦʛʨʘʤʽ, ʟʘʚʘʥʪʘʞʠʪʠ ʜʘʥʽ ʽ ʧʦʯʘʪʠ ʦʙʨʦʙʣʷʪʠ. ʅʘʧʨʠʢʣʘʜ, ʤʦʞʥʘ: 
- ʟʘʚʘʥʪʘʞʠʪʠ ʚʝʙ-ʩʪʦʨʽʥʢʫ, ʚʠʣʫʯʠʪʠ ʟ ʥʝʾ ʪʝʢʩʪ ʽ ʜʘʣʽ ʡʦʛʦ ʘʥʘʣʽʟʫ-

ʚʘʪʠ (ʧʨʦ ʮʝ ʙʫʜʝ ʡʪʠʩʴ ʫ ʨʦʟʜʽʣʽ 7); 

- ʢʫʨʩ ʢʨʠʧʪʦʚʘʣʶʪʠ ʟʘʚʘʥʪʘʞʠʪʠ ʧʦ API ʟ ʢʨʠʧʪʦʚʘʣʶʪʥʦʾ ʙʽʨʞʠ (ʧʨʦ 

ʮʝ ʙʫʜʝ ʫ ʨʦʟʜʽʣʽ 8); 

http://ethen8181.github.io/machine-learning/model_selection/model_selection.html
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- ʫ Kaggle ʤʦʞʥʘ ʫ ʩʚʦʻʤʫ ʥʦʫʪʙʫʮʽ (Python-ʧʨʦʛʨʘʤʽ) ʽʥʰʠʡ ʥʦʫʪʙʫʢ 

ʚʠʢʦʨʠʩʪʘʪʠ ʷʢ ʜʘʪʘʩʝʪ ʽ ʧʽʜʪʷʛʥʫʪʠ ʡʦʛʦ ʨʝʟʫʣʴʪʘʪʠ ʥʘʧʨʷʤʫ, ʙʝʟ ʦʢʨʝʤʦʛʦ 

ʟʙʝʨʝʞʝʥʥʷ ʫ ʭʤʘʨʫ ʷʢ ʜʘʪʘʩʝʪ. 
ʋ YouTube-ʢʘʥʘʣʽ ʦʜʥʦʛʦ ʟ ʘʚʪʦʨʽʚ ʥʘʚʝʜʝʥʦ ʧʨʘʢʪʠʯʥʽ ʧʦʨʘʜʠ ʥʘ ʧʨʠ-

ʢʣʘʜʽ ʷʢ ʤʦʞʥʘ ʩʘʤʦʤʫ ʩʬʦʨʤʫʚʘʪʠ ʟʘʧʠʪ ʯʝʨʝʟ API ʥʘ ʦʩʥʦʚʽ ʘʥʘʣʽʟʫ ʚʝʙ-

ʩʪʦʨʽʥʢʠ ʟʘʜʘʥʦʛʦ ʨʝʩʫʨʩʫ, ʷʢʱʦ ʧʘʨʘʤʝʪʨʠ ʜʦʩʪʫʧʫ ʥʝ ʦʧʠʩʘʥʦ ʚ ʜʦʢʫʤʝʥ-

ʪʘʮʽʾ, ʱʦʧʨʘʚʜʘ, ʧʦʚʪʦʨʠʪʠ ʮʝʡ ʟʘʧʠʪ ʚʞʝ ʥʝʤʦʞʣʠʚʦ, ʦʩʢʽʣʴʢʠ ʧʦʨʪʘʣ 
ʈʅɹʆ ʋʢʨʘʾʥʠ ʧʝʨʝʩʪʘʚ ʥʘʜʘʚʘʪʠ ʜʦʩʪʫʧ ʜʦ ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʘʥʠʭ ʧʦ ʢʦʨʦʥʘ-

ʚʽʨʫʩʫ, ʘʣʝ ʟʘʛʘʣʴʥʘ ʤʝʪʦʜʦʣʦʛʽʷ ʻ ʫʥʽʚʝʨʩʘʣʴʥʦʶ. 

ʆʜʥʘʢ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʘʪʘʩʝʪʫ ̒  ʟʨʫʯʥʽʰʠʤ, ʦʩʢʽʣʴʢʠ ʤʦʞʥʘ ʟʙʝʨʽʛʘʪʠ 
ʚ ʦʜʥʦʤʫ ʤʽʩʮʽ ʨʽʟʥʽ ʚʝʨʩʽʾ ʜʘʥʠʭ, ʟʘʛʘʣʴʥʽ, ʥʘʚʯʘʣʴʥʽ, ʚʘʣʽʜʘʮʽʡʥʽ ʪʘ ʪʝʩʪʦʚʽ 

ʯʘʩʪʠʥʠ ʜʘʪʘʩʝʪʫ, ʚʝʨʩʽʾ ʨʽʟʥʠʤʠ ʤʦʚʘʤʠ ʪʘ ʟ ʨʽʟʥʠʤ ʢʦʜʫʚʘʥʥʷʤ, ʾʭ ʦʧʠʩ, 

ʢʦʤʝʥʪʘʨʽ ʜʦ ʥʠʭ, ʧʨʦʛʨʘʤʠ ʜʣʷ ʾʭ ʦʙʨʦʙʣʝʥʥʷ ʪʦʱʦ. ʋ Kaggle ʱʝ ʡ ʟʨʫʯʥʽ-

ʰʠʤ ʻ ʪʝ, ʱʦ ʫʩʽ ʥʦʫʪʙʫʢʠ ʟʙʠʨʘʶʪʴʩʷ ʫ ʢʦʣʝʢʮʽʾ ʩʘʤʝ ʚ ʢʦʥʪʝʢʩʪʽ ʜʘʪʘʩʝʪʽʚ. 
ʊʦʙʪʦ ʚʠʙʠʨʘʻʰ ʜʘʪʘʩʝʪ ʽ ʪʘʤ ʙʘʯʠʰ ʫʩʽ ʥʦʫʪʙʫʢʠ, ʷʢʽ ʩʪʚʦʨʝʥʽ ʥʘ ʡʦʛʦ ʦʩ-

ʥʦʚʽ, ʩʚʦʾ ʯʠ ʯʫʞʽ. 

 
1.3 ɺʠʟʥʘʯʝʥʥʷ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ, ʚʠʜʠ ʟʘʜʘʯ ʽ ʤʝʪʨʠʢ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥ.̫ ʋʪʦʯʥʝʥʥʷ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ 
 
ʇ̔ ʩʣʷ ʬʦʨʤʫʚʘʥʥʷ ʜʘʪʘʩʝʪʫ ʩʣʽʜ ʫʪʦʯʥʠʪʠ ʧʦʩʪʘʥʦʚʢʫ ʟʘʜʘʯʽ ʯʠ ʟʘʜʘʯ, 

ʷʢʽ ʤʦʞʥʘ ʨʦʟʚôʷʟʘʪʠ ʥʘ ʡʦʛʦ ʦʩʥʦʚʽ. 

ɼʣʷ ʫʪʦʯʥʝʥʥʷ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ ʚʘʞʣʠʚʦ, ʱʦʙ ʟʘʤʦʚʥʠʢ (ʥʠʤ ʤʦʞʝ 

ʙʫʪʠ ʡ ʩʘʤ ʜʦʩʣʽʜʥʠʢ) ʩʧʦʯʘʪʢʫ ʦʧʠʩʘʚ ʟʘʜʘʯʫ, ʷʢ ʚʽʥ ʾʾ ʙʘʯʠʪʴ, ʫ 3-5 ʨʝʯʝʥʴ, 
ʜʦʜʘʚ ʜʘʪʘʩʝʪ ʯʠ ʜʘʪʘʩʝʪʠ ʟ ʜʘʥʠʤʠ, ʩʪʠʩʣʦ ʦʧʠʩʘʚ ʫʩʽ ʙʘʞʘʥʽ ʦʯʽʢʫʚʘʥʽ ʨʝ-

ʟʫʣʴʪʘʪʠ. ɿ ʫʨʘʭʫʚʘʥʥʷʤ ʮʴʦʛʦ, ʩʣʽʜ ʯʽʪʢʦ ʚʠʟʥʘʯʠʪʠ ʪʠʧ ʮʽʣʴʦʚʦ ʾʦʟʥʘʢʠ ʯʠ 

ʦʟʥʘʢ, ʚʠʙʨʘʪʠ ʤʝʪʨʠʢʫ ʯʠ ʤʝʪʨʠʢʠ ʟ ʪʠʭ, ʷʢʽ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ 

ʮɹ ʦʛʦ ʪʠʧʫ, ʚʠʟʥʘʯʠʪʠ ʯʠ ʻ ʷʢʽʩʴ ʦʙʤʝʞʝʥʥʷ ʪʘ ʷʢʽ. ʆʪʞʝ, ʩʣʽʜ ʦʪʨʠʤʘʪʠ ʚʽ-
ʜʧʦʚʽʜʽ ʥʘ ʪʘʢʽ ʧʠʪʘʥʥʷ: 

1. ʑʦ ʻ ʮʽʣʴʦʚʦʶ ʦʟʥʘʢʦʶ ʽ ʷʢʦʛʦ ʚʦʥʘ ʪʠʧʫ?  

ʎʽʣʴʦʚʫ ʦʟʥʘʢʫ ʱʝ ʯʘʩʪʦ ʥʘʟʠʚʘʶʪʴ ʾʾ ʘʥʛʣʽʡʩʴʢʠʤ ʚʘʨʽʘʥʪʦʤ çʪʘʨʛʝʪè 
(çtargetè). ʅʝʧʨʘʚʠʣʴʥʝ ʨʦʟʫʤʽʥʥʷ ʪʦʛʦ, ʱʦ ʻ ʪʘʨʛʝʪʦʤ, ʯʠ ʥʝʧʨʘʚʠʣʴʥʝ ʨʦ-

ʟʫʤʽʥʥʷ ʡʦʛʦ ʪʠʧʫ ʯʠ ʧʨʠʨʦʜʠ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʥʝʤʦʞʣʠʚʦʩʪʽ ʢʦʨʝʢʪʥʦ ʪʘ ʷʢʽ-

ʩʥʦ ʨʦʟʚôʷʟʘʪʠ ʟʘʜʘʯʫ. ʎʝ ʧʠʪʘʥʥʷ, ʫ ʩʚʦʶ ʯʝʨʛʫ, ʧʦʜʽʣʷʻʪʴʩʷ ʥʘ ʨʷʜ ʧʽʜʧʠ-

ʪʘʥʴ. 
1.1. ʗʢʠʤʠ ʻ ʜʦʧʫʩʪʠʤʽ ʟʥʘʯʝʥʥʷ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ?  

ʉʣʽʜ ʟʥʘʡʪʠ ʯʠ ʦʪʨʠʤʘʪʠ ʧʨʠʢʣʘʜʠ ʟʥʘʯʝʥʴ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ, ʧʨʦʘʥʘʣʽ-

ʟʫʚʘʪʠ ʾʾ ʨʦʟʤʽʨʥʽʩʪʴ, ʚ ʽʜʝʘʣʽ ï ʟôʷʩʫʚʘʪʠ ʧʦʚʥʫ ʤʥʦʞʠʥʫ ʤʦʞʣʠʚʠʭ ʟʥʘʯʝʥʴ 
(ʷʢʱʦ ʾʭ ï ʤʘʣʦ) ʘʙʦ ï ʪʝʦʨʝʪʠʯʥʦ ʜʦʩʷʞʥʽ ʩʪʘʪʠʩʪʠʯʥʽ ʧʦʢʘʟʥʠʢʠ (ʤʽʥʽʤʘ-

ʣʴʥʝ, ʤʘʢʩʠʤʘʣʴʥʝ, ʩʝʨʝʜʥʻ ʟʥʘʯʝʥʥʷ, ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʝ ʚʽʜʭʠʣʝʥʥʷ, 

ʢʚʘʨʪʠʣʽ ʪʦʱʦ), ʷʢʱʦ ʟʥʘʯʝʥʴ ʤʦʞʝ ʙʫʪʠ ʙʘʛʘʪʦ. 

1.2. ʏʠ ʮʽʣʴʦʚʘ ʦʟʥʘʢʘ ï ʻʜʠʥʘ, ʯʠ ʾʾ ʤʦʞʥʘ ʟʚʝʩʪʠ ʜʦ ʪʘʢʦʾ, ʯʠ ʮʝ ï 
ʟʘʜʘʯʘ ʟ ʙʘʛʘʪʴʤʘ ʮʽʣʴʦʚʠʤʠ ʦʟʥʘʢʘʤʠ ʦʜʥʦʯʘʩʥʦ? 

https://www.youtube.com/watch?v=tJZzdkCDQ5c&list=PL4DHq-xU-ebUiB6T6vjd0SoDha4GOm8zV&index=11
https://www.youtube.com/watch?v=tJZzdkCDQ5c&list=PL4DHq-xU-ebUiB6T6vjd0SoDha4GOm8zV&index=11
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ʅʘʡʙʽʣʴʰ ʧʦʰʠʨʝʥʠʤ ʽ ʧʨʦʩʪʠʤ ʻ ʚʘʨʽʘʥʪ ʟ ʦʜʥʽʻʶ ʮʽʣʴʦʚʦʶ ʦʟʥʘʢʦʶ 

ʘʙʦ ï ʢʦʣʠ ʟʘʜʘʯʫ ʤʦʞʥʘ ʟʚʝʩʪʠ ʜʦ ʨʷʜʫ ʦʢʨʝʤʠʭ ʟʘʜʘʯ, ʜʝ ʱʦʨʘʟʫ ʙʫʜʝ ʽʥʰʘ 

ʻʜʠʥʘ ʮʽʣʴʦʚʘ ʦʟʥʘʢʘ ʽ ʢʦʞʥʫ ʪʘʢʫ ʚʠʨʽʰʫʚʘʪʠ ʦʢʨʝʤʦ. ɹʽʣʴʰ ʩʢʣʘʜʥʠʤ ʚʘ-
ʨʽʘʥʪʦʤ ʻ ʟʘʜʘʯʽ, ʜʝ ʩʣʽʜ ʚʠʟʥʘʯʘʪʠ ʦʜʨʘʟʫ ʜʝʢʽʣʴʢʘ ʚʟʘʻʤʦʧʦʚôʷʟʘʥʠʭ ʮʽʣʴʦ-

ʚʠʭ ʦʟʥʘʢ ʽ ʾʭ ʥʝ ʤʦʞʥʘ ʨʦʟʜʽʣʠʪʠ ʥʘ ʦʢʨʝʤʽ ï ʜʣʷ ʪʘʢʠʭ ʟʘʜʘʯ ʩʣʽʜ ʟʘʩʪʦʩʦ-

ʚʫʚʘʪʠ ʩʧʝʮʽʘʣʴʥʽ ʤʦʜʝʣʽ, ʥʘʧʨʠʢʣʘʜ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʟ ʙʘʛʘʪʴʤʘ ʚʠʭʦʜʘʤʠ.  

2. ɿʘʜʘʯʘ ʻ ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʶ ʯʠ ʨʝʛʨʝʩʽʡʥʦʶ?  
ʂʣʘʩʠʬʽʢʘʮʽʡʥʠʤʠ ʻ ʟʘʜʘʯʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʜʝ ʟʜʽʡʩʥʶʻʪʴʩʷ ʧʝ-

ʨʝʜʙʘʯʝʥʥʷ ʦʙʤʝʞʝʥʦʾ ʢʽʣʴʢʦʩʪ̔ ʢʣʘʩʽʚ, ʥʘ ʢʦʞʝʥ ʟ ʷʢʠʭ ʻ ʢʽʣʴʢʽʩʪʴ ʜʘʥʠʭ, 

ʜʦʩʪʘʪʥʷ ʜʣʷ ʚʠʚʯʝʥʥʷ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʾʭ ʬʦʨʤʫʚʘʥʥʷ. ɺʽʜʧʦʚʽʜʥʦ, ʨʝʛʨʝ-
ʩʽʡʥʠʤʠ ʻ ʟʘʜʘʯʽ, ʜʝ ʟʜʽʡʩʥʶʻʪʴʩʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʜʦʚʽʣʴʥʠʭ ʟʥʘʯʝʥʴ ʮʽʣʴʦʚʦʾ 

ʦʟʥʘʢʠ, ʜʣʷ ʚʠʚʯʝʥʥʷ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʢʦʞʥʦʛʦ ʜʽʘʧʘʟʦʥʫ ʜʘʥʠʭ ʷʢʠʭ ʤʦʞʝ 

ʡ ʥʝ ʙʫʪʠ ʜʦʩʪʘʪʥʴʦ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʘ ʪʦʜʽ ʚʦʥʠ ʧʨʦʩʪʦ ʧʝʨʝʜʙʘʯʘʶʪʴʩʷ ʟʘ 

ʤʦʜʝʣʣʶ, ʪʦʙʪʦ ï ʚʠʷʚʣʝʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ ʧʦʰʠʨʶʶʪʴʩʷ (çʨʝʛʨʝʩʫʶʪʴè) ʥʘ 
ʽʥʰ̔ ʟʥʘʯʝʥʥʷ. ɿʘʫʚʘʞʠʤʦ, ʱʦ ʥʝ ʩʣʽʜ ʧʣʫʪʘʪʠ ʨʝʛʨʝʩʽʡʥʽ ʤʦʜʝʣʽ ʟ ʨʝʛʨʝʩʽʡ-

ʥʠʤʠ ʟʘʜʘʯʘʤʠ ï ʮʝ ʨʽʟʥʘ ʢʣʘʩʠʬʽʢʘʮʽʷ! ʅʘʧʨʠʢʣʘʜ, ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʢʣʘʩʠ-

ʬʽʢʘʮʽʡʥʠʭ ʟʘʜʘʯ ʯʘʩʪʦ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʤʦʜʝʣʴ ʣʦʛʽʩʪʠʯʥʦʾ ʨʝʛʨʝʩʽʾ. 
ʅʘ ʧʨʘʢʪʠʮʽ, ʟʘʜʘʯʽ, ʜʝ ʮʽʣʴʦʚʘ ʦʟʥʘʢʘ ʻ ʜʨʦʙʦʚʠʤ ʯʠʩʣʦʤ, ʦʜʨʘʟʫ ʚʽʜ-

ʥʦʩʷʪʴ ʜʦ ʨʝʛʨʝʩʽʡʥʠʭ, ʘ ʜʝ ï ʮʽʣʠʤ ʽ ʮʝ ʯʠʩʣʦ ʻ 2-10 ʘʙʦ ʤʝʥʰʝ ï ʜʦ ʢʣʘʩʠ-

ʬʽʢʘʮʽʡʥʠʭ. ɺ ʽʥʰʠʭ ʚʘʨʽʘʥʪʘʭ ʧʦʪʨʽʙʥʝ ʙʽʣʴʰ ʨʝʪʝʣʴʥʝ ʚʠʚʯʝʥʥʷ. ʅʘʧʨʠ-

ʢʣʘʜ, ʟʘʜʘʯʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʨʠʨʦʩʪʫ ʢʽʣʴʢʦʩʪʽ ʭʚʦʨʠʭ ʥʘ ʢʦʨʦʥʘʚʽʨʫʩ ʟʘ 
ʜʦʙʫ ʻ ʨʝʛʨʝʩʽʡʥʦʶ, ʭʦʯʘ ʮʽʣʴʦʚʘ ʦʟʥʘʢʘ ʤʽʩʪʠʪʴ ʪʽʣʴʢʠ ʮʽʣʽ ʯʠʩʣʘ, ʘʣʝ, ʢʦʣʠ 

ʡʜʝʪʴʩʷ ʧʨʦ ʜʝʩʷʪʢʠ ʪʠʩʷʯ ʦʩʽʙ ʟʘ ʨʷʜʘʤʠ ʟ ʤʝʥʰʝ 1000 ʜʘʥʠʭ, ʪʦ ʙʽʣʴʰʽʩʪʴ 

ʟʥʘʯʝʥʴ ʙʫʜʫʪʴ ʤʘʪʠ ʤʽʩʮʝ ʚʧʝʨʰʝ ʽ ʧʦ ʥʠʭ ʥʝʤʘʻ ʩʪʘʪʠʩʪʠʢʠ, ʘ ʦʪʞʝ, ʾʭ ʩʣʽʜ 
ʚʠʟʥʘʯʘʪʠ ʨʝʛʨʝʩʽʡʥʦ. ɸ ʟʘʜʘʯʽ ʚʠʟʥʘʯʝʥʥʷ ʯʠ ʩʭʦʞʝ ʜʦʚʽʣʴʥʝ ʬʦʪʦ ʙʽʣʴʰʝ 

ʥʘ ʩʦʙʘʢʫ ʯʠ ʢʽʰʢʫ, ʘʙʦ ʷʢʘ ʩʘʤʝ ʮʝ ʘʨʘʙʩʴʢʘ ʮʠʬʨʘ? ï ʮʝ ʚʩʝ ʢʣʘʩʠʬʽʢʘʮʽʡʥʽ 

ʟʘʜʘʯʽ. ʗʢʱʦ ʟʘʜʘʯʘ ʬʦʨʤʫʣʶʻʪʴʩʷ ʜʣʷ ʜʝʢʽʣʴʢʦʭ ʮʽʣʴʦʚʠʭ ʦʟʥʘʢ ʦʜʥʦʯʘʩʥʦ, 

ʪʦʜʽ ʚʦʥʘ ʻ ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʶ, ʪʽʣʴʢʠ ʟʘ ʫʤʦʚʠ, ʢʦʣʠ ʚʦʥʘ ʻ ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʶ 
ʟʘ ʢʦʞʥʦʶ ʟ ʦʢʨʝʤʠʭ ʮʽʣʴʦʚʠʭ ʦʟʥʘʢ (ʥʘʧʨʠʢʣʘʜ, ʢʦʞʥʘ ʪʘʢʘ ʦʟʥʘʢʘ ʤʘʻ 

ʣʠʰʝ 2-3 ʚʘʨʽʘʥʪʠ ʟʥʘʯʝʥʴ), ʫ ʧʨʦʪʠʣʝʞʥʦʤʫ ʚʠʧʘʜʢʫ, ʟʘʜʘʯʘ ʻ ʨʝʛʨʝʩʽʡʥʦʶ. 

ɿʘʜʘʯʫ ʟ 100 ʢʣʘʩʘʤʠ ʽ ʤʽʣʴʷʨʜʦʤ ʜʘʥʠʭ ʤʦʞʥʘ ʨʦʟʛʣʷʜʘʪʠ ʷʢ ʢʣʘʩʠʬʽ-
ʢʘʮʽʡʥʫ, ʘ ʷʢʱʦ ʜʘʥʠʭ ï ʣʠʰʝ 200 ʰʪʫʢ, ʪʦ ʾʾ ʢʨʘʱʝ ʨʦʟʚôʷʟʫʚʘʪʠ ʷʢ ʨʝʛʨʝ-

ʩʽʡʥʫ, ʽʥʘʢʰʝ ʤʦʜʝʣʴ ʥʝʜʦʥʘʚʯʠʪʴʩʷ. 

ʅʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʦ ʨʦʟʚôʷʟʫʶʪʴʩʷ ʟʘʜʘʯʽ ʟ ʪʘʢ ʟʚʘʥʠʤ çʙʽʥʘʨʥʠʤ ʪʘ-

ʨʛʝʪʦʤè, ʪʦʙʪʦ, ʢʦʣʠ ʮʽʣʴʦʚʘ ʦʟʥʘʢʘ ʧʨʠʡʤʘʻ ʪʽʣʴʢʠ 2 ʟʥʘʯʝʥʥʷ (0 ʘʙʦ 1, True 
ʘʙʦ False, ʭʚʦʨʠʡ ʘʙʦ ʟʜʦʨʦʚʠʡ, ʚʠʞʠʚ ʧʘʩʘʞʠʨ ʥʘ çʊʠʪʘʥʽʢʫè ʯʠ ʟʘʛʠʥʫʚ 

ʪʦʱʦ). ʊʦʤʫ, ʢʦʣʠ ʜʘʥʠʭ ï ʟʘʤʘʣʦ, ʘʙʦ ʢʦʣʠ ʥʝ ʚʜʘʻʪʴʩʷ ʜʦʙʠʪʠʩʷ ʫʩʧʽʭʫ ʟ 

ʨʝʛʨʝʩʽʡʥʠʤʠ ʤʦʜʝʣʷʤʠ, ʤʦʞʥʘ ʩʧʨʦʙʫʚʘʪʠ ʪʨʘʥʩʬʦʨʤʫʚʘʪʠ ʟʘʜʘʯʫ ʫ ʢʣʘ-

ʩʠʬʽʢʘʮʽʡʥʫ ʽ ʨʦʟʚôʷʟʘʪʠ ʭʦʯʘ ʙ ʾʾ. ʂʣʘʩʠʯʥʠʤ ʧʨʠʢʣʘʜʦʤ ʻ ʧʨʦʛʥʦʟʫʚʘʥʥʷ 
ʥʝ ʩʘʤʠʭ ʟʥʘʯʝʥʴ, ʥʘʧʨʠʢʣʘʜ, ʦʙʩʷʛʽʚ ʧʨʦʜʘʞ, ʢʫʨʩʫ ʚʘʣʶʪ, ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ 

ʯʠ ʽʥ., ʘ ʯʠ ʙʫʜʝ ʚ ʥʘʩʪʫʧʥʠʡ ʢʨʦʢ ʧʨʠʨʽʩʪ (ʟʥʘʯʝʥʥʷ 1), ʯʠ ï ʥ ̔(0)?  

ɺʘʞʣʠʚʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʘʜʘʯʽ ʟʘ ʮʽʣʴʦʚʦʶ ʦʟʥʘʢʦʶ ʩʪʘʥʝ ʟʨʦʟʫʤʽʣʦʶ 
ʫ ʨʦʟʜʽʣʽ 4, ʜʝ ʟʘʟʥʘʯʘʻʪʴʩʷ, ʱʦ ʙʽʣʴʰʽʩʪʴ ʥʘʟʚ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

ʩʢʣʘʜʘʶʪʴʩʷ ʟ ʜʚʦʭ ʯʘʩʪʠʥ, ʧʝʨʰʘ ʟ ʷʢʠʭ ï ʚʣʘʩʥʝ ʥʘʟʚʘ ʤʦʜʝʣʽ, ʘ ʜʨʫʛʘ ï 
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ʪʠʧ ʟʘʜʘʯʽ (çClassifierè ʘʙʦ çRegressorè), ʥʘʧʨʠʢʣʘʜ: RandomForestClassifier 

ʪʘ RandomForestRegressor. 

3. ʎʝ ï ʟʘʜʘʯʘ ʘʥʘʣʽʟʫ, ʧʝʨʝʜʙʘʯʝʥʥʷ (ʘʥʛʣ. çpredictionè) ʯʠ ï ʧʨʦʛʥʦ-
ʟʫʚʘʥʥʷ (ʘʥʛʣ. çforecastingè)?  

ɭ ʟʘʜʘʯʽ, ʜʝ ʪʨʝʙʘ ʪʽʣʴʢʠ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʥʘʷʚʥʽ ʜʘʥʽ ʽ ʨʝʟʫʣʴʪʘʪʦʤ ʙʫ-

ʜʫʪʴ ʨʽʟʥʽ ʮʽʥʥʽ ʚʠʩʥʦʚʢʠ ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʾ. ɸ ʻ ʟʘʜʘʯʽ, ʜʝ ʪʨʝʙʘ ʟʜʽʡʩʥʠʪʠ ʧʝ-

ʨʝʜʙʘʯʝʥʥʷ (ʘʙʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ) ʨʝʟʫʣʴʪʘʪʽʚ. ʅʘʩʧʨʘʚʜʽ, ʚʦʥʠ ʻ ʧʦʚôʷʟʘ-
ʥʠʤʠ: 

- ʢʨʘʱʝ ʘʥʘʣʽʟʫʚʘʪʠ ʥʝ ʩʘʤʽ ʜʘʥʽ, ʘ ï ʤʦʜʝʣʴ, ʷʢʘ ʾʤ ʚʽʜʧʦʚʽʜʘʻ, ʘ ʢʨʠ-

ʪʝʨʽʻʤ ʘʜʝʢʚʘʪʥʦʩʪʽ ʤʦʜʝʣʽ ʻ ʤʦʞʣʠʚʽʩʪʴ ʟʜʽʡʩʥʶʚʘʪʠ ʟʘ ʥʝʶ ʧʝʨʝʜʙʘʯʝʥʥʷ 
ʯʘʩʪʠʥʠ ʜʘʥʠʭ ʧʦ ʽʥʰʽʡ ʯʘʩʪʠʥʽ; 

- ʜʣʷ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ, ʟʘ ʷʢʦʶ ʩʣʽʜ ʟʜʽʡʩʥʶʚʘʪʠ ʧʝʨʝʜʙʘʯʝʥʥʷ ʜʘʥʠʭ, 
ʧʦʪʨʽʙʥʦ ʩʧʦʯʘʪʢʫ ʧʨʦʚʝʩʪʠ ʛʘʨʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ. 

ʆʜʥʘʢ, ʽʩʥʫʶʪʴ ʟʘʜʘʯʽ, ʜʝ ʥʽʷʢʝ ʧʝʨʝʜʙʘʯʝʥʥʷ ʥʝ ʟʜʽʡʩʥʶʻʪʴʩʷ, ʘ 
ʪʽʣʴʢʠ ï ʘʥʘʣʽʟ (ʫ ʧʽʜʨʦʟʜ. 2.4 ʦʭʘʨʘʢʪʝʨʠʟʦʚʘʥʦ ʨʷʜ ʪʘʢʠʭ ʧʨʠʢʣʘʜʽʚ ʫ ʚʠ-

ʛʣʷʜʽ ʧʨʠʟʦʚʠʭ ʢʦʥʢʫʨʩʽʚ ʟʤʘʛʘʥʴ Kaggle, ʥʘʧʨʠʢʣʘʜ, ʘʥʘʣʽʟ ʨʝʟʫʣʴʪʘʪʽʚ ʦʧʠ-

ʪʫʚʘʥʥʷ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ), ʪʦʤʫ ʻ ʩʝʥʩ ʚʠʜʽʣʠʪʠ ʪʠʧ ʟʘʜʘʯ çʘʥʘʣʽʟè ʷʢ ʦʢʨʝ-
ʤʠʡ. 

ʋ ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘʜʢʫ, ʟʘʜʘʯʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʻ ʧʽʜʚʠʜʦʤ ʟʘʜʘʯ ʧʝʨʝʜ-

ʙʘʯʝʥʥʷ, ʘʣʝ ʫ ʟʘʜʘʯʘʭ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʘʞʣʠʚʦ ʚʨʘʭʦʚʫʚʘʪʠ ʟʘʣʝʞʥʽʩʪʴ ʚʽʜ 

ʯʘʩʫ ʪʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʩʧʝʮʽʘʣʴʥʽ ʤʦʜʝʣʽ ʯʘʩʦʚʠʭ ʨʷʜʽʚ. ɿʘʜʘʯʽ ʧʝʨʝʜʙʘ-
ʯʝʥʥʷ ï ʙʽʣʴʰ ʧʦʰʠʨʝʥʽ, ʘʣʝ ʫ ʥʠʭ, ʥʘʚʧʘʢʠ, ʦʟʥʘʢʫ ʢʦʞʥʦʛʦ ʤʦʤʝʥʪʫ ʯʘʩʫ, 

ʷʢʱʦ ʚʦʥʘ ʻ, ʦʙʦʚôʷʟʢʦʚʦ ʩʣʽʜ ʚʠʜʘʣʷʪʠ, ʽʥʘʢʰʝ ʤʦʜʝʣʴ, ʷʢ-ʪʦ ʢʘʞʫʪʴ, ʧʝʨʝ-

ʥʘʚʯʠʪʴʩʷ (ʘʙʦ çʟʘʦʚʝʨʬʽʪʠʪʴʩʷè ï ʚʽʜ ʘʥʛʣ. çoverfittingè), ʪʦʙʪʦ ʙʫʜʝ ʩʪʘ-
ʨʘʥʥʦ ʧʝʨʝʜʙʘʯʘʪʠ ʬʘʢʪʠ, ʷʢʽ ʤʘʣʠ ʤʽʩʮʝ ʩʪʨʦʛʦ ʚ ʤʦʤʝʥʪʠ ʯʘʩʫ ʫ ʪʨʝʥʫʚʘ-

ʣʴʥʦʤʫ ʜʘʪʘʩʝʪʽ, ʥʝ ʙʫʜʝ ʫʟʘʛʘʣʴʥʶʚʘʪʠʩʴ ʪʘ ʘʥʘʣʽʟʫʚʘʪʠ ʧʨʠʨʦʜʫ ʩʘʤʦʛʦ 

ʷʚʠʱʘ ʽ ʥʝ ʙʫʜʝ ʟʜʘʪʥʘ ʢʦʨʝʢʪʥʦ ʧʨʘʮʶʚʘʪʠ ʟ ʪʝʩʪʦʚʠʤʠ ʜʘʥʠʤʠ ʫ ʨʘʥʽʰʝ 

ʥʝʜʦʩʣʽʜʞʝʥʽ ʤʦʤʝʥʪʠ ʯʘʩʫ. ʅʘʧʨʠʢʣʘʜ, ʤʠ ʚʠʧʘʜʢʦʚʦ ʦʪʨʠʤʫʻʤʦ ʬʦʪʦ ʽ ʤʘ-
ʻʤʦ ʚʠʟʥʘʯʠʪʠ ʮʝ ʢʽʰʢʘ ʯʠ ʩʦʙʘʢʘ, ʪʦʜʽ ʮʝ ï ʟʘʜʘʯʘ ʧʝʨʝʜʙʘʯʝʥʥʷ ʽ ʚ ʥʽʡ ʥʝ 

ʚʘʨʪʦ ʚʨʘʭʦʚʫʚʘʪʠ ʯʘʩ ʦʪʨʠʤʘʥʥʷ ʬʦʪʦ. ɸ ʷʢʱʦ ʤʠ ʧʨʦʛʥʦʟʫʻʤʦ ʢʫʨʩ ʚʘ-

ʣʶʪʠ ʥʘ ʨʠʥʢʫ, ʧʦʢʘʟʥʠʢ ʷʢʦʩʪʽ ʜʦʚʢʽʣʣʷ, ʢʽʣʴʢʽʩʪʴ ʤʘʰʠʥ ʥʘ ʩʚʽʪʣʦʬʦʨʽ, ʦʙ-
ʩʷʛ ʚʠʨʦʙʣʝʥʦʾ ʝʣʝʢʪʨʦʝʥʝʨʛʽʾ ʩʦʥʷʯʥʦʶ ʧʘʥʝʣʣʶ ʟ ʱʦʭʚʠʣʠʥʥʠʤ ʫʩʝʨʝʜ-

ʥʝʥʥʷʤ, ʦʯʽʢʫʚʘʥʠʡ ʫʨʦʞʘʡ ʥʘ ʧʦʣʽ ʪʦʱʦ, ʪʦʜʽ ʮʝ ï ʟʘʜʘʯʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʽ 

ʯʘʩ ʦʙʦʚôʷʟʢʦʚʦ ʩʣʽʜ ʚʨʘʭʦʚʫʚʘʪʠ. ɹʽʣʴʰ ʜʦʢʣʘʜʥʦ ʧʨʦ ʘʥʘʣʽʟ ʪʘ ʧʨʦʛʥʦʟ ʯʘ-

ʩʦʚʠʭ ʨʷʜʽʚ ʙʫʜʝ ʚʠʢʣʘʜʝʥʦ ʫ ʨʦʟʜʽʣʽ 8, ʘ ʫ ʨʦʟʜʽʣʘʭ 4-7 ʙʽʣʴʰʝ ʙʫʜʝ ʡʪʠʩʴ, 
ʧʝʨʝʚʘʞʥʦ, ʧʨʦ ʟʘʜʘʯʽ ʧʝʨʝʜʙʘʯʝʥʥʷ. 

4. ʋ ʨʦʟʚʠʪʦʢ ʧʦʧʝʨʝʜʥʴʦʛʦ ʧʠʪʘʥʥʷ: ʷʢʠʤ ʻ ʪʠʧ ʬʦʨʤʘʣʽʟʘʮʽʾ ʜʘʥʠʭ 

ʪʘ ʷʢʠʤ ʻ ʚʠʜ ʧʦʩʪʘʚʣʝʥʦʾ ʟʘʜʘʯʽ? ɺ̔ ʜ ʚʽʜʧʦʚʽʜʽ ʥʘ ʮʽ ʧʠʪʘʥʥʷ ʩʫʪʪʻʚʦ ʟʘʣʝ-

ʞʘʪʠʤʝ ʘʣʛʦʨʠʪʤ ʨʦʟʚôʷʟʘʥʥʷ ʧʦʩʪʘʚʣʝʥʦʾ ʟʘʜʘʯʽ, ʪʦʙʪʦ ʚʠʙʽʨ ʩʝʨʝʜ ʥʘʩʪʫʧ-
ʥʠʭ ʚʘʨʽʘʥʪʽʚ:  

- ʪʘʙʣʠʮʽ ʜʘʥʠʭ, ʷʢʽ ʥʝ ʻ ʧʦʩʣʽʜʦʚʥʦʩʪʷʤʠ ʜʘʥʠʭ ʫ ʯʘʩʽ (ʥʝ ʻ ʯʘʩʦʚʠʤʠ 

ʨʷʜʘʤʠ), ʪʘ ʢʣʘʩʠʯʥʽ ʢʣʘʩʠʬʽʢʘʮʽʡʥʽ ʯʠ ʨʝʛʨʝʩʽʡʥʽ ʟʘʜʘʯʽ ʙʘʛʘʪʦʬʘʢʪʦʨʥʦʛʦ 
ʧʝʨʝʜʙʘʯʝʥʥʷ, ʢʦʣʠ ʟʘ ʧʝʚʥʠʭ ʚʭʽʜʥʠʭ ʦʟʥʘʢ ʩʣʽʜ ʚʠʟʥʘʯʠʪʠ ʦʜʥʫ ʯʠ ʜʝʢʽʣʴʢʘ 
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ʮʽʣʴʦʚʠʭ ʦʟʥʘʢ (ʩʪʦʚʧʮʽʚ ʪʘʙʣʠʮʽ) ï ʧʨʦ ʫʥʽʚʝʨʩʘʣʴʥʽ ʤʦʜʝʣʽ ʮʴʦʛʦ ʪʠʧʫ ʙʽ-

ʣʴʰʝ ʜʝʪʘʣʴʥʦ ʚʠʢʣʘʜʝʥʦ ʫ ʨʦʟʜʽʣʘʭ 4, 5; 

- ʟʦʙʨʘʞʝʥʥʷ ʯʠ ʚʽʜʝʦ: ʟʘʜʘʯʽ ʘʥʘʣʽʟʫ, ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʪʘ/ʘʙʦ ʛʝʥʝʨʫ-
ʚʘʥʥʷ ʟʦʙʨʘʞʝʥʴ ï ʟʘʜʘʯʽ, ʚ ʷʢʠʭ ʩʣʽʜ ʚʠʟʥʘʯʠʪʠ ʜʦ ʷʢʦʛʦ ʢʣʘʩʫ ʚʽʜʥʦʩʷʪʴʩʷ 

ʥʘʜʘʥʽ ʟʦʙʨʘʞʝʥʥʷ (ʘʙʦ ʚʽʜʝʦ ʷʢ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʟʦʙʨʘʞʝʥʴ), ʘʙʦ ʟʥʘʡʪʠ ʥʘ ʥʠʭ 

ʟʘʜʘʥʽ ʦʙôʻʢʪʠ ʯʠ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʟʘ ʽʥʰʠʤʠ ʢʨʠʪʝʨʽʷʤʠ ï ʧʨʦ ʮʝ ʙʽʣʴʰ ʜʝ-

ʪʘʣʴʥʦ ʚʠʢʣʘʜʝʥʦ ʫ ʨʦʟʜ. 6; 
- ʪʝʢʩʪ: ʟʘʜʘʯʽ ʘʥʘʣʽʟʫ, ʦʙʨʦʙʣʝʥʥʷ ʪʘ/ʘʙʦ ʛʝʥʝʨʫʚʘʥʥʷ ʧʨʠʨʦʜʥʦʤʦʚ-

ʥʦʛʦ ʪʝʢʩʪʫ ï ʟʘʜʘʯʽ, ʚ ʷʢʠʭ ʩʣʽʜ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ, ʢʣʘʩʠʬʽʢʫʚʘʪʠ ʯʠ ʚ ʽʥʰʠʡ 

ʩʧʦʩʽʙ ʦʙʨʦʙʠʪʠ ʧʨʠʨʦʜʥʦʤʦʚʥʠʡ ʪʝʢʩʪ ï ʧʨʦ ʮʝ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʚʠʢʣʘʜʝʥʦ 
ʫ ʨʦʟʜ. 7; 

- ʯʘʩʦʚʽ ʨʷʜʠ ʜʘʥʠʭ: ʟʘʜʘʯʽ (ʷʢ ʧʨʘʚʠʣʦ, ʨʝʛʨʝʩʽʡʥʽ), ʚ ʷʢʠʭ ʩʣʽʜ ʧʨʦ-

ʛʥʦʟʫʚʘʪʠ ʟʘʜʘʥʫ ʮʽʣʴʦʚʫ ʦʟʥʘʢʫ, ʷʢ ʨʝʟʫʣʴʪʘʪ ʟʤʽʥʠ ʽʥʰʦʾ ʯʠ ʙʘʛʘʪʴʦʭ ʽʥ-

ʰʠʭ, ʘʙʦ ï ʮʽʻʾ ʞ, ʘʣʝ ï ʫ ʧʦʧʝʨʝʜʥʽ ʤʦʤʝʥʪʠ ʯʘʩʫ ï ʧʨʦ ʮʝ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ 
ʚʠʢʣʘʜʝʥʦ ʫ ʨʦʟʜ. 8. 

ɿʚʠʯʘʡʥʦ, ʮʷ ʢʣʘʩʠʬʽʢʘʮʽʷ ʥʝ ʦʭʦʧʣʶʻ ʫʩʴʦʛʦ ʨʦʟʤʘʾʪʪʷ ʜʘʥʠʭ ʽ ʧʦʩʪʘ-

ʥʦʚʦʢ ʟʘʜʘʯ. ʑʝ ʻ ʤʦʚʣʝʥʥʷ ̫ ʢ ʟʚʫʢʦʚʽ ʩʠʛʥʘʣʠ; ʟʚʫʢʠ, ʷʢʽ ʥʝ ʻ ʤʦʚʣʝʥʥʝʚʠʤʠ 
ʩʠʛʥʘʣʘʤʠ; ʽʛʨʦʚʽ ʘʣʛʦʨʠʪʤʠ (ʰʘʭʠ, ʰʘʰʢʠ, ʛʨʘ ʛʦ ʪʦʱʦ) ʪʘ ʽʥʰʽ, ʘʣʝ ʜʘʥʠʡ 

ʧʦʩʽʙʥʠʢ ʟʦʩʝʨʝʜʞʝʥʠʡ ʩʘʤʝ ʥʘ ʥʘʚʝʜʝʥʠʭ ʚʠʱʝ ʚʠʜʘʭ ʟʘʜʘʯ, ʦʩʢʽʣʴʢʠ ʩʘʤʝ 

ʚʦʥʠ ʟʘʨʘʟ ʥʘʡʙʽʣʴʰ ʰʠʨʦʢʦ ʚʠʨʽʰʫʶʪʴʩʷ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʭʥʦʣʦʛʽʡ ʤʘ-

ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʽ ʤʘʶʪʴ ʥʝ ʜʫʞʝ ʚʠʩʦ-
ʢʠʡ ʧʦʨʽʛ ʱʦʜʦ ʩʧʝʮʽʘʣʴʥʠʭ ʟʥʘʥʴ. ɼʣʷ ʽʥʰʠʭ ʚʠʜʽʚ ʟʘʜʘʯ ʥʝʦʙʭʽʜʥʠʤ ʻ ʟʥʘ-

ʯʥʠʡ ʦʙʩʷʛ ʩʧʝʮʽʘʣʴʥʠʭ ʟʥʘʥʴ ʫ ʧʨʝʜʤʝʪʥʽʡ ʦʙʣʘʩʪʽ, ʫ ʩʬʝʨʽ ʽʥʞʝʥʝʨʽʾ ʜʘʥʠʭ, 

ʧʨʦʛʨʘʤʫʚʘʥʥʷ, ʪʝʦʨʽʾ ʩʠʛʥʘʣʽʚ ʪʦʱʦ, ʮʝ ʤʘʻ ʙʫʪʠ ʤʘʪʝʨʽʘʣʦʤ ʦʢʨʝʤʦʛʦ ʧʦ-
ʩʽʙʥʠʢʘ ʧʦ ʢʦʞʥʦʤʫ ʟ ʥʠʭ. ʍʦʯʘ, ʜʝʷʢʘ ʽʥʬʦʨʤʘʮʽʷ ʱʦʜʦ ʮʠʭ ʟʘʜʘʯ ʪʝʞ ʙʫʜʝ 

ʥʘʚʝʜʝʥʘ: ʨʝʢʫʨʝʥʪʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʷʢʽ ʯʘʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ 

ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ, ʧʦʚôʷʟʘʥʠʭ ʟ ʧʨʠʨʦʜʥʦʶ ʤʦʚʦʶ; ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘ-

ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʽʛʨʦʚʠʭ ʘʣʛʦ-
ʨʠʪʤʽʚ (Alpha Zero ʪʘ ʽʥ.), ʪʦʱʦ.  

ɹʽʣʴʰ ʢʦʨʦʪʢʦ ʮʝ ʧʠʪʘʥʥʷ ʟʚʫʯʠʪʴ ʪʘʢ: ʪʘʙʣʠʮʽ, ʟʦʙʨʘʞʝʥʥʷ, ʚʽʜʝʦ, 

ʪʝʢʩʪ, ʨʷʜʠ ʯʠ ʽʥʰʝ? 
ʊʝʧʝʨ ʨʦʟʛʣʷʥʝʤʦ ʚʠʜʠ ʤʝʪʨʠʢ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʦʧʪʠʤʫʤʫ ʮʽʣʴʦʚʦʾ 

ʦʟʥʘʢʠ. 

ʄʝʪʨʠʢʦʶ ʚ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ ʥʘʟʠʚʘʶʪʴ ʢʨʠʪʝʨʽʡ ʦʧʪʠʤʽʟʘʮʽʾ, 

ʷʢʦʤʫ ʩʣʽʜ ʜʦʩʪʘʚʠʪʠ ʦʧʪʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʥʘ ʨʽʟʥʠʭ ʝʪʘʧʘʭ ʦʙʨʦʙʣʝʥʥʷ ʜʘ-
ʥʠʭ (ʢʣʘʩʪʝʨʠʟʘʮʽʾ, ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ, ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʘʥʠʭ ʪʘ ʽʥ.).  

ɼʣʷ ʟʘʜʘʯ ʧʝʨʝʜʙʘʯʝʥʥʷ ʥʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʠʤʠ ʻ ʪʘʢʽ (ʙʽʣʴʰʝ ʜʝʪʘ-

ʣʴʥʦ ʪʘ ʟ ʬʦʨʤʫʣʘʤʠ ʜʠʚ. ʧʨʦ ʮʝ ʫ ʧʽʜʨʦʟʜ. 4.3):  

- ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʡʥʠʭ ʟʘʜʘʯ: çaccuracy_scoreè, ROC-AUC, ʷʢʱʦ ʜʘʪʘ-
ʩʝʪ ʥʝʟʙʘʣʘʥʩʦʚʘʥʠʡ, ʪʦʙʪʦ ʷʢʠʡʩʴ ʢʣʘʩ ʩʫʪʪʻʚʦ ʧʝʨʝʚʘʞʘʻ, ʪʦʜʽ ï 

çF1_scoreè ʘʙʦ çF2_scoreè; 

- ʜʣʷ ʨʝʛʨʝʩʽʡʥʠʭ ʟʘʜʘʯ: çr2_scoreè, çMAEè, çMAPEè, çSMAPEè; 
- ʜʣʷ ʟʘʜʘʯ ʢʣʘʩʪʝʨʠʟʘʮʽʾ: çsiluette_scoreè ʪʘ ʽʥ. 
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ʋ ʙʽʙʣʽʦʪʝʮʽ sklearn ̒  ʡ ʙʘʛʘʪʦ ʽʥʰʠʭ ï ʜʠʚ. ʫ ʜʦʢʫʤʝʥʪʘʮʽʾ ʪʘ ʚ ʾʾ ʦʧʠʩʽ 

çUser Guideè.  

ɺ ʥʘʩʪʫʧʥʠʭ ʨʦʟʜʽʣʘʭ ʙʫʜʫʪʴ ʟʛʘʜʫʚʘʪʠʩʴ ʡ ʽʥʰʽ ʤʝʪʨʠʢʠ ʚ ʢʦʥʪʝʢʩʪʽ 
ʟʘʜʘʯ, ʷʢʽ ʙʫʜʫʪʴ ʪʘʤ ʦʧʠʩʫʚʘʪʠʩʴ. 

ʇʽʩʣʷ ʚʠʟʥʘʯʝʥʥʷ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ, ʚʠʜʫ ʟʘʜʘʯʽ (ʪʠʧʫ ʜʘʥʠʭ) ʪʘ ʤʝʪʨʠʢʠ 

ʚʘʨʪʦ ʟʜʽʡʩʥʠʪʠ ʫʪʦʯʥʝʥʥʷ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ. ʋ ɼʦʜʘʪʢʫ ɺ ʥʘʚʝʜʝʥʦ ʧʨʠʢ-

ʣʘʜʠ ʪʘʢʠʭ ʧʦʩʪʘʥʦʚʦʢ ʟʘʜʘʯ ʷʢ ʨʝʘʣʴʥʠʭ, ʪʘʢ ʽ ʟ ʧʨʠʟʦʚʠʭ ʢʦʥʢʫʨʩʽʚ Kaggle. 
ʅʘ ʨʠʩ. 1.7 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʘʣʛʦʨʠʪʤʫ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ ʫ ʩʠʩ-

ʪʝʤʽ ʢʦʦʨʜʠʥʘʪ S(I). 

 

 
ʈʠʩʫʥʦʢ 1.7 ï ɯʥʬʦʛʨʘʬʽʢʘ ʘʣʛʦʨʠʪʤʫ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ  

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

 
 

1.4 ʋʟʘʛʘʣʴʥʝʥ ̔ ʘʣʛʦʨʠʪʤʠ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ ʪʘ ɯɸɼ ʪʘ ɯʊ-ʽʥʬʨʘʩʪʨʫʢʪʫʨʘ ʜʣʷ ʾʭ ʨʝʘʣʽʟʘʮʽʾ  

 

1.4.1 ʋʟʘʛʘʣʴʥʝʥʠʡ ʘʣʛʦʨʠʪʤ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʦʜʝʣʝʡ 

ɼʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʤʦʜʝʣʽ, 

ʚ ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘʜʢʫ, ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʪʘʢʠʡ ʘʣʛʦʨʠʪʤ: 

1. ɿʽʙʨʘʪʠ ʜʘʥʽ. ʇʦʙʫʜʫʚʘʪʠ ʜʘʪʘʩʝʪ. 
2. ɿʜʽʡʩʥʠʪʠ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʪʘ ʦʯʠʱʝʥʥʷ ʜʘʥʠʭ. 

3. ʇʨʦʚʝʩʪʠ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ ʪʘ ʚʠʟʥʘʯʠʪʠ ʷʢʽ ʤʦʜʝʣʽ ʩʣʽʜ 

ʙʫʜʫʚʘʪʠ ʜʘʣʽ. ʗʢʱʦ ʨʝʟʫʣʴʪʘʪ ï ʟʘʜʦʚʽʣʴʥʠʡ ʽ ʻ ʟʨʦʟʫʤʽʣʠʤ ʷʢʽ ʤʦʜʝʣʽ ʩʣʽʜ 

ʙʫʜʫʚʘʪʠ, ʪʦʜʽ ʧʝʨʝʡʪʠ ʜʦ ʧ.5, ʽʥʘʢʰʝ ï ʜʦ ʧ.4. ʗʢʱʦ ʫ ʧ.4 ʥʝ ʚʜʘʻʪʴʩʷ ʧʦ-
ʣʽʧʰʠʪʠ ʜʘʥʽ, ʪʦʜʽ ï ʧʝʨʝʡʪʠ ʜʦ ʧ.1 ʽ ʟʥʘʡʪʠ ʜʦʜʘʪʢʦʚʽ ʜʘʥʽ. 

https://scikit-learn.org/stable/modules/classes.html#module-sklearn.metrics
https://scikit-learn.org/stable/modules/model_evaluation.html
https://scikit-learn.org/stable/modules/model_evaluation.html


27 

 

4. ɿʜʽʡʩʥʠʪʠ ʽʥʞʝʥʝʨʽʶ ʦʟʥʘʢ (FE ï ʟ ʘʥʛʣ. çFeature Engineeringè). ʇʽ-

ʩʣʷ ʮʴʦʛʦ ï ʧʦʚʪʦʨʠʪʠ ʧ.3, ʷʢʱʦ ʥʦʚʽ ʦʟʥʘʢʠ ʤʽʩʪʷʪʴ ʥʝʦʙʨʦʙʣʝʥʽ ʜʘʥʽ, ʪʦʜʽ 

ï ʜʦ ʧ. 2. 
5. ɺʠʙʨʘʪʠ ʘʨʭʽʪʝʢʪʫʨʫ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʤʦʜʝʣʝʡ. ɿʜʽʡʩʥʠʪʠ ʾʭ ʥʘʚ-

ʯʘʥʥʷ (ʪʶʥʽʥʛ ï ʟ ʘʥʛʣ. çtuningè) ʥʘ ʥʘʚʯʘʣʴʥʦʤʫ ʜʘʪʘʩʝʪʽ. 

6. ʇʨʦʚʝʩʪʠ ʜʽʘʛʥʦʩʪʫʚʘʥʥʷ ʤʦʜʝʣʝʡ ʥʘ ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʜʘʪʘʩʝʪʽ ʪʘ ʧʨʦ-

ʘʥʘʣʽʟʫʚʘʪʠ ʚʠʢʠʜʠ (ʘʥʦʤʘʣʽʾ). ʗʢʱʦ ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʜʽʘʛʥʦʩʪʫʚʘʥʥʷ ʚʠʷʚʠ-
ʣʦʩʴ, ʱʦ ʫʩʽ ʤʦʜʝʣʽ ʧʝʨʝ- ʘʙʦ ʥʝʜʦʥʘʚʯʠʣʠʩʴ, ʪʦʜʽ ʧʦʚʪʦʨʠʪʠ ʧ. 5 ʟ ʽʥʰʠʤʠ 

ʧʘʨʘʤʝʪʨʘʤʠ ʪʶʥʽʥʛʫ. ʗʢʱʦ ʮʝ ʥʝ ʜʦʧʦʤʦʛʣʦ ʧʽʩʣʷ N ʩʧʨʦʙ, ʪʦʜʽ ï ʧʝʨʝʡʪʠ 

ʜʦ ʧ. 4, ʜʝ ï ʧʦʙʫʜʫʚʘʪʠ ʨʽʟʥʽ ʜʽʘʛʨʘʤʠ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʟʘ ʧʦʙʫʜʦʚʘʥʠʤʠ 
ʤʦʜʝʣʷʤʠ ʪʘ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʮʽ ʦʟʥʘʢʠ. ʗʢʱʦ ʦʜʥʘ ʯʠ ʜʝʢʽʣʴʢʘ ʤʦʜʝʣʝʡ ʟʘ-

ʜʦʚʦʣʴʥʷʶʪʴ ʚʠʤʦʛʠ ʱʦʜʦ ʤʝʪʨʠʢʠ, ʪʦʜʽ ʧʝʨʝʡʪʠ ʜʦ ʧ. 7. 

7. ɺʠʙʨʘʪʠ ʦʧʪʠʤʘʣʴʥʫ ʤʦʜʝʣʴ (ʤʦʞʣʠʚʦ, ʘʥʩʘʤʙʣʴ ʤʦʜʝʣʝʡ), ʷʢʘ ʟʘ-

ʜʦʚʦʣʴʥʷʻ ʚʠʤʦʛʘʤ ʟʘʜʘʯʽ ʱʦʜʦ ʤʝʪʨʠʢʠ ʪʘ ʦʙʤʝʞʝʥʴ. 
8. ɿʘʩʪʦʩʫʚʘʪʠ ʦʧʪʠʤʘʣʴʥʫ ʤʦʜʝʣʴ ʪʘ ʟʜʽʡʩʥʠʪʠ ʧʝʨʝʜʙʘʯʝʥʥʷ (ʧʨʦ-

ʛʥʦʟʫʚʘʥʥʷ), ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʚʠʢʠʜʠ ʪʘ ʚʠʷʚʣʝʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ, ʟʘʙʝʟʧʝ-

ʯʠʪʠ ʚʽʟʫʘʣʽʟʘʮʽʶ ʪʘ ʚʽʜʪʚʦʨʶʚʘʥʽʩʪʴ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. 
ʅʘ ʨʠʩ. 1.8 ʥʘʚʝʜʝʥʘ ʙʣʦʢ-ʩʭʝʤʘ ʮʴʦʛʦ ʘʣʛʦʨʠʪʤʫ. 
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ʈʠʩʫʥʦʢ 1.8 ï ɹʣʦʢ-ʩʭʝʤʘ ʫʟʘʛʘʣʴʥʝʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʟ ʨʦʟʚôʷʟʘʥʥʷ  

ʟʘʜʘʯʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʤʦʜʝʣʽ 
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ʅʘ ʨʠʩ. 1.9 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʮʴʦʛʦ ʘʣʛʦʨʠʪʤʫ ʫ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ 

S(I). 

 

 
ʈʠʩʫʥʦʢ 1.9 ï ɯʥʬʦʛʨʘʬʽʢʘ ʫʟʘʛʘʣʴʥʝʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʟ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʤʦʜʝʣʽ 

 

ʅʘʩʪʫʧʥ ̔ʨʦʟʜʽʣʠ ʙʫʜʫʪʴ ʧʨʠʩʚʷʯʝʥʽ ʝʪʘʧʘʤ ʮʴʦʛʦ ʘʣʛʦʨʠʪʤʫ. 

 
1.4.2 ʋʟʘʛʘʣʴʥʝʥʠʡ ʘʣʛʦʨʠʪʤ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ  

ʗʢ ʙʫʣʦ ʟʘʟʥʘʯʝʥʦ ʚʠʱʝ, ʥʘ ʝʪʘʧʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ 
(ɯɸɼ) ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʚʞʝ ʧʝʨʝʜʪʨʝʥʦʚʘʥ ̔ʤʦʜʝʣ ̔ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ʂʨʽʤ ʪʦʛʦ, ʷʢ ʧʨʘʚʠʣʦ, ʥʘ ʚʭʦʜʽ ʻ ʥʝ ʥʝʦʙʨʦʙʣʝʥʽ ʜʘʥʽ, ʘ ï ʛʦʪʦʚʽ ʜʘʪʘʩʝʪʠ, ʜʦ 

ʷʢʠʭ ʩʣʽʜ ʟʘʩʪʦʩʫʚʘʪʠ ɯɸɼ. ʆʪʞʝ, ʚʘʨʪʦ ʥʘʚʝʩʪʠ ʘʣʛʦʨʠʪʤ, ʷʢʠʡ ʚʨʘʭʦʚʫʶʪ ɹ

ʮʽ ʚʽʜʤʽʥʥʦʩʪʽ. 
ʋ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ, ʻ ʩʝʥʩ ʟʜʽʡʩʥʠʪʠ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʪʘ ʦʯʠʱʝʥʥʷ 

ʜʘʥʠʭ, ʦʩʢʽʣʴʢʠ ʤʦʜʝʣʽ, ʷʢ ʧʨʘʚʠʣʦ, ʧʨʘʮʶʶʪʴ ʟ ʯʠʩʣʦʚʠʤʠ ʜʘʥʠʤʠ, ʘ ʚ ɯɸɼ 

ʜʘʥʠʤʠ ʤʦʞʫʪʴ ʙʫʪʠ ʟʦʙʨʘʞʝʥʥʷ, ʚʽʜʝʦ, ʪʝʢʩʪ ʪʘ ʽʥ. ʊʨʝʙʘ ʦʯʠʩʪʠʪʠ ʽ ʧʽʜʛʦ-
ʪʫʚʘʪʠ ʜʘʥʽ ʜʦ ʚʠʛʣʷʜʫ, ʷʢʠʡ ʻ ʟʘʛʘʣʴʥʦ ʧʨʠʡʥʷʪʠʤ ʚ ʤʦʜʝʣʷʭ ʚʽʜʧʦʚʽʜʥʦʛʦ 

ʢʣʘʩʫ ʟʘʜʘʯ. ʇʦʪʽʤ ʧʨʦʚʝʩʪʠ ʾʭ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ ʪʘ ʽʥʞʝʥʝʨʽʶ 

ʦʟʥʘʢ. ɼʘʣʽ ʚʠʙʨʘʪʠ ʨʝʣʝʚʘʥʪʥʽ ʤʦʜʝʣʽ ʽ ʪʨʘʥʩʬʦʨʤʫʚʘʪʠ ʚʭʽʜʥʽ ʜʘʥʽ ʫ ʬʦʨ-

ʤʘʪ, ʧʨʠʡʥʷʪʥʠʡ ʫ ʮʠʭ ʤʦʜʝʣʷʭ. ʗʢ ʧʨʘʚʠʣʦ, ʝʪʘʧʠ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ, EDA, 
FE ʪʘ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʜʘʥʠʭ ʧʨʦʚʦʜʷʪʴʩʷ ʥʝʦʜʥʦʨʘʟʦʚʦ, ʱʦʙ ʤʦʜʝʣʽ ʟʘʧʫʩʪʠ-

ʣʠʩʴ. ʇʦʪʽʤ ï ʟʘʩʪʦʩʫʚʘʪʠ ʤʦʜʝʣʽ. ʗʢ ʧʨʘʚʠʣʦ, ʚ ʟʘʜʘʯʘʭ ɯɸɼ ʩʣʽʜ 

ʟʜʽʡʩʥʶʚʘʪʠ ʧʽʩʣʷʦʙʨʦʙʣʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʜʣʷ ʦʪʨʠʤʘʥʥʷ ʚʠʱʦʾ ʷʢʦʩʪʽ 

ʘʥʘʣʽʟʫ. ʆʩʪʘʥʥʽ ʝʪʘʧʠ ï ʪʘʢʽ ʩʘʤʽ: ʘʥʘʣʽʟ, ʜʦʢʫʤʝʥʪʫʚʘʥʥʷ, ʨʦʟʨʦʙʣʝʥʥʷ ʨʝ-
ʢʦʤʝʥʜʘʮʽʡ ʪʘ ʚʠʩʥʦʚʢʽʚ. ʅʘ ʨʠʩ. 1.10 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʫʟʘʛʘʣʴʥʝʥʦʛʦ 



30 

 

ʘʣʛʦʨʠʪʤʫ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʝ-

ʨʝʜʪʨʝʥʦʚʘʥʠʭ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʜʝ ʩʠʥʽʤ ʢʦʣʴʦʨʦʤ ʧʦʟʥʘʯʝʥʦ 

ʥʦʚʽ ʙʣʦʢʠ, ʷʢʠʭ ʥʝʤʘʻ ʥʘ ʨʠʩ. 1.9.  
 

 
ʈʠʩʫʥʦʢ 1.10 ï ɯʥʬʦʛʨʘʬʽʢʘ ʫʟʘʛʘʣʴʥʝʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʽʥ-

ʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʝʨʝʜʪʨʝʥʦʚʘʥʠʭ ʤʦʜʝʣʝʡ ʤʘʰʠʥ-

ʥʦʛʦ ʥʘʚʯʘʥʥʷ (ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʦʜʝʣʝʡ) 
 

ɺ ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘʜʢʫ ʨʽʜʢʦ ʜʣʷ ʷʢʽʩʥʦʛʦ ɯɼɸ ʜʦʩʪʘʪʥʴʦ ʚʠʢʦʨʠʩʪʘʪʠ 

ʪʽʣʴʢʠ ʧʝʨʝʜʪʨʝʥʦʚʘʥʽ ʤʦʜʝʣʽ. ʏʘʩʪʽʰʝ, ʚʦʥʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʪʽʣʴʢʠ ʥʘ 
ʷʢʠʭʦʩʴ ʝʪʘʧʘʭ, ʘ ʧʦʪʽʤ ʜʣʷ ʫʟʘʛʘʣʴʥʝʥʥʷ ʨʝʟʫʣʴʪʘʪʠ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ʙʫʜʫ-

ʶʪʴʩʷ ʥʦʚʽ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʆʪʞʝ, ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʨʝʘʣʴʥʦʾ ʟʘ-

ʜʘʯʽ ʩʣʽʜ ʧʦʻʜʥʫʚʘʪʠ ʘʣʛʦʨʠʪʤʠ ʨʠʩ. 1.9 ʽ 1.10. 

 
1.4.3 ɯʊ- ʥ̔ʬʨʘʩʪʨʫʢʪʫʨʘ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ  

ɼʣʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʘʚʝʜʝʥʠʭ ʚʠʱʝ ʘʣʛʦʨʠʪʤʽʚ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘ-
ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʨʽʟʥʘ ɯʊ-ʽʥʬʨʘʩʪʨʫʢʪʫʨʘ, ʷʢʘ ʤʽʩʪʠʪʴ 

ʪʘʢʽ ʩʢʣʘʜʦʚ:̔ 

- ʤʦʚʠ ʧʨʦʛʨʘʤʫʚʘʥʥʷ: ʚʽʜ ʚʠʙʦʨʫ ʤʦʚʠ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʟʘʣʝʞʠʪʴ ʜʦʩ-

ʪʫʧʥʽʩʪʴ ʙʽʙʣʽʦʪʝʢ ʪʘ ʬʨʝʡʤʚʦʨʢʽʚ, ʷʢʽ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʨʦʟʚ'ʷ-
ʟʘʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ; 

- ʩʝʨʝʜʦʚʠʱʘ, ʚʝʙ-ʧʣʘʪʬʦʨʤʠ (ʯʠ ʭʤʘʨʥʽ ʧʣʘʪʬʦʨʤʠ) ʪʘ ʩʝʨʚʽʩʠ: ʩʝʨʝ-

ʜʦʚʠʱʘ ʜʣʷ ʨʦʟʨʦʙʣʝʥʥʷ ʪʘ ʨʦʟʛʦʨʪʘʥʥʷ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʷʢʽ 
ʟʘʙʝʟʧʝʯʫʶʪʴ ʜʦʩʪʫʧ ʜʦ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʨʝʩʫʨʩʽʚ ʪʘ ʜʘʥʠʭ; 

- IDE (ʘʥʛʣ. çIntegrated Development Environmentè) ʜʦʧʦʤʘʛʘʻ ʨʦʟʨʦʙ-

ʥʠʢʘʤ ʟʨʫʯʥʦ ʧʠʩʘʪʠ ʽ ʟʙʝʨʽʛʘʪʠ ʢʦʜ ʪʘ ʥʘʣʘʛʦʜʞʫʚʘʪʠ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ (ʷʢ ʧʨʘʚʠʣʦ, ʽʥʪʝʛʨʫʻʪʴʩʷ ʟ GitHub ʜʣʷ ʟʙʝʨʝʞʝʥʥʷ ʽ ʢʦʥʪʨʦʣʶ ʚʝ-
ʨʩʽʡ ʧʨʦʛʨʘʤ); 
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- ʙʘʟʠ ʜʘʥʠʭ ʪʘ ʩʠʩʪʝʤʠ ʫʧʨʘʚʣʽʥʥʷ ʥʠʤʠ: ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʟʙʝ-

ʨʝʞʝʥʥʷ ʪʘ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ ʜʘʥʠʭ ʪʘ ʬʘʡʣʽʚ, ʘ ʪʘʢʦʞ ʦʙʨʦʙʣʷʶʪʴ ʪʘ ʢʝʰʫ-

ʶʪʴ ʟʘʧʠʪʠ ʥʘ ʦʪʨʠʤʘʥʥʷ ʜʘʥʠʭ ʟʘ ʟʘʜʘʥʠʤʠ ʢʨʠʪʝʨʽʷʤʠ; 
- ʬʨʝʡʤʚʦʨʢʠ, ʧʘʢʝʪʠ ʪʘ ʙʽʙʣʽʦʪʝʢʠ ï ʟʘʙʝʟʧʝʯʫʶʪʴ ʜʦʩʪʫʧ ʜʦ ʬʫʥʢʮʽʡ, 

ʢʣʘʩʽʚ, ʤʝʪʦʜʽʚ, ʷʢʽ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥ-

ʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ɺʠʙʽʨ ʩʢʣʘʜʦʚʠʭ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ ʜʣʷ ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ 
ʥʘʚʯʘʥʥʷ ʟʘʣʝʞʠʪʴ ʚʽʜ ʙʘʛʘʪʴʦʭ ʢʨʠʪʝʨʽʾʚ:  

- ʚʠʤʦʛ ʟʘʤʦʚʥʠʢʘ ï ̔ ʥʦʜʽ, ʟʘʙʦʨʦʥʷʻʪʴʩʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʭʤʘʨʥʠʭ ʨʝʩʫ-

ʨʩʽʚ ʘʙʦ, ʥʘʚʧʘʢʠ, ʟʘʙʦʨʦʥʷʻʪʴʩʷ ʟʙʝʨʽʛʘʪʠ ʢʦʧʽʾ ʜʘʥʠʭ ʥʘ ʣʦʢʘʣʴʥʦʤʫ 
ʢʦʤʧôʶʪʝʨʽ; 

- ʫʤʦʚ ʟʘʩʪʦʩʫʚʘʥʥʷ ï ʽʥʦʜʽ, ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʧʦʪʨʽʙʥʘ ʷʢ 

ʝʣʝʤʝʥʪ ʚʞʝ ʨʦʟʛʦʨʥʫʪʦʾ ʩʠʩʪʝʤʠ, ʥʘʧʨʠʢʣʘʜ ʩʠʩʪʝʤʠ ɯʥʪʝʨʥʝʪʫ ʨʝʯʝʡ ʯʠ 

ʚʝʙ-ʩʝʨʚʽʩʫ, ʽ ʧʦʚʠʥʥʘ ʟʘʧʫʩʢʘʪʠʩʴ ʷʢ ʦʢʨʝʤʠʡ ʤʦʜʫʣʴ ʯʠ ʚ ʦʢʨʝʤʦʤʫ ʢʦʥ-
ʪʝʡʥʝʨʽ; 

- ʜʦʩʪʫʧʥʠʭ ʬʽʥʘʥʩʽʚ ï ʥʘʧʨʠʢʣʘʜ, ʜʣʷ ʨʦʙʦʪʠ ʟ ʩʝʨʚʽʩʘʤʠ Amazon ʧʦ-

ʪʨʽʙʥʽ ʯʠʤʘʣʽ ʢʦʰʪʠ;  
- ʟʥʘʥʴ ʽ ʥʘʚʠʯʦʢ ʧʨʦʛʨʘʤʽʩʪʽʚ, ʫ ʪ.ʯ. ʜʘʪʘ ʽʥʞʝʥʝʨʽʚ ʪʘ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ 

ï ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʷʢʽʩʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʧʦʪʨʽʙʥʽ ʜʦʩʚʽʜʯʝʥʽ ʢʘʜʨʠ, ʭʦʯʘ, ʧʽʜ ʟʘ-

ʜʘʯʫ ʟʽ ʟʥʘʯʥʠʤ ʬʽʥʘʥʩʫʚʘʥʥʷʤ ʤʦʞʝ ʧʨʦʚʦʜʠʪʠʩʴ ʦʢʨʝʤʠʡ ʥʘʡʤ ʚʽʜʧʦʚʽʜ-

ʥʠʭ ʧʨʘʮʽʚʥʠʢʽʚ. 
ʄʦʞʫʪʴ ʙʫʪʠ ʡ ʽʥʰʽ ʢʨʠʪʝʨʽʾ, ʫ ʪ.ʯ. ʚʠʤʦʛʠ ʯʠ ʦʙʤʝʞʝʥʥʷ. 

ʅʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʦʶ ʤʦʚʦʶ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘʚ-

ʯʘʥʥʷ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʚ ʥʘʰ ʯʘʩ, ʻ Python, ʦʩʢʽʣʴʢʠ ʚʦʥʘ 
ʻ ʧʨʦʩʪʦʶ ʫ ʚʠʚʯʝʥʥʽ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʽ, ʤʘʻ ʚʝʣʠʢʝ ʪʘ ʘʢʪʠʚʥʝ ʩʧʽʚʪʦʚʘʨʠʩʪʚʦ 

ʨʦʟʨʦʙʥʠʢʽʚ, ʽ ʧʨʦʧʦʥʫʻ ʰʠʨʦʢʠʡ ʚʠʙʽʨ ʙʽʙʣʽʦʪʝʢ ʪʘ ʬʨʝʡʤʚʦʨʢʽʚ ʜʣʷ ʤʘ-

ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ.  

ɺ ʤʠʥʫʣʦʤʫ ʪʨʘʜʠʮʽʡʥʦ ʨʦʟʚôʷʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʰʪʫʯ-
ʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʟʜʽʡʩʥʶʚʘʣʠ ʥʘ ʤʦʚʘʭ 

Prolog, R, ʫ ʧʘʢʝʪʽ MATLAB  ʪʘ ʽʥ. [2, 3, 4, 5], ʘʣʝ ʚ ʥʘʰ ʯʘʩ, ʦʩʦʙʣʠʚʦ ʚ ɯʊ-

ʢʦʤʧʘʥʽʷʭ, ʷʢʽ ʟʘʡʤʘʶʪʴʩʷ ʩʪʚʦʨʝʥʥʷʤ ʧʨʦʛʨʘʤ ʪʘ ʛʦʪʦʚʠʭ ʜʣʷ ʚʧʨʦʚʘ-
ʜʞʝʥʥʷ ʨʽʰʝʥʴ, ʧʦʧʫʣʷʨʥʦʶ ʻ ʪʽʣʴʢʠ ʤʦʚʘ Python. R ʨʘʥʽʰʝ ʙʫʣʘ ʧʦʧʫʣʷʨ-

ʥʦʶ ʤʦʚʦʶ ʜʣʷ ʩʪʘʪʠʩʪʠʯʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʦʩʢʽʣʴʢʠ ʚʦʥʘ ʧʨʦʧʦ-

ʥʫʻ ʧʦʪʫʞʥʽ ʬʫʥʢʮʽʾ ʜʣʷ ʘʥʘʣʽʟʫ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ. ʅʘ ʤʦʚʫ Python ʚʞʝ 

ʧʝʨʝʦʨʽʻʥʪʫʚʘʣʘʩʴ ʙʽʣʴʰʽʩʪʴ ʨʦʟʨʦʙʥʠʢʽʚ ʨʽʰʝʥʴ ʥʘ R, Prolog, ʫ MATLAB  
ʪʘ ʽʥ. ʗʢʨʘʟ, ʘʚʪʦʨʠ ʜʘʥʦʛʦ ʧʦʩʽʙʥʠʢʘ ʨʘʥʽʰʝ ʧʨʦʛʨʘʤʫʚʘʣʠ ʥʘ R, ʘ ʪʘʢʦʞ ï 

ʫ MATLAB . 

ɯʩʥʫʻ ʨʷʜ ʭʤʘʨʥʠʭ ʧʣʘʪʬʦʨʤ ʪʘ ʩʝʨʚʽʩʽʚ, ʷʢʽ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ 

ʜʣʷ ʨʦʟʨʦʙʢʠ ʪʘ ʨʦʟʛʦʨʪʘʥʥʷ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɼʝʷʢʽ ʧʦʧʫʣʷʨʥʽ 
ʩʝʨʝʜʦʚʠʱʘ ʚʢʣʶʯʘʶʪʴ: 

- Amazon Web Services (AWS) ï ʥʘʜʘʻ ʰʠʨʦʢʠʡ ʩʧʝʢʪʨ ʧʦʩʣʫʛ ʜʣʷ ʤʘ-

ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʚʢʣʶʯʘʶʯʠ Amazon SageMaker, Amazon Lex ʪʦʱʦ; 
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- Microsoft Azure Machine Learning ï ʮʝ ʧʣʘʪʬʦʨʤʘ ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘ-

ʚʯʘʥʥʷ, ʷʢʘ ʧʨʦʧʦʥʫʻ ʪʘʢʽ ʧʦʩʣʫʛʠ, ʷʢ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ, ʨʦʟʛʦʨʪʘʥʥʷ ʤʦʜʝ-

ʣʝʡ, ʽ ʫʧʨʘʚʣʽʥʥʷ ʤʦʜʝʣʷʤʠ; 
- Google Cloud AI Platform ï ʮʝ ʧʣʘʪʬʦʨʤʘ ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʷʢʘ ʧʨʦʧʦʥʫʻ ʪʘʢʽ ʧʦʩʣʫʛʠ, ʷʢ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ, ʨʦʟʛʦʨʪʘʥʥʷ ʤʦʜʝʣʝʡ, ʽ ʫʧ-

ʨʘʚʣʽʥʥʷ ʤʦʜʝʣʷʤʠ; 

- Colaboratory (ʘʙʦ Google Colab) ï ʙʝʟʢʦʰʪʦʚʥʝ ʩʝʨʝʜʦʚʠʱʝ ʜʣʷ ʨʦʟ-
ʨʦʙʢʠ ʪʘ ʨʦʟʛʦʨʪʘʥʥʷ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʥʘ Python ʯʠ R, ʷʢʝ ʜʦ-

ʩʪʫʧʥʝ ʚ ʙʨʘʫʟʝʨʽ, ʻ ʡ ʙʝʟʢʦʰʪʦʚʥʽ ʤʦʞʣʠʚʦʩʪʽ ʱʦʜʦ ʦʪʨʠʤʘʥʥʷ ʜʦʩʪʫʧʫ ʜʦ 

ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʤʦʞʣʠʚʦʩʪʝʡ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ GPU (ʭʦʯʘ ʥʘ ʧʣʘʪʥʠʭ ʫʤʦ-
ʚʘʭ ʮʽ ʤʦʞʣʠʚʦʩʪʽ ʟʥʘʯʥʦ ʙʽʣʴʰʽ); 

- Kaggle ï ʚʝʙ-ʧʣʘʪʬʦʨʤʘ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ, ʷʢʘ ʧʨʦʧʦʥʫʻ ʢʦʥʢʫʨʩʠ, ʙʝʟ-

ʢʦʰʪʦʚʥʠʡ ʨʝʜʘʢʪʦʨ ʢʦʜʫ ʪʘ ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʧʦʪʫʞʥʦʩʪʽ ʡ ʬʦʨʫʤ ʜʣʷ ʦʙʛʦ-

ʚʦʨʝʥʥʷ ʧʨʦʙʣʝʤ. 
ɯʩʥʫʶʪʴ ʧʣʘʪʬʦʨʤʠ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʣʦʢʘʣʴʥʦʤʫ ʢʦʤʧôʶʪʝʨʽ, ʥʘ-

ʧʨʠʢʣʘʜ ʧʣʘʪʬʦʨʤʘ WEKA, ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʧʨʦ ʾʾ ʟʘʩʪʦʩʫʚʘʥʥʷ ʦʧʠʩʘʥʦ ʫ 

ʧʦʩʽʙʥʠʢʫ [8], ʘʣʝ ʚ ʥʘʰ ʯʘʩ, ʚʦʥʠ ʚʞʝ ʻ ʤʘʣʦ ʧʦʰʠʨʝʥʠʤʠ. 
ʅʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʽ IDE  ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʥʘ Python ʯʠ R: 

- PyCharm ï ʮʝ IDE ʜʣʷ Python, ʨʦʟʨʦʙʣʝʥʘ JetBrains, ʻ ʙʝʟʢʦʰʪʦʚʥʦʶ 

ʜʣʷ ʟʜʦʙʫʚʘʯʽʚ ʚʠʱʦʾ ʦʩʚʽʪʠ (ʷʢʱʦ ʚʦʥʠ ʨʝʻʩʪʨʫʶʪʴʩʷ ʟ ʧʦʰʪʠ ʥʘʚʯʘʣʴʥʦʛʦ 

ʟʘʢʣʘʜʫ); 
- RStudio ï ʮʝ IDE ʜʣʷ R, ʨʦʟʨʦʙʣʝʥʘ RStudio; 

- Visual Studio ʻ ʧʦʪʫʞʥʽʤ, ʘʣʝ ʩʢʣʘʜʥʠʤ ʩʝʨʝʜʦʚʠʱʝʤ ʨʦʟʨʦʙʢʠ ʽʥʪʝ-

ʛʨʦʚʘʥʠʤ (IDE) ʚʽʜ Microsoft;  
- Anaconda ï ʮʝ ʙʝʟʢʦʰʪʦʚʥʠʡ ʜʠʩʪʨʠʙʫʪʠʚ Python ʪʘ R, ʷʢʠʡ ʚʢʣʶʯʘʻ 

ʙʘʛʘʪʦ ʧʦʧʫʣʷʨʥʠʭ ʧʘʢʝʪʽʚ ʜʣʷ ʥʘʫʢʦʚʠʭ ʦʙʯʠʩʣʝʥʴ ʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʪʘʢʠʭ ʷʢ NumPy, pandas, Scikit-learn, TensorFlow ʪʘ PyTorch; 

- Visual Studio Code (VS Code) ï ʮʝ ʣʝʛʢʠʡ ʨʝʜʘʢʪʦʨ ʢʦʜʫ ʚʽʜ Microsoft, 
ʷʢʠʡ ʧʽʜʪʨʠʤʫʻ Python; 

- Jupyter Notebook ï ʮʝ ʧʦʧʫʣʷʨʥʝ ʩʝʨʝʜʦʚʠʱʝ ʜʣʷ ʚʠʢʦʥʘʥʥʷ ʢʦʜʫ ʚ 

ʙʨʘʫʟʝʨʽ ʥʘ Python. 
ɼʘʥʠʡ ʧʦʩʽʙʥʠʢ ʦʨʽʻʥʪʦʚʘʥʠʡ ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʘʤʝ Jupyter Notebook 

(JN), ʷʢ ʥʘʡʙʽʣʴʰ ʫʥʽʚʝʨʩʘʣʴʥʦʛʦ ʩʝʨʝʜʦʚʠʱʘ. ɸʚʪʦʨʠ, ʟ ʚʣʘʩʥʦʛʦ ʜʦʩʚʽʜʫ, 

ʟʥʘʶʪʴ, ʱʦ ʡʦʛʦ ʢʦʜ ʫ ʬʦʨʤʘʪʽ .ipynb ʤʦʞʥʘ ʨʝʜʘʛʫʚʘʪʠ ʽ ʚ Jupyter Notebook 

Anaconda, ʽ ʚ Kaggle Editor, ʽ ʚ Amazon SageMaker, ʽ ʚ Google Colab. 
ɼʣʷ ʟʙʝʨʽʛʘʥʥʷ ʽʥʬʦʨʤʘʮʽʾ ʚ ʟʘʜʘʯʘʭ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʤʦʞʫʪʴ ʚʠ-

ʢʦʨʠʩʪʦʚʫʚʘʪʠʩʴ ʷʢ ʜʦʙʨʝ ʩʪʨʫʢʪʫʨʦʚʘʥʽ ʙʘʟʠ ʜʘʥʠʭ (ʥʘʧʨʠʢʣʘʜ, ʨʝʣʷʮʽʡʥʽ 

ʯʠ ʽʻʨʘʨʭʽʯʥʽ), ʪʘʢ ʽ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʽ, ʷʢʽ ʧʨʦʩʪʦ ʤʽʩʪʷʪʴ csv-ʬʘʡʣʠ, ʟʦʙʨʘ-

ʞʝʥʥʷ, ʚʽʜʝʦ- ʯʠ ʘʫʜʽʦ-ʬʘʡʣʠ. ɼʨʫʛʠʡ ʪʠʧ ʟʫʩʪʨʽʯʘʻʪʴʩʷ ʯʘʩʪʽʰʝ. 
ɺ ʥʘʰ ʯʘʩ ʙʽʣʴʰʫ ʧʦʧʫʣʷʨʥʽʩʪʴ ʦʪʨʠʤʘʣʠ ʭʤʘʨʥʽ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʽ ʙʘʟʠ 

ʜʘʥʠʭ: 

- Amazon S3 (ʩʢʦʨʦʯʝʥʥʷ ʚʽʜ "Simple Storage Service"); 
- Microsoft Azure Blob Storage (Microsoft); 

- Google Cloud Storage; 
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- IBM Cloud Object Storage ʪʘ ʽʥ. 

ɺʘʞʣʠʚʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʪʘʢʽ ʙʘʟʠ ʜʘʥʠʭ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʥʘʜʙʫʜʦʚʠ, 

ʷʢʽ ʩʪʨʫʢʪʫʨʫʶʪʴ ʜʘʥʽ ʽ ʨʦʙʣʷʪʴ ʤʦʞʣʠʚʠʤ ʟʘʧʠʪʠ SQL ʜʦ ʥʠʭ. ʅʘʧʨʠʢʣʘʜ, 
ʚ AWS ʜʣʷ ʮʴʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ Amazon Athena.  

ɼʣʷ ʣʦʢʘʣʴʥʠʭ ʨʽʰʝʥʴ ʙʽʣʴʰʫ ʧʦʧʫʣʷʨʥʽʩʪʴ ʥʘʙʫʣʠ ʨʝʣʷʮʽʡʥʽ ʙʘʟʠ ʜʘ-

ʥʠʭ ʪʘ ʤʦʚʘ SQL ʜʣʷ ʨʦʙʦʪʠ ʟ ʥʠʤʠ.  

ɯʩʥʫʻ ʨʷʜ ʙʘʟʦʚʠʭ ʬʨʝʡʤʚʦʨʢʽʚ ʪʘ ʙʽʙʣʽʦʪʝʢ, ʷʢʽ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫ-
ʚʘʪʠ ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ: 

- Scikit-learn ï ʮʝ ʙʽʙʣʽʦʪʝʢʘ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʷʢʠʡ ʧʨʦʧʦʥʫʻ ʰʠ-

ʨʦʢʠʡ ʚʠʙʽʨ ʘʣʛʦʨʠʪʤʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʚʢʣʶʯʘʶʯʠ ʢʣʘʩʠʬʽʢʘʮʽʶ, ʨʝ-
ʛʨʝʩʽʶ, ʢʣʘʩʪʝʨʠʟʘʮʽʶ, ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʪʘ ʙʘʛʘʪʦ ʽʥʰʠʭ, ʙʫʜʝ ʙʽʣʴʰ 

ʜʝʪʘʣʴʥʦ ʨʦʟʛʣʷʥʫʪʠʡ ʚ ʫʩʽʭ ʥʘʩʪʫʧʥʠʭ ʨʦʟʜʽʣʘʭ ʧʦʩʽʙʥʠʢʘ;  

- NumPy ï ʮʝ ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʥʘʫʢʦʚʠʭ ʦʙʯʠʩʣʝʥʴ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻ ʜʦʩ-

ʪʫʧ ʜʦ ʚʠʩʦʢʦʧʨʦʜʫʢʪʠʚʥʠʭ ʦʙʯʠʩʣʝʥʴ, ʨʦʙʦʪʠ ʟ ʤʘʩʠʚʘʤʠ, ʤʘʪʨʠʮʷʤʠ, ʯʘ-
ʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʦʙʨʦʙʣʝʥʥʷ ʪʘ ʧʽʜʛʦʪʦʚʢʠ ʜʘʥʠʭ; 

- Pandas ï ʮʝ ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʦʰʚʠ-

ʜʢʽʩʥʽ ʦʧʝʨʘʮʽʾ ʦʙʨʦʙʣʝʥʥʷ ʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʜʘʥʠʭ, ʪʘʢʠʭ ʷʢ ʜʘʪʘʬʨʝʡʤʠ 
(ʪʘʙʣʠʮʷ) ʽ ʩʝʨʽʾ (ʦʢʨʝʤʽ ʩʪʦʚʧʮʽ ʪʘʙʣʠʮʽ); 

- Matplotlib ï ʮʝ ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻ ʧʦ-

ʙʫʜʦʚʫ ʛʨʘʬʽʢʽʚ ʪʘ ʜʽʘʛʨʘʤ; 

- TensorFlow (TF) (ʽʥʪʝʛʨʦʚʘʥʠʡ ʟ Keras) ï ʮʝ ʬʨʝʡʤʚʦʨʢ Google ʜʣʷ 
ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʷʢʠʡ ʩʧʝʮʽʘʣʽʟʫʻʪʴʩʷ ʥʘ ʛʣʠʙʦʢʦʤʫ ʥʘʚʯʘʥʥʽ; 

- PyTorch ï ʮʝ ʬʨʝʡʤʚʦʨʢ Facebook ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʷʢʠʡ ʪʘ-

ʢʦʞ ʩʧʝʮʽʘʣʽʟʫʻʪʴʩʷ ʥʘ ʛʣʠʙʦʢʦʤʫ ʥʘʚʯʘʥʥʽ (ʢʦʥʢʫʨʫʻ ʟ TF). 
ɯʥʰʽ ʙʽʙʣʽʦʪʝʢʠ, ʘ ʪʘʢʦʞ, ʧʘʢʝʪʠ (ʟʙʽʨʢʠ ʚʟʘʻʤʦʧʦʚôʷʟʘʥʠʭ ʤʦʜʫʣʽʚ), 

ʷʢ ʧʨʘʚʠʣʦ, ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʬʫʥʢʮʽʾ, ʤʝʪʦʜʠ ʽ ʢʣʘʩʠ ʮʠʭ ʙʘʟʦʚʠʭ ʙʽʙʣʽʦʪʝʢ 

ʪʘ ʬʨʝʡʤʚʦʨʢʽʚ, ʥʘʧʨʠʢʣʘʜ, ʧʦʧʫʣʷʨʥʠʤʠ ʻ ʪʘʢʽ: 

- seaborn ï ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ ʥʘ ʦʩʥʦʚʽ Matplotlib ʟ ʷʢʽ-
ʩʥʦʶ ʽʥʬʦʛʨʘʬʽʢʦʶ; 

- plotly ï ʙʽʙʣʽʦʪʝʢ ʜʣʷ ʽʥʪʝʨʘʢʪʠʚʥʦʾ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ ʧʨʦʩʪʦ ʫ ʙʨʘʫ-

ʟʝʨʽ; 
- xgboost, lightgbm ï ʙʽʙʣʽʦʪʝʢʠ ʚʠʩʦʢʦʧʨʦʜʫʢʪʠʚʥʠʭ ʙʫʩʪʠʥʛʦʚʠʭ ʤʦ-

ʜʝʣʝʡ; 

- spaCy, NLTK ï ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʦʙʨʦʙʣʝʥʥʷ ʧʨʠʨʦʜʥʦʾ ʤʦʚʠ (NLP);; 

- opencv ï ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʢʦʤʧ'ʶʪʝʨʥʦʛʦ ʙʘʯʝʥʥʷ, ʷʢʘ ʚʠʢʦʨʠʩʪʦʚʫ-
ʻʪʴʩʷ ʜʣʷ ʦʙʨʦʙʣʝʥʥʷ ʟʦʙʨʘʞʝʥʴ ʪʘ ʚʽʜʝʦ. 

ʋ ʥʦʫʪʙʫʢʘʭ, ʟʛʘʜʘʥʠʭ ʫ ʜʦʚʽʜʢʦʚʦʤʫ ʘʚʪʦʨʩʴʢʦʤʫ ʥʦʫʪʙʫʮʽ çData 

Science for tabular data: Advanced Techniquesè, ʦʧʠʩʘʥʦ ʙʘʛʘʪʦ ʧʨʠʢʣʘʜʽʚ 

ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʛʘʜʘʥʠʭ ʚʠʱʝ ʙʽ-
ʙʣʽʦʪʝʢ ʪʘ ʬʨʝʡʤʚʦʨʢʽʚ ʥʘ Python. ɹʽʣʴʰ ʜʝʪʘʣʴʥʦ ʮʽ ʪʘ ʽʥʰʽ ʧʨʠʢʣʘʜʠ ʙʫ-

ʜʫʪʴ ʨʦʟʛʣʷʥʫʪʽ ʫ ʥʘʩʪʫʧʥʠʭ ʨʦʟʜʽʣʘʭ. 

https://www.kaggle.com/code/vbmokin/data-science-for-tabular-data-advanced-techniques
https://www.kaggle.com/code/vbmokin/data-science-for-tabular-data-advanced-techniques
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ʄʦʞʣʠʚʽ ʪʝʤʠ ʧʨʘʢʪʠʯʥʠʭ ʽ ʣʘʙʦʨʘʪʦʨʥʠʭ ʟʘʚʜʘʥʴ 

ʊʝʤʘ ˉ 1. ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʥʘ ʧʨʠʢʣʘʜʽ 

ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ ʪʘ ʟʘʜʘʯ ʢʦʥʢʫʨʩʽʚ ʤʽʞʥʘʨʦʜʥʦʾ ʧʣʘʪʬʦʨʤʠ Data Science 

ʪʘ h ʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ Kaggle (ʘʙʦ çɸʥʘʣʽʟ ʧʨʠʢʣʘʜʽʚ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯ 

ʫ ʟʤʘʛʘʥʥʷʭ Kaggle ʪʘ ʚ ʨʝʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʥʷʭ ʫ ʩʬʝʨʽ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘ-

ʣʽʟʫè, ʘʙʦ çʋʟʘʛʘʣʴʥʝʥʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ ʪʘ ʧʦʙʫʜʦʚʘ ʯʠ ʚʠʙʽʨ ʜʘʪʘ-

ʩʝʪʫ ʜʣʷ ʥʝʾè, ʘʙʦ çʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯ ʘʥʘʣʽʟʫ ʪʘ ʧʝʨʝʜʙʘʯʝʥʥʷ ʩʪʘʥʫ 

ʩʢʣʘʜʥʠʭ ʩʠʩʪʝʤ ʟ ʤʝʪʦʶ ʾʭ ʦʧʪʠʤʽʟʘʮʽʾ ʥʘ ʧʨʠʢʣʘʜʽ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ ʘʩ-

ʧʽʨʘʥʪʽʚ ʪʘ ʟʘʜʘʯ ʢʦʥʢʫʨʩʽʚ ʽ ʜʘʪʘʩʝʪʽʚ ʧʣʘʪʬʦʨʤʠ Kaggle. ʉʪʚʦʨʝʥʥʷ 

ʯʠ ʚʠʙʽʨ ʜʘʪʘʩʝʪʽʚ ʜʣʷ ʮʠʭ ʟʘʜʘʯè).   

ʄʝʪʦʶ ʟʘʥʷʪʪʷ ʻ ʦʟʥʘʡʦʤʣʝʥʥʷ ʟ ʧʦʩʪʘʥʦʚʢʦʶ ʟʘʜʘʯ ʪʘ ʽʥʬʦʨʤʘʮʽʡ-

ʥʠʤʠ ʪʝʭʥʦʣʦʛʽʷʤʠ, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʴ ʧʽʜ ʯʘʩ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʢʦʥʢʫ-

ʨʩʽʚ ʤʽʞʥʘʨʦʜʥʦʾ ʧʣʘʪʬʦʨʤʠ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ Kaggle ʘʙʦ ʨʝʘʣʴʥʠʭ ʟʘʜʘʯ 
ʥʘ ʧʨʠʢʣʘʜʽ ʦʜʥʦʛʦ ʽʟ ʜʘʪʘʩʝʪʽʚ Kaggle. 

ʇʣʘʥ ʟʘʥʷʪʪʷ: 

1. ɺʠʙʨʘʪʠ ʟʤʘʛʘʥʥʷ ʯʠ ʜʘʪʘʩʝʪ Kaggle, ʚ ʷʢʦʤʫ ʻ ʭʦʯʘ ʙ ʦʜʠʥ ʥʦʫʪʙʫʢ, 
ʘʚʪʦʨʦʤ ʷʢʦʛʦ ʻ ʝʢʩʧʝʨʪ, ʤʘʡʩʪʝʨ ʯʠ ʛʨʦʩʤʝʡʩʪʝʨ Kaggle. 

2. ʅʘʚʝʩʪʠ ʥʘʟʚʫ (ʦʩʥʦʚʥʫ ʽ ʜʦʜʘʪʢʦʚʫ), ʚʝʙ-ʧʦʩʠʣʘʥʥʷ ʪʘ ʘʚʪʦʨʘ ʯʠ 

ʦʨʛʘʥʽʟʘʮʽʶ-ʚʣʘʩʥʠʢ ʜʘʪʘʩʝʪʫ ʯʠ ʜʘʥʠʭ ʢʦʥʢʫʨʩʫ Kaggle. 

3. ʆʧʠʩʘʪʠ ʫʢʨʘʾʥʩʴʢʦʶ ʤʦʚʦʶ ʩʢʣʘʜ ʜʘʥʠʭ ʪʘʙʣʠʮʴ (ʯʠ ʦʜʥʽʻʾ ʦʩʥʦʚ-
ʥʦʾ ʪʘʙʣʠʮʽ) ʜʘʪʘʩʝʪʫ (ʥʘʟʚʠ ʩʪʦʚʧʮʽʚ, ʟʘ ʷʢʽ ʨʦʢʠ). ɺʘʨʪʦ ʥʘʚʝʩʪʠ ʛʨʘʬʽʢ(ʠ) 

ʟ ʥʦʫʪʙʫʢʽʚ, ʷʢʽ ʽʣʶʩʪʨʫʶʪʴ ʷʢʽ ʩʘʤʝ ʜʘʥʽ ʻ ʚ ʜʘʪʘʩʝʪʽ. ʗʢʱʦ ʜʘʥʽ ʤʘʶʪʴ ʛʝʦ-

ʛʨʘʬʽʯʥʫ ʧʨʠʚôʷʟʢʫ, ʥʘʚʝʩʪʠ ʤʘʧʫ, ʷʢʘ ʽʣʶʩʪʨʫʻ ʮʶ ʽʥʬʦʨʤʘʮʽʶ. 
4. ʆʭʘʨʘʢʪʝʨʠʟʫʚʘʪʠ ʟʘʜʘʯʽ, ʷʢʽ ʤʦʞʥʘ ʨʦʟʚôʷʟʘʪʠ ʥʘ ʦʩʥʦʚʽ ʮʴʦʛʦ ʜʘ-

ʪʘʩʝʪʫ (ʯʠ ʽʟ ʟʘʚʜʘʥʥʷ ʟʤʘʛʘʥʥʷ, ʯʠ ʽʟ ʨʦʟʜʽʣʫ çTaskè ʜʘʪʘʩʝʪʫ, ʯʠ ʧʨʠʜʫʤʘʪʠ 

ʩʘʤʦʩʪʽʡʥʦ). 

5. ɺʢʘʟʘʪʠ ʪʘ ʦʭʘʨʘʢʪʝʨʠʟʫʚʘʪʠ ʷʢʽ Python-ʙʽʙʣʽʦʪʝʢʠ ʪʘ/ʘʙʦ ʽʥʬʦʨʤʘ-
ʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʴ ʫ ʥʦʫʪʙʫʢʘʭ ʟʤʘʛʘʥʥʷ ʯʠ ʜʘʪʘʩʝʪ Kaggle 

ʟ ʥʘʡʢʨʘʱʠʤ ʨʝʡʪʠʥʛʦʤ (ʯʠ ʟ ʥʘʡʚʠʱʠʤʠ ʤʽʩʮʷʤʠ ʫ ʟʤʘʛʘʥʥʽ, ʯʠ ʟ ʥʘʡʙʽʣʴ-

ʰʦʶ ʢʽʣʴʢʽʩʪʶ ʛʦʣʦʩʽʚ ʟʘ ʥʦʫʪʙʫʢ). ʅʘʧʨʠʢʣʘʜ, ʙʽʙʣʽʦʪʝʢʘ Plotly ʜʣʷ ʧʦʙʫ-
ʜʦʚʠ ʽʥʪʝʨʘʢʪʠʚʥʠʭ ʛʨʘʬʽʢʽʚ, ʙʽʙʣʽʦʪʝʢʘ Xgboost ʜʣʷ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʽ, ʙʽʙ-

ʣʽʦʪʝʢʘ Folium ʜʣʷ ʧʦʙʫʜʦʚʠ ʽʥʪʝʨʘʢʪʠʚʥʦʾ ʤʘʧʠ, ɯʊ ʘʥʘʣʽʟʫ ʨʦʟʧʽʟʥʘʚʘʥʥʷ 

ʟʦʙʨʘʞʝʥʴ ʥʘ ʦʩʥʦʚʽ PyTorch ʪʦʱʦ. 

ʇʨʠʢʣʘʜʠ ʜʘʪʘʩʝʪʽʚ: 
- ʥʦʫʪʙʫʢ ʟ ʧʦʩʠʣʘʥʥʷʤʠ ʪʘ ʦʧʠʩʦʤ ʜʘʪʘʩʝʪʽʚ ʧʨʦʬ. ʄʦʢʽʥʘ ɺ.ɹ. ʫ 

Kaggle ʫ ʩʬʝʨʽ ʤʦʥʽʪʦʨʠʥʛʫ ʷʢʦʩʪʽ ʚʦʜʠ; 

- ̔ ʥʰʽ ʧʫʙʣʽʯʥʽ ʜʘʪʘʩʝʪʠ ʧʨʦʬ. ʄʦʢʽʥʘ ɺ.ɹ. ʫ Kaggle: 
- ʧʦʧʫʣʷʨʥʠʡ ʢʦʥʢʫʨʩ çTitanic - Machine Learning from Disasterè ʜʣʷ 

ʥʦʚʘʯʢʽʚ Kaggle ʫ (ʚʘʞʣʠʚʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʥʦʫʪʙʫʢʠ ʮʴʦʛʦ ʟʤʘʛʘʥʥʷ ʥʝ ʤʦ-

ʞʥʘ ʙʫʜʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʚ ʣʘʙʦʨʘʪʦʨʥʠʭ ʨʦʙʦʪʘʭ ˉ 2-8, ʦʩʢʽʣʴʢʠ ʧʨʘʚʠʣʘ 

ʟʤʘʛʘʥʥʷ ʟʘʙʦʨʦʥʷʶʪʴ ʾʭ ʨʦʟʰʘʨʶʚʘʪʠ ʚʠʢʣʘʜʘʯʝʚʽ ï ʾʭ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦ-
ʚʫʚʘʪʠ ʣʠʰʝ ʟʘ ʫʤʦʚʠ, ʷʢʱʦ ʘʚʪʦʨʠ ʙʫʜʫʪʴ ʨʦʙʠʪʠ ʦʜʨʘʟʫ ʧʫʙʣʽʯʥʽ ʥʦʫʪ-

ʙʫʢʠ, ʪʦʙʪʦ ʜʦʩʪʫʧʥʽ ʫʩʽʤ ʢʦʨʠʩʪʫʚʘʯʘʤ ɯʥʪʝʨʥʝʪʫ); 

https://www.kaggle.com/vbmokin/datasets
https://www.kaggle.com/c/titanic
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- ʧʦʧʫʣʷʨʥʠʡ ʜʘʪʘʩʝʪ çHeart Disease UCIè Kaggle ʟ ʜʘʥʠʤʠ ʧʨʦ ʩʝʨʮʝʚʽ 

ʟʘʭʚʦʨʶʚʘʥʥʷ ʚ ʣʽʢʘʨʥʷʭ ʂʣʽʚʣʝʥʜʫ (ʉʐɸ). 

 
ʊʝʤʘ ˉ 2.  

ʄʝʪʦʶ ʟʘʥʷʪʪʷ ʻ ʦʧʘʥʫʚʘʪʠ ʟʥʘʥʥʷ ʪʘ ʥʘʚʠʯʢʠ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʚʣʘʩ-

ʥʦʛʦ ʜʘʪʘʩʝʪʫ ʪʘ ʡʦʛʦ ʟʯʠʪʫʚʘʥʥʷ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʨʦʛʨʘʤʠ ʥʘ Python. 

ʇʣʘʥ ʟʘʥʷʪʪʷ: 
1. ʋʪʦʯʥʠʪʠ ʧʦʩʪʘʥʦʚʢʫ ʟʘʜʘʯʽ, ʱʦʙ ʟʨʦʟʫʤʽʪʠ ʷʢʽ ʩʘʤʽ ʧʦʪʨʽʙʥʽ ʜʘʥʽ 

ʜʣʷ ʾʾ ʨʦʟʚôʷʟʘʥʥʷ. 

2. ʇʨʦʘʥʘʣʽʟʫʚʘʪʠ ʥʘʷʚʥʽ ʧʫʙʣʽʯʥʽ ʜʘʪʘʩʝʪʠ ʚ Kaggle , GitHub. 
3. ʉʪʚʦʨʠʪʠ ʚʣʘʩʥʠʡ ʜʘʪʘʩʝʪ (ʜʠʚ. ʧʦʨʘʜʠ ʫ ɼʦʜʘʪʢʫ ɹ). ɼʠʚ. ʧʨʠʢ-

ʣʘʜʠ. 

 

ʊʝʤʘ ˉ 3.  

ʌʦʨʤʫʚʘʥʥʷ ʽʥʪʝʛʨʦʚʘʥʦʛʦ ʜʘʪʘʩʝʪʫ ʜʣʷ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʧʨʦ ʩʪʘʥ 

ʩʠʩʪʝʤʠ ʟ ʨʽʟʥʠʭ ʜʞʝʨʝʣ (API, CSV-ʬʘʡʣʠ ʪʘ ʽʥ.) ʥʘ Python ʚ IDE ʯʠ Ju-

pyter Notebook. 

ʄʝʪʦʶ ʟʘʥʷʪʪʷ ʻ ʚʠʚʯʝʥʥʷ ʩʠʩʪʝʤ ʟʙʝʨʝʞʝʥʥʷ ʜʘʥʠʭ ʪʘ ʦʧʘʥʫʚʘʥʥʷ 

ʥʘʚʠʯʦʢ ʜʣʷ ʟʯʠʪʫʚʘʥʥʷ ʜʘʥʠʭ ʽʟ ʮʠʭ ʩʠʩʪʝʤ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʨʦʛʨʘʤʠ ʥʘ 

Python. 

ʇʣʘʥ ʟʘʥʷʪʪʷ: 
1. ɺʠʚʯʠʪʠ ʜʞʝʨʝʣʦ ʜʘʥʠʭ (ʥʘʟʚʘ, ʘʚʪʦʨ, ʟʤʽʩʪ, ʦʙʩʷʛ ʜʘʥʠʭ ʪʘ ʾʭ ʦʧʠʩ). 

2. ɺʠʚʯʠʪʠ ʧʨʠʢʣʘʜʠ ʷʢ ʽʤʧʦʨʪʫʚʘʪʠ ʜʘʥʽ ʥʘ Python ʟ ʪʘʢʠʭ ʜʞʝʨʝʣ: 

- ʽʥʬʦʨʤʘʮʽʡʥʘ ʯʠ ɯʦʊ-ʩʠʩʪʝʤʘ; 
- ʜʘʪʘʩʝʪ Kaggle (ʬʦʨʤʘʪʠ CSV, JSON ʪʘ ʽʥ.); 

- ʜʘʪʘʩʝʪ GitHub;  

- ʚʝʙ-ʩʠʩʪʝʤʘ ʟ API. 

3. ɺʠʚʯʠʪʠ ʤʦʞʣʠʚʦʩʪʽ ʪʘ ʦʧʘʥʫʚʘʪʠ ʦʩʥʦʚʥʽ ʥʘʚʠʯʢʠ ʨʦʙʦʪʠ ʽʟ ʟʘʜʘ-
ʥʦʶ IDE (PyCharm, VSCode ʘʙʦ Spyder ʚ Anaconda) ʯʠ ʦʙʦʣʦʥʢʦʶ ʪʠʧʫ 

çJupyter Notebookè (NB) (SageMaker Amazon, Google Colab, ʨʝʜʘʢʪʦʨ ʥʦʫʪ-

ʙʫʢʽʚ Kaggle ʯʠ ʚ Jupyter Notebook ʚ Anaconda) ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʧʨʦʛʨʘʤ ʥʘ 
Python. 

4. ʉʪʚʦʨʠʪʠ ʧʨʦʛʨʘʤʫ ʥʘ Python ʚ IDE/NB ʟ ʧ. 3 ʜʣʷ ʟʘʚʘʥʪʘʞʝʥʥʷ ʜʘ-

ʥʠʭ ʟ ʧ.1 ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʨʠʡʦʤʽʚ ʟ ʧ.2. ʋʩʽ ʜʘʥʽ ʦʙôʻʜʥʘʪʠ ʚ ʦʜʠʥ ʯʠ ʜʝʢʽ-

ʣʴʢʘ ʜʘʪʘʬʨʝʡʤʽʚ. 
ʇʨʠʢʣʘʜʠ NB-ʥʦʫʪʙʫʢʽʚ ʽʟ ʧʨʠʡʦʤʘʤʠ ʱʦʜʦ ʟʘʚʘʥʪʘʞʝʥʥʷ ʜʘʥʠʭ ʫ ʨʽ-

ʟʥʠʡ ʩʧʦʩʽʙ ʫ Kaggle, ʫ ʪ.ʯ. ʯʝʨʝʟ API: 

- 50 Tips: Data Science (tabular data) for beginner 

- 50 Advanced Tips: Data Science for tabular data 
 

ʂʦʥʪʨʦʣʴʥʽ ʧʠʪʘʥʥʷ 

1) ʑʦ ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʧʦʥʷʪʪʷ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ? ɼʘʡʪʝ ʢʦʨʦʪʢʝ ʚʠʟʥʘ-
ʯʝʥʥʷ. 

https://www.kaggle.com/ronitf/heart-disease-uci
https://www.kaggle.com/vbmokin/datasets
https://www.kaggle.com/vbmokin/datasets
https://www.kaggle.com/code/vbmokin/50-tips-data-science-tabular-data-for-beginner#2
https://www.kaggle.com/vbmokin/50-tips-data-science-tabular-data-for-beginner
https://www.kaggle.com/vbmokin/50-advanced-tips-data-science-for-tabular-data
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2) ʗʢʽ ʝʪʘʧʠ ʚʢʣʶʯʘʻ ʧʨʦʮʝʩ ʟʙʠʨʘʥʥʷ ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʧʦʙʫʜʦʚʠ ʜʘʪʘ-

ʩʝʪʫ ʜʣʷ ʘʥʘʣʽʟʫ? 

3) ʗʢʽ ʮʽʣʴʦʚʽ ʦʟʥʘʢʠ ʤʦʞʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʚ ʟʘʜʘʯʘʭ ʤʘʰʠʥ-
ʥʦʛʦ ʥʘʚʯʘʥʥʷ? ʅʘʚʝʜʽʪʴ ʧʨʠʢʣʘʜʠ. 

4) ʗʢʽ ʦʩʥʦʚʥʽ ʚʠʜʠ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʽʩʥʫʶʪʴ? ɼʘʡʪʝ ʢʦʨʦ-
ʪʢʠʡ ʦʧʠʩ ʢʦʞʥʦʛʦ ʚʠʜʫ. 

5) ʗʢʽ ʤʝʪʨʠʢʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʤʦʜʝʣʝʡ ʤʘʰʠʥ-
ʥʦʛʦ ʥʘʚʯʘʥʥʷ? ʅʘʚʝʜʽʪʴ ʧʨʠʢʣʘʜʠ ʤʝʪʨʠʢ. 

6) ʑʦ ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʫʟʘʛʘʣʴʥʝʥʠʡ ʘʣʛʦʨʠʪʤ ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʜʘʯʽ ʤʘ-
ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ? ʅʘʚʝʜʽʪʴ ʦʩʥʦʚʥʽ ʢʨʦʢʠ. 

7) ʗʢʽ ʝʪʘʧʠ ʚʢʣʶʯʘʻ ʫʟʘʛʘʣʴʥʝʥʠʡ ʘʣʛʦʨʠʪʤ ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʜʘʯʽ ʽʥʪʝ-
ʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ? ʆʧʠʰʽʪʴ ʢʦʞʝʥ ʝʪʘʧ. 

8) ʗʢʘ ʽʥʬʨʘʩʪʨʫʢʪʫʨʘ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʜʘʯ ʤʘ-
ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ? ʅʘʚʝʜʽʪʴ ʧʨʠʢʣʘʜʠ 
ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ. 

9) ʗʢʽ ʧʝʨʝʚʘʛʠ ʤʘʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʨʝʥʫʚʘʣʴʥʦʛʦ, ʚʘʣʽʜʘʮʽʡʥʦʛʦ ʽ ʪʝ-
ʩʪʦʚʦʛʦ ʜʘʪʘʩʝʪʽʚ ʫ ʟʘʜʘʯʘʭ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ? 

10) ʗʢ ʚʠʟʥʘʯʠʪʠ ʦʧʪʠʤʘʣʴʥʫ ʘʨʭʽʪʝʢʪʫʨʫ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚ-
ʯʘʥʥʷ? 
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2 ʇɽʈɽɼʆɹʈʆɹʃɽʅʅʗ ʊɸ ʈʆɿɺɯɼʋɺɸʃʔʅʀʁ ɸʅɸʃɯɿ ɼɸʅʀʍ 

(EDA)  

 

2.1 ʇʝʨʝʚʽʨʢʘ, ʦʯʠʱʝʥʥʷ ʪʘ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ (Data 

Preprocessing) 

 

ɼʦʩʚʽʜ ʧʦʢʘʟʫʻ, ʱʦ ʜʘʥʽ ʜʘʪʘʩʝʪʽʚ, ʫ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ, ʧʦʪʨʝʙʫʶʪʴ 
ʜʦʜʘʪʢʦʚʦʛʦ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ, ʜʦ ʪʦʛʦ, ʷʢ ʧʦʯʠʥʘʪʠ ʾʭ ʩʝʨʡʦʟʥʦ ʘʥʘʣʽʟʫ-

ʚʘʪʠ: 

- ʭʽʤʽʢʠ ʚ ʨʝʟʫʣʴʪʘʪʘʭ ʣʘʙʦʨʘʪʦʨʥʦʛʦ ʘʥʘʣʽʟʫ ʧʠʰʫʪʴ ʥʝ ʪʽʣʴʢʠ ʯʠʩʣʦʚʽ 
ʟʥʘʯʝʥʥʷ ʧʦʢʘʟʥʠʢʽʚ, ʘ ʡ çʩʣʽʜʠè, çʚʽʜʩ.è, çʚʽʜʩʫʪʥʽè, ç-è, çʪʝ ʩʘʤʝè, ç>0.2è, 
ç<10è ʪʘ ʽʥ. ʽ ʮʝ ʱʝ ʪʨʝʙʘ ʧʝʨʝʪʚʦʨʠʪʠ ʥʘ ʯʠʩʣʦ ʘʙʦ ʥʘ ʟʥʘʯʝʥʥʷ çnp.nanè 

(çnpè ï ʩʢʦʨʦʯʝʥʘ ʥʘʟʚʘ ʙʽʙʣʽʦʪʝʢʠ NumPy, çnanè ï çʥʝ ʯʠʩʣʦè ʟ ʘʥʛʣ. çNot 

a Numberè); 
- ʤʝʜʠʢʠ ʦʧʠʩʫʶʪʴ ʩʣʦʚʘʤʠ ʪʝ, ʱʦ ʟʥʘʡʰʣʠ, ʽ ʮʝ ʱʝ ʪʨʝʙʘ ʧʝʨʝʪʚʦʨʠʪʠ 

ʫ ʩʣʦʚʘ ʟ ʧʝʚʥʦʾ ʬʽʢʩʦʚʘʥʦʾ ʤʥʦʞʠʥʠ ʩʣʽʚ ʯʠ ʥʘ ʯʠʩʣʘ; 

- ʫ ʨʘʟʽ ʦʪʨʠʤʘʥʥʷ ʜʘʥʠʭ ʧʽʩʣʷ ʧʘʨʩʠʥʛʫ ʚʝʙ-ʩʪʦʨʽʥʢʠ, ʪʫʜʠ ʤʦʞʫʪʴ ʧʦ-

ʪʨʘʧʣʷʪʠ html-ʪʝʛʠ, ʢʦʜʠ ʩʧʝʮʩʠʤʚʦʣʽʚ, ʚʝʙ-ʘʜʨʝʩʠ, ʩʤʘʡʣʠʢʠ, ʷʢʽ ʨʽʜʢʦ ʥʝ-
ʩʫʪʴ ʢʦʨʠʩʥʝ ʥʘʚʘʥʪʘʞʝʥʥʷ ʽ ʧʦʪʨʝʙʫʶʪʴ ʚʠʜʘʣʝʥʥʷ, ʭʦʯʘ, ʫ ʨʘʟʽ ʘʥʘʣʽʟʫ ʥʘ-

ʩʪʨʦʾʚ, ʤʦʞʝ ʙʫʪʠ ʥʝʦʙʭʽʜʥʠʤ ʧʝʨʝʢʦʜʫʚʘʥʥʷʤ ʩʤʘʡʣʠʢʽʚ ʚ ʷʢʠʡʩʴ ʙʽʣʴʰ 

ʟʨʫʯʥʠʡ ʜʣʷ ʘʥʘʣʽʟʫ ʪʝʢʩʪ (ʜʠʚ. ʧʨʠʢʣʘʜʠ ʫ ʬʫʥʢʮʽʷʭ çremove_emojiè, 
çremove_punctuationsè, çconvert_abbrev_in_textè ʥʦʫʪʙʫʢʘ ); 

- ʫ ʨʘʟʽ ʦʪʨʠʤʘʥʥʷ ʜʘʥʠʭ ʟ pdf-ʬʘʡʣʫ, ʪʫʜʠ ʤʦʞʝ ʧʦʪʨʘʧʠʪʠ ʪʝʢʩʪ ʟ ʢʦ-

ʣʦʥʪʠʪʫʣʽʚ (ʥʦʤʝʨʠ ʩʪʦʨʽʥʦʢ, ʥʘʟʚʘ ʨʦʟʜʽʣʫ ʯʠ ʽʥʰʘ ʤʘʣʦʮʽʥʥʘ ʽʥʬʦʨʤʘʮʽʷ), 

ʷʢʠʡ ʧʦʪʨʝʙʫʻ ʚʠʜʘʣʝʥʥʷ. 
ʉʘʤʝ ʪʦʤʫ ʚʭʽʜʥʽ ʜʘʥʽ ʜʦ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʯʘʩʪʦ ʥʘʟʠʚʘʶʪʴ çrawè ï ʟ 

ʘʥʛʣ. çʩʠʨʽè. ʅʘʣʘʰʪʫʚʘʥʥʷ ʬʽʣʴʪʨʽʚ ʪʘ ʘʣʛʦʨʠʪʤʽʚ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʟʘʣʝ-

ʞʠʪʴ ʚʽʜ ʩʧʝʮʠʬʽʢʠ ʜʘʥʠʭ ʪʘ ʟʘʜʘʯ, ʷʢʽ ʨʦʟʚôʷʟʫʶʪʴʩʷ. ʅʘʧʨʠʢʣʘʜ, ʧʦʪʫʞʥʽ 

ʤʦʚʥʽ ʤʦʜʝʣʽ, ʥʘʚʧʘʢʠ, ʧʦʛʽʨʰʫʶʪʴ ʪʦʯʥʽʩʪʴ ʘʥʘʣʽʟʫ, ʷʢʱʦ çʧʩʫʚʘʪʠè ʧʝʨʝ-
ʜʦʙʨʦʙʣʝʥʥʷʤ ʩʠʨʠʡ ʪʝʢʩʪ ï ʚʦʥʠ ʯʫʜʦʚʦ ʡʦʛʦ ʨʦʟʫʤʽʶʪʴ ʽ ʙʝʟ ʮʴʦʛʦ. ʍʦʯʘ 

ʮʝ, ʥʝ ʟʘʚʞʜʠ ʪʘʢ. ʅʘʧʨʠʢʣʘʜ, ʫ Kaggle ʫ 2020 ʨ. ʙʫʣʦ ʟʤʘʛʘʥʥʷ çTweet 

Sentiment Extractionè ʟ ʘʥʘʣʽʟʫ ʪʚʽʪʽʚ 
(https://www.kaggle.com/competitions/tweet-sentiment-extraction), ʷʢʝ ʧʦʢʘ-

ʟʘʣʦ, ʱʦ ʥʘʚʽʪʴ ʧʦʪʫʞʥʽ ʥʘ ʪʦʡ ʤʦʤʝʥʪ ʤʦʚʥʽ ʤʦʜʝʣʽ ʪʠʧʫ BERT ʥʝ ʤʦʛʣʠ 

ʙʝʟ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʢʣʘʩʠʬʽʢʫʚʘʪʠ ʥʘʩʪʨʦʾ ʪʝʢʩʪʫ ʥʘ ʢʰʪʘʣʪ 

çGGGGGGGGOOOOOOOOOLLLLLLLLLLL!!!!!!!!!! è.  
ɼʦʩʠʪʴ ʰʠʨʦʢʠʡ ʩʧʠʩʦʢ ʚʘʨʽʘʥʪʽʚ ʦʧʝʨʘʮʽʡ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʥʘʚʝʜʝ-

ʥʠʡ ʫ ʩʪʘʪʪʽ [27]. ɸʣʝ ʚʘʨʪʦ ʟʫʧʠʥʠʪʠʩʴ ʥʘ ʪʘʢʠʭ ʚʘʞʣʠʚʠʭ ʘʩʧʝʢʪʘʭ, ʷʢʽ ʯʘ-

ʩʪʦ ʤʘʶʪʴ ʤʽʩʮʝ: 
1. ʅʝʦʧʪʠʤʘʣʴʥʠʡ ʦʙʩʷʛ ʦʧʝʨʘʪʠʚʥʦʾ ʧʘʤôʷʪʽ ʧʽʜ ʜʘʪʘʩʝʪ (çfloat64è ʟʘ-

ʤʽʩʪʴ çint8è, çstrè ʟʘʤʽʩʪʴ çboolè ʪʘ ʽʥ.). ɿʘ ʟʘʤʦʚʯʫʚʘʥʥʷʤ, ʜʘʪʘʩʝʪʠ ʟʯʠʪʫ-

ʶʪʴʩʷ ʢʦʤʘʥʜʦʶ read_csv ʟ ʪʠʧʘʤʠ ʜʘʥʠʭ float64 ʪʘ object, ʱʦ, ʧʦ-ʧʝʨʰʝ, 

ʟʘʡʤʘʻ ʚ ʧʘʤôʷʪʽ ʟʘʙʘʛʘʪʦ ʤʽʩʮʷ (ʚʦʥʠ ʪʦʤʫ ʪʘʢ ʽ ʟʯʠʪʫʶʪʴ, ʱʦʙ ʪʦʯʥʦ ʫʩʝ 

https://www.kaggle.com/code/vbmokin/nlp-eda-bag-of-words-tf-idf-glove-bert
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ʧʦʤʽʩʪʠʣʦʩʴ), ʘ ʧʦ-ʜʨʫʛʝ, ʫʩʢʣʘʜʥʶʻ ʧʦʜʘʣʴʰʝ ʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ. ʋ ʨʘʟʽ ʚʠ-

ʢʦʨʠʩʪʘʥʥʷ ʦʧʝʨʘʮʽʡ ʙʽʙʣʽʦʪʝʢʠ pandas, ʘ ʷʢ ʧʨʘʚʠʣʦ, ʩʘʤʝ ʚʦʥʠ ʟʘʩʪʦʩʦʚʫ-

ʶʪʴʩʷ ʜʦ ʪʘʙʣʠʯʥʠʭ ʜʘʥʠʭ, ʪʘʙʣʠʮʷ ʟʘʡʤʘʻ ʚ ʧʘʤôʷʪʽ ʫ 2-3 ʨʘʟʠ ʙʽʣʴʰʝ ʤʽʩʮʷ, 
ʥʽʞ ʾʾ ʩʧʨʘʚʞʥʽʡ ʨʦʟʤʽʨ, ʜʣʷ ʧʨʠʩʢʦʨʝʥʥʷ ʦʙʯʠʩʣʝʥʴ. ɸ ʦʪʞʝ, ʥʝʦʧʪʠʤʘʣʴ-

ʥʠʡ ʬʦʨʤʘʪ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʟʥʘʯʥʠʭ ʚʪʨʘʪ ʫ ʰʚʠʜʢʦʜʽʾ, ʘ ʽʥʦʜʽ, ʡ ʫʥʝʤʦʞʣʠ-

ʚʣʶʻ ʨʦʙʦʪʫ ʟ ʜʘʥʠʤʠ, ʷʢʱʦ ʾʭ ʥʝ ʤʦʞʥʘ ʟʘʚʘʥʪʘʞʫʚʘʪʠ ʤʝʥʰʠʤʠ ʙʘʪʯʘʤʠ 

(ʟ ʘʥʛʣ. çbatchè ï çʧʘʨʪʽʷè). ɼʣʷ ʫʥʠʢʥʝʥʥʷ ʪʘʢʦʾ ʧʨʦʙʣʝʤʠ ʚʘʨʪʦ ʱʝ ʜʦ ʧʦ-
ʯʘʪʢʫ ʨʦʙʦʪʠ ʟ ʜʘʪʘʩʝʪʦʤ ʦʧʪʠʤʽʟʫʚʘʪʠ ʬʦʨʤʘʪ ʫʩʽʭ ʦʟʥʘʢ ʪʘʙʣʠʮʽ. ɼʣʷ ʮʴʦʛʦ 

ʻ 2 ʩʧʦʩʦʙʠ: 

- ʦʜʨʘʟʫ ʧʨʠ ʟʯʠʪʫʚʘʥʥʽ ʚʢʘʟʫʚʘʪʠ ʧʦʪʨʽʙʥʽ ʪʠʧʠ ʜʘʥʠʭ (ʨʠʩ. 1.9) (ʚʘ-
ʨʪʦ ʧʘʤôʷʪʘʪʠ, ʱʦ, ʫ ʨʘʟʽ, ʷʢʱʦ ʪʘʤ ʻ np.nan, ʪʦʜʽ ʟʘʤʽʩʪʴ çintè ʩʣʽʜ ʚʢʘʟʫʚʘʪʠ 

çInt64è ʟ ʚʽʜʧʦʚʽʜʥʦʶ ʢʽʣʴʢʽʩʪʶ ʙʽʪʽʚ) ï ʜʠʚ. ʧʨʠʢʣʘʜ ʫ ʧʦʨʘʜʽ çTip 2.4è ʚ 

[10]); 

- ̫ ʢʱʦ ʥʘʧʝʨʝʜ ʥʝʚʽʜʦʤʦ ʬʦʨʤʘʪʠ ʜʘʥʠʭ, ʪʦʜʽ ʤʦʞʥʘ ʩʧʦʯʘʪʢʫ ʟʯʠʪʘʪʠ 
ʜʘʥʽ, ʧʦʪʽʤ ʣʦʛʽʯʥʽ ʪʠʧʠ ʟʤʽʥʠʪʠ ʥʘ çboolè, ʘ ʧʦʪʽʤ ʩʢʦʨʠʩʪʘʪʠʩʴ ʧʦʨʘʜʦʶ 

çTip 5.1è ʚ [11], ʷʢʘ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʟʥʘʯʠʪʴ ʦʧʪʠʤʘʣʴʥʠʡ ʬʦʨʤʘʪ ʯʠʩʣʦʚʠʭ 

ʦʟʥʘʢ ʟʘʤʽʩʪʴ float64.  
2. ʊʨʘʥʩʬʦʨʤʘʮʽʷ ʬʦʨʤʘʪʽʚ. ɼʦʩʠʪʴ ʧʦʰʠʨʝʥʦʶ ʻ ʧʨʘʢʪʠʢʘ ʧʦʜʘʥʥʷ 

ʜʘʥʠʭ ʷʢ ʪʝʢʩʪʦʚʽ: ʫ ʚʠʛʣʷʜʽ ʩʣʽʚ ʯʠ ʦʢʨʝʤʠʭ ʣʽʪʝʨ. ʅʘʪʦʤʽʩʪʴ, ʧʝʨʝʚʘʞʥʘ 

ʙʽʣʴʰʽʩʪʴ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʚʠʤʘʛʘʶʪʴ ʪʽʣʴʢʠ ʯʠʩʣʦʚʽ ʪʠʧʠ ʚʭʽ-

ʜʥʠʭ ʜʘʥʠʭ (ʟʘ ʚʠʥʷʪʢʦʤ ʜʝʷʢʠʭ, ʥʘ ʢʰʪʘʣʪ ʜʝʨʝʚ ʨʽʰʝʥʴ, ʦʧʪʠʤʽʟʦʚʘʥʠʭ ʧʽʜ 
ʪʝʢʩʪʦʚʽ ʜʘʥʽ, ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ ʪʘ ʽʥ.), ʦʪʞʝ, ʚʘʞʣʠʚʦ ʧʝʨʝʪ-

ʚʦʨʠʪʠ ʫʩʽ ʪʝʢʩʪʦʚʽ ʜʘʥʽ ʟ ʬʽʢʩʦʚʘʥʦʛʦ ʩʧʠʩʢʫ ʟʥʘʯʝʥʴ ʥʘ ʾʭʥʽ ʥʦʤʝʨʠ ʫ 

ʮʴʦʤʫ ʩʧʠʩʢʫ. ɼʣʷ ʮʴʦʛʦ ʤʦʞʥʘ ʘʙʦ ʩʢʦʨʠʩʪʘʪʠʩʴ ʧʨʦʩʪʦʶ ʟʘʤʽʥʦʶ ʟʘ ʜʦʧʦ-
ʤʦʛʦʶ ʩʣʦʚʥʠʢʘ, ʘʙʦ ʚʠʢʦʨʠʩʪʘʪʠ ʩʧʝʮʽʘʣʴʥʫ ʬʫʥʢʮʽʶ 

sklearn.preprocessing.LabelEncoder (ʜʠʚ. ʧʦʨʘʜʫ çTip 5.5è ʚ [11]). 

3. ʋʩʫʥʝʥʥʷ ʜʫʙʣʽʢʘʪʽʚ. ʅʘʷʚʥʽʩʪʴ ʧʦʚʥʠʭ ʜʫʙʣʽʢʘʪʽʚ ʨʷʜʢʽʚ ʪʘʙʣʠʮʽ 

ʩʧʦʪʚʦʨʶʻ ʩʪʘʪʠʩʪʠʢʫ, ʪʦʤʫ ʾʭ ʦʙʦʚôʷʟʢʦʚʦ ʩʣʽʜ ʚʠʷʚʣʷʪʠ ʽ ʚʠʜʘʣʷʪʠ (ʜʠʚ. 
ʧʨʠʢʣʘʜ, ʫʩʫʥʝʥʥʷ ʜʫʙʣʽʢʘʪʫ ʫ ʤʝʜʠʯʥʦʤʫ ʜʘʪʘʩʝʪʽ ï çTips 5.5è ʫ ʥʦʫʪʙʫʮʽ 

[10]). 

4. ʆʯʠʱʝʥʥʷ ʪʝʢʩʪʦʚʠʭ ʜʘʥʠʭ. ɼʣʷ ʧʨʦʩʪʠʭ ʚʠʧʘʜʢʽʚ ʚʠʢʦʨʠʩʪʦʚʫ-
ʻʪʴʩʷ ʙʽʙʣʽʦʪʝʢʘ re, ʘ ʜʣʷ ʙʽʣʴʰ ʩʢʣʘʜʥʠʭ ï ʧʦʪʫʞʥʘ ʙʽʙʣʽʦʪʝʢʘ NLTK, ʙʽʣʴʰ 

ʜʦʢʣʘʜʥʦ ʦʧʠʩʘʥʘ ʫ ʨʦʙʦʪʘʭ [28]). ʊʘʢʦʞ, ʮʴʦʤʫ ʙʫʜʝ ʧʨʠʜʽʣʝʥʦ ʙʽʣʴʰʝ 

ʫʚʘʛʠ ʫ ʨʦʟʜ. 6. 

5. ɿʘʤʽʥʘ ʜʫʞʝ ʤʘʣʠʭ ʯʠ ʜʫʞʝ ʚʝʣʠʢʠʭ ʟʥʘʯʝʥʴ ʜʦʜʘʪʥʠʭ np.inf ʪʘ 
ʚʽʜôʻʤʥʠʭ (-np.inf) ʟʥʘʯʝʥʴ ʥʘ np.nan, ʦʩʢʽʣʴʢʠ ʢʨʘʱʝ ʧʨʘʮʶʚʘʪʠ ʣʠʰʝ ʟ ʦʜ-

ʥʠʤ ʚʠʜʦʤ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ. 

6. ɯʤʧʫʪʠʥʛ ʧʨʦʧʫʱʝʥʠʭ ʜʘʥʠʭ. ɹʽʣʴʰʽʩʪʴ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚ-

ʯʘʥʥʷ (ʦʢʨʽʤ, ʥʘʧʨʠʢʣʘʜ ʤʦʜʝʣʽ ʯʘʩʦʚʠʭ ʨʷʜʽʚ Facebook Prophet ʪʘ ʜʝʷʢʠʭ 
ʽʥʰʠʭ ʚʠʥʷʪʢʽʚ) ʚʠʤʘʛʘʻ ʚʽʜʩʫʪʥʦʩʪʽ ʧʨʦʧʫʱʝʥʠʭ (np.nan) ʟʥʘʯʝʥʴ. ʗʢʱʦ 

ʡʜʝʪʴʩʷ ʧʨʦ ʯʠʩʣʦʚʽ ʦʟʥʘʢʠ, ʪʦʜʽ ʩʧʦʩʦʙʦʤ ʾʭ ʫʩʫʥʝʥʥʷ ʻ çʽʤʧʫʪʠʥʛè (ʟ ʘʥʛʣ. 

çʧʨʠʧʠʩʫʚʘʥʥʷè). ʅʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʠʤʠ ʻ ʬʫʥʢʮʽʾ ʽʤʧʫʪʠʥʛʘ (ʟʘ ʟʨʦʩʪʘʥ-
ʥʷʤ ʩʢʣʘʜʥʦʩʪʽ): çSimpleImputerè, çKNNImputerè, çIterativeImputerè ʙʽʙʣʽʦ-

ʪʝʢʠ sklearn. ɼʣʷ ʪʘʙʣʠʮʴ ʱʝ ̒ ʚʘʨʽʘʥʪ ʟʘʧʦʚʥʝʥʥʷ ʩʝʨʝʜʥʴʦʛʦ ʟʥʘʯʝʥʥʷ (ʘʙʦ 
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ʤʝʜʽʘʥʠ) ʧʦ ʢʣʘʩʫ ʯʠ ʧʦ ʢʣʘʩʪʝʨʫ (ʟʘ ʤʝʪʦʜʦʣʦʛʽʻʶ ʩʭʦʞʠʡ ʥʘ ʚʘʨʽʘʥʪ ʬʫʥʢ-

ʮʽʾ ççKNNImputerè). ɺʽʥ ʙʫʜʝ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʨʦʟʛʣʷʥʫʪʠʡ ʫ ʥʘʩʪʫʧʥʦʤʫ 

ʧʽʜʨʦʟʜʽʣʽ. 
ɼʣʷ ʪʘʙʣʠʯʥʠʭ ʟʥʘʯʝʥʴ ʧʨʦʧʫʱʝʥʽ ʟʥʘʯʝʥʥʷ ʟʘʤʽʥʷʶʪʴ ʥʘ ʷʢʝʩʴ ʯʠʩʣʦ, 

ʷʢʦʛʦ ʫ ʪʘʙʣʠʮʽ ʪʦʯʥʦ ʥʝʤʘʻ, ʫʪʚʦʨʶʶʯʠ ʥʦʚʠʡ ʢʣʘʩ. ʅʘʧʨʠʢʣʘʜ, ʷʢʱʦ ʫʩʽ 

ʯʠʩʣʘ ʻ ʜʦʜʘʪʥʠʤʠ, ʪʦʜʽ ʧʨʦʧʫʱʝʥʽ ʟʘʤʽʥʷʶʪʴ ʥʘ (-1) (ʜʠʚ. ʧʦʨʘʜʫ çTip 4.5è 

ʚ [10]).  
7. ʌʽʣʴʪʨʫʚʘʥʥʷ ʘʥʦʤʘʣʴʥʠʭ ʟʥʘʯʝʥʴ. ʎʷ ʟʘʜʘʯʘ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʙʫʜʝ 

ʨʦʟʛʣʷʥʫʪʘ ʚ ʥʘʩʪʫʧʥʠʭ ʧʽʜʨʦʟʜʽʣʘʭ, ʦʩʢʽʣʴʢʠ ʜʣʷ ʾʾ ʚʠʨʽʰʝʥʥʷ ʚʘʨʪʦ ʩʢʦʨʠ-

ʩʪʘʪʠʩʴ ʨʝʟʫʣʴʪʘʪʘʤʠ ʩʪʘʪʠʩʪʠʯʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ. 
8. ʇʝʨʝʪʚʦʨʝʥʥʷ ʜʘʪʠ. ʏʘʩʪʦ ʜʘʥʽ ʤʽʩʪʷʪʴ ʜʘʪʫ, ʘʣʝ ʧʽʩʣʷ ʟʯʠʪʫʚʘʥʥʷ ʟ 

csv-ʬʘʡʣʫ ʯʠ ʚ ʽʥʰʠʡ ʩʧʦʩʽʙ, ʜʘʪʘ, ʷʢ ʧʨʘʚʠʣʦ ʤʘʻ ʪʠʧ çstrè (ʯʠ ʱʝ ʙʽʣʴʰ 

ʟʘʛʘʣʴʥʠʡ: çobjectè). ʆʜʥʘʢ, ʜʣʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʦʧʝʨʘʮʽʡ ʟ ʜʘʪʦʶ ʽ ʯʘʩʦʤ, ʚʦʥʠ 

ʧʦʚʠʥʥʽ ʙʫʪʠ ʫ ʬʦʨʤʘʪʽ datetime (ʻ ʨʽʟʥʽ ʚʘʨʽʘʥʪʠ ʬʦʨʤʘʪʽʚ). ɼʣʷ ʜʘʪʠ ʥʘʡ-
ʙʽʣʴʰ ʧʦʰʠʨʝʥʠʤ ʻ ʬʦʨʤʘʪ ç2023-10-30è, ʷʢʠʡ ʢʦʜʫʻʪʴʩʷ ʚ Python ʷʢ  

ç%Y-%m-%dè ï ʜʠʚ. ʧʨʠʢʣʘʜ ʫ ʧʦʨʘʜʽ çTip 5.6è ʚ [10]). 

 
2.2 ʂʣʘʩʪʝʨʠʟʘʮʽʷ ʪʘ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʜʘʥʠʭ 

 

ʇʽʩʣʷ ʚʠʢʦʥʘʥʥʷ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ ʯʘʩʪʦ ʧʨʦʚʦʜʷʪʴ ʾʭ ʢʣʘʩʪʝʨʠ-

ʟʘʮʽʶ, ʘʙʦ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ, ʘʙʦ ʰʫʢʘʶʪʴ ʘʩʦʮʽʘʮʽʾ, ʘ ʚʞʝ ʧʦʪʽʤ ʘʥʘ-
ʣʽʟʫʶʪʴ ʙʽʣʴʰ ʨʝʪʝʣʴʥʦ ʨʝʟʫʣʴʪʘʪʠ ʮʠʭ ʦʧʝʨʘʮʽʡ. 

ʂʣʘʩʪʝʨʠʟʘʮʽʷ ʜʘʥʠʭ ï ʮʝ ʧʨʦʮʝʩ ʛʨʫʧʫʚʘʥʥʷ ʩʭʦʞʠʭ ʦʙ'ʻʢʪʽʚ ʫ ʢʣʘʩʠ 

ʘʙʦ ʢʣʘʩʪʝʨʠ ʥʘ ʦʩʥʦʚʽ ʾʭʥʽʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. ɻʦʣʦʚʥʘ ʤʝʪʘ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ï 
ʟʥʘʡʪʠ ʧʨʠʭʦʚʘʥʽ ʩʪʨʫʢʪʫʨʠ ʚ ʜʘʥʠʭ ʪʘ ʚʠʜʽʣʠʪʠ ʛʨʫʧʠ ʦʙ'ʻʢʪʽʚ, ʷʢʽ ʩʭʦʞʽ 

ʦʜʥʘ ʥʘ ʽʥʰʫ, ʙʝʟ ʟʘʟʜʘʣʝʛʽʜʴ ʚʽʜʦʤʦʛʦ ʨʦʟʧʦʜʽʣʫ ʯʠ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʎʝ ï ʢʣʘ-

ʩʠʯʥʘ ʟʘʜʘʯʘ ʙʝʟ ʚʯʠʪʝʣʷ. 

ʇʦʰʫʢ ʘʩʦʮʽʘʮʽʡ ʧʦʣʷʛʘʻ ʚ ʧʦʰʫʢʫ ʟʚ'ʷʟʢʽʚ ʪʘ ʚʽʜʥʦʩʠʥ ʤʽʞ ʨʽʟʥʠʤʠ 
ʝʣʝʤʝʥʪʘʤʠ ʫ ʥʘʙʦʨʽ ʜʘʥʠʭ. ʆʩʥʦʚʥʘ ʤʝʪʘ ʧʦʰʫʢʫ ʘʩʦʮʽʘʮʽʾ ï ʟʥʘʡʪʠ ʧʨʘ-

ʚʠʣʘ ʘʩʦʮʽʘʮʽʡ, ʷʢʽ ʚʢʘʟʫʶʪʴ ʥʘ ʪʝ, ʷʢʽ ʝʣʝʤʝʥʪʠ ʯʘʩʪʦ ʤʘʶʪʴ ʤʽʩʮʝ ʦʜʥʦʯʘ-

ʩʥʦ ʯʠ ʟʽ ʩʭʦʞʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ. ʎʝ ʤʦʞʝ ʚʢʣʶʯʘʪʠ ʚʠʷʚʣʝʥʥʷ ʪʦʚʘʨʽʚ, 
ʷʢʽ ʯʘʩʪʦ ʢʫʧʫʶʪʴ ʨʘʟʦʤ; ʧʦʜʽʾ, ʷʢʽ ʤʘʶʪʴ ʤʽʩʮʝ ʫ ʩʭʦʞʠʭ ʫʤʦʚʘʭ, ʪʦʱʦ. ɸʩʦ-

ʮʽʘʮʽʷ ʮʝ - ʟʘʜʘʯʘ ʟ ʫʯʠʪʝʣʝʤ. ɿʘʟʚʠʯʘʡ, ʜʣʷ ʮʠʭ ʟʘʜʘʯ  ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʪʘʢʽ 

ʤʝʪʦʜʠ, ʷʢ Apriori, Eclat, FP-growth ʪʘ ̔ ʥʰʽ. ɼʠʚ., ʥʘʧʨʠʢʣʘʜ, Kaggle-ʥʦʫʪʙʫʢ 

çApriori Association Rules | Grocery Storeè. 
ɿʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ (ʘʥʛʣ. çdimensionality reductionè) ï ʮʝ ʧʨʦʮʝʩ 

ʩʢʦʨʦʯʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʜʘʥʠʭ ʘʙʦ ʦʟʥʘʢ (ʨʦʟʤʽʨʥʦʩʪʽ) ʚ ʥʘʙʦʨʽ ʜʘʥʠʭ. ʄʝʪʘ 

ʮʴʦʛʦ ʧʨʦʮʝʩʫ - ʟʤʝʥʰʠʪʠ ʢʽʣʴʢʽʩʪʴ ʦʟʥʘʢ, ʷʢʽ ʩʣʽʜ ʚʨʘʭʦʚʫʚʘʪʠ ʧʽʜ ʯʘʩ ʘʥʘ-

ʣʽʟʫ ʜʘʥʠʭ, ʟʙʝʨʽʛʘʶʯʠ ʧʨʠ ʮʴʦʤʫ ʷʢʥʘʡʙʽʣʴʰʝ ʢʦʨʠʩʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ 
ʩʪʨʫʢʪʫʨʫ ʜʘʥʠʭ ʪʘ ʟʚ'ʷʟʢʠ ʫ ʥʠʭ. ʎʷ ʦʧʝʨʘʮʽʷ ʜʦʟʚʦʣʷʻ ʧʽʜʚʠʱʠʪʠ ʝʬʝʢʪʠʚ-

ʥʽʩʪʴ ʪʘ ʰʚʠʜʢʽʩʪʴ ʦʙʯʠʩʣʝʥʴ; ʟʤʝʥʰʠʪʠ ʨʠʟʠʢ ʧʝʨʝʥʘʚʯʘʥʥʷ, ʯʝʨʝʟ ʟʤʝʥ-

ʰʝʥʥʷ ʟʘʰʫʤʣʝʥʦʩʪʽ ʜʘʥʠʭ; ʧʦʢʨʘʱʠʪʠ ʚʽʟʫʘʣʽʟʘʮʽʶ (ʥʘʧʨʠʢʣʘʜ, ʤʦʞʥʘ ʙʘ-
ʛʘʪʦʚʠʤʽʨʥʠʡ ʧʨʦʩʪʽʨ ʦʟʥʘʢ ʟʚʝʩʪʠ ʜʦ 2- ʯʠ 3-ʚʠʤʽʨʥʦʛʦ, ʷʢʠʡ ʤʦʞʥʘ ʚʽʜʦ-

https://www.kaggle.com/code/ekrembayar/apriori-association-rules-grocery-store
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ʙʨʘʟʠʪʠ ʪʘ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʚʽʟʫʘʣʴʥʦ). ʇʦʧʫʣʷʨʥʠʤʠ ʻ ʤʝʪʦʜ ʛʦʣʦʚʥʠʭ ʢʦʤ-

ʧʦʥʝʥʪ (ʘʥʛʣ. çPrincipal Component Analysisè ï PCA), ʤʝʪʦʜ ʚʟʘʻʤʥʦʛʦ ʥʘʡ-

ʙʣʠʞʯʦʛʦ ʩʫʩʽʜʘ (ʘʥʛʣ. çt-Distributed Stochastic Neighbor Embeddingè ï çt-
SNEè), UMAP, ʘʚʪʦʝʥʢʦʜʝʨʠ (ʥʠʞʯʝ ʧʨʦ ʮʝ ʙʫʜʝ ʜʝʪʘʣʴʥʽʰʝ, ʦʩʢʽʣʴʢʠ t-SNE 

ʪʘ UMAP ʻ ʡ ʤʝʪʦʜʘʤʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʪʝʞ) ʪʦʱʦ. 

ʅʘʡʙʽʣʴʰ ʯʘʩʪʦ ʚ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʩʘʤʝ ʦʧʝʨʘʮʽʷ 

ʢʣʘʩʪʝʨʠʟʘʮʽʾ, ʪʦʤʫ ʨʦʟʛʣʷʥʝʤʦ ʾʾ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ.  
ʆʩʥʦʚʥʽ ʬʫʥʢʮʽʾ ʢʣʘʩʪʝʨʠʟʘʮʽʾ, ʷʢ ʝʪʘʧʫ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘ-

ʥʠʭ, ʥʘʩʪʫʧʥʽ: 

ï ɺʠʚ̫ʣʝʥʥʷ ʩʪʨʫʢʪʫʨʠ ʜʘʥʠʭ ʜʣʷ ʧʦʰʫʢʫ ʥʦʚʠʭ ʚʘʞʣʠʚʠʭ ʟʘʢʦʥʦʤʽʨ-
ʥʦʩʪʝʡ; 

ï ʉʧʨʦʱʝʥʥʷ ʩʢʣʘʜʥʠʭ ʜʘʥʠʭ ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʜʘʥʠʭ ʯʠ ʜʣʷ 

ʾʭ ʜʝʢʦʤʧʦʟʠʮʽʾ ʥʘ ʤʝʥʰʽ ʜʘʪʘʩʝʪʠ (ʥʘʧʨʠʢʣʘʜ, ʚ ʥʦʫʪʙʫʢʫ 

(https://www.kaggle.com/code/vbmokin/fungi300-research) ʢʣʘʩʪʝʨʠʟʘʮʽʷ 300 
ʚʠʜʽʚ ʘʣʝʨʛʝʥʽʚ ʫ ʧʘʮʽʻʥʪʽʚ ʜʦʟʚʦʣʠʣʘ ʟʜʽʡʩʥʠʪʠ ʜʝʢʦʤʧʦʟʠʮʽʶ ʥʘ ʤʝʥʰʽ ʜʘ-

ʪʘʩʝʪʠ ʚ ʜʝʢʽʣʴʢʘ ʽʪʝʨʘʮʽʡ, ʧʽʩʣʷ ʯʦʛʦ ʢʦʞʝʥ ʢʣʘʩʪʝʨ ʘʥʘʣʽʟʫʚʘʚʩʷ ʦʢʨʝʤʦ); 

ï ɿʘʧʦʚʥʝʥʥʷ ʧʨʦʧʫʱʝʥʠʭ ʜʘʥʠʭ ʩʝʨʝʜʥʴʦʩʪʘʪʠʩʪʠʯʥʠʤʠ ʧʦ ʢʣʘʩʪʝʨʫ 
ʯʠ ʢʣʘʩʫ (ʧʨʠʢʣʘʜ ʥʘʚʝʜʝʥʦ ʫ ʧʦʨʘʜʽ çTip 5.3è ʚ [11]). 

ʋʩʽ ʤʝʪʦʜʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʫʤʦʚʥʦ ʤʦʞʥʘ ʧʦʜʽʣʠʪʠ ʥʘ ʪʘʢʽ ʚʠʜʠ [6]: 

- ʽʪʝʨʘʪʠʚʥʽ (ʘʥʛʣ. çPartitioning methodsè);  

- ʽʻʨʘʨʭʽʯʥʽ (ʘʥʛʣ. çHierarchical methodsè);  

- ʱʽʣʴʥʽʩʥʽ (ʘʥʛʣ. çDensity-basedè);  

- ʛʨʘʬʦʚʽ (ʘʥʛʣ. çGraph based methodsè); 

- ʢʣʘʩʪʝʨʠʟʘʮʽʷ ʥʘ ʦʩʥʦʚʽ ʤʦʜʝʣʽ (ʘʥʛʣ. çModel based clusteringè). 
ʋ ʧʦʩʽʙʥʠʢʫ [6] ʥʘʚʝʜʝʤʦ ʾʭ ʦʧʠʩ, ʜʘʪʠ ʩʪʚʦʨʝʥʥʷ ʪʘ ʮʽʢʘʚʽ ʦʩʦʙʣʠʚʦ-

ʩʪʽ. ɸʣʝ ʥʘ ʧʨʘʢʪʠʮʽ, ʫ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ, ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʪʽʣʴʢʠ ʜʝʷʢʽ ʟ 

ʥʠʭ. ʅʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʠʤʠ ʤʝʪʦʜʘʤʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʻ ʪʘʢʽ: 

1. ʄʝʪʦʜ k-ʩʝʨʝʜʥʽʭ (ʘʥʛʣ. çKmeansè). ʈʦʟʜʽʣʷʻ ʜʘʥʽ ʥʘ k ʢʣʘʩʪʝʨʽʚ, ʜʝ 
k ï ʟʘʟʜʘʣʝʛʽʜʴ ʚʠʟʥʘʯʝʥʘ ʢʽʣʴʢʽʩʪʴ.  

ɸʣʛʦʨʠʪʤ ʨʦʙʦʪʠ: k ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʚʠʧʘʜʢʦʚʠʤ ʯʠʥʦʤ ʚʠʙʠʨʘʶʪʴʩʷ ʷʢ 

ʮʝʥʪʨʦʾʜʠ ʤʘʡʙʫʪʥʽʭ ʢʣʘʩʪʝʨʽʚ. ɼʘʣʽ ʚʠʟʥʘʯʘʻʪʴʩʷ ʚʽʜʩʪʘʥʴ ʚʽʜ ʢʦʞʥʦʾ ʪʦʯʢʠ 
ʜʦ ʢʦʞʥʦʛʦ ʟ̔ ʢʣʘʩʪʝʨʽʚ ʽ ʪʦʜʽ ʪʦʯʢʘ ʚʽʜʥʦʩʠʪʴʩʷ ʜʦ ʪʦʛʦ ʢʣʘʩʪʝʨʫ, ʜʦ ʷʢʦʛʦ 

ʮʝʡ ʮʝʥʪʨʦʾʜ ʻ ʥʘʡʙʣʠʞʯʠʤ. ʅʘ ʥʘʩʪʫʧʥʽʡ ʽʪʝʨʘʮʽʾ ʩʝʨʝʜ ʪʦʯʦʢ ʢʦʞʥʦʛʦ ʢʣʘ-

ʩʪʝʨʫ ʚʠʙʠʨʘʻʪʴʩʷ ʽʥʰʘ ʪʦʯʢʘ, ʷʢʘ ʢʨʘʱʝ ʧʽʜʭʦʜʠʪʴ ʥʘ ʨʦʣʴ ʮʝʥʪʨʦʾʜʘ, ʽ ʚʩʽ 

ʦʧʝʨʘʮʽʾ ʧʦʚʪʦʨʶʶʪʴʩʷ. ɯ ʪʘʢ ʜʦ ʪʠʭ ʧʽʨ, ʧʦʢʠ ʚʽʜʩʪʘʥʴ ʤʽʞ ʩʪʘʨʠʤ ʽ ʥʦʚʠʤ 
ʮʝʥʪʨʦʾʜʦʤ ʥʝ ʩʪʘʥʝ ʤʝʥʰʦʶ ʧʝʚʥʦʛʦ ʧʦʨʦʛʫ. ɯʥʰʠʤʠ ʢʨʠʪʝʨʽʷʤʠ ʱʝ ʤʦʞʝ 

ʙʫʪʠ ʤʘʢʩʠʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʽʪʝʨʘʮʽʡ ʘʙʦ ʟʥʘʯʝʥʥʷ ʽʥʝʨʮʽʾ (ʘʥʛʣ. çinertiaè) ï 

ʢʨʠʪʝʨʽʶ, ʷʢʠʡ ʜʦʨʽʚʥʶʻ ʩʫʤ̔ ʢʚʘʜʨʘʪʽʚ ʚʽʜʩʪʘʥʝʡ ʤʽʞ ʦʙ'ʻʢʪʘʤʠ ʪʘ ʮʝʥʪʨʦ-
ʾʜʦʤ ʾʭʥʴʦʛʦ ʢʣʘʩʪʝʨʘ. ʇʨʠʢʣʘʜ ʨʝʘʣʽʟʘʮʽʾ ʮʴʦʛʦ ʤʝʪʦʜʫ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 2.2. 
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ʈʠʩ. 2.2 ɽʪʘʧʠ ʤʝʪʦʜʫ ʢʣʘʩʪʝʨʠʟʘʮʽʾ kmeans 

 

ɼʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʝʪʦʜʫ ʩʣʽʜ ʟʘʜʘʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʪʝʨʽʚ. ɸʣʝ ʷʢ ʾʾ 

ʫʟʥʘʪʠ? ɼʣʷ ʮʴʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʨʷʜ ʧʽʜʭʦʜʽʚ ʽ ʤʝʪʨʠʢ (ʚ ʙʽʙʣʽʦʪʝʮʽ 
Sklearn ʾʭ ʙʽʣʷ 20). ʅʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʠʤ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʨʠʪʝʨʽʶ ʩʽʣʫʝʪʫ 

(ʘʥʛʣ. çSilhouette scoreè ï sklearn.metrics.silhouette_score). ɺʽʥ ʻ ʤʽʨʦʶ ʪʦʛʦ, 

ʥʘʩʢʽʣʴʢʠ ʪʦʯʢʠ ʚ ʤʝʞʘʭ ʦʜʥʦʛʦ ʢʣʘʩʪʝʨʘ ʻ ʩʭʦʞʠʤʠ ʤʽʞ ʩʦʙʦʶ, ʫ ʧʦʨʽʚ-

ʥʷʥʥʽ ʟ ʪʦʯʢʘʤʠ ʽʥʰʠʭ ʢʣʘʩʪʝʨʽʚ. ɿʥʘʯʝʥʥʷ ʮʴʦʛʦ ʢʨʠʪʝʨʽʶ s ʚʠʟʥʘʯʘʻʪʴʩʷ 
ʜʣʷ ʢʦʞʥʦʾ ʪʦʯʢʠ ʦʢʨʝʤʦ ʽ ʤʘʻ ʜʚʽ ʩʢʣʘʜʦʚʽ:  

ί  
 ȟ
ȟ            (2.1) 

ʜʝ a ï ʩʝʨʝʜʥʷ ʚʽʜʩʪʘʥʴ ʤʽʞ ʟʨʘʟʢʦʤ ʽ ʚʩʽʤʘ ʽʥʰʠʤʠ ʪʦʯʢʘʤʠ ʚ ʪʦʤʫ ʞ ʢʣʘʩʽ; 
b ï ʩʝʨʝʜʥʷ ʚʽʜʩʪʘʥʴ ʤʽʞ ʟʨʘʟʢʦʤ ʽ ʚʩʽʤʘ ʽʥʰʠʤʠ ʪʦʯʢʘʤʠ ʚ ʥʘʩʪʫʧʥʦʤʫ ʥʘʡ-

ʙʣʠʞʯʦʤʫ ʢʣʘʩʪʝʨʽ.  

ʄʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʮʴʦʛʦ ʢʨʠʪʝʨʽʶ ʚʽʜʧʦʚʽʜʘʻ ʦʧʪʠʤʘʣʴʥʽʡ ʢʽʣʴ-

ʢʦʩʪʽ ʢʣʘʩʪʝʨʽʚ.  
ʗʢʱʦ ʙʘʟʦʚʽ ʤʽʪʢʠ ʽʩʪʠʥʥʦʩʪʽ ï ʥʝʚʽʜʦʤʽ, ʪʦʜʽ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ, 

ʥʘʧʨʠʢʣʘʜ, ʦʜʠʥ ʽʟ ʜʚʦʭ ʽʥʜʝʢʩʽʚ (ʮʽ ʪʘ ʽʥʰʽ ʽʥʜʝʢʩʠ ʙʽʣʴʰʝ ʜʝʪʘʣʴʥʦ ʦʧʠʩʘʥʽ 

ʫ ʜʦʢʫʤʝʥʪʘʮʽʾ ʙʽʙʣʽʦʪʝʢʠ Sklearn ɦ ʦʜʦ ʦʮʽʥʢʠ ʝʬʝʢʪʠʚʥʦʩʪʽ ʢʣʘʩʪʝʨʠʟʘʮʽʾ): 
- ɯʥʜʝʢʩ ʂʘʣʽʥʩʢʽ-ʍʘʨʘʙʘʩʘ (sklearn.metrics.calinski_harabasz_score) 

ʘʙʦ ʡʦʛʦ ʱʝ ʥʘʟʠʚʘʶʪʴ ʢʨʠʪʝʨʽʻʤ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʜʠʩʧʝʨʩʽʡ. ɺʠʱʠʡ ʙʘʣ ʂʘ-

ʣʽʥʩʢʽ-ʍʘʨʘʙʘʩʘ ʦʟʥʘʯʘʻ ʢʨʘʱʝ ʚʠʦʢʨʝʤʣʝʥʽ ʢʣʘʩʪʝʨʠ. ʎʝʡ ʽʥʜʝʢʩ ð ʮʝ ʚʽʜ-

ʥʦʰʝʥʥʷ ʩʫʤʠ ʜʠʩʧʝʨʩʽʾ ʤʽʞ ʢʣʘʩʪʝʨʘʤʠ ʪʘ ʜʠʩʧʝʨʩʽʾ ʚʩʝʨʝʜʠʥʽ ʢʣʘʩʪʝʨʽʚ 
ʜʣ̫ ʚʩʽʭ ʢʣʘʩʪʝʨʽʚ; 

https://scikit-learn.org/stable/modules/classes.html#module-sklearn.metrics.cluster
https://scikit-learn.org/stable/modules/classes.html#module-sklearn.metrics.cluster
https://scikit-learn.org/stable/modules/clustering.html?highlight=clustering#clustering-performance-evaluation
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- ɯʥʜʝʢʩ ɼʝʚʽʩʘ-ɹʦʣʜʽʥʘ (sklearn.metrics.davies_bouldin_score). ʅʠʞʯʠʡ 

ʽʥʜʝʢʩ ɼʝʚʽʩʘ-ɹʦʣʜʽʥʘ ʦʟʥʘʯʘʻ ʢʨʘʱʝ ʨʦʟʜʽʣʝʥʥʷ ʤʽʞ ʢʣʘʩʪʝʨʘʤʠ. ʎʝʡ ʽʥʜʝʢʩ 

ʦʟʥʘʯʘʻ ʩʝʨʝʜʥʶ çʧʦʜʽʙʥʽʩʪʴè ʤʽʞ ʢʣʘʩʪʝʨʘʤʠ, ʜʝ ʧʦʜʽʙʥʽʩʪʴ ʻ ʤʽʨʦʶ, ʷʢʘ 
ʧʦʨʽʚʥʶʻ ʚʽʜʩʪʘʥʴ ʤʽʞ ʢʣʘʩʪʝʨʘʤʠ ʟ ʨʦʟʤʽʨʦʤ ʩʘʤʠʭ ʢʣʘʩʪʝʨʽʚ. ʅʫʣʴ ï ʮʝ 

ʥʘʡʤʝʥʰʠʡ ʤʦʞʣʠʚʠʡ ʙʘʣ. ɿʥʘʯʝʥʥʷ, ʙʣʠʞʯʽ ʜʦ ʥʫʣʷ, ʦʟʥʘʯʘʶʪʴ ʢʨʘʱʠʡ 

ʨʦʟʧʦʜʽʣ. 

- ʊʘʢʦʞ, ʧʦʧʫʣʷʨʥʠʤʠ ʻ ʤʝʪʨʠʢʠ çAdjusted Rand Indexè (ARI), 
çAdjusted Mutual Informationè (AMI)  ʪʦʱʦ [7]. 

ʅʘ ʨʠʩ. 2.3 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʘʥʘʣʽʟʫ ʯʫʪʣʠʚʦʩʪʽ ʧʘʮʽʻʥʪʽʚ ʜʦ ʨʽʟʥʠʭ 

ʘʣʝʨʛʝʥʽʚ ʟʘ ʨʝʘʣʴʥʠʤʠ ʜʘʥʠʤʠ ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʘ. ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 
2.3ʘ, ʦʧʪʠʤʘʣʴʥʦʶ ʢʽʣʴʢʽʩʪʶ ʢʣʘʩʪʝʨʽʚ ʻ 4. ɯ ʥʘ ʨʠʩ. 2.3ʙ ʚʠʜʥʦ, ʱʦ ʢʣʘʩʪʝ-

ʨʠʟʘʮʽʷ ʻ ʟʘʜʦʚʽʣʴʥʦʶ. 

 

   
ʘ)               ʙ) 

ʈʠʩʫʥʦʢ 2.3 ï ɯʣʶʩʪʨʘʮʽʷ ʚʠʙʦʨʫ ʦʧʪʠʤʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʪʝʨʽʚ ʫ ʤʝʪʦʜʽ 

Kmeans ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ Silhouette-ʢʨʠʪʝʨʽʶ ʜʣʷ ʘʥʘʣʽʟʫ ʯʫʪʣʠʚʦʩʪʽ ʧʘʮʽʻ-

ʥʪʽʚ ʜʦ ʨʽʟʥʠʭ ʘʣʝʨʛʝʥʽʚ ʟʘ ʨʝʘʣʴʥʠʤʠ ʜʘʥʠʤʠ ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʘ: ʘ) 
ʢʨʠʚʘ Silhouette-ʢʨʠʪʝʨʽʶ, ʚ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʪʝʨʽʚ; ʙ) ʨʝʟʫʣʴ-

ʪʘʪ ʟʘʩʪʦʩʫʚʘʥʥʷ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʤʝʪʦʜʦʤ Kmeans ʟ 4-ʤʘ ʢʣʘʩʪʝʨʘʤʠ  

 

ʉʫʯʘʩʥʘ ʚʝʨʩʽʷ ʤʝʪʦʜʫ Kmeans, ʨʝʘʣʽʟʦʚʘʥʦʛʦ ʫ ʙʽʙʣʽʦʪʝʮʽ Sklearn, ʚʠ-
ʢʦʨʠʩʪʦʚʫʻ ʫʜʦʩʢʦʥʘʣʝʥʠʡ ʤʝʪʦʜ, ʷʢʠʡ ʤʘʻ ʥʘʟʚʫ çKmeans++è. ʁʦʛʦ ʦʩʥʦ-

ʚʥʽ ʚʽʜʤʽʥʥʦʩʪʽ ʥʘʩʪʫʧʥʽ: 1) ʟʘʤʽʩʪʴ ʚʽʜʩʪʘʥʽ ʤʽʞ ʪʦʯʢʦʶ ʽ ʮʝʥʪʨʦʾʜʦʤ ʚʠʟʥʘ-

ʯʘʻʪʴʩʷ ʢʚʘʜʨʘʪ ʮʽʻʾ ʚʽʜʩʪʘʥʽ; 2) ʩʧʝʨʰʫ ʚʠʙʠʨʘʻʪʴʩʷ ʪʽʣʴʢʠ ʧʝʨʰʠʡ ʮʝʥʪ-
ʨʦʾʜ, ʘ ʢʦʞʥʠʡ ʥʘʩʪʫʧʥʠʡ ï ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʡʤʦʚʽʨʥʦʩʪʽ ʙʫʪʠ ʦʙʨʘʥʠʤ ʷʢ 

ʮʝʥʪʨʦʾʜ, ʧʨʦʧʦʨʮʽʡʥʦ ʢʚʘʜʨʘʪʫ ʚʽʜʩʪʘʥʽ ʚʽʜ ʪʦʯʢʠ ʜʦ ʥʘʡʙʣʠʞʯʦʛʦ ʚʞʝ ʦʙ-

ʨʘʥʦʛʦ ʮʝʥʪʨʦʾʜʘ; 3) ʢʨʠʪʝʨʽʻʤ ʤʝʪʦʜʫ ʻ ʤʽʥʽʤʽʟʘʮʽʷ ʟʛʘʜʘʥʦʾ ʚʠʱʝ ʽʥʝʨʮʽʾ. 

KMeans ʻ ʜʫʞʝ ʚʠʪʨʘʪʥʠʤ ʚ ʦʙʯʠʩʣʶʚʘʣʴʥʦʤʫ ʧʣʘʥʽ ʽ ʚʠʤʘʛʘʻ ʜʫʞʝ 
ʙʘʛʘʪʦ ʧʘʤ'ʷʪʽ. ɼʣʷ ʚʝʣʠʢʠʭ ʜʘʥʠʭ ʘʙʦ ʟʘ ʦʙʤʝʞʝʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʨʝʩʫ-

ʨʩʽʚ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʽʥʰʠʡ ʚʘʨʽʘʥʪ ʮʴʦʛʦ ʤʝʪʦʜʫ ï MiniBatch. ʆʩʥʦʚʥʘ ʽʜʝʷ 

ʮʴʦʛʦ ʤʝʪʦʜʫ ʚ ʪʦʤʫ, ʱʦʙ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʤʝʪʦʜ KMeans ʥʝ ʜʦ ʫʩʽʭ ʜʘʥʠʭ, ʘ 
ʪʽʣʴʢʠ ï ʜʣʷ ʾʭ ʧʝʚʥʦʾ ʚʠʧʘʜʢʦʚʦʾ ʚʠʙʽʨʢʠ. ʎʝʥʪʨʦʾʜʠ ʦʥʦʚʣʶʶʪʴʩʷ ʧʽʩʣʷ ʢʦ-

https://www.kaggle.com/code/vbmokin/fungi300-research
https://www.kaggle.com/code/vbmokin/fungi300-research
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ʞʥʦʾ ʪʘʢʦʾ ʤʽʥʽ-ʧʘʨʪʽʾ. ʎʽʢʘʚʦ, ʱʦ ʮʝʡ ʤʝʪʦʜ ʤʦʞʝ ʜʘʚʘʪʠ, ʽʥʦʜʽ ʥʝ ʛʽʨʰʽ ʨʝ-

ʟʫʣʴʪʘʪʠ, ʥʽʞ ʤʝʪʦʜ KMeans ʥʘ ʫʩʽʭ ʜʘʥʠʭ, ʘʣʝ ʟʘ ʟʥʘʯʥʦ ʤʝʥʰʠʡ ʯʘʩ ʽ ʤʦʞʝ 

ʙʫʪʠ ʝʬʝʢʪʠʚʥʠʤ ʽ ʜʣʷ ʚʽʜʥʦʩʥʦ ʤʘʣʦʾ ʢʽʣʴʢʦʩʪʽ ʜʘʥʠʭ. 
ɼʣʷ ʧʽʜʚʠʱʝʥʥʷ ʰʚʠʜʢʦʜʽʾ ʤʝʪʦʜʫ ʨʝʢʦʤʝʥʜʦʚʘʥʦ ʟʜʽʡʩʥʶʚʘʪʠ ʧʝʨʝ-

ʜʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʝʪʦʜʫ ʘʥʘʣʽʟʫ ʛʦʣʦʚʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ 

(ʘʥʛʣ. çPrinciple Components Analysisè ï PCA). 

ɭ ʚʘʨʽʘʥʪ tslearn.clustering.TimeSeriesKMeans ï ʚʘʨʽʘʮʽʷ ʤʝʪʦʜʫ 
Kmeans ʜʣʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ ʽʟ ʙʽʙʣʽʦʪʝʢʠ tslearn. ʋ ʥʦʫʪʙʫʢʫ ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ 

ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʮʠʤ ʤʝʪʦʜʦʤ ʯʘʩʦʚʠʭ ʨʷʜʽʚ ʢʫʨʩʫ ʙʽʣʷ 80 ʢʨʠʧʪʦʚʘʣʶʪ ʟ ʙʽʣʴʰ 

ʷʢ ʤʽʣʴʷʨʜʥʦʶ ʢʘʧʽʪʘʣʽʟʘʮʽʻʶ (ʫ ʜʦʣ. ʉʐɸ) ʩʪʘʥʦʤ ʥʘ ʢʚʽʪʝʥʴ 2022 ʨ. 
2. ʄʝʪʦʜ DBSCAN (ʘʥʛʣ. çDensity-Based Spatial Clustering of 

Applications with Noiseè) ï ʢʣʘʩʪʝʨʠʟʘʮʽʷ ʥʘ ʦʩʥʦʚʽ ʛʫʩʪʠʥʠ ʜʘʥʠʭ ʟʘ ʫʤʦʚ 

ʟʘʰʫʤʣʝʥʦʩʪʽ. ʂʦʞʥʘ ʪʦʯʢʘ ʤʦʞʝ ʙʫʪʠ ʮʝʥʪʨʦʾʜʦʤ ʢʣʘʩʪʝʨʘ (çʦʩʥʦʚʥʦʶè 

ʪʦʯʢʦʶ), ʷʢʱʦ ʚ ʧʝʚʥʦʤʫ ʨʘʜʽʫʩʽ ʚʽʜ ʥʝʾ ʤʽʩʪʠʪʴʩʷ ʟʘʜʘʥʘ ʤʽʥʽʤʘʣʴʥʘ ʢʽʣʴ-
ʢʽʩʪʴ ʪʦʯʦʢ (ʨʠʩ. 2.4). ɸʣʛʦʨʠʪʤ ʥʝ ʟʘʚʞʜʠ ʜʘʻ ʨʝʟʫʣʴʪʘʪ ï ʪʨʝʙʘ ʧʽʜʙʠʨʘʪʠ 

ʧʘʨʘʤʝʪʨʠ. ʎʽʥʥʠʤ ʻ ʪʝ, ʱʦ ʤʝʪʦʜ ʜʦʟʚʦʣʷʻ ʬʽʣʴʪʨʫʚʘʪʠ ʰʫʤ (ʘʥʦʤʘʣʽʾ) ʪʘ 

ʩʘʤʦʩʪʽʡʥʦ ʚʠʟʥʘʯʘʻ ʦʧʪʠʤʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʪʝʨʽʚ. 
 

 
ʈʠʩʫʥʦʢ 2.4 ï ʈʦʙʦʪʘ ʤʝʪʦʜʫ DBSCAN (gif-ʬʘʡʣ ʟ ʽʣʶʩʪʨʘʮʽʻʶ ʫʩʽʭ ʽʪʝʨʘ-

ʮʽʡ ʧʨʦʮʝʩʫ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʚ ʜʠʥʘʤʽʮʽ ʜʦʩʪʫʧʥʠʡ ʥʘ ʩʘʡʪʽ) 

 
3. ʄʝʪʦʜʠ ̔ ʻʨʘʨʭʽʯʥʦʾ ʢʣʘʩʪʝʨʠʟʘʮʽʾ. ʅʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʠʤ ̔ ʟ ʮʠʭ ʤʝ-

ʪʦʜʽʚ ʻ ʤʝʪʦʜ ʘʛʣʦʤʝʨʘʪʠʚʥʦ ʾʢʣʘʩʪʝʨʠʟʘʮʽ ʾ(ʘʥʛʣ. çAgglomerative cluster-

ingè): ʨʦʟʧʦʯʠʥʘʻ ʟ ʦʢʨʝʤʠʭ ʦʙ'ʻʢʪʽʚ ʽ ʧʦʩʣʽʜʦʚʥʦ ʽʪʝʨʘʮʽʡʥʦ ʧʦʧʘʨʥʦ ʦʙ'ʻʜ-
ʥʫʻ ʾʭ ʫ ʢʣʘʩʪʝʨʠ, ʟʘʣʝʞʥʦ ʚʽʜ ʩʧʦʩʦʙʫ ʘʛʨʝʛʫʚʘʥʥʷ (ʟʘ ʥʘʡʤʝʥʰʦʶ, ʟʘ ʥʘʡ-

ʙʽʣʴʰʦʶ, ʟʘ ʩʝʨʝʜʥʴʦʶ ʚʽʜʩʪʘʥʥʶ ʤʽʞ ʥʠʤʠ ʯʠ ʽʥ.). ʅʝ ʧʦʪʨʝʙʫʻ ʢʽʣʴʢʦʩʪʽ 

ʢʣʘʩʪʝʨʽʚ. ʇʽʩʣʷ ʬʦʨʤʫʚʘʥʥʷ ʽʻʨʘʨʭʽʯʥʦʛʦ ʜʝʨʝʚʘ ʧʘʨ ʪʦʯʦʢ ʩʣʽʜ ʟʘʜʘʪʠ ʨʽ-

ʚʝʥʴ ʟʨʽʟʫ ʽ ʤʝʪʦʜ ʦʜʨʘʟʫ ʧʦʚʝʨʥʝ ʢʣʘʩʪʝʨʠ, ʷʢʽ ʙʫʜʫʪʴ ʚʽʜʧʦʚʽʜʘʪʠ ʮʴʦʤʫ 
ʨʽʚʥʶ (ʨʠʩ. 2.5). 

https://www.kaggle.com/code/vbmokin/cryptocurrencies-1b-time-series-clustering
https://primo.ai/index.php?title=Density-Based_Spatial_Clustering_of_Applications_with_Noise_%28DBSCAN%29
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ʈʠʩʫʥʦʢ 2.5 ʄʝʪʦʜ ʘʛʣʦʤʝʨʘʪʠʚʥʦʾ ʢʣʘʩʪʝʨʠʟʘʮʽʾ  

 

4. ʄʝʪʦʜʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʽ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ çUMAPè (ʘʥʛʣ. 

çUniform Manifold Approximation and Projectionè) ʽ t-SNE (çt-Distributed 
Stochastic Neighbor Embeddingè). ʄʝʪʦʶ ʦʙʦʭ ʤʝʪʦʜʽʚ ʻ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨ-

ʥʦʩʪʽ ʜʘʥʠʭ, ʟʙʝʨʽʛʘʶʯʠ ʧʨʠ ʮʴʦʤʫ ʚʘʞʣʠʚʽ ʣʦʢʘʣʴʥʽ ʩʪʨʫʢʪʫʨʠ ʪʘ ʟʘʣʝʞʥʦ-

ʩʪʽ ʤʽʞ ʜʘʥʠʤʠ. UMAP ʚʠʢʦʨʠʩʪʦʚʫʻ ʚʽʜʩʪʘʥʽ ʥʘ ʥʠʟʴʢʦʨʦʟʤʽʨʥʦʤʫ ʧʨʦʩʪʦʨʽ 

ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ʧʦʜʽʙʥʦʩʪ ̔ʤʽʞ ʪʦʯʢʘʤʠ, ʪʦʜʽ ʷʢ t-SNE ʚʠʢʦʨʠʩʪʦʚʫʻ ʡʤʦ-
ʚʽʨʥʦʩʪʽ ʥʘʷʚʥʦʩʪʽ ʮʽʻʾ ʧʦʜʽʙʥʦʩʪʽ. 

ʗʩʢʨʘʚʦʶ ʜʝʤʦʥʩʪʨʘʮʽʻʶ ʤʦʞʣʠʚʦʩʪʝʡ ʤʝʪʦʜʽʚ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʽ ʟʤʝʥ-

ʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ çUMAPè, çT-SNEè ʪʘ çPCAè ̒ ʩʝʨʚʽʩ çEmbedding Pro-
jectorè ʜʣʷ ʽʥʪʝʨʘʢʪʠʚʥʦʾ ʚʽʟʫʘʣʽʟʘʮʽʾ ʨʦʙʦʪʠ ʮʠʭ ʤʝʪʦʜʽʚ ʥʘ ʪʠʧʦʚʠʭ ʜʘʪʘʩʝ-

ʪʘʭ ʪʘ ʥʘ ʜʘʪʘʩʝʪʘʭ ʢʦʨʠʩʪʫʚʘʯʘ. 

ɸʣʝ ʮʝ ʤʦʞʥʘ ʨʦʙʠʪʠ ʡ ʧʨʦʛʨʘʤʥʦ. ʇʨʠʢʣʘʜʠ ʥʘʚʝʜʝʥʦ ʚ ʘʚʪʦʨʩʴʢʠʭ 

ʥʦʫʪʙʫʢʘʭ çMNIST Digits Original : 2D t-SNE with Rapidsè, çMNIST Original 
: 2D tSNE, 3D UMAP with RAPIDSè, ʥʘʧʨʠʢʣʘʜ, ʪʘʤ ʻ 3D-ʧʦʜʘʥʥʷ ʨʝʟʫʣʴʪʘ-

ʪʽʚ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʫ UMAP (ʨʠʩ. 2.6). 

https://umap-learn.readthedocs.io/en/latest/clustering.html
https://projector.tensorflow.org/
https://projector.tensorflow.org/
https://www.kaggle.com/code/vbmokin/mnist-digits-original-2d-t-sne-with-rapids/notebook
https://www.kaggle.com/code/vbmokin/mnist-original-2d-tsne-3d-umap-with-rapids
https://www.kaggle.com/code/vbmokin/mnist-original-2d-tsne-3d-umap-with-rapids
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ʈʠʩʫʥʦʢ 2.6 ʈʝʟʫʣʴʪʘʪ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʫ ʢʣʘʩʪʝʨʠʟʘʮʽʾ UMAP ʜʦ ʜʘʪʘ-

ʩʝʪʫ ʨʫʢʦʧʠʩʥʠʭ ʘʨʘʙʩʴʢʠʭ ʮʠʬʨ MNIST ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ  
 

ɹʽʙʣʽʦʪʝʢʘ Sklearn ʤ̔ ʩʪʠʪʴ ʛʘʨʥʫ ʧʦʨʽʚʥʷʣʴʥʫ ʪʘʙʣʠʮʶ ʨʽʟʥʠʭ ʤʝʪʦʜʽʚ 

ʢʣʘʩʪʝʨʠʟʘʮʽʾ. ʋ ʪʘʙʣ. 2.1 ʥʘʚʝʜʝʥʦ ʦʩʥʦʚʥʫ ʽʥʬʦʨʤʘʮʽʶ ʟ ʥʝʾ. 

 
ʊʘʙʣʠʮʷ 2.1 ï ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ ʜʝʷʢʠʭ ʤʝʪʦʜʽʚ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʟ ʜʦʢʫʤʝʥʪʘʮʽʾ 

 

ʅʘʟʚʘ ʤʝʪʦʜʫ ʇʘʨʘʤʝʪʨʠ 
ʈʦʟʤʽʨ 

ʜʘʪʘʩʝʪʫ 

ʂʽʣʴ-

ʢʽʩʪʴ 

ʢʣʘʩʪʝ-

ʨʽʚ 

ɻʝʦʤʝʪʨʽʷ 

(ʤʝʪʨʠʢʘ) 
ʆʩʦʙʣʠʚʦʩʪʽ 

K-Means, 

MiniBatch 

ʂʽʣʴʢʽʩʪʴ 

ʢʣʘʩʪʝʨʽʚ 

ɼʫʞʝ ʚʝ-

ʣʠʢʠʡ 

(ʧʝʨʝʚʘʛʘ 

Mini-

Batch) 

ʉʝʨʝʜʥʷ 

ɺʽʜʩʪʘʥʽ 

ʤʽʞ ʪʦʯ-

ʢʘʤʠ 

ʨʽʚʥʦʤʽʨʥʠʡ ʨʦʟ-

ʤʽʨ ʢʣʘʩʪʝʨʘ, 

ʧʣʦʩʢʘ ʛʝʦʤʝʪ-

ʨʽʷ, ʽʥʜʫʢʪʠʚʥʠʡ 

ʤʝʪʦʜ 

Mean-shift 

ʇʨʦʧʫʩʢʥʘ 

ʟʜʘʪʥʽʩʪʴ, ʥʝ 

ʧʦʪʨʝʙʫʻ ʢʽ-

ʣʴʢʦʩʪʽ ʢʣʘʩ-

ʪʝʨʽʚ 

ʅʝ ʜʫʞʝ 

ʚʝʣʠʢʠʡ 
ɺʝʣʠʢʘ 

ɺʽʜʩʪʘʥʽ 

ʤʽʞ ʪʦʯ-

ʢʘʤʠ 

ʥʝʨʽʚʥʦʤʽʨʥʠʡ 

ʨʦʟʤʽʨ ʢʣʘʩʪʝʨʘ, 

ʥʝʧʣʦʩʢʘ ʛʝʦʤʝʪ-

ʨʽʷ, ʽʥʜʫʢʪʠʚʥʠʡ 

ʤʝʪʦʜ 

Spectral 

clustering 

ʂʽʣʴʢʽʩʪʴ 

ʢʣʘʩʪʝʨʽʚ 
ʉʝʨʝʜʥʽʡ ʄʘʣʘ 

ɺʽʜʩʪʘʥʴ 

ʛʨʘʬʽʢʘ 

(ʥʘʧʨʠ-

ʢʣʘʜ, ʛʨʘ-

ʬʽʢ ʥʘʡ-

ʙʣʠʞʯʦʛʦ 

ʩʫʩʽʜʘ) 

ʆʜʥʘʢʦʚʽ ʨʦʟ-

ʤʽʨʠ ʢʣʘʩʪʝʨʽʚ, 

ʥʝʧʣʦʩʢʘ ʛʝʦʤʝʪ-

ʨʽʷ, ʪʨʘʥʩʜʫʢʪʠ-

ʚʥʽʩʪʴ 

https://www.kaggle.com/code/vbmokin/mnist-original-2d-tsne-3d-umap-with-rapids
https://scikit-learn.org/stable/modules/clustering.html#overview-of-clustering-methods
https://scikit-learn.org/stable/modules/clustering.html#overview-of-clustering-methods
https://scikit-learn.org/stable/modules/clustering.html#k-means
https://scikit-learn.org/stable/modules/clustering.html#k-means
https://scikit-learn.org/stable/modules/clustering.html#mean-shift
https://scikit-learn.org/stable/modules/clustering.html#spectral-clustering
https://scikit-learn.org/stable/modules/clustering.html#spectral-clustering
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Ward 

hierarchical 

clustering 

ʂʽʣʴʢʽʩʪʴ 

ʢʣʘʩʪʝʨʽʚ 

ʘʙʦ ʧʦʨʽʛ ʚʽ-

ʜʩʪʘʥʽ 

ɺʝʣʠʢʠʡ ɺʝʣʠʢʘ 

ɺʽʜʩʪʘʥʽ 

ʤʽʞ ʪʦʯ-

ʢʘʤʠ 

ʄʦʞʣʠʚʝ ʦʙʤʝ-

ʞʝʥʥʷ ʟʚôʷʟʥʦ-

ʩʪʽ, ʪʨʘʥʩʜʫʢʪʠ-

ʚʥʽ 

Agglomerative 

clustering 

ʂʽʣʴʢʽʩʪʴ 

ʢʣʘʩʪʝʨʽʚ 

ʘʙʦ ʧʦʨʦʛʦʚʝ 

ʟʥʘʯʝʥʥʷ ʚʽ-

ʜʩʪʘʥʽ, ʪʠʧ 

ʟʚôʷʟʢʫ, ʚʽʜʩ-

ʪʘʥʴ 

ɺʝʣʠʢʠʡ ɺʝʣʠʢʘ 

ɹʫʜʴ-ʷʢʘ 

ʧʦʧʘʨʥʘ ʚʽ-

ʜʩʪʘʥʴ 

ʄʦʞʣʠʚʝ ʦʙʤʝ-

ʞʝʥʥʷ ʟʚôʷʟʥʦ-

ʩʪʽ, ʥʝʝʚʢʣʽʜʦʚʽ 

ʚʽʜʩʪʘʥʽ, ʪʨʘʥʩ-

ʜʫʢʪʠʚʥʽ 

DBSCAN 

ʂʽʣʴʢʽʩʪʴ ʩʫ-

ʩʽʜʥʽʭ ʪʦʯʦʢ 

ɼʫʞʝ ʚʝ-

ʣʠʢʠʡ 
ʉʝʨʝʜʥʷ 

ɺʽʜʩʪʘʥʽ 

ʤʽʞ ʥʘʡ-

ʙʣʠʞʯʠʤʠ 

ʪʦʯʢʘʤʠ 

ʅʝʧʣʦʩʢʘ ʛʝʦʤʝ-

ʪʨʽʷ, ʥʝʨʽʚʥʦʤʽ-

ʨʥʽ ʨʦʟʤʽʨʠ ʢʣʘʩ-

ʪʝʨʽʚ, ʚʠʜʘʣʝʥʥʷ 

ʚʠʢʠʜʽʚ, ʪʨʘʥʩ-

ʜʫʢʪʠʚʥʽʩʪʴ 

BIRCH 

ʂʦʝʬʽʮʽʻʥʪ 

ʨʦʟʛʘʣʫ-

ʞʝʥʥʷ, ʧʦʨʽʛ, 

ʥʝʦʙʦʚ'ʷʟʢʦ-

ʚʠʡ ʛʣʦʙʘʣʴ-

ʥʠʡ ʢʣʘʩʪʝ-

ʨʠʟʘʪʦʨ 

ɺʝʣʠʢʠʡ ɺʝʣʠʢʘ 

ɽʚʢʣʽʜʦʚʘ 

ʚʽʜʩʪʘʥʴ 

ʤʽʞ ʪʦʯ-

ʢʘʤʠ 

ɺʠʜʘʣʝʥʥʷ ʚʠʢʠ-

ʜʽʚ, ʟʤʝʥʰʝʥʥʷ 

ʜʘʥʠʭ, ʽʥʜʫʢʪʠʚ-

ʥʠʡ 

 
ʋ ʥʦʫʪʙʫʢʫ çTitanic Top 3% : cluster analysisè ʦʜʥʠʤ ʽʟ ʘʚʪʦʨʽʚ ʟʜʽʡʩ-

ʥʝʥʘ ʢʣʘʩʪʝʨʠʟʘʮʽʷ ʧʘʩʘʞʠʨʽʚ çʊʠʪʘʥʽʢʘè 11-ʤʘ ʤʝʪʦʜʘʤʠ ʪʘ ʟʜʽʡʩʥʝʥʦ ʾʭ 

ʧʦʨʽʚʥʷʥʥʷ ʟ ̔ʟʥʘʯʝʥʥʷʤʠ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ (ʚʠʞʠʚ ʧʘʩʘʞʠʨ ʯʠ ʥʽ) (ʨʠʩ. 2.7). 

 

https://scikit-learn.org/stable/modules/clustering.html#hierarchical-clustering
https://scikit-learn.org/stable/modules/clustering.html#hierarchical-clustering
https://scikit-learn.org/stable/modules/clustering.html#hierarchical-clustering
https://scikit-learn.org/stable/modules/clustering.html#hierarchical-clustering
https://scikit-learn.org/stable/modules/clustering.html#hierarchical-clustering
https://scikit-learn.org/stable/modules/clustering.html#dbscan
https://scikit-learn.org/stable/modules/clustering.html#birch
https://www.kaggle.com/code/vbmokin/titanic-top-3-cluster-analysis
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ʈʠʩʫʥʦʢ 2.7 ï ʂʣʘʩʪʝʨʠʟʘʮʽʷ ʧʘʩʘʞʠʨʽʚ çʊʠʪʘʥʽʢʘè 11-ʤʘ ʤʝʪʦʜʘʤʠ ʪʘ ʟʜʽʡ-

ʩʥʝʥʦ ʾʭ ʧʦʨʽʚʥʷʥʥʷ ʟʽ ʟʥʘʯʝʥʥʷʤʠ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ 

 
ʉʧʽʚʩʪʘʚʣʝʥʥʷ ʚʠʷʚʣʝʥʠʭ ʢʣʘʩʪʝʨʽʚ ʟʽ ʟʥʘʯʝʥʥʷʤ ʪʘʨʛʝʪʘ ʜʦʟʚʦʣʷʻ ʚʠ-

ʷʚʠʪʠ ʥʦʚʽ ʮʽʢʘʚʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ. ʅʦʫʪʙʫʢ çTitanic Top 3% : cluster analysisè 
ʤʽʩʪʠʪʴ ʫʥʽʚʝʨʩʘʣʴʥʫ ʬʫʥʢʮʽʶ, ʷʢʘ ʦʜʨʘʟʫ ʟʜʽʡʩʥʶʻ ʢʣʘʩʪʝʨʠʟʘʮʽʶ ʟʘʜʘʥʠʤ 
ʤʝʪʦʜʦʤ ʽʟ ʟʘʜʘʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ (ʥʦʚʽ ʤʝʪʦʜʠ ʤʦʞʥʘ ʣʝʛʢʦ ʜʦʜʘʪʠ ʚ 
clustering_algorithms). 

ɺ ʝʣʝʢʪʨʦʥʥʦʤʫ ʧʦʩʽʙʥʠʢʫ [26] ʻ ʜʝʷʢʽ ʮʽʢʘʚʽ ʜʝʪʘʣʽ ʱʦʜʦ ʤʝʪʦʜʽʚ ʢʣʘ-
ʩʪʝʨʠʟʘʮʽʾ, ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʪʘ ʧʦʰʫʢʫ ʘʩʦʮʽʘʮʽʡ, ʫ ʪ.ʯ. ʟ gif-
ʚʽʟʫʘʣʽʟʘʮʽʻʶ ʮʠʭ ʦʧʝʨʘʮʽʡ ʚ ʜʠʥʘʤʽʮʽ. 

ʅʘ ʨʠʩ. 2.8 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʽʥʩʪʨʫʤʝʥʪʘʨʽʶ, ʟʛʘʜʘʥʦʛʦ ʫ ʧʽʜʨʦʟ-
ʜʽʣʘʭ 2.1 ʪʘ 2.2 ʫ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ S(I). 
 

 
ʈʠʩʫʥʦʢ 2.8 ï ɯʥʬʦʛʨʘʬʽʢʘ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʪʘ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʜʘʥʠʭ  

https://www.kaggle.com/code/vbmokin/titanic-top-3-cluster-analysis
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2.3 ʈʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ (Exploratory  Data Analysis)  

 

ʈʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ (EDA) ï ʮʝ ʘʥʘʣʽʟ ʦʩʥʦʚʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ 
ʜʘʥʠʭ, ʟʥʘʭʦʜʞʝʥʥʷ ʚ ʥʠʭ ʟʘʛʘʣʴʥʠʭ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ, ʨʦʟʧʦʜʽʣʽʚ ʽ ʘʥʦʤʘʣʽʡ 

ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʚʽʜʥʦʩʥʦ ʧʨʦʩʪʠʭ ʤʦʜʝʣʝʡ. 

ʄʝʪʦʶ EDA ʻ ʥʘʩʪʫʧʥʝ: 

- ʤʘʢʩʠʤʘʣʴʥʝ ʚʠʚʯʝʥʥʷ ʽ çʨʦʟʫʤʽʥʥʷè ʜʘʥʠʭ; 
- ʚʠʷʚʣʝʥʥʷ ʦʩʥʦʚʥʠʭ ʩʪʨʫʢʪʫʨ ʪʘ ʩʠʩʪʝʤʘʪʠʟʘʮʽʷ ʜʘʥʠʭ; 

- ʚʠʷʚʣʝʥʥʷ ʚʽʜʭʠʣʝʥʴ ʪʘ ʘʥʦʤʘʣʽʡ (ʚʠʢʠʜʽʚ); 

- ʧʝʨʝʚʽʨʢʘ ʦʩʥʦʚʥʠʭ ʛʽʧʦʪʝʟ; 
- ʧʦʙʫʜʦʚʘ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʜʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʚʽʜʥʦʩʥʦ ʧʨʦʩʪʠʭ 

ʤʦʜʝʣʝʡ (ʨʝʛʨʝʩʽʡ, ʜʝʨʝʚ ʨʽʰʝʥʴ). 

ʄʝʪʦʜʠ EDA ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʷʢ ʜʦ ʫʩʽʭ ʜʘʥʠʭ, ʪʘʢ ʽ ʜʦ ʾʭ ʢʣʘʩʪʝʨʽʚ ʪʘ 

ʦʢʨʝʤʦ ʜʦ ʪʨʝʥʫʚʘʣʴʥʠʭ, ʚʘʣʽʜʘʮʽʡʥʠʭ ʽ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ: 
- ʘʥʘʣʽʟ ʽʤʦʚʽʨʥʽʩʥʠʭ ʨʦʟʧʦʜʽʣʽʚ ʟʤʽʥʥʠʭ; 

- ʧʦʙʫʜʦʚʘ ʡ ʘʥʘʣʽʟ ʢʦʨʝʣʷʮʽʡʥʠʭ ʤʘʪʨʠʮʴ; 

- ʬʘʢʪʦʨʥʠʡ ʘʥʘʣʽʟ; 
- ʜʠʩʢʨʠʤʽʥʘʥʪʥʠʡ ʘʥʘʣʽʟ; 

- ʙʘʛʘʪʦʚʠʤʽʨʥʝ ʰʢʘʣʶʚʘʥʥʷ ʪʘ ʽʥ. 

ɿʘʣʝʞʥʦ ʚʽʜ ʦʩʦʙʣʠʚʦʩʪʝʡ ʟʘʜʘʯʽ ʪʘ ʨʝʟʫʣʴʪʘʪʽʚ ʜʦʩʣʽʜʞʝʥʥʷ, EDA 

ʤʦʞʝ ʤʽʩʪʠʪʠ ʥʘʩʪʫʧʥʽ ʝʪʘʧʠ (ʷʢʱʦ ʥʝ ʟʘʟʥʘʯʝʥʝ ʽʥʰʝ, ʪʦ ʤʘʻʪʴʩʷ ʥʘ ʫʚʘʟʽ 
ʪʘʙʣʠʮʷ ʜʘʥʠʭ): 

1. ʇʽʜʨʘʭʫʥʦʢ ʢʽʣʴʢʽʩʥʠʭ ʧʦʢʘʟʥʠʢʽʚ ʫ ʜʘʪʘʩʝʪʽ ʪʘ, ʟʘ ʥʘʷʚʥʦʩʪʽ, ï ʚ 

ʡʦʛʦ ʪʨʝʥʫʚʘʣʴʥʽʡ, ʚʘʣʽʜʘʮʽʡʥʽʡ ʪʘ ʪʝʩʪʦʚʽʡ ʩʢʣʘʜʦʚʠʭ (ʱʦʜʦ ʚʠʷʚʣʝʥʥʷ ʪʘ 
ʫʩʫʥʝʥʥʷ ʪʘʢʠʭ ʧʨʦʙʣʝʤ ʜʠʚ. ʧʽʜʨʦʟʜ. 2.1): 

- ʢʽʣʴʢʽʩʪʴ ʨʷʜʢʽʚ ʽ ʩʪʦʚʧʮʽʚ ʫʩʴʦʛʦ ʪʘ ʢʽʣʴʢʦʩʪʽ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ ʫ 

ʢʦʞʥʦʤʫ ʩʪʦʚʧʮʽ (ʜʠʚ. ʧʦʨʘʜʫ çTip 4.3è ʚ [10]); 

- ʚʠʷʚʣʝʥʥʷ ʨʷʜʢʽʚ, ʜʝ ʻ ʟʥʘʯʥʠʡ ʚʽʜʩʦʪʦʢ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ ʫ ʨʽʟ-
ʥʠʭ ʦʟʥʘʢʘʭ ʪʘ, ʤʦʞʣʠʚʦ, ʚʠʜʘʣʝʥʥʷ ʪʘʢʠʭ ʨʷʜʢʽʚ ʯʠ ʟʘʧʦʚʥʝʥʥʷ ʮʠʭ ʧʨʦʧʫ-

ʱʝʥʠʭ ʟʥʘʯʝʥʴ; 

- ʬʦʨʤʘʪ ʽ ʧʨʠʢʣʘʜʠ ʟʥʘʯʝʥʴ ʫ ʢʦʞʥʦʤʫ ʩʪʦʚʧʮʽ ï ʜʠʚ. ʧʦʨʘʜʫ çTip 5.2è 
ʚ [11]; 

2. ʇʦʙʫʜʦʚʘ ʨʽʟʥʠʭ ʛʨʘʬʽʢʽʚ ʜʣʷ ʘʥʘʣʽʟʫ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʱʦʜʦ ʟʥʘ-

ʯʝʥʴ ʢʦʞʥʦʾ ʦʟʥʘʢʠ (feature) ʪʘ ʾʭ ʢʦʤʙʽʥʘʮʽʡ ʪʘ ʽʥ. (ʙʽʙʣʽʦʪʝʢʠ matplotlib, 

seaborn ʪʘ ʽʥ. ï ʥʘʧʨʠʢʣʘʜ, ʜʠʚ. ʥʦʫʪʙʫʢʠ [Plotting with pandas, matplotlib, and 
seaborn, Data-Visualization-Using-MATPLOTLIB -SEABORN-PLOTLY, 

Visualization Matplotlib vs Seaborn]).  

3. ʇʦʙʫʜʦʚʘ ʦʧʠʩʦʚʦʾ ʩʪʘʪʠʩʪʠʢʠ: ʧʦ ʢʦʞʥʽʡ ʦʟʥʘʮʽ (feature) ʘʥʘʣʽʟʫ-

ʶʪʴʩʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ min, max, mean, std, ʢʽʣʴʢʽʩʪʴ ʟʥʘʯʝʥʴ ʫʩʴʦʛʦ (counts); 
ʢʚʘʥʪʠʣʽ (ʢʚʘʨʪʠʣʽ), ʧʝʨʝʜʫʩʽʤ P25(Q1), P50(Q2), P75(Q3), ʽʥʦʜʽ ï ʱʝ ʡ P05, 

P10, P90, P95; ʩʢʽʣʴʢʠ ʟ ʥʠʭ ʧʨʦʧʫʱʝʥʠʭ (missing) ʪʘ ʩʢʽʣʴʢʠ ʫʥʽʢʘʣʴʥʠʭ 

(uniques).  
ʊʘʢʦʞ, ʤʦʞʫʪʴ ʘʥʘʣʽʟʫʚʘʪʠʩʴ ʡ ʢʚʘʥʪʠʣʽ (ʢʚʘʨʪʠʣʽ) ʟʥʘʯʝʥʴ ʧʦ ʢʦʞʥʽʡ 

ʦʟʥʘʮʽ. 

https://www.kaggle.com/code/chandraroy/plotting-with-pandas-matplotlib-and-seaborn
https://www.kaggle.com/code/chandraroy/plotting-with-pandas-matplotlib-and-seaborn
https://www.kaggle.com/code/abhishekvaid19968/data-visualization-using-matplotlib-seaborn-plotly
https://www.kaggle.com/code/fazilbtopal/visualization-matplotlib-vs-seaborn
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4. ʈʦʟʰʠʨʝʥʠʡ ʧʝʨʚʠʥʥʠʡ ʩʪʘʪʠʩʪʠʯʥʠʡ ʘʥʘʣʽʟ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʪʘ ʾʭ 

ʢʦʤʙʽʥʘʮʽʡ. ʇʦ ʢʦʞʥʽʡ ʦʟʥʘʮʽ (features) ʩʣʽʜ ʧʦʙʫʜʫʚʘʪʠ ʟʘʢʦʥ ʨʦʟʧʦʜʽʣʫ ʪʘ 

ʧʝʨʝʚʽʨʠʪʠ ʛʽʧʦʪʝʟʫ ʱʦʜʦ ʡʦʛʦ ʚʠʜʫ, ʚ ʧʝʨʰʫ ʯʝʨʛʫ, ʯʠ ʻ ʚʽʥ ʥʦʨʤʘʣʴʥʠʤ 
(ʛʘʫʩʩʦʚʠʤ) [12, 13]. ɯʥʦʜʽ, ʟʘʢʦʥ ʨʦʟʧʦʜʽʣʫ ʤʦʞʥʘ ʥʦʨʤʘʣʽʟʫʚʘʪʠ, ʥʘʧʨʠ-

ʢʣʘʜ ʰʣʷʭʦʤ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʫ ɹʦʢʩʘ-ʂʦʢʩʘ ʥʘ ʦʩʥʦʚʽ ʣʦʛʘʨʠʬʤʫʚʘʥʥʷ, 

ʜʠʚ. ʧʨʦ ʥʴʦʛʦ ʙʽʣʴʰʝ ʫ ʧʽʜʨʦʟʜ. 8.2). 

ʗʢ ʧʨʘʚʠʣʦ, ʙʫʜʫʶʪʴ ʟʘʢʦʥʠ ʨʦʟʧʦʜʽʣʫ ʜʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʫ ʦʢʨʝʤʦ, ʥʘ-
ʧʨʠʢʣʘʜ ʜʠʚʠʩʴ ʧʨʠʢʣʘʜ ʥʘ ʨʠʩ. 2.9 ʟ ʥʦʫʪʙʫʢʫ) (ʨʠʩ. 2.9) ʪʘ ʘʥʘʣʽʟʫʶʪʴ ʯʠ 

ʥʝʤʘʻ ʥʝʦʙʭʽʜʥʦʩʪʽ ʾʭ ʟʙʘʣʘʥʩʫʚʘʪʠ. ɹʘʣʘʥʩʫʚʘʥʥʷ ʦʟʥʘʢ (ʝʪʘʧ FE) ʦʧʠʩʘʥʦ 

ʫ ʨʦʟʜ. 3. 
 

  
ʈʠʩʫʥʦʢ 2.9 ï ɿʘʢʦʥʠ ʨʦʟʧʦʜʽʣʫ ʜʣʷ ʨʽʟʥʠʭ ʟʥʘʯʝʥʴ ʪʘʨʛʝʪʘ t=0 ʪʘ t=1  

ʟ ʥʦʫʪʙʫʢʫ 
 

5. ʗʢʱʦ ʜʘʪʘʩʝʪ ʤʽʩʪʠʪʴ ʪʨʝʥʫʚʘʣʴʥʽ, ʚʘʣʽʜʘʮʽʡʥʽ ʽ ʪʝʩʪʦʚʽ ʜʘʥʽ ʯʠ ʭʦʯʘ 

ʙ 2 ʟ ʮʠʭ 3-ʭ ʚʘʨʽʘʥʪʽʚ, ʪʦʜʽ ʧʦʨʽʚʥʶʶʪʴʩʷ ʾʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ, ʧʝʨʝʜʫʩʽʤ, ʟʘ-

ʢʦʥʠ ʨʦʟʧʦʜʽʣʫ ï ʮʝ ʜʫʞʝ ʚʘʞʣʠʚʠʡ ʝʪʘʧ, ʷʢʠʡ ʨʝʢʦʤʝʥʜʫʻʪʴʩʷ ʨʦʙʠʪʠ ʱʦ-
ʨʘʟʫ. ʅʘʧʨʠʢʣʘʜ, ʥʘ ʨʠʩ 2.10 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʦʨʽʚʥʷʥʥʷ ʟʘʢʦʥʽʚ ʨʦʟʧʦ-

ʜʽʣʫ, ʧʦʙʫʜʦʚʘʥʠʭ ʚ ʦʜʥʽʡ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ, ʜʣʷ ʪʨʝʥʫʚʘʣʴʥʠʭ ʪʘ ʪʝʩʪʦʚʠʭ 

ʜʘʥʠʭ ʢʦʞʥʦʛʦ ʬʽʯʝʨʘ.  

https://www.kaggle.com/code/cdeotte/200-magical-models-santander-0-920/notebook
https://www.kaggle.com/code/cdeotte/200-magical-models-santander-0-920/notebook
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ʈʠʩʫʥʦʢ 2.10 ï ʇʦʨʽʚʥʷʥʥʷ ʟʘʢʦʥʽʚ ʨʦʟʧʦʜʽʣʫ ʥʘʚʯʘʣʴʥʦʛʦ (train) ʽ ʪʝʩʪʦ-

ʚʦʛʦ (test) ʜʘʪʘʩʝʪʽʚ [14]  

 

ɸʥʘʣʽʟ ʛʨʘʬʽʢʽʚ ʥʘ ʨʠʩ. 2.10 ʧʦʢʘʟʫʻ, ʱʦ ʟʘʢʦʥʠ ʨʦʟʧʦʜʽʣʫ ʻ ʥʦʨʤʘʣʴ-

ʥʠʤʠ ʽ ʜʫʞʝ ʩʭʦʞʠʤʠ, ʦʪʞʝ ʜʘʪʘʩʝʪʠ ï ʛʘʨʥʽ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʦʙʨʦʙʣʝʥʥʷ. 
ɼʣʷ ʧʦʙʫʜʦʚʠ ʟʘʢʦʥʽʚ ʨʦʟʧʦʜʽʣʫ ʚʠʢʦʨʠʩʪʘʥʘ ʬʫʥʢʮʽʷ plotly .create_distplot 

[14]. ʊʘʢʦʞ, ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʽʥʰʽ ʬʫʥʢʮʽʾ, ʥʘʧʨʠʢʣʘʜ sea-

born.distplot, ʷʢ ʫ ʥʦʫʪʙʫʢʫ. 
6. ʂʦʨʝʣʷʮʽʡʥʠʡ ʘʥʘʣʽʟ (ʚʠʟʥʘʯʝʥʥʷ ʥʘʷʚʥʦʩʪʽ ʟʘʣʝʞʥʦʩʪʽ ʪʘ ʩʠʣʠ 

ʚʧʣʠʚʠ ʤʽʞ ʦʟʥʘʢʘʤʠ). ʅʘʧʨʠʢʣʘʜ, ʘʥʘʣʽʟ ʚʟʘʻʤʦʢʦʨʝʣʷʮʽʾ ʦʟʥʘʢ ʪʘ ʚʠʷʚ-

ʣʝʥʥʷ ʪʠʭ, ʱʦ ʻ ʥʘʡʙʽʣʴʰ ʟʘʣʝʞʥʠʤʠ ʦʜʥʽ ʚʽʜ ʽʥʰʠʭ. ʈʝʟʫʣʴʪʘʪʦʤ ʤʦʞʫʪʴ 

ʙʫʪʠ ʷʢ ʤʘʪʨʠʮʷ ʯʠʩʝʣ, ʪʘʢ ʽ ʛʨʘʬʽʢ ʪʠʧʫ çʪʝʧʣʦʚʘ ʢʘʨʪʘè ʘʙʦ ʛʽʙʨʠʜʥʠʡ ʚʘ-
ʨʘ̔ʥʪ (ʜʠʚ., ʥʘʧʨʠʢʣʘʜ [11]), ʢʦʣʠ ʚ ʢʦʞʥʽʡ ʢʦʤʽʨʮʽ ʪʝʧʣʦʚʦʾ ʢʘʨʪʠ ʚʧʠʩʫ-

ʻʪʴʩʷ ʯʠʩʣʦ. ɯʟ ʢʦʞʥʠʭ ʜʚʦʭ ʩʠʣʴʥʦ ʢʦʨʝʣʴʦʚʘʥʠʭ ʦʟʥʘʢ, ʦʜʥʫ ʚʘʨʪʦ ʚʠʜʘ-

ʣʠʪʠ, ʷʢʱʦ ʦʟʥʘʢ ʜʦʩʪʘʪʥʴʦ. ɯʥʦʜʽ, ʷʢ ʥʘʧʨʠʢʣʘʜ, ʟ ʘʥʘʣʽʟʦʤ ʦʟʥʘʢ çOpenè, 
çHighè, çLowè, çCloseè ʢʫʨʩʫ ʢʨʠʧʪʦʚʘʣʶʪʠ, ʪʦ ʾʭ, ʷʢ ʧʨʘʚʠʣʦ ʥʝ ʚʠʜʘʣʷ-

ʶʪʴ, ʭʦʯʘ ʚʦʥʠ ʡ ʩʠʣʴʥʦ ʢʦʨʝʣʴʦʚʘʥʽ, ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʤʽʩʪʷʪʴ ʥʘʜʪʦ ʮʽʥʥʫ ʽʥ-

ʬʦʨʤʘʮʽʶ, ʘ ʪʘʢʠʭ ʦʟʥʘʢ ʚ ʮʠʭ ʜʘʪʘʩʝʪʘʭ ï ʥʝʙʘʛʘʪʦ [15]). 

7. ʈʝʛʨʝʩʽʡʥʠʡ ʘʥʘʣʽʟ ï ʧʦʙʫʜʦʚʘ ʪʘ ʘʥʘʣʽʟ ʧʨʦʩʪʠʭ ʤʦʜʝʣʝʡ (ʣʽʥʽʡʥʦʾ 
ʯʠ ʣʦʛʽʩʪʠʯʥʦʾ ʨʝʛʨʝʩʽ,ʾ ʜʝʨʝʚ ʨʽʰʝʥʴ ʪʦʱʦ) ʜʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʧʝʚʥʠʭ ʟʘʢʦʥʦ-

ʤʽʨʥʦʩʪʝʡ ʤʽʞ ʦʟʥʘʢʘʤʠ ʜʣʷ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʥʘʷʚʥʦʩʪʽ ʪʘ ʚʠʟʥʘʯʝʥʥʷ ʭʘʨʘʢ-

ʪʝʨʫ ʽ ʬʦʨʤʠ ʚʧʣʠʚʫ ʦʜʥʠʭ ʧʦʢʘʟʥʠʢʽʚ ʥʘ ʽʥʰʽ, ʦʩʦʙʣʠʚʦ ʜʣʷ ʪʠʭ, ʤʽʞ ʷʢʠʤʠ 

ʥʘ ʧʦʧʝʨʝʜʥʴʦʤʫ ʝʪʘʧʽ ʙʫʣʦ ʚʠʷʚʣʝʥʦ ʚʟʘʻʤʦʟʘʣʝʞʥʽʩʪʴ ï ʮʝʡ ʝʪʘʧ, ʩʢʦʨʽʰʝ, 
ʚʽʜʥʦʩʠʪʴʩʷ ʜʦ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ, ʘʣʝ ʡʦʛʦ ʯʘʩʪʦ ʚʽʜʥʦʩʷʪʴ ʽ ʜʦ EDA. 

8. ɸʥʘʣʽʟ ʚʠʢʠʜʽʚ ʪʘ ʘʥʦʤʘʣʽʡ ʜʘʥʠʭ. ʎʝ ʤʦʞʥʘ ʨʦʙʠʪʠ ʪʨʴʦʤʘ ʩʧʦʩʦ-

ʙʘʤʠ: 
1) ʧʦ ʢʚʘʥʪʠʣʷʭ, ʢʦʣʠ ʬʽʣʴʪʨʫʶʪʴʩʷ ʟʥʘʯʝʥʥʷ ʦʟʥʘʢ, ʜʝ ʤʘʢʩʠʤʘʣʴʥʝ 

ʯʠ ʤʽʥʽʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʚ ʨʘʟʠ ʻ ʙʽʣʴʰʠʤʠ ʟʘ P90 (ʘʙʦ P95) ʯʠ ʤʝʥʰʠʤʠ ʟʘ 

P10 (ʘʙʦ P05), ʚʽʜʧʦʚʽʜʥʦ, ʪʦʜʽ ʚʽʜʢʠʜʘʶʪʴʩʷ ʫʩʽ ʟʥʘʯʝʥʥʷ, ʙʽʣʴʰʽ P90 ʯʠ ʤʝ-

ʥʰʽ P10, ʚʽʜʧʦʚʽʜʥʦ ï ʜʠʚ. [15];   
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2) ʚʽʟʫʘʣʴʥʦ ï ʙʫʜʫʶʪʴʩʷ ʛʨʘʬʽʢʠ, ʷʢ ʧʨʘʚʠʣʦ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʽʥʪʝ-

ʨʘʢʪʠʚʥʠʭ ʛʨʘʬʽʢʽʚ ʙʽʙʣʽʦʪʝʢʠ plotly ʽ ʜʦʩʣʽʜʞʫʶʪʴʩʷ ʘʥʦʤʘʣʽʾ ʧʦ ʟʥʘʯʝʥʥʶ 

ʯʠ ʧʦ ʧʝʨʰʽʡ ʪʘ/ʘʙʦ ʜʨʫʛʽʡ ʟʤʽʥʽ ʟʥʘʯʝʥʴ, ʚʠʚʯʘʶʪʴʩʷ ʥʦʚʠʥʠ ʚ ɯʥʪʝʨʥʝʪʽ ʯʠ 
ʜʽʡʩʥʦ ʮʝ ʻ ʘʥʦʤʘʣʽʻ,ʁ ʷʢʘ ʤʘʻ ʷʢʝʩʴ ʧʦʷʩʥʝʥʥʷ (ʥʘʧʨʠʢʣʘʜ, ʢʦʣʠ ʚʝʣʠʢʘ 

ʢʦʤʧʘʥʽʾ ʯʠ ʫʨʷʜ ʢʨʘʾʥʠ ʱʦʩʴ ʧʨʠʜʙʘʚ ʘʙʦ, ʥʘʚʧʘʢʠ, ʧʨʦʜʘʚ, ʯʠ ʽʥ., ʘʙʦ ʩʧʘ-

ʣʘʭ ʭʚʦʨʦʙʠ, ʘʙʦ ʧʨʠʨʦʜʥʘ ʢʘʪʘʩʪʨʦʬʘ ʯʠ ʽʥ.) ʽ ʪʦʜʽ ʮʝ ʟʥʘʯʝʥʥʷ ʚʽʜʥʦʩʠʪʴʩʷ 

ʜʦ ʘʥʦʤʘʣʴʥʠʭ (ʜʠʚ. ʧʨʠʢʣʘʜʠ ʚ ʥʦʫʪʙʫʮʽ ʟ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʢʫʨʩʫ ʢʨʠʧʪʦʚʘ-
ʣʶʪʠ ʯʠ ï ʚ ʥʦʫʪʙʫʮʽ ʧʨʠʨʦʩʪʫ ʱʦʜʝʥʥʦʾ ʢʽʣʴʢʦʩʪʽ ʭʚʦʨʠʭ ʥʘ ʢʦʨʦʥʘʚʽʨʫʩ); 

3) ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʧʝʮʽʘʣʴʥʠʭ ʙʽʙʣʽʦʪʝʢ ʜʣʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ, ʧʨʦ ʱʦ 

ʙʫʜʝ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʥʘʧʠʩʘʥʦ ʫ ʨʦʟʜʽʣʽ 8. 
9. ɸʥʘʣʽʟ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʜʘʥʠʭ ʤʝʪʦʜʘʤʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ, ʬʘʢʪʦʨʥʦʛʦ 

ʘʥʘʣʽʟʫ ʪʘ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ï ʜʠʚ. ʧʦʧʝʨʝʜʥʽʡ ʧʽʜʨʦʟʜ. 2.2. 

10. ɸʥʘʣʽʟ ʚʘʨʽʘʪʠʚʥʦʩʪʽ ʦʟʥʘʢ, ʪʦʙʪʦ ʯʠ ʻ ʜʦʩʪʘʪʥʷ ʢʽʣʴʢʽʩʪʴ ʨʽʟʥʠʭ 
ʚʘʨʽʘʥʪʽʚ ʟʥʘʯʝʥʴ ʢʦʞʥʦʾ ʦʟʥʘʢʠ. ɸʜʞʝ, ʦʟʥʘʢʠ, ʷʢʽ ʻ ʥʝʟʤʽʥʥʠʤʠ, ʩʣʽʜ ʚʠʜʘ-
ʣʷʪʠ, ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʙʫʜʫʪʴ ʟʘʚʘʞʘʪʠ ʤʦʜʝʣʽ ʥʘʚʯʘʪʠʩʴ. 

11. ɻʨʫʧʫʚʘʥʥʷ ʜʘʥʠʭ ʧʦ ʧʝʚʥʠʭ ʦʟʥʘʢʘʭ ʪʘ ʘʥʘʣʽʟ ʪʦʛʦ, ʷʢ ʢʣʘʩʪʝʨʠ-
ʟʫʶʪʴʩʷ ʽʥʰʽ ʦʟʥʘʢʠ ʚʽʜʥʦʩʥʦ ʮʽʻʾ. ɹʽʣʴʰ ʜʝʪʘʣʴʥʦ ʧʨʦ ʮʝ ʜʠʚʠʩʴ ʫ ʧʦʧʝʨʝ-
ʜʥʴʦʤʫ ʧʽʜʨʦʟʜ. 2.2. 

12. ɼʣʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ: ʚʠʷʚʣʝʥʥʷ ʧʝʨʽʦʜʠʯʥʦʩʪʽ ʟʥʘʯʝʥʴ ʪʘ ʽʜʝʥʪʠʬʽ-

ʢʘʮʽʾ ʧʝʨʽʦʜʫ(ʽʚ) ʮʠʭ ʢʦʣʠʚʘʥʴ, ʧʝʨʝʚʽʨʢʘ ʨʷʜʽʚ ʥʘ ʩʪʘʮʽʦʥʘʨʥʽʩʪʴ ʪʘ ʥʘ ʛʝʪʝ-

ʨʦʩʢʝʜʘʩʪʠʯʥʽʩʪʴ ï ʧʨʦ ʮʝ ʙʫʜʝ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʫ ʧʽʜʨʦʟʜ. 8.1. 
13. ʇʝʨʝʚʽʨʢʘ ʪʦʛʦ ʯʠ ʻ ʥʘʚʯʘʣʴʥʠʡ, ʚʘʣʽʜʘʮʽʡʥʠʡ ʽ ʪʝʩʪʦʚʠʡ ʜʘʪʘʩʝʪʠ 

ʚʠʙʽʨʢʘʤʠ ʦʜʥʦʛʦ ʚʠʧʘʜʢʦʚʦʛʦ ʧʨʦʮʝʩʫ, ʥʘʧʨʠʢʣʘʜ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʢʨʠʪʝ-

ʨʽʶ ʂʦʭʨʝʥʘ ʯʠ ʡʦʛʦ ʘʥʘʣʦʛʽʚ [16].  
14. ʂʦʥʪʨʦʣʴ ʨʦʟʤʽʨʥʦʩʪʽ ʢʦʞʥʦʾ ʦʟʥʘʢʠ, ʫ ʨʘʟʽ ʬʦʨʤʫʚʘʥʥʷ ʜʘʥʠʭ ʟ 

ʜʝʢʽʣʴʢʦʭ ʜʞʝʨʝʣ. ʅʘʧʨʠʢʣʘʜ, ʜʦʩʚʽʜ ʧʦʢʘʟʫʻ, ʱʦ ʤʦʞʝ ʤʘʪʠ ʤʽʩʮʝ ʧʦʻʜ-

ʥʘʥʥʷ ʜʘʥʠʭ ʩʧʦʩʪʝʨʝʞʝʥʴ ʟʽ ʩʪʘʥʮʽʡ, ʜʝ ʘʪʤʦʩʬʝʨʥʠʡ ʪʠʩʢ ʚʠʤʽʨʶʚʘʚʩʷ ʚ 

ʢʽʣʦʧʘʩʢʘʣʷʭ, ʟ ʜʘʥʠʤʠ ʽʥʰʠʭ ʩʪʘʥʮʽʡ ʫ ʤʽʣʽʤʝʪʨʘʭ ʨʪʫʪʥʦʛʦ ʩʪʦʚʧʮʷ (ʪʘʢʘ 
ʧʨʦʙʣʝʤʘ ʚʠʥʠʢʘʻ, ʷʢʱʦ ʙʨʘʪʠ ʜʘʥʽ ʟ ʧʦʨʪʘʣʫ SaveEcoBot). ʗʢʱʦ ʧʨʦʩʪʦ ʧʦ-

ʻʜʥʘʪʠ ʮʽ ʜʘʥʽ, ʪʦ ʙʫʜʝ ʟʥʘʯʥʘ ʧʦʤʠʣʢʘ. ɰʭ ʪʨʝʙʘ ʘʥʘʣʽʟʫʚʘʪʠ ʦʢʨʝʤʦ, ʘʙʦ 

ʧʨʦʙʫʚʘʪʠ ʦʜʥʽ ʜʘʥʽ ʧʝʨʝʨʘʭʫʚʘʪʠ ʚ ʽʥʰʽ, ʷʢʱʦ ʻ ʪʦʯʥʘ ʜʝʪʝʨʤʽʥʦʚʘʥʘ ʬʦʨ-
ʤʫʣʘ (ʜʣʷ ʪʠʩʢʫ ʷʢʨʘʟ ʻ).  

ʂʽʥʮʝʚʦʶ ʤʝʪʦʶ EDA ʻ ʚʽʜʧʦʚʽʜʽ ʥʘ ʪʘʢʽ ʧʠʪʘʥʥʷ: 

1. ʏʠ ʛʦʪʦʚʽ ʜʘʥʽ ʜʣʷ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ, ʯʠ ʚʦʥʠ ʧʦʪʨʝʙʫʶʪʴ ʜʦʜʘʪʢʦ-

ʚʦʛʦ ʦʙʨʦʙʣʝʥʥʷ ʥʘ ʽʥʰʦʤʫ ʝʪʘʧʽ (ʜʠʚ. ʫʟʘʛʘʣʴʥʝʥʠʡ ʘʣʛʦʨʠʪʤ ʫ ʧʽʜʨʦʟʜ. 1.4: 
ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ, ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʯʠ ʧʦʰʫʢʫ ʥʦʚʠʭ ʜʘʥʠʭ)? ʗʢʱʦ ï ʱʝ ʧʦ-

ʪʨʝʙʫʶʪʴ, ʪʦʜʽ ʧʝʨʝʭʽʜ ʥʘ ʚʽʜʧʦʚʽʜʥʠʡ ʝʪʘʧ ʫʟʘʛʘʣʴʥʝʥʦʛʦ ʘʣʛʦʨʠʪʤʫ, ʽʥ-

ʘʢʰʝ ï ʜʠʚ. ʥʘʩʪʫʧʥʝ ʧʠʪʘʥʥʷ. 

2. ʗʢʽ ʤʦʜʝʣʽ ʚʘʨʪʦ ʙʫʜʫʚʘʪʠ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʦʩʪʘʚʣʝʥʦʾ ʟʘʜʘʯʽ, ʟʘ 
ʷʢʠʤʠ ʤʝʪʨʠʢʘʤʠ ʪʘ ʟ ʷʢʠʤʠ ʧʦʯʘʪʢʦʚʠʤʠ ʟʥʘʯʝʥʥʷʤʠ ʧʘʨʘʤʝʪʨʽʚ ʽ ʛʽʧʝʨʧʘ-

ʨʘʤʝʪʨʽʚ? ʗʢʱʦ ʻ ʯʽʪʢʽ ʛʽʧʦʪʝʟʠ (ʛʘʨʘʥʪʽʡ ʪʫʪ ʙʫʪʠ ʥʝ ʤʦʞʝ) ʱʦʜʦ ʚʽʜʧʦʚʽʜʝʡ 

ʥʘ ʮʽ ʧʠʪʘʥʥʷ, ʪʦʜʽ ï ʧʝʨʝʭʽʜ ʥʘ ʥʘʩʪʫʧʥʠʡ ʝʪʘʧ ʫʟʘʛʘʣʴʥʝʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ï 
ʜʦ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ. 
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ʗʢ ʙʫʣʦ ʟʘʟʥʘʯʝʥʦ ʫ ʧʽʜʨʦʟʜ. 1.4, ʷʢ ʧʨʘʚʠʣʦ, EDA ʧʨʦʚʦʜʠʪʴʩʷ ʙʘʛʘʪʦ 

ʨʘʟʽʚ ʧʽʩʣʷ ʢʦʞʥʠʭ ʟʤʽʥ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʯʠ ï ʪʦʜʽ, ʢʦʣʠ ʞʦʜʥʘ ʛʽʧʦʪʝʟʘ ʱʦʜʦ 

ʤʦʞʣʠʚʠʭ ʦʧʪʠʤʘʣʴʥʠʭ ʤʦʜʝʣʝʡ ʥʝ ʧʽʜʪʚʝʨʜʠʣʘʩʴ. 
ɼʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ EDA ʽʩʥʫʻ ʨʷʜ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ Python-ʙʽʙʣʽʦʪʝʢ, 

ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʩʫʪʪʻʚʦ ʧʨʠʩʢʦʨʠʪʠ ʮʝʡ ʘʥʘʣʽʟ ʽ ʟʜʽʡʩʥʶʚʘʪʠ ʥʝ ʩʪʽʣʴʢʠ ʧʨʦ-

ʛʨʘʤʫʚʘʥʥʷ, ʩʢʽʣʴʢʠ ï ʜʽʡʩʥʦ ʘʥʘʣʽʟ ʘʚʪʦʤʘʪʠʯʥʦ ʧʦʙʫʜʦʚʘʥʠʭ ʛʨʘʬʽʢʽʚ: 

1. ʅʘʡʧʨʦʩʪʽʰʠʤ ʚʘʨʽʘʥʪʦʤ ʻ ʬʫʥʢʮʽʷ çdescribeè ʙʽʙʣʽʦʪʝʢʠ pandas ʜʣ̫ 
ʧʦʙʫʜʦʚʠ ʦʧʠʩʦʚʦʾ ʩʪʘʪʠʩʪʠʢʠ (ʨʠʩ. 2.11). ɿʘ ʟʘʤʦʚʯʫʚʘʥʥʷʤ, ʩʪʘʪʠʩʪʠʢʘ ʙʫ-

ʜʫʻʪʴʩʷ ʜʣʷ ʢʚʘʥʪʠʣʽʚ ̔  ʢʚʘʨʪʠʣʽʚ P25(Q1), P50(Q2), P75(Q3), ʘʣʝ, ʷʢʱʦ ʚ ʧʘ-

ʨʘʤʝʪʨʘʭ ʥʘʧʠʩʘʪʠ df.describe([.1, .9]), ʪʦʜʽ ʚ ʪʘʙʣʠʮʶ ʙʫʜʫʪʴ ʜʦʜʘʥʽ ʱʝ ʡ 
ʢʚʘʥʪʠʣʽ P10, P90 [17]. 

 

 
ʈʠʩʫʥʦʢ 2.11 ï ʉʪʘʪʠʩʪʠʢʘ ʬʫʥʢʮʽʾ describe ʙʽʙʣʽʦʪʝʢʠ pandas ʜʣʷ ʜʘʥʠʭ 

ʢʦʥʢʫʨʩʫ ʱʦʜʦ ʧʘʩʘʞʠʨʽʚ çʊʠʪʘʥʽʢʘè ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ  

 

2. PandasProfiling (PP) [11] ï ʮʝ ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʩʪʚʦ-

ʨʝʥʥʷ ʟʚʽʪʽʚ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʣʷ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʙʽʙʣʽʦʪʝʢʠ 
Pandas. ɺʩʝ ʨʦʙʠʪʴʩʷ ʦʜʥʽʻʶ ʢʦʤʘʥʜʦʶ ProfileReport, ʷʢʽʡ ʧʝʨʝʜʘʻʪʴʩʷ ʜʘʪʘ-

ʬʨʝʡʤ ʟ ʜʘʥʠʤʠ. ʈʝʟʫʣʴʪʘʪ ʤʦʞʥʘ ʟʙʝʨʝʛʪʠ ʫ html-ʬʦʨʤʘʪ ʽ ʧʦʪʽʤ ʧʝʨʝʛʣʷ-

ʜʘʪʠ ʫ ʟʨʫʯʥʠʡ ʩʧʦʩʽʙ ʫ ʙʨʘʫʟʝʨʽ: 
 

import pandas as pd 

from pandas_profiling import ProfileReport 

report = ProfileReport(data) 
report.to_file('report.html') 

 

ɻʦʣʦʚʥʠʡ ʧʨʠʥʮʠʧ PandasProfiling ï ʮʝ ʚʠʚʝʜʝʥʥʷ ʩʪʘʪʠʩʪʠʢʠ ʪʘ ʨʽʟʥʦʾ 
ʽʥʬʦʨʤʘʮʽʾ ʜʣʷ ʢʦʞʥʦʾ ʟʤʽʥʥʦʾ ʦʢʨʝʤʦ. ʊʘʢʦʞ ʻ ʤʦʞʣʠʚʽʩʪʴ ʥʘ ʽʥʪʝʨʘʢʪʠʚ-

ʥʦʤʫ ʛʨʘʬʽʢʫ ʘʥʘʣʽʟʫʚʘʪʠ ʚʟʘʻʤʦʟʚ'ʷʟʦʢ ʤʽʞ ʜʦʚʽʣʴʥʠʤʠ ʧʘʨʘʤʠ ʬʽʯʝʨʽʚ. 

ʎʽʥʥʠʤ ʻ ʪʝ, ʱʦ ʥʘ ʧʦʯʘʪʢʫ ʟʚʽʪʫ ʥʘʚʦʜʷʪʴʩʷ ʟʘʛʘʣʴʥʽ ʚʠʩʥʦʚʢʠ ʱʦʜʦ ʟʤʽʥ-

ʥʠʭ ʽ ʫ ʨʽʟʥʠʭ ʢʦʣʴʦʨʘʭ ʥʘʚʦʜʠʪʴʩʷ ʨʽʟʥʘ ʪʝʢʩʪʦʚʘ ʽʥʬʦʨʤʘʮʽʷ: ʷʢʽ ʬʽʯʝʨʠ 
ʩʠʣʴʥʦ ʢʦʨʝʣʶʶʪʴ, ʷʢʽ ʤʽʩʪʷʪʴ ʜʫʞʝ ʤʘʣʦ ʘʙʦ ʜʫʞʝ ʙʘʛʘʪʦ ʫʥʽʢʘʣʴʥʠʭ ʟʥʘ-

ʯʝʥʴ, ʷʢʽ ʤʽʩʪʷʪʴ ʜʫʞʝ ʙʘʛʘʪʦ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ ʪʘ ʽʥ. (ʨʠʩ. 2.12). 
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ʈʠʩʫʥʦʢ 2.12 ï ʉʪʘʪʠʩʪʠʯʥʽ ʚʠʩʥʦʚʢʠ ʫ ʟʚʽʪʽ PandasProfiling ʱʦʜʦ ʬʽʯʝʨʽʚ 

ʪʨʝʥʫʚʘʣʴʥʦʛʦ ʜʘʪʘʩʝʪʫ ʢʦʥʢʫʨʩʫ ʱʦʜʦ ʧʘʩʘʞʠʨʽʚ çʊʠʪʘʥʽʢʘè  

ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ 

 

3. AutoViz [11] ï ʮʝ ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʘʚʪʦʤʘʪʠʯʥʦʾ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ ʫ 
Python. AutoViz ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʟʥʘʯʘʻ ʪʠʧ ʛʨʘʬʽʢʘ ʜʣʷ ʢʦʞʥʦʾ ʟʤʽʥʥʦʾ ʚ ʟʘ-

ʣʝʞʥʦʩʪʽ ʚʽʜ ʾʾ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. ʅʘʧʨʠʢʣʘʜ, ʯʠʩʣʦʚʽ ʟʤʽʥʥʽ ʤʦʞʫʪʴ ʙʫʪʠ ʚʽʜʦ-

ʙʨʘʞʝʥʽ ʫ ʚʠʛʣʷʜʽ ʛʽʩʪʦʛʨʘʤ, ʜʽʘʛʨʘʤ ʨʦʟʩʽʶʚʘʥʥʷ ʘʙʦ ʣʽʥʽʡʥʠʭ ʛʨʘʬʽʢʽʚ, ʘ 
ʢʘʪʝʛʦʨʽʘʣʴʥʽ ï ʫ ʚʠʛʣʷʜʽ ʢʨʫʛʦʚʠʭ ʜʽʘʛʨʘʤ ʯʠ ʩʪʦʚʧʯʠʢʦʚʠʭ ʛʨʘʬʽʢʽʚ ï ʥʘ-

ʤʘʛʘʻʪʴʩʷ ʥʘʜʘʪʠ ʢʦʨʠʩʥʽ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʣʷ ʢʦʞʥʦʛʦ ʪʠʧʫ ʜʘʥʠʭ. ʄʦʞʝ ʨʦʙʠʪʠ 

ʟʛʨʫʧʦʚʘʥʽ ʘʥʘʣʽʟʠ, ʥʘʧʨʠʢʣʘʜ, ʚʨʘʭʦʚʫʶʯʠ ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʟʤʽʥʥʠʤʠ ʘʙʦ 

ʨʦʟʧʦʜʽʣ ʟʥʘʯʝʥʴ ʟʤʽʥʥʠʭ ʟʘ ʧʝʚʥʦʶ ʢʘʪʝʛʦʨʽʻʶ. ʄʦʞʝ ʛʝʥʝʨʫʚʘʪʠ ʽʥʪʝʨʘʢ-
ʪʠʚʥʽ ʛʨʘʬʽʢʠ. ʅʘ ʨʠʩ. 2.13 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ. 
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ʈʠʩʫʥʦʢ 2.13 ï ʇʦʨʽʚʥʷʥʥʷ ʜʘʪʘʩʝʪʽʚ ʟ ʢʫʨʩʦʤ ʢʨʠʧʪʦʚʘʣʶʪʠ ʟʘ ʨʽʟʥʽ ʜʘʪʠ, 

ʷʢʠʤ ʚʽʜʧʦʚʽʜʘʶʪʴ 2 ʢʣʘʩʠ: ç0è ï ʚʽʜ 10.10.2021 ʨ. ʜʦ 06.04.2022 ʨ., ç1è ï 
ʚʽʜ 07.04.2022 ʨ. ʜʦ 03.10.2022 ʨ. [18, ʧʽʜʨʦʟʜ. 6.3]  

 

4. SweetViz [11] ïʮʝ ʙʽʙʣʽʦʪʝʢʘ ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʚ ʩʝ-

ʨʝʜʦʚʠʱʽ Python. ɺʦʥʘ ʘʚʪʦʤʘʪʠʯʥʦ ʙʫʜʫʻ ʛʽʩʪʦʛʨʘʤʠ ʜʣʷ ʚʩʽʭ ʯʠʩʣʦʚʠʭ ʪʘ 
ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʟʤʽʥʥʠʭ. ʻ ʤʦʞʣʠʚʽʩʪʴ ʘʥʘʣʽʟʫ ʟʚ'ʷʟʢʫ ʤʽʞ ʯʠʩʣʦʚʦʶ ʪʘ ʢʘʪʝ-

ʛʦʨʽʘʣʴʥʦʶ ʦʟʥʘʢʘʤʠ, ʙʫʜʫʶʯʠ ʛʨʘʬʽʢʠ ʚʽʜʥʦʩʥʦʩʪʽ. ʎʝ ʜʦʟʚʦʣʷʻ ʚʠʟʥʘʯʠʪʠ, 

ʷʢ ʯʠʩʣʦʚʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʟʤʽʥʶʶʪʴʩʷ ʚ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʦʟ-

ʥʘʢ. SweetViz ʥʘʜʘʻ ʟʨʫʯʥʽ ʽʥʪʝʨʬʝʡʩʠ ʜʣʷ ʧʦʨʽʚʥʷʥʥʷ ʜʚʦʭ ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ. 
ʎʝ ʤʦʞʝ ʙʫʪʠ ʢʦʨʠʩʥʦ ʜʣʷ ʘʥʘʣʽʟʫ ʨʽʟʥʠʮʽ ʤʽʞ ʥʘʙʦʨʘʤʠ ʜʘʥʠʭ, ʥʘʧʨʠʢʣʘʜ, 

ʥʘʚʯʘʣʴʥʠʤ ʪʘ ʪʝʩʪʦʚʠʤ, ʘʙʦ ʜʘʥʠʤʠ, ʟʽʙʨʘʥʠʤʠ ʫ ʨʽʟʥʠʡ ʯʘʩ (ʨʠʩ. 2.14). 

 

 
ʈʠʩʫʥʦʢ 2.14 ï ʇʦʨʽʚʥʷʥʥʷ ʜʘʪʘʩʝʪʽʚ ʟ ʢʫʨʩʦʤ ʢʨʠʧʪʦʚʘʣʶʪʠ ʟʘ ʨʽʟʥʽ ʜʘʪʠ, 
ʷʢʠʤ ʚʽʜʧʦʚʽʜʘʶʪʴ 2 ʢʣʘʩʠ: çDataframeè ï ʚʽʜ 10.10.2021 ʨ. ʜʦ 06.04.2022 

ʨ., çComparedè ï ʚʽʜ 07.04.2022 ʨ. ʜʦ 03.10.2022 ʨ. [18, ʧʽʜʨʦʟʜ. 6.2]  
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ʋʟʘʛʘʣʴʥʝʥʽ ʤʦʞʣʠʚʦʩʪʽ ʦʩʪʘʥʥʽʭ 3-ʭ ʙʽʙʣʽʦʪʝʢ ʜʠʚ. ʫ ʪʘʙʣ. 2.2. 

 

ʊʘʙʣʠʮʽ 2.2 ï ʇʦʨʽʚʥʷʣʴʥʘ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘ ʘʥʘʣʽʪʠʯʥʠʭ ʤʦʞʣʠʚʦʩʪʝʡ EDA-
ʙʽʙʣʽʦʪʝʢ PandasProfiling, AutoViz, SweetViz 

 

ɹʽʙʣʽʦʪʝʢʘ ɺʠʜʠ ʛʨʘʬʽʢʽʚ ɿʘʢʦʥʦʤʽʨʥʦʩʪʽ 

PandasProfiling 

ʈʦʟʧʦʜʽʣ ʟʤʽʥʥʠʭ (ʛʽʩʪʦʛʨʘʤʘ, 

ʷʱʠʢʦʚʠʡ ʛʨʘʬʽʢ), ʤʘʪʨʠʮʷ 

ʢʦʨʝʣʷʮʽʡ, ʟʤʽʥʥʽ-ʢʘʣʝʥʜʘʨʽ, 

ʪʝʧʣʦʚʘ ʢʘʨʪʘ ʢʦʨʝʣʷʮʽʡ, ʧʨʦ-

ʧʫʱʝʥʽ ʟʥʘʯʝʥʥʷ, ʟʘʣʝʞʥʦʩʪʽ 

ʤʽʞ ʧʘʨʘʤʠ ʟʤʽʥʥʠʭ, ʪʘʙʣʠʮʽ 

ʟʤʽʥʥʠʭ. 

ʈʦʟʧʦʜʽʣ ʟʥʘʯʝʥʴ ʟʤʽʥʥʠʭ, ʚʟʘʻʤʦ-

ʟʚ'ʷʟʦʢ ʤʽʞ ʟʤʽʥʥʠʤʠ, ʢʽʣʴʢʽʩʪʴ ʪʘ 

ʚʽʜʩʦʪʦʢ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ, ʢʦ-

ʨʝʣʷʮʽʷ ʤʽʞ ʟʤʽʥʥʠʤʠ, ʩʪʘʪʠʩʪʠʢʘ 

ʦʧʠʩʦʚʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ. 

AutoViz  

ɻʽʩʪʦʛʨʘʤʠ, ʜʽʘʛʨʘʤʠ ʨʦʟʩʽʶ-

ʚʘʥʥʷ, ʣʽʥʽʡʥʽ ʛʨʘʬʽʢʠ, ʷʱʠ-

ʢʦʚʽ ʛʨʘʬʽʢʠ, ʢʨʫʛʦʚʽ ʜʽʘʛ-

ʨʘʤʠ, ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʟʤʽʥ-

ʥʠʤʠ. 

ʐʚʠʜʢʘ ʘʚʪʦʤʘʪʠʯʥʘ ʚʽʟʫʘʣʽʟʘʮʽʷ 

ʜʘʥʠʭ ʙʝʟ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʢʦʜʫ, 

ʘʚʪʦʤʘʪʠʯʥʠʡ ʚʠʙʽʨ ʪʠʧʫ ʛʨʘʬʽʢʘ ʚ 

ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʜʘ-

ʥʠʭ. 

SweetViz 

ʈʦʟʧʦʜʽʣ ʟʤʽʥʥʠʭ, ʛʨʘʬʽʢʠ ʨʦ-

ʟʩʽʶʚʘʥʥʷ, ʧʦʨʽʚʥʷʣʴʥʽ ʛʨʘ-

ʬʽʢʠ, ʛʨʘʬʽʢʠ ʚʽʜʥʦʩʥʦʩʪʽ, 

ʪʘʙʣʠʮʽ ʟ ʦʧʠʩʦʤ ʜʘʥʠʭ. 

ɺʟʘʻʤʦʟʚ'ʷʟʦʢ ʤʽʞ ʟʤʽʥʥʠʤʠ, ʘʥʘ-

ʣʽʟ ʚʥʫʪʨʽʰʥʴʦʛʦ ʚʠʛʣʷʜʫ ʟʤʽʥʥʠʭ, 

ʧʦʨʽʚʥʷʥʥʷ ʨʦʟʧʦʜʽʣʽʚ ʜʘʥʠʭ ʤʽʞ 

ʨʽʟʥʠʤʠ ʥʘʙʦʨʘʤʠ. 

 
ʂʨʽʤ ʮʴʦʛʦ, ʜʣʷ ʧʦʙʫʜʦʚʠ ʛʨʘʬʽʢʽʚ ʟʘ ʚʣʘʩʥʠʤ ʩʮʝʥʘʨʽʻʤ ʤʦʞʥʘ ʚʠʢʦ-

ʨʠʩʪʘʪʠ ʫʥʽʚʝʨʩʘʣʴʥʽ ʙʽʙʣʽʦʪʝʢʠ, ʷʢʽ ʤʘʶʪʴ ʚʙʫʜʦʚʘʥʽ ʬʫʥʢʮʽʾ ʜʣʷ EDA: 

Matplotlib, Seaborn, Plotly, Pandas. ɹʽʣʴʰʝ ʜʝʪʘʣʴʥʦ ʾʭ ʦʩʥʦʚʥʽ ʧʦʥʷʪʪʷ ʪʘ ʢʦ-

ʤʘʥʜʠ ʦʧʠʩʘʥʦ ʫ ʥʦʫʪʙʫʢʘʭ, ʟʛʘʜʘʥʠʭ ʚ ʜʦʚʽʜʢʦʚʦʤʫ ʘʚʪʦʨʩʴʢʦʤʫ ʥʦʫʪʙʫʮʽ 
çEDA for tabular data: Advanced Techniquesè. ɼʝʷʢʽ ʢʦʨʠʩʥʽ ʢʦʤʘʥʜʠ ʦʧʠʩʘʥʦ 

ʫ ʧʦʩʽʙʥʠʢʫ [9, ʨʦʟʜʽʣʠ 1, 2]. 

 
2.4 ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ, ʧʨʦʚʝʜʝʥʠʡ 

ʧʨʠʟʝʨʘʤʠ ʟʤʘʛʘʥ ɹKaggle 

 

ʋ Kaggle ʻ ʪʠʧ ʢʦʥʢʫʨʩʽʚ çAnalyticsè, ʜʝ ʚʣʘʰʪʦʚʫʻʪʴʩʷ ʧʨʠʟʦʚʝ ʟʤʘ-
ʛʘʥʥʷ ʩʝʨʝʜ ʘʥʘʣʽʪʠʢʽʚ ʽ ʧʨʠʟʝʨʘʤʠ ʦʛʦʣʦʰʫʶʪʴʩʷ ʥʘʡʙʽʣʴʰ ʮʽʢʘʚʽ ʪʘ ʦʨʠʛʽ-

ʥʘʣʴʥʽ ʥʦʫʪʙʫʢʠ. ʇʨʠʟʦʚʠʡ ʬʦʥʜ ʥʝʦʜʥʦʨʘʟʦʚʦ ʜʦʨʽʚʥʶʚʘʚ $100 ʪʠʩ. ʂʦʥ-

ʢʫʨʩʠ ʤʦʞʫʪʴ ʚʽʜʨʽʟʥʷʪʠʩʴ ʢʨʠʪʝʨʽʷʤʠ, ʘʣʝ, ʟʘʟʚʠʯʘʡ, ʚʦʥʠ ʬʦʨʤʫʣʶʶʪʴʩʷ 
ʷʢ ʪʘʢʽ: 

- ʊʦʯʥʽʩʪʴ ʯʠ ʨʝʣʝʚʘʥʪʥʽʩʪʴ ʧʦʩʪʘʚʣʝʥʽʡ ʟʘʜʘʯʽ. ʆʙʛʨʫʥʪʦʚʘʥʽʩʪʴ ʚʠ-

ʩʥʦʚʢʽʚ. ʗʢʽʩʪʴ ʚʽʟʫʘʣʽʟʘʮʽʾ. ʂʦʤʧʦʥʫʚʘʥʥʷ ʽ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ ʥʦʫʪʙʫʢʘ ʯʠ 

ʥʦʫʪʙʫʢʽʚ (ʽʥʦʜʽ ï ʮʝ ʾʭ ʢʦʤʧʣʝʢʩ); 
- ʗʢʽʩʪʴ ʜʦʢʫʤʝʥʪʘʮʽʾ. ʏʠ ʜʦʙʨʝ ʟʘʜʦʢʫʤʝʥʪʦʚʘʥʦ ʥʦʫʪʙʫʢ ʽ ʜʦʜʘʪʢʦʚʽ 

ʜʞʝʨʝʣʘ ʜʘʥʠʭ, ʱʦʙ ʤʦʞʥʘ ʙʫʣʦ ʟʨʦʟʫʤʽʪʠ ʱʦ ʩʘʤʝ ʽ ʷʢ ʟʨʦʙʣʝʥʦ? ʏʠ ʯʽʪʢʦ 

ʮʠʪʫʶʪʴʩʷ ʜʞʝʨʝʣʘ (ʷʢ ʧʨʘʚʠʣʦ, ʚ ʢʽʥʮʽ ʥʦʫʪʙʫʢʽʚ ʧʦʜʘʻʪʴʩʷ ʩʧʠʩʦʢ ʜʞʝʨʝʣ, 
ʫ ʪ.ʯ. ʥʘʫʢʦʚʠʭ ʩʪʘʪʝʡ)? ɺʠʩʦʢʦʷʢʽʩʥʠʡ ʘʥʘʣʽʟ ʧʦʚʠʥʝʥ ʙʫʪʠ ʣʘʢʦʥʽʯʥʠʤ ʽ 

https://www.kaggle.com/code/vbmokin/eda-for-tabular-data-advanced-techniques
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ʟʨʦʟʫʤʽʣʠʤ ʥʘ ʢʦʞʥʦʤʫ ʢʨʦʮʽ, ʱʦʙ ʦʙˇʨʫʥʪʫʚʘʥʥʷ ʙʫʣʦ ʣʝʛʢʦ ʟʨʦʟʫʤʽʪʠ, ʘ 

ʧʨʦʮʝʩ ʙʫʚ ʚʽʜʪʚʦʨʶʚʘʥʠʤ. 

- ʈʽʚʝʥʴ ʚʠʩʥʦʚʢʽʚ ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʡ. ʆʙʛʨʫʥʪʦʚʘʥʽʩʪʴ. ɯʥʥʦʚʘʮʽʡʥʽʩʪʴ. 
ʏʠ ʜʽʟʥʘʻʪʴʩʷ ʯʠʪʘʯ ʱʦʩʴ ʥʦʚʝ, ʟʘʚʜʷʢʠ ʮʽʡ ʧʫʙʣʽʢʘʮʽʾ? ɸʙʦ ʯʠʪʘʯ ʟʤʫʰʝʥʠʡ 

ʜʫʤʘʪʠ ʧʨʦ ʱʦʩʴ ʧʦ-ʥʦʚʦʤʫ? ʅʦʫʪʙʫʢ ʤʘʻ ʙʫʪʠ ʽʥʬʦʨʤʘʪʠʚʥʠʤ, ʩʧʦʥʫʢʘ-

ʪʠʤʝ ʜʦ ʨʦʟʜʫʤʽʚ ʽ ʚʦʜʥʦʯʘʩ ʩʚʽʞʠʤ. 

ʎʽ ʢʨʠʪʝʨʽʾ ʻ ʮʽʢʘʚʠʤʠ ʚ ʪʦʤʫ ʧʣʘʥʽ, ʱʦ ʥʘ ʥʠʭ ʚʘʨʪʦ ʟʚʝʨʪʘʪʠ ʫʚʘʛʫ 
ʘʩʧʽʨʘʥʪʘʤ ʧʽʜ ʯʘʩ ʚʠʢʦʥʘʥʥʷ ʙʫʜʴ-ʷʢʠʭ ʩʚʦʾʭ ʜʦʩʣʽʜʞʝʥʴ! ʊʦʯʥʽʰʝ, ʾʭ ʜʦ-

ʪʨʠʤʘʥʥʷ ʨʦʙʠʪʴ ʧʨʠʚʘʙʣʠʚʠʤ ʙʫʜʴ-ʷʢʝ ʜʦʩʣʽʜʞʝʥʥʷ. ɺ ʥʘʰ ʯʘʩ ʻ ʧʦʧʫʣʷʨ-

ʥʠʤ ʥʘʧʠʩʘʥʥʷ ʩʪʘʪʝʡ ʫ Scopus / WoS ʽ ʪʘʤ ʚʠʤʘʛʘʶʪʴʩʷ ʩʘʤʝ ʪʘʢʽ ʢʨʠʪʝʨʽʾ 
(ʘʚʪʦʨʠ ʜʘʥʦʛʦ ʧʦʩʽʙʥʠʢʘ ʤʘʶʪʴ ʪʘʢʠʡ ʜʦʩʚʽʜ ʽ ʪʘʢʽ ʩʪʘʪʪʽ ʫ ʧʨʦʚʽʜʥʠʭ ʞʫʨ-

ʥʘʣʘʭ ʩʚʽʪʫ ʥʘ ʦʩʥʦʚʽ ʧʫʙʣʽʯʥʠʭ ʥʦʫʪʙʫʢʽʚ ʪʘ ʚʣʘʩʥʠʭ ʜʘʪʘʩʝʪʽʚ ʫ Kaggle).  

ʑʦʨʦʢʫ Kaggle ʧʨʦʚʦʜʠʪʴ ʦʧʠʪʫʚʘʥʥʷ ʢʦʨʠʩʪʫʚʘʯʽʚ (ʚ ʫʩʽʭ ʢʨʘʾʥʘʭ), ʘ 

ʧʦʪʽʤ ï ʢʦʥʢʫʨʩ ʪʠʧʫ çKaggle ML & DS Surveyè, ʜʝ ʩʪʘʶʪʴ ʜʦʩʪʫʧʥʠʤʠ ʘʥʦ-
ʥʽʤʽʟʦʚʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʮʴʦʛʦ ʦʧʠʪʫʚʘʥʥʷ (ʘʚʪʦʨʠ ʧʽʜʙʠʨʘʶʪʴ ʨʝʧʨʝʟʝʥʪʘʪʠ-

ʚʥʽ ʚʠʙʽʨʢʠ ʧʦ ʢʦʞʥʽʡ ʢʨʘʾʥʽ, ʷʢʱʦ ʦʧʠʪʫʚʘʥʠʭ ï ʤʘʣʦ, ʪʦʜʽ ʢʨʘʾʥʫ ʚʽʜʥʦʩʷʪʴ 

ʜʦ çOtherè). ʊʨʝʙʘ ʧʨʦʚʝʩʪʠ ʛʘʨʥʝ ʛʨʫʥʪʦʚʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʟ ʛʘʨʥʦʶ ʚʽʟʫʘʣʽ-
ʟʘʮʽʻʶ. ʇʝʨʝʤʦʞʮʽ ʦʪʨʠʤʫʶʪʴ ʛʘʨʥʽ ʛʨʦʰʦʚʽ ʧʨʠʟʠ. ʇʨʠʟʦʚʠʡ ʬʦʥʜ ʫ 2019-

2022 ʩʢʣʘʜʘʚ $30 ʪʠʩ.  

ʅʘʧʨʠʢʣʘʜ, ʫ 2019 ʨ. (ç2019 Kaggle ML & DS Surveyè)  ʪʨʝʙʘ ʙʫʣʦ 

ʨʦʟʧʦʚʽʩʪʠ ʽʩʪʦʨʽʶ ʜʘʥʠʭ ʧʨʦ ʛʨʫʧʠ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ, ʷʢʽ ʧʨʦʡʰʣʠ ʦʧʠʪʫ-
ʚʘʥʥʷ. ʅʘʧʨʠʢʣʘʜ: ʩʪʫʜʝʥʪʢʠ ʟ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʷʢʽ ʚʠʚʯʘʶʪʴ ʤʘʰʠʥʥʝ ʥʘʚ-

ʯʘʥʥʷ ʥʘ ʤʘʛʽʩʪʝʨʩʴʢʠʭ ʧʨʦʛʨʘʤʘʭ. 

ʋ 2019 ʨ. 1-ʰʝ ʤʽʩʮʝ ʧʦʩʽʚ ʜʦʩʣʽʜʥʠʢ, ʷʢʠʡ ʚʠʛʘʜʘʚ ʚʣʘʩʥʠʡ ʤʝʪʦʜ ʘʥʘ-
ʣʽʟʫ ʪʘ ʚʽʟʫʘʣʽʮʽʾ ʨʝʟʫʣʴʪʘʪʽʚ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʧʣʦʚʦʾ ʢʘʨʪʠ (ʨʠʩ. 2.15). ɿʘ 

ʜʦʧʦʤʦʛʦʶ ʢʦʞʥʦʛʦ ʥʘʙʦʨʫ ʪʘʢʠʭ ʢʘʨʪ ʚʽʥ ʧʦʷʩʥʶʚʘʚ ʜʽʾ ʪʘ ʨʦʙʠʚ ʮʽʢʘʚʽ ʚʠ-

ʩʥʦʚʢʠ ʱʦʜʦ ʨʽʟʥʠʭ ʛʨʫʧ ʜʦʩʣʽʜʥʠʢʽʚ. ʇʝʨʰʝ ʤʽʩʮʝ ʡʦʤʫ ʷʚʥʦ ʜʘʣʠ ʟʘ ʮʶ 

ʦʨʠʛʽʥʘʣʴʥʽʩʪʴ ʪʘ ʽʥʥʦʚʘʮʽʡʥʽʩʪʴ. 
 

 

 

https://www.kaggle.com/c/kaggle-survey-2019
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ʈʠʩ. 2.15 ï ɯʥʥʦʚʘʮʽʡʥʘ ʚʽʟʫʘʣʽʟʘʮʽʷ ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʪʝʧʣʦʚʠʭ ʢʘʨʪ ʫ ʥʦʫʪʙʫʮʽ çA story told through a heatmapè, ʷʢʘ ʧʦʩʽʣʘ 1 ʤʽ-
ʩʮʝ ʥʘ ʢʦʥʢʫʨʩʽ ç2019 Kaggle ML & DS Surveyè 

 

ʋ ʮʴʦʤʫ ʢʦʥʢʫʨʩʽ 2-ʛʝ ʤʽʩʮʝ ʧʦʩʽʚ ʥʦʫʪʙʫʢ çExploring PhD Community 
with Network Analysisè, ʷʢʠʡ ʚʠʨʽʰʫʚʘʚ ʜʫʞʝ ʮʽʢʘʚʫ, ʷʢ ʜʣʷ ʯʠʪʘʯʽʚ ʮʴʦʛʦ 

ʧʦʩʽʙʥʠʢʘ, ʟʘʜʘʯʫ ï ʛʨʫʧʫ ʫʯʘʩʥʠʢʽʚ ʟ PhD ʫ ʩʬʝʨʽ Data Science. ʁʦʛʦ ʮʽʢʘ-

ʚʠʣʦ ʮʝ ʧʠʪʘʥʥʷ, ʧʝʨʝʜʫʩʽʤ, ʷʢ ʜʣʷ ʘʩʧʽʨʘʥʪʽʚ, ʷʢʽ ʭʦʪʽʣʠ ʙ ʤʘʪʠ ʮʝʡ ʩʪʫʧʽʥʴ. 

ɺʽʥ ʜʦʩʣʽʜʞʫʚʘʚ ʨʽʟʥʽ ʘʩʧʝʢʪʠ. ʂʣʘʩʪʝʨʠʟʫʚʘʚ ʟʘ ʨʽʟʥʠʤʠ ʢʨʠʪʝʨʽʷʤʠ. ɸ ʥʘʡ-
ʙʽʣʴʰ ʮʽʢʘʚʠʤ ʻ ʤʝʨʝʞʝʚʠʡ ʘʥʘʣʽʟ. ʅʘ ʨʠʩ. 2.16 ʥʘʚʝʜʝʥʦ ʤʝʨʝʞʝʚʠʡ ʘʥʘʣʽʟ 

ʥʘʚʠʯʦʢ ʨʦʙʦʪʠ ʟ ʨʽʟʥʠʤʠ ʤʦʚʘʤʠ, ʩʝʨʝʜʦʚʠʱʘʤʠ, ʧʘʢʝʪʘʤʠ ʪʘ ʽʥ. ɺʠʢʦʨʠʩ-

ʪʘʥʠʡ ʤʝʪʦʜ ʛʨʘʬʦʚʦʾ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʟʽ ʩʪʘʪʪʽ [19] (ʧʨʦ ʮʝ ʧʨʷʤʦ ʥʘʧʠʩʘʥʦ ʫ 

ʥʦʫʪʙʫʮʽ). ʋʩʽ ʚʝʣʠʯʠʥʠ ʨʘʥʞʫʶʪʴʩʷ ʟʘ ʧʦʧʫʣʷʨʥʽʩʪʶ ʽ ʮʝ ʚʽʜʦʙʨʘʞʘʻʪʴʩʷ 
ʱʽʣʴʥʽʩʪʶ ʟʚôʷʟʢʽʚ, ʨʦʟʤʽʨʦʤ ʚʝʨʰʠʤ, ʙʣʠʟʴʢʽʩʪʶ ʜʦ ʷʜʨʘ (ʪʘʢ ʟʚʘʥʘ ï çk-

ʷʜʝʨʥʘ ʜʝʢʦʤʧʦʟʠʮʽʷè ï ʟ ʘʥʛʣ. çk-core decompositionè) ʪʘ ʢʦʣʴʦʨʦʤ: ʙʽʣʴʰ 

ʧʦʧʫʣʷʨʥʽ ʥʘʚʯʠʢʠ çʮʝʥʪʨʘʣʴʥʦʛʦ ʷʜʨʘè ʧʦʜʘʥʦ ʙʽʣʴʰ ʩʠʥʽʤ ʢʦʣʴʦʨʦʤ, 
ʤʝʥʰ ʧʦʧʫʣʷʨʥʽ ï ʙʽʣʴʰ ʩʚʽʪʣʠʤ ʙʣʘʢʠʪʥʠʤ, çʧʝʨʠʬʝʨʽʡʥʽè ï ʫ ʛʘʤʽ ʯʝʨʚʦ-

ʥʦʛʦ. ɸʥʘʣʽʟ ʧʦʢʘʟʫʻ (ʟʚʝʨʪʘʻʤʦ ʫʚʘʛʫ, ʱʦ ʮʝ ï ʣʠʰʝ 2019 ʨ.!): ʥʘʡʙʽʣʴʰ ʧʦ-

ʧʫʣʷʨʥʠʤʠ ʙʫʣʠ ʤʝʪʦʜʠ DL ʪʘ ʚʽʜʧʦʚʽʜʥʽ ʙʽʙʣʽʦʪʝʢʠ ʧʨʦʛʨʘʤʥʦʛʦ ʟʘʙʝʟʧʝ-

ʯʝʥʥʷ (ʢʦʥʚʦʣʶʮʽʡʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʛʝʥʝʨʘʪʠʚʥʽ ʟʤʘʛʘʣʴʥʽ ʥʝʡʨʦʤʝʨʝʞʽ 
(ʘʥʛʣ. çGenerative Adversarial Networksè), ʙʘʡʻʩʽʚʩʴʢʽ ʧʽʜʭʦʜʠ, ʨʝʢʫʨʝʥʪʥʽ 

ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, TensorFlow, Keras ʪʦʱʦ). MATLAB ʚʞʝ ʪʦʜʽ ʩʪʘʚʘʚ ʤʝʥʰ 

ʧʦʧʫʣʷʨʥʠʤ. 

https://www.kaggle.com/code/tkubacka/a-story-told-through-a-heatmap/notebook
https://www.kaggle.com/c/kaggle-survey-2019
https://www.kaggle.com/artvolgin/exploring-phd-community-with-network-analysis
https://www.kaggle.com/artvolgin/exploring-phd-community-with-network-analysis
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ʈʠʩ. 2.16 ï ɯʥʥʦʚʘʮʽʡʥʘ ʚʽʟʫʘʣʽʟʘʮʽʷ ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʘʥʠʭ ʱʦʜʦ ʥʘʚʠʯʦʢ ʜʘ-
ʪʘʩʘʡʥʪʠʩʪʽʚ ʟʽ ʩʪʫʧʝʥʝʤ PhD ʩʝʨʝʜ ʢʦʨʠʩʪʫʚʘʯʽʚ Kaggle ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʤʝʨʝʞʝʚʦʛʦ (ʛʨʘʬʦʛʦ) ʘʥʘʣʽʟʫ ʫ ʥʦʫʪʙʫʮʽ çExploring PhD Community with 

Network Analysisè, ʷʢʘ ʧʦʩʽʣʘ 2 ʤʽʩʮʝ ʥʘ ʢʦʥʢʫʨʩʽ ç2019 Kaggle ML & DS 

Surveyè 
 

ʋ 2019 ʨ. ʙʫʚ ʧʨʦʚʝʜʝʥʠʡ ʢʦʥʢʫʨʩ çData Science for Good: City of Los 

Angelesè, ʜʝ ʪʨʝʪʠʥʘ ʧʨʘʮʽʚʥʠʢʽʚ ʩʣʫʞʙ ʘʜʤʽʥʽʩʪʨʘʮʽʾ ʤ. ʃʦʩ-ɸʥʞʝʣʝʩ ʚʠʭʦ-
ʜʠʣʘ ʥʘ ʧʝʥʩʽʶ ʽ ʦʛʦʣʦʰʫʚʘʚʩʷ ʢʦʥʢʫʨʩ ʥʘ ʟʘʤʽʱʝʥʥʷ ʾʭ ʧʦʩʘʜ. ʄʝʪʘ ʢʦʥʢʫ-

ʨʩʫ ʧʦʣʷʛʘʣʘ ʚ ʪʦʤʫ, ʱʦʙ ʧʝʨʝʪʚʦʨʠʪʠ ʧʘʧʢʫ, ʥʘʧʦʚʥʝʥʫ ʧʨʦʩʪʠʤʠ ʪʝʢʩʪʦ-

ʚʠʤʠ ʦʛʦʣʦʰʝʥʥʷʤʠ ʧʨʦ ʨʦʙʦʪʫ, ʚ ʻʜʠʥʠʡ ʩʪʨʫʢʪʫʨʦʚʘʥʠʡ ʬʘʡʣ CSV, ʘ ʧʦ-

ʪʽʤ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʮʽ ʜʘʥʽ ʜʣʷ: 1) ʚʠʟʥʘʯʝʥʥʷ ʬʦʨʤʫʣʶʚʘʥʴ, ʷʢʽ ʤʦʞʫʪʴ 
ʥʝʛʘʪʠʚʥʦ ʚʧʣʠʚʘʪʠ ʥʘ ʧʨʝʪʝʥʜʝʥʪʽʚ; 2) ʧʦʢʨʘʱʠʪʠ ʨʽʟʥʦʤʘʥʽʪʥʽʩʪʴ ʽ ʷʢʽʩʪʴ 

ʟʘʷʚʥʠʢʽʚ; 3) ʩʧʨʦʩʪʠʪʠ ʚʠʟʥʘʯʝʥʥʷ ʪʦʛʦ, ʷʢʽ ʧʽʜʚʠʱʝʥʥʷ ʜʦʩʪʫʧʥʽ ʜʣʷ ʧʨʘ-

ʮʽʚʥʠʢʽʚ ʫ ʢʦʞʥʽʡ ʢʘʪʝʛʦʨʽʾ ʧʦʩʘʜ.  
ʇʝʨʰʝ ʤʽʩʮʝ ʧʦʩʽʚ ʢʦʤʧʣʝʢʩ ʟ 5 ʜʦʙʨʝ ʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʥʦʫʪʙʫʢʽʚ ʟ ʮʽ-

ʢʘʚʦʶ ʚʽʟʫʘʣʽʟʘʮʽʻʶ çBulletin Structuring Engine ï CoLAè (ʮʝ ï ʧʦʩʠʣʘʥʥʷ ʥʘ 

ʧʝʨʰʠʡ ʽʟ ʥʦʫʪʙʫʢʽʚ, ʘʣʝ ʥʘ ʧʦʯʘʪʢʫ ʻ ʛʽʧʝʨʪʝʢʩʪʦʚʝ ʤʝʥʶ ʟ ʧʝʨʝʤʠʢʘʥʥʷʤ 

ʥʘ ʫʩʽ 5). ʎʽ ʥʦʫʪʙʫʢʠ ʧʨʠʩʚʷʯʝʥʽ, ʧʝʨʝʜʫʩʽʤ, ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ 
ʜʘʥʠʭ, ʾʭ ʦʙʨʦʙʣʝʥʥʶ, ʘʥʘʣʽʟʫ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʾ ʾʭ ʦʩʦʙʣʠʚʦʩʪʝʡ. ɺ ʥʘʰ ʯʘʩ, 

https://www.kaggle.com/artvolgin/exploring-phd-community-with-network-analysis
https://www.kaggle.com/artvolgin/exploring-phd-community-with-network-analysis
https://www.kaggle.com/c/kaggle-survey-2019
https://www.kaggle.com/c/kaggle-survey-2019
https://www.kaggle.com/c/data-science-for-good-city-of-los-angeles
https://www.kaggle.com/c/data-science-for-good-city-of-los-angeles
https://www.kaggle.com/shivamb/1-bulletin-structuring-engine-cola
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ʪʘʢʝ ʦʙʨʦʙʣʝʥʥʷ ʛʘʨʥʦ ʚʠʢʦʥʫʶʪʴ ʨʽʰʝʥʥʷ ʥʘ ʦʩʥʦʚʽ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝ-

ʣʝʡ, ʫ ʪ.ʯ. ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ API ʯʘʪ-ʙʦʪʽʚ (ChatGPT ʪʘ ʽʥ.), ʘʣʝ ʛʘʨʥʘ ʚʽʟʫʘʣʽ-

ʟʘʮʽʷ ʪʘʢʦʛʦ ʦʙʨʦʙʣʝʥʥʷ ʧʦʢʠ ʤʽʩʪʠʪʴ ʟʥʘʯʥʠʡ ʝʣʝʤʝʥʪ ʪʚʦʨʯʦʩʪʽ ï  ʩʘʤʝ ʮʠʤ 
ʮʽʢʘʚʽ ʮʽ ʥʦʫʪʙʫʢʠ. ʅʘ ʨʠʩ. 2.17 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʜʝʷʢʦʾ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ 

ʫ ʨʽʟʥʠʭ ʥʦʫʪʙʫʢʘʭ ʮʴʦʛʦ ʢʦʤʧʣʝʢʩʫ. 

 

 
ʈʠʩ. 2.17 ï ɯʥʥʦʚʘʮʽʡʥʘ ʚʽʟʫʘʣʽʟʘʮʽʷ ʟʤʽʩʪʫ ʪʘ ʩʪʨʫʢʪʫʨʠ ʦʛʦʣʦʰʝʥʴ ʧʨʦ ʚʘ-

ʢʘʥʩʽʾ ʜʦ ʤʽʩʴʢʠʭ ʩʣʫʞʙ ʤ. ʃʦʩ-ɸʥʞʝʣʝʩ ʫ ʢʦʤʧʣʝʢʩʽ ʟ 5 ʥʦʫʪʙʫʢʽʚ 
çBulletin Structuring Engine ï CoLAè, ʷʢʠʡ ʧʦʩʽʚ 1 ʤʽʩʮʝ ʥʘ ʢʦʥʢʫʨʩʽ çData 

Science for Good: City of Los Angelesè 

 

ɯʥʰʠʡ ʥʦʫʪʙʫʢ çDSFG-CityOfLA-Analysis and Solutionè, ʷʢʠʡ ʧʦʩʽʚ 2 
ʤʽʩʮʝ, ʻ ʧʨʠʢʣʘʜʦʤ ʛʘʨʥʦʛʦ ʨʽʟʥʦʤʘʪʥʽʪʥʦʛʦ EDA ʢʦʤʧʣʝʢʩʫ ʪʝʢʩʪʦʚʦʾ ʽʥʬʦ-

ʨʤʘʮʽʾ. ʆʢʨʽʤ ʪʨʘʜʠʮʽʡʥʠʭ ʛʨʘʬʽʢʽʚ, ʻ ʘʥʘʣʽʟ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʙʣʽʦʪʝʢʠ 

SpaCy ʜʣʷ ʧʦʨʽʚʥʷʥʥʷ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʢʚʘʣʽʬʽʢʘʮʽʾ ʣʶʜʝʡ ʚʠʤʦʛʘʤ ʜʦ ʧʦʩʘʜ. 
ʅʘʡʙʽʣʴʰ ʮʽʢʘʚʠʤ ʻ ʽʥʪʝʨʘʢʪʠʚʥʠʡ ʛʨʘʬʽʢ ʟʚôʷʟʢʽʚ (ʨʠʩ. 2.18). ʋ ʨʘʟʽ ʤʠʰʝʶ 

ʥʘ ʚʝʨʰʠʥʫ ʛʨʘʬʘ ʫ ʚʠʛʣʷʜʽ ʙʣʘʢʠʪʥʦʛʦ ʢʦʣʘ, ʘʚʪʦʤʘʪʠʯʥʦ ʨʦʟʢʨʠʚʘʻʪʴʩʷ 

ʧʽʜʜʝʨʝʚʦ, ʧʦʚôʷʟʘʥʝ ʟ ʥʝʶ, ʫ ʨʘʟʽ ʧʦʚʪʦʨʥʦʛʦ ʥʘʪʠʩʥʝʥʥʷ ï ʧʽʜʜʝʨʝʚʦ ʘʚʪʦ-

ʤʘʪʠʯʥʦ ʧʨʠʭʦʚʫʻʪʴʩʷ. ʋ ʪʘʢʠʡ ʩʧʦʩʽʙ ʤʦʞʥʘ ʟʜʽʡʩʥʶʚʘʪʠ ʚʽʟʫʘʣʽʟʘʮʽʶ ʜʦ-
ʚʦʣʽ ʩʢʣʘʜʥʠʭ ʜʝʨʝʚ ʜʘʥʠʭ.  

https://www.kaggle.com/shivamb/1-bulletin-structuring-engine-cola
https://www.kaggle.com/c/data-science-for-good-city-of-los-angeles
https://www.kaggle.com/c/data-science-for-good-city-of-los-angeles
https://www.kaggle.com/tyagit3/dsfg-cityofla-analysis-and-solution
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ʈʠʩ. 2.18 ï ɯʥʪʝʨʘʢʪʠʚʥʝ ʜʝʨʝʚʦ ʟʚôʷʟʢʽʚ ʚʘʢʘʥʩʽʡ ʜʦ ʤʽʩʴʢʠʭ ʩʣʫʞʙ ʤ. ʃʦʩ-
ɸʥʞʝʣʝʩ ʫ ʥʦʫʪʙʫʮʽ çDSFG-CityOfLA-Analysis and Solutionè, ʷʢʠʡ ʧʦʩʽʚ 2 

ʤʽʩʮʝ ʥʘ ʢʦʥʢʫʨʩʽ çData Science for Good: City of Los Angelesè 

 
ʅʦʫʪʙʫʢ EDA for tabular data: Advanced Techniques ï ʮʝ ʢʦʣʝʢʮʽʷ ʥʘʡʢʨʘ-

ʱʠʭ ʥʦʫʪʙʫʢʽʚ Kaggle ʪʘ ʜʦʧʠʩʠ ʚʽʜ ʧʝʨʝʤʦʞʮʽʚ ʢʦʥʢʫʨʩʽʚ ʟ ʥʘʡʢʨʘʱʠʤ ʨʝ-

ʟʫʣʴʪʘʪʦʤ, ʱʦ ʤʽʩʪʷʪʴ ʚʠʩʦʢʦʨʽʚʥʝʚʽ ʪʝʭʥʽʢʠ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ 

(EDA) ʜʣʷ ʪʘʙʣʠʯʥʠʭ ʜʘʥʠʭ. 
ʋ 2020 ʨʦʮʽ ʚʽʜʙʫʚʩʷ ʱʦʨʽʯʥʠʡ ʢʦʥʢʫʨʩ 2020 Kaggle Machine Learning & 

Data Science Survey. ʂʦʥʢʫʨʩ ʩʧʨʷʤʦʚʘʥʠʡ ʥʘ ʩʪʚʦʨʝʥʥʷ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʪʘ 

ʮʽʢʘʚʠʭ ʽʩʪʦʨʽʡ ʥʘ ʦʩʥʦʚʽ ʥʘʙʦʨʫ ʜʘʥʠʭ ʦʧʠʪʫʚʘʥʥʷ. ʋʯʘʩʥʠʢʠ ʤʘʣʠ ʨʦʟʧʦ-
ʚʽʩʪʠ ʽʩʪʦʨʽʶ ʧʨʦ ʧʽʜʛʨʫʧʫ ʩʧʽʣʴʥʦʪʠ ʜʘʥʠʭ, ʧʨʝʜʩʪʘʚʣʝʥʫ ʚ ʮʴʦʤʫ ʦʧʠʪʫ-

ʚʘʥʥʽ, ʯʝʨʝʟ ʧʦʻʜʥʘʥʥʷ ʥʘʨʘʪʠʚʥʦʛʦ ʪʝʢʩʪʫ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʜʘʥʠʭ. ʆʮʽʥʶ-

ʚʘʥʥʷ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʪʘʢʠʭ ʢʨʠʪʝʨʽʾʚ, ʷʢ ʩʪʨʫʢʪʫʨʘ, ʦʨʠʛʽʥʘʣʴ-

ʥʽʩʪʴ ʪʘ ʜʦʢʫʤʝʥʪʘʮʽʷ. 
ʇʝʨʝh ʤʽʩʮʝ ʧʦʩʽʚ ʥʦʫʪʙʫʢ "One chart, many answers: Kaggle Surveys in 

Slopes" ï ʡʦʛʦ ʘʚʪʦʨ ʚʠʢʦʨʠʩʪʦʚʫʻ ʧʨʦʩʪʠʡ, ʘʣʝ ʽʥʥʦʚʘʮʽʡʥʠʡ ʪʠʧ ʛʨʘʬʽʢʫ 

(çʅʘʭʠʣʠè), ʱʦʙ ʜʦʩʣʽʜʠʪʠ, ʷʢ ʝʚʦʣʶʮʽʦʥʫʚʘʣʠ ʪʝʥʜʝʥʮʽʾ ʫ ʩʬʝʨʽ ʥʘʫʢʠ ʧʨʦ 
ʜʘʥʽ ʫ ʨʽʟʥʽ ʨʦʢʠ (ʟ 2018 ʧʦ 2020 ʨʽʢ). ʅʦʫʪʙʫʢ ʤʘʻ ʯʫʜʦʚʫ ʩʪʨʫʢʪʫʨʫ ʪʘ ʤʽʩ-

ʪʠʪʴ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʜʦʢʫʤʝʥʪʦʚʘʥʠʭ ʬʫʥʢʮʽʡ ʪʘ ʢʣʘʩʽʚ ʥʘ Python, ʘ ʽʥʪʝʨʘ-

ʢʪʠʚʥʽ ʛʨʘʬʽʢʠ ʟ ʥʘʭʠʣʘʤʠ ʜʦʟʚʦʣʷʶʪʴ ʜʦʩʣʽʜʞʫʚʘʪʠ ʮʽʢʘʚʽ ʪʝʥʜʝʥʮʽʾ ʪʘ ʟʘ-

ʢʦʥʦʤʽʨʥʦʩʪʽ.  
 

https://www.kaggle.com/tyagit3/dsfg-cityofla-analysis-and-solution
https://www.kaggle.com/c/data-science-for-good-city-of-los-angeles
https://www.kaggle.com/code/vbmokin/eda-for-tabular-data-advanced-techniques
https://www.kaggle.com/c/kaggle-survey-2020
https://www.kaggle.com/c/kaggle-survey-2020
https://www.kaggle.com/code/andresionek/one-chart-many-answers-kaggle-surveys-in-slopes/notebook
https://www.kaggle.com/code/andresionek/one-chart-many-answers-kaggle-surveys-in-slopes/notebook
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ʈʠʩʫʥʦʢ 2.19 ï ɯʥʥʦʚʘʮʽʡʥʠʡ ʪʠʧ ʛʨʘʬʽʢʫ (ʥʘʭʠʣʠ), ʱʦʙ ʜʦʩʣʽʜʠʪʠ, ʷʢ ʝʚʦ-
ʣʶʮʽʦʥʫʚʘʣʠ ʪʝʥʜʝʥʮʽʾ ʫ ʩʬʝʨʽ ʥʘʫʢʠ ʧʨʦ ʜʘʥʽ ʧʨʦʪʷʛʦʤ ʯʘʩʫ (ʟ 2018 ʧʦ 

2020 ʨʽʢ) 

 
ɼʨʫʛʝ ʤʽʩʮʝ ʟʘʡʥʷʚ ʘʚʪʦʨ ʥʦʫʪʙʫʢʫ "Enthusiast to Data Professional - 

What changes?" ï ʘʚʪʦʨ ʦʙ'ʻʜʥʘʚ Python, HTML ʪʘ Javascript ʚ ʻʜʠʥʦʤʫ ʥʦʫ-

ʪʙʫʮʽ, ʷʢʠʡ ʤʽʩʪʠʪʴ ʜʝʪʘʣʴʥ ̔ʪʘ ʽʥʬʦʨʤʘʪʠʚʥ ̔ʪʘʙʣʠʮ ̔ʪʘ ʚʽʟʫʘʣʽʟʘʮʽ.ʾ ʎʝʡ ʥʦ-

ʫʪʙʫʢ ʜʦʩʣʽʜʞʫʻ ʦʙʦʚ'ʷʟʢʠ ʨʽʟʥʠʭ ʧʨʦʬʝʩʽʡ ʫ ʛʘʣʫʟʽ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʪʘ ʤʽʩ-
ʪʠʪʴ ʙʘʛʘʪʦ ʜʦʜʘʪʢʦʚʠʭ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʙʛʦʚʦʨʝʥʴ, ʚʢʣʶʯʘʶʯʠ ʨʦʟʤʦʚʠ 

ʧʨʦ ʧʨʦʛʘʣʠʥʠ ʫ ʥʘʚʠʯʢʘʭ ʪʘ ʽʥʩʪʨʫʤʝʥʪʘʭ ʪʦʨʛʽʚʣʽ.  

 

https://www.kaggle.com/code/andresionek/one-chart-many-answers-kaggle-surveys-in-slopes/notebook
https://www.kaggle.com/competitions/kaggle-survey-2020/discussion/212949
https://www.kaggle.com/competitions/kaggle-survey-2020/discussion/212949
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ʈʠʩʫʥʦʢ 2.20 ï ɺʽʟʫʘʣʽʟʘʮʽʷ ʧʦʻʜʥʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʟ ʩʪʘʪʪʽ ʧʨʦ ʢʦʥʢʫʨʩ 

2020 Kaggle Machine Learning & Data Science Survey 

 

ʅʘ ʨʠʩ. 2.21 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʽʥʩʪʨʫʤʝʥʪʘʨʽʶ, ʟʛʘʜʘʥʦʛʦ ʫ ʨʦʟʜʽʣʽ 
2 ʚ ʮʽʣʦʤʫ, ʫ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ S(I). 

 

ʈʠʩʫʥʦʢ 2.21 ï ɯʥʬʦʛʨʘʬʽʢʘ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ (EDA) 

https://www.kaggle.com/competitions/kaggle-survey-2020/discussion/212949
https://www.kaggle.com/c/kaggle-survey-2020
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ʄʦʞʣʠʚʽ ʪʝʤʠ ʧʨʘʢʪʠʯʥʠʭ ʽ ʣʘʙʦʨʘʪʦʨʥʠʭ ʟʘʚʜʘʥʴ 

 
ʊʝʤʘ ˉ 1. ɺʠʙʽʨ ʧʽʜʭʦʜʽʚ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʜʣʷ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʚʽʟʫʘ-

ʣʽʟʘʮʽʾ ʜʘʥʠʭ ʥʘ Python (ʘʙʦ çʈʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ ʧʨʦ ʩʪʘʥ ʩʢʣʘʜʥʦʾ ʩʠʩ-

ʪʝʤʠ, ʘʥʘʣʽʟ ʪʘ ʚʽʜʙʽʨ ʦʟʥʘʢ, ʚʽʟʫʘʣʽʟʘʮʽʷ ʨʝʟʫʣʴʪʘʪʽʚ ʘʥʘʣʽʟʫ ʥʘ Pythonè). 

ʄʝʪʦʶ ʟʘʥʷʪʪʷ ʻ ʚʠʚʯʝʥʥʷ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʽ Python-ʙʽʙʣʽʦʪʝʢ ʨʦʟʚʽ-

ʜʫʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʡ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ ʪʘ ʦʧʘʥʫʚʘʥʥʷ ʧʨʘʢʪʠʯʥʠʭ ʥʘʚʠʯʦʢ ʾʭ ʟʘʩʪʦʩʫ-

ʚʘʥʥʷ ʥʘ ʧʨʠʢʣʘʜʽ ʦʜʥʦʛʦ ʽʟ ʜʘʪʘʩʝʪʽʚ Kaggle ʯʠ ʟʘ ʜʘʥʠʤʠ, ʟʘʚʘʥʪʘʞʝʥʠʤʠ ʯʝʨʝʟ API. 

ʇʣʘʥ ʟʘʥʷʪʪʷ: 

1. ɿʥʘʡʪʠ ʜʘʪʘʩʝʪ ʟ ʮʽʢʘʚʠʤʠ ʜʣʷ ʘʥʘʣʽʟʫ ʨʝʘʣʴʥʠʤʠ ʯʠ ʨʝʘʣʽʩʪʠʯʥʠʤʠ ʜʘʥʠʤʠ ʟ 

ʦʧʠʩʦʤ. ʆʧʪʠʤʘʣʴʥʦ ʟʥʘʡʪʠ ʜʘʪʘʩʝʪ Kaggle, ʚ ʷʢʦʤʫ ʻ ʧʫʙʣʽʯʥʽ ʥʦʫʪʙʫʢʠ ʟ ʤʝʜʘʣʷʤʠ 

(ʭʦʯʘ ʙ ʙʨʦʥʟʦʚʠʤʠ). ʆʧʠʩʘʪʠ ʡʦʛʦ. 

2. ɺʠʙʨʘʪʠ Python-ʙʽʙʣʽʦʪʝʢʠ, ʷʢʽ ʙʫʜʫʪʴ ʚʠʢʦʨʠʩʪʘʥʽ ʜʣʷ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ ʘʥʘ-

ʣʽʟʫ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʘʥʠʭ (EDA): Matplotlib, Seaborn, Plotly, Pandas, Sklearn ʪʦʱʦ, ʽ ʟʘʟʥʘ-

ʯʠʪʠ ʜʣʷ ʯʦʛʦ ʩʘʤʝ. 

3. ɿʨʦʙʠʪʠ ʦʛʣʷʜ ʥʦʫʪʙʫʢʽʚ ʯʠ ʩʪʘʪʝʡ ʱʦʜʦ ʜʘʪʘʩʝʪʫ ʟ ʧ.1 ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʙʣʽ-
ʦʪʝʢ ʟ ʧ.2 ʜʣʷ ʡʦʛʦ EDA. ʅʘʚʝʩʪʠ ʥʝ ʤʝʥʰʝ 5 ʛʨʘʬʽʢʽʚ, ʟ ʦʧʠʩʦʤ ʪʦʛʦ, ʷʢʽ ʩʘʤʝ ʟʘʢʦʥʦʤʽ-

ʨʥʦʩʪʽ ʚʦʥʠ ʽʣʶʩʪʨʫʶʪʴ ʽ ʱʦ ʩʘʤʝ ʥʘ ʥʠʭ ʚʠʜʥʦ. 

4. ʈʦʟʨʦʙʠʪʠ ʩʚʽʡ ʥʦʫʪʙʫʢ, ʷʢʠʡ ʧʨʦʚʦʜʠʪʴ ʘʥʘʣʦʛʽʯʥʝ ʯʠ ʽʥʰʝ ʜʦʩʣʽʜʞʝʥʥʷ (ʦʧ-
ʪʠʤʘʣʴʥʠʤ ʻ ʚʟʷʪʠ ʥʘʷʚʥʠʡ ʛʘʨʥʠʡ (ʽʟ ʟʦʣʦʪʦʶ ʯʠ ʩʨʽʙʥʦʶ ʤʝʜʘʣʣʶ) ʧʫʙʣʽʯʥʠʡ Kaggle-

ʥʦʫʪʙʫʢ ʽ ʘʜʘʧʪʫʚʘʪʠ ʡʦʛʦ ʜʦ ʽʥʰʦʛʦ ʜʘʪʘʩʝʪʫ ʪʘ ʩʘʤʦʤʫ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʢʠ ʧʨʦ ʨʝʟʫʣʴ-

ʪʘʪʠ EDA. 

ʇʨʠʢʣʘʜʠ ʥʦʫʪʙʫʢʽʚ ʟ EDA: 

- EDA for tabular data: Advanced Techniques 

- Heart Disease - Multiple Clustering by 12 methods 

- MNIST Original : 2D tSNE, 3D UMAP with RAPIDS 

- MNIST Digits Original : 2D t-SNE with Rapids 

- Automatic EDA with Pandas Profiling 2.9 (09.2020) 

- Titanic Top 3% : cluster analysis 

- Heart Disease - Automatic AdvEDA & FE & 20 models 

- Autoselection from 20 classifier models & L_curves 

- Biomechanical features - 20 popular models 

- Suspended substances prediction in river 

- AI -ML-DS Training. L1T: NH4 - linear regression 

ʊʘʢʦʞ, ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʘʪʠ ʫʩʽ ʥʦʫʪʙʫʢʠ ʟ ʜʘʪʘʩʝʪʽʚ COVID-19 in Ukraine: daily 

data  ʯʠ Forecasting Top Cryptocurrencies. 

 

ʂʦʥʪʨʦʣʴʥʽ ʧʠʪʘʥʥʷ 

1) ʑʦ ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʧʨʦʮʝʩ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ, ʽ ʯʦʤʫ ʮʝ ʚʘʞ-
ʣʠʚʦ ʧʝʨʝʜ ʧʦʜʘʣʴʰʠʤ ʘʥʘʣʽʟʦʤ? 

2) ʅʘʟʚʽʪʴ ʢʽʣʴʢʘ ʤʝʪʦʜʽʚ ʦʯʠʱʝʥʥʷ ʜʘʥʠʭ ʪʘ ʥʘʚʝʜʽʪʴ ʧʨʠʢʣʘʜʠ ʩʠ-

ʪʫʘʮʽʡ, ʢʦʣʠ ʚʦʥʠ ʤʦʞʫʪʴ ʙʫʪʠ ʟʘʩʪʦʩʦʚʘʥʽ. 

3) ʗʢʽ ʤʝʪʦʜʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʛʨʫʧʫʚʘʥʥʷ ʩʭʦ-
ʞʠʭ ʦʙ'ʻʢʪʽʚ? ʅʘʚʝʜʽʪʴ ʧʨʠʢʣʘʜʠ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ. 

4) ʗʢʠʤ ʯʠʥʦʤ ʤʝʪʦʜʠ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʜʘʥʠʭ ʤʦʞʫʪʴ ʜʦʧʦ-
ʤʦʛʪʠ ʫ ʧʦʜʘʣʴʰʦʤʫ ʘʥʘʣʽʟʽ ʪʘ ʤʦʜʝʣʶʚʘʥʥʽ? 

5) ʑʦ ʪʘʢʝ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ (EDA) ʽ ʷʢʽ ʟʘʚʜʘʥʥʷ ʚʽʥ ʚʠ-
ʨʽʰʫʻ ʚ ʧʨʦʮʝʩʽ ʘʥʘʣʽʟʫ ʜʘʥʠʭ? 

https://www.kaggle.com/vbmokin/eda-for-tabular-data-advanced-techniques
https://www.kaggle.com/vbmokin/heart-disease-multiple-clustering-by-12-methods
https://www.kaggle.com/vbmokin/mnist-original-2d-tsne-3d-umap-with-rapids
https://www.kaggle.com/vbmokin/mnist-digits-original-2d-t-sne-with-rapids
https://www.kaggle.com/vbmokin/automatic-eda-with-pandas-profiling-2-9-09-2020
https://www.kaggle.com/vbmokin/titanic-top-3-cluster-analysis
https://www.kaggle.com/vbmokin/heart-disease-automatic-adveda-fe-20-models
https://www.kaggle.com/vbmokin/autoselection-from-20-classifier-models-l-curves
https://www.kaggle.com/vbmokin/biomechanical-features-20-popular-models
https://www.kaggle.com/vbmokin/suspended-substances-prediction-in-river
https://www.kaggle.com/vbmokin/ai-ml-ds-training-l1t-nh4-linear-regression
https://www.kaggle.com/vbmokin/covid19-in-ukraine-daily-data/code
https://www.kaggle.com/vbmokin/covid19-in-ukraine-daily-data/code
https://www.kaggle.com/datasets/vbmokin/forecasting-top-cryptocurrencies
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6) ʗʢʽ ʚʽʟʫʘʣʽʟʘʮʽʡʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʧʨʦʚʝ-
ʜʝʥʥʷ EDA? ʅʘʚʝʜʽʪʴ ʧʨʠʢʣʘʜʠ ʪʠʧʽʚ ʛʨʘʬʽʢʽʚ. 

7) ʗʢʽ ʦʩʥʦʚʥʽ ʢʨʦʢʠ ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʨʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʜʘʥʠʭ, 
ʧʨʦʚʝʜʝʥʠʡ ʧʨʠʟʝʨʘʤʠ ʟʤʘʛʘʥʴ Kaggle? 

8) ʗʢʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʤʝʪʦʜʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʨʦʟʚʽʜʫʚʘʣʴʥʦʛʦ 
ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʫ ʢʦʥʢʫʨʩʘʭ Kaggle? 

9) ʗʢ ʚʠʟʥʘʯʠʪʠ ʘʥʦʤʘʣʽʾ ʘʙʦ ʚʠʢʠʜʠ ʚ ʜʘʥʠʭ ʧʽʜ ʯʘʩ EDA, ʽ ʷʢ ʮʝ 
ʚʧʣʠʚʘʻ ʥʘ ʧʦʜʘʣʴʰʠʡ ʘʥʘʣʽʟ? 

10) ʏʦʤʫ ʚʘʞʣʠʚʦ ʨʦʟʫʤʽʪʠ ʨʦʟʧʦʜʽʣ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ ʧʽʜ ʯʘʩ ʨʦʟʚʽʜʫ-

ʚʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʜʘʥʠʭ? 
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3 ɯʅɾɽʅɽʈɯʗ ʆɿʅɸʂ (FEATURE ENGINEERING ) 

 

3.1 ʆʩʥʦʚʥʽ ʟʘʜʘʯʽ ʪʘ ʝʪʘʧʠ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ (FE). ʉʠʥʪʝʟ ʥʦʚʠʭ 

ʦʟʥʘʢ 

 

ɯʥʞʝʥʝʨʽʷ ʦʟʥʘʢ (FE) ï ʮʝ ʘʥʘʣʽʟ ʪʘ ʦʙʨʦʙʣʝʥʥʷ ʦʟʥʘʢ (ʬʽʯʝʨʽʚ ï ʚʽʜ 

ʘʥʛʣ. çfeatureè) ʜʘʪʘʩʝʪʫ, ʫ ʪ.ʯ. ʚʠʜʘʣʝʥʥʷ ʤʘʣʦʽʥʬʦʨʤʘʪʠʚʥʠʭ ʪʘ ʩʠʥʪʝʟ ʥʦ-
ʚʠʭ. 

ʄʝʪʦʶ FE ʻ ʥʘʩʪʫʧʥʝ: 

- ʚʠʷʚʣʝʥʥʷ ʤʘʣʦʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʟʥʘʢ (ʥʘʧʨʠʢʣʘʜ, ʟ ʫʩʽʤʘ ʦʜʥʘʢʦ-

ʚʠʤʠ ʟʥʘʯʝʥʥʷʤʠ ʯʠ ʟ, ʧʝʨʝʚʘʞʥʦ, ʧʨʦʧʫʱʝʥʠʤʠ ʘʙʦ ʘʥʦʤʘʣʴʥʠʤʠ ʟʥʘʯʝʥ-
ʥʷʤʠ), ʷʢʽ ʤʦʞʥʘ ʚʠʜʘʣʠʪʠ, ʟʤʝʥʰʠʚʰʠ ʟʘʰʫʤʣʝʥʥʷ ʨʽʰʝʥʥʷ ʪʘ ʧʽʜʚʠʱʠ-

ʚʰʠ ʰʚʠʜʢʦʜʽʶ ʨʦʙʦʪʠ ʤʦʜʝʣʽ;  

- ʚʠʷʚʣʝʥʥʷ ʽ ʚʠʜʘʣʝʥʥʷ ʦʟʥʘʢ, ʷʢʽ ʤʘʶʪʴ ʜʝʪʝʨʤʽʥʦʚʘʥʠʡ ʟʚôʷʟʦʢ ʟ ʽʥ-
ʰʠʤʠ (ʢʦʨʝʣʷʮʽʷ ʜʦʨʽʚʥʶʻ 1 ï ʜʦʩʚʽʜ ʧʦʢʘʟʫʻ, ʱʦ ʪʘʢʝ ʙʫʚʘʻ ʥʘ ʧʨʘʢʪʠʮʽ: 

ʥʘʧʨʠʢʣʘʜ, ʬʘʭʽʚʮʽ ʟ ʤʦʥʽʪʦʨʠʥʛʫ ʷʢʦʩʪʽ ʚʦʜ ʦʜʥʽ ʧʦʢʘʟʥʠʢʠ ʚʠʤʽʨʶʶʪʴ, ʘ 

ʽʥʰʽ ʧʦ ʥʠʭ ʚʠʟʥʘʯʘʶʪʴ ʧʦ ʬʦʨʤʫʣʽ ʽ ʫʩʽ ʚʦʥʠ ʧʦʪʨʘʧʣʷʶʪʴ ʚ ʦʜʠʥ ʜʘʪʘʩʝʪ); 

- ʚʠʷʚʣʝʥʥʷ ʚʠʩʦʢʦʢʦʨʝʣʴʦʚʘʥʠʭ ʧʘʨ ʦʟʥʘʢ (ʢʦʝʬʽʮʽʻʥʪ ʢʦʨʝʣʷʮʽʾ ʻ ʚʠ-
ʱʠʤ ʟʘ 0.95, ʘ ʪʦ ʡ ï 0.99), ʘʣʝ ʱʦʜʦ ʚʠʜʘʣʝʥʥʷ ʦʜʥʽʻʾ ʟ ʥʠʭ ʩʣʽʜ ʧʦʩʪʘʚʠʪʠʩʴ 

ʦʙʝʨʝʞʥʦ ï  ʾ ʭ ʮʽʥʥʽʩʪʴ ʦʙʦʚôʷʟʢʦʚʦ ʩʣʽʜ ʦʢʨʝʤʦ ʜʦʩʣʽʜʠʪʠ; 

- ʚʠʷʚʣʝʥʥʷ ʽ ʚʠʜʘʣʝʥʥʷ çʚʠʪʦʢʽʚè, ʢʦʣʠ ʷʢʘʩʴ ʦʟʥʘʢʘ ʤʽʩʪʠʪʴ ʚ ʩʦʙʽ 
ʟʥʘʯʝʥʥʷ ʪʘʨʛʝʪʫ ʯʠ ʾʭ ʤʦʞʥʘ ʦʪʨʠʤʘʪʠ ʟ ʥʝʾ ʥʘ ʦʩʥʦʚʽ ʜʝʪʝʨʤʽʥʦʚʘʥʠʭ ʟʘʣʝ-

ʞʥʦʩʪʝʡ, ʪʦʙʪʦ ʤʦʜʝʣʴ ʧʨʦʩʪʦ ʤʦʞʝ ʧʦ ʥʽʡ ʥʘʧʨʷʤʫ ʪʦʯʥʦ ʦʙʯʠʩʣʠʪʠ ʪʘʨʛʝʪ; 

- ʘʥʘʣʽʟ ʚʘʞʣʠʚʦʩʪʽ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʷʢ ʚʽʜʥʦʩʥʦ ʧʨʦʩ-

ʪʠʭ ʤʦʜʝʣʝʡ (ʨʝʛʨʝʩʽʡ, ʜʝʨʝʚ ʨʽʰʝʥʴ), ʪʘʢ ʽ ï ʩʢʣʘʜʥʠʭ, ʫ ʨʘʟʽ ʧʨʦʭʦʜʞʝʥʥʷ 
ʮʴʦʛʦ ʝʪʘʧʫ ʧʦʚʪʦʨʥʦ ʚʞʝ ʧʽʩʣʷ ʝʪʘʧʫ ʧʦʙʫʜʦʚʠ ʩʢʣʘʜʥʠʭ ʤʦʜʝʣʝʡ; 

- ʩʠʥʪʝʟ ʥʦʚʠʭ ʙʽʣʴʰ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʟʥʘʢ ʟʘ ʟʥʘʯʝʥʥʷʤʠ ʥʘʷʚʥʠʭ, 

ʧʨʦ ʱʦ ʙʫʜʝ ʡʪʠʩʴ ʥʠʞʯʝ; 

- ʫʜʦʩʢʦʥʘʣʝʥʥʷ ʟʥʘʯʝʥʴ ʦʟʥʘʢ (ʤʦʞʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʴ ʦʧʝʨʘʮʽʾ 
ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ, ʘʣʝ ʚʽʜʤʽʥʥʽʩʪʴ ʚʽʜ ʧʦʧʝʨʝʜʥʴʦʛʦ ʨʦʟʜʽʣʫ ʚ ʪʦʤʫ, ʱʦ ʮʽ 

ʦʧʝʨʘʮʽʾ ʧʨʦʚʦʜʷʪʴʩʷ ʚʞʝ ʧʽʩʣʷ ʝʪʘʧʫ EDA). 

ɿ ʜʦʩʚʽʜʫ ʘʚʪʦʨʽʚ, ʦʜʥʘ ʟ̔ ʧʨʦʙʣʝʤ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ï ʮʝ ʟʥʘʯʥʘ 
ʢʽʣʴʢʽʩʪʴ ʧʨʦʧʫʱʝʥʠʭ ʜʘʥʠʭ ʫ ʪʘʙʣʠʮʽ, ʥʘʧʨʠʢʣʘʜ, ʫ ʤʝʜʠʯʥʠʭ ʜʘʥʠʭ, ʟʽʙʨʘ-

ʥʠʭ ʟ ʨʽʟʥʠʭ ʣʽʢʘʨʝʥʴ ʟʘ ʨʽʟʥʽ ʨʦʢʠ. ʗʢʱʦ ʚʠʜʘʣʠʪʠ ʫʩʽ ʨʷʜʢʠ, ʜʝ ʻ ʧʨʦʧʫ-

ʱʝʥʽ, ʯʠ ï ʫʩʽ ʩʪʦʚʧʮʽ, ʪʦʜʽ ʤʦʞʝ ʚʠʜʘʣʠʪʠʩʴ ʫʩʝ. ʊʦʜʽ ʡʜʫʪʴ ʥʘ ʢʦʤʧʨʦʤʽʩ: 

ʩʧʦʯʘʪʢʫ ʚʠʜʘʣʷʶʪʴ ʨʷʜʢʠ ʟ ʥʘʡʙʽʣʴʰʦʶ ʢʽʣʴʢʽʩʪʶ ʧʨʦʧʫʱʝʥʠʭ, ʧʦʪʽʤ ï 
ʩʪʦʚʧʮʽ (ʦʟʥʘʢʠ) ʽ ʪʘʢ ʧʦʚʪʦʨʶʶʪʴ ʜʝʢʽʣʴʢʘ ʨʘʟʽʚ. ɺ ʨʝʟʫʣʴʪʘʪʽ, ʪʘʙʣʠʮʷ ʟʤʝ-

ʥʰʫʻʪʴʩʷ, ʘʣʝ, ʫ ʥʽʡ ʤʦʞʝ ʟʘʣʠʰʠʣʠʩʴ ʜʦʩʪʘʪʥʴʦ ʜʘʥʠʭ ʜʣʷ ʘʥʘʣʽʟʫ ʽ 

ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ. 
ʄʝʪʦʜʠ FE, ʷʢ ʽ EDA, ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʷʢ ʜʦ ʫʩʽʭ ʜʘʥʠʭ, ʪʘʢ ʽ ʜʦ ʾʭ ʢʣʘ-

ʩʪʝʨʽʚ ʪʘ ʦʢʨʝʤʦ ʜʦ ʪʨʝʥʫʚʘʣʴʥʠʭ, ʚʘʣʽʜʘʮʽʡʥʠʭ ʽ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ. 

ɿʘʣʝʞʥʦ ʚʽʜ ʦʩʦʙʣʠʚʦʩʪʝʡ ʟʘʜʘʯʽ ʪʘ ʨʝʟʫʣʴʪʘʪʽʚ ʜʦʩʣʽʜʞʝʥʥʷ, FE ʤʦʞʝ 

ʤʽʩʪʠʪʠ ʥʘʩʪʫʧʥʽ ʝʪʘʧʠ (ʷʢʱʦ ʥʝ ʟʘʟʥʘʯʝʥʝ ʽʥʰʝ, ʪʦ ʤʘʻʪʴʩʷ ʥʘ ʫʚʘʟʽ ʪʘʙʣʠʮʷ 
ʜʘʥʠʭ): 
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1. ʉʠʥʪʝʟ ʧʨʠʥʮʠʧʦʚʦ ʥʦʚʠʭ ʦʟʥʘʢ ʥʘ ʦʩʥʦʚʽ ʟʥʘʥʴ ʧʨʦ ʧʨʝʜʤʝʪʥʫ ʦʙ-

ʣʘʩʪʴ. ɼʣʷ ʮʴʦʛʦ ʚʠʚʯʘʶʪʴ ʟʤʽʩʪ ʦʟʥʘʢ, ʧʦʩʪʘʥʦʚʢʫ ʟʘʜʘʯʽ, ʚʠʚʯʘʶʪʴ ʘʥʘʣʦʛʠ 

ʨʦʟʚôʷʟʘʥʥʷ ʧʦʜʽʙʥʠʭ ʟʘʜʘʯ ʫ GitHub, Kaggle, ʫ ʬʘʭʦʚʠʭ ʩʪʘʪʪʷʭ ʫ Google 
Scholar ʪʘ ʚ ʽʥʰʽʡ ʩʧʝʮʽʘʣʴʥʽʡ ʣʽʪʝʨʘʪʫʨʽ. ɯʥʦʜʽ, ʜʦʩʪʘʪʥʴʦ ʧʨʦʩʪʦ ʧʨʦʷʚʠʪʠ 

ʝʨʫʜʠʮʽʶ ʘʙʦ ʧʦʯʠʪʘʪʠ ʤʘʪʝʨʽʘʣʠ ʥʘ ʩʘʡʪʽ ʦʨʛʘʥʽʟʘʮʽʾ, ʷʢʘ ʥʘʜʘʣʘ ʜʘʥʽ, ʧʨʦ 

ʾʾ ʜʽʷʣʴʥʽʩʪʴ. ʅʘʧʨʠʢʣʘʜ, ʢʦʣʠ ʘʚʪʦʨʠ ʙʨʘʣʠ ʫʯʘʩʪʴ ʫ Kaggle-ʟʤʘʛʘʥʥʽ çNew 

York City Taxi Fare Predictionè ʫ 2018 ʨ., ʜʝ ʪʨʝʙʘ ʙʫʣʦ ʧʝʨʝʜʙʘʯʠʪʠ ʚʘʨʪʽʩʪʴ 
ʧʦʾʟʜʢʠ ʥʘ ʞʦʚʪʠʭ ʪʘʢʩʽ ʅʴʶ-ʁʦʨʢʫ, ʥʝ ʟʥʘʶʯʠ ʤʘʨʰʨʫʪ. ɼʘʪʘʩʝʪ ʤʽʩʪʠʚ 40 

ʤʣʥ. ʨʷʜʢʽʚ ʟʘ 5 ʨʦʢʽʚ. ɼʦʧʫʩʢʘʣʦʩʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʦʜʘʪʢʦʚʠʭ ʦʟʥʘʢ. ʎʝ ʙʫʚ 

ʧʝʨʰʠʡ ʢʦʥʢʫʨʩ 2-ʭ ʽʟ 3-ʭ ʘʚʪʦʨʽʚ ʫ Kaggle. ʄʠ ʟʛʝʥʝʨʫʚʘʣʠ ʮʽʣʠʡ ʨʷʜ ʥʦʚʠʭ 
ʜʫʞʝ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʟʥʘʢ, ʷʢʽ ʩʫʪʪʻʚʦ ʜʦʟʚʦʣʠʣʠ ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ: 

1) ʧʨʦʛʣʷʥʫʣʠ ʩʘʡʪ ʪʘʢʩʽ ʽ ʫʟʥʘʣʠ, ʱʦ ʪʘʤ ï ʛʥʫʯʢʘ ʪʘʨʠʬʽʢʘʮʽʷ ʫ ʛʦ-

ʜʠʥʠ çʧʽʢè, ʚʠʭʽʜʥʽ ʜʥʽ ʽ ʩʚʷʪʘ, ʜʣʷ ʧʦʾʟʜʦʢ ʚ ʘʝʨʦʧʦʨʪʠ ʪʘ ʽʥ. ʽ ʨʦʟʨʦʙʠʣʠ 

ʩʠʩʪʝʤʫ ʧʨʘʚʠʣ, ʷʢʽ ʜʦʟʚʦʣʠʣʠ ʜʦʜʘʪʠ ʚʽʜʧʦʚʽʜʥʽ ʦʟʥʘʢʠ ʫ ʜʘʪʘʩʝʪ ʟʘ ʮʠʤʠ 
ʟʘʢʦʥʦʤʽʨʥʦʩʪʷʤʠ, ʜʣʷ ʮʴʦʛʦ ʜʦʚʝʣʦʩʴ ʚʠʢʦʨʠʩʪʘʪʠ ʧʨʦʩʪʦʨʦʚʽ ʰʘʨʠ ʫ ʬʦʨ-

ʤʘʪʽ shp ʟ ʤʫʥʽʮʠʧʘʣʴʥʦʛʦ ʩʘʡʪʫ ʅʴʶ-ʁʦʨʢʘ (ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫ-

ʚʘʣʠ ʙʝʟʢʦʰʪʦʚʥʠʡ ʧʘʢʝʪ ʧʨʦʛʨʘʤ QGIS, ʘʣʝ ʡ ʥʘ Python ̒  ʚʽʜʧʦʚʽʜʥʽ ʟʘʩʦʙʠ 
ʦʙʨʦʙʣʝʥʥʷ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʾ ʧʨʦʩʪʦʨʦʚʠʭ ʜʘʥʠʭ), ʘ ʱʝ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʘʪʠ ʡ 

ʧʨʦʩʪʦ ʜʦʩʪʫʧʥʽ ʩʝʨʚʽʩʠ ʥʘ ʢʰʪʘʣʪ OpenStreetMaps ʯʠ ʽʥ.; 

2) ʪʘʢʩʽ ʯʘʩʪʦ ʙʝʨʫʪʴ ʚʽʜ ʯʠ ʜʦ ʩʪʘʥʮʽʡ ʤʝʪʨʦ ʽ ʚʦʢʟʘʣʽʚ (ʟʘʣʽʟʥʠʯʥʠʭ, 

ʘʚʪʦʤʦʙʽʣʴʥʠʭ, ʤʦʨʩʴʢʠʭ, ʨʽʯʢʦʚʠʭ) ï ʜʦʜʘʣʠ ʪʘʢʽ ʦʟʥʘʢʠ (ʪʝʞ ʚʠʢʦʨʠʩʪʘʣʠ 
ʢʘʨʪʫ, ʘ ʱʝ ï ʩʫʧʫʪʥʠʢʦʚʽ ʜʘʥʽ, ʥʘ ʷʢʠʭ ʜʦʙʨʝ ʙʫʣʦ ʚʠʜʥʦ ʜʝ ʩʘʤʝ ʪʘʤ ʧʘʨʢʫ-

ʶʪʴʩʷ ʪʘʢʩʽ, ʪʦʙʪʦ ï ʥʘ ʷʢʽʡ ʚʽʜʩʪʘʥʽ ʚʽʜ ʚʦʢʟʘʣʽʚ ʪʘ ʩʪʘʥʮʽʡ); 

3) ʚʨʘʭʫʚʘʣʠ ʤʝʪʝʦʫʤʦʚʠ (ʪʝʤʧʝʨʘʪʫʨʫ, ʜʦʱ, ʩʠʣʴʥʠʡ ʚʽʪʝʨ ʪʘ ʽʥ.), ʷʢʽ 
ʚʧʣʠʚʘʶʪʴ ʥʘ ʨʽʰʝʥʥʷ ʣʶʜʝʡ ʚʟʷʪʠ ʪʘʢʩʽ, ʘ ʥʝ ʡʪʠ ʧʽʰʢʠ ï ʟʘʚʘʥʪʘʞʠʣʠ ʾʭ ʟ 

ʩʘʡʪʽʚ ʘʝʨʦʧʦʨʪʽʚ; 

4) ʚʨʘʭʫʚʘʣʠ ʯʝʨʝʟ ʩʢʽʣʴʢʠ ʤʦʩʪʽʚ ʯʠ ʪʫʥʝʣʽʚ ʧʨʦʣʷʛʘʚ ʤʘʨʰʨʫʪ (ʧʨʦ-

ʚʝʣʠ ʫʤʦʚʥʽ ʣʽʥʽʾ ʤʽʞ ʯʘʩʪʠʥʘʤʠ ʤʽʩʪʘ, ʨʦʟʜʽʣʝʥʠʤʠ ʚʦʜʦʶ, ʘʧʨʦʢʩʠʤʫʚʘʣʠ 
ʾʭ ʨʽʚʥʷʥʥʷʤʠ ʧʨʷʤʠʭ, ʨʦʟʨʦʙʠʣʠ ʩʠʩʪʝʤʫ ʧʨʘʚʠʣ ʜʣʷ ʫʩʽʭ ʤʦʞʣʠʚʠʭ ʚʘʨʽʘ-

ʥʪʽʚ ʢʽʣʴʢʦʩʪʽ ʤʦʩʪʽʚ ʪʘ/ʘʙʦ ʪʫʥʝʣʽʚ (ʚʽʜ 0 ʜʦ 2) ʽ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʬʫʥʢʮʽʾ 

apply ʨʦʟʤʽʪʠʣʠ ʚʝʩʴ ʜʘʪʘʩʝʪ ï ʟʘʩʦʙʘʤʠ ʙʽʙʣʽʦʪʝʢʠ pandas ʮʝ ʩʧʨʘʮʶʚʘʣʦ 
ʜʫʞʝ ʰʚʠʜʢʦ. ɸ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʮʠʢʣʫ for ʟ ʨʦʟʛʘʣʫʞʝʥʥʷʤ ʮʝ ʙʫʣʦ ʙ ʥʘ-

ʙʘʛʘʪʦ ʜʦʚʰʝ. ɺʘʞʣʠʚʦ ʥʝ ʪʽʣʴʢʠ ʧʨʠʜʫʤʘʪʠ ʦʟʥʘʢʫ, ʘ ï ʡ ʰʚʠʜʢʽ ʟʘʩʦʙʠ ʾʾ 

ʦʙʯʠʩʣʝʥʥʷ, ʚʨʘʭʦʚʫʶʯʠ ʚʝʣʠʢʠʡ ʦʙʩʷʛ ʜʘʥʠʭ. ɼʣʷ ʜʝʷʢʠʭ ʜʘʪʘʩʝʪʽʚ ʮʝ 

ʤʦʞʝ ʟʘʡʥʷʪʠ ʥʘʜʪʦ ʙʘʛʘʪʦ ʯʘʩʫ. 
2. ɸʥʘʣʽʟ ʪʠʧʽʚ ʜʘʥʠʭ ʫʩʽʭ ʦʟʥʘʢ. ʗʢ ʧʨʘʚʠʣʦ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʬʫʥʢʮʽʾ 

ʜʣʷ ʜʘʪʘʬʨʝʡʤʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ df.info() ʙʽʙʣʽʦʪʝʢʠ pandas. ʂʨʽʤ ʪʦʛʦ, ʫ ʙʽʙ-

ʣʽʦʪʝʮʽ numpy ʻ ʩʧʝʮʽʘʣʴʥʽ ʢʦʥʩʪʘʥʪʠ, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʚʠʷʚʣʷʪʠ ʷʢʽ ʟ ʦʟʥʘʢ 

ʪʦʯʥʦ ʻ ʯʠʩʣʦʚʠʤʠ, ʘ ʷʢʽ ï ʥʽ. ɼʠʚʠʩʴ ʧʨʠʢʣʘʜʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʴʦʛʦ ʫ ʧʦʨʘ-
ʜʘʭ çTip 5.1è ʪʘ çTip 5.2è ʚ [10]). 

3. ɺʠʷʚʣʝʥʥʷ ʥʘʡʙʽʣʴʰ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʟʥʘʢ, ʷʢʽ ʟʘʜʦʚʦʣʴʥʷʶʪʴ ʪʘ-

ʢʠʤ ʤʽʥʽʤʘʣʴʥʠʤ ʚʠʤʦʛʘʤ: 
- ʥʝ ʻ ʚʠʪʦʢʦʤ,  

- ʥʝ ʻ ʢʦʥʩʪʘʥʪʦʶ; 

https://www.kaggle.com/competitions/new-york-city-taxi-fare-prediction
https://www.kaggle.com/competitions/new-york-city-taxi-fare-prediction
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- ʥʝ ʤʘ ̒ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ (ʯʠ ʾʭ ʦʜʨʘʟʫ ʥʝ ʙʫʣʦ, ʯʠ ʚʞʝ ʧʨʦʚʝʜʝʥʝ 

ʚʽʜʧʦʚʽʜʥʝ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ: ʚʠʜʘʣʝʥʥʷ ʨʷʜʢʽʚ ʯʠ ʽʤʧʫʪʠʥʛ); 

- ʥʝ ʻ ʦʟʥʘʢʦʶ, ʚʠʩʦʢʦʢʦʨʝʣʴʦʚʘʥʦʶ ʟ ʽʥʰʦʶ(ʠʤʠ). 
ɼʦʜʘʪʢʦʚʦʶ ʚʠʤʦʛʦʶ ʻ ʚʠʩʦʢʘ ʚʘʞʣʠʚʽʩʪʴ ʦʟʥʘʢʠ, ʘʣʝ ʧʨʦ ʮʝ ï ʫ ʧʽʜ-

ʨʦʟʜ. 3.3.  

4. ɼʠʩʢʨʝʪʠʟʘʮʽʷ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʟʥʘʢ ʰʣʷʭʦʤ ʫʪʚʦʨʝʥʥʷ ʤʘʣʦʾ ʤʥʦ-

ʞʠʥʠ (3-10) ʟʥʘʯʝʥʴ ʯʠʩʣʦʚʦʾ ʦʟʥʘʢʠ ʟʘʤʽʩʪʴ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʘʙʦ ʜʨʦʙʦʚʠʭ 
ʟʥʘʯʝʥʴ ʫ ʧʝʚʥʦʤʫ ʜʽʘʧʘʟʦʥʽ, ʥʘʧʨʠʢʣʘʜ, ʰʣʷʭʦʤ ʜʽʣʝʥʥʷ ʥʘʮʽʣʦ ʥʘ ʧʝʚʥʝ 

ʯʠʩʣʦ, ʷʢʝ ʻ 1/5 ʚʽʜ ʤʘʢʩʠʤʘʣʴʥʦʛʦ ï ʜʠʚ. ʧʦʨʘʜʫ çTip 5.4è ʚ [11]. 

5. ʌʦʨʤʘʣʴʥʠʡ ʩʠʥʪʝʟ ʥʦʚʠʭ (çʚʪʦʨʠʥʥʠʭè ʘʙʦ çʩʠʥʪʝʪʠʯʥʠʭè) ʦʟʥʘʢ 
ʟ ʥʘʷʚʥʠʭ ʟʘ ʪʘʢʠʤ ʘʣʛʦʨʠʪʤʦʤ (ʜʠʚ. ʧʨʠʢʣʘʜ ʪʘʤ ʞʝ ʫ çTip 5.4è ʚ [11]):  

1) ʧʝʨʝʪʚʦʨʠʪʠ ʟʥʘʯʝʥʥʷ ʥʘʷʚʥʠʭ ʽʥʬʦʨʤʘʪʠʚʥʠʭ ʦʟʥʘʢ ʥʘ ʪʠʧ çstrè; 

2) ʦʙôʻʜʥʘʪʠ ʟʥʘʯʝʥʥʷ 2, 3 ʯʠ ʙʽʣʴʰʝ ʦʟʥʘʢ ʯʝʨʝʟ ʷʢʠʡʩʴ ʩʠʤʚʦʣ (ʟʥʘʢ 

ʧʽʜʢʨʝʩʣʝʥʥʷ ç_è, ʜʝʬʽʩ ʯʠ ʽʥ.), ʘ ʪʦʜʽ, ʥʘʧʨʠʢʣʘʜ, ʜʣʷ i-ʾ ʪʘ j-ʦʾ ʦʟʥʘʢ ʜʘʪʘ-
ʬʨʝʡʤʫ df:  

df[i + "_" + j] = df[i].astype('str') + "_" + df[j].astype('str');           (3.1) 

3) ʟʘʢʦʜʫʚʘʪʠ ʥʦʚʦʫʪʚʦʨʝʥʽ ʟʥʘʯʝʥʥʷ ʯʠʩʣʘʤʠ (ʥʦʤʝʨʘʤʠ ʟʥʘʯʝʥʴ ʫ 
ʩʧʠʩʢʫ). 

ɼʣʷ ʚʠʷʚʣʝʥʥʷ ʜʽʡʩʥʦ ʮʽʢʘʚʠʭ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʚʘʨʪʦ ʦʙôʻʜʥʫʚʘʪʠ ʫ 

ʪʘʢʠʡ ʩʧʦʩʽʙ ʪʽʣʴʢʠ ʦʟʥʘʢʠ ʟ ʤʘʣʦʶ ʢʽʣʴʢʽʩʪʶ ʤʦʞʣʠʚʠʭ ʟʥʘʯʝʥʴ ï ʘʙʦ ʪʝʢ-

ʩʪʦʚʽ ʦʟʥʘʢʠ, ʘʙʦ ʜʠʩʢʨʝʪʠʟʦʚʘʥʽ (ʜʠʚ. ʧ.1) ʘʥʘʣʦʛʠ ʯʠʩʣʦʚʠʭ ʦʟʥʘʢ, ʪʦʜʽ ʻ 
ʰʘʥʩ ʚʠʷʚʣʝʥʥʷ ʥʦʚʠʭ ʮʽʢʘʚʠʭ ʢʣʘʩʽʚ. ʅʘʧʨʠʢʣʘʜ, ʚ ʢʦʥʢʫʨʩʽ çMicrosoft 

Malware Predictionè ʫ 2018 ʨʦʮʽ ʪʨʝʙʘ ʙʫʣʦ ʟʥʘʡʪʠ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ ʧʦʷʚʠ ʚʽ-

ʨʫʩʫ ʥʘ ʙʽʣʷ 9 ʤʣʥ. ʢʦʤʧôʶʪʝʨʽʚ ʟ MS Windows. ʆʙôʻʜʥʘʥʥʷ 2 ʯʠ 3 ʦʟʥʘʢ 
ʨʘʟʦʤ ʜʦʟʚʦʣʷʣʦ ʚʠʷʚʠʪʠ ʨʷʜ ʢʣʘʩʽʚ, ʷʢʽ ʤʘʣʠ ʥʘʡʙʽʣʴʰʫ ʡʤʦʚʽʨʥʽʩʪʴ ʧʦʷʚʠ 

ʚʽʨʫʩʽʚ, ʟʘʣʝʞʥʦ ʚʽʜ ʪʠʧʫ ʣʽʮʝʥʟʽʾ, ʤʦʚʠ ʙʨʘʫʟʝʨʘ, ʢʨʘʾʥʠ, ʚʝʨʩʽʾ ʦʧʝʨʘʮʽʡʥʦʾ 

ʩʠʩʪʝʤʠ ʪʘ ʽʥ.  

ɺʘʞʣʠʚʦ ʧʘʤôʷʪʘʪʠ, ʱʦ ʫ ʨʘʟʽ ʪʘʢʦʛʦ ʦʙôʻʜʥʘʥʥʷ ʽ ʚʠʷʚʣʝʥʥʷ ʜʽʡʩʥʦ 
ʮʽʢʘʚʠʭ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ, ʥʝ ʚʘʨʪʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʚ ʤʦʜʝʣʽ ʧʦʢʘʟʥʠʢʠ, ʟ 

ʷʢʠʭ ʫʪʚʦʨʠʣʠʩʴ ʥʦʚʽ, ʧʨʠʥʘʡʤʥʽ ʥʝ ʫʩʽ, ʽʥʘʢʰʝ ʚʦʥʠ ʫʩʽ ʨʘʟʦʤ ʥʝ ʙʫʜʫʪʴ 

ʥʝʩʪʠ ʢʦʨʠʩʥʦʾ ʽʥʬʦʨʤʘʮʽʾ. ʗʢʱʦ ʞ ʚ (3.1) ʚʠʢʦʨʠʩʪʘʪʠ ʥʝ ʜʦʜʘʚʘʥʥʷ, ʘ ï 
ʷʢʫʩʴ ʥʝʣʽʥʽʡʥʫ ʬʫʥʢʮʽʶ (ʤʥʦʞʝʥʥʷ, ʜʽʣʝʥʥʷ, ʢʦʨʽʥʴ, ʩʪʝʧʽʥʴ ʪʘ ʽʥ.), ʪʦʜʽ 

ʥʦʚʘ ʦʟʥʘʢʘ ʙʫʜʝ ʧʨʠʥʮʠʧʦʚʦ ʥʦʚʦʶ, ʷʢʫ ʙʽʣʴʰʽʩʪʴ ʤʦʜʝʣʝʡ ʥʝ ʟʤʦʞʫʪʴ ʩʠ-

ʥʪʝʟʫʚʘʪʠ ʩʘʤʦʩʪʽʡʥʦ, ʽ ʪʦʜʽ ʻ ʩʝʥʩ ʚʨʘʭʦʚʫʚʘʪʠ ʡ ʫʩʽ ʦʟʥʘʢʠ, ʟ ʷʢʠʭ ʚʦʥʠ 

ʩʠʥʪʝʟʦʚʘʥʘ. ʇʨʠʢʣʘʜʦʤ ʪʘʢʦʛʦ ʩʠʥʪʝʟʫ ʻ ʩʠʥʪʝʟ ʪʝʭʥʽʯʥʠʭ ʧʦʢʘʟʥʠʢʽʚ ʢʨʠ-
ʧʪʦʚʘʣʶʪʠ  ʫ ʧʽʜʨʦʟʜʽʣʽ 2.4 ʥʦʫʪʙʫʢʫ Crypto - BTC : Advanced Analysis & 

Forecasting.  

ʎʽʢʘʚʠʤ ʧʨʠʢʣʘʜʦʤ ʻ ʩʠʥʪʝʟ ʦʟʥʘʢʠ ʚ ʢʦʥʢʫʨʩʽ çGoogle Analytics 

Customer Revenue Predictionè (ɯʥʪʝʨʥʝʪ-ʤʘʛʘʟʠʥ Google), ʜʝ ʪʨʝʙʘ ʙʫʣʦ ʘʥʘ-
ʣʽʟʫʚʘʪʠ ʢʦʣʠ ʢʦʨʠʩʪʫʚʘʯ, ʷʢʠʡ ʧʨʦʛʣʷʜʘʻ ʩʪʦʨʽʥʢʠ ɯʥʪʝʨʥʝʪ-ʤʘʛʘʟʠʥʫ, ʥʘ-

ʨʝʰʪʽ ʱʦʩʴ ʢʫʧʠʪʴ ʽ ʧʝʨʝʜʙʘʯʘʪʠ ʦʙʩʷʛ ʪʨʘʥʟʘʢʮʽʡ, ʪʦʙʪʦ ʥʘ ʷʢʫ ʩʫʤʫ ʙʫʜʝ 

ʟʜʽʡʩʥʝʥʦ ʢʫʧʽʚʣʶ. ʆʜʠʥ ʽʟ ʜʦʩʣʽʜʥʠʢʽʚ ʟʘʧʨʦʧʦʥʫʚʘʚ ʦʙʯʠʩʣʠʪʠ ʦʟʥʘʢʫ 
çpageviews/hitsè, ʷʢʘ ʻ ʚʽʜʥʦʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʧʝʨʝʛʣʷʥʫʪʠʭ ʚʝʙ-ʩʪʦʨʽʥʦʢ, 

ʧʦʜʽʣʝʥʦʾ ʥʘ ʟʘʛʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʪʘʢ ʟʚʘʥʠʭ çʭʽʪʽʚè ï ʟʘʧʠʪʽʚ ʜʦ ʩʝʨʚʝʨʘ ʫʩʽʭ 

https://www.kaggle.com/competitions/microsoft-malware-prediction
https://www.kaggle.com/competitions/microsoft-malware-prediction
https://www.kaggle.com/code/vbmokin/crypto-btc-advanced-analysis-forecasting
https://www.kaggle.com/code/vbmokin/crypto-btc-advanced-analysis-forecasting
https://www.kaggle.com/c/ga-customer-revenue-prediction/overview
https://www.kaggle.com/c/ga-customer-revenue-prediction/overview
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ʪʠʧʽʚ (ʧʝʨʝʛʣʷʜ ʩʪʦʨʽʥʢʠ, ʥʘʪʠʩʢʘʥʥʷ ʥʘ ʢʥʦʧʢʠ, ʧʦʜʽʾ ʘʙʦ ʽʥʰʽ ʚʟʘʻʤʦʜʽʾ, ʱʦ 

ʧʨʠʟʚʦʜʷʪʴ ʜʦ ʧʝʨʝʜʘʯʽ ʜʘʥʠʭ ʘʥʘʣʽʪʠʯʥʽʡ ʩʠʩʪʝʤʽ). ʋ ʥʦʫʪʙʫʮʽ ʧʦʙʫʜʦʚʘʥʘ 

ʪʘʢʘ ʮʽʢʘʚʘ ʟʘʢʦʥʦʤʽʨʥʽʩʪʴ ʤʽʞ ʮʽʻʶ ʦʟʥʘʢʦʶ ʽ ʩʫʤʘʨʥʠʤ ʜʦʭʦʜʦʤ ʚʽʜ ʪʨʘʥ-
ʟʘʢʮʽʡ çtransactionRevenueè ʟʘ ʜʘʥʠʤʠ 2018-2019 ʨʨ. (ʨʠʩ. 3.1).  

 

 
ʈʠʩʫʥʦʢ 3.1. ɿʘʣʝʞʥʽʩʪʴ ʤʽʞ ʩʫʤʘʨʥʠʤ ʜʦʭʦʜʦʤ ʚʽʜ ʪʨʘʥʟʘʢʮʽʡ ʚ ɯʥʪʝʨʥʝʪ-

ʤʘʛʘʟʠʥʽ Google çtransactionRevenueè ʪʘ çpageviews/hitsè ï ʢʽʣʴʢʽʩʪʶ ʧʝʨʝʛ-

ʣʷʜʽʚ ʚʝʙ-ʩʪʦʨʽʥʦʢ, ʧʦʜʽʣʝʥʦʶ ʥʘ ʢʽʣʴʢʽʩʪʴ ʭʽʪʽʚ 

 
ʗʢ ʚʠʜʥʦ ʟ ʨʠʩ. 3.1, ʧʦ ʥʽʡ ʦʜʥʽʡ ʚʞʝ ʤʦʞʥʘ ʦʪʨʠʤʘʪʠ ʨʦʟʚôʷʟʦʢ ʟʘʜʘʯʽ 

ʯʠʤʘʣʦʾ ʪʦʯʥʦʩʪʽ, ʦʩʢʽʣʴʢʠ ʜʦʙʨʝ ʚʠʜʥʦ, ʧʽʩʣʷ ʷʢʦʛʦ ʧʦʨʦʛʦʚʦʛʦ ʟʥʘʯʝʥʥʷ 

ʢʣʽʻʥʪ ʧʨʘʢʪʠʯʥʦ ʪʦʯʥʦ ʱʦʩʴ ʢʫʧʠʪʴ, ʘ ʜʦ ʷʢʦʛʦ ï ʥʽ. ɿʚʠʯʘʡʥʦ, ʜʣʷ ʦʪʨʠ-

ʤʘʥʥʷ ʨʽʰʝʥʥʷ ʚʠʩʦʢʦʾ ʪʦʯʥʦʩʪʽ ʪʨʝʙʘ ʚʨʘʭʦʚʫʚʘʪʠ ʙʽʣʴʰʝ ʬʘʢʪʦʨʽʚ. 
ɺʟʘʛʘʣʽ, ʜʦʩʚʽʜ ʧʦʢʘʟʫʻ, ʱʦ ʚ ʙʣ̔ʴʰʦʩʪʽ ʟʘʜʘʯ ʥʝ ʚʘʨʪʦ ʚʟʘʛʘʣʽ ʚʠʜʘ-

ʣʷʪʠ ʥʽʷʢʽ ʽʥʬʦʨʤʘʪʠʚʥʽ ʦʟʥʘʢʠ ï ʨʽʜʢʦ, ʢʦʣʠ ʚʠʜʘʣʝʥʥʷ ʪʘʢʠʭ ʦʟʥʘʢ ʜʽʡʩʥʦ 

ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ, ʘʣʝ ʪʦʯʥʦ ʧʽʜʚʠʱʫʻ ʰʚʠʜʢʦʜʽʶ, ʝʢʦʥʦʤʠʪʴ ʦʧʝʨʘʪʠʚʥʫ 
ʧʘʤôʷʪʴ ʽ ʜʦʟʚʦʣʷʻ ʟʘʩʪʦʩʫʚʘʪʠ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʽ ʤʦʜʝʣʽ, ʷʢʽ, ʷʢʨʘʟ ʤʦʞʫʪʴ 

ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ. 

ɼʦ ʝʪʘʧʫ FE ʱʝ ʯʘʩʪʦ ʚʽʜʥʦʩʷʪʴ ʜʝʷʢʽ ʦʧʝʨʘʮʽʾ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ (ʜʠʚ. 

ʧ.1 ʽ 2 ʫ ʧʽʜʨʦʟʜ. 2.1) ʟ ʝʢʦʥʦʤʽʾ ʧʘʤôʷʪʽ ʟʘ ʨʘʭʫʥʦʢ ʫʪʦʯʥʝʥʥʷ ʬʦʨʤʘʪʫ ʦʟʥʘʢ 
ʪʘ ʪʨʘʥʩʬʦʨʤʘʮʽʶ ʬʦʨʤʘʪʽʚ. ʆʜʥʘʢ, ʤʠ ʮʽ ʦʧʝʨʘʮʽʾ ʚʽʜʥʦʩʠʤʦ ʜʦ ʧʝʨʝʜʦʙʨʦ-

ʙʣʝʥʥʷ, ʦʩʢʽʣʴʢʠ ʾʭ ʚʘʨʪʦ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʦʜʨʘʟʫ ʧʽʩʣʷ ʯʠ ʧʽʜ ʯʘʩ ʟʘʚʘʥʪʘ-

ʞʝʥʥʷ ʜʘʪʘʩʝʪʫ ʽ ʜʦ ʚʠʢʦʥʘʥʥʷ EDA. ɸ ʝʪʘʧ FE, ʟʘʟʚʠʯʘʡ, ʤʘʻ ʤʽʩʮʝ ʧʽʩʣʷ 
ʝʪʘʧʫ EDA. 

6. ɿʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ (ʢʽʣʴʢʦʩʪʽ) ʦʟʥʘʢ. ɯʥʦʜʽ ʜʘʪʘʩʝʪ ʤʦʞʝ ʤʘʪʠ 

ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ (ʩʦʪʥʽ, ʪʠʩʷʯʽ) ʦʜʥʦʪʠʧʥʠʭ ʦʟʥʘʢ ʽ ʮʝ ʩʫʪʪʻʚʦ ʫʩʢʣʘʜʥʶʻ 

ʡʦʛʦ ʦʙʨʦʙʣʝʥʥʷ. ʊʦʜʽ ʚʘʨʪʦ ʩʧʨʦʙʫʚʘʪʠ ʟʘʩʪʦʩʫʚʘʪʠ ʢʣʘʩʪʝʨʠʟʘʮʽʶ ʯʠ ʟʤʝ-
ʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ. ʆʜʥʘʢ, ʚʘʨʪʦ ʧʘʤôʷʪʘʪʠ ʪʘʢʽ ʦʩʦʙʣʠʚʦʩʪʽ: 

1) ʧʝʨʝʜ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʮʽʻʾ ʦʧʝʨʘʮʽʾ ʚʘʨʪʦ ʟʜʽʡʩʥʠʪʠ ʩʪʘʥʜʘʨʪʠʟʘʮʽʶ 

ʜʘʥʠʭ (ʜʠʚ. ʥʘʩʪʫʧʥʠʡ ʧʽʜʨʦʟʜʽʣ), ʱʦʙ ʦʟʥʘʢʠ ʘʥʘʣʽʟʫʚʘʣʠʩʴ ʦʜʥʦʪʠʧʥʦ; 
2) ʥʦʚʦʫʪʚʦʨʝʥʽ ʦʟʥʘʢʠ ʥʝ ʙʫʜʫʪʴ ʤʘʪʠ ʬʽʟʠʯʥʦʛʦ ʩʝʥʩʫ ï ʮʝ ʙʫʜʫʪʴ 

ʧʨʦʩʪʦ ʤʘʪʝʤʘʪʠʯʥʦ ʘʛʨʝʛʦʚʘʥʽ ʜʝʷʢʽ ʙʝʟʨʦʟʤʽʨʥʽ ʚʝʣʠʯʠʥʠ; 

3) ʫʩʽ ʦʧʝʨʘʮʽʾ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʫ Python-ʙʽʙʣʽʦʪʝʢʘʭ ʟʜʽʡʩʥʶʶʪʴ ʢʣʘʩʪʝ-

ʨʠʟʘʮʽʶ ʚ ʨʷʜʢʘʭ ʪʘʙʣʠʮʽ, ʘ ʚ ʜʘʥʦʤʫ ʚʠʧʘʜʢʫ ʾʾ ʩʣʽʜ ʨʦʙʠʪʠ ʫ ʩʪʦʚʧʮʷʭ, 
ʦʪʞʝ, ʧʝʨʝʜ ʢʣʘʩʪʝʨʠʟʘʮʽʻʁ  ʪʘʙʣʠʮʶ ʩʣʽʜ ʪʨʘʥʩʧʦʥʫʚʘʪʠ, ʘ ʧʦʪʽʤ, ʧʽʩʣʷ ʢʣʘ-

ʩʪʝʨʠʟʘʮʽʾ ʟʨʦʙʠʪʠ ʮʝ ʟʥʦʚ (ʧʨʠ ʮʴʦʤʫ ʩʣʽʜ ʜʫʞʝ ʫʚʘʞʥʦ ʟʙʝʨʽʛʘʪʠ ʥʦʤʝʨʠ 

https://www.kaggle.com/code/erikbruin/google-analytics-eda-lightgbm-screenshots/notebook


69 

 

ʨʷʜʢʽʚ ʽ ʩʪʦʚʧʮʽʚ, ʦʩʢʽʣʴʢʠ ʢʣʘʩʪʝʨʠʟʘʮʽʷ ʦʧʝʨʫʻ ʪʽʣʴʢʠ ʯʠʩʣʘʤʠ ʚ ʢʦʤʽʨʢʘʭ 

ʤʘʪʨʠʮʽ) (ʧʨʠʢʣʘʜ ʢʣʘʩʪʝʨʠʟʘʮʽʾ 300 ʩʪʦʚʧʮʽʚ ʤʝʜʠʯʥʦʛʦ ʜʘʪʘʩʝʪʫ ʜʠʚ. ʚ ʘʚ-

ʪʦʨʩʴʢʦʤʫ ʥʦʫʪʙʫʮʽ). 
7. ʌʘʢʪʦʨʥʠʡ ʘʥʘʣʽʟ. ʗʢ ʚʽʜʦʤʦ, ʦʜʥʽʻʶ ʟ ʦʩʥʦʚʥʠʭ ʮʽʣʝʡ ʬʘʢʪʦʨʥʦʛʦ 

ʘʥʘʣʽʟʫ ʻ ʚʠʷʚʣʝʥʥʷ ʧʨʠʭʦʚʘʥʠʭ (ʣʘʪʝʥʪʥʠʭ) ʬʘʢʪʦʨʽʚ, ʷʢʽ ʤʦʞʫʪʴ ʧʦʷʩʥʠʪʠ 

ʩʧʦʩʪʝʨʝʞʫʚʘʥʽ ʟʚ'ʷʟʢʠ ʤʽʞ ʦʟʥʘʢʘʤʠ ʚ ʜʘʪʘʩʝʪʽ. ʋ ʨʘʟʽ ʚʠʷʚʣʝʥʥʷ ʪʘʢʠʭ ʬʘ-

ʢʪʦʨʽʚ ʥʘ ʾʭ ʦʩʥʦʚʽ ʤʦʞʥʘ ʩʠʥʪʝʟʫʚʘʪʠ ʥʦʚʫ ʦʟʥʘʢʫ ʯʠ ʦʟʥʘʢʠ. ɸ ʫ ʨʘʟʽ, ʟʘ-
ʤʽʥʠ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʧʦʭʽʜʥʠʭ ʦʟʥʘʢ ʚʽʜ ʮʠʭ ʬʘʢʪʦʨʽʚ ʥʘ ʮʽ ʬʘʢʪʦʨʠ, ʱʦ ʾʭ 

ʩʧʨʠʯʠʥʷʶʪʴ, ʤʦʞʥʘ ʟʤʝʥʰʠʪʠ ʨʦʟʤʽʨʥʽʩʪʴ ʜʘʪʘʩʝʪʫ, ʷʢ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʧʦʧʝʨʝʜʥʴʦʛʦ ʧʨʠʡʦʤʫ. ɼʝʷʢʽ ʜʘʪʘʩʘʡʥʪʠʩʪʠ ʚʽʜʥʦʩʷʪʴ FE-ʧʨʠʡʦʤʠ ʬʘʢʪʦ-
ʨʥʦʛʦ ʘʥʘʣʽʟʫ, ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʪʘ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ʜʦ ʦʜʥʦʛʦ ʪʠʧʫ, ʦʩʢʽ-

ʣʴʢʠ ʨʝʟʫʣʴʪʘʪʦʤ ʾʭ ʫʩʽʭ ʻ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ. ʆʜʥʘʢ, ʬʘʢʪʦʨʥʠʡ ʘʥʘʣʽʟ 

ʜʘʻ ʽʥʰʫ ʽʥʪʝʨʧʨʝʪʘʮʽʶ ʚʠʷʚʣʝʥʠʤ ʟʘʢʦʥʦʤʽʨʥʦʩʪʷʤ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʦʧʝʨʘ-

ʮʽʡ ʢʣʘʩʪʝʨʠʟʘʮʽʾ, ʱʦ ʤʦʞʝ ʙʫʪʠ ʮʽʥʥʠʤ ʥʘ ʝʪʘʧʽ EDA, ʷʢʠʡ ʤʦʞʝ ʩʣʽʜʫʚʘʪʠ 
ʧʽʩʣʷ ʝʪʘʧʫ FE. 

8. ɸʚʪʦʤʘʪʠʯʥʠʡ ʩʠʥʪʝʟ ʥʦʚʠʭ ʦʟʥʘʢ (ʜʦ 1200 ʰʪʫʢ) ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʩʪʘʪʠʩʪʠʯʥʠʭ ʦʟʥʘʢ ʟ ʨʽʟʥʦʶ ʧʝʨʽʦʜʠʯʥʽʩʪʶ ʪʘ ʘʛʨʝʛʘʮʽʻʶ ʜʣʷ ʟʘʜʘʥʦʛʦ ʯʘ-
ʩʦʚʦʛʦ ʨʷʜʫ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʙʣʽʦʪʝʢʠ TSFresh, ʱʦ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʙʫʜʝ 

ʨʦʟʛʣʷʥʫʪʦ ʫ ʧʽʜʨʦʟʜ. 8.1. ʊʘʢʦʞ, ʪʘʤ ʙʫʜʝ ʨʦʟʛʣʷʥʫʪʦ ʱʝ ʨʷʜ ʩʧʝʮʠʬʽʯʥʠʭ 

ʧʨʠʡʦʤʽʚ ʜʣʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ: ʚʟʷʪʪʷ ʨʽʟʥʠʮʽ diff() ʯʠ ʨʽʟʥʠʮʽ ʨʽʟʥʠʮʴ 

diff().diff() ʩʫʩʽʜʥʽʭ ʟʥʘʯʝʥʴ, ʫʩʝʨʝʜʥʝʥʥʷ ʟ ʢʦʚʟʥʠʤ ʚʽʢʥʦʤ rolling() ʪʦʱʦ.  
9. ɼʦ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ ʤʦʞʫʪʴ ʚʽʜʥʦʩʠʪʠʩʴ ʦʧʝʨʘʮʽʾ ʟʽ ʟʥʘʯʝʥʥʷʤʠ ʦʟ-

ʥʘʢ (ʪʘʢʦʞ ʚʦʥʠ ʤʦʞʫʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ ʽ ʥʘ ʝʪʘʧʽ ʧʝʨʝʜʦʙʨʦʙʣʝʥʥʷ), ʷʢʱʦ 

ʾʭ ʥʝʦʙʭʽʜʥʽʩʪʴ ʙʫʣʘ ʚʠʷʚʣʝʥʘ ʥʘ ʝʪʘʧʽ EDA.  
ʅʘʧʨʠʢʣʘʜ, ʷʢʱʦ ʥʘ ʝʪʘʧʽ EDA ʧʦ ʛʽʩʪʦʛʨʘʤʽ ʙʫʣʦ ʚʠʷʚʣʝʥʦ, ʱʦ ʷʢʘʩʴ 

ʦʟʥʘʢʘ ʤʘʻ ʥʝʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʦʩʥʦʚʥʠʭ ʟʥʘʯʝʥʴ ʽ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ (ʽʥʦʜʽ ʧʦ 

1 ʰʪ) ʽʥʰʠʭ ʤʘʣʦʮʽʥʥʠʭ ʟʥʘʯʝʥʴ, ʪʦʜʽ ʻ ʩʝʥʩ ʫʩʽ ʪʘʢʽ ʤʘʣʦʮʽʥʥʽ ʟʥʘʯʝʥʥʷ ʟʘ-

ʤʽʥʠʪʠ ʥʘ ʦʜʥʝ çOtherè (ʜʠʚ. ʧʦʨʘʜʫ çTip 4.4è ʚ [10]). 
10. ʏʘʩʪʦ ʜʘʪʘʩʝʪ ʤʽʩʪʠʪʴ ʦʟʥʘʢʫ ʟ ʜʘʪʦʶ (ʽʥʦʜʽ ï ʜʘʪʘ ʽ ʯʘʩ ʟ ʪʦʯʥʽʩʪʶ 

ʜʦ ʤʽʣʽʩʝʢʫʥʜ). ɺʦʥʘ ʤʘʻ ʮʽʥʥʽʩʪʴ ʜʣʷ ʤʦʜʝʣʝʡ ʯʘʩʦʚʠʭ ʨʷʜʽʚ, ʘ ʜʣʷ ʤʦʜʝʣʝʡ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʪʘʙʣʠʮʴ ʟ ʦʟʥʘʢʘʤʠ ʚʦʥʘ ʤʘʻ ʮʽʥʥʽʩʪʴ ʣʠʰʝ, ʷʢ 
ʜʞʝʨʝʣʦ ʽʥʬʦʨʤʘʮʽʾ ʜʣʷ ʩʠʥʪʝʟʫ ʥʦʚʠʭ ʦʟʥʘʢ: ʨʽʢ, ʢʚʘʨʪʘʣ, ʤʽʩʷʮʴ, ʜʝʢʘʜʘ, 

ʪʠʞʜʝʥʴ, ʜʦʙʘ, 12-, 6-, 4-ʛʦʜʠʥʥʠʡ ʽʥʪʝʨʚʘʣ, ʛʦʜʠʥʠ çʧʽʢè ʪʦʱʦ. ʗʢ ʙʫʣʦ ʟʘ-

ʟʥʘʯʝʥʦ ʚʠʱʝ, ʷʢʱʦ ʜʘʪʫ ʟʘʣʠʰʠʪʠ, ʪʦʜʽ ʤʦʜʝʣʴ çʟʘʦʚʝʨʬʽʪʠʪʴʩʷè ʧʽʜ ʥʝʾ ʽ 

ʙʫʜʝ ʚʨʘʭʦʚʫʚʘʪʠ ʪʽʣʴʢʠ ʾʾ ʪʘ ʧʨʦʛʥʦʟʫʚʘʪʠ ʪʽʣʴʢʠ ʪʽ ʟʥʘʯʝʥʥʷ ʫ ʪʽ ʩʘʤʽ ʜʘʪʠ 
ʥʘʚʯʘʣʴʥʦʛʦ ʜʘʪʘʩʝʪʫ ʽ ʥʝ ʟʤʦʞʝ ʙʫʪʠ ʜʦʩʪʘʪʥʴʦ ʫʟʘʛʘʣʴʥʝʥʦʶ ʷʢ ʜʣʷ ʽʥʰʠʭ 

ʜʘʪ. 

11. ɹʘʣʘʥʩʫʚʘʥʥʷ ʨʽʟʥʠʭ ʢʣʘʩʽʚ ʪʘʨʛʝʪʘ ʫ ʪʨʝʥʫʚʘʣʴʥʦʤʫ ʜʘʪʘʩʝʪʽ. ɹʫ-

ʚʘʶʪʴ ʚʠʧʘʜʢʠ, ʢʦʣʠ ʦʜʠʥ ʚʘʨʽʘʥʪ ʪʘʨʛʝʪʘ ʻ ʜʫʞʝ ʨʽʜʢʠʤ, ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ ʽʥ-
ʰʠʤ(ʠ). ʎʝ ʫʩʢʣʘʜʥʶʻ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ. ʊʦʜʽ ʟʘʩʪʦʩʦʚʫʶʪʴ ʙʘʣʘʥʩʫʚʘʥʥʷ 

ʜʘʥʠʭ. ɿʘʛʘʣʦʤ-ʪʦ, ʮʝ ï ʧʩʫʚʘʥʥʷ ʜʘʥʠʭ, ʪʦʤʫ ʮʶ ʦʧʝʨʘʮʽʶ ʩʣʽʜ ʚʠʢʦʨʠʩʪʦ-

ʚʫʚʘʪʠ, ʷʢʱʦ ʥʝʤʘʻ ʯʠ ʥʝ ʻ ʝʬʝʢʪʠʚʥʠʤʠ ʽʥʰʽ ʩʧʦʩʦʙʠ, ʥʘʧʨʠʢʣʘʜ, ʚʠʢʦʨʠ-
ʩʪʘʪʠ ʩʧʝʮʽʘʣʴʥʽ ʧʘʨʘʤʝʪʨʠ ʤʦʜʝʣʝʡ ʜʣʷ ʚʨʘʭʫʚʘʥʥʷ ʬʘʢʪʫ ʜʠʩʙʘʣʘʥʩʫ ʟʥʘ-
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ʯʝʥʴ. ɼʣʷ ʙʘʣʘʥʩʫʚʘʥʥʷ ʜʘʥʠʭ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʘʪʠ, ʥʘʧʨʠʢʣʘʜ ʤʝʪʦʜ Syn-

thetic Minority Oversampling Technique (SMOTE) ï ʜʠʚ. ʧʨʠʢʣʘʜ ʫ ʩʪʘʪʪʽ ʧʦ 

ʘʥʘʣʽʟʫ ʭʚʦʨʠʭ ʥʘ ʢʦʨʦʥʘʚʽʨʫʩ ʫ ɺʝʣʠʢʦʙʨʠʪʘʥʽʾ [20]. 
ʋ ʥʦʫʪʙʫʢʫ [çTitanic Top 3% : cluster analysisè], ʟʛʘʜʘʥʦʤʫ ʫ ʧʽʜʨʦʟʜ. 

2.2, ʟʘʩʪʦʩʦʚʘʥʦ ʱʝ ʦʜʠʥ ʧʽʜʭʽʜ: ʚʽʜʙʠʨʘʶʪʴʩʷ ʧʘʨʠ ʨʽʟʥʠʭ ʬʽʯʝʨʽʚ, ʦʜʥʠʤ ʟ 

ʷʢʠʭ, ʱʦʨʘʟʫ, ʻ ʬʽʯʝʨ "WomanOrBoySurvived"). ɼʣʷ ʢʦʞʥʦʾ ʧʘʨʠ ʦʟʥʘʢ ʘʚ-

ʪʦʤʘʪʠʯʥʦ ʚʠʟʥʘʯʘʻʪʴʩʷ ʦʧʪʠʤʘʣʴʥʠʡ ʤʝʪʦʜ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʟʘ ʢʨʠʪʝʨʽʻʤ ʤʘ-
ʢʩʠʤʘʣʴʥʦʾ ʢʦʩʠʥʫʩʥʦʾ ʧʦʜʽʙʥʦʩʪʽ ʟ ʮʽʣʴʦʚʦʶ ʦʟʥʘʢʦʶ ʚ ʥʘʚʯʘʣʴʥʦʤʫ ʥʘʙʦʨʽ 

ʜʘʥʠʭ (ʧʦʚʥʘ ʧʦʜʽʙʥʽʩʪʴ ʜʦʨʽʚʥʶʻ 1). ʗʢʱʦ ʮʝʡ ʢʨʠʪʝʨʽʡ ʜʣʷ ʦʧʪʠʤʘʣʴʥʦʛʦ 

ʤʝʪʦʜʫ ʧʝʨʝʚʠʱʫʻ ʟʘʜʘʥʝ ʧʦʨʦʛʦʚʝ ʟʥʘʯʝʥʥʷ limit_opt, ʪʦʜʽ ʥʘ ʦʩʥʦʚʽ ʮʽʻʾ 
ʧʘʨʠ ʦʟʥʘʢ ʩʠʥʪʝʟʫʻʪʴʩʷ ʥʦʚʠʡ ʬʽʯʝʨ ʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʚ ʧʦʜʘʣʴʰʦʤʫ ʧʽʜ 

ʯʘʩ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɺʽʟʫʘʣʽʟʘʮʽʷ ʦʧʪʠʤʘʣʴʥʠʭ ʤʝʪʦʜʽʚ ʜʣʷ ʨʽʟʥʠʭ ʧʘʨ 

ʬʽʯʝʨʽʚ ʥʘʚʝʜʝʥʘ ʥʘ ʨʠʩ. 2.7 ʚʠʱʝ ʷʢ ʧʨʠʢʣʘʜ ʨʦʙʦʪʠ ʤʝʪʦʜʽʚ ʢʣʘʩʪʝʨʠʟʘʮʽʾ. 

ʅʘʚʝʜʝʥʽ ʦʧʝʨʘʮʽʾ FE ʧʦʪʨʝʙʫʶʪʴ ʧʝʚʥʦʾ ʪʚʦʨʯʦʩʪʽ ʽ ʧʨʦʚʦʜʷʪʴʩʷ, ʷʢ 
ʧʨʘʚʠʣʦ, ʧʦ ʯʝʨʟʽ ʟ ʝʪʘʧʦʤ EDA, ʚ ʮʠʢʣʽ. ɸʣʝ ʻ ʦʧʝʨʘʮʽʾ FE, ʷʢʽ ʧʨʦʚʦʜʷʪʴʩʷ 

ʚʞʝ ʟ ʬʽʥʘʣʴʥʠʤ ʜʘʪʘʩʝʪʦʤ, ʷʢʠʡ ʥʘ ʝʪʘʧʽ EDA ʚʠʟʥʘʯʝʥʠʡ ʷʢ ʪʘʢʠʡ, ʱʦ ʚʽ-

ʜʧʦʚʽʜʘʻ ʤʽʥʽʤʘʣʴʥʠʤ ʚʠʤʦʛʘʤ ʽ ʻ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʜʣʷ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʽ. ʎʝ 
ʦʧʝʨʘʮʽʾ ʩʪʘʥʜʘʨʪʠʟʘʮʽʾ ʽ ʥʦʨʤʘʣʽʟʘʮʽʾ ʜʘʥʠʭ.  

ʂʨʽʤ ʪʦʛʦ, ʻ ʚʘʞʣʠʚʠʡ ʝʪʘʧ FE ʷʢ ʘʥʘʣʽʟ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ. ɼʣʷ ʮʴʦʛʦ 

ʧʦʪʨʽʙʥʽ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ï ʘʙʦ ʩʧʨʦʱʝʥʽ (ʥʘ ʧʝʨʰʦʤʫ ʝʪʘʧʽ), 

ʘʙʦ ï ʚʞʝ ʧʽʩʣʷ ʝʪʘʧʫ, ʥʘʩʪʫʧʥʦʛʦ ʟʘ FE ï ʝʪʘʧʫ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʽ. ʈʦʟʛʣʷ-
ʥʝʤʦ ʮʽ ʦʧʝʨʘʮʽʾ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ. 

 

3.2 ʉʪʘʥʜʘʨʪʠʟʘʮʽʷ ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʷ ʦʟʥʘʢ 

 

ɹʽʣʴʰʽʩʪʴ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʥʘʤʘʛʘʶʪʴʩʷ ʧʽʜʣʘʰʪʫʚʘʪʠʩʴ 

ʧʽʜ ʫʩʽ ʦʟʥʘʢʠ ʦʜʥʘʢʦʚʦ, ʘʣʝ ʪʽ ʦʟʥʘʢʠ, ʷʢʽ ʤʘʶʪʴ ʙʽʣʴʰʫ ʜʠʩʧʝʨʩʽʶ, ʙʽʣʴʰʫ 

ʨʽʟʥʦʤʘʥʽʪʥʽʩʪʴ ʟʥʘʯʝʥʴ ʪʘ ʚʽʜʭʠʣʝʥʥʷ ʚʽʜ ʥʠʭ, ʙʫʜʫʪʴ ʙʽʣʴʰ ʚʧʣʠʚʦʚʠʤʠ, 
ʚʽʜʪʘʢ ʤʦʜʝʣʴ ʤʦʞʝ ʧʽʜ ʥʠʭ çʟʘʦʚʝʨʬʽʪʠʪʠʩʴè (ʩʘʤʝ ʪʦʤʫ ʚʠʱʝ ʜʘʚʘʣʘʩʴ ʧʦ-

ʨʘʜʘ ʚʠʜʘʣʷʪʠ ʦʟʥʘʢʫ ʟ ʤʦʤʝʥʪʘʤʠ ʜʘʪʠ ʽ ʯʘʩʫ). ʑʦʙ ʮʴʦʛʦ ʫʥʠʢʥʫʪʠ, ʜʘʥʽ 

ʚʘʨʪʦ ʩʪʘʥʜʘʨʪʠʟʫʚʘʪʠ (ʨʠʩ. 3.2).  
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ʈʠʩʫʥʦʢ 3.2 ï ʊʠʧʦʚʽ ʤʝʪʦʜʠ ʩʪʘʥʜʘʨʪʠʟʘʮʽʾ ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʾ ʦʟʥʘʢ  

Python-ʙʽʙʣʽʦʪʝʢʠ sklearn ʟ ʜʦʢʫʤʝʥʪʘʮʽʾ: ʘ) ʧʨʠʢʣʘʜ ʜʘʥʠʭ, ʜʝ ʧʨʦʻʢʮʽʷ ʜʘ-

ʥʠʭ ʥʘ ʚʝʨʪʠʢʘʣʴʥʫ ʚʽʩʴ ʷʚʥʦ ʻ ʙʽʣʴʰʦʶ ʟʘ ʧʨʦʻʢʮʽʻʶ ʥʘ ï ʛʦʨʠʟʦʥʪʘʣʴʥʫ; 
ʙ) ʨʝʟʫʣʴʪʘʪ ʢʣʘʩʠʯʥʦʾ ʩʪʘʥʜʘʨʪʠʟʘʮʽʾ; ʚ) ʨʝʟʫʣʴʪʘʪ ʤʽʥʽʤʘʢʩʥʦʛʦ ʤʘʩʰʪʘ-

ʙʫʚʘʥʥʷ; ʛ) ʨʝʟʫʣʴʪʘʪ ʨʦʙʘʩʪʥʦʾ ʩʪʘʥʜʘʨʪʠʟʘʮʽʾ; ʜ) ʨʝʟʫʣʴʪʘʪ ʥʦʨʤʘʣʽʟʘʮʽʾ 

ʜʘʥʠʭ 

 
ʋ ʙʽʙʣʽʦʪʝʮʽ Sklearn ʻ ʨʷʜ ʤʝʪʦʜʽʚ ʜʣʷ ʮʴʦʛʦ: 

1. ʉʪʘʥʜʘʨʪʠʟʘʮʽʷ (sklearn.preprocessing.StandardScaler) (ʜʠʚ. ʨʠʩ. 

3.2ʙ), ʷʢʘ ʚʠʢʦʥʫʻʪʴʩʷ ʜʦ ʫʩʽʭ ʟʥʘʯʝʥʴ ʦʟʥʘʢʠ ὼ, ʟʘ ʚʠʥʷʪʢʦʤ ʮʽʣʴʦʚʦʾ (ʪʘʨ-
ʛʝʪʘ) ʟ ʦʪʨʠʤʘʥʥʷʤ ʮʝʥʪʨʦʚʘʥʦʾ ʚʝʣʠʯʠʥʠ ὼ ʟʘ ʬʦʨʤʫʣʦʶ (ʭʦʯʘ, ʚ ʟʘʛʘʣʴ-

ʥʦʤʫ ʚʠʧʘʜʢʫ ʬʫʥʢʮʽʾ StandardScaler, ʚʠʨʘʟʠ ʫ ʟʥʘʤʝʥʥʠʢʫ ʪʘ ʯʠʩʝʣʴʥʠʢʫ ʻ 

ʦʧʮʽʦʥʘʣʴʥʠʤʠ, ʪʦʙʪʦ ʤʦʞʥʘ ʟʘʜʘʪʠ, ʱʦʙ ʚʦʥʠ ʥʝ ʚʠʢʦʥʫʚʘʣʠʩʴ: ʥʝ ʚʽʜʥʽʤʘ-

ʣʦʩʴ ʩʝʨʝʜʥʝ ά  ʘʙʦ ʥʝ ʙʫʣʦ ʜʽʣʝʥʥʷ ʥʘ ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʝ ʚʽʜʭʠʣʝʥʥʷ 

„): 

ὼ .             (3.2) 

ɿʘʚʜʷʢʠ ʮʽʡ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʫʩʽ ʦʟʥʘʢʠ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʥʘ ʨʽʚʥʦʟʥʘʯʥʽ 

ʟ ʦʜʥʘʢʦʚʦʶ ʜʠʩʧʝʨʩʽʻʶ ʪʘ ʨʦʟʢʠʜʦʤ ʟʥʘʯʝʥʴ ʩʠʤʝʪʨʠʯʥʦ ʥʘʚʢʦʣʦ ʥʫʣʷ (ʚʠ-

ʧʘʜʢʦʚʫ ʚʝʣʠʯʠʥʫ ʫ ʯʠʩʝʣʴʥʠʢʫ ʱʝ ʥʘʟʠʚʘʶʪʴ ʮʝʥʪʨʦʚʘʥʦ ʁ[21]). ɻʦʣʦʚʥʘ 
ʥʝʟʨʫʯʥʽʩʪʴ ʾʾ ʚ ʪʦʤʫ, ʱʦ, ʧʦ-ʧʝʨʰʝ, ʙʽʙʣʽʦʪʝʢʘ sklearn ʧʨʘʮʶʻ ʪʽʣʴʢʠ ʟ ʤʘʪ-

ʨʠʮʷʤʠ ï ʯʠʩʣʘʤʠ ʜʘʪʘʬʨʝʡʤʫ. ʆʪʞʝ, ʜʣʷ ʾʾ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʨʝʙʘ ʩʧʦʯʘʪʢʫ 

ʟʙʝʨʝʛʪʠ ʥʘʟʚʠ ʬʽʯʝʨʽʚ, ʩʪʘʥʜʘʨʪʠʟʫʚʘʪʠ, ʘ ʧʦʪʽʤ ʧʦʯʝʧʠʪʠ ʪʽ ʥʘʟʚʠ ï ʥʘʟʘʜ. 

ɸ ʧʦ-ʜʨʫʛʝ, ʚ ʪʦʤʫ, ʱʦ ʥʘ ʧʨʦʤʽʞʥʠʭ ʝʪʘʧʘʭ ʤʦʜʝʣʴ ʩʪʘʻ ʚʘʞʯʝ ʽʥʪʝʨʧʨʝʪʫ-
ʚʘʪʠ, ʦʩʢʽʣʴʢʠ ʬʽʯʝʨʠ ʚʪʨʘʯʘʶʪʴ ʩʚʽʡ ʧʝʨʚʠʥʥʠʡ ʟʤʽʩʪ ʪʘ ʨʦʟʤʽʨʥʽʩʪʴ. 

ɺʪʨʝʪʻ, ʩʣʽʜ ʥʝ ʟʘʙʫʚʘʪʠ ʧʽʩʣʷ ʚʠʢʦʥʘʥʥʷ ʦʙʨʦʙʣʝʥʥʷ ʚʠʢʦʥʘʪʠ ʟʚʦʨʦʪʥʫ 

ʦʧʝʨʘʮʽʶ, ʷʢʱʦ ʚʘʞʣʠʚʠʤ ʻ ʦʪʨʠʤʘʥʥʷ ʪʘ ʽʥʪʝʨʧʨʝʪʘʮʽʷ ʷʢʠʭʦʩʴ ʧʨʦʤʽʞʥʠʭ 

https://python-data-science.readthedocs.io/en/latest/normalisation.html
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ʨʝʟʫʣʴʪʘʪʽʚ. ʉʘʤʝ ʪʦʤʫ, ʮʷ ʦʧʝʨʘʮʽʷ ʥʝ ʻ ʦʙʦʚôʷʟʢʦʚʦʶ ʽ ʥʝ ʻ ʚʙʫʜʦʚʘʥʦʶ ʫ 

ʤʝʪʦʜʠ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ. ɰʾ ʚʘʨʪʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ, ʷʢʱʦ ʚʦʥʘ ʜʘʻ ʧʦʟʠʪʠ-

ʚʥʠʡ ʝʬʝʢʪ ʱʦʜʦ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʤʦʜʝʣʝʡ. 
ɻʦʣʦʚʥʝ, ʱʦ ʩʣʽʜ ʧʘʤôʷʪʘʪʠ, ʮʝ ʪʝ, ʱʦ ʩʪʘʥʜʘʨʪʠʟʫʚʘʪʠ ʪʘʨʛʝʪ ʥʝ ʤʦ-

ʞʥʘ, ʤʦʞʥʘ ï ʪʽʣʴʢʠ ʚʭʽʜʥʽ ʦʟʥʘʢʠ. ʗʢʱʦ ʤʝʪʦʶ ʻ ʪʽʣʴʢʠ ʧʝʨʝʜʙʘʯʝʥʥʷ ʪʘʨ-

ʛʝʪʘ, ʪʦʜʽ ʫʩʽ ʚʠʱʝ ʟʘʟʥʘʯʝʥʽ ʥʝʜʦʣʽʢʠ ʟʥʠʢʘʶʪʴ. ɼʘʥʽ ʩʪʘʥʜʘʨʪʠʟʫʶʪʴ, ʙʫ-

ʜʫʶʪʴ ʤʦʜʝʣʴ, ʧʨʦʚʦʜʷʪʴ ʧʝʨʝʜʙʘʯʝʥʥʷ ʽ ʘʥʘʣʽʟʫʶʪʴ ʚʞʝ ʪʽʣʴʢʠ ʪʘʨʛʝʪ.  
2. ʄʽʥʽʤʘʢʩʥʝ ʤʘʩʰʪʘʙʫʚʘʥʥʷ (sklearn.preprocessing.MinMaxScaler) 

(ʜʠʚ. ʨʠʩ. 3.2ʚ) ʦʟʥʘʢʠ ὼ ʟʜʽʡʩʥʶʶʪʴ ʧʦ ʾʾ ʤʽʥʽʤʘʣʴʥʦʤʫ ὼ  ʽ ʤʘʢʩʠʤʘʣʴ-

ʥʦʤʫ ὼ  ʟʥʘʯʝʥʥʷʭ ʟʘ ʬʦʨʤʫʣʦʶ (3.3). 

 

ὼ .           (3.3) 

 
ʁʦʛʦ ʥʘʡʙʽʣʴʰ ʧʦʧʫʣʷʨʥʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ï ʜʣʷ ʚʽʜʦʙʨʘʞʝʥʥʷ ʨʽʟʥʠʭ ʦʟ-

ʥʘʢ ʥʘ ʦʜʥʦʤʫ ʛʨʘʬʽʢʫ ʚ ʜʽʘʧʘʟʦʥʽ ʚʽʜ 0 ʜʦ 1 ʧʦ ʦʩʽ ʦʨʜʠʥʘʪ. ɼʣʷ ʧʦʙʫʜʦʚʠ 

ʤʦʜʝʣʝʡ ʮʝ ʧʝʨʝʪʚʦʨʝʥʥʷ ʥʝ ʻ ʝʬʝʢʪʠʚʥʠʤ, ʦʩʢʽʣʴʢʠ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘ-

ʚʯʘʥʥʷ, ʷʢ ʧʨʘʚʠʣʦ, ʩʘʤʦʩʪʽʡʥʦ ʚʨʘʭʦʚʫʶʪʴ ʪʘʢʫ ʣʽʥʽʡʥʫ ʪʨʘʥʩʬʦʨʤʘʮʽʶ. 
3. ʉʪʘʥʜʘʨʪʠʟʘʮʽʷ ʟʘ ʬʦʨʤʫʣʦʶ (3.2) ʤʦʞʝ ʧʨʠʟʚʦʜʠʪʠ ʜʦ ʟʥʘʯʥʠʭ 

ʩʧʦʪʚʦʨʝʥʴ ʜʘʥʠʭ, ʫ ʨʘʟʽ, ʷʢʱʦ ʻ ʟʥʘʯʥʽ ʘʥʦʤʘʣʽʾ. ɿʘ ʪʘʢʠʭ ʚʠʧʘʜʢʽʚ, ʟʘʩʪʦ-

ʩʦʚʫʶʪʴ ʨʦʙʘʩʪʥʫ ʩʪʘʥʜʘʨʪʠʟʘʮʽʶ sklearn.preprocessing.RobustScaler (ʜʠʚ. 
ʨʠʩ. 3.2ʛ). 

4. ɼʝʷʢʽ ʤʝʪʦʜʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʻ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ ʜʣʷ ʨʽʟʥʦʨʽʜʥʠʭ 
ʜʘʥʠʭ, ʷʢʱʦ ʾʭ ʩʧʦʯʘʪʢʫ ʥʦʨʤʘʣʽʟʫʚʘʪʠ (ʜʠʚ. ʨʠʩ. 3.2ʜ). ʄʦʞʣʠʚʽ 3 ʚʘʨʽʘʥʪʠ 

ʥʦʨʤʘʣʽʟʘʮʽʾ, ʚ ʟʘʣʝʞʥʦ ʚʽʜ ʚʠʙʨʘʥʦʾ ʥʦʨʤʠ: ʥʘ ʦʩʥʦʚʽ ʩʫʤʠ ʤʦʜʫʣʽʚ ʚʝʢʪʦʨʘ, 
ʥʘ ʦʩʥʦʚʽ ʻʚʢʣʽʜʦʚʦʾ ʥʦʨʤʠ (ʜʦʚʞʠʥʠ ʚʝʢʪʦʨʘ), ʱʦ ʻ ʚʘʨʽʘʥʪʦʤ ʟʘ ʟʘʤʦʚʯʫ-

ʚʘʥʥʷʤ), ʥʘ ʦʩʥʦʚʽ ʤʘʢʩʠʤʘʣʴʥʦʛʦ ʟʥʘʯʝʥʥʷ ʚʝʢʪʦʨʘ. 

ɿʘʟʚʠʯʘʡ, ʫʩʽ ʮʽ ʬʫʥʢʮʽʾ ʩʪʘʥʜʘʨʪʠʟʘʮʽʾ ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʾ ʥʘʣʘʰʪʦʚʫʶʪʴ 
(scaler.fit_transform) ʥʘ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, ʘ ʟʘʩʪʦʩʦʚʫʶʪʴ (scaler.transform) ʽ 

ʜʦ ʥʘʚʯʘʣʴʥʠʭ, ʽ ʜʦ ʪʝʩʪʦʚʠʭ, ʽʥʘʢʰʝ ʙʫʜʝ ï ʚʠʪʽʢ ʜʘʥʠʭ, ʪʦʙʪʦ ʤʦʜʝʣʴ ʩʪʘʥʝ 

ʥʝʧʨʘʮʝʟʜʘʪʥʦʶ ʟʘ ʨʝʘʣʴʥʠʭ ʫʤʦʚ, ʢʦʣʠ ʪʝʩʪʦʚʽ ʜʘʥʽ ʥʘʧʝʨʝʜ ʥʝʚʽʜʦʤʽ. 

ʅʘ ʨʠʩ. 3.3 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʽʥʩʪʨʫʤʝʥʪʘʨʽʶ, ʟʛʘʜʘʥʦʛʦ ʫ ʧʽʜʨʦʟ-
ʜʽʣʘʭ 3.1 ʪʘ 3.2, ʫ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ S(I). 

 

3.3 ʇʦʙʫʜʦʚʘ ʜʽʘʛʨʘʤ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʷ ʚʠʙʦʨʫ  

ʦʟʥʘʢ ʥʘ ʦʩʥʦʚʽ ʙʽʙʣʽʦʪʝʢ Sklearn, SHAP, LIME . ɯʥʪʝʨʧʨʝʪʘʙʝʣʴʥʽʩʪʴ 

ʤʦʜʝʣʝʡ.  

 

ʗʢ ʙʫʣʦ ʟʘʟʥʘʯʝʥʦ ʚʠʱʝ, ʚʘʞʣʠʚʦ ʥʝ ʪʽʣʴʢʠ ʧʦʙʫʜʫʚʘʪʠ ʤʦʜʝʣʴ ʤʘ-
ʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʘ ʡ ï ʚʤʽʪʠ ʟʨʦʙʠʪʠ ʧʦ ʥʽʡ ʧʨʘʚʠʣʴʥʽ ʚʠʩʥʦʚʢʠ. ʏʘʩʪʦ 

ʘʜʝʢʚʘʪʥʘ ʤʦʜʝʣʴ ʧʦʪʨʽʙʥʘ ʥʝ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ, ʘ ï ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʦʙˇʨʫ-

ʥʪʦʚʘʥʠʭ ʚʠʩʥʦʚʢʽʚ ʟʘ ʥʝʶ. ʊʦʤʫ ʚʘʞʣʠʚʦʶ ʻ ʽʥʪʝʨʧʨʝʪʘʙʝʣʴʥʽʩʪʴ ʤʦʜʝʣʝʡ. 
ɸ ʾʾ ʯʘʩʪʦ ʟʜʽʡʩʥʶʶʪʴ ʥʘ ʦʩʥʦʚʽ ʚʽʜʥʦʩʥʦʛʦ ʧʦʨʽʚʥʷʥʥʷ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʟʘ 

ʧʝʚʥʠʭ ʫʤʦʚ. 
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ɿʘ ʧʝʨʰʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ FE ʜʣʷ ʘʥʘʣʽʟʫ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʟʘʩʪʦʩʦʚʫ-

ʶʪʴʩʷ ʧʨʦʩʪʽ ʤʦʜʝʣʽ, ʥʘʧʨʠʢʣʘʜ, ʣʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ ʯʠ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʟ ʙʽʙʣʽʦ-

ʪʝʢʠ Sklearn ̔  ʚʠʟʥʘʯʘʻʪʴʩʷ ʚʘʞʣʠʚʽʩʪʴ ʦʟʥʘʢ (ʘʥʛʣ. çfeature importanceè - FI). 
ɹʫʜʫʻʪʴʩʷ ʚʽʜʧʦʚʽʜʥʘ FI-ʜʽʘʛʨʘʤʘ ʟʘ ʟʤʝʥʰʝʥʥʷʤ ʮʽʻʾ ʚʘʞʣʠʚʦʩʪʽ ʪʘ ʘʥʘʣʽʟʫ-

ʻʪʴʩʷ (ʨʠʩ. 3.3).  

 

 
ʈʠʩʫʥʦʢ 3.3 ï ʇʨʠʢʣʘʜ ʜʽʘʛʨʘʤʠ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʜʣʷ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʚ ʟʘ-

ʜʘʯʽ ʧʝʨʝʜʙʘʯʝʥʥʷ ʚʘʨʪʦʩʪʽ ʧʦʾʟʜʢʠ ʚ ʪʘʢʩʽ ʤ. ʅʴʶ-ʁʦʨʢ  

ʫ ʟʤʘʛʘʥʥʽ Kaggle ʫ 2018 ʨ. ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʨʽʰʝʥʥʷ 

 

ʇʦ ʜʽʘʛʨʘʤʽ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʚʘʨʪʦ ʨʦʙʠʪʠ ʪʘʢʽ ʚʠʩʥʦʚʢʠ: 
1. ʗʢʱʦ ʦʟʥʘʢʘ ʟʫʩʪʨʽʯʘʻʪʴʩʷ ʜʫʞʝ ʯʘʩʪʦ (ʤʦʞʝ ʡ ʚ ʫʩʽʭ ʨʷʜʢʘʭ ʜʘʪʘ-

ʬʨʝʡʤʫ), ʘʣʝ ʾʾ ʚʘʞʣʠʚʽʩʪʴ ʜʫʞʝ ʥʠʟʴʢʘ, ʪʦʜʽ ʾʾ ʚʘʨʪʦ ʚʠʜʘʣʠʪʠ ʷʢ ʥʝʽʥʬʦʨ-

ʤʘʪʠʚʥʫ, ʷʢʘ ʪʽʣʴʢʠ ʚʥʦʩʠʪʴ ʜʦʜʘʪʢʦʚʠʡ ʰʫʤ (ʜʠʚ. ʥʘ ʨʠʩ. 3.3 ʥʘ ʦʟʥʘʢʫ 
çpassenger_countè ï ʢʽʣʴʢʽʩʪʴ ʧʘʩʘʞʠʨʽʚ). 

2. ʗʢʱʦ ʦʟʥʘʢʘ ʻ ʜʫʞʝ ʚʘʞʣʠʚʦʶ, ʪʦʜʽ ʾʾ ʚʘʨʪʦ ʟʘʣʠʰʠʪʠ. 

3. ʗʢʱʦ ʦʟʥʘʢʘ ʤʘʻ ʥʠʟʴʢʫ ʚʘʞʣʠʚʽʩʪʴ, ʘʣʝ ʟʫʩʪʨʽʯʘʻʪʴʩʷ ʚʦʥʘ ʨʽʜʢʦ, 
ʪʦʜʽ ʾʾ ʮʽʥʥʽʩʪʴ ʩʣʽʜ ʘʥʘʣʽʟʫʚʘʪʠ ʪʽʣʴʢʠ ʧʦ ʪʦʯʥʦʩʪʽ ʤʦʜʝʣʽ (ʷʢʱʦ ʟ ʥʝʶ ʚʦʥʘ 
ʧʽʜʚʠʱʫʻʪʴʩʷ, ʪʦʜʽ ʩʣʽʜ ʟʘʣʠʰʠʪʠ, ʷʢʱʦ ï ʥʽ, ʪʦʜʽ ʤʦʞʥʘ ʚʠʜʘʣʠʪʠ). 
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ɺʠʜʘʣʷʪʠ ʦʟʥʘʢʠ ʥʘ ʦʩʥʦʚʽ ʪʽʣʴʢʠ ʾʭ ʚʘʞʣʠʚʦʩʪʽ ʚ FI-ʜʽʘʛʨʘʤʘʭ ï ʧʦ-

ʤʠʣʢʦʚʠʡ ʧʽʜʭʽʜ. ʅʘʧʨʠʢʣʘʜ, ʦʟʥʘʢʠ ʥʘ ʨʠʩ. 3.3 ʟ ʥʘʡʤʝʥʰʦʶ ʚʘʞʣʠʚʽʩʪʶ 

çbridgeè, çpeakè, çrestè, çsubway_dropoffè, ʷʢʽ ʚʨʘʭʦʚʫʚʘʣʠ ʯʝʨʝʟ ʩʢʽʣʴʢʠ 
ʤʦʩʪʽʚ ʘʙʦ ʪʫʥʝʣʽʚ ʧʨʦʭʦʜʠʚ ʤʘʨʰʨʫʪ ʪʘʢʩʽ, ʯʠ ʾʭʘʣʦ ʚʦʥʦ ʫ ʛʦʜʠʥʠ ʧʽʢ ʯʠ 

ʚʠʭʽʜʥʽ, ʯʠ ʧʘʩʘʞʠʨ ʩʽʚ ʘʙʦ ʚʠʡʰʦʚ ʙʽʣʷ ʩʪʘʥʮʽʡ ʤʝʪʨʦ, ʚʽʜʧʦʚʽʜʥʦ, ʘ ʪʘʢʦʞ 

ʦʟʥʘʢʠ ʟ ʥʘʟʚʘʤʠ 3-ʭ ʘʝʨʦʧʦʨʪʽʚ ʅʴʶ-ʁʦʨʢʘ, ʷʢʽ, ʯʝʨʝʟ ʾʭ ʤʘʣʝ ʟʥʘʯʝʥʥʷ, ʥʘ 

ʨʠʩ. 3.3 ʥʝ ʧʦʢʘʟʘʥʽ, ʜʦʟʚʦʣʠʣʠ ʥʘ 20% ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ ʧʝʨʝʜʙʘʯʝʥʥʷ 
ʚʘʨʪʦʩʪʽ ʧʦʾʟʜʢʠ. ʇʨʠʯʠʥʦʶ ʚ ʪʦʤʫ, ʱʦ ʜʽʘʛʨʘʤʘ ʥʘʨʠʩ. 3.3 ʧʦʢʘʟʫʻ ʚʘʞʣʠ-

ʚʽʩʪʴ ʦʟʥʘʢ ʥʝ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʜʘʥʠʭ, ʘ ï ʜʣʷ ʧʦʙʫʜʦʚʠ ʜʝʨʝʚʘ ʨʽʰʝʥʴ. ʏʠʤ 

ʫ ʙʽʣʴʰʽʩʪʴ ʢʽʣʴʢʦʩʪʽ ʚʫʟʣʽʚ (ʫʤʦʚ ʨʦʟʛʘʣʫʞʝʥʥʷ) ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʦʟʥʘʢʘ, 
ʪʠʤ ʚʦʥʘ ʻ ʚʘʞʣʠʚʽʰʦʶ. ɸ ʪʦʤʫ, ʦʟʥʘʢʠ, ʷʢʽ ʩʪʦʩʫʚʘʣʠʩʴ ʪʽʣʴʢʠ ʧʦʾʟʜʦʢ ʟʘ 

ʧʝʚʥʠʭ ʫʤʦʚ (ʫ ʧʝʚʥʠʡ ʯʘʩ ʯʠ ʫ ʧʝʚʥʠʭ ʢʦʦʨʜʠʥʘʪʘʭ) ʽ ʩʢʣʘʜʘʣʠ ʥʝʚʝʣʠʢʠʡ 

ʚʽʜʩʦʪʦʢ ʚʽʜ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʦʾʟʜʦʢ, ʬʽʛʫʨʫʶʪʴ ʫ ʧʦʨʽʚʥʷʥʦ ʥʝʚʝʣʠʢʽʡ 

ʢʽʣʴʢʦʩʪʽ ʧʨʘʚʠʣ. ʆʜʥʘʢ, ʮʝ ʙʫʣʠ ʧʦʾʟʜʢʠ ʟ ʥʘʡʙʽʣʴʰʦʶ ʚʘʨʪʽʩʪʶ ̔  ʚʦʥʠ ʥʘʡ-
ʙʽʣʴʰʝ ʚʧʣʠʚʘʣʠ ʥʘ ʧʦʭʠʙʢʫ. ɸ ʦʪʞʝ, ʾʭ ʚʠʜʘʣʷʪʠ ʥʝ ʤʦʞʥʘ.  

ɺʞʝ ʥʘ ʮʴʦʤʫ ʧʨʠʢʣʘʜʽ ʚʠʜʥʦ, ʱʦ ʽʥʩʪʨʫʤʝʥʪ FI-ʜʽʘʛʨʘʤ ʥʘ ʦʩʥʦʚʽ 

ʧʨʦʩʪʦʾ ʤʦʜʝʣʽ ʜʝʨʝʚ ʨʽʰʝʥʴ ʯʠ ʽʥ. ʻ ʥʝ ʜʫʞʝ ʥʘʜʽʡʥʠʤ ʪʘ ʦʜʥʦʟʥʘʯʥʠʤ. ɺ 
ʥʘʩʪʫʧʥʦʤʫ ʧʽʜʨʦʟʜʽʣʽ ʙʫʜʫʪʴ ʨʦʟʛʣʷʥʫʪʠ ʙʽʣʴʰ ʦʙôʻʢʪʠʚʥʽ ʩʧʦʩʦʙʠ ʧʦʙʫ-

ʜʦʚʠ ʜʽʘʛʨʘʤ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ, ʷʢʽ ʚʨʘʭʦʚʫʶʪʴ ʩʘʤʝ ʚʧʣʠʚ ʥʘ ʪʦʯʥʽʩʪʴ ʧʝ-

ʨʝʜʙʘʯʝʥʥʷ ʤʦʜʝʣʽ. 

ʅʘ ʝʪʘʧʽ FE ʚʘʞʣʠʚʠʤʠ ʻ ʥʝ ʪʽʣʴʢʠ ʤʝʪʦʜʠ ʘʥʘʣʽʟʫ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ, 
ʘ ʡ ï ʘʚʪʦʤʘʪʠʟʦʚʘʥʽ ʤʝʪʦʜʠ ʚʽʜʙʦʨʫ ʥʘʡʢʨʘʱʠʭ ʦʟʥʘʢ. ɼʣʷ ʮʴʦʛʦ ʽʩʥʫʶʪʴ 

ʩʧʝʮʽʘʣʴʥʽ ʤʝʪʦʜʠ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʚʠʙʦʨʫ ʦʟʥʘʢ (ʘʥʛʣ. çfeature selectionè ï FS) 

ʟ ʙʽʙʣʽʦʪʝʢʠ Sklearn [22]. ɹʽʣʴʰʽʩʪʴ ʟ ʥʠʭ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʚʠʙʨʘʥʫ ʘʥʘʣʽʪʠ-
ʢʦʤ ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ ʧʨʦ ʷʢʽ ʙʫʜʝ ʚʠʢʣʘʜʝʥʦ ʫ 

ʥʘʩʪʫʧʥʦʤʫ ʨʦʟʜʽʣʽ.  

1. ɺʽʜʙʽʨ ʦʟʥʘʢ ʟʘ ʢʦʝʬʽʮʽʻʥʪʦʤ ʢʦʨʝʣʷʮʽʾ ʇʽʨʩʦʥʘ (corr ʫ ʙʽʙʣʽʦʪʝʮʽ 

pandas ï ʜʣʷ ʣʽʥʽʡʥʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʯʠ ʦʟʥʘʢ, ʨʦʟʧʦʜʽʣʝʥʠʭ ʟʘ ʥʦʨʤʘʣʴʥʠʤ 
ʟʘʢʦʥʦʤ) ʯʠ ʉʧʽʨʤʝʥʘ (corr(method='spearman') ʫ ʙʽʙʣʽʦʪʝʮʽ pandas ï ʜʣʷ ʥʝ-

ʣʽʥʽʡʥʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʯʠ ʦʟʥʘʢ, ʨʦʟʧʦʜʽʣʝʥʠʭ ʥʝ ʟʘ ʥʦʨʤʘʣʴʥʠʤ ʟʘʢʦʥʦʤ).  

2. ɺʽʜʙʽʨ ʦʟʥʘʢ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʝʪʦʜʫ SelectFromModel ʟʘ ʜʦʧʦʤʦʛʦʶ 
ʧʝʚʥʦʾ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʷʢ ʧʨʘʚʠʣʦ, ʣʽʥʽʡʥʦʾ. ʅʘʧʨʠʢʣʘʜ ï ʟ ʤʦ-

ʜʝʣʣʶ LinearSVC ï ʣʽʥʽʡʥʠʡ ʤʝʪʦʜ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ, ʷʢʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻ ʛʽ-

ʧʝʨʧʣʦʱʠʥʫ ʜʣʷ ʨʦʟʜʽʣʝʥʥʷ ʢʣʘʩʽʚ ʫ ʧʨʦʩʪʦʨʽ ʦʟʥʘʢ (ʙʽʣʴʰ ʜʦʢʣʘʜʥʦ ʧʨʦ 

ʮʝʡ ʤʝʪʦʜ ʜʠʚ. ʫ ʧ. 4.1.7). ɺʘʞʣʠʚʽʩʪʴ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʦʮʽʥʶʻʪʴʩʷ ʘʙʦ ʟʘ ʤʦ-
ʜʫʣʝʤ ʚʘʛʦʚʦʛʦ ʢʦʝʬʽʮʽʻʥʪʘ (ʜʣʷ ʣʽʥʽʡʥʦʛʦ ʷʜʨʘ), ʘʙʦ ʟʘ ʨʦʟʪʘʰʫʚʘʥʥʷʤ ʚʽ-

ʜʦʤʦʾ ʛʽʧʝʨʧʣʦʱʠʥʠ (ʜʣʷ ʥʝʣʽʥʽʡʥʦʛʦ ʷʜʨʘ). ɸʣʝ ʤʦʞʣʠʚʠʤ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʡ ʽʥʰʠʭ ʣʽʥʽʡʥʠʭ ʤʦʜʝʣʝʡ (ʜʠʚ. ʥʠʞʯʝ ʧʽʜʨʦʟʜ. 4.1). 

3. ʄʝʪʦʜ SelectKBest. ʁʦʛʦ ʦʩʥʦʚʥʠʡ ʧʨʠʥʮʠʧ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦʙ ʟʘ 
ʜʦʧʦʤʦʛʦʶ ʚʠʟʥʘʯʝʥʦʾ ʤʝʪʨʠʢʠ (ʩʪʘʪʠʩʪʠʯʥʦʛʦ ʢʨʠʪʝʨʽʶ) ʚʠʙʨʘʪʠ K ʥʘʡ-

ʢʨʘʱʠʭ ʦʟʥʘʢ ʟ ʥʘʙʦʨʫ ʜʘʥʠʭ, ʷʢʽ ʤʘʶʪʴ ʥʘʡʙʽʣʴʰʠʡ ʚʧʣʠʚ. SelectKBest 

ʤʦʞʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʟ ʨʽʟʥʠʤʠ ʤʝʪʨʠʢʘʤʠ ʪʘ ʩʪʘʪʠʩʪʠʢʘʤʠ, ʟʘʣʝʞʥʦ ʚʽʜ 
ʪʠʧʫ ʟʘʜʘʯʽ (ʢʣʘʩʠʬʽʢʘʮʽʷ ʯʠ ʨʝʛʨʝʩʽʷ) ʽ ʧʨʠʨʦʜʠ ʜʘʥʠʭ. ʄʝʪʨʠʢʠ ʽ ʩʪʘʪʠʩ-

ʪʠʢʠ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ: F-ʩʪʘʪʠʩʪʠʢʘ, ʜʣʷ ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʦʟʥʘʢ - Chi-2 (ɢ2-
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ʢʨʠʪʝʨʽʡ); ʜʣʷ ʨʝʛʨʝʩʽʡʥʠʭ ʟʘʜʘʯ: ANOVA (ʘʥʛʣ. çANalysis Of VArianceè), 

ʢʦʝʬʽʮʽʻʥʪ ʢʦʨʝʣʷʮʽʾ ʇʽʨʩʦʥʘ ʯʠ ʉʧʽʨʤʝʥʘ ʪʦʱʦ. 

4. ɺʽʜʙʽʨ ʦʟʥʘʢ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʝʪʦʜʫ Recursive Feature Elimination 
(RFE). ɸʣʛʦʨʠʪʤ ʧʦʩʪʫʧʦʚʦ ʚʠʜʘʣʷʻ ʤʝʥʰ ʚʘʞʣʠʚʽ ʦʟʥʘʢʠ ʜʦ ʜʦʩʷʛʥʝʥʥʷ ʟʘ-

ʜʘʥʦʾ ʢʽʣʴʢʦʩʪʽ. ʂʣʶʯʦʚʠʤ ʻ ʧʘʨʘʤʝʪʨ çstepè. ʗʢʱʦ ʚʽʥ ʻ ʥʘʪʫʨʘʣʴʥʠʤ ʯʠʩ-

ʣʦʤ, ʪʦʜʽ ï ʟʘʜʘʻ ʢʽʣʴʢʽʩʪʴ ʦʟʥʘʢ, ʷʢʽ ʩʣʽʜ ʚʠʜʘʣʠʪʠ ʥʘ ʢʦʞʥʽʡ ʽʪʝʨʘʮʽʾ. ʗʢʱʦ 

ʚʽʥ ʚʽʜ 0 ʜʦ 1, ʪʦʜʽ ï ʚʢʘʟʫʻ ʷʢʠʡ ʚʽʜʩʦʪʦʢ (ʦʢʨʫʛʣʝʥʠʡ ʜʦ ʤʝʥʰʦʛʦ ʮʽʣʦʛʦ) 
ʦʟʥʘʢ ʩʣʽʜ ʚʠʜʘʣʠʪʠ ʟ ʫʩʽʻʾ ʤʥʦʞʠʥʠ. ʇʘʨʘʤʝʪʨ n_features_to_select ʚʢʘʟʫʻ 

ʩʢʣ̔ʴʢʠ ʦʟʥʘʢ ʩʣʽʜ ʟʘʣʠʰʠʪʠ. ɿʘ ʟʘʤʦʚʯʫʚʘʥʥʷʤ, ʮʝ ï 50%. ɸʙʦ ʤʦʞʝ ʟʘʜʘ-

ʚʘʪʠʩʴ ʪʦʯʥʘ ʢʽʣʴʢʽʩʪʴ ʯʠ ʚʽʜʩʦʪʦʢ, ʷʢʠʡ ʩʣʽʜ ʟʘʣʠʰʠʪʠ. ʋ ʮʴʦʤʫ ʤʝʪʦʜʽ ʩʣʽʜ 
ʟʘʜʘʚʘʪʠ ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʟʘ ʷʢʦʶ ʚʠʟʥʘʯʘʻʪʴʩʷ ʚʘʞʣʠʚʽʩʪʴ ʦʟ-

ʥʘʢ ʥʘ ʢʦʞʥʽʡ ʽʪʝʨʘʮʽʾ. ʄʝʪʦʜ ʥʝ ʤʘʻ ʦʙʤʝʞʝʥʴ ʥʘ ʮʝ ï ʜʦʩʣʽʜʥʠʢ ʤʦʞʝ ʚʠ-

ʙʠʨʘʪʠ, ʪʝʦʨʝʪʠʯʥʦ, ʙʫʜʴ-ʷʢʫ ʤʦʜʝʣʴ. 

5. ɺʽʜʙʽʨ ʦʟʥʘʢ ʟʘ ʜʦʧʦʤʦʛʦʶ VarianceThreshold ð ʚʠʜʘʣʷʶʪʴʩʷ 
ʦʟʥʘʢʠ ʟ ʥʠʟʴʢʦʶ ʚʘʨʽʘʪʠʚʥʽʩʪʶ (ʤʘʣʦʶ ʢʽʣʴʢʽʩʪʶ ʫʥʽʢʘʣʴʥʠʭ ʟʥʘʯʝʥʴ). 

ɿʚʽʜʩʠ ʡ ʥʘʟʚʘ: ʧʦʨʽʛ (ʘʥʛʣ. çThresholdè) ʜʣʷ ʜʠʩʧʝʨʩʽʾ (ʘʥʛʣ. çVarianceè). 

ɺʘʞʣʠʚʦ, ʱʦ ʮʝʡ ʤʝʪʦʜ ï ʽʥʚʘʨʽʘʥʪʥʠʡ ʜʦ ʟʥʘʯʝʥʴ ʮʽʣʴʦʚʦʾ ʦʟʥʘʢʠ. ɺʽʥ ʟʘ-
ʩʪʦʩʦʚʫʻʪʴʩʷ ʪʽʣʴʢʠ ʜʦ ʚʭʽʜʥʠʭ ʦʟʥʘʢ ʽ ʤʦʞʝ ʙʫʪʠ ʝʬʝʢʪʠʚʥʠʤ ʽ ʜʣʷ ʥʘʚʯʘʥʥʷ 

ʙʝʟ ʚʯʠʪʝʣʷ.  

ʋ ʧʦʨʘʜʘʭ çTip 5.8-5.15è ʚ [11]) ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʮʠʭ 

ʤʝʪʦʜʽʚ FE, ʘ ʪʘʢʦʞ ï ʚʘʨʽʘʥʪ, ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʨʘʥʞʫʚʘʪʠ ʩʢʽʣʴʢʠ ʨʘʟʽʚ ʢʦʞʥʘ 
ʦʟʥʘʢʘ ʙʫʣʘ ʥʘʡʢʨʘʱʦʶ (ʥʘʧʨʠʢʣʘʜ, ʫ ʧʝʨʰʽʡ 20-ʮʽ) ʟʘ ʢʦʞʥʠʤ ʤʝʪʦʜʦʤ, ʧʦ-

ʪʽʤ ʜʦʜʘʪʠ ʮʶ ʢʽʣʴʢʽʩʪʴ ʽ ʨʘʥʞʫʚʘʪʠ. ʎʝ ʻ ʙʘʛʘʪʦʢʨʠʪʝʨʽʘʣʴʥʠʤ ʤʝʪʦʜʦʤ ʚʽ-

ʜʙʦʨʫ ʦʟʥʘʢ.  
ʄʦʞʣʠʚʦ ʨʝʘʣʽʟʫʚʘʪʠ ʚʣʘʩʥʠʡ ʘʣʛʦʨʠʪʤ ʚʠʙʦʨʫ ʥʘʡʢʨʘʱʠʭ ʦʟʥʘʢ. ɺʽʥ 

ʤʦʞʝ ʚʢʣʶʯʘʪʠ ʚ ʩʝʙʝ ʨʽʟʥʽ ʢʨʠʪʝʨʽʾ, ʪʘʢʽ ʷʢ ʚʘʞʣʠʚʽʩʪʴ, ʽʥʬʦʨʤʘʪʠʚʥʽʩʪʴ ʯʠ 

ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʟʘʚʜʘʥʥʶ. ʌʽʥʘʣʴʥʠʡ ʚʠʙʽʨ ʤʦʞʝ ʙʘʟʫʚʘʪʠʩʷ ʥʘ ʘʥʘʣʽʟʽ ʚʘʞʣʠ-

ʚʦʩʪʽ ʦʟʥʘʢ, ʟʥʘʡʜʝʥʠʭ ʧʽʜ ʯʘʩ ʧʦʧʝʨʝʜʥʽʭ ʝʪʘʧʽʚ ʚʽʜʙʦʨʫ ʦʟʥʘʢ. ɼʠʚ. ʥʘʧʨʠ-
ʢʣʘʜ, ʷʢ ʮʝ ʟʨʦʙʣʝʥʦ ʚ ʘʚʪʦʨʩʴʢʦʤʫ ʥʦʫʪʙʫʮʽ [22] ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʣʷ 10 

ʤʝʪʦʜʽʚ ʦʜʥʦʯʘʩʥʦ ʟ ʧʦʜʘʣʴʰʠʤ ʫʟʘʛʘʣʴʥʝʥʥʷʤ ʟʘ ʢʽʣʴʢʽʩʪʶ ʨʘʟʽʚ ʧʦʪʨʘʧ-

ʣʷʥʥʷ ʚ ʥʘʡʢʨʘʱʽ. 
ɹʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ ʽʥʩʪʨʫʤʝʥʪʘʤʠ ʜʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʾ ʚʘ-

ʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʻ ʤʝʪʦʜʠ ʙʽʙʣʽʦʪʝʢ, ʦʩʥʦʚʘʥʽ ʥʘ ʪʝʦʨʽʾ ʽʛʦʨ ʪʘ ʥʘ ʘʧʨʦʢʩʠʤʘʮʽʾ 

ʩʧʨʦʱʝʥʠʤʠ ʤʦʜʝʣʷʤʠ ʚ ʦʢʦʣʽ ʢʦʥʢʨʝʪʥʦʛʦ ʧʨʠʢʣʘʜʫ ʜʘʥʠʭ. ʈʦʟʛʣʷʥʝʤʦ ʾʭ 

ʜʝʪʘʣʴʥʽʰʝ. 
ʅʘʡʙʽʣʴʰ ʮʽʢʘʚʽ ʽ ʜʝʪʘʣʴʥʽ ʧʦʷʩʥʝʥʥʷ ʦʟʥʘʢ ʽʟ ʛʘʨʥʦʶ ʚʽʟʫʘʣʽʟʘʮʽʻʶ 

ʟʘʙʝʟʧʝʯʫʶʪʴ ʤʝʪʦʜʠ ʙʽʙʣʽʦʪʝʢʠ SHAP.  

SHAP (ʘʥʛʣ. çSHapley Additive exPlanationsè) ï ʮʝ ʪʝʦʨʝʪʠʢʦ-ʽʛʨʦʚʠʡ 

ʧʽʜʭʽʜ ʜʣʷ ʧʦʷʩʥʝʥʥʷ ʧʝʨʝʜʙʘʯʝʥʴ ʙʫʜʴ-ʷʢʦʾ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʟ 
ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʢʣʘʩʠʯʥʠʭ ʟʥʘʯʝʥʴ ʐʝʧʣʽ ʟ ʪʝʦʨʽʾ ʽʛʦʨ. ɿʥʘʯʝʥʥʷ ʐʝʧʣʽ ʚʠ-

ʟʥʘʯʘʶʪʴ, ʥʘ ʩʢʽʣʴʢʠ ʟʤʽʥʘ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʚʧʣʠʚʘʻ ʥʘ ʧʝʨʝʜʙʘʯʝʥʥʷ ʤʦʜʝʣʽ, 

ʪʦʙʪʦ ʟʙʽʣʴʰʫʻ ʯʠ ʟʤʝʥʰʫʻ ʡʦʛʦ ʟʥʘʯʝʥʥʷ.  
ʆʩʦʙʣʠʚʦ ʮʽʥʥʠʤ ʻ ʪʝ, ʱʦ SHAP ʚʨʘʭʦʚʫʻ ʫʩʽ ʤʦʞʣʠʚʽ ʧʽʜʤʥʦʞʠʥʠ 

ʦʟʥʘʢ ʪʘ ʜʦʟʚʦʣʷʻ ʚʨʘʭʦʚʫʚʘʪʠ ʚʟʘʻʤʦʜʽʶ ʤʽʞ ʥʠʤʠ. ʎʝ ʜʦʟʚʦʣʷʻ ʩʪʚʦʨʶʚʘʪʠ 

https://github.com/shap/shap
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ʽʥʪʝʨʧʨʝʪʘʮʽʾ, ʷʢʽ ʚʽʜʦʙʨʘʞʘʶʪʴ ʥʝ ʪʽʣʴʢʠ ʚʘʞʣʠʚʽʩʪʴ ʦʢʨʝʤʠʭ ʦʟʥʘʢ, ʘʣʝ ʽ ʾʭ 

ʚʟʘʻʤʦʚʧʣʠʚ. ʊʦʙʪʦ ʮʝ ʜʦʟʚʦʣʷʻ ʨʦʟʫʤʽʪʠ ʧʨʠʯʠʥʥʦ-ʥʘʩʣʽʜʢʦʚʽ ʟʚ'ʷʟʢʠ ʽ ʚʥʝ-

ʩʦʢ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʫ ʧʨʦʛʥʦʟ. 
ɽʬʝʢʪʠʚʥʠʤʠ  ̔ʧʦʧʫʣʷʨʥʠʤʠ ʻ ʪʘʢʽ ʜʽʘʛʨʘʤʠ SHAP: 

1. Summary Plot ï ʜʽʘʛʨʘʤʘ, ʷʢʘ ʧʦʢʘʟʫʻ ʚʥʝʩʦʢ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʫ ʢʦʞʝʥ 

ʢʦʥʢʨʝʪʥʠʡ ʧʨʦʛʥʦʟ (ʨʠʩ. 3.4). 

 

  
         ʘ)                ʙ) 

ʈʠʩʫʥʦʢ 3.4 ï SHAP-ʜʽʘʛʨʘʤʘ Summary Plot ʜʣʷ ʢʫʨʩʫ ʙʽʪʢʦʾʥʘ:  

ʘ) ʟ ʧʘʨʘʤʝʪʨʦʤ plot_type = çbarè, ʙ) ʟ ʧʘʨʘʤʝʪʨʦʤ plot_type = çdotè [18] 

 

2. Force Plot ï ʛʨʘʬʽʢ, ʷʢʠʡ ʚʠʚʦʜʠʪʴ ʨʦʟʤʽʨ ʪʘ ʟʥʘʢ ʚʥʝʩʢʫ ʢʦʞʥʦʾ 
ʦʟʥʘʢʠ ʜʣʷ ʢʦʥʢʨʝʪʥʦʛʦ ʧʨʦʛʥʦʟʫ, ʚʨʘʭʦʚʫʶʯʠ ʙʘʟʦʚʠʡ ʧʨʦʛʥʦʟ ʜʣʷ ʚʩʽʻʾ ʚʠ-

ʙʽʨʢʠ (ʨʠʩ. 3.5). ʏʝʨʚʦʥʠʤ ʚʽʜʦʙʨʘʞʘʶʪʴʩʷ ʦʟʥʘʢʠ, ʷʢʽ ʚʧʣʠʚʘʶʪʴ ʥʘ ʟʙʽʣʴ-

ʰʝʥʥʷ ʪʘʨʛʝʪʘ,  ʘ ʩʠʥʽʤ ï ʪʽ, ʷʢʽ ï ʥʘ ʟʤʝʥʰʝʥʥʷ. ʎʽʢʘʚʦ, ʱʦ ʤʦʞʥʘ ʙʫʜʫʚʘʪʠ 
ʪʘʢʠʡ ʛʨʘʬʽʢ ʷʢ ʜʣʷ ʢʦʞʥʦʛʦ ʧʝʨʝʜʙʘʯʝʥʥʷ ʦʢʨʝʤʦ (ʨʠʩ. 3.5ʘ), ʪʘʢ ʽ ʜʣʷ ʫʩʽʭ 

ʟʥʘʯʝʥʴ ʨʘʟʦʤ, ʪʦʜʽ ʚʽʥ ʤʘʪʠʤʝ ʚʠʛʣʷʜ ʽʥʪʝʨʘʢʪʠʚʥʦʛʦ ʛʨʘʬʽʢʘ, ʜʝ ʤʦʞʥʘ ʚʠ-

ʙʠʨʘʪʠ ʨʽʟʥʽ ʦʟʥʘʢʠ (ʫ ʚʠʧʘʜʥʠʭ ʚʽʢʦʥʮʷʭ ʟʚʝʨʭʫ ʽ ʟʣʽʚʘ) ʪʘ ʜʽʘʧʘʟʦʥʠ (ʤʠ-

ʰʝʶ ʥʘ ʛʨʘʬʽʢʫ) ʽ ʙʽʣʴʰ ʨʝʪʝʣʴʥʦ ʚʠʚʯʘʪʠ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ (ʨʠʩ. 3.5ʙ). 
 

 
ʘ) 
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ʙ) 

ʈʠʩʫʥʦʢ 3.5. SHAP-ʜʽʘʛʨʘʤʠ Force Plot ʜʣʷ ʧʨʠʨʦʩʪʫ ʢʽʣʴʢʦʩʪʽ ʭʚʦʨʠʭ ʥʘ 

ʢʦʨʦʥʘʚʽʨʫʩ ʚ ʋʢʨʘʾʥʽ: ʘ) ʜʣʷ ʦʜʥʽʻʾ ʜʘʪʠ 20.10.2020 ʨ.; ʙ) ʢʦʤʧʽʣʷʪʠʚʥʘ ʽʥ-

ʪʝʨʘʢʪʠʚʥʘ ʜʽʘʛʨʘʤʘ ʥʘ ʦʩʥʦʚʽ TreeExplainer-ʤʝʪʦʜʫ (ʜʣʷ ʤʦʜʝʣʽ ʥʘ ʦʩʥʦʚʽ 
ʜʝʨʝʚʘ ʨʽʰʝʥʴ) ʜʣʷ ʙʽʣʴʰ ʰʠʨʦʢʦʛʦ ʥʘʙʦʨʫ ʦʟʥʘʢ ʟʘ ʢʚʽʪʝʥʴ-ʞʦʚʪʝʥʴ  

2020 ʨ. (ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ) 

 
ʅʘ ʜʽʘʛʨʘʤʽ 3.5ʘ ʚʠʜʥʦ, ʱʦ ʟʘ ʜʘʥʠʤʠ Google-ʪʨʝʥʜʽʚ ʟʙʽʣʴʰʝʥʥʷ ʧʝ-

ʨʝʙʫʚʘʥʥʷ ʣʶʜʝʡ ʫ ʤʽʩʮʷʭ ʧʨʦʞʠʚʘʥʥʷ (mobility_residential) ʟʥʘʯʥʦ ʟʤʝʥʰʫʻ 

ʢʽʣʴʢʽʩʪʴ ʥʦʚʠʭ ʭʚʦʨʠʭ ʥʘ ʢʦʨʦʥʘʚʽʨʫʩ (ʮʝʡ ʧʦʢʘʟʥʠʢ ʧʦʢʘʟʘʥʠʡ ʯʝʨʚʦʥʠʤ, 

ʘʣʝ ʻ ʚʽʜôʻʤʥʠʤ, ʘ ʦʪʞʝ, ʚʧʣʠʚʘʻ ʥʘ ʟʤʝʥʰʝʥʥʷ, ʘ ʥʝ ï ʥʘ ʟʙʽʣʴʰʝʥʥʷ), ʟʙʽʣʴ-
ʰʝʥʥʷ ʧʝʨʝʙʫʚʘʥʥʷ ʚ ʤʽʩʮʷʭ ʚʽʜʧʦʯʠʥʢʫ ʪʘ ʨʦʟʜʨʽʙʥʦʾ ʦʧʪʦʚʦʾ ʪʦʨʛʽʚʣʽ 

(mobility_retail_and_recreation) ʜʝʱʦ ʤʝʥʰʝ ʩʧʨʠʷʻ ʟʤʝʥʰʝʥʥʶ (ʧʦʢʘʟʘʥʦ 

ʩʠʥʽʤ, ʘʣʝ ʚʥʝʩʦʢ ʻ ʫ 3-4 ʨʘʟʠ ʤʝʥʰʠʤ, ʟʘ ʚʧʣʠʚ mobility_residential. ɯʥʰʽ 
ʧʦʢʘʟʥʠʢʠ ʧʦʢʘʟʘʥʽ ʯʝʨʚʦʥʠʤ ʽ ʻ ʜʦʜʘʪʥʠʤʠ, ʦʪʞʝ ʾʭ ʟʙʽʣʴʰʝʥʥʷ ʩʧʨʠʷʻ ʟʨʦ-

ʩʪʘʥʥʶ ʢʽʣʴʢʦʩʪʽ ʥʦʚʠʭ ʭʚʦʨʠʭ: ʤʦʙʽʣʴʥʽʩʪʴ ʫ ʧʨʦʜʫʢʪʦʚʠʭ ʤʘʛʘʟʠʥʘʭ, ʫ ʪ.ʯ. 

ʩʫʧʝʨʤʘʨʢʝʪʘʭ, ʪʘ ʘʧʪʝʢʘʭ (mobility_grocery_and_pharmacy), ʢʽʣʴʢʽʩʪʴ ʪʝʩʪʽʚ 

(ʙʽʣʴʰʝ ʩʧʦʩʪʝʨʽʛʘʶʪʴ, ʪʦ ʙʽʣʴʰʝ ʡ ʚʠʷʚʣʷʶʪʴ ï ʮʝ ʣʦʛʽʯʥʦ), ʤʦʙʽʣʴʥʽʩʪʴ ʫ 
ʧʘʨʢʘʭ ʪʘ ʣʽʩʘʭ (mobility_parks) ʪʘ ʽʥ. ɸ ʥʘ ʜʽʘʛʨʘʤʽ 3.5ʙ ʚʠʜʥʦ, ʱʦ ʟʘʢʦʥʦ-

ʤʽʨʥʦʩʪʽ ʟʘʟʥʘʚʘʣʠ ʩʫʪʪʻʚʠʭ ʟʤʽʥ ʧʨʦʪʷʛʦʤ ʫʩʴʦʛʦ ʜʽʘʧʘʟʦʥʫ ʩʧʦʩʪʝʨʝʞʝʥʴ, 

ʦʪʞʝ, ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʫ ʩʝʨʝʜʥʴʦ- ̔  ʜʦʚʛʦʩʪʨʦʢʦʚʽʡ ʧʝʨʩʧʝʢʪʠʚʽ ʮʽ ʦʟʥʘʢʠ 
ʤʦʞʫʪʴ, ʩʢʦʨʽʰʝ, ʟʘʚʘʞʘʪʠ (ʚʥʦʩʠʪʠ ʜʦʜʘʪʢʦʚʠʡ ʰʫʤ), ʘʥʽʞ ʜʦʧʦʤʘʛʘʪʠ ʧʽʜ-

ʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

3. Dependency Plot ï ʜʽʘʛʨʘʤʘ ʨʦʟʩʽʶʚʘʥʥʷ, ʷʢʘ ʚʽʜʦʙʨʘʞʘʻ, ʷʢ ʟʤʽʥʘ 

ʟʥʘʯʝʥʥʷ ʢʦʥʢʨʝʪʥʦʾ ʦʟʥʘʢʠ ʚʧʣʠʚʘʻ ʥʘ ʚʥʝʩʦʢ ʮʽʻʾ ʦʟʥʘʢʠ ʫ ʧʨʦʛʥʦʟ (ʨʠʩ. 
3.6). 

https://www.kaggle.com/code/vbmokin/covid-19-in-ukraine-explanation-of-patterns
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ʈʠʩʫʥʦʢ 3.6. SHAP-ʜʽʘʛʨʘʤʘ Dependency Plot, ʷʢʘ ʽʣʶʩʪʨʫʻ  

ʣʦʛʘʨʠʬʤ ʰʘʥʩʽʚ ʟʘʨʦʙʠʪʠ ʧʦʥʘʜ 50 ʪʠʩʷʯ ʜʦʣʘʨʽʚ ʥʘ ʨʽʢ,  

ʚ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʚʽʢʫ ʣʶʜʠʥʠ ʪʘ ʾʾ ʦʩʚʽʪʠ 
 

ʅʘ ʨʠʩ. 3.6 ʚʠʜʥʦ, ʱʦ ʣʦʛʘʨʠʬʤ ʰʘʥʩ̔ʚ ʟʘʨʦʙʠʪʠ ʧʦʥʘʜ 50 ʪʠʩʷʯ ʜʦʣʘ-

ʨʽʚ ʥʘ ʨʽʢ ʟʥʘʯʥʦ ʟʨʦʩʪʘ ̒ʫ ʚʽʮʽ ʚʽʜ 20 ʜʦ 40 ʨʦʢʽʚ, ʜʦʩʷʛʘʶʯʠ ʥʘʡʙʽʣʴʰʠʭ 

ʟʥʘʯʝʥʴ, ʟʘ ʥʘʷʚʥʦʩʪʽ ʤʘʢʩʠʤʘʣʴʥʦ ʤʦʞʣʠʚʦʛʦ ʨʽʚʥʷ ʦʩʚʽʪʠ, ʜʝʩʴ ʟ 38 ʜʦ 60, 
ʘ ʤʘʢʩʠʤʘʣʴʥʠʭ ï ʟ 45 ʜʦ, ʧʨʠʙʣʠʟʥʦ, 53 ʨʦʢʽʚ. 

4. Waterfall Plot: ɻʨʘʬʽʢ, ʷʢʠʡ ʽʣʶʩʪʨʫʻ ʰʣʷʭ, ʷʢʠʤ ʤʦʜʝʣʴ ʧʨʠʭʦʜʠʪʴ 
ʜʦ ʢʦʥʢʨʝʪʥʦʛʦ ʧʨʦʛʥʦʟʫ, ʟʘʟʥʘʯʘʶʯʠ ʚʥʝʩʦʢ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʥʘ ʢʦʞʥʦʤʫ 
ʢʨʦʮʽ ʫ ʚʠʛʣʷʜʽ ʚʦʜʦʩʧʘʜʫ ʧʨʠʨʦʩʪʽʚ ʟ̔ ʨʽʟʥʠʤ ʟʥʘʢʦʤ ʪʘ ʢʦʣʴʦʨʦʤ. ʅʠʞʥʷ 

ʯʘʩʪʠʥʘ ʜʽʘʛʨʘʤʠ ʚʦʜʦʩʧʘʜʫ ʧʦʯʠʥʘʻʪʴʩʷ ʷʢ ʦʯʽʢʫʚʘʥʝ ʟʥʘʯʝʥʥʷ ʨʝʟʫʣʴʪʘʪʫ 

ʤʦʜʝʣʽ ʟʘ ʚʢʘʟʘʥʠʭ ʥʘ ʛʨʘʬʽʢʫ ʩʽʨʠʤʠ ʯʠʩʣʘʤʠ ʟʥʘʯʝʥʴ ʚʭʽʜʥʠʭ ʦʟʥʘʢ, ʘ ʧʦ-

ʪʽʤ ʢʦʞʝʥ ʨʷʜʦʢ ʥʘ ʜʽʘʛʨʘʤʽ ʧʦʢʘʟʫʻ, ʷʢ ʧʦʟʠʪʠʚʥʠʡ (ʯʝʨʚʦʥʠʡ) ʘʙʦ ʥʝʛʘʪʠ-
ʚʥʠʡ (ʩʠʥʽʡ) ʚʥʝʩʦʢ ʢʦʞʥʦʾ ʬʫʥʢʮʽʾ ʧʝʨʝʤʽʱʫʻ ʟʥʘʯʝʥʥʷ ʚʽʜ ʦʯʽʢʫʚʘʥʦʛʦ ʨʝ-

ʟʫʣʴʪʘʪʫ ʤʦʜʝʣʽ ʜʦ ʮʴʦʛʦ ʧʨʦʛʥʦʟʫ (ʨʠʩ. 3.7). 

 

https://shap-lrjball.readthedocs.io/en/latest/example_notebooks/plots/dependence_plot.html
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ʈʠʩʫʥʦʢ 3.7. SHAP-ʜʽʘʛʨʘʤʘ Waterfall Plot, ʷʢʘ ʽʣʶʩʪʨʫʻ ʭʘʨʘʢʪʝʨ ʽ ʩʠʣʫ 

ʚʧʣʠʚʫ ʧʝʚʥʠʭ ʟʥʘʯʝʥʴ ʦʟʥʘʢ ʥʘ ʣʦʛʘʨʠʬʤ ʰʘʥʩʽʚ ʟʘʨʦʙʠʪʠ ʧʦʥʘʜ 50 ʪʠʩʷʯ 

ʜʦʣʘʨʽʚ ʥʘ ʨʽʢ 
 

ʅʘ ʨʠʩ. 3.7 ʚʠʜʥʦ, ʱʦ (ʜʠʚ. ʦʧʠʩ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʽʚ ʫ ʜʘʪʘʩʝʪʽ çUS 

Adult Income Datasetè, ʥʘʧʨʠʢʣʘʜ, ʫ ʨʝʧʦʟʠʪʦʨʽʾ ʯʠ ʚ ʽʥʰʦʤʫ ʤʽʩʮʽ): ʥʘ ʟʤʝ-

ʥʰʝʥʥʷ ʜʦʭʦʜʽʚ ʥʘʡʙʽʣʴʰʝ ʚʧʣʠʥʫʣʘ ʚʽʜʩʫʪʥʽʩʪʴ ʧʨʠʨʦʩʪʫ ʢʘʧʽʪʘʣʫ; ʪʝ, ʱʦ 
ʮʝʡ ʘʬʨʦʘʤʝʨʠʢʘʥʝʮʴ (Sex=1, Race=4) ʥʽʢʦʣʠ ʥʝ ʧʨʘʮʶʚʘʚ (Workclass); ʱʦ 

ʚʽʥ ʛʦʪʦʚʠʡ ʧʨʘʮʶʚʘʪʠ ʪʽʣʴʢʠ ʥʘ ʨʫʯʥʠʭ ʨʦʙʦʪʘʭ, ʧʦʚôʷʟʘʥʠʭ ʟ ʨʝʤʦʥʪʦʤ 

(Occupation=1); ɦ ʦ ʚʽʥ ï ʦʜʠʥʘʢ (Marital Status = 4). ɼʝʷʢʝ ʟʨʦʩʪʘʥʥʷ ʦʙʫʤʦ-

ʚʣʝʥʦ ʚʽʢʦʤ, ʙʣʠʟʴʢʠʤ ʜʦ ʦʧʪʠʤʘʣʴʥʦʛʦ, ʢʦʣʠ, ʚ ʩʝʨʝʜʥʴʦʤʫ, ʣʶʜʠ ʟʘʨʦʙʣʷ-
ʶʪʴ ʥʘʡʙʽʣʴʰʝ (38-60 ʨ.), ʱʦ ʚʽʥ ʻ ʯʦʣʦʚʽʢʦʤ (Sex=1), ʱʦ ʚ ʥʴʦʛʦ ʻ ʦʩʚʽʪʘ, 

ʭʦʯʘ ʡ ʥʝʟʥʘʯʥʘ (Education_Num=13: ʣʠʰʝ 5-6-ʡ ʢʣʘʩʠ).  

ɹʽʣʴʰ ʜʝʪʘʣʴʥʦ ʜʠʚʠʩʴ ʽʥʰʽ ʧʨʠʢʣʘʜʠ ʪʘ ʾʭ ʦʧʠʩ [Data Science for 
tabular data: Advanced Techniques, Crypto - BTC : Analysis & Forecasting (ʨʦʟ-

ʜʽʣ 3.4), ʘʙʦ ʫ ʩʪʘʪʪʽ ʘʙʦ ʫ ʜʦʢʫʤʝʥʪʘʮʽʾ]. 

ɻʦʣʦʚʥʠʤ ʥʝʜʦʣʽʢʦʤ ʙʽʙʣʽʦʪʝʢʠ SHAP ʻ ʪʝ, ʱʦ ʚʦʥʘ ʧʦʪʨʝʙʫʻ ʙʘʛʘʪʦ 

ʦʙʯʠʩʣʝʥʴ, ʫ ʨʘʟʽ, ʢʦʣʠ ʘʥʘʣʽʟʫʶʪʴʩʷ ʚʝʣʠʢʽ ʪʘ ʩʢʣʘʜʥʽ ʥʝʡʨʦʤʝʨʝʞʝʚʽ ʤʦ-
ʜʝʣʽ ʯʠ ʘʥʩʘʤʙʣʽ. ʊʦʤʫ ʯʘʩʪʦ ʟʘʩʪʦʩʦʚʫʶʪʴ ʙʽʙʣʽʦʪʝʢʫ LIME, ʷʢʘ ʚʠʢʦʨʠʩʪʦ-

ʚʫʻ ʨʷʜ ʩʧʨʦʱʝʥʴ ʽ ʪʦʤʫ, ʧʦʪʨʝʙʫʻ ʤʝʥʰʝ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʚʠʪʨʘʪ.  

ʆʩʥʦʚʥʠʤ ʧʨʠʥʮʠʧʦʤ ʨʦʙʦʪʠ ʙʽʙʣʽʦʪʝʢʠ LIME ʻ ʪʝ, ʱʦ ʙʫʜʴ-ʷʢʫ ʩʢʣʘ-
ʜʥʫ ʤʦʜʝʣʴ ʣʝʛʰʝ ʘʧʨʦʢʩʠʤʫʚʘʪʠ ʚ ʦʢʦʣʠʮʽ ʢʦʥʢʨʝʪʥʦʛʦ ʧʨʠʢʣʘʜʫ ʜʘʥʠʭ. 

https://shap-lrjball.readthedocs.io/en/latest/example_notebooks/plots/dependence_plot.html
https://archive.ics.uci.edu/dataset/2/adult
https://www.kaggle.com/code/vbmokin/data-science-for-tabular-data-advanced-techniques
https://www.kaggle.com/code/vbmokin/data-science-for-tabular-data-advanced-techniques
https://www.kaggle.com/code/vbmokin/crypto-btc-analysis-forecasting
https://www.freecodecamp.org/news/interpret-black-box-model-using-lime/
https://shap-lrjball.readthedocs.io/en/latest/
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ʄʦʜʝʣʴ ʧʨʝʜʩʪʘʚʣʷʻʪʴʩʷ ʷʢ çʯʦʨʥʠʡ ʷʱʠʢè. ɸ ʾʾ ʧʦʚʝʜʽʥʢʘ ʚ ʟʘʜʘʥʽʡ ʪʦʯʮʽ 

(ʷʢ ʧʨʘʚʠʣʦ, ʮʝ ï ʙʘʛʘʪʦʚʠʤʽʨʥʠʡ ʚʝʢʪʦʨ ʟʥʘʯʝʥʴ ʢʦʤʙʽʥʘʮʽʾ ʧʝʚʥʠʭ ʦʟʥʘʢ) 

ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʣʽʥʽʡʥʦʶ ʤʦʜʝʣʣʶ ʽ ʩʘʤʝ ʧʦ ʥʽʡ ʬʦʨʤʫʻʪʴʩʷ ʧʦʷʩʥʝʥʥʷ ʫʩʽʻʾ 
ʤʦʜʝʣʽ ʚ ʮʽʣʦʤʫ. ʊʘʢʝ ʩʧʨʦʱʝʥʥʷ ʜʦʟʚʦʣʷʻ ʬʦʨʤʫʚʘʪʠ ʧʦʷʩʥʝʥʥʷ ʪʘ ʘʥʘʣʽʟʫ-

ʚʘʪʠ ʚʧʣʠʚ ʦʟʥʘʢ ʥʘ ʜʦʚʽʣʴʥʽ ʧʨʦʛʥʦʟʠ ʜʣʷ ʜʦʚʽʣʴʥʠʭ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ, ʱʦ ʦʩʦʙʣʠʚʦ ʮʽʥʥʦ ʜʣʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʩʢʣʘʜʥʦʾ (ʯʘʩʪʦ ʥʝʚʽʜʦ-

ʤʦʾ) ʘʨʭʽʪʝʢʪʫʨʠ. ʅʘ ʨʠʩ. 3.8 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ, ʷʢʠʡ ʽʣʶʩʪʨʫʻ ʮʝʡ ʧʨʠʥʮʠʧ.  
 

 
ʈʠʩʫʥʦʢ 3.8 ï ɯʣʶʩʪʨʘʮʽʷ ʧʨʠʥʮʠʧʫ ʨʦʙʦʪʠ ʤʝʪʦʜʫ LIME [29]  

 

ʌʫʥʢʮʽʷ ʥʘ ʦʩʥʦʚʽ ʤʦʜʝʣʽ, ʷʢʘ ʧʦʷʩʥʶʻʪʴʩʷ, ʧʨʝʜʩʪʘʚʣʝʥʘ ʩʠʥʽʤ ʪʘ ʨʦ-

ʞʝʚʠʤ ʢʦʣʴʦʨʦʤ. ʆʯʝʚʠʜʥʦ, ʱʦ ʚʦʥʘ ʻ ʥʝʣʽʥʽʡʥʦʶ. ʏʝʨʚʦʥʠʡ ʚʝʣʠʢʠʡ ʭʨʝʩ-
ʪʠʢ ʻ ʧʨʠʢʣʘʜʦʤ ʜʘʥʠʭ ʫ ʪʦʯʮʽ X0. ɹʝʨʝʤʦ ʽʥʰʽ ʟʥʘʯʝʥʥʷ ʜʘʥʠʭ ʚ ʧʝʚʥʦʤʫ 

ʦʢʦʣʽ ʙʽʣʷ X0, ʚʨʘʭʦʚʫʶʯʠ ʤʽʨʫ ʙʣʠʟʴʢʦʩʪʽ ʜʦ X0 ʱʦʜʦ ʚʘʛʠ ʮʠʭ ʜʘʥʠʭ (ʥʘ 

ʨʠʩ. 3.9 ʨʦʟʤʽʨ ʭʨʝʩʪʠʢʘ ʻ ʧʨʦʧʦʨʮʽʡʥʠʤ ʪʘʢʽʡ ʚʘʟʽ). ʌʦʨʤʫʻʪʴʩʷ ʩʫʢʫʧʥʽʩʪʴ 
ʪʦʯʦʢ (ʭʨʝʩʪʠʢʽʚ), ʷʢʘ ʜʘʣʽ ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʧʨʷʤʦʶ (ʥʘ ʨʠʩ. 3.8 ï ʧʫʥʢʪʠʨʥʘ 

ʣʽʥʽʷ). ʎʷ ʧʨʷʤʘ ʜʦʟʚʦʣʷʻ ʦʭʘʨʘʢʪʝʨʠʟʫʚʘʪʠ ʧʝʚʥʠʡ ʟʨʽʟ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ, 

ʘʣʝ ʮʝ, ʩʢʦʨʽʰʝ ï ʣʦʢʘʣʴʥʽ, ʘ ʥʝ ï ʛʣʦʙʘʣʴʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ. ɺ ʮʴʦʤʫ ʡ ʧʦʣʷ-

ʛʘʻ ʦʩʥʦʚʥʠʡ ʥʝʜʦʣʽʢ ʤʝʪʦʜʽʚ ʮʽʻʾ ʙʽʙʣʽʦʪʝʢʠ ï ʚ ʪʦʤʫ, ʱʦ ʚʦʥʘ ʦʧʠʩʫʻ ʣʦʢʘ-
ʣʴʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ, ʘ ʥʝ ï ʛʣʦʙʘʣʴʥʽ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʨʷʜʫ ʥʘʙʣʠʞʝʥʴ ʽ 

ʩʧʨʦʱʝʥʴ. ʆʜʥʘʢ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʘʣʛʦʨʠʪʤʫ SP-LIME ʤʦʞʥʘ ʦʪʨʠʤʫʚʘʪʠ 

ʽʥʪʝʨʧʨʝʪʘʮʽʶ, ʭʦʯ ʽ ʣʦʢʘʣʴʥʠʭ, ʘʣʝ ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʠʭ ʚ ʛʣʦʙʘʣʴʥʦʤʫ ʩʝʥʩʽ, 

ʚʠʙʽʨʦʢ ʜʘʥʠʭ [23]. 
ʅʘ ʨʠʩ. 3.9 ʽ 3.10 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜʠ ʟ ʥʦʫʪʙʫʢʘ ʱʦʜʦ ʽʥʪʝʨʧʨʝʪʘʮʽʾ 

ʧʝʨʝʜʙʘʯʝʥʴ ʤʦʜʝʣʣʶ ʜʣʷ ʧʘʩʘʞʠʨʽʚ çʊʠʪʘʥʽʢʘè ʚʠʞʠʚʫʪʴ ʚʦʥʠ ʯʠ ʥʽ ʟʘ ʜʘ-

ʥʠʤʠ ʚʽʜʦʤʦʛʦ ʟʤʘʛʘʥʥʷ ʫ Kaggle.  
 

https://github.com/marcotcr/lime
https://www.kaggle.com/code/vikumsw/explaining-random-forest-model-with-lime
https://www.kaggle.com/competitions/titanic
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ʈʠʩʫʥʦʢ 3.9 ï ʇʨʠʢʣʘʜ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʧʝʨʝʜʙʘʯʝʥʥʷ ʯʠ ʚʠʞʠʚʝ ʧʽʩʣʷ ʢʘʪʘʩʪ-

ʨʦʬʠ ʧʘʩʘʞʠʨ çʊʠʪʘʥʽʢʘè ʟ ʜʝʰʝʚʠʤ ʢʚʠʪʢʦʤ 3-ʛʦ ʢʣʘʩʫ, ʷʢʠʡ ʩʽʚ ʚ ʦʩʪʘʥ-
ʥʴʦʤʫ ʧʦʨʪʫ ï ʫ ʂʚʽʥʩʪʘʫʥʽ (Queenstown ï çQè)  

 

 

ʗʢ ʚʠʜʥʦ, ʥʘ ʨʠʩ. 3.9, ʧʘʩʘʞʠʨ çʊʠʪʘʥʽʢʘè ʟ ʜʝʰʝʚʠʤ ʢʚʠʪʢʦʤ 3-ʛʦ 
ʢʣʘʩʫ, ʷʢʠʡ ʩʽʚ ʚ ʦʩʪʘʥʥʴʦʤʫ ʧʦʨʪʫ ï ʫ ʂʚʽʥʩʪʘʫʥʽ, ʟʘʛʠʥʝ ʟ ʡʤʦʚʽʨʥʽʩʪʶ 0,86. 

ʊʦʡ ʬʘʢʪ, ʱʦ ʚʽʥ ʾʭʘʚ ʚ ʪʨʶʤʽ ʟ ʽʥʰʠʤʠ ʧʘʩʘʞʠʨʘʤʠ 3-ʛʦ ʢʣʘʩʫ ʽ ʙʫʚ ʯʦʣʦʚʽ-

ʯʦʾ ʩʪʘʪʽ, ʧʨʘʢʪʠʯʥʦ ʥʝ ʟʘʣʠʰʠʣʦ ʡʦʤʫ ʰʘʥʩʽʚ ʥʘ ʚʠʞʠʚʘʥʥʷ. ʂʨʽʤ ʪʦʛʦ, ʷʢ 

ʚʽʜʦʤʦ ʟ ʽʩʪʦʨʽʾ, ʪʽ, ʭʪʦ ʩʽʣʠ ʚ ʦʩʪʘʥʥʴʦʤʫ ʧʦʨʪʫ (ʫ ʂʚʽʥʩʪʘʫʥʽ), ʟʘʡʥʷʣʠ ʥʘʡ-
ʤʝʥʰ ʟʨʫʯʥʽ ʤʽʩʮʷ (ʜʘʣʝʢʦ ʚʽʜ ʪʨʘʧʫ, ʟ ʷʢʦʛʦ ʡʰʣʦ ʯʠʩʪʝ ʧʦʚʽʪʨʷ), ʷʢʽ ʱʝ 

ʙʫʣʠ ʚʽʣʴʥʠʤʠ. ʍʦʯʘ, ʜʝʷʢʽ ʰʘʥʩʠ ʡʦʤʫ ʜʘʻ ʪʝ, ʱʦ ʚʽʥ ï ʤʦʣʦʜʠʡ (Age=21) ʽ 

ʪʝ, ʱʦ ʫ ʥʴʦʛʦ ʥʝʤʘʻ ʥʽ ʙʨʘʪʽʚ, ʥʽ ʩʝʩʪʝʨ, ʥʽ ʜʨʫʞʠʥʠ (SibSp=0), ʧʨʦ ʷʢʠʭ 
ʪʨʝʙʘ ʪʫʨʙʫʚʘʪʠʩʷ.  

 

https://www.kaggle.com/code/vikumsw/explaining-random-forest-model-with-lime
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ʈʠʩʫʥʦʢ 3.10 ï ʇʨʠʢʣʘʜ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʧʝʨʝʜʙʘʯʝʥʥʷ ʯʠ ʚʠʞʠʚʝ ʧʽʩʣʷ ʢʘʪʘʩ-

ʪʨʦʬʠ ʧʘʩʘʞʠʨʢʘ çʊʠʪʘʥʽʢʘè, ʷʢʘ ʤʘʻ ʜʦʨʦʛʠʡ ʢʚʠʪʦʢ 1-ʛʦ ʢʣʘʩʫ  
 

ɸ ʷʢ ʚʠʜʥʦ ʟ ʨʠʩ. 3.10, ʧʘʩʘʞʠʨʢʘ çʊʠʪʘʥʽʢʘè ʤʘʻ ʫʩʽ ʰʘʥʩʠ, ʱʦʙ ʚʨʷ-

ʪʫʚʘʪʠʩʴ. ʎʴʦʤʫ ʥʘʡʙʽʣʴʰʝ ʩʧʨʠʷʻ ʾʾ ʞʽʥʦʯʘ ʩʪʘʪʴ ʪʘ ʜʦʨʦʛʠʡ ʢʚʠʪʦʢ 1-ʛʦ 
ʢʣʘʩʫ. ʅʝ ʤʘʻ ʦʩʦʙʣʠʚʦʛʦ ʟʥʘʯʝʥʥʷ ʚ ʷʢʦʤʫ ʧʦʨʪʫ ʚʦʥʘ ʩʽʣʘ, ʦʩʢʽʣʴʢʠ ʧʘʩʘ-

ʞʠʨʠ 1-ʛʦ ʢʣʘʩʫ ʟʘʡʤʘʣʠ ʦʢʨʝʤʽ ʛʘʨʥʽ ʢʘʶʪʠ. ɼʝʱʦ ʜʠʚʥʦ, ʱʦ ʾʾ ʰʘʥʩʠ ʚʠ-

ʞʠʪʠ ʟʙʽʣʴʰʫʻ ʚʽʜʩʫʪʥʽʩʪʴ ʙʨʘʪʽʚ, ʩʝʩʪʝʨ ʯʠ ʯʦʣʦʚʽʢʘ, ʘʜʞʝ ʯʦʣʦʚʽʢʠ ʪʘ 

ʙʨʘʪʠ ʨʷʪʫʚʘʣʠ ʞʽʥʦʢ ̔  ʩʝʩʪʝʨ, ʚʽʜʧʦʚʽʜʥʦ, ʚ ʧʝʨʰʫ ʯʝʨʛʫ. ɯ ʪʘʢʦʞ ʜʠʚʥʦ, ʱʦ 
ʥʘ ʾʾ ʰʘʥʩʠ ʟʘʛʠʥʫʪʠ ʚʧʣʠʚʘʻ ʤʦʣʦʜʠʡ ʚʽʢ (Age=24) ʪʘ ʚʽʜʩʫʪʥʽʩʪʴ ʙʘʪʴʢʽʚ 

(Parch=0). ɸʜʞʝ ʝʢʽʧʘʞ ʯʠ ʽʥʰʽ ʯʦʣʦʚʽʢʠ ʨʷʪʫʚʘʣʠ ʙ ʪʘʢʫ ʤʦʣʦʜʫ ʣʝʜʽ, ʘ ʱʝ 

ʾʡ ʙʠ ʥʝ ʪʨʝʙʘ ʙʫʣʦ ʧʽʢʣʫʚʘʪʠʩʴ ʧʨʦ ʩʚʦʾʭ ʙʘʪʴʢʽʚ. ɺʦʯʝʚʠʜʴ, ʮʽ ʜʝʱʦ ʜʠʚʥʽ 

ʨʝʟʫʣʴʪʘʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ ʚ ʛʣʦʙʘʣʴʥʦʤʫ ʧʣʘʥʽ ʚʠʩʥʦʚʢʠ ʙʽʙʣʽʦʪʝʢʠ 
LIME ʤʦʞʫʪʴ ʙʫʪʠ ʥʝ ʟʦʚʩʽʤ ʘʜʝʢʚʘʪʥʠʤ. ʂʦʥʢʨʝʪʥʦ ʪʘʢʘ ʞʽʥʢʘ ʫ ʪʨʝʥʫʚʘ-

ʣʴʥʦʤʫ ʜʘʪʘʩʝʪʽ ʤʘʣʘ ʙ ʰʘʥʩʠ ʟʘʛʠʥʫʪʠ, ʷʢʱʦ ʙ ʤʽʮʥʦ ʩʧʘʣʘ, ʯʠ ʨʷʪʫʚʘʣʘ 

ʢʦʛʦʩʴ ʟ ʜʽʪʝʡ ʾʾ ʟʥʘʡʦʤʦʾ ʨʦʜʠʥʠ, ʪʦʙʪʦ ʯʝʨʝʟ ʷʢʽʩʴ ʦʟʥʘʢʠ, ʷʢʽ ʚʽʜʩʫʪʥʽ ʫ 
ʮʴʦʤʫ ʜʘʪʘʩʝʪʽ. ʎʝ ï ʧʨʠʢʣʘʜ ʪʦʛʦ, ʱʦ ʧʦ ʦʜʥʦʤʫ ʜʘʥʦʤʫ, ʷʢʝ ʤʦʞʝ ʤʘʪʠ 

ʦʟʥʘʢʠ ʘʥʦʤʘʣʽʾ, ʚʘʞʢʦ ʨʦʙʠʪʠ ʛʣʦʙʘʣʴʥʽ ʚʠʩʥʦʚʢʠ. 

https://www.kaggle.com/code/vikumsw/explaining-random-forest-model-with-lime
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ʋ ʪʘʙʣ. 3.2 ʥʘʚʝʜʝʥʦ ʧʦʨʽʚʥʷʣʴʥʫ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘ ʙʽʙʣʽʦʪʝʢ SHAP ʪʘ 

LIME ʫ ʩʬʝʨʽ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʧʝʨʝʜʙʘʯʝʥʴ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ 

ʘʥʘʣʽʟʫ ʚʘʞʣʠʚʦʩʪʽ ʾʭ ʬʽʯʝʨʽʚ. 
 

ʊʘʙʣʠʮʷ 3.2 ʇʦʨʽʚʥʷʣʴʥʘ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘ ʤʝʪʦʜʽʚ ʙʽʙʣʽʦʪʝʢ  

SHAP ʪʘ LIME ʜʣʷ ʟʘʜʘʯʽ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʽ ʚʽʟʫʘʣʽʟʘʮʽʾ ʦʟʥʘʢ ʤʦʜʝʣʽ 

 

ʂʨʠʪʝʨʽʡ SHAP LIME  

ʇʨʠʥʮʠʧ 
ʨʦʙʦʪʠ 

ɸʥʘʣʽʟʫʻ ʥʘ ʩʢʽʣʴʢʠ ʟʤʽʥʘ 
ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʚʧʣʠʚʘʻ ʥʘ 

ʧʝʨʝʜʙʘʯʝʥʥʷ ʤʦʜʝʣʽ ʜʣʷ 

ʢʦʞʥʦʛʦ ʧʨʦʛʥʦʟʫ ʤʦʜʝʣʽ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʦʨʽʾ ʽʛʦʨ 
ʪʘ ʯʠʩʝʣ ʐʘʧʣʽ. 

ɻʝʥʝʨʫʻ ʟʨʘʟʢʠ, ʷʢʽ ʻ ʧʦʜʽʙ-
ʥʠʤʠ ʜʦ ʧʨʠʢʣʘʜʫ, ʦʙʯʠʩ-

ʣʶʻ ʧʨʦʛʥʦʟʠ ʪʘ ʘʧʨʦʢʩʠʤʫʻ 

ʚʘʞʣʠʚʽʩʪʴ ʦʟʥʘʢʠ. 

ʊʠʧ ʤʦʜʝ-

ʣʝʡ 

ʇʽʜʪʨʠʤʫʻ ʰʠʨʦʢʠʡ ʩʧʝʢʪʨ 

ʤʦʜʝʣʝʡ, ʚʢʣʶʯʘʶʯʠ ʜʝ-

ʨʝʚʘ ʨʽʰʝʥʴ, ʣʽʥʽʡʥʽ ʤʦ-
ʜʝʣʽ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ 

ʪʦʱʦ. 

ʄʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʜʦ ʨʽ-

ʟʥʠʭ ʤʦʜʝʣʝʡ, ʘʣʝ ʥʘʡʙʽʣʴʰ 

ʝʬʝʢʪʠʚʥʠʡ ʜʣʷ ʤʦʜʝʣʝʡ 
ʪʠʧʫ çʯʦʨʥʠʡ ʷʱʠʢè, ʪʘʢʠʭ 

ʷʢ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ. 

ɺʘʞʣʠʚʽʩʪʴ 

ʦʟʥʘʢʠ 

ɻʣʦʙʘʣʴʥʘ ʪʘ ʣʦʢʘʣʴʥʘ ʚʘ-

ʞʣʠʚʽʩʪʴ ʦʟʥʘʢʠ, ʟʘʣʝʞʥʦ 

ʚʽʜ ʪʠʧʫ ʜʽʘʛʨʘʤʠ. 

ʃʦʢʘʣʴʥʘ ʘʧʨʦʢʩʠʤʘʮʽʷ ʚʘʞ-

ʣʠʚʦʩʪʽ ʦʟʥʘʢʠ. ɸʣʝ ʤʦʞʥʘ 

ʦʪʨʠʤʫʚʘʪʠ ʽʥʪʝʨʧʨʝʪʘʮʽʶ ʡ 
ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʠʭ ʚ ʛʣʦʙʘʣʴ-

ʥʦʤʫ ʩʝʥʩʽ ʚʠʙʽʨʦʢ ʜʘʥʠʭ 

ʇʝʨʝʚʘʛʠ ɽʬʝʢʪʠʚʥʠʡ ʜʣʷ ʚʝʣʠʢʠʭ 

ʜʘʥʠʭ ʪʘ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʤʦ-

ʜʝʣʝʡ. ɿʜʘʪʥʠʡ ʨʦʟʢʨʠʚʘʪʠ 
ʚʟʘʻʤʦʜʽʾ ʤʽʞ ʦʟʥʘʢʘʤʠ. ɻʘ-

ʨʥʘ ʚʽʟʫʘʣʽʟʘʮʽʷ ʨʝʟʫʣʴʪʘ-

ʪʽʚ. 

ʇʨʘʮʶʻ ʷʢ ʜʣʷ ʪʘʙʣʠʯʥʠʭ, 

ʪʘʢ ʽ ʜʣʷ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ 

ʜʘʥʠʭ. ʇʽʜʭʦʜʠʪʴ ʜʣʷ ʤʦʜʝ-
ʣʝʡ ʜʦʚʽʣʴʥʦʾ ʩʢʣʘʜʥʦʩʪʽ ʟ 

ʥʝʚʽʜʦʤʦʶ ʘʨʭʽʪʝʢʪʫʨʦʶ ï 

ʪʠʧʫ çʯʦʨʥʠʡ ʷʱʠʢè. 

ʅʝʜʦʣʽʢʠ ʄʦʞʝ ʙʫʪʠ ʦʙʯʠʩʣʶʚʘʣʴʥʦ 

ʚʠʪʨʘʪʥʠʤ ʜʣʷ ʚʝʣʠʢʠʭ ʤʦ-
ʜʝʣʝʡ ʪʘ ʜʘʥʠʭ. 

ʇʦʪʨʝʙʫʻ ʙʘʛʘʪʦ ʟʨʘʟʢʽʚ ʜʣʷ 

ʩʪʘʙʽʣʴʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. ɿʘ-
ʣʝʞʠʪʴ ʚʽʜ ʨʽʟʥʦʤʘʥʽʪʥʦʩʪʽ 

ʜʘʥʠʭ. 

ɼʽʘʛʨʘʤʠ 

ʜʣʷ ʚʽʜʦʙʨʘ-

ʞʝʥʥʷ ʚʘʞ-

ʣʠʚʦʩʪʽ ʦʟ-
ʥʘʢ 

Summary Plot, Force Plot, 

Dependency Plot, Waterfall 

Plot 

Feature Importance Plot, Lo-

cal Surrogate Model 

ɺʽʜʦʙʨʘ-

ʞʝʥʥʷ ʚʟʘʻ-

ʤʦʜʽʾ ʦʟʥʘʢ 

Interaction Values Plot ɺʽʜʩʫʪʥʻ 
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ʆʪʞʝ, ʢʦʞʥʘ ʟ ʙʽʙʣʽʦʪʝʢ ʤʘʻ ʩʚʦʾ ʧʝʨʝʚʘʛʠ ʽ ʩʚʦʾ ʥʝʜʦʣʽʢʠ ï ʪʨʝʙʘ ʱʦ-

ʨʘʟʫ ʚʠʙʠʨʘʪʠ ʷʢʫ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ. ɸʣʝ ʤʦʞʥʘ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʽ ʫʩʽ ʧʽʜʨʷʜ.  

 
3.4 ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʡ ʦʙʨʦʙʣʝʥʥʷ ʦʟʥʘʢ ʜʘʥʠʭ, ʧʨʦʚʝʜʝʥ ̔

ʧʨʠʟʝʨʘʤʠ ʟʤʘʛʘʥʴ Kaggle  

 

ʋ Kaggle ʯʘʩʪʦ ʧʨʦʚʦʜʷʪʴʩʷ ʢʦʥʢʫʨʩʠ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʝʚʥʠʭ ʟʘʜʘʯ, 
ʜʝ ʜʣʷ ʧʝʨʝʤʦʛʠ ʪʨʝʙʘ ʚʤʽʪʠ ʩʘʤʝ ʘʥʘʣʽʟʫʚʘʪʠ ʚʘʞʣʠʚʽʩʪʴ ʦʟʥʘʢ ʪʘ ʚʤʽʪʠ 

ʟʜʽʡʩʥʶʚʘʪʠ ʾʭ ʦʙʨʦʙʣʝʥʥʷ, ʫ ʪ.ʯ. ʛʝʥʝʨʫʚʘʥʥʷ ʥʦʚʠʭ ʥʘ ʦʩʥʦʚʽ ʥʘʷʚʥʠʭ. ɺʘ-

ʞʣʠʚʦ, ʱʦ ʮʝ ʚʤʽʥʥʷ ʻ ʢʦʨʠʩʥʠʤ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ, ʧʨʘʢʪʠʯʥʦ, ʙʫʜʴ-ʷʢʠʭ ʨʝ-
ʘʣʴʥʠʭ ʟʘʜʘʯ, ʜʝ ʻ ʙʘʛʘʪʦ ʨʽʟʥʦʤʘʪʥʽʪʥʠʭ ʦʟʥʘʢ. ʈʦʟʚʽʜʫʚʘʣʴʥʠʡ ʘʥʘʣʽʟ ʤʦʞʝ 

ʜʦʧʦʤʦʛʪʠ ʚʠʷʚʠʪʠ ʧʨʦʙʣʝʤʥʽ ʤʽʩʮʷ, ʘʣʝ ʫʩʫʚʘʪʠ ʾʭ ʩʣʽʜ ʥʘ ʝʪʘʧʽ FE. 

ɿʘʜʘʯʽ, ʱʦ ʚʽʜʥʦʩʷʪʴʩʷ ʜʦ ʝʪʘʧʫ Feature Engineering (FE), ʮʝ ʪʽ, ʷʢʽ ʚʠ-

ʤʘʛʘʶʪʴ ʦʙʨʦʙʢʠ ʪʘ ʧʽʜʛʦʪʦʚʢʠ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʚʠʢʦʨʠʩ-
ʪʘʥʥʷ ʫ ʤʦʜʝʣʷʭ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɿʦʢʨʝʤʘ, ʟʘʜʘʯʽ FE ʤʦʞʫʪʴ ʚʢʣʶʯʘʪʠ: 

1. ɺʠʙʽʨ ʪʘ ʽʥʞʝʥʝʨʽʷ ʦʟʥʘʢ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʨʠʟʠʢʫ ʥʝʧʦʚʝʨʥʝʥʥʷ 
ʢʨʝʜʠʪʫ ʚʽʜ Home Credit. 

2. ʈʦʟʨʦʙʢʘ ʤʝʪʦʜʽʚ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʠʷʚʣʝʥʥʷ ʦʩʦʙʠʩʪʦʾ ʽʜʝʥʪʠʬʽʢʘ-

ʮʽʡʥʦʾ ʽʥʬʦʨʤʘʮʽʾ (PII) ʚ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ ʚʽʜ The Learning Agency Lab. 

3. ɺʠʜʽʣʝʥʥʷ ʢʣʶʯʦʚʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʧʦʚʝʜʽʥʢʠ 
ʧʨʦʩʫʤʝʨʽʚ ʚ ʝʥʝʨʛʝʪʠʯʥʦʤʫ ʩʝʢʪʦʨʽ ʚʽʜ Enefit. 

4. ʆʙʨʦʙʢʘ ʪʘ ʘʛʨʝʛʘʮʽʷ ʜʘʥʠʭ ʟ ʦʨʜʝʨʥʦʛʦ ʙʣʦʢʫ ʪʘ ʟʘʢʣʶʯʥʦʾ ʘʫʢʮʽʾ 
ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʨʫʭʽʚ ʮʽʥ ʘʢʮʽʡ ʚ ʟʘʢʣʶʯʥʽ ʭʚʠʣʠʥʠ ʪʦʨʛʽʚ ʚʽʜ Optiver. 

5. ɺʠʜʽʣʝʥʥʷ ʚʘʞʣʠʚʠʭ ʦʟʥʘʢ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʭʽʤʽʯʥʠʭ ʚʧʣʠʚʽʚ ʥʘ 
ʨʽʟʥʦʤʘʥʽʪʥʽ ʪʠʧʠ ʢʣʽʪʠʥ ʚʽʜ Open Problems ï Single-Cell Perturbations. 

IEEE-CIS Fraud Detection ʦʩʥʦʚʥʘ ʟʘʜʘʯʘ ʢʦʥʢʫʨʩʫ ʧʦʣʷʛʘʻ ʚ ʧʦʣʽʧʰʝʥʥʽ 

ʩʠʩʪʝʤʠ ʟʘʧʦʙʽʛʘʥʥʷ ʰʘʭʨʘʡʩʪʚʫ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʝʪʦʜʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚ-

ʯʘʥʥʷ. ʋʯʘʩʥʠʢʠ ʙʫʜʫʪʴ ʘʥʘʣʽʟʫʚʘʪʠ ʚʝʣʠʢʽ ʦʙʩʷʛʠ ʜʘʥʠʭ, ʱʦ ʤʽʩʪʷʪʴ ʽʥʬʦ-
ʨʤʘʮʽʶ ʧʨʦ ʪʨʘʥʟʘʢʮʽʾ ʝʣʝʢʪʨʦʥʥʦʾ ʢʦʤʝʨʮʽʾ, ʪʘ ʨʦʟʨʦʙʣʷʪʠ ʪʘ ʚʜʦʩʢʦʥʘʣʶ-

ʚʘʪʠ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʬʘʣʴʰʠʚʠʭ ʪʨʘʥʟʘʢʮʽʡ. ʄʝ-

ʪʦʶ ʢʦʥʢʫʨʩʫ ʻ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʚʠʷʚʣʝʥʥʷ ʰʘʭʨʘʡʩʴʢʠʭ ʦʧʝʨʘʮʽʡ, ʱʦʙ 
ʟʤʝʥʰʠʪʠ ʟʙʠʪʢʠ ʚʽʜ ʰʘʭʨʘʡʩʪʚʘ ʪʘ ʧʦʢʨʘʱʠʪʠ ʚʨʘʞʝʥʥʷ ʢʣʽʻʥʪʽʚ ʚʽʜ ʦʙʩʣʫ-

ʛʦʚʫʚʘʥʥʷ. 

ʇʝʨʰʝ ʤʽʩʮʝ ʟʜʦʙʫʚ ʫʯʘʩʥʠʢ ʟ ʥʦʫʪʙʫʢʦʤ XGB Fraud with Magic - 

[0.9600] ʦʩʥʦʚʥʦʶ ʯʘʩʪʠʥʦʶ ʩʪʨʘʪʝʛʽʾ ʙʫʣʘ ʢʦʤʙʽʥʘʮʽʷ ʪʨʴʦʭ ʦʢʨʝʤʠʭ ʤʦʜʝ-
ʣʝʡ ʟ ʚʠʩʦʢʠʤʠ ʨʝʟʫʣʴʪʘʪʘʤʠ: LGBM ʽ XGB ʪʘ ʥʽ. ʎʽ ʤʦʜʝʣʽ ʙʫʣʠ ʨʽʟʥʦʤʘʥʽ-

ʪʥʠʤʠ, ʘ ʪʘʢʦʞ ʨʦʟʨʦʙʣʝʥʽ ʚʣʘʩʥʽ ʬʫʥʢʮʽʾ ʜʣʷ ʾʭ ʧʽʜʪʨʠʤʢʠ, ʱʦ ʟʦʙʨʘʞʝʥʦ 

ʥʘ ʨʠʩʫʥʢʫ 3.11. 

ʊʘʢʦʞ ʚʠʢʦʨʠʩʪʘʥʽ ʜʚʘ ʨʽʟʥʽ ʤʝʪʦʜʠ ʜʣʷ ʧʦʰʫʢʫ UID (ʫʥʽʢʘʣʴʥʦʛʦ ʽʜʝ-
ʥʪʠʬʽʢʘʪʦʨʘ ʢʦʨʠʩʪʫʚʘʯʘ) ʪʘ ʝʬʝʢʪʠʚʥʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠ ʾʭ ʫ ʤʦʜʝʣʽ. ʆʜʠʥ 

ʟ ʥʠʭ ʧʦʣʷʛʘʚ ʫ ʩʪʚʦʨʝʥʥʽ ʩʮʝʥʘʨʽʶ ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ UID, ʘ ʽʥʰʠʡ - ʫ ʪʨʝ-

ʥʫʚʘʥʥʽ ʤʦʜʝʣʝʡ ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ UID. ʎʝ ʜʦʟʚʦʣʠʣʦ ʧʦʢʨʘʱʠʪʠ ʨʝʟʫʣʴʪʘʪʠ 
ʤʦʜʝʣʝʡ ʽ ʚʽʜʧʦʚʽʜʥʦ ʟʙʽʣʴʰʠʪʠ ʪʦʯʥʽʩʪʴ ʧʝʨʝʜʙʘʯʝʥʴ. 

https://www.kaggle.com/competitions/ieee-fraud-detection
https://www.kaggle.com/code/cdeotte/xgb-fraud-with-magic-0-9600/notebook
https://www.kaggle.com/code/cdeotte/xgb-fraud-with-magic-0-9600/notebook
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ʈʠʩʫʥʦʢ 3.11ï ɺʘʞʣʠʚʽʩʪʴ ʦʟʥʘʢ ʟ ʥʦʫʪʙʫʢʘ XGB Fraud with Magic - 

[0.9600] 
 

ʋ ʢʦʥʢʫʨʩʽ Google Cloud & NCAAÈ ML Competition 2019-Men's, ʫʯʘ-

ʩʥʠʢʠ ʤʘʶʪʴ ʤʦʞʣʠʚʽʩʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʽʩʪʦʨʠʯʥʽ ʜʘʥʽ NCAA Division I 

Menôs Basketball Championships ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʪʘ ʪʝʩʪʫʚʘʥʥʷ ʤʦʜʝʣʝʡ ʧʝʨʝʜ-
ʙʘʯʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ʋ ʧʝʨʰʦʤʫ ʝʪʘʧʽ ʫʯʘʩʥʠʢʠ ʙʫʜʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ 

ʜʘʥʽ ʧʦʧʝʨʝʜʥʽʭ ʪʫʨʥʽʨʽʚ ʜʣʷ ʧʦʙʫʜʦʚʠ ʪʘ ʪʝʩʪʫʚʘʥʥʷ ʤʦʜʝʣʝʡ, ʘ ʚ ʜʨʫʛʦʤʫ 

ʝʪʘʧʽ - ʧʝʨʝʜʙʘʯʘʪʠ ʨʝʟʫʣʴʪʘʪʠ ʚʩʽʭ ʤʦʞʣʠʚʠʭ ʟʽʩʪʘʚʣʝʥʴ ʫ 2019 ʨʦʮʽ. 

ʆʩʥʦʚʥʘ ʩʪʨʘʪʝʛʽʷ ʢʦʤʘʥʜʠ, ʷʢʘ ʧʦʩʽʣʘ ʪʨʝʪʻ ʤʽʩʮʝ ʚ ʢʦʥʢʫʨʩʽ, ʧʦʣʷ-
ʛʘʣʘ ʫ ʚʠʢʦʨʠʩʪʘʥʥʽ ʤʦʜʝʣʽ ʣʦʛʽʩʪʠʯʥʦʾ ʨʝʛʨʝʩʽʾ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ ʡʤʦʚʽʨʥʦ-

ʩʪʽ ʧʝʨʝʤʦʛʠ ʢʦʤʘʥʜ ʫ ʪʫʨʥʽʨʽ March Madness. ɼʣʷ ʽʛʦʨ, ʢʦʤʘʥʜʘ ʚʠʧʘʜʢʦʚʠʤ 

ʯʠʥʦʤ ʚʠʙʠʨʘʣʘ ʧʝʨʝʤʦʞʮʷ: ʫ ʧʝʨʰʽʡ ʧʦʜʘʯʽ ʚʠʛʨʘʚʘʣʘ ʢʦʤʘʥʜʘ ʟ ʙʽʣʴʰʠʤ 
ID, ʫ ʜʨʫʛʽʡ - ʟ ʤʝʥʰʠʤ. ʎʝʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʠʚ ʾʤ ʟʥʠʟʠʪʠ ʟʥʘʯʝʥʥʷ logloss ʟ 

0,473 ʜʦ ʢʽʥʮʝʚʦʛʦ ʧʦʢʘʟʥʠʢʘ 0,427, ʱʦ ʟʦʙʨʘʞʝʥʦ ʥʘ ʨʠʩʫʥʢʫ 3.12. 

https://www.kaggle.com/code/cdeotte/xgb-fraud-with-magic-0-9600/notebook
https://www.kaggle.com/code/cdeotte/xgb-fraud-with-magic-0-9600/notebook
https://www.kaggle.com/c/mens-machine-learning-competition-2019
https://www.kaggle.com/competitions/mens-machine-learning-competition-2019/discussion/90254


86 

 

 
ʈʠʩʫʥʦʢ 3.12 ï ɻʨʘʬʽʢ Log Loss ʜʝʢʽʣʴʢʦʭ ʤʦʜʝʣʝʡ ʚ ʥʦʫʪʙʫʮʽ Bradley-

Terry Model 
 

ʆʩʥʦʚʥʦʶ ʤʦʜʝʣʣʶ ʢʦʤʘʥʜʠ ʙʫʣʘ ʣʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ ʟ ʜʚʦʤʘ ʦʟʥʘ-

ʢʘʤʠ: TeamID ʪʘ ʢʽʣʴʢʽʩʪʴ ʦʯʦʢ, ʷʢʽ ʢʦʞʥʘ ʟ ʢʦʤʘʥʜ ʚʠʛʨʘʣʘ ʧʨʦʪʷʛʦʤ ʟʚʠ-
ʯʘʡʥʦʛʦ ʩʝʟʦʥʫ. ɼʦʜʘʪʢʦʚʦ ʚʦʥʠ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠ ʨʦʟʰʠʨʝʥʫ ʤʦʜʝʣʴ ʣʦʛʽʩ-

ʪʠʯʥʦʾ ʨʝʛʨʝʩʽʾ Bradley-Terry ʜʣʷ ʦʮʽʥʶʚʘʥʥʷ ʨʽʚʥʷ ʢʦʞʥʦʾ ʢʦʤʘʥʜʠ ʥʘ ʦʩ-

ʥʦʚʽ ʨʝʟʫʣʴʪʘʪʽʚ ʟʚʠʯʘʡʥʠʭ ʩʝʟʦʥʥʠʭ ʽʛʦʨ. 

ʂʦʤʘʥʜʘ ʧʨʠʧʫʩʢʘʣʘ, ʱʦ ʥʝʧʝʨʝʜʙʘʯʫʚʘʥʽ ʽʛʨʠ ʻ ʥʝʧʝʨʝʜʙʘʯʫʚʘʥʠʤʠ, 
ʪʦʤʫ ʚʦʥʠ ʚʠʧʘʜʢʦʚʦ ʚʠʙʠʨʘʣʠ ʧʝʨʝʤʦʞʮʷ ʜʣʷ ʪʘʢʠʭ ʽʛʦʨ. ʎʝʡ ʩʪʨʘʪʝʛʽʯʥʠʡ 

ʭʽʜ ʩʧʨʠʷʚ ʧʦʢʨʘʱʝʥʥʶ ʾʭʥʴʦʛʦ ʨʝʟʫʣʴʪʘʪʫ ʥʘ ʢʦʥʢʫʨʩʽ. 

ʅʘʨʝʰʪʽ, ʢʦʤʘʥʜʘ ʜʦʢʫʤʝʥʪʫʚʘʣʘ ʩʚʦʻ ʨʽʰʝʥʥʷ ʽ ʢʦʜ, ʷʢʠʡ ʚʦʥʠ ʚʠʢʦ-

ʨʠʩʪʦʚʫʚʘʣʠ, ʽ ʨʦʙʠʣʘ ʮʝ ʜʦʩʪʫʧʥʠʤ ʜʣʷ ʧʫʙʣʽʢʠ ʟʘ ʜʦʧʦʤʦʛʦʶ GitHub. 
ʋʯʘʩʥʠʢ ʟ ʢʦʤʘʥʜʠ Sharp Sports Analytics, Jordan Sundheim, ʚʠʢʦʨʠʩ-

ʪʘʚ ʨʝʪʝʣʴʥʠʡ ʧʽʜʭʽʜ ʜʦ ʚʽʜʙʦʨʫ ʦʟʥʘʢ ʫ ʩʚʦʾʡ ʤʦʜʝʣʽ ʜʣʷ ʫʯʘʩʪʽ ʚ Google 

Cloud & NCAA ML Competition 2019-Men's. ɺʽʥ ʚʠʟʥʘʯʠʚ, ʱʦ ʢʣʶʯʦʚʠʤʠ 
ʬʘʢʪʦʨʘʤʠ ʜʣʷ ʡʦʛʦ ʤʦʜʝʣʽ ʻ ʝʬʝʢʪʠʚʥʽʩʪʴ ʘʪʘʢʠ ʪʘ ʦʙʦʨʦʥʠ, ʘ ʪʘʢʦʞ ï ʽʥʰʽ 

ʧʘʨʘʤʝʪʨʠ, ʱʦ ʤʦʞʫʪʴ ʚʧʣʠʚʘʪʠ ʥʘ ʨʝʟʫʣʴʪʘʪʠ ʤʘʪʯʽʚ. ʇʽʜ ʯʘʩ ʚʽʜʙʦʨʫ ʦʟʥʘʢ 

ʚʽʥ ʚʠʢʦʨʠʩʪʘʚ ʪʨʠ ʨʽʟʥʽ ʧʽʜʭʦʜʠ: 

1. ɺʽʥ ʨʦʟʧʦʯʘʚ ʟ ʙʘʟʦʚʦʛʦ ʧʽʜʭʦʜʫ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʣʠʰʝ ʝʬʝʢʪʠʚ-
ʥʽʩʪʴ ʘʪʘʢʠ ʪʘ ʦʙʦʨʦʥʠ, ʷʢʽ ʚʞʝ ʙʫʣʠ ʜʦʢʫʤʝʥʪʦʚʘʥʽ ʷʢ ʢʣʶʯʦʚʽ ʬʘʢʪʦʨʠ ʫʩ-

ʧʽʭʫ ʫ ʩʧʦʨʪʠʚʥʠʭ ʘʥʘʣʽʪʠʯʥʠʭ ʤʦʜʝʣʷʭ. 

2. ʇʦʪʽʤ ʚʽʥ ʚʠʨʽʰʠʚ ʧʝʨʝʚʽʨʠʪʠ ʚʩʽ ʜʦʩʪʫʧʥʽ ʩʪʘʪʠʩʪʠʯʥʽ ʜʘʥʽ çʟ ʢʦ-
ʨʦʙʢʠè (ʥʘʧʨʠʢʣʘʜ, ʦʯʢʠ, ʧʽʜʙʠʨʘʥʥʷ, ʧʝʨʝʜʘʯʽ ʪʦʱʦ) ʽ ʧʝʨʝʚʽʨʠʪʠ, ʷʢ ʚʦʥʠ 

ʚʧʣʠʚʘʶʪʴ ʥʘ ʨʝʟʫʣʴʪʘʪʠ ʛʨʠ. 

https://youhoo0521.github.io/kaggle-march-madness-men-2019/models/bradley_terry.html
https://youhoo0521.github.io/kaggle-march-madness-men-2019/models/bradley_terry.html
https://www.kaggle.com/competitions/mens-machine-learning-competition-2019/discussion/89942
https://www.kaggle.com/c/mens-machine-learning-competition-2019
https://www.kaggle.com/c/mens-machine-learning-competition-2019
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3. ɼʣʷ ʪʨʝʪʴʦʛʦ ʧʽʜʭʦʜʫ ʚʽʥ ʜʦʜʘʚ ʜʝʷʢʽ ʜʦʜʘʪʢʦʚʽ ʬʘʢʪʦʨʠ, ʪʘʢʽ ʷʢ ʚʽ-

ʜʩʦʪʦʢ ʧʝʨʝʤʦʛ ʟʘ ʨʘʭʫʥʢʘʤʠ ʧʦ ʨʦʟʧʦʜʽʣʫ, ʩʝʨʽʾ ʧʝʨʝʤʦʛ (ʧʨʷʤʽ ʧʝʨʝʤʦʛʠ), 

ʪʘ ʧʦʧʝʨʝʜʥʽ ʨʝʡʪʠʥʛʠ ʧʝʨʝʜ ʧʦʯʘʪʢʦʤ ʩʝʟʦʥʫ. ʎʽ ʧʘʨʘʤʝʪʨʠ ʚʽʥ ʚʠʙʨʘʚ, ʧʨʠ-
ʧʫʩʢʘʶʯʠ, ʱʦ ʚʦʥʠ ʤʦʞʫʪʴ ʤʘʪʠ ʟʥʘʯʝʥʥʷ ʜʣʷ ʩʧʦʨʪʠʚʥʠʭ ʘʥʘʣʽʪʠʯʥʠʭ ʤʦ-

ʜʝʣʝʡ. 

ʇʽʩʣʷ ʚʠʙʦʨʫ ʦʟʥʘʢ ʚʽʥ ʩʪʚʦʨʠʚ ʢʽʥʮʝʚʫ ʤʦʜʝʣʴ, ʷʢʘ ʙʫʣʘ ʟʚʘʞʝʥʦʶ 

ʢʦʤʙʽʥʘʮʽʻʶ ʮʠʭ ʪʨʴʦʭ ʧʽʜʭʦʜʽʚ. ɺʘʞʣʠʚʠʤ ʘʩʧʝʢʪʦʤ ʡʦʛʦ ʤʝʪʦʜʠʢʠ ʙʫʣʦ, 
ʪʘʢʦʞ, ʢʦʨʠʛʫʚʘʥʥʷ ʩʪʘʪʠʩʪʠʢʠ ʜʣʷ ʚʨʘʭʫʚʘʥʥʷ ʩʠʣʠ ʩʫʧʝʨʥʠʢʽʚ, ʱʦ ʜʦʟʚʦ-

ʣʠʣʦ ʡʦʤʫ ʦʪʨʠʤʘʪʠ ʙʽʣʴʰ ʪʦʯʥʽ ʧʨʦʛʥʦʟʠ ʨʝʟʫʣʴʪʘʪʽʚ ʤʘʪʯʽʚ. 

ʇʽʜ ʯʘʩ ʩʪʚʦʨʝʥʥʷ ʨʝʢʦʤʝʥʜʘʮʽʡʥʠʭ ʩʠʩʪʝʤ ʯʘʩʪʦ ʚʘʞʣʠʚʦ ʟʥʘʪʠ ʽ ʚʨʘ-
ʭʦʚʫʚʘʪʠ ʧʦʙʽʣʴʰʝ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ ʦʙôʻʢʪ ʯʠ ʩʫʙôʻʢʪ, ʜʣʷ ʷʢʦʛʦ ʬʦʨʤʫʶʪʴʩʷ 

ʨʝʢʦʤʝʥʜʘʮʽʾ. ɸ ʜʣʷ ʮʴʦʛʦ ʩʣʽʜ ʚʤʽʪʠ ʟ ʮʽʻʾ ʽʥʬʦʨʤʘʮʽʾ ʬʦʨʤʫʚʘʪʠ ʧʦʙʽʣʴʰʝ 

ʜʽʡʩʥʦ ʢʦʨʠʩʥʠʭ ʬʽʯʝʨʽʚ. ʎʝ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʚ ʢʦʥʢʫʨʩ çOTTO ï Multi -

Objective Recommender Systemè, ʜʝ ʪʨʝʙʘ ʙʫʣʦ ʨʦʟʨʦʙʠʪʠ ʨʝʢʦʤʝʥʜʘʮʽʾ ʧʦ-
ʢʫʧʮʷʤ ʫ ʚʝʣʠʢʠʭ ɯʥʪʝʨʥʝʪ-ʤʘʛʘʟʠʥʘʭ. ʈʽʰʝʥʥʷ-ʧʝʨʝʤʦʞʮʽ ʦʩʥʦʚʥʫ ʫʚʘʛʫ 

ʧʨʠʜʽʣʷʣʠ ʩʘʤʝ ʝʪʘʧʫ FE. ʋʯʘʩʥʠʢ, ʱʦ ʟʘʡʥʷʚ ʧʝʨʰʝ ʤʽʩʮʝ, ʦʧʠʩʘʚ ʩʪʨʘʪʝʛʽʶ 

ʫ ʧʦʩʪʽ, ʱʦ ʟʦʙʨʘʞʝʥʦ ʥʘ ʨʠʩʫʥʢʫ 3.13. 
1. ʋʯʘʩʥʠʢ ʩʪʚʦʨʶʚʘʚ ʙʣʠʟʴʢʦ 1200 ʢʘʥʜʠʜʘʪʽʚ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʽʥ-

ʬʦʨʤʘʮʽʶ ʧʨʦ ʚʽʜʚʽʜʫʚʘʥʽʩʪʴ ʦʢʨʝʤʠʭ ID ʫ ʩʝʩʽʷʭ ʢʦʨʠʩʪʫʚʘʯʽʚ, ʤʘʪʨʠʮʶ 

ʩʧʽʚʚʽʜʚʽʜʫʚʘʥʦʩʪʽ, ʪʘ ʥʠʟʢʫ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʪʘʢʠʭ ʷʢ ʥʝʡ-

ʨʦʥʥʽ ʤʝʨʝʞʽ ʪʘ ʤʦʜʝʣʽ ʛʨʘʜʽʻʥʪʥʦʛʦ ʙʫʩʪʽʥʛʫ (LGBM). ɺʠʢʦʨʠʩʪʘʥʥʷ ʨʽʟʥʠʭ 
ʚʘʨʽʘʥʪʽʚ ʟʚʘʞʫʚʘʥʥʷ ʪʘ ʧʝʨʽʦʜʽʚ ʘʛʨʝʛʘʮʽʾ, ʘ ʪʘʢʦʞ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʘʪʨʠʮʽ 

ʩʧʽʚʚʽʜʚʽʜʫʚʘʥʦʩʪʽ ʥʘ ʨʽʟʥʠʭ ʝʪʘʧʘʭ, ʪʘʢʠʭ ʷʢ ʧʦʰʫʢ ʧʦ ʟʘʩʽʯʮʽ (beam search), 

ʩʧʨʠʷʣʦ ʧʦʢʨʘʱʝʥʥʶ ʨʝʟʫʣʴʪʘʪʽʚ. 
2. ɼʣʷ ʧʦʢʨʘʱʝʥʥʷ ʧʦʨʷʜʢʫ ʨʝʢʦʤʝʥʜʘʮʽʡ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʘʥʩʘʤʙʣʴ 

ʟ 9 ʤʦʜʝʣʝʡ LGBMRanker ʟ ʨʽʟʥʠʤʠ ʛʽʧʝʨʧʘʨʘʤʝʪʨʘʤʠ. ʆʮʽʥʶʚʘʥʥʷ ʨʘʥʞʫ-

ʚʘʥʥʷ ʧʨʦʚʦʜʠʣʘʩʴ ʟʘ ʜʦʧʦʤʦʛʦʶ ʨʽʟʥʠʭ ʬʽʯʝʨʽʚ ʩʝʩʽʾ ʪʘ ID, ʚʢʣʶʯʘʶʯʠ ʽʥ-

ʬʦʨʤʘʮʽʶ ʧʨʦ ʧʦʧʫʣʷʨʥʽʩʪʴ ID, ʩʭʦʞʽʩʪʴ ʟʘ ʢʨʠʪʝʨʽʻʤ ʢʦʩʠʥʫʩʥʦʾ ʧʦʜʽʙʥʦ-
ʩʪʽ, ʜʫʙʣʶʚʘʥʥʷ ID ʫ ʩʝʩʽʾ ʪʘ ʽʥʰʽ. 

3. ɹʫʣʦ ʩʪʚʦʨʝʥʦ ʙʣʠʟʴʢʦ 200 ʦʟʥʘʢ ʜʣʷ ʢʦʞʥʦʾ ʩʝʩʽʾ, ʚʢʣʶʯʘʶʯʠ ʭʘʨʘ-

ʢʪʝʨʠʩʪʠʢʠ ʩʝʩʽʾ (ʪʘʢʽ ʷʢ ʪʨʠʚʘʣʽʩʪʴ ʪʘ ʯʘʩʪʦʪʘ ʜʫʙʣʶʚʘʥʥʷ ID), ʽʥʬʦʨʤʘʮʽʶ 
ʧʨʦ ID (ʪʘʢʽ ʷʢ ʧʦʧʫʣʷʨʥʽʩʪʴ ʪʘ ʪʠʧ), ʪʘ ʟʚôʷʟʦʢ ʤʽʞ ʩʝʩʽʻʶ ʪʘ ID. 

4. ɼʣʷ ʪʨʝʥʫʚʘʥʥʷ ʤʦʜʝʣʝʡ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʚʠʙʽʨʢʠ ʟ ʥʝʛʘʪʠʚʥʠʤʠ 

ʨʝʡʪʠʥʛʘʤʠ, ʱʦʙ ʟʙʘʣʘʥʩʫʚʘʪʠ ʦʙʩʷʛʠ ʜʘʥʠʭ ʪʘ ʧʽʜʚʠʱʠʪʠ ʰʚʠʜʢʽʩʪʴ ʦʙʨʦ-

ʙʢʠ. 

https://www.kaggle.com/competitions/otto-recommender-system/overview
https://www.kaggle.com/competitions/otto-recommender-system/overview
https://www.kaggle.com/competitions/otto-recommender-system/discussion/384022
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ʈʠʩʫʥʦʢ 3.13 ï ɸʣʛʦʨʠʪʤ ʨʦʙʦʪʠ ʤʝʪʦʜʫ, ʱʦ ʟʘʡʥʷʚ ʧʝʨʰʝ ʤʽʩʮʝ ʚ ʢʦʥʢʫʨʩʽ 

çOTTO ï Multi -Objective Recommender Systemè 
 

ɺʘʞʣʠʚʦ ʚʨʘʭʦʚʫʚʘʪʠ, ʱʦ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʨʦʟʚôʷʟʘʥʥʷ ʨʝʘʣʴʥʦʾ ʟʘ-

ʜʘʯʽ ʩʣʽʜ ʜʦʙʨʝ ʨʦʟʙʠʨʘʪʠʩʴ ʫ ʧʨʝʜʤʝʪʥʽʡ ʦʙʣʘʩʪʽ. ʅʘʧʨʠʢʣʘʜ, ʘʚʪʦʨ ʨʽ-

ʰʝʥʥʷ, ʷʢʝ ʧʦʩʽʣʦ 3-ʪʻ ʤʽʩʮʝ ʫ ʧʨʠʟʦʚʦʤʫ ʢʦʥʢʫʨʩʽ çNovozymes Enzyme 
Stability Predictionè, ʫ ʩʚʦʻʤʫ ʧʦʩʪʽ ʥʘʚʦʜʠʪʴ ʨʷʜ ʪʨʠʛʦʥʦʤʝʪʨʠʯʥʠʭ ʩʧʽʚʚʽʜ-

ʥʦʰʝʥʴ, ʷʢ ʚʽʥ ʨʘʭʫʚʘʚ ʥʦʚʽ ʬʽʯʝʨʠ ʥʘ ʦʩʥʦʚʽ ʥʘʷʚʥʠʭ. 

 

ʅʘ ʨʠʩ. 3.14 ʥʘʚʝʜʝʥʘ ʽʥʬʦʛʨʘʬʽʢʘ ʽʥʩʪʨʫʤʝʥʪʘʨʽʶ, ʟʛʘʜʘʥʦʛʦ ʫ ʨʦʟʜʽʣʽ 
3 ʚ ʮʽʣʦʤʫ, ʫ ʩʠʩʪʝʤʽ ʢʦʦʨʜʠʥʘʪ S(I). 

 

ʈʠʩʫʥʦʢ 3.14 ï ɯʥʬʦʛʨʘʬʽʢʘ ʫʩʽʭ ʦʩʥʦʚʥʠʭ ʦʧʝʨʘʮʽʡ ʽ ʪʝʭʥʦʣʦʛʽʡ ʽʥʞʝʥʝʨʽʾ 

ʦʟʥʘʢ (FE)  

https://www.kaggle.com/competitions/otto-recommender-system/discussion/384022
https://www.kaggle.com/competitions/otto-recommender-system/overview
https://www.kaggle.com/competitions/novozymes-enzyme-stability-prediction/overview
https://www.kaggle.com/competitions/novozymes-enzyme-stability-prediction/overview
https://www.kaggle.com/competitions/novozymes-enzyme-stability-prediction/discussion/375964
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ʄʦʞʣʠʚʽ ʪʝʤʠ ʧʨʘʢʪʠʯʥʠʭ ʽ ʣʘʙʦʨʘʪʦʨʥʠʭ ʟʘʚʜʘʥʴ 

 
ʊʝʤʘ ˉ 1. ɸʥʘʣʽʟ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʪʘʙʣʠʯʥʠʭ ʜʘʥʠʭ. 

ʄʝʪʦʶ ʟʘʥʷʪʪʷ ʻ ʨʦʙʦʪʠ ʻ ʚʠʚʯʝʥʥʷ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʽ Py-

thon-ʙʽʙʣʽʦʪʝʢ ʜʣʷ ʘʥʘʣʽʟʫ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʪʘ ʧʨʦʚʝʜʝʥʥʷ ʦʙʨʦʙʣʝʥʥʷ ʦʟ-
ʥʘʢ (ʘʥʛʣ.: Feature Engineering) ʪʘʙʣʠʯʥʠʭ ʜʘʥʠʭ ʡ ʦʧʘʥʫʚʘʥʥʷ ʧʨʘʢʪʠʯʥʠʭ 

ʥʘʚʠʯʦʢ ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʝʷʢʠʭ ʽʟ ʥʠʭ ʥʘ ʧʨʠʢʣʘʜʽ ʦʜʥʦʛʦ ʽʟ ʜʘʪʘʩʝʪʽʚ Kaggle 

ʯʠ ʟʘ ʜʘʥʠʤʠ, ʟʘʚʘʥʪʘʞʝʥʠʤʠ ʯʝʨʝʟ API. 

ʇʣʘʥ ʟʘʥʷʪʪʷ: 
1. ɺʠʙʨʘʪʠ ʜʘʪʘʩʝʪ (ʜʠʚ. ʨʦʟʜ. 1). 

2. ʇʨʦʚʝʩʪʠ ʧʝʨʚʠʥʥʠʡ EDA ʜʘʪʘʩʝʪʫ ʪʘ ʚʠʟʥʘʯʠʪʠ ʟʘʚʜʘʥʥʷ ʜʣʷ FE. 

3. ʆʭʘʨʘʢʪʝʨʠʟʫʚʘʪʠ ʝʪʘʧʠ ʦʙʨʦʙʣʝʥʥʷ ʦʟʥʘʢ (ʷʢʽ ʚʠʜʘʣʝʥʦ ʥʘʷʚʥʽ ʽ 
ʯʦʤʫ, ʷʢʽ ʩʪʚʦʨʝʥʦ ʥʦʚʽ ʽ ʜʣʷ ʯʦʛʦ, ʷʢʽ ʪʨʘʥʩʬʦʨʤʦʚʘʥʽ ʽ ʯʦʤʫ). 

4. ʅʘʚʝʩʪʠ ʜʽʘʛʨʘʤʫ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ ʦʜʥʽʻʾ ʟ ʤʦʜʝʣʝʡ ʪʘ ʷʢʽ ʧʦ ʥʽʡ 

ʤʦʞʥʘ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʢʠ. 

5. ɿʘʟʥʘʯʠʪʠ, ʷʢʽ ʦʧʪʠʤʘʣʴʥʽ ʦʟʥʘʢʠ ʙʫʣʦ ʚʽʜʽʙʨʘʥʦ ʥʘ ʦʩʥʦʚʽ ʚʠʚʯʝʥʥʷ 
ʨʝʟʫʣʴʪʘʪʽʚ ʧʧ. 3, 4 (ʮʽ ʧʫʥʢʪʠ ʤʦʞʫʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ ʧʦʯʝʨʛʦʚʦ ʽ ʥʝʦʜʥʦ-

ʨʘʟʦʚʦ: 2, 3, 2, 3é). ʊʘʢʦʞ, ʤʦʞʝ ʙʫʪʠ ʥʘʚʝʜʝʥʘ ʦʙôʻʜʥʘʥʘ (ʯʠ ʢʦʤʧʣʝʢʩʥʘ) 

ʜʽʘʛʨʘʤʘ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ, ʧʦʙʫʜʦʚʘʥʘ ʟʘ ʜʝʢʽʣʴʢʦʤʘ ʤʦʜʝʣʷʤʠ ʦʜʥʦʯʘʩʥʦ 

ï ʜʠʚ. ʧʨʠʢʣʘʜ ʫ ʥʦʫʪʙʫʢʘʭ: 
-  FE - Feature Importance - Advanced Visualization (ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʾ 

ʟʘʜʘʯʽ)  

- FE-FI for Regression Task - Advanced Visualization (ʜʣʷ ʨʝʛʨʝʩʽʡʥʦʾ ʟʘ-
ʜʘʯʽ). 

ʇʨʠʢʣʘʜʠ ʥʦʫʪʙʫʢʽʚ: 

ɼʣʷ ʚʠʢʦʥʘʥʥʷ ʮʽʻʾ ʨʦʙʦʪʠ ʨʝʢʦʤʝʥʜʫʻʪʴʩʷ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʪʘʢʽ ʥʦʫ-

ʪʙʫʢʠ: 
- ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʾ ʟʘʜʘʯʽ: FE - Feature Importance - Advanced 

Visualization (ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʴʦʛʦ ʥʦʫʪʙʫʢʫ ʜʣʷ ʨʝʛʨʝʩʽʡʥʦʾ ʟʘʜʘʯʽ ʩʣʽʜ 

ʚ ʫʩʽʭ ʤʽʩʮʷʭ, ʜʝ ʚ ʢʦʤʝʥʪʘʨʷʭ ʥʘʧʠʩʘʥʦ çfor regression taskè, ʟʘʤʽʥʠʪʠ ʚʽʜ-
ʧʦʚʽʜʥʠʡ ʧʘʨʘʤʝʪʨ ʥʘ ʪʝ, ʱʦ ʪʘʤ ʞʝ ʨʝʢʦʤʝʥʜʦʚʘʥʦ); 

- ʜʣʷ ʨʝʛʨʝʩʽʡʥʦʾ ʟʘʜʘʯʽ: FE-FI for Regression Task - Advanced 

Visualization (ʨʝʛʨʝʩʽʡʥʘ ʟʘʜʘʯʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʷʢʦʩʪʽ ʚʦʜʠ ʥʘ ʦʩʥʦʚʽ ʜʘʪʘ-

ʩʝʪʫ River Water Quality EDA and Forecasting ʱʦʜʦ ʨ. ʇʽʚʜʝʥʥʠʡ ɹʫʛ ʟʘ ʜʘ-
ʥʠʤʠ 20 ʨʦʢʽʚ, ʩʬʦʨʤʦʚʘʥʦʛʦ ʟʘ ʜʘʥʠʤʠ ɼʝʨʞʚʦʜʘʛʝʥʪʩʪʚʘ ʽ data.gov.ua (ʜʣʷ 

ʮʽʣʦʯʠʩʝʣʴʥʦʛʦ ʪʘʨʛʝʪʘ ʤʦʜʝʣʽ ʟ ʚʽʜʧʦʚʽʜʥʦʶ ʤʝʪʨʠʢʦʶ ʟʘʙʝʟʧʝʯʫʶʪʴ ʙʽʣʴʰ 

ʪʦʯʥʽ ʧʨʦʛʥʦʟʠ); 
- ʧʽʜʚʠʱʝʥʠʡ ʨʽʚʝʥʴ ʩʢʣʘʜʥʦʩʪʽ: Heart Disease - Automatic AdvEDA & 

FE & 20 models. 

ʊʘʢʦʞ, ʤʦʞʥʘ ʧʦʜʠʚʠʪʠʩʴ ʽʥʰʽ ʧʨʠʢʣʘʜʠ ʥʦʫʪʙʫʢʽʚ ʽʟ ʜʽʘʛʨʘʤʘʤʠ ʚʘ-

ʞʣʠʚʦʩʪʽ ʦʟʥʘʢ: 
- Autoselection from 20 classifier models & L_curves 

- Biomechanical features - 20 popular models 

- Suspended substances prediction in river 

https://www.kaggle.com/vbmokin/fe-feature-importance-advanced-visualization
https://www.kaggle.com/vbmokin/fe-fi-for-regression-task-advanced-visualization
https://www.kaggle.com/vbmokin/fe-feature-importance-advanced-visualization
https://www.kaggle.com/vbmokin/fe-feature-importance-advanced-visualization
https://www.kaggle.com/vbmokin/fe-fi-for-regression-task-advanced-visualization
https://www.kaggle.com/vbmokin/fe-fi-for-regression-task-advanced-visualization
https://www.kaggle.com/datasets/vbmokin/wq-southern-bug-river-01052021
https://www.kaggle.com/vbmokin/heart-disease-automatic-adveda-fe-20-models
https://www.kaggle.com/vbmokin/heart-disease-automatic-adveda-fe-20-models
https://www.kaggle.com/vbmokin/autoselection-from-20-classifier-models-l-curves
https://www.kaggle.com/vbmokin/biomechanical-features-20-popular-models
https://www.kaggle.com/vbmokin/suspended-substances-prediction-in-river
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- WQ SB river : EDA and Forecasting 

 

ʂʦʥʪʨʦʣʴʥʽ ʧʠʪʘʥʥʷ 

1) ʑʦ ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʽʥʞʝʥʝʨʽʷ ʦʟʥʘʢ (FE) ʪʘ ʯʦʤʫ ʚʦʥʘ ʻ ʚʘʞʣʠʚʦʶ 
ʫ ʧʨʦʮʝʩʽ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʪʘ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ? 

2) ʗʢʽ ʻ ʦʩʥʦʚʥʽ ʝʪʘʧʠ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ, ʽ ʷʢʽ ʟʘʜʘʯʽ ʚʦʥʠ ʚʠʨʽʰʫʶʪʴ? 

3) ʗʢʽ ʤʝʪʦʜʠ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʩʠʥʪʝʟʫ ʥʦʚʠʭ ʦʟʥʘʢ ʥʘ ʦʩ-
ʥʦʚʽ ʥʘʷʚʥʠʭ ʜʘʥʠʭ? 

4) ɺ ʯʦʤʫ ʧʦʣʷʛʘʻ ʩʪʘʥʜʘʨʪʠʟʘʮʽʷ ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʷ ʦʟʥʘʢ, ʽ ʯʦʤʫ ʮʝ ʚʘ-
ʞʣʠʚʦ ʧʝʨʝʜ ʧʦʙʫʜʦʚʦʶ ʤʦʜʝʣʽ? 

5) ʗʢ ʤʦʞʥʘ ʧʦʙʫʜʫʚʘʪʠ ʜʽʘʛʨʘʤʫ ʚʘʞʣʠʚʦʩʪʽ ʦʟʥʘʢ, ʽ ʷʢʘ ʾʾ ʨʦʣʴ ʫ 
ʚʠʙʦʨʽ ʥʘʡʙʽʣʴʰ ʚʘʞʣʠʚʠʭ ʦʟʥʘʢ ʜʣʷ ʤʦʜʝʣʽ? 

6) ʗʢʽ ʙʽʙʣʽʦʪʝʢʠ Python ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ 

ʚʠʙʦʨʫ ʦʟʥʘʢ, ʪʘ ʷʢʽ ʤʝʪʦʜʠ ʚʦʥʠ ʥʘʜʘʶʪʴ ʜʣʷ ʮʴʦʛʦ? 
7) ʗʢ ʟʘʙʝʟʧʝʯʠʪʠ ʽʥʪʝʨʧʨʝʪʘʙʝʣʴʥʽʩʪʴ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

ʟ ʪʦʯʢʠ ʟʦʨʫ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ? 

8) ʗʢʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʤʝʪʦʜʠ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ ʯʘʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫ-
ʶʪʴʩʷ ʧʨʠʟʝʨʘʤʠ ʟʤʘʛʘʥʴ ʥʘ Kaggle? 

9) ʗʢʽ ʩʪʨʘʪʝʛʽʾ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʦʙʨʦʙʣʝʥʥʷ ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʦʟ-

ʥʘʢ ʧʽʜ ʯʘʩ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ? 

10) ʗʢʽ ʤʦʞʣʠʚʽ ʧʨʦʙʣʝʤʠ ʤʦʞʫʪʴ ʚʠʥʠʢʥʫʪʠ ʧʽʜ ʯʘʩ ʽʥʞʝʥʝʨʽʾ ʦʟʥʘʢ, 
ʽ ʷʢ ʾʭ ʤʦʞʥʘ ʫʥʠʢʥʫʪʠ ʘʙʦ ʚʠʨʽʰʠʪʠ? 

 

https://www.kaggle.com/vbmokin/wq-sb-river-eda-and-forecasting
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4 ʇʆɹʋɼʆɺɸ ʄʆɼɽʃɽʁ ʄɸʐʀʅʅʆɻʆ ʅɸɺʏɸʅʅʗ  

 

4.1 ɺʠʜʠ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʾʭ ʥʘʚʯʘʥʥʷ ʪʘ 

ʨʝʛʫʣʷʨʠʟʘʮʽʷ 

 

4.1.1 ɺʠʜʠ ʤʦʜʝʣʝʡ ʪʘ ʾʭ ʧʝʨʝʚʘʛʠ 

ʄʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʧʦʜʽʣʷʶʪʴ ʥʘ ʪʘʢʽ ʦʩʥʦʚʥʽ ʢʣʘʩʠ (ʜʠʚ. ʜʦ-
ʢʫʤʝʥʪʘʮʽʶ ʙʽʙʣʽʦʪʝʢʠ Sklearn):  

1) ʃʽʥʽʡʥʽ ʤʦʜʝʣʽ ʪʘ ʤʝʪʦʜʠ ʾʭ ʽʜʝʥʪʠʬʽʢʘʮʽʾ (ʧʘʢʝʪ 

sklearn.linear_model - ʙʽʣʷ 20 ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ), ʥʘʡʙʽʣʴʰ ʧʦʰʠ-

ʨʝʥʽ:  

¶ LinearRegression - ʣʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ; 

¶ Ridge ï ʛʨʝʙʝʥʝʚʘ ʨʝʛʨʝʩʽʷ; 

¶ Lasso - ʨʝʛʨʝʩʽʷ ʃʘʩʩʦ; 

¶ LogisticRegression - ʣʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ (ʩʘʤʝ ʪʘʢ, ʚʦʥʘ ʻ ʥʝ-
ʣʽʥʽʡʥʠʤ ʧʝʨʝʪʚʦʨʝʥʥʷʤ, ʘʣʝ ʚʦʥʘ ʚʭʦʜʠʪʴ ʜʦ ʧʘʢʝʪʫ ʣʽʥʽʡ-

ʥʠʭ ʤʦʜʝʣʝʡ); 

¶ Stochastic Gradient Descent ï ʤʝʪʦʜ ʩʪʦʭʘʩʪʠʯʥʦʛʦ ʛʨʘʜʽʻʥʪ-
ʥʦʛʦ ʩʧʫʩʢʫ ʜʣʷ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʣʽʥʽʡʥʠʭ ʤʦʜʝʣʝʡ; 

2) ʄʦʜʝʣʽ ʥʘ ʦʩʥʦʚʽ ʤʝʪʦʜʫ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ (ʧʘʢʝʪ sklearn.svm ï ʜʝ-

ʢʽʣʴʢʘ ʤʦʜʝʣʝʡ, ʘʣʝ ʟ ʙʘʛʘʪʴʤʘ ʚʘʨʽʘʮʽʷʤʠ), ʦʩʥʦʚʥʽ: 

¶ SVC; 

¶ LinerSVC; 
3) ʄʦʜʝʣʽ ʥʘ ʦʩʥʦʚʽ ʤʝʪʦʜʫ ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ (ʧʘʢʝʪ 

sklearn.neighbors ï ʙʽʣʷ 10 ʤʦʜʝʣʝʡ), ʦʩʥʦʚʥʘ: 

¶ NearestNeighbors ï ʜʫʞʝ ʝʬʝʢʪʠʚʥʘ ʪʘ ʧʦʰʠʨʝʥʘ ʚ ʟʘʜʘʯʘʭ ʫ 
ʩʬʝʨʽ ʝʢʦʥʦʤʽʢʠ ʪʘ ʪʦʨʛʽʚʣʽ, ʢʦʣʠ ʪʨʝʙʘ ʚʨʘʭʦʚʫʚʘʪʠ ʷʢ ʩʝʙʝ 

ʧʦʚʦʜʷʪʴ ʧʝʚʥʽ ʢʣʘʩʠ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʽ ʷʢ ʩʧʽʚʚʽʜʥʦʩʷʪʴʩʷ ʟ ʪʘ-

ʨʛʝʪʦʤ; 

4) ʄʝʪʦʜʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʧʨʦʮʝʩʽʚ ɻʘʫʩʩʘ ʪʘ ʢʦʣʠ ʧʨʦʛʥʦ-
ʟʫʶʪʴʩʷ ʥʘ ʩʘʤʽ ʟʥʘʯʝʥʥʷ, ʘ ï ʾʭ ʽʤʦʚʽʨʥʽʩʥʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ (ʧʘʢʝʪ 

sklearn.gaussian_process - ʜʝʢʽʣʴʢʘ ʤʦʜʝʣʝʡ, ʘʣʝ ʟ ʙʘʛʘʪʴʤʘ ʚʘʨʽʘʮʽ-

ʷʤʠ), ʦʩʥʦʚʥʘ: 

¶ GaussianProcess; 

5) ʄʦʜʝʣʴ ʥʘʾʚʥʦʛʦ ɹʘʻʩʘ (ʧʘʢʝʪ sklearn.naive_bayes - ʜʝʢʽʣʴʢʘ ʤʦʜʝ-

ʣʝʡ), ʦʩʥʦʚʥʘ: 

¶ GaussianNB; 

6) ɼʝʨʝʚʘ ʨʽʰʝʥʴ; 

7) ɸʥʩʘʤʙʣʽ ʤʦʜʝʣʝʡ:  

¶ ʘʥʩʘʤʙʣʽ ʜʝʨʝʚ ʨʽʰʝʥʴ:  

¶ ʙʘʛʽʥʛ; 

¶ ʙʫʩʪʽʥʛ; 

¶ ʩʪʘʢʽʥʛ; 

https://scikit-learn.org/stable/supervised_learning.html#supervised-learning
https://scikit-learn.org/stable/supervised_learning.html#supervised-learning
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html#sklearn.linear_model.LinearRegression
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Ridge.html#sklearn.linear_model.Ridge
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Lasso.html#sklearn.linear_model.Lasso
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html#sklearn.linear_model.LogisticRegression
https://scikit-learn.org/stable/modules/classes.html#module-sklearn.neighbors
https://scikit-learn.org/stable/modules/generated/sklearn.gaussian_process.GaussianProcessRegressor.html#sklearn.gaussian_process.GaussianProcessRegressor
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¶ ʛʦʣʦʩʫʚʘʥʥʷ; 

8) ʅʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʪʘ ʾʭ ʘʥʩʘʤʙʣʽ: 

¶ ʧʝʨʮʝʧʪʨʦʥ Sklearn: Perceptron ï ʥʘʡʧʨʦʩʪʽʰʘ ʽ ʥʘʡʧʨʠʤʽʪʠʚ-

ʥʽʰʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʟ ʦʜʥʠʤ ʧʨʠʭʦʚʘʥʠʤ, ʻ ʣʽʥʽʡʥʦʶ ʤʦ-

ʜʝʣʣʶ (ʫʩʽ ʙʽʣʴʰ ʩʢʣʘʜʥʽ ʥʝʡʨʦʤʦʜʝʣʽ ʻ ʥʝʣʽʥʽʡʥʠʤʠ), ʤʘʻ ʙʽ-
ʣʴʰʝ ʽʩʪʦʨʠʯʥʝ, ʘʥʽʞ ï ʧʨʠʢʣʘʜʥʝ ʟʥʘʯʝʥʥʷ; 

¶ ʙʘʛʘʪʦʰʘʨʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ Sklearn: MLP (Multi -layer 

Perceptron); 

¶ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʬʨʝʡʤʚʦʨʢʽʚ Keras, TensorFlow ʪʘ PyTorch, 

ʷʢʠʤ ʧʨʠʩʚʷʯʝʥʠʡ ʚʝʩʴ ʥʘʩʪʫʧʥʠʡ ʨʦʟʜʽʣ 5.  

ʅʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ ʪʘ ʧʦʧʫʣʷʨʥʠʤʠ ʻ 2 ʦʩʪʘʥʥʽʭ ʢʣʘʩʠ, ʘʣʝ, ʱʦʙ 
ʾʭ ʢʨʘʱʝ ʟʨʦʟʫʤʽʪʠ, ʧʦʪʨʽʙʥʦ ʩʧʦʯʘʪʢʫ ʦʚʦʣʦʜʽʪʠ ʧʝʨʰʠʤʠ 6-ʤʘ.  

ɿ ʦʩʦʙʠʩʪʦʛʦ ʜʦʩʚʽʜʫ ʘʚʪʦʨʽʚ ʪʘ ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʚʠʚʯʝʥʥʷ ʙʘʛʘʪʴʦʭ ʨʽ-

ʰʝʥʴ ʽ ʣʽʪʝʨʘʪʫʨʠ ʫ ʨʽʟʥʠʭ ʩʬʝʨʘʭ ʟʘʩʪʦʩʫʚʘʥʥʷ: 
- ʣʽʥʽʡʥʽ ʤʦʜʝʣʽ ʛʘʨʥʦ ʧʨʘʮʶʶʪʴ ʜʣʷ ʤʘʣʠʭ ʯʠ ʜʫʞʝ ʟʘʰʫʤʣʝʥʠʭ ʜʘ-

ʪʘʩʝʪʽʚ, ʢʦʣʠ ʽʥʰʽ ʤʦʜʝʣʽ ʥʝ ʻ ʝʬʝʢʪʠʚʥʠʤʠ (ʭʦʯʘ ʮʝ, ʯʘʩʪʦ, ʤʦʞʝ ʦʟʥʘʯʘʪʠ 

ʭʠʙʥʝ ʨʽʰʝʥʥʷ, ʷʢʝ ʱʝ ʧʦʪʨʝʙʫʻ ʨʝʪʝʣʴʥʦ ʧʝʨʝʚʽʨʢʠ); 

- ʣʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ ʰʚʠʜʢʦ ʧʨʘʮʶʻ ʚ ʟʘʜʘʯʘʭ ʢʣʘʩʠʬʽʢʘʮʽʾ ʽ ʯʘʩʪʦ 
ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʽʩʣʷʦʙʨʦʙʣʝʥʥʷ ʫ ʟʘʜʘʯʘʭ ʘʥʘʣʽʟʫ ʧʨʠʨʦʜʥʦʤʦʚʥʦʛʦ 

ʪʝʢʩʪʫ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ; 

- ʤʦʜʝʣʽ ʥʘ ʦʩʥʦʚʽ ʤʝʪʦʜʫ ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ ʯʘʩʪʦ ʻ ʝʬʝʢʪʠʚʥʠʤʠ 
ʚ ʟʘʜʘʯʘʭ ʫ ʩʬʝʨʽ ʝʢʦʥʦʤʽʢʠ, ʢʦʣʠ ʪʨʝʙʘ ʜʦʩʣʽʜʞʫʚʘʪʠ ʷʢ ʨʽʟʥʽ ʛʨʫʧʠ (ʢʣʘʩ-

ʪʝʨʠ) ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʧʦʚôʷʟʘʥʽ ʟ ʪʘʨʛʝʪʦʤ, ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʷʢʠʭʦʩʴ ʩʚʦʾʭ ʦʩʦ-

ʙʣʠʚʦʩʪʝʡ, ʧʨʠ ʮʴʦʤʫ, ʚʦʥʘ ʰʚʠʜʰʝ ʟʘ ʽʥʰʽ ʽ ʧʨʘʮʶʻ ʟʘ ʤʘʣʠʭ ʜʘʪʘʩʝʪʽʚ; 

- ʤʦʜʝʣʽ ʥʘ ʦʩʥʦʚʽ ʧʨʦʮʝʩʽʚ ɻʘʫʩʩʘ ʻ ʝʬʝʢʪʠʚʥʠʤʠ, ʢʦʣʠ ʚʭʽʜʥʽ ʜʘʥʽ 
ʥʝ ʜʘʶʪʴ ʧʦʚʥʦʛʦ ʫʷʚʣʝʥʥʷ ʧʨʦ ʢʣʘʩʠ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʘ ʣʠʰʝ ʦʢʨʝʩʣʶʶʪʴ ʾʭ 

ʽ ʪʦʜʽ, ʟʘ ʨʘʭʫʥʦʢ ʘʛʨʝʛʫʚʘʥʥʷ ʚ 2 ʩʪʘʪʠʩʪʠʯʥʽ ʧʘʨʘʤʝʪʨʠ ʬʫʥʢʮʽʾ ɻʘʫʩʩʘ (ʩʝ-

ʨʝʜʥʻ ʟʥʘʯʝʥʥʷ ʪʘ ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʝ ʚʽʜʭʠʣʝʥʥʷ) ʤʦʞʥʘ ʤʦʜʝʣʶʚʘʪʠ ʮʽ 
ʢʣʘʩʠ ʚ ʮʽʣʦʤʫ, ʪʦʙʪʦ ʟʘ ʤʘʣʠʭ ʚʠʙʽʨʦʢ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʜʘʥʠʭ ʦʪʨʠʤʫʚʘʪʠ ʤʦ-

ʜʝʣʴ, ʷʢʘ ʟʤʦʞʝ ʫʟʘʛʘʣʴʥʶʚʘʪʠ ʜʘʥʽ ʫ ʰʠʨʦʢʦʤʫ ʜʽʘʧʘʟʦʥʽ ʚʭʦʜʽʚ ï ʮʝ ʦʩʦʙ-

ʣʠʚʦ ʝʬʝʢʪʠʚʥʦ ʧʨʘʮʶʻ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠʨʦʜʥʦʤʦʚʥʦʛʦ ʪʝʢʩʪʫ, ʢʦʣʠ 

ʪʨʝʥʫʚʘʣʴʥʠʡ ʜʘʪʘʩʝʪ ï ʧʦʨʽʚʥʷʥʦ ʥʝʚʝʣʠʢʠʡ, ʘʣʝ ï ʨʽʟʥʦʨʽʜʥʠʡ; 
- ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʜʦʟʚʦʣʷʶʪʴ ʛʘʨʥʦ ʨʦʟʽʙʨʘʪʠʩʴ ʚ ʟʘʢʦʥʦʤʽʨʥʦʩʪʷʭ 

ʜʘʥʠʭ, ʤʘʶʪʴ ʛʘʨʥʽ ʤʦʞʣʠʚʦʩʪʽ ʱʦʜʦ ʚʽʟʫʘʣʽʟʘʮʽʾ, ʚʽʜʙʦʨʫ ʦʟʥʘʢ ʟʘ ʾʭ ʚʘʞʣʠ-

ʚʽʩʪʶ. 

ɸʥʩʘʤʙʣʽ ʻ ʥʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ, ʘʣʝ ʚʦʥʠ ʦʩʥʦʚʘʥʽ ʥʘ ʮʠʭ ʤʦʜʝʣʷʭ. 
ʊʘʤ ʛʦʣʦʚʥʝ, ʚʜʘʣʦ ʧʽʜʽʙʨʘʪʠ ʧʘʨʘʤʝʪʨʠ ʪʘ ʚʽʜʽʙʨʘʪʠ ʤʦʜʝʣʽ ʜʣʷ ʘʥʩʘʤʙʣʶ. 

ʗʢʱʦ ʚʽʥ ʻ ʧʦʩʣʽʜʦʚʥʠʤ, ʪʦʜʽ ʱʝ ʪʨʝʙʘ ʧʨʘʚʠʣʴʥʦ ʟʘʜʘʪʠ ʧʦʩʣʽʜʦʚʥʽʩʪʴ.  

ʅʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʪʘ ʾʭ ʘʥʩʘʤʙʣʽ ʧʦʪʨʝʙʫʶʪʴ ʙʽʣʴʰʠʭ ʜʘʪʘʩʝʪʽʚ, ʥʽʞ ʣʽ-
ʥʽʡʥʽ ʤʦʜʝʣʽ ʯʠ ʜʝʨʝʚʘ ʨʽʰʝʥʴ, ʘʣʝ ʻ ʟʥʘʯʥʦ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ ʜʣʷ ʚʝʣʠʢʠʭ 

ʜʘʥʠʭ.  
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4.1.2 ʇʦʥʷʪʪʷ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ ʪʘ ʛʽʧʝʨʧʘʨʘʤʝʪʨʽʚ  

ʂʦʞʥʘ ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʥʘʧʨʠʢʣʘʜ ʜʝʷʢʘ ʤʦʜʝʣʴ 

name_model (ʟ ʧʘʨʘʤʝʪʨʘʤʠ model_params) ʧʘʢʝʪʫ name_package ʙʽʙʣʽʦ-
ʪʝʢʠ sklearn ʟʘ ʥʘʚʯʘʣʴʥʠʤʠ ʜʘʥʠʤʠ ʫ ʚʠʛʣʷʜʽ ʜʘʪʘʬʨʝʡʤʘ train  ʪʘ ʪʘʨʛʝʪʦʤ 

ʫ ʚʠʛʣʷʜʽ ʜʘʪʘʬʨʝʡʤʫ ʟ ʦʜʥʠʤ ʩʪʦʚʧʮʝʤ ʪʠʧʫ çseriesè (ʘʙʦ ʧʨʦʩʪʦ ʫ ʚʠʛʣʷʜʽ 

ʩʧʠʩʢʫ) target, ʽʜʝʥʪʠʬʽʢʫʪ̒ʴʩʷ ʚ ʦʜʥʘʢʦʚʠʡ ʩʧʦʩʽʙ: 

 

from sklearn.name_package import name_model 
model = name_model(model_params) 
model.fit(train, target) 

 
ʘ ʪʦʜʽ ʧʝʨʝʜʙʘʯʝʥʥʷ ʟʥʘʯʝʥʴ y_pred ʟʘ ʜʘʥʠʤʠ ʪʝʩʪʦʚʦʛʦ ʜʘʪʘʬʨʝʡʤʫ test 
ʟʜʽʡʩʥʶʻʪʴʩʷ ʪʘʢʠʤ ʯʠʥʦʤ (ʭʦʯʘ ʻ ʤʦʞʣʠʚʠʤʠ ʡ ʽʥʰʽ ʚʘʨʽʘʥʪʠ, ʥʘʧʨʠʢʣʘʜ, 
ʢʦʣʠ ʪʨʝʙʘ ʧʝʨʝʜʙʘʯʠʪʠ ʡʤʦʚʽʨʥʽʩʪʴ ʧʦʷʚʠ ʟʥʘʯʝʥʴ, ʘ ʥʝ ʩʘʤʽ ʟʥʘʯʝʥʥʷ:  

predict_proba): 
 

y_pred = model.predict(test) 
 
ɯʜʝʥʪʠʬʽʢʦʚʘʥʘ ʤʦʜʝʣʴ ʻ ʦʙôʻʢʪʦʤ model ʩʢʣʘʜʝʥʦʛʦ ʪʠʧʫ. ɿʘ ʡʦʛʦ ʜʦ-

ʧʦʤʦʛʦʶ ʩʧʝʮʽʘʣʴʥʠʤʠ ʢʦʤʘʥʜʘʤʠ ʤʦʞʥʘ ʧʝʨʝʛʣʷʥʫʪʠ ʦʧʪʠʤʘʣʴʥʽ ʽʜʝʥʪʠ-

ʬʽʢʦʚʘʥʽ ʧʘʨʘʤʝʪʨʠ, ʚʘʞʣʠʚʽʩʪʴ ʬʽʯʝʨʽʚ ʪʦʱʦ. 

ɼʘʣʽ ʙʫʜʝʤʦ ʥʘʚʦʜʠʪʠ ʧʦ ʢʦʞʥʽʡ ʤʦʜʝʣʽ ʪʽʣʴʢʠ ʟʥʘʯʝʥʥʷ  

name_package, name_model ʪʘ ʧʨʠʢʣʘʜʠ model_params. 
ʇʨʘʢʪʠʯʥʦ ʫʩʽ ʤʦʜʝʣʽ, ʦʢʨʽʤ ʣʽʥʽʡʥʦʾ ʨʝʛʨʝʩʽʾ, ʨʝʛʨʝʩʽʾ ʃʘʩʩʦ, 

GaussianNB, ʚ ʙʽʙʣʽʦʪʝʮʽ sklearn ʤʘʶʪʴ ʚʘʨʽʘʥʪ ʜʣʷ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ (ʚ ʢʽ-

ʥʮʽ ʥʘʟʚʠ ʜʦʜʘʻʪʴʩʷ ʩʣʦʚʦ çClassifierè) ʽ ʜʣʷ ʟʘʜʘʯʽ ʨʝʛʨʝʩʽʾ (çRegressorè). ʅʝ 
ʽʩʥʫʻ ʚʘʨʽʘʥʪʫ ʤʦʜʝʣʽ LinearClassifier, LassoClassifier ʯʠ 

GaussianNBClassifier. 

ʃʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ ï ʻʜʠʥʘ ʨʝʛʨʝʩʽʷ, ʷʢʘ ʥʝ ʤʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ ʜʦ 

ʨʦʟʚôʷʟʘʥʥʷ ʨʝʛʨʝʩʽʡʥʠʭ ʟʘʜʘʯ. ɺʦʥʘ ʧʨʠʟʥʘʯʝʥʥʷ ʪʽʣʴʢʠ ʜʦ ʢʣʘʩʠʬʽʢʘʮʽʡ-
ʥʠʭ ʟʘʜʘʯ, ʥʝ ʜʠʚʣʷʯʠʩʴ ʥʘ ʥʘʟʚʫ. 

ɺ ʫʩʽʭ ʤʦʜʝʣʷʭ, ʷʢ ʧʨʘʚʠʣʦ, ʻ ʧʘʨʘʤʝʪʨ random_state, ʷʢʠʡ ʦʙʦʚôʷʟʢʦʚʦ 

ʩʣʽʜ ʬʽʢʩʫʚʘʪʠ, ʥʘʧʨʠʢʣʘʜ: random_state=42, ʘʙʦ 0, 1, 2 ʯʠ ʽʥʰʝ ʮʽʣʝ ʯʠʩʣʦ. 
ʎʝ ʟʘʙʝʟʧʝʯʫʻ ʚʽʜʪʚʦʨʶʚʘʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ, ʽʥʘʢʰʝ ʨʝʟʫʣʴʪʘʪ ʨʦʟʨʘʭʫʥʢʫ ʥʝ 

ʤʦʞʥʘ ʙʫʜʝ ʧʦʚʪʦʨʠʪʠ. 

ʇʘʨʘʤʝʪʨ verbose, ʷʢʠʡ, ʷʢ ʧʨʘʚʠʣʦ, ʧʨʠʡʤʘʻ ʟʥʘʯʝʥʥʷ 1 ʘʙʦ 0, ʦʟʥʘʯʘʻ 

ʚʠʚʦʜʠʪʠ ʯʠ ʥʽ ʧʨʦʤʽʞʥʽ ʨʝʟʫʣʴʪʘʪʠ ʨʦʟʨʘʭʫʥʢʫ, ʚʽʜʧʦʚʽʜʥʦ. ɼʣʷ ʩʢʣʘʜʥʠʭ 
ʤʦʜʝʣʝʡ ʥʘ ʢʰʪʘʣʪ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʯʠ ʘʥʩʘʤʙʣʽʚ, ʤʦʞʝ ʙʫʪʠ ʡ ʙʽʣʴʰʝ ʟʥʘ-

ʯʝʥʴ, ʥʘʧʨʠʢʣʘʜ: 0 ï ʥʝ ʚʠʚʦʜʠʪʠ ʥʽʯʦʛʦ, 1 ï ʚʠʚʦʜʠʪʠ ʚʩʝ, 2 ï ʚʠʚʦʜʠʪʠ ʫ 

ʩʢʦʨʦʯʝʥʽʡ ʬʦʨʤʽ (ʙʽʣʴʰ ʪʦʯʥʦ ʜʠʚʽʪʴʩʷ ʫ ʜʦʢʫʤʝʥʪʘʮʽʾ). ʂʦʣʠ ʤʦʜʝʣʴ 
ʪʽʣʴʢʠ ʙʫʜʫʻʪʴʩʷ ʽ ʧʨʦʚʦʜʷʪʴʩʷ ʝʢʩʧʝʨʠʤʝʥʪʠ, ʪʦʜʽ ʚʘʨʪʦ ʟʘʜʘʚʘʪʠ verbose=1, 

ʘ ʷʢʱʦ ʤʦʜʝʣʴ ʚʞʝ ʦʧʪʠʤʽʟʦʚʘʥʘ ʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʴ, ʪʦʜʽ 

ʟʘʜʘʶʪʴ verbose=0. 
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ʋʩʽ ʤʦʜʝʣʽ, ʦʢʨʽʤ ʣʽʥʽʡʥʦʾ ʨʝʛʨʝʩʽʾ, ʷʢ ʧʨʘʚʠʣʦ, ʤʘʶʪʴ ʧʝʚʥʽ 

model_params. ʋ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ ʾʭ ʥʘʟʠʚʘʶʪʴ ʛʽʧʝʨʧʘʨʘʤʝʪʨʘʤʠ ï 

ʮʝ ʧʘʨʘʤʝʪʨʠ, ʷʢʽ ʥʝ ʥʘʚʯʘʶʪʴʩʷ ʩʘʤʽ ʧʦ ʩʦʙʽ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ, ʘʣʝ 
ʚʠʟʥʘʯʘʶʪʴ ʘʨʭʽʪʝʢʪʫʨʫ ʯʠ ʢʦʥʬʽʛʫʨʘʮʽʶ ʤʦʜʝʣʽ. ɺʦʥʠ ʚʩʪʘʥʦʚʣʶʶʪʴʩʷ ʧʝ-

ʨʝʜ ʧʦʯʘʪʢʦʤ ʥʘʚʯʘʥʥʷ ʽ ʚʠʟʥʘʯʘʶʪʴ, ʷʢʠʤ ʯʠʥʦʤ ʤʦʜʝʣʴ ʧʦʚʠʥʥʘ ʥʘʚʯʘʪʠʩʷ 

ʪʘ ʷʢ ʚʦʥʘ ʧʦʚʠʥʥʘ ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʜʘʥʠʭ. 

ʋ ʧʽʜʨʦʟʜʽʣʽ 4.3 ʙʫʜʝ ʙʽʣʴʰ ʜʦʢʣʘʜʥʦ ʧʦʷʩʥʝʥʦ ʷʢ ʩʘʤʝ ʩʣʽʜ ʥʘʚʯʘʪʠ 
ʤʦʜʝʣʴ ʪʘ ʘʚʪʦʤʘʪʠʟʫʚʘʪʠ ʚʠʟʥʘʯʝʥʥʷ ʛʽʧʝʨʧʘʨʘʤʝʪʨʽʚ. 

 

4.1.3 ʈʝʛʫʣʷʨʠʟʘʮʽʷ ʟʘʜʣʷ ʤʽʥʽʤʽʟʘʮʽʾ ʨʠʟʠʢʫ ʧʝʨʝʥʘʚʯʘʥʥʷ 

ɺʘʞʣʠʚʦ ʪʘʢ ʥʘʣʘʰʪʦʚʫʚʘʪʠ ʛʽʧʝʨʧʘʨʘʤʝʪʨʠ, ʱʦʙ ʥʝ ʜʦʧʫʩʢʘʪʠ ʯʠ ʤʽ-

ʥʽʤʽʟʫʚʘʪʠ ʨʠʟʠʢ ʧʝʨʝʥʘʚʯʘʥʥʷ (ʘʥʛʣ. çoverfittingè). ɼʣʷ ʮʴʦʛʦ ʟʘʩʪʦʩʦʚʫ-

ʻʪʴʩʷ ʨʝʛʫʣʷʨʠʟʘʮʽʷ ï ʧʨʠʡʦʤ ʚ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ ʜʣʷ ʤʽʥʽʤʽʟʘʮʽʾ ʟʥʘʯʝʥʴ 

ʧʘʨʘʤʝʪʨʽʚ ʤʦʜʝʣʽ ʟ ʤʝʪʦʶ ʧʦʢʨʘʱʝʥʥʷ ʾʾ ʫʟʘʛʘʣʴʥʶʶʯʦʾ ʟʜʘʪʥʦʩʪʽ ʪʘ ʫʥʠʢ-
ʥʝʥʥʷ ʧʝʨʝʥʘʚʯʘʥʥʷ. ʅʘʡʢʨʘʱʝ ʾʾ ʩʫʪʥʽʩʪʴ ʧʦʷʩʥʠʪʠ ʥʘ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʧʦʣʽ-

ʥʦʤʽʘʣʴʥʦʾ ʨʝʛʨʝʩʽʾ ʜʣʷ ʦʜʥʦʛʦ ʬʽʯʝʨʘ (ʨʠʩ. 4.1). 

 
         ʘ)               ʙ) 

ʈʠʩʫʥʦʢ 4.1 ʇʨʠʢʣʘʜʠ ʧʦʙʫʜʦʚʠ ʧʦʣʽʥʦʤʽʘʣʴʥʦʾ ʨʝʛʨʝʩʽʾ: ʘ) ʧʘʨʘʙʦʣʘ (ʧʦʣʽ-

ʥʦʤ n=2 ʧʦʨʷʜʢʫ), ʷʢʘ ʪʦʯʥʦ ʧʨʦʭʦʜʠʪʴ ʯʝʨʝʟ n+1=3 ʪʦʯʢʠ; ʙ) ʧʦʣʽʥʦʤʠ 

m=6-ʛʦ ʽ ʤʝʥʰʦʛʦ ʧʦʨʷʜʢʽʚ, ʷʢʽ ʥʘʙʣʠʞʝʥʽ ʜʦ m+1=7 ʪʦʯʦʢ 
 

ʗʢ ʚʽʜʦʤʦ, ʯʝʨʝʟ n=2 ʪʦʯʢʠ ʤʦʞʥʘ ʪʦʯʥʦ ʧʨʦʚʝʩʪʠ ʧʨʷʤʫ, ʪʦʙʪʦ ï ʧʦ-

ʣʽʥʦʤ n-1=1 ʧʦʨʷʜʢʫ. ʏʝʨʝʟ n=3 ʪʦʯʢʠ ï ʧʘʨʘʙʦʣʫ, ʪʦʙʪʦ ï ʧʦʣʽʥʦʤ n-1=2 
ʧʦʨʷʜʢʫ (ʨʠʩ. 4.1ʘ), ʯʝʨʝʟ n=7 ʪʦʯʦʢ ï ʧʦʣʽʥʦʤ n-1=6 ʧʦʨʷʜʢʫ (ʨʠʩ. 4.1ʙ, ʣʽʥʽʷ 

ʩʠʥʴʦʛʦ ʢʦʣʴʦʨʫ). ʆʜʥʘʢ, ʮʷ ʜʫʞʝ ʪʦʯʥʘ ʢʨʠʚʘ ʙʫʜʝ ʩʠʣʴʥʦ ʚʽʜʨʽʟʥʷʪʠʩʴ ʚʽʜ 

ʦʩʥʦʚʥʦʛʦ ʪʨʝʥʜʫ ʣʽʥʽʾ ʤʽʞ ʚʽʜʦʤʠʤʠ ʪʦʯʢʘʤʠ. ʊʝʦʨʝʪʠʯʥʦ, ʧʘʨʘʤʝʪʨʠ ʤʦ-

ʞʫʪʴ ʙʫʪʠ ʟʥʘʢʦʟʤʽʥʥʠʤʠ ʽ ʤʘʪʠ ʟʥʘʯʝʥʥʷ 106 ʯʠ 107. ʏʝʨʝʟ ʱʦ, ʢʦʣʠ ʥʘʜʽʡ-
ʜʫʪʴ ʪʝʩʪʦʚʽ ʜʘʥʽ ʟʽ ʟʥʘʯʝʥʥʷʤʠ, ʷʢʽ ʙʫʜʫʪʴ ʚʽʜʨʽʟʥʷʪʠʩʴ ʚʽʜ ʪʨʝʥʫʚʘʣʴʥʦʛʦ 

ʜʘʪʘʩʝʪʫ, ʪʦ ʤʦʜʝʣʴ ʜʘʩʪʴ ʩʠʣʴʥʦ ʥʝʘʜʝʢʚʘʪʥʽ ʨʝʟʫʣʴʪʘʪʠ. ʑʦʙ ʮʴʦʛʦ ʫʥʠʢ-
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ʥʫʪʠ, ʟʘʧʨʦʚʘʜʞʫʶʪʴ ʦʙʤʝʞʝʥʥʷ ʰʪʫʯʥʝ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʽʚ. ɺʦʯʝʚʠʜʴ, ʥʝ-

ʦʙʭʽʜʥʦ ʦʙʤʝʞʫʚʘʪʠ ʽ ʧʦʟʠʪʠʚʥʽ, ʽ ʥʝʛʘʪʠʚʥʽ ʟʥʘʯʝʥʥʷ, ʘ ʪʦʤʫ, ʚʠʢʦʨʠʩʪʦʚʫ-

ʶʪʴ 2 ʚʠʜʠ ʬʫʥʢʮʽʡ 1 ʽ 2 ʧʦʨʷʜʢʫ ʟ ʚʽʜʧʦʚʽʜʥʠʤ ʧʦʟʥʘʯʝʥʥʷʤ L1 ʽ L2: 
- L1: ʬʫʥʢʮʽʷ ʤʦʜʫʣʶ: 

      (4.1) 

- L2: ʬʫʥʢʮʽʷ ʢʚʘʜʨʘʪʫ: 

        (4.2) 

ʇʨʘʢʪʠʯʥʦ ʫʩʽ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʤʘʶʪʴ 3 ʧʘʨʘʤʝʪʨʠ: L1 ʪʘ 

L2, ʷʢʽ ʧʨʠʡʤʘʶʪʴ ʟʥʘʯʝʥʥʷ True ʯʠ False, ʘʙʦ ï ʦʜʠʥ (ʥʘʧʨʠʢʣʘʜ çpenaltyè), 

ʱʦ ʧʨʠʡʤʘʻʪʴʩʷ ʟʥʘʯʝʥʥʷ L1, L2, None. ʊʨʝʪʽʤ ʧʘʨʘʤʝʪʨʦʤ ʻ ʩʪʫʧʽʥʴ ʨʝʛʫ-
ʣʷʨʠʟʘʮʽʾ (ʷʢ ʧʨʘʚʠʣʦ, ʧʦʟʥʘʯʘʻʪʴʩʷ ʷʢ çalphaè, ʷʢʱʦ ʙʽʣʴʰʽ ʟʥʘʯʝʥʥʷ ï ʙʽ-

ʣʴʰʘ ʨʝʛʫʣʷʨʠʟʘʮʽʷ, ʘʙʦ ʷʢ çʉè, ʷʢʱʦ ï ʥʘʚʧʘʢʠ) ï ʧʦʟʠʪʠʚʥʝ ʯʠʩʣʦ ʪʠʧʫ 

float. ɹʫʚʘʶʪʴ ʤʦʜʝʣʽ ʡ ʟ ʦʙʦʤʘ ʚʠʜʘʤʠ ʨʝʛʫʣʷʨʠʟʘʮʽʾ ʦʜʥʦʯʘʩʥʦ, ʥʘʧʨʠʢʣʘʜ 
ElasticNet. 

ʈʦʟʛʣʷʥʝʤʦ ʦʩʥʦʚʥʽ ʤʦʜʝʣʽ ʧʝʨʰʠʭ 7 ʢʣʘʩʽʚ ʙʽʣʴʰ ʜʝʪʘʣʴʥʦ. ɸʥʩʘʤʙʣʽ 

ʙʫʜʫʪʴ ʨʦʟʛʣʷʥʫʪʠ ʫ ʥʘʩʪʫʧʥʦʤʫ ʧʽʜʨʦʟʜʽʣʽ, ʘ ʥʝʡʨʦʤʝʨʝʞʘʤ ʧʨʠʩʚʷʯʝʥʠʡ 

ʦʢʨʝʤʠʡ ʨʦʟʜʽʣ 5. 
 

4.1.4 ʃʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ 

ʃʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ (linear regression)  ï ʤʝʪʦʜ, ʷʢʠʡ ʦʧʠʩʫʻ ʚʟʘʻʤʦʟʚ'ʷ-

ʟʦʢ ʤʽʞ n ʬʽʯʝʨʘʤʠ (ʚʭʽʜʥʠʤʠ ʜʘʥʠʤʠ) ὼȟȣȟὼ ̔  ʪʘʨʛʝʪʦʤ ώ (ʚʠʭʽʜʥʦʶ ʦʟʥʘ-
ʢʦʶ) ʟʘ ʜʦʧʦʤʦʛʦʶ ʣʽʥʽʡʥʠʭ ʬʫʥʢʮʽʡ (ʨʠʩ. 4.2). 

 

 
ʈʠʩʫʥʦʢ 4.2 ʃʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ  

 

ʄʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ ʷʢ ʜʣʷ ʦʟʥʘʢ ʟ̔ ʮʽʣʠʤʠ (ʢʣʘʩʠʬʽʢʘʮʽʡʥʘ ʟʘʜʘʯʘ), 

ʪʘʢ ʽ ʟ ʜʨʦʙʦʚʠʤʠ ʯʠʩʣʘʤʠ (ʨʝʛʨʝʩʽʡʥʘ ʟʘʜʘʯʘ), ʥʝ ʟʤʽʥʶʶʯʠ, ʧʨʠ ʮʴʦʤʫ, ʥʘ-

ʟʚʫ: 

https://scikit-learn.org/stable/modules/linear_model.html#ridge-regression-and-classification
https://scikit-learn.org/stable/modules/linear_model.html#ridge-regression-and-classification
https://www.kaggle.com/code/vbmokin/tutorial-linear-and-logistic-regression
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name_package = linear_model 

name_model = LinearRegression() 

ʄʘʪʝʤʘʪʠʯʥʦ ʮʷ ʤʦʜʝʣʴ ʤʘʻ ʚʠʛʣʷʜ: 

ώ ὥ ὥὼ Ễ ὥὼ ‌ȟ        (4.3) 

ʜʝ ὥ ï ʩʪʘʣʘ ʩʢʣʘʜʦʚʘ (ʟʩʫʚ), ὥȟȣȟὥ ï ʢʦʝʬʽʮʽʻʥʪʠ ʚʘʞʣʠʚʦʩʪʽ ʬʽʯʝʨʽʚ,  

‌ ï ʚʠʧʘʜʢʦʚʠʡ ʰʫʤ ʟ ʥʫʣʴʦʚʠʤ ʩʝʨʝʜʥʽʤ ʽ ʬʽʢʩʦʚʘʥʦʶ ʜʠʩʧʝʨʩʽʻʶ, ʤʝʥ-

ʰʦʶ, ʥʽʞ ʫ ʬʽʯʝʨʽʚ. 

ʈʝʟʫʣʴʪʘʪʦʤ ʻ ὥ-ʢʦʝʬʽʮʽʻʥʪʠ ʤʦʜʝʣʽ, ʷʢʽ ʚʽʜʦʙʨʘʞʘʶʪʴ ʚʘʞʣʠʚʽʩʪʴ ʚʽ-
ʜʧʦʚʽʜʥʠʭ ʬʽʯʝʨʽʚ ʪʘ ʟʥʘʯʝʥʥʷ ʟʩʫʚʫ. ʉʘʤʝ ʾʭ ʘʥʘʣʽʟʫ ʧʨʠʩʚʷʯʝʥʠʡ ʨʦʟʜʽʣ 3. 

ʉʘʤʘ ʣʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ ʥʝ ʤʘʻ ʧʘʨʘʤʝʪʨʽʚ. ɸʣʝ ʤʘʻ 2 ʧʦʧʫʣʷʨʥʽ ʨʽʟʥʦ-

ʚʠʜʠ, ʟʘʣʝʞʥʦ ʚʽʜ ʚʠʜʫ ʨʝʛʫʣʷʨʠʟʘʮʽʾ: 

1. ʈʝʛʫʣʷʨʠʟʘʮʽʷ ʃʘʩʩʦ (Lasso) ï ʣʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ ʟ L1-ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ 
(4.1). 

name_package = linear_model 

name_model = Lasso (ʨʝʛʨʝʩʦʨ) 
model_params = alpha=1.0, *, fit_intercept=True, precompute=False, 

copy_X=True, max_iter=1000, tol=0.0001, warm_start=False, positive=False, 

random_state=None, selection='cyclic' 

ʄʦʜʝʣʴ ʃʘʩʩʦ, ʷʢ ʽ ʣʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ, ʥʝ ʤʘʻ ʦʢʨʝʤʦʛʦ ʚʘʨʽʘʥʪʫ ʜʣʷ ʢʣʘ-
ʩʠʬʽʢʘʮʽʡʥʠʭ ʟʘʜʘʯ. ɼʣʷ ʥʠʭ ʚʦʥʘ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʚ ʪʘʢʦʤʫ ʞ ʚʠʛʣʷʜʽ. 

2. ɻʨʝʙʝʥʝʚʘ ʨʝʛʫʣʷʨʠʟʘʮʽʷ (Ridge) ï ʣʽʥʽʡʥʘ ʨʝʛʨʝʩʽʷ ʟ L2-

ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ (4.1). 

name_package = linear_model 
name_model = Ridge (ʨʝʛʨʝʩʦʨ), RidgeClassifier (ʢʣʘʩʠʬʽʢʘʪʦʨ) 

model_params = alpha=1.0, *, fit_intercept=True, copy_X=True, 

max_iter=None, tol=0.0001, solver='auto', positive=False, random_state=None 

ʇʘʨʘʤʝʪʨʠ ʜʣʷ ʨʝʛʨʝʩʦʨʘ ʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ Ridge ï ʦʜʥʘʢʦʚʽ. ɹʽʣʴʰʽ ʟʥʘ-

ʯʝʥʥʷ alpha ï ʙʽʣʴʰʘ ʨʝʛʫʣʷʨʠʟʘʮʽʷ.  

ɺʩʪʘʥʦʚʣʶʚʘʪʠ ʚ ʦʙʦʭ ʚʠʜʘʭ ʤʦʜʝʣʝʡ alpha = 0 ʥʝ ʨʝʢʦʤʝʥʜʫʻʪʴʩʷ. ɿʘ-

ʤʽʩʪʴ ʮʴʦʛʦ, ʢʨʘʱʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʤʦʜʝʣʴ LinearRegression.  
ɻʦʣʦʚʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ, ʷʢʽ ʚʘʨʪʦ ʚʘʨʽʶʚʘʪʠ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦ-

ʩʪʽ, ʻ ʪʘʢʽ: 

- tol ï ʪʦʯʥʽʩʪʴ (ʜʦʜʘʪʥʝ float), ʟʘ ʷʢʦʾ ʟʫʧʠʥʷʻʪʴʩʷ ʘʣʛʦʨʠʪʤ; 
- max_iter ï ʤʘʢʩʠʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʽʪʝʨʘʮʽʡ, ʷʢʱʦ tol ʥʝ ʙʫʜʝ ʜʦʩʷʛ-

ʥʫʪʦ; 

- solver ï ʘʣʛʦʨʠʪʤ ʦʧʪʠʤʽʟʘʮʽʾ. 

ʏʘʩʪʦ ʨʝʛʨʝʩʽʷ ʃʘʩʩʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʚʽʜʙʦʨʫ ʦʟʥʘʢ (FS), ʦʩʢʽ-
ʣʴʢʠ ʤʦʞʝ ʟʘʥʫʣʷʪʠ ʚʘʞʣʠʚʽʩʪʴ ʥʝʚʘʞʣʠʚʠʭ ʦʟʥʘʢ, ʪʦʙʪʦ ʧʨʠʙʠʨʘʪʠ ʾʭ (ʨʠʩ. 

4.3).  

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html#sklearn.linear_model.LinearRegression
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html#sklearn.linear_model.LinearRegression
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ʈʠʩʫʥʦʢ 4.3 ï ɿʦʥʠ ʦʙʤʝʞʝʥʴ ʜʣʷ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʷʢʽ ʟʘʜʘʶʪʴʩʷ ʧʘʨʘʤʝʪʨʦʤ  

ʨʝʛʫʣʷʨʠʟʘʮʽʾ alpha: ʘ) ʨʝʛʨʝʩʽʷ ʃʘʩʩʦ (LASSO); ʙ) ʛʨʝʙʝʥʝʚʘ ʨʝʛʨʝʩʽʷ 
(Ridge); ʚ) ʟʤʽʰʘʥʠʡ ʚʘʨʽʘʥʪ ʨʝʛʫʣʷʨʠʟʘʮʽʾ ʪʠʧʫ çElastic Netè  

 

ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.3, ʜʣʷ ʜʚʦʚʠʤʽʨʥʦʛʦ ʧʨʦʩʪʦʨʫ ʬʯ̔ʝʨʽʚ ʧʦʙʫʜʦʚʘʥʽ 

ʟʦʥʠ ʦʙʤʝʞʝʥʴ alpha. ʗʢʱʦ ʟʤʝʥʰʫʚʘʪʠ ʨʝʛʫʣʷʨʠʟʘʮʽʶ alpha, ʪʦʜʽ ʯʝʨʚʦʥʽ 
ʝʣʽʧʩʠ ʟʽ ʟʥʘʯʝʥʥʷʤʠ ʟʙʽʣʴʰʘʪʴʩʷ ʽ, ʚʨʝʰʪʽ-ʨʝʰʪ, ʧʦʪʨʘʧʣʷʪʴ ʫ ʮʝʥʪʨ ʢʦʣʘ 

(ʨʠʩ. 4.3ʙ). ʎʝ ï ʪʦʡ ʚʠʧʘʜʦʢ, ʢʦʣʠ ʛʨʝʙʝʥʝʚʘ ʨʝʛʨʝʩʽʷ ʽ ʨʝʛʨʝʩʽʷ ʃʘʩʩʦ ʧʝʨʝ-

ʪʚʦʨʶʶʪʴʩʷ ʥʘ ʣʽʥʽʡʥʫ ʨʝʛʨʝʩʽʶ. ɺ ʽʥʰʦʤʫ ʚʠʧʘʜʢʫ (ʨʠʩ. 4.3ʘ) ï ʦʙʠʜʚʘ ʩʧʦ-

ʩʦʙʠ ʚʠʟʥʘʯʘʶʪʴ ʢʦʝʬʽʮʽʻʥʪʠ, ʟʥʘʭʦʜʷʯʠ ʧʝʨʰʫ ʪʦʯʢʫ, ʜʝ ʯʝʨʚʦʥʽ ʝʣʽʧʪʠʯʥʽ 
ʧʦʪʨʘʧʣʷʶʪʴ ʚ ʦʙʣʘʩʪʴ (çʪʦʨʢʘʶʪʴʩʷè) ʦʙʤʝʞʝʥʴ. ʈʝʛʨʝʩʽʷ ʃʘʩʩʦ ʤʘʻ ʢʫʪʠ 

ʥʘ ʦʩʷʭ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʛʨʝʙʝʥʝʚʦʾ ʨʝʛʨʝʩʽʾ, ʽ ʢʦʞʥʦʛʦ ʨʘʟʫ, ʢʦʣʠ ʝʣʽʧʪʠʯʥʘ 

ʦʙʣʘʩʪʴ ʧʦʪʨʘʧʠʪʴ ʫ ʪʘʢʫ ʪʦʯʢʫ, ʦʜʠʥ ʟ ʬʽʯʝʨʽʚ ʧʦʚʥʽʩʪʶ ʟʥʠʢʘʻ (ʡʦʛʦ ʚʘʞ-
ʣʠʚʽʩʪʴ ʜʦʨʽʚʥʶʻ ʥʫʣʶ)! 

ɭ ʱʝ ʦʜʠʥ ʧʽʜʚʠʜ ʮʠʭ ʨʝʛʨʝʩʽʡ ʽ ʚʠʜʽʚ ʨʝʛʫʣʷʨʠʟʘʮʽʾ, ʢʦʣʠ ʦʜʥʦʯʘʩʥʦ 

ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʦʙʠʜʚʘ ʚʠʜʠ ʨʝʛʫʣʷʨʠʟʘʮʽʾ L1 ʪʘ L2 (ʨʠʩ. 4.3ʚ). ʎʝ ï ʤʦʜʝʣʴ 

sklearn.linear_model.ElasticNet. ɺʦʥʘ ʻ ʢʦʨʠʩʥʦʶ, ʢʦʣʠ ʜʝʷʢʽ ʬʽʯʝʨʠ ʩʠʣʴʥʦ 
ʢʦʨʝʣʶʶʪʴ, ʘʣʝ ʚʠʜʘʣʷʪʠ ʾʭ ʥʝ ʚʘʨʪʦ (ʤʦʜʝʣʴ ʃʘʩʩʦ ʟʘʣʠʰʠʪʴ ʦʜʠʥ ʪʘʢʠʡ, 

ElasticNet ï ʫʩʽ).  

ɺʘʞʣʠʚʦ ʚʽʜʤʽʪʠʪʠ, ʱʦ L1, L2,  ElasticNet ï ʮʝ ʥʝ ʪʽʣʴʢʠ ʤʦʜʝʣʽ, ʘ ʡ ï 
ʚʘʨʽʘʥʪʠ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʘ (ʥʘʧʨʠʢʣʘʜ çpenaltyè), ʷʢʠʡ ʚ ʙʘʛʘʪʴʦʭ ʤʦʜʝʣʷʭ 

ʚʽʜʧʦʚʽʜʘʻ ʟʘ ʚʠʜ ʨʝʛʫʣʷʨʠʟʘʮʽʾ. ʗʢ ʧʨʘʚʠʣʦ, ʱʝ ʻ ʡ ʽʥʰʠʡ ʧʘʨʘʤʝʪʨ, ʷʢʠʡ 

ʚʽʜʧʦʚʽʜʘʻ ʟʘ ʩʠʣʫ ʨʝʛʫʣʷʨʠʟʘʮʽʾ, ʟʘʣʝʞʥʦ ʚʽʜ ʚʠʙʨʘʥʦʛʦ ʚʠʜʫ ʨʝʛʫʣʷʨʠʟʘʮʽʾ, 

ʘʣʝ ʧʨʦ ʮʝ ʙʫʜʝ ʥʠʞʯʝ. 
ʅʘ ʨʠʩ. 4.4 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʨʽʟʥʠʤʠ 

ʚʠʜʘʤʠ ʣʽʥʽʡʥʦʾ ʨʝʛʨʝʩʽʾ ʟ ʨʽʟʥʦʶ ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ. 

 

https://stanford.edu/~shervine/teaching/cs-229/cheatsheet-machine-learning-tips-and-tricks
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ʈʠʩʫʥʦʢ 4.4 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʨʽʟʥʠʤʠ ʚʠʜʘʤʠ ʣʽʥʽʡ-
ʥʦʾ ʨʝʛʨʝʩʽʾ ʟ ʨʽʟʥʦʶ ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ (ʫ ʧʨʘʚʦʤʫ ʥʠʞʥʴʦʤʫ ʢʫʪʽ ï accu-

racy_score ʜʣʷ ʪʝʩʪʦʚʠʭ (ʚʘʣʽʜʘʮʽʡʥʠʭ) ʜʘʥʠʭ, ʪʝʩʪʦʚʽ ʜʘʥʽ ï ʮʝ ʢʦʣʘ, ʦʙʚʝ-

ʜʝʥʽ ʯʦʨʥʠʤ) [24]  
 

ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.4, ʥʘ ʧʨʠʢʣʘʜʽ Lasso, ʤʝʥʰʠʡ ʨʽʚʝʥʴ ʨʝʛʫʣʷʨʠʟʘʮʽʾ 

alpha ʟʙʽʣʴʰʫʻ ʪʦʯʥʽʩʪʴ ʤʦʜʝʣʝʡ, ʘʣʝ ʥʘ ʜʝʷʢʠʭ ʜʘʪʘʩʝʪʘʭ ʪʦʯʥʽʩʪʴ ʤʦʜʝʣʝʡ 

ʻ ʜʫʞʝ ʥʠʟʴʢʦʶ. ʇʦʨʦʛʦʤ ʤʽʥʽʤʘʣʴʥʦ ʜʦʧʫʩʪʠʤʦʾ ʪʦʯʥʦʩʪʽ ʫʤʦʚʥʦ ʚʚʘʞʘ-
ʶʪʴʩʷ ʟʥʘʯʝʥʥʷ, ʙʽʣʴʰʽ ʟʘ 0,5, ʦʩʢʽʣʴʢʠ, ʷʢʱʦ ʥʝ ʧʨʦʚʦʜʠʪʠ ʞʦʜʥʝ ʧʝʨʝʜʙʘ-

ʯʝʥʥʷ, ʘ ʧʨʦʩʪʦ ʚʠʧʘʜʢʦʚʦ ʛʝʥʝʨʫʚʘʪʠ ʚʽʜʧʦʚʽʜʽ, ʪʦ ʡʤʦʚʽʨʥʽʩʪʴ, ʪʝʦʨʝʪʠʯʥʦ, 

ʩʷʛʥʝ ʷʢʨʘʟ 0,5. ʊʦʤʫ, ʷʢʱʦ ʪʦʯʥʽʩʪʴ ʚʠʱʘ, ʪʦ ʮʝ ʚʞʝ ʢʨʘʱʝ. ɿʘʜʦʚʽʣʴʥʠʤ 
ʨʽʚʥʝʤ, ʟʘʟʚʠʯʘʡ, ʻ 0,7. ɺʽʜʤʽʥʥʠʤ ï 0,9. ɸʣʝ ʻ ʟʘʜʘʯʽ, ʜʝ ʽ 0,9999 ʤʦʞʝ ʙʫʪʠ 

ʟʘʤʘʣʦ, ʦʩʦʙʣʠʚʦ ʥʘ ʟʤʘʛʘʥʥʷʭ ʜʘʪʘʩʘʡʥʪʠʩʪʽʚ ʚ Kaggle. ʗʢʱʦ ʪʦʯʥʽʩʪʴ ʻ 

ʤʝʥʰʦʶ 0,5, ʪʦ ʮʝ ï ʥʝʧʨʠʡʥʷʪʥʦ! 

ʅʘ ʨʠʩ. 4.4 ʦʜʥʽʻʶ ʟ ʥʘʡʢʨʘʱʠʭ ʤʦʜʝʣʝʡ ʟʘ ʪʦʯʥʽʩʪʶ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘ-
ʥʠʭ ʻ Ridge(alpha=0.1), ʧʨʠʥʘʡʤʥʽ ʥʘ ʧʝʨʰʦʤʫ (0,85) ʽ ʦʩʪʘʥʥʴʦʤʫ (0,9) ʜʘ-

ʪʘʩʝʪʘʭ. 

 
4.1.5 ʃʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ 

ʃʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ (ʘʥʛʣ. çlogistic regressionè) ð ʩʪʘʪʠʩʪʠʯʥʠʡ ʨʝ-

ʛʨʝʩʽʡʥʠʡ ʤʝʪʦʜ, ʦʩʥʦʚʘʥʠʡ ʥʘ ʣʦʛʽʩʪʠʯʥʽʡ ʬʫʥʢʮʽʾ, ʷʢʠʡ ʟʘʩʪʦʩʦʚʫʶʪʴ ʜʣʷ 

ʧʝʨʝʜʙʘʯʝʥʥʷ ʪʘʨʛʝʪʘ ώ, ʟʘ ʚʠʧʘʜʢʫ, ʢʦʣʠ ʚʭʽʜʥʽ ʟʤʽʥʥʽ ὼȟȣȟὼ  ̒  ʢʘʪʝʛʦʨʽʡ-
ʥʠʤʠ, ʪʦʙʪʦ ʤʦʞʫʪʴ ʥʘʙʫʚʘʪʠ ʬʽʢʩʦʚʘʥʫ ʢʽʣʴʢʽʩʪʴ ʟʥʘʯʝʥʴ (2-10, ʨʽʜʢʦ ʙʽ-

ʣʴʰʝ). ɿʘʩʪʦʩʦʚʫʻʪʴʩʷ ʪʽʣʴʢʠ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʡʥʠʭ ʟʘʜʘʯ (ʨʠʩ. 4.5). 
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ʈʠʩʫʥʦʢ 4.5 ʃʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ 

 
ʗʢ ʚʠʜʥʦ ʟ ʛʨʘʬʽʢʫ ʥʘ ʨʠʩ. 4.5 ʪʘ ʟ ʘʚʪʦʨʩʴʢʦʛʦ ʥʦʫʪʙʫʢʫ, ʜʣʷ ʚʭʽʜʥʠʭ 

ʟʥʘʯʝʥʴ ʦʙʯʠʩʣʶʻʪʴʩʷ ʡʤʦʚʽʨʥʽʩʪʴ ʟʘʜʘʥʦʛʦ ʢʣʘʩʫ 

model.predict_proba(x_values) ï  ʩʘʤʝ ʚʦʥʘ ʚʽʜʦʙʨʘʞʝʥʘ ʥʘ ʛʨʘʬʽʢʫ ʯʝʨʚʦʥʠʤ 

ʢʦʣʴʦʨʦʤ, ʘ ʧʦʪʽʤ ʟʘ ʧʨʦʩʪʠʤʠ ʫʤʦʚʘʤʠ ʾʾ ʚʽʜʥʦʩʷʪʴ ʜʦ ʧʝʚʥʦʛʦ ʢʣʘʩʫ. ʅʘʡ-
ʙʽʣʴʰ ʧʦʰʠʨʝʥʠʡ ʚʘʨʽʘʥʪ ï ʮʝ 1, ʷʢʱʦ ʙʽʣʴʰʝ 0.5, ʪʘ ï 0, ʚ ʽʥʰʦʤʫ ʚʠʧʘʜʢʫ 

(ʷʢ ʥʘ ʨʠʩ. 4.4). ɺʘʞʣʠʚʦ ʫʩʚʽʜʦʤʣʶʚʘʪʠ, ʱʦ LogisticRegression ʤʦʞʝ ʟʘʩʪʦ-

ʩʦʚʫʚʘʪʠ ʮʝ ʧʨʘʚʠʣʦ ʽ ʜʦ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʬʽʯʝʨʽʚ ʦʜʥʦʯʘʩʥʦ, ʽ ʜʣʷ ʙʘʛʘʪʦ-

ʢʣʘʩʦʚʠʭ ʟʘʜʘʯ, ʢʦʣʠ ʢʣʘʩʽʚ ʙʽʣʴʰʝ 2-ʭ. ɻʦʣʦʚʥʝ, ʱʦʙ ʮʠʭ ʢʣʘʩʽʚ ʥʝ ʙʫʣʦ 
ʟʘʙʘʛʘʪʦ, ʷʢ ʧʨʘʚʠʣʦ, ʥʝ ʙʽʣʴʰʝ 10-20. 

ʄʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ ʷʢ ʜʣʷ ʦʟʥʘʢ ʟ ʮʽʣʠʤʠ (ʢʣʘʩʠʬʽʢʘʮʽʡʥʘ ʟʘʜʘʯʘ), 

ʪʘʢ ʽ ʟ ʜʨʦʙʦʚʠʤʠ ʯʠʩʣʘʤʠ (ʨʝʛʨʝʩʽʡʥʘ ʟʘʜʘʯʘ), ʥʝ ʟʤʽʥʶʶʯʠ, ʧʨʠ ʮʴʦʤʫ, ʥʘ-
ʟʚʫ: 

name_package = linear_model 

name_model(model_params) = LogisticRegression (penalty='l2', *, 

dual=False, tol=0.0001, C=1.0, fit_intercept=True, intercept_scaling=1, 
class_weight=None, random_state=None, solver='lbfgs', max_iter=100, 

multi_class='auto', verbose=0, warm_start=False, n_jobs=None, 

l1_ratio=None) 
 

ʅʘʡʙʽʣʴʰ ʯʘʩʪʦ ʟʤʽʥʶʶʪʴ ʪʽ ʩʘʤʽ ʧʘʨʘʤʝʪʨʠ, ʱʦ ʡ ʜʣʷ ʤʦʜʝʣʝʡ ʛʨʝʙʝ-

ʥʝʚʦʾ ʨʝʛʨʝʩʽʾ ʪʘ ʨʝʛʨʝʩʽʾ ʃʘʩʩʦ (ʜʠʚ. ʚʠʱʝ), ʘʣʝ ʟʘʤʽʩʪʴ alpha: C ï ʟʚʦʨʦʪʥʘ 

ʩʠʣʘ ʨʝʛʫʣʷʨʠʟʘʮʽʾ (ʜʦʜʘʪʥʝ float): ʯʠʤ ʤʝʥʰʽ ʟʥʘʯʝʥʥʷ, ʪʠʤ ï ʩʠʣʴʥʽʰʘ ʨʝ-

ʛʫʣʷʨʠʟʘʮʽʷ, ʪʦʙʪʦ ʦʙʤʝʞʝʥʥʷ ὥ-ʢʦʝʬʽʮʽʻʥʪʽʚ; 

ʄʘʪʝʤʘʪʠʯʥʦ ʮʷ ʤʦʜʝʣʴ ʜʦʟʚʦʣʷʻ ʦʙʯʠʩʣʠʪʠ ʡʤʦʚʽʨʥʽʩʪʴ ʢʦʞʥʦʛʦ 

ʢʣʘʩʫ ʜʣʷ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʽ ʧʦʪʽʤ ʚʠʙʨʘʪʠ ʚʘʨʽʘʥʪ ʟ ʥʘʡʙʽʣʴʰʦʶ ʡʤʦʚʽʨʥʽʩʪʶ 

ὖ. ʅʘʧʨʠʢʣʘʜ, ʜʣʷ ʙʽʥʘʨʥʦʛʦ ʪʘʨʛʝʪʘ ʡʤʦʚʽʨʥʽʩʪʴ ʢʣʘʩʫ 1 (ὣ ρ) ʜʣʷ ʦʜʥʦʛʦ 
ʬʽʯʝʨʘ ὼ ʦʙʯʠʩʣʶʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

 

https://www.kaggle.com/code/vbmokin/tutorial-linear-and-logistic-regression
https://www.kaggle.com/code/vbmokin/tutorial-linear-and-logistic-regression
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ὖὣ ρȿὢ ὼ ,       (4.4) 

 

ʜʝ ὥ ï ʢʦʝʬʽʮʽʻʥʪ ʚʘʞʣʠʚʦʩʪʽ ʬʽʯʝʨʘ ὼ, ὥ ï ʟʩʫʚ. 

ʈʝʟʫʣʴʪʘʪʦʤ ʻ ὥ-ʢʦʝʬʽʮʽʻʥʪʠ ʤʦʜʝʣʽ, ʷʢʽ ʚʽʜʦʙʨʘʞʘʶʪʴ ʚʘʞʣʠʚʽʩʪʴ ʚʽ-
ʜʧʦʚʽʜʥʠʭ ʬʽʯʝʨʽʚ ʪʘ ʟʥʘʯʝʥʥʷ ʟʩʫʚʫ ʜʣʷ ʘʥʘʣʽʟʫ ʤʝʪʦʜʘʤʠ FE. 

ʅʘ ʨʠʩ. 4.6 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʣʦʛʽʩ-
ʪʠʯʥʦʶ ʨʝʛʨʝʩʽʻʶ ʟ ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ. 

 

 
ʈʠʩʫʥʦʢ 4.6 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʣʦʛʽʩʪʠʯʥʦʶ ʨʝʛʨʝ-
ʩʽʻʶ ʟ ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ (ʫ ʧʨʘʚʦʤʫ ʥʠʞʥʴʦʤʫ ʢʫʪʽ ï accuracy_score ʜʣʷ 

ʪʝʩʪʦʚʠʭ (ʚʘʣʽʜʘʮʽʡʥʠʭ) ʜʘʥʠʭ, ʪʝʩʪʦʚʽ ʜʘʥʽ ï ʮʝ ʢʦʣʘ, ʦʙʚʝʜʝʥʽ ʯʦʨʥʠʤ) 

[24]  

 
ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.6, ʨʝʛʫʣʷʨʠʟʘʮʽʷ ʽ ʚʠʙʽʨ ʤʝʪʨʠʢʠ (L1 ʯʠ L2) ʜʘʻ ʨʽʟʥʽ 

ʨʝʟʫʣʴʪʘʪʠ. ʇʝʨʰʠʡ ʜʘʪʘʩʝʪ ï ̔ ʥʚʘʨʽʘʥʪʥʠʡ ʜʦ ʟʤʽʥ ʧʘʨʘʤʝʪʨʽʚ, ʜʨʫʛʠʡ ï ʚʠ-

ʙʽʨ ʨʝʛʫʣʷʨʠʟʘʮʽʾ L2 ʟ ʙʽʣʴʰ ʩʠʣʴʥʦʶ ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ (ʤʝʥʰʽ ʟʥʘʯʝʥʥʷ ʉ) 
ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ. ʅʘ ʪʨʝʪʴʦʤʫ L1 ʜʘʻ ʢʨʘʱʫ ʪʦʯʥʽʩʪʴ, ʘʣʝ ʚʩʝ ʦʜʥʦ ï ʥʠ-

ʟʴʢʫ (0,6). ʅʘ ʯʝʪʚʝʨʪʦʤʫ ʢʨʘʱʠʤʠ ʽ L1, ʽ L2. ʅʘ 5-ʤʫ ʛʘʨʥʫ ʪʦʯʥʽʩʪʴ 0,9 

ʟʘʙʝʟʧʝʯʫʻ L2 ʟ ʙʽʣʴʰ ʩʠʣʴʥʦʶ ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ (ʉ=0,1) ʪʘ ʤʝʪʦʜʦʤ ʦʧʪʠʤʽ-

ʟʘʮʽʾ solver='liblinear' (ʜʠʚ. ʧʘʨʘʤʝʪʨ çlinè ʥʘ ʛʨʘʬʽʢʫ). ɺʠʩʥʦʚʦʢ: ʫʥʽʚʝʨʩʘ-
ʣʴʥʠʭ ʧʦʨʘʜ ʥʝʤʘʻ ï ʚ ʢʦʞʥʦʤʫ ʚʠʧʘʜʢʫ ʪʨʝʙʘ ʧʨʦʚʦʜʠʪʠ ʽʥʜʠʚʽʜʫʘʣʴʥʠʡ 

ʩʪʘʨʘʥʥʠʡ ʪʶʥʽʥʛ (ʥʘʣʘʰʪʫʚʘʥʥʷ) ʤʦʜʝʣʽ. ʇʨʦ ʘʚʪʦʤʘʪʠʟʘʮʽʶ ʪʶʥʽʥʛʫ ʙʫʜʝ 

ʥʠʞʯʝ ï ʫ ʧʽʜʨʦʟ. 4.3. 

ʅʘ ʨʠʩ. 4.6 ʦʜʥʽʻʶ ʟ ʥʘʡʢʨʘʱʠʭ ʤʦʜʝʣʝʡ ʟʘ ʪʦʯʥʽʩʪʶ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘ-
ʥʠʭ ʻ LogisticRegression(L1, C=1). ɺʦʥʘ ʻ ʥʘʡʢʨʘʱʦʶ ʥʘ ʧʝʨʰʦʤʫ (0,85), ʪʨʝ-

ʪʴʦʤʫ (0,6) ʽ ʯʝʪʚʝʨʪʦʤʫ (0,95) ʜʘʪʘʩʝʪʘʭ. ʅʘ ʜʨʫʛʦʤʫ (0.8) ʽ ʧôʷʪʦʤʫ (0.85) 

ʚʦʥʘ ʧʦʩʽʜʘʻ ʜʨʫʛʝ ʤʽʩʮʝ. 
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4.1.6 ʉʪʦʭʘʩʪʠʯʥʠʡ ʛʨʘʜʽʻʥʪʥʠʡ ʩʧʫʩʢ 

ʉʪʦʭʘʩʪʠʯʥʠʡ ʛʨʘʜʽʻʥʪʥʠʡ ʩʧʫʩʢ (ʘʥʛʣ. çStochastic Gradient Descentè) 

ï ʽʪʝʨʘʪʠʚʥʠʡ ʤʝʪʦʜ ʦʧʪʠʤʽʟʘʮʽʾ ʛʨʘʜʽʻʥʪʥʦʛʦ ʩʧʫʩʢʫ ʟʘ ʜʦʧʦʤʦʛʦʶ ʩʪʦʭʘʩ-
ʪʠʯʥʦʛʦ ʥʘʙʣʠʞʝʥʥʷ. ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʨʠʩʢʦʨʝʥʥʷ ʧʦʰʫʢʫ ʪʘʨʛʝʪʘ 

ʰʣʷʭʦʤ ʚʠʢʦʨʠʩʪʘʥʥʷ ʦʙʤʝʞʝʥʦʾ ʚʠʙʽʨʢʠ (ʧʘʨʪʽʾ, ʙʘʪʯʘ) ʪʨʝʥʫʚʘʣʴʥʠʭ ʜʘ-

ʥʠʭ, ʷʢʽ ʚʠʙʠʨʘʶʪʴʩʷ ʚʠʧʘʜʢʦʚʦ ʥʘ ʢʦʞʥʽʡ ʽʪʝʨʘʮʽʾ. ʁʦʛʦ ʤʦʞʥʘ ʨʦʟʛʣʷʜʘʪʠ 

ʷʢ ʩʪʦʭʘʩʪʠʯʥʝ ʥʘʙʣʠʞʝʥʥʷ ʜʦ ʤʝʪʦʜʫ ʦʧʪʠʤʽʟʘʮʽʾ ʛʨʘʜʽʻʥʪʥʦʛʦ ʩʧʫʩʢʫ, ʬʘ-
ʢʪʠʯʥʠʡ ʛʨʘʜʽʻʥʪ ʜʣʷ ʫʩʴʦʛʦ ʪʨʝʥʫʚʘʣʴʥʦʛʦ ʜʘʪʘʩʝʪʫ ʟʘʤʽʥʶʻʪʴʩʷ ʡʦʛʦ ʦʮʽ-

ʥʢʦʶ (ʨʠʩ. 4.7). ʄʝʪʦʜ ʩʫʪʪʻʚʦ ʟʤʝʥʰʫʻ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ, ʜʦʟʚʦʣʷʻ ʧʨʘʮʶ-

ʚʘʪʠ ʟ ʚʝʣʠʢʠʤʠ ʜʘʥʠʤʠ, ʢʦʣʠ ʜʘʥʽ ʟʘʚʘʥʪʘʞʫʶʪʴʩʷ ʧʘʨʪʽʷʤʠ. 

 
ʈʠʩʫʥʦʢ 4.7 ɯʣʶʩʪʨʘʮʽʷ ʨʦʙʦʪʠ ʤʝʪʦʜʫ ʩʪʦʭʘʩʪʠʯʥʦʛʦ ʛʨʘʜʽʻʥʪʥʦʛʦ ʩʧʫʩʢʫ 

ʟʽ ʩʪʘʪʪʽ 

 

name_package = linear_model 

name_model(model_params): 

- SGDClassifier(loss='hinge', *, penalty='l2', alpha=0.0001, l1_ra-

tio=0.15, fit_intercept=True, max_iter=1000, tol=0.001, shuffle=True, ver-

bose=0, epsilon=0.1, n_jobs=None, random_state=None, learning_rate='opti-
mal', eta0=0.0, power_t=0.5, early_stopping=False, validation_fraction=0.1, 

n_iter_no_change=5, class_weight=None, warm_start=False, average=False); 

-  SGDRegressor(loss='squared_error', *, penalty='l2', alpha=0.0001, 

l1_ratio=0.15, fit_intercept=True, max_iter=1000, tol=0.001, shuffle=True, ver-
bose=0, epsilon=0.1, random_state=None, learning_rate='invscaling', 

eta0=0.01, power_t=0.25, early_stopping=False, validation_fraction=0.1, 

n_iter_no_change=5, warm_start=False, average=False). 
 

ɻʦʣʦʚʥʠʤ ʧʦʧʫʣʷʨʥʠʤ ʧʘʨʘʤʝʪʨʦʤ, ʷʢʠʡ ʚʘʨʽʶʶʪʴ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ 

ʪʦʯʥʦʩʪʽ, ʦʢʨʽʤ ʟʛʘʜʘʥʠʭ ʚʠʱʝ tol, alpha, max_iter, ʻ learning_rate ï ʰʚʠʜ-

ʢʽʩʪʴ ʥʘʚʯʘʥʥʷ ʥʘ ʢʦʞʥʽʡ ʝʧʦʩʽ (ʽʪʝʨʘʮʽʾ) ï ʧʦʟʠʪʠʚʥʝ float. 
ʇʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʙʫʜʝ ʚ ʥʘʩʪʫʧʥʦʤʫ ʧʫʥʢʪʽ, 

ʨʘʟʦʤ ʟ ʽʥʰʠʤʠ ʤʝʪʦʜʘʤʠ. 

 

https://uk.wikipedia.org/wiki/%D0%9B%D0%BE%D0%B3%D1%96%D1%81%D1%82%D0%B8%D1%87%D0%BD%D0%B0_%D1%80%D0%B5%D0%B3%D1%80%D0%B5%D1%81%D1%96%D1%8F
https://towardsdatascience.com/gradient-descent-algorithm-and-its-variants-10f652806a3
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4.1.7 ʄʝʪʦʜʠ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ 

ʄʝʪʦʜ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ (ʦʧʦʨʥʦ-ʚʝʢʪʦʨʥʠʭ ʤʘʰʠʥ) - ʮʝ ʤʝʪʦʜ ʘʥʘʣʽʟʫ 

ʜʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʦʜʝʣʽ, ʷʢʘ ʚʽʜʥʦʩʠʪʴ ʥʦʚʽ ʜʘʥʽ ʜʦ ʦʜʥʽʻʾ ʯʠ ʽʥʰʦʾ ʢʘʪʝ-
ʛʦʨʽʾ (ʢʣʘʩʫ, ʢʣʘʩʪʝʨʫ) ʰʣʷʭʦʤ ʧʨʦʚʝʜʝʥʥʷ ʥʘʡʰʠʨʰʦʛʦ "ʢʦʨʠʜʦʨʫ" ʤʽʞ 

ʦʧʦʨʥʠʤʠ ʚʝʢʪʦʨʘʤʠ, ʷʢʽ ʻ "ʩʪʽʥʢʘʤʠ" ʩʫʩʽʜʥʽʭ ʢʣʘʩʽʚ ʫ ʙʘʛʘʪʦʚʠʤʽʨʥʦʤʫ 

ʧʨʦʩʪʦʨʽ ʽ ʧʦʪʽʤ ʚʽʜʥʦʩʠʪʴ ʜʘʥʽ ʜʦ ʢʦʞʥʦʛʦ ʟ ʮʠʭ ʢʣʘʩʽʚ (ʨʠʩ. 4.8).  

 

  
 

ʈʠʩʫʥʦʢ 4.8 ï ɯʣʶʩʪʨʘʮʽʷ ʧʨʦʚʝʜʝʥʥʷ çʢʦʨʠʜʦʨʫè ʤʽʞ ʦʧʦʨʥʠʤʠ ʚʝʢʪʦʨʘʤʠ 

(çʩʪʽʥʢʘʤʠè ʮʴʦʛʦ çʢʦʨʠʜʦʨʫè) ʫ ʤʝʪʦʜʽ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ ʜʣʷ ʜʚʦʚʠʤʽʨʥʦʾ 

ʧʣʦʱʠʥʠ ʟʘ ʚʠʧʘʜʢʫ ʜʚʦʭ ʚʭʽʜʥʠʭ ʬʽʯʝʨʽʚ 
 

ɼʣʷ ʫʩʢʣʘʜʥʝʥʥʷ ʘʣʛʦʨʠʪʤʫ, ʟʜʽʡʩʥʶʻʪʴʩʷ ʧʦʧʝʨʝʜʥʷ ʥʝʣʽʥʽʡʥʘ ʪʨʘʥ-

ʩʬʦʨʤʘʮʽʷ ʜʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʜʥʦʛʦ ʟ ʚʠʜʽʚ ʪʘʢ ʟʚʘʥʠʭ ʷʜʝʨ (ʢʝʨʥʝʣʽʚ) 
(ʨʠʩ. 4.9). ʆʢʨʽʤ ʥʘʚʝʜʝʥʠʭ ʥʘ ʨʠʩ. 4.9, ʱʝ ʙʫʚʘʶʪʴ: çsigmoidè, 

çprecomputedè. 

 

https://uk.wikipedia.org/wiki/%D0%9C%D0%B5%D1%82%D0%BE%D0%B4_%D0%BE%D0%BF%D0%BE%D1%80%D0%BD%D0%B8%D1%85_%D0%B2%D0%B5%D0%BA%D1%82%D0%BE%D1%80%D1%96%D0%B2
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ʈʠʩʫʥʦʢ 4.9 ï ɺʠʜʠ ʷʜʝʨ (ʢʝʨʥʝʣʽʚ) ʤʝʪʦʜʫ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ ʟ ʽʣʶʩʪʨʘʮʽ-

ʷʤʠ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ʟ ʜʦʢʫʤʝʥʪʘʮʽʾ: ʘ) ʣʽʥʽʡʥʝ ʷʜʨʦ çlinearè ʤʝʪʦʜʫ SVC; ʙ) 

ʣʽʥʽʡʥʝ ʷʜʨʦ ʤʝʪʦʜʫ LinearSVC; ʚ) çrbfè (ʨʘʜʽʘʣʴʥʦ-ʙʘʟʽcʥʽ ʬʫʥʢʮʽʾ); ʛ) ʧʦ-
ʣʽʥʦʤʽʘʣʴʥʝ ʷʜʨʦ 3-ʛʦ ʧʦʨʷʜʢʫ çpolyè 

 

ɺʠʜ ʷʜʨʘ ʻ ʛʽʧʝʨʧʘʨʘʤʝʪʨʦʤ. 

ʄʝʪʦʜ LinearSVC ʻ ʧʦʜʽʙʥʠʤ ʜʦ SVC(kernel=çlinearè), ʘʣʝ ʚʠʢʦʨʠʩʪʦ-
ʚʫʻ ʜʝʱʦ ʽʥʰʫ ʤʦʜʝʣʴ ʽ ʢʨʘʱʝ ʧʨʘʮʶʻ ʜʣʷ ʙʽʣʴʰʠʭ ʜʘʪʘʩʝʪʽʚ. 

 

name_package = svm 
name_model(model_params): 

- ʢʣʘʩʠʬʽʢʘʪʦʨʠ: 

- SVC(*, C=1.0, kernel='rbf', degree=3, gamma='scale', coef0=0.0, 

shrinking=True, probability=False, tol=0.001, cache_size=200, 
class_weight=None, verbose=False, max_iter=-1, 

decision_function_shape='ovr', break_ties=False, random_state=None); 

-  LinearSVC(penalty='l2', loss='squared_hinge', *, dual='warn', 
tol=0.0001, C=1.0, multi_class='ovr', fit_intercept=True, intercept_scaling=1, 

class_weight=None, verbose=0, random_state=None, max_iter=1000). 

 

- ʨʝʛʨʝʩʦʨʠ: 
- SVR(*, kernel='rbf', degree=3, gamma='scale', coef0=0.0, tol=0.001, 

C=1.0, epsilon=0.1, shrinking=True, cache_size=200, verbose=False, 

max_iter=-1); 
- LinearSVR(*, epsilon=0.0, tol=0.0001, C=1.0, loss='epsilon_insensi-

tive', fit_intercept=True, intercept_scaling=1.0, dual='warn', verbose=0, ran-

dom_state=None, max_iter=1000). 

 
ɻʦʣʦʚʥʠʤ ʧʘʨʘʤʝʪʨʦʤ, ʷʢʠʡ ʚʘʨʽʶʶʪʴ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ, ʦʢʨʽʤ 

ʟʛʘʜʘʥʠʭ ʚʠʱʝ tol, C, max_iter, ʫ ʤʦʜʝʣʷʭ SVC ʪʘ SVR ʻ kernel. 

ʅʘ ʨʠʩ. 4.10 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʤʝʪʦ-
ʜʦʤ ʩʪʦʭʘʩʪʠʯʥʦʛʦ ʛʨʘʜʽʻʥʪʫ ʪʘ ʤʝʪʦʜʦʤ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ ʽʟ ʨʽʟʥʠʤʠ ʧʘʨʘ-

ʤʝʪʨʘʤʠ. 

 

https://scikit-learn.org/stable/modules/svm.html#classification
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ʈʠʩʫʥʦʢ 4.10 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʤʝʪʦʜʦʤ ʩʪʦʭʘʩʪʠʯ-

ʥʦʛʦ ʛʨʘʜʽʻʥʪʫ (SGD) ʪʘ ʤʝʪʦʜʦʤ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ (SVC) ʽʟ ʨʽʟʥʠʤʠ ʧʘʨʘ-

ʤʝʪʨʘʤʠ (ʫ ʧʨʘʚʦʤʫ ʥʠʞʥʴʦʤʫ ʢʫʪʽ ï accuracy_score ʜʣʷ ʪʝʩʪʦʚʠʭ (ʚʘʣʽʜʘ-
ʮʽʡʥʠʭ) ʜʘʥʠʭ, ʪʝʩʪʦʚʽ ʜʘʥʽ ï ʮʝ ʢʦʣʘ, ʦʙʚʝʜʝʥʽ ʯʦʨʥʠʤ) [24]  

 

ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.10, ʟʙʽʣʴʰʝʥʥʷ ʨʝʛʫʣʷʨʠʟʘʮʽʾ (ʙʽʣʴʰʽ alpha) ʜʣʷ ʤʦ-

ʜʝʣʽ ʩʪʦʭʘʩʪʠʯʥʦʛʦ ʛʨʘʜʽʻʥʪʫ (SGD) ʧʜ̔ʚʠʱʫʻ ʪʦʯʥʽʩʪʴ ʥʘ ʧʝʨʰʠʭ 3-ʭ ʜʘʪʘ-
ʩʝʪʘʭ. ɼʣʷ ʤʦʜʝʣʽ ʤʝʪʦʜʫ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ SVC ̫ ʜʨʦ çRBFè ʟʘʙʝʟʧʝʯʫʻ ʥʘʡ-

ʙʽʣʴʰʫ ʪʦʯʥʽʩʪʴ ʜʣʷ ʫʩʽʭ ʜʘʪʘʩʝʪʽʚ, ʦʢʨʽʤ ʜʨʫʛʦʛʦ, ʜʝ ʥʘʡʢʨʘʱʠʤ ʻ ʷʜʨʦ 

çlinearè. ɿʙʽʣʴʰʝʥʥʷ ʨʝʛʫʣʷʨʠʟʘʮʽʾ (ʤʝʥʰʽ ʉ) ʜʣʷ ʤʦʜʝʣʽ LinearSVC ʧʽʜʚʠ-
ʱʫʻ ʪʦʯʥʽʩʪʴ ʥʘ ʦʩʪʘʥʥʽʭ 2-ʭ ʜʘʪʘʩʝʪʘʭ. ɸ ʟʘʛʘʣʦʤ, ʥʘʡʢʨʘʱʠʤʠ ʟʘ ʪʦʯʥʽʩʪʶ 

ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʻ ʪʘʢʽ: 

- ʥʘ ʧʝʨʰʦʤʫ ʜʘʪʘʩʝʪʽ (0,9): SVC ʟ ʷʜʨʦʤ çRBFè; 

- ʥʘ ʜʨʫʛʦʤʫ ʜʘʪʘʩʝʪʽ (0,85): SGD (alpha=0.1), SVC ʟ ʷʜʨʦʤ çlinearè; 
- ʥʘ ʪʨʝʪʴʦʤʫ ʜʘʪʘʩʝʪʽ (0,65): SVC ʟ ʷʜʨʦʤ çRBFè; 

- ʥʘ ʯʝʪʚʝʨʪʦʤʫ ʜʘʪʘʩʝʪʽ (0,95): LinearSVC (ʉ=0.1); 

- ʥʘ ʧôʷʪʦʤʫ ʜʘʪʘʩʝʪʽ (0,9): SGD (alpha=10-4), SVC ʟ ʷʜʨʦʤ çRBFè. 
ʆʪʞʝ, ʥʘʡʢʨʘʱʠʤʠ ʫ ʮʴʦʤʫ ʧʨʠʢʣʘʜʽ ʤʦʞʥʘ ʚʚʘʞʘʪʠ SVC ʟ ʷʜʨʦʤ 

çRBFè ʪʘ LinearSVC (ʉ=0.1).  

 

4.1.8 ʄʝʪʦʜ k-ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ 

ʄʝʪʦʜ k-ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ (ʘʥʛʣ. çk-nearest neighbor methodè) 

(KNN) - ʧʨʦʩʪʠʡ ʥʝʧʘʨʘʤʝʪʨʠʯʥʠʡ ʢʣʘʩʠʬʽʢʘʮʽʡʥʠʡ ʤʝʪʦʜ, ʜʝ ʜʣʷ ʢʣʘʩʠʬʽ-

ʢʘʮʽʾ ʦʙ'ʻʢʪʽʚ ʫ ʙʘʛʘʪʦʚʠʤʽʨʥʦʤʫ ʧʨʦʩʪʦʨʽ ʬʽʯʝʨʽʚ ʚʠʙʠʨʘʶʪʴʩʷ ʦʙ'ʻʢʪʠ, ʜʦ 
ʷʢʠʭ ʚʽʜʩʪʘʥʴ - ʥʘʡʤʝʥʰʘ, ʽ ʚʦʥʠ ʚʠʜʽʣʷʶʪʴʩʷ ʚ ʦʢʨʝʤʠʡ ʢʣʘʩ. ɸʥʘʣʽʟʫʶʪʴ 

ʦʙ'ʻʢʪʠ ʨʽʟʥʠʭ ʢʣʘʩʽʚ ʥʘ ʟʘʜʘʥʽʡ ʚʽʜʩʪʘʥʽ k ʽ ʦʙ'ʻʢʪ ʚʽʜʥʦʩʠʪʴʩʷ ʜʦ ʪʦʛʦ ʽʟ ʥʠʭ, 

ʷʢʠʡ ʻ ʥʘʡʯʠʩʣʝʥʥʽʰʠʤ ʩʝʨʝʜ ʥʠʭ. 
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ʅʘ ʨʠʩ. 4.11 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ, ʷʢʠʡ ʧʦʷʩʥʶʻ ʩʫʪʥʽʩʪʴ ʤʝʪʦʜʫ. ʊʝʩʪʦ-

ʚʠʡ ʟʨʘʟʦʢ (ʟʝʣʝʥʝ ʢʦʣʦ) ʩʣʽʜ ʚʽʜʥʝʩʪʠ ʘʙʦ ʜʦ ʩʠʥʽʭ ʢʚʘʜʨʘʪʽʚ, ʘʙʦ ʜʦ ʯʝʨʚʦ-

ʥʠʭ ʪʨʠʢʫʪʥʠʢʽʚ. ʗʢʱʦ k = 3 (ʢʦʣʦ ʩʫʮʽʣʴʥʦʾ ʣʽʥʽʾ), ʪʦʜʽ ʚʽʥ ʚʽʜʥʦʩʠʪʴʩʷ ʜʦ 
ʯʝʨʚʦʥʠʭ ʪʨʠʢʫʪʥʠʢʽʚ, ʦʩʢʽʣʴʢʠ ʚʩʝʨʝʜʠʥʽ ʚʥʫʪʨʽʰʥʴʦʛʦ ʢʦʣʘ ʻ 2 ʪʨʠʢʫʪ-

ʥʠʢʠ ʽ ʣʠʰʝ 1 ʢʚʘʜʨʘʪ. ʗʢʱʦ k = 5 (ʢʦʣʦ ʰʪʨʠʭʦʚʦʾ ʣʽʥʽʾ), ʪʦʜʽ ʚʽʥ ʚʽʜʥʦ-

ʩʠʪʴʩʷ ʜʦ ʩʠʥʽʭ ʢʚʘʜʨʘʪʠʢʽʚ (3 ʢʚʘʜʨʘʪʠ ʧʨʦʪʠ 2 ʪʨʠʢʫʪʥʠʢʽʚ ʚʩʝʨʝʜʠʥʽ ʟʦʚ-

ʥʽʰʥʴʦʛʦ ʢʦʣʘ).  
  

 
ʈʠʩʫʥʦʢ 4.11 ï ɯʣʶʩʪʨʘʮʽʷ ʜʦ ʧʦʷʩʥʝʥʥʷ ʧʨʠʥʮʠʧʫ ʨʦʙʦʪʠ ʤʝʪʦʜʫ k-ʥʘʡ-

ʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ 

 
ʅʘ ʨʠʩ. 4.12 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜʠ ʨʦʙʦʪʠ ʤʝʪʦʜʫ. 

    
ʈʠʩʫʥʦʢ 4.12 ï ʇʨʠʢʣʘʜʠ ʨʦʙʦʪʠ ʤʝʪʦʜʫ k-ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ:  

ʘ) ʟ ʜʞʝʨʝʣʘ; ʙ) ʟ ʜʞʝʨʝʣʘ 
 

name_package = neighbors 

name_model: KNeighborsClassifier, KNeighborsRegressor 

model_params (n_neighbors=5, *, weights='uniform', algorithm='auto', 

leaf_size=30, p=2, metric='minkowski', metric_params=None, n_jobs=None) 

https://uk.wikipedia.org/wiki/%D0%9C%D0%B5%D1%82%D0%BE%D0%B4_k-%D0%BD%D0%B0%D0%B9%D0%B1%D0%BB%D0%B8%D0%B6%D1%87%D0%B8%D1%85_%D1%81%D1%83%D1%81%D1%96%D0%B4%D1%96%D0%B2
https://uk.wikipedia.org/wiki/%D0%9C%D0%B5%D1%82%D0%BE%D0%B4_k-%D0%BD%D0%B0%D0%B9%D0%B1%D0%BB%D0%B8%D0%B6%D1%87%D0%B8%D1%85_%D1%81%D1%83%D1%81%D1%96%D0%B4%D1%96%D0%B2
https://machinelearningmastery.com/tutorial-to-implement-k-nearest-neighbors-in-python-from-scratch/
https://www.analyticsvidhya.com/blog/2018/08/k-nearest-neighbor-introduction-regression-python/
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ɼʣʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʨʝʛʨʝʩʦʨʘ ʧʘʨʘʤʝʪʨʠ ʦʜʥʘʢʦʚʽ, ʦʢʨʽʤ ʧʝʨʰʦʛʦ, 

ʷʢʠʡ ʟʘʜʘʻ çʩʫʩʽʜʽʚ ʽ ʩʘʤʝ ʡʦʛʦ ʩʣʽʜ ʥʘʣʘʰʪʦʚʫʚʘʪʠ ʜʣʷ ʤʦʜʝʣʽ, ʫ ʧʝʨʰʫ 

ʯʝʨʛʫ: 
- ʜʣʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ: n_neighbors ï ʧʦʟʠʪʠʚʥʝ ʥʘʪʫʨʘʣʴʥʝ int; 

- ʜʣʷ ʨʝʛʨʝʩʦʨʘ: radius ï ʨʘʜʽʫʩ, ʚ ʷʢʦʤʫ ʩʣʽʜ ʰʫʢʘʪʠ çʩʫʩʽʜʽʚè ï ʧʦ-

ʟʠʪʠʚʥʝ float. 

ʇʘʨʘʤʝʪʨ weights ʜʦʟʚʦʣʷʻ ʟʘʜʘʚʘʪʠ ʨʽʟʥʽ ʚʘʛʠ ʜʣʷ ʪʦʯʦʢ, ʟʘʣʝʞʥʦ ʚʽʜ 
ʚʽʜʩʪʘʥʽ ʜʦ ʟʘʜʘʥʦʾ. 

ʄʘʻ ʧʝʨʝʚʘʛʠ ʽ ʥʝʜʦʣʽʢʠ, ʷʢ ʤʝʪʦʜʘʭ ʢʣʘʩʪʝʨʠʟʘʮʽʾ, ʦʩʢʽʣʴʢʠ ʾʭ ʧʨʠʥ-

ʮʠʧʠ ʨʦʙʦʪʠ ï ʩʭʦʞʽ. ɼʣʷ ʨʦʙʦʪʠ ʧʦʪʨʽʙʥʽ ʫʩʽ ʜʘʥʽ ʦʜʨʘʟʫ, ʪʦʤʫ ʚʽʥ ʥʝ ʻ ʝʬʝ-
ʢʪʠʚʥʠʤ ʜʣʷ ʚʝʣʠʢʠʭ ʜʘʥʠʭ. ʄʦʞʝ ʧʨʘʮʶʚʘʪʠ ʙʝʟ ʚʯʠʪʝʣʷ. ʇʦ ʩʫʪʽ, ʚʽʥ ʥʝ 

ʤʘʻ ʤʦʜʝʣʽ ï ʤʝʪʦʜ ʧʨʦʩʪʦ ʢʣʘʩʪʝʨʠʟʫʻ ʜʘʥʽ. ɸʣʝ ʥʘʪʨʝʥʦʚʘʥʠʡ ʥʘ ʪʨʝʥʫʚʘ-

ʣʴʥʠʭ ʜʘʥʠʡ ʘʣʛʦʨʠʪʤ ʚʤʽʻ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʽ ʜʦ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ. 

ɭ ʝʬʝʢʪʠʚʥʠʤ ʜʣʷ ʜʘʥʠʭ ʫ ʩʬʝʨʽ ʝʢʦʥʦʤʽʢʠ, ʢʦʣʠ ʜʽʻ ʙʘʛʘʪʦ ʨʽʟʥʠʭ 
ʯʠʥʥʠʢʽʚ, ʷʢʽ ʧʦʛʘʥʦ ʚʽʜʩʪʝʞʫʶʪʴʩʷ, ʽ ʤʦʞʝ ʥʝ ʙʫʪʠ ʻʜʠʥʦʾ ʘʜʝʢʚʘʪʥʦʾ ʤʦ-

ʜʝʣʽ. ʊʨʝʙʘ ʧʨʦʩʪʦ, ʧʦ ʩʫʪʽ, ʢʣʘʩʪʝʨʠʟʫʚʘʪʠ ʜʘʥʽ, ʘ ʧʦʪʽʤ ʟʘ ʪʘʢʠʤ ʞʝ ʘʣʛʦʨʠ-

ʪʤʦʤ ʟʜʽʡʩʥʶʚʘʪʠ ʧʝʨʝʜʙʘʯʝʥʥʷ. 
ʎʽʢʘʚʦ, ʱʦ ʮʷ ʤʦʜʝʣʴ ʥʝ ʤʘʻ ʧʘʨʘʤʝʪʨʘ random_state. 

ʇʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʙʫʜʝ ʚ ʦʜʥʦʤʫ ʟ ʥʘʩʪʫʧʥʠʭ 

ʧʫʥʢʪʽʚ, ʨʘʟʦʤ ʟ ʽʥʰʠʤʠ ʤʝʪʦʜʘʤʠ. 

 
4.1.9 ʄʝʪʦʜʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʧʨʦʮʝʩʽʚ ɻʘʫʩʩʘ  

ʄʝʪʦʜʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʧʨʦʮʝʩʽʚ ɻʘʫʩʩʘ ʟʜʽʡʩʥʶʶʪʴ ʧʝʨʝʜ-

ʙʘʯʝʥʥʷ ʥʝ ʩʘʤʠʭ ʟʥʘʯʝʥʴ ʜʘʥʠʭ, ʘ ï ʾʭ ʽʤʦʚʽʨʥʽʩʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ (ʩʝʨʝʜ-
ʥʴʦʛʦ ʟʥʘʯʝʥʥʷ ʪʘ ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʦʛʦ ʚʽʜʭʠʣʝʥʥʷ). ʇʝʨʝʜʙʘʯʝʥʥʷ ʻ ʡʤʦ-

ʚʽʨʥʽʩʥʠʤ, ʘ ʪʦʤʫ ʤʦʞʥʘ ʣʝʛʢʦ ʦʙʯʠʩʣʠʪʠ ʝʤʧʽʨʠʯʥʽ ʜʦʚʽʨʯʽ ʽʥʪʝʨʚʘʣʠ (ʨʠʩ. 

4.13).  
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ʈʠʩʫʥʦʢ 4.13 ɯʣʶʩʪʨʘʮʽʷ ʟ ʜʦʢʫʤʝʥʪʘʮʽʾ ʧʨʠʢʣʘʜʫ ʨʦʙʦʪʠ ʤʝʪʦʜʫ  

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʧʨʦʮʝʩʽʚ ɻʘʫʩʩʘ  

 
ʄʦʞʥʘ ʚʢʘʟʫʚʘʪʠ ʷʜʨʘ ʜʦʜʘʪʢʦʚʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʜʘʥʠʭ. ʄʝʪʦʜ ʧʨʘ-

ʮʶʻ ʦʜʨʘʟʫ ʟ ʫʩʽʤʘ ʜʘʥʠʤʠ, ʪʦʤʫ ï ʥʝʧʨʠʜʘʪʥʠʡ ʜʣʷ ʚʝʣʠʢʠʭ ʜʘʥʠʭ. 

 

name_package = gaussian_process 
name_model(model_params): 

- GaussianProcessClassifier(kernel=None, *, optimizer='fmin_l_bfgs_b', 

n_restarts_optimizer=0, max_iter_predict=100, warm_start=False, 
copy_X_train=True, random_state=None, multi_class='one_vs_rest', 

n_jobs=None); 

- GaussianProcessRegressor(kernel=None, *, alpha=1e-10, 

optimizer='fmin_l_bfgs_b', n_restarts_optimizer=0, normalize_y=False, 
copy_X_train=True, n_targets=None, random_state=None). 

 

ɻʦʣʦʚʥʠʤ ʧʦʧʫʣʷʨʥʠʤ ʧʘʨʘʤʝʪʨʦʤ, ʷʢʠʡ ʚʘʨʽʶʶʪʴ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ 
ʪʦʯʥʦʩʪʽ, ʻ kernel ï ʷʜʨʦ (RBF, ConstantKernel, DotProduct, ExpSineSquared, 

Matern, ʤʦʞʣʠʚʽ ʢʦʤʙʽʥʘʮʽʾ ConstantKernel ʽ DotProduct), ʷʢʝ ʚʠʟʥʘʯʘʻ ʢʦʚʘ-

ʨʽʘʮʽʡʥʫ ʬʫʥʢʮʽʶ ʛʘʫʩʩʽʚʩʴʢʠʭ ʧʨʦʮʝʩʽʚ. 

ʇʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʙʫʜʝ ʚ ʥʘʩʪʫʧʥʦʤʫ ʧʫʥʢʪʽ, 
ʨʘʟʦʤ ʟ ʽʥʰʠʤʠ ʤʝʪʦʜʘʤʠ. 

 

4.1.10 ʄʦʜʝʣʴ çʥʘʾʚʥʦʛʦè ɹʘʻʩʘ 

çʅʘʾʚʥʠʡè ʙʘʻʩʽʚʩʴʢʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ð ʡʤʦʚʽʨʥʽʩʥʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ, 

ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʻ ʪʝʦʨʝʤʫ ɹʘʻʩʘ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʡʤʦʚʽʨʥʦʩʪʽ ʧʨʠʥʘʣʝʞʥʦʩʪʽ 

ʜʘʥʠʭ ʜʦ ʦʜʥʦʛʦ ʽʟ ʢʣʘʩʽʚ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ "ʥʘʾʚʥʫ" ʛʽʧʦʪʝʟʫ ʧʨʦ ʥʝʟʘʣʝʞ-

ʥʽʩʪʴ ʬʽʯʝʨʽʚ (ʨʠʩ. 4.14).  

 
ʈʠʩʫʥʦʢ 4.14 ɯʣʶʩʪʨʘʮʽʷ ʧʨʠʢʣʘʜʫ ʨʦʙʦʪʠ ʤʦʜʝʣʽ çʥʘʾʚʥʦʛʦè ɹʘʻʩʘ 

 

ʄʝʪʦʜ ʤʘʻ ʚʠʩʦʢʫ ʰʚʠʜʢʦʜʽʶ, ʤʽʥʽʤʘʣʴʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʘʤôʷʪʽ ʽ 
ʤʦʞʝ ʜʘʚʘʪʠ ʨʝʟʫʣʴʪʘʪʠ ʪʦʜʽ, ʢʦʣʠ ʽʥʰʽ ʤʝʪʦʜʠ ʧʨʦʩʪʦ ʥʝ ʤʦʞʫʪʴ ʟʘʧʫʩʪʠ-

ʪʠʩʴ. ʆʜʥʘʢ, ʚʽʥ ʻ ʝʬʝʢʪʠʚʥʠʤ ʪʽʣʴʢʠ, ʟʘ ʫʤʦʚʠ, ʱʦ ʛʽʧʦʪʝʟʘ ʧʨʦ ʥʝʟʘʣʝʞ-

ʥʽʩʪʴ ʦʟʥʘʢ ʜʽʡʩʥʦ ʩʭʦʞʘ ʥʘ ʽʩʪʠʥʥʫ. ʅʘ ʧʝʨʰʠʭ ʩʪʘʜʽʷ ʨʦʟʚʠʪʢʫ ʘʣʛʦʨʠʪʤʽʚ 
ʬʽʣʴʪʨʫʚʘʥʥʷ ʩʧʘʤʫ ʩʘʤʝ ʮʝʡ ʤʝʪʦʜ ʜʘʚʘʚ ʛʘʨʥʽ ʨʝʟʫʣʴʪʘʪʠ, ʘ ʧʦʪʽʤ ʩʧʘʤʝʨʠ 

ʥʘʚʯʠʣʠʩʴ ʜʦʜʘʚʘʪʠ ʢʦʨʠʩʥʠʡ ʪʝʢʩʪ ʫ ʥʘʟʚʫ ʪʘ ʟʤʽʩʪ ʽ ʮʝʡ ʤʝʪʦʜ ʧʝʨʝʩʪʘʚ 

ʙʫʪʠ ʝʬʝʢʪʠʚʥʠʤ. 

 

https://scikit-learn.org/stable/modules/gaussian_process.html#gaussian-process
http://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote05.html
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name_package = naive_bayes 

name_model(model_params): GaussianNB(*, priors=None, 

var_smoothing=1e-09). 
 

ʄʝʪʦʜ ʤʦʞʝ ʟʘʧʫʩʢʘʪʠʩʴ ʽ ʙʝʟ ʧʘʨʘʤʝʪʨʽʚ: GaussianNB(). ʎʽʢʘʚʦ, ʱʦ 

ʮʷ ʤʦʜʝʣʴ ʥʝ ʤʘʻ ʧʘʨʘʤʝʪʨʘ random_state. 

ʅʘ ʨʠʩ. 4.15 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʤʝʪʦ-
ʜʦʤ k-ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ, ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʥʘ ʦʩʥʦʚʽ ʛʘʫʩʩʽʚʩʴʢʠʭ ʧʨʦʮʝʩʽʚ 

ʪʘ ʥʘʾʚʥʠʤ ʙʘʻʩʽʚʩʴʢʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʽʟ ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ. 

 

 
ʈʠʩʫʥʦʢ 4.15 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʤʝʪʦʜʦʤ k-ʥʘʡʙʣʠʞ-
ʯʠʭ ʩʫʩʽʜʽʚ (KNeighbors), ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʥʘ ʦʩʥʦʚʽ ʛʘʫʩʩʽʚʩʴʢʠʭ ʧʨʦʮʝʩʽʚ 

(GPC) ʪʘ ʥʘʾʚʥʠʤ ʙʘʻʩʽʚʩʴʢʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ (GaussianNB) (ʫ ʧʨʘʚʦʤʫ 

ʥʠʞʥʴʦʤʫ ʢʫʪʽ ï accuracy_score ʜʣʷ ʪʝʩʪʦʚʠʭ (ʚʘʣʽʜʘʮʽʡʥʠʭ) ʜʘʥʠʭ, ʪʝʩʪʦʚʽ 
ʜʘʥʽ ï ʮʝ ʢʦʣʘ, ʦʙʚʝʜʝʥʽ ʯʦʨʥʠʤ) [24]  

 

ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.15, ʯʠʤ ʤʝʥʰʝ k ʫ ʤʝʪʦʜʽ k-ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ 

(KNeighbors), ʪʠʤ ï ʚʠʱʘ ʪʦʯʥʽʩʪʴ, ʱʦ ï ʜʦʚʦʣʽ ʦʯʽʢʫʚʘʥʦ. ʌʘʢʪʠʯʥʦ, ʙʽʣʴʰʝ 
k ʻ ʘʥʘʣʦʛʽʻʶ ʚʠʱʦʤʫ ʨʽʚʥʶ ʨʝʛʫʣʷʨʠʟʘʮʽʾ. ɯ ʜʣʷ ʜʨʫʛʦʛʦ ʜʘʪʘʩʝʪʫ ʮʝ ʩʧʨʘ-

ʮʴʦʚʫʻ, ʦʩʢʽʣʴʢʠ ʥʘʡʢʨʘʱʦʶ ʻ ʤʦʜʝʣʴ KNeighbors ʟ k=10. 

ʋ ʢʣʘʩʠʬʽʢʘʪʦʨʽ ʥʘ ʦʩʥʦʚʽ ʛʘʫʩʩʽʚʩʴʢʠʭ ʧʨʦʮʝʩʽʚ (GPC) ʢʨʘʱʽ ʨʝʟʫʣʴ-
ʪʘʪʠ ʟʘʙʝʟʧʝʯʫʻ ʷʜʨʦ çMaternè (ʟ ʘʥʛʣ. ï çʤʘʪʝʨʠʥʩʴʢʝè).  

ʄʦʜʝʣʴ ʥʘ ʦʩʥʦʚʽ ʥʘʾʚʥʦʛʦ ʙʘʻʩʽʚʩʴʢʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʥʝ ʻ ʥʘʡʢʨʘ-

ʱʦʶ ʥʽ ʥʘ ʞʦʜʥʦʤʫ ʜʘʪʘʩʝʪʽ. 

ʆʪʞʝ, ʥʘʡʢʨʘʱʠʤʠ ʫ ʮʴʦʤʫ ʧʨʠʢʣʘʜʽ ʤʦʞʥʘ ʚʚʘʞʘʪʠ KNeighbors ʟ k=3 
ʽ 10 ʪʘ GPC ʟ ʷʜʨʦʤ çMaternè. 

ɺʘʨʪʦ ʜʦʜʘʪʠ, ʱʦ, ʽʥʦʜʽ ʻ ʝʬʝʢʪʠʚʥʠʤ ʚʘʨʽʘʥʪ ʤʦʜʝʣʽ ʥʘʾʚʥʦʛʦ ɹʘʻʩʘ 

ʧʽʜ ʥʘʟʚʦʶ çMultinomial Naive Bayesè. ʆʩʥʦʚʥʘ ʚʽʜʤʽʥʥʽʩʪʴ ʤʽʞ ʥʠʤʠ ʧʦʣʷ-
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ʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʤʦʜʝʣʴ çMultinomial Naive Bayesè ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʢʣʘ-

ʩʠʬʽʢʘʮʽʾ ʜʦʢʫʤʝʥʪʽʚ, ʫ ʷʢʠʭ ʦʟʥʘʢʠ ʻ ʜʠʩʢʨʝʪʥʠʤʠ, ʥʘʧʨʠʢʣʘʜ, ʩʣʦʚʘ ʚ ʜʦ-

ʢʫʤʝʥʪʽ, ʫ ʪʦʡ ʯʘʩ ʷʢ ʤʦʜʝʣʴ Naive Bayes ʤʦʞʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʜʣʷ ʢʣʘ-
ʩʠʬʽʢʘʮʽʾ ʜʦʢʫʤʝʥʪʽʚ, ʫ ʷʢʠʭ ʦʟʥʘʢʠ ʤʦʞʫʪʴ ʙʫʪʠ ʷʢ ʜʠʩʢʨʝʪʥʠʤʠ, ʪʘʢ ʽ ʥʝ-

ʧʝʨʝʨʚʥʠʤʠ. ʇʨʠʢʣʘʜʦʤ ʚʠʢʦʨʠʩʪʘʥʥʷ çMultinomial Naive Bayesè ʻ Kaggle-

ʢʦʥʢʫʨʩ çLLM - Detect AI Generated Textè, ʜʝ ʚ ʙʘʛʘʪʴʦʭ ʥʦʫʪʙʫʢʘʭ ʧʦʙʫʜʦ-

ʚʘʥʦ ʘʥʩʘʤʙʣʴ ʥʘ ʦʩʥʦʚʽ ʩʘʤʝ ʮʽʻʾ ʤʦʜʝʣʽ. 
 

4.1.11 ɼʝʨʝʚʘ ʨʽʰʝʥʴ 

ɼʝʨʝʚʦ ʨʽʰʝʥʴ ʫ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ ï ʮʝ ʩʪʨʫʢʪʫʨʦʚʘʥʘ ʤʦʜʝʣʴ 
ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʟ ʫʤʦʚ ʨʦʟʛʘʣʫʞʝʥʥʷ if...then...else, ʷʢʘ ʚʠʛʣʷʜʘʻ ʷʢ çʜʝ-

ʨʝʚʦè ʽ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʚʫʟʣʽʚ, ʛʽʣʦʢ ʪʘ ʣʠʩʪʷ. ʂʦʞʝʥ ʚʫʟʦʣ ʧʨʝʜʩʪʘʚʣʷʻ ʨʽ-

ʰʝʥʥʷ ʜʣʷ ʧʝʚʥʦʛʦ ʧʽʜʥʘʙʦʨʫ ʜʘʥʠʭ, ʛʽʣʢʠ ʚʢʘʟʫʶʪʴ ʥʘʧʨʷʤʦʢ, ʷʢʠʡ ʩʣʽʜ 

ʚʟʷʪʠ, ʱʦʙ ʜʽʡʪʠ ʜʦ ʥʦʚʦʛʦ ʚʫʟʣʘ ʯʠ ʢʽʥʮʝʚʦʛʦ ʨʝʟʫʣʴʪʘʪʫ ʫ ʚʠʛʣʷʜʽ ʣʠʩʪʷ. 
ɿʘʟʚʠʯʘʡ, ʟʘʜʘʻʪʴʩʷ ʩʢʽʣʴʢʠ ʜʘʥʠʭ ʤʘʢʩʠʤʘʣʴʥʦ ʤʦʞʝ ʙʫʪʠ ʫ ʣʠʩʪʢʫ ï ʮʝ ʡ 

ʟʘʜʘʻ ʫʤʦʚʫ, ʟʘ ʷʢʦʶ ʚʫʟʣʠ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʚʽʜ ʣʠʩʪʷ. 

ɼʝʨʝʚʘ ʨʽʰʝʥʴ ʻ ʟʨʫʯʥʠʤʠ ʜʣʷ ʨʦʟʫʤʽʥʥʷ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ, ʜʣʷ ʚʽʟʫʘ-
ʣʽʟʘʮʽʾ ʨʽʰʝʥʥʷ, ʷʢʝ ʻ ʧʨʦʩʪʠʤ ʫ ʨʦʟʫʤʽʥʥʽ. ʑʦʙ ʫʥʠʢʥʫʪʠ ʧʝʨʝʥʘʚʯʘʥʥʷ, ʜʣʷ 

ʜʝʨʝʚ ʟʘʜʘʶʪʴ ʫʤʦʚʠ çʦʙʨʽʟʘʥʥʷè (ʘʥʛʣ. çpruningè). ʊʝʦʨʝʪʠʯʥʦ, ʜʝʨʝʚʦ ʛʣʠ-

ʙʠʥʦʶ n ʙʫʜʝ ʤʘʪʠ 2n ʣʠʩʪʢʽʚ. ʅʘʧʨʠʢʣʘʜ, ʷʢʱʦ ʛʣʠʙʠʥʘ ʜʦʨʽʚʥʶʻ 6, ʪʦʜʽ ʮʝ 

ʙʫʜʝ 64 ʣʠʩʪʷ. ɯ ʪʦʜʽ ʟʘʜʘʶʪʴ ʦʜʠʥ ʟ ʜʚʦʭ ʚʘʨʽʘʥʪʽʚ çʦʙʨʽʟʘʥʥʷè: ʘʙʦ ʟʘ ʛʣʠ-
ʙʠʥʠ 6 ʚʠʤʘʛʘʶʪʴ, ʱʦʙ ʙʫʣʦ ʥʝ ʙʽʣʴʰʝ, ʥʘʧʨʠʢʣʘʜ 40 < 64 ʣʠʩʪʷ, ʘʙʦ ʟʘ ʢʽ-

ʣʴʢʦʩʪʽ ʣʠʩʪʷ 64 ʚʠʤʘʛʘʶʪʴ, ʱʦʙ ʤʘʢʩʠʤʘʣʴʥʘ ʛʣʠʙʠʥʘ ʥʝ ʧʝʨʝʚʠʱʫʚʘʣʘ, 

ʥʘʧʨʠʢʣʘʜ 8 > 6. ɯ ʪʦʜʽ ʘʣʛʦʨʠʪʤ ʚʠʤʫʰʝʥʠʡ ʙʫʜʫʚʘʪʠ çʦʙʨʽʟʘʥʝè ʜʝʨʝʚʦ, 
ʷʢʝ ʙʫʜʝ ʟʥʘʯʥʦ ʙʽʣʴʰ ʫʟʘʛʘʣʴʥʝʥʠʤ, ʘʥʽʞ çʥʝʦʙʨʽʟʘʥʝè. ʇʘʨʘʤʝʪʨʠ ʤʦʜʝʣʽ: 

 

name_package = tree 

name_model(model_params):  

- DecisionTreeClassifier (*, criterion='gini', splitter='best', 

max_depth=None, min_samples_split=2, min_samples_leaf=1, 

min_weight_fraction_leaf=0.0, max_features=None, random_state=None, 
max_leaf_nodes=None, min_impurity_decrease=0.0, class_weight=None, 

ccp_alpha=0.0),  

- DecisionTreeRegressor(*, criterion='squared_error', splitter='best', 

max_depth=None, min_samples_split=2, min_samples_leaf=1, 
min_weight_fraction_leaf=0.0, max_features=None, random_state=None, 

max_leaf_nodes=None, min_impurity_decrease=0.0, ccp_alpha=0.0)  

ʇʘʨʘʤʝʪʨʠ ʤʦʜʝʣʽ-ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʨʝʛʨʝʩʦʨʘ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʪʽʣʴʢʠ 

ʤʝʪʨʠʢʦʶ (ʢʨʠʪʝʨʽʻʤ): 
- ʢʣʘʩʠʬʽʢʘʪʦʨ: {ñginiò, ñentropyò, ñlog_lossò} 

- ʨʝʛʨʝʩʦʨ: {ñsquared_errorò, ñfriedman_mseò, ñabsolute_errorò, 

ñpoissonò} 

https://www.kaggle.com/competitions/llm-detect-ai-generated-text
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ʈʦʟʨʦʙʥʠʢʠ ʤʦʜʝʣʽ ʥʘʧʦʣʝʛʣʠʚʦ ʨʝʢʦʤʝʥʜʫʶʪʴ ʚʢʘʟʫʚʘʪʠ ʧʘʨʘʤʝʪʨ 

max_depth ̫ ʢ ʷʢʝʩʴ ʮʽʣʝ ʯʠʩʣʦ, ʧʦʯʠʥʘʶʯʠ ʚʽʜ 2 (ʟʘʤʽʩʪʴ 1 ʢʨʘʱʝ ʚʞʝ ʧʠʩʘʪʠ 

ʦʜʨʘʟʫ ʦʜʥʝ ʨʦʟʛʘʣʫʞʝʥʥʷ if éthené else).  
ɻʦʣʦʚʥʦʶ ʧʝʨʝʚʘʛʦʶ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʻ ʛʘʨʥʘ ʽʥʪʝʨʧʨʝʪʘʙʝʣʴʥʽʩʪʴ. ɭ ʤʝ-

ʪʦʜ ʚʽʜʦʙʨʘʞʝʥʥʷ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʩʘʤʝ ʷʢ ʜʝʨʝʚʘ ʟ ʫʩʽʤʘ ʫʤʦʚʘʤʠ ʽ ʧʦʪʽʤ ʡʦʛʦ 

ʤʦʞʥʘ ʟʘʤʽʥʠʪʠ ʥʘ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʨʦʟʛʘʣʫʞʝʥʴ if éthené else. ʊʘʢʠʡ 

ʧʨʠʡʦʤ ʚʠʢʦʨʠʩʪʘʥʠʡ ʦʜʥʠʤ ʽʟ ʘʚʪʦʨʽʚ ʧʦʩʽʙʥʠʢʘ ʧʽʜ ʯʘʩ ʨʦʟʚôʷʟʘʥʥʷ ʢʦʥ-
ʢʫʨʩʫ Kaggle ʟ ʧʝʨʝʜʙʘʯʝʥʥʷ ʪʠʭ, ʭʪʦ ʚʠʞʠʚ ʥʘ çʊʠʪʘʥʽʢʫè (çTitanic - Ma-

chine Learning from Disasterè), ʫ ʩʚʦʻʤʫ ʧʫʙʣʽʯʥʦʤʫ ʥʦʫʪʙʫʢʫ çTitanic - Top 

score : one line of the predictionè (ʨʠʩ. 4.16). 
 

 
ʘ) 

 
ʙ) 

ʈʠʩʫʥʦʢ 4.16 ï ɺʽʟʫʘʣʽʟʘʮʽʷ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʜʣʷ ʢʦʥʢʫʨʩʫ çTitanic - Machine 

Learning from Disasterè ʟ ʧʘʨʘʤʝʪʨʘʤʠ max_depth=3, min_samples_leaf=2:  

ʘ) ʢʦʜ ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʝʨʝʚʘ ʨʽʰʝʥʴ model ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʙʣʽʦʪʝʢʠ 

graphviz; ʙ) ʨʝʟʫʣʴʪʘʪ ʟʘʧʫʩʢʘ ʢʦʜʫ 
 

ʅʘ ʨʠʩ. 4.16ʙ ʜʦʙʨʝ ʚʠʜʥʦ ʫʩʽ ʛʽʣʢʠ, ʚʫʟʣʠ ʽ ʣʠʩʪʷ. ɺʫʟʠ ï ʮʝ ʧʨʷʤʦʢʫ-

ʪʥʠʢʠ, ʚ ʷʢʽ ʚʭʦʜʠʪʴ ʩʪʨʽʣʢʘ ʽ ʟ ʷʢʠʭ 2 ʩʪʨʽʣʢʠ ʚʠʭʦʜʷʪʴ. ʋ ʣʠʩʪʷ ʩʪʨʽʣʢʘ 
ʪʽʣʴʢʠ ʚʭʦʜʠʪʴ. ʂʦʣʽʨ ʧʨʷʤʦʢʫʪʥʠʢʘ ʚʽʜʧʦʚʽʜʘʻ ʢʣʘʩʫ çclassè (0 ʯʠ 1 ï ʣʶ-

ʜʠʥʘ ʥʝ ʚʠʞʠʣʘ ʯʠ ʚʠʞʠʣʘ, ʚʽʜʧʦʚʽʜʥʦ). ʅʘʩʠʯʝʥʽʩʪʴ ʢʦʣʴʦʨʫ ʟʚʦʨʦʪʥʦ ʧʨʦ-

ʧʦʨʮʽʡʥʘ ʟʥʘʯʝʥʥʶ ʢʨʠʪʝʨʽʷ çginiè (ʯʠʤ ʚʽʥ ʙʣʠʞʯʠʡ ʜʦ 0, ʪʠʤ ï ʚʽʥ ʙʽʣʴʰ 

çʯʠʩʪʠʡè, ʪʦʙʪʦ ʤʽʩʪʠʪʴ ʜʘʥʽ ʪʽʣʴʢʠ ʦʜʥʦʛʦ ʢʣʘʩʫ).  

https://www.kaggle.com/competitions/titanic
https://www.kaggle.com/competitions/titanic
https://www.kaggle.com/code/vbmokin/titanic-top-score-one-line-of-the-prediction
https://www.kaggle.com/code/vbmokin/titanic-top-score-one-line-of-the-prediction
https://www.kaggle.com/competitions/titanic
https://www.kaggle.com/competitions/titanic
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ʈʠʩ. 4.16 ï ʮʝ ʢʣʘʩʠʯʥʘ ʚʽʟʫʘʣʽʟʘʮʽʷ ʜʝʨʝʚʘ ʨʽʰʝʥʴ. ʗʢ ʙʘʯʠʤʦ, ʚʦʥʦ 

çʨʦʩʪʝè ʚ ʛʣʠʙʠʥʫ, ʘ ʥʝ ï ʫ ʚʠʩʦʪʫ, ʽ ʪʦʤʫ ʫ ʧʘʨʘʤʝʪʨʘʭ ʦʙʤʝʞʫʻʪʴʩʷ ʡʦʛʦ 

ʛʣʠʙʠʥʘ max_depth, ʘ ʥʝ ï ʚʠʩʦʪʘ. ʍʦʯʘ, ʟʘ ʘʥʘʣʦʛʽʻʶ, ʟ ʙʽʦʣʦʛʽʻʶ, ʧʝʨʰʘ 
ʚʝʨʰʠʥʘ ʥʘʟʠʚʘʻʪʴʩʷ çrootè (ʟ ʘʥʛʣ. ï çʢʦʨʽʥʴè). ɹʽʦʣʦʛʘʤ ʤʦʞʝ ʙʫʪʠ ʮʝ ʥʝ 

ʟʚʠʯʥʠʤ, ʘʣʝ ʪʘʢ ʜʦʤʦʚʠʣʠʩʴ ʫ ʤʘʰʠʥʥʦʤʫ ʥʘʚʯʘʥʥʽ. ʁʤʦʚʽʨʥʦ, ʧʨʠʯʠʥʘ 

ʟʥʘʭʦʜʠʪʴʩʷ ʚ ʦʩʦʙʣʠʚʦʩʪʷʭ ʚʽʟʫʘʣʽʟʘʮʽʾ. ʗʢ ʧʨʘʚʠʣʦ, ʥʘ ʢʦʤʧôʶʪʝʨʘʭ ʧʝʨʰʘ 

ʪʦʯʢʘ ʥʘ ʝʢʨʘʥʽ ʟʥʘʭʦʜʠʪʴʩʷ ʟʚʝʨʭʫ ʟʣʽʚʘ. ʋ ʨʘʟʽ ʚʽʜʦʙʨʘʞʝʥʥʷ ʭʦʜʫ çʟʨʦʩ-
ʪʘʥʥʷè ʜʝʨʝʚʘ ʚ ʮʠʢʣʽ ʜʦʮʽʣʴʥʦ ʧʦʯʘʪʠ ʟʚʝʨʭʫ ʚʥʠʟ. ʊʦʤʫ ʡ ʫʩʽ ʟʚʠʢʣʠ, ʱʦʙ 

ʚʦʥʦ çʨʦʩʪʝè ʚʥʠʟ, ʭʦʯʘ, ʫ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ, ʜʝʨʝʚʦ ʩʧʦʯʘʪʢʫ ʨʦʟʨʘʭʦʚʫ-

ʻʪʴʩʷ ʧʨʦʛʨʘʤʥʦ-ʤʘʪʝʤʘʪʠʯʥʦ, ʘ ʧʦʪʽʤ ï ʚʽʟʫʘʣʽʟʫʻʪʴʩʷ ʽ ʮʽʻʾ ʧʨʦʙʣʝʤʠ ʙ ʚʞʝ 
ʥʝ ʙʫʣʦ, ʘʣʝ ʫʩʽ ʟʚʠʢʣʠ ʜʦ ʪʘʢʦʛʦ ʧʽʜʭʦʜʫ. 

ɿʨʫʯʥʽʩʪʴ ʽʥʪʝʨʧʨʝʪʘʙʝʣʴʥʦʩʪʽ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʡʦʛʦ 

ʤʦʞʥʘ ʧʨʦʩʪʦ çʧʨʦʯʠʪʘʪʠè: ʷʢʱʦ é ʪʦʜʽé, ʘ ʪʦʜʽ, ʷʢʱʦ é ʪʦʜʽé ʽ ʪʘʢ ï ʜʦ 

ʢʽʥʮʷ. ɸ ʪʦʜʽ ʚʩʝ ʜʝʨʝʚʦ ʤʦʞʥʘ ʟʘʤʽʥʠʪʠ ʦʜʥʽʻʶ ʫʤʦʚʦʶ, ʷʢʘ ʡ ʙʫʜʝ ʨʽʰʝʥ-
ʥʷʤ ʟʘʜʘʯʽ. ʊʘʢ ʽ ʙʫʣʦ ʟʨʦʙʣʝʥʦ ʫ ʥʦʫʪʙʫʢʫ çTitanic - Top score : one line of 

the predictionè (2019 ʨ.), ʩʘʤʝ ʪʦʤʫ ʚʽʥ ʽ ʤʘʻ ʥʘʟʚʫ çʦʜʠʥ ʨʷʜʦʢ ʢʦʜʫ ʧʝʨʝʜ-

ʙʘʯʝʥʥʷè (ʨʠʩ. 4.17. ɿʚʠʯʘʡʥʦ, ʮʴʦʤʫ ʨʽʰʝʥʥʶ ʧʝʨʝʜʫʻ ʝʪʘʧ FE, ʜʝ ʩʠʥʪʝʟʫ-
ʶʪʴʩʷ ʥʦʚʽ ʦʟʥʘʢʠ, ʷʢʽ ʜʘʶʪʴ ʪʘʢʝ ʛʘʨʥʝ ʽ ʧʨʦʩʪʝ ʨʽʰʝʥʥʷ. ʎʝ ʨʽʰʝʥʥʷ ʜʘʻ 

ʪʦʯʥʽʩʪʴ 0.80383, ʱʦ ʩʪʘʥʦʤ ʥʘ ʣʠʩʪʦʧʘʜ 2023 ʨ. ʜʘʻ ʨʽʚʝʥʴ çTop4%è (600-

ʪʝ ʤʽʩʮʝ ʟ 15,3 ʪʠʩ. ʢʦʤʘʥʜ, ʭʦʯʘ, ʥʘʩʧʨʘʚʜʽ, ʡ ï ʚʠʱʝ, ʦʩʢʽʣʴʢʠ ʯʠʤʘʣʘ ʯʘʩ-

ʪʠʥʘ ʢʦʤʘʥʜ ʤʘʻ ʪʦʯʥʽʩʪʴ 1,0, ʟʘʚʘʥʪʘʞʠʚʰʠ ʧʨʦʩʪʦ ʚʽʜʧʦʚʽʜʽ, ʚʩʫʧʝʨʝʯ ʧʨʘ-
ʚʠʣʘʤ ʢʦʥʢʫʨʩʫ).  

 

 
ʈʠʩʫʥʦʢ 4.17 ï ʆʜʠʥ ʨʷʜʦʢ ʢʦʜʫ ʧʝʨʝʜʙʘʯʝʥʥʷ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʫ ʟʘʜʘʯʽ 
(çTitanic - Machine Learning from Disasterè, ʷʢʠʡ ʚʽʜʧʦʚʽʜʘʻ ʜʝʨʝʚʫ ʨʽʰʝʥʴ 

ʥʘ ʨʠʩ. 4.16ʙ ʽ ʜʘʻ ʪʦʯʥʽʩʪʴ ʨʽʚʝʥʴ çTop4%è ʢʦʥʢʫʨʩʫ 

 

ʇʦʙʫʜʦʚʘ ʜʝʨʝʚ ʨʽʰʝʥʴ ʦʩʥʦʚʘʥʘ ʥʘ ʪʝʦʨʽʾ ʽʥʬʦʨʤʘʮʽʾ ʐʝʥʥʦʥʘ ʪʘ ʪʝ-
ʦʨʽʾ ʡʤʦʚʽʨʥʦʩʪʽ. ɿʫʧʠʥʠʤʦʩʴ ʥʘ ʮʴʦʤʫ ʜʝʪʘʣʴʥʽʰʝ, ʦʩʢʽʣʴʢʠ ʮʝ ï ʛʘʨʥʠʡ 

ʧʨʠʚʽʜ ʟʨʦʟʫʤʽʪʠ ʧʨʠʢʣʘʜʥʫ ʮʽʥʥʽʩʪʴ ʮʠʭ ʜʚʦʭ ʪʝʦʨʽʡ. ɺʠʢʦʨʠʩʪʘʻʤʦ ʤʝʪʦ-

ʜʦʣʦʛʽʶ ʩʪʘʪʪʽ ̔  ʢʦʜ, ʥʘʚʝʜʝʥʠʡ ʥʘ ʨʠʩ. 4.18: ʙʝʨʝʤʦ 20 ʧʨʷʤʦʢʫʪʥʠʢʽʚ, ʫ ʪ.ʯ. 
8 ï ʞʦʚʪʦʛʦ ʽ 12 ï ʙʣʘʢʠʪʥʦʛʦ ʢʦʣʴʦʨʽʚ, ʪʘ ʩʬʦʨʤʫʻʤʦ ʟ ʥʠʭ 2 ʥʦʚʠʭ ʚʫʟʣʠ (ʘ 

ʤʦʞʝ ʡ ï ʣʠʩʪʷ), ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʧʦʥʷʪʪʷ ʝʥʪʨʦʧʽʾ ʪʝʦʨʽʾ ʽʥʬʦʨʤʘʮʽʾ ʐʝʥ-

ʥʦʥʘ ʪʘ ʪʝʦʨʽʾ ʡʤʦʚʽʨʥʦʩʪʝʡ. 

 

https://www.kaggle.com/code/vbmokin/titanic-top-score-one-line-of-the-prediction
https://www.kaggle.com/code/vbmokin/titanic-top-score-one-line-of-the-prediction
https://www.kaggle.com/competitions/titanic
https://medium.com/open-machine-learning-course/open-machine-learning-course-topic-3-classification-decision-trees-and-k-nearest-neighbors-8613c6b6d2cd
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ʈʠʩʫʥʦʢ 4.18 ï ʂʦʜ ʛʝʥʝʨʫʚʘʥʥʷ 20 ʧʨʷʤʦʢʫʪʥʠʢʽʚ, ʫ ʪ.ʯ. 8 ï ʞʦʚʪʦʛʦ ʽ 12 ï

ʙʣʘʢʠʪʥʦʛʦ ʢʦʣʴʦʨʽʚ, ʜʣʷ ʧʦʷʩʥʝʥʥʷ ʷʢ ʬʦʨʤʫʻʪʴʩʷ ʚʫʟʦʣ ʜʝʨʝʚʘ ʨʽʰʝʥʴ  

 

ʗʢ ʚʽʜʦʤʦ, ʝʥʪʨʦʧʽʷ ï ʮʝ ʤʽʨʘ ʭʘʦʩʫ, ʷʢʘ ʚʽʜʦʙʨʘʞʘʻ ʥʘʩʢʽʣʴʢʠ ʻ ʥʝʫ-
ʧʦʨʷʜʢʦʚʘʥʠʤʠ ʝʣʝʤʝʥʪʠ ʫ ʥʘʰʽʡ ʚʠʙʽʨʮʽ. ʅʘʰʘ ʟʘʜʘʯʘ ï ʟʙʽʣʴʰʠʪʠ ʢʽʣʴ-

ʢʽʩʪʴ ʽʥʬʦʨʤʘʮʽʾ ʰʣʷʭʦʤ ʫʧʦʨʷʜʢʫʚʘʥʥʷ ʮʠʭ ʝʣʝʤʝʥʪʽʚ, ʧʦ ʩʫʪʽ - ʢʣʘʩʪʝʨʠ-

ʟʘʮʽʾ. ɿ ʪʝʦʨʽʾ ʽʥʬʦʨʤʘʮʽʾ ʐʝʥʥʦʥʘ ʚʽʜʦʤʦ, ʱʦ ʢʽʣʴʢʽʩʪʴ ʽʥʬʦʨʤʘʮʽʾ Ὓ ʦʙʯʠʩ-
ʣʶʻʪʴʩʷ ʧʦ ʬʦʨʤʫʣʽ:   

 

Ὓ  В ὴὰέὫὴ,                                       (4.5) 

 

ʜʝ N=2 ï ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ (ʥʘ ʨʠʩ. 4.18 ï ʢʦʣʴʦʨʽʚ), ὴ ï ʡʤʦʚʽʨʥʽʩʪʴ ʪʦʛʦ, ʱʦ, 
ʷʢʱʦ ʤʠ ʚʽʟʴʤʝʤʦ ʦʜʠʥ ʝʣʝʤʝʥʪ ʽʟ ʚʠʙʽʨʢʠ, ʪʦ ʚʽʥ ʙʫʜʝ ʧʝʚʥʦʛʦ ʢʣʘʩʫ.  

ɼʣʷ ʚʠʙʽʨʢʠ ʫʤʦʚʥʦ 0-ʦʾ (çrootè - ʟ ʘʥʛʣ. çʢʦʨʽʥʴè) ʚʝʨʰʠʥʠ ʥʘ ʨʠʩ. 

4.18, ʜʝ ʻ 2 ʢʦʣʴʦʨʠ (N = 2), ʫ ʪ.ʯ. 8 ʞʦʚʪʠʭ ʪʘ 12 ʙʣʘʢʠʪʥʠʭ ʽʟ 20 ʝʣʝʤʝʥʪʽʚ 

ʟʘʛʘʣʦʤ, ʬʦʨʤʫʣʘ (4.5) ʤʘʪʠʤʝ ʚʠʛʣʷʜ:  
 

Ὓ  ὰέὫ ὰέὫ  πȟυσπȟττ πȟωχȢ              (4.6) 
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ɺʘʞʣʠʚʦ ʚʽʜʤʽʪʠʪʠ, ʱʦ ʬʦʨʤʫʣʘ (4.5) ʭʘʨʘʢʪʝʨʠʟʫʻ ʩʘʤʝ ʩʪʫʧʽʥʴ ʭʘ-

ʦʩʫ. ʆʪʞʝ, ʷʢʱʦ ʫ ʚʠʙʽʨʮʽ ʫʩʽ ʝʣʝʤʝʥʪʠ ʙʫʜʫʪʴ ʦʜʥʦʛʦ ʢʦʣʴʦʨʫ, ʥʘʧʨʠʢʣʘʜ 

20 ʟ 20 ʙʫʜʫʪʴ ʞʦʚʪʠʤʠ, ʪʦʜʽ ʝʥʪʨʦʧʽʷ ʙʫʜʝ ʚʽʜʩʫʪʥʷ ʽ ʪʦʜʽ ʬʦʨʤʫʣʫ (4.6) ʥʝ 

ʟʘʩʪʦʩʦʚʫʶʪʴ (ὰέὫπ ʚʟʷʪʠ ʡ ʥʝ ʚʜʘʩʪʴʩʷ), ʘ ʦʜʨʘʟʫ ʧʠʰʫʪʴ, ʱʦ ʚʦʥʘ ʜʦʨʽʚ-
ʥʶʻ 0. 

ʊʝʦʨʝʪʠʯʥʦ, ʻ ʙʘʛʘʪʦ ʚʘʨʽʘʥʪʽʚ ʨʦʟʙʠʪʪʷ ʚʠʙʽʨʢʠ ʟ ʨʠʩ. 4.18 ʥʘ 2 ʧʽʜʤ-
ʥʦʞʠʥʠ. ʈʦʟʛʣʷʥʝʤʦ, ʷʢ, ʧʨʠ ʮʴʦʤʫ, ʙʫʜʝ ʟʤʽʥʶʚʘʪʠʩʴ ʢʽʣʴʢʽʩʪʴ ʽʥʬʦʨʤʘʮʽʾ 

ʫ ʢʦʞʥʽʡ ʟ ʮʠʭ ʧʽʜʤʥʦʞʠʥ. ɿʜʽʡʩʥʠʤʦ ʨʦʟʙʠʪʪʷ ʧʽʩʣʷ 13-ʛʦ ʽ ʧʽʩʣʷ 16-ʛʦ ʝʣʝ-

ʤʝʥʪʫ (ʨʠʩ. 4.19): 

 

   
ʘ) 

 

   
ʙ) 

ʈʠʩʫʥʦʢ 4.19 ï ɺʘʨʽʘʥʪʠ ʨʦʟʙʠʪʪʷ 20 ʧʨʷʤʦʢʫʪʥʠʢʽʚ ʟ ʨʠʩ. 4.18 ʥʘ 2 ʧʽʜʤ-

ʥʦʞʠʥʠ: ʘ) ʧʦ 12 ʽ 8 ʧʨʷʤʦʢʫʪʥʠʢʽʚ, ʙ) ʧʦ 16 ʽ 4 

 
ʊʝʧʝʨ ʟʘʩʪʦʩʫʻʤʦ ʬʦʨʤʫʣʫ (4.5) ʜʦ ʣʽʚʦʾ çleftè ʽ ʧʨʘʚʦʾ çrightè ʧʽʜʤʥʦ-

ʞʠʥ ʦʙʦʭ ʚʘʨʽʘʥʪʽʚ ʨʦʟʙʠʪʪʷ ʨʠʩ. 4.19ʘ ʽ 4.19ʙ (ʚʠʢʦʨʠʩʪʘʻʤʦ ʽʥʜʝʢʩʠ 1 ʽ 2, 

ʚʽʜʧʦʚʽʜʥʦ): 

Ὓ  
φ

ρσ
ὰέὫ

φ

ρσ

χ

ρσ
ὰέὫ

χ

ρσ
 πȟυρπȟτψ πȟωωȟ 

Ὓ  
ς

χ
ὰέὫ

ς

χ

υ

χ
ὰέὫ

υ

χ
 πȟυςπȟσυ πȟψχȟ 

Ὓ  ὰέὫ ὰέὫ  πȟυ πȟυ ρȟ    (4.7) 

Ὓ  π. 
ʗʢ ʙʘʯʠʤʦ, ʫ ʜʨʫʛʦʤʫ ʚʘʨʽʘʥʪʽ ʧʨʘʚʘ ʧʽʜʤʥʦʞʠʥʘ ï ʮʝ ʚʞʝ ʥʝ ʚʫʟʦʣ, 

ʷʢʠʡ ʱʝ ʪʨʝʙʘ ʜʘʣʽ ʨʦʟʙʠʚʘʪʠ, ʘ ï ʣʠʩʪʷ, ʪʦʙʪʦ ʢʽʥʮʝʚʘ ʪʦʯʢʘ ʨʦʟʙʠʪʪʷ. 

ɼʣʷ ʧʦʨʽʚʥʷʥʥʷ ʷʢʠʡ ʚʘʨʽʘʥʪ ʢʨʘʱʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʬʦʨʤʫʣʘ ʜʣʷ 

ʦʙʯʠʩʣʝʥʥʷ ʧʨʠʨʦʩʪʫ ʽʥʬʦʨʤʘʮʽʾ ὍὋ, ʪʦʙʪʦ ʟʤʝʥʰʝʥʥʷ ʝʥʪʨʦʧʽʾ, ʫ ʨʘʟʽ q-ʛʦ 

ʚʘʨʽʘʥʪʫ ʨʦʟʙʠʪʪʷ: 

ὍὋ Ὓ Ὓ Ὓ ,        (4.8) 

ʜʝ ὲ  ʽ ὲ  ï ʢʽʣʴʢʽʩʪʴ ʝʣʝʤʝʥʪʽʚ ʫ ʣʽʚʽʡ ʽ ʧʨʘʚʽʡ, ʚʽʜʧʦʚʽʜʥʦ, ʧʽʜʤʥʦʞʠ-

ʥʘʭ, ʫ ʨʘʟʽ q-ʛʦ ʚʘʨʽʘʥʪʫ ʨʦʟʙʠʪʪʷ; ὲ ï ʢʽʣʴʢʽʩʪʴ ʝʣʝʤʝʥʪʽʚ ʫ ʥʫʣʴʦʚʽʡ ʚʝʨ-

ʰʠʥʽ (4.6). 

ɼʣʷ ʚʠʨʘʟʽʚ (4.7) ʬʦʨʤʫʣʘ (4.8) ʜʘʻ ʪʘʢʽ ʟʥʘʯʝʥʥʷ: 

 

ὍὋ πȟωχπȟφτπȟσπ πȟπσȟ  
ὍὋ πȟωχπȟψ π πȟρχȢ                                   (4.9) 
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ʗʢ ʙʘʯʠʤʦ, ʧʨʠʨʽʩʪ ʽʥʬʦʨʤʘʮʽʾ ὍὋ ʻ ʙʽʣʴʰʠʤ ʟʘ ὍὋ, ʘ ʪʦʤʫ ʚʘʨʪʦ ʚʠ-
ʙʨʘʪʠ ʜʨʫʛʠʡ ʚʘʨʽʘʥʪ ʨʦʟʙʠʪʪʷ (ʨʠʩ. 4.19ʙ). ʎʝ ï ʪʘʢ ʟʚʘʥʠʡ çʞʘʜʽʙʥʠʡè ʘʣ-

ʛʦʨʠʪʤ, ʢʦʣʠ ʱʦʨʘʟʫ ʚʠʙʠʨʘʻʪʴʩʷ ʤʘʢʩʠʤʘʣʴʥʦ ʥʘʡʢʨʘʱʠʡ ʚʘʨʽʘʥʪ, ʙʝʟ ʫʨʘ-
ʭʫʚʘʥʥʷ ʥʘʩʪʫʧʥʠʭ ʨʽʰʝʥʴ. ɸʣʝ, ʟʘ ʨʝʘʣʴʥʠʭ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʽʚ, ʜʝ ʟʘʜʘ-

ʻʪʴʩʷ ʧʝʚʥʘ çʦʙʨʽʟʢʘè ʜʝʨʝʚʘ, ʚʩʝ ʧʨʘʮʶʻ ʥʘʙʘʛʘʪʦ ʩʢʣʘʜʥʽʰʝ ʽ, ʫ ʙʽʣʴʰʦʩʪʽ 

ʚʠʧʘʜʢʽʚ, ʩʣʽʜ ʚʠʙʠʨʘʪʠ ʥʝ ʪʦʡ ʚʘʨʽʘʥʪ, ʢʦʣʠ ʦʜʨʘʟʫ ʬʦʨʤʫʻʪʴʩʷ ʣʠʩʪʷ ʚ ʦʜ-
ʥʽʡ ʟ ʧʽʜʤʥʦʞʠʥ. ɸ ï ʪʦʡ, ʷʢʠʡ ʰʚʠʜʰʝ ʜʦʟʚʦʣʠʪʴ ʨʦʟʙʠʪʠ ʦʙʠʜʚʽ ʤʥʦʞʠʥʠ 

ʽ ʦʪʨʠʤʘʪʠ ʥʝ ʜʫʞʝ ʨʦʟʚʠʥʝʥʝ ʜʝʨʝʚʦ. 

ʇʨʠʢʣʘʜ (4.5)-(4.9) ʦʩʥʦʚʘʥʠʡ ʥʘ ʢʨʠʪʝʨʽʾ ʝʥʪʨʦʧʽʾ (ʘʥʛʣ. çentropyè). ɺ 

ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘʜʢʫ ʚ ʜʦʢʫʤʝʥʪʘʮʽʾ ʙʽʙʣʽʦʪʝʢʠ sklearn ʮʽ ʬʦʨʤʫʣʠ ʦʧʠʩʫ-
ʶʪʴʩʷ ʜʝʱʦ ʽʥʘʢʰʝ:  

 

Ὃὗ ȟ— Ὄ ὗ — Ὄ ὗ — ȟ             (4.10) 

—ᶻ ὥὶὫάὭὲὋὗ ȟ— ȟ 

 

ʜʝ ά ï  ʥʦʤʝʨ ʚʝʨʰʠʥʠ, ʜʣʷ ʷʢʦʾ ʘʥʘʣʽʟʫʶʪʴʩʷ ʚʘʨʽʘʥʪʠ ʨʦʟʙʠʪʪʷ ὲ  ʝʣʝʤʝ-

ʥʪʽʚ ʤʥʦʞʠʥʠ ὗ  ʥʘ ʧʽʜʤʥʦʞʠʥʠ ὗ — ʪʘ ὗ ; — Ὦȟὸ  ï ʚʘʨʽʘʥʪ 

ʨʦʟʙʠʪʪʷ j-ʛʦ ʬʽʯʝʨʘ ʟ ὸ  ʧʦʨʦʛʦʤ; Ὄὗ  ï ʬʫʥʢʮʽʷ ʚʪʨʘʪ (ʢʨʠʪʝʨʽʡ): 

 

- ʝʥʪʨʦʧʽʷ (çentropyè) (ʘʥʘʣʦʛʽʯʥʘ ʬʦʨʤʫʣʽ (4.5)): 

Ὄὗ  В ὴ ÌÏÇὴ ȟ                           (4.11) 

 

- ɼʞʠʥʽ (ʘʥʛʣ.: çginiè): 

Ὄὗ  В ὴ ρ ὴ Ȣ                           (4.12) 

  

ʗʢ ʚʠʜʥʦ, ʟ ʧʦʨʽʚʥʷʥʥʷ (4.11) ʪʘ (4.12), ʣʦʛʘʨʠʬʤ ʫ (4.11) ʚʘʞʯʝ ʦʙʯʠ-

ʩʣʶʚʘʪʠ, ʱʝ ʡ ʪʨʝʙʘ ʚʨʘʭʦʚʫʚʘʪʠ ʚʠʥʷʪʦʢ, ʢʦʣʠ ʡʤʦʚʽʨʥʽʩʪʴ ʜʦʨʽʚʥʶʻ 0. ɸ 
ʢʨʠʪʝʨʽʡ ɼʞʽʥʽ (ɼʞʠʥʽ ï ʮʝ ʧʨʽʟʚʠʱʝ ʘʚʪʦʨʘ ʢʨʠʪʝʨʽʶ) ʣʝʛʰʝ ʘʚʪʦʤʘʪʠʟʫ-

ʻʪʴʩʷ ʽ ʰʚʠʜʰʝ ʦʙʯʠʩʣʶʻʪʴʩʷ, ʪʦʤʫ ʩʘʤʝ ʚʽʥ ʚʩʪʘʥʦʚʣʶʻʪʴʩʷ ʟʘ ʟʘʤʦʚʯʫʚʘʥ-

ʥʷʤ ʫ ʤʦʜʝʣʽ DecisionTreeClassifier. 

ɿ ʧʦʨʽʚʥʷʥʥʷ (4.10) ʪʘ (4.8) ʚʠʜʥʦ, ʱʦ ʫ çʞʘʜʽʙʥʦʤʫè ʘʣʛʦʨʠʪʤʽ ʩʠʥ-
ʪʝʟʫ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʚʠʙʠʨʘʻʪʴʩʷ ʚʘʨʽʘʥʪ ʨʦʟʙʠʪʪʷ, ʷʢʠʡ ʘʙʦ ʤʘʢʩʠʤʽʟʫʻ ʢʽʣʴ-

ʢʽʩʪʴ ʽʥʬʦʨʤʘʮʽʾ ὍὋ ʟʘ ʚʠʨʘʟʦʤ (4.8), ʘʙʦ ï ʤʽʥʽʤʽʟʫʻ ʧʨʠʨʽʩʪ (ʧʦ ʩʫʪʽ ï ʟʤʝ-

ʥʰʝʥʥʷ, ʦʩʢʽʣʴʢʠ ʮʝʡ ʧʨʠʨʽʩʪ ʚʽʜʥʽʤʘʻʪʴʩʷ ʚʽʜ ʢʦʥʩʪʘʥʪʠ) ʮʽʻʾ ʽʥʬʦʨʤʘʮʽʾ Ὃ 

ʟʘ ʚʠʨʘʟʦʤ (4.10), ʭʦʯʘ ʩʫʪʴ ï ʪʘʤ ʩʘʤʘ. 

ɸʣʛʦʨʠʪʤ ʧʨʘʮʶʻ ʨʝʢʫʨʩʠʚʥʦ ʽ ʟʫʧʠʥʷʻʪʴʩʷ, ʟʘ ʚʠʢʦʥʘʥʥʷ ʦʜʥʽʻʾ ʟ 2-ʭ 

ʫʤʦʚ: ʜʦʩʷʛʥʫʪʘ ʤʘʢʩʠʤʘʣʴʥʘ ʛʣʠʙʠʥʘ ʜʝʨʝʚʘ max_depth, ʘʙʦ ʚ ʫʩʽʭ ʣʠʩʪʷ 
ʢʽʣʴʢʽʩʪʴ ʜʘʥʠʭ ʻ ʤʝʥʰʦʶ ʟʘ ʟʥʘʯʝʥʥʷ ʧʘʨʘʤʝʪʨʘ min_samples_leaf, ʷʢʠʡ ʷʢ-

ʨʘʟ ʦʟʥʘʯʘʻ ʤʽʥʽʤʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʜʘʥʠʭ ʫ ʢʦʞʥʦʤʫ ʣʠʩʪʢʫ ʜʝʨʝʚʘ. 

ʈʝʛʨʝʩʽʡʥʘ ʤʦʜʝʣʴ ʚʠʢʦʨʠʩʪʦʚʫʻ ʪʘʢʠʡ ʞʝ ʘʣʛʦʨʠʪʤ ʽ ʧʘʨʘʤʝʪʨʠ, ʘʣʝ 

ʚʦʥʘ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʢʨʠʪʝʨʽʻʤ Ὄὗ . ʅʘʧʨʠʢʣʘʜ, ʟʘ ʟʘʤʦʚʯʫʚʘʥʥʷʤ, ʫ ʥʽʡ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩ ̫ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʠʡ ʢʨʠʪʝʨʽʡ:  

https://scikit-learn.org/stable/modules/tree.html#tree-mathematical-formulation
https://scikit-learn.org/stable/modules/tree.html#tree-mathematical-formulation
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Ὄὗ  В ώ ώᶰ ȟ                           (4.13) 

ʜʝ ώ  ï ʩʝʨʝʜʥʻ ʟʥʘʯʝʥʥʷ ʚʠʙʽʨʢʠ ʜʘʥʠʭ ὗ . 
ɯʥhʽ ʢʨʠʪʝʨʽʾ ʜʠʚ. ʫ ʜʦʢʫʤʝʥʪʘʮʽʾ. 

ʅʘ ʨʠʩ. 4.20 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʜʝʨʝ-

ʚʘʤʠ ʨʽʰʝʥʴ ʟ ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ. 
 

 
ʈʠʩʫʥʦʢ 4.20 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʜʝʨʝʚʘʤʠ ʨʽʰʝʥʴ ʟ 

ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ: ʤʘʢʩʠʤʘʣʴʥʘ ʛʣʠʙʠʥʘ (d), ʤʝʪʨʠʢʘ çginiè ʘʙʦ 

çlog_lossè, ʤʽʥʽʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʟʨʘʟʢʽʚ ʫ ʣʠʩʪʢʫ (s) (ʫ ʧʨʘʚʦʤʫ ʥʠʞʥʴʦʤʫ 
ʢʫʪʽ ï accuracy_score ʜʣʷ ʪʝʩʪʦʚʠʭ (ʚʘʣʽʜʘʮʽʡʥʠʭ) ʜʘʥʠʭ, ʪʝʩʪʦʚʽ ʜʘʥʽ ï ʮʝ 

ʢʦʣʘ, ʦʙʚʝʜʝʥʽ ʯʦʨʥʠʤ) [24]  

 

ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.20, ʤʝʪʨʠʢʘ çlog_lossè ʷʚʥʦ ʢʨʘʱʝ ʧʽʜʭʦʜʠʪʴ ʜʣʷ 
ʟʘʜʘʯʽ ʙʽʥʘʨʥʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʘʥʽʞ ʤʝʪʨʠʢʘ çginiè. ʄʽʥʽʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʟʨʘ-

ʟʢʽʚ ʫ ʣʠʩʪʢʫ ʻ ʩʧʦʩʦʙʦʤ ʨʝʛʫʣʷʨʠʟʫʚʘʪʠ ʤʦʜʝʣʴ, ʘʣʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʦʛʽʨ-

ʰʝʥʥʷ ʪʦʯʥʦʩʪʽ (ʦʜʥʘʢ, ʜʣʷ ʙʽʣʴʰʠʭ ʜʘʪʘʩʝʪʽʚ ʮʝ ʤʦʞʝ ʤʘʪʠ ʟʚʦʨʦʪʥʠʡ 
ʝʬʝʢʪ). ɿʙʽʣʴʰʝʥʥʷ ʤʘʢʩʠʤʘʣʴʥʦʾ ʛʣʠʙʠʥʠ ʜʝʨʝʚʘ ʨʽʰʝʥʴ ʜʦʟʚʦʣʷʻ ʟʙʽʣʴ-

ʰʠʪʠ ʪʦʯʥʽʩʪʴ, ʦʢʨʽʤ ʜʨʫʛʦʛʦ ʜʘʪʘʩʝʪʫ, ʜʝ ʮʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʦʚʝʨʬʽʪʠʥʛʫ. 

ʆʪʞʝ, ʥʘ ʨʠʩ. 4.20 ʥʘʡʢʨʘʱʠʤʠ ʤʦʜʝʣʷʤʠ ʻ çDT(d=3, gini, s=1)è (ʧʝ-

ʨʰʝ ʤʽʩʮʝ ʥʘ ʧʝʨʰʦʤʫ, ʜʨʫʛʦʤʫ ʽ ʧôʷʪʦʤʫ ʜʘʪʘʩʝʪʘʭ) ʪʘ çDT(d=8, log_loss, 
s=2)è (ʧʝʨʰʝ ʤʽʩʮʝ ʥʘ ʫʩʽʭ, ʦʢʨʽʤ ï ʜʨʫʛʦʛʦ). 

 

4.1.12 ʇʨʠʢʣʘʜ ʧʦʨʽʚʥʷʥʥʷ ʥʘʡʢʨʘʱʠʭ ʤʦʜʝʣʝʡ  

ʅʘ ʨʠʩ. 4.21 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ 9-ʤʘ 

ʥʘʡʢʨʘʱʠʤʠ ʤʦʜʝʣʷʤʠ ʮʴʦʛʦ ʧʽʜʨʦʟʜʽʣʫ, ʚʽʜʽʙʨʘʥʠʭ ʫ ʧʫʥʢʪʘʭ 4.1.4-4.1.11. 

 

https://scikit-learn.org/stable/modules/tree.html#tree-mathematical-formulation
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ʈʠʩʫʥʦʢ 4.21 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ 9-ʤʘ ʤʦʜʝʣʷʤʠ (ʫ 

ʧʨʘʚʦʤʫ ʥʠʞʥʴʦʤʫ ʢʫʪʽ ï accuracy_score ʜʣʷ ʪʝʩʪʦʚʠʭ (ʚʘʣʽʜʘʮʽʡʥʠʭ) ʜʘ-

ʥʠʭ, ʪʝʩʪʦʚʽ ʜʘʥʽ ï ʮʝ ʢʦʣʘ, ʦʙʚʝʜʝʥʽ ʯʦʨʥʠʤ) [24]  
 

ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.21, ʥʘʡʢʨʘʱʠʤʠ ʟʘ ʪʦʯʥʽʩʪʶ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʻ 

ʪʘʢʽ: 
- ʥʘ ʧʝʨʰʦʤʫ ʜʘʪʘʩʝʪʽ (0,95): KNeighbors ʟ k=3 ʽ 10, GPC ʟ ʷʜʨʦʤ 

çMaternè ʪʘ DT(d=8, log_loss, s=2); 

- ʥʘ ʜʨʫʛʦʤʫ ʜʘʪʘʩʝʪʽ (0,85): Ridge(alpha=0.1), KNeighbors ʟ k=3; 

- ʥʘ ʪʨʝʪʴʦʤʫ ʜʘʪʘʩʝʪʽ (0,75): KNeighbors ʟ k=3, GPC ʟ ʷʜʨʦʤ 
çMaternè, DT(d=8, log_loss, s=2); 

- ʥʘ ʯʝʪʚʝʨʪʦʤʫ ʜʘʪʘʩʝʪʽ (1,0): DT(d=8, log_loss, s=2); 

- ʥʘ ʧôʷʪʦʤʫ ʜʘʪʘʩʝʪʽ (0,9): SVC ʟ ʷʜʨʦʤ çRBFè, KNeighbors ʟ k=3, 

GPC ʟ ʷʜʨʦʤ çMaternè, DT(d=3, gini, s=1), DT(d=8, log_loss, s=2). 
ʆʪʞʝ, ʥʘʡʢʨʘʱʠʤʠ ʫ ʮʴʦʤʫ ʧʨʠʢʣʘʜʽ ʤʦʞʥʘ ʚʚʘʞʘʪʠ KNeighbors ʟ 

k=3, GPC ʟ ʷʜʨʦʤ çMaternè ʪʘ DT(d=8, log_loss, s=2).  

ʅʘʩʧʨʘʚʜʽ, ʦʜʠʥ ʢʣʘʩʠʬʽʢʘʪʦʨ ʨʽʜʢʦ ʙʫʜʫʶʪʴ. ɰʭ ʧʦʙʫʜʦʚʘ ̒  ʪʽʣʴʢʠ ʧʝ-
ʨʰʠʤ ʝʪʘʧʦʤ ʘʥʘʣʽʟʫ. ʅʘ ʧʨʘʢʪʠʮʽ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ ʻ ʘʥʩʘʤʙʣʽ ʪʘʢʠʭ ʤʦ-

ʜʝʣʝʡ. ʈʦʟʛʣʷʥʝʤʦ ʾʭ ʜʝʪʘʣʴʥʽʰʝ. ɯ ʧʦʪʽʤ ʩʧʨʦʙʫʻʤʦ ʟʙʽʣʴʰʠʪʠ ʪʦʯʥʽʩʪʴ ʧʝ-

ʨʝʜʙʘʯʝʥʥʷ ʜʣʷ 5 ʜʘʪʘʩʝʪʽʚ ʥʘ ʨʠʩ. 4.21. 

 
4.2 ʉʪʚʦʨʝʥʥʷ ʘʥʩʘʤʙʣʽʚ ʤʦʜʝʣʝʡ ʪʘ ʫʟʘʛʘʣʴʥʝʥʥʷ ʨʽʰʝʥʴ  

 

ɹʽʙʣʽʦʪʝʢʘ sklearn ʥʘʜʘʻ ʛʘʨʥʽ ʤʦʞʣʠʚʦʩʪʽ ʷʢ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘʡ-
ʙʽʣʴʰ ʧʦʰʠʨʝʥʠʭ ʘʥʩʘʤʙʣʝʚʠʭ ʤʦʜʝʣʝʡ ʜʝʨʝʚ ʨʽʰʝʥʴ, ʪʘʢ ʽ ʜʣʷ ʧʦʙʫʜʦʚʠ 

ʚʣʘʩʥʠʭ ʘʥʩʘʤʙʣʽʚ ʟ ʙʫʜʴ-ʷʢʠʭ ʤʦʜʝʣʝʡ. ʂʨʽʤ ʪʦʛʦ, ʧʦʧʫʣʷʨʥʠʤʠ ʻ ʡ ʽʥʰʽ 

ʤʦʜʝʣʽ, ʥʘʧʨʠʢʣʘʜ ʙʫʩʪʠʥʛʦʚʽ ʤʦʜʝʣʽ ʚʽʜ Google ʪʘ Microsoft. 

 
4.2.1 ʈʘʥʜʦʤʽʟʦʚʘʥʽ ʘʥʩʘʤʙʣʽ ʜʝʨʝʚ: RandomForest ʪʘ ̔ʥ. 
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ʆʜʥʠʤʠ ʟ ʥʘʡʙʽʣʴʰ ʧʦʰʠʨʝʥʠʭ ʢʣʘʩʽʚ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʷʢʽ ʜʘʶʪʴ ʛʘʨʥʽ ʨʝʟʫʣʴʪʘʪʠ ʥʘ ʦʩʥʦʚʽ ʦʜʥʦʪʠʧʥʦʾ ʤʦʜʝʣʽ, ʻ ʘʥʩʘʤʙʣ ̔ʨʘʥʜʦ-

ʤʽʟʦʚʘʥʠʭ ʜʝʨʝʚ ʨʽʰʝʥʴ. ʋ ʥʠʭ ʨʘʥʜʦʤʥʦ (ʚʠʧʘʜʢʦʚʦ) ʚʠʙʠʨʘʶʪʴʩʷ ʧʽʜʤʥʦ-
ʞʠʥʠ ʦʟʥʘʢ ʽ ʜʣʷ ʢʦʞʥʦʾ ʢʦʤʙʽʥʘʮʽʾ ʙʫʜʫʶʪʴʩʷ ʜʝʨʝʚʘ, ʘ ʧʦʪʽʤ ï ʫ ʧʝʚʥʠʡ 

ʩʧʦʩʽʙ ʫʟʘʛʘʣʴʥʶʶʪʴʩʷ. ʅʘʡʙʽʣʴʰ ʚʽʜʦʤʠʤʠ ʩʝʨʝʜ ʥʠʭ ʻ ʪʘʢʽ ʘʥʩʘʤʙʣʽ:  

- RandomForest (ʩʢʦʨʦʯʝʥʦ: RF) ï ʫ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

(RandomForestClassifier) ʥʘʡʢʨʘʱʠʡ ʧʨʦʛʥʦʟ ʚʠʟʥʘʯʘʻʪʴʩʷ ʰʣʷʭʦʤ ʛʦʣʦʩʫ-
ʚʘʥʥʷ ʧʝʨʝʜʙʘʯʝʥʴ ʜʝʨʝʚ ʫ ʩʢʣʘʜʽ ʘʥʩʘʤʙʣʶ, ʘ ʚ ʟʘʜʘʯʽ ʨʝʛʨʝʩʽʾ 

(RandomForestRegression) ï ʰʣʷʭʦʤ ʫʩʝʨʝʜʥʝʥʥʷ ʟʥʘʯʝʥʴ.  

- ExtraTrees ï ʘʥʘʣʽʟʫʻ ʨʷʜ ʜʝʨʝʚ ʨʘʥʜʦʤʽʟʦʚʘʥʠʭ ʨʽʰʝʥʴ (ʝʢʩʪʨʘ-ʜʝ-
ʨʝʚ) ʥʘ ʨʽʟʥʠʭ ʧʽʜʤʥʦʞʠʥʘʭ ʥʘʙʦʨʫ ʜʘʥʠʭ ʪʘ ʚʠʢʦʨʠʩʪʦʚʫʻ ʫʩʝʨʝʜʥʝʥʥʷ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

- IsolationForest ï ʜʦʙʨʝ ʚʠʷʚʣʷʻ ʘʥʦʤʘʣʴʥʽ ʟʥʘʯʝʥʥʷ ʧʽʜ ʯʘʩ ʧʦʙʫʜʦʚʠ 

ʣʽʩʫ ʜʝʨʝʚ. 
ɼʣʷ ʙʽʣʴʰʦʩʪʽ ʟʘʜʘʯ RandomForest ʜʘʻ ʦʜʥʽ ʟ ʥʘʡʢʨʘʱʠʭ ʨʝʟʫʣʴʪʘʪʽʚ, 

ʭʦʯʘ ʨʽʜʢʦ ï ʜʽʡʩʥʦ ʥʘʡʢʨʘʱʽ. ExtraTrees ʽʥʦʜʽ ʜʘʻ ʱʝ ʢʨʘʱʽ ʨʽʰʝʥʥʷ, ʘʣʝ, ʟʘ 

ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ, ʩʭʠʣʴʥʠʡ ʜʦ ʟʥʘʯʥʦʛʦ ʧʝʨʝʥʘʚʯʘʥʥʷ. ɹʽʣʴʰ ʜʝʪʘʣʴʥʦ ʾʭ 
ʧʦʨʽʚʥʷʥʥʷ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 4.1. 

 

ʊʘʙʣʠʮʷ 4.1 ɺʽʜʤʽʥʥʦʩʪʽ ʤʦʜʝʣʝʡ RandomForest ʪʘ ExtraTrees 

ɺʽʜʤʽʥʥʦʩʪʽ RandomForest ExtraTrees 

ʇʨʦʮʝʩ ʦʙʯʠʩ-

ʣʝʥʥʷ ʧʦʨʦʛʽʚ 

ʦʟʥʘʢ ʫ ʢʦʞʥʦʤʫ 

ʜʝʨʝʚʽ ʫ ʢʦʞ-
ʥʦʤʫ ʚʫʟʣʽ 

ʉʪʘʥʜʘʨʪʥʠʡ ʤʝʪʦʜ 

ʚʠʟʥʘʯʝʥʥʷ ʦʧʪʠʤʘ-

ʣʴʥʦʛʦ ʧʦʨʦʛʫ 

ɺʠʙʽʨ ʧʦʨʦʛʫ ʚʠʧʘʜʢʦʚʠʤ ʯʠ-

ʥʦʤ ʙʝʟ ʡʦʛʦ ʧʦʧʝʨʝʜʥʴʦʛʦ ʦʙ-

ʯʠʩʣʝʥʥʷ 

ʂʽʣʴʢʽʩʪʴ ʦʟʥʘʢ 
ʫ ʚʠʙʽʨʮʽ 

ɿʘʟʚʠʯʘʡ, ʚʠʧʘʜʢʦʚʦ 

ʚʠʙʠʨʘʻ sqrt(ʢʽʣʴʢʽʩʪʴ 

ʦʟʥʘʢ) 

ʄʦʞʝ ʚʠʧʘʜʢʦʚʦ ʚʠʙʠʨʘʪʠ 
ʙʫʜʴ-ʷʢʫ ʢʽʣʴʢʽʩʪʴ ʦʟʥʘʢ 

ʊʨʝʥʫʚʘʣʴʥʠʡ 

ʜʘʪʘʩʝʪ ʜʣʷ ʢʦʞ-
ʥʦʛʦ ʜʝʨʝʚʘ 

ʂʦʞʥʝ ʜʝʨʝʚʦ ʥʘʚʯʘ-

ʻʪʴʩʷ ʥʘ ʚʠʧʘʜʢʦʚʽʡ 
ʧʽʜʤʥʦʞʠʥʽ ʪʨʝʥʫʚʘ-

ʣʴʥʠʭ ʜʘʥʠʭ ʟ ʧʦʚʪʦ-

ʨʝʥʥʷʤ (ʙʫʪʩʪʨʝʧ-

ʚʠʙʽʨʢʘ*) 

ɺʠʢʦʨʠʩʪʦʚʫʻ ʚʝʩʴ ʪʨʝʥʫʚʘʣʴ-

ʥʠʡ ʜʘʪʘʩʝʪ ʜʣʷ ʢʦʞʥʦʛʦ ʜʝ-
ʨʝʚʘ 

ɺʘʨʪʽʩʪʴ ʦʙʯʠʩ-

ʣʝʥʴ 

ɿʘʟʚʠʯʘʡ ʤʝʥʰʝ, ʫ 
ʧʦʨʽʚʥʷʥʥʽ ʟ 

ExtraTrees 

ɿʘʟʚʠʯʘʡ ʙʽʣʴʰʝ, ʫ ʧʦʨʽʚʥʷʥʥʽ 

ʟ RandomForest 

ɿʘʩʪʦʩʫʚʘʥʥʷ, 
ʟʘʣʝʞʥʦ ʚʽʜ ʨʦʟ-

ʤʽʨʫ ʜʘʥʠʭ 

ɿʘʟʚʠʯʘʡ, ʝʬʝʢʪʠʚ-

ʥʠʡ ʜʣʷ ʩʝʨʝʜʥʽʭ ʪʘ 

ʚʝʣʠʢʠʭ ʥʘʙʦʨʽʚ ʜʘ-
ʥʠʭ 

ʄʦʞʝ ʙʫʪʠ ʝʬʝʢʪʠʚʥʠʡ ʜʣʷ ʥʝ-

ʚʝʣʠʢʠʭ ʪʘ ʚʝʣʠʢʠʭ ʥʘʙʦʨʽʚ ʜʘ-

ʥʠʭ, ʘʣʝ ʤʦʞʝ ʙʫʪʠ ʜʦʨʦʞʯʠʡ 
ʚ ʦʙʯʠʩʣʶʚʘʣʴʥʦʤʫ ʧʣʘʥʽ 

https://scikit-learn.org/stable/modules/classes.html#module-sklearn.ensemble
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ɺʘʨʽʘʥʪʥʽʩʪʴ ʨʽ-

ʰʝʥʴ 

ɿʘʟʚʠʯʘʡ ʤʝʥʰʝ, ʫ 
ʧʦʨʽʚʥʷʥʥʽ ʟ 

ExtraTrees 

ɿʘʟʚʠʯʘʡ ʙʽʣʴʰʝ, ʫ ʧʦʨʽʚʥʷʥʥʽ 

ʟ RandomForest 

ʈʠʟʠʢ ʧʝʨʝʥʘ-
ʚʯʘʥʥʷ 

ʄʝʥʰʝ ʩʭʠʣʴʥʠʡ ʜʦ 

ʧʝʨʝʥʘʚʯʘʥʥʷ, ʫ ʧʦʨʽ-

ʚʥʷʥʥʽ ʟ ExtraTrees 

ʄʦʞʝ ʙʫʪʠ ʙʽʣʴʰ ʩʭʠʣʴʥʠʡ ʜʦ 

ʧʝʨʝʥʘʚʯʘʥʥʷ, ʯʝʨʝʟ ʚʠʧʘʜʢʦ-

ʚʽʩʪʴ ʥʘ ʨʽʚʥʽ ʨʦʟʛʘʣʫʞʝʥʥʷ 

ɺʘʞʣʠʚʽʩʪʴ ʦʟ-

ʥʘʢ 

ʊʦʯʥʽʰʝ ʦʮʽʥʶʻ ʚʘʞ-
ʣʠʚʽʩʪʴ ʦʟʥʘʢ, ʦʩʢʽ-

ʣʴʢʠ ʚʦʥʘ ʚʠʟʥʘʯʘ-

ʻʪʴʩʷ ʥʘ ʦʩʥʦʚʽ ʫʩʝ-

ʨʝʜʥʝʥʦʛʦ ʚʥʝʩʢʫ ʢʦ-
ʞʥʦʾ ʦʟʥʘʢʠ ʫ ʚʩʽ ʜʝ-

ʨʝʚʘ 

ʄʦʞʝ ʭʠʙʥʦ ʚʠʟʥʘʯʘʪʠ ʚʘʞʣʠ-
ʚʽʩʪʴ ʦʟʥʘʢ, ʯʝʨʝʟ ʚʧʣʠʚ ʚʠʧʘʜ-

ʢʦʚʦʩʪʽ ʨʦʟʛʘʣʫʞʝʥʥʷ, ʦʩʢʽ-

ʣʴʢʠ ʚʦʥʘ ʦʙʯʠʩʣʶʻʪʴʩʷ ʥʘ ʦʩ-

ʥʦʚʽ ʚʥʝʩʢʫ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʫ 
ʢʦʞʥʦʤʫ ʜʝʨʝʚʽ, ʟ ʧʦʜʘʣʴʰʠʤ 

ʫʩʝʨʝʜʥʝʥʥʷʤ.   

*ɹʫʪʩʪʨʝʧ (ʘʥʛʣ. çbootstrapè)-ʚʠʙʽʨʢʘ (ʘʙʦ ʚʠʙʽʨʢʘ ʟ ʧʦʚʪʦʨʝʥʥʷʤ ʯʠ ʟʘʤʽ-

ʱʝʥʥʷʤ) ï ʮʝ ʢʦʣʠ ʟ ʜʘʪʘʩʝʪʫ ʨʦʙʠʪʴʩʷ ʚʠʙʽʨʢʘ, ʘʣʝ, ʧʽʩʣʷ ʮʴʦʛʦ, ʚʠʙʨʘʥʽ 

ʜʘʥʽ çʧʦʚʝʨʪʘʶʪʴʩʷ ʥʘʟʘʜè, ʪʦʙʪʦ ʦʜʥʽ ʡ ʪʽ ʩʘʤʽ ʜʘʥʽ ʤʦʞʫʪʴ ʙʘʛʘʪʦ ʨʘʟʽʚ 
ʙʫʪʠ ʧʨʠʩʫʪʥʽʤʠ ʫ ʨʽʟʥʠʭ ʚʠʙʽʨʢʘʭ. 

ʅʘ ʨʠʩ. 4.22 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʧʝʨʝʜʙʘʯʝʥʥʷ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʤʦ-

ʜʝʣʣʶ RandomForest ʟ ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ. 
 

 
ʈʠʩʫʥʦʢ 4.22 ï ʂʣʘʩʠʬʽʢʘʮʽʷ ʜʘʥʠʭ 5 ʨʽʟʥʠʭ ʜʘʪʘʩʝʪʽʚ ʤʦʜʝʣʣʶ Random-

Forest ʟ ʨʽʟʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ: ʤʘʢʩʠʤʘʣʴʥʘ ʛʣʠʙʠʥʘ (d), ʢʽʣʴʢʽʩʪʴ ʜʝʨʝʚ ʨʽ-

ʰʝʥʴ ʚ ʘʥʩʘʤʙʣʽ (n), ʤʽʥʽʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʟʨʘʟʢʽʚ ʫ ʣʠʩʪʢʫ (s), ʤʝʪʨʠʢʘ 
ʩʢʨʽʟʴ ï çlog_lossè (ʫ ʧʨʘʚʦʤʫ ʥʠʞʥʴʦʤʫ ʢʫʪʽ ï accuracy_score ʜʣʷ ʪʝʩʪʦʚʠʭ 

(ʚʘʣʽʜʘʮʽʡʥʠʭ) ʜʘʥʠʭ, ʪʝʩʪʦʚʽ ʜʘʥʽ ï ʮʝ ʢʦʣʘ, ʦʙʚʝʜʝʥʽ ʯʦʨʥʠʤ) [25]  

 
ʗʢ ʚʠʜʥʦ ʥʘ ʨʠʩ. 4.22, ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʜʝʨʝʚ ʨʽʰʝʥʴ ʚ ʘʥʩʘʤʙʣʽ n 

ʦʯʽʢʫʚʘʥʦ ʟʙʽʣʴʰʫʻ ʪʦʯʥʽʩʪʴ. ɸʥʘʣʦʛʽʯʥʦ ï ʙʽʣʴʰʘ ʤʘʢʩʠʤʘʣʴʥʘ ʛʣʠʙʠʥʘ d, 
































































































































































































































































































