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o ABSTRACT O

Today, one of the most common forms of data storage organization is text form.
Laws, regulations, various statistics of natural and man-made disasters and other
indicators are all examples of text information. For many decades, a huge amount of
text information has been accumulated in various industries and areas of production,
which needs to be processed, in particular, to classify various documents and create
hierarchies of them by subject. This work is dedicated to this task.
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Feature Space Classifier TSVD Accuracy
CountVectorizer SGD tsvd_off 0.901202590194
CountVectorizer DesizionTree tsvd_off 0.629787234043
CountVectorizer RandomForest tsvd_off 0.620536540241
CountVectorizer KNN tsvd_off 0.73691026827
CountVectorizer NaiveBayes tsvd_off 0.85420906568
CountVectorizer SGD tsvd_on 0.849398704903
CountVectorizer DesizionTree tsvd_on 0.548751156337
CountVectorizer RandomForest tsvd_on 0.623311748381
CountVectorizer KNN tsvd_on 0.625161887142

HashingVectorizer SGD tsvd_off 0.90046253469
HashingVectorizer DesizionTree tsvd_off 0.632932469935
HashingVectorizer RandomForest tsvd_off 0.551156336725
HashingVectorizer KNN tsvd_off 0.73598519889
HashingVectorizer SGD tsvd_on 0.83829787234
HashingVectorizer DesizionTree tsvd_on 0.527474560592
HashingVectorizer RandomForest tsvd_on 0.621276595745
HashingVectorizer KNN tsvd_on 0.601665124884
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Classifier TSVD Accuracy

SGD 200 0.822201665125
SGD 250 0.849583718779
SVM 300 0.0738205365402
SGD 300 0.847548566142
SGD 350 0.850693802035
SGD 400 0.857354301573
SGD 450 0.857354301573
SGD 500 0.857724329325
SGD 550 0.865309898242
SGD 600 0.86308973173
SGD 650 0.870490286772
SGD 700 0.875670675301
SGD 750 0.872155411656
SGD 800 0.875485661425
SGD 850 0.873450508788
SGD 900 0.876225716929
SGD 950 0.874005550416
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KNN Ak ¢o dal) gitidl) 3 Jgal)

Number of Accuracy

neighbors
k=1 0.749676225717
k=3 0.73691026827
k=5 0.73691026827
k=7 0.735615171138
k=9 0.725994449584
k=13 0.726549491212
k=17 0.724329324699
k=21 0.720259019426
k=25 0.715818686401
k=40 0.701202590194
k=55 0.682886216466
k=70 0.664569842738
k=85 0.653469010176

Naive 5 SGD (e i Jil zilis cuyelal Gy KNN daahylsa Jalad o dyaill o2 e 2l

.Bayes
4 Jsall e o WS @ siablll Adliss o) Naive Bayes lial o
Naive Bayes bl oo dad) ilii .4 Jgaall

Alpha value Accuracy
alpha=0.0 0.111008325624
alpha=0.1 0.905457909343
alpha=0.2 0.897132284921
alpha=0.3 0.890101757632
alpha=0.4 0.883996299722
alpha=0.5 0.878075855689
alpha=0.6 0.871600370028
alpha=0.7 0.867345050879
alpha=0.8 0.863644773358
alpha=0.9 0.859944495837
alpha=1.0 0.85420906568

5 Jsaally lganing &35 SGD I Alainall cliiahlll pan b Cnall elld aay 3

SGD wlalaa e dayl) gilii .5 Jgaal)

Loss function Penalty function Accuracy
Hinge 12 0.901202590194
Hinge 11 0.588529139685
Hinge Elasticnet 0.834227567068

Log 12 0.842553191489
Log 11 0.519703977798
Log elasticnet 0.718963922294
modified_huber 12 0.913968547641
modified_huber 11 0.776503237743
modified_huber elasticnet 0.876225716929

squared_hinge 12 0.913968547641

squared_hinge 11 0.775948196115

squared_hinge elasticnet 0.876965772433
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Perceptron 12 0.866975023127
Perceptron 11 0.13413506013
Perceptron elasticnet 0.529324699352
squared_loss 12 0.903792784459
squared_loss 11 0.697132284921
squared_loss elasticnet 0.841073080481
Huber 12 0.883441258094
Huber 11 0.0732654949121
Huber elasticnet 0.457354301573
epsilon_insensitive 12 0.902867715079
epsilon_insensitive 11 0.57335800185
epsilon_insensitive elasticnet 0.835892691952
squared_epsilon_insensitive 12 0.913598519889
squared_epsilon_insensitive 11 0.751341350601
squared_epsilon_insensitive elasticnet 0.872525439408
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