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.x .˥ ˸͙͙ͪͤ͟, .˨ .˿ ͍̅ͪͦͦ͡

1)˸͔͗͒ͯͤ͊ͪͦ͒ͤ·͚ ͔̇ͤͭͪ ˢ͙ͤ͊͊͘͡ ͙ˤ·͋ͦͪ͊˾͔΄͔͙͚ͤΣ˹ˮ̂ ˤ̊̏
2) ̅ ͊ͯ͟͡Έ͔ͭͭ ͦͣͨ͟ΈΌ͔ͭͪͤ·ͻ ͤ͊ͯ͟ ˹ˮ̂ ˤ̊̏ όͯ;͙͙͊ͫͭͤ͟Υ  T.Fenner
ό˶ͦͤ͒ͦͤύΣ S. Nascimentoό˶͙ͫͫ͊͋ͦͤύ ͙ ͔ͫͭͯ͒ͤͭ· ̅˴˹ ˹ˮ̂ ˤ̊̏ ˬΦ 
ˢ͚͔ͪ͊ͨͭΎͤΣ ˨Φ ˣ͙͊͋ͤΣ ˢΦ ˤ͍͊ͫͦ͡Σ ˢΦ ˥͙ͯ͗͊ͪͤ͊Σ ˢΦ ˨͔͙͔ͤͫͤͦ͟Σ ˢΦ 
˿͙͙͍ͭͤͦ͟Σ ˢΦ ̂΄͍͊ͦ͊͟ύ
3) ˽ ͔ͦ͒͒ͪ͗͊ͤͦ ˹͊ͯ;ͤ·ͣ̅ͦͤ͒ͦͣ˹ˮ̂ʕ̊ 2̏019-2020ό˹̂˥ н ͣͤ͡)



ʉʆɼɽʈɾɸʅʀɽ

1. ˽ͦ͒ͻͦ͒· ͟ ͦ͋ͦ͋΅͔ͤͤͦͣͯ ͔͍͔͙ͨͪ͒ͫͭ͊ͤ͡Ό ͔ͦ͟͟͡͡ͼ͙͚ ͔͍ͭͫͭͦ͟
2. ̏ͭ͊ͨ·͙ͭ͊ͫͦͤͦͣ͟;͔͎͔ͫͦͦͦͤͭͤͭ͟͟-͙͊ͤ͊͊͘͡ ͤ͊ ͙͔͔ͨͪͣͪ 
͔ͦ͟͟͡͡ͼ͙͙ ͔͚ͫͭ͊ͭ ͨͦ ͔ͤ͊ͯ͟ ͒͊ͤͤ·ͻΥ
нΦм ͙́͊ͫͦͤͦͣ͟Ύ ͙ͤ͊ͯ͟ ͒͊ͤͤ·ͻ ͙ ͔͔ ͙ͫͭ͡ΈΎ
нΦн ͙͍͙͔̅ͦͪͣͪͦ͊ͤ ͙ͣ͊ͭͪͼ· ͔͔͍͙ͪ͊ͤͭͤͦͫͭ͡ ͙ͫͭ͡-͔ͭͫͭ͟
нΦо ˻ͭ·͙͔ͫ͊ͤ͟ ͔ͤ;͔͙ͭ͟ͻ ͔͍͊ͫͭͪͦ͟͡ ͙͍ͫͭͦ͡·ͻ ͔ͭͣ
нΦп ˻͋ͦ͋΅͔͙͔ͤ ͔ͤ;͔͙ͭ͟ͻ ͔͍͊ͫͭͪͦ͟͡ ͊͟͟ ͙ͦͨͭͣ͊͡Έͤ·͚ ͨͦ͒Ά͔ͣ ͍ 
͙͙ͭ͊ͫͦͤͦͣ͟

3. ˢ͙ͤ͊͘͡ ͍͒ͯͻ ͔ͦ͟͟͡͡ͼ͙͚ ͊ͤͤͦͭ͊ͼ͙͚Σ мтллл ͙ нсллл
4. ˭͊͟͡Ό;͔͙͔ͤΥ ;ͭͦ ͔ͫ͒͊ͤͦ͡ ͙ ;ͭͦ ͤ͊͒ͦ ͋·
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˽˾ˮ˸˩˾ ́˩˴˿́˻ˤ˻˯ ˴˻˶˶˩˴̇ˮˮΥ 17685 ABSTRACTS 
FROM17 SPRINGER JOURNALS IN DATA SCIENCE(1998-2017)

1. Pattern Analysis and Applications (V. 1 /1998 ïV. 20 /2017)

2. Journal of Classification (V. 15 /1998 ïV. 34 /2017)

3. Annals of Mathematics & Artificial Intelligence (23/1998 - 80/2017)

4. Social Network Analysis and Mining (V.1/2011ñV. 7/2017)

é.

17. Machine Learning (V. 30/1998ñV.106/2017)
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˽˾˻ˣ˶˩˸ˢ

4

ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science(1998-2017)

ǒ ˹͊͒ͦ: ˴ ͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͤ ͊ͫ ͙ͭͪ͊ͤͼͯ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ ˴ˢ?˴̒͘ ͤ͊Όͦ5 ͤ ͍͔͙͊ͨͪ͊ͤ͡Ύͻ:

ƺ 1. Content -analysis (˴͔ͦͤͭͤͭ-͊ͤ ͙͊͘͡)

ƺ 2.Summarization (˾͔ͺ͔͙͍͙͔ͪͪͦ͊ͤ)

ƺ 3. Co-citation and mutual citation graphs (ˢ͙͎ͤ͊ͪ͊͘͡ͺ͊͟-ͦ
ͼ͙͙͍͙ͭͪͦ͊ͤΎ/͍͙͎͊ͣͤͦͦ͘ͼ͙͙͍͙ͭͪͦ͊ͤΎ)

ƺ 4.Topic modeling (͔͙́ͣ͊ͭ;͔͔͔͙͍͙͔ͫͦͣͦ͒ͪͦ͊ͤ͟͡)

ƺ 5.Taxonomic content -analysis (͙́͊ͫͦͤͦͣ͟;͔͙͚͔ͫͦͤͭͤͭ͟͟-͙͊ͤ͊͘͡) -͍͔ͤͦͦ



˽˾ˮ˸˩˾ ˢ˹˹˻́ˢ̇ˮˮ:
KOVALEVA, MIRKIN,JOURNALOFCLASSIFICATION,2015,32(3), 414-442.

ÅAbstract: The paper presents a least squares framework for divisive clustering. Two 
popular divisive clustering methods, Bisecting K-Means and Principal Direction 
Division, appear to be versions of the same least squares approach. The PDD recently 
has been enhanced with a stopping criterion taking into account the minima of the 
corresponding one-dimensional density function (dePDDPmethod). We extend this 
approach to Bisecting K-Means by projecting the data onto random directions and 
compare thus modified methods. It appears the dePDDPmethod is superior at 
datasets with relatively small numbers of clusters, whatever cluster intermix, whereas 
our version of Bisecting K-Means is superior at greater cluster numbers with noise 
entities added to the cluster structure.
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˽˾˻ˣ˶˩˸ˢ1

6

ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science(1998-2017)

ǒ ˹͊͒ͦ: ˴ ͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͤ ͊ͫ ͙ͭͪ͊ͤͼͯ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 1. ˴ ͔ͦͤͭͤͭ-ˢ͙ͤ͊͘͡(http://www.audiencedialogue.net/kya16a.html)

Content analysis is a method for summarizing any form of content by 

counting various aspects of the content, like user -specified words or 

concepts.

What for? For comparisons:

ò27% of programs on Radio XXX in April 2017 mentioned at least one aspect 

of peacebuilding, compared with only 3% of the programs in 2010 [or with 

only 3% of the programs on Radio YYY]."

http://www.audiencedialogue.net/kya16a.html


˽˾˻ˣ˶˩˸ˢ2
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ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science(1998-2017)

ǒ ˹͊͒ͦ: ˴ ͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͤ ͊ͫ ͙ͭͪ͊ͤͼͯ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 2. Summarization ( ˾͔ͺ͔͙͍͙͔ͪͪͦ͊ͤ):

ƺ Extractive summarization :  Automatic selection of  òkeyó sentences from 

text

ƺ Abstractive summarization : Deep learning using Recurrent NN and 

Convolutional NN for text embedding in vector spaces ðͨ -͔ͦͣͦͣͯ, ͦ;͔ͤΈ

͔͔͙͍͔͍͔͙͔ͨͪͫͨͭͤͦͤ͊ͨͪ͊ͤ͟͡



˽˾˻ˣ˶˩˸ˢ3
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ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science
(1998-2017)

ǒ ˹͊͒ͦ: ˴͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͤ͊ͫ ͙ͭͪ͊ͤͼͯ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 2. Graph of co-citation or mutualcitation between papers or 
authors: papers A, B, C

ǒ A Listof references:                           B list of references C list of references

1.B,2.X, 3.Y,4.Z,5.D                      1.A, 2. E, 3.Y, 4. Z, 5. F                   1.B, 2. Y, 3.F, 4. E

Mutual citation                                                                    Co-Citation

A           B                                                                        A    2      B

2  3

C                                                                                     C



˽˾˻ˣ˶˩˸ˢ3
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ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science
(1998-2017). ˹ ͊͒ͦ: ˴͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 3. Co-citation or citation graph between papers or authors: 
cluster analysis

ǒ Example: Cluster òInformation retrievaló Chen, IbekweȤSanJuan, Hou 
(2010):

ƺ prominent members of a cluster as the intellectual basis(books by G. Saltonand C. Van Rijsbergen, and a 
paper by S. Robertson)

ƺ themes identified in the citersof the cluster as research fronts (``information retrieval'', ``probabilistic 
model'', ``query expansion'', ``using heterogeneous thesauriôõ) 



˽˾˻ˣ˶˩˸ˢ4
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ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science (1998-
2017). ˹ ͊͒ͦ: ˴͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 4. Topic modeling (much popular)

ǒ Data:      Probability(word/text)
ǒ Model: Matrix Factorization

Pr (word/text)=В Pr(word/topic)*Pr(topic/text)



4. TOPIC MODELING (MUCH POPULAR),1
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ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science (1998-
2017). ˹͊͒ͦ: ˴͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ;͔͙ͦͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 1 ˮͤͺͦͪͣ͊ͼ͙ͦͤͤ·͚͙ͨͦͫ͟?

0.018*" software", 0.018*"inform", 0.013*"query", 0.012*"retrieve",

0.012*"study", 0.011*"develop", 0.011*"product", 0.010*"document",

0.010*"user", 0.009*"engine", 0.009*"research", 0.008*"model",

0.008*"approach", 0.008*"search", 0.008*"busy", 0.008*"knowledge",

0.007*"manage", 0.007*"service", 0.006*"semantic", 0.006*"provide"

ǒ 2 ͔͙͙́ͫͭ͟ ͔͙ͦ͋ͪ͊͗ͤ͘Ύ?

0.020*" image", 0.012*"language", 0.010*"model", 0.010*"retrieve",

0.010*"feature", 0.009*"propose", 0.009*"method", 0.009*"approach",

0.008*"inform", 0.008*"recognition", 0.008*"paper", 0.007*"process",

0.007*"network", 0.007*"base", 0.006*"present", 0.006*"result",

0.006*"differ", 0.006*"system"



4. TOPIC MODELING (MUCH POPULAR),2

12

ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science (1998-
2017). ˹ ͊͒ͦ: ˴͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ͦ ;͔͙ͣͦͤ, ;͍ͭͦͤ ͙ͻ͎͡ ͍͔͊ͤͦ

ǒ 3 ˸ ͔ͭͦ͒·͙͊ͫͫ͟͡ͺ͙͊͟ͼ͙͙?
0.018*"classify", 0.016*"feature", 0.013*"method", 0.011*"classification",
0.011*"result", 0.010*"data", 0.009*"perform", 0.009*"accuracy",
0.009*"propose", 0.009*"model", 0.009*"recognition", 0.008*"base",
0.007*"image", 0.007*"study", 0.007*"differ", 0.006*"extract",
0.006*"predict", 0.006*"pattern", 0.006*"inform"
ǒ 4 ˴ ͔͊ͫͭͪ͡·ͤ͊ͫ ͔ͭΎͻ?
0.013*"algorithm", 0.012*"propose", 0.012*"cluster", 0.010*"graph",
0.009*"method", 0.009*"base", 0.008*"paper", 0.008*"result",
0.008*"inform", 0.007*"data", 0.006*"function", 0.006*"network",
0.006*"model"



˽˾˻ˣ˶˩˸ˢ5

13

ǒ ˨͊ͤͦΥ 17685 abstracts from17 Springer journals in Data Science(1998-2017)
ǒ ˹͊͒ͦ: ˴ ͙ͪ͊ͭͦͦͨͫ͊ͭ͟Έ, ;͔͙ͦͣͦͤ
ǒ 5. Taxonomic content -analysis (͙́͊ͫͦͤͦͣ͟;͔͙͚ͫ͟
͔ͦͤͭͤͭ͟-͙͊ͤ͊͘͡) ðͨ ͔͎͔ͪ͒͊͊ͣ͡·͚͔ͣͭͦ͒

ƺ 1.Find(build)a taxonomyof the domain

ƺ 2.Take taxonomy leaf concepts as units of the analysis

ƺ 3. Compute 17685³317 relevance matrix òtext-to-leafconceptó

ƺ 4. Find fuzzy clusters of leaf concepts

ƺ 5.Generalize a fuzzy cluster by optimally lifting it in the taxonomy tree 
to a head subject

ƺ 6. Interpret the result



1.  TAXONOMY  FINDING/MAKING

14



TAXONOMY 1:    A TREE-LIKE ARRANGEMENT OF 
OBJECTS OVER AN EXTENT OF SIMILARITY.  EXAMPLE 1: 
BIOLOGY

15



TAXONOMY 2: IAB ( THE INTERACTIVE ADVERTISING 

BUREAU) CONTENT TAXONOMY 
FRAGMENTHTTPS://WWW.IAB.COM/

Style & Fashion

Menõs                          Personal   Designer   . . .
Fashion                       Care          Clothing

Menõs              Menõs Men's
Outerwear      Watches      Shoes        

16



TAXONOMY 3: DATA SCIENCE ITEMS INACM  CCS  2012 

17



2.  TAXONOMY  LEAF  SUBJECTS

18



DATA SCIENCE  IN  ACM CCS 2012, LOWER RANKS

19



DATA SCIENCE TAXONOMY (FROLOV ET  AL.  2018)

ǒBased on Classification of Computing Systems 2012 by 

ACM (456 items; 317 are lowest layer subjects (leaves)
https://www.hse.ru/mirror/pubs/share/213924179

20



3. ˸ ͙͊ͭͪͼ͔͔͍͙͔͔͙͙͊ͪ͊ͤͭͤͦͫͭͣ͗͒ͯͭͫͭ͊ͣ͟͡
͙͍ͫͭͦ͡·͙ͣ ͍ͫͦͦͫͦ͡;͔͙ͭ͊ͤΎ͙ͣΥ
ɸʥʥʦʪʠʨʦʚʘʥʥʦʝ ʩʫʬʬʠʢʩʥʦʝʜʝʨʝʚʦ (ɸʉɼ)

AST method (Mirkin, Artemova-Chernyak, 2014) 

Ý matrix R = (Rvt) 317ʭ17685

Relevance matrix: taxonomy_leaf_topic x text

ɸʉɼ ʩʧʦʩʦʙ ʭʨʘʥʠʪʴ ʬʨʘʛʤʝʥʪʳ ʪʝʢʩʪʘ (ʩʫʬʬʠʢʩʳ) 

ʚʤʝʩʪʝ ʩ ʠʭ ʯʘʩʪʦʪʘʤʠ

21



ǒʄʝʪʦʜ ʦʧʨʝʜʝʣʝʥʠʷ ʩʪʝʧʝʥʠ ʚʭʦʞʜʝʥʠʷ 

ʩʪʨʦʢʠ ʚ ʪʝʢʩʪ ʥʘ ʦʩʥʦʚʝ ʘʥʥʦʪʠʨʦʚʘʥʥʦʛʦ 

ʩʫʬʬʠʢʩʥʦʛʦ ʜʝʨʝʚʘ (ɸʉɼ) (ɹ. ʄʠʨʢʠʥ, ɽ. 

ʏʝʨʥʷʢ, 2012)

ǒɸʉɼ ʧʦʟʚʦʣʷʝʪ ʭʨʘʥʠʪʴ ʬʨʘʛʤʝʥʪʳ ʪʝʢʩʪʘ 

(ʩʫʬʬʠʢʩʳ) ʚʤʝʩʪʝ ʩ ʠʭ ʯʘʩʪʦʪʘʤʠ

4. ɺʓʏʀʉʃɽʅʀɽ ʈɽʃɽɺɸʅʊʅʆʉʊʀ ʊɽʄɸ-ɼʆʂʋʄɽʅʊ

22



ʉʪʨʦʢʘABCBA

ʇʈʀʄɽʈ ɸʉɼ 

23



ʋʩʣʦʚʥʘʷ ʚʝʨʦʷʪʥʦʩʪʴ p(u)ʫʟʣʘ u (f(u) - ʝʛʦ ʯʘʩʪʦʪʘ):

ɼʣʷ ʩʪʨʦʢʠ x=x1éxm ʩʪʝʧʝʥʴ ʚʭʦʞʜʝʥʠʷ S(x, T)ʚ ɸʉɼ T:

ɺʓʏʀʉʃɽʅʀɽ ʈɽʃɽɺɸʅʊʅʆʉʊʀ ʉʊʈʆʂʀ ʊɽʂʉʊʋ ʇʆ 
ʉʆɺʇɸɼɽʅʀʖ U

24
k        -͙͙͒ͤ͊ͤ͊͋ͦ͡͡Έ΄͔͎͍͔͙ͦͫͦͨ͊͒ͤΎͫͯͺͺ͙ͫ͊ͫ͟s ˿˨

max



TOOL : A UNIFORM PHRASE -TEXT SIMILARITY 
MEASURE ACCORDING TO MATCHES IN SUFFIX TREE ANNOTATED 

BY FREQUENCIES

 

Suffix tree for strings 

XABXAC and 

BABXAC

annotated with substring  

frequencies,    and

the similarity score for 

string VXACA

Suffix Match Score

ôVXACAõ None 0

ôXACAõ ôXõ->õAõ->õCõ 3/12 + 3/3 + 2/3=1 11/12

ôACAõ ôAõ->õCõ 4/12 + 2/4=5/6

ôCAõ ôCõ 2/12

ôAõ Aõ 4/12



ʇʨʝʠʤʫʱʝʩʪʚʘ ʤʝʪʦʜʘ ɸʉɼ:

ǒʇʦʟʚʦʣʷʝʪ ʠʟʙʝʞʘʪʴ ʧʨʝʜʦʙʨʘʙʦʪʢʠ ʪʝʢʩʪʦʚ 

(ʣʝʤʤʘʪʠʟʘʮʠʷ, ʩʪʝʤʤʠʨʦʚʘʥʠʝ)

ǒɼʦʧʫʩʢʘʝʪ ʪʝʢʩʪʳ ʩ ʠʩʢʘʞʝʥʥʳʤʠ ʧʨʠʟʥʘʢʘʤʠ 

(ʦʰʠʙʢʠ, ʦʧʝʯʘʪʢʠ ʚ ʩʣʦʚʘʭ)

ɺʓʏʀʉʃɽʅʀɽ ʈɽʃɽɺɸʅʊʅʆʉʊʀ ʉʊʈʆʂʀ ʊɽʂʉʊʋ

26



4. ˹ ˢ˯́ˮ ˹˩̉˩́˴ˮ˩ ˴˶ˢ˿́˩˾̍ ˶ˮ˿́˻ˤ̍̆ ́˩˸

Å˽ ͔͍ͪͦ͋ͪ͊ͦ͊ͭ͘Έ ͨͪΎ͎ͣͦͯͦ͡ΈͤͯΌ ͙ͣ͊ͭͪͼͯ ͔͔͍͙ͪ͊ͤͭͤͦͫͭ͡ ζ͔ͭͣ͊-

͔ͭͫͭ͟η ͍ ͍͊͒ͪ͊ͭͤͯ͟Ό ͙ͣ͊ͭͪͼͯ ͔͔͍͙ͦͪ͊ͤͭͤͦͫͭ͟͡ ζ͔ͭͣ͊-͔ͭͣ͊η

Å˽ ͍͔͙ͪͦͫͭ ͔ͨͪ͒ͦ͋ͪ͊͋ͦͭͯ͟ ͙ͣ͊ͭͪͼ· ͔͔͍͙ͦͪ͊ͤͭͤͦͫͭ͟͡Σ ;ͭͦ͋· 

͔ͫ͒͊ͭ͡Έ ͔͔ ͔͊ͫͭͪͤͯ͟͡Ό ͫͭͪͯͭͯͪͯ͟ ;͔ͭ;͔

Å˽ ͙͔͙ͪͣͤͭΈ͔͙͙͍͎ͣͭͦ͒͊͒͒ͭͤͦͦ ͔ͫͨͭͪ͊͟͡Έ͎ͤͦͦ ͔ͤ;͔͎ͭͦͦ͟ 

͔͊ͫͭͪ͟͡-͙͊ͤ͊͊͘͡ ̅ˢ˨˨ˮ˿ (Mirkin, Nascimento, Inf.Sci., 2012)

27



˸ˢ́˾ˮ̇ˢ˴˻˾˩˶˩ˤˢ˹́˹˻˿́ˮ317³317

ÅGiven T³V R=(rvt), define V³V   C=(cvw),  ὧ В ǊǾὸǊǿǘ/nt

Ånt =  number of leaf subjects v such that rtv > 0.2 

ό͔ͭͣ·Σ ͔͔͍ͪ͊ͤͭͤ͡·͔ ͔ͭͫͭͯ͟ύ

28

# Texts nt = # Relevant subjects

1237 
2353 
7114
6124
857

0
1
2ς4
5ς11
12 or more



ADDITIVE FUZZY CLUSTERINGFADDIS (MIRKIN, NASCIMENTO, 2012) , 1

Observed: 

ÅSimilarity B=(bij), i,jÍI: co-relevance C after pseudo -inverse 

Laplacian transformation (LAPIN)

Laplacian:  L= I ðD-1/2CD-1/2 where D is diagonal, Ὠ Вὧ

PIN: B = ZL-1ZT

To be found:

ÅCluster membership uk=(uik)

ÅIntensity mk > 0 Ý

Fuzzy cluster similarity A k= mk
2ukuk

T
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ADDITIVE FUZZY CLUSTERINGFADDIS (MIRKIN, NASCIMENTO, 2012 ), 2

Observed: 

ÅSimilarity B=(bij), i,jÍI

To be found:

ÅCluster membership u=(ui)

ÅIntensity m> 0 Ý

Fuzzy cluster similarity A= m2uuT

K clusters:

B = Ag + A1 +A2ҌΧ Ҍ!K + E    (g- universal background)

<B'- Ak, B'- Ak>Ýmin m,u one-by-one
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ADDITIVE FUZZY CLUSTERING STEP

Given: 

ÅResidual similarityB'=(b' ij), B' = B - Ag - A1 -ΧΦ- Ak-1

To be found:

ÅCluster membership u=(ui), 

ÅIntensity m> 0 Ý

Fuzzy cluster similarity A= m2uuT , ᴁᴁ◊ Σ ǳҗл

<B'-m2uuT, B'-m2uuT >Ýmin m,u      with no ǳҗл constraints: 

m- maximum eigenvalue, u ςcorresponding eigenvector

Spectralclustering: adjustu to uҗл

31



FADDIS METHOD: ONE CLUSTER AT A TIME

ÅMinu, ˅St,t¡ɴT (btt¡ī u˅tut¡)2 

ÅEquivalent to maximum of Rayleigh quotient

Max uBuT/(uTu)

ÅSpectral approach (She, Malik, 2000): find max eigenvalue 
and its vector, adjust the latter to fuzzy membership

ÅFound6 fuzzyclustersof which3 aremore or less 
homogeneous: L- Machine Learning, C - Clustering, and I 
ðInformation Retrieval

32



Cluster L: Learning Cluster C: Clustering 

33



CLUSTER R òRETRIEVALó:  UI Ó 0.15

34 0.211 & 3.4.2.1. & queryrepresentation
0.207 & 5.1.3.2.1.& imagerepresentations
0.194 & 5.1.3.2.2. & shaperepresentations
0.194 & 5.2.3.6.2.1 & tensorrepresentation
0.191 & 5.2.3.3.3.2 & fuzzyrepresentation
0.187 & 3.1.1.5.3. & dataprovenance
0.173 & 2.1.1.5. & equationalmodels
0.173 & 3.4.6.5. & presentationof retrievalresults
0.165 & 5.1.3.1.3. & videosegmentation
0.155 & 5.1.3.1.2. & imagesegmentation



˻ˣ˻ˣ̋˩˹ˮ˩˴ˢ˴˽˻˨̌˩˸ʕ
́ˢ˴˿˻˹˻˸ˮˮ

Ǻ ͍ͦͦ͟͡·͚͍ͫͦ͊ͪ͡Έ˿͍͔͔͎͎ͦͪͣͤͤͦͦͪͯͫͫͦͦ͟Ύ͘·͊͟

˩ͺ͔͍͚ͪͣͦͦ:

Å«˻͋ͦ͋΅͊ͭΈ» -˻͋Ά͔͙͒ͤΎͭΈ, ͔͙ͫͦ͒ͤΎͭΈ͍͔͔ͣͫͭ.
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òTO GENERALIZE ó   
ACCORDING TO MERRIAM ðWEBSTER(USA)

ǒ ``to give a general form to'' 

ǒ ``to derive or induce (a general conception 

or principle) from particulars'' 

36



GENERALIZATION: APPROPRIATELY LIFTING CLUSTERS 
TO COMMON ROOT CONCEPTS

Given a taxonomy and a leaf cluster, lift the leaves to a higher rank 

node: (A1, A2, A3, A4, B1) => (A), B1 disregarded as an offshoot.

37



GENERALIZE: GIVEN5 LEAVES IN A 
CLUSTER, WHERE TO LIFT THAT? OPTION 
ˢ

38

Head subjectόˢύ

Gap



GENERALIZE: GIVEN5 LEAVES IN A 
CLUSTER, WHERE TO LIFT THAT? OPTION 
B

39

Head subject(B)

Gap Offshoot



MINIMIZE   THE  PENALTY!

Penalty:

#Head_Subject + l#Gap + g#Offshoot

Penalty at A: 1+4l

Penalty at B: 1+ g+ l

40



ALGORITHM PARGENFS:

Parsimonious generalization

Output: set of head subjects ʅ, minimizing

Penalties: ɚ ïfor a gap, ɔ for an offshoot, 1 for a head 

subject

I ïleaf set of the taxonomy rooted tree,

u(h)ïquery fuzzy set membership function 41



Algorithm computes two sets at each node t :

1. H(t)ïset of newly emerged subjects

2. L(t)ïset of lost subjects

and penalty value p(t).

Starting from the leaves, algorithm recursively computes these 

till root is reached.

At each node t, two scenarios: (a) head subject emerges at t, 

or, (b) it does not.

42



Scenario (a) ïHead subject emerges at t. Then:

43



Scenario (b)ïhead subject does not emerge. Then sets H ʠ 

L are derived as unions of the corresponding sets in all the 

children:

Scenario (a) or (b) is chosen depending on the value p(t)ï

the smaller wins.
44



TCAN   SOFTWARE

ÅGOT package

ÅIncludes
ÅRelevance and co-relevance matrices
ÅFADDIS clustering
ÅOptimallifting
ÅVisualizationof taxonomyandliftingresults

ÅSite URL:  https://github.com/dmitsf/GOT

ÅTechnical documentation: https://got-docs.readthedocs.io/

45

https://github.com/dmitsf/GOT


APPLYING GOT  software TO the abstracts sample

ǒLifting parameters (according to structure of DST)

ǒ gap penalty: ɚ=0.1,

ǒ offshoot penalty: ɔ=0.9

ǒ3 out of 6 clusters are interpretable (learning L, 

retrieval R, clustering C)

ǒEach of L, R, and C clusters is lifted with ParGenFS

46



Cluster L lifting:

Head subjects: {Machine learning,

Machine learning theory, Learning to rank}

47



Cluster L lifting (fragment):

48



Cluster C lifting: a fragment

49



CLUSTER LIFTING  RESULTS SUGGEST, 1:

ǒòLearningó  lifted:  

Ç main work  still on theory and method rather than 

applications. 

Ç Expanding from  learning subsets and partitions 

towards learning of ranks and rankings. 

Ç Many subareas are not covered by publications.
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CLUSTER LIFTING RESULTS SUGGEST 2:

ǒòInformation retrievaló cluster R lifted: 

ǒ Head subjects: 

(a) Information Systems, (b) Computer Vision
Ç Text management

Ç Moving from text to embrace images and video. 

Ç Ways for structuring visual information probably 

leading to a future "wordnet" for images

ǒ Compare this with results of citation graph analyses 
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CLUSTER LIFTING RESULTS SUGGEST 3:

ǒòClusteringó cluster C lifted: 
Ç 16 (!) head subjects, to be raised to higher ranks in 

Taxonomy of Data Science 

Ç Should be lifted from auxiliary roles to a main concept, 

and instrument, in knowledge engineering. 
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˴˻˶˶˩˴̇ˮ̒2: ˢ˹˹˻́ˢ̇ˮˮ˿́ˢ́˩˯SPRINGERˮ
ELSEVIER, ˽˻˭ ˢ˽˾˻˿ˢ˸ˮ˭ ˹ˢ̂˴ˮ˨s˹˹̍̆}

Å˭ ͊ͨͪͦͫ·Υ  clustering, machine learning, neural networks, algorithm, 

classification, information retrieval, natural language processing, 

software, computing, pattern recognition, deep learning, 

probabilistic, artificial intelligence, support vector, Bayesian, 

regression, search engine

Å˴ ͔ͦ͟͡͡ͼ͙Ύ2:͊ͤͤͦͭ͊ͼ͙͙ 26 799 ͫ ͔͚͙ͭ͊ͭ 8͘0 ͗ ͍ͯͪͤ͊ͦ͡1971-2019
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˸ˢ́˾ˮ̇ˢ˴˻˾˩˶˩ˤˢ˹́˹˻˿́ˮ317³317

ÅGiven T³V R=(rvt), define C=(cvw)=R*nRT,  ὧ В ǊǾὸǊǿǘ/nt

Ånt =  number of leaf subjects v such that rtv > 0.2 

54

# Col.1         Col.2 nt = # Relevant subjects

1237 2401
2353 3867
7114 10868
6124 8921
857 742

0
1
2ς4
5ς11
12 or more
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˭ˢ˸̍˿˶˻ˤˢ́ˢ̒˿̆˩˸ˢ˴˶ˢ˿́˩˾˻ˤ˹ˢ˽ ˾˩˨̍˨̂̋˩˸˿˶ˢ˯˨˩

56

Å˨͍͔ ͎ͪͯͨͨ· ͔͍͊ͫͭͪͦ͟͡ :
Åˮ ͍͔͘͡;͔͙͔ͤ ͙ ͻ͔͙͔ͪ͊ͤͤ ͒͊ͤͤ·ͻ ό͍·͔͔͒ͤ͡· 
͔͗ͭ͡·ͣύΦ
Åʕ ͙͙ͯ͊͊͘͘͡ͼ͙Ύ ͒͊ͤͤ·ͻ ό͍·͔͔͒ͤ͡· ͙͙ͫͤͣύ
Å˿ ͍Ύ͊͘͟
Å˴͔͊ͫͭͪ͡· Ύ͘·͍ͦ͟ ͒͡Ύ ͙͍͔͘͡;͔͙ͤΎ ͙ͤͺͦͪͣ͊ͼ͙͙



̅ˢ˨˨ˮ˿˹ˢ˴ ˻.˶2, 1: 35 ˴ ˶ˢ˿́˩˾˻ˤ, ˮ ˭˹ ˮ̆
ˮ˹́˩˾˽˾˩́ˮ˾̂˩˸̍7,  C1,C2,C3,C4,C5,C6,C7

Å˿ l.  L   ~ C1

ÅCl.C   ~ C2

ÅCl. R:   ˴ ͔͊ͫͭͪ͡· ˿оΣ ˿пΣ ˿рΣ ˿сΣ ˿т ό͔ͫ͒͡Φ ͚ͫ͊͒͡ύ
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̅ˢ˨˨ˮ˿˹ˢ˴ ˻.˶2, 2: 
5 ˴ ˶ˢ˿́˩˾˻ˤ, ˿ ˻˻́ˤ˩́˿́ˤ̂̑̋ˮ̆˴˶ˢ˿́˩˾̂R ˽˻ ˴˻ .˶1

ÅC3                      2.1.1. -- Probabilistic representations
ÅC4    Retrieval:     3.1.4.τQuery languages \ \ 3.4ςInformation 

Retrieval  
ÅC5    Structuring:  3.1.1.5. -- Data model extensions\ \ 5.1.3. --

Computer vision
ÅC6                       5.1.3.2. -- Computer vision representations
ÅC7     Querying:    3.1.3.2. -- Database query processing\ \ 3.4.2. --

Information retrieval query processing
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˽˩˾˩˹˻˿˽˻˨̆˻˨ˢ˹ˢ˨ ˾̂˥ˮ˩˴˻˶˶˩˴̇ˮˮ

Å«˽͔ͦͫ΅͔͙͔͔ͤͪͫͭͦͪ͊ͤ͊» (18036 ͦ ͭ͘·͍͍ͦͦͪ ͔ͫͭͦͪ͊ͤ͊ͻ͙͟ ͊ͺ͔͎.˸͍ͦͫ͟·, TripAdvisor, 

2019, leaf subjects 267)

Å«˻͍͙ͫͣͦͭͪ͊ͭͦͣͦ͋͡Ύ» (35785 ͦ ͭ͘·͍͍ͦͨͦ͡Έ͍͔͔͚ͦ͊ͭͦ͋͊͘͡ ͍͙ͭͦͣͦ͋͡Ύͻ͙ͪ͊͘͡;ͤ·ͻ

ͣ͊ͪͦ͟)

Å«˿͔͙͔͔͙ͦ͒ͪ͗͊ͤ͊͊͒ͣ͟;͔͎ͫͦͦ͗ͯͪͤ͊͊͟͡» (abstracts of all 461 papers òJournal of 

Classificationó 1984-2019, leaf subjects 106)

Å˾͔ͯ͘͡Έͭ͊ͭ·͔ͤͦ ;͔ͤΈ͙͔͔ͤͭͪͫͤ·; ͍ ͦͣͦ͗ͤͦ͘,͙͙ͭ͊ͫͦͤͦͣͤͦͫ͟Ύ͙ͭͫ͡΄ͦͣ͟

͔͙͊͊͒ͣ͟;͔͙͚ͫ͟ͻ͔͊ͪ͊ͭͪ͟
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ˮ˿˽˻˶̎˭˻ˤˢ˹ˮ˩ˣ˻˶˩˩˥˾̂ˣ˻˯́ˢ˴˿˻˹˻˸ˮˮ

Åˢ͙ͤ͊͘͡2000 ͦ ͋ΆΎ͍͔͙͚ͤ͡hh.ru͍ͦ ͙͊͊ͤͫ͟Ύͻ͍ͫ ͺ͔͔ͪˤ́

Ǻ͙͊ͫͦͤͦͣ͟Ύ

Å :́ ́ ͔͍͙ͪ͋ͦ͊ͤΎͨ͟ ͎͍͔ͦ͒ͦͭͦ͟

Å :˻ ˾ ͊͋ͦ;͙͔ͦ͋Ύ͙͊ͤͤͦͫͭ͘

Å :̂ ˽ ͔͍ͪ͒ͦͫͭ͊͡Ύ͔ͣ·͔͍͙ͯͫͦ͡Ύ

Å˿͙ ͫͨͦ͡Έ͍͙͔ͦ͊ͤͣ͘ˢ˿˨ͨͦͯ͡;͔ͤ·ͦͼ͔͙͔͔͍͙͔͍ͤͦͪ͊ͤͭͤͦͫͭͤ͊͒͊ͪͭͦͦͣ͟͟͟͡

͙͍͔͔͙͙ͨͪͦ͒ͤ͘³́˻ ³̂

Å˹͚͔͊͒ͤ·͙͔ͭͪ͊ͫͭͪ͟͡·ðͭ ͔͍ͫͤͦͫΎ͊ͤͤ͘·͔͔͍͔͍͙͚ͨͦ͒ͣͤͦ͗ͫͭ͊ͭͪ͋ͦ͊ͤ,ͦ͋Ύ͔͚͊ͤͤͦͫͭ͘,

͍͙͚ͯͫͦ͡

Å˹ Ή͊ͭͦͣͨͯ ͙͔͔͙͍ͭͨͪͫͨͭͤͦ͟:ͨͦͯ͡;͙ͭΈ͔͔͔͍͋ͦ͊͒͊ͭͤͯ͟͡Ό͙͎͙ͭͨͦͦ͡Όͨͪͦͺ͔͙͚͍ͫͫʕ ́
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˭ˢ˴˶̑̉˩˹ˮ˩

Å˽ ͔͔͔ͪ͒ͦ͗ͤͣͭͦ͒́͡˴ˢ˹ͦ͟ ͔ͤͭͤͭ-͙͔͍͊ͤ͊͊ͭͫͭͦ͘͟͡·ͻ͔ͦ͟͟͡͡ͼ͙͚, ͍ ͦͭͦͪͦͣ͟
Ύ͍͙ͤͦͫ ͨͦ͡Έ͔ͯͭͫ͘Ύ͍͙ͫͦͫͭ͊ͫ ͙͙͔͔͚͙ͭͪͯͭͯͪ͊ͭ͊ͫͦͤͦͣͨͪ͒ͣͭͤͦͦ͋͊ͫͭ͟͟͡

Å˸ ͔ͭͦ͒́˴ˢ˹͍͟ ͡Ό;͔͙͎͙͊ͭͦͪͤ͊͡ΈͤͯΌ͔ͦͣͨͦͤͤͭͯ͟: ͣ ͔ͦ͒͡Έͦ͋ͦ͋΅͔͙ͤΎ͍
͙͙ͭ͊ͫͦͤͦͣ͊͊͘͟͟͟ ͒͊;ͯͦͤ ͙͔͔͊͋ͦ͡Ήͦͤͦͣͤͦͣͨͦ͒͟Ά͔͔͎ͣ͊͒͊ͤͤͦͦ͘
͔ͤ;͔͎͔͍͙ͭͦͦͣͤͦ͗ͫͭ͊ͫͭ͟͡Έ͔͍

Å˸ ͔ͭͦ͒́˴ˢ˹͔ͨ ͔͙͍͔ͪͫͨͭͤͨͦͫͭͦ͟͡Έͯ͟, ͨ ͦͫͦ͟͡Έ͔͔͙͍͙͔ͯͨͪͫͨͭͤ͊͒͟͟Ύ
͙͙ͪ͊ͪ͊͋ͦͭͨ͘͟ ͔͙ͦ͒͒ͪ͗͊ͤΎ͙ͭ͊ͫͦͤͦͣ͟;͔͙ͫ͟ͻ͙͊ͫͫ͟͡ͺ͙͊͟ͼ͙͚͔͔ͨͪ͒ͣͭͤ·ͻ
͔͚ͦ͋͊ͫͭ͡

Å˽ ͔͍ͪͦͦ;͔͔ͪ͒ͤ͊Ύ͔͔͙ͭͦͪͭ;͔ͫ͊͟Ύ͊͒͊͘;͊ð͘ ͔͙͔͙͊ͣͤ͊ͪͭͪ͟Ύ͙ͣ͊ͫͣ͊͟͡Έ͚ͤͦ
Ή͙͙ͦͤͦͣͤ͊͟͟ ͙͔͙͚͙ͪͭͪͣ͊ͫͣ͊͟͡Έ͎͍͙ͤͦͦͨͪ͊͒ͦͨͦ͒ͦ͋Ύ

Å˽ ͔͔͙ͪͤͦͫͦͨͭͣ͊͡Έ͎ͤͦͦͨͦ͒Ά͔͍ͣ͊͒ ͎͙͔͙͔͙ͪͯͨͪͦ͗ͤ͡Ύ: ͦ ͙͙ͨͭͣ͊͘ͼ͙Ύ
͎͔͙͍͎͍͔͚͙͎ͭ͊ͪͭͪͦ͊ͤͤͦͦ͊͒ͪͭ͊ͤ͊͘(͍̅ͪͦͦ͡)
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D. FROLOV («˹ˢ́ˮ˸ˢ́ˮ˴ˢ»):  ARCHIVE OF
~ 20 MLN VISITORS OF POPULAR SITES ,

EACH TAGGED BY LABELS FROM IAB 
TAXONOMY ACCORDING TO THEIR INTERNET 
BEHAVIOR

62

˽͙͔͔͙͔ͪͣͤͤͭ͟ ͎͔͙͍͊ͪͭͪͦ͊ͤͤͦͣͯ
͍͔͚͙͎͊͒ͪͭ͊ͤͯ͘



A USER PROFILE IN IAB IN NATIMATICA (GREEN)

Computing                                                    Business

Computer Software and Applications Business  
Account & Finance                                                                                                           

0.35

3DGrap  Video   Graphics  Operat (10 more categories)
Softw Softw Syst                   

0.68       0.57    0.57     0.31
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LIFTING USER PROFILE TO A HEAD SUBJECT

Computing                                                    Business

Computer Software and Applications         Business 
0.90 (Head subject )                   

Account&Finance
0.35

(Offshoot)    

3DGrap  Video   Graphics  Operat (10 more categories)
Softw Softw Syst                   

0.68       0.57    0.57     0.31
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APPLYING TO (PROGRAMMATIC) TARGETED 
ADVERTS, 1: EXAMPLE

USERõS TARGETfor an advert on   

*** AS: Antivirus Software ***

Solution: Show that to all users whose tag 

for AS is >0.3

Issue: Not too many visitors
65



APPLYING TO TARGETED ADVERTS, 2: EXAMPLE

USERõS TARGETfor an advert on   

*** AS: Antivirus Software ***
Solution 1: Show that to all users 
whose tag for AS is >0.3

Issue: Not too many visitors
Solution 2: Show that to all users 
whose tag for AS is >0.1

Issue: Falling efficiency (#Click/#User)
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APPLYING TO TARGETED ADVERTS, 3: EXAMPLE

USERõS TARGETfor an advert on   

*** AS: Antivirus Software ***
Solution 1: Show that to all users whose tag for 
AS is >0.3

Issue: Not too many visitors

Solution 3: LIFT.  Show that to all 
users whose lifted node contains AS

Feature: Surprising efficiency
67



APPLYING TO TARGETED ADVERTS, 4: EXAMPLE

USERõS TARGET:   an advert on   

Daycare and Pre-School; Internet Safety; Parenting Children 

Aged 4-11; Parenting Teens; Antivirus Software

68

Impressions 378933 942104 1017598

Clicks 1061 2544 1526

Standard LIFT Solution 2



CONCLUSION: DONE

ǒ A novel computational model for 
generalization, and an effective 
algorithm

ǒ Applied to the analysis of research 
publications leading to observations on 
tendencies of the research, which 
cannot be produced with a popular 
approach of the analysis of co -citation 
graphs
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CONCLUSION:  TO DO:

ǒ Deeper into generalization: inserting a 
node to reduce the penalty

ǒ Shifting to the criterion of maximum 
likelihood

ǒ More applications
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PUBLICATIONSO FAR

ÅD. Frolov, B. Mirkin, S. Nascimento, T. Fenner (2018) 

Finding an appropriate generalization for a fuzzy 

thematic set in taxonomy, preprintHSE, 

https://wp.hse.ru/data/2019/01/13/1146987922/W

P7_2018_04_______.pdf
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https://wp.hse.ru/data/2019/01/13/1146987922/WP7_2018_04_______.pdf


RELATED STUFF
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SOME PUBLICATIONS

ǒ Ekaterina Chernyakand Boris Mirkin (2014) An AST method for scoring string-to-text similiarityin 

semantic text analysis, In òClusters, Orders, and Trees: Methods and Applicationsópp 331-340 

(Springer, SOIA, v. 92, 2014)

ǒ Mirkin, B., & Nascimento, S. (2012). Additive spectral method for fuzzy cluster analysis of similarity data 

including community structure and affinity matrices.Information Sciences,183 (1), 16-34.

ǒ Mirkin, B. G., Nascimento, S., Fenner, T. I., & Pereira, L. M. (2010). Building Fuzzy Thematic Clusters and 

Mapping Them to Higher Ranks in a Taxonomy.Int. J. Software and Informatics,4(3), 257-275.
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ORIGIN:  ROUND 1 FROM EUGENE KOONIN(NCBI NIH USA)

RECONSTRUCTION OF GENE HISTORY
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EVOLUTIONARY TREE OVER 26 EXTANT BACTERIAL 
GENOMES: BOX (PRESENCE OF R13 GENE). QUESTION: AT WHAT PLACE 
R13 EMERGED (WAS GANED)

y     o     z    m      k     a     p     b    l    w    d    c    r         n    s    f    g    h     e     x    j     u    t      i

q    v GENE R13 present 



EVOLUTIONARY TREE

y     o     z    m      k     a     p     b    l    w    d    c    r         n    s    f    g    h     e     x    j     u    t      i     

q    v
GENE  R13  present 

Parsimoniously 

Reconstructing  R13 history



EVOLUTIONARY TREE: 
MORE REALISTIC CASE

y     o     z    m      k     a     p     b    l    w    d    c    r         n    s    f    g    h     e     x    j     u    t      i     

q    v

GENE 0572 Uridine Kinase:

presence  pattern



y     o     z    m      k     a     p     b    l    w    d    c    r         n    s    f    g    h     e     x    j     u    t      i     

q    v

GENE 0572 Uridine Kinase Evolutionary history 

Reconstruction at equal weights
Reconstructed  history:

presence

inheritance / gain

loss

4   losses

1   gain



FINAL RESULTS  (MIRKIN,é,KOONIN , 2003):

20 RECONSTRUCTIONS MADE OVER 3066 GENES 
EACH
FROM   GAIN WEIGHT 10,   LOSS WEIGHT 1

TO   GAIN WEIGHT 1,    LOSS WEIGHT 10

LUCA CONTENTS DIFFER EACH TIME; THE BEST 
MATCHING THE THEORETIC EXPECTATION 
(MODEL òGENOME SIMPLEó)  GW=LW=1

LUCA  567 GENES
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ORIGIN:  ROUND 2 FROM PROF LUIS MONIZ PEREIRA 
(UNIVERSIDADENOVA LISBOAPORTUGAL)

POSITIONING OF CENTRIAOVER THE CS 
TAXONOMY
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C. COMPUTER SYSTEMS ORGANIZATION      D. SOFTWARE AND H. INFORMATION 
SYSTEMS   

F. THEORY OF COMPUTATION            D. SOFTWARE         H. INFORMATION SYSTEMS 

I. COMPUTING METHODOLOGIES
81

GE B KJA

E1  E2  EÃ  E4  E5                 G1  G2  G3  G4                         K1 K2 K3 K4 K5 K6 K7 K8

HFC D

CS

I
Head subject

Subjectôs offshoot

Gap
I1  I2  I3   I4    I5  I6   I7



D. FROLOV'©Ώ·ΔĕΎ·Δĕ΄·¸(9  

ARCHIVE OF
~ 5 MLN VISITORS OF POPULAR SITES, EACH 
TAGGED BY LABELS FROMIAB TAXONOMY 
ACCORDING TO THEIR INTERNET BEHAVIOR
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A USER PROFILE IN IAB IN NATIMATICA (GREEN)

Computing                                                    Business

Computer Software and Applications Business  
Account & Finance                                                                                                           

0.35

3DGrap  Video   Graphics  Operat (10 more categories)
Softw Softw Syst                   

0.68       0.57    0.57     0.31
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LIFTING USER PROFILE TO A HEAD SUBJECT

Computing                                                    Business

Computer Software and Applications         Business 
0.90 (Head subject )                   

Account&Finance
0.35

(Offshoot)    

3DGrap  Video   Graphics  Operat (10 more categories)
Softw Softw Syst                   

0.68       0.57    0.57     0.31
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APPLYING TO (PROGRAMMATIC) TARGETED 
ADVERTS, 1: EXAMPLE

USERõS TARGETfor an advert on   

*** AS: Antivirus Software ***

Solution: Show that to all users whose 

tag for AS is >0.3

Issue: Not too many visitors
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