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1. Pattern Analysis and Applications (V. 1 /19981 V. 20 /2017)
2. Journal of Classification (V. 15/1998 1 V. 34 /2017)

3. Annals of Mathematic& Artificial Intelligencg23/1998- 80/2017)
4. Social Network Analysis and Mining (V.1/2011% V. 7/2017)

é .
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KOVALEVAMIRKIN,JOURNAOFCLASSIFICATIQN15,32(3), 414442.
S

AAbstract: The paper presents a least squares framework for divisive clustering. Two
populardivisive cltstering methods, BiSectinylBans and Principal Direction
Division, appear to be versions of the same least squares approach. The PDD rece
has been enhanced with a stopping criterion taking into account the minima of the
corresponding on&limensional density functiomdéPDDMPnethod). We extend this
approach to Bisecting-Kleans by projecting the data onto random directions and
compare thus modified methods. It appears ithePDDRnethod is superior at
datasets with relatively small numbers of clusters, whatever cluster intermix, where:
our version of Bisecting-Means is superior at greater cluster numbers with noise
entities added to the cluster structure.
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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:

027% 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
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6 2.Graph of cacitation or mutualcitation between papers or
authors: paper#, B, C

O A Listof references: B list of references C list of references
1.B2.X,3.Y4.Z,5.D 1.A,2.E,3.Y,4.Z,5.F 1.B,2.Y,3.F4.E
Mutual citation CoCitation

O¥C
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6 3.Co-citation or citation graplbetween papers or authors
cluster analysis

6 Example:Clusted | nf or mat i O Rhenibek@danfuahio® V
(2010):

3 prominent members of a cluster as the intellectual béstoks by GSaltonand C.VarRijsbergenard a
paper by S. Robertsgn

3z themes identified in theiters of the cluster as research fronts (" “information retrieval”, " probabilistic
model "', ~ ~query expansion'', "~ using heteroge
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5 4.Topic modeling (much popular)

5 Data: Probability(word/text)
o Model: Matrix Factorization

Pr (word/text)=B Pr ( wor dPnt (otpo i) c/ t «




4:TOPIC MODELING (MUCH POPULAR),1

0 2017) 9;7@85 alast,[acts froni Sprlnger Journals In Dan C|ence (1998-

O 1" e ‘oha*ccooe@

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"
02<_*mto+h”"’)e Y

0.020*"image", 0.012* Ianguage 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 POPULAR2

~

0 4~ € 27685 abstracts fron17 Springer journals in Data Suence (1998-
2017) oh”"toco md";t<’ e’;toe*tg 5

5 3. t o "% mm ? G

0. 018*CIaSS|fy " 0.016*"feature”, 0.013*"'method", 0.011*"classification”,

0.011*"result", 0. 010*'data", O. 009*"perform" 0. 009*"accuracy"

0.009*"propose", 0.009*"mode|", 0.009*"recognition™, 0.008*"base",

0.007*"image", 0. 007*"study" 0.007*"differ", O. 006*"extract",

0.006*"predict", 0.006*"pattern”, 0.006*" ‘inform"

5 4 - ~~"'m 'te "th t’?YQ

0.013*'algor|thm", 0.0lZ*"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"
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s 1.Find(build)ataxonomyof the domain

s 2.Take taxonomy leaf concepts as units of the analysis
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s 4. Find fuzzy clusters of leaf concepts

3

neraliz afuzz cluster by optimally lifting it in the taxonomy tree
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s 6. Interpret the result
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1. TAXONOMY FINDING/MAKING




TAXONOMY 1: ATREE-LIKE ARRANGEMENT OF
OBJECTS OVER AN EXTENT OF SIMILARITY. EXAMPLE 1:

BIOLOGY
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TAXONOMY  2: IAB ( THE INTERACTIVE ADVERTISING
BUREAY CONTENT TAXONOMY
FRAGMEN THTTPS://WvWW.IAB.COM/

\
Style & Fashion

ol L]
— L]
L]

Mé nos

Fashion—\m Care Clothlng
M/e nos enaos Men's

Outerwear Watches Shoes




TAXONOMY 3: DATA SCIENCE ITEMS INACM CCS 2012

17 Subject index | Subject name
l. Theory of computation
[.1. Theory and algorithms for application domains | _
2. Mathematics of computing
2.1. Probability and statistics
3. Information systems
3.1 Data management systems
3.2. Information systems applications
3.3. World Wide Web
34 Information retrieval
4, Human-centered computing
4.1. Visualization
3. Computing methodologies
3.1 Artificial intelligence
3.2, Machine learning
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2. TAXONOMY LEAF SUBJECTS




DATA SCIENCE

19

3.2.1.
3.2.1.L
3.2.1.2.
3.2.1.2.1%#%
3.2.1.2.2%%
3.2.1.3.%
3.2.1.3.1%#%
3.2.1.3.2%#%
3.2.1.3.3%%
3214
3.2.1.4.1%%
3.2.1.4.2%%
3.2.1.4.3%%
3.2.1.4.4%%
3.2.1.4.5%%
3.2.1.4.6%%
3.2.1.4.7%*
3.2.1.5.

IN ACM CCS 2012, LOWER RANKS

Data mining
Data cleaning
Collaborative filtering
ltem-based

Scalable
Association rules

Types of association rules

Interestingness

Parallel computation
Clustering
Massive data clustering
Consensus clustering
Fuzzy clustering
Additive clustering
Feature weight clustering
Conceptual clustering
Biclustering
Nearest-neighbor search



DATA SCIENCE TAXONOMY (FROLOV ET AL. 2018)

0 Based on Classification of Computing Systems 2012 by
ACM (456 items; 317 are lowest layer subjects (leaves)

https://www.hse.ru/mirror/pubs/share/213924179

— —

[9.1.2. Knowledge representation and reasoning
[9.1.2.1. Description logics
[9.1.2.2. Semantic networks
[9.1.2.3. Nonmonotonic, default reasoning and belief revision
[2.1.2.4. Probabilistic reasoning
[9.1.2.3. Vagueness and fuzzy logic
[9.1.2.6. Causal reasoning and diagnostics
[9.1.2.7. Temporal reasoning
[9.1.2.8. Cognitive robotics
[9.1.2.9. Ontology engineering
12.1.2.10. Logic programming and answer set programming
[2.1.2.11. Spatial and physical reasoning
[9.1.2.12. Reasoning about belief and knowledge
3.1.3. Computer vision
I 3.1.3.1. Computer vision problems I
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Y matrix R = (Rv) 317517685
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TOOL :A UNIFORM PHRASE -TEXT SIMILARITY
MEASURE ACCORDING TO MATCHES IN SUFFIX TREE ANNOTATED

BY FREQUENCIES A —

Suffix tree for strings = | A/ | ‘S\Bﬁ T o= |
XABXAC and | | ;
BABXAC s || =2 || | [ x2 || A|=1 |

annotated with substring
frequencies, and
the similarity score for

string VXACA
Suffix Score
OVXACAD None 0
O XACAD O X0 A®dD CO 3/12 + 3/3+2/3=1 11/12
O ACAD 0 A0 C0O 4/12 + 2/4=5/6

0CAO 0CO 2/12
0AO A0 4/12
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| B [ | =)

AGIVENT?V R=¢,), defineVeV C=¢,), @ B NJNFn,

An,= number of leaf subjects v such that 0.2

ot a . > h a “ et e . t mt x )
n= # Relevant subjects
1237 0
2353 1
7114 2¢4
6124 5¢11

857 12 or more




ADDITIVE FUZZX.USTERINEADDIS (MIRKIN, NASCIMENTO, 2012) , 1

29 Observed:
A Similarity B=(b;), i,jl 1:co-relevance C after pseudo -inverse

—Taplacian transformation (CAPTN)
Laplacian: L=3 D-¥2CD-Y2where D is diagonal) B @

PIN: B=2zL-1ZT

To be found:
ACluster membership u,=(u;.)

Alntensity m >0Y
Fuzzy cluster similarity A,= m?u,u,’




ADDITIVE FUZZY CLUSTERAGDIS (MIRKIN, NASCIMENTO, 2012 ), 2

30 Observed:
ASimilarity B=g;), i,jl |

To be found:
AQuster membership u=()

Alntensitym> 0Y
Fuzzy cluster similarity Arfuu’
K clusters:

B=A+A+Ab X i E (g universal background)

<B-A, B-A>Y min_,, oneby-one




ADDITIVE FUZZY CLUSTERING STEP
31 Given:
AResidual similarityB=(b;), B =B-A;-A -X @A,

To be found:

AQuster membership u=(1),

Alntensitym> 0Y
Fuzzy cluster similaritp=mfuu’, ® £ 3 do2k N
<B- muu’, B- muu™>Y min,, with no dzxgonstraints:
m- maximum eigenvalueu ¢ corresponding eigenvector

Spectralclustering adjustuto ux n




FADDIS METHODNE CLUSTER AT A TIME
32

AMIN,, , Sy (0] W4U)2

AEquivalent tanaximum of Rayleigiuotient
Max  uBu'/(u'u)

ASpectral approach (She, Malik, 2000): find max eigenvalue
and its vector, adjust the latter to fuzzgembership

AFound6 fuzzyclustersof which3 are more or less
homogeneoud:- Machine Learning, C - Clustering, and |
0 Information Retrieval




Cluster L: Learning Cluster C: Clustering

Membership | Code Topic Membership | Code Topic

0.299 5238, rule learning 0.327 32.1.4.7 | biclustering

0282 522.1. | batch learning 0.286 32143 | fuzzy clustering

0276 52.1.1.2. | learning to rank 0.245 32142 | consensus clustering

0217 1.1.1.11. | query learning 0.220 32146 | conceptual clustering
0216 52.1.3.3. | apprenticeship learning 0.152 524.3.1 | spectral clustering

0.213 1.1.1.10. | models of learning 0.187 32141 | massive data clustering
0.203 52.1.35. | adversarial learning 0.15%9 32173 | graphbased conceptual clustering
0202 1.1.1.14. | active learning 0.151 32.19.2 | trajectory clustering

0.191 52.1.4.1. | transfer learning 0.148 3137 database views

0.191 52.1.42 | lifelong machine learning 0.143 51.1.9. language resources

0.188 1.1.1.8 online learning theory 0.141 3443 language models

0.165 5222 online learning settings 0.138 32.1.44 | additive clustering

0.158 1.1.1.3 unsupervised learning and clustering 0.136 32145 | feature weight clustering
0.141 2226 active learning settings 0.136 3458 clustering and classification
0.136 52.1.1.4. | supervised learning by regression 0.135 313.12. | stream management

0.128 5225 learning from implicit feedback 0.131 14724 | music retrieval




CLUSTERR 0 RETRI BEMAL0G.:1 5

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 &nsorrepresentation
0.191 & 5.2.3.3.3.2 &uzzyrepresentation
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
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0 T GENERALIZE o6
ACCORDING TO MERRIAMOWEBSTERUSA)

s to give a general form to"
s to derive or induce (a general conceptior
or principle) from particulars”




GENERALIZATION: APPROPRIATELY LIFTING CLUSTERS
TO COMMON ROOT CONCEPTS

W [ Vo e e G V! =2 B2 B3 Cl C2 C3 (4

Given a taxonomy and a leaf cluster, lift the leaves to a higher rank
node: (Al, A2, A3, A4, B1) => (A), Bl disregarded as an offshoot.




GENERALIZE: GIVENS LEAVES IN A
CLEYSTER,WHERE TO LIFT THADPTION
S

Head subject s 0




GENERALIZE: GIVENS LEAVES INA
CLUSTER,WHERE TO LIFT THADPTION
B

Head subjec(B) \>\

Gap Ofoot




MINIMIZE THE PENALTY!

Penalty:

#Head Subject + | #Gap + g#Offshoot
Penalty at A: 1+4l

Penaltyat B: 1+g+]|




ALGORITHM PARGENFS:

Parsimonious generalization
Output: set of head subjects1 ,minimizing
pH)= 3 )+ 3 Y o)+ Y qulh
heH—-I heH—-1I geG(h) heHNI

Penalties: a1 for a gap, o for an offshoot, 1 for a head
subject

| T leaf set of the taxonomy rooted tree,

u(h) 1 query fuzzy set membership function




Algorithm computes two sets at each node t :

1. H(t) T set of newly emerged subjects
2. L(t) 17 set 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.




Scenario (a) I Head subject emerges at t. Then:

H(t) = {t}
L(t) = G(1)




Scenario (b) i head subject does not emerge. ThensetsH d
L are derived as unions of the corresponding sets in all the
children:

H(t) = Uy H(w)
L(t) = Unexar L(w)
P(t) = 2 wex(n P(W)

Scenario (a) or (b) is chosen depending on the value p(t) T
the smaller wins.




- TCAN SOFTWARE

AGOT package

Alncludes
ARelevance and elevance matrices
AFADDIS clustering
AOptimallifting
AVisualizatiomof taxonomyandliftingresults

ASite URL :https://githubcom/dmitsiGOT

ATechnical documentatiohttps://gotdocsreadthedocso/



https://github.com/dmitsf/GOT

APPLYING GOT software TO the abstracts sample

O Lifting parameters (according to structure of DST)
5 gap penalty: == 0,. 1
5 offshoot penalty: o =0 . 9

O 3 out of 6 clusters are interpretable (learning L,
retrieval R, clustering C)




Cluster L lifting:
3 L

acnine learnin
o l
ng s

ﬁmu'u' 1 ifﬁlfhlu"“i

Topic with support 0<

comp tatl

Topic with support 0.2<u<=0.4

Topic with support u=0.4

remmresmeten - Head subjects: {Machine learning,

Machine learning theory, Learning to rank}




Cluster L lifting (fragment): etobion

systems

ma CI'III ne information
learning retrieval

learning learning machine 7
aradigms settings learning
‘ ‘ T ‘ approaches retrieval
models
and
. . i l rankin
4

learning




Cluster C lifting: a fragment

information
systems
applications
graph sequence
clustering rrlinng: mmin:
graph trajectory
based clustering
conceptual

clustering




CLUSTER LIFTING RESULTS SUGGEST, 1:
soLearningo |1 fted:

¢ main work still on theory and method rather than
applications.

¢ Expanding from learning subsets and partitions
towards learning of ranks and rankings.

¢ Many subareas are not covered by publications.




CLUSTER LIFTING RESULTS SUGGEST 2:
ol nformati on retri eval

O«

Head subjects:

(a) Information Systems, (b) ComputerVision
¢ Iext management
¢ Moving from text to embrace images and video.
¢ Ways for structuring visual information probably
leading to a future "wordnet" for images
s Compare this with results of citation graph analyses

O«

<




CLUSTER LIFTING RESULTS SUGGEST 3:

s 0Cl usteringd cluster
¢ 16 (!) head subjects, to be raised to higher ranks In

Taxonomy of Data Science
¢ Should be lifted from auxiliary roles to a main conce
and instrument, in knowledge engineering.




. sl 28" 0 s "9 SPRINGER”
5§LSEVIER,__ S . o3 .87 M SRS
A= ™ ¢ h oclustelng, machine learning, neural networks, algorithr
classification, information retrieval, natural language processing,
software, computing, pattern recognition, deep learning,
probabilistic, artificial intelligence, support vect&ayesian
regression, search engine

Aco ™7 27ge e t 2699 t ~ t 8) X h e ~19P1.2019
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| B [ | =)

AGiENT? V R=(,), defineC=¢,)=RnR, @ B  NJNIn,

An,= number of leaf subjects v such that 0.2

# Col.1 Col.2 n, = # Relevant subjects

1237 2401 0
2353 3867 1
7114 10868 2¢4
6124 8921 5¢11

857 (42 12 or more




Cluster 8 Cluster 4

31.3.2. — Damsbase query processing 3.1.4. — Query languages
[ 3.4. — Information retrieval 3.4. — Information retrieval
Cluster 7
3.12.1. — Data access methods
g Cluster 20
3.1.3.2. — Databaee query procsasing Databass query proceasi
55 3.4.3. — Userz and interactive retrisval —— 35;3—““- mq.m"g \
3.4.7. — Specialized information - s
i proceasing
Cluster 15
2.1.1.8. — Nonparamstric repressntations
3.1.3.9. — Dietributed datsbass ]
transactions
Cluster 2
21.1. — Probabiliatic
rapmnamuinru_ Cluster 17 Cluster 26 Cluster
3.21.2 — Unsupsrvissd 3.3.1.3. — Data extraction and 3142 — XML query 3-1-‘_“‘“?‘2-3”3
learning intagration languagez -
3.2.3.5. — Learning in

model S

Clhuster 6 Cluster 28
Cluster2 3.1.1.5. — Data model extensions 4.1.3. — Visualization application
841 — Visualization 5.1.3. — Computer vizion domains
L
: y r_J %
i ci 12
uster
Cluster 14 Cluster 11
412 — Visuslization 31.4. - Query languages 5.1.32. — Computsr vision
- i Visualization !

toch representations
LS
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57 7" 1 __ 17 7 €1,02iC3,C4,C5C6,C7
Al L~ C1

ACI.C ~ C2
ACI.R:- —" m ¢t h . 02
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AC3 2.1.1 -- Probabilistic representations

AC4 Retrieval: 3.1.41 Query languaged 3.4c Information
Retrieval

AC5 Structuring3.1.1.5-- Data model extensions5.1.3.--
Computer vision

AC6 5.1.3.2 -- Computer vision representations

AC7 Querying: 3.1.3.2:-Database query processid3.4.2.--
Information retrieval query processing
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D. FROLOV («” s " ! s »)" ARCHIVE OF
~ 20 MLN VISITORS OF POPULAR SITES
EACHTAGGED BY LABELS FROM |AB

TAXONOMY ACCORDINGTOTHEIR INTERNET
BEHAVIOR




A USER PROFILE IN IAB IN NATIMATICA (GREEN)

Business

/.

Busines

Account & Finance
// \ 0.35
3DGrap Video

Graphics erat (10 more categories)

Computing

Softw  Softw gyst
0.68 0.57 0.57 0.31




LIFTING USER PROFILETO A HEAD SUBJECT
Comﬁting Business
%pu er Soft and Auplg)llcatlons \9@

Head

Account&Finance

(Offshoot)
3DGrap Vldcfe\(l)v Gragplcs O erat (10 more categories)

St
068 057  0Ob7 {

0.35




APPLYING TO (PROGRAMMATIC) TARGETED
ADVERTS, 1: EXAMPLE

USEROS T Ad &EE&advert on

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




APPLYING TO TARGETED ADVERTS, 2: EXAMPLE

USEROS T AdR&E&advert on

*** AS:Antivirus Software ***

Sﬂlution 1: Show that to all users
whose tag for AS Is >0.3

Sﬁlution 2: Show that to all users
whose tag for AS Is >0.1




APPLYING TO TARGETED ADVERTS, 3: EXAMPLE

USEROS T AdR&EERdvert on

***% AS:Antivirus Software  ***

Solution 1: Show that to all users whose tag for
AS Is >0.3

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




APPLYING TO TARGETED ADVERTS, 4: EXAMPLE

USEROS TA RrGdAvert on

Daycare and Pre-School; Internet Safety; Parenting Children
Aged 411, Parenting Teens; Antivirus Software

Impressions 378933 942104 1017598
Clicks 1061 2544 1526

Standard LIFT Solution 2




concLusioN: DONE

s A nove‘.computatignal r‘? del for
gﬁ%enrt %atlon,an an effective

g

5 Apgl_led to the analysis of research
U OIllc:atl_ons leading to observations on
ndencies of the r seaﬁch,w IC
cannot e(g)r% uced with a_popular .
apgrﬁac f the analysis of co -citation
grapns




concLusioN: TO DO:

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

s Shifting to the criterion of maximum
likelihood

s More applications
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ORIGIN rROUND 1 FROM EUGENEONIN(NCBI NIH USA)

RECONSTRUCTION OF GENE HISTORY




EVOLUTIONARY TREE OVER 26 EXTANT BACTERIAL

GENOMESBOX (PRESENCE OF R13 GENE). QUESTION:AT WHAT PLACE
R13 EMERGED (WASANED)

2\

/
k p b I c r n
g |0 IZ rl (| aI GENE R13 present




. EVOLUTIONARY TREE
Parsimoniously

Reconstructing R13 history

7N B

y v z kl/ p b GENE R rpseqlth e X j u




EVOLUTIONARY TREE:
MORE REALISTIC CASE

GENE 0572 Uridine Kinas

presence pattern




GENE 0572 Uridine Kinase Evolutionary histor
Reconstruction at equal weights

Reconstructed history:

I presence

I inheritance / gain

] loss




FI NAL RESULT KXOONINV20BBK | N, é,

20 RECONSTRUCTIONS MADE OVER 3066 GENES
EACH
FROM GAINWEIGHT 10, LOSSWEIGHT 1

TO GAINWEIGHT 1, LOSSWEIGHT 10

LUCA CONTENTS DIFFER EACH TIME; THE BEST
MATCHING THE THEORETIC EXPECTATION
( MODEL OGENOME SI MPLEOG)

LUCA 567 GENES




ORIGIN ROUND 2 FROM PROF LUIS MONIZ PEREIR:
(UNIVERSIDADEIOVALISBOAPORTUGAL)

POSITIONING OICENTRIAOVER THE CS
TAXONOMY
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APPLYING TO (PROGRAMMATIC) TARGETED
ADVERTS, 1: EXAMPLE

USEROS T Ad &EE&advert on

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







