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a Ananms TEeMITOPAJbHBIX JaHHBIX

e O(‘,H()BHbl(‘, OlIpeJieJIeHr A U IIPpUMepPbI

9 AAJH‘OpMTl\lbI IIOUCKa YaCTBIX IIOCIeI0BATEILHOCTENR
L SEL)IKH}’TBIG I10CJjIe10BaTCJIbHOCTH

@ IIporpammubie peanusamun
@ Case study: nemorpacduteckue HocIe10BATEILHOCTH
O Jomammee zamanue

@ Cuucox misa urenns
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e Amnasus norokos ganueix (Mining Data Streams)

o Amnanuz Bpemenubix psios (Time-Series Analysis)

e Amnanuz nocienosarensrocreii (Mining Sequence Data)

«4O0>r «F>r «=»r «E)» = o>



o AH‘().JTHS’ TEeMIIOPaJIbHBIX JTaHHBIX

e OcuHosHbIe OlIpeJieJICHN A U IIPUMEePbI

9 AA,JH‘OpM'l'l\lbl IIOUCKa YaCTBIX IIOCIeI0BATEILHOCTENR
L SEL)IKH}’TBIG I10CJjIe10BaTCJIbHOCTH

@ IIporpammubie peanusamun
@ Case study: nemorpacduteckue HocIe10BATEILHOCTH
O Jomammee zamanue
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“Given a set of sequences, where each sequence consists of a list of

events (or elements) and each event consists of a set of items, and given

a user-specified minimum support threshold of min sup, sequential
pattern mining finds all frequent subsequences, that is, the

less than min sup.”

subsequences whose occurrence frequency in the set of sequences is no
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[Tonck gacThbIx [IOCJIeJIOBATEJIbHOCTEI

OCHOBHBIE TIOHSATHS

e MmuozkecrBo semenToB (Itemset):
a u {a,b,c} nyst kparkocTu a u abe
e IlocienoBarenpaocTh (Sequence):
s = (a(abe)(ac)d(cf))
e Coberrue (Event):
s = (e1egeszeqes)
e1 =a u eg = (abc) ¢ TOYHOCTBIO JI0 UHTEPBAJIA HACTYIIJICHUST
e JlymHa 1ocIIe[0BaTeIbHOCTI — YUCJIO BXOXKICHUI BCEX 9JIEMEHTOB:
JIMHA S paBHa 9

@ [-mociie1oBaTe IbHOCTD:
s — 9-mocjie10BaTEIbHOCTD
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® s =(s1,..

., Sk) — IIOJIIOCIIEIOBATEIBHOCTD T = (T1,...,77) (s T 1)
ecin k <[ u cymectByior 1 < 1) < to < ... <ty <, Takue uTO
sj =1y, ama Beex 1 < j < kL.

e support(s, D) — nomjepKKa MoCIe0BATEILHOCTH § B D, T.e. 4nciio

rnocJyiegoBaTebHOCTENR B [, TAKUX 9TO S SIBJASIETCA UX
TOAIIOCTIEOBATETHHOCTHIO.

support(s,D) = |{r|r € D,s C r}|

€CJIN 9JIEMEHTHI [OCJIeI0BATEILHOCTH §; — MHOXKeCTBa (sequences of itemsets), To
TpebyIoT 55 C 11,

«O0>» «Fr «=» <« > o>



Howmep nocnegosarenbnoctu — Iloc/ie0BaTe IbHOCTD
(Sequence ID)

(Sequence)
1

{a(abe)(ac)d(cf))
2 {(ad)c(be)(ae))
3 ((ef)(ab)(df)cb)
4 {eg(af)cbe)

e (af) siBJsieTCs TOANOC/IEIOBATEILHOCTHIO 1 1 3

o support({af)) =




o 1\H‘(1JII/IS’ TEMIIOPAJIbHBIX JTAaHHBIX

© Ocuosuble onpejieieHns U IPUMEPEI

Q AJITOPUTMBI TIONCKA YACTHIX MOC/IEI0BATEILHOCTEH
@ SaMKHYTBIE TTOC/IEOBATETLHOCTH

@ IIporpammubie peasusanun
@ Case study: nemorpacduteckue HocIe10BATEILHOCTH
O Jomammee zamanue

0 Crmcox Ji1st 9TeHnst
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e Generalized Sequential Pattern (GSP)

o Pacmmpenue anropurma Apriori

«O>» «Fr «=» «E)» A


https://www.dropbox.com/s/27bs65uerf57ce5/2.%20edbt96seq.pdf?dl=0

o Sequential PAttern Discovery using Equivalence classes

o Vcrnonb3yer BepTUKAJIbHDBIN (POPMAT JAHHBIX

o JleiicTByer Mo nmpuHIHUIY “TIOPOXKIail U IPOBEPsiit”

«O>» «Fr «=)» « = = A


https://www.dropbox.com/s/exiedcsipbcx31w/4.%20MLJ01.pdf?dl=0

SID Sequence
1 (a(abc)(ac)d(cf))
2 ((ad)c(bc)(ae))
3 ((ef)(ab)(df)cb)
4 (eg(af)cbec)

w

1
1
2
2
3
4

1
4
2
3

(b) 1D lists for some 1-sequences

ab ba
SID EID(a) EID(b) SID EID(b) EID{(a) ---
1 1 2 1 2 3
2 1 3 2 3 4
3 2 5
4 3 5

() ID_lists for some 2-sequences

SID EID(a) EID(b) EID{a) -
1 i 2 3
2 1 3 4

(a) vertical format database

(d) IDlists for some 3-sequences

The SPADE mining process: (a) vertical format database; (b) to (d) show fragments of the
1D_lists for 1-sequences, 2-sequences, and 3-sequences, respectively.
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JanHbIx (projected dabases)

e Ucnonbsyer FP-nepesbs (Frequent Pattern Trees) u npoekiuu 6a3

o [lousarue cyddukca u npedukca moc/ie10BaTeTbHOCTH

«O>» «4Fr «=r «=)» A



prefix

projected database

sequential patterns

(a)

(b}

((abc)(ac)d(cf)),
{(d)e(be)ae)),
{(B)(df)eb), {(f)ebe)

{(-)(ac)d(cf)),

{(cllae)),  ((df)eb),
(e)

{(ac)d(cf)),
{(be)(ae)), (b}, {be)

{(ef))  (e(be)(ae)),

{(-f)eb}
{(~f)ab)(d)eb),
{(af)cbc)

{{ab)(df)ch), (cbc)

(@), (aa), {ab), (a(bc)), (a(bc)a), (aba),
{abc), ((ab)}, {(ab)c), {(ab)d}, ((ab)f),
((ab)dc), (ac), {aca), {ach), {acc), (ad),

{adc}, (af)

(b}, (ba), (be), ((bc)), ((be)a), (bd), (bdc),
{6f)

(€}, {ca), {ch), {cc)

{d), (db), (dc), (deb}

(e}, {ea), {eab), {eac), {each), {eb), {ebc),
{ec), {ecb), (ef), (efb}, (efc), (efcb).

(), (fB), {fbe), (fe), (feb)

«4O0>r «F>r «=»r «E)»
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TaKOH 2Ke HOJAEePKKON.

BamkuyTas nomocseaosareabaocTh (closed subgequence) —

IIOCJIEJOBATE/IbHOCTDb, KOTOPad HE COJAECP2KUT HAIIIOCIEJOBATEILHOCTU C

«4O0>r «F>r «=»r «E)» = o>




Howmep nmocnenoBarensrnoctu  IlocienoBarenbHOCTD
(Sequence_ID) (Sequence)

1 {a(abe)(ac)d(cf))

2 ((ad)c(be)(ae))
3 ((ef)(ab)(df)cb)
4 (eg(af)cbe)

e minsupp =3
e BawmkHyTO Jiu {(a)?
e BawmkHyTO Jint (ab)?

e BawmkuyTo s (af)?



e CloSpan [X. Yan, J. Han, and R. Afshar, 2003]
e BIDE [J. Wang and J. Han, 2004]

«O>» «Fr «=» «E)» A



http://bit.ly/CloSpan2003
http://bit.ly/BiDE2004

o AH‘(IJ'IHS TEeMIIOPaJIbHBIX JTaHHBIX

e O(‘,H()BHbl(‘, OlIpeJieJIeHr A U IIPpUMepPbI

9 AAJH‘OpMTl\lbI IIOUCKa YaCTBIX IIOCIeI0BATEILHOCTENR
L SEL)IKH}’TBIG I10CJjIe10BaTCJIbHOCTH

0 IIporpaMmubIe pean3amun
@ Case study: nemorpacduteckue HocIe10BATEILHOCTH
O Jomammee zamanue

@ Cuucox misa urenns
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o SPMF A Sequential Pattern Mining Framework
>100 aaropuTMOB aHAIN3a TAHHBIX:

association rule mining
itemset mining

sequential pattern mining
sequential rule mining
sequence prediction
high-utility pattern mining
clustering and classification

vV VY VY VY VY VY

o Penozuropuit M.3aku

o TraMiner — 6ubmoTeKa Ui aHAIN3a TOCaeIoBaTeabHOCTe B R

» Extracting frequent event subsequences
» Identifying most discriminating event subsequences
» Association rules between subsequences

DA


http://www.philippe-fournier-viger.com/spmf/
http://www.cs.rpi.edu/~zaki/www-new/pmwiki.php/Software/Software#toc9
http://traminer.unige.ch/

o AH‘().JTHS’ TEeMIIOPaJIbHBIX JTaHHBIX

Q O(?H(’)BHbI(‘, OlIpeJieJIeHr A U IIPpUMepPbI

9 AA,JH‘OpM'l'l\lbl IIOUCKa YaCTBIX IIOCIeI0BATEILHOCTENR
L SEL)IKH}’TBIG I10CJjIe10BaTCJIbHOCTH

e HI)(')I‘I)?M\H\IHI::IC peajansanmmn
© Case study: nemorpadudeckne 1moc/e10BaATEILHOCTH
0 ,‘:LOMAHIHCC 3aJaHne
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JKEHIIMHBL B CEMbe U 00IecTBe”

o I[Ipenobpaboranmas Beibopka Github
» 2300 omporeHHbIX

o Vcrounuk — obcseioBanue “Pojurein u JieTu, My>KIUHBL 1

» Conuanbuo-gemorpadudeckue IPU3HAKI: IO0JI, BO3PACT,
o6pas3oBaHme, MECTO XKHUTEJIbCTBA (TOPOL,/CesI0) U T.II.

» Jlemorpadudeckue cOObITHS: OT/IEJEHIE OT CEMbH, IAPTHED,

BCTYILJIeHNEe B Opak, poxKeHne pebeHKa, YyCTPONCTBO Ha paboTy.

«4O0>r «F>r «=»r «E)» = o>


http://www.socpol.ru/gender/RIDMIZ.shtml
http://www.socpol.ru/gender/RIDMIZ.shtml
https://github.com/dimachine/SeqDem

Jlemorpaduaeckue 1mocie10BaTe/IbHOCTH

CraTbu U CIai s

e H. Blockeel, J. Fiirnkranz, A. Prskawetz, F.C. Billari: Detecting
Temporal Change in Event Sequences: An Application to
Demographic Data. PKDD 2001: 29-41

e F. C. Billari, J. Fiirnkranz, A. Prskawetz. Timing, Sequencing, and

Quantum of Life Course Events: A Machine Learning Approach.
European Journal of Population, 2006, 22(1), pp 37-65

Hayuno-yuebnas rpymnmna “Mogen u MeTobl aHam3a
JgeMorpaduIecknx Mocje0BaTe/ IbHOCTeH
e D.I. Ignatov, E. Mitrofanova, A. Muratova, D. Gizdatullin: Pattern
Mining and Machine Learning for Demographic Sequences. KESW
2015: 225-239
[Crarbs| [Craitusi|

e Pattern-based classification of demographic sequences |Cinaiipi|
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http://bit.ly/Blockeel2001
http://bit.ly/Blockeel2001
http://bit.ly/Blockeel2001
http://bit.ly/Billari2006
http://bit.ly/Billari2006
http://bit.ly/Billari2006
https://cs.hse.ru/en/ai/demos/
https://cs.hse.ru/en/ai/demos/
https://www.researchgate.net/publication/312307491_Pattern_Mining_and_Machine_Learning_for_Demographic_Sequences
http://www.slideshare.net/dmitryignatov/pattern-mining-and-machine-learning-for-demographic-sequences
http://www.slideshare.net/dmitryignatov/patternbased-classification-of-demographic-sequences

o AH‘(IJ'IHS TEeMIIOPaJIbHBIX JTaHHBIX

e O(‘,H()BHbl(‘, OlIpeJieJIeHr A U IIPpUMepPbI

9 AAJH‘OpMTl\lbI IIOUCKa YaCTBIX IIOCIeI0BATEILHOCTENR
L SEL)IKH}’TBIG I10CJjIe10BaTCJIbHOCTH

e HI)(')I‘I)al\Il\leIC peajansanmmn
Q Case study: memorpadudeckue 1mocae10BaTe/ IbHOCTI
O lovammee 3a1anue

@ Cuucox misa urenns
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,HOM&HIHee 3alaHue
Jannbie onpoca PuJIMuzK

Ha ocHoBe nmeroruxcst onpocHbIX JaHHbIX (cMm. Github) onpenenurs:
o Kakoe cobbITre 1alre BCero siBjisieTcsl MePBbIM Y KaXKJIOr0
HOKOJIeHUsA? (MOYKHO HOCTPOUTH TUCTOTPAMMY )

e Kakoe cobbITne 4alie BCEro siBJISI€TCS IOCTETHUM Y KayKI0TO
HOKOJIeHUs1? (MOYKHO HOCTPOUTH TUCTOTPAMMY )

o Kaxkas mocjieoBaTeIbHOCTD COOBITHI HAMOOJIEE JacTast ¥ KaxK10T0O
nokosterust (jumeet 2, 3, 4 u 5)7

@ AHaJlormuHbBIE BOIPOCHI JIJIsT IPU3HAKA “TOJT U IPU3HAKOB
“nokosierne”’ u “noJr’
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https://github.com/dimachine/SeqDem

o AH‘(IJ'IHS TEeMIIOPaJIbHBIX JTaHHBIX

e O(‘,H()BHbl(‘, OlIpeJieJIeHr A U IIPpUMepPbI
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e Yuebnuk Zaki & Meira (I'masa 10)

e Vuebnuk Han & Kamber, 2-¢ uznanne (caaiigsr) (Inasa 8.3), Her B
3-M u3JaHuu
e Frequent Pattern Mining. Editors: Charu C. Aggarwal, Jiawei Han

o Ilouck 9acThIX HOCIEZOBATEILHOCTEH (CTAaThU — MOIT ApXUB):

PrefixSpan, CloSpan, GSP, SPADE, BIDE u ap.
o Ilombopka Fournier-Viger’a
» ITlonck 9acThIX mOC/IEI0BATEIBHOCTER (B T.4.
MHOI‘OypOBHeBbIe/MHOI‘OMeprIe HOCHeﬂOBaTeHBHOCTH)

» Tlomck mpaBmi Ha mocse0BaTENbHOCTSX (sequential rules mining)
» Tlpenckazanue cienyromero cobbitus (sequence prediction)

«O» «F>r «=Z» «E)» = o>


http://www.dataminingbook.info/
http://web.engr.illinois.edu/~hanj/bk2/slidesindex.htm
http://link.springer.com/book/10.1007%2F978-3-319-07821-2
https://www.dropbox.com/sh/l4k24vc7zpsogaa/AAD1sVjoRPqKqkg5eEWHwUB6a?dl=0
http://www.philippe-fournier-viger.com/spmf/index.php?link=algorithms.php

Recommender Systems Challenge 2015

@ RecSys Challenge 2015
o Crarbu mobemureneit B Mmoém DropBox

e Haire pemenne

Bajtaaa

Given a sequence of click events performed by some user during a
typical session in an e-commerce website, the goal is to predict whether
the user is going to buy something or not, and if he is buying, what
would be the items he is going to buy. The task could therefore be
divided into two sub goals:

@ Is the user going to buy items in this session? Yes|No

@ If yes, what are the items that are going to be bought?
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http://2015.recsyschallenge.com/challenge.html
http://dl.acm.org/citation.cfm?id=2813448&preflayout=flat
https://www.dropbox.com/sh/02ztt3ye4quxdcl/AAA8OV2_3hxl3p0UEWgzVcJYa?dl=0
https://arxiv.org/abs/1508.03856
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http://dilbert.com/strip/2014-11-06

Cracu6o!

dmitrii.ignatov|at]gmail.com
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www.hse.ru/staff/dima

	  
	   
	   
	 

	 
	Case study:  
	 
	  

