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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory Search for learning, knowledge acquisition and discovery

what if the user do esn't know which keywords to use?

what if the user isn't lo oking for a single answer?

Gary Marchionini . Exploratory Search: from �nding to understanding. Communications of the ACM.

2006, 49(4), p. 41�46.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Iterative �query-browse-re�ne� search vs Exploratory Search

R.W.White, R.A.Roth . Exploratory Search: b eyond the Query-Resp onse paradigm. San Rafael, CA:

Morgan and Clayp o ol, 2009.

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Mo dels 4 / 64



Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search scenario

Search query:

a do cument of any length or even a set of do cuments

Search intents:

what topics do es it contain?

what else is known on these topics?

what is the structure of this domain area?

what is most imp ortant, useful, p opular, recent here?

Search scenario:

1

given a text (of any length) at hand (in any application)

2

identify topics and sub-topics it contains

3

show textual and graphical representations of these topics
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Color topic bar is a starting GUI element for exploratory search
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Click on the color topic bar is a topic query

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Mo dels 7 / 64



Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Topics of the query do cument
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Similar do cuments and objects ranked by relevance
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Topic roadmap : clustering of relevant do cuments

E.R.Gansner, Y.Hu, S.North . Visualizing Streaming Text Data with Dynamic Maps. 2012.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Topic hierarchy : topical structure of the domain area

Smith A., Hawes T., Myers M. . Hi�erarchie: interactive visualization for hierarchical topic mo dels.

Workshop on Interactive Language Learning, Visualization, and Interfaces, ACL, 2014.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Topic river : evolution of the domain area

Weiwei Cui, Shixia Liu, Zhuofeng Wu, Hao Wei . How hierarchical topics evolve in large text corp ora.

IEEE Trans. Vis. Comput. Graph. 2014.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Topic bar : segmentation of the query do cument

Gretarsson B., O'Donovan J., Bostandjiev S. et al. TopicNets: visual analysis of large text corp ora with

topic mo deling. ACM Trans. on Intelligent Systems and Technology. 2012.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Exploratory search: the prototyp e of graphical user interface

Summarization of the query do cument
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

http://textvis.lnu.se

A visual survey of 220 text visualization techniques
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

The elements of Exploratory Search technology

1

Web crawling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

2

Content �ltering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

3

Topic mo deling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ongoing research

4

Building the inverted index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

5

Ranking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

6

Visualization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Mo dels 16 / 64



Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

The paradigm of exploratory search

The prototyp e GUI for exploratory search

The keystone of exploratory search

Topic Mo del used for Exploratory Search must b e...

1

Interpretable : each topic should b e well interpretable by humans and lab eled

automatically

2

Multigram : keyphrases should b e extracted automatically

3

Multilingual : cross-language and multi-language search should b e supp orted

4

Multimo dal : authors, categories, sources, links, tags, named entities, users, etc.

should b e involved in the mo del

5

Temp oral : topic dynamics over time should b e identi�ed

6

Hierarchical : granularity of topics should b e user-adjustable

7

Segmented : the topical text segmentation should b e supp orted b eyond the

bag-of-words mo del

8

Semi-sup ervised : lab eling should b e used to improve the mo del

9

Online, parallel, distributed : big data should b e pro cessed
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

What is �topic�?

Topic is a sp eci�c terminology of a particular domain area.

Topic is a set of coherent terms (words or phrases) that often co-o ccur

in do cuments.

More formally,

topic is a probability distribution over terms:

p(wjt ) is (unknown) frequency of word w in topic t .

do cument pro�le is a probability distribution over topics :

p(t jd) is (unknown) frequency of topic t in do cument d .

When writing term w in do cument d author thought of topic t .

Topic mo del tries to uncover latent topics from observable terms in a text collection.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

Probabilistic Topic Mo del (PTM) generating a text collection

Topic mo del p(wjd) =
P

t
p(wjt )p(t jd) explains terms w in do cuments d by topics t :
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

Inverse problem: text collection ! PTM

Given: D is a set (collection) of do cuments

W is a set (vo cabulary) of terms

ndw = how many times term w app ears in do cument d

Find: parameters � wt = p(wjt ) , � td = p(t jd) of the topic mo del

p(wjd) =
X

t

� wt � td :

under nonnegativity and normalization constraints

� wt > 0;
P

w2 W
� wt = 1; � td > 0;

P

t 2 T
� td = 1 :

The ill-p osed problem of matrix factorization has in�nitely many solutions:

�� = (� S)(S� 1�) = � 0� 0

for any T � T -matrix S such that � 0; � 0
are sto chastic.
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Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

PLSA � Probabilistic Latent Semantic Analysis [Hofmann, 1999]

Constrained maximization of the log-likeliho o d:

L (� ; �) =
X

d;w

ndw ln
X

t

� wt � td ! max
� ;�

EM-algorithm is a simple iteration metho d for the nonlinear system of equations

E-step:

M-step:

8
>>>>><

>>>>>:

ptdw = norm
t 2 T

�
� wt � td

�

� wt = norm
w2 W

� P

d2 D
ndw ptdw

�

� td = norm
t 2 T

� P

w2 d
ndw ptdw

�

where norm
t 2 T

xt = maxf xt ;0gP

s2 T
maxf xs;0g is vector normalization, ptdw = p(t jd; w) .

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Mo dels 21 / 64
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Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

LDA � Latent Dirichlet Allo cation [Blei, Ng, Jordan, 2003]

Maximum a p osteriori (MAP) with Dirichlet prior :

X

d;w

ndw ln
X

t

� wt � td

| {z }
log-likeliho o d L (� ;�)

+
X

t ;w

� w ln � wt +
X

d;t

� t ln � td

| {z }
regularization criterion R(� ;�)

! max
� ;�

EM-algorithm is a simple iteration metho d for the system of equations

E-step:

M-step:

8
>>>>><

>>>>>:

ptdw = norm
t 2 T

�
� wt � td

�

� wt = norm
w2 W

� P

d2 D
ndw ptdw + � w

�

� td = norm
t 2 T

� P

w2 d
ndw ptdw + � t

�
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ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

ARTM � Additive Regularization of Topic Mo del [Vorontsov, 2014]

Maximum log-likeliho o d with additive regularization criterion R :

X

d;w

ndw ln
X

t

� wt � td + R(� ; �) ! max
� ;�

EM-algorithm is a simple iteration metho d for the system of equations

E-step:

M-step:

8
>>>>><

>>>>>:

ptdw = norm
t 2 T

�
� wt � td

�

� wt = norm
w2 W

� P

d2 D
ndw ptdw + � wt

@R
@�wt

�

� td = norm
t 2 T

� P

w2 d
ndw ptdw + � td

@R
@�td

�
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Symb olic Dynamics for Medical Diagnostics

ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

Many Bayesian PTMs can b e reinterpreted as regularizers in ARTM

smo othing for background and stop-words topics (LDA)

sparsing for domain-sp eci�c topics (anti-LDA)

topic decorrelation

topic coherence maximization

sup ervised learning for classi�cation and regression

semi-sup ervised learning

using do cument citations and links

determining numb er of topics via entropy sparsing

mo deling topical hierarchies

mo deling temp oral topic dynamics

using vo cabularies in multilingual topic mo dels

etc.

Vorontsov K. V., Potap enko A. A. Additive Regularization of Topic Mo dels // Machine Learning.

Volume 101, Issue 1 (2015), Pp. 303-323.
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ARTM: additive regularization for topic mo deling

BigARTM op en source project

Exp eriments

Examples of regularization. Joint use of sparse and smo othed topics

S � T : topics of domain-sp eci�c terminology , with sparse and distinct p(wjt )

B � T : background topics of common lexis words, with dense p(wjt )

� wt terms � topics � td topics � do cuments
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BigARTM op en source project

Exp eriments

Example 1. Regularizer for topic smo othing (rethinking LDA)

The high-density assumption for background topics t 2 B :

distributions � wt , � td are similar to given distributions � w , � t .

Minimize the sum of KL-divergences KL(� k� t ) and KL(� k� d ) :

R(� ; �) = � 0

X

t 2 B

X

w2 W

� w ln � wt + � 0

X

d2 D

X

t 2 B

� t ln � td ! max:

The regularized M-step gives a non-Bayesian interpretation of LDA:

� wt / nwt + � 0� w ; � td / ntd + � 0� t ;
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Example 2. Regularizer for topic sparsing (further rethinking LDA)

The sparsity assumption for domain-sp eci�c topics t 2 S:

distributions � wt , � td contain many zero probabilities.

Maximize the sum of KL-divergences KL(� k� t ) and KL(� k� d ) :

R(� ; �) = � � 0

X

t 2 S

X

w2 W

� w ln � wt � � 0

X

d2 D

X

t 2 S

� t ln � td ! max:

The regularized M-step gives �anti-LDA�, for all t 2 S:

� wt /
�
nwt � � 0� w

�
+ ; � td /

�
ntd � � 0� t

�
+ :

Varadarajan J., Emonet R., Odob ez J.-M. A sparsity constraint for topic mo dels � application to

temp oral activity mining // NIPS-2010 Workshop on Practical Applications of Sparse Mo deling:

Op en Issues and New Directions.
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Example 3. Regularizer for topics decorrelation

The dissimilarity assumption:

domain-sp eci�c topics t 2 S must b e as distant as p ossible.

Maximize covariances b etween all pairs of column vectors � t , � s :

R(�) = �
�
2

X

t ;s2 S

X

w2 W

� wt � ws ! max:

The regularized M-step makes columns of � more distant:

� wt /
�

nwt � � � wt

X

s2 Snt

� ws

�

+
:

Tan Y., Ou Z. Topic-weak-correlated latent Dirichlet allo cation // 7th Int'l Symp. Chinese Sp oken

Language Pro cessing (ISCSLP), 2010. � Pp. 224�228.
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Example 4. Regularizer for topic selection

Assumption: insigni�cant topics are not well-interpretable.

Maximize KL
� 1

jT j




 p(t )

�
to make distribution over topics p(t ) =

P

d
p(d)� td sparse:

R(�) = � �
X

t 2 S

ln
X

d2 D

p(d)� td ! max:

The regularized M-step formula results in � rows sparsing:

� td /
�

ntd � �
nd

nt
� td

�

+
:

E�ect: if nt is small then all values in the t -th row may turn into zeros.

Vorontsov K. V., Potap enko A. A., Plavin A. V. Additive regularization of topic mo dels for topic

selection and sparse factorization // SLDS 2015, Royal Holloway, University of London, UK. pp. 193�202.
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Combining topic mo dels by adding their regularizers

Maximum log-likeliho o d with additive combination of regularizers :

X

d;w

ndw ln
X

t

� wt � td +
nX

i =1

� i Ri (� ; �) ! max
� ;�

;

where � i are regularization co e�cients.

EM-algorithm is a simple iteration metho d for the system of equations

E-step:

M-step:

8
>>>>>><

>>>>>>:

ptdw = norm
t 2 T

�
� wt � td

�

� wt = norm
w2 W

� P

d2 D
ndw ptdw + � wt

nP

i =1
� i

@Ri
@�wt

�

� td = norm
t 2 T

� P

w2 d
ndw ptdw + � td

nP

i =1
� i

@Ri
@�td

�
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Multimo dal Probabilistic Topic Mo deling

Given a text do cument collection Probabilistic Topic Mo del �nds:

p(t jd) � topic distribution for each do cument d ,

p(wjt ) � term distribution for each topic t .

Topics of documents

Words and keyphrases of topics

doc1:

doc2:

doc3:

doc4:

...

Text documents

Topic
Modeling

D
o
c
u
m
e
n
t
s

T
o
p
i
c
s
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Multimo dal Probabilistic Topic Mo deling

Multimo dal Topic Mo del �nds topical distribution for terms p(wjt ) , authors p(ajt ) ,

time p(yjt ) ,

Topics of documents

Words and keyphrases of topics

doc1:
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Multimo dal Probabilistic Topic Mo deling

Multimo dal Topic Mo del �nds topical distribution for terms p(wjt ) , authors p(ajt ) ,

time p(yjt ) , objects on images p(ojt ) ,

Topics of documents

Words and keyphrases of topics
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Multimo dal extension of ARTM [Vorontsov, 2015]

W m
is a vo cabulary of tokens of m-th mo dality, m 2 M

W = W 1 t � � � t W M
is a joint vo cabulary of all mo dalities

Maximum multimo dal log-likeliho o d with regularization:

X

m2 M

� m

X

d2 D

X

w2 W m

ndw ln
X

t

� wt � td + R(� ; �) ! max
� ;�

EM-algorithm is a simple iteration metho d for the system of equations

E-step:

M-step:

8
>>>>><

>>>>>:

ptdw = norm
t 2 T

�
� wt � td

�

� wt = norm
w2 W m

� P

d2 D
� m(w)ndw ptdw + � wt

@R
@�wt

�

� td = norm
t 2 T

� P

w2 d
� m(w)ndw ptdw + � td

@R
@�td

�
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Out-of-bag-of-words extension of ARTM [Potap enko, 2015]

Each do cument d is a sequence of nd tokens: w1; w2; : : : ; wnd

Maximum log-likeliho o d with p ositional regularizers Rdi :

X

d;w

ndw ln
X

t

� wt � td +
X

d2 D

ndX

i =1

Rdi
�
p1dwi ; : : : ; pTdw i

�
+ R(� ; �) ! max

� ;�

EM-algorithm is a simple iteration metho d for the system of equations

E-step:

M-step:

8
>>>>>><

>>>>>>:

ptdw = norm
t 2 T

�
� wt � td

�
; ~ptdw = ptdw

ndw

P

i : wi = w

�
1 + @Rdi

@ptdw
�

P

s2 T
psdw

@Rdi
@psdw

�
;

� wt = norm
w2 W

� P

d2 D
ndw ~ptdw + � wt

@R
@�wt

�

� td = norm
t 2 T

� P

w2 d
ndw ~ptdw + � td

@R
@�td

�
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BigARTM project

BigARTM features:

Parallel + Online + Multimo dal + Regularized Topic Mo deling

Out-of-core one-pass pro cessing of Big Data

Built-in library of regularizers and quality measures

BigARTM community:

Op en-source https://github.com/bigartm

(discussion group, issue tracker, pull requests)

Do cumentation http://bigartm.org

BigARTM license and programming environment:

Freely available for commercial usage (BSD 3-Clause license)

Cross-platform � Windows, Linux, Mac OS X (32 bit, 64 bit)

Programming APIs: command-line, C++, and Python
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The BigARTM project: parallel architecture

Concurrent pro cessing of batches D = D1 t � � � t DB

Simple single-threaded co de for Pro cessBatch

User controls when to up date the mo del in online algorithm

Deterministic (repro ducible) results from run to run
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Exp eriment 1: Running BigARTM on large collections

collection jW j , 103 jDj , 106 n, 106
size, GB

enron 28 0.04 6.4 0.07

nytimes 103 0.3 100 0.13

pubmed 141 8.2 738 1.0

wiki 100 3.7 1009 1.2

sp eedup

pro cessors

Amazon EC2 cc2.8xlarge instance: 16 cores + hyp erthreading, Intel

r
Xeon

r
CPU E5-2670 2.6GHz.
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Exp eriment 2: BigARTM vs Gensim vs Vowpal Wabbit

3.7M articles from Wikip edia, 100K unique words

pro cs train inference p erplexity

BigARTM 1 35 min 72 sec 4000

Gensim.LdaMo del 1 369 min 395 sec 4161

VowpalWabbit.LDA 1 73 min 120 sec 4108

BigARTM 4 9 min 20 sec 4061

Gensim.LdaMulticore 4 60 min 222 sec 4111

BigARTM 8 4.5 min 14 sec 4304

Gensim.LdaMulticore 8 57 min 224 sec 4455

pro cs = numb er of parallel threads

inference = time to infer � d for 100K held-out do cuments

p erplexity is calculated on held-out do cuments
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Exp eriment 3: Running BigARTM with multiple regularizers

ARTM combines regularizers to improve sparsity without a loss of the p erplexity
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Exp eriment 4: Hierarchical topic mo del for MMPR-I IP conferences

Collection:

jDj = 865 ,

jW j = 42 000,

in Russian,

n-grams

BigARTM:

7 regularizers,

3-level hierarchy

http://explore-mmro.ru
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Exp eriment 5: The interpretability of n-gram mo dels

MMPR-I IP collection, jDj = 865 , in Russian. Two mo dalities: unigrams & bigrams

pattern recognition in bioinformatics optimization and computational complexity

unigrams bigrams unigrams bigrams

îáúåêò çàäà÷à ðàñïîçíàâàíèÿ çàäà÷à ðàçäåëÿòü ìíîæåñòâà

çàäà÷à ìíîæåñòâî ìîòèâîâ ìíîæåñòâî êîíå÷íîå ìíîæåñòâî

ìíîæåñòâî ñèñòåìà ìàñîê ïîäìíîæåñòâî óñëîâèå çàäà÷è

ìîòèâ âòîðè÷íàÿ ñòðóêòóðà óñëîâèå çàäà÷à î ïîêðûòèè

ðàçðåøèìîñòü ñòðóêòóðà áåëêà êëàññ ïîêðûòèå ìíîæåñòâà

âûáîðêà ðàñïîçíàâàíèå âòîðè÷íîé ðåøåíèå ñèëüíûé ñìûñë

ìàñêà ñîñòîÿíèå îáúåêòà êîíå÷íûé ðàçäåëÿþùèé êîìèòåò

ðàñïîçíàâàíèå îáó÷àþùàÿ âûáîðêà ÷èñëî ìèíèìàëüíûé àôôèííûé

èíôîðìàòèâíîñòü îöåíêà èíôîðìàòèâíîñòè àôôèííûé àôôèííûé êîìèòåò

ñîñòîÿíèå ìíîæåñòâî îáúåêòîâ ñëó÷àé àôôèííûé ðàçäåëÿþùèé

çàêîíîìåðíîñòü ðàçðåøèìîñòü çàäà÷è ïîêðûòèå îáùåå ïîëîæåíèå

ñèñòåìà êðèòåðèé ðàçðåøèìîñòè îáùèé ìíîæåñòâî òî÷åê

ñòðóêòóðà èíôîðìàòèâíîñòü ìîòèâà ïðîñòðàíñòâî ñëó÷àé çàäà÷è

çíà÷åíèå ïåðâè÷íàÿ ñòðóêòóðà ñõåìà îáùèé ñëó÷àé

ðåãóëÿðíîñòü òóïèêîâîå ìíîæåñòâî êîìèòåò çàäà÷à MASC
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Exp eriment 6. Temp oral topic mo del

1. Sparsing p(t jy) =
P

d2 Dy

� td p(d) distributions for each time instance y 2 Y :

R1(�) = � � 1

X

y2 Y

X

t 2 T

ln p(t jy) ! max:

where Dy � D � all do cuments lab eled by y .

2. Penalizing noisy variations of p(yjt ) , a probability time series for a topic:

R2(�) = � � 2

X

y2 Y

X

t 2 T

�
�p(yjt ) � p(y� 1jt )

�
� ! max:
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Exp eriment 6. Temp oral topic mo del of p olitical press-releases

20 000 press-releases from 2003 to 2013, 180Mb. Examples of most valuable topics:

2004 2005 2006 2007 2008 2009 2010 2011 2012

year

Topics in time

iraq
iraqi
baghdad
sunni
saddam
hussein
shia
maliki
coalition
sectarian

assistance
million
food
humanitarian
relief
aid
disaster
emergency
provide
fund

democracy
freedom
democratic
egypt
society
religious
free
egyptian
civil
cuba

iran
iranian
sanction
regime
enrichment
suspend
pressure
tehran
impose
oil

program
student
education
university
cultural
school
educational
youth
study
award

russia
russian
federation
lavrov
moscow
sergey
putin
mfa
bogdanov
sphere

syria
syrian
opposition
annan
sri
assad
lanka
league
geneva
regime

africa
african
entrepreneurship
corporate
tanzania
ghana
agoa
hunger
entrepreneur
continent
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Exp eriment 6. Temp oral topic mo del of p olitical press-releases

20 000 press-releases from 2003 to 2013, 180Mb. Examples of p ermanent topics :

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
0

0.005

0.01

0.015

0.02

0.025

p(
y|

t)
student   
cultural   
university   
educational   
youth   
award   
fulbright   
education   
alumnus   
study

woman   
girl   
hiv   
pepfar   
gender   
health   
mother   
hiv/aids   
treatment   
award

rice   
condoleezza   
stanford   
piano   
football   
jefferson   
downer   
music   
rumsfeld   
chappell
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Exp eriment 6. Temp oral topic mo del of p olitical press-releases

20 000 press-releases from 2003 to 2013, 180Mb. Examples of event topics :

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

0.2

p(
y|

t)
syrian   
syria   
opposition   
annan   
assad   
league   
kofi   
sri   
damascus   
lanka   
brahimi   
sar

sudan   
darfur   
sudanese   
khartoum   
rebel   
kozak   
cpa   
frazer   
bashir   
garang   
abuja   
kiir

russian   
russia   
federation   
lavrov   
sergey   
moscow   
mfa   
bogdanov   
sphere   
putin   
mass   
interaction
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Brief summary

Exploratory Search: a paradigm of Information Retrieval for professionals,

researchers, students, and inquisitive p ersons

Multi-criteria Topic Mo deling: a way to meet multiple requirements coming

from Exploratory Search

ARTM: a novel non-Bayesian approach for multi-criteria optimization and

combining Topic Mo dels

BigARTM: op en source project for parallel online multimo dal A dditively

R egularized T opic M o deling of large collections

http://bigartm.org � Join BigARTM community!
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Electro cardiography

1872 � �rst record of the electrical activity of the heart

1911 � an early commercial ECG device (photo)

1924 � Nob el Prize in Medicine for the description of the ECG features of a numb er

of cardiovascular disorders (Willem Einthoven)
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Theory of Information Function of the Heart (Usp enskiy, 2008)

Assumptions:

ECG signal carries information ab out the functioning of not only the heart,

but all the systems of the b o dy

Each disease exhibits a sp eci�c mo dulation of the amplitudes and intervals of

cardiac cycles

This mo dulation can b e detected at any stage of the disease including latent and

preclinical stages

Bold idea: early diagnosis of many diseases from one ECG

V. Usp enskiy. Information Function of the Heart. Clinical Medicine , vol. 86, no. 5 (2008), pp. 4�13.

V. Usp enskiy. Diagnostic System Based on the Information Analysis of Electro cardiogram. MECO 2012.

Advances and Challenges in Emb edded Computing (Bar, Montenegro, June 19-21, 2012), pp. 74�76.
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Multidisease Diagnostic System ¾Skrinfaks¿

more than 30 years of research (from 1978)

more than 15 years of exp erimental exploitation

more than 20 000 cases (ECG record + diagnosis)

more than 40 internal diseases can b e detected
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Prepro cessing step 1: Variability of R-amplitudes and RR-intervals

Input: a detailed raw ECG signal (3Mb �le)

Output: a sequence of increment signs (225b, 104
times compression!)

amplitude dRn = Rn+1 � Rn

interval dTn = Tn+1 � Tn

angle d� n = � n+1 � � n , where � n = arctg Rn
Tn

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Mo dels 55 / 64



Exploratory Search

Topic Mo deling

Symb olic Dynamics for Medical Diagnostics

Electro cardiography

Informational analysis of ECG signals

Multi-disease ECG diagnostics

Variability of increments dRn and dTn for ill and healthy p ersons

healthy:

140 145 150 155 160 165 170 175 180 185 190 195 200 205

-50

0

50

-40

-20

0

20

40

dRn dTn

p eptic ulcer:

375 380 385 390 395 400 405 410 415 420 425 430 435 440 445

-15
-10
-5
0
5

10
15

-40

-20

0

20

40

dRn dTn

hyp ertension:

440 445 450 455 460 465 470 475 480 485 490 495 500 505 510

-60
-40

-20
0

20

40
60

80

-100

-50

0

50

100

dRn dTn

cancer:

440 445 450 455 460 465 470 475 480 485 490 495 500 505 510

-15
-10
-5
0
5

10
15
20

-20

-10

0

10

20

30

dRn dTn
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Prepro cessing step 2: Discretization and symb olic representation

Input: intervals and amplitudes (T1; R1); : : : ; (TN ; RN )
Output: co dogram x = ( s1; : : : ; sN� 1)
is a sequence of symb ols from the alphab et A = f A; B; C; D; E; Fg

if Rn < Rn+1 ; Tn < Tn+1 ; � n < � n+1 then sn = A

if Rn > Rn+1 ; Tn > Tn+1 ; � n < � n+1 then sn = B

if Rn < Rn+1 ; Tn > Tn+1 ; � n < � n+1 then sn = C

if Rn > Rn+1 ; Tn < Tn+1 ; � n > � n+1 then sn = D

if Rn < Rn+1 ; Tn < Tn+1 ; � n > � n+1 then sn = E

if Rn > Rn+1 ; Tn > Tn+1 ; � n > � n+1 then sn = F
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Prepro cessing step 3: Vectorization

Input: a co dogram x = ( s1; : : : ; sN� 1) as a text string

Output: triplet frequency fj (x) � how many times the triplet j app ears in the

co dogram x , j = 1 ; : : : ; n, n = 6 3 = 216
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Machine learning step: why Topic Mo deling?

Multimo dal Topic Mo del for do cument classi�cation:

do cument $ co dogram extracted from the ECG record

mo dality #1: word $ triplet from f AAA; AAB; : : : ; FFFg

mo dality #2: class $ disease

topic $ diagnostic pattern of the class

Healthy:

topic 1: AED, BCE, CED, DBD, DDC, EDF, EFC, FCA, FCE

topic 2: BCE, CAD, DBD, DDC, EDB, EDF, FCA, FCE

topic 3: AED, CED, DBD, DFC, EDB, EFC, FCE

Disease (diab etes):

topic 1: AFC, CAF, AFA, FAE, AFB, BAF, BAD, EFC, EFA, CFC

topic 2: AFC, CAF, AFA, FAB, ABB, BAF, BCD, EFF
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Cross-validation exp eriments

Training set � for learning mo del parameters wj , j = 1 ; : : : ; 216
Testing set � for evaluating sensitivity, sp eci�city and AUC

40� 10-fold cross-validation to build 95% con�dence intervals

disease cases AUC, % sp ec, % (sens=95%)

femoral head necrosis 327 99:19 � 0:10 96:6 � 1:76
cholelithiasis 277 98:98 � 0:23 94:4 � 1:54
coronary heart disease 1262 97:98 � 0:14 91:1 � 1:86
gastritis 321 97:76 � 0:11 88:3 � 2:64
hyp ertensive disease 1891 96:76 � 0:09 84:7 � 1:99
diab etes 868 96:75 � 0:19 85:3 � 2:18
b enign prostatic hyp erplasia 257 96:49 � 0:13 80:1 � 3:19
cancer 525 96:49 � 0:28 82:2 � 2:38
no dular goiter thyroid 750 95:57 � 0:16 73:5 � 3:41
chronic cholecystitis 336 95:35 � 0:12 74:8 � 2:46
biliary dyskinesia 714 94:99 � 0:16 70:3 � 4:67
urolithiasis 649 94:99 � 0:11 69:3 � 2:14
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CardioQVARK project http://cardio qvark.ru
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A �rst toy exp eriment with CardioQVARK data

Data from CardioQVARK database

2611 cases of two classes:

26% smoke

74% don't smoke

Cross-validation AUC, %:

HRV 2T 4RT 6RTA HRV + 6RTA

86.4 81.8 87.1 87.8 91.6

HRV: standard features from Heart Rate Variability analysis

2T: 2-symb ol enco ding of intervals

4RT: 4-symb ol enco ding of intervals and amplitudes

6RTA: 6-symb ol enco ding of intervals, amplitudes, and their ratios
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Brief summary

The high-accuracy diagnostics of multiple internal diseases via a single ECG record

is p ossible!

A wide spread of p ortable devices leads to the accumulation of BigData

of biomedical signals that can b e used for remote health care services

Symb olic Dynamics and Topic Mo deling can b e used for mining diagnostic

patterns from biomedical signals

Contacts:

Konstantin Vorontsov: voron@yandex-team.ru

Wiki www.MachineLearning.ru � User:Vokov (in Russian)
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