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Wprowadzenie ...
Za pomocg przyktadu



Jest rok 1854. W Soho wybucha epidemia cholery. | oto jak
John Snow, 120 lat przed ukazaniem sie pomnikowego dziefa
Johna Tukeya Exploratory Data Analysis, zastosowat te analize

(odtad w skrocie EDA) do zahamowania epidemii:



(z Jamesa R. Thompsona wspomnienia o J. W.
Tukeyu)

Figure 1. Vicinity of the “Broad Street Pump.”



Wszakze zapobiezenie przysztym epidemiom wymagato
wyttumaczenia ich przyczyny! | okoto 1860 roku Ludwik Pasteur
zrozumiat, iz przyczyna tkwi w zarazkach, na przyktad

przenoszonych przez wode wypompowywang spod ziemi w
Soho ...

Nauka stoi szukaniem zwigzkéw przyczynowo skutkowych.

Ale szalenie to ciekawe — a moze typowe (we wczesnej Grecji i
poczawszy od Sredniowiecza) — ze owych niespetna 160 lat
temu odnalezienie przyczyny zapadalnosci na cholere zostato
poprzedzone eksploracyjng analiza danych.



Nominalizm czy realizm
W nauce



Okoto 1975 roku dobiegt konca wiek sir Ronalda Fishera w
analizie danych i statystyce:

Rozumowanie biegto dotad od szczegotu do ogdtu przez
analizowanie danych w Swietle zatozen o rozktadzie
prawdopodobienstwa, z ktorego dane pochodzg (np. w swietle
zatozenia o normalnosci rozktadu).

Fundamentem byto testowanie hipotezy o modelu w swietle
obserwowanych danych i ewentualne modyfikowanie modelu.

Byto do podejscie, ktorego punktem wyjscia byta hipoteza
(a hypothesis-driven approach).



Celem byto zrozumienie i wyjasnienie badanego zjawiska.

Byto to podejscie realistyczne w rozumieniu arystotelesowskim
I tomistycznym.



Ostatnie cwiercwiecze XX wieku przynosi zachwyt
statystykow (analitykow danych) nad metodami
eksploracyjnej analizy danych (EDA).

Coraz wieksze ilosci zbieranych danych
sktaniajg do odejscia
od arystotelosowsko-tomistycznego realizmu
narzecz
ockhamowskiego nominalizmu
radykalnych pragmatystow,
ktorzy catg wiedze widzg w danych.

Wybitny pionier EDA, John Tukey napisat: Pozwolmy
przemowi¢ danym — niech same mowia za siebie.



W 1979 roku jego nie tak stynny, za to bardziej radykalny i tez
znakomity statystyk, William Eddy napisat:

The data analytic method denies the existence of "truth"; the
only knowledge is empirical.

[...] The only purpose of models is to make formal implications.
For far too long statisticians have concentrated on fitting

models to data.

[...] If we can make without models, | think we should.



Radykalni pragmatysci byli chyba po czesci — zresztg stusznie —
sfrustrowani modg na budowanie zbyt uproszczonych modeli.

| jak mieliSmy sie wszyscy (prawie wszyscy?) analitycy danych
nie stac sie radykalnymi pragmatystami wobec obecnego
zalewu danych (przeksztatcajgc EDA w DM, czyli data mining)?!

Tym bardziej, ze nie chodzi tylko o rozwoj technologiczny,
gospodarczy, ale o nasze bezpieczenstwo (terroryzm,
cyberwojny!) i zdrowie (genomika, proteomika, ...)

Ale przeciez dzisiejsze moce obliczeniowe pozwalajg tych
zbytnich uproszczen uniknac, przynajmniej czesto, czy chocby
niekiedy.



No i jesli np. rzecz nie w zapobiezeniu atakowi terrorystycznemu,
lecz dokonaniu odkrycia naukowego, to jak nie wrodci¢ do
paradygmatow filozoficznego realizmu?!

Nie zgadzajac sie na bycie inteligentnymi zwierzetami, ktore nie
potrzebujg wyjasnien, lecz tylko umiejetnosci dobrego
przewidywania —

jak to postulujg np. V. Mayer-Schlonberger i K. Cukier w
skadinad interesujacej ksigzce pt. Big Data: A Revolution That
Will Transform How We Live, Work, and Think (John Murray
(Publishers), 2013; ttum polskie 2014)



To, czego potrzebujemy i co realizujemy, to powrot do
naukowego realizmu via ... matematyka pogladowa i:

podejscie dwu- lub wieloetapowe,
wychodzgce od analizy dostepnych danych
(a nie od hipotezy, ktérej prawdziwos¢ chcemy potwierdzic),

by w kolejnych etapach
przeprowadzi¢ wnioskowanie przyczynowo-skutkowe

i tg drogg dokonac¢ naukowego odkrycia
(two- or multistage data-driven causal reasoning)

cho¢ moze przed nami ,,one-stage data-driven causal
reasoning”; p. uwagi w zakonczeniu i tam GPT-2.



Model-Free

Mutual Information-Based
Feature Selection

and Interdependency
Discovery In Classification



Niedawno temu zadanie takie zostato elegancko postawione i
rozwigzane — jakkolwiek czekamy na jego dalszy rozwadj —

przez
Jana Mielniczuka i Pawta Teisseyre w pracy

Stopping rules for mutual information-based feature
Selection (Neurocomputing 358, 255-274, 2019)

W pracy oparto sie na warunkowej informacji wzajemnej oraz
informac;ji interakcyjnej (interaction information).



Informacja wzajemna (gdzie X,, X, — sg dyskretnymi zmiennymi
losowymi, dalej zwanymi cechami, o wartosciach x;, x)):

I (X, X5) = 2,;p(x:, xj) log p(x;, x;) / (p(x; )p(x; ) =
KL(PXl,XZ | | Px1*Py,)

Informacja interakcyjna:
I/ (Xll X2/ Y) = I ((Xll XZ)/ Y) - I (Xll Y) - I (XZI Y)

X:, Y moga by¢ wielowymiarowe!



Cel:

Znalez¢ taki podzbior cech o ustalonej licznosci 1 <k < p, ktory
maksymalizuje tgczng informacje wzajemng ze zmienng Y

(klasyfikujaca),

arg max I (X, Y),
S:|S|=k

gdzie X; oznacza podzbior cech X, . . ., Xy indeksowanych przez
zbior S z elementami ze zbioru {1, ..., p}.



Sekwencyjne poszukiwanie w przod: Przyjmijmy, ze S jest zbiorem
juz wybranych cech, 5¢ jest jego dopetnieniem oraz X; z S¢ jest

cechg kandydujacg do zbioru S,

arg max; [/ (Xsygy, Y) =1 (X, Y )1 =argmax; [ (X;, Y | Xs ) =
argmax; (I (X;, Y)+ 11 (X;, X5, Y))

Reprezentacja Mdbiusa informacji interakcyjnej podpowiada tatwe
do policzenia przyblizenie tej wielkosci:

arg max; (I (X;, Y)+2,.s11(X;, X;, Y)).



Monte Carlo Feature Selection
and Interdependency
Discovery Iin Classification

(The MCFS-ID Algorithm)

Patrz JSS, vol. 85, issue 12, 2018



The Algorithm (MCFS-ID) rd=1&
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Algorytm (bez zadnych zatozen o modelu):

* Dokonuje rankingu cech ze wzgledu na ich waznosc dla
problemu klasyfikacji (problemu orzekania o przynaleznosci
obserwacji do jednej z mozliwych klas)

e QOdcina cechy niosgce informacje o interesujgcym nas problemie
od cech tej informacji nie niosgcych
= W przypadku problemow o wielkim wymiarze wektora
obserwacji algorytm dziata dwuetapowo — najpierw usuwa
cechy ,,na pewno” nie niosgce zadnej informacji o problemie
" | dopiero w drugim etapie dokonuje doktadnego rankingu

e Buduje graf wspotzaleznosci miedzy cechami (ich interakcji) w
ich wspolnym orzekaniu o wartosci zmiennej przypisujgcej
obserwacje do klas, jednoczesnie mierzac site owej
wspotzaleznosci miedzy parami cech
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Performance analysis ZB§

e TCGA (88 x 416 013)»(88 X 32 458)» 6.3h
e Arcene (100 x 10 000) » (100 x 2 169)» 187 sec (511 300 trees)

~2h

execution time[s]

~1 min

4000 6000 8000

2000

MCFS execution time vs threads number vs mode

— 2% 14 cores HT E5-2690 v4 (@ 2.60GHz mode 1
— 2% 14 cores HT E5-2690 v4 @ 2.60GHz mode 2
—— Random Forest

e |73 min

number of threads


Prezentator
Notatki do prezentacji
Arcene’s task is to distinguish cancer versus normal patterns from mass-spectrometric data. This is a two-class classification problem with 10000 continuous input variables and 100 objects used for training. This dataset was one of 5 datasets of the NIPS 2003 feature selection challenge.

TCGA 4.1 days on mode 1



B
ID-Graph in prediction (Arcene dataset) ZB§
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Prediction quality vs humber of top features
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Prezentator
Notatki do prezentacji
We use the Arcene dataset downloaded from the UCI Machine Learning Repository at https://archive.ics.uci.edu/ ml/datasets/Arcene (Dua and Karra Taniskidou 2017). Arcene’s task is to distinguish cancer versus normal patterns from mass-spectrometric data. This is a two-class classification problem with 10000 continuous input variables and 100 objects used for training. This dataset was one of 5 datasets of the NIPS 2003 feature selection challenge; see Guyon, Gunn, BenHur, and Dror (2005).

In order to confirm this claim we first select 200 features with the highest RI and then build the ID graph for the 50 edges with the highest ID weights and such that each edge connects a feature from the aforementioned set of 200 features with any other feature (see Figure 9). The concatenation of the features present in the ID graph with the top 10 features results in 58 features with 9 of them present both in the top 10 and in the graph:
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Dabrowski M.J., Draminski M., Diamanti K., ..., Komorowski J., Kaminska B. & Wojtas B. (2018).
Unveiling new interdependencies between significant DNA methylation sites, gene expression
profiles and glioma patients survival. Scientific Reports vol. 8, Article number: 4390,
doi:10.1038/s41598-018-22829-1.



Multi-stage data-driven causal reasoning ZBé
N
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By means of example: Genome-wide mapping of DNA methylation
variants affecting gene expression levels in gliomas with respect to
their grade and IDH1 gene mutation status, M. J. Dgbrowski et al.,

an ongoing study:

Feature selection: ; ; :

()Wilcoxon test; (i)MCFS-ID* MG Differentially DE Differentially

CpGfeatures = samples PAvs. HGG PAVS. N ENCODE DATA methylated

e expressed (DE) ___PAYS = genesnotage N —Pp
5
> computed for each AN 11PA, 22 HGG, genes HGG Vs NB specific  Transcrpton factr DNA sequences
promoter region  Significant features P&sﬁ‘;@w ¢ 4 normal brain (NB) binding stes (TFBS) of TFBS
1e?

The clear functional division of the selected genes, allowed by DNA
methylation analysis of TFBS, indicates their potential biological
importance in pathways of gliomagenesis.

For some details, see

http://zbo.ipipan.waw.pl/files/papers/CSH 2019/Genome2019AbstractBook p69.p
df and

http://zbo.ipipan.waw.pl/files/papers/CSH 2019/Poster2019-05-15.pdf



http://zbo.ipipan.waw.pl/files/papers/CSH_2019/Genome2019AbstractBook_p69.pdf
http://zbo.ipipan.waw.pl/files/papers/CSH_2019/Poster2019-05-15.pdf

... Co uzasadnia kilka zdan
0 heodarwinizmie

(z przywotaniem dzieta Denisa Noble’a)




Kilka zdan z prac Denisa Noble’a

IPI PAN

Sequence info passes one way, from DNA to protein.

Yet, much another info passes from the organism to the genome. It must
be so to produce many different patterns of gene expression, which
enable many different phenotypes (e.g. many different cell types in the
same body) to be generated from the same genome. In addition to
controlling relative expression levels, the organism also makes use of
protein-mediated protein processing to add yet another layer of control
following transcription.

This info is conveyed by patterns of transcription factors, genome marking,
histone marking and many RNAs, which in turn control the patterns of
gene expression. These controls are exerted through preferential targeted
binding to the genome or histone proteins.

Moreover, non-DNA information can be transmitted across generations.
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Podsumowanie Denisa Noble’a ZBS
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mtergrated synthesis

evo-deov theory
plasticity and accommodation
epigenetic inheritance

modern synthesis (neo-
Darwinism)

gene mutation

Darwinism multilevel selection

DNA inheritance

only endelian nhentanc variati principle of
gene selection afi i nhetitance biological relativity
population genetics )
only . natural genomic evolution
genome contingency selection niche construction

isolated speciation and trend

replicator theory
evolvability

sexnal selection

nis Moble (2011, 2015, 2016, 2017)



Zamiast zakonczenia jeszcze stowo o
starym i nowym w modelowaniu, czyli ...



... jeszcze o wspotczesnych drogach do modelu

e Stare nie umiera nigdy, chocC przyjmuje nowg postac. Jak w LTCM,

czy lepszym Reneaissance Technologies i Medallion Fund Jamesa
Simonsa.

[Tytutem wtretu kilka ciekawych nazwisk i nazw: Robert i Rebekah
Mercerowie, Peter Thiel, Palantir Technologies, Steve Bannon,
Breitbart, Cambridge Analytica.]

e Nowe zapowiada generyczne modelowanie nieroztgcznie

splecione z uczeniem sie z danych. Jak GPT-2 (z udziatem tzw.
gtebokiego uczenia sie).



GPT-2

Human-written context:

In a shocking finding, scientist discovered a herd of unicorns living
in a remote, previously unexplored valley, in the Andes Mountains.
Even more surprising to the researchers was the fact that the
unicorns spoke perfect English.

| GPT-2 na to:

Dr. Jorge P’erez, an evolutionary biologist from the University of La
Paz, and several companions, were exploring the Andes Mountains
when they found a small valley, with no other animals or humans.

[...] P’erez and the others then ventured further into the valley. “By
the time we reached the top of one peak, the water looked blue,
with some crystals on top,” said P’erez. (To be continued)



GPT-2, contd:

P’erez and his friends were astonished to see the unicorn herd.
These creatures could be seen from the air without having to move
too much to see them — they were so close they could touch

their horns.

While examining these bizarre creatures the scientists discovered
that the creatures also spoke some fairly regular English. P’erez
stated, “We can see, for example, that they have a common
‘language,” something like a dialect or dialectic.”

Dr. P'erez believes that the unicorns may have originated in
Argentina, where the animals were believed to be descendants of
a lost race of people who lived there before the arrival of humans
in those parts of South America. [...]
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Latest News

July 2018

The article 'rmcis: An R
Package for Monte Carlo
Feature Selection and
Interdependency Discovery”
has been published in
Journal of Statistical
Software.

July 2018

ZBO extends interests
about a new "research
field",

June 2018
ZBO team have participated
in the conference:

‘Rininformatics in Tonin

Welcome to Computational Biology Lab (or Zespot Biologii Obliczeniowej - ZBO in
Polish) at IPl PAN in Warsaw.

Our Mission

Z § Our focus is on learning functions of non-coding DNA regions and thus
IPI PAN detect regulatory disorders that may result in abnormalities in biological
pathways. In order lo better understand development of various diseases, we seek to
rely on thorough studies of multiple informative gene expression regulatory layers,
including the genomic, epigenomic, proteomic and other -omics variability in the course
of evolution. Our group incorporates multidisciplinary knowledge including statistics,

http://zbo.ipipan.waw.pl



| jeszcze aneks,
ale juz nie podczas wyktadu

http://zbo.ipipan.waw.pl



MCFS-ID — Past and Present ZB§
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Draminski M., Koronacki J. rmcfs: An R Package for Monte Carlo Feature Selection and
Interdependency Discovery. Journal of Statistical Software vol. 85(12), doi:10.18637/jss.v085.i12,
2018.

Koronacki, J., Draminski, M. Empirical Model Building Revisited. Models and Reality: Festschrift for
James Robert Thompson, Chicago, IL: T&ANO Company, 2017.

M.Dramiriski, M.J.Dabrowski, K.Diamanti, J.Koronacki, J. Komorowski, "Discovering networks of
interdependent features in high-dimensional problems" in "Big Data Analysis: New Algorithms for
a New Society", eds. Nathalie Japkowicz and Jerzy Stefanowski, Studies in Big Data, ISSN 2197-
6503, 2015.

M.Draminski, A.Rada-Iglesias, S.Enroth, C.Wadelius, J. Koronacki, J.Komorowski "Monte Carlo
feature selection for supervised classification"”, BIOINFORMATICS 24(1): 110-117, 2008.

M.Draminski, J. Koronacki, J.Komorowski "A study on Monte Carlo Gene Screening“;Proceedings
of the New Trends in Intelligent Information Processing and Web Mining IIS'2005 Symposium,
Gdansk, Poland, Springer-Verlag, 2005.




Relative Importance (MCFS-ID)
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Important attribute:

Is located nearby
Occurs in many the root &
decision trees (DT) separates many
objects
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Cut-off point in MCFS-ID




Cut Off — Permutations (MCFS-ID)

=

rd =1&
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Permute x times the decision attribute and run mcfs. Compare
all maximal Rls obtained from such experiments with the

reference experiment (with original decision attribute).
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ID Graphs (MCFS-ID) ZB§

We assume that when two features co-occur along the same
path in a decision tree, they are interdependent




ID Graph - Plot Rules ZBoO

IPI PAN =
The higher Rl of a Direction of the
feature, the stronger links follows the
its color intensity path in the tree:
0 from ancestors to
‘\ their children

O
The more often a P
feature co-occurs The larger the
with others, the weight of an edge,
larger the size of the thicker the
the node connection is




Artificial Data rd =1&
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Draminski M., Koronacki J. (2018) rmcfs: An R Package for Monte Carlo Feature Selection and
Interdependency Discovery. Journal of Statistical Software vol. 85(12), doi:10.18637/)ss.v085.i12.



Student Performance Data Set (UCI) ZB%
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Koronacki, J., Draminski, M. (2017). Empirical Model Building Revisited. Models and Reality:
Festschrift for James Robert Thompson, Chicago, IL: T&NO Company.


Prezentator
Notatki do prezentacji
# Attributes for both student-mat.csv (Math course) and student-por.csv (Portuguese language course) datasets:
27 Dalc - workday alcohol consumption (numeric: from 1 - very low to 5 - very high)
28 Walc - weekend alcohol consumption (numeric: from 1 - very low to 5 - very high)
15 failures - number of past class failures (numeric: n if 1<=n<3, else 4)
30 absences - number of school absences (numeric: from 0 to 93)

1 school - student's school (binary: "GP" - Gabriel Pereira or "MS" - Mousinho da Silveira)
2 sex - student's sex (binary: "F" - female or "M" - male)
3 age - student's age (numeric: from 15 to 22)
4 address - student's home address type (binary: "U" - urban or "R" - rural)
5 famsize - family size (binary: "LE3" - less or equal to 3 or "GT3" - greater than 3)
6 Pstatus - parent's cohabitation status (binary: "T" - living together or "A" - apart)
7 Medu - mother's education (numeric: 0 - none,  1 - primary education (4th grade), 2 – 5th to 9th grade, 3 – secondary education or 4 – higher education)
8 Fedu - father's education (numeric: 0 - none,  1 - primary education (4th grade), 2 – 5th to 9th grade, 3 – secondary education or 4 – higher education)
9 Mjob - mother's job (nominal: "teacher", "health" care related, civil "services" (e.g. administrative or police), "at_home" or "other")
10 Fjob - father's job (nominal: "teacher", "health" care related, civil "services" (e.g. administrative or police), "at_home" or "other")
11 reason - reason to choose this school (nominal: close to "home", school "reputation", "course" preference or "other")
12 guardian - student's guardian (nominal: "mother", "father" or "other")
13 traveltime - home to school travel time (numeric: 1 - <15 min., 2 - 15 to 30 min., 3 - 30 min. to 1 hour, or 4 - >1 hour)
14 studytime - weekly study time (numeric: 1 - <2 hours, 2 - 2 to 5 hours, 3 - 5 to 10 hours, or 4 - >10 hours)
16 schoolsup - extra educational support (binary: yes or no)
17 famsup - family educational support (binary: yes or no)
18 paid - extra paid classes within the course subject (Math or Portuguese) (binary: yes or no)
19 activities - extra-curricular activities (binary: yes or no)
20 nursery - attended nursery school (binary: yes or no)
21 higher - wants to take higher education (binary: yes or no)
22 internet - Internet access at home (binary: yes or no)
23 romantic - with a romantic relationship (binary: yes or no)
24 famrel - quality of family relationships (numeric: from 1 - very bad to 5 - excellent)
25 freetime - free time after school (numeric: from 1 - very low to 5 - very high)
26 goout - going out with friends (numeric: from 1 - very low to 5 - very high)
29 health - current health status (numeric: from 1 - very bad to 5 - very good)
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rmcfs: An R package ver. 1.3.0




rmcfs: a R implementation of MCFS-ID

rmcfs is a R package - publicly available on CRAN.
Multithreaded parallel implementation in Java.
Provides ranking of features with cutoff point of the most
significant features.

Provides interdependency directed graph (ID-Graph) that
shows non linear relations between features. These are not
correlations!

ID-Graph describes frequent interdependecies in the observed
decision trees. In fact, the edges in the ID-Graph describe
weighted conditional probabilities of attributes’ occurrence.
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