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Why statistics?

“...In this world nothing can be said to be certain, except death
and taxes” --- Benjamin Franklin in a letter to his friend M. Le Roy

(*) The Complete Works of Benjamin Franklin, John Bigelow (ed.), New York and London:
G.P. Putnam’s Sons, 1887, Vol. 10, page 170

* In other words, “Uncertainty is prominent around us.”
o It is an inherent part of all information and all knowledge.
 We need to deal with uncertainty in decision making.

Probabilistic Graphical Models

BAYES



'd

@ Motivation
Bayesian probability theory
Bayesian networks
s

Extended family of graphical model
Some applications
BayesFusion, LLC

/Why probability theory and statistics?

“The theory of probabilities is basically only
common sense reduced to a calculus.”

(“... lathéorie des probabilités n'est, au fond, que le bon sens réduit au calcul.”)

— Pierre-Simon Laplace, “Philosophical Essay on Probabilities” (1814)
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Joint probability distribution BayesFusion, LLC

Expresses the probability of events
defined over several random variables

Source: http://postrecession.wordpress.com/tag/risk-aversion/
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Joint probability distributions
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Joint probability distribution

Joint probability distributions are much more interesting
than probability distributions over single variables

Why?

Given the value of some of the variables in the join
probability distribution, we can estimate the
probability distributions over the remaining variables.

Loy

e.g., we can predict the grade distribution in
a university course given the amount of
work that we put into the course
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An easy to prove theorem, obtained from the definition of
conditional probability:

From

P(A|B) = P(A,B) / P(B)
and

P(B|A) = P(A,B) / P(A)
we have

P(A|B) = P(B|A) / P(B) P(A)]
T

Prior (a.k.a. a-priori) probability

Posterior (a.k.a. a-posteriori)
probability

Bayes theorem gives us a mechanism for

\ changing our opinion in light of new evidence! /
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Bayes theorem example

Posterior (a.k.a. a-posteN

Let the prevalence of syphilis in the population of young people
planning to get married in Pennsylvania be 0.001.

Let a (mandatory) test, required for obtaining the marriage license
have sensitivity of 0.98 and specificity of 0.95.

What is the probability that your fiancée, who tested positive for
syphilis, has syphilis?

P(S|+) = P(+|S)/P(+) P(S) (Bayes theorem)
P(+) = P(+|S) P(S) + P(+|~S) P(~S) (theorem of total probability)
P(+) = 0.98 0.001 + 0.05 0.999 = 0.05093

'P(S|+)|=0.98 0.001 / 0.05093(0.001 |
7 2

Prior (a.k.a. a-priori) probability

probability
N 0.01924
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ﬂbetter human interface to the same problem foic

Imagine a population
of 10,000 individuals.

Prevalence of 0.001
means that 10 out of N\

the 10,000 will have
the disease.

Let us screen them all.
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With sensitivity of
98%, 9.8 of the 10
diseased will be
correctly detected.

With specificity of
95%, we will have 5%
(of 9,990), which is
499.5 false positives.

Now, among all those
who tested positive;—
roughly
9.8/(9.8+499.5)=2% will
be diseased.

IS It easier to
understand ©?

LA

Probabilistic Graphical Models
BAYES




( o
Motivation
@ Bayesian probability theory
Bayesian networks
Extended family of graphical models
Some applications

BayesFusion, LLC

Bayes theorem and Bayesian statistics

A versatile and powerful theory that seems to
solve a variety of problems, originating from an
18t century English mathematician, Rev. Thomas
Bayes (http:/en.wikipedia.org/wiki/Thomas_Bayes)

the theory Z
£ that would
W not die 7 g8
how bayes’ rule cracked | Bayes Theory is so “hot” that a lightly written

*=d._the enigma code, | book “The Theory That Would Not Die,”
hunted down russian published in 2011, has become a bestseller

submarines & emerged EGCCJ/;nmended Vibd601 Tt v=80 BB KIES
triumphant from tWOj& ttp://www.youtube.com/watch?v=80 e | 0]

centuries of controversy
n bertsch mcgrayne Bayesian modeling is reliable and it solves
hard problems.

sharo

It can use both, data and expert knowledge.
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What is

Loy

Classical statisticians: “We have no clue ®.
Probability is a limiting frequency. A nuclear
war is not a repetitive process.”

Bayesians: “0.24 ©. Probability is a measure of belief
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What is the relation of Bayesian

statistics to classical statistics?

« Bayesians: “Probability is a measure of belief” (as opposed to
“limiting frequency”), so it is subjective!

» Classical statisticians accuse Bayesians of “hocus pocus” with the
prior distributions (“How do you know them?”).

» Bayesian statistics comes with so called “limit theorems,” which
say that no matter what distribution you choose for your prior, you
will eventually converge to the true distribution if you observe
enough evidence.

e Of course, there is nothing wrong with starting with “the right
distribution” in the beginning (In other words, it would be unwise to
ignore available statistics).

* But even if you don’t have them, you can still do useful work, even if

you have to just guess the priors.
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/Probabilistic knowledge representations

« A probabilistic (Bayesian) model encodes the joint
probability distribution over its variables.

« Knowledge of the joint probability distribution is sufficient
to derive any marginal and conditional probability over the

model’s variables (and anything else we could possibly be
Interested in!).
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The simplest and quite natural graphical representation of a
joint probability distribution over discrete variables

p=0.00098
disease p=0.00002
_ p=0.04995
O ive
m p=0.94905
P(disease present Atest positive) =P(Dn+) =0.00098
P(disease present A test negative) = P(Dn+) =0.00002

P(disease absent A test positive) =P(~D n+) =0.04995
\ P(disease absent A test negative) = P(~D n+) =0.94905
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/Computation In probability trees

from the joint probability distribution encoded in the tree.

We can calculate any marginal or conditional probability distribution

P(D,+)=0.00098

P(D,-)=0.00002

P(-|D

tES)M P(~D,+)=0.04995
PO~ P(~D,-)=0.94905

What is the probability of the disease present?

disease

P(D) =0.00098+0.00002 = 0.001 <

LGy

BAYES
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/Computation In probability trees

The simplest and quite natural graphical representation of a
joint probability distribution over discrete variables

P(D,+)=0.00098

P(D,-)=0.00002

test P(~D,+)=0.04995
QM )

W P(~D,-)=0.94905

What is the probability of the disease present given a positive test result?
Observation of a positive test result makes some of the branches of the
tree impossible. What we need to do is just renormalize the remaining,
possible (i.e., those that are compatible with the evidence) branches!

\ P(D|+) = 0.00098/(0.00098+0.04995) ~ 0.01924 € /
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/VVhat Is wrong with probability trees?

Trees grow exponentially with the number of variables

disease

For n binary variables, we will have 2" branches.
When n=10, the total number of branches is 1,024

When n=11, it is 2,048

\ When n=20, it is 1,048,576 (which is a lot ©) /
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/Great Idea (only 30-40 years old)

Use independences among
variables in the joint probability
distribution to reduce the number
of parameters In its representation!

Due to seminal work on probabilistic independence
by A. Philip Dawid and Judea Pearl

:: 3. | “ft-;
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All brilliant ideas are obvious (once we have them ©)

Then why none of
the civilizations in

the Americas had
it?

Is the concept of a
wheel obvious?
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/ Bayesian probability theory

@ Bayesian networks

Extended famtiil())/r?sf graphical models
Factorability of the joint probability distribution F

Every joint probability distribution can be factorized, i.e.,
rewritten as a product of prior and conditional probability
distributions of each of the model’s variables

f(Xy, Xoy ooy X)) = F(Xq | Xo, Xay ooy X)) F(Xs | Xy ooy X .
f(Xn-z | Xn-1’ Xn) f(Xn-l | Xn) f(Xn)

e.g., four variables (a, b, c, d), we have:
P(A,B,C,D)=P(A|B,C,D) P(B|C,D) P(C|D) P(D)
P(A,B,C,D)=P(A|B,C,D) P(B|C,D) P(D|C) P(C)
iDH(A,B,C,D):P(B|A,C,D) P(DJA,C) P(A|C) P(C)

There are n! different directed graphs corresponding to various ways
of factorizing a joint probability distribution over n variables.

\ Q For n=4, we have 4!=24 different factorizations. /
S Probabilistic Graphical Models
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° E)?tyeerf(ljzr(]j ?:%Vzﬁ/rg?graphical models
Factorability of the joint probability distribution FC

e Any factorization can be simplified if we consider
iIndependencies among variables.

 Those factorizations that become the simplest are
better than others in terms of efficiency of
representation.

e.g., suppose we know that B1D|C, DLA|C, and A1C
We can simplify

P(A,B,C,D)=P(B|A,C,D) P(D|A,C) P(A|C) P(C)
into

P(A,B,C,D)=P(B|A,C) P(D|C) P(A) P(C)

Probabilistic Graphical Models /
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 This underlies the very idea of Bayesian networks.

 We draw a directed graph with arc from the conditioning
variables to the variables in the factorization.

o.‘
P(A,B,C,D)=P(A|B,C,D) P(B|C,D) P(C|D) P(D) = —> 8&
P(A,B,C,D)=P(A|B,C,D) P(B|C,D) P(D|C) P(C) \
P(A,B,C,D)=P(B|A,C,D) P(DIA,C) P(AIC) {Absence of an arc
is a graphical >
representation of
P(A,B,C,D)=P(B|A,C) P(D|C) P(A) P(C) |Independence!

-—® ©

' . Probabilistic Graphical Models /
BAYES

BLD|C, DLA|C, ALC l




/Probability trees and Bayesian networks

Extended family of graphical model
Some applications

Motivation

Bayesian probability theory

@ Bayesian networks
BayesFusion, LLC

s]

LGy

BAYES

probability tree

0=0.00098
disease p=0.00002
0=0.04995

O ive
m p=0.94905

The two representations are equivalent

But, when there are independences in the domain,
Bayesian networks are much, much more efficient!

Bayesian network

b [present { 0.001]
absent | 0.339
Test Disease |absent|present
b |negative | 095 002
postive : 0.05: 033

Probabilistic Graphical Models /
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ﬁayesian networks: An alternative view odels
(quite consistent with the theoretical view, It turns out!

The graphical part of a Bayesian network is a picture
of causal relations among the model variables.

History of mr in Gallstones Amylaze
haspitalization the past =
Tirer Fat intolerance
abdorrinal pain
Pressure in right
Obesity History of Injections Lo ) Toxic hepattis ® RS
transtusion the past

mu'“ [} Carcinoma present 4%' present 2%|
m "I,. preee B%I absent 56% .:l abzent 98% -
. : beent 94% (00
':::' Hepatic steatosis G H - /C) Functional hyperbilir...
iz
present 10% oresent 4%] < Fee present 7%]]
present 38% ] |—labsent s3% (Il |

absent 90%|0 | absent 96 '- absent 62%J ]

[©  Chronic hepatitis

active 13%

persistent 5%

absent 82%

An arc denotes a
causal influence

[Onisko et al.] 70 variables, 123 arcs, 2,415 independences,
2,139 numerical parameters (instead of over 279x1021!)

Probabilistic Graphical Models
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Complexity of Bayesian networks does
not seem to be a show stopper in practice

1082 is believed to be the
number of atoms In the
observable universe

[Przytula et al.] 2,127 variables, 3,595 arcs, 2,261,001 independences,

12,351 numerical parameters (instead of 22127 ~ 10%321)
Probabilistic Graphical Models

BAYES
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A Bayesian network [Pearl 1988] is an acyclic directed
graph consisting of:

 The qualitative part, encoding a
domain's variables (nodes) and
the probabilistic (usually causal)
influences among them (arcs).

 The quantitative part, encoding
the joint probability distribution
over these variables.

Probabilistic Graphical Models /
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Bayesian networks: Numerical parameters [yc

:;‘;ﬁngﬂ‘m; g:g‘;g" Prior probability distribution tables for
a3 29 45 0.3079 nodes without predecessors (Age)

a4 45 60 = D298s| V.

ah 60 up | 0.1504 *

Please note that each absence
of an arc (i.e., each
Independence modeled) is

* |means one less dimension in

. the corresponding conditional
probability table!

Conditional probability

distributions tables for
nodes with predecessors

! (HPV, Pap test, Cervix)

Age al _below_ 20| a2 20 29 | a3 29 45 | ad 45 60 | ab 60 up
MA 0.8652 0.8387 0.7904 0.8055 0.8851
Megative 0.069 0.0901 0.1782 0.1765 0.1012
b [Positive 0.0613 0.0282 0.0142 0.0082
Qns 0.0045 0.0045 0.0032 0.0033 0.0055

Probabilistic Graphical Models
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@ Bayesian networks

Extended family of graphical models
Inference in Bayesian networks: Bayesian updating P

The most important type of reasoning in Bayesian networks is
updating the probability of a hypothesis (e.g., a diagnosis)
given new evidence (e.g., medical findings, test results).

Example:

What is the probability of
Invasive cervical cancer in
a (female) patient with
high grade dysplasia with
a history of HPV
Infection?

Generally, the more sparse the
structure of your network, the

P(CxCa | HPV=positive, HSIL=yes) fewer parameters, the _faster
inference in the Bayesian

\ network. /
. Probabilistic Graphical Models
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ﬂlference In Bayesian networks: Changes in structure |'m°de's

Changes in structure is an economic/econometric terms used
for predicting the effects of manipulation of a modeled system

Example:

What is the probability of
Invasive cervical cancer in
a (female) patient
protected from an HPV
Infection by a (perfect)
vaccine?

We can calculate the effects of
changes in structure only if we
have a causal model of the

sYStem /
Probabilistic Graphical Models
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Bayesian networks
™Y Eﬁtfr,ldidnfiff!gﬁg graphical models
Equation-based systems and graphical models =

classsize = (nstud * cload) / (nfac * tload)
facsal = (oinc + tuition * nstud) / (nfac * (1 + overh)) —— Core equations
stratio = nstud / nfac
cload =15

tload =6
< nstud = 22102 +—— Equations for exogenous variables

nfac = 3006
oinc = 30000000
tuition = 12000
overh =0.48

Together they determine :
the structure of the model

Explication of the asymmetries

\ due to Herb Simon (early 1950s)

BAYES

Probabilistic Graphical Models




Spreadsheet models

ave. error |max. error ave. rel. error

08936
06576 ;
.02 .
) . 01276 0.4058M
0.007 : 7’;3

0006 0.21613
000299 Rl 1467
0.007% 001465/ 0.IN93 0.018N 008993
0.07p45\ 046004 0.4% 0.01126 0.0627
007424 _GA L
0.023) B 3 ~
0.0AM N41%] N 0.0063 TAM263
090876 MO0R06 01178
00036 420 N 0.01383
0.Q0208 / 3 , 0.481

0.00193
0.0§22

0.05043

0.003 / 0.0558 0.21613
0J006ET/ 0.04723 01467
0j0023¢ _A0.015674 N 089393
("00143 0.01126 0627
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Some applications
BayesFusion, LLC

 They could also be viewed as
graphs

e Graphs would show causal
dependences among cells
(variables)

e Of course, for any practical
spreadsheet, we would
essentially get a spaghetti of
connections ©

e Systems of simultaneous
equations and spreadsheet
models are not the best we can
do

* Directed graphs seem to be
better as a user interface!

BAYES

Probabilistic Graphical Models
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Some applications

. BayesFusion, LLC

Visual spreadsheets

* Fix almost everything that has
been wrong with spreadsheets

e Great, but I believe that they could
still be improved upon!

My favorite is Analytica (http://www.lumina.ccy

Probabilistic Graphical Models

BAYESFUSION


http://www.lumina.com/

Motivation
Bayesian probability theory
2 : tworks

Example of a simultaneous structural equation- s """

h, LLC

based model turned into a Bayesian network T

Outside Air Damper Contr...
. . 50%
409
A model of heating and cooling
. . fgzﬁ— Return Air
T t
of buildings. — 0205 0405 05 07 05 08 1 emperawre
- . Spring  25%
Two core equatlons, continuous Summer 25%
. . . . Fall 25%)
variables/distributions. winter 2o
Cold Water Flow Rate
Outside Air Mixed Air Temperature
Temperature
> 15%
=l
o
5% "] -"I- -Il'- Cold Water Inl
II |||II 0 1 > 3 2 5 (-)rem ater Inlet
oot L perature
-20-10 0 10 20 30 40 50 20% 6.67
10% |
i},
Perceived Temperature 2 n o pxae Specific
Heat Ai
. . Hot 299 | 1;2; =
EquatlonS I'e|atl ng tem pel’atureS warm 619NN | Specific Heat Cold Water Outlet
Cold 10%/ll Water Temperature

before and after the damper: o |

Mixed Air Flow Rate / 04
Tma = Toa*ud + Tra*(l_Ud) igzz: Supply (Discharge)Air.../ égg
) . e (] ——
If there is only cooling (u,.=0) | i ] I ||| o o bk an
45 46 47 10% ! | |
mflow_ma*spheat_air*(Tsa'Tma) - metcw*Spheat_water*(Tcw_out'Tcw_in) = = =

and if there is only heating (u..=0)

rnflow_ma*spheat_ai r*(Tsa'Tma) = mdOthw*spheat_water*(ThW_out'Thw_in)

Probabilistic Graphical Models
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@ Extended family of graphical models

Temporal reasoning: Dynamic Bayesian networks

Dynamic Bayesian networks allow for tracking development of a
system over time and support decision making in complex
environments, where not only the final effect counts but also the

system’s trajectory.
init Conditions Temporal Plate (20 slices) lean Condiions I ns p I red by System S Of

differential equations
‘ (the ground work for this

was laid by lwasaki &
Sin i arI 1993)

High Quality of
the Product

High
Production

1

—— Company's Reputation:True
—i#— High Profitz:True
-#— Large Market Share True

i : o g e ——__ o Product Reputation. True

0.3

0.2

0.1
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Qualitative Bayesian networks Bayeerusion, LLC

Qualitative interface to
Bayesian networks require
few numerical probabilities
and allow for rapid model
building and analysis.

They are great for group
decision making sessions.

Personnel
Shortages

Advertizing

No Future
Contracts

Probabilistic Graphical Models /
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@ Extended family of graphical models

Decision Making: Influence Diagrams Some applicatons

BayesFusion, LLC

Bayesian network (model of the World)

s = @D G > o
Decizion 1 the past
Upper Fat i
~ —— i : : TR
‘ eirar e corien 4
transfusion the past History of -
History of viral \‘ | |
iz () Hepatic steatosi ) Toxic hepatitie O Reactive hepatitis
lepalic slealosis
Decision 2 O Hepatic fbrosss o i ° = e
present 10%]]] R = e e

[
- abzent s0%|l0 | - mh—| et e[l
al i

- o
©  Chronic hepattis Q/ TriiaE o = i) Functienal hyperbilir
active  13%l] %dﬁ:nmpensate s%|| present 7%]]
DE':B"]” n J persistent 5% Ecumpensate 2%| present 38% ] —"labsent 83% |0 |
absent i oz% [ absent 62% | |

Representatipn
of dec¢isions

|

Value Over Value Over “alue Ower
Outcome A COutcome B Outcome C

Haw

Multi-Attribute
Utiliby (WAL
Function

Representation of values
(utility function, possibly

multi-attribute
) Probabilistic Graphical Models




Motivation
Bayesian probability theory
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@ Extended family of graphical models

Learning/Data Mining Sayesrusion LLC

There exist algorithms with a capability to analyze data, discover
causal patterns in them, and build models based on these data.

10527 ﬁf*.-.zﬁ'
7904 3775
gE01 57
751 e
6967 95?53......
2439 70333
9554 8525 79 44.225
15287 6525 42 26813 707 232?9 144 "1 738
7057 5525 17 24379 530
16843 7775 4z 2669 75938 27 :
BTG U TR ET B0.625 51964 198 74400
21561 6325 58 44702 7625 26689 52 ?541}[}_
20667 B5 68 32595 7562 o

10684 6175 26 B7A 66 :

11738 7425 732 25,445 86875 27701 12 63400
0107 744311315 712909 162 86200
7817 6575 36 33709 6425 52548 177 54600
7050 26 11 055313 55851 12.8 53500
5022 835 73 GABER 77375 43185 136 B6700
11708 B0 56 16.937 7375 39.478 12.7 62100
7643 4925 23 36635 62813 39302 187 57700
257341 9077167758 80.938144.133 . 10.80200
20155 B6 B4 6331 79632 4B 7EE 176 74000

29852 945 B4 75.009 B1.312 51.363 10.6 74100 Success 02 numeri Cal

structure

- ‘TE;QED 51351 34 51zfzﬂe§3:5 35254 163 5311}‘[:’;] Failure 0.a
g oW (i} 1 =
SUCoESS Success | Failure p aram et ers
Good 04 0
‘Moderate 04 0.3
d at a Poar 02 0e

- Probabilistic Graphical Models
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Some applications
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Motivation

Bayesian probability theory

Bayesian networks

s

® .
BayesFusion, LLC

ﬁ)iagnosis, prediction, prognosis

* This is a distinction based on the causal understanding of the
World and relates to the direction of reasoning

* Finding out what happened is typically diagnosis
e Calculating what will or may happen is prediction/prognosis

PATA

\
-

~ /
Probabilistic Graphical Models
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Extended family of graphical models

® Some applications

Probability theory does not make Bayeshusion LLC
this distinction: Bayesian updating

We can compute the impact of observations
within a model, whether it goes forward or

. . < Metastatic Cancer
backward in time present21%’i
absent 79%|
: Observation < Increased Serum Calcium < Brain Tumor
© MEtaStTlc Cancer of severe present32% ] present10%|
present20% F headaches absent 68%|| absent 90%|[ |
absent 80%|0 | ¥ / 4
< Increased Serum Calcium < Brain Tumor / O Coma O Severe Headaches
present32% ] present 8% present33%|] present100% ([ |
absent 68%|| absent 92%|[ | Observation of absent 67%|[ | | |absent 0% =
¥ / 4 increased
o] Coma O Severe Headaches i
serum calcium .
present32%]J] present62% L] © MEtaStT‘c Cancer
absent 68%|[ | | |absent 38%|0 | \ pl:leser:;t :gof —
absen o
< Increased Serum Calcium < Brain Tumor
present100% [ | present13%||
absent 0% = absent 88%| |
O Coma < Severe Headaches
present80%|f] | |present63% |
absent 20%|| absent 38%( |

Probabilistic Graphical Models
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Diagnosis of liver disorders (the HEPAR Il model) s mose:

—LC

/

=

\ Reactive hepatitis
: : O Toxic hepatitis - WE epattE
*-. |3 Hepatic steatosie () Hepatic fibrosiz i present 2%
(] Carcinoma present 4% |
present 10% l present 4% I absent -:l absent 98% -
absent 90% [ | absent 9% present 6%] =0%
absent 94% [T |
Functional hyperbilir...
3 Chronic hepatitis [:] Cirrhogiz & - /"/ ©
active  13%|]] \\dgmmpemte 5%| present 7%
persistent 5%|| %mmpﬁmte 2% present 28% ] | —|absent 93% [0
sbsent oo I [labsent oo NN gz iz 1

E

Onjsko et al.] 70 variables; 2,139 numerical parameters (instead of over 2/%x10!!)

Probabilistic Graphical Models
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Baves

an networks

Diagnosis and prognosis of cervical cancer

ed family of graphical models
Bpplications

Fusion, LLC
A Ri ther_hist
(& infection_name © ae < ace (4] other_hist_name
- al_below_20 0% Black 0% L] HPY AGUS 0%
Candida 0% |
Chiamydia - a2 20 29 0% Other 0% NA 0% Bleeding 0%
e )
S o a3 20 45  100% | Unknown 0% ®legative 0% CN1 0%
Condyions | b las sz 80 0% White  100% Positive 100% [N w/ciz cinz 100% |
5 60 0% = Qns 0% Z|  |Dysplasi 0%
Herpes 0% || go b up =l = A};sp asml i o
HPV_NEGATIVE 0% J \‘ ] FLELR o
esion
HPV_POSTIVE 1% i o menst_name
- | o Polyps = e Abn_Endometrial 5. 0% =
N 9% NA 180 .] - - Post_Menopausal_Bleeding 0%/
Trichomonas El"ﬁ| benign g, T E Irregular 0%
.b/ CIH1 14%. .] (=] contraception_name Post_Menopausal 5% I
(=] cancer_name CINZ_CIN3_AIS 5407, - \Birth_Cuntrul_Pills 0% | Menopause 1% |
Breast 0% | carcinema 1%, | [=s———{Condom Post_Partum 0%
Cervical 0% carcinoma_not_cervical 0%| Contraceptives B%I Hysterectomy 0%
Endometrial 0% || o lEnE AN 0%| Depoprovera 1% Pregnant 0%
HA sov [N |Vterne-carcnoma 0% VANZ_VAIN3 0% Hormonal 0% NOT_GIVEN 0%
benign 4% =
Other 0%|| = vaginal_carcinoma 19| Iuo 1% NA xd
Ovarian  0%|| | benign_vagina 1%]| NA 8a% I /
Uterine 0% |
[“ELTE] = | [ interpretation_name
[, Lo L] hysterecto
i ) \‘ (Adenocarcinoma 0%
ves 1%|| (] part_name i
L feecode_name (Adenocarcinoma_other 0%
(o} Ovary/fallopian tube no 82% Cervee 5% I - ez .
benign 0%]] N 17% (I . Pap 3%]| _ _
g1 Vagina 2% e 0% AGC_Endocervical Cells_Atypi.. 0%
ovarian_carcing ... 5 5
" < proc TP_imaged 97% _:l AGC_Endometrial_Celle_Atypical 0%
-:| ASC H 0%
o e ASCUS 0%
CONE 16% =1 -
= e o sdequacy_name asiL e —
EMS 19| - P 0o
Excisional Bx 0% Satisfactory 2%]| =L _
HYSTERECTOMY 1% | Satisfactory EC 219 N|:|_Pr|mar'_.r_lnter|:|ret?t|un 0%
NA 7% .] Satisfactory_No_EC_TZ 16% .] Sgquamous_Cell_Carcinoma 0%
SUSP_Mali t_Cells 0%
POLYPECTOMY 1% UNSAT 1% I VLS"—_ dlignant_| v
TRACHELECTOMY 0% | — -
VAGINAL 3%l [

BAYES

Onisko et al.] 18 variables; 295,163 numerical parameters (instead of over 10%3!)
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Extended family of graphical models
® Some applications

BAYES

BayesFusion, LLC

a¥

R

22127, 1 ()632

1082 is believed to be the
number of atoms In the
observable universe

(=
0.8 : -o:er\i‘}i%i oleee
ko ce RS R, e

Przytula et al.] 2,127 variables; 12,351 numerical parameters (instead of 221271)
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plications

Symptomate: An intelligent medical consultant et

i
___AxD

m‘ @ https://symptomate.com/

File Edit View Favorites Tools Help
X Bconvert * Fselect

Q) symptomate i

L-a0 H 9| Ssymptomate.com X f r =
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x  Sconvert v @ Select

Symptomate will h':‘|p yOU find DXM ate English~ Available conditions Pricing Join us
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differential diagnostics

Start checkupnow @

Take part in an innovative project created by

doctors from all over the world.

Join us
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Other diagnostic applications ® Soyectidion LG

 Machine prognosis (in the context of machine
maintenance)

* Diagnosis of database servers (Oracle)
» Diagnosis of airplanes (Boeing)
* Diagnosis of IC “baking” devices (Intel)

Probabilistic Graphical Models
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Bayesian probability theory
Bayesian networks

Ectandad family of graphical models

Modeling engineering and financial processes E’E!L%‘"’,“L‘i”é

Continuous Bayesian networks allow for modeling equation-

based systems.

Diagnostic inference in such models is hard but we can
discretize the variables for the purpose of inference.
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Heat Air

Heat Water

An equation relating temperatures before and after the damper:

Tma=Toa™u_d + Tra™(1-u_d)
If there is only cooling (u_hc == 0}

m_flow_ma*sp_heat_air*(Tsa - Tma) = mdot_cw*sp_heat_water(T_cw_out - T_cw_in)
and if there is only heating (u_cc ==0)

m_flow_ma“sp_heat_air*(Tsa - Tma) = mdot_hw"sp_heat_water*(T_hw_out -
T_hw_in)
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Motivation

Bayesian probability theory
Bayesian networks

Extended family of graphical models

Classification ® Someappiications

http://quides.wikinut.com/img/23pyri.8.frh-6iy/Classification-of-Organisms

The problem of identifying to which set of categories
(sub-populations) a new observation belongs on the
basis of a training set of data containing observations
(or instances) whose category membership is known.

Probabilistic Graphical Models



http://guides.wikinut.com/img/23pyri.8.frh-6iy/Classification-of-Organisms

{ Motivation

Detection

Spam detection
*Fraud detection
*Detection of conflicting medicine

http://sciencebasedpharmacy.wordpress.com/tag/drug-regulation/

Bayesian probability theory

Bayesian networks

Extended family of graphical models
@® Some applications

BayesFusion, LLC

warw. jespordeleuran.dk

i e

http://californialoanfind.com/what-and-who-is-teletrack/
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Motivation

Recognition

Handwriting recognition
Face recognition

Optical character recognition
Pattern recognition

Speech recognition

NORMAL RATE AND RHYTHM ABNORMALITIES IN RHYTHM

Extrasystole (premature beat)

Ventricular fibrillation

ABNORMALITIES IN RATE
Tachycardia

mwwwuw

CARDIAC MYOPATHIES
Myocardial infarction

v liattdyds. ™ W W owm

http://www.ivline.info/2010/05/quick-quide-to-ecg.html

http://www.l1lid.com/pages/116-face

Bayesian probability theory

Bayesian networks

Extended family of graphical models
@® Some applications

BayesFusion, LLC

http://www.stanford.edu/class/cs224s/

>

& Untitled - Notspad
Fle Edit Format View Heb

H a f\ﬂy O ﬁ‘hflj
(e Cogﬂ%m

"4 Untitled - Notepad
Fie Edt Format view Help
Hand writing recognition

http://networkprogramming.wordpress.com/2009/09/

BAYESFUSION
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Recommender systems

An effective way to enhance

and increase sales

Critically-acclaimed Movies

Based on your interestin...

customer shopping experience

L3 Top Rated

Motivation

Bayesian probability theory

Bayesian networks

Extended family of graphical models
® Some applications

BayesFusion, LLC

Customers who bought The Thing [ 1982 ] also bought:

An American Werewoll in London : Two Disc 215t Ar
OVD ~ Dawd Haughton
Felease Date: October 10, 2005

Used B new from £3.00

Met intarested TIIrITITLr Rata ik

The Fog [1979
ODWD ~ John Houseman
Release Date: October 18, 2004

Used B new frorm £3.73

Met ntarssted TIiTiTiTTr Ratba ik
They Live [1989]

DVD ~ John Carpenter
Relzase Date: October 21, 2002

Used & new from £4.21

Met mbarested ¥ TrTrIrTrir Ratas ik

Most Popular
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Bayesian probability theory
Bayesian networks

Extended family of graphical models

The Orlglns: Some applications
Decision Systems Laboratory

® BayesFusion, LLC

Probabilistic Graphical Models



' d

Motivation
Bayesian probability theory
Bayesian networks

Extended family of graphical models
Some applications
® BayesFusion, LLC

BayesFusion, LLC

A Pennsylvania Limited Liability

/é‘ Corporation (LLC), formed 5 May 2015
B 2 http://www.bayesfusion.com/

Acquired license for GeNle, QGeNle and SMILE, from
the University of Pittsburgh 22 June 2015

Partners: Tomek Sowinski & Marek Druzdzel

 Self-funded, free and flexible
In decision making.

« The primary source of our
iIncome is software sales ...

e ... however, we also offer

Research: Development:

. : custom software
Pittsburgh, PA, USA  Bjalystok, Poland devel -
& Bialystok, Poland evelopment, training,

scientific consulting, and
problem solving.
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Bayesian networks
Extended family of graphical models

The Architecture of GeNle and SMILE®

Some applications

[ o

Motivation

Bayesian probability theory
® BayesFusion, LLC

Developed between 1995 and 2015
Made available to the community in 1997
Reliable, fast, thousands of users

P

[ ]

el e e
8 88

EumenBSanesEenns
FRRHFFARIRIR23

Diagnosis:
1 Diagnosis

Model developer module: GeNle.

Implemented in Visual C++ in
Windows environment.

Wrappers: SMILE.NET®, SMILE.COM,
jSMILE®, PySMILE, rSMILE, Pocket SMILE®

applications other than C++compiler

Reasoning engine: SMILE® (Structural
Modeling, Inference, and Learning Engine).

A platform independent library of C++

Qasses for graphical models.

Qualitative Learning and

interface: discovery module ||:%&
L] ‘ 100 00 100 900

QGeNle  fre.,. "'~.,..

Allow SMILE® to be accessed from poemms "->

BAYES

]
L |
N
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New Products

BayesBox:
Fully customizable

interactive cloud model

repository

BayesMobile:
Diagnostic interface
on portable devices

O Evidentious Models Ll
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T_gewin] and # thare bt only hesting

Evidentious Models, Inc. (BayesBox demo)
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Motivation
Bayesian probability theory
Bayesian networks

Extended family of graphical models
Some applications
® BayesFusion, LLC

A model of Pt Ind coslng
An equation reating tempprtun S91d Water Flow Rate
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PBC:present

Hepatic steatosis:present
Cirrhosis:decompensate
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Chronic hepatitis:active
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/Thank you for your attention!

w

\ For technical inquiries please visit http://support.bayesfusion.com/for

@ http://www.bayesfusion.com/
S bayesfusion

& bayesfusion

€3 bayesfusion

BayesFusion

M bayesfusion-lic

E bayesfusion
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https://www.facebook.com/bayesfusion
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https://www.linkedin.com/company/bayesfusion-llc
https://www.youtube.com/channel/UC4cuSIOwU8LgPAdCdelsmKw
http://support.bayesfusion.com/forum/
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