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Example: Estimating Treatment Effect

● Assume we have a new crop 
type and run a field trial

● Observe: Yield
● Question: How effective is our 

new crop?



H o w d o e s i t w o r k i n t h e o r y ?

U p d a ti n g b eli ef s

1. S t a r ti n g b eli ef: P ri o r

2. O b s e r v e d a t a: Li k eli h o o d

3. U p d a t e b eli ef: P o s t e ri o r



Demo

Go to: https://rpsychologist.com/d3/bayes/ 



H o w d o e s i t w o r k i n p r a c ti c e ?

N or m ali z a ti o n c o n s t a n t i s ( u s u all y) 

i m p o s si bl e t o c o m p u t e a n al y ti c all y.

I n s t e a d: U s e a p p r o xi m a ti o n m e t h o d 

c all e d M a r k o v C h ai n M o n t e C a rl o 

( M C M C) t h a t d r a w s s a m pl e s f r o m 

t h e p o s t e ri o r.

A K A … T h e M a gi c M a c hi n e  🪄

Off e r s g r e a t fl e xi bili t y i n m o d el 

c r e a ti o n



How can we build this magic machine??



I got you fam.

https://www.elmhurst.edu/blog/thomas-bayes/ 

Bayesian 
statistics? 
REALLY?



S a m pli n g t o G e t O u r P o s t e ri o r B eli ef

S a m pl e r

( s u g g e s t s 
c o n v e r si o n 

r a t e s)

B a y e s 
F o r m ul a

E v al u a t e s 
s u g g e s t e d 
c o n v e r si o n 
r a t e o n d a t a

Pri o r 
x

Li k eli h o o d

D a t a

Pl a u si bl e 
s ol u ti o n → 
P o s t e ri o r 
s a m pl e s

I m pl a u si bl e 
s ol u ti o n 

→ Di s c a r d



W h e n s t a ti s ti c s b e c o m e s c o u n ti n g
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Probability of positive treatment effect?

→ Probability of positive treatment effect is 98%.



Q u e pi ol a.
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B u t i t g e t s b e t t e r, c h e.
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Pre-packaged vs Composable

Frequentist 
statistics & Machine 

Learning

vs       

Bayesian



Blackbox Machine Learning

ClassifierData Predictions

● Only prediction - not inference

● Blackbox: Not good at conveying what was learned

● Down-side of automation: Purely data-driven, cannot incorporate 
pre-existing knowledge about problem



Frequentist Statistics

Hypothesis
TestData p-value

● Gray box - implicit assumptions (e.g. normality)

● Only use pre-packaged tests, or derive new estimator

● Assumes data has randomness, parameters are fixed

● p-values are not the probability we care about



B a y e si a n M o d eli n g

● T r a n s p a r e n t : O p e n b o x m o d el s

● C o m p o s a bl e : C a n t ail o r m o d el t o s p e ci fi c p r o bl e m

● C a u s al : I n c o r p o r a t e d o m ai n k n o wl e d g e

● P r o b a bili s ti c : A s s u m e s d a t a i s fi x e d, p a r a m e t e r s h a v e r a n d o m n e s s

● C o d e -f ri e n dl y : B uil d c u s t o m m o d el  i n c o d e, n o t  m a t h.

C u s t o m
B a y e si a n

M o d el
D a t a Pr o b a bili ti e s



Pri o r s & t h e Ill u si o n of O bj e c ti vi t y

● A f r e q u e n t c o n c e r n a b o u t B a y e si a n m o d elli n g i s t h a t t h e s ci e n ti s t o r 

a n al y s t h a s t o r e p r e s e n t t h ei r b eli ef s of t h e ef f e c t  t h e y’ r e s t u d yi n g 

i n t o t h e p ri o r

● H o w e v e r: i t c a n b e a r g u e d t hi s i s a c t u all y a p o si ti v e eff o r t t o e x pli ci t 

u n d e rl yi n g a s s u m p ti o n s

● M a n y s u bj e c ti v e d e ci si o n s g o i n t o a n e x p e ri m e n t a n d i t s a n al y si s:
○ E x p e ri m e n t al d e si g n

○ M e t ri c s

○ M o d el

○ D e ci si o n r ul e s ( w h a t i s a hi t ?)



P y M C: C o d e p o w e rf ul m o d el s i n P y t h o n

M o d e r n:  M C M C ( N U T S) a n d 

v a ri a ti o n al i nf e r e n c e ( A D VI).

U s e r f ri e n dl y : Fri e n dl y P y t h o n 

s y n t a x. 

F a s t : C o m pil e s t o C, s u p p o r t s G P U.

B a t t e ri e s i n cl u d e d : Di s t ri b u ti o n s, 

G a u s si a n Pr o c e s s e s

C o m m u ni t y f o c u s e d : Di s c o u r s e, 

M e e t U p s, T wi tt e r



W h e n d o e s 
B a y e si a n m o d eli n g 

w o r k b e s t ?



Integrate domain 
knowledge in models

When does Bayesian modeling work best?

Gain insight into your 
data

Structured data 
(hierarchical, time series…)

Make decisions with 
real-world consequences

Not a simple prediction 
problem

Sparse, noisy, unbalanced, 
or missing data

Uncertainty plays an 
important role





O u r Cli e n t s

B uil d st at e- of-t h e- art M M M A ut o m at e M M M pi p eli n e I m pr o v e A B t e sti n g

▪ B e at s F B R o b y n a n d U b er' s O K R i n 
h ol d- o ut

▪ U s e d t o o pti mi z e t ot al i nt er n ati o n al m ar k eti n g 
b u d g et

▪ B ef or e: H u n dr e d s of a n al y st s b uilt c u st o m M M M 
pi p eli n e s

▪ N o w: H a n df ul of a n al y st s r u n 
a ut o m at e d pi p eli n e s t h at d et er mi n e b e st M M M 
c o nfi g ur ati o n

▪ B ef or e: U s e d i nfl e xi bl e a n d li mit e d fr e q u e nti st 
fr a m e w or k

▪ N o w: U s e s m o d er n B a y e si a n A B t e sti n g 
fr a m e w or k t h at s c al e s t o T wit c h- si z e d at a

▪ All o w s t o m a k e m or e a c c ur at e pr o d u ct- d e ci si o n s 
f a st er

D e v el o p st at e- of-t h e- art m o d el f or e sti m ati n g 
diff er e n c e s i n r at d e v el o p m e nt

E sti m ati n g eff e ct s of diff er e nt cr o p-t y p e s o n 
a gri c ult ur al fi el d s C o g niti v e tr ai ni n g f or ki d s wit h A D H D

▪ R at s ar e m o nit or e d i n c a g e s o v er 
s e v er al m o nt h s

▪ M o d el i n cr e a s e s s e n siti vit y a n d s p e cifi cit y o v er 
pr e vi o u s a p pr o a c h

▪ U p c o mi n g N at ur e M et h o d s s u b mi s si o n

▪ R eli a bl e e sti m ati o n of tr e at m e nt eff e ct s wit h 
s p ati al c o nf o u n d er s

▪ Dir e ctl y i nf or m s w hi c h cr o p s ar e b ei n g m ar k et e d 
a n d s ol d

▪ E sti m ati o n of c o g niti v e pr o c e s s e s 
b a s e d o n p erf or m a n c e o n c o g niti v e tr ai ni n g 
g a m e

▪ O nl y m o d el t o r e v e al tr ai ni n g eff e ct s wit h 
r e al- w orl d c arr y- o v er
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W e w or k 
wit h D at a S ci e n c e 

T e a m s
M ar k eti n g 
A n al yti c s 

Fi n a n c e 
T e a m s

Gr o wt h T e a m s P h ar m a Bi ot e c h H e alt h 
C ar e



E x a m pl e s f r o m o u r cli e n t w o r k
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A B

C D

E x p e ct e d F ut ur e R e v e n u e p er C u st o m er ? W h at i s t h e s p ati al di stri b uti o n of m y d at a ?

H o w bi g i s t h e c a u s al i m p a ct of m y m ar k eti n g 
c a m p ai g n ?

H o w m a n y n e w u s er s ?



Linear regression



Robust linear regression

Normal likelihood Student-T likelihood



Hierarchical models for nested data

Useful specifically when you have multiple subjects.

You can model differences and similarities.

Single subject model Hierarchical model



Bayesian Estimation Supersedes the T-Test



Mixture Models



Gaussian Processes



Survival Analysis



Bayesian Time Series



W ai t.
Di d y o u s a y G a u s si a n P r o c e s s ?
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W h a t d o t h e s e h a v e i n c o m m o n ?

N e u r al 
N e t w o r k s

Ti m e s e ri e s 
( A R/ A R M A)Li n e a r R e g r e s si o n

P ol y n o mi al R e g r e s si o n 
S pli n e R e g r e s si o n

All s p e ci al c a s e s of G a u s si a n p r o c e s s e s



GPs can flexibly fit data

Using GP's to forecast Supernova 
Ia lightcurves, 

by Andy Tzanidakis



Geospatial Modeling

Susiluoto et. al., 2020. Efficient multi-scale Gaussian process regression for massive remote sensing data with satGP v0.1.2





Show me the data

Full example here, and there



Seasoning



Modeling



PyMCing – Part 1



PyMCing – Part 2



PyMCing – Part 3



PyMCing – Part 4



PyMCing – Part 5



Show me the results!



Predicting the future



Decomposing the GP’s elements



Statisticians just wanna leeeeeaaarn!

PyMC Educational Resources

Intuitive Bayes 
Introductory Course

PyMC Discourse

‘Learn Bayes Stats’ 
podcast

PyMC Docs





http://bayesdelsur.com.ar/



Need custom solutions to your most 
challenging data science problems? 

Contact us @ 

alex.andorra@pymc-labs.io

More details about 
what we do

Further info about 
PyMC

The Bayesian super 
power in audio format


