Predictive Analytics - Regression and Classification
Prof. Sourish Das
Department of Mathematics
Chennai Mathematical Institute

Lecture - 61
Hands on with Julia_Bayesian Poisson Regression with Horse Shoe English
Prior_League Data

Hi all, in this video, I am going to do Poisson regression or count regression using Julia. And
in this video, I am going to show how we can use the UK football data or English prior league
data, because we have seen in the previous videos that English prior league data, the home
teams code the number of goal. And if we want to model number of goal, it will be either

through a Poisson regression or negative binomial regression.

So, what I am going to do in this video, [ am going to show you how to do Poisson regression

using Julia, ok.
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Poisson Regression using Julia
In [1]: usirg CSV, DataFrames, CRRao

In (6): df train = DataFrame(CSV.File('E0_20 21.csv'))
QUt[6]: 380x103 DataFrame 6 cobumns and 355 rows omited
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So, first in my Jupyter, I am going to start our Jupyter Notebook. So, first I will write give a
title to my Notebook, say Poisson Regression using Julia, ok. And then the first thing I am

going to do, [ am going to call CSV DataFrames and CRRao is 3 for sure. Let me run this.
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Now, in my the same folder where you are starting your Jupyter Notebook, I have

downloaded 2021 data and 21 22 data. So, I am going to use 2021 data, ok.
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So, what I will do DataFrame CSV dot File quote unquote, I just need the name. So, file

name, you keep the file name in the same folder. So, that will be helpful, ok.
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In [6]: df_train = DataFrame(CSV.File("E0_20_2L.csv'))s|
Qut[6]: 380x103 CateFrame 6 cobumns and 355 rows omited
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So, this gives me the data set that I am looking for. So, there are 380 gaming are being played,

ok. And there are 106 columns are there. So, there is lots of columns are there, ok.
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quentitative testing of betting systems in spreadsheet applications like Excel.
League tables, head2head statistics and information on goalscrores, first scorers
2nd top scorers can now be accessec through the Livescore service, Latest betting
adcs are avallable through the Odds Comparison.

You are free B\(péﬂm!ﬂl with the data yuursewes, out if you are \Ml"\g for a
bespoke Excel application that has been desinged specifcally to work with Footbell-
Data's NBS, visit BetGPS for an exceptional data analysis workoook. Like all of
Football-Data's files, it free 1o download.

(textfile key to the daia fles and data source acknowledgements)
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Notes for Football Data

All data is in csv format, ready for use within standard spreadsheet applications. Please note that some abbreviations
are no longer in use (in particular odds from specific bocknakers no longer used) and refer to data collected in earlier
seasons. For a current list of what bookmakers are included in the dataset please visit http://www.football-
data.co.uk/matches. php

Key to results data:

Div = League Division
Date = Match Date (dd/mm/yy)

Time = Time of match kick off

HomeTean = Home Team X

AwayTean = Avay Team

FTHG and HG = Full Time Home Team Goals

FTAG and AG = Full Time Away Team Goals

FIR and Res = Full Time Result (H=Home Win, D=Draw, A=Away Win)
HTHG = Half Time Home Team Goals

HTAG = Half Time Away Team Goals

HIR = Half Time Result (H=Home Win, D=Draw, A=Away Win)

Match Statistics (where available)

Attendance = Crowd Attendance

Referee = Match Referce

S = Home Team Shots

AS = Away Team Shots

HST = Home Team Shots on Target

AST = Away Team Shots on Target 3
HHW = Home Team Hit Woodwork

AHW = Away Team Hit Woodwork

And now my what [ am going to do, I want to model number of goals scored by. So, if I just
go back there and you know, if I Note dot txt click on that. So, I want to come full-time home
team goal that is FTHG. This is what I want to model, ok. So, what I want to model is let us

the model is, ok.
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*+Variable Definition'*

F2HG and HG = Pull Tine Home Tsan Goals
FIAG and AG = Full Tine Away Tean Goals

FR and Res = Full Tine Result (Heome ilin, DsDraw, Akway Hia)
HIHG = Half Tine Home Team Goals

HIAG = Half Tine Avay Tean Goals

HOR = Half Time Result (HeHome Win, DeDraw, AvAway Win]

Attendance = Crowd Attendance
Referee = Hatch Referee

BS = Boms Team Shots

AS = Muay Tean Shots

HST = Hone Tean Shots on Target

AST = Avay Tean shots on Target

HEW = Hone Tean Hit Woodwork

ARV = Avay Tean Bit Woodwork

HC = Home Team Corners

AC = Auay Tean Corners

HP = Hone Tean Fouls Conmitted

AT = Avay Tean Fouls Committed

HFKC = Home Tean Free Kicks Coaceded

AFKC = Avay Team Frse Kicks Corceded

HO = Home Tean Offsides

A0 = Avay Tean Offsides

HY = Home Team Yellow Cards

AY = Avay Tean Yellow Cards

HR = Hone Tean Red Cards

AR = Auay Team Red Cards

HBP = Hone Team Bookings Foints (10 = yellov, 25 = red)
ABP = Avay Tean Bookings Foints (10 = yellov, 25 = red)

First is let me just at least write down few things FTHG. These are the basic definitions. Let
me just copy it down, ok. These are the variable definition, ok. Variable Definition, ok. And
then I will just copy few more things. Can there is all these information’s so I am going to,

ok.
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| HTR = Half Time Result (H=Home Win, D=Draw, A=Away Win)

Attendanse = Crowd Attendance
Referee = Hatch Referee

BS = Boms Team Shots

AS = Auay Team Shots

HST = Hone Tean Shots on Target

AST = Avay Tean Shots on Target

HAW = Hone Team Hit Woodwork

ARW = Avay Tean it Woodwork

HC = Home Tean Corners

AC = Avay Team Cornsrs

HF = Home Team Fouls Comnitted

AF = Away Tean Fouls Comnitted

HPKC = Home Team Prse Kicks Conceded

AFKC = Avay Tean Froe Kicks Cotceded

HO = Home Tean Offsides

A0 = Avay Team Offsides

HY = Home Tean Yellow Cards

AY = Aay Tean Yellow Cards

HR = Home Team Red Cards

AR = Avay Tean Red Cards

HBP = Hone Tean Bookings Foints (10 = yellov, 25 = red)
ABP = Avay Tean Bookings Foints (10 = yellov, 25 = red)

BIGSH = Bet365 home win odds
BIESD = Bet365 drav odds

BIGSA = Be365 away win odds
BSH = Blue Square home win odds
BSD = Blue Square drav odds
BSA = Blue Square away win odds

And some of the betting statistics as well, ok. Opsee; alright so, let me just stop here. So,
these are the, so, now, FTHG is the one of the variable here FTHG. This is the home teams

code basically full-time. How many goals scored by the home team?
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HO = Home Team Offsides

A0 = Mway Tean Offsides

HY = Home Tean Yellow Cards
AY = Auay Team Yellow Cards

HR = Home Teanm Red Cards

AR = Avay Tean Red Cards

HBP = Hone Tean Bookings Foints (10 = yellov, 25 = red)
ABP = Avay Tean Bookings Foints (10 = yellov, 25 = red)

BIGSH = Be:365 home win odds
BIGED = Be365 draw odds

BIGSA = Be365 away win odds
BSH = Blue Square home vin odds
BSD = Blue Square drav odds
BSA = Blue Square avay win odds

*rHodal ++

\begin{egnarray)
F7HG 6-& Poisson| (\lambda) \\

\log(\lasbda] §=& \oeta 0 + \beta_1 HS + \beta 2 AS + \beta 3 HST + \beta 4 AST + \beta 5 HC + \beta 6 AC + \beta 7
BI6SH + \beta § BI65A

\end{eqnarzay}

So, this is what the, what we want to model. And we want to model as a function of what?
We want to model it as a function of maybe, you know, home team, how many shots were
taken by the home team? And like HS. And how many shots were taken by away team? Ok.
And then how many home team shots on target? Ok. And then away team shots on target.

Then home team corners. How many corners were taken by home team away team corners?

And then maybe BETrix 65, the score by BETrix 365. And away teams score all these things
we want to model. This is the model that we want to model. But the home team is. So, model
this is my model. This is the model that we want to fit, ok. So, this is, so, effectively this will
be like home Poisson, lambda Poisson lambda. And then log of lambda BDA lambda equals
to beta naught plus beta 1 HS so, this way beta 2, beta 3, beta 4, beta 5, beta 6, beta 7 and beta
8.



So, this is pretty much what we have, ok. So, let me not take dollar here. So, maybe, I will
just put it like this. I will put it like this. Let me run it, ok. Yeah so, maybe I will just put,
yeah. If I just do this, probably this is, we will make, ok. So, maybe I will just put begin

equation array, e qnarray and end eqnarray. And it will work.
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WoE = muue Lea AALgE FUNS (AU = yEkws s = Aeu]
ABP = Awny Tean Bookings Foints (10 = ysllov, 25 = red]
BI6SH = Bet365 home win odds
BI6SD = Be:365 draw odds
BIGSA = Bet365 away win odds
BSH = Blue Squere home win odds
BSD = Blue Square drav odds
BSA = Blue Squere away vin odds

Model

FTHG  Poisson(i)
104(A) = fiy + BLHS + BAS + s HST + BAST + fsHC + fgAC + B36SH + fyB3654

MLE Estimatss

In [7]: using CRRao

mod] = fit(éfornula(FTHG ~ HS + AS + HST + AST + HC + AC +B36SH + B365A),df_train, PoisscnRegression())

LoadError: UndefVarErzor: @formula nct defined

m:

Yeah. So, this is what the, this is what the model I want to fit. And so, for that, I am going to
call CRRao. And the first model that we are going to fit is fit, ok. At the rate formula, ok and
first is FTHG, FTHG and then HS plus AS plus HST plus AST plus HC plus AC plus B365,
opsee B365H plus B365A. Now, after that, [ have to give the name of the data set df train, ok.
And then I have to give, I have to say the class of the thing, but X.
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‘ codstalker7 Siddhant Chaudhary
= README.md
ey ‘sourish-emi Sourish
oo I e ®
o ShouvikGhosh2048 Shouvik Ghosh
Toinstall:

‘ syushgatalbgitAyssh Petnak

Forversion 0.10 (stable)

& Languages
using Pkg; Pkg.add (*CRRao")

o i 10004
Forversion 0.1.1 (under development)

using Pkg; Pkg.add(url = "https://gAthub. com/xKDR/CRRav. J1.91t")

CRRao: A single API for diverse statistical models

Many Julia, and y of the mockl stezdily improving.

Drawing inspiration from the Zelig package in the R world, the C3Rao package gives a simple and consistent AP to

e end user. The enc-user then faces the fired cost of gettrg a hang of thi, once, and sfter thata wide array cf
bl yntax. We

staistical mdels willbuid withinths framework.

Here's an example of estimating the linear regression
MPG =B0+ 1 HP + 2 WT + B3 Gear + ¢

Wit o ket QNGB 0.

So, maybe I will just CRRao package. I will just go to the stable, doc package.



(Refer Slide Time: 10:32)

@00 ) hitps/wwwloobal-ditacor X | Z DownloadsfTeachingRegressic X | @ Hands_on wit_bia.and G X | @ Untfed- Jupytar Notsbock X @ Hame CRRao | X+ v

€ C @ xkdr.githubio/CRRac j/stable/¥API-Reference. o vowroepPrlinain . H %

* Bookrars @ @ @ @ DonMChacelns. EJ CCNA B SurstisBootMark @ FinarceReseach.. M Gmal @ ops B} News B Tonsate NPTEL
CRRBO.]' © Turorial: Bayesian Logistic Regression

AP Reference

Home + General Interface:
© Manual o Understancing the interface:
© APl Refeence > Model Classes and Data Models
Manual & Lk foncioes.
© Prior Distrbutions
& » Settng Randorn Number Generators
API Reference * Fequentist Regression Models
e > Lirear Regression
© Logstic Regression
Frequents: Regression Medels » Negaive Binomial Reression
Bayesian Regression Models + Poissd Regression

o Extended functions from StaisAPL|
+ Bayesian Regression Models
o Lirear Regression
Logistic Regression
o Negative Binomal Regression

© Poisson Regression

Guide »

Powered by Docunesterj and the L Pregrammig Language.
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Stats#P1.fit - Method

fit({ 13 3

sl Fit 2 Poisson Regression madel on the nput data (with the defaul ink function being the Log Ik Uses the gln

Guide ‘method from the GLM package under the hood. Retums an object of type
FrequentisiRegression{:Poissonkegression}.

API Reference
Exanpe
General ntertace
" julia> using CRRao, Rbatasets, StatsModels []
FrequentisRegression Modes Juliss sanction = dataset('Zelig", "sanction”)
. 7848 DataFrane

© Linear Regression Row [ Mil  Coop Target Import Export Cost Num  NCost

© Logistc Regresson s Ints2 Ints2 Int2 Intl2 Ints2 Inti2 Cat.

o I
1 143 1 14 15 mjer loss

e 2 0 2 3 8 13 4 mdestloss

© Extended furctionsfrom SatsAPLi 3 0 1 3 1 8 2 1 littleeffect
af 1131 1 2 1 litfleeffect

BHeSIepRsaorh b 5| 6 1 3 1 1 2 1 litfleeffect
6 o 1 35 0 1 2 1 ltfleeffet
73 1 3 1 1 1 2 4 little effect
|l o 2 1 0 0 1 2 metgain
sl e 15 0 12 1 little effect
% 6 4 5 1 0 2 13 littleeffect
7| e 1 2 0 0 1 1 metgain

Vesion | 1010 v Bl 13 t1 12 10 little effect

BA rews onitted
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CRRa0jl 2 o 2 5 0 1 3 4 mdestlss
) £ 51 0 2 1 littleeffet
4 11 3 1 1 2 1 littleeffect
s| 0 1 3 4 12 1 little effect
6 0 1 3 0 1 2 1 litfleeffect
Home : : : : PR :
- 13 L 1 1 2 4 little effect
=k 7 0 2 1 0 o 1 2 net gain
an B0 1 S0 1 2 1 littleeffet
w0 4 5 10 2 3 littleeffect
APIReference | e 1 2 e 0 1 1 netgain
B 13 11 1 2 @ littleeffet
General Interface 66 rows onitted
Juldan continer = fit(Efornula(Num ~ Target 4 Caop + NCost), sanction, Roissenfegression())
Frequentist Regression Modes Model Class: Poisson Regression
Likelitood Node: Paison
o LinearRegresion Link Function: Log

o Logstc Regresson Conputing Method: Optimization

© Negative Binomal egresson Coaf. Std. Error  z Pr(s|z|) Lower 558 Upper 958

o Exendedurctons from SatsAPl (Intercept) LO32  0.26167 731 <le-12 242578 -1.40106
Target 0.157769  0.0653822 2.41 0.0:58 0.0296218  0.285915
Bayesian Regression Models (Coop 1.15127  0.0561861 20.49  <le-92 1.8411¢ 1.2613¢

Neost: major loss  -0.324351 0.23055 -1.41  6.1590 -0.774951  0.126848
Neost: modest loss  1.71973  0.100518 17.11 <cle-64 15272  1.91674
Neost: net gain  0.463307 016992 273  0.0063 0.1387  0.796944

Extended functions from StatsAPLjl

Vesion 1010

So, API reference Poisson regression, what I will do is what I have to do. Yeah. So, Poisson
regression, that is what we have to do here. So, PoissonRegression. So, if I just, if you write
POI and then tab, it will fill it up for itself. Now, if you just do this, this will fill a, set a fit a

maximum likelihood estimate, ok.

Maximum likelihood estimate or MLE estimates, ok. Let me just put it up there. Yeah, and
now let me just run this. Why it is not formula? Ok. So, I have to, maybe I have to call a

StatsModels. Yeah StatModels, I need. Yeah so, yeah. And I think now it is fine, ok.
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mod] = fit(éfornula(PTHG ~ HS + AS + HST + AST + HC + AC +B365H + B365A),df_train, PoisscnRegression())

QuE[8]: Model Class: Poisson Regression
Likelinood Mode: Poison
Link Function: Lot
Computing Hethod: Optimization

Coef. Std. Error ¢ Pr(slzl)  Tower 95 Upper 951

(Intercept) -0.352743  0.236089 -1.49  0.1351 -0.815458  0.109983
BS -0.034822 00141776 -2.45  0.0140 -0.0626095  -0.00703447
2 -0.023019 00139061 -1.65  0.0979 -0.0502744  0.00423639

HST 0238635 00229936 1033 <le-24  0.193569  0.283703
AT 0.0255725 00271946 0.9  0.3470 -0.0277279  0.073872¢
HC -0.0438155  0.0186827 -2.35 00190 -0.0804331  -0.00719804
A 0.0344269  0.0103173 173 0.0747 -0.00343431 0.0722482
B365H -0.0248452  0.0300651 -0.83  0.4086 -0.0837727  0.0340803
BI6SA 0.0368102  0.014548¢ 253 0.0114  0.00829595  0.0653245

Bayesian Polsson Regression with Ridge Pior

In [ ]: mod ridge = fit(@formila(FTHG ~ HS + AS + HST + AST + HC + AC +B365H + B36SA)
1d2_train, PoissonRegress:or()
Prior_Ridge())

So, if I look into it, HST home, number of shot on target by home team is either going to have
a very strong effect, positive effect. Obviously more shot you have on the target, the chance of
having score is I. And then this is another home team, now shot and has a effect. And then
this is also home team number of goal, number of corner by home team. And what is the

weight 365s, hours odds for the away team? That also is the important role.

And you can see that this coefficient has a positive effect alright interesting phenomena that
we are getting. Now, suppose we want to predict, suppose we want to fit Bayesian regression
model, Bayesian Poisson regression model with, say ridge prior Bayesian Poisson let me
Bayesian Poisson Regression with Ridge Prior, R i d g e, Ridge Prior. So, if I just run this. So,
the if you just go there, all I have to do is essentially just copy this thing. And; obviously, now

I want to change the name, maybe I will say ridge.



And after the Poisson regression, I would say Prior Ridge. And if you just Prior underscore R,
and then if you just tab, it will take the rest of the thing, ok. So, you do not have to really
worry about that. Let me just put it here. So, that you know it is kind of aligned. And you can

see the entire model.
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In (9): mod_ridgs = fit(éformula(FTHG - §S + AS + HST + AST + HC + AC +B365H + B36SA)
,d2_train, PoissonRegressior()
Prior Ridge())

r 1nfo: Pound initial step size
L€ = 2.2737367544323207e-14
ng: 100

sa

Cut[9]: Formula: FTHG - 1 + HS + A5 + HST + AST + HC 4 AC + BI6SE + BIGSA
Link: CRRao.Identity(CRRao. Identity Link)
Chain: Chains NCHC chain (1000x22x1 Rrray(Floatéd, 3}):

Iterations -
Number of chains =
Samples per chein = 1000
Wall duration = 9,18 seconds

Compute duration = 9.1§ seconds

perencters = & 21, Brz1s B3, a1, st Bis), pI1, Blsl, pis)

internals = 1p, n_steps, is_accept, acceptance rzte, log density, hamiltonian erergy, hamiltonian energy erro
r, max_haniltonian_energy error, tree depth, nurerical error, step_size, nom step size

5011151500
1

Sumazy Statistics
purameters  mean std  mose  essbulk ess_tall  rhat
synbol Ploat6é FPloatsd Floatét  Floatsé  Floatid Floatéd =

ho0.050 0.0 0.0017 5544956 470.673 10013
Brl) -0.032  0.1055  0.0082  665.71215 482.7547  1.0029
Pr2;  -0.033 0.0135 0.0005 807.1235  709.5762 0.9994
B3y -0.0258 0.0132 . 0005 587.5589  648.2018 0.9997
Bra) 0.2235 0.0239 0.0009 703.6354  519.9746 1.0042
) 0.0155 0.0259 0.0011 600.0533  560.5737 1.0010

(6] -0.0494  0.0131  0.0005 1087.5750 936.7700  1.003:
Bl 0.0281 0.0130 0.0006 979.2808  678.5209 0.999:
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Chain: (nains NCHC chain (LUUUXZZKI Array(Fioeted, 3)):

Tterations = 501:1:1500
Number of chains = 1
Samples per chain = 1000

Wall duration = 9.13 seconds
compute duration = 9,18 seconds

parameters =k fran, Bz, Be31, fray, Besi, pren, proy, Brs, Broy

internals = 1p, n_steps, is_sccept, acceptance rte, log_dersity, haniltonian erergy, haniltonian energy erro

¥, max_hamiltonian_energy_error, tree_depth, numerical_error, step_size, nom step_size

Sumary Statistics
puramcters  mean std  moss  essbulk esstall  raat
synbol Floatéi Floatsd Floatéd  Floatsd  Floatéd Floated =

A 0.1050  0.0344  0.0017  554.4956 470.5723  1.0013
Bri] -0.0832  0.1055  0.0042  665.7215 4827547  1.0029
pr2)  -0.033 0.0135 0.0005 807.1235  709.5762 0.9994
Br3)  -0.0258 0.0132 0.0005 587.5589  648.2038 0.9997
Brd) 0.2235 0.0239 0.0009 703.6354  519.3746 1.0042
BLs) 0.0155 0.0259 0.0011 600.0533  560.5737 1.0010
Br6)  -0.0894 0.0131 0.0005  1087.5750  936.7700 1,002
Y] 0.0281 0.0130 0.0006 979.2808  678.5209 0.999:
B[8] -0.0407  0.0281  0.0010  833.8843 435.4233  0.9393
O] 0.0287  0.013  0.0005  789.2598 5511041 10032

Quantiles
parameters 2.5t 5.0t 50.00 5.0t 7.5t
Synbol Ploatéd Floatsé Float6d Ploatéd Float6d

Lo0.096 0086 0.0977  0.1210  0.1375
Brl) -0.2042 -0.1256 -0.0540  0.0089  0.1251
N Br2)  -0.0804 -0.0431 -0.0333 -0.0234 -0.008)

So, let me just run it. So, if you look into the, by default, it always simulate 1000 samples.
And if you look into the rhat, you see the rhats are all close to 1. So, it took 500 burning. And
after that, it simulated 1000 samples after burning. It is very fast because it uses Hamiltonian

Monte Carlo method.
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T, DaX_namiitonian_energy_error, tree_Geptn, NUNEriCai GIror, Step_S1ze, NOm_STep size

Sumary Statistics
paramcters  mean std  moss  essbulk ess_tall  raat =
symbol Floatéi Floatsd Floatt  Floatsé  Floathd Floated =

ho0.1050  0.034  0.0017 5544956 4705723 L0013 =
B} =0.083  0.1055  0.0042  665.7215 4827547 10029 =
2] =0.03)6  0.0135  0.0005  807.1235 709.5762  0.9994 -
B3] -0.0258  0.0132  0.0005  567.5589 648.2038  0.9997 =
i) 0.2235  0.0239  0.0009  703.6354 519976  1.0042 =
B5)  0.055  0.0259  0.001L 6000533 5605737 L0 -
6] -0.0094  0.0131  0.0005 1067.5750 936.7700  LO)IL =
(7} 0.0281  0.0130  0.0005  979.2808 678.5209  0.9991 =
B8] =0.0407  0.0231  0.001) 8338843 4354233  0.999) -
BUO)  0.0287  0.0133  0.0005  789.259%8 S5L0Al  Lo)3z =

Quantiles
paraneters 2.5 5.0 50.00 5.0t 9150
synbol Ploatéi Floatsd Ploaté! Ploatéd Ploat6l

Lo 0.059  0.0826  0.0977  0.1210  0.1975
i} -0.2842 -0.1256 -0.0540  0.0059  0.1251
2] -0.0804 -0.0431 -0.0338 -0.0234 -0.008)
B3] =0.0516 -0.0347 =-0.0258 -0.0166 =-0.0004
Bt4l 0.7 0,206  0.2235  0.2400  0.2691
Ps)  -0.0389 -0.0032  0.0163  0.0338  0.0655
PI6]  -0.0859 -0.0617 -0.0432 -0.0365 -0.0154
BI7) -0.0093  0.0152  0.0285  0.03%6  0.0644
Pr3) 0,094 -0.0590 -0.0415 -0.0221  0.0157
9] 0.0023  0.0202  0.0285  0.0369  0.0563

And these are the coefficients estimates. So, here you have 1, 2, 3,4, 5, 6, 7, 8, 8 coefficients
and intercept and now here also. So, total 9. So, you can see there are 9 coefficients, including

first one is the intercept and lambda is the scale parameter that is required, ok.

So, intercept is negative 0.35 in MLE. And we are getting slightly off here, negative 0, 6.
Others are like negative 0, 3 for HS, negative 0 3, negative 0 2, 4, yeah. So, the other value
that looks like 0.238 for HST, which is 2, 3, 4th coefficient 0.22, yeah. So, the coefficients
looks like similar to close to that of MLE. But it is very simple.
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General Interface
Understanding the interface

CRRao exports the fit function, which i
furction supports the following signatures.

types of the package. As of now, the

fit{formle, data, medelClass)
fit{formulz, data, medelclass, Link)
fit{formlz, data, medelClass, prior)
fit{formule, data, mdelClass, Link, prior)

it notallmodel pe ofsgnature. bove mean

the folowing.

1. The parameter fornula must be a formul of
RHS. The LHS represents

2. The parameter data must be a DataFrane.
traired.

Fornulatern. Any formulz has an LHS and

, and the RH5

the dataset on which the

3. modelCLass represents the type of the statistical model to be used. Currently, C
‘models, and the type of nocel<lass must be one of the following:

regression

« LinearRegression
* LogisticRegressicn

* NegBinoaRegressicn

Genenlntrace - R |

x

+

o vOROoePhiN L

0@ :

®

NPTEL
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Package Guide

Home

s Installation
S Toinsalthe pacage, type ] inthe Jla REPLo entrthe Pig modeand un
@ Installation

ulias usirg kg

© Tutoral: requertst Lirar Rgresi
oo borion julia Peg.add("https: //github. cen/sKOR/CRRa0. L")

© Tulorl: Bayesia Logistc Regression

API Reference . . . .
Tutorial: Frequentist Linear Regression

Genn&lmerm
‘The goal of the CF the same APL. Note that

i is di tatsaPl. jLis doing; instead of
. development cf CRRao tries to call hose. th 2 unifcrm APL A verysi
Byt fegreski ey the Rworld:the Zeliz Project.
Pl works, we will go over an exampee in which we'll trair a ith the usual

orcinary | i quentist viewpor tatistics. For our

example, we will e working with the ntcars datiset.
We firstimpor: the required packages
Julia> using CRRao, RDatasets, StatsPlots, Plots, Statsodels

Vesion 1010 v Then weimport the dataset.
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CRRa0.Prior.Gauss = Type
Home Prior_Gauss
e Type representing he Gausian i, Users have sacifc pir meanand tandard deviation, fo and 6 for
Gide Tinear rgresson model.
APIReference Priormodel

General nterface: @ ~ InverseGamma(ao, by),

o Understaning the terface »
© Model Classes a0 Data Modls alo,v~ Normal(ao, 0z,),
otk fctors
& PriorDistibutons Blo. v~ Normaly(B, 03,),
© Setting Random Number Generators Uikeihoodor data model
Frequentis Regresson Models

pi=at+xp
Bayesin Regression Models

%~ Nlw,0),

Note: N() is Gaussian distribution of 3;, where
* Efy) = glu),and
o Vor(y) = o, 1o |
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Prior_fidze

Type representing the Ridge Prior

Prior madel
v~ InverseCammal(h, ),

o ~ InverseGammalag, by),
af,v~ Normel(3,0 +0),

B0~ Normal, (0,0 +0),

Likeihood or data model
pi=atxp

v~ Do),
Note: D() is appropriate distribution of ; based on the modelClass, where
* Bly) = g(u),and
Vorly) = o

Laplace ~ Type

CRRao Prior_|

If you want to see the detail of the Ridge Prior, I think you can go to the right, API References

of General Interface General Interface and then Prior Distribution. So, the first thing you can

say prior Gauss and then here is the ridge prior and all the definition of the ridge prior.

The way it is written, we have taken a appropriate distribution means Poisson, then you just

take the Poisson and automatically it will do the rest of the thing. So, this is the ridge prior,

the way it is defined in this in CRRao.
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CRRao,jl

Prior_Laplace

Home Type representing the Laplece Prir.
Manual Pror madel
Guide

v~ InverseCammalh, b),

APIReference
o ~ InverseGamma(ag, by),
General nterace
o Undentndingthe iefce alo, v~ Laplace(0, v +0),
@ Model Clisses and Data Models
o Link functors, Flo,v~ Laplace(0,v %0}

o Prior Distibutions

o SettingRandom Number Generators et
Frequentist Regresson Models pi=a+xf
Bayesian Regression Models ’
v~ Dl o),
Note: D) isappropriae distrbution o ; based o the modelclass, where
* Efy) = g(u)and
o Var(y) = 0%,
vesen 1010 v
S

Next, we can try Laplace priors on the beta, Laplace distribution being imposed and inverse

gamma prior is being imposed on the Poisson regression.
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Cut[8]: Model Class: Poisson Regression
Likelihood Modes Poison
Link Function: Log
Computing Method: Optimization

o b Qg k vOROe@EN®LO

M Omsl @ Maps @ News B Tonshie

Tused ¢ |Jila182 O

Coef. std. Error 2 Pxpl2))

(Intercept) -0.352743  0.236089 -L.4)  0.1351
HS

-0.034822  0.0141776 -2.45  0.0140
A -0.023019  0.0139061 -1.65  0.0979
HST 0.238635  0.0229936 10.33  <le-24
AT 0.0255725  0.0271946  0.94  0.3470
HC -0.0438155  0.0186827 -2.35  0.0190
AC 0.0344259  0.0133173 173 0.0747
B365H -0.0248452  0.0300651 -0.83  0.4086
B3GR 0.0368102  0.014548¢  2.53  0.0114

Lover 958 Upper 95%
-0.815458  0.103983
-0.0626095  -0.00703447
-0.0502748  0.00423639
0.193569  0.283703
00277279 0.0738728

-0.0804331  -0.00719804
-0.00343431  0.0722882
-0.0837727  0.0340803
0.00829595  0.0633245

*+Bayesian Poisson Regression with Ridge Prior+*

In [9]: mod_ridge = fit(fformula(FTHG - HS + AS + HST + AST +
train, PoissonRegression()
or_Ridge())

/B

© tnfo: Found initial step size
L€ = 2.2737367544323207-14
Sampling: 100%

Out[9): Formula: FTHG - 1 + HS + AS + HST + AST + HC + AC + B3
dentity(CRRac. Identity Link)
Chain: Chains NCMC chain (1000x22x] Array(Flostéd, 3})

HC + AC +B365H + B36SA)

| Time: 0:00:02
65E + BIGSA

®

NPTEL
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Brd) 0.1749 0.2076 0.2236 0.2400 0.2691
Prs) -0.0389 -0.0032  0.0163  0.0338  0.0655
prs) -0.0859 -0.0617 -0.0492 -0.0365 =0.0154
B7) -0.0093 00152  0.0265  0.0396  0.0644
Brs) -0.0941 -0.0530 =0.0415 -0.0221  0.0157
[1§)] 0.0023 0.0202 0.0286 0.0369 0.0563

Bayesian Poisson Regression with Laplace Prior

In [11)+ mod_Laplace = £it(8cormula(FTHGL- BS + AS + HET + AST 4 K + AC 4B365H + BIGSA)
ry essior

(Bl

r Info: Found initial step size
€ = 7.388609052210118e-32

Out[11]: Formula: FTHG = 1 + HS + AS + HST + AST + HC + AC + BISE + B3GSA
Link: CRRao.dentity(CRRac. Tdentity Link)
Chain: Chains KCHC chain (1000x22¢1 Array(Plostéd, 3}):

Iterations = 501:1:1500
Number of chains

samples per chein

Wall duration = 6.22 seconds
Compute duration conds.

parameter o B2y, B3y, bray, Brsi, Bisy, p7y, Brst, Bisy

nternals teps, is_accept, acceptance_rete, log_density, hamiltonian_erergy, haniltonian_eergy_erro

interna ¥ ¥ ' X ¥
T, max_hamiltonian_energy_error, tree_depth, mumerical error, step_size, nom step size

Summary Statistics
perameters mean std mese  ess bulk  ess _tail that e =
L Synbol  Floatéi Floatéd Floatéd  Floatél  Floatél Floatsd

So, if I want Poisson regression with Poisson regression with Laplace priors, you can plot
very easily using CRRao. So, Laplace Prior, all you have to do Laplace Prior, opsee, sorry, |
have to do a mark down, ok. Now, it is fine. So, Bayesian Regression with Laplace Prior so,

all you have to do is just copy this guy.

So, now on the coefficient, we are applying Laplace Prior, Laplace Prior distribution. On the
coefficient, this is typically. So, you just change the name of the prior Laplace and it should
and run. And CRRao will understand automatically that, ok, this is Laplace Prior that the user
want to apply and boom, it runs and it gives you the all the estimates. So, by default, it will
simulate 1000 samples after 500 burning. So, from 501 to 1500 iteration is being reported,

rhat are all close to 1.
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internals = 1p, n_steps, is_sccept, acceptance_rate, log density, haniltonian ererqy, haniltonian erergy erro

1, max_hamiltorian_energy error, tree_depth, mumerical error, step size, nom step size

Sumary Statistics
parameters s mse  essbulk ess_tail  rhat e~
symbol Ploat6é Floats4 Floatet  Floated  Floatsi Floatsd

A 0.0786  0.0337  0.0013 7243468 725.895¢  1.0020
BIl} -0.0882  0.1136  0.0060 £47.0632 3408748 1.0023
P21 -0.037L  0.0135 0,000 560.2654 4546532  1,0035
B3] -0.0241  0.0127  0.0005 713.8269 548.4412  0.99%4
Bi4l  0.2313  0.0235 0,001 £85.1491 €32.8193  1.0015
P1s] 0.0121 0,028 0,000 750.6048 7148428  1.0028
BL6] -0.0442  0.0135  0.0008 £89.7102 573.621  1.0035
BIT) 0.0229  0.0130  0.0007 €70.7255 6643972 0.9997
Prs) -0.0352  0.0287  0.0009 §28.5700 559.5552  0.99%4
9] 0.051  0.0138  0.0005 796.4113 750.2332  1.0017

Quantiles
parameters  2.51 2508 50.00 5.0 915
Symbol  Floatét Floatd Floaté! Floatéd Floatéd L}

A 0.0369 0.0556 0.0704 0.0921 0.1668
Brt)  -0.3835 -0.1179  =0.0391 0.0055 0.1107
Pr2] -0.0834 -0.048 -0.0378 -0.0277 =-0.0102
B3] -0.0892  -0.0326 -0.0233 -0.0156 0.0005
Brdy 0.1886 0.2152 0.2302 0.2479 0.2783
Bls) -0.008 -0.0039 00125  0.0272  0.058)
Bs]  -0.0802  -0.0571 -0.0433 -0.0308 -0.0093
Br7)  -0.0146 0.0101 0.0234 0.0346 0.0581
pr8) -0.0889 -0.0531 -0.0342 -0.0159 0.0135
Bro1  -0.0013 0.0156 0.0253 0.0315 0.0504

So, this is a good news; that means, the chain has converged and you can see similar kind of
things behavior you can see, ok. So, this second coefficient plus H is effective, this is strong
effective, the fourth coefficient, both coefficient was my 1, 2, 3, if HST, HST is strongly have
strong effect. And with the last one here, it is saying that the odds does not have any effect,

the odds does not have any effect.

The 6th one is, I think it was corner, I think it was corner 1, 2, 3, 4, 5, 6, yeah, corner does
have had effect yeah. So, Laplace is saying that in the MLE, we got 3 in MLE method, we it
got 3 at a 5 percent level, we can say home shot, number of shot taken, number of shot on
target and the bet365s odd for awaiting. But it was surprising that I would not expect that it
will awaiting, so, it will have no effect on number of goals code and the Bayesian methods is

actually rejecting this method.



I mean, saying though ridge prices, yes, it did indeed, but Laplace Prior is saying no, no, we
are not. So, this is important that you apply different kind of models and then you compare

the results. And then next we can try Cauchy Prior, ok.
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Bayesian Poisson Regression with Cauchy Prior

In [12]: mod Cauchy = £it(8fornula(PTHG ~ HS + AS + HST + AST + HC + AC +B36SH + B36SR)
,d_train, PoissonRegressior()
/Brior_Cauchy())

r Info: Found initial step size
L €= 0.0015625

Out(12): Formula: FTHG = 1 + HS + AS + HST + AST + HC + AC + B3¢SE + B36SA
Link: CRRao.Identity(CRRao. Identity Link)
Chain: Chains MCMC chain (1000x22x1 Array(Ploatéd, 3}):

Tterations = 501:1:1500 ’
Number of chains =1

samples per chain = 1000

Wall duration =5.25 seconds

Compute duration = 5.25 seconds

paramaters =k iy, B2, B3, Brar, Brst, sy, Py, Brst. Brsy

internals = lp, n_steps, is_accept, acceptance_rete, log_density, haniltonian erergy, haniltonian energy erro

T, max_hamiltonian_energy error, tree depth, numerical error, step_size, nom step size

Sumary Statistics
parameters  mean std  mese  essbulk esstall  raat -
symbol Float6t Floatsd Floatét  Floatsd  Floatfd Floatéd =

A 0.1506  0.0573  0.0019  1067.7210 715.1030  0.9992 =

B{l] =0.1709  0.1856  0.0074  688.0373 489.7973  0.9998 =

Blz) -0.0375  0.0130  0.0005  688.9129 560.5042  1.0025 -

(3] -0.0253  0.0130  0.0004  945.0586 689.3397  L.0016 =

L Bl4]  0.2364  0.0227  0.0009  667.4510 575.1750  1.0005 =

So, again, very simple fitting Cauchy Prior, first we will give a name, first we will put it as a
mark down and then say instead of Laplace, we see first Cauchy prior and then what we are
going to do is simply plot, just copy this guy. Cauchy prior and instead of Laplace, we just let
C and then tab, it will fill it up by itself and then run. So, while, ok, it just, it was very fast, it

was very fast. So, and it is indeed all converged as usual; the rhat is all close to 1.
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r, nax_hamiltonian_energy error, tree_depth, mumerical error, step_size, nom step size

Sumazy Statistics
parameters  mean std  mose  essbulk ess_tall  rhat -
synbol Float6é Floatsd Floaté  Floatsé  Floatid Float6d

ho0.0506  0.0573  0.0019 10677210 7151030  0.8991 =
P} -0.1709  0.1856  0.0074  688.0373 489.7973  0.9998 -
2] -0.0375  0.0130  0.0005  668.9120 5605042 10025 =
B3] -0.0253  0.0130  0.0008  945.0586 689.3397  L.ODLG =
4] 0.2368  0.0227  0.0009  667.4510 5751750 10005 -
5] 0.0205  0.0254  0.0008  909.0332 6521355  0.9995 =
B(6] -0.0453  0.0135  0.0005  948.7694 634.3675  0.999 -
U] 0.0301  0.0131  0.0005  937.8106 6584386  0.9993 -
B3] -0.038L  0.022  0.0009 1022555 7161674  L0)2L =
O] 0.008  0.0141  0.0004 1110.7336 7815497  L.001E -

Quantiles
purameters 250 25.0%  50.00  75.08 915
Sybol  Floatéi Floatss Floatéd Floatéd  Floatéd

ho0.035T 00209 0.1484  0.1858  0.3057
i) -0.6035 -0.2743 -0.1442 -0.0379  0.1277 .
Br2]  -0.044 -0.0453 -0.0374 -0.0282 -0.0113
B3] -0.0511  -0.0335 -0.0258 -0.0167  0.0011
o) 0.1333  0.2207  0.2365  0.2512  0.281)
BrS)  -0.0313  0.0037  0.0215  0.0382  0.0681
B6] -0.0814 -0.0589 -0.046) -0.0340 -0.007L
Uy -0.007L  0.0171  0.030L  0.0432  0.0681
B8] -0.0897 -0.0540 -0.035) -0.0153  0.0185
9] 0.0027  0.0213  0.0309  0.0404  0.0569

So, the this one has a effect, strong effect, this one has a strong effect, the entire 95 percent
confidence bill does not include 0 and the last one also has a strong effect, this does not

include 0, 6th one, the corner also has a effect.

So, corner number of shots, number of shots on target, number of shots, number of shots on
target, number of corners, these are going to have an effect, the model is again and again
saying and the odds of the Away Team by Bet365 seems like having an effect, not maybe

strong or something, but it seems like it does have an effect.
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CRRao,jl CRRao.Prior_Cauchy = Type
Prior_Cauzhy
Home
Type representing the Cauchy Pror,
Manal
Pror model
Giide
o~ Half - Cauchy(0,1),
APIReference
General Interface alo ~ Cauchy(0,7),
© Understanding the nterface
Blo ~ Cauchy(0,v ¥ g),
@ Model Classes and Data Models k

© Linkfunctiors, Lkelihoodor data model

o Prior Distibutions

o Seting Rindom Number Generators m=a+xp
FrequentistRegresson Modes ’
Y~ Dl 0),
Bayesian Regression Models
Note: D) is appropriate distribution of g based on the mode1C1ass, where
+ Ely) = glu).and
o Var(y) = o',
CRRao.Prior_TDist — Type
Vesion 1010

So, what is Cauchy prior? Let us see it will Cauchy prior in the everything of the model is
same, but on the beta and alpha, on the coefficient we put Cauchy prior with a scale
parameter have a half Cauchy distribution. So, this is very robust prior and next what we will

try, we will try T-distributed prior, ok.
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¥ CRRao.Prior_Thist — Type
CRRao,jl
Prio_TDist
Home Type representing the T-Distributed Prior.
Manual Prior madel
Guide

v~ InverseGammalh, h),
API Reference
o~ InverseGammal(ay, by),
General Interface
o Undestandingtheetace aloyo ~ot(s),
© Model Classes and Data Models N
o Lirkfncor, Bloy0 ~ at(a),

o Prior Disibutions

o Seting Rindom Nunber Generators Lieaodo oag medd
Frequentist Regression Models pi=a+xf
Bayesian Regression Models ’
vi~Dpiy0),
Note: D)) isappropriate distrbution of g, based on the modelClass, where
* Efy) = glju).and
« Vr(y) = o
« The t{v) ist distribution with v degrees of freedom. 1
Vesion 1010 v L

So, here we are going to scaled T-distribution, distributed prior on the beta and alpha and on

the scale, we implement it InverseGamma prior. So, very variety of prior options we have in

the CRRao.
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Bayesian Poisson Regression with Gauchy Prior

Tn [13]: mod Thist = fit(#formula(FTHG - BS + AS + HST + AST + C + AC +B365H + BI6SA)
1d¢_train, PoissonRegression()
JPrior_Toist())

© Tofo: Found initial step size
b € =7.388609052210118¢-32
Sampling: 100%

OUt[13]: Pornula: FUHG - 1 + HS + AS + HST + AST + HC 4 AC + BISE + BI6SA
Link: CRRao.Identity(CRRao. Identity Link)
Chain: Chains NCMC chain (1000x23x] Array(Flozt6d, 3})

Iterations = 501:1:1500
Namber of chains = 1

Samples per chain = 1000

wall duration = 47.39 seconds

Compute duration = 47.39 seconds
parameters = v, B, Br2), 131, Brads fesi, Bis1, Bu7, fisl, o)
internals = 1p, n_steps, is_accept, agceptance rate, log_density, haniltonian erergy, haniltonian eergy erro

r, nax_hamiltonian_energy_error, tree_depth, mumerical error, step_size, nom step size

Sumary statistics
paramcters  mean std  mcse essbulk ess_tail  rhat e~
symbol Float6i Floatsd Floatt  Floatei  Floatsi Floatsd

A 2.5960  0.0043  0.0020 6.6054  13.1273  1.0857

Y0000 00007 0.0005  2.5766  20.4112  2.0244

L} =0.4447  0.0022  0.0010  4.7108  2L.3415 11451

Bl2) -6.0595  0.9034  0.3093  5.5957 122555  1.6549

L B3] -5.0243  3.4613  2.3379  2.4097 .62 2247

So, what we are going to do next is T-distributed prior, we are going to implement the
T-distributed prior, ok. T-Distributed, ok. Just you write T and press tab and that should be
fine. It is very fast looks like, (Refer Time: 23:41) sometimes it is it is bit slow, but the
T-distributed might take a little bit time, ok.

Let us see r you see T-distributed prior dies not did not able to converge you can see the r hat
r 2 near 2. So, that means, definitely these the algorithm quantum integral did not converge by

the 1000 samples, we need to increase the number of samples. So, and you saw it is slow.
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U] -0.6035 -0.2743 -0.l442 -0.0379  0.1277
Br2) -0.044 -0.0453 -0.037% -0.0282 -0.0113
(3] -0.0511  -0.0335 -0.0258 -0.0167  0.001l
Bré]  0.1333  0.2207  0.2365 0.2512  0.281)
B(S] -0.0313  0.0037  0.0215  0.0332  0.0681
P6] -0.0814 -0.0589 -0,0460 -0.0340 -0.007L
7] -0.007L  0.0171  0.030L  0.0432  0.0681
B3] -0.0897 -0.050 -0.0350 -0.0153  0.0185
Broy  0.0027  0.0213  0.0309  0.0404  0.058%

Bayesian Poisson Regression with TDistributed Prior

In [13]: mod_Toist = fit(8formls(FTHG ~ BS + AS + HST + AST + KC + AC +B365H + BI6SA)
4dz_train, PoissonRegress:or
sPrior_Tist(),0.95,10000)
© Tnfo: Pound initial step size
€ = 7.3886090522101186-32
sampling: 1008
Out[13]: Fornula: FUHG - 1 + HS + 25 + HST + AST + HC 4 AC + BIGSE + B36SA

Link: CRRao.Zdentity (CRRac. Identity Link)

Chain: Chains NCMC chain (1000x23x] Array(Floatsd, 3})

Iterations = 501111500

Namber of chains = 1

samples per chain = 1000

Wall Guration = 47,39 seconds

Conpute duration = 47.39 seconds

paraneters = v, BULLL B21, 131, BU1s BES1, BI61, BU7), FLB, (9

internals = 1p, n_steps, is_accept, acceptance rate, log_density, haniltonian erergy, hamiltonian erergy erro
I, nax_haniltonian energy error, tree depth, nurerical error, step size, nom step size

So, I am not going to I am not going to again increase the samples and run it because it will
just take time. It will, all you have to do just increase the sample. I can show you all you have
to do just probably you just paid 0.95 and then you have to instead of 1000 you have to just
set 10,000 and run it. But I am not going to do that because it will just take longer time. So,

you try it yourself, but I am going to try another prior, which is very popular prior called

HorseShoe Prior, ok.
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Home
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Guide
APIReference

GeneralInterface.

© Understandig the hterface
© Model Classesand Data Models

© Lirk fonctirs,

@ Pror Distibutions

© Setting Rindom Number Generatrs

FrequentistRegresson Modes

Bayesian Regression Models

Vesion | 1010

o 110 L) 15 L UISUIDULON WILI U Uegrees OF resouin,

CRRao.Prior..Horseshoe ~ Type

Prior.forseshoe

Type representing the HorseShoe Prior.

Prior madel

7 ~ Hal fCauchy(0, 1),

x
i ~ HalfCauchy(0,1),§ = 1,2,-- ,p
o ~ Hal {Cauzhy(0,1),
afo,7~ N(0,7 %),
Byl Ay, ~ Normal(0, 3y 7 %),

Likelihood or data model

a+x/f

v~ D(py0),i=1,2-n

Note: D)() is appropriate distribution of y; based on the nodelClass, where

vorRoePONL

0@ :
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7 ~ HalfCauchy(0, 1),

Manual

Gice Aj~ Hal fCauchy(0,1),4 = 1,2,++,p
(D o~ HalfCauchy(0,1),

Generalnertace

e alo,~ N(0,74 )

© Undenstanding the iterface:

© Model Classes and Data Models A N 101

ikt Bilo, A, ~ Normal(0, ); = 7+ ),

&P Debutios) Ukeihood o dota model

© Setting Random Number Generators

ot
Frequentist Regresson Models m=atxp
Bayesin Regression Models U Dliohi=12- n

Note: D) isappropriae distrbution o ; based on the modellass, where
* Ely) = (),

« Var(y) = 0%, and

BB B

So, let me try HorseShoe Prior and HorseShoe Prior is let me show you how the HorseShoe
Prior works. So, this is the T Dist y follow proper distributed typically in natural exponential
family. In the our case it will be Poisson with mu 1 and. So, mu 1 will be alpha plus x 1
transpose beta. And on the beta and alpha there will be a conditional normal distribution and

on the scale parameters of the conditional normal distributions we will have half cauch,

HalfCauchy distribution.
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B+ x @B ¢ PR B C MW Makdwn v B W
sumary statistics
parameters  mean std  mese essbulk esstail  rhat e
Symbol Float6é Floatsd Floaté  Ploat6d  Float6d Floatsd =

A 2.5960  0.0049  0.0020 6.6054 13,1273 1.0857 &
v 0.4000  0.0007  0.0005  2.5766  20.4112  2.0244 =

pru) 00022  0.0010 47008 213415 L1 -
pr2) 09094 03093 55957 12,2355 16589 =
P31 34613 2337 24097 146712 20247 -
1501 08057 05445 23846 12,2591 2.1208 =
sy 0.0022  0.0014 297131 28743 17317 5
prs1 0.0032  0.005 25153 13.093  2.0637 -
1G] 43583 28020 24016 12,2549 Rz =
i3y 0.0037  0.0025 2.4925  25.0264  2.1239 £
BI) 42687 0.0278  0.0187 23868 122549 20247 -
OQuantiles
paramcters 250 2500 50.00  75.00 91.5%

Synbol  Floatéd Floatéd Floatsd Floatél Floatfd

hoo2581 25921 25954 2.6000  2.6043
v 0989 0.399  0.4000  0.4006  0.40L4
L) -0.4488  -0.4464  -0.44id
Bra)  -9.3974  -6.4073  -6.0626
B3] -10.7880 -B.614  -4.5048
) 7.033  7.5154  8.2023
BIs)  -1.7852  -1.7336  -1.7505
PI6)  -5.3674 =534y -5.34i2
Bl7)  -0.8035  -0.4042  2.2391
BI3) 35451 35M60 35504 3553 3.5554
O] %2 4225 42532 42158 4.2738

8 T
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Bayesian Poisson Regression with Horse Shoe Prior

In [15]: mod HS = fit(fformula|PTHG ~ HS + AS + HST + AST + HC + AC +B3GSH + B365A)

r Info: Found initial step size
L €= 0.00628

Out[15): Formula: FTHG - 1 + HS + AS + HST + AST + HC + AC + BI¢SE + BIGSA
Link: CRRao. Zdentity(CRRac. Identity_Link)
Chain: Chains KCHC chain (1000x31x] Array(Plostéd, 3}):

Tterations = sokit:1500

Number of chains =1

Samples per chein = 1000

Wall duration = 13.84 seconds

Compute duration = 13.84 seconds

parameters =T AL, M2, M3 MAL MS), M6 M7, MY W91, Bl Bral BU31, Bral, BiS), Brel. BI7,
piel. pIo)

internals = lp, n_steps, is accept, acceptance rate, log density, haniltonian erergy, hamiltonian energy erro
r, nax_haniltonian_energy error, tree_depth, numerical error, step size, nom step size

Sumazy Statistics
purameters  mean std  mose  essbulk ess_tail  rhat e~
Symbol Ploat6é Floatsd Float6t  Float6d  Float6i Floatsd

TO0.0773  0.0517  0.0026 291252 3042226  1.0015
M1} 32020 82151 0.4274 1553011 120.2487  0.3998
M2l L3387 2.2846  0.1133  3LL6291 1905204  0.9992
A3] 09755 1.8254  0.0731 4131577 4574541 1.0030
MA]  5.4401  6.8206  0.4178 295.5781 210.1061  1.0010
L MST 0.9926  3.8789 02017 2724269  229.1302  0.9991

So, it is interesting it is a scale mixture distribution and it is very nice. It is very popular in the
Bayesian literature. It has lot of good properties lot of good HorseShoe Prior, ok. So, let me
just run it. I have to call it markdown and then it will run yeah. And then now what I will do, I

will just copy this.

So, we what we found the T distributed prior will always require a bit of a more samples and
then. So, HS T will just say and so, I do not need I will just use the default and H and then
HorseShoe will work. Let me just run now ok, of course, this may be ok. Let me see if it was

converged.



(Refer Slide Time: 27:15)

Q00 ) hitps/wneloobalditaco X

DownbadsfTeachingRegressic X | @ Hards on witr LlaandCi X & Lotiled- Jupyor Notebock % @ General Interace - CRRiol X | v f:)

c o and._ 2 yib Rk vOROePONLOQ
* Bookras @ @ @ @ DonMChaweins. B CENA B3 Soishs Bootak @ FinarceReserch.. M Gmdl © Mops ) Kews B Tonshte NPTEL

Fle  Edit View Inset Cell Komel Widgets  Help Tuced ¢ | Jula182 O

B+ x @B 4+ pAn B C M Coke voa
Compute duration = 13,84 seconds
;lrmgeﬂ =t M1, M2], M3), 4L, MS), M6, AT], MY MY, B, BL21, BI31, BL4l, BIS). BLEI, BIT,
(81, B
internals = 1p, n_steps, is_accept, acceptance rete, log desity, hamiltonian erergy, hamiltonian energy erro

I, nax_haniltonien_energy_error, tree_depth, nurerical_error, step_size, nom_step_size

Sumary Statistics
pirameters  mean std  mose essbulk esstail  rhat e~
Symbol Floatéi Floatéd Float6t Float6i Float6i Floatid L

T 0.0173 0.0517 0.0026  291.2524  304.2228
M) 32023 8.2151 0.4274  155.3011  120.2487
M2) 1.3387 2.2846 0.1133 3116991  190.5204
M3) 0.9755 1.8254 0.0737  413.1577  457.4541
AAL 5.4400 6.6286 0.4178  295.5781  210.1061
AMS) 0.9326 3.8789 0.2017  272.4269  229.1302
M6) 15914 1.9399 0.0990  467.0118  509.0880
M7) 08090 1.0011  0.0472  317.6933  139.3713
M8 1.1756 2.0286 0.0926  274.9769  223.6003
M9 0.9210 1.1914 0.0519  429.7081  220.8793
Brl) 01249 01794 0.0143 1777963 236.5974
Br2)  -0.0331 0.0151 0.0009  278.8325 283.5533
Br3)  -0.0180 0.0122 0.0007  329.3381  563.0966
Br4)  0.2308  0.0234  0.001L 457.9988  390.7396
Brs) 0.0033 0.0202 0.0008  £83.7845  €39.477%
BIs) -0.0851  0.0137  0.0011 48.4821 412.7304
Bt 0.0154 0.0177 0.0009  438.9326  492.939% N
B8y -0.0262 0.0252 0.0016  266.6719  443.432% 1.0005 -
B9 0.0235  0.0146  0.0008 0L8B40 23,2096 1017 =

Quantiles
parameters 2.5 5.0t 50.0 5.0t

97.5¢




(Refer Slide Time: 27:21)

[] 23 hipsiwe fodtbal-data.co s 8 Hards. a_and I orfolbock % @ Genenl nterace- CRRio)l X | + v F O

C O localhostass Qg n KoesPO»L0@: i\%\i
* Bk @ @ @ @ ) [ NP"T‘EL
Fle Edt Vew Insei Cell Kwmel Widgels Hep Tusted # |Jiia182 O
B+ 2 @B A PR B CH o Je
Quantiles

2.5 25.08  50.00 5.0t 91.5%

par:
synbol Ploatéi Floatsd Ploaté! Pleatéd Ploat6l

TOO0.017 00416 0.0531  0.0998  0.2146
ML) 0.0577  0.5956 L3318 3.2378  14.3843
M2l 0.051L  0.433  0.8139 14733 7.308)
M3]  0.0824  0.2455  0.5058  1.0436  5.309
M) 07573 L9693 35132 6.0910  23.161
M5) 0,035 0.242  0.4726  0.8M3 4,183
M) 0.1470  0.5318  0.9718  1.8036  7.704L &
M) 0.0331 0.2316 0.513 10350 3.1699
M) 0.0395  0.3087  0.6393  1.4311  4.9062
M3 0.0  0.3184  0.6120  1.0555  3.8878
) -0.6010 -0.2231 -0.0449 -0.0010  0.0B1l
P21 -0.0645 -0.0437 -0.0332 -0.0225 -0.0021
B3] -0.0439  -0.0258 -0.0177 -0.0089  0.0013
B4l 0812 0.2146 0.3 0.2413  0.2763
Br5) -0.0353 -0.0075  0.0014  0.0139  0.0485
BLS)  -0.015 -0.0530 -0.0454 -0.0310 ~0.0064
BI7T) -0.0133 0,005 0.0123  0.0212  0.0535
B8] -0.0868 -0.0437 -0.023) -0.0046  0.0141
O] -0.0019  0.0136  0.023)  0.0335  0.053

Yes, you see it did converge. It did converge and the way it has been HorseShoe prior works
is for each beta i there will be a local scale distributed. So, now you can see that. So, this is
so; that means, for each beta 1 there will be a lambda 1 beta 2 there will lambda 2 and beta 9
there will lambda 9. And then these are the local shrinkage parameter and tau is the global

shrinkage parameter.

So, all these parameters makes interesting local shrinkage and global shrinkage make the
HorseShoe prior very very attractive to the Bayesian community. And what happens is what
we see let us this is the intercept then next is the HS the home team shot on target. We see
this is fully negative all the entire 95 percent confidence interval. Then this is number of shots

on target is completely positive and this is number of corners completely negative.



If you get too many corners your number of goals score will be less somehow corner has to do
with the you know negative something to do with the negative. And what we are seeing that
away teams and the Bet365 does not have the odds does not have an effect by HorseShoe

prior.
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Referee = Hatch Refaree
HS = Hone Tean Shots

A5 = hway tean Shots

HST = Hone Tean Shats on Target

AST = Avay Tean Shots on Target

HEW = Hove Tean Hit Wooducrk

AHW = Avay Tean Hit Woodwerk

BC = Bone Team Cornars

AC = hvay Team Carnsrs

HF = Home Team Fouls Committed

AF = 2way Team Fouls Conmitted

HPRC = Home Tean Frae Kicks Coaceded
ATKC = Avay Team Frae Kicks Coaceded
HO = Home Tean Offsides

A0 = Away Tean Offsides

HY = Home Team Yellow Cards

AY = Away Tean Yellow Cards

HR = Boma Tean Red Cazds
. AR = Auay Team Red Cards

So, what we are seeing according to the model of. So, we can safely say HS which is home
teams home team home team shot HST home team shots on target. HC HC that number of

corners by home team. These are the three are the sort of sure for sure kind of model.
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In [16]: mod BS snall = fit(bformula(FT4G - HS + HST + HC)
14_train, PoissonRegression()
(Prior_Horseshoe())

© Tnfo: Found initial step sizs
0125
o | I | 7ir=: 0:00:03
OUL[16]: Fornula: FTHG - 1 + HS + EST + HC
Link: CRRao. Identity(CRRao. Identity Link)
Chain: Chains NCMC chain (1000x21x] Array(Floet6d, 3}):

Sampling:

Iterations = 501:1:1500

Nunber of chairs = 1

Samples per chain = 1000

Wall duration = 6.08 ue&nds

Compute duration = 6.08 seconds

parameters L M1, h2), M3, M4l L), BLa), Br3l, Pray

internals = 1p, n_steps, is_accept, acceptance_rete, log density, haniltonian erergy, hamiltonian energy erro
¥, nax_haniltonian_energy error, tree_depth, nuerical error, step_size, non step size

Sumary Statistics
porameters  mean std  mse essbulk ess_tail  rhat e -
Symbol Float6i Floatsd Floatéd  Floatei  Floated Floatsd =

T 0.4108 0.0196  474.7006  451.1091 1.0033 v,
Mi) o 2.7900 03361 486.9750 5517837 1.00i5 =
AM2) 0.6728 0.0920  498.0448  317.0717 0.9995
M31 1.9178 0.1484  520.4239  483.4379 1.0008
MAT0.6556 0.0076  682.9584 4405664  0.9994
pr1)  -0.3833 0.0053  £76.9374  595.8518 0.9993
Br2) 0.0007 Lome =
. pr31 0.0009 5363100 1.0009 =

So, we can what we will try; we will try a slightly smaller model let us try a smaller model
and home just home team shot on target home team corner number of, ok. So, that is how so,

now, we have a shorter model and let us run this.
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In [17]: pred FTHS = predict(mod HS_snall,df train);

In [ |: pred FTHG

So, it will be faster equals faster yeah. So, we can see that each of these parameters were wet
fast. And now what I am going to do we are going to just say predict if I just say predict you
can just do use these models to predict also. And then you give the model and give the data

set name. So, the data set name is say here I am using train you can have a test data also. If

0.6556
-0.3839
-0.0280

0.2415
-0.0361

2.5
Floatéi

0.075¢
0.2554
0.0143
0.1358
0.0238
-0.6029
-0.0546
0.2002
-0.0736

12154
0.1252
0.0141
0.0216
0.0130

25.01
Floatsd

0.1890
0.8188
0.1302
0.6558
01464

-0.4711

-0.0374
0.2257

-0.0439

vaa
0.0476  682.9584
0,003 £76,9974
0.0007  435.4556
0.0009  £91.8541
0.0009  418.9483
50.08 75.0%
Float6i Floatfd
0.3009 0.5027
L4 2.5252
0.2925 0.6330
L7 2,004
0.3257 0.7309
=0.3858  -0.2939
=0.0277  -0.0181
0.2410 0.2564
-0.0362 -0.0229

2 Hards_on_wit_bla_and_G7 X

Moomil @ Mps @ ews By Tonsite

40,5564
5958518
400.9578
536.3106
444.1326

97.54
Floatéd

14091
119175
3.0628
7.6835
29959
-0.1313
-0.0001
0.283
-0.0007

you just give say predict FTHG right FTHG.

k-1WUrtitled pyabkemel_

0.9994
0.9993
1.0006
1.0009
1.0059

i

"
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Out[18): 380-e! ctor {Float6d):
0.89! 39925
0.9574768708831988

1.1398670194736489
0.6953063721198229
0.6651267795751596
1.4835082359336188
0.8477689363662795
0.565363318928784
1.5544271339290937
2.3422486399631396
0.903517600:4491
0.903037716:1¢328
2.2457416353177256

1.0923664792474326
0.9761119731621007
0.9863839280331586
1.1087282438061283
0.1375011;:“19142
2.600051237664699

1.6547243514402185
0.8190989919893926
4.2096832540004695
0.7559910495959403
2.330116803445872

0.9761119731621007

e |

And if you can see so, you can see that they are giving you the prediction also. So, this is one
of the advantage of CRRao we do not have to when I mean you can fit any models and you
can get the prediction also right away using just all the predict functions and it will be done.
So, this is how you implement Poisson regression using you know Bayesian prior. So,
Poisson regression both likelihood and the methods and the Bayesian implementation of the

Poisson regression with Julia.
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Likelihood and

ian Poisson

+ Maximum Liellhood Methods
+ Ridge Prior

« Laplace Pricr

+ Cauehy Prior *
+ T-Distributed Prior

» Horse Shoe Prior

In [1]¢ usizg CSV, DataFrames, CRRao

In [6]: df train =

Cut[6]: 380x103 DateFrame

Row Div  Date  Tme HomeTeam

me (CSV.File("E0_20_21.c8v"));

Avaylean  FTHG FTAG FIR  HTHG HTAG HTR

Ja182 O

ion using Julia & CRRao

6 couins and 355 rows omitted

lnterace: R0l X | +

tPO»L0@Q:

Releree HS AS HST AST HF AF

Swngs Srgls Tme Sungdl  Sungdt WSt IS4 Sringl W64 Wieé Stingl Swngls W4 St Ini6s et Ins Inss
TE) V0 12300 Fuham  Arsend 0 aa oo 1A fmmgh 52 8 o1 on
TR 0 500 B Swtmpos 1 O H OH  dMs & 3 8 5w oM
360 1m0 173000 Uveposl  Leads o aw 3 2H MOw oz 5 6 3 9 6
AR D 00000 VesHm  Newsts 0 2 A o 0D s w1 3 2 w7
§ED 102020 140000 VestBom  Leceser 0 3A o 0D AWw 7 B 1 7 9

So, let me just write Likelihood and Bayesian Poisson Regression using Julia the number of
implementation that we have done. Likelihood Maximum Likelihood Maximum Likelihood
Methods so, actually we use Julia and CRRao ok. And then we used Ridge Prior, Bayesian
Ridge Prior then we used Laplace Prior, Laplace Prior, then we used Cauchy Prior, Cauchy

Prior, then we used T Distributed Prior, but it was not very successful it did not converge

nicely.

We had to run more samples, T Distributed Prior and finally, HorseShoe Prior, HorseShoe
Prior. So, all these we implemented very nicely and using CRRao in Julia. So, I hope you

enjoyed this video and we will continue this in the next video. This next video we will be

doing negative binomial regression.
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Thank you very much.



