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

Lecture - 60
Hands on with Julia_Bayesian Logistic Regression with Horse Shoe Prior_Genetic Data
Analysis

Hello all, welcome to the hands on exercise for this weeks. In this hands on exercise, we are
going to do some logistic regression analysis using Julia from genetics data set that are

available in R.
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So, first I am going to start R. In R, you have this genetics in the package there is a called gap
package Genetic Analysis Package. And in the genetic analysis package, there is a data called
fa data, fa data, Friedreich Ataxia, data. We are going to use this data was first appeared in the

genome research in 2001.

We are going to use this data to implement logistic regression using Julia. So, one of the
advantage of Julia is many of the packages that are available in R are also available in Julia or

from Julia you can call those data set using R data set from a package.
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Logistic Regression Analysis of Friedreich Ataxia data

Source

LiuJB, Sabatt G, Terg J, Keats BJB, Risch N (2001). H:A71B-172¢

In (1): using CRRao, RDatasets, StableRGs, StatsModels

In [*): fa = dataset('gap’, "fa');

t(fa,10)

Maximum Likelitood Method

So, let me go to Julia my Jupyter Notebook. I have prepared this Jupyter Notebook to an
extent to some extent and I will use this Jupyter Notebook to an extent this thing. So, the here
is the in R data set you can see | have first what I am going to do let me just open this. So,
maybe [ will just do, ok. So, like here it is a Friedreich Ataxia data. So, I am going to give a

name of you know.

Ah So, maybe Logistic Regression Analysis of Ataxia data, ok. So, here is the source of the
data [ have given and so, maybe I will just turn it like this and this is the first thing [ am going
to call CRRao RDatasets StableRNG and StatModels, ok. So, this is first I am going to call
this packages then I am going to from the RDatasets I am just calling RDatasets this is the
name of the package gap package from R and fa is the name of the data set. So, I am let me

just call this.
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In 1]+ usieg CRhao, RDatasets, StableRGs, StatsMedels

In [2): fa = dataset('gop", "fa');
tirst(fa, 10)

0ut(2)3 1013 DatsFrame
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In [ ]: usirg Random
Morsemenvister (1234);
function splitat(de, pet)

Gansert 0 <a pet <= 1
L 4ds = collect(axes(dt, 1))

So, here we have the first column is the target column Y it has 0 Is and then there are 12

columns, ok. There are 12 columns which are we will be using as a predictor variable.
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Out[3]: splitdf (generic fanction with 1 meched)

In (4] train, test = splidi(fa, 0.7);

In (8] first(train,10)
0ut(5): 10x13 DataFrame
Row ¥ Loci Lock Loct Lok Lod Lock Losi Loo® Leckd Loci0 Lodtt Locitz
64 G4 6 BG4 W Int64 I8 IS4 B4 IS4 B4 It6t g4
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:
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Now, what I am going to do in this if you just instead of actually run the first thing. So, here I
am going to run this piece of code in this piece of code I am going to split the data frame into
train and test. You can see that first time taking the percentage between 0 and 1 and then [ am

collecting the IDs of the data frame and then kind of shuffling them.

And 70 percent of that I am keeping it in the train and rest of them I am keeping in the test
and then I am returning train and test. So, I am calling this split data frame function and

splitting it into train and test. And so, this is the first 10 rows of the training data set.
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Maximum Likelihood Method

10+%ocil1#Lci12)]

Computing Method: Optimization

Coef. Std. Brror i Priz[a|| Lower 95%  Upper 95%

(Intercept) -0.622485  3.20291  -0.19  0.8459 -6.9(007  5.6551
Leil 002439 0017285 031 0753 -0.13031  0.169899
Lociz 2027019 000217 -L4% 0135 -0.69065  0.085026¢
weid 0563014 0.251602 231 00205 00097263 1.0763
Lt 00607654 0SB0 -0.44  0.6603 -0.30886  0.241355
Locis 0204661 0167822 122 0.226 -0.114284  0.533606
Locls 0.06106 010338 0.67 05355 -0.118557  0.266685
L¢i7 08257 0757082 L0 0.7 -0.662336  2.30531
Locis SO0 0.25304 0.4 0.6575 -0.612626  0.386578
Loels -0.00815088  0.204326  -0.05  0.9760 -0.4(661  0.394317
Laeilo 002074 0163616 0.14 0,888 -0.27643  0.343718
Locill 0469 0090120 180 0.0720 -0.3339  0.0151318
Locinz 02901209 0100412 =2.93  0.0034 =0.461013  =0.09740d5

In [ i predict(nod_fa_HLE, fa)

In [ ]: pred_nle = predict(mod_fa MIE, test)

In [ )¢ usisg EvalMetrics

Then first I am going to implement the maximum likelihood of a method of logistic
regression in that I am going to call fit from the CRRao. First, I have to provide the formula Y
is the target and then all the predictors that I want to fit all the predictors that I have given
here another data frame is train the I want to fit a logistic regression with Logit link. So, if I

just run this. So, here is the output.

Now, if you see the P value for most of these Locis are not great except the third Loci third
predictor Loci3 and then these are also not effective and Locill and 12 have effective here.

So, these are the out of 12 Loci only three have effective kind of effect on the target variable.
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In (7)1 precict (od_fa ML, £2)

Out[7]: 127-element Vector(Floatst}:
0.9607652817297353
9.961639154042434
0.9484494309473533
0.8588970464569735
5.6747045573126764
0.46067:24459262543
0.6299399517170323
5.629939951717032)
0.989866238047604
0.9305813522272863
5.9750045233529735
0934212542675
0.9657352074680379

0.4034240875286122
0.3840857203839795
0.1389461231704373 §
0.08467554630424924
0.6613517465434995
0.08666497045294036
0.13066782605484145
0.5070052327415143
0.42747370543188934
0.008863305261278557
0.9993076152407294
0.9998926638306552

In [ ]: pred_nle = predict(mod_fa MIE, test)
In [ ]+ using Evaluetrics

[ ] test.y
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In [8]: pred_mle = predict(mcd ta MLE, test)

OuL[§]: 39-elenment Vecter{rloatsd}:
0.15127750122940015
0.03236267008167735
0.6612900506305293
0.3476455000263105
0.8535692435505857
0.21918932369636158
0.24980099951409193
0.28176:92094401925
0.5776456886575843
0.1022645684278857
0.33455608233939615
0.9578323412885201 S
0.9987769426162473

9.4034240675286122
0.3840857203839795
0.1389461231704373
5.08467554650424924
0.8613517465134995
0.08866497045294006
0.13066782605484145
0.5070052327415143
0.42747370543168934
0.008865305261278557
0.9993016152407294
0.9998926638306552

In [ )5 using Evalbetrics

In [ ]: test.¥

Now, using this model we can have a predictive we can predict the probability score on the
you know on the train data set on the entire data set. Or similarly, if you just say predict you
could call the predict function from CRRao and provide the model name and the test data set

you can. So, you can I can I do not need this actually I need this one I need to calculate the

predict on the test data set.
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In (9): using Evalbetrics

In [10): test.¥

Qut[10]: 33-element Vectcr{Int6d}:
1)
0
0
)
0
0
0
0
] L}
0
0
0
1)
'
1)
o
0
1)
)
0
0
1)
)
0
0

[ 1: b 1 reporttest., pred nle|

So, this gives me 39 the probability of a particular data point is 1 or O that will be based on
this test data set. And then EvalMetrics is a package you can call and that will help us to do

the evaluation and test dot Y is going to give me the either 0 or 1.
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Bayesian Logistic Regression

Ridge Prior model

v~ InverseGamma(h ),
o~ InverseGammalag, by),
ala, ~ Normal(0,v+ 6),
fle. v ~ Normal, (0,0 + ),
1
Likelihood or data model
w=atxf
p = logit(y,)
31 ~ Bernoulli(p),

ormala(¥=Loci i i
() sogit (), Prior_Ridge())

7+LaciB+locis+loci1d+loci 11+1oci12)

In [ |+ using StatsPlots
plot(nod_fa_Ridge prior.chain)

In [ |: pred_ridge = predic:(no_fa Ridge prior, test)

In [ |: binery eval report(cest.¥, pred_ridge)

So, in the test from the test data set I am just taking the Y and binary eval report if I just give
the fine test dot Y the actual Y values and the predicted score, ok. So, predict mle contains
the all the probability scores, right. So, now if I just run this gives me the confusion matrix.
Similarly, now if I have to if I want to implement the Bayesian Logistic Regression say

Logistic Regression so, with say ridge prior model.

So, here if you see that Y follow Bernoulli mu i where mu i follow alpha plus x i transpose
beta. And here is that that is my likelithood model and then well actually I should not say this
actually mu i that should be like p i p i it should be p i actually. And then p i is (Refer Time:
08:07) equal to this logit mu i think now that is a right way of writing it and then mu 1 equal

to X 1 transpose beta, which alpha plus x i transpose beta and then.



So, alpha follows say normal 0 and beta follow normal 0 v sigma follow inverse gamma and
v follow some another inverse gamma then this model this is typically we will implement as
ridge regression model. Now, what we can do if you see the way we have implemented the
regression simple Logistic Regression model almost similar way we can implement it here

except that at the end I am just using prior ridge.
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In [17): using CRRao;
mod_fa_Ridge prior = fit(dformula(¥-Tocil+lociltlocid+locid+Loci5+LocibHoci6LociT+LociB+locid
strain, LogisticRegression() ,Legit (), Prior Ridge())

 Tnfo: Found inizial Beep size
Loe=0.025
Sempling:

| | i 0:00:03

0ut[17]: Formula: ¥ - L + Locil + Loci2 + Lecid + Locid + Loci5 + Loci6 + Loci? + Loci8 + Loeid + Loei
10 + Locill + Locil2
Link: Log:t|CRRao.Logit_Link)
Chain: Chains MCMC chain (1000%26x1 Array{Float6s, 3}):

Tterations = 501:1:1500
Nunber of chains = 1
semples per chain = 1000

Well duration = 9.21 seconds

Compute duration = 9.21 seconds

parameters = Bri)e BL2). B131, Pra1, Bis1, BL6l, Br71. BI8), BI91, 101, PL11), BIL

21, piu3 I
internals = 1o, n_steps, is accept, acceptance rate, log density, hamiltonian energy,
hamiltonian_energy_error, max_hamiltcnian_emergy error, tree depth, numerical error, step siz

e, non_step_size

sumary Statistics
parameters mean std mese  ess bulk ess_tail rhat
Synbol  Float6d Floatéd Floatéd  Floatéd  Floatéd Float6d

I am just calling ridge prior here and if I just run it. So, it will take few seconds maybe ok it is

taking about few second it took about, alright.
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Sumary Statistics
parameters mean std mese
Symbol  Float6d Floatéd Floatéd  Floatéd

ail rhat -
oatéd  Float64 =

101952 0.0713  0.0043  235.1529  304.9297  1.0084
Bl1] 0,023  0.2028  0.0063 1108.8722 625.0235  0.9995
Bl2)  0.0441  0.0627  0.0019 1061.1883 720.8347  1.0004 -
B3] -0.1462  0.1165  0.0042  766.3125 625.3595  0.9995 =
Br4)  0.3837  0.1444  0.0080  315.57:0 488,5369  1.0022 -
BIS] -0,0217  0.0926  0.0027 11313778 701.4385  1.0015 -
BI6)  0.0870  0.1088  0.0040  766.8883 653.6702  0.9991 =
BI7]  0.0672  0.0672  0.0021  987.7819 646,543  1.0010 -
B8] 0.185  0.1769  0.0071  724.1068 698.9534  1.0030
9] -0.0523  0.1391  0.0041 1165.3020 601.7201  1.0002
prio] -0,0254  0.1154  0.0035 1065.3179  737.6344  0.9999
pril)  0.0131  0.1053  0.0030 1194.4092  709.8382  1.0004
friz)  -0.0833  0.0708  0.0034  437.7141 517.8395  1.0026 -
fri3) -0.2035  0.0788  0.0036  470.5635 758.8753  1.0004 =

Quantiles
parameters 2.5 25.0% 50.0% 75.0¢ 97.5%
Symbol  Float6d Floaté4 Floatéd Floatéd Floatsd

L 0.0872  0.1416  0.1833  (.2369  0.3524

Bl1] -0.3863 -0.1038  0.0222  0.1381  0.4155

pl2) -0.0634 0.0005 0.0429 0.0881 0.1600

L Bl3] -0.4000 -0.2230 -0.13d4 -0.0667  0.0698

So, it took most of the and if you see rhat all of them are kind of near one so; that means, if

rhat is near one; that means, the convergence has taken place.
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BI17) 0.0672 0.0672 0.0021 987.7819  646.5443 1.0010
BI8)  0.1850  0.1769  0.0071  724.1068 698.9534  1.0030
B9 =0.0523 0.1391 0.0041  1165.3020  601.7201 1.0002
prio)  -0.0254 0.1154 0.0035  1065.3179  737.6944 0.9999
fri1) 0,011 0.1053  0.0030 1194.4092 709.8982  1.0004
fri2) -0.0833  0.0708  0.0034  437.7141 517.839  1.0026
B13) -0.2035  0.0788  0.0036  470.5635 758.8753  1.0004

Quantiles
parameters 2.5 2508 50.08  75.0%  97.5%
Symbol  Float64 Float64 Floaté4 Floatéd FPloatsd

i 0.0872 0.1416 0.1833 €.2369 0.3524
pl1] -0.3863 -0.1038 0.0222 0.1381 0.4155
BI2) =0.0834  0.0005  0.0429  0.0881  0.1600
B3] -0.4000 -0.2230 -0.1344  -0.0667 0.0698
[iH] 0.1251 0.2787 0.3806 0.4759 0.6932
p15) -0.2090 -0.0813 -0.0192 0.0367 0.1640
ﬂ|6] -0.1055 0.0123 0.0832 0.1520 0.3040
B17]  -0.0655 0.0200 0.0681 0.1123 0.1995
p18)  -0.0773 0.0543 0.1573 0.2917 0.5929
Blo)  -0.3654 -0.1423 -0.0488  0.0380  0.2040
prio)  -0.2450  -0.102¢ -0.0258 0.0510 0.2019
ﬁ[ll] -0,1942  -0.0543 0.0149 0.0782 0.2216
f12) -0.2342 -0.1263 -0.0767 -0.0329  0.0420
[3[13] 1-0.3764  -0.2537 -0.2007 -0.1470 -0.0627

And if you see 13 entirely negative, but 12 is not negativity it includes the confidence interval
if I see the 2.5 percentile point and 90. So, let me just explain you this Bayesian statistics a
little bit. So, this is first the coefficient estimates and these are the standard deviations, if I

have to compare it with the likelihood estimates, right.

So, these are the my coefficient estimates and these are the standard error. So, that is how you
will see it here these are my coefficient estimates. So, beta 1 you will see including beta 1 it is
there are 13 betas whereas; here I have actually 12 betas and alpha. So, total 13 betas I have.
So, the first one is a intercept beta 1 this is intercept and then or here it is intercept and then

you have 12 coefficient corresponds to each of the predictor.

Now, these are the some Monte Carlo standard error and if smaller Monte Carlo standard

error indicates that the most likely it has converged nicely. And another statistics is called rhat



if rhat is close to one; that means, the mecmc convergence has taken place. So, Bayesian
statistics in this case are being implemented using Markov chain Monte Carlo algorithm and

not gradient descent algorithm.
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BIS] -0.2090 -0.0813 -0.0192  0.0367  0.1640
p16] -0.1055 0.0123 0.0832 0.1520 0.3040
Bl7) -0.0655  0.0200  0.0681  0.1123  0.1995
pi8)  -0,077% 0.0543 0.1573 0.2917 0.5929
f19)  -0.3854 -0.1423 -0.0488 0.0380 0.2040
prio)  -0.2450 -0.1024 -0.0258  0.0510  0.2019
pri1) -0.1942  -0.0543  0.0149  0.0782  0.2216
priz) -0.2342 -0.1263 -0.0767 =0.0329  0.0420
(i3] -0.3764 -0.2537 -0.2007 =-0.1470 =0.0627

In [18]: usirg StatsPlots
plot (nod_fa_Ridge pridr.chain)

Out[18]: A A

Sity

i

600 800 1000 1200 1400 01 02 03
Iteration Sample ve
BlL] BlL]

So, it is a Monte Carlo simulation based technique that they have increased and here for
inference what they do they give a 95 percent confidence interval. And if you look into the 95
percent confidence that the last coefficient does have a effect sort of. And the third coefficient
also does have a effect it is a positive and this is a negative coefficient and rest all of the
coefficient includes 0 some way or other. So, there none of them have actually any effect on

that.
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-0.0329  0.0420
-0.1470  -0.0627

e F eyt
priz)  -0.2342  -0.1263
pr13) -0.376¢ -0.2537

In [18]: using StatsPlots
plot(nod_fa Ridge prior.chain)

—
Iteration Sample
48y Bl1

e
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B[2] Bl2]
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In [ ]: pred ridge = predic:(nod_fa Ridge prior,test)
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priz) -0.2342 -0.1263
Bri3)  -0.376%  -0.2537

o [18]: using StatsPlots
plot(nod_fa Ridge prior.chain)
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I In [ ]: pred ridge = predic:(nod_fa Ridge prior, test)
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+ x @B 2% PR0 B C P Code voE
Fless  weesen wewees wewess weviee weesas
priz) -0.2342  -0.1263 -0.0787 -0.0329  0.0420
Bri3]  -0.3764  -0.2537  -0.2007 -0.1470 -0.0627

In [18]: using StatsPlots
plot(nod_fa Ridge prior.chain)

w W ] | ' 4 /,/
YW ’W“'WW’WW’WW : )
" " " " L 0 — " L
600 800 1000 1200 1400 -0.2 -01 2.0 0.1 02
Iteration Sample value
BI3] B3I
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\ \
L | ‘ \
1 \
I \~.

I In [ ]: prec ridge = predic:(nod_fa Ridge prior,test)
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In (19): pred_ridge = predic: (nod_fa Ridge_prior, test)

0s£[19]: 33-element Vector(Floatsd):
0.3318218229414921
0.3690713102302111
0.6323855156072
0.49645952743067734
0.71723092460301159
0.2845101915635235
0.3945589464447113
0.2950180220349311

. 0.5269765509633314
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0.3945589464447113

0.2950180220349311

0.5289765509633314

0.25787865182134095

0.5383348246622791

0.8851502911425775

0.6841482558921453

0.3634390310743654
0.5037473410895411
0.20165413628589375
0.16227991681744835
0.8276053446650392
0.2610758106677042
0.20080323126602317
0.4311064102730357
0.5040056217177459
0.09849657593717593
0.6370331158266973
0.7511116019156893

In (20): thres = 0.5;
predicts = pred_ridge .>= thres;
Confusi [test.?, predicts)

01£[20]: ConfusionMatrix(Intsd)(0, 39, 0, 19, 20, 0)

| mi

So, if I just do a plot simple stat plot. So, here is the plots you see they have decently
converged nicely converged, ok. All of them pretty much decently converged here I am doing
the predictive error. And here I have to do the confusion matrix I have to compute for some

reason binary evaluation of the report is not working I will come back to you on the same.

So, I will say take predictive ridge as that and then if I just use that. So, these are the

confusion matrix that have we have found. So, I am not sure if it is correctly done. So, I will

check with this.
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131 Frior_Ridge

133 Type representing the Ridge Prior.

135 4Prior sodels
36 math
17 v \isin TverscGommalh,b),

59 math
40 \\sigm \isdn InverseGamala 3,

13 Walpha | \\signa,v Wsim ornal(9,ven\sigma),
.|

5| aath
146 \beta | \sign,y \\sin NormaL p(, vi\\sigea),

18 aLikelitood or data nodels. x

150 Snath
151 \\au_ix Vialpha + \\na

11x)_iT\ beta

13| St
150 )L \edn DL, \sigaal,

156 whotess: *"0()"" i appropriate distribution of *"y_i"" based on the "modelClass’, where

18+ \\tibfEHy_t)g(mi) ", and
1594 Varly.
%0 |

161 struct Prior Ridge erd

TPy
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CRRao,| GRRao.Prior_Ridge - Type

Prior_Ridge

fons Type representing the Ridge Prio.
b Piormade
Guide
v~ InverseGammalh,b),
API Reference
General Interface o~ IYI'JEFMG\IMM(M,M]),
© Urderstandirg the nterface
ela,y~ Normal(0,2 40),
© Model Classes and Data Madels
© Link functions.
rhnton Blow ~ Nermal, 0,0+,
© Prior Distributions
o el Lkelhood or data mode
Freqentist Regression Models
p=atxlB
Bayesian Regression Models
v~ Dipy ),

Note: D is appropriate distriburion of  based on the node1Class, where

* Biy) = glp).and

« Vor(y) =% =

Vesior 1010 v
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Note: D] isapprepriate distribuion of y; based on the nodelCLass, where

CRRao,l
« E(y) = glu),and
+ Var(y) = o B
Home
] CRRao.Prior.Laplace ~ Type
Gide prior_Laplace L
(SEEea Type representig the Lalce Prir
General Interface Priormodel
© Understandirg the interface
o ModelClssesand Data Modes o+ TnverseGarmally Bl
© Link functions.
R o ~ InverseGammalag, bo),
o Seting Rzndom Number Generators
ala,v~ Laplace(0, v 7),
Frequentist Regression Models |
Bayesian Regression Models Blo,v~ Loplace(0, v xo),
Likeood or data rods!
7
p=at+xf
v~ Diwy 0)
Vesor | 1010 .
L Note D it on the acdaPTass why

Now, if you look back if you go to the say if  am now interested in implementing say Laplace

prior how do I do implement.
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0.5040056217177459
0.09849657593717599
0.6370331158266973
0.7511116019156893

In [20): thres = 0.5;
precicts = pred ridge .>= thres;
Cenfusionatrix(test.t, predicts)

01t[20]: ConfusionMatrix(Intsd} (0} 39, 0, 19, 2¢, 0)

Bayesian Logistic Regression using Laplace Prior

In [*]: med_fa_laplace prior = fit(®formula(¥-Tociltoci2+locid+locid+locis+hoci6+Loci6iLaciT+Loci8+Loc
(train,LogisticRegression() Legit (), Prior Laplace())

r Info: Found initial step size
boe=0.05

senpling: 122+ N | e 0:00:03

In{

Quantum Monte Carlo

So, if I am interested in implementing say Bayesian Logistic Regression Bayesian Logistic
Regression using Laplace prior, ok. So, if I have to do that all I have to do is just copy this
guy from here and instead of I will just name it as Laplace and instead of prior ridge. I will

just say Prior underscore Laplace.

So, Prior underscore Laplace ok and rest of the thing will be exactly same and now if you just

run sorry, I think Laplace there was a spelling mistake yeah now I think it is done, yeah.
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B+ 3 @B 44 bR B CH Code Vo3

0u£[22]: Formula: ¥ ~ 1 + Locil + Loci2 + Leei3 + Locid + LociS + Loci6 + Loci7 + Loci8 + Locid + Loei
10 + Tocill + Locil2
Link: Logit(CRRao.Logit Link)
Chain: Chains MCMC chain (1000x26x1 Array{Floatéd, 3)):

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

Semples per chain = 1000

Well duration 6.65Yseconds

Compute duration = 6.65 seconds

F!rﬁ;‘*’-ﬂr b Briy, prai, 331, Brey, Bisy, Bréd, P71, Br8y, Pro1, Brien, prity, i1
2, pras)

internals = 1p, n_steps, is_accept, acceptance_rate, log_density, hamiltonian_energy,

hemiltonian energy_error, max_hamiltcnian energy error, :ree dspth, numerical error, Step siz
e, non_step_size

Sumnary Statistics
parameters mean std mese
symbol Floatét Float6d Floatéd Floatéd

rhat -
Floatéd =

L 0.1516  0.0595  0.0031  283.5977 254.1595  1.0040 =~
Bl1)  0.0161  0.2080  0.0071 1030.9581 342.7359  1.0000 -
Bl2)  0.0315  0.0621  0.0025  65¢.4157 429.4716  1.0007 =
B3] -0.127 0.1119 0.0055 528.1824  281.6356 1.0041 -
fr4)  0.4543  0.1522  0.0063  584.2328 531.1155  1.0015 -
BIS) -0.034%  0.0894  0.0033  814.6973 555,958l  1,0018 =
(I3} 0,0530 0.0927 0.0042 528.2093  365.0395 1.0047 -
B17) 0.0383 0.0694 0.0024 835.1357  716.3752 1.0060 -
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hemiltonian_energy_error, max_hamiltenian_energy error, sree_depth,
e, non_step_size

nunerical_error, step_siz
Sumnary Statistics

parameters  mean std  mese
Symbol  Float64 Floaté4 Floatéd

ess_tail rhat -
Float6d Floatéd =

L 0.1516  0.0595  0.0031 283.5977  254.1596 1.0040 =
BI1)  0.0161  0.2080  0.0071 1030.9581 342,7359  1.0000 =
BI2) 0,0315 0.0621 0.0025 6544157 429.4715 1.0007
BI3) -0.1279  0.1119  0.0055  528.1824 281.6956  1.0041
Bla)  0.4543  0.1522  0.0063  584.2328 531.1155  1.0015 -
PI5)  -0.0344  0.0894  0.0033  §14.6973 555.9581  .0018
pi6) 0.0530 0.0927 0.0042 528.2093  365.0396 1.0047
Br7) 0.0389  0.0694  0.0024  §35.1357 716.3752  1.0060
Bre)  0.1704  0.1999  0.0112  446.9434 515.5575  1.0038
BI9] -0.0884  0.1309  0.0045  941.9574  659.1198  0.9991
p{10) -0.0259  0.0986  0.0040  677.4022  639.055)  0.9994
pr11)  0.0003  0.0885  0.0033  703.7122  593.8553  0.9992
pri2) -0.0832  0.0679  0.0027  651.6228 678,0120 11,0071
priz)  -0.2155 0.0929 0.0033 §06.1336  715.8215 0.9997

Quantiles
parameters 2.5 25.08  50.08  75.08  97.5%
Synbol  Float64 Floatéd Flostéd Floatéd Floatsd

Loo0.0627 0.1076  0.1421 0.1876  0.2843
Bli) -0.4277 -0.0688  0.0087  0.1059  0.4357
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Quantiles
parameters 2.5% 25.0% 50.0% 75.0% 97.5%

Symbol Float64 Float6d Floatéd Floaté4 Floatsd

Loo0.0627 0.1076 0.1421 .1876 0.2843
pr1)  -0.4277  -0.0688  0.0087  0.1059  0.4357
Bl2) -0.0779  -0.0085  0.0251  0.0680  0.1655
BI3] -0.3727  -0.1991 -0.1159 -0.0439  0.0459
Bl4]  0.1900  0.3549  0.4564  0.5661  0.7753
BIS] -0.2333  -0.0845 -0.0243  0.0175  0.1247
pi6) -0.0995 -0.0087  0.0367  (.1085  0.2658
B17)  -0.093¢  -0.0061 0.0331 0.0824 0.1855
p18) -0.0855  0.0294  0.1177  0.2606  0.6807 .
Bl9) -0.3230 -0.1142 -0.0323 0.0294 0.1832 i
pr10) -0.2464 -0.0848 -0.0168  0.0375  0.1597
pr11)  -0.1821 -0.0510 -0.0003  0.0506  0.1825
pr12)  -0.2363 -0.1233  -0.0777 -0.0339  0.0318
pri3)  -0.3973  -0.2805 -0.2130 -0.1495 -0.0443

In[

So, ok looks like Laplace also has been implemented very fast and it is kind of 1500
simulation samples have been created from 1500 samples first 500 is being considered as a
burning and from 501 to 1500, 1000 samples based on 1000 samples it is being created. And

similar kind of inference you can see you can do based on the credible interval.
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CRRao]] CRRao.Prior_Cauchy —Type
Prior_Cauchy
Home
Type represcnting the Catichy Prior.
Manal
Prior model
Guide
T @~ Half - Cachy(0,1),
]
General Interface ala ~ Cauchy(0, o),
© Understandirg the interface
© ModelCsss andDat Mdels: Blo ~ Cauchy(0,v % o),
© Link functions.
Lkefhood or data mode!
 Prior Distributions
o Seting Rzndom Number Generators w=at X:rﬁ
Fiequertist Regresson Models
ji ~ Dipiy @),
Bayesian Regression Models 4~ Dip)
Note: D] is apprepriate distribuion of y; based on the modelClass, where |
+ Eiy) = glu), and
« Var(y) = 0%
(RRao.Prior_Tdist - Type
Vession  v0.10 v oL v

Now, if you interested in say doing Cauchy interval Cauchy prior. So, all you have to do is

just take this information.
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pri3)  -0.3973  -0.2805 -0.2130 -0.1495 -0.0443

Bayesian Logistic Regression using Cauchy Prior

In [23): med_fa_cauchy_prior = fit(éformula(¥-Lecil4Loci2+Loci3+Locid+Loci5tLoci6+Loci6+lociTHocifHloci
strain, LogisticRegression() Logit() ,Prior_Cauchy())

r Info: Found initial jep size
Loe=0.05
sempling: 100% | I | 1ine: 0:00:03

0s£[23): Formala: ¥ - 1 + Locil + Loci2 + Loci3 + Locid + Locis + Loci6 + Loci7 + Locis + Loeid + Loei
10 + Locill + Locil?
Link: Log:t|CRRao.Logit Link)
Chain: Chains MCHC chain (1000x26x1 Array{Floatéd, 3}):

Iterations = 501:1:1500
Number of chains = 1
Semples per chain = 1000

Well duration = 5.68 seconds

Compute duration = 5.68 seconds

parameters =% Bril, Br2), 8131, Pray, Brsi, Brel, Br71, Brel, Br91, Briel, prirl, i1
21, 13

internals = 1p, n_steps, is_accept, acceptance_rate, log_density, hamiltonian_energy,

hamiltonian_energy_error, max_hamiltcniar_enerqy error, -ree_dspth, numerical error, step_siz
e, nom_step_size

And now if I want to introduce say all I have to do just take this and instead of Laplace Prior I
want Cauchy prior, ok C a u ¢ h y Cauchy Prior, but not Laplace. So, I will just instead of
Laplace I will say Cauchy Prior. So, I will just effectively if I just write the C and then tab
will fill up the rest of the thing if I just write the C and then tab if you just press tab it will fill

up the rest.
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Wall duration = 5.68 seconds
Compute duration = 5.68 seconds
parameters =M Bril, Br21, 831, Pra1, Besy, Beed, Br71, Brel, B(91, o1, rirl, Bi1
21, prus;
internals = 1p, n_steps, is_accept, acceptance_rate, log_density, hamiltonian_energy,

hemiltonian energy_error, max hamiltcnian energy error, tree dspth, numerical error, Step siz
e, non_step size

Sumnary Statistics
parameters  mean std  mese essbulk ess_tall  rhat e~
symbol Float64 Floaté4 Floatéd Float64 Floaté4 Float6d

L 0.0841  0.0512  0.0035 158.0570 236.2950  1.0077
BI1]  0.0123  0.4647  0.0389 385.005. 152.5452  1.0343
Bl2)  0.0174  0.0526  0.0018 895.2548 590.3078  1.0018
pI3)  -0.1060 0.1110 0.0049 41,7998 579.6959 1.0010
Bi4) 0.5232 0.1769 0.0089  403.1177  365.4249 1.0079
Bis) -0.0275  0.0840  0.0032 773,081 517.5820  0l9995
BI6)  0.0287  0.0798  0.0033 678.3899  620.5475  1.0007
BI7)  0.0244  0.0597  0.0020 870.2156 458.0227  1.0188
BI8)  0.1502  0.2569  0.0216 279.4852 156.0359  1.0011
BI9) -0.0505  0.1164  0.0059 5¢0.8924 225.7455  1.0034
prio;  =0.0149 0.0882 0.0030  955,5505  549.2836 1.0004
pril)  -0.0110  0.0794  0.0027 899.7959  601.8052  1.0004
pr1i2) -0.0810  0.0688  0.0032 494.7984 508.5608  1.0004
Br13) -0.2402  0.0989  0.0045 4817254 562.7517  1.0043

Quantiles
L PN TS T T T TS T VS VI 1Y

So, instead of Laplace I want to name it as a say Cauchy prior. So, for some reason the
evaluation methods are not working properly I will correct those and I will share the correct
Notebook with you guys. For some reason it is not working, but as you see here also pretty
much all rhats are first thing you should check in the Bayesian statistics with all rhats are very

close to one or not if it is indeed, one close to one then you are in good shape.
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BI8) 0.1502 0.2569 0.0216  279.4852  156.0359 1.0011
B19)  -0.0505 0.1164 0.0059 540.8924  225.7455 1.0034
prio) -0.0149 0.0882 0.0030  955.5505  549.2836 1.0004
priy  -0.0110 0.0794 0.0027  899.7959  601.3052 1.0004
ﬁ[lZ] -0.0810 0.0688 0.0032  494,7984  508.5608 1.0004
pri3)  -0.2402 0.0989 0.0045 481,7254  562.7517 1.0043
Quantiles

parameters 2.5 25.0% 50.0% 75.0% 97.5%
Symbol Float64 Floaté4 Floatéd Floaté4 Floatsd

Loo0.0197 0.0481 0.0742 €.1073 0.2098
Bl1] -0.7013 -0.0633  0.0061  0.0752  1.0800
Bl2) -0.0755 -0.0141  0.0113  0.0463  0.1385
B3] -0.3503 -0.1702 -0.0866 =-0.0241  0.0550
pia) 0.1713 0.4010 0.5229 0.6406 0.8702
pIs)  -0.2275 -0.0709 -0.0183  €.0195  0.1305
BI6) -0.1093 -0.0183  0.0163  0.0662  0.2205
Bl7] -0.0925 -0.0135  0.0176  0.0617  0.1513
BI8) -0.0928  0.0052  0.0660  0.1920  0.8906
Bl9) -0.3529 -0.0925 -0.0259  0.0168  0.1354
prio) -0.2055 -0.0533 -0.0092  0.0296  0.1616
pri1)  -0.1603 -0.0550 -0.0096 0.0296 0.1597
priz)  -0.2275 -0.1255 -0.0730 -0.0293  0.0343
pr13) -0.4377 -0.3087 -0.2359 -0.1687 -0.0607

In [ ]

And here also you can see the third predictor is all positive and the last predictor is all
negative rest of the all predictors are essentially either or including O then 95 percent
confidence interval is including 0. So, similar consistent inference that we are getting from all

of the Cauchy Priors.
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* Bookmars @ @ @ @ DonMChancelns. B3 CONA B3 Soursh'sEoolMak @ FianzoRescarch.. M Omal Q) Mips [ Hews By Tashte NPTEL
r (RRao.Prior_Toist — Type
CRRao/l

Prior_Toist

Home Type representing th T-Distrbuted Prior
v Priormodel
Guide v~ InverseGammalh, b),
APIReferznce
5~ InverseGamma(ag, by,
Generalntertace
o Undestani hetefce alo,v ~at(n),
© ModelCsss andData Models:
o Lk funcions. Bley ~ at(v),
o Prior Distibutions L}
o Settng Rendom Nunber Geneators Lkefhood ordata mode!
Frequentist Regression Models m=atxp
Bayesan Regresson Models
¥~ Dy )y
Is apprepriate distrbuion of y; based on the nodelClass, where l

* Bly) = glp).and
o Ver(y) =",

« The t{v) ist distribution with v degrees of readom,
Vesior 1010 v
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€ 5 C @ xkirgithubio/CRRac)lstablefspiinterfaceldPrior-Dstrbutions tk vORO PN LO@Q: \%
kBooknaks @ @ @ O DonMChacelns. £ CCNA B3 Sourish's BoolMak @ FanceReseach.. M Omal 9 Maos ) Hews By Tanshi NPTEL
i « Biy) = glp).and
CRRao/| ) = 9(s 7)
Var(y) =
« The {(v] it distibution with v degrees of freedom,
Home
RRao.Prior_Horseshoe = Type
Manal
Gide prior_torsesho:
API Referznce Type representing the HorseShoe Prior.
GeneralIterface Priormodel
o Undenstandig the nerace 7~ HelfCauehy(, 1),
o ModelClassesand Data Models
o Lk func i
ik fnclors A~ HaljCouchy(0, 1), = 1,2+ ,p
© Prior Distibutions &
o SefingRendom Nunber Geneatos o ~ HalfCauchy(0, 1)
Fiequertist Regresson Models
dla,7~N(O,7* ),
Bayesian Regression Models
fylo, A7 ~ Normal(0, ; #7 %),
Lkefhood or data model
p=atxp
Vesion 1010
L woo Do) i=12.n

Now, let us see what else are we do we have other than Cauchy Prior we have also T
distributed prior and then HorseShoe Prior HorseShoe Prior is very popular. Let us try to

implement the HorseShoe Prior, ok. So, let us try to implement the HorseShoe Prior.
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(] M Irbor (10354) - sourish X | Z Dowrloadsfleachinge. X &

1-JupyterNe X @ GenenlIntedace- CRR: X | () GiHub - JuliStatsRDa X | G binaryeval reportjua~ X | v F, O
C O localhost:8888/nctebooks/Downloads/eachirg/Re nd_Clssification/NPTELWeek-1]Lecture_21ipynb atx vOROo+PRENL0Q: \%_%?
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Bayesian Logistic Regression using Cauchy Prior

In [24]: mod_fa_HS prior = fit(@formula(Y~Locil+Loci2+Loci3+Locid+Loci
| train LogisticRegression ,Lcﬁn(),k’nor Horseshoe())

r Info: Found initial step size
L oe=0.025

sempling: 1003 | I | 7 0:00:16

Out[24]: Formula: ¥ - | + Loeil + Loci2 + Leci3 + Locid + Loci5 + Loci6 + Loci? + Loci8 + Loeid + Loei
10 + Loeill + Locil2 1
Link: Logit|CRRao.Logit_Link)
Chain: Chains MCMC chain (1000x40x1 Array{Float64, 3}):

Iterations = 501:1:1500
Nunber of chains = 1
Samples per chain = 1000

Well duration = 22.26 seconds
Compute duration = 22.26 seconds
perameters =1, A{1], A2), M3), M4, M5), M6, A7), M8, MS), A{10], A[11], M1
2], M131, o, BI11, BI2], BI31, Br4], BISI, BI61. BL71, Br81, BI91, P10, BI111, Pr12], BI13)
internals = lp, n_steps, is accept, acceptance rate, log density, hamiltonian energy,

hemiltonien_energy_error, max_haniltcniar_enerqy_error, -ree_depth, mumericel error, step_siz
e, non_step_size

sumnary Statistics
parameters mean std nese ess_bulk  ess_tail rhat e -
Symbol  Float64 Floatéd Floatéd  Floatéd  Floatsd Float6d

So, let me just do that and here is the. So, all I have to do just go copy this model and now
instead of in the prior area just instead of Cauchy Prior just say HorseShoe. So, I will just say
H and then tab it will fill up the rest and I am pretty much done. Of course, I do I want to
change the name to HorseShoe Prior and run. HorseShoe Prior may require a little bit of more

run maybe thousand simulation is not enough because it has lot of parameters in it.
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@ 0@ M ibor (10354) - souish X

c o

2 DowrloadsfleachingRe. X

B Lecture_21-Jupyter ke X

@ Geneal neace - CRR: %

end_

* Booknas @ @ © @ DonMCharcelns. £ CONA 3 Sourishs ik @ FanceReserch.

Fle  Edi  View Insert

Cell  Kemel

Viidgets

B+ @B 44 R B CH Code

Sumary Statistics
parameters

Symbol

T
M1
M2
M3

B

mean
Float6s

0.5369
3.6353
0.8797
1.4156
8.8499
1.1812
1.0628
1.0379
1.9293
1.3482
1.1257
1.2254
1.5612
4.6662
0,543
-0.1229
0,0093
=0.0708
0.5151
-0,0207
0.0200
0.0184
0.1023

std
Float64

0.7348
8.3586
11437
1.7034

13.2123
3.6477]
1.4028
15614
3.1398
2.0993
11419
16677
5.602¢
6.3697
0.9206
0.4912
0.0422
0.0979
0.1614
0.0636
0.0675
0.0507
0.1911

Help

nese
Float€4

0.0300
1.0481
0.0627
0.0983
0.9154
0.1637
0.0832
0.1150
0.2443
0.1713
0.1735
0.1072
0.4943
0.3486
0.1044
0.0826
0.0023
0.0121
0.0198
0.0033
0.0064
0.0030
0.0203

& 21ipyb

(LI 4

Momal Q bps @ iews B Tonshie

=]}

es5_bulk
Float6d

136.5695
37.0951
38.9060

226.8339

1516984
29.5651

129.7945
43.7195

157.5397
34.0789
41,9896

178.2108
46.4987

278.7353
23.4743
46.5957

334.9915
54,5433
70,4664

380.6765

125.2625

297.5749

121.1325

ess_tail
Float6d

149.2857
113.2957
292.3951
153.2250
244.2841

65.1593
327.4748
232.8011

520.2757

73.2191
326.5133
123.2976

m and

rhat
Float4

1.0196
1.0817
1.0537
1.0076
1.0101
1.0074
1.0090
1.0378
1.0882
1.0362
1.0211
1.0093
1.0074
1.0096
1.0688
1.1414
0.9995
1.0362
1.0351
1.0261
1.0019
1.0329
1.1003

© Gitb - laSttss | G by ewlrportila- % | 4

o@®:

[CR-SCL N N I

Tusted ¢ |Julat82 O

NPTEL
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co TeachirgfRegression_end_C| Week-TMlLesture_21.pynb Qe OO ePhRNLO@:
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Quantiles

parameters 2.5% 25.0% 50.0% 75.0% 97.5%

Symbol Floaté Floatéd Float€d Float6d Floatsd

i8] -0.0834  0.0009

T 0.0245  0.1465  0.3502  0.7150  2.2066
ML 0.0779  0.4869  0.9225  3.0995  23.2555
A2] 0,045  0.2521  0.5525  1.0189  4.2473
M3] 0.078L  0.5107  0.9583 16893 6.6345
M4l L1778 31843 5.5341  E.5564  49.4256
AS]  0.0357  0.2156  0.5685  1.1988  4.7989
A6]  0.0700  0.3041  0.7504  1.2256  5.0372
A7) 0.0513  0.1992  0.5680  1.1142  4.6857
MBI 0.0758  0.4936  0.9303 19144 12,0225
M9 0.0721  0.2640  0.6878  1.5342  1.3106
MI0] 0.0659  0.3219 07310 15736 4.3176
MIL] 0.0710  0.3638 06324 14518 6.1502
J12]  0.1048  0.2703  0.7019  1.3718  5.6731
A13] 0.5855  1.7784  3.0018  4.6037 21.0425
o 0,0373  0.0960  0.2845  0.6266  3.0904

BI1)  -1.,5315  -0.0973 -0.0036  0.0247  0.8135 N
B12) -0.0793 -0.0081  0.0062  0.0234  0.1205
i3] -0,3145 -0.1313 -0.0334 -0.0001  0.0477
Bla]  0.238  0.3810  0.4973  0.6316  0.6434
BIS) -0.1733 -0.0467 -0.0035  0.0085  0.0957
(6] -0.0923 -0.0150  0.0099  0.0367  0.2011
BI7)  =0.0812  -0.0040  0.0061  0.0446  0.1434
0022 0 0.7379

L1268

So, we will see interesting, but we are seeing that lot of most of the parameters have been
converged. So, ok, but unfortunately it is not printing all the parameters ok, that is in Jupyter

Notebook that sometimes a problem.
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Kbokmric @ @ @ @ DonMCharcolns. B CONA 3 Sorsts Eoolak @) FramoRescarch.. M Omal @ Mags (@ tiws By Tanshte NPTEL
9 Tused  |Jula182 O
Infy ‘sourishdas = Julla = julla = 124x24

i Last login: Fri Mar 31 18:10:38 on ttysees
1 /Applications/Julia-1.8.apa/Contents/Resources/julia/bin/julis ; exit;
1 (base) sourisndas@sourishs-MacBeok-Air ~ % /Applications/Julia-1.8.app/Centents/Resources/julia/bin/julia ; exit;

Documentation: https://docs.julialang.org

- il |

a0 10 |

L | |. ___ | Type"?* for help, "]2" for Pkg help.

O O O O I VA |

we L LIL DT T | version 1.8.2 (2822-€9-29)

o < NZUCLZINZ'] | Official hteps://julialang.org/ release
/

last ‘v l

ssi julia> using CRRao, RDatasats, StableRNGs, StatsModels

julia> fa = dataset('gap", "fa");

So, what I will do I will I will run it in the maybe code Jupyter Notebook co code Julia. So, I
will open code Julia so, that we can see the results, ok. So, I will just call the you know let me

just run this few lines there, ok. And then if I just I will just call this guy, ok.
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* Booknars @ @ @ @ DonMChacelns,

owrloadsfleachingRe. X @ Lectie 21 - JupyterNe X @ Genenal Itetace - CRR: . | ) Gitub - JulSttsR0a. X | G binary evalreportjula - X |
and

e 21ipynb Atk vORO PR ® {%&)
B CONA B3 Soush's EooiMak @ Fianse Rescarch.

omal Q Maps @ s B Tanshie

NPTEL
rmac umyter_ma. "

@ Tusied  |Julat82 O
migne

st Hl'lH

sourishdss = fulla =l = 124x24
(|| | Version 1.8.2 (2022-69-29)
'_| | Official https://julialang.org/ release

1

[ ‘julia> using CRRao, RDatasats, StableRNGs, StatsModels
)

Lsijulia> fa = dataset('gap", "fa");

1

1 JUlia> using Random

M iulia> NersemeTwister(1234);
1

vetjuliay function splitdf(df, pot)

‘] Qassert @ <= pet ¢= 1
ids = collect(axes(df, 1])
shuffle(ids)

sel = i¢s .<= nrow(df) .x pet
train = df[sel,:]
test = ofl.Isel, :]
return train, tast
end
splitef (generic function with 1 method)

julias |

Inté4 Int64 inté4 Int64 64 Int64 In6¢ Ints4 Int6d Int64 Inté4 Intéd Inté4
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train = dflsel,:]
test = of[./sel, :]
return train, test
end
s splitdf (generic function with 1 method)

st

Lusf

s

L Julia> train, test = splitdf(fa, €.7);
Mjulias first(train,10

11411013 DataFrame

1 RoW | Y Locil Loci2 Loci3 Loci4 LociS Locié Loci7 Loci8 Loci9 Locild Llocill Locil2
b | Intéh Inté4 Ints4 Inté4 Intét Inté4 Inté4 Intés Inté4 Intél Intéh Intéh  Intéd

| 6

6
1%
14
1%
14
1%
14

6
it}

st

sl

Be
cwBBovowmwae

e e e e e e e
=
0o B w
P
@00 ®m @ ® oo
R R R
[N O S SR
[ T e
O TR R e R

1

julias mod_fa_HS_prior = fit(@fcrnulalY~Locil+loci2+Locid+Leci4-Loci5tLoci6+locisoci7+Loci8+Loci9+locitrlocillL
strain, LogisticRegression(), Logit (), Prior_Horseshoe())
Info: Found initial step size
i € = 0.003125

64| I
L [

And I will call this split function train and test and then, ok then finally, I will just use the run
the last data set last model, ok. Let us see how much time it takes yeah, its relatively faster

actually, ok.
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: julia> mod_fa_HS_prior = fit(@fcrmulalY~Locil+loci2+Loci3+Loci4-Loci5+Locié+Locib+Loci7+Loci8+Loci9+Locii@+Locill+L
1 . LogisticRegression(),Logit(),Prior_Horseshoe())

;";[ Info: Found initial step size

L €= 0.0

£ Samping 166 N | Tinc: 0:00:29
19Formula: Y = 1+ Lecil + Loci2 + Locid + Locis + Loci5 + Loci6 = Loci7 + Loci8 + Loci9 + Loci1® + Locill + Locil2
Link: Logit(CRRao.Logit_Link)

D,Chsin: Chains MCMC chain (1898x4@x1 Array{Floaté4, 3}):

Iterations = 501:1:1500
Number of chains
Samples per chair
Wall duration

Compute duration

parameters =71, Al1], M2], AL3], A[4], A[6], AL6], AL7], A[8], A[91, Al18], A[11], A[12], AL13], o, BI1), B
o BL&], B(s], Ble], (7], B(8], B[9], l10], B11], Bl12], B(13]
internals = lp, n_steps, is_accept, acceptance_rate, log_density, haniltonian_energy, hamiltonian_energy_er

hamiltonian_energy_error, tree_depth, numerical_error, step_size, nom_step_size

Summary Statistics
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Bl13]

Quantiles
paraneters
Synbol

T
A[1]
2]
3]
Al4)
5]
6]
71
8]
AD9Y

A19]

A11]

Al12]

A[13]

[
pl1l
2]
BI3]
BLs]
BI5]
Bls]
BI7]
I8l
(182]

Bl12]

pla1]

Bl12]

pl13]

-0.2612

2.5%
Floatok

0.0448
0.0686
9.0160
0.089
1.1317
0.0435
9.0561
0.0496
0.0926
0.0380
0.0679
0.0398
0.1013
0.4595
0.0260
-0.4893
-0.8772
-0.3291
0.2264
-0.2086
-0.1097
-0.0656
-0.8793
-0.2728
-0.2158
-0.1492
-0.2074
-0.4347

8.1022

265.0%
Floaté4

0.1858
0.3763
0.1999
0.4442
3.0449
0.380
0.2818
0.2066
0.5026
0.3298
0.3682
0.2161
0.4366
1.4928
0.1057
-0.8390
-0.6167
-0.1268
0.4856
-0.0865
-0.8274
-0.6097
0.€026
-0.8610
-0.8573
-0.6282
-0.1018
-0.32L4

0.9099

50.0%
Floato4

0.3741
8.9776
0.4936
1.0361
5.3431
0.7849
0.6471
0.5525
1.8171
0.6857
0.8375
8.5745
0.8015
2.5101
0.2357
8.8015
0.9035
-0.0345
9.5186
-9.8183
9.0016
8.8061
.8336
-0.5099
-9.8038
-0.8034
-9.8451
-0.2532

112.2952

75.0%
Floatét

0.6854
2.0487
1.0608
2.3558
8.7824
1.6689
1.2949
1.1298
2.0604
1.4236
1.4703
1.1829
1.4379
4.4102
0.5544
0.0676
0.0331
0.0039
8.6402
0.0082
0.0392
0.0421
0.1589
0.0074
0.0183
0.0154
-0.0142
-0.1835

138.6843  1.01090 3.7727

97.5%
Floato4

2.4024
16.3659
3.6866
£.8854
3¢.4613
4.3605
£.7463
4.7579
9.4914
6.7221
5.9469
4.3867
4.7194
14.2099
1.9331
8.4693
€.1224
€.0557
©.8183
€.0896
€.1788
6.1362
€.7289
€.1029
€.1154
€.1203
€.0304
-€.0293
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o~
Summary Statistics O
parameters mean std mese ess_bulk ess_tail rhat  ess_per_sec i%
Symbol  Floatés Floatés Floatéd Floats4 Floatés Fleatés Floztes N
NPTEL
T 0.6057 1.1656 0.9485 213.7638  279.2180 1.0698 7.1817
A1) 2.6673  20.9486  9.6698  65.2821 24,4273  1.0147 21933
Al2]  0.8842  1.4997  9.8725  50.9558  19.2813  1.0183 1.7119
A[3] 2,101 2.7614  D.4457  69.7784 61,1237  1.0634 2.6083
Al4]  7.8439 10.9166  9.6629 232.1859 301.8317  1.017L 7.8006
A3 1.2188  1.4756  9.B764 171.6405 01,7291  1.0130 5.7665
A6]  2.0104 14,1967  0.8775 127.5979 168.4914  1.0218 4.2868
A7]  0.9576  1.4062  0.8899 141.1977 577.9457  1.0683 4,7437
AB]  2.1867  7.7913  0.3080 207.1347 364.7326  1.0046 6.9599
A9]  1.3076  2.2644  9.1657 146.8121 158.6430  1.0112 4,932
A18]  1.3518  1.8582  9.B956 264.7134 354.4881  0.9996 8.8933
Al11]  0.9866  1.3688  .D905  146.6681 346.2527  1.8108 4.9074
A12]  1.2057  1.3825  0.8592 362.3571 441.7075  1.0043 12.1739
Al13]  3.8526  4.7133  9.2952 147.195@ 271.1536  1.8140 4.9452
o 0.4655 0.5912  9.835@ 183.8016 314.3923  1.8642 6.1482
Bl1] 0.0082 0.2333 9.9125  4@6.6616  274.4591 8.9992 13.6624
Bl2]  0.0124  0.e478  0.0030  298.8756 223.0706  8.9997 18.0412
BI3]1 -0.8718 0.1056 9.9068  216.9314  299.9385 1.0005 7.6866
Bl4]  @.5221  0.1637  9.0184  82.3646 321.5270  1.0108 2.7672
BI5]1 -0.839% 8.0766 9.9101 70.1478  293.5113 1.0217 2.3567
B8]  0.0069  0.€745  0.BO76  94.3500  91.0872  1.0725 3.169%8
BL71 0.0169 0.€475 9.9031 216.9477  495.1743 1.0016 7.6871
B8]  @.1146  0.1987  9.8208 190.2772  95.3975  1.0136 6.3926
BI91 -0.8365 0.€989 9.9065 337.8955  285.8960 0.9998 11.3521
Bl12] -0.0215  0.6866  0.P851 263.1513 258.6645  1.0072 8.8410
Bl11] -0.0086 0.e621 0.8048  326.2493  131.9959 11901‘? 18.9608
Bl12] -0.0610  @.867  0.PB48  198.6926 370.8219  1.0010 6.6753
Bl13] -0.2512  @.1022 0.8899 112.2952 138.6843  1.8100 3.7727
GQuantiles
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So, alright so, if I just run right this yeah now, I can see that all the parameters here are being
printed nicely you know rhat is all the rhat are very close to one means convergence did have
taken place that is a very good news for us. And then for each parameters if we will see how

this parameter for each coefficient there will be a scale parameter in the HorseShoe Prior.

So, each scale parameter perform confidence interval are also being printed. And now what
you can see that the third one as expected is also very strongly positive and the last one has a
very strongly negative whereas, these ones are not you know very strongly positive or

negative.
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In [25]: using Statsplots
plot(nod_fa_HS_prior.chain)
Out[25]: T T
1 ' 12
E 09
] 3 | I
b u.lr‘.‘m\h ‘.‘Ly‘. AR oo \\,fﬁw., I
500 300 1000 1200 1400 0 2 4 6
Itqmiyn Sample)je

sity

| wmr]

So, if I go back and if I just do the plot let me do a plotting and you will see typically
HorseShoe Prior behaves a very interesting way. So, let me just try to do the plotting. So,

(Refer Time: 22:46) ok let me just see if I can create this plot here HorseShoe prior chain.
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In [25): usirg StatsPlots
plot (nod_fa_HS_prioz.chain)
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In [25]: using StatsPlots
plot(mod_fa_S_prior.chain)
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In [25]: using StatsPlots
plot(mod_fa_ES_prior.chain)
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Yeah, it is better. So, first are all lambda parameters and then I will we will see here the betas.
Now you can see that betas are all very close to 0 they are bit close to Os and they are very
close to sharp to the 0 and not too much. So, they see there are lot of they are not sticking and

then the third one this is the second one and then this is the third one they are all positive and

the entire thing is positive being shifted, ok.
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Tn [25]: using StatsPlots
plot (sod_a_iS prior.chain)
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In [25]: using StatsPlots
plot (rod_fa_iS_prior.chain)
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Where the others are like you know very stick to the like you know very stick to the 0 and
then they have a flat distribution.
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In [25]: using StatsPlots
plot (mod_fa_KS_prior.chain)
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So, this is a very peculiar of the HorseShoe prior they have lot of mass on the 0 it tries to put.
And similarly, but when it has a because it has a lot of mass on the tail in the prior itself when
the posterior if it have any coefficient has true positive mass on the non-zero place then it gets
you know it is nicely picked up that behavior also. So, you can implement HorseShoe prior in
genetic you know in logistic regression very easily with just one line of code using CRRao

package.
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CRRao]l Prior model
7~ HelfCuuchy(,1),
Home
o Aj ~ Hal jCauchy(0,1),j = 1,2, ,p
Gide o ~ HalfCauchy(0, 1),
APIReference
dlo, 7~ N(0,7+0),
General Interface N
o Undentandig th hterface 7, )7 ~ Normal(0,); 4 7 ),
Byla, Ajy7 ~ Normal(0,
© Model Classes and Dats Madels
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The detail about the HorseShoe Prior are given here I have given that the all these things like

you know this is if D is a distribution it distribution could be normal Bernoulli anything mu 1

is x transpose beta.

So, you have to be mu i is in with distribution with respect to a mean and variance or standard
deviation. And then beta follow Normal alpha follow Normal, but conditional normal the
scale parameters are follow HalfCauchy distribution this lambda js follow HalfCauchy sigma

follow HalfCauchy and the tau distribution also follow HalfCauchy.

So, with this is a very peculiar kind of you know very popular actually in the Bayesian

literature and you can implement HorseShoe Prior using CRRao very easily. So, I hope you



enjoyed this video and we will keep doing more such analysis using CRRaO in the coming

videos.

Thank you very much, see you in the next video.



