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Today Start Recording

1. Upcoming events
2. Recap
3. Likelihood theory and logistic regresson
4. Observational studies and causality
5. In the News

6. Hour 3: Comments on HW 1-6 estimates of e'ect size, missing data

7. O)ce Hour Wednesday October 26 4-5 pm on Zoom
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Past

• Monday October 24 3.30-4.30 : DoSS Seminar Room 9014 (Hydro Building)
• Data Science Seminar Series
• Daniel McDonald, U Chicago
• Markov-Switching State Space Models for Uncovering Musical Interpretation

link
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https://www.pnas.org/doi/full/10.1073/pnas.2113561119




Upcoming

• October 27 3.30-4.30 Statistical Sciences Seminar; Room 9014, Hydro Building
and online

• Mireille Schnitzer, U Montreal
“Outcome-Adaptive LASSO for Confounder Selection With Time-Varying Treatments”
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Recap

• regression models for binomial and binary data
• examples: O-ring failure; heart disease; nodal involvment
• inference, residuals, diagnostics, analysis of deviance, nested models oct19.pdf: 20–24

• covariate classes; binary data
• model selection with

AIC = −2ℓ(β̂; y) + 2p

BIC = 2ℓ(β̂; y) + log(n)p
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https://utstat.toronto.edu/reid/sta2101f/challenger.html
https://utstat.toronto.edu/reid/sta2101f/BinaryELM2.html


Likelihod theory

• model: yi ∼ f (yi; θ), i = 1, . . . ,n; θ ∈ Θ ⊂ Rp independent
• joint density: f (y; θ) =

!n
i=1 f (yi; θ)

• likelihood function L(θ; y) = f (y; θ)
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Likelihod theory

• model: yi ∼ f (yi; θ), i = 1, . . . ,n; θ ∈ Θ ⊂ Rp independent
• joint density: f (y; θ) =

!n
i=1 f (yi; θ)

• likelihood function L(θ; y) = f (y; θ)

• log-likelihood function ℓ(θ; y) = log L(θ; y) =
"n

i=1 log f (yi; θ)
• maximum likelihood estimate θ̂ = arg sup ℓ(θ; y); ℓ′(θ̂) = 0
• Fisher information j(θ̂) = −ℓ′′(θ̂)
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Likelihod theory

• model: yi ∼ f (yi; θ), i = 1, . . . ,n; θ ∈ Θ ⊂ Rp independent
• joint density: f (y; θ) =

!n
i=1 f (yi; θ)

• likelihood function L(θ; y) = f (y; θ)

• log-likelihood function ℓ(θ; y) = log L(θ; y) =
"n

i=1 log f (yi; θ)
• maximum likelihood estimate θ̂ = arg sup ℓ(θ; y); ℓ′(θ̂) = 0
• Fisher information j(θ̂) = −ℓ′′(θ̂)

• two theorems:
j1/2(θ̂)(θ̂ − θ)

d→ Np(0, I)
asymptotically normal

• likelihood ratio statistic
w(θ) = 2{ℓ(θ̂)− ℓ(θ)} d→ χ2p

p is dimension of θ
d→ is convergence in distribution

Applied Statistics I October 26 2022 6

asyvaria Ej log'S

É MLE

Iannotti jca info



Likelihood Inference

• two theorems:

j1/2(θ̂)(θ̂ − θ)
d→ N(0, I)

w(θ) = 2{ℓ(θ̂)− ℓ(θ)} d→ χ2p
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Likelihood Inference

• two theorems:

j1/2(θ̂)(θ̂ − θ)
d→ N(0, I)

w(θ) = 2{ℓ(θ̂)− ℓ(θ)} d→ χ2p

• two approximations

θ̂
.∼ Nd{θ, j−1(θ̂)}

θ̂k
.∼ N({θk, j−1(θ̂)kk}

w(θ) .∼ χ2p
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Likelihood Inference

• two theorems:

j1/2(θ̂)(θ̂ − θ)
d→ N(0, I)

w(θ) = 2{ℓ(θ̂)− ℓ(θ)} d→ χ2p

• two approximations

θ̂
.∼ Nd{θ, j−1(θ̂)}

θ̂k
.∼ N({θk, j−1(θ̂)kk}

w(θ) .∼ χ2p

• compare two models using change in likelihood ratio statistic nested models

Applied Statistics I October 26 2022 7

p values

É



... Likelihood Inference
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Cheatsheet

STA2101: Likelihood Cheatsheet

Y = Y1, . . . , Yn independently distributed with densities f(yi | xi; θ), θ ∈ Θ ⊂
Rd; yi ∈ R. The observations are independent, but not identically distributed, due
to the dependence on the p × 1 vector xi. Independence is critical, but i.d. can
usually be handled, so the dependence on xi below is often suppressed.

Likelihood function is the joint probability of the observations, considered as a
function of the parameter

L(θ; y) ∝
n!

i=1

f(yi | xi; θ)

Log-likelihood function

link
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Nested models

• Comparing two models:
• likelihood ratio test

2{ℓA(β̂A)− ℓB(β̂B)}

compares the maximized log-likelihood function under model A and model B
• example
model A: logit(pi) = β0 + β1x1i + β2x2i, βA = (β0,β1,β2)

model B: logit(pi) = β0 + β1x1i, βB = (β0,β1)

• when model B is nested in model A, LRT is approximately χ2ν distributed under model B

• ν = dim(A)− dim(B) theory of pro&le likelihood
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... nested models

> logitmodcorrect2 <- glm(cbind(r,m-r) ~ temperature + pressure, family = binomial, data = shuttle2)

> summary(logitmodcorrect2)

Coefficients:

Estimate Std. Error z value Pr(>|z|)

(Intercept) 2.520195 3.486784 0.723 0.4698

temperature -0.098297 0.044890 -2.190 0.0285 *

pressure 0.008484 0.007677 1.105 0.2691

---

Null deviance: 24.230 on 22 degrees of freedom

Residual deviance: 16.546 on 20 degrees of freedom

AIC: 36.106

Number of Fisher Scoring iterations: 5
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... nested models

> logitmodcorrect2 <- glm(cbind(r,m-r) ~ temperature + pressure, family = binomial, data = shuttle2)

> anova(logitmodcorrect,logitmodcorrect2)

Analysis of Deviance Table

Model 1: cbind(r, m - r) ~ temperature

Model 2: cbind(r, m - r) ~ temperature + pressure

Resid. Df Resid. Dev Df Deviance

1 21 18.086

2 20 16.546 1 1.5407
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...nested models

• Model A: logit(pi) = β0 + β1tempi + β2pressurei

• Model B: logit(pi) = β0 + β1tempi

• nested: Model B is obtained by setting β2 = 0

• Under Model B, the change in deviance is (approximately) an observation from a χ21

• Pr(χ21 ≥ 1.5407) = 0.22; this is a p-value for testing H0 : β2 = 0

• so is 1− Φ{ β̂2
#s.e.(β̂2)

} = 1− Φ(1.105) = 0.27

ELM-1 p.30
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Binomial likelihood

• model
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Binomial likelihood

• model

• likelihood
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Binomial likelihood

• model

• likelihood

• log-likelihood
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Binomial likelihood

• model

• likelihood

• log-likelihood

• score function

Applied Statistics I October 26 2022 14

Ri Este l pi ter.to I.If
Ij4TEpTp tnibeEi pilp

elp É gilogpilp Cui ji bell piles
R

T EEIEETniGE1texite3
x.tt

fyeicit

o e p f p
1H



Binomial likelihood

• model

• likelihood

• log-likelihood

• score function

• maximum likelihood estimate
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Binomial likelihood

• model

• likelihood

• log-likelihood

• score function

• maximum likelihood estimate

• Fisher information
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... binomial likelihood

• model yi ∼ Bin(ni,pi), i = 1, . . . ,m no regression
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... binomial likelihood

• model yi ∼ Bin(ni,pi), i = 1, . . . ,m no regression

• likelihood
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... binomial likelihood

• model yi ∼ Bin(ni,pi), i = 1, . . . ,m no regression

• likelihood

• log-likelihood
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... binomial likelihood

• model yi ∼ Bin(ni,pi), i = 1, . . . ,m no regression

• likelihood

• log-likelihood

• score function
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... binomial likelihood

• model yi ∼ Bin(ni,pi), i = 1, . . . ,m no regression

• likelihood

• log-likelihood

• score function

• maximum likelihood estimate
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... binomial likelihood

• model yi ∼ Bin(ni,pi), i = 1, . . . ,m no regression

• likelihood

• log-likelihood

• score function

• maximum likelihood estimate

• maximized log-likelihood function
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Special to the Binomial and Poisson

• regression model is nested in saturated model

•
w = 2[ℓ(p̂)− ℓ{p(β̂)}] .∼ χ2m−p
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Pearson’s chi-square ELM-2 §3.3
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Special to the binomial and Poisson

• logistic regression model pi = pi(β) = expit(xT

i β), p̂i = pi(β̂)
is nested in the saturated model p̃i = yi/ni
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Special to the binomial and Poisson

• logistic regression model pi = pi(β) = expit(xT

i β), p̂i = pi(β̂)
is nested in the saturated model p̃i = yi/ni

• residual deviance compares ,tted model to saturated model
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Special to the binomial and Poisson

• logistic regression model pi = pi(β) = expit(xT

i β), p̂i = pi(β̂)
is nested in the saturated model p̃i = yi/ni

• residual deviance compares ,tted model to saturated model

• under the ,tted model, approximately distributed as χ2n−p
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Special to the binomial and Poisson

• logistic regression model pi = pi(β) = expit(xT

i β), p̂i = pi(β̂)
is nested in the saturated model p̃i = yi/ni

• residual deviance compares ,tted model to saturated model

• under the ,tted model, approximately distributed as χ2n−p
if each ni “large” ELM-2 §3.2

> summary(Ex1018.glm)

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 40.710 on 22 degrees of freedom

Residual deviance: 18.069 on 17 degrees of freedom

AIC: 41.69
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Deviance and binary data ELM-2 §2.6

• if ni ≡ 1, then
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Deviance residuals glm.diag; library(SMPracticals)

> summary(Ex1018binom.glm)

Call:

glm(formula = cbind(r, m - r) ~ ., family = binomial, data = nodal2)

Deviance Residuals:

Min 1Q Median 3Q Max

-1.4989 -0.7726 -0.1265 0.7997 1.4351
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Deviance residuals glm.diag; library(SMPracticals)

> summary(Ex1018binom.glm)

Call:

glm(formula = cbind(r, m - r) ~ ., family = binomial, data = nodal2)

Deviance Residuals:

Min 1Q Median 3Q Max

-1.4989 -0.7726 -0.1265 0.7997 1.4351

Deviance: 2
"n

i=1[yi log{yi/nipi(β̂)}+ (ni − yi) log{(ni − yi)/(ni − nipi(β̂))}]
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Deviance residuals glm.diag; library(SMPracticals)

> summary(Ex1018binom.glm)

Call:

glm(formula = cbind(r, m - r) ~ ., family = binomial, data = nodal2)

Deviance Residuals:

Min 1Q Median 3Q Max

-1.4989 -0.7726 -0.1265 0.7997 1.4351

Deviance: 2
"n

i=1[yi log{yi/nipi(β̂)}+ (ni − yi) log{(ni − yi)/(ni − nipi(β̂))}]

approximately χ2n−q

rDi = ±
√
(2[yi log{yi/nip̂i}+ (ni − yi) log{(ni − yi)/(ni − nip̂i)}])
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Overdispersion ELM §2.11, SM 10.6

• Yi ∼ Bin(ni,pi) ⇒ E(Yi) = nipi, Var(Yi) = nipi(1− pi)
• variance is determined by the mean
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Overdispersion ELM §2.11, SM 10.6

• Yi ∼ Bin(ni,pi) ⇒ E(Yi) = nipi, Var(Yi) = nipi(1− pi)
• variance is determined by the mean

• bmod <- glm(cbind(survive,total-survive) ~ location + period, family = binomial,

data = troutegg)

summary(bmod)

Null deviance: 1021.469 on 19 degrees of freedom

## Residual deviance: 64.495 on 12 degrees of freedom

## AIC: 157.03
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Overdispersion ELM §2.11, SM 10.6

• Yi ∼ Bin(ni,pi) ⇒ E(Yi) = nipi, Var(Yi) = nipi(1− pi)
• variance is determined by the mean

• bmod <- glm(cbind(survive,total-survive) ~ location + period, family = binomial,

data = troutegg)

summary(bmod)

Null deviance: 1021.469 on 19 degrees of freedom

## Residual deviance: 64.495 on 12 degrees of freedom

## AIC: 157.03

• quasi-binomial: E(Yi) = nipi, Var(Yi) = φnipi(1− pi)
• estimate φ? over-dispersion parameter
• usually use X2/(n− p), where

X2 =
$ (yi − nip̂i)2

np̂i(1− p̂i)
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Quasibinomial

overdisp.Rmd; overdisp.html
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Variable selection SM Ex.10.18

> step(EX1018binom.glm)

Coefficients:

(Intercept) stage1 xray1 acid1

-3.05 1.65 1.91 1.64

Degrees of Freedom: 22 Total (i.e. Null); 19 Residual

Null Deviance:^^I 40.7

Residual Deviance: 19.6 ^^IAIC: 39.3

– we can drop age and grade without a)ecting quality of the &t

– in other words the model can be simpli&ed by setting two regression coe*cients to zero

– several mistakes in text on pp. 491,2;

– deviances in Table 10.9 are incorrect as well http://statwww.epfl.ch/davison/SM/ has corrected version

Applied Statistics I October 26 2022 23

yTX gtx mie
ra TWX ing

Mad

http://statwww.epfl.ch/davison/SM/


... variable selection SM Ex.10.18

• step implements stepwise regression
• evaluates each ,t using AIC = −2ℓ(β̂; y) + 2p
• penalizes models with larger number of parameters

• we can also compare ,ts by comparing deviances −→ binaryELM2.html

Applied Statistics I October 26 2022 24



... variable selection SM Ex.10.18

• step implements stepwise regression
• evaluates each ,t using AIC = −2ℓ(β̂; y) + 2p
• penalizes models with larger number of parameters

• we can also compare ,ts by comparing deviances −→ binaryELM2.html
• > update(Ex1018binom.glm, .~. - aged - grade)

Call: glm(formula = cbind(rtot, total - rtot) ~ stage + xray + acid,

family = binomial, data = nodal2)

Coefficients:

(Intercept) stage1 xray1 acid1

-3.05 1.65 1.91 1.64

Degrees of Freedom: 22 Total (i.e. Null); 19 Residual

Null Deviance:^^I 40.7

Residual Deviance: 19.6 ^^IAIC: 39.3

> deviance(ex1018binom)

[1] 18.06869

> pchisq(19.6-18.07, df = 2, lower = F)

[1] 0.4653
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AIC

• as terms are added to the model, deviance always decreases
• because log-likelihood function always increases
• similar to residual sum of squares
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AIC

• as terms are added to the model, deviance always decreases
• because log-likelihood function always increases
• similar to residual sum of squares

• Akaike Information Criterion penalizes models with more parameters
•

AIC = 2{−ℓ(β̂; y) + p}

SM (4.57)

• comparison of two model ,ts by di'erence in AIC
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Measures of risk 1,2

• see posted handout on case-control studies
• consider for simplicity binomial responses with a single binary covariate:

logit(pi) ∼ β0 + β1zi, i = 1, . . . ,n
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Measures of risk 1,2

• see posted handout on case-control studies
• consider for simplicity binomial responses with a single binary covariate:

logit(pi) ∼ β0 + β1zi, i = 1, . . . ,n

• no di'erence between groups ⇐⇒ odds-ratio ≡ 1
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... Measures of risk

• we might be interested in risk ratio p1
p0

instead of odds ratio p1(1− p0)
p0(1− p1)

• also called relative risk
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... Measures of risk

• we might be interested in risk ratio p1
p0

instead of odds ratio p1(1− p0)
p0(1− p1)

• also called relative risk
• if p1 and p0 are both small, (y = 1 is rare), then

p1
p0

≈ p1(1− p0)
p0(1− p1)

• sometimes p1/p0 can be large but if p1 and p0 are both small the di'erence p1 − p0
might also be very small

Applied Statistics I October 26 2022 27

https://www.youtube.com/watch?v=4szyEbU94ig
https://realrisk.wintoncentre.uk/p1


... Measures of risk

• we might be interested in risk ratio p1
p0

instead of odds ratio p1(1− p0)
p0(1− p1)

• also called relative risk
• if p1 and p0 are both small, (y = 1 is rare), then

p1
p0

≈ p1(1− p0)
p0(1− p1)

• sometimes p1/p0 can be large but if p1 and p0 are both small the di'erence p1 − p0
might also be very small

• in order to estimate the risk di'erence we need to know the baseline risk p0
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... Measures of risk

• we might be interested in risk ratio p1
p0

instead of odds ratio p1(1− p0)
p0(1− p1)

• also called relative risk
• if p1 and p0 are both small, (y = 1 is rare), then

p1
p0

≈ p1(1− p0)
p0(1− p1)

• sometimes p1/p0 can be large but if p1 and p0 are both small the di'erence p1 − p0
might also be very small

• in order to estimate the risk di'erence we need to know the baseline risk p0
• bacon sandwiches www.youtube.com/watch?v=4szyEbU94ig
• risk calculator https://realrisk.wintoncentre.uk/p1
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Odds ratio 0.64; baseline risk 41.4%
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Odds ratio 0.64; baseline risk 41.4%
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Odds ratio 2.91; baseline risk 1/1000
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Biostats secret sauce ELM-2 §4.3; SM §10.4.2

Whether we sample prospectively or retrospectively, the odds ratio is the same

Lung cancer
1 0

cases controls
smoke = 1 (yes) 688 650
smoke = 0 (no) 21 59

709 709

retro: OR =
(688/709)/(21/709)
(650/709)/(59/709) =

688× 59
650× 21 = 2.97

prosp: OR =
{688/(688+ 650)}/{650/(688+ 650)}

21/(21+ 59)/{59/(21+ 59)} =
688× 59
650× 21 = 2.97
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Types of observational studies

• secondary analysis of data collected for another purpose

• estimation of some feature of a de,ned population
could in principle be found exactly

• tracking across time of such features

• study of a relationship between features, where individuals may be examined
• at a single time point
• at several time points for di%erent individuals
• at di%erent time points for the same individual

• census

• meta-analysis: statistical assessment of a collection of studies on the same topic
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In the News


��	
� 	��
������	 �����	

���02�2� ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	¯ä
��"�/�
 ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	¯ä
"�2���; ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	¯ä
$��-��; �$���"�0 ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	¯ä
/$��/0 
$!!4"�
�2�$"0 ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	Ø
0��: 
$!!4"�
�2�$"0 ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	Ø
2�0�� ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	ä
4"��0���
2 ½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½½ 	¯}


$!-�"��0

0�24/��<b $
2$	�/ ääb äöää S ��$	��"�!���½
$!

!�/��20

0H-Ù20; ¯sbsØö½¤} Áäs¯½ØØ

�$: ß¯bösä½}Ø Á×�s½¤×

0H- }öö ßb×}ä½×} ÁsØ½¤×

"�0��. ¯öbs}¤½×ä Áä��½ss

�$���/ ×ä½¤äÙ¯½ß×¯ß Áö½ösÙ�ö½öö¯Ø

�$�� ¹¨ô½º 40k¯bØ}Ø½ßö Á¯¤½}ö

$�� ¹:2�º 40ks}½ö} Áö½}�

�
�" ¹¯ö�</º ß½Ø¯¼ �ö½öØ

�$
��< 	Ö÷I© :Ö¯ää�uÖÓÚ ¤u¤¯�Ö Ú�¯õÚ I �u©ä�u ¤Ib�¯ ¾¯Ú�ä�ô�ä÷i 
Iä�I� %u��÷ ÚI÷Ú 	¯Ø0-$/20
	�0�	��� :¯Ö¯©ä¯ 	�íu $I÷Ú I�Öuu ä¯ ä�Öuu�÷uIÖ luI� õ�ä� ¤I©I�uÖ $¯�© 8b�©u�luÖ 	¯×

0$

�/B¯¤u©ÓÚ B¯Ö�l 
í¾ lÖIõ ä¯ Úuä ä�u ÚäI�u �¯Ö æë�äuI¤ ä¯íÖ©I¤u©ä ©uöä ÷uIÖ 	äs

��" ![�4��"

2�n ÄænÓÝ�¨¢ �¢ínÓÝ¨ÏÓ [A¢ ¢¨ �¨¢�nÏ ��¢¨Ïna
�¨î e¨ ð¨æ Ïn[nÓÓ�¨¢�·Ï¨¨{ A ·¨ÏÝ{¨��¨Å 	¯¯

�"�/�<


�n��[A� n¢��¢nnÏ
-nÝnÏ �æÝ�Ï�n
Ý¨ Qn ��QnÏÝAÌÓ ¢nïÝ
n¢nÏ�ð ��¢�ÓÝnÏ 	ß

-�/0$"�� ��"�"
�

�¨¢ÌÝ î¨ÏÏðb ð¨æ¢�
Aeæ�ÝÓb 
-- A¢e ��
î��� Qn Ý�nÏn î�n¢
ð¨æ ¢nne Ý�n� 	¯¯

�"9�02�"�

�Äæ�Ýð ÓÝÏAÝn��ÓÝ
QæðÓ �nA�Ý� [AÏn
ÓÝ¨[�Ób �¨ínÓ AîAð
{Ï¨� QA¢�Ó 	¯ß

�©äuÖ�©� I õ�©äuÖ �© õ��b� �äÚ ¤u¤XuÖ ÚäIäuÚ
õ��� ÚäÖí���u ä¯ �uu¾ ����äÚ ¯© I©l �¯¤uÚ
�uIäuli ä�u �íÖ¯¾uI© <©�¯© �Ú I�¤�©� ä¯
õÖI¾ í¾ ÷uIÖÚ��¯©� ©u�¯ä�Iä�¯©Ú �¯Ö õ�Iä

¤���ä Xu ä�uõ¯Ö�lÓÚ¤¯Úä I¤X�ä�¯íÚ b��¤Iäu�¾¯��b÷
¾Ib�I�uÄ
�� �Iõ¤I�uÖÚ �© ä�u lu �Ibä¯ �< bI¾�äI� ¯� 	ÖíÚÚu�Ú

¾í�� �ä ¯��i �ä õ��� ÚäI©l IÚ I Öu¤IÖ�IX�u uöI¤¾�u ¯�
�¯ÖõIÖl ä��©��©� Iä I¤¯¤u©ä õ�u© �ä ¤I÷ Xu �IÖl
ä¯ Úuu ¾IÚä ä¯¤¯ÖÖ¯õÄ �¤�l b¯©bíÖÖu©ä u��¯ÖäÚ ä¯
IllÖuÚÚ �¤¤ul�Iäu �IÚ Ú�¯ÖäI�uÚ bIíÚul X÷7íÚÚ�IÓÚ
�©ôIÚ�¯© ¯� <�ÖI�©ui ä�u÷ b¯í�l äI�u I X�� Úäu¾ ä¯�
õIÖl ©uôuÖ I�I�© �uää�©� bIí��ä �© Úíb� I Ú�äíIä�¯©
X÷ lÖI¤Iä�bI��÷ Ibbu�uÖIä�©� I �¯©��äuÖ¤ Ú���ä IõI÷
�Ö¯¤ �¯ÚÚ�� �íu�ÚÄ
	íä ä¯ l¯ Ú¯i ä�u÷ �Iôu ä¯ Iô¯�l Xu�©� luÖI��ul X÷

¤¯í©ä�©� äu©Ú�¯©Ú IÖ¯í©l ä�u �¤¤ul�Iäu bÖ�Ú�Ú Öu�
Ú¾¯©Úuõ���u ä�u÷ äÖ÷ ä¯ Úõ��ä�÷ �I¤¤uÖ ¯íä �u÷ lu�
äI��Ú IX¯íä �¯õ ä�u �¯©��äuÖ¤ ÚäÖIäu�÷ õ��� õ¯Ö�Ä

�4/$-�b 	�

�¨î �æÏ¨·n �Ó ÝÏð�¢�
Ý¨ Qæ��e A {æÝæÏn {Ïnn ¨{ {¨ÓÓ��
{æn�Ó eæÏ�¢� A¢ n¢nÏ�ð [Ï�Ó�Ó
���! /��:�"0�� 	/400��0

0ä¯ÖuÚ ¯© 8�¯¾��ö �©bÄ Ú�íä l¯õ© ¯Ö �u�ä ä�u
u�b¯¤¤uÖbu ¾�Iä�¯Ö¤ Iä I© �©bÖuIÚ�©� ÖIäu �©
uIb� ¯� ä�u ¾IÚä ä�Öuu ÷uIÖÚi õ�ä� �íÚä æ� ¾uÖ
bu©ä ¯� Úä¯ÖuÚ ÚíÖô�ô�©� I �í�� ÷uIÖ ¯© IôuÖI�ui

Ibb¯Öl�©� ä¯ I ��¯Xu I©l)I�� I©I�÷Ú�Úi Ú�¯õ�©� ä�u
b¯¤¾I©÷ �Ú �Ib�©� I �Ö¯õ�©� ¾Ö¯X�u¤õ�ä� bíÚä¯¤�
uÖ Öuäu©ä�¯©Ä
,ääIõI�XIÚul 8�¯¾��÷ ¾Ö¯ô�luÚ ä¯¯�Ú ä¯ Úuä í¾

I©l ¯¾uÖIäu ¯©��©u Úä¯ÖuÚi I©l �IÚ Ëí�b��÷ Xub¯¤u
ä�u �uIluÖ �© �äÚ ��u�lÄ 8�¯¾��÷ �Ú ¯©u ¯� ä�u uIÚ�uÚä
¾�Iä�¯Ö¤Ú ¯© õ��b� ä¯ �Ií©b� I© u�b¯¤¤uÖbu XíÚ��
©uÚÚi I©l ä�u b¯¤¾I©÷ IääÖIbäÚ I ���� ô¯�í¤u ¯�
©uõ Úä¯Öu Ú��©�í¾ÚÄ
:�Iä �IÚ �u�¾ul ä¯ X¯¯Úä 8�¯¾��÷ÓÚ XíÚ�©uÚÚi Xíä

I©I�÷ÚäÚ �Iôu �¯©� ©¯äul �ä ¯XÚbíÖuÚ ä�u í©luÖ�÷�©�
�¯©��äuÖ¤ ÚíbbuÚÚ ÖIäu ¯� ä�u b¯¤¾I©÷ÓÚ bíÚä¯¤uÖ
XIÚuÄ

0�$-��<b 	×

0�¨·�{ð �AÓ A �Ï¨î�¢�
·Ï¨Q�n� î�Ý� [æÓÝ¨�nÏ
ÏnÝn¢Ý�¨¢b A¢A�ðÓ�Ó ÏnínA�Ó

�/�0 ��""�<
2�!4/ �4//�"�
!���!� 0�"��

	A[� Ý¨ QAÓ�[Ó
���¨ÓÝ A ðnAÏ �¢Ý¨ ��Ó Ýn¢æÏn AÝ /¨�nÏÓ 
¨��æ¢�[AÝ�¨¢Ób 
�$ 2¨¢ð 0ÝA{{�nÏ�

Ó�AÏnÓ î�AÝ e¨��¢AÝnÓ ��Ó {¨[æÓa ÓnÏí�[n A¢e ·nÏ{¨Ï�A¢[n½ �¢eÏnî :����Ó Ïn·¨ÏÝÓ 	Ø

-�$2$ 	< 0��< 
$"/$<Ù2�� ��$	� �"� !���

V 
$9�/ 02$/< W

0�24/��<b $
2$	�/ ääb äöää S 2�� ��$	� �"� !��� � 	×/�-$/2 $" 	40�"�00 S

8�¯¾��÷ �IÚ �Ibul bÖ�ä�b�Ú¤ ¯ôuÖ
ä�u ÷uIÖÚ �¯Ö I ÚíÚ¾ubäul���� ÖIäu
¯� bíÚä¯¤uÖ �¯ÚÚuÚ } ¯Ö b�íÖ© }
Xíä �ä �IÚ ©uôuÖ ¾íX��b�÷ l�Ú�
b�¯Úul ÚíÖô�ôI� ÖIäuÚ ¯� �äÚ Úä¯ÖuÚÄ
:�u ÚíÖ�u �© ä�u b¯¤¾I©÷ÓÚ

Úä¯Öu ô¯�í¤u XubI¤u uôu© ¤¯Öu
¾Ö¯©¯í©bul líÖ�©� ä�u 
,A�
�¶«
¾I©lu¤�bÄ :�u ©í¤XuÖ ¯� 8�¯¾�
��÷ Úä¯ÖuÚ uö¾�¯lul IÚ �¯b�l¯õ©Ú
lÖ¯ôu ¤I©÷ äÖIl�ä�¯©I� Ú¤I��
XíÚ�©uÚÚuÚ ä¯ ¾�ô¯ä ä¯ ¯©��©u
ÚI�uÚi I©lõ�luÖ ub¯©¯¤�b Ú�¯b�Ú
¾¯õuÖul I õIôu ¯� Xíll�©� u©�
äÖu¾Öu©uíÖÚ ä¯ äÖ÷ u�b¯¤¤uÖbu
ôu©äíÖuÚ �¯Ö ä�u ��ÖÚä ä�¤uÄ
	íä ©uõ lIäI Ú�¯õ ¤I©÷ ¯�

ä�¯Úu Úä¯ÖuÚ l�l ©¯ä �IÚäÄ
:�u ��¯Xu I©I�÷ûul lIäI �Ö¯¤

¤¯Öu ä�I© ��ôu ¤����¯© ¯©��©u
Úä¯ÖuÚ ä�Iä íÚul 8�¯¾��÷ÓÚ äub��
©¯�¯�÷ I©l �¯¯�ul Iä �¯õ �¯©�
ä�u÷ íÚul ä�u ¾�Iä�¯Ö¤Ä �¤¯©�
ä�u ��©l�©�Ú �Ú ä�Iä ä�u IôuÖI�u
Úä¯Öu ä�Iä ¯¾u©ul �© ëýë¶ �IÚäul
�íÚä ¶�æ lI÷Úi l¯õ© �Ö¯¤ ëëý lI÷Ú
�© ëý¶«i ¤uI©�©� Úä¯ÖuÚ Ú�íä
l¯õ© ¯Ö �u�ä 8�¯¾��÷ Iä I© �©�
bÖuIÚ�©�¾Ibu ¯ôuÖ ä�Iä ä�¤uÄ)uÖ�
b�I©äÚ õ�¯ ¾I�l �¯Ö I 8�¯¾��÷
5�íÚ Ibb¯í©ä } I© u©äuÖ¾Ö�Úu ¯¾�
ä�¯© õ�ä� ¤¯Öu �uIäíÖuÚ } �Il I
ÚíXÚäI©ä�I��÷ ����uÖ ÚíÖô�ôI� ÖIäuÄ
:�u lIäI Úí¾¾¯Öä ä�u õ�luÖ

ô�uõi Ib�©¯õ�ul�ul X÷ 8�¯¾��÷
�uIluÖÚ ä�u¤Úu�ôuÚi ä�Iä ä�u u�
b¯¤¤uÖbu X¯¯¤ ä�Iä uö¾�¯lul
�© ä�u ��ÖÚä äõ¯ ÷uIÖÚ ¯� ä�u ¾I©�
lu¤�b �IÚ ¾Ö¯ôu© ä¯ Xu í©ÚíÚ�
äI�©IX�uÄ �í©lÖulÚ ¯� ä�¯íÚI©lÚ
¯� õ¯í�l�Xu u©äÖu¾Öu©uíÖÚ l�Ú�
b¯ôuÖul ä�Iä Úuää�©� í¾ I© ¯©��©u
XíÚ�©uÚÚ �Ú ä�u uIÚ÷ ¾IÖäÄ %uu¾�©�
�ä �¯�©� I©l ¤I��©� ¤¯©u÷ �Ú
¤íb� �IÖluÖÄ
:�u lIäI I�Ú¯ Ú�¯õ 8�¯¾��÷ÓÚ

bíÚä¯¤uÖ ÚíÖô�ôI� ÖIäu �Ú ÚíXÚäI©�
ä�I��÷ �¯õuÖ ä�I© �äÚ Ö�ôI�Úi ÖI�Ú�©�
ËíuÚä�¯©Ú IX¯íä �¯õ �ä bI©¤I�©�
äI�© �äÚ �¯©��äuÖ¤ l¯¤�©I©bu �©
ä�u bÖ¯õlul u�b¯¤¤uÖbu �©líÚ�
äÖ÷Ä
Ð,©u ¯� ä�u b¯Öu ä��©�Ú 8�¯¾�

��÷ l¯uÚ �Ú X¯ä� I X�uÚÚ�©� I©l I
bíÖÚuiÑ ÚI�l7�b�BIäÚ¯©i b��u� uö�
ubíä�ôu ¯� 7)B 
¯¤¤uÖbu 
¯©�
Úí�ä�©�i I© u�b¯¤¤uÖbu b¯©Úí��
äI©b÷ ��Ö¤ XIÚul �© *uõ D¯Ö�Ä
Ð	ubIíÚu õ���u �ä �uu¾Ú ä�u b¯Úä
¯� u©äÖu¾Öu©uíÖÚ��¾ l¯õ©i l¯�©�
Ú¯ l¯uÚ©Óä ¤uI© ä�Iä ä�u ËíI��ä÷
¯� ¤uÖb�I©äÚ �Ú �¯�©� í¾ÄÑ

�bb¯Öl�©� ä¯ 8�¯¾��÷ÓÚ I©©íI� Öu�
¾¯ÖäÚi �ä �Il Ð¯ôuÖ ¯©u ¤����¯©
¤uÖb�I©äÚÑ IÚ ¯� 
ubÄ æ¶i ëý¶«Ý
IX¯íä ¶ÄÞ ¤����¯© IÚ ¯� 
ubÄ æ¶i
ëýëýÝ I©l IX¯íä ëÄ¶ ¤����¯© IÚ ¯�

ubÄ æ¶i ëýë¶Ä À8�¯¾��÷ Öu�uÖÚ ä¯
Úä¯ÖuÚ IÚ Ð¤uÖb�I©äÚÑ �© �äÚ I©�
©íI� Öu¾¯Öäi Xíä ä�u b¯¤¾I©÷
l¯uÚ ©¯ä äÖIb� ä�u ©í¤XuÖ ¯�
í©�Ëíu ¾u¯¾�u Xu��©l ä�¯Úu
Úä¯ÖuÚi I©l ¯©u ¾uÖÚ¯© bI© Úuä í¾
¤í�ä�¾�u Úä¯ÖuÚÄÁ
:�u �©bÖuIÚu �©¤uÖb�I©äÚ õIÚ

b¯©Ú�Úäu©ä�÷ b�äul IÚ I ¤I�¯Ö ÖuI�
Ú¯© �¯Ö ä�u b¯¤¾I©÷ÓÚ Öuôu©íu
�Ö¯õä� líÖ�©� ä�u ¾I©lu¤�bi Ib�
b¯Öl�©� ä¯ 8�¯¾��÷ÓÚ ��©I©b�I� Öu�
¾¯ÖäÚÄ �Ö¯¤ <8r¶Äß�X����¯© �©
ëý¶«i 8�¯¾��÷ÓÚ Öuôu©íu �í¤¾ul
X÷ zß ¾uÖ bu©ä ä¯ <8rëÄ«�X����¯© �©
ëýëý I©l �©bÖuIÚul I �íÖä�uÖ �Þ
¾uÖ bu©ä �© ëýë¶ ä¯ <8r�Äß�X����¯©Ä
	íä Ú¯ �IÖ �© ëýëëi �Ö¯õä� �IÚ
Ú�¯õul Ú�IÖ¾�÷Ä
�¯Ö :�u ��¯XuÓÚ I©I�÷Ú�Ú ¯�

8�¯¾��÷ lIäIi �¯íÖ©I��ÚäÚ õ¯Ö�ul
õ�ä� &¯b�Ú�lu 8¯�äõIÖu �©bÄi I
A�bä¯Ö�I�XIÚul äub� b¯¤¾I©÷i
õ��b� ¯¾uÖIäuÚ I lIäIXIÚu ¯� u�
b¯¤¤uÖbu Úä¯ÖuÚ bI��ul 8ä¯Öu
&uIlÚÄ :�u lIäIXIÚu �Ú Xí��ä X÷
b¯��ubä�©� �©�¯Ö¤Iä�¯© �Ö¯¤ ä�u

¯¤I�© *I¤u 8÷Úäu¤i I bu©äÖI�
�©äuÖ©uä Öu¾¯Ú�ä¯Ö÷ ¯� l¯¤I�©
©I¤uÚ I��© ä¯ I b¯©ÚäI©ä�÷�
b�I©��©� l���äI� ¾�¯©u X¯¯�Ä
8ä¯Öu &uIlÚ �IÚ l¯©u I õuu��÷

Ú©I¾Ú�¯ä ¯� ä�Iä ¾�¯©u X¯¯�
Ú�©bu ëý¶« I©l �¯��ul l¯¤I�©Ú
ä�Iä b¯©äI�© lIäI �©l�bIä�©� ä�u÷
õuÖu Úuä í¾ ä�Ö¯í�� u�b¯¤¤uÖbu
¾�Iä�¯Ö¤ÚÄ �bb¯Öl�©� ä¯ :�u
��¯XuÓÚ I©I�÷Ú�Ú ¯� 8ä¯Öu &uIlÚ
lIäIi ¶Äë ¤����¯© 8�¯¾��÷ l¯¤I�©Ú
õuÖu Úuä í¾ �© ëý¶«i ¶Äz ¤����¯©
õuÖu Úuä í¾ �© ëýëý I©l ¶Äß ¤���
��¯© õuÖu Úuä í¾ �© ëýë¶Ä
:�u ��¯Xu ä�u© ¾uÖ�¯Ö¤ul I

ÚíÖô�ôI� I©I�÷Ú�Ú ¯© ä�u lIäIXIÚu
X÷ õÖ�ä�©� I b¯¤¾íäuÖ ÚbÖ�¾ä ä�Iä

À*¯ä I�� ëýë¶ Úä¯ÖuÚ �Il I �í�� ÷uIÖ
ä¯ Xu ¯¾u© XubIíÚu ¯� ä�u lIäu
bíä¯�� �© ä�u lIäIi I©l :�u
��¯XuÓÚ ÚäIä�Úä�bI� ¤¯lu���©� Ib�
b¯í©äul �¯Ö ä��ÚÄÁ �© ¯ä�uÖ õ¯ÖlÚi
8�¯¾��÷ÓÚ Úä¯ÖuÚ �Iôu Xuu© b�¯Ú�
�©� ¯Ö �uIô�©� ä�u ¾�Iä�¯Ö¤ �IÚäuÖ
�© Öubu©ä ÷uIÖÚÄ
:��Ú ¾Ibu ¯� b�¯Ú�©�Ú �Ú I�Ú¯

¤íb� �IÚäuÖ ä�I© �© ä�u õ�luÖ
ub¯©¯¤÷Ä �bb¯Öl�©� ä¯ I �uluÖI�
�¯ôuÖ©¤u©ä Úäíl÷ ¯� ëýý¶ ä¯ ëý¶z
lIäIi «ë ¾uÖ bu©ä ¯� XíÚ�©uÚÚuÚ
õ�ä� ¯©u ä¯ �¯íÖ u¤¾�¯÷uuÚ ÚíÖ�
ô�ôul ä�u�Ö ��ÖÚä ÷uIÖÝ �I�� ÚíÖ�
ô�ôul u���ä ÷uIÖÚÄ �© �Ibäi Ibb¯Öl�
�©� ä¯ 8äIä�Úä�bÚ 
I©IlIi XíÚ�©uÚÚ�
uÚ õuÖu IbäíI��÷ �uÚÚ ���u�÷ ä¯
b�¯Úu líÖ�©� ¤¯Úä ¯� ëýëý I©l
ëýë¶ ä�I© ä�u ÷uIÖÚ Xu�¯Öui I ��©l�
�©� ¤I©÷ ub¯©¯¤�ÚäÚ bÖul�ä ä¯
¾I©lu¤�b I�l ¾Ö¯¾¾�©� í¾ XíÚ��
©uÚÚuÚÄ
�© I ÚäIäu¤u©ä ä¯ :�u ��¯Xui

8�¯¾��÷ b¯¤¤í©�bIä�¯©Ú¤I©I��
uÖ $Ib��u BIÖÖu© ÚI�l ä�u b¯¤¾I�
©÷ �IÚ �u¾ä Ðä�u b¯Úä ¯� �I��íÖu Ú¯
�¯õÑ ä�Iä ¤¯Öu �©l�ô�líI�Ú IÖu
IX�u ä¯ äÖ÷ ä�u�Ö �I©l Iä u©äÖu¾Öu�
©uíÖÚ��¾Ä 8�u ÚI�l 8�¯¾��÷ �©¯õÚ
Ð¤I©÷ XíÚ�©uÚÚuÚi ¯Ö �luIÚi ¤I÷
©¯ä Úíbbuul �¯Ö I ôIÖ�uä÷ ¯� ÖuI�
Ú¯©Ú ä�u ��ÖÚä ä�¤ui ä�u Úub¯©l
ä�¤u¯Ö uôu© ä�u ¶ëä� ä�¤uÄÑ 8�¯¾�
��÷ �Ú IX�u ä¯ ¾Ö¯ô�lu XíÚ�©uÚÚuÚ
ä�u�Ö ÚäIÖä õ�ä� Öulíbul XIÖÖ�uÖÚi
Ú�u ÚI�lÄ
8�¯¾��÷ ÚI�l :�u ��¯XuÓÚ lIäI

õuÖu l���uÖu©ä �Ö¯¤ ä�u b¯¤¾I�
©÷ÓÚ �©äuÖ©I� ©í¤XuÖÚi Xíä õ¯í�l
©¯ä Ú¾ub��÷ õ�÷ ä�Iä �Ú ¯Ö ¾Ö¯ô�lu
ä�¯Úu ���íÖuÚÄ
ÐB���uõul¯©¯ä Ú�IÖu Ú¾ub���b

¾Ö¯¾Ö�uäIÖ÷ lIäIi õu bI© äu�� ÷¯í
ä�Iä ä�u b�íÖ© I©I�÷Ú�Ú �Ú lÖIÚä��
bI��÷ l���uÖu©ä �Ö¯¤ ¯íÖ ¯õ© I©l
ä�u b¯©b�íÚ�¯©Ú lÖIõ© IÖu �I�ÚuiÑ
)ÚÄ BIÖÖu© ÚI�lÄ ÐBu u©b¯íÖI�u
uöäÖu¤u bIíä�¯© õ�u© íÚ�©�
ä��Öl�¾IÖä÷ lIäI IÚ �ä �Ú ¯�äu© �©�
IbbíÖIäu I©l �©b¯¤¾�uäuÄÑ
:¯¤ �¯Öäui ¤I©I��©� l�Öubä¯Ö

I©l Úu©�¯Ö ÖuÚuIÖb� I©I�÷Úä Iä

Ä�Ä 
Iô�lÚ¯©i I )¯©äI©I�XIÚul
�©ôuÚä¤u©ä XI©�i õ�¯ õIäb�uÚ
��¯XI� u�b¯¤¤uÖbu b¯¤¾I©�uÚ
b�¯Úu�÷i Öuô�uõul :�u ��¯XuÓÚ
I©I�÷Ú�Ú I©l ÚI�l �ä õIÚ �© ��©u
õ�ä� ��Ú uö¾ubäIä�¯©Ú XIÚul ¯©
��Ú ÖuÚuIÖb�Ä )ÖÄ BIäÚ¯© �Ö¯¤
7)B 
¯¤¤uÖbu 
¯©Úí�ä�©�
I�ÖuulÄ
Ð:�u lIäI �Ú b¯©Ú�Úäu©ä õ�ä�

ä�u �¯©���u�l ô�uõ IX¯íä 8�¯¾��÷
I©l u�b¯¤¤uÖbu �© �u©uÖI�i �©
ä�Iä Ú¯¤u ¾u¯¾�u õ��� Úíbbuul Iä
�ä I©l �IÚä �¯©�uÖ ¯© I ¾�Iä�¯Ö¤i
õ���u ¯ä�uÖÚ �íÚä Ú�¤¾�÷ õ¯©ÓäiÑ
)ÖÄ �¯Öäu ÚI�lÄ


íÚä¯¤uÖÚ íÚ�©� 8�¯¾��÷ 5�íÚi I
¾Öu¤�í¤uöäu©Ú�¯© ä¯ ä�u u�b¯¤�
¤uÖbu ¾�Iä�¯Ö¤ÓÚ ÚäI©lIÖl ¯��uÖ�
�©�Úi �Iôu I ����uÖ ÚíÖô�ôI� ÖIäuÄ
�¯Ö I ����uÖ ¾Ö�b�©� Úb�u¤ui
8�¯¾��÷ 5�íÚ ¾Ö¯ô�luÚ Ill�ä�¯©I�
�uIäíÖuÚ I©l Úí¾¾¯Öä Ú÷Úäu¤Ú �¯Ö
¤uÖb�I©äÚÄ
:�u uöäu©Ú�¯© �IÚ Xuu© �uIÖul

ä¯õIÖl �IÖ�u XíÚ�©uÚÚuÚ õ�ä� X���
�uÖ Öuôu©íuÚ ä�I© ä�u Xí�� ¯�
ä�¯Úu ä�Iä íÚu 8�¯¾��÷ÓÚ ¾�Iä�¯Ö¤Ä

¯¤¾I©�uÚ I©l XÖI©lÚ ä�Iä íÚu
8�¯¾��÷ 5�íÚ �©b�ílu 8äI¾�uÚ �©bÄi
*uä���ö �©bÄi %ÖI�ä�u�©û
¯Äi 	íûû�
�uul �©bÄ I©l �IÚ��¯©*¯ôIÄ 8�¯¾�
��÷ ä¯íäÚ bIÚu Úäíl�uÚ ¯© �äÚ õuX�
Ú�äu IX¯íä �¯õ 8�¯¾��÷ 5�íÚ �IÚ
�u�¾ul õu���uÚäIX��Ú�ul XíÚ��
©uÚÚuÚ ¤��ÖIäu �Ö¯¤ ¯ä�uÖ ¾�Iä�
�¯Ö¤Úi Úíb� IÚ B¯¯
¯¤¤uÖbui
,ÖIb�u 
¯¤¤uÖbu 
�¯íl I©l*uä�
Úí�äuÄ
8�¯¾��÷ Öu¾¯Öäul �äÚ 5�íÚ ÚuÖ�

ô�bu Ibb¯í©äul �¯Ö æ¶ ¾uÖ bu©ä ¯�
�äÚ ¤¯©ä��÷ ÖubíÖÖ�©� Öuôu©íu �©
�äÚ Úub¯©l�ËíIÖäuÖ uIÖ©�©�Úi ä�u
¤¯Úä Öubu©ä �ä �IÚ Öu¾¯Öäul ä��Ú
÷uIÖÄ
�bb¯Öl�©� ä¯ :�u ��¯XuÓÚ I©I��

÷Ú�Úi �Ö¯¤ ëý¶« ä¯ ëýë¶i ä�u
¤ul�I© ÚíÖô�ôI� ä�¤u �¯Ö I Úä¯Öu
¯¾uÖIä�©� ¯© 8�¯¾��÷ 5�íÚ õIÚ
ß�ß lI÷ÚÄ :�u lIäI Úí��uÚä ßë ¾uÖ
bu©ä ¯� ä�u ¤uÖb�I©äÚ ¯© 5�íÚ
¤I�u �ä Xu÷¯©l I ÷uIÖi I ¤íb�
����uÖ ÚíÖô�ôI� ÖIäu b¯¤¾IÖul
õ�ä� ¤uÖb�I©äÚ õ�¯ l¯ ©¯ä íÚu
5�íÚÄ
�¯õuôuÖi 8�¯¾��÷ 5�íÚ bíÚ�

ä¯¤uÖÚ IÖu I Öu�Iä�ôu�÷ Ú¤I��
Ú�IÖu ¯� ä�u ä¯äI� } ¤¯Öu ä�I©
¶�iýýý IÚ ¯� ä�u �¯íÖä� ËíIÖäuÖ ¯�
ëýë¶ Ibb¯Öl�©� ä¯ 8�¯¾��÷ } I©l
ä�u ÚíÖô�ôI� ÖIäu �IÚ Xuu© lÖ¯¾�

¾�Iä�¯Ö¤ÚiÑ )ÖÄ �¯Öäu ÚI�lÄ Ð	u�
bIíÚu �� �IÖ�u ¾�I÷uÖÚ IÖu �uIô�©�
÷¯íÖ ¾�Iä�¯Ö¤ ���u ä�Iäi ä�u÷ IÖu
©¯ä l¯�©� �ä XubIíÚu ä�u÷ IÖu b�¯Ú�
�©� ä�u�Ö l¯¯ÖÚÄ �äÓÚ ¾Ö¯XIX�÷ Xu�
bIíÚu ä�u÷ l¯©Óä �Iôu I ÖuIÚ¯© ä¯
ÚäI÷ õ�ä� ÷¯íÖ ¾�Iä�¯Ö¤ I©÷
¤¯ÖuÄÑ

¯© ä�u ¾�Iä�¯Ö¤ �Öuõ IÚ ��Ú ÚI�uÚ
ô¯�í¤u �©bÖuIÚulÄ :��Ú �Ú XubIíÚu
)ÖÄ 	�IÚu ©uulul IbbuÚÚ ä¯ ©uõ
�uIäíÖuÚ bI��ul Ill�¯©Ú ¯Ö I¾¾Úi
�u ÚI�li õ��b� IÖu ¤Ilu X÷ ä��Öl�
¾IÖä÷ luôu�¯¾uÖÚ I©l I¾¾uIÖ ¯©
ä�u 8�¯¾��÷ �¾¾ 8ä¯ÖuÄ
:�uÚu Ill�¯©Ú b�IÖ�ul )ÖÄ

¾�Iä�¯Ö¤ õ�ä� ©¯ ��öul �uuÚÄ
8�¯¾��÷ ¤I÷ Xu ä�u X���uÚä u�

b¯¤¤uÖbu ¾�Iä�¯Ö¤ �¯Ö Ú¤I��
XíÚ�©uÚÚuÚi Xíä �ä �Ú©Óä ä�u ¯©�÷
¯©uÄ �© Ill�ä�¯© ä¯ �äÚ ÚíÖô�ôI�
I©I�÷Ú�Ú ¯� 8�¯¾��÷i :�u ��¯Xu I��
Ú¯ �¯¯�ul Iä �¯õ Ú¯¤u ¯� ä�u
b¯¤¾I©÷ÓÚ ©uIÖuÚä b¯¤¾uä�ä¯ÖÚ
ÚäIb�ul í¾Ä
:�u I©I�÷Ú�Ú uöI¤�©ul l¯�

¤I�©�©I¤u �©�¯Ö¤Iä�¯© �¯Ö �Ä�
¤����¯© 8�¯¾��÷ Úä¯ÖuÚÝ �Äß ¤���
��¯© B¯¯
¯¤¤uÖbu Úä¯ÖuÚÝ ëÄ¶
¤����¯© B�ö Úä¯ÖuÚÝ �ýýiýýý
8ËíIÖuÚ¾Ibu Úä¯ÖuÚÝ I©l ëýýiýýý
5ÖuÚäIÚ�¯¾ Úä¯ÖuÚÄ :�u ©í¤XuÖÚ
Ú�¯õul ¯ä�uÖ u�b¯¤¤uÖbu ¾�Iä�
�¯Ö¤Ú �Il ÚíXÚäI©ä�I��÷ ����uÖ
ÚíÖô�ôI� ÖIäuÚi ¤uI©�©� ä�¯Úu
¤uÖb�I©äÚ Úäíb� IÖ¯í©l¯© ä�¯Úu
¾�Iä�¯Ö¤Ú �IÖ �¯©�uÖ ä�I© Úä¯ÖuÚ
l¯ ¯© 8�¯¾��÷Ä

IäI �Ö¯¤ 8ä¯Öu &uIlÚ I�Ú¯

Ú�¯õ �¯õ ¤uÖb�I©äÚ Úõ�äb� Xu�
äõuu© ¾�Iä�¯Ö¤ÚÄ :�¯Úu �¯�©� ä¯
8�¯¾��÷ b¯¤u �Ö¯¤ I ôIÖ�uä÷ ¯�
Ú¯íÖbuÚi Xíä ä�¯Úu �¯�©� �Ö¯¤
8�¯¾��÷ IÖu �IÖ�u�÷ ¾¯�©äul �© ¯©u
l�Öubä�¯©h B¯¯
¯¤¤uÖbuÄ
B¯¯
¯¤¤uÖbu �Ú I© ¯¾u©�

Ú¯íÖbu ¾�Iä�¯Ö¤ ä�Iä õ¯Ö�Ú �©
b¯©�í©bä�¯© õ�ä� B¯Öl5ÖuÚÚi ¯©u
¯� ä�u ¤¯Úä ¾¯¾í�IÖ ä¯¯�Ú �¯Ö
Xí��l�©� õuXÚ�äuÚÄ 	¯ä� ¾�ubuÚ ¯�
Ú¯�äõIÖu IÖu �Öuu ä¯ íÚui ä�¯í�� I
Ú¤I�� XíÚ�©uÚÚ õ��� ©uul ä¯ ¾I÷
�¯Ö I©l IÖÖI©�u �äÚ ¯õ© �¯Úä�©�i
õuXÚ�äu luôu�¯¾¤u©ä I©l ¯ä�uÖ
ÚuÖô�buÚÄ
<©���u 8�¯¾��÷i B¯¯
¯¤�

¤uÖbu l¯uÚ ©¯ä äI�u bIÖu ¯� ¾I÷�
¤u©ä ¾Ö¯buÚÚ�©� l�Öubä�÷Ä )uÖ�
b�I©äÚ �Iôu ä¯ õ¯Ö� õ�ä� ¯ä�uÖ
ÚuÖô�buÚi Úíb� IÚ 8ËíIÖu ¯Ö 8äÖ�¾ui
ä¯ �I©l�u ¾I÷¤u©äÚ �Ö¯¤ bíÚ�
ä¯¤uÖÚÄ
B�u© �ä b¯¤uÚ ä¯ Úuäí¾i 8�¯¾�

��÷ Úä¯ÖuÚ IÖu uö¾u©Ú�ôui Xíä uIÚ�
�uÖ ä¯ �uä í¾ I©l Öí©©�©�Ä B¯¯�

¯¤¤uÖbui ¯© ä�u ¯ä�uÖ �I©li
¯��uÖÚ I õ�luÖ IÖÖI÷ ¯� ¯¾ä�¯©Úi
Xíä ÖuËí�ÖuÚ uö¾uÖä�Úu ä¯ ¾íä I
Úä¯Öu ä¯�uä�uÖÄ
�l�� 5�u©IIÖi I 8¯íä� ��Ö�bI©

u©äÖu¾Öu©uíÖ õ�¯ b¯��¯í©lul
B¯¯
¯¤¤uÖbui ÚI�l Úä¯ÖuÚ ¯©
ä�Iä ¾�Iä�¯Ö¤ I©l 5ÖuÚäI8�¯¾ }
õ��b� �Iôu ä�u ����uÚä ÚíÖô�ôI�
ÖIäuÚ } IÖu uö¾¯©u©ä�I��÷ �IÖluÖ
ä¯ Úuä í¾ ä�I© b¯¤¾uä�ä¯ÖÚi Ú¯ u©�
äÖu¾Öu©uíÖÚ õ�¯ �¯ l¯õ© ä�¯Úu
Ö¯IlÚ äu©l ä¯ Xu ôuÖ÷ ÚuÖ�¯íÚ
IX¯íä ä�u�Ö XíÚ�©uÚÚuÚÄ
ÐD¯í ¾Ö¯XIX�÷ Úuu I© �©ôuÖÚu

b¯ÖÖu�Iä�¯© Xuäõuu© ä�u uIÚu ¯�
íÚu I©l ä�u ÚíÖô�ôI� ÖIäuiÑ �u
ÚI�lÄ
5�u©ä÷ ¯� 8�¯¾��÷ bíÚä¯¤uÖÚ

IÖu �I¾¾÷ õ�ä� ä�u ÚuÖô�bu I©l
IÖu Úä�b��©� õ�ä� �äÄ
�ÖI©ä 	Ö¯���i õ�¯ Öí©Ú 8¯íä�


IÖ¯��©I�XIÚul :�u 8äÖu©�ä� 
¯Äi
Xu��uôuÚ ä�u Xu©u��äÚ ä¯ íÚ�©�
8�¯¾��÷ ¯íäõu��� ä�u b¯ÚäÚ �u �©�
bíÖÚÄ
B�u© ä�u ¾I©lu¤�b ��ä �©

ëýëýi )ÖÄ 	Ö¯���ÓÚ �÷¤ XíÚ�©uÚÚ
�¯í©l I ©uõ �¯¤u ¯© 8�¯¾��÷i I
¾�Iä�¯Ö¤�u íÚul ä¯ Úu��¤I©í�Ib�
äíÖul XIÖXu��Ú I©l ¾�IäuÚÄ �ll�
¯©Ú Úíb� IÚ 	¯ö��÷i I 8�¯¾��÷ I¾¾
ä�Iä �u�¾Ú õ�ä� bI�bí�Iä�©� Ú��¾�
¾�©� ÖIäuÚ X÷ I©I�÷û�©� ä�u Ú�ûui
õu���ä I©l ËíI©ä�ä÷ ¯� ¾Ö¯líbäÚi
�Iôu Xuu© Ð�©bÖul�X�÷ �u�¾�í� Xu�
÷¯©l ¤÷ XIÚ�b ÚíXÚbÖ�¾ä�¯©iÑ )ÖÄ
	Ö¯��� ÚI�lÄ
Ð:�u ÖuIÚ¯© õ�÷ �Ó¤ Úíb� I

8�¯¾��÷ �I© �Ú XubIíÚu �Ó¤ I XIÖ�
Xu�� b¯Ib�Ä B�÷ l¯ � ©uul ä¯ Xu
�uIÖ©�©� b¯luÌÑ �u ÚI�lÄ Ð�ä õIÚ Ú¯
íÚuÖ��Ö�u©l�÷i Ú¯ uIÚ÷ ä¯ �uä ä��©�Ú
�¯�©�Ä �©l ©¯õi �uÖu � I¤i �íÚä
¤¯©ä�Ú ¯Ö Ú¯ �IäuÖi õ�ä� ¤¯Öu
ä�I© <8r¶�¤����¯© �© ÚI�uÚÄÑ

:��Ú ¾IÚä Úí¤¤uÖi 8�¯¾��÷ b��u�
uöubíä�ôu :¯X�IÚ &íä�u Ib�©¯õ��
ul�ul ä�u ¾I©lu¤�bÓÚ u�b¯¤�
¤uÖbu X¯¯¤ �Il ©¯ä ¾Ö¯ôu© IÚ
Ö¯XíÚä ¯Ö ÖuÚ���u©ä IÚ �u uö¾ubäuli
õ��b� �u ÚI�l �¯Öbul ä�u b¯¤¾I�
©÷ ä¯ Ú�IÚ� IX¯íä ¶ý ¾uÖ bu©ä ¯� �äÚ
õ¯Ö� �¯ÖbuÄ 8�¯¾��÷ÓÚ ¾Öuô�¯íÚ�÷
�u�ä÷ ¾Ö¯��äÚ äíÖ©ul ä¯ I© Il�íÚä�
ul ¯¾uÖIä�©� �¯ÚÚ ¯� <8r�¶Äz�¤���
��¯© �¯Ö ä�u Úub¯©l ËíIÖäuÖ u©lul
$í©u æýi I©l ä�u b¯¤¾I©÷
õIÖ©ul ¯� Ð¤IäuÖ�I��÷Ñ ����uÖ
�¯ÚÚuÚ �¯Ö ä�u ä��Öl ËíIÖäuÖi ä¯ Xu
Öu¾¯Öäul ¯© ,bäÄ ëÞÄ
)ÖÄ 5�u©IIÖi õ�¯ �u�äB¯¯
¯¤�

¤uÖbu �© ëý¶æ I©l �IÚ Ú�©bu
�¯í©lul äõ¯ ¤¯Öu b¯¤¾I©�uÚ
ä�Iä Úí¾¾¯Öä u�b¯¤¤uÖbu Úä¯ÖuÚ
À�©b�íl�©� ä�¯Úu ¯© 8�¯¾��÷Á

0�¨·�{ða 
¨�·A¢ðÌÓ
[æÓÝ¨�nÏ ÓæÏí�íA� ÏAÝn
�Ó ÓæQÓÝA¢Ý�A��ð �¨înÏ
Ý�A¢ �ÝÓ Ï�íA�Ób eAÝA Ó�¨î
�/$! 	¯

ß�¼ )� 16)0�1 190:$:� ��6�0 ßØ} ��=1

0�¨·�{ðÎÓ ÓæÏí�íA� ÏAÝn
�")+$�= $1 6"� &)16 +)+9%�0 +%�6�)0& �)0 %�9'�"$'! �#�)&&�0�� �91$'�11�1-
���)0�$'! 6) �6)0� 
���1� � ��6���1� )� �#�)&&�0�� 16)0�1� &)0� 6"�' )'�
&$%%$)' �")+$�= 16)0�1 ;�0� %�9'�"�� $' ���" )� 8>*(� 8>8> �'� 8>8*- �96

&�'= )� 6")1� 16)0�1 �)'/6 %�16 %)'!-

>

8>

 >

3>

�>

*>>,

> �> *>> *�> 8>> 8�> 7>> 73�

ßä¼
ß�¼
ßØ¼

�90:$:�% 0�6�
��6�0 )'� =��0

0æÏí�íA� ÏAÝn ¨{ 0�¨·�{ð ÓÝ¨ÏnÓ Qð ðnAÏ ¨{ Ó��¢�æ·
�= '9&��0 )� ��=1 ��6�0 1$!'#9+

8>*( 8>8> 8>8*

*>>,

(>

�>

2>

3>

�>

> �> *>> *�> 8>> 8�> 7>> 73�
��=1 �0)& 1$!'#9+

-nÏ[n¢ÝA�n ¨{ 0�¨·�{ð -�æÓ e¨�A�¢Ó Ý�AÝ ÓæÏí�ín
�= '9&��0 )� ��=1 ��6�0 1$!'#9+
8>*( 8>8> 8>8*

(�, �)'�$��'�� 0�'!� �90:$:�% 0�6�
��6�0 )'� =��0

sö¼

×ä¼

}¯¼

����� ��	��
�� ��� ������ ����� 4 ��� �

�� ��� ���
�
�
����� �

�� ��� ���
 ���
����

 >

7>

*>>,

(>

�>

2>

3>

�>

> �> *>> *�> 8>> 8�> 7>> 73�

Ø¯¼

sä¼
×s¼

�ä¼

ß�¼

��[¨��nÏ[n e¨�A�¢ ÓæÏí�íA� ÏAÝnÓb Qð ·�AÝ{¨Ï�b äö¯¤väöä¯
��0��'6�!� )� �)&�$'1 6"�6 190:$:� �= '9&��0 )� ��=1 ��6�0 1$!'#9+

�")+$�= �$< �.9�0�1+��� �))�)&&�0�� �0�16��")+

��=1 �0)& 1$!'#9+

�90:$:�% 0�6�
��6�0 )'� =��0

����� ��	��
�� ��� ������ ����� 4 ��� �

�� ��� ���
�
�
����� �

�� ��� ���
 ���
����

6WRUHV PLJUDWLQJ IURP 6KRSLI\ WR RWKHU SODWIRUPV

'DWD IRU WKH SUHYLRXV �� GD\V VLQFH 2FWREHU ��� ����

*R'DGG\ 2QOLQH 6WRUH

6KRSOD]]D

6+23/,1(

7LHQGDQXEH

FDUW;

<DPSL

6TXDUH 2QOLQH

:L[

&XVWRP &DUW

:RR&RPPHUFH

���

���

���

���

���

���

���

���

�����

�����

7+( */2%( $1' 0$,/ � 6285&( � 6725( /($'6Applied Statistics I October 26 2022 33



Shopify

Applied Statistics I October 26 2022 34


