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Simple Linear Regression

It assumes that there is approximately a linear
relationship between Xand Y
Y=@+53X o Y=F+5X+e

BO and B1 are intercept slope known as the

model coefficients or parameters
Y=o+ bix

Hat symbol, * , to denote the estimated value
for an unknown parameter or coefficient
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Simple Linear Regression

Estimating the Coefficients

* Least squares approach

The least squares approach chooses parameters
to minimize the residual sum of squares (RSS)

€; = UY; —1Y; represents i, residual

s N

RSS=ef+e54+---+e¢

RSS = (1 —_;é}f]—_;é}1;1‘1}2—|— [yz—_;'_f;}f]—_;éH;I‘g}E—F . [yn—_.-'_:'f[;.—ﬁlrﬁjﬂ
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Simple Linear Regression

Estimating the Coefficients

3, — > i1 (i —Z)(yi — 7)
| iz —z)?2 7
Bo =19 — BT
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Simple Linear Regression

Assessing the Accuracy of the Coefficient
Estimates

Standard Errors associated with coefficients

95% confidence interval associated with
coefficients
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Simple Linear Regression
Ji= Po+P¥i+e
Assessing the Accuracy of the Coefficient
Estimates

Standard Errors associated with coefficients
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Simple Linear Regression

Hypothesis tests on the coefficients

Hy : There is no relationship between X and Y

versus the alternative hypothesis

H, : There is some relationship between X and Y
Mathematically, this corresponds to testing
H.[].:,E'jl:[] versus Hg:_51#ﬂ

For this we calculate t statistics which measures the
number of standard deviations that 3, is away from
0. By =0

SE(5,)
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Simple Linear Regression
H{}ZELZD Hﬂ:_.lﬁl—?éﬂ

=0
- SE(5)

p-value is defined as

» Pr(T > t|H) for a one-sided (right tail) test,
« Pr(T < t|H) for a one-sided (left tail) test,
« 2min{Pr(T < t|H),Pr(T > t|H)} for a two-sided test,
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Simple Linear Regression
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p-value is defined as

» Pr(T > t|H) for a one-sided (right tail) test,
« Pr(T < t|H) for a one-sided (left tail) test,
e 2min{Pr(T < t|H),Pr(T > t|H)} fora
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Simple Linear Regression

Pr (observation | hypothesis) # Pr (hypothesis | observation)

The probability of observing a result given that some hypothesis

is true is not equivalent to the probability that a hypothesis is true
given that some result has been observed.

p-value is defined as

« Pr(T > t|H) for a one-sided (right tail) test,
« Pr(T < t|H) for a one-sided (left tail) test,
« 2min{Pr(T < t|H),Pr(T > t|H)} for a two-sided test,

Notice that just by replacing 1" by —T one converts a test based on extremely large values to a test based on extremely small values; a
by replacing T" by |T’| one gets a test with p-value

« Pr(T < —[t||H) + Pr(T > +[t||H)}.
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Simple Linear Regression

p'Value |S deflned as More IiI(E-IyinhservatiDn
= A ~ P-value
» Pr(T > t|H) for a one-sided (right tail) test, 2
« Pr(T < t|H) for a one-sided (left tail) test, S | |
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& p-value (shaded green area) is the probability of an observed
(or more extreme) result assuming that the null hypothesis is true.

Notice that just by replacing T' by —T" one converts a test based on extremely large values to a test based on extremely small values; and
by replacing T" by |T'| one gets a test with p-value

e Pr(T < —|t||H) + Pr(T > +|t|| H)}.
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Simple Linear Regression

P-Value is the probability of observing any value
equal to |t] or larger for a t-distribution with
n—-2 degrees of freedom

More likely observation

A, — 0
; f:'L

A = SE(5;)
P-value = J_
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Set of possible results

A p-value (shaded green area) is the probability of an observed
— (or more extreme) result assuming that the null hypothesis is true.
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Simple Linear Regression

* The p-value represents the chance your results
could be random (i.e. happened by chance).

* So a small p-value means that there is a small
chance that your results are random. Thus, they
are not random. So we can infer that there is an
association between the predictor and the
response (i.e we reject the null hypothesis)
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For the Advertising data, the least squares fit for the regression of sales onto TV is shown.
The fit is found by minimizing the sum of squared errors. Each grey line segment represents
an error, and the fit makes a compromise by averaging their squares. In this case a linear fit
captures the essence of the relationship, although it is somewhat deficient in the left of the
plot.

—— 0000000000000 000_0__0_0__0_0_0__0_0_0__0__0___0_0_0__0_0_0_0_0_0_0_0_0_0_0_0_0_0_@0_0O0O0_0_0_0_o0o_—0
Asim Tewari, [IT Bombay ME 781: Statistical Machine Learning and Data Mining



c o-ag |o9g

s oos [°el  P-yalue -

{ 1

\\ s \|/

£ > 275 \}mﬂ 2,
o

2 EACTZI r"“>

Coefficient @tcl. error t-statistic

Intercept 4= 7.0325  ~—0.4578
TV 1% 0.0475  0.0027

15.36 < 0.0001

17.67 < 0.0001

S ook

For the Advertising data, coefficients of the least squares model for the regression of number
of units sold on TV advertising budget. An increase of $1,000 in the TV advertising budget is
associated with an increase in sales by around 50 units (Recall that the sales variable is in

thousands of units, and the TV variable is in thousands of dollars).
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SE of a mean of a RV
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SE of a mean of a RV
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Simple Linear Regression

Assessing the Accuracy of the Model
Residual Standard Error (RSE)

R? Statistic: The RSE prowdes an absolute measure, R?
provides a relative measure

. TSS —RSS RSS . o 5
R'= —e— =1~ 75q where TSS = > (y; — 7)
R = CDI‘[X. },} _ HZ?:L[Ii_ T}{y;_ ?3' —
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