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Temperature Cell Number
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83
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233
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360
397
361
358
381

<

Number of cells

450

400 ~
350 A
300 A
250 ~
200 A
150 A
100 A

50 ~

25

Temperature

35

X

45

Cells are grown under different
temperature conditions from 20°
to 40°. A researched would like to
find a dependency between T and
cell number.

cells. txt

Independent variable
The variable that is doing the predicting or explaining. It is denoted by x.

Dependent variable
The variable that is being predicted or explained. It is denoted by y.
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Regression model
The equation describing how vy is related to x and an error term; in simple linear
regression, the regression modelisy = f, + . x + &

Regression equation
The equation that describes how the mean or expected value of the dependent variable
is related to the independent variable; in simple linear regression,

E(y) =4, + Bix

450

400 A
350 A
300 A
250 A
200 A

Number of cells

150 A
100 A
50 1

25

35
Temperature

45

4 Model for a simple linear regression:

y(x) — 181X+:Bo T&
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y(X) — :le+:30 T&

Panel A: Panel B: Panel C:
Positive Linear Relationship Negative Linear Relationship No Relationship
El(y) E(y) Ely)
Intercept

Regression line

By

Slope f3, Intercept Slope f3,is 0
is negative ﬁo

Slope B,

Intercept is positive Regression line

By

Regression line
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Sample Data:
X y
Y1

Regression Model
y= ﬁo + ﬁlx + €
Regression Equation
E(y) =B, + B,x
Unknown Parameters

B, B,

Estimated Regression
Equation

bO and 191

provide estimates of

By and B,

y=b0+b]x

Sample Statistics
b()’ I:o1
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Least squares method
A procedure used to develop the estimated regression equation.

The objective is to minimize Z(yi —. )2

y, = observed value of the dependent variable for the ith observation
y, = estimated value of the dependent variable for the ith observation

(% —mx)(Yi ‘my)

(% —my )2

Slope: b =

Intersect: |Po =My —bymy
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Sum squares due to error 450
= 15.339x - 191.01
5 4004 Y
SSE:Z(yi _Yi) 350 -
» 300 -
Sum squares total S 250
2 g |
ss-Xlu-m,f| | §
Z 150 H
. 100 -
Sum squares due to regression
50
2
SSR ju— ( g —/ m ) O T T T T T
Z Y y 15 20 25 30 35 40 45

Temperature

The Main Equation

SST =SSR+ SSE |
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14

Depression level

12 A

10 A

SST = SSTR+SSE

3

Number of cells

450

400 A
350 A
300 A
250 A
200 A
150 A
100 A

50 A

15

T
20

T T T T
25 30 35 40
Temperature

45
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SSE = Z(yi —y, )2 jzz y = 15.330x - 191.01/

w0 |  RP=00041 .0 ee’
ssT=>"(yi—m, f SST = SSR+ SSE § ) /
2 § 150 - ..

SSR="(y,-m, ) wl 0

Coefficient of determination R

A measure of the goodness of fit of the estimated regression

equation. It can be interpreted as the proportion of the RZ _ SSR

variability in the dependent variable y that is explained by the SST

estimated regression equation.

Correlation coefficient

A measure of the strength of the linear relationship between - 2
. . . | r =sign(b, VR

two variables (previously discussed in Lecture 1).
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Assumptions for Simple Linear Regression y(X) = BX+ B, +&

1. The error term &is a random variable with 0 mean, i.e. E[€]=0
2. The variance of g denoted by o2, is the same for all values of x

3. The term gis a normally distributed variable
4. The values of gare independent

Dastribution of
Dastribution of yatx=30

yatx =20

¥
Distribution of /

E(y) when E(y)=By+ Bix

x=30 E(y)when ¥

x=20

Note: The y distributions have the

. . . same shape at each x value.
Multiomics Data Science: | .
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Hy: B, =0 insignificant 1. Build a F-test statistics.
MSR
H,: B,#0 F=——
a Bl MSE
_ o MSR = SSR
1. Build a t-test statistics. " Number of independent variables
2 2. Calculate a p-value
t=— =25 (g -m,)
O'bl S

2. Calculate p-value for t

p-value approach: Reject H, if p-value = a
Critical value approach: Reject Hyifr = —¢ ,orift = ¢,

where ¢, is based on a ¢ distribution with n — 2 degrees of freedom.
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In R use the function:
mod = 1lm(Cell.Number~Temperature,data=cells)

4 mod = 1lm(x,y)

summary (mod)

Call: 4 summary (mod)
Im(formula = Cell.Number ~ Temperature, data = cells)

Residuals:

Min 19 Median 30 Max Cells -txt
-49.183 -26.190 -1.185 22.147 54.477
Coefficients:

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

(Intercept) -190.784 35.032 -5.446 2.96e-05 **x*
Temperature 15.332 1.145 13.395 3.96e-11 ***
Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 '*’ 0.05 '.” 0.1 ' " 1

Residual standard error: 31.76 on 19 degrees of freedom
Multiple R-squared: 0.9042, Adjusted R-squared: 0.8992
F-statistic: 179.4 on 1 and 19 DF, p-value: 3.958e-11

coef (mod)
(Intercept) Temperature

-190.78355 15.33247
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Confidence interval

The interval estimate of the mean value of y for a given value of x.

Prediction interval

The interval estimate of an individual value of y for a given value of x.

Distribution of ¥

Dustribution of yatx=30 220

yatx =20

Dustribution of
yatx=10

~
Y
\
— L]
g 3
T

E(y) when

,._.

[=23

=]
T

5

Quarterly Sales ($1000s)
8 B
¥ 1

E(y) when E(y)= B+ Bix

E(y) when x=30 60 -
x=20
40
Note: The y distributions have the 20k
same shape at each x value.
X 00

Prediction intervals
are wider

\9 Prediction
interval
limits

Both intervals

have the smallest

width at

Xp= x

X=14

M

(8]
=
(=
o

10 12 14 16 18 20 22 24 26
Student Population (1000s)
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cells. txt S
§ i
x = data$Temperature - u
y = data$Cell.Number S _
res = 1lm(y~x) ~
res B
summary (res) §._
[ [ [ [ [

# draw the data 20 25 30 35 40
x11 ()
plot(x,y) X
# draw the regression and its confidence (95%)
lines (x, predict(res,int = "confidence")[,1],col=4,1wd=2)
lines (x, predict(res,int = "confidence")[,2],col=4)
lines (x, predict(res,int = "confidence")[,3],col=4)
# draw the prediction for the values (95%)
lines (x, predict(res,int = "pred")[,2],col=2)
lines (x, predict(res,int = "pred")[,3],col=2)
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y-y R
Panel A y-y
Panel C
. [ ]
B .
- L ° . . ¢ . v
g‘ . - hd s °* LY = B . .
-E 0 Good pattern . . é 0 . . ° o
& .« * . « *° z Model f d
B & . odel form not adequate
- hd L4 . .
®
— ®
X
X
y-¥
Panel B
L
B »
- * ¢
— . . ‘ L]
'§ Nonconstant variance .
2 o= * .
é . »
| . . ®
L ]
- *
L ]
x
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Multiple Regression
Model

y= ﬂo + ﬁ1x1+ ﬁ2x2 ++ fB,x,+ e
Multiple Regression Equation
E(y) =B+ Bx+ B, + e+ Bpx,

By By By - Bpare

unknown parameters

Sample Data:

Compute the Estimated

b bbb Multiple Regression
I A Equation
provide the estimates of = b+ byx, +byx,+ o + bx,
By By By - By by by by ... by are

0, 1 3
sample statistics
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Value of y when
* %
xy=x and x, = x,

Bo /

E(y) when
Plane corresponding e { | X, =x]andx,=x;
to E(y) = B+ pyx, + Baxs / /
|

—
——
-— —
— - —
== — — -

Point corresponding to
x, =xj and x, = x5
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pdac = read.table("http://edu.modas.lu/data/txt/pdac.txt", header=TRUE, sep="\t")
> str(pdac)
'data.frame': 253 obs. of 6 variables:
$ Sample.Code: chr "ductaladenocarcinoma-Ge0014" "ductaladenocarcinoma-Ge00l1l7" "ductaladenocarcinoma-
Ge0018" "ductaladenocarcinoma-Ge0022"

$ State : chr "cancer" "cancer" "cancer" '"cancer"
$ TGFBI :num 12.9 12.6 12.7 12.2 12.6
$ PEAlS :num 11.9 11.7 11.6 11.8 12
$ SERPINI2 :num 5.94 11.79 10.54 10.24 6.1
$ ZD52F10 :num 7.66 8.23 7.15 7.5 7.11
mod2 = 1lm(PEAl15 ~ TGFBI + SERPNI2 + ZD52F10, data = pdac) PEA15

summary (mod2)

This gene encodes a death

Call: effector domain-containing
1m(formula = PEAl5 ~ TGFBI + SERPINI2 + ZD52F10, data = pdac) c .
protein that functions as a

Residuals: negative regulator of apoptosis.

Min 10 Median 30 Max
-2.05868 -0.27414 -0.00205 0.29654 1.32305

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 9.76233 0.62810 15.543 < 2e-16 ***
TGFBI 0.23927 0.03469 6.896 4.38e-11 ***
SERPINI2 -0.03654 0.01612 -2.268 0.0242 *
ZD52F10 -0.10680 0.04231 -2.524 0.0122 *

Signif. codes: 0 ‘'***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 *.” 0.1 '’ 1

Residual standard error: 0.4474 on 249 degrees of freedom
Multiple R-squared: 0.44091, Adjusted R-squared: 0.4425
F-statistic: 67.67 on 3 and 249 DF, p-value: < 2.2e-16
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FIGURE 15.12 LOGISTIC REGRESSION EQUATION FOR 8, = —TAND §, = 3
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Independent Variable { x)

1
.,Xp) B 1+ e—(ﬁo+ﬁ1x1+"'+ﬁpxp)

E[y(xl,xz, ...,xp)] = P(y = 1|x1,x2, .

This is often used for classification
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