See 3|




TYPES OF STATISTICS
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Making Scakterplots (P 1s)
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Least Squares Requession Line (LseL)
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FINDING BEST FIT LINES
(TI-83/84)

STAT | — | ENTER | — LetLi=x, L=y

'

STAT PLOT
Scatterplot Ly and L, ——» 2™ y=)
STAT ENTER
l Choose scatterplot graph; x and y lists
CALC l
¢ ZOOM
# LinReg (a +bx) L
, 9

ENTER

/ \ To store equation in calculator

3 T

ENTER VARS

b

Y-VARS

v

ENTER

'

Choose Function (Y, Y2, Y3 ...)

'

' ENTER

'

ENTER

Graph / \‘ See

ZOOM... 9 Yo =




M@l@i(\% Peedichons

) Plug Chug 15
Backpack Wefqm B IL-Z(IL t+.0907 (GOWQ
T 3l Ibs

2) Wse Calewlator — Need To Store Equuation,
-See. HW\O{OU&%’




MAKING PREDICTIONS
(T1-83/84)

Follow steps to “Finding Best Fit Lines™
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Understanding r-squared

Goal: To understand how r2, the coefficient of determination, describes the strength of a linear
model. As Rossman points out, r2 “measures how closely the points fall to the least squares line and
thus also provides an indication of how confident one can be of predictions made with the line™ Or
to paraphrase Moore “When you report a regression, give rZ as a measure of how successful the
model is explaining the response [for a given explanatory value].?

Goal of Modeling

1. To understand r2 we need to ask the following question.

If we did not know any modeling techniques such as regression what would
the best model be?

The answer is that, lacking any sophisticated techaigues, our best model is the horizontal line
containing the mean of the response values, i.e @

2. Let's look at an example. Assume the data from a bivariate experiment are the points shown
below.? On your calculator, draw a scatterplot of the data and a horizontal line representing y.
Your plot should look similar to the picture below.

@ (5.15)

(4,8) 5
e = 3 (3.6) = 7
o —a(24)

(12)
a. Is there error in this model? HBS{],W‘[\’;[\{ N

b. Draw a segment from each data point showing the error with respect to the model y = y.

c. Fill in the following chart:

= (12) | 24) | (36) | (48 | (515
error with respect 1o - - - _
the model y =7 L 6 5 l l %
Square of the errors =T
from the model y = 7 gy (29 q I [ (a"’l

d. Draw shaded “squares” on your plot to represent the squared values just computed (note that
since the scales of the axes are not the same, the “squares” will look like rectangles). Some

——— $5T - Total Sumof
e X(-¥)= : §qums Pi't)DU\{'

| Workshop Statistics. Allen Rossman. page 139 %Q MEG N

2 Basic Practice of Statistics. David S. Moore. p 127
3 Data set from Gretchen Davis at Santa Monica HS via Eric Mulfinger, Westridge School, Pasadena, CA

[




Understanding r-squared

3. So what is the goal of our modeling efforts?

[The goal of our modeling effort is to find a better model than the mean of the response variable. |

We certainly would want the sum of the squares of the errors from the new model to be less than
that of the model using the mean of the response variable.

A Better Model

1. So let's look for a better model. How about a Least Squares Regression Line (LSR line)? Using
the same data as before, add the graph of the LSR line to your plot. Your plot should look like
the picture below.
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2. Is there still eqor in this ne mrel? (i:)mparing the two quels, which appears to have lower
error? V€S- ut ot 63 much ©
3. Draw a segment from each data point showing the error to the model y = 3x — 2.

4. What does the “hat” symbol mean on y? > F{fd_[c{fd \./

5. Fill in the following chart:

(1,2) | 24) | 36) | (4,8 (5,15)
error with respect to yi—3y - <
the model y = 3x — 2 ' &2 | L 2
Square of the errors
with respect to the (y, - }"-)2 , 0 l L"" L{
model ¥ =3x -2 '

6. Draw shaded “squares” on your plot to represent the values just computed. Does the sum of the
areas of these squares seem smaller than those from the model using the response mean?
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Understanding r-squared
e

9. You have determined that Z(}’; @2 =100 andz (v -5*)2 = 10. This information

suggests what conclusion?

Comparing Models

1. The natural next step is to find a number which gives us a sense how our new model compares
with the model of the mean of the response variable. Of course we would like this number to be

2.
goct D0 o
Z(J"i_}'] (00 .

The answer should be 0.1 . Which of the following correctly describes the proportion you just
computed?

o The proportion of how much error there is in the new model with respect to the error in the
mean model.

b. The proportion of how well the new model fits the data.

2. The correct answer to the previous question was The proportion of how much error there is the
new model with respect to the error in the mean model. Remembering that we want r2 to show
us how well our model measures how closely the observed values fall to the least squares line.

How would we compute r2 from the proportion of error in the model? See footnote * for a hint.

3. Sor2 =1 —‘il'ﬁ =0.9. Check this against the r2 your calculator computed.

. o 5 S8t a5k (00 - (0
Sor -Ijé%: = -
Y= 55T |00 10

In other words, you find 2 by finding:

the sum of the squares of the error of the observed data with respect to the model

o
the sum of the squares of the error of the observed data with respect to the mean of the response variable

4. Experiment with the following Geometer’ Sketchpad files located on the file server in the folder
APSTATS- GSP: rsqrlpt.gps & rsqr3pts.gsp. Can you explain what each square represents to
your teacher?

4 What is the correct value of r-squared? See your calculator.
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MEAN 2012 SAT SCORES BY STATE

Participation  Critical

State Rate Reading Math Combined
Alabama 8% 538 531 1069
Alaska 54% 512 507 1019
Arizona 27% 517 525 1042
Arkansas 4% 565 566 1131
California 55% 495 512 1007
Colorado 17% 575 581 1156
Connecticut 88% _ 506 512 1018
Delaware 100% 456 462 918
District of Colum 83% 466 460 926
Florida 66% 492 492 984
Georgia 81% 488 489 977
Hawaii 66% 478 500 978
Idaho 20% 547 541 1088
lllinois 5% 596 615 1211
Indiana 89% 493 501 994
lowa 3% | 603 606 1209
Kansas 6% 584 594 1178
Kentucky 6% 579 575 1154
Louisiana 9% 542 536 1078
Maine 93% 470 472 942
Maryland 74% 497 502 999
Massachusetts 89%% 513 530 1043
Michigan 4% 586 603 1189
Minnesota 7% 592 606 1198
Mississippi 4% 561 544 1105
Missouri 5% 589 592 1181
Montana 28% 536 536 1072
Nebraska 5% 576 585 1161
Nevada 49% 491 493 984
New Hampshire 75% 521 525 1046
New Jersey 78% 495 517 i012
New Mexico 13% 550 546 1096
New York 80% 483 500 983
North Carolina 68% 491 506 997
North Dakota 3% 588 610 1198
Ohio 19% 543 552 1095
Oklahoma 5% | 568 566 1134
Oregon 57% 521 523 1044
Pennsylvania 74% 491 501 892
Rhode Island 69% 490 491 981
South Carolina 73% 481 488 969
South Dakota 3% 589 610 1199
Tennessee 10% 576 570 1146
Texas 62% 474 499 973
Utah 6% 568 566 1134
Vermont 69% 519 523 1042
Virginia 72% 510 512 1022
Washington 58% 519 530 1049
West Virginia 17% 516 502 1018
Wisconsin 4% 594 605 1199
Wyoming 5% 567 579 1146

Source: College Board
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MINITAB OUTPUT
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Regression Analysis: Cost versus Income
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