Teaching effects

A teacher of statistics wanted to compare two methods of teaching
iIntroductory statistics. One method relied heavily on the teaching of the
theory behind statistics (  theory method ). The other method was
labeled the cookbook method because it consisted of teaching the
students various statistical tests and informing them when to use each
test.

The researcher found that a leading engineering school was using the
theory method in all its introductory statistics classes and that a state
teachers college was using the cookbook method in all its classes.

At the end of each semester he administered a standardized test on the
applications of statistics to the statistics classes of both schools. The
results of this testing indicated the classes that received the theory
method were far superior to the classes that received the cookbook
method. The research concluded that the theory method was the
superior method and should be adopted by teachers of statistics.




Research Designs

Between Subject Designs




Theory and Theory Testing Il
Experimental manipulation
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Manipulation 1 Observation 1




Theory and Theory Testing Il
Alternative Explanations
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Manipulation 1 Observation 1
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Eliminate Alternative Explanatlor
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Overview of the problem

1) Theoretical problem: understanding the
relationship between latent variables (construc

I la) relationships among latent variables

I ) relationships between latent variables and
observed variables

2) Generalization of results and threats to extern:
validity
3) Proper design maximizes internal validity




Generalization of results anc
threats to external validity-|

¥ Limitations of generalization for subjects

¥ Limits of generalization for conditions --
Interactions with other variables




Generalization of results anc
threats to external validity-I

a) limitations of generalization for subjects

l (1) freshman psych students at NU

| (2) students at NU

I (3) college students at selective research universities
I (4) college students

l (5) 18-24 year olds

I (6) North Americans

l (7) Humans

b) limits of generalization for conditions -- interactions w
other variables! !




Generalization of results anc
threats to external validity-I|

b) limits of generalization for conditions -- interactions w
other variables

I (1) problems and benebpts of interactions
I a) xy relationship depends upon z
I (b) example:

1) Inthe morning, caffeine facilitates working mem
performance

I 1) In the evening, caffeine hinders working memo
performance

I (2) Interactions limit generalization
I {(3) Interactions test theoretical limits




Consider the following data

> my.data <- matrix(c(15,32,40,23),2,byrow=TRUE)
> COlnameS(mydata) <- C("AM","PM")
> rownames(my.data) <- c("Placebo","Caffeine")

No effect of time of day Effect of caffeine

> colMeans(my.data) > rowMeans(my.data)
AM PM Placebo Caffeine

27.527.5 23.5 31.5

Interaction of caffeine and time of day

AM PM
Placebo 15 32
Cafteine 40 23 10
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Cognitive Performance (number correct)

40

35

30

25

20

15

10

Interactions

Performance varies by time of day and caffeine
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Graphing two variables

#specibc example

colnames(my.data) <- c("AM", "PM")
rownames(my.data) <- c("Placebo", "Caffeine")
low <- 10

high <- 40

step <- 5

plot(my.data[1,],ylab= "Cognitive Performance (number correct)", xlab="1
of Day",ylim=c(low,high),main= "Performance varies by time of day and
caffeine",typ="b", axes=FALSE)

axis(1,c(1,2),c("AM","PM")) #x axis

axis(2,seq(low,high,step)) #y axis

box()

points(my.datal2,],typ="b",lty="dashed")

text(1.2,15,"1IV2 = Placebo")

text(1.2,39,"IV2 = Caffeine") 14




Graphing two variables

#generic bPgure
colnames(my.data) <- c("A", "B")
rownames(my.data) <- c("a", "b")
low <- 10

high <- 40

step <-5

plot(my.data[1,],ylab= "Dependent Variable", xlab="Independent Variable
1",ylim=c(low,high),main= "overall title",typ="b", axes=FALSE)
axis(1,c(1,2),c("A","B")) #x axis
axis(2,seq(low,high,step)) #y axis

box()
points(my.data[2,],typ="b",Ity="dashed")
text(1.2,15,"IV2 = a")

text(1.2,38,"IV2 = b")

15




Dependent Variable
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Practical problems and threats
Internal validity

1 Manipulations affect more than the construct of interest
l a) examples:

! kl) caffeine induces alertness and motor tremor

I (2) failure induces anxiety, depression, anger
I |(3) practice leads to motivational changes as well as changes in skKill

2 Observable variables ref3ect more than the construct o
Interest

| a) self report of alertness reRects base line differences

I b) cognitive performance--ability, motivation, training, practice

I ¢) slowness of responding rel3ects caution as well as process sy




Types of designs

¥ Within subject designs
b controls for subject variability
b confounds practice/order effects with manipulation
b two or more conditions -- repeated many, many time

¥ Between subject designs

b Subject variables as an alternative explanation of
results -- threats to validity

P Randomization as a control

¥ Mixed -- Within/Between




Theory and Theory Testing |l
Experimental manipulation-
Between Subiects

Subject Subject
Characteristics- Characteristics-

\

Clo ? Cla C2:1

M o) O M @) Ow

Possible confounding of subjects with conditions




Between Subject designs

¥ Subject variables as threat to external valid
b Ability
P Practice
P Motivation
b Interest
P Gender
b Age
P Culture




Between Subject designs

¥ Confounded effects that can lead to subject
variability
b Time of day
¥ Naturally occurring rhythms of alertness

¥ Classroom effects
¥ Fatigue

b Time of week, month, season, year

¥ Class schedules
P Mid terms
b Papers

¥ Weather
P Wolunteer effects
b Experimenter-Subject interactions




Between Subject designs

¥ Subject variables as threat to external
validity

¥ Confounded effects that can lead to subjt
variability

¥ Randomization as a control




¥ A YMCA ofpcial in a small town wanted some
evidence to prove that his program was valuable
In training future leaders. He went back to the
membership records and got the names of
those boys who were active members in his
program 20 years before. He also took school
records and got the names of boys who were
not YMCA members. He compared the two
groups as to present occupations, salaries, and
so on, and found that the YMCA group was
doing much better. He concluded that this
result was due to the inf3uence of his program.

¥ What were the constructs of interest?

¥ What are possible threats to the validity
of this study?




Theory and Theory Testing Il
Experimental manipulation-
Between Subjects

Subject Subject
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Randomization breaks the link confounding subjects and conditio




Dependent Variable = f(Independent
Confounding 1 ... N)

DV IV1 CV1 CV2 CV.. CVn
10 0 00 0O
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Dependent Variable = f(Independent
IConfounding 1 ... N) (better)

DV IV1 CV1 CV2 CV.. CVn
131 00 0O
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510 1 4 2 0 1
63 05 2 10
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Less confounding of IVs and CV
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Randomization

¥ Dependent variable is still a function of tr
confounding variables, but the correlatio
between the experimental Independent
Variable with the Confounding Variables |
reduced.

¥ We have a purer measure of the inf3uenc
the IV upon the DV independent of the
effects of the Confounding Variables.

29




Randomization as a control

¥ Only the expected values of groups are equal -
the observed values

P In any particular experiment, groups are not equive

P Expected value of the (signed) group difference=0
b Randomization does not introduce systematic bias

¥ Confounding variables are (on the average) no
correlated with our experimental variables




Types of Randomization

¥ Subjects matched on variable of interest and then
assigned to condition

¥ Blocking to control for order effects
b Ignores stable subject effects
b Eliminates subject effects associated with time of appear

¥ Complete randomization
P OfailuresO of randomization

b Problems at the end of the experiment
¥ Power is maximized with equal cell sizes
¥ Randomization will tend not to produce equal size groups

¥ Block Randomization
b Randomize within blocks of subjects
b Will lead to equal cell sizes, reduces chance of end effec




Complete Random
(note unequal cell size)

Random order 1 Random order 2

subject condition subject condition
1 1 1 1 1 2
2 2 1 2 2 2
3 3 1 3 3 2
4 4 1 4 4 1
5 5 2 5 5 2
6 6 1 6 6 2
7 7 1 7 7 2
8 8 2 8 8 1
9 9 2 9 9 2
10 10 2 10 10 2




Random with end effect

subject condition end.effect
1 2 2

B OO~NOOUAWNEPR

B OO~NOOUAWN
NENNNENN
PR ERNNENN




Block Randomization part 1
(Creating a new R function)

"block.random" <-

function(n,ncond=2) {

blocks <- matrix(rep(NA,n*2),ncol=2)
colnames(blocks) <- c("blocks","condition")

for (block in 1:(n/ncond)) {

! blocks[((block-1)*ncond+1):(block*ncond),1] <- block

! blocks[((block-1)*ncond+1):(block*ncond),2] <- sample
(ncond,replace=FALSE)

}

return(blocks)

}




Block Randomization using th
block.random function

> plock.random(n=8,ncond=2)

blocks condition > block.random(n=8,ncond=2)

blocks condition

S1 1 2

S1 1 1
S2 1 1

S2 1 2
S3 2 1

S3 2 1
S4 2 2

S4 2 2
S5 3 2

S5 3 2
S6 3 1

S6 3 1
S7 4 2
38 4 1 S7 4 1

S8 4 2




Effect of preschool

¥ Ateam of educational psychologists examined the effe
of early reading in preschool upon later academic
attainment. They randomly selected 20 preschools In
Evanston and gave a measure of reading skill to 200
children (mean =5.0, sd =1.0). They followed the
progress of the top 50 students (mean score =6 ) for
year. At the end of the year they compared their sampl
students to the mean and found the group was no diffe
from the average. They concluded that preschool hurt
these students.

¥ Explain this effect




Effect of preschool

¥ Ateam of educational psychologists examined the effe
of early reading in preschool upon later academic
attainment. They randomly selected 20 preschools In
Evanston and gave a measure of reading skill to 200
children (mean =5.0, sd =1.0). They followed the
progress of the bottom 50 students (mean score =4 ) |
year. At the end of the year they compared their sampl
students to the mean and found the group was no diffe
from the average. They concluded that preschool helf
these students.

¥ Explain this effect.
¥ How does this relate to the previous problem?




Flight instructors in the Air Force are interested in the effect of

praise and blame on pilot performance. They have found that blame
and criticism work much better than do praise. This is based upon
the following design:

100 pilot trainees are evaluated at the end of every day of 3ying.
Each trainee is rated in terms of their performance in taking off,
executing 3 maneuvers, and then the tightness of their landing.
They are rated on each activity by 3 experienced pilots on a 100
point scale. The best 50 pilots (group A) are then praised and
rewarded while the worst 50 (group B) are punished by being
criticized by the instructor and assigned extra duties around the
base. The next day, those in group A are found to have decreased in
their scores by 20 point, while those in Group B (punishment) are
found to have increased by 20 points. From these results, the
Instructors have concluded that punishment works better than
reward.

What are the constructs of interest?
What are possible alternative explanations for these effects?




Reliability and Regression effet

¥ Observed score = True score + Error
¥ Expected score = True score
¥ Variance of Observed Scores > Variance T

¥ Choice of subjects based upon observed
scores => high scores expected to decline,
low scores to improve




Observed= True + Error

Observed




Observed= True + Error

Observed
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