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Why Do We Need to Interpret Effect Sizes?

& The importance of some intervention effects areetomes intuitively
understood

Change in earning power

& ICollege graduates will earn $XX more in their lifie¢s than non-
graduate$)

Risk ratio
& 1J are 1.4 times more likely t#0
Grade level equivalency

& Istudents receiving the intervention scored 5.3 @ihife students not
receiving the intervention scored 4.9 GQE.

& But, most are nal
Statistically significant effect
Correlation of +.35,d =-.15

& In most cases, viebe working with effects that have to be transthso people
will have some idea how to interpret them




Options for Expressing Study Results in an Understadable
Metric

& Statistical significance

Sometimes naively used as a proxy for effect size
& But trivially small effects can be statisticallgasificant
& And large effects can be statistically nonsignifica

& Remember, a p-value expresses the likelihood dfrobyy a
result at least this biggssuming a true null hypothesis

More on ES and Statistical Significance

& Some students learn that if a statistical tess fail
reject the null, it means that the population dffec
zero

For example, that the intervention is ineffective

This is one reason people confuse statistical fsogmice
with practical significance (as in, if it is notsistically
significant it catbe practically significant)

Howeved




Point Estimation vs. Interval Estimation

& Interval estimation

Confidence intervals tell us the likely range opptation values

& If a study has a confidence interval for 1Q scasgying from .1 to 10.1 points,
that is the likely range of the treatment effecsaggested by this study

& Point estimation

Point estimates (e.g., the mean) tell us the nikadylvalue of the
population parameter

Point estimation and interval estimation are begt lseparate

Asserting that the treatment effect is zero iftést is not statistically
significant confounds these two activities

Counternull Value of an Effect Size

& The counternull value of an effect size points big t
problem
Assume a study finds d = +.30, p = .10

Classic H: 7=V or Counternull H: 7. Y= 60
1= 1° 27 "

Y- ¥%,=0

<<l

There is exactly as much evidence supportingdiassi©null
hypothesis as there is the counternull hypothe$ise ES
Is not statistically different from either O or ©)6




Proportion of Variance Explained

& Common for correlations?y, multiple regression ®

& Research suggests that neither experienced researair
experienced statisticians have a good feel fopthetical
meaning of this type of effect size (Rosenthal,4)98

Typically, even well-trained individuals underestita the importance
of results when stated in terms of proportion afarece explained

Not to mention policy makers and the general public

More on Proportion of Variance Explained

- Consider a study

- Program designed to improve graduation rate amatgsk”
students
- =+.32, 2=.10
- Remember, is a correlation with 2 dichotomous variables
- Using proportion of variance as the effect sizes onght be tempted
to label this a small or even trivial effect, asyoh0% of the variance
in graduation rates can be attributed to the itation. But ...




Binomial Effect Size Display

=.32
Graduated Did not
Graduate
Received Intervention 66 34
Control 34 66

Physiciana Aspirin Study

Subsequent heart attack rates | No Heart Attack | Heart Attack

Aspirin 10,933 104

Placebo 10,845 189

=.03, 2=.0009, p<.0001, OR=.55, Risk
ratio = .55 (55% fewer men who take aspiri
have a second heart attack)

=)

Fatality rates, given second heart

attack
Aspirin 99 5
Placebo 171 18

=.08, 2=.006, p =.16, OR=.48, Risk ratip
=.51




Computing the BESD

& For dichotomous outcomes, the BESD illustrates

change insuccess ra@eorresponding to particular
values of r

* For example, the number of additional graduates
& Computed as (simply)

Treatment group success rate = .50 + (1/2)

Control group success rate = \507/2)

Risk Ratios

& Defined as:

Events in the treatment group / treatment group n
Events in the control group / control group n

& Interpreted agThe ratio of risk in the treatment group relative
to the risk in the control grop

Risk ratio for having a second heart attack was .55
& 55% fewer men who take aspirin have a second h#artk




Odds vs. Risk Ratios

& OR and RR are very similar
when events are rare

& When events become more
common, they diverge
Study 1: OR = .40 RR =.401
Study 2: OR = 1.25 RR = 1.50
& Generally, logged ORs have
somewhat better properties for
meta-analysis

Can convert any OR to a RR for
interpretation

Study 1

Event

Non-event

Treatment

1000

Control

1000

Study 2

Event

Non-event

Treatment

500

500

Control

400

600

Risk Difference

& Interpreted as

The difference in risks
between two groups

& Defined as
(@ (atb)) -(c (c+d))
104  (104+10933) -
189 (189+10845) =
.0094-.0171 = -.0077 (or .77%)

No Heart
Attack

Heart Attack

Aspirin

104 (a)

10,993 (b)

Placebo

189 (c)

10,845 (d)




Number Needed to Treat

& Number needed to treat (NNT) is an additional wainterpret
dichotomous outcomes
How many people have to receive the interventiopramluce one more positive (or,
one less negative) event?
& Defined as
1/risk difference

& Here, NNT =1/.0077 130

So, 130 men who have had a heart attack needeatgkrin to prevent one
additional second heart attack

With the fictitious program designed to increasadgiation rates amorigt-risk0
students,

RD = .66-.34 = .32
NNT = 1/.32 = 3.125

for every 3.125 people who participate in the papgran additional one person
will graduate
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Cohens Benchmarks

& Jacob Cohen (1988) proposed general definitions for
interpreting effect size estimates:

d-index r
Small .20 10
Medium .50 .30
Large .80 .50




More on Cohen

& Lipsey & Wilson (1993) analyzed 183 meta-analysethésocial
sciences
25" percentile d = .25
50" percentile d = .38
75" percentile d = .62
& Cohen intended these to beles of thumB and emphasized that they
represent average effects from across the socelszs
Cautioned that in some areas, smallish effectslmeayore typical due to:
& Measurement error
& Relative weakness of interventions
He did not intend these to stand for estimatgzractical significance!

Converting Back to Original Metric

& It can sometimes be helpful to use the mean differdo translate back into a metric
people are more accustomed to working with
Example
& Assume we did a research synthesis and meta-amalyie effects of
homework on achievement among HS students. Outcomlesled
standardized test scores such as the SAT and A@iTclzapter tests. Assume
overall result wasl = +.20, and that type of outcome was not a modemdto
effect sizes.
SAT average = 500, SD = 100
ACT average =21,SD =5
L /The overall effect suggests, for example, thaatrerage student
doing homework would see an increase in SAT scooes 500 to
520, or in ACT scores from 21 to 22.

Cautions
& Comparing different constructs (e.g., math achiesews. attendance) is
difficult to impossible
& Even when tests are highly similar, if their distrions are different the
comparisons can be misleading




Basic Strategy for Comparing Effect Sizes

& Holding intervention constant, are there differahti
effects across outcomes?

Does summer school help math more than reading?

& Holding outcome constant, are there differentitd et
across interventions (or intervention components)?

Does mentoring affect graduation rates more theoing?

Other Considerations When Comparing Effect Sizes

& Are some important outcomes completely missing ftioen
evidence base?

& Are some interventions or intervention componeritsing
from the evidence base?

& Is there covariation between interventions and study
methodology?

& Is there covariation between interventions and ou&o
choice?
Caution about comparing different mediating vamzbl




