MR Assumptions:
The Basics

Assumptions of MR

¥ What is an assumption?

¥ LetOs draw an analogy with premises in @
argument

¥Our SPSS output and interpretation are
the conclusion of an argument

¥We require a variety of assumed premis
for this argument to be valid

Assumptions of MR

¥ Basic assumptions
¥ 1) Linearity
¥2) Independence of error
¥ 3) Homoscedasticity
¥ 4) Normality

Assumptions of MR

¥To interpret coefbcients as expressieffect:s
of independents on the dependent variabl

¥ 5) Directionality
¥ 6) Reliability of measurement

¥7) Comprehensiveness




Basic assumptions

Linearity

¥ The outcome variable is a linear function
the independent variables

¥ ThereOs no curvature in the scatterplot
DV on IVs

¥ Why?

¥ Because MR builds a model of a straigF
line - linearity is inherit to the model

Linearity

¥ If violated: Clearly, the model will be off - i
will not capture the real relationship )
between our variables (it will be ObiasedC

Linearity
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Linearity

¥ To detect:

~ @ e e

Block 1 o 7 Standardzed Standardzed
¥ Scan scatterplot gy = | e ||
¥ If you suspect nonlinearity, test the

=i =
signibcance of nonlinear independents
added to the model (Keith, pp. 170-7)

Ml Simple Scatterplot
ton Y sable
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Linearity

¥To do if violation: Add nonlinear terms (e.c
beer)

¥ YouOll likely signibcantly change your
interpretation of the relationship between
DV and IV




Assumptions of MR

¥ Basic assumptions
¥ 1) Linearity
¥2) Independence of error
¥ 3) Homoscedasticity
¥ 4) Normality

Independence of e

¥Y=a+hX;..+e

¥MR requires that your observations be
independent of each other

¥In other words: Error terms (e) are
independent of each other - not related

Independence of e

¥ If violated: Can bring into question the
signibcance of our coefpcients

¥This is because nonindependent eOs may
mess with the standard error of our
coefbcients

¥Thus affecting their respective tOs for
testing signibcance

Independence of e

¥ Detecting: One way is to inspect a boxplot
of the residuals (eOs) along an independe
variable of concern

¥ Example: Schools sampled from KeithOs |
data

¥ Could the school-by-school selection
process create nonindependent eOs wit
school?




Homoscedasticity

¥The residuals (e) should be equally
distributed around levels of our independe
variables

¥ Again, violation may inRuence the
signibcance of our coefpcients

Homoscedasticity

’a‘o

Homoscedasticity

¥ Detection: Build bar graph of residual
variance around levels of your independel
variable

¥Rule of thumb:Worry if the highest ratio
between these variance levels is 10 or
greater

¥ l.e., one level has residual variance 10
times greater or more than another

Homoscedasticity
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Normality

¥ MR requires that our residuals be normall
distributed

¥ If we build a histogram of residuals, it
should appear normal

¥ Detection: Histogram

Normality




Normality Normality
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Assumptions of MR Do | need to worry?

¥ Basic assumptions ¥ With a large sample of observations.
¥ 1) Linearity ¥ No, not really
¥ 2) Independence of error ¥ The MR model is robust in the face of

- violation of these assumptions -
¥3) Homoscedasticity particularly when N is large (what is

¥ 4) Normality large?)




Do | need to worry?

¥ If extreme, normality and heteroscedastici
can be corrected through transformation

¥ You can also toss out levels of your
independent variable producing extreme
residuals leading to the violation

¥This all has to be done thoughtfully...

¥Track & report in your write-ups...

Assumptions of MR

¥To interpret coefbcients as expressieffects
of independents on the dependent variabl

¥ 5) Directionality
¥ 6) Reliability of measurement

¥7) Comprehensiveness

Directionality

¥In the population: The direction of infRBuenc
Rows from independents into your outcon

==

Directionality

Fundamentalig >

InBuence in lifg

V4

Involvement




Reliability of
Measurement

¥We must assume that youOve perfectly
(perfectly?) measured your independent
variables

¥ In other words: Any error present is likel
small, and completely random

¥If you reran the study, you would have h
reliability / replication of IVs

Comprehensiveness

¥ We have considered a comprehensive sef
predictors for our outcome variable

Directionality

e — I
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Diagnosis: The basic:

Diagnosis

¥One method: Frequency descriptives of a
variable

¥ Another: Standardize variable and note la
positive or negative values

¥ Any worrisomely large values should be
inspected for issues (e.g., incorrect coding
inappropriate inclusion, etc.)

Example

Example

MAMMA‘\ FISH

|

maxdev

whale




Example

MAMMAL FISH

h = home distanc

a = away distance

whale

semantic distance
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Regression Diaghostic

¥ Regression offers a more sophisticated
approach to identifying troublesome
observations

¥When producing a model, we can calculat
values representing the OunusualnessO c¢
observation in that model:

¥ Distance, leverage, and inBuence

Distance

¥ Calculated from our residuals: The error o
prediction for each observation (e)

¥ Use standardized residual variable saved
from your regression model

¥The idea: It gives you a measure of the
OunusualnessO of that e with respect to t
overall distribution of your predictions

¥ Large values: Absolute magnitude of 2+

Example
Save...
13 :":! L] [®mac Residuals

Block 10t 1
~ Unstandardized
v Standardized




.......

B Compute Variable

Target Vaiable: Numeric E xpressiol
aos_stdres = |ABS[ZRE_1)

Type & Label...

Leverage

¥ Focuses on the values of your independe
variables (without help from the depender

¥ A measure of the OunusualnessO of a pa
of independent variables

¥A measure of how much an observation n
be Oexerting leverageO over the model
(signibcance of coefbcients)

Leverage

¥ Ranges from 0 to 1
¥ Expected value
¥ E = (k+1)/n

¥ Rule of thumb: If an observation has lever
2 X B.or more

¥ Check these unusual cases




Example

n =500 (125 animals x 4 possible competing categori
k = 2 (2 predictors, home vs. away semantic distance)
E = (k+1)/n = 3/500 = .006

2*F = .012

Save...

Distances
M ahalanobis

Cook's

v Leverage values

InRuence

¥ Another measure is thinRuencehat a case
may be having over the regression model

¥ Different measures of inBuence: For
example, CookOs Distance (OCookOs DC

¥ Look for relatively large values




Save...

Distances

I Mahalanobis

IV Cook's

I Leverage values
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Important notes

¥ These can serve as a OwindowO onto ca:
that can be inspected for issues (not simg
thrown out without further consideration)

¥ Ask yourself: Is this observation an unusu
but reasonable combination of values?

¥ Or, is there something more to it? E.g.,
learning disability, answered cell phone, e

Collinearity diagnostic

¥ As discussed earlier, we want to avoid
including predictors that are highly
correlated with each other into our MR
model

¥Why? First: They may simply be a measur
the same construct! (redundancy)

¥ Second: Collinearity can throw off the MR
results (coefpcients, in particular)




Tolerance /VIF

! i
' Paarson Comelation 1| 2659 ) . L
Sig. (21aded) 900 ¥SPSS provides you with a quantitative me
. L0 of assessing collinearity (i.e., without
o ialed 000 eyeballing bivariate correlation tables)
= ConeREInE SRR H RSO I ¥ How much is one predictor is independen

of the other predictors?
¥To|erance: 0 > 1 (complete independence

Collinearity problem? ¥ VIF = 1/Tolerance: Tolerance of 6 or more
problem (or 10, argued by others)
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Collinearity Statistics

Ma 1 Sig Tolerance VIF
e

)81 -1.748 081 930 1.076

a1 447 655 a30 1076




