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Data transformations

Often claimed that regression model estimates can be improved in
varoius ways by applying certain data transformations to the model’s
variables, in particular, that multicollinearity/colinearity can be
reduced.

Most common examples: centring predictors, standardizing precictors,
log-transforming predictors (or response).

There are MANY misconceptions about and bad habits that have
formed around use of such data transformations.

Best statistical advice: apply data transformations if they help you
interpret and communicate the substantive output of your models; do
not apply data transformations to “improve” model estimates,
standard errors, etc.
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Multicollinearity/Colinearity

The phenomenon of multicollinearity/colinearity occurs when one
or more predictor variables in a regression model are correlated.

This decreases the efficiency of the OLS estimators to the regression
model; i.e., requires relatively more data to get smaller standard
errors (more precision of our estimates).

This is a natural mathematical phenomenon: the more
dependent/correlated different variables are, the harder it is to
distinguish their effects from each other.

In practice, we usually work with predictor variables that are
correlated.
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Multicollinearity/Colinearity

100 observations on pY ,X ,W1q under true data generating process:
Y � Np0.1X � 0.01W1, 0.8q.

Proposed model Y � Npβ0 � β1X � β2W1, σ
2q.

Here, X and W1 are not collinear at all: estimated correlation is
rX ,W1 � 0.03.
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Multicollinearity/Colinearity

100 observations on pY ,X ,W1q under true data generating process:
Y � Np0.1X � 0.01W1, 0.8q.

Proposed model Y � Npβ0 � β1X � β2W1, σ
2q.

Here, X and W1 are not collinear at all: estimated correlation is
rX ,W1 � 0.03.

Note accurate (i.e., pβi � βi ) and precise (i.e., relatively small standard
errors) coefficient estimates (true effects contained in 95% CIs):
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Multicollinearity/Colinearity

100 observations on pY ,X ,W2q under true data generating process:
Y � Np0.1X � 0.01W2, 0.8q.

Proposed model Y � Npβ0 � β1X � β2W2, σ
2q.

Here, X and W2 are weakly/moderately collinear: estimated
correlation is rX ,W2 � 0.30.
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Multicollinearity/Colinearity

100 observations on pY ,X ,W2q under true data generating process:
Y � Np0.1X � 0.01W2, 0.8q.

Proposed model Y � Npβ0 � β1X � β2W2, σ
2q.

Here, X and W2 are weakly/moderately collinear: estimated
correlation is rX ,W2 � 0.30.

Note still accurate (i.e., pβi � βi ) but less precise (i.e., relatively larger
standard errors) coefficient estimates (true effects still contained in
wider 95% CIs):
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Multicollinearity/Colinearity

100 observations on pY ,X ,W3q under true data generating process:
Y � Np0.1X � 0.01W3, 0.8q.

Proposed model Y � Npβ0 � β1X � β2W3, σ
2q.

Here, X and W3 are strongly collinear: estimated correlation is
rX ,W3 � 0.91.
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Multicollinearity/Colinearity

100 observations on pY ,X ,W3q under true data generating process:
Y � Np0.1X � 0.01W3, 0.8q.

Proposed model Y � Npβ0 � β1X � β2W3, σ
2q.

Here, X and W3 are strongly collinear: estimated correlation is
rX ,W3 � 0.91.

Note inaccurate (i.e., pβ2 � β2) and imprecise (i.e., relatively large
standard errors) coefficient estimates (true effects still contained in
very wide 95% CIs):
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Multicollinearity/Colinearity

Same setup, but now suppose we have 10,000 observations on
pY ,X ,W3q.

Proposed model still: Y � Npβ0 � β1X � β2W3, σ
2q.

Remember, X and W3 are strongly collinear: estimated correlation is
rX ,W3 � 0.91.

Now more accurate (i.e., pβi � βi ) and more precise (i.e., relatively
small standard errors) coefficient estimates (true effects contained in
95% CIs); i.e., more collinearity requires more data to accurately
and precisely disentangle effects:
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Multicollinearity/Colinearity

In practice, and for realistic models, we should expect some amount
of collinearity to be present between certain predictors; this is not
necessarily a problem that requires a solution.

In fact, higher order terms (e.g., interactions, quadratic, cubic) are
mathematically guaranteed to usually be collinear with their
first-order consitutent terms; e.g., X will (almost) always be
correlated with XW .

If you have two predictors that are really highly correlated (e.g.,
r Á 0.8), then probably advisable to remove one from the model (or
maybe aggregate them, if feasible).

Otherwise, multicollinearity is not something that should concern you
too much.

However, in the social sciences, people tend to make an unnecessarily
big deal out of multicollinearity and have proposed many ways to
decrease it, none of which work in general and none of which are
advisable in general.
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Centring predictor variables

Common advice found in the social and health sciences literature:
centre your predictor variables to reduce multicollinearity when you
have interaction terms in your model. That is, replace the predictor X
with the new predictor Xc � X � sX to reduce collinearity between Xc ,
Wc and XcWc .

Unfortunately, centring does not always reduce collinearity this
way, and in fact, centring can increase multicollinearity between
an interaction and its first-order factors.

See Astivia & Kroc (2019) for details and examples.

Same has been claimed for higher order polynomial terms; and same
problem: it doesn’t always work.

Has also been claimed that centring predictors is the only way to
interpret coefficients on higher order polynomial terms; as we have
already seen, this is clearly false.
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Centring predictor variables

Question: So should you ever bother centring predictors?

Answer: If it helps you interpret/communicate your results, but not
necessarily for statistical reasons.

If you centre your predictors, then the model’s intercept is
automatically interpretable as the predicted average value of the
response when each predictor is set to its mean value.

In an uncentred model, the intercept is the predicted average value of
the response when each predictor is set to zero, but realize that 0
does not always have to be in the observed range of values for your
predictors (e.g., age, blood pressure); on the other hand, a predictor’s
mean value will always be in the observed range of values for the
predictor.
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Standardizing predictor variables

Closely related transformation: can standardize predictor variables by
subtracting off their mean and dividing by their standard deviation;

i.e., replace X by
X � sX

xSDpX q
.

Advantages: now your predictors have no units, so all predictors on
the same scale; this may help with interpretation/communication.
Can be useful in scale creation.

Just like pure centring, standardization has been claimed to help
reduce multicollinearity, but this is not necessarily true.

It has also been claimed that standardizing predictors allows one to
“rank” their importance by then ranking the estimated coefficients;
this is a fine heuristic, though false in general.

Moreover, just look at the t-statistics associated to your
untransformed model coeffiicents to “order” them all on a
standardized scale; accomplishes the same thing without the extra
work of transforming your raw data.
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Log-transforming predictor variables

In the past, has been sometimes advised to transform predictor
variables to make them “look more normally distributed.”

E.g., can use a log transformation to mitigate skewness and
(one-sided) outliers:

Ed Kroc (UBC) EPSE 596 15 / 18



Log-transforming predictor variables

There is nothing wrong, per se, with transforming variables this way,
however...

It will often make your results less easy to interpret. E.g., you can no
longer talk about how Y is expected to change on average for a unit
increase in a predictor X , but instead it’s for a unit increase in logpX q.

In general, there is nothing statistically/mathematically to gain from
transforming predictor variables in this way (e.g., logarithm, square
root). I.e., transforming away skew doesn’t necessarily help you
estimate anything (the CLT applies regardless).
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Transforming the response variable

In general, the same advice essentially applies to transforming (or
not) a response variable.

Except that transforming the response variable often alters the entire
model; i.e., it will change the likely distribution of your
errors/residuals.

This idea is actually exploited when working with generalized linear
models (GLMs) to effectively use our regression framework to model
response phenomena that are not necessarily continuous and/or
unbounded, e.g., count data, binary data, percentage data.

We will get a taste of this in the last week or two of class when we
introduce logistic regression for binary response data. Much more on
GLMs in my EPSE 682 class.
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Data transformations can aid interpretation

What do you need to take from our discussion today?

Apply data transformations (on predictor variables) if they help you
interpret and communicate the substantive results of your model [see
example].

Claims that data transformations (e.g., centring, standardizing,
log-transforms) improve model estimates, standard errors, stability do
not hold in general. In fact, in general, such transformations can make
things much worse.

There are WAY more important things to worry about when building
a regression model (e.g., model validity, sample size); don’t worry
about today’s data transformations.

Ed Kroc (UBC) EPSE 596 18 / 18


