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Why are slopes and
standard errors 

changing
when we add 

“control” variables?
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BALLENTINE 

VENN DIAGRAMS

Visual representations of multiple regression 

models to allow for reasoning regarding model 

specification and fit.
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Slope
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Slope
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Cov( X1, Y ) = A

var( X1 ) = A+C
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The Residual and R2
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The variance of X1 and cov(X1,Y) are the same in these 
two cases. The var(Y) is larger in the top case. 

Although the “explained” portion is the same in both 
models, there is more variance to explain on top. 
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Coefficient Standard 

Error

Y

X1
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There are three ways to make the 
standard error smaller, and thus 
improve the confidence intervals 
around b1 :

(1) Increase sample size
(2) Explain more variance of Y
(3) Increase variance of X

SEb1 ≈
residual

sample size ∙ variance X1
≈

B

n ∙ (A+C)
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Explain more y

Heart Rate

A

B

C

There are three ways to make the 
standard error smaller, and thus 
improve the confidence intervals 
around b1 :

(1) Increase sample size
(2) Explain more variance of Y
(3) Increase variance of X

SE≈
B

n∙(A+C)

Adding  a control variable can explain some of Y, 
thus leading to smaller residuals. 

Caffeine

Control
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Increase var(x)

Heart Rate
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There are three ways to make the 
standard error smaller, and thus 
improve the confidence intervals 
around b1 :

(1) Increase sample size
(2) Explain more variance of Y
(3) Increase variance of X

Heart Rate

Range of 
0 to 1000
mg Caffeine

A

B

C

SEb1≈
B

n ∙ (A+C)

In an experiment assigning the treatment levels over a 
range of 0 to 1000mg increases the variance of X 

compared to a study that uses 0 to 500mg. 

Range of 
0 to 500
mg Caffeine
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TWO TYPES OF CONTROL 

VARIABLES:
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First type: 

Uncorrelated with the 

policy variable
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Slope does not change.

Standard error becomes smaller.
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The slope is approximately 
the same, but the

standard error is six times 
smaller.
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Slope changes (can increase or 
decrease depending on size of b 
relative to c).

The standard error typically 
becomes larger (again depends on 
ratio). 

Second type: 

correlated with the 

policy variable
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The slope is smaller 
(close to zero), and the

standard error is almost ten 
times as large.
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COFFEE STUDY EXAMPLE
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Reconsider the caffeine study as an observational 
study on coffee consumption. Now caffeine is not 
assigned, but level of consumption is a choice by 

individuals. We can add controls. 
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If the new control variable X2 is highly-correlated with 
our policy variable, we primarily remove the 

EXPLAINED variance from the model. 

𝑌 = 𝛽0 + 𝛽1𝑋 + 𝛽2𝑋2 + 𝜀𝑌 = 𝑏0 + 𝑏1𝑋 + 𝑒



CONTROL VARIABLES 22

𝑌 = 𝛽0 + 𝛽1𝑋 + 𝛽2𝑋2 + 𝜀𝑌 = 𝑏0 + 𝑏1𝑋 + 𝑒

If the new control variable X2 is NOT correlated with 
our policy variable and correlated with the outcome, 
we primarily remove the RESIDUALS from the model. 
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CLASS SIZE EXAMPLE
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Partitioning the 

Variance of Y
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Control variables target either the 
Explained SS or the Residual SS. 



Effects of the 

Control Variable
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Uncorrelated control variables target the Residual SS, 
thus removing unexplained variance from the model 
and improving the relationship between the policy 

variable and Y.



Effects of the 

Control Variable
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Model 2
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Model 4

Model 2 has smaller 

standard errors
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The Residual and R2
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The other type of 

control targets the 

explained SS

Y

X1

a
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b

control
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What happens when we 

remove the explained SS 

from the model?
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