
Multiple Regression 

 

Introduction: 
 

Data on 12 patients with congestive heart failure 

Table 1. Data on 12 patients 

Patient 
Cardiac 
Index x-xm (x-xm)2 Age yi-yim (yi-yim)2 Height 

yii-
yiim 

(yii-
yiim)2 

1 1.70 0.88 0.21 65.00 232.16 9.86 175.00 1.02 0.00 
2 2.40 1.24 0.41 43.00 153.58 19.66 173.00 1.00 0.00 

3 2.20 1.14 0.35 56.00 200.01 16.52 173.00 1.00 0.00 

4 1.70 0.88 0.21 61.00 217.87 9.86 176.00 1.02 0.00 
5 2.30 1.19 0.38 55.00 196.44 18.05 173.00 1.00 0.00 

6 1.80 0.93 0.23 65.00 232.16 11.06 179.00 1.04 0.00 

7 1.50 0.78 0.16 62.00 221.44 7.68 164.00 0.95 0.00 

8 2.30 1.19 0.38 60.00 214.30 18.05 183.00 1.06 0.00 
9 1.40 0.72 0.14 72.00 257.16 6.69 169.00 0.98 0.00 

10 2.50 1.29 0.45 44.00 157.15 21.33 164.00 0.95 0.00 

11 2.20 1.14 0.35 63.00 225.01 16.52 173.00 1.00 0.00 

12 1.20 0.62 0.10 63.00 225.01 4.91 164.00 0.95 0.00 

SUM 23.20 12.00 3.36 709.00 2532.28 160.20 2066.00 12.00 0.00 

AVER 1.93 1.00 0.28 59.08 211.02 13.35 172.17 1.00 0.00 

 
 

Background: 
 

Multiple linear regression (MLR), also known simply as multiple regression, is a statistical technique 

that uses several explanatory variables to predict the outcome of a response variable. The goal of 

multiple linear regression is to model the linear relationship between the explanatory (independent) 

variables and response (dependent) variables. 

Multiple linear regression (MLR), also known simply as multiple regression, is a statistical technique 

that uses several explanatory variables to predict the outcome of a response variable. The goal of 

multiple linear regression is to model the linear relationship between the explanatory (independent) 

variables and response (dependent) variables. The variables we are using to predict the value of the 

dependent variable are called the independent variables. 

Multiple regression also allows you to determine the overall fit (variance explained) of the model 

and the relative contribution of each of the predictors to the total variance explained. 

The linear regression analysis helps us to predict the value of Y for a given value of X.  

 

 

 



Model: 
 

The model for this data set is: 

CI = Β0 + β1 x Agei + β2 x Heighti + ei 

From SAS 

• Β0 = -1.096 

• β1 = 0.032 

• β2 = -0.042 

• ei = -0.042 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

SAS Input: 
 

Option 1s=80; 

data; 

input patient cardiac age height; 

cards; 

1 1.7 65 175 

2 2.4 43 173 

3 2.2 56 173 

4 1.7 61 176 

5 2.3 55 173 

6 1.8 65 179 

7 1.5 62 164 

8 2.3 60 183 

9 1.4 72 169 

10 2.5 44 164 

11 2.2 63 173 

12 1.2 63 164 

; 

run; 

/*simple linear regression*/ 

proc reg; 

model cardiac = height; 

run; 

proc reg; 

model cardiac = age; 

run; 

/*multiple linear regression*/ 

proc reg; 

model cardiac = age; 

run; 

proc reg; 

model cardiac = height; 

run; 

proc reg; 

model cardiac = age height; 

run; 

 

 

 

 

 

 

 

 

 

 

 



SAS Output: 
 

 

 

 

 

Are the coefficients Β0, β1, β2 statistically different from zero? 
When the calculated P-value is less than the significance level (0.05) this suggests a non-zero 

correlation in the population. This provides enough data (from the sample) to reject the null 

hypothesis and accept the alternative hypothesis. 

• Null hypothesis = Ho: B(0,1,2) = 0  

• Alternative hypothesis = HA: B(0,1,2) ≠ 0 

 

 

 



 

The multiple linear regression from SAS above (figure 1) shows that both age and height have a level 

of significance less tah 0.05 and can tehrfore be considered statistically significant variables. 

The intercept however (Β0) has a significance (P) higher than 0 (0.605) and is therefore not 

significant. 

This would be due to height having a negative linear relationship with CI (as height increases CI goes 

up), while age has a positive linear relationship (as age increases CI decreases). 

This means the two variable do not correlate with each and tehffore the intercept between them is 

not statistically signifinact. 

 

 

Using the significance level of 5% with 10 DF (n-2) the t-table gives 2.228 

P values (SAS) 

• Β0 = 0.54  

• β1 = 2.68  

• β2 = 4.96  

Hypothesis testing 

• Β0 = 0.54 < 2.228 = accept null hypothesis (Ho: B0 = 0) 

• β1 = 2.68 > 2.228 = reject null hypothesis (H1: B1 ≠ 0) 

• β2 = 4.96 > 2.228 = reject null hypothesis (H2: B2 ≠ 0) 

 
 

 

 

 

Is Height a better predictor of Cardiac Index (CI) than Age? 
 

A simple linear regression of Cardiac Index and Height has an r2 of 0.012 – demonstrating that 1% of 

variability of cardiac index can be explained by the effect of height  

The slope of this regression (0.023) and intercept (-2.044) are not significantly different form 0 (slope 

= 0.31, intercept = 0.59). 

Figure 1. Simple linear regression (SAS output) for height 

 

 

 



 

 

 

 

 

A simple linear regression of Cardiac Index and Age has an r2 of 0.52 – demonstrating that 52% of 

variability of cardiac index can be explained by the effect of age.  

The slope of this regression (-0.038) and intercept (4.22) are significantly different form 0 (slope = 

0.0047, intercept = <0.0001). 

Figure 2. Simple linear regression (SAS output) for age 



 

Therefore, age is a much better predictor of CI than age. 

 

 

 

 

 

Does the inclusion of height in the model improve the accuracy of the prediction for CI 

obtained by Age alone? 
 



Using a multiple linear regression analysis in SAS the prediction ability of model increases from 52% 

seen in the simple linear model to 76% (see SAS output for R-square below)  

Figure 3. Multiple linear regression (SAS output) for height and age 

 

 

 

This is also shown in the stepwise linear regression output from SAS below. 

 

 

Figure 4. Stepwise linear regression (SAS output) for height and age 

 



 

Both age and height have a level of significance less than 0.05 and are therefore considered 

statistically significant. 

The best equation for prediction of CI would therefore include both age and height as shown below: 

CI = Β0 + β1 x Agei + β2 x Heighti + ei 

From SAS 

• Β0 = -1.096 

• β1 = 0.032 

• β2 = -0.042 

• ei = -0.042 

The partial R-square from the stepwise SAS output  (figure 3) shows that age has the highest ability 

to predict CI (57%) and is therefore the most important variable – but as this level is quite low that 

the inclusion of height (19%) is important. 

Another note form (figure 2) is that height has a negative linear relationship with CI (as height 

increases CI goes up), while age has a positive linear relationship (as age increases CI decreases). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Appendix: 
SAS info: 

 

Option 1s=80; 

data; 

input patient cardiac age height; 

cards; 

1 1.7 65 175 

2 2.4 43 173 

3 2.2 56 173 

4 1.7 61 176 

5 2.3 55 173 

6 1.8 65 179 

7 1.5 62 164 

8 2.3 60 183 

9 1.4 72 169 

10 2.5 44 164 

11 2.2 63 173 

12 1.2 63 164 

; 

run; 

/*simple linear regression*/ 

proc reg; 

model cardiac = height; 

run; 

proc reg; 

model cardiac = age; 

run; 

/*multiple linear regression*/ 

proc reg; 

model cardiac = age; 

run; 

proc reg; 

model cardiac = height; 

run; 

proc reg; 

model cardiac = age height; 

run; 
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