
Homework2-TIGP(suggested solutions) 
 
Problem 1  
1. Sol: 
First, you should download the package “foreign” in order to open “mentalhealth.dta”. 
After opening the file, just type the following command to get the formula of model: 
>data1<-read.dta("C:/Program Files/R/R-2.6.2/mentalhealth.dta") 
> x1=data1[,2] 
> x2=data1[,3] 
> y=data1[,1] 
> lm(y~x1+x2) 
And the result shows that 
Call: 
lm(formula = y ~ x1 + x2) 
 
Coefficients: 
(Intercept)           x1           x2   
   28.22981      0.10326     -0.09748   
Finally, type the following command to get the summary: 
> summary(lm(y~x1+x2)) 
And the result shows that 
Call: 
lm(formula = y ~ x1 + x2) 
Residuals: 
   Min     1Q    Median     3Q      Max  

-8.678   -2.494   -0.336    2.887    10.891  
 
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept) 28.22981    2.17422  12.984 2.38e-15 *** 
x1           0.10326    0.03250   3.177  0.00300 **  
x2          -0.09748    0.02908  -3.351  0.00186 **  
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
Residual standard error: 4.556 on 37 degrees of freedom 
Multiple R-squared: 0.3392,     Adjusted R-squared: 0.3034  
F-statistic: 9.495 on 2 and 37 DF,  p-value: 0.0004697 
 



 
2. Sol: 
Type the following command to get some plots of useful information about the 
characteristic of data. 
plot(lm(y~x1+x2)) 
Comment: 
(1) Residuals V.S. fitted values: this plot is used to check the assumption of whether 

the variance of the error term is a constant or not. Also, we can check whether 
E(ε) equals 0 or not. Actually from the plot, we found no significance evidence 
that these two assumptions are violated；therefore, we can conclude that the 
assumptions hold. 

(2) Normal Q-Q: this plot is used to check whether the normal assumption about the 
error term holds or not. Actually from the plot, we can conclude that the normality 
holds because most of the points on the Q-Q plot are close to the theoretically 
normal line. 

(3) √|Standardized residuals| V.S. fitted values:  this plot is used to check whether a 
certain observation is an outlier or not. Although there are no assumptions about 
the existence of outliers in regression analysis. We should still pay some attention 
on this issue because sometimes outliers have substantial impact on our inference 
and thus the conclusion may be misleading. Basically, an observation is regarded 
as an outlier if the √|Standardized residuals| > 2. Actually from this plot, no 
observations seem to be outliers.  

 
Problem 2 
1. Sol: 
Type the following command to get the summary: 
>data2<-read.dta("C:/Program Files/R/R-2.6.2/table9-1.dta") 
> y=data2[,2] 
> x1=data2[,3](murder rate) 
> x2=data2[,4](percent in metropolitan areas) 
> x3=data2[,5](percent white) 
> x4=data2[,6](percent high school graduates) 
> x5=data2[,7](percent below the poverty level) 
> x6=data2[,8](percent of families headed by a single parent) 
> summary(lm(y~x1+x2+x3+x4+x5+x6)) 
 
 
 



Call: 
lm(formula = y ~ x1 + x2 + x3 + x4 + x5 + x6) 
Residuals: 
     Min       1Q     Median        3Q         Max  

-327.308   -114.323   -7.806       92.132      415.210  
 
Coefficients: 
              Estimate   Std. Error      t value       Pr(>|t|)     
(Intercept)    -1143.7461   585.0702      -1.955       0.0570 .   
x1             19.3339     4.4437       4.351     7.94e-05 *** 
x2              6.6219     1.1186       5.920     4.42e-07 *** 
x3             -0.6957     2.5061       -0.278      0.7826     
x4              4.7876     6.6770       0.717       0.4771     
x5             15.0034     9.7219       1.543       0.1299     
x6             54.8546    21.3066       2.575       0.0135 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
Residual standard error: 152.4 on 44 degrees of freedom 
Multiple R-squared: 0.895,      Adjusted R-squared: 0.8807  
F-statistic: 62.51 on 6 and 44 DF,  p-value: < 2.2e-16 
From the result above, we found that x2(percent in metropolitan areas) is the most 
significant predictor among all independent variables.  
2. Sol: 
lm(y~x2+x3+x4+x5) 
Call: 
lm(formula = y ~ x2 + x3 + x4 + x5) 
Coefficients: 
(Intercept)           x2           x3           x4           x5   
  -2014.125        9.094      -13.082       29.020       63.282   
This model means that the violent crime rates can be explained by percent in 
metropolitan areas, percent white, percent high school graduates, and percent below 
the poverty level. More rigorously, the estimated average violent crime rates= 
-2014.125+9.094x2-13.082x3+29.02x4+63.282x5  
3. Sol: 
You can do the same thing as I do in problem1-2 
 

  
 



 
Problem 3 
1. Sol: 
You will find difficulties in solving this problem based on original data. 
In order to apply the model meaningfully, one feasible way is to transform the “0%” 
into a very small positive value other than 0 such as 10^(-9) 
> z3=c(10^-9,2/3,0.8) 
> y3=log(z3/(1-z3)) 
> summary(lm(y3~x)) 
Call: 
lm(formula = y3 ~ x) 
Residuals: 
   1        2          3  
-4.847     8.179     -3.332  
Coefficients: 
            Estimate     Std. Error     t value      Pr(>|t|) 
(Intercept)   -223.351      149.474      -1.494      0.375 
x             7.628       5.247        1.454      0.384 
 
Residual standard error: 10.07 on 1 degrees of freedom 
Multiple R-squared: 0.6788,     Adjusted R-squared: 0.3576  
F-statistic: 2.113 on 1 and 1 DF,  p-value: 0.3836  
log(p/1-p)= -223.351+7.628t ；where p is the estimated average value of the 
proportion of male turtles, and t is the incubation temperature for turtle eggs.   
 
2. Sol: 
By the information in the previous sub-problem, you can get the temperature by 
solving the following equation: 
log(0.5/0.5)= -223.351+7.628t   =>  t=29.28041 
 
3. Sol: 
log(p/1-p)= -223.351+7.628*27  =>  p=2.788993*10^(-8) 
 
4. Sol: 
log(p/1-p)= -223.351+7.628*30  =>  p= 0.995885 
 

 
 



 
Problem 4  
1. Sol: 
The fact that the R-Squared for case A is larger than that for case B indicates the 
predictor x2 is more powerful in explaining the response variable than x1.  

 Researcher B’s model performs better.  
2. Sol: 
From the change in value of the R-Squared, we found that the prediction power 
improved insignificantly. In other words, the combined model does not perform better 
meaningfully.   
3. Sol: 
Because the R-Squared both improve significantly, the new multiple linear regression 
models are better than their previous version, respectively. 
4. Sol: 
This problem illustrates the concept of what is collinearity.  
In problem 4-1, we found that both x1 and x2 have power in explaining the response 
variable. However, problem 4-2 shows each predictor can not improve the model on 
condition that the other one is already taken into consideration. In other words, the 
information of one of the two predictors toward the response variable overlaps that of 
the other.  
From problem 4-3, we found that x3 improved the model significantly. This tells us 
that x3 includes significant extra information toward the response variable. Its 
information does not overlap x1 or x2.  
All these can be illustrated graphically in the following way: 



 
The colored part(red+black+green) denotes the total information toward the response 
variable from x1 and x2. As you can see, the area of the black part (repetition of 
information) is quite large relative to the total area of the colored part. 
This is the concept of what is collinearity.     
 
 
 
 
 
 
 
 
 


