Brief Solutions – Homework 2B – STAT 516 – Fall 2026
1.  (a) There appears to be model misspecification (nonlinearity), and one severe outlier, based on the curvature in the residual plot.  The normality assumption is also somewhat questionable based on the Q-Q plot.
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(b) The residual plot looks much better, like random scatter.  The normality assumption is still a bit iffy, based on the Q-Q plot.
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(c):  The 90% prediction interval for the LOG survival time for a patient with clotting potential CLOT=5.5, recovery prognosis PROG=57, protein measure ENZ=62, and white blood cell count LIV=2.63 is (4.385, 4.759).  Back-transforming these endpoints with the exp() function, the 90% prediction interval for the survival time (in days) for such a patient is (80.27, 116.58).

Second (c) From the R output, R2 = 0.9724.  So over 97% of the variability in log survival time is explained by its linear relationship with CLOT, PROG, ENZ, and LIV.

(d) Observation 23 seems to be a severe outlier, having a studentized residual of 3.176.
(e) Since m=4 and n=54, 2(m+1)/n = 0.185.  High-leverage points, having hat diagonals greater than this, are Observations 2, 10, 18, 51, and 53.
(f)  Since m=4 and n=54, 2[(m+1)/n]1/2 = 0.609.  Influence points, having |DFFITS| greater than this, are Observations 1, 17, 18, 23, 51, and 53.
(g) All of the VIF values for the four independent variables are less than 2.6, so there is no serious multicollinearity here.

(h) Using the adjusted R-square criterion, the model with 3 variables (CLOT, PROG, and ENZ) is best (R2a = 0.9707), with the full 4-variable model (CLOT, PROG, ENZ, and LIV) just behind (R2a = 0.9701).  Both of these models do well according to the C(p) criterion, also (C(p) = 3.04 and 4, respectively).  I would prefer the more parsimonious 3-variable model because of simplicity reasons, but either of these choices is reasonable.
2. #5: The common feature is the attempt to compare the model estimated WITH an observation included in the dataset to a model estimated WITHOUT that observation included.
#9: Multicollinearity disguises the true effects of the independent variable on the response variable in MLR.  It can lead to inflated variances of estimates of partial effects and possibly misleading non-significant t-tests.
#12 TRUE
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***************************************************************************************************

# R code:

# (a)

reg1 <- lm(time ~ clot+prog+enz+liv)

summary(reg1)

plot(fitted(reg1), resid(reg1), xlab="Fitted Values", ylab="Residuals")

qqnorm(resid(reg1))

# (b)

reg2 <- lm(logtime ~ clot+prog+enz+liv)

summary(reg2)

plot(fitted(reg2), resid(reg2), xlab="Fitted Values", ylab="Residuals")

qqnorm(resid(reg2))
# (c) first (c)

x.values <- data.frame(cbind(clot=5.5, prog=57, enz=62, liv=2.63))                            

# getting 90% PI for new response with clot=5.5, prog=57, enz=62, liv=2.63

predict(reg2, x.values, interval="prediction", level=0.90)
# converting back to survival time:

exp(predict(reg2, x.values, interval="prediction", level=0.90))
# (d)

rstandard(reg2)

# (e,f)

influence.measures(reg2)

# (g)

vif(reg2)

#    clot     prog      enz      liv 

#1.799013 1.289215 1.678030 2.555329 

#(h)

leaps(x = cbind(clot, prog, enz, liv), y = logtime, nbest=2, method="Cp")

# Printing the 2 best models of each size, using the adjusted R^2 criterion:

leaps(x = cbind(clot, prog, enz, liv), y = logtime, nbest=2, method="adjr2")
