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1.
a) 
The problem is likely a biased estimate of the coefficient due to possibly omitting variables that should be included in the model. Because a set of omitted variables and the particular variable of interest are correlated, it is making the estimated coefficient biased upward. Unfortunately, using White’s heteroskedasticity consistent (robust) standard errors would not fix this bias but the statistical significance may become weaker to at least avoid the embarrassing regression result of statistically significant wrong sign. 
The biased estimate could be attributed to the fact that the variable is correlated to the error term also. There are several methods to circumvent the kind of problem which include a use of a proxy variable, and instrumental variable.
b)
It is correct that one way to address the multicollinearity problem between two variables is to drop one of them from the prototype regression model. However, it technically takes away possibly useful information from the dropped variable and consequently the omitted variable bias could arise. There are some better ways to address the problem in this case. One is to use a principal component regression and include the first component generated out of two variables in the regression model instead. Another method is to use ridge regression instead of standard linear regression with two highly correlated variables still included. The resulting estimates are theoretically biased but they are consistent. If the data set you have has a large sample size, using the Ridge regression technique is worth considering. 
c)
Those variables are perfectly muticollinear: Mj + NMj = 1 for every jth observation. You basically have fallen into the dummy variable trap. You can just use one of the dummy variables to explain the difference in the volume of exports between WTO member country and non-member country. 
d)
The test statistic of 64.5 is compared to the critical value for say 5% significance level to decide to reject the null hypothesis of no serious correlation up to a certain predetermined order. First, you need to check this. If the test statistics of 64.5 is large enough to reject the null hypothesis, then taking the serial correlation into account should help obtain an unbiased estimate of regression coefficients. 
e)
R-squared almost always goes up if any variables that are relevant or irrelevant are included in the model. Because the variables you are adding are very likely irrelevant variables, the F statistic becomes lower in favor of failing to reject the null hypothesis that the model coefficients are jointly zero. 
f)
The residuals are simply calculated by subtracting the predicted dependent variables from the observed dependent variables. 



2.
a) d.f. = TxN – (1+(N-1) + 8). For the full sample,    243 – (1+80+8) = 154.
For the rich country sample, 93 – (1+30+8) = 54. For the poor country, 150 – (1+49+8)=92.
b)
The level of per capita GDP in 1960 reduces the growth rate more for rich countries than poor countries according to the table with other variables held constant. This is the evidence that countries that are initially well off grow slower than that those that are initially poor. If you are looking at the full sample model, you can still get the same insight as from two separate regressions because the negative estimate means that having high GDP per capita 55 years have the larger negative impact on the subsequent growth rate than low GDP per capita countries 55 years ago. 
In order to assure this reasoning, we need to make sure the estimated coefficient is negative. So, we will test the one-sided t-test on this coefficient:
H0: betalnGDPin1960 = 0
H1: betalnGDPin1960 < 0
The t-statistic for this estimate is -0.0244/0.0031 = -7.870968. This is a very large t-statistic to reject any reasonable significance level. 
c)
Three t-statistics are calculated:
tFullSample =  -0.606383 (= -0.0057/0.0094)
tRichCountry = -0.2428571 (=-0.0051/0.021)
tPoorCountry =  0.2682927 (=0.0033/0.0123)
So, all three estimated coefficients for inflation are unlikely different from zero because they are way too low to be statistically significant at any reasonable significance levels. They aren’t very different.
d)
0.0084 ± t0.975, 92 x 0.004 = [0.0004556547, 0.01634435], where t0.975, 92=1.986086.
e)
It is about the effect of government consumption/GDP variable. The estimated impact for rich countries is negative but not strongly significant with t=-0.014/0.0116=-1.206897. On the other hand, the estimated impact for poor countries are a lot smaller and is strongly significant with t=-0.167/0.0196=-8.520408. So, there is an evidence that their claim is valid.
f)
Because two regressions are not nested with each other, we cannot use a standard hypothesis test procedure. So, I am going to check to see if every coefficient has the identical sign and the magnitude is comparatively similar. Looking at the signs of every coefficient under Rich and Poor columns, every coefficient estimated has the same sign except for inflation rate. But the estimate is statistically insignificant. Looking at the magnitude of every estimate, that for openness ratio for poor countries is three times larger than that for rich countries. So, I computed the t-statistic for each estimate against the other estimate: t = (0.0112-0.0361)/0.0028=-8.892857 and t=(0.0361-0.0112)/0.0114=2.184211. They are large enough to reject the null hypothesis that the coefficient is the estimate for the country type. As a result, I do not support the claim that their growth equations are after all the same. Also, intuitively it should not be the same. Developed countries and developed countries did not seem to have been growing in the same manner at all.
g)
The plot shows the heteroskedasticity which makes the standard error of the estimated coefficient from OLS not reliable in carrying out the statistical hypothesis testing. In order to obtain the efficient estimates, you can use GLS/WLS. Or you can use White’s robust standard errors to obtain the correct standard errors to use in the statistical hypothesis testing. 




3.
a)
The OLS estimates are likely biased because of the kind of endogeneity problem due to the simultaneity of two variables, F and P. You will usually need a set of instrumental variables for F in equation B and estimate the model by 2STS.
b)
Two conditions must be satisfied for the identification. The equation B satisfies the rank condition because the equation A contains at least one exogenous variable (C) with a (supposed) nonzero coefficient that is excluded from the equation B. The order condition is also satisfied because at least one exogenous variable is excluded from the equation B.
c)
Using C as an instrumental variable for F in the equation B, you can estimate the model parameters by 2SLS. Specifically, obtain the predicted F by regressing F on C, and use the predicted F in replace of actual F to run the regression of B. The resulting estimates are what you want for the estimates for the equation B.
d)
In order to capture this information, I suggest to include the lagged F in the equation A because last year’s new franchise number is expected to have an inverse relationship with this year’s franchise number. This included past variable become a predetermined variable that can be used as another instrumental variable. In 2SLS, C and lagged F can be used as instrumental variables for F to create the better instrument that may be more correlated with F.
e)
The current error term is uncorrelated with the current and future variables. But if the model contains lagged variables, and there is serial correlation in the error terms, then because lagged error terms are correlated with lagged variables, it causes the endogeneity problem and biased coefficient estimates. 
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