
Chapter 9 
Assessing Studies Based on Multiple Regression 

 Solutions to Empirical Exercises 

1. 

Data from 2004 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 Dependent Variable 

 AHE ln(AHE) ln(AHE) ln(AHE) ln(AHE) ln(AHE) ln(AHE) ln(AHE) 

Age 0.439** 
(0.030) 

0.024** 
(0.002) 

 0.147** 
(0.042) 

0.146** 
(0.042) 

0.190** 
(0.056) 

0.117* 
(0.056) 

0.160 
(0.064) 

Age2    −0.0021** 
(0.0007) 

−0.0021** 
(0.0007) 

−0.0027** 
(0.0009) 

−0.0017 
(0.0009) 

−0.0023 
(0.0011) 

ln(Age)   0.725** 
(0.052) 

     

Female × Age      −0.097 
(0.084) 

 −0.123 
(0.084) 

Female × Age2      0.0015 
(0.0014) 

 0.0019 
(0.0014) 

Bachelor × Age       0.064 
(0.083) 

0.091 
(0.084) 

Bachelor × Age2       −0.0009 
(0.0014) 

−0.0013 
(0.0014) 

Female −3.158** 
(0.176) 

−0.180** 
(0.010) 

−0.180** 
(0.010) 

−0.180** 
(0.010) 

−0.210** 
(0.014) 

1.358* 
(1.230) 

−0.210** 
(0.014) 

1.764 
(1.239) 

Bachelor 6.865** 
(0.185) 

0.405** 
(0.010) 

0.405** 
(0.010) 

0.405** 
(0.010) 

0.378** 
(0.014) 

0.378** 
(0.014) 

−0.769 
(1.228) 

−1.186 
(1.239) 

Female × Bachelor     0.064** 
(0.021) 

0.063** 
(0.021) 

0.066** 
(0.021) 

0.066** 
(0.021) 

Intercept 1.884 
(0.897) 

1.856** 
(0.053) 

0.128 
(0.177) 

0.059 
(0.613) 

0.078 
(0.612) 

−0.633 
(0.819) 

0.604 
(0.819) 

−0.095 
(0.945) 

F-statistic and p-values on joint hypotheses 

(a) F-statistic on 
terms involving Age 

   98.54  
(0.00) 

100.30 
(0.00) 

51.42 
(0.00) 

53.04 
(0.00) 

36.72 
(0.00) 

(b) Interaction terms  
with Age and Age2 

     4.12 
(0.02) 

7.15 
(0.00) 

6.43 
(0.00) 

SER 7.884 0.457 0.457 0.457 0.457 0.456 0.456 0.456 
2R  0.1897 0.1921 0.1924 0.1929 0.1937 0.1943 0.1950 0.1959 

Significant at the *5% and **1% significance level. 
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Data from 1992 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 Dependent Variable 

 AHE ln(AHE) ln(AHE) ln(AHE) ln(AHE) ln(AHE) ln(AHE) ln(AHE) 

Age 0.461** 
(0.028) 

0.027** 
(0.002) 

 0.157** 
(0.041) 

 

0.156** 
(0.041) 

 

0.120* 
(0.057) 

 

0.138* 
(0.054) 

 

0.104 
(0.065) 

Age2    −0.0022** 
(0.0006) 

−0.0022** 
(0.0007) 

−0.0015 
(0.0010) 

−0.0020* 
(0.0009) 

−0.0013* 
(0.0011) 

ln(Age)   0.786** 
(0.052) 

     

Female × Age      0.088 
(0.083) 

 0.077 
(0.083) 

Female × Age2      −0.0017 
(0.0013) 

 −0.0016 
(0.0014) 

Bachelor × Age       0.037 
(0.084) 

0.046 
(0.083) 

Bachelor × Age2       −0.0004 
(0.0014) 

−0.0006 
(0.0014) 

Female −2.698** 
(0.152) 

−0.167** 
(0.010) 

−0.167** 
(0.010) 

−0.167** 
(0.010) 

−0.200** 
(0.013) 

−1.273** 
(1.212) 

−0.200** 
(0.013) 

−1.102 
(1.213) 

Bachelor 5.903** 
(0.169) 

0.377** 
(0.010) 

0.377** 
(0.010) 

0.377** 
(0.010) 

0.340** 
(0.014) 

0.340** 
(0.014) 

−0.365** 
(1.227) 

−0.504 
(1.226) 

Female × Bachelor     0.085** 
(0.020) 

0.079** 
(0.020) 

0.086** 
(0.020) 

0.080** 
(0.02) 

Intercept 0.815 
(0.815) 

1.776** 
(0.054) 

−0.099 
(0.178) 

−0.136 
(0.608) 

−0.119 
(0.608) 

0.306 
(0.828) 

0.209 
(0.780) 

0.617 
(0.959) 

F-statistic and p-values on joint hypotheses 

(a) F-statistic on 
terms involving Age 

   115.93 
(0.00) 

118.89 
(0.00) 

62.51 
(0.00) 

65.17 
(0.00) 

45.71 
(0.00) 

(b) Interaction terms 
with Age and Age2 

     9.04 
(0.00) 

4.80 
(0.01) 

7.26 
(0.00) 

SER 6.716 0.437 0.437 0.437 0.437 0.436 0.436 0.436 

2R  0.1946 0.1832 0.1836 0.1841 0.1858 0.1875 0.1866 0.1883 

Significant at the *5% and **1% significance level. 

(a) (1) Omitted variables: There is the potential for omitted variable bias when a variable is 
excluded from the regression that (i) has an effect on ln(AHE) and (ii) is correlated with a 
variable that is included in the regression. There are several candidates. The most important 
is a worker’s Ability. Higher ability workers will, on average, have higher earnings and are 
more likely to go to college. Leaving Ability out of the regression may lead to omitted 
variable bias, particularly for the estimated effect of education on earnings. Also omitted 
from the regression is Occupation. Two workers with the same education (a BA for example) 
may have different occupations (accountant versus 3rd grade teacher) and have different 
earnings. To the extent that occupation choice is correlated with gender, this will lead to 
omitted variable bias. Occupation choice could also be correlated with Age. Because the data 
are a cross section, older workers entered the labor force before younger workers (35 year-
olds in the sample were born in 1969, while 25 year-olds were born in 1979), and their 
occupation reflects, in part, the state of the labor market when they entered the labor force. 
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 (2) Misspecification of the functional form: This was investigated carefully in exercise 8.1. 
There does appear to be a nonlinear effect of Age on earnings, which is adequately captured 
by the polynomial regression with interaction terms. 

 (3) Errors-in-variables: Age is included in the regression as a “proxy” for experience. Workers 
with more experience are expected to earn more because their productivity increases with 
experience. But Age is an imperfect measure of experience. (One worker might start his 
career at age 22, while another might start at age 25. Or, one worker might take a year off to 
start a family, while another might not). There is also potential measurement error in AHE as 
these data are collected by retrospective survey in which workers in March 2005 are asked 
about their average earnings in 2004. 

 (4) Sample selection: The data are full-time workers only, so there is potential for sample-
selection bias. 

 (5) Simultaneous causality: This is unlikely to be a problem. It is unlikely that AHE affects Age 
or gender. 

 (6) Inconsistency of OLS standard errors: Heteroskedastic robust standard errors were used in 
the analysis, so that heteroskedasticity is not a concern. The data are collected, at least 
approximately, using i.i.d. sampling, so that correlation across the errors is unlikely to be a 
problem. 

(b) Results for 1988 are shown in the table above. Using results from (8), several conclusions were 
reached in E8.1(l) using the data from 2004. These are summarized in the table below, and are 
followed by a similar table for the 1998 data. 

Results using (8) from the 2004 Data 

Gender, Education 
Predicted Value of 

ln(AHE) at Age 
Predicted Increase in ln(AHE) 

(Percent per year) 

 25 32 35 25 to 32 32 to 35 

Females, High School 2.32 2.41 2.44 1.2% 0.8% 

Males, High School 2.46 2.65 2.67 2.8% 0.5% 

Females, BA 2.68 2.89 2.93 3.0% 1.3% 

Males, BA 2.74 3.06 3.09 4.6% 1.0% 

 



Solutions to Empirical Exercises in Chapter 9  135 

Results using (8) from the 1998 Data 

Gender, Education 
Predicted Value of 

ln(AHE) at Age 
Predicted Increase in ln(AHE) 

(Percent per year) 

 25 32 35 25 to 32 32 to 35 

Females, High School 2.28 2.42 2.39 2.0 −0.9 

Males, High School 2.42 2.65 2.70 3.2 1.9 

Females, BA 2.64 2.86 2.86 3.3 −0.2 

Males, BA 2.70 3.01 3.09 4.4 2.6 

Based on the 2004 data E81.1(l) concluded: Earnings for those with a college education are 
higher than those with a high school degree, and earnings of the college educated increase more 
rapidly early in their careers (age 25–32). Earnings for men are higher than those of women, and 
earnings of men increase more rapidly early in their careers (age 25–32). For all categories of 
workers (men/women, high school/college) earnings increase more rapidly from age 25–32 than 
from 32–35. 

All of these conclusions continue to hold for the 1998 data (although the precise values for the 
differences change somewhat.) 

2. We begin by discussing the internal and external validity of the results summarized in E8.2. 

Internal Validity 

1. Omitted variable bias. It is always possible to think of omitted variables, but the relevant question is 
whether they are likely to lead to substantial omitted variable bias. Standard examples like instructor 
diligence, are likely to be major sources of bias, although this is speculation and the next study on this 
topic should address these issues (both can be measured). One possible source of OV bias is the 
omission of the department. French instructors could well be more attractive than chemists, and 
if French is more fun (or better taught) than chemistry then the department would belong in the 
regression, and its omission could bias the coefficient on Beauty. It is difficult to say whether this 
is a major problem or not, one approach would be to put in a full set of binary indicators for the 
department and see if this changed the results. We suspect this is not an important effect, however 
this must be raised as a caveat. 

2. Wrong functional form. Interactions with Female showed some evidence of nonlinearity. It would 
be useful to see if Beauty2 enters the regression. (We have run the regression, and the t-statistic on 
Beauty2 is −1.15.) 

3. Measurement error in the regressors. The Beauty variable is subjectively measured so that it will 
have measurement error. This is plausibly a case in which the measurement error is more or less 
random, reflecting the tastes of the six panelists. If so, then the classical measurement error model, in 
which the measured variable is the true value plus random noise, would apply. But this model implies 
that the coefficient is biased down—so the actual effect of Beauty would be greater than is implied by 
the OLS coefficient. This suggests that the regressions understate the effect of Beauty. 
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4. Sample selection bias. The only information given in this exam about the sample selection method 
is that the instructors have their photos on their Web site. Suppose instructors who get evaluations 
below 3.5 are so embarrassed that they don’t put up their photos, and suppose there is a large effect 
of Beauty. Then, of the least attractive instructors, the only ones that will put up their photos are those 
with particular teaching talent and commitment, sufficient to overcome their physical appearance. 
Thus the effect of physical appearance will be attenuated because the error term will be correlated 
with Beauty (low values of Beauty means there must be a large value of u, else the photo wouldn’t 
be posted.) This story, while logically possible, seems a bit far-fetched, and whether an instructor 
puts up his or her photo is more likely to be a matter of departmental policy, whether the department 
has a helpful webmaster and someone to take their photo, etc. So sample selection bias does not seem 
(in my judgment) to be a potentially major threat. 

5. Simultaneous causality bias. There is an interesting possible channel of simultaneous causality, in 
which good course evaluations improve an instructor’s self-image which in turn means they have a 
more resonant, open, and appealing appearance—and thus get a higher grade on Beauty. Against this, 
the panelists were looking at the Web photos, not their conduct in class, and were instructed to focus 
on physical features. So for the Beauty variable as measured, this effect is plausibly large. 

 
External Validity 

The question of external validity is whether the results for UT-Austin in 2000–2002 can be generalized to, 
say, Harvard or Cal-State University Northridge (CSUN) in 2005. The years are close, so the question 
must focus on differences between students and the instructional setting. 

1. Are UT-Austin students like Harvard (or CSUN) students? Perhaps Beauty matters more or less 
to Harvard (CSUN) students? 

2. Do the methods of instruction differ? For example, if beauty matters more in small classes (where 
you can see the instructor better) and if the distribution of class size at UT-Austin and Harvard 
(CSUN) were substantially different, then this would be a threat to external validity. 

Policy Advice 

As an econometric consultant, the question is whether this represents an internally and externally valid 
estimate of the causal effect of Beauty, or whether the threats to internal and/or external validity are 
sufficiently severe that the results should be dismissed as unreliable for the purposes of the Dean. 
A correct conclusion is one that follows logically from the systematic discussion of internal and external 
validity. 

We would be surprised if the threats to internal and external validity above are sufficiently important, 
in a quantitative sense, to change the main finding from E8.2 that the effect of Beauty is positive and 
quantitatively large. So our advice, solely econometric consultants, would be that implementing a policy 
of affirmative action for attractive people (all else equal, higher the better-looking) would, in expectation, 
improve course evaluations. 

This said, a good econometric policy advisor always has some advice about the next study. One thing that 
next study could do is focus on institutions like your’s. (UT-Austin students and professors might be 
different from students at Harvard or CSUN), and collect data on some potential omitted variables 
(department offering the course, etc.). 

A very different study would be to do a randomized controlled experiment that would get directly at the 
policy question. Some department heads would be instructed to assign their most attractive teachers to 
the largest introductory courses (treatment group), others would be instructed to maintain the status quo 
(control group). The study would assess whether there is an improvement in evaluation scores (weighted 
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by class size) in the treatment group. A positive result would indicate that this treatment results in an 
increase in customer satisfaction. 

Finally, some thoughts that were out of bounds for this question, but would be relevant and important 
to raise in the report of an econometric consultant to the Dean. First, the Course Evaluation score is just 
a student evaluation, not a measure of what students actually learned or how valuable the course was; 
perhaps an assessment of the value of the course, five years hence, would produce a very different effect of 
Beauty, and that is arguably a more important outcome than the end-of-semester evaluation (this could be 
thought of as a threat to external validity, depending on how one defines the Dean’s goal). Second, academic 
output is not solely teaching, and there is no reason at all that the results here would carry over to an analysis 
of research output, or even graduate student advising and teaching (the data are only for undergrad courses); 
indeed, the sign might be the opposite for research. Third, the econometric consultant could raise the 
question of whether Beauty has the same moral status as gender or race, even if it does not have the same 
legal status as a legally protected class; answering this question is outside the econometric consultant’s area 
of expertise, but it is a legitimate question to raise and to frame so that others can address it. 

3. (a) (1) Omitted variables: This is potentially important. For example, students from wealthier 
families might live closer to colleges and have higher average years of completed education. 
The estimated regression attempts to control for family wealth using the variables Incomehi 
and Ownhome, but these are imperfect measures of wealth. 

 (2) Misspecification of the function form: This was investigated in the Chapter 8 empirical 
exercise. 

 (3) Errors-in-variables: It has already been noted that Incomehi and Ownhome are imperfect 
measures of family wealth. Years of completed education may also be imprecisely measured 
as the data description makes clear. 

 (4) Sample Selection: This is a random sample of high school seniors, so sample selection within 
this population is unlikely to be a problem. However, when considering external validity, 
these results are not likely to hold for the general population of high school students, some 
of which may drop out before their senior year. 

 (5) Simultaneous causality: The argument here would be that parents who want to send their 
children to college may locate closer to a college. This is possible, but the effect is likely 
to be small. 

 (6) Inconsistency of standard errors: Heteroskedasticity-robust standard errors were used. The 
data represent a random sample so that correlation across the error terms is not a problem. 
Thus, the standard errors should be consistent. 

(b) The table below shows the results for the non-West regions analyzed earlier along with the 
results for the West. 
The sample from the West contains 943 observations, compared to 3796 in the non-West sample. 
This means that the standard errors for the estimated coefficients in the West will be roughly 
twice as large as the standard errors in the non-West sample. (The ratio of the standard errors will 

be roughly − .)Non West

West

n

n  

Because the samples are independent, the standard errors for the estimated difference in the 
coefficients can be calculated as 

2 2ˆ ˆ ˆ ˆ( ) ( ) ( ) .Non West West Non West WestSE SE SEβ β β β− −− = +  

For example, the standard error for the difference between the non-West and West coefficients on 
Dist is 2 2(0.028) (0.045) 0.053+ = . 

The coefficients on Dist and Dist2 in the West are very similar to the values for the non-West. This 
means that the estimated regression coefficients are similar. The interaction terms Incomehi × Dist 
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and Incomehi × Dist2 look different. In the non-West, the estimated regression function for high 
income students was essentially flat (E8.3(h)), while the estimated regression coefficient in the 
West for students with Incomehi = 1 is very similar to the regression function for students with 
Incomehi = 0. However, the coefficients on the interaction terms for the West sample are 
imprecisely estimated and are not statistically different from the non-West sample. Indeed, the only 
statistically significant coefficient across the two samples is the coefficient on Bytest. The 
difference is 0.093 − 0.073 = 0.20, which has a standard error of 2 20.003 0.006 0.0067.+ =  
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Regession Results for Non-Western and Western States 
 Non-West West 

Dist −0.110** 
(0.028) 

−0.092* 
(0.045) 

Dist2 0.0065* 
(0.0022) 

0.0041 
(0.0031) 

Tuition −0.210* 
(0.099) 

−0.523* 
(0.242) 

Female 0.141** 
(0.050) 

0.051** 
(0.100) 

Black 0.333** 
(0.068) 

0.067** 
(0.182) 

Hispanic 0.323** 
(0.078) 

0.196** 
(0.115) 

Bytest 0.093** 
(0.003) 

0.073** 
(0.006) 

Incomehi 0.217* 
(0.090) 

0.407* 
(0.169) 

Ownhome 0.144* 
(0.065) 

0.199* 
(0.127) 

DadColl 0.663** 
(0.087) 

0.441** 
(0.144) 

MomColl 0.567** 
(0.122) 

0.283** 
(0.262) 

DadColl × MomColl −0.356 
(0.164) 

0.142 
(0.330) 

Cue80 0.026** 
(0.010) 

0.045** 
(0.023) 

Stwmfg −0.042* 
(0.020) 

0.031* 
(0.044) 

Incomehi × Dist 0.124* 
(0.062) 

0.005* 
(0.090) 

Incomehi × Dist2 −0.0087 
(0.0062) 

−0.0000 
(0.0057) 

Intercept 9.042** 
(0.251) 

9.227** 
(0.524) 

F-statistics (p-values) and measures of fit 
(a) Dist and Dist2 8.35 

(0.000) 
2.66 

(0.070) 
(b) Interaction terms 
Incomehi × Dist and 
Incomehi × Dist2 

2.34 
(0.096) 

0.01 
(0.993) 

SER 1.536 1.49 
2R  0.283 0.218 

n 3796 943 
Significant at the *5% and **1% significance level. 


