


















The results of the estimation are presented in Table 1 and in Figure 1. The 

probability of admission increases monotonically with relative SAT score and 

: with class rank. The appearance of the graphs in Figure 1 indicates that SAT score 

and class rank do interact other than additively: the interaction is greater for 

TABLE 1 

THE ADMISSION EQUATION 

: Standard 
Variable Coefficient Error 

Class Rank-SAT Score Interaction 

Class Rank Relative 
Quintile SAT Score* 

I —1,200 —2.98 0.18 
- 50 0.60 0.01 

50 0.77 0.01 
1,200 1.36 0.18 

Il —1,200 —3.16 0.18 
—50 0.47 0.01 
50 0.65 0.02 

1,200 0.99 0.32 
Ill —1,200 —2.78 0.20 

—50 0.30 0.02 
50 0.52 0.02 

1,200 0.60 0.43 
IV —1,200 —2.49 0.28 

—50 0.13 0.02 
50 0.32 0.03 

1,200 1.12 0.57 
Vv —1,200 —1.93 0.35 

—50 0.00 0.03 
50 as . 0.05 

1,200 1.26 1.00 

Student Sex, SAT Type, and Sex of 
College Population 

Sex Test Type College Type 

Male Verbal All Male 0.11 0.02 
Male Verbal Coed 0.18 0.01 
Femaie Verbal All Female 0.07 0.01 
Female Verbal Coed 0.08 0.01 
Unknown Verbal Coed 0.13 0.01 
Male Math All Male 0.00 0.02 
Male Math Coed 0.09 0.01 
Female Math All Female 0.13 0.01 
Female Math Coed 0.08 0.01 
Unknown Math Coed 0.00 (normalization) 

College control 
j Private college 0.02 0.00 

Public college 0.00 (normalization) 

Notes: The range of values for all variables is [0, 1]. R* (transformed variables) 
0.79561; F = 813.57887. Standard error of the regression (transformed variables) 
1.03070. 

‘ * Student SAT minus average SAT. 
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Figure 1 Probability of admission versus relative SAT score (using normalized dummy variables, by 
class rank in quintiles) 

students of lower class standing. The regression lines for the first and second 

quintile students are almost parallel, indicating an equal class rank effect for all 

SAT levels. However, for the lower quintiles, class rank appears to exercise a 

much greater effect on admission probability when the student’s SAT is close to 

the college’s median score. 

The asymmetry of the admission-probability curves about the origin 

may be of some interest. With our piecewise-linear specification, all five curves are 

convex rather than S-shaped. It seems that increments of SAT score have a 

greater effect on admission probability when the student is below the college’s 

median than when he is above it. This may be a reflection of a skewness to the right 

in the ability distribution of the applicants to any college. 

Financial aid. In order to evaluate the actual cost of attending a college, we 

attempted to predict the level and composition of the financial aid that would be 

offered to each student by each college. There are two quite different ways of 

doing this: (1) by predicting the expected level of aid using a regression model; (2) 

by using a discrete probability model to find the probability of receiving aid, 

estimating the level of aid conditional on aid having been received, and then using 

a simulation procedure to determine the aid offered to each student by each 

college. We were unsuccessful in our attempt to obtain accurate forecasts of 

financial aid using either approach. 

Our model of aid determination assumes that colleges made awards on the 

basis of a student’s ability and income, relative to that of its median applicant for 

admission. The coefficients of our estimated equations were both small and 

generally insignificant. Among the possible causes of this result are: (1) general 

data inadequacies, (2) lack of a good specification of the aid distribution process, 

and (3) the pos *‘tity that colleges may have acted capriciously. 

Given our failures, we did not include a financial aid variable in our final 

specification for the college-choice model, although we did attempt to observe 
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some of the possible effects of financial aid through the interaction of tuition and 

student income, and this is reported below. 

Some problems associated with estimation. The imputed choice set of feasible 

alternatives will usually differ from the actual choice set, and this may be the 

source of a problem. The inclusion of colleges absent from the true choice set but 

inferior to the chosen college will have no adverse effect on estimation since the 

choice would have been the same even if they had been present. On the other 

hand, the inclusion of superior or preferred colleges that do not appear in the true 

choice set will make it seem that a college with less of the desired qualities is 

chosen over one with more; this will impart a negative bias to the coefficients of 

these qualities. For instance, if our admission simulator “‘admits”’ the student to a 

college of high academic quality and the student is observed tc choose a college of 

low academic quality, it will seem that he dislikes academic quality; whereas, in 

fact, he might have preferred the college of high academic quality had it really 

been a feasible alternative. 

This problem is aggravated if, as we believe, students have a positive 

preference for academic quality up to some point but then begin to dislike schools 

in which academic levels are too far above their own. It then becomes almost 

impossible to distinguish between such an effect and the bias introduced by the 

simulation of admission. The steps we have taken in an attempt to minimize this 

bias will be described in our discussion of the estimation of the college-choice 

model. 

The consequences of choice-set imputation, both on the estimated coeffi- 

cients of the utility function and on the associated reported standard errors, are 

still not fully understood. An alternative and theoretically sounder procedure 

would be to maximize a likelihood function in which the choice set, as well as 

choice from a given set, is probabilistic. That is, let a* be student i’s chosen 

college; x, a universe of possible choice sets, each including a*; and P;(A) the 

probability that A €.& is the choice set faced by student 1. Then, the marginal 

probability that a* is chosen is 

(16) p(a*)= > P(A) Prob (Ujg+= Ujq, alla € A), 
Aca 

and the likelihood function is 

(17) L=[|p(a*). 

We considered estimation of @ through maximization of L bui rejected it as a 

practical procedure because of its prohibitive computationa! expense. If L is 

accepted as the correct likelihood function, then the function we did maximize 

should be viewed as a quasi-likelihood function, one in which a “certainty- 

equivalent” choice set replaces the actual distribution of possible sets.'° 

'S Lack of data regarding choice-set composition is a common occurrence in current data sources. 
A formal analysis of the consequences of choice-set imputation procedures and other means of 
handling the problem would be a useful contribution. 
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Another problem arises because the conditional logit model assumes inde- 

pendently distributed disturbances. To understand the problem, consider a choice 

between a private university and a community college, with the probability of 

choosing the former, 0.6, and that of choosing the latter, 0.4. Now introduce a 

second identical community college into the choice set. In the conditional logit 

model the probability of choosing the university becomes 0.43; for choosing each 

community college, 0.29. Thus, the total probability of choosing some community 

college now exceeds that of choosing the university—the reverse of the original 

situation. 

The source of the problem in the above example is an improper assumption of 

independent disturbances in the stochastic utility function. Given that the two 

community colleges are identical, their disturbances (which are due to omitted 

variables) should be identical. In practice, alternatives are rarely identical but may 

be “similar,” in which case the problem persists if their similarity extends to 

unobserved dimensions. In order to minimize the amount of unobserved similar- 

ity among college alternatives, and hence to make the assumption of independent 

disturbances plausible, we augmented the set of college attributes with a set of 

college-type dummy variables. It was hoped that by using dummies to pick up 

choice-relevant features that each college type shares (which were not included 

among our explicit college attributes), the remaining unobserved attributes would 

be independently distributed. 

Our imputed choice-sets contained a large number of colleges (most included 

from 50 to 150 schools) so that computational considerations forced us to find 

some way of decreasing the number. We decided to select ten colleges at random 

from the imputed choice set of each student anu to estimate using this random 

subsample plus the college actually chosen as the choice set. We found that 

changing the randomization (i.e., drawing different subsample choice sets for each 

student) had almost no effect on the estimation results. 

Estimating the Residency-Choice Model 

Each college in a student’s choice set actually embodies two alternatives, 

corresponding to the two residency choices of commuting or living on campus.’° 

Recall the college utility function given in equation (4); 

Ui. = V,(Z,, Xa) ° 0,+ V~Z;) - 02+ E;a. 

In this equation “a” should be taken as a college-residency combination, not 

simply as a college. Because for a given college many X attributes, and conse- 

quently many V, functions, 2e invariant to the residency option, it becomes 

feasible to separate estimation of the part of the utility function relevant to 

residency choice from that of the remainder of the function. Prior estimation of 

the residency model was performed; it was useful because it allowed us to forecast 

a student’s hypothetical residency choice at each college and hence to trim the size 

of the choice set in later estimations. 

16 : ° 
* In some cases, more than two such choices may be available. However, for college freshme 

this is rarely so. 
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The residency-choice model was formulated as a dichotomous logit model 

and was estimated using a subsample of the SCOPE survey (students attending a 

college at which they could have chosen either alternative). The results are 

presented in Table 2 and Figure 2. 

The first four coefficients in Table 2 are for the interaction of distance and 

income (measured in log to base 10). If X is a distance value and Y is an income 

value (measured in log to base 10), then the following formulas are used to 

determine a probability of campus residency for that distance-income combina- 

tion. Variable (1)=(100—X)(S—Y)/500; (2)=X(S—Y)/500; (3)= 

(100 — X) Y/500; and (4) = X Y/500. It is difficult to interpret the coefficients of a 

piecewise-linear specification, but Figure 2 should make this easier. Tracing the 

probability of campus residency as a function of distance for three income levels, 

the graph shows that the probability increases with distance and is higher at each 

distance for the student with higher income. 

TABLE 2 

ESTIMATED COEFFICIENTS OF THE RESIDENCY CHOICE MODEL 

Range of Standard 
Variable Values Coefficient Error 

Distance-Log Income Interaction 

Distance Log (income) 

0 0 0-1 —16.59 1.73 
100 0 0-1 —8.680 0.90 

0 5 0-1 —0.6277 0.40 
100 5 0-1 10.81 0.70 

Percentage Dormitory Capacity* 0-190 0.01929 0.0023 

Student Sex (if female) 0-1 —0.04789 0.11 

Residency Preference” 
(1 = on-campus) 0-1 1.470 0.16 

* This variable may reflect the campus character of the school. It also may be 
interpreted statistically as a mixture probability, where the kernel distributior is the 
choice probability conditional on college and student attributes and the mixing distribu- 
tion is the distribution of such attributes. 

» The SCOPE question asked the student what his residency decision would be if 
money were not a problem. Thus, it should capture the pure preference for living style. 

The interpretation of the remaining coefficients is straightforward. The 

probability of campus residency increases with percentage dormitory capacity, is 

very slightly higher for males than for females, and is higher for those students 

who, all else equal, would prefer to live on campus."’ 

"7 It is, of course, not surprising that choices should reflect student’s pure prefere:ice for residency 
mode. It is interesting, though, how small a role pure preference plays compared to the economic 
variables of distance and income. 
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Figure 2. Probability of living on campus (for males attending a college with 50 percent dormitory 
capacity and who prefer to live on campus) 

This model of residency choice may be of some interest beyond its use here, 

since an understanding of this aspect of student behavior is needed in resolving 

certain issues in higher education policy. As an example, one could cite the current 

controversy over the location of community colleges. It is often said that such 

colleges should be built in the city to provide more readily available education for 

the urban poor. The argument put forward for this policy—one of bringing the 

college to the student—is that commuting over short distances results in lower 

out-of-pocket costs than campus residency. Therefore, it is asserted, the availabil- 

ity of nearby community colleges will encourage enrollment by low-income 

students. There is, however, another possible solution; to build campus-type 

community colleges on low-cost, non-urban land and to subsidize the on-campus 

living costs of poor students. If it is found that students prefer on-campus 

residency to commuting, then the latter alternative, not the former, would provide 

the better solution to the college location problem. 

Estimating the College-Choice Model 

The college-choice model, apart from the residency-choicc component, was 

estimated using a subsample of the SCOPE survey that included students graduat- 

ing from Illinois high schools who went on to enroll in some college. This 
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subsample contained some 3,000 observations. These observations were divided 

into three income strata of approximately equal size, and the model was estimated 

separately for each stratum. This allowed full interaction between income and all 

other variables. 

The first subsection below describes the income variable used to carry out this 

stratification. The next four subsections deal with the four types of variable 

included in the specification of this model: (1) variables relating to the cost of a 

college, (2) those relating to academic quality, (3) those relating to the “quality of 

life,” and (4) dummy variables for college type. 

The model was reestimated on a similar subsample of seniors graduating 

from North Carolina high schools to see whether behavior was reasonably 

uniform in different states and hence whether our estimated coefficients would be 

of any use in predicting behavior outside the sample. The results are described in 

the final subsection. 

Income variable. The difficulties associated with the reporting of family 

income in the SCOPE survey have been discussed at length in an unpublished 

paper by L. S. Miller. We decided to use family income reported by parents minus 

a deduction for family size as our income variable. We were forced to predict 

family income on the basis of other variables, however, because of the large 

number of observations for which these data were missing. Because our income 

predictor is quite similar to Miller’s'® and is of little intrinsic interest, we do not 

report the details here. The deduction for family size was made on the basis of the 

family size allowance used by the College Scholarship Service (CSS). The CSS 

bases its allowance on the impact of additional children on the ““moderate income 

level” of the Bureau of Labor Statistics. We used this deduction to control for 

effects of children on disposable income available for college expenses. 

Cost variables. We view the student as comparing different colleges on the 

basis of their costs and benefits, and our coefficients are intended to capture the 

revealed tradeoff between these costs and benefits. 

The principal cost variable is college tuition. Although financial aid should be 

deducted from tuition to give net cost, our failure to find a satisfactory method of 

predicting financial aid prevented us from doing this.’ As a substitute, we 

introduced a term quadratic in tuition, the rationale being that the burden of 

tuition would rise less than linearly with the amount, particularly for the poor 

students, since high-tuition colleges are also the ones most likely to offer financial 

aid. The coefficients of variables 1 and 2 in Table 3 seem to bear this out. Figure 3 

shows the disutility of tuition for the three income levels: the curves become lower 

and flatter as income rises, exhibiting decreasing curvature as well. 

If the student “chooses””’ to live at home and to commute to a particular 

college, then variable 3 is set equal to the distance from home to college; 

"8 The only major difference is our use of an additional variable: the median reported income for 
parents of students in the particular high school. Income was predicted even for those observations 
where it was reported because we felt that the predicted value was probably a better measure of 
permanent income. The use of this variable as the basis for a crude stratification rather than as a 
continuous variable in the equation itself reduces the importance of precise prediction. 

It also prevented us from comparing the value of different types of aid (fellowship, loan, 
work-study), something we had hoped to do. 

?° The result of our simulation of the residency decision. 
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TABLE 3 

ESTIMATED COEFFICIENTS OF THE COLLEGE-CHOICE MODEL 
(Illinois data) 

Coefficients, by Income Stratum 
Units (approx- 
imate range $7,860- 

Variables of values) <$7,860 11,470 >$11,470 

Cost 
1. Tuition, $ 100 —0.397 —0.285 —0.105 

(0-40) (0.0265)* (0.0247) (0.0196) 
2. (Tuition), $ (100) 0.00843 0.00620 0.00242 

(0-1600) (0.000882) (0.000907) (0.000560) 
3. Distance from home to 

college, if commut- Miles —0.0314 —0.0532 —0.0254 
ing (0-200) (0.00749) (0.00946) (0.0124) 

4. Room and board, if . 100 —0.186 —0.136 0.00589 
living on campus, $ (0-30, approx.) (0.0143) (0.0139) (0.0150) 

Academic Quality 
5. Average student ability 100 SAT points 1.08 1.02 1.63 

at college (2-8) (0.123) (0.113) (0.107) 
6. Ability difference” (100 SAT points)” —0.263 —0.415 —0.298 

(0-36) (0.0545) (0.0544) (0.0498) 
7. College revenue per 1,000 —0.0197 —0.0694 —0.0529 

student, $ (1-4) (0.0337) (0.0293) (0.0254) 
8. Breadth of offering, 0.125 0.183 0.0934 

index (1-13) (0.0254) (0.0261) (0.0242) 

Quality of Life 
9. Coeducational college —0.593 —0.789 —0.698 

(0, 1) (0.183) (0.149) (0.127> 
10. Dormitory capacity, % —€.00109 -0.00628 -—0.00108 

(0-100) (0.00266) (0.00231) (0.00206) 
Dummies 

11. Private university® (0, 1) 0 0 0 
12. Private 4-year college —2.33 set a —1.55 

(0, 1) (0.203) (0.166) (0.145) 
13. Private 2-year college —4.06 ~2.26 —0.843 

(0, 1) (0.444) (0.382) (0.374) 
14. Public University —1.65 —1.19 —.0579 

(0, 1) (0.207) (0.123) (6.144) 
15. Public 4-year college —2.42 —1.83 —0.675 

(0, 1) (0.232) (0.200) (0.187) 
16. Public 2-year college ~1.29 —0.361 0.0279 

(0, 1) (0.332) (0.322) (0.342) 

Number of observations 997 990 1,028 
Maximum log-l:kelihood —1,410 —1,650 —1,770 
Log-likelihood for 6 =0 —2,280 —2,310 —2,420 

* Numbers in parentheses are asymptotic standard errors. 
® (Average SAT score at college-student SAT)’. 
© Normalization. 

otherwise it is set equal to zero. Similarly, if the student chooses to live on campus, 

variable 4 is set equal to the cost of room and board at that college; otherwise it is 

set equal to zero. Thus, a college is “debited” with transportation costs, as 

represented by the distance, if the student commutes, and with the cost of room 
and board if he lives on campus. 
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Figure 3 Disutility of tuition 

The room-and-board variable may also be interpreted as an indicator of 

“quality of life’ in addition to its role as a cost variable: Higher charges for room 

and board may, in some cases, indicate better living conditions. The coefficients 

seem to support this conclusion since the effect of a $100 increase in room-and- 

board fees has less impact than a similar increase in tuition (except at high levels of 

tuition). Furthermore, the coefficient is positive for the highest income stratum. 

By comparing the changes in utility resulting from marginal changes in tuition 

and in the distance from home to college, it is possible to calculate the implicit 

evaluation, in money terms, of a mile traveled. For the low-income stratum this is 

about $0.05 per mile; for the middle-income stratum, about $0.11, and for the 

high-income stratum, about $0.17.’ 

Academic quality variables. The average Scholastic Aptitude Test (SAT) 

score for students attending a college was used as one measure of academic quality 

(variable 5). Although we believed that students would prefer colleges with higher 

average SAT scores, it seemed possible that a student would not wish to attend a 

school where the average ability was too far above his own. In order to capture this 

effect, we included variable 6, a measure of the distance of the student’s ability 

21 This is calculated on the basis of 150 round trips per year. The marginal disutility of tuition 
taken at $1,000. 

It should be noted that distance also enters as an explanatory variable in the residency choice 
model so that its full impact on student behavior is divided between the two models. 
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from that of the average student at the college. Thus, the total impact of average 

SAT is obtained by combining its effects through variables 5 and 6. 

As we mentioned in our discussion of the problems associated with imputed 

choice sets, it is impossible to isolate this aversion for schools of too high an 

academic level from the bias caused by our simulation of college admission. We 

did, however, conduct some experiments to determine the sensitivity of the 

results. This was done by excluding altogether from the choice set those schools 

with a predicted admission probability below a certain level. These experiments 

had little effect on the coefficients of variable 5, but the coefficients of variable 6 

fell somewhat in absolute value as the cutoff level was raised from 0 to 0.25 and 

almost disappeared as the cutoff level was raised again to 0.5. Other coefficients 

were minimally affected by these experiments. The coefficients reported in Tables 

3 and 4 are for an admission cutoff level of 0.25, which we felt was probably 

sufficient to counter this bias. (This is, of course, only a guess.) 

We had hoped that variable 7, tollege revenue per student, would be a proxy 

for educational expenditure and so an indicator of academic quality. However, it 

proved to be of little statistical or economic significance, and the coefficient had 

the “wrong”’ sign. 

Variable 8, breadth of offering, is an index constructed by us from the list of 

fields, for each college, in which a bachelor’s degree is offered. As expected, this 

variable had a positive coefficient showing that students preferred schools offering 

a wider choice of possible specializations. This preference seems to be stronger in 

the middle-income stratum than in the high and low strata. 

Quality -of -life variables. Since we believe that students view college at least 

in part as a consumption good, we tried to capture the value of a college in this 

respect through variables representing the “quality of life’’ at the school. 

Variable 9 is a dummy variable set equal to unity if the college is coeduca- 

tional. Contrary to our expectations, the coefficients proved to be negative. 

Variable 10 is the dormitory capacity of the college as a percentage of enrollment; 

it was included as an indicator of the degree to which the school was a campus 

rather than a community institution. This variable had little influence on deci- 

sions. As we mentioned above, variable 4, fees for room and board, may also be 

interpreted as a quality-of-life variable. 

College-type dummy variable. Variables 11 through 16 are a set of dummy 

variables for college control and type. Any behavioral interpretation of their 

coefficients is problematic because they capture the influence of a combination of 

unobserved variables. Our use of college dummies is similar to the use of 

mode-specific variables in transportation-choice studies. 

Reestimation with North Carolina data. The coefficients of the college-choice 

model estimated from North Carolina data are presented in Table 4. Although 

there are differences from the Illinois results—most notably for variable 3—and 

while a classical statistical test for equality of the two sets of coefficients would fail, 

the similarity between the two sets of behavioral coefficients (variables 1 through 

10) indicates that there may be considerable uniformity in the behavior of 

students in quite different geographical areas. It also suggests that our results are 

rather. better than might have been anticipated in view of all the simulation and 

imputation of crucial variables. 
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TABLE4 

ESTIMATED COEFFICIENTS OF THE COLLEGE-CHOICE MODEL 
(North Carolina data) 

Coefficients, by Income Stratum 
Units (approx- 
imate range $7,860- 

Variables of values) | <$7,860 11,470 >$11,470 

Cost 
1. Tuition, $ 100 0.250 —0.174 —0.0952 

(0-40) (0.0722)* (0.0503) (0.0440) 
2. (Tuition)’, $ (100) —0.0237 0.00250 0.00176 

(0-1600) (0.00479) (0.00271) (0.00159) 
3. Distance from home to 

college, if commut- Miles 0.0239 0.0239 0.00758 
ing (0-200) (0.00419) (0.0100) (0.0144) 

4. Room and Board, if 100 —0.162 -0.141 —0.0987 
living on campus, $ (0-30, approx.) (0.0121) (0.0199) (0.0192) 

Academic Quality 
5. Average student ability 100 SAT points 0.837 1.89 2.13 

at college (2-8) (0.0639) (0.116) (0.119) 
6. Ability difference” (100 SAT points)* —0.615 —0.549 —0.428 

(0-36) (0.0406) (0.0629) (0.0574) 
7. College revenue per 1,000 —0.0920 —0.112 —0.0786 

student, $ (1-4) (0.0377) (0.0542) (0.0513) 
8. Breadth of offering, 0.0844 0.134 0.102 

index . (1-13) (0.0153) (0.0276) (0.0277) 

Quality of Life 
9. Coeducational college 0.795 0.634 —0.0299 

: (0, 1) (0.156) (0.171) (0.148) 
10. Dormitory capacity, % —0.00936 —0.0108 —0.00337 

(0-100) (0.00152) (0.00215) (0.00219) 
Dur mies 

11. Private university® (0, 1) 0 0 0 
12. Private 4-year college —1.19 —0.596 —0.0951 

(0, 1) (0.276) (0.353) (0.354) 
13. Private 2-year college —1.31 0.724 1.26 

(0, 1) (0.343) (0.499) (0.509) 
14. Public university 0.0007 11 0.124 1.03 

(0, 1) (0.247) (0.265) (0.267) 
15. Public 4-year or 2-year —0.00576 0.244 0.778 

college (0, 1) (0.271) (0.348) (0.359) 

Number of observations 1,623 749 760 
Maximum log-likelihood —2,810. —{ 230 —1,240 
Log-likelihood for ¢ = 0 —3,860. —1,790 —1,820 

“ Numbers in parentheses are asymptotic standard errors. 
» (Average SAT score at college-student SAT)’. 
© Normalization. 

Estimating the College-Going Model 

The college-going model was estimated from a subsample of the SCOPE 

survey consisting of all Illinois high school graduates—both those who did enroll 

in some college (these were also used to estimate the college-choice model) and 

those who did not. The subsample contained about 7,000 observations, which 
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TABLE 5 

ESTIMATED COEFFICIENTS OF THE COLLEGE-GOING MODEL 
(Illinois data) 

Approximate Coefficients, by Income Stratum 
Range of ; 

Variables Vaiues <$7,860  $7,860- >$11,470 - 
11,470 

General : 
1. Utility of best college (—8 to +8) 1.08 0.876 0.973 

(0.0627)* (0.0585) (0.0688) | 
Father’s education q 

2. Some grade school —9.0346 —0.0487 0.588 ; 
(0, 1) (0.213) (0.339) (0.770) t 

3. Finished grade school —0.0975 0.148 0.974 f 
(0, 1) (0.210) (0.319) (0.636) 4 

4. Some high school z 0.363 0.400 1.21 ' 
(0, 1) (0.209) (0.310) (0.596) 

5. Finished high school 0.601 0.537 1.46 
(0, 1) (0.230) (0.313) (0.592) 

6. Some college (or other 0.805 0.577 1.80 | 
post high school) (0, 1) (0.358) (0.373) (0.596) 

7. Finished college 2.79 1.14 1.84 j 
(0, 1) (0.839) (0.453) (0.621) 

8. Master’s degree 2.33 1.53 1.79 
(0, 1) (1.04) (1.06) (0.628) 

9. Doctor’s degree —0.406 —0.780 0.279 
(0, 1) (0.312) (0.407) (0.689) 

10. Not reported” (0, 1) 0 0 0 

Mother’s education 
11. Some grade school 0.588 0.935 —0.476 

(0, 1) (0.283) (0.564) (1.15) ; 
12. Finished grade school 0.685 0.910 —0.912 f 

(0, 1) (0.270) (0.490) (1.09) ' 
13. Some high school 0.698 1.29 0.0163 f 

{0, 1) (0.273) (0.485) (1.07) ‘ 
14. Finished high school 1.26 1.83 0.624 

(0, 1) (0.290) (0.490) (1.08) 
15. Some college (or other Ls 1.94 0.640 

post high school) (0, 1) (0.443) (0.550) (1.08) 
16. Finished college 1.97 1.34 0.756 } 

(0, 1) (0.881) (0.662) (1.13) 
17. Master’s degree 0.216 0.453 1.11 

(0, 1) (1.53) (1.50) (1.57) } 
18. Doctor’s degree 0.360 0.627 4.18 

(0, 1) (0.395) (0.597) (1.17) 7 
19. Not reported” (0, 1) 0 0 0 

Student sex 
20. Male” (0, 1) 0 0 0 t 
21. Female 0.448 —0.263 —0.0422 i 

(0, 1) (0.0883) (0.102) (1.40) t 
22. Constant i —6.00 —5.10 —8.80 | 

(0.387) (0.562) (1.33) 

Number of observations 3,436 2,177 1,493 : 
Maximum log-likelihood —1,546 —1,150 — 661 ; 
Log-likelihood for @ = 0 —2,380 —1,510 —1,030 

“ Number in parentheses are asymptotic standard errors. 
» Normalization. 
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were divided according to the same income strata used in the college-choice . 

model. The estimated coefficients are presented in Table 5. 

Recall the structure of this model, described by equation (15) and rewritten 

below: 

yO, + Y(Z,) “A=. 

The principal variable, variable 1 in Table .5, is the utility of the best college 

available—that is, U,;. This is taken to be the highest utility of any college in the 

imputed-choice set when the utility is calculated using only the behavioral 

coefficients (i.e., variables 1 through 10 in Table 3). We tried to calculate the 

highest utility using the college-type dummy variables as well. The likelihood was 

increased, but not by very much. Consequently, we excluded the dummies since 

their behavioral «ignificance was doubtful and their contribution here small. 

Variables 2 through 22 are the Y functions of equation (15). 

Variables 2 through 10 in Table 5 are a set of dummy variables representing 

the education of the student’s father. Variables 11 through 19 are a set of dummy 

variables representing the education of the student’s mother. The effect of the 

father’s education seems to be greater than that of the mother’s. There seems to be 

a jump in the probability of the student attending college if the father has 

completed college (or had some college for the high-income group) and if the 

mother has completed high school. There is a decrease in the importance of 

parental education as family income rises. 

Variable 22 is a constant, and the differences between the values of its co- 

efficient for the three income strata represent “pure” income effects. Variable 1, 

the utility of the best college, already accounts for all of the effect of family 

income on the availability and attractiveness of college alternatives. The “pure” 

income effect here represents the effect of a change in family income when all 

other variables, including the utility of the best college, are held constant. 

The size of the difference in the constant coefficients depends on the 

normalization of the other dummy variables: The values in Table 5 are for male 

students reporting neither father’s nor mother’s education If we normalize on 

male students whose fathers have finished high school and whose mothers have 

finished grade school, the constants become —4.7, —3.7, and —7.3. The same kind 

of differences occur in the constant as income rises, regardless of the normaliza- 

tion: The probability of going to college rises as we go from the low-income 

stratum to the middle-income stratum, and then falls sharply as we go on to the 

high-income stratum. This result does not contradict the fact that a higher 

proportion of students from high-income families go to college than those from 

low-income families. It does imply, though, that this pattern among enrollment 

rates is largely explained by the existence of more attractive college alternatives 

for students from high-income families. This relative attractiveness depends, in 

part, on the lower disutility of tuition for higher-income students. If faced with 

equally attractive college alternatives (in the subjective sense of equal utility), the 

high-income student will be less likely to go to.college. Furthermore, in the light of 

our previous theoretical discussion, the result is not really surprising since 

high-income students probably face a more attractive set of noncollege alterna- 

tives. 
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The college-going model was reestimated with similar North Carolina data. 

The pattern of results did not differ substantially, except that the parental 

education effects were weaker, and the mother’s education seemed more impor- 

tant than the father’s (see Table 6). 

V. AStmp_LeE EXAMPLE OF THE USE OF THE RESULTS IN FORECASTING 

The purpose of our study has been to investigate and estimate the impacts of 

student and institutional attributes on college-going behavior and to describe the 

use of these estimates in predicting the effect of alternative higher education 

policies. All too often, investigators arrive at a set of estimates of coefficients and 

leave the use of their results entirely in the hands of others. In most instances, this 

leaves the estimates either unutilized or misused. To avoid this problem, and to 

fulfill partialiy the second goal of our study, this section presents a simplified 

simulation of the results of the choices facing a student. In our simulation, we 

forecast the behavior of a student facing a choice among three alternatives: 

choosing a public university, choosing a public two-year college, and not enrol- 

ling. The simulation follows the three stages of the estimation process. The public 

policy question is where to locate the two-year college given the already existent 

university. 

The student in our simulation is a male with a Scholastic Achievement Test 

(SAT) score of 500, which places him approximately at the median for high school 

graduates. His family income is $6,000; his father graduated from high school; 

and his mother has some high school education. He prefers living on campus to 

living at home and commuting. He is an Illinois resident. The role of these various 

student characteristics is described by the appropriate coefficients in Tables 2, 3, 

and 5. The attributes of the two colleges are as follows: 

Public 

Public Two-year 

Variable University College 

55s Fis aks ES BE BSS: AES $800 $200 

Room andboard ................ $1,000 — 

Breadth of offering .............. 9 4 

Average revenues ............... $1,300 $1,000 

Average SAT score ...........0..... 600 500 

NN Se BIG LS EN a Ses 5 8s Yes Yes 

Dormitory capacity .............. 50% 0% 

Distance from student ............ Fixed at (Variable) 

0 miles 

The first stage in the simulation is to estimate the probability that the student 

will live on campus given the various distances from home to college. Using 
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EsTIMATED COEFFICIENTS OF THE COLLEGE-GOING MODEL 

TABLE 6 

(North Carolina data) 

Coefficients, by Income Stratum 
Approximate 
Range of $7,860- 

Variables Values <$7,860 11,470 >$11,470 

General 
1. Utility Index of 

best college (—8 to +8) 0.936 1.03 0.841 
(0.039)* (0.0705) (0.0659) 

Father’s education 
2. Some grade school 0.278 0.348 0.191 

(0, 1) (0.178) (0.593) (1.35) 
3. Finished grade school 0.282 1.22 0.168 

(0, 1) (0.123) (0.539) (1.76) 
; 4. Some high school 0.876 1.30 0.00563 
; (0, 1) 40.122) (0.525) (1.23) 
: 5. Finished high school 0.994 1.57 0.429 
4 (0, 1) (0.145) (0.530) (1.23) 

6. Some coilege (or other 
7 post high school) 0.889 1.88 0.576 
7 (0, 1) (0.217) (0.557) (1.23) 
: 7. Finished college 1.26 1.69 0.500 

(0, 1) (0.397) (0.663) (1.26) 
, 8. Master’s degree 0.246 3.30 0.742 

(0, 1) (0.728) (2.56) (1.28) 
9. Doctor’s degree —0.0953 0.354 —0.868 

(0, 1) (0.158) (0.599) (1.34) 
10. Not reported” (0, 1) 0 0 0 

] Mother’s education 
11. Some grade school 0.0324 1.21 E95 

(0, 1) (0.180) (0.808) (1.50) 
12. Finished grade school 0.319 —1.38 —0.772 

(0, 1) (0.167) (0.743) (1.10) 
13. Some high school 0.870 —0.770 1.06 

‘ (0, 1) (0.164) (0.734) (1.04) 
: 14. Finished high school 1.52 —0.345 1.29 
q (0, 1) (0.184) (0.742) (1.05) 

15. Some college (or other 2.05 0.364 1.57 
post high school) (0, 1) (0.230) (0.754) (1.05) 

16. Finished college 1.54 0.457 2.04 
(0, 1) (0.467) (0.998) (1.12) 

17. Master’s degree NE 0.120 1.68 
(0, 1) (1.49) (1.43) 

18. Doctor’s degree —0.208 —1.75 0.845 
(0, 1) (2.45) (0.860) (1.20) 

19. Not reported” (0, 1) 9 0 0 

Student sex 
20. Male” (0, 1) 0 0 0 
21. Female —0.053 —0.0741 —0.394 

(0, 1) (0.0668) (0.135) (0.171) 
22. Constant 1 —6.58 —9.35 —8.93 

(0.250) (0.925) (1.42) 

Number of observations 6,389 1,453 1,096 
Maximum log-likelihood —0.281x10* -0.694x10° -0.457x10° 
Log-likelihood for @ =0 —0.443x 10° -0.101x10*  -0.760x10° 

Note: NE = not estimable. 
* Numbers in parentheses are asymptotic standard errors. b " “ 
Normalization. 



Table 2 and equation (16), we arrive at the following estimate of the student’s 

residency choice: 

Public 

Public Two-year 

Variable University College 

Probability of livingon campus ... . 0.108 0” 

Using these estimates, we assign the student to commuter status in each institution 

for the remainder of the simulation. 

In the second stage of the simulation, we estimate the attractiveness (or 

utility) of each institution for the particular student. This is done using the 

equation U=V- 6, where @ is the appropriate vector of coefficients from the 

college-choice equation (Table 3) and V is the vector of institutional attributes. 

The results of the utility calculation are shown in Table 7. 

TABLE 7 

UTILITY OF COLLEGE ALTERNATIVES 

Utility 

Public 
Distance Public Two-year 
(miles) University College 

0 3.80 4.35 
10 NA 4.04 
20 NA 3.72 
30 NA 3.41 
40 NA 3.09 
50 NA 2.78 
60 NA 2.47 
70 NA 2.15 

Note: NA = not appropriate. 

If we were concerned with the enrollment effects of the two-year college 

alone (i.e., assuming either that the university did not exist or that the student 

would not be admitted to it), the third stage of the simulation would involve 

transformation of the utility estimate into an enrollment probability. This would 

have the logistic form 

w 

P (enrollment) = snes, 
l+e 

where w = 5U + YX. The results of this calculation are shown in Figure 4. The 

third stage of our simulation (of the effect of the two-year college location decision 

on enrollment rates and on a student’s behavior pattern when he lives next door to 

a university for which he is eligible) has two parts. In the first part, the enrollment 

rate is calculated in the same way as in the single-college model, except that the 

2? For all distances, given zero dormitory capacity. 
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Figure 4 Probability of enrollment versus distance for student facing two-year college 

best college (i.e., the one with the highest utility) is entered into the probability of 

enrollment equation. Consequently, the two-year college stimulates enroliment 

only when it is at a distance at which its utility exceeds that of the close-by 

university. In the case of our example, the utility of the two-year college exceeds 

that of the university when the two-year institution is within 20 miles of the 

student. The result of the enrollment rate calculation is shown in Figure 5. 

0.50 = 

2 . | 3 ie a 
= © : ———__ : err er rr rr Cr 
o mw v 
23 025+ 

32 
> 
a 

0 ! | l | 
0 20 40 60 80 

Distance from home to two-year college 
(miles) 

Figure 5 Probability of enrollment versus distance to two-year college for a student living near a 
public university 

Even though the two-year institution stimulates additional enrollment only if 

it is within 20 miles of the student, it does influence the distribution of enrollment 

between the two institutions at all distances. In our simulation, we estimate that 

the likelihood of tlie student enrolling in a particular institution, if he enrolls, is 

given by the following 

P(a)=e"*+(e"* +e"), 

where a and a’ are the two institutions. Using the estimated utilities of the two 

institutions (Table 7), we arrive at the division of the student’s enrollment 

between the two institutions shown in Figure 6. 
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Figure 6 Distribution of enrollment versus distance to two-year college 

Another way of looking at the distribution of students is from the point of 

view of the university, which faces competition for students from the proposed 

two-year college. The effect of the new institution on the enrollment of the 

existing university can be estimated using Figures 4 and 5. The estimate is shown 
in Figure 7. 

0.50 SERN RIE aOR ie Pa 
y Public university enrollment 

J without two-year college 

Public university enrollment with 
two-year college at various distances 

0 | me | i —_—a 
0 20 40 60 80 

Enrollment rate in public 

university 

° N an T \ 

Distance from home to two-year college (miles) 

Figure7 Public university enrollment versus two-year college location 

VI. SOME THOUGHTS ON NExtT STEPS 

| In their current state, the utility of our models of college choice and college 

going in the policymaking process is somewhat restricted. There is a need for both 

improved specification and improved data in order to increase their utility. An 

important limitation of our current efforts is our inability to specify variables— 

especially financial aid offers—which are important (and, at this time, highly 

controversial) policy instruments. Improving the reliability of our financial aid 

estimates in order to examine the effect on student behavio- will require better 

data and a better understanding of institutional behavior, the key determinant of 

financial aid offers. Without improved understanding of this determination pro- 
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cess, the reliability and consequently the utility of our models will remain 

somewhat limited. 

Another important constraint on our model is the lack of currency in the data. 

Many observers have noted that student choice and college-going behaviors have 

changed dramatically in recent years. Whether these changes are the result of 

modified desires on the part of students or the result of an altered demographic 

distribution of high school graduates or of changes in the alternatives students face 

remains in doubt; but, without more recent data, our estimations remain less than 

thoroughly convincing in the current policy debate. 

There is also a further need to investigate the similarity of student behavior 

among students from different states. Although our coefficients derived from an 

initial run with data on North Carolina students are essentially like those derived 

from data on Illinois, they differ in important respects. These differences limit the 

acceptability of using one state’s coefficients to predict behavior for students in 

another state. The similarity does, however, lead us to believe that more careful 

specification may result in patterns of coefficients that are similar enough that one 

state’s model will prove useful in predicting behavior in another state. 

Another important limitation of our modei is our crude handling of noncol- 

lege alternatives. It is clear that the noncollege alternatives of one student will not 

be the same as those of another, although we implicitly appear to assume that they 

are. The characteristics of noncollegiate choices are also important aspects of the 

on-going policy debate, and our model provides essentially no information for 

these considerations. With the end of the military draft and the new eligibility for 

federal financial aid awards of students in proprietary and public vocational- 

technical schools, the availability and desirability of noncollegiate choices has 

probably changed dramatically. Our model must be refined to include the impact 

of these changes. 

Finally, improvements will result from application of the model to the real, 

rather than simulated, policy problems facing post secondary decisionmakers. An 

effort to achieve these improvements is currently under way as we introduce the 

model into the post secondary education policymaking process in Florida. This 

effort will involve gathering state data and building simulation routines that are 

specific to the state’s higher education environment. 

ANNOTATED List OF DATA SOURCES 

The following annotations describe the data sources we used for this study. 

The College Entrance Examination Board, Manual of Freshman Class Profiles 

(1965-67). 

This source describes the admission decisions of 419 colleges in relation to 

the ability of the applicants, accepted and enrolled freshmen students. These data 

were the principal input into the admission prediction model. Published bien- 

nially, the book contains tables with data relevant to the analysis of the institu- 

tional decision process. Although the level of detail and arrangement of tabular 

material is not uniform for the set of colleges covered, the tables are organized 

under a small number of categories within whic! presentation is uniform. 
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American Council on Education, Institutional Research File. 

This source provides data on institutional characteristics for 2,319 higher 

education institutions. The college information contained in this file (median 

student ability, educational expenditures per student, institutional affluence, 

tuition, financial aid outlays, institutional control and type, and range of academic 

tields) is a primary source of data on college attributes. 

As a source of consistent and accurate data, the ACE file has a number of 

disadvantages. First, while ACE data for 4-year colleges and universities deal with 

academic year 1966-67, data for community colleges are for the previous 

academic year. Second, some data are presented in a form which renders them 

only marginaiiy usable for our study. Third, the interpretation of a number of 

‘pieces of information is hampered by the vagueness of the questions asked, 

which results in a lack of consistency of the reported data for different colleges. 

Institutional Location Data : 

As acomplement to the ACE Institutional Research File, we have developed 

a data file containing the latitude and longitude of almost every college and 

university. 

The SCOPE Survey 

SCOPE is a comprehensive survey of 1966 high school freshmen and seniors. 

Approximately 33,000 students in each grade level were surveyed and tested. The 

students’ parents were then surveyed, and the seniors who could be located in a 

college were subsequently followed-up one year after high school graduation. All 

students except seniors were resurveyed annually and one year after high school 

graduation if they were enrolled in a college. The students surveyed came from 

305 high schools in four states—California, Illinois, Massachusetts, and North 

Carolina. 

The SCOPE data include aptitude and achievement scores, parental 

income and education (from student and parent reports), student’s career plans, 

college enrollment, source of funds for college expenses (from student and parent 

reports), college residence type, etc. 

We used the survey of 1966 seniors. This survey has the following response 

pattern: 

1966highschoolseniors ........... 33,000 

E9GG patentairespomees ......2.2....- «11,70 

1967 studentsattendingcoliege ....... 17,200 

1967 collegerespondents ........... 10,600 
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