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ABSTRACT 

The objectives of this dissertation are: 

1. to present a different approach to the study of individual 

income; 

2. to develop probabilistic models based on this approach; 

3. to present empirical studies directed at the probabilistic 

prediction of income. 

This different approach to the study of income is called the 

Eigen-stochastic approach. The Eigen-stochastic approach has two es

sential characteristics: (a) a researcher using the approach has the 

central objective of making probabilistic statements about some human 

action or situation; (b) these probabilistic statements are based on 

consideration of human behavior. 

The literature on income and income distribution is reviewed in 

Chapter 1. The distinction between conventional stochastic theories 

and Eigen-stochastic theories becomes apparent. 

Chapter 2 is devoted to mathematical models. These include 

maze model A and distance model A. In maze model A, an individual ad

vances through a maze. At each decision node he makes a binary deci

sion. If he decides well, he advances one position; otherwise his 

position does not change. He advances with probability p, and does not 

advance with probability (1-p). In distance model A, an original 

viii 
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probability distribution is introduced. The new distribution—the 

tailored uniform distribution—provides a continuous variation of maze > 

model A. 

In Chapter 3, a framework for empirical analysis is presented. 

Two models—an OLSQ model and a multi-nominal logit model—are used to 

estimate long-run and transition probabilities for income classes. 

The independent variables include IQ, Rotter score, education, desired 

education, age, height, and a weight/height index. Data are from an 

NLS cohort of young men. 

In Chapters 4 and 5, the results of the empirical studies are 

reported. The general pattern of the results is as anticipated from 

the literature. In most cases, education is the most significant vari

able. 

One interesting side issue is the "zero DE group." These in

dividuals claimed their parents wanted them to have absolutely no ed

ucation. Members of the zero DE group have lower than average incomes 

and are helped much less than normal by extra years of schooling. 

The results for the OLSQ transition probability estimation are 

stronger than for the long-run OLSQ probability estimation. This is 

probably due to the use of broader income classes in the former study. 

The results of the OLSQ estimations are tested by a bookmaking exper

iment in which the estimated probabilities are used to accept or reject 

odds that an individual falls in each income class. The odds are based 

on class proportions in the sample. 



CHAPTER 1 

INTRODUCTION AND REVIEW OF THE LITERATURE 

The objectives of this dissertation are; 

1. to present a different approach to the study of individual 

income, 

2. to develop probabilistic models based on this approach, 

3. to present empirical studies directed at the probabilistic 

prediction of personal income. 

The Eigen-Stochastic Approach 

This different approach to the study of income is called the 

Eigen-stochastic approach. The Eigen-stochastic approach has two es

sential characteristics: (1) a researcher using the approach has the 

central objective of making probabilistic statements about some human 

action or situation; (2) these probabilistic statements are based on 

consideration of human behavior. 

In the Eigen-stochastic view, probability is not equated with 

chance or accident. To say that an individual's behavior is stochastic 

is to say that his behavior is governed by a probabilistic system. 

His actions reflect this system; they are not haphazard. 

1 
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Review of the Literature 

An extensive bibliography of income and income distribution is 

presented in Sahota (1978). The present survey of the literature fol

lows some elements of his classification. The literature may be di

vided into theoretical works, and works chiefly concerned with 

empirical questions. One class of theoretical works is called the 

stochastic theory by Sahota. The main feature of these works is their 

mechanical approach. Little or no consideration is given to human be

havior. Conventional stochastic theories are therefore not Eigen-

stochastic. Mincer (1970, 4) states: "It may seem paradoxical that 

one of the most popular approaches to the analysis of income distribu

tion singles out residual variation or 'chance' as the principal source 

of economic inequality." Mincer (1970, 6) also states that: "common 

to the mathematical models described ... is the view that the distri

bution of earnings is unaffected by individual choice. The exogenous 

variables have economic effects, but do not pertain to economic behav

ior." 

One significant article in the stochastic theory literature is 

Champernowne (1953). Champernowne develops several Markov process 

models of income distribution. The entries in his transition "prob

ability" matrices are the proportions of the occupants of income class k 

who shifted to class j in the following year. Champernowne's (1953) 

models contain enxmierable infinities of income classes. His stochastic 

matrices remain constant over time. He finds that under fairly general 

conditions the Pareto curve of the equilibriim distribution is asymptotic 
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to a straight line. His simplest model generates an exact Pareto 

distribution. To obtain a long run distribution he assimes that income 

does not move up more than one class but can move down from any class 

to the lowest class. He also assumes that the expected change in in

come class is negative. To repeat, he gives no economic motivation 

for these assumptions. They are made for mathematical convenience. It 

is a plausible conjecture that in the long run the lowest class con

tains the most occupants under Champernowne's (1953) assumptions. 

Mandelbrot (1960) distinguishes between the strong Pareto law 

and the weak Pareto law. In the strong Pareto law, the percentage of 

V "CX 
individuals with incomes over any fixed y is (—) if y > y^, and one 

yo ^ 

otherwise, y^ and a are the parameters in the Pareto distribution. 

The weak Pareto law states that the percentage of individuals with in

comes over y converges to (-^) only for sufficiently large y. Man-
yo 

delbrot (1960) claims that the strong law is not justified empirically 

but that the weak law is. 

A more recent study is Shorrocks (1975). Shorrocks questions 

the usefulness of convergent first order Markov processes in stochastic 

theories. He states that less restrictive mathematical models are 

needed if stochastic theories are to have economic content. He also 

points out that half-lives in many Markov process models are exces

sively long—several hundred years in some cases. 

A review of literature on stochastic theories is found in 

Atkinson (1976). In this book. Brown and Shorrocks discuss the 
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historical development of stochastic theories. Shorrocks (1976) 

prefers to abandon the search for a probability distribution that uni

versally explains the distribution of income. Brown (1976) pol,nts out 

that first order Markov process models lead to the conclusion that the 

inequality of incomes increases monotonically over time. He also 

agrees with Shorrocks that convergence times in such models are unsat

isfactorily long. 

Two other theories of income are worth passing mention even 

though they are not central to the analysis presented here. The mar

ginal productivity approach is discussed by Bronfenbrenner (1971) and 

attacked by Thurow (1975). This approach is perhaps the most orthodox 

to the neoclassical economist. The human capital theory was intro

duced in Mincer (1958) and Becker (1962). Further development occurred 

in Becker (1964). Mincer (1970) provides a summary. Recent human 

capital works include Mincer (1974) and Mincer (1976). 

According to Mincer (1970), the human capital theory was orig

inally based on a schooling model. The main idea of the schooling 

model is that length of training is the main source of heterogeneity of 

labor incomes. Training increases an individual's productivity but re

duces his income during the training period. He undertakes training 

with the expectation that his eventual large income will compensate for 

his small earnings while being trained. This idea was developed, see 

Becker (1964), to incorporate post-school investment, particularly job 

experience. 
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Mincer (1970) formulates this general earnings model in gross 

earnings, and net earnings versions as follows 

and 

t-1 
Z = E + Z r.C. - C (2) 

0 j=0 J J ^ 

is gross earnings at time t; is net earnings at time t. 

the initial earnings capacity. Each is the net investment cost in 

period j, and each r^ is the rate of return on investment in period j. 

The term (Zr^C^) is called the human capital component. 

The general implication is that the distribution of earnings 

among individuals depends on the distribution of investment costs and 

on the distribution of the rates of return. The distribution of ini

tial earnings capacity is assumed to be given. 

Some conclusions of the human capital theory are: 

1. If rates or return and investment costs are symmetric and 

uncorrelated, then the human capital component of earnings is positively 

skewed. The skewness becomes stronger if the r's and C's are positively 

correlated. 

2. The larger the accumulated human capital component, the 

more skewed the distribution of earnings. 

3. Positive skewness increases with age. This is so because 

the subtraction of current investment costs for a young individual in 
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school reduces the human capital component. Note the -C^ term in 

equation (2). 

The age-earnings profiles slope up over a large part of the 

life cycle. This is a consequence of the tendency to invest in hman 

capital at young ages. The incentives for early investment are; 

(1) later investments produce returns over a shorter period; (2) post

poning investments reduces the present value of net gains; (3) invest

ments at later periods are more costly because foregone earnings 

increase. 

The human capital theory visualizes individuals as firms which 

produce additions to their human capital stock. This production is 

governed by a production function that exhibits diminishing returns in 

each period. Under this hypotehsis, investments are spread out over 

time in spite of the tendency toward early investment. The marginal 

cost of producing investments is upward sloping in each time period. 

Investments decline over time because marginal benefits decline and 

because the marginal cost curve shifts upward. The general earnings 

function—see equation (1)—increases at a decreasing rate over time. 

Empirical Literature 

Numerous empirical studies of the determinants of income and 

earnings have been made in recent years. One branch of these studies 

is concerned with the relative significance of knowledge or mental 

ability to years of schooling. 

Griliches and Mason (1972) use a 1964 sample of U.S. military 

veterans. Parts of the AFQT—Armed Forces Qualification Test—are the 
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measure of mental ability. Griliches and Mason (1972) also Include 

indicators of parental status, region of residence while growing up, 

years of schooling completed before service, and school years completed 

during or after service. The authors find years of schooling a less 

than ideal measure of education. Years of schooling gives no indica

tion of conditions under which schooling was pursued or the kind of 

schooling pursued. (See Brown and Saks 1975 for a theoretical discus

sion related to this issue.) In their regressions, Griliches and Mason 

find that the net contribution of the AFQT in explaining income is very 

small. The introduction of mental ability as measured by selected por-

2 
tions of the AFQT typically increases the R by less than .01. In con

trast, education makes a significant independent contribution, 

2 
increasing the R from .1794 to .2159 in an example the authors select. 

2 
The largest R reported in twelve regressions of the log of income 

is .2979. 

Griliches (1976) seeks to replicate the results of the 1972 

paper with data from the National Longitudinal Survey of Young Men-NLS. 

Griliches uses two measures of mental ability—IQ score and "knowledge 

of the world of work" (KWW) in 1966. One shortcoming of this data set 

is that average age is only twenty-two. Another problem is that many 

data are missing. Griliches (1976) finds that the contributions of KWW 

and IQ are miniscule. The introduction of these variables reduces the 

variance of the residuals by less than two percent. He finds, in con

trast, that the schooling coefficients are statistically very signif

icant and, for the most part, robust to the introduction or deletion of 
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2 
other variables. The highest R he reports is .442 from a model that 

includes current location. 

Lillard (1977) reports a study of men born between 1917 and 

1925 who volunteered for certain Air Force programs in 1943. All the 

subjects are in the top half of the AFQT exam scores, are at least high 

school graduates, and have experienced military service. Lillard finds 

that "more able persons gain more human wealth from schooling than do 

less able persons and, the returns to greater ability are greater at 

higher levels of schooling" (Lillard 1977, 47). Lillard (1977) further 

contends that mental ability has its greatest effect late in the life 

cycle. Using samples of men under thirty-five years of age substan

tially underestimates the effects of mental ability. 

Mincer (1976) reports regressions of the log of earnings on 

various functions of schooling, experience, and weeks worked. His data 

2 
are from a sample of white, non-farm men in 1959. The largest R he 

reports is .557 from a model including a dummy variable for schooling 

2 
and the log of weeks worked. The largest R from a model that does not 

include weeks worked is .313. This occurs in an equation that includes 

schooling and a Gompertz function of experience. His Gompertz function 

is e where t denotes experience. 

Andrisani (1977) uses NLS data to ascertain whether individual 

differences in internal-external attitudes are related to differences 

in labor market experience. The measure of internal-external attitudes 

used is an abbreviated version of Rotter's Internal-External Control 

Scale (Rotter 1966). 
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Rotter's view as cited by Andrisani (1977, 310) is; 

. . . the individual who has a strong belief that he can 
control his own destiny is likely to: (a) be more alert 
to those aspects of the environment which provide useful 
information for his future behavior; (b) take steps to im
prove his environmental conditions; (c) place greater value 
on skill or achievement reinforcements and be generally more 
concerned with his ability, particularly his failures; and 
(d) be resistive to subtle attempts to influence him. 

Andrisani finds that Rotter score is statistically significant 

at the 5 percent level (or better) in regressions of annual earnings, 

hourly earnings, and changes in both of these variables. He reports 

that an individual with a "slightly internal" outlook typically enjoys 

a twelve percent advantage in hourly earnings over an individual with 

a "slightly external" outlook. These results hold even when other in

dividual differences in skills, abilities, and demographic characteris

tics are controlled for. Furthermore, these results hold for black and 

white young and middle-aged men. 



CHAPTER 2 

EIGEN-STOCHASTIC THEORIES OF INCOME 

Maze Model A 

Suppose a freshman is taking an economics test. His time is 

limited, and he may or may not be competent at his task. Before he 

starts writing he has zero points. He reads a question and decides 

what to answer. In doing this, he faces sequences of binary decisions. 

For instance: Should he draw a demand curve or not? Should he label 

the horizontal axis q or not? Should he draw the curve so it slopes 

down or not? The answer he writes results from the decisions he makes. 

If he makes many correct decisions his answer satisfies the grader and 

the freshnan gets a high score. If he makes few correct decisions, his 

answer reflects this and he receives a low score. 

The same line of thinking applies to income-related activities. 

Suppose, for instance, that a businessman is deciding how to treat a 

line of merchandise. He faces sequences of binary decisions also: 

should he offer the product at a discount or not? Should he display 

the product next to the cash register or not? Should he advertise the 

product on the radio or not, etc. 

The general idea is that observable economic actions are nat

urally regarded as results of internal unobservable decisions. Some 

sequences of internal decisions lead to favorable economic actions and 

10 
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command a high income. Some sequences lead to unfavorable economic 

actions and command a low income. This idea suggests a maze. An in

dividual decides which way to turn at each juncture. He is rewarded 

according to his progress which depends on his decisions which depend 

in turn upon his ability at dealing with the maze. 

This can be formulated mathematically as follows. 

1. Let 0, Ij . . . , a denote positions in a maze. An in

dividual starts at 0 and makes a sequence of a binary decisions. On 

any particular decision, he either advances one position or stays at 

the same position. 

2. Advancement through the maze is characterized by the fol

lowing transition probability matrix. 

row 0 

row 1 

Column 
1 

(1-p) 

0 

0 

0 

Column 
2 

P 

(1-p) 

0 

P 

(1-p) 

0 

0 

P 0 

Column 
a 

0 

0 

0 

row (a-1) 

row a 0 . . 

(1-p) 

0 

P 

1 



p is the probability of advancing, p = F(A^ . . . A^), where the A's 

denote individual characteristics. 

3. Let J be a random variable that denotes maze position. 

Then J has a binomial distribution. 

In other words, for any j = 1, 2, . . . , a; 

P[J = j] = (j)p^(l-p)""^ ' 

and 

_ r T ^ • T V /"x ""/I xOC-m P[J 1. J J = I- ( )p (1-p) 
m=l 

4. After a decisions an individual is rewarded according to 

his final position. Final positions are divided up into (K+1) reward 

or income classes, where K . Some but not all of these classes 

can be empty. 

5. The classification of final positions is non-decreasing. 

In other words, for any positions i and j, such that j > i, position i 

is not in a larger reward class than position j. 

6. There is one F and one classification of final maze posi

tions for all individuals. Individuals are distinguishable by their 

vectors of characteristics. 

Suppose, in the context of maze model A, that individuals 1 and 

2 are advancing through separate mazes. Each individual has a tries 

to advance and the relation of final position to income class is the 

same for both individuals. Suppose the individuals have respective 

probabilities p^^ and of advancing, and that p^ > Pj^. Then; 



Point (1) Individual 2's expected income class is at least as 

high as individual I's. 

Point (2) Individual 2's probability of exceeding any income 

class is at least as large as individual I's. 

Point (3) It is more likely that 2's income class exceeds I's 

than the other way around. 

The first point is easy to see. Let and be random vari

ables denoting respective maze positions. Then E(J2) = 0tp2, 

E(J^) = ap^, and > p^, by hypothesis. Therefore, E(J2) > E(J^). 

By axiom (5) above, more advanced maze position never corre

sponds to lower income class, hence point (1) is established. 

The other two points are more difficult to prove. The fol

lowing lemma is helpful. 

Lemma: For all j, j = 1 . . .a, for any p^ and P2 in (0, 1) 

where p^ > P^, let f^(j) = P[J^ = j] and f2(j) = PlJ2 = j]-

If for any j, f2(j) ̂  f^Cj) then for any positive v such that 

(j + v) = 1 . . .a; £2(3 + v) > f^ (j + v). 

Proof: Suppose f2(j) ̂  Then, 

° (°̂ )pj(i-pj)"-j " p̂ (̂i-p,)'-J - ̂ 

Now, for appropriate v, f2(j+v) 

/ a . j+v,, ,a-j-v 
= (j+„)pJ (i-pj) 

= P2(l-P2^~^ ' 



and f^(j+v) can be written in analogous fashion as 

r/ a N j/, vtt-j, V/T .-V 

Thus, 

[P2(l-P2)°' ̂ ]P2(1-P2) ̂  ^2^^^ ^2 

fl (j+v) r 2 f\ X^t-j 1 v.. .-V ^ .V^ ' 
I'-J [p̂ (l-p̂ ) -J]p̂ (l-p̂ ) 1̂ -̂ ' p̂  (1-P2) 

which is more than one since the first term in the product is at least 

one, and the last two terms are more than one since P2 > Pj^. 

Therefore, f2(j+v) > f^(j+v). 

Theorem (2): For any j, j = 1 . . .a-lPlJ2 > j] > > jJ. 

Proof: First, note that: 

f2(0) = (1-P2)'^< (l-P^)" = f^CO) ; (3) 

and 

f„(a) = p" > p" = f.(a) . (4) 
•2^^' ^2 t-i -1 

Also, 

a 
PIJ2 > j] = 1 - 2 f2(i) = S f2(") ; (5) 

i=0 u=j+l 

and 

j a 
PUt > j] = 1 - Z f (i) = Z f (u) . (6) 

i=0 u=j+l 

By equations (3) and (4), there is a least integer 

m, 0 < m <_ a such that f2^™^ — Hence for all j < m, 

f fl(j). 
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Claim (1): There is no j such that j < m and j contradicts 

theorem (2)• 

Proof: It is evident from equations (5) and (6) that for j < m 

each term in the negative sum of the f^(i)'s is larger than each cor

responding term in the negative sum of the f2(i)'s. 

Hence, for any j < m, P[J2 > j] > P[J^ > j]-

Claim (2): There is no j such that j ̂  m and j contradicts 

theorem (2). 

Proof: By the lemma, for all j ̂  m, f2(j) ̂  Also, 

f^Cct) > f^(a), so in equations (5) and (6) the positive sum of the 

f2(u)'s is more than the positive sum of the f^(u)'s. 

Therefore, for all j ̂  m, ̂ [^2 ̂  ^ ^ completing the 

proof of theorem (2). 

Theorem (3): P[J2 > > P[J^ > J2]. 

Proof: Let P[J2 > ~ ^ -^2^ ~ Since and are 

independent, P[J2 > jl-J^ = j] = ^[^2 ^ similarly for P[J^ > j ] • 

, Note that 

a 
P[J, > J, ] = Z P[J, > j]fi(j) ; (7) 

3 = 0 ^ - ^  

and 

a 
P[J > JJ = 2 P[J > j]f,(j) . (8) 

^  ^  j = 0  ^  ^  

(These equations follow from the preceding remarks on conditional 

probabilities.) 
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By equations (7) and (8) and theorem (2): 

a 
P[J > J.] > Z P[J. > j]f, (j) . 

j=o 

Hence, 

a m 
AP > Z [f^a) - f5(j)]P[JT > j] = 2 [f,(j)-f,(j)]P[JT > j] + 

j=0 ^ 3=0 ^ ^ ^ 

a 
2 - f2a)]p[Ji > j] , (9) 

j=m+l 

where m is as in theorem (2). 

By definition of ra, each term in the last left-hand sum in 

equation (9) is positive, and each term in the last right-hand sum is 

negative. 

Denote the last left-hand sum by L and the last right-hand sum 

by R. 

P[Jj^ > j] is decreasing in j. Thus, 

L > Z [f (j) - f„(j)]P[J, > m] = L' , 
J- ^ J-

and 
a 

R > 2 [f^(j) - f2(j)]P[JT > m] = R' . 
j=m+l 

Now, 

a 
L' + R' = P[J > m] Z [f (j) - f (j)] = 0 , 

1 = 0 " '  

since the sums of fj^(j) and f2(j) are cumulative distributions, hence 

both equal to one. 



So, AP > L + R > L' + R > L' + R' = 0. 

Therefore, AP > 0, and theorem (3) is proved. 

Recall from axiom (5) that the classification of final maze 

positions is non-decreasing. 

It is now clear that theorems (2) and (3) imply points (2) 

and (3). 

To repeat: Individual 2*s probability of exceeding any income 

class is at least as large as individual I's; and it is more likely 

that 2's income class exceeds I's than the other way around. 

I emphasize that theorems (2) and (3) involve maze positions 

and not income classes. 

Point (4): Suppose p = F(A^, . . . , A^) where the A's are in

dividual characteristics and F is differentiable in all variables. 

Suppose for any A^, the partial derivative is always positive. Then 

the first three points may be applied to any individuals 1 and 2 who 

are identical in all characteristics except A^. Analogous results 

hold if F. < 0. 
X 

It should be noted that points (1) through (4) fail when tested 

in a perverse mathematical system where the relations of income class 

to maze position are different for the two individuals. The simplest 

economic interpretation of such a mathematical system is discrimina

tion. Even if individual 2 achieves as much or more than individual 1, 

2 is still not granted an equal reward. 
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Extension to a Multi-Period Analysis 
and Some Conjectures 

To extend maze model A to a multi-period analysis, retain all 

the original axioms and suppose that the individual starts over after 

each sequence of a tries to advance. For any income classes j and k, 

his probability of moving from j to k in one period is just his prob

ability of reaching a maze position in class k. Under these condi

tions , the transition probability matrix for income class is merely 

(K + 1) rows of the form, (P(0), P(l), . . . , P(K)), where the P's 

represent the probabilities of reaching the respective income classes 

in a single period. This result is completely different from, say, 

Champernowne (1953) where transition (pseudo) probabilities depend on 

initial income class. It is worth noting that under this extension of 

maze model A, maze positions adjacent to the mean position are more 

likely than those farther from the mean. See Mood, Graybill, and 

Goes (1974, p. 90) for some relevant mathematical details. This means 

that if an individual's final position was in the vicinity of his mean 

final position in period t then the change in his final position in 

period (t + 1) is more likely to be small than large. Recall that his 

mean final position is pa which does not vary with income class. Al

though axiom (4) is not sufficient to prove that small changes in in

come class are more likely than large ones, it is natural to expect 

that such a result could be established in a plausible elaboration of 

maze model A. 
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Suppose individuals 1 and 2 have probabilities of advancing as 

before. Then the expected ratio of their final positions is 

This ratio is constant for all time periods, a fact which suggests that 

expected income class ratio should also be constant. Axiom (4) is 

again not sufficient to establish such a point, but a model presented 

later does reach an analogous conclusion. 

Finally, note that because of the binomial distribution, the 

2 
variance of final maze position is ap(l-p) = a(p-p ). This function 

attains a maximum for p* = 1/2. The interpretation of this fact is 

that final maze position is lese variable for exceptionally able and 

exceptionally incompetent individuals. It is, therefore, plausible to 

expect less tendency toward variation in the highest and lowest income 

classes since these contain relatively more exceptional individuals. 

Distance Model A 

Maze model A appeals to the intuition but has its deficiencies. 

The structure for determining income class is not sufficiently elab

orate. Also, the probability of any income class is given by a simi 

of combinatorials, and is dependent on a, the number of positions in the 

class, and finally on p, the parameter of central interest. It is dif

ficult to recover the effects of p from all this complication. Distance 

model A is based on a continuous probability distribution. This new 

probability law is called the tailored uniform distribution because it 

is a modification of the ordinary uniform distribution. 
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Consider the random variable X, where: 

for all X < 0 

P[X < x] = G(x,b) = 0 ; 

for all X in [0,1] 

2 
P[X < x] = G(x,b) = "T ~ + X, where b > 1 ; 

— D b 

for all X < 1, 

P[X < x] = G(x,b) = 1 . 

Theorem: G(x,b) is a cumulative distribution. 

Proof: (1) lim G(x,b) = 0 since G(x,b) = 0 for all x < 0. 
-̂ 00 
X 

Also, lim G(x,b) = 1 since G(x,b) = 1 for all x > 1. 
-KJO 
X 

(2) G(x,b) is continuous. This is obvious except when x is 

zero or one. So, consider G(0,b) and G(l,b). 

G(0,b) = -^--^ + 0 = 0 = lim G(x,b) since G(x,b) =0 for all x < 0. 

X 0 

G(l,b) = ~ lim G(x,b) since G(x,b) = 1 for all x > 1. 
b b 

(3) G(x,b) is non-decreasing in x 

Consider the partial derivative G (x,b) for all x in (0,1) 

1 + b - 2x 
b 

Recall that b > 1. 

Hence 

1 + b > 2 > 2x 
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and 

l + b - 2 x  r = G (x,b) > 0 . 
0 X 

The area under G^Cxjb) is one. This area is given by the inte

gral from zero to one of G^(x,b) which equals G(l,b) - G(0,b) = 1. 

Therefore, G(x,b) is a cumulative distribution with density 

function G (x,b) = - 4^ + 1 
X b b 

Note in passing that the tailored uniform distribution con

verges to the ordinary uniform distribution as b approaches infinity. 

To be precise, 

2 
lim G(x,b) = lira [^ - -^ + x] = x . 

-XXI 

b b 

In the ordinary uniform, 

X - Zi 
P[X £ x] = , where [z, , z ] is the interval of interest. 

Take Z2 = 1 and Zj^ = 0 and the convergence of the tailored uniform to 

the ordinary uniform is evident. 

The idea behind distance model A is similar to the idea behind 

maze model A. An individual makes a certain amount of abstract prog

ress toward solving income related problems. If his abstract 

progress—his distance—is substantial, then his actions are effective 

and his income is high. If he makes little progress, then vice versa. 

The axioms for distance model A are: 

1. X is a random variable that denotes progress in solving 

income-related problems. X is distributed tailored uniform. 
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2. The parameter b in the tailored uniform distribution de

pends on individual characteristics, b = F(Aj^, . . . , , where the 

A's denote these characteristics. 

3. Y is a random variable that denotes income. There is a 

positive number w such that Y = w exp (X). 

4. F and w are the same for all individuals. Individuals are 

distinguished by their vectors of characteristics. 

Suppose individuals 1 and 2 are moving along separate intervals 

in an attempt to solve income-related problems. Suppose the individ

uals have respective b parameters bj^ and b2 where b2 > bj^. Then, 

Point (1): Individual 2's income is more likely to exceed any 

fixed level than individual I's is. 

Point (2): Individual 2 has the higher expected income. 

These points are evident from the following theorems. 

Lemma: The partial derivative G^(x,b) is always negative. 

Proof: G(x,b) = xb ^ - x^b ^ + x . 

2 -2 
G, (x,b) = X - x)b <0 since 0 < x < 1. 
b 

This means an increase in b is favorable since G(x,b) = P[X ̂  x]a . 

Theorem (ID): For any y^, ^ ^ ̂  
3 b 

Proof: Suppose for any Xq, y^ that y^ = w exp (Xq) 

Then, by axiom (3), Y > y^ if and only if X > x^. 

Therefore, P[Y > y^] = P[X > x^] 

But according to the lemma, the latter probability is an in

creasing function of b. Therefore, the theorem is proved. 



Theorem (2D): 

Proof: 

For any b > 1, > 0. 

So, 

E(exp X) = / exp x G (x,b)dx 
0 ^ 

1 _1 
= / [(exp X - (2x) exp x)b + exp x]dx 

0 

= exp X]q + exp x]^ - f ^ exp x dx . 
0 

Integrating the last term by parts: 

f exp X dx = exp x (-^) ] i ~ ^ 
0 ^ 0 

,?.x,,l 2 ,1 2e 2e ̂  2 2 
= exp X (—)]q - exp x]q = -g- - ^ . 

E(exp x) = (•§ - -g) + (e-1) " f + (e-1) • 

= (e-1) + (e-3)b"^ . 

E(Y) = w[exp (X)] =w(e-l) + w(e-3)b ^ 

Hence, 

—2 ""2 
— =  -w( e - 3 ) b  =  w  ( 3 - e ) b  >  0  ,  c o m p l e t i n g  t h e  p r o o f .  

Point (3): Points (1) and (2) can be based on Individual 

characteristics. Suppose, for instance, that b = F(At, . . . , A ) 
1 n 

where F (A., . . . , A ) > 0. Then, 
11 n dAj^ 

= G, (x,b)FT(A, A ) < 0, since G, (x,b) < 0 
D ± J. n D 
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An analogous result holds for characteristics with negative 

effects. 

Extension to Multi-Period Analysis 

Distance model A can be revised as follows to obtain a multi-

period analysis. 

1*. For every time period t, X^. corresponds to X in axiom 

(1) for distance model A. 

2*. Retain axioms (2) and (3) from distance model A. b, F, 

the A vector, and w are not time dependent. 

3*. For every time period t, the interval [0,1] is partitioned 

into (K+1) subintervals: 

[0^,02)5 ' • • ' 

Number these subintervals 0 . . . K. The partitioning is the same for 

all time periods. 

4'''. For every time period, t, is a random variable that 

represents income. = w exp (X^). 

5*. For every time period, t, there are (K+1) income classes 

constructed as follows from the C's in axiom 3*. 

Class 0 = [w exp (0), w exp (C^)) , 

Class 1 = [w exp (C^), w exp (C^)), . . . 

Class K = [w exp w exp (1)] 

The following compound theorem is now apparent. For any time 

period, t, Y^ is in class k if and only if X^ is in subinterval k; 



and P[Y^ is in class k] = P[X^ is in subinterval k] = b) 

- G(Cj^,b) . 

Thus the probability of moving to class k at any time period 

is b) - b) . Recall that b is determined by a vector 

of individual characteristics. 

Point (4): For given external conditions, represented by w, 

an individual's probability of moving to any income class in any number 

of periods is determined solely by his characteristics. Time period 

and initial income class are of no importance. 

Conventional stochastic theories go to the opposite extreme 

(Champerjiowne 1953). They rely entirely on the mechanical factors of 

time and initial class. This approach tends to predict increasing in

equality of income distribution, or as in Champernowne's (1953) case, 

eventual dominance of the lowest - income class. The system presented 

here predicts uniform equality of distribution—at least in the follow

ing sense. 

Point (5): The expected difference in the incomes of any two 

individuals is constant over time. 

This point follows from theorem (2D) and axiom (4*). For any 

time period, the expected incomes for the two individuals are; 

E(Y^) = w(e-l) + w(e-3)b^^ , 

and 

EiY^) = w(e-l) + w(e-3)b2^ . 



Thus the expected difference in income is 

ECî ) - E(Yp = w(e-3)(b2"̂  -

which does not depend on time period by axiom (2*). 

Income and Imagination 

Suppose an individual is making a significant income-related 

decision (e.g., deciding whether to move, change jobs, or go out of 

business and into a skilled occupation). It is natural to expect the 

probability of a good choice to be positively related to the size of 

his decision-making project. If he considers many factors in great 

depth it is natural to expect his probability of success to be rel

atively great. It is also natural to expect that individuals with good 

memories and imaginations base Important decisions on extensive analy

sis, and therefore, tend to make favorable choices relatively often. 

This expectation is not always satisfied in the following 

model. 

1. X is a random variable, 0 ̂  L ̂  1, and b > 1. For any x 

in [0,L], 

2 
P[X < x] = H(x, L, b) = ^ ̂ . 

2. For all L in [0,1], b = f(L), where f is one-sided 

continuous, f has continous derivatives of all orders. In particular, 

f'(L) > 0 and f"(L) > 0, for all L in [0,1]. 

3. There is a C in [0,1], such that [0,CL] is called the 

bad choice region, and [CL,L] is called the good choice region. If X 
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is in the good choice region, then a good choice is said to occur and 

vice versa. (Note that the distribution for X is a version of the 

tailored uniform distribution with b replaced by bL. It is not diffi

cult to verify that H is a cumulative distribution function.) 

In terms of economics, L represents the size of the decision

making project. If the individual goes through the entire project 

without error then he reaches L. If he bungles along the way then he 

stops at some x < L. If his stopping point is beyond CL then he makes 

a good decision, otherwise his decision is bad. His probability of 

reaching the good choice region depends on the parameter b which de

pends in turn on L, the size of the project, f'(L) > 0 to indicate 

that a larger project makes hia expected advancement larger. Note that 

increasing project size has the favorable effect of placing the ex

pected stopping point farther from the origin, and the unfavorable 

effect of placing the good choice region farther from the origin. To 

compare the two effects, consider the probability of the bad choice 

region. 

P[X < CL] = H(CL, L, f(L)) 

^ CL (CL)^ . ̂  
f(L) ~ f(L)L L 

= (f(L))^(CL-C^L) + C . 

Call this function G(L). Then, 
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G'(L) . f(L)(C-C^) - f(L)(CL-C^L) 

(f(L))^ 

= (C-C^)ff(L) - Lf'CDI 

(fa))^ 

Hence, sign G'(L) = sign (f(L) - Lf'(L)). 

Theorem: sign G'(L) is not constant. It varies depending on 

f and L. 

Proof: Let fj^(L) = ^ . 

Then, 

f;a) = L 

and 

Lf^(L) = . 

Thus, 

fi(L) -Lfi(L) = + = 

which equals zero for L = /3 > 1 

But L is never greater than one so G'(L) is positive for all L. 

Let 

f2(L) = 2L^ + I . 
Then, 

Lf^(L) = 4L^. 

Thus, 

f2(L) - Lf^(L) = 2L^ + I - 4L^ = I - 2L^ 

which is zero for L = — < 1 
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So in this case, G'(L) is positive for all L < » zero for 

L = "2 > and negative for all L > — . 

Theorem: For every f, there is an interval [0,L*] such that 

G'(L) > 0 for all L in the interval. 

Proof; For all L and f as in axioms (1) and (2), f(L) = b > 1. 

Therefore, for all f, lim f(L) > 1. Call this limit, b^. 
L-̂ 0+ " 

Hence, lim (f(L) - Lf'(L)) = b„ - Ov = b^ > 0 
L-0+ ° ° 

Recall that the sign of G'(L) is determined by the sign of 

(f(L) - Lf'(L)) and the theorem is proved. 

These theorems have interesting interpretations. According to 

the first theorem imagination may or may not have a desirable effect, 

depending on f and L. According to the second theorem, an imaginative 

individual is always at a disadvantage for low levels of exertion. If 

he does not exert himself sufficiently to make a large project of de

cision making, then expanding to larger project size is detrimental. If 

he does exert himself then his efforts may or may not be stochastically 

useful. 

Suggestions for Further Study 

The theories presented in this Chapter are merely an indication 

of the potential of the Eigen-stochastic approach. Numerous possibil

ities remain to be explored. For instance: 

1. The maximum variance of final maze position in maze model A 

occurs for p* = "I" . It would be interesting to generalize the theme 



of this result by associating some concept of maximum uncertainty with 

a central value of some parameter from a general class of probability 

distributions. 

2. It would be interesting to develop a multi-nomial maze 

model that includes the possibility of falling to a lower position in 

the maze. 

3. It would be interesting to develop a maze model with posi

tion or income class-dependent probabilities. Such a model could pre

dict the dependence of income on age or experience. 



CHAPTER 3 

FRAMEWORK FOR EMPIRICAL STUDY 

The empirical studies described here differ from earlier 

studies (Mincer 1976; Lillard 1977; Griliches and Mason 1972) in sev

eral fundamental ways. The empirical works reported here are Eigen-

stochastic, meaning that they are done for the purpose of stating 

probabilities that individuals fall in various income classes. The 

other works cited, are concerned with directly relating income—not 

income class—to selected independent variables. Furthermore, the idea 

here is to use permanent individual characteristics as independent vari

ables so that predictions can be made in isolation from the individuals 

involved. This approach differs, for instance, from Mincer (1976) 

where the relation between weeks worked and income is a target of es

timation. The cost of this emphasis on permanent characteristics is 

the additional predictive power that would result if transitory factors 

like weeks worked and experience were included. 

The data are taken from the national Longitudinal Survey (NLS) 

(National Longitudinal Survey 1979) cohort of 5,000 men aged fourteen 

to twenty-four in 1966. A set of computer tapes available at The Uni

versity of Arizona in 1979 contains NLS data on these individuals for 

various years from 1966 to 1975. To obtain a homogenous sample, the 

studies here use data for white men who were at least eighteen in 1966. 

31 
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Data for 940 such individuals is used in the first study; sample size 

falls to 752 in the second study. The first study involves estimation 

of long run probabilities of occupying income classes. The second 

study involves estimation of the transition probabilities for moving 

from class to class. The classes for the long run probability study 

are, in 1975 dollars: 

0-8,000; 

8,000-11,900; 

11,900-19,900; 

19,900-30,000; 

above 30,000. 

It was necessary to reduce the number of classes to three in the tran

sition probabilities study in order to have sufficient data. The 

transition probabilities are estimated from income data for 1973 and 

1975. The classes are, in 1975 dollars: 

0-11,900; 

11,900-19,900; 

above 19,900. 

Mean income in 1973 was 14,834; mean income in 1975 was 16,596. Both 

these figures are in 1975 dollars. 

The estimation of probabilities is more complicated than the 

estimation of parameters in conventional models. Two systems are used 

here: the multi-nomial logit model, and the OLSQ model. 
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The Multi-Nomial Logit Model 

This model is discussed in McFadden (1975) and in Berkman 

et al. (1977). An exposition from a slightly different point of view 

is an aid to understanding. The natural starting point is the multi

nomial density function. 

= N(obs)! 55 
N(l)! N(2)! . . . N(k)! ^k 

1, 2, . . . , K denote events (or values of a random variable 

like income class). N(l), N(2), . . . , N(K) are the numbers of times 

that the respective events occur. N(obs) events occur in all. M is 

the event that 1 occurs exactly N(l) times and 2 occurs exactly N(2) 

times and 3 occurs exactly N(3) times and . . . and K occurs exactly 

N(K) times. P represents probability, as usual. Note that if N(l), 

N(2), . . . , N(K) are numbers actually occurring in a sample then 

P(M) is the sample's likelihood function. Each p^^ is the probability 

that event k occurs (or that a discrete random variable equals k), 

thus 

K 
E p, = 1 . 

k=l ^ 

In the multi-logit approach, conditional probabilities are in

volved, and the likelihood function is more complicated. Consider the 

conditional probabilities first. 

Vk, Vx^; PEklx""] = Pj^^ = F^(x'', b) = 

V r V V™-I exp[x b J 
m=l 
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Each is the conditional probability that k occurs given 

V k 
that X occurs. Each F is a function of the above form that generates 

conditional probabilities from independent variable vectors and a 

matrix of parameters, b. 

Vx^, x^ = (x^ . . . x^), 

b = 

•"ll *'12 'IK 

^21 ̂ 22 . . . ̂2K 

^nl ^n2 . . . ̂ nK 

; b™ is the mth column of b. 

n is the number of independent variables; K is the number of values 

taken by the random variable indexed k (K is the number of income 

classes, for instance). 

V 
For each x in the sample there is a corresponding probability 

of each k given x^. In other words, Vk, Vx^; Pj^ = F^(x^, b), and 

K 

^ Pkv " ̂  • 
k=l 

Hence, to each value of the independent variable vector, x^, 

there corresponds a multi-nomial distribution. This implies that any 

sample with N(d) distinct values of the independent variable vector 

has an associated family of N(d) multi-nomial distributions. Take all 

of these to be independent of each other, and the following likelihood 

function results. 
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p(L*) = n n n n pN(k|v) 
v.. /\ Pkv (10> 

V=1 k=l N(kIX )! V=1 k=l 

Each N(x^) is the number of times x^ occurs in the sample. 

Each N(k|x^) is the number of times k occurs in conjunction 

. , V 
with x . 

The components of b are estimated by maximizing P(L*) in 

equation (10) subject to the constraint that the sum of every row be 

zero. McFadden (1975) discusses this procedure in detail, and con

siders the statistical properties of the multi-logit estimators. 

McFadden (1975, 119) states: "Maximum likelihood estimation of the 

conditional logit model can be shown under very general conditions to 

provide estimators that are asymptotically efficient and normally dis

tributed." 

The relation between the signs of the coefficients (b's) and 

the partial derivatives of the probabilities is complicated. It is 

best to work with relative probabilities. For any two classes j and k, 

and vector of independent variables x^, 

P V i 
jv _ expfx b-*] _ ^ 

k̂v expjx̂ b'̂ ] 

Hence In p. - In p, = x^b^ - x^b^ . 
^jv ^kv 

Therefore for any component x^. 
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so if is positive and b^j^ is negative then an increase in compo

nent i has a positive effect on the relative probability of class j. 

The converse holds if b. . <0 and b., >0. 
ij xk 

The OLSQ Model 

In this system, the data are divided into groups of (twenty) 

observations. For each group, t, and income class k there is an equa

tion. 

+ b,^E«0^) + b^^E(ED^) + 

Each VJ is an error term. Each r^^^ is the proportion of individuals 

from group t in income class k. E(H^), E(DE^), . . . , E(ED^) are 

group averages of independent variables: height, desired education, 

age, IQ, Rotter score, and education (height and age are used in the 

first study but deleted in the second). b^^ . . . b^^^ are parameters 

to be estimated. In the first study, there are seven parameters for 

each of five income classes, hence thirty-five parameters in all. In 

the second study there are five parameters for each of three income 

classes, hence fifteen parameters in all. For each class, k, the cor

responding b parameters are estimated using ordinary least squares by 

Planets—a standard computer program available at The University of 

Arizona in 1979. 

Estimated —denoted —are derived by substituting data 

and estimated h^'s into equations similar to equation (11) with the 

error term deleted. The are not directly usable as probabilities. 
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An r, could be negative or greater than one. Also, it is not 
iC 

guaranteed that each group of sums to one. Any of these problems 

could occur with an unfortunate substitution of independent variables. 

Estimated probabilities are obtained as follows. First compute 

for an individual. Replace each negative r^^ with a zero. Next 

divide each resulting term by the sum of all the transformed to 

get probabilities. In other words, for each individual, t, and income 

class, k: 

^kt 5 

m=l 

where 

\ r^mt ^mt — ® ' 

° If • 

(The sum is for m = 1 ... 3 in the second study.) 

The method fails for individuals whose are all zero or negative. 

This procedure does not yield probability estimates that are 

testable by T-statistics. The transformation forces the probability 

of getting an estimate outside [0, 1] to zero. This distribution is 

inconsistent with the asymptotic tails of the normal and T distribu

tions . 

Another unusual feature of this method is that the practice of 

equating signs of coefficients with directions of change in the depen

dent variable does not apply. The effect of a change in any independent 

variable depends on all coefficients and all Consider, for 
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example, ED from equation (11). ED is the seventh independent 

^Pkt 
variable so its coefficient for class k is b^^ . Suppose is de

fined. Then for any class k and individual t, 

^Pkt ^ (Z) - b^^^ r^^ 

Bed ^2 

where ^ is the sum in the denominator of equation (12). Hence partial 

derivatives depend on all coefficients and r 's. 
iC 

The situation is a little better for relative probabilities. 

Consider the ratio 

z — — 
Pkt 

for any two classes j and k with positive r's. Clearly 

r. 
z = —i-

• 

Hence 

sign (•^) = sign [b^. ?.] 

which depends on all four variables inside the last brackets. In terms 

of economics, a positive coefficient for education in class five, say, 

does not guarantee that an increase in education makes class five more 

probable and does not guarantee that class five becomes more probable 

in comparison with an arbitrarily chosen class. There are, fortunately, 

two helpful points worth mentioning. 
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1. If byj > 0 and b^j^< 0 then > 0 . 

2. If b^j < 0 and b^j^ > 0 then 0 . 

/s 
So if the coefficients have opposite signs and if both r's are positive 

then the effect of an increase in education on the relative probability 

of the two classes is determined. 

Remarks on Other Methods 

Note in passing that there are numerous ways to develop prob

ability estimates. For instance: 

(1) Estimated probabilities can be obtained from regressions 

of Income. Consider the regression equation Y^. = a + bX^. + where 

Yj. Is income at time t, is an independent variable, and is an 

error term. Probabilities that income falls in classes of the research

er's choice can be constructed by using the least squares estimates of 

a and b. 

(2) Let Y^j^ = 1 if individual t's income Is in class k; let 

Y^j^ = 0 otherwise. Use Y^j^ as the dependent variable In a regression 

model. (This procedure generates a heteroscedastlc error term.) 

Deficiences of the Data 

(1) The data do not include a well-designed physical/psycholog

ical test specifically directed at the problem of predicting income. 

(2) The cohort is so young that income data are meaningful 

for very few years. An individual who was fourteen in 1966 probably 
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did not earn a significant income until the last years of the survey. 

Furthermore, data are not available for every year. 1971, 1973, and 

1975 are the most recent years for which data are given. In practice, 

many income data are missing. 

(3) The data do not necessarily indicate long run income even 

for the older members of the group. These individuals were in their 

twenties or early thirties in 1975. Significant changes in their occu

pations and incomes are to be expected. A long term average for an 

older cohort would be a preferable measure of income. 

In spite of these deficiencies, the NLS sample is a useful 

source of data. The sample is large and responses to over 4,000 ques

tions are included. In particular, data on IQ and Rotter score, are 

available. 

The Independent Variables 

To repeat, the objective of this empirical work is to use per

manent individual characteristics as independent variables that yield 

stochastic predictions of income class. In the absence of a physical/ 

psychological test as mentioned above, the following variables seem 

the best choices from the NLS data. 

The Rotter Test (RO) 

This is a psychological test intended to measure an individual's 

attitude toward the degree of control he has over his life. A low 

score on the test is supposed to indicate that the individual feels he 

controls his life. A high score is supposed to indicate the opposite. 
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For the reasons quoted from Rotter (1966) in Chapter 1, it is 

expected that Rotter score is inversely related to income. Andrisani 

(1977) finds this relationship. Here are some representative questions 

from the Rotter test quoted from Andrisani's paper. The person being 

tested chooses a single response for each number. 

1. (a) What happens to me is my own doing. 
(b) Sometimes I feel that I don't have enough control 

over the direction my life is taking. 

2. (a) When I make plans I am almost certain I can make 
them work. 

(b) It is not always wise to plan too far ahead, because 
many things turn out to be a matter of good or bad 
fortune anyhow. (Andrisani 1977, 314) 

It is worth pausing a moment to notice the ambiguities in the 

Rotter test evident in question two. Suppose a respondent is practical 

and has a myopic imagination. He typically makes short term plans that 

have a high probability of success, but refuses to consider any long 

range project containing steps he cannot plainly visualize. How should 

this individual answer question two? It remains to be seen whether the 

Rotter test is empirically significant in the experiments here in spite 

of its ambiguities. 

IS 

Psychologists do not have a unique, general concept of intel

ligence. They do not agree about what intelligence tests do measure 

or should measure. For a discussion of the various views of intelli

gence, see Butcher (1968). Here are some examples of definitions of 

intelligence that Butcher (1968), 27) quotes: "the ability to carry on 
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abstract thinking; the capacity to acquire capacity; the power of good 

responses from the point of view of truth or fact." Euros (1975) gives 

detailed descriptions and discussions of intelligence tests currently 

in use. He takes the following position: "It is my considered belief 

that most standardized tests are poorly constructed, of questionable 

or unknown validity, pretentious in their claims and likely to be mis

used more, often than not" (Euros 1975, xv). Euros (1975) points out 

that many intelligence tests are in common use. According to Griliches 

(1976), the IQ scores given in the NLS data have been standardized by 

the Center for Human Resource Research—the group that compiled the 

NLS data. 

As stated in Chapter 1, intelligence test scores have a mixed, 

but mostly unimpressive, record at predicting income. Griliches and 

Mason (1972) find IQ significant; Lillard (1977) contends that its sig

nificance varies with age, being more important for individuals over 

thirty-five. The fact that IQ is of minor significance in earlier 

studies is discouraging. It would be convenient if scores on intelli

gence tests were correlated strongly with income. Under these condi

tions a single test administered during childhood would be effective in 

predicting the individual's future income, hence his life in general. 

Unfortunately, intelligence tests lack this power. 

Since, as Eutcher (1968) and Euros (1975) point out, there is 

great confusion among psychologists about the significance and inter

pretations of IQ scores, it is useful to consider some independently 

developed criticisms of the use of IQ in predicting income. Physical 



abilities are ignored. A man with no legs can have a high IQ. To 

take less extreme examples, intelligence tests do not measure manual 

dexterity, quickness of physical reaction, coordination, or ability to 

recover from disease or injury. Furthermore, intelligence tests may 

not be indicative of mental abilities important in work or business. 

For example, a salesman with a low IQ can still be a genius at altering 

his sales pitch in response to a customer's tone or facial expression. 

Similarly, a mechanic helpless at reading questions and marking answers 

can be a master with machines. In general, IQ does not measure market 

competence. As an additional shortcoming, ability to formulate prob

lems is not tested. An individual may be good at carrying out tasks 

specified by a tester, but have little ability to formulate useful 

problems on his own. Suppose, for example, a worker would be better 

off to move to another city and search for a new job. Suppose the ad

vantage in doing this would be apparent to him on the basis of 

arithmetic-comparison of wages, prices, rent, transportation costs, etc. 

The worker may be capable of doing the arithmetic, but lack the imagina

tion to ever pose the problem in the first place. Finally, ability to 

learn over extended periods is not tested. Suppose the course of an 

individual's business has a complicated but consistent pattern. When 

he's first starting out, he does not perceive the pattern, a fact that 

affects his income adversely. Unlike an intelligence test where quick 

response is essential, he has time to contemplate his errors. He may 

eventually come to recognize the hidden features of his situation and 
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respond accordingly. He can do this even though he has a low IQ and 

little ability to solve problems quickly. 

In summary, there are two mistakes to avoid: 

1. It is an error to equate IQ scores with innate ability to 

perform lucrative tasks. Intelligence tests do not measure physical 

abilities, and are not directed at measuring abilities to communicate 

with people, work with machines, formulate problems or learn over ex

tended periods. 

2. It is a mistake to expect powerful results from using IQ 

scores to predict income. Intelligence tests are not directed at this 

problem, and suffer from the deficiencies mentioned. Again, the need 

for a better test is apparent. 

Education (ED) 

As stated in Chapter 1, this variable has been used in various 

studies (Mincer 1976; Griliches and Mason 1972; Griliches 1976; Lillard 

1977). The expected positive correlation with income has been observed. 

Griliches (1976) seems to take the position that education may be sub

stituted for mental ability or deficient family background. Griliches 

(1976) seems to expect it to be possible for a person with a low IQ and 

poor family background to be able to earn a large income if he is 

granted extra years of education. 

It is interesting to overstate this position in an extreme view 

called the capacity theory. This theory can subsequently be compared 

with a different approach called the indicative view. In the capacity 



theory, education is directly productive. The training an individual 

receives increases his capacity for lucrative work. The longer he 

goes to school, the greater his capacity becomes. Increased education, 

therefore, compensates for deficiencies in other attributes. In the 

indicative view, an individual's education is a guide to his income-

related characteristics. An individual who, for example, passed an 

American history course in high school typically knows what year the 

Civil War ended. This knowledge may be absolutely useless in his 

eventual job as a machinist, but does indicate his discipline and will

ingness to cooperate. At the time he sat through the history course, 

he probably realized the knowledge would be of no direct use in his 

future career, but he survived the course just the same. An individual 

who failed American history did not have this discipline. He was not 

a reliable student; he is not expected to be a reliable worker. In the 

indicative view, education is important in predicting income because 

education is a guide to an individual's discipline and reliability over 

an extended period. His capacity for lucrative work may or may not be 

increased by education. There is difficulty in comparing the capacity 

and indicative views since they lead to similar predictions. One pos

sibility for comparison is to control for the next variable. 

Desired Education (DE) 

One of the thousands of questions asked in the NLS interviews 

is: How much education did your parents want you to have when you were 

fourteen? Answers are given in years—12, 14, 16, etc. Apparently this 



variable has not been used in earlier studies. Some unpublished work 

has included mothers' desired education for daughters, but the use of 

both parents' desired education for their sons in apparently original. 

In any case, the capacity and indicative theories dispute the 

importance of this variable. In the capacity theory, desired education 

should have no effect in its ovm right. All that matters is the edu

cation that an individual actually receives. His capacity for lucra

tive work is not affected by the amount of education his parents wanted 

him to receive, but only by the education he actually does receive. In 

the capacity view, a positive correlation between income and desired 

education could result from a positive correlation between desired ed

ucation and actual education. Still, desired education has no effect 

of its own. In the indicative view, desired education could have an 

effect in its own right. If an individual's parents want him to have 

extra years of schooling then he probably has a good family background 

and is the sort of person who tends to have a high income. (This argu

ment could hold regardless of whether the individual's parents provide 

him with top quality education.) In the indicative view, desired ed

ucation is not as good a predictor as actual education since actual ed

ucation is an indication of the individual's behavior over an extended 

period. Still, desired education should have preditive power of its 

own. 

Note that the desired education question was just to the re

spondents and not to their parents. Therefore, the answers are indic

ative of each individual's attitude toward his parents and only 



indirectly related to their attitudes toward him. This point is 

significant in light of the numerous answers of zero that are given. 

This answer would mean, if taken literally, that an individual's 

parents wanted him to have absolutely no education. They did not even 

want him to learn to read or write. A literal interpretation is not 

appropriate. All the respondents claim at least eight years of school

ing; the average for the "zero DE" group is over thirteen years. What 

a zero answer does seem to suggest—at least to the non-psychologist— 

is a hostile attitude. It is plausible that an individual who answers 

this way feels his parents did not try to help him and had little con

cern for his welfare. It is natural to suppose he has a hostile atti

tude toward life in general. The effect of such an attitude on income 

is not intuitively clear. It could be asserted that belligerence makes 

the individual strong and able to cope with the problems he faced. It 

could also be asserted that belligerence makes him stubborn and unable 

to adopt or cooperate. It is interesting, therefore, to single out the 

zero DE group for study. Note that, according to the capacity theory, 

there should be nothing special about the incomes of individuals in the 

zero DE group. 

Other Independent Variables 

In some tests, age (AG), height (H), and weight/height index 

(HW) are included. The effect of age on income has been studied in Kass 

(1977). Kass (1977) uses U.S. census data to analyze lifetime changes 

in men's incomes from 1950 to 1970. He concludes that: "as men age to 
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the retirement years . . . their income continually increases" (Kass 

1977, 73). As mentioned in Chapter 1, the human capital theory is 

concerned with earnings over the life cycle. The emphasis in the human 

capital theory is on the distribution of investment over the individ

ual's life (see Chapter 1). For uniformity, the studies here include 

only individuals who were at least eighteen in 1966. The oldest in

dividuals in the cohort were twenty-four in 1966, hence, the total age 

range is from twenty-five in 1973 to thirty-three in 1975. There are 

several reasons for using height. It is a permanent characteristic and 

is perhaps correlated with other traits for which data are not avail

able. Also, it may be that taller people have an advantage in appear

ance. Employers may be more impressed by tall applicants than short 

ones. The weight/height index is HW = (4.92)^ - (^)2 , where H is 
n H 

height and W is weight. This function has maximums for intermediate 

body types. Obese and emaciated individuals receive low numbers. It 

would be interesting to relate income to wrist circumference, forearm 

length, and other anthropometric variables. Unfortunately, data are not 

available in the NLS collection. 

Pattern of Independent Variables 

Table 3-1 shows the means of the independent variables for the 

long run income study. These averages do not always behave as expected 

for adjacent classes. 



Table 3-1. Means of Independent Variables 

Class 1 Class 2 Class 3 Class 4 Class 5 
Entire 
Sample 

H 70.0 70.4 71.2 71.2 71.2 70.8 

DE 13.3 12.9 13.3 14.3 15.0 13.4 

IQ 101 100 104 109 111 105 

RO 22.1 22.2 21.2 20.4 20.5 21.5 

ED 12.9 12.8 13.8 15.1 15.4 13.7 
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The Income Variable 

Income classes are based on family income for 1973 and 1975. 

The data for 1973 are inflated by using the 1975 Consumer Price Index 

(The Economic Report of the President 1978). 1973 and 1975 are the 

last years for which data are available. Because of the cohort's youth, 

income data are sketchy for early years in the survey. 

The use of family income allows the possibility of error. In

come of parents, brothers, sisters, children, or other relatives may 

be reported. In practice, however, this problem is not likely to be 

significant. All the respondents included here were at least twenty-

five in 1973. In the large majority of cases, family income for these 

years consisted of the respondent's income and that of his wife if he 

had one. 



CHAPTER 4 

EMPIRICAL RESULTS FOR LONG RUN INCOME 

As explained in Chapter 3, two basic studies are reported. The 

studies here in Chapter 4 involve the stochastic prediction of income 

classes. In Chapter 5, probabilities of transition from class to class 

are estimated. 

Multi-Nomial Logit Model 

This model is explained in Chapter 3 and in McFadden (1975). 

McFadden states that the multi-logit estimators are asymptotically ef

ficient and normally distributed. There are five income classes as 

described in Chapter 3. Several sets of independent variables are 

tried. The version that generates the best results includes a constant 

term, height (H), age (AG), IQ, Rotter score (RO), and education (ED). 

Each independent variable has a distinct coefficient for each class. 

There are six independent variables and five classes, hence thirty 

parameters to estimate. The b matrix from Chapter 3 is five by six. 

Data on all variables are available for 983 white men aged eighteen to 

twenty-four in 1966. Limitations on computer capacity restrict sample 

size to approximately 150. 

Results from the best version are shown in Tables 4-1, 4-2, and 

4-3. "Percent Correctly Predicted" in Table 4-1, refers to individuals 

whose income fell in the class of highest estimated probability. 

51 
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Table 4-1. Coefficients from the Best Version* 

Class 1 Class 2 Class 3 Class 4 Class 5 

Constant 36.91 39.47 23.15 14.66 -114.19 

H -.1125 -.0328 .06992 -.0026 .07870 

AG -.0623 -.4179 -.0753 .2152 .34043 

IQ .00832 -.0241 -.0154 .00858 .02264 

RO -.0121 .109 -.0472 -.0613 .0117 

ED -.4044 -.4061 -.1024 .3404 .5725 

* Auxiliary Statistics: 
ratio statistic, 144.8 

percent correctly predicted, 55.24; likelihood 

Table 4-2. T-statistics for the Best Version 

Class 1 Class 2 Class 3 Class 4 

Constant 2.102 2.234 1.446 .9372 

H -1.279 -.3628 1.092 -.013 

AG -.5018 -3.156 -.8967 1.984 

IQ .4125 -1.179 -1.115 .484 

RO -.2366 2.316 1.449 -1.429 

ED -2.58 -2.664 -1.13 3.119 
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Table 4-3. Natural Pairs from the Best Version 

Variable Class Pairs 

IQ (2.4), (2,5), (3,4), (3,5) 

RO (2,3), (2,4) 

ED (1,4), (1,5), (2,4), (2,5), (3,4), (3,5) 

H (1,3), (1,5), (2,3), (2,5) 

AG (1,4), (1,5), (2,4), (2,5), (3,4), (3,5) 



Table 4-2 shows T-statistics for the coefficients. The QUAIL 3.0 

program does not provide T-statistics for class 5. 

Recall from Chapter 3 that the estimated coefficients are not 

the partial derivatives for the independent variables. It is useful to 

work with partial derivatives of relative probabilities as explained in 

Chapter 3. The "Natural Pairs" shown in Table 4-3 are the class pairs 

in which the independent variables have the anticipated effect on rel

ative probabilities. For example, the pair (1,5) is included for ed

ucation, ED. This means an increase in education makes class 5 more 

probable relative to class I, as expected. 

Class 1 

Education is the most significant variable for class 1. ED is 

included in two natural pairs for this class—(1,4) and (1,5) (see 

Table 4-3). /Apparently increased education has the expected effect of 

reducing the probability of class 1 relative to the high income 

classes. Height is the next most significant variable and is included 

in two natural pairs. Judging from the T-statistics in Table 4-2, age, 

IQ, and Rotter score are not significant for class 1. 

Class 2 

In class 2, age has a significant effect and forms natural 

pairs with classes 4 and 5. Education is the next most significant and 

is included in natural pairs (2,4) and (2,5) as expected. Rotter score 

is significant and forms two natural pairs. Class 2 is included in 

both the natural pairs for Rotter score. IQ apparently has a marginal 
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effect of the expected sort. (2,4) and (2,5) are natural pairs. It is 

possible that multi-collinearity is causing the importance of IQ to be 

2 
overestimated. The R between IQ and ED is .47 for this sample of 

150. Perhaps IQ is being credited for significance better attributed 

to education. Height is not significant for class 2. 

Class 3 

The results for class 3 are weak. Rotter score has a slightly 

larger T-statistic than ED does, but is not included in any natural 

pairs. IQ has apparent marginal significance as in class 2. 

Classes 4 and 5 

Education has a strong positive effect in class 4. Age and 

Rotter score make slight contributions. IQ and height are insignif

icant. Class 5 is dominated by the constant term. This fact results 

from the constraint that each row of the b matrix must sum to zero. 

Only 5.4% of the whole sample of 983 is in class 5. The maximization 

procedure responds by placing a large negative coefficient on the con

stant term. This forces the probability of class 5 to near zero for 

all reasonable values of the independent variables. 

A Second Version 

This version of the multi-nomial logit model includes the fol

lowing independent variables: a constant term, weight/height ratio 

(HW), height (H), education (ED), age (AG), and IQ. This model is the 

same as the last except that the Rotter test is replaced by the weight/ 
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height index. Results are shown in Tables 4-4, 4-5, and 4-6. The 

version with the Rotter test does better—55.26% correctly predicted 

versus 50.39% in the second version. Rotter score has a larger T-

statistic than weight/height index in three classes out of four. 

Class 1 

Education is the most significant variable in class 1, and 

forms natural pairs with classes 4 and 5. H and HW are of marginal 

significance. HW forms no natural pairs for class 1. This indicates 

a tendency for individuals of mediim build to occupy the lowest income 

class. 

Class 2 

Age has a strong negative effect. This duplicates the result 

from the best version where age also had a strong negative effect on 

the probability of entering class 2. Age variation in the data is lim

ited, however. The effects of age could be much different in a sample 

that includes middle-aged or old men. Education has a significant T-

statistic for class 2. Height is less significant than for class 1. 

Class 3 

The results for this class are weak as in the previous version. 

Education has the most significance; the importance of age drops 

sharply. 
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Table 4-4. Coefficients for Multi-Logit Model* 

Class 1 Class 2 Class 3 Class 4 Class 5 

Constant 18.84 59.64 32.58 22.26 -13.3 

HW 1.077 -1.19 -.666 -.627 1.406 

H -.826 -.583 1.137 .2991 -0.27 

ED -2.57 -2.25 -1.15 2.78 3.19 

AG -1.65 -3.06 -.747 1.641 3.816 

IQ .2699 -1.60 -.849 .4542 1.725 

* Auxiliary Statistics: percent correctly predicted, 50.39; likelihood 
ratio statistic, 131.5. 

Table 4-5. T-Statistics for the Second Version 

Class 1 Class 2 Class 3 Class 4 

Constant .4573 1.602 .9184 .6315 

HW 1.077 -1.189 -.6659 -.6266 

H -.8265 -.5827 1.137 .2991 

ED -2.574 -2.258 -1.152 2.78 

AG -.1651 -3.059 -.7468 1.641 

IQ .2699 -1.599 -.8494 .4542 



Table 4-6. Natural Pairs for Second Model 

Variable Class Pairs 

ED (1,4), (1,5), (2,4), (2,5), (3,4), (3,5) 

IQ (2,4), (2,5), (3,4), (3,5) 

H (1,3), (1,4), (2,3), (2,4) 

W (2,5), (3,5), (4,5) 

AG (1,4), (1,5), (2,4), (2,5), (3,4), (3,5) 
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Classes 4 and 5 

In class 4, the T-statlstics for education and age are 

significant, and class 4 is included in three natural pairs for each 

variable. Weight/height index is of marginal significance, but forms 

no natural pairs with the lower income classes. Height and IQ are 

insignificant. Class 5 as before, is dominated by a large negative 

constant term. 

Summary of the Multi-Logit Results 

Education is the most significant variable. Its T-statistic is 

significant at the 99% level in five classes out of the eight reported 

in both versions. Education has its weakest effects in class 3 where 

significance is only at the 80% level. IQ is less significant than 

education. The results for IQ are consistent with those of Griliches 

and Mason (1972). Age is significant for class 2. This may be due to 

peculiarities of the sample. Variation in age is limited. Rotter 

score is a better predictor than weight/height index. The version 

where Rotter score is used instead of weight/height index has a larger 

percent correctly predicted. On the negative side, the significance of 

Rotter score varies, and its coefficients are not always of the ex

pected sign pattern. On the whole, height and weight/height index do 

not contribute much. With the exception of Rotter score as noted above, 

the general pattern of the results is consistent with that from other 

empirical studies. 
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OLSQ Model 

This model is explained in detail in Chapter 3. The sample 

includes 940 white men divided into forty-seven groups of twenty. The 

independent variables are: a constant term, height (H), desired educa

tion (DE), age (AG), IQ, Rotter score, and actual education (ED). 

There are five income classes as before. One regression is performed 

for each income class, hence there are five regressions in all. There 

are seven coefficients to be estimated for each class, hence thirty-

five coefficients in all. These parameters are used to obtain r's and 

eventually p's as in Chapter 3. Recall that this model presents two 

troublesome features. 

1. Estimated probabilities cannot be tested by using 

T-statistics in the conventional way. 

2. Partial derivatives for each independent variable depend on 

all estimated coefficients and on all r's. It is best to think in 

terms of change in relative probabilities. 

Some results are shown in Tables 4-7 and 4-8. Table 4-8 

shows natural class pairs as before. A class by class analysis of the 

results follows. 

Class 1 

2 
For class 1, the overall picture is about as expected. The R 

is low as anticipated from other studies (Mincer 1976). The smaller 

2 
corrected R indicates that some variables are not contributing much. 

The coefficient for height is insignificantly positive. (Recall that 
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Table 4-7. Results from the OLSQ Model 

Variable Coefficient T-statistic Mean 

Class 1^ 

Constant term .51618 .671 1 

H .00096 .088 70.84 

DE -.02419 -2.99 13.37 

AG .00333 .225 21.09 

IQ -.00119 .515 105.06 

RO -.01128 01.04 21.57 

ED .01 .562 13.71 

Class 2^ 

Constant term 1.248 1.39 

H -.001 .085 

DE -.0164 -1.75 

AG -.0033 -.195 

IQ -.0011 -.421 

RO -.019 -1.51 

ED -,0148 -.706 

Class 3^^ 

Constant Term .3583 .230 

H -.00053 -.024 

DE .0292 1.78 

AG -.037 -1.23 

IQ -.00098 -.210 



Table 4-7. Continued 

Variable Coefficient T-statistic 

RO .0425 1.94 

ED -.0196 -.537 

Class 4^^ 

Constant teirm -.10419 -.930 

H -.009 -.567 

DE .01325 1.12 

AG .01558 .724 

IQ .0049 1.47 

RO -.00129 .082 

ED -.002242 -.084 

Class 5^ 

Constant term -1.099 -1.81 

H .0104 1.21 

DE -.0024 .379 

AG .01897 1.63 

RO -.00823 -.968 

ED .02931 2.06 

- R2 = .238 2 Corrected R = .124 Variance = .0039 

^ R2 = .232 
2 Corrected R = .117 Variance = .0053 

n
 

K
)
 

II .149 
2 

Corrected R = .021 Variance = .016 

^ R2 = .118 
2 Corrected R = -.014 Variance = .008 

^ R2 = .198 
2 

Corrected R = .007 Variance = .002 
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Table 4-8. Natural Results for Selected Variables 

Variable Class Pairs 

DE (1,3), (1,4), (2,3), (2,4) 

IQ (1,4), (2,4) 

RO (3,4), (3,5) 

ED (2,5), (3,5), (4,5) 



T-statistics are a guide to the significance of the coefficients in 

Table 4-7, but not to the probabilities that are eventually esti

mated.) The class 1 coefficient for the Rotter score is significant at 

the 80% level but is not positive as expected. (Remember that a high 

score is supposed to indicate a person who feels he has little control 

over his life.) Class 1 is not included in any of the natural pairs 

in Table 4-8. IQ has slightly more importance in class 1 than antic

ipated from Griliches and Mason (1972). Classes 1 and 4 form a natural 

pair in Table 4-8. The ED and DE coefficients suggest some difficul

ties. The DE coefficient for class 1 is significant at the 99% level 

and forms natural pairs with classes 3 and 4. The ED coefficient for 

class 1 is insignificant and does not form any natural pairs. There 

are two explanations for this curious result. 

1. Multi-collinearity among ED, DE, and IQ. From separate 

2 2 
tests, the R between ED and DE is .309, and the R between ED and IQ 

2 
is .47. Both of these numbers are larger than the .238 overall R for 

class 1. Multi-collinearity does seem to be a problem. 

2. Individuals who spend more time in school, spend less time 

working. The negative effect of education on experience more than off

sets than the advantages of the extra education. Note that thJ;s argu

ment is particularly applicable to a young cohort like this one. In 

an older group, the long run advantages of education may dominate, even 

with multi-collinearity. Explanation (2) could be tested by control

ling for experience. 



Class 2 

The results for class 2 are as anticipated. Height and age are 

2 
insignificant so it is not surprising that the corrected R is low once 

again. The significance for age in class 2 found in the multi-logit 

model is not duplicated here. IQ apparently has the expected minor 

effect—(2,4) is a pair in Table 4-2. Of course with multi-collinear-

ity the effect of IQ is not isolated. The results for the Rotter test 

is perverse again. Class 2 is not in any of the natural pairs in 

Table 4-2. The ED coefficient has the expected relationship with the 

ED coefficient for class 5, but the previous remarks on multi-

collinearity still hold. 

Classes Three, Four, and Five 

2 
Class 3 is the largest class, and the R here is noticeably 

lower than for the first two classes. This is similar to the results 

2 
for class 3 in the multi-logit model. In class 4 the overall R 

reaches its minimum. ED is insignificant but the increase in the IQ 

coefficient, and multi-collinearity, make it possible that IQ is being 

credited for significance better attributed to education. In class 5, 

the over $30,000 class, height and age make noticeable contributions. 

Being taller and closer to the maximum age of thirty-three in 1975 

typically increase the probability of falling in the highest income 

class. IQ, unexpectedly, has a negative coefficient. Class 5 is not 

included in any natural pairs. For the first time, ED has a larger 

T-statistic than DE has. The Rotter test contributes more than in the 



other classes, and its coefficient forms a natural pair with class 3. 

2 
The overall R is markedly higher than for class 3 and 4. 

Probabilities are constructed by the method described in Chap

ter 3. Table 4-9 shows the results for twenty individuals. Note the 

large probabilities assigned to class 1. An interesting way to test 

these probabilities is the following bookmaking test. 

A Bookmaking Test 

Suppose a gambling house offers wagers as follows. An individ

ual is presented, and players can bet that his income falls in, or does 

not fall in any or all of the five income classes. The house bases its 

odds for each class on the percentage of the total sample that the 

class contains. For example 10.2% of the sample is in class 1. A 

player can bet that an individual falls in class 1, and receive odds 

of 8.8 to 1 (see Table 4-10); or a player can bet that the individual 

does not fall in class 1, and give odds of 8.8 to 1. As a test of the 

OLSQ model, probabilities p, 's are constructed as in Chapter 3. If 

for an individual, t, Pj^^ is greater than or equal the percentage in 

class k then the OLSQ model bets that individual t lands in class k, 

and takes the corresponding odds. If p^^. is less than the percentage 

of the sample in class k then the model bets that the individual does 

not fall in class k, and gives odds. This test is carried out for 

three samples of 100 with the results shown in Table 4-11. It is not 

obvious what the probability distribution of the winnings is. It is 

not evident that it is proper to test the winnings with T-statistics. 
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Table 4-9. Probabilities from the OLSQ Model 

Class 1 Class 2 Class 3 Class 4 Class 5 

.29631E+00 

.36256E+00 

.56927E+00 

.29713E+00 

.34768E+00 

.35534E+00 

.37062E+00 

.42300E+00 

.40829E+00 

.34200E+00 

.57254E+00 

.40337E+00 

.37930E+00 

.40521E+00 

.30166E+00 

.30790E+00 

.35978E+00 

.36387E+00 

.39257E+00 

.35349E+00 

.14902E+00 

.14072E-01 

.30432E+00 

.95497E-01 

.37166E-01 

0 .  

.12018E+00 

.23408E+00 

.16765E+00 

.10456E+00 

.28904E+00 

.24641E+00 

,35226E+00 

.29142E+00 

.13561E+00 

.20455E+00 

.88031E-01 

.14753E+00 

.55B51E-01 

.75640E-01 

.34184E+00 

.43904E+00 

0 .  

.33889E+00 

.40257E+00 

.55015E+00 

.18215E+00 

.27061E+00 

.36506E+00 

.23914E+00 

0 .  

.19233E+00 

.13659E+00 

.91534E-01 

.25318E+00 

.16832E+00 

.25599E+00 

.16930E+00 

.46747E+00 

.37542E+00 

.21283E+00 

.16243E+00 

.42472E-01 

.26849E+00 

.20158E+00 

.75054E-01 

.17719E+00 

.52127E-01 

.59004E-01 

.23364E+00 

.83032E-01 

.13189E+00 

.12688E+00 

.12977E+00 

.28271E+00 

.31922E+00 

.224523+00 

.17305E+00 

.73289E-01 

.12612E+00 

0 .  

.21905E-01 

.83940E-01 

0 .  

.llOOOE-01 

.19462E-01 

.14985E+00 

.20178E-01 

0 .  

.80655E-01 

.55389E-01 

.25999E-01 

.49647E-02 

.82059E-01 

.26843E-01 

0 .  

.71682E-01 

.14625E+00 

.10816E-01 

.69339E-01 
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Table 4-10. Percentages and Odds 

Percentages Odds Against 

Class 1 10.2 8.8 

Class 2 14.5 5.8 

Class 3 47.5 1.1 

Class 4 22.2 3.5 

Class 5 5.4 17.5 



Table 4-11. Results of Bookmaking Test 

Number of 
Wins Losses Wins Losses Winnings 
Taking Taking Giving Giving Per 
Odds Odds Odds Odds Class 

Experiment I 

Class 1 12 88 

Class 2 5 31 

Class 3 23 15 

Class 4 2 7 

Class 5 2 36 

Experiment II 

Class 19 91 

Class 2 3 25 

Class 3 9 5 

Class 4 8 11 

Class 5 4 29 

Experiment III 

Class 15 95 

Class 2 5 27 

Class 3 7 6 

Class 4 8 11 

Class 5 7 33 

0 0 17.64 

57 6 26.00 

28 34 .84 

77 14 27.94 

61 1 42.51 

Total Winnings 114.95 

0 0 -11.76 

63 9 2.62 

36 50 -14.31 

73 8 62.00 

67 0 108.07 

Total Winnings 146.61 

0 0 -50.98 

60 8 15.31 

54 33 19.26 

57 24 -10.07 

57 3 94.07 

Total Winnings 67.59 
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The OLSQ model does win in the total winnings category in each 

experiment. The model wins in every class in experiment I, and loses 

in class 1 and 3 in experiments II and III. The results for class 1 

are really the worst. The model yields high estimates of the probabil

ity of falling in class 1, and bets on this class every time. This 

strategy breaks even in the long run but makes no significant use of 

the data. The poor results for class 3 are not surprising in light of 

2 
the low R for the estimation of and the results of the multi-logit 

model. The relatively good results for class 4, on the other hand, 

2 
are not predicted by the R shown in Table 4-8. The situation is bet

ter for class 2. The model wins money on this class every time, and 

varies its bets depending on the data. The model does best for class 

5, winning all three times. The bets respond to individual data. For 

instance, the number of bets against class 5 varies from sixty in ex

periment III, to sixty-seven in experiment I. 

DE vs. ED 

To compare the significance of these variables, two OLSQ models 

were tested. The ED model includes ED, excludes DE, and contains all 

the other independent variables used before. Similarly the DE model 

includes DE, excludes ED, and includes all the others. The DE model 

2 
has the higher R for classes 1 through 4. The ED model has the higher 

2 
R for class 5—.195 vs. .112. To get a better comparison, bookmaking 

tests are tried for both of these models (see Table 4-12 and Table 

4-13). The DE model breaks down. It consistently bets on class 3, and 
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Table 4-12. Results of Bookmaking Test for ED Model 

Number of 
Wins Losses Wins Losses Winnings 
Taking Taking Giving Giving Per 
Odds Odds Odds Odds Class 

Experiment I 

Class 1 12 88 

Class 2 6 36 

Class 3 5 4 

Class 4 5 11 

Class 5 2 40 

Experiment II 

Class 19 91 

Class 2 3 23 

Class 3 35 16 

Class 4 5 9 

Class 5 3 27 

Experiment III 

Class 15 95 

Class 2 6 27 

Class 3 20 30 

Class 4 3 6 

Class 5 -6 31 

0 0 17.64 

52 6 16.00 

39 52 -16.94 

73 11 40.97 

57 1 34.51 

Total Winnings 92.19 

0 0 -11.76 

65 9 6.62 

25 24 21.15 

75 11 44.97 

69 1 77.03 

Total Winnings 138.02 

0 0 -50.98 

60 7 27.10 

30 20 0 

62 29 -35.11 

59 4 63.03 

Total Winnings 40.43 



Table '4-13. Results of Bookmaking Experiment for DE Model 
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Number of 
Wins Losses Wins Losses Winnings 
Taking Taking Giving Giving Per 
Odds Odds Odds Odds Class 

Experiment I 

Class 10 0 

Class 2 0 0 

Class 3 57 43 

Class 4 0 0 

Class 5 0 0 

88 12 -17.64 

88 12 17.24 

0 0 20.00 

84 16 27.92 

97 3 44.44 
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consistently bets against all the other classes. The DE model comes 

out even in the long run, but, in essence, makes no use of the data. 

The ED model does better, with positive total winnings in each exper

iment. The model with all variables (see Table 4-13) does better than 

the ED model, having larger total winnings in each experiment. Appar

ently, then, ED is a better predictor than DE, but DE does have some 

slight independent usefulness. 

The Zero DE Group 

As mentioned before, this group is worthy of special study. 

Seventy-one individuals claimed that their parents did not want them to 

have any education whatsoever. This group's income classes are re

gressed on ED, IQ, and RO. The results are interesting. 

1. The average income class for this group is 2.54 vs. 2.93 

for the whole sample. 

2. The average ED is 13.07 vs. 13.71 for the whole sample. 

2 
3. The R is .04. The coefficient for the constant tem—here 

interpreted as zero DE—is the only one of significance, and nearly 

fifty times the magnitude of the coefficient for ED. 

4. The coefficient for ED is -.02057 and has a T-statistic of 

-.329. The ED coefficient for a regression of income class using the 

whole sample is .04246 and has a T-statistic of 1.23. 

5. The variation in ED is as much as for the whole sample. 

Individuals with a zero DE have anjrwhere from eight to eighteen years 

of actual education. 



The following conclusions seem reasonable. 

1. The zero DE group is aberrant and worthy of further study. 

2. The results are not favorable to the capacity view. In

creased actual education should have a positive effect on income class 

regardless of DE. This prediction is not borne out in the zero DE 

group. The idea in Griliches (1976) that four extra years of education 

can overcome deficiencies in other areas is not valid for the zero DE 

group. The coefficient for ED—as noted above—is miniscule for these 

individuals. 

3. If the individuals who claimed their parents did not want 

them to have any education are hostile then hostility appears to have 

a negative effect on them. 



CHAPTER 5 

ESTIMATION OF TRANSITION PROBABILITIES 

In this chapter, a new classification of income is used and 

transition probabilities are estimated by a multi-nomial logit model 

and an OLSQ model as explained in Chapter 3. These studies are based 

on data for 752 individuals who reported incomes for 1973 and 1975. To 

repeat, the three income classes are, in 1975 dollars: 

0-11,900; 

11,900-19,900; 

above 19,900. 

Mean income was 14,834 in 1973 and 16,596 in 1975. 

Two general features of the data are worth noting before analyz

ing the results of the studies: mobility from classes, and the pattern 

of the independent variables. 

Mobility from Classes 

Table 5-1 shows the percentage transitions from class to class. 

As expected, the percentage remaining in each class was larger than the 

percentage leaving. In spite of this, the tendency for mobility is 

striking. More than a third of each class' occupants moved to a differ

ent class. In particular, there was no barrier to exit from class 1 

and no barrier to the entrance of class 3, Over 35% of class I's occu

pants and 21% of class 2's moved up. Furthermore, being in class 3 in 

75 



Table 5-1. ' Transition Percentages 

76 

To Class 1 To Class 2 To Class 3 

From Class 1 

From Class 2 

From Class 3 

.6432 

.2122 

.0714 

.3165 

.5691 

,2857 

.0402 

.2186 

.6428 

1973 did not guarantee being there two years later. More than 35% of 

class 3's occupants fell to a lower class. 

There are two apparent explanations for this mobility. 

1. The cohort is young;its behavior is volatile. Young men 

leave school and get jobs, quit low paying jobs for more lucrative 

occupations, etc. 

2. Economic conditions from 1973 to 1975 were unsettled. It 

would be interesting to compare the mobility of this cohort with the 

mobility of a similar group from 1963 to 1965, a comparatively stable 

period. 

Pattern of Independent Variables 

The independent variable used in estimating transition prob

abilities are a constant term, desired education (DE), IQ, Rotter score 

(RO), and actual education (ED). Height and the weight/height index 

were dropped for lack of significance. Age was dropped for lack of 

variation. In the OLSQ model, the average ages of the groups of twenty 

vary by a maximum of less than 5%. Table 5-2 shows the average of each 
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Table 5-2. Averages of Independent Variables 

Class 1 Class 2 Class 3 

DE 12.93 13.46 13.91 

IQ 101.6 103.3 107 

RO 21.84 21.61 20.94 

ED 13.45 13.41 14.63 

independent variable for each income class in 1973. The striking thing 

is that the averages have the expected pattern. With the single excep

tion of LD from class 1 to class 2, the independent variables increase 

or decrease as expected from class to class. This is an improvement 

over the situation in Chapter 4 where numerous coefficients do not form 

natural pairs. It is a plausible conjecture that the improvement is 

due to the broadening of income classes. IQ and the Rotter score, for 

instance, may not exhibit the anticipated effects when classes are 

finely partitioned, but may still affect income as anticipated in a 

cruder classification scheme. 

Results of the Multi-Nomial Logit Model 

Samples are taken from the income classes in 1973. The results 

are shown in Tables 5-3 through 5-11. Results include estimated coef

ficients, T-statistics, and natural pairs as before. 
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Table 5-3. Coefficients for Transitions from Class 1* 

Class 1 Class 2 Class 3 

Constant Term 5.211 5.781 -10.992 

DE -.02009 -.0545 .07459 

IQ -.01674 -.02379 .04053 

RO .04704 .02692 -.07396 

ED .02992 .08429 -.11421 

* Auxiliary Statistics; 
ratio, 52.06. 

percent correctly predicted, 51; likelihood 

Table 5-4. T-statistics for Class 1 

Class 1 Class 2 

Constant Term 1.12 1.22 

DE - .311 - .839 

IQ -1.01 -1.34 

RO 1,30 .719 

ED .291 .796 
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Table 5-5. Natural Pairs for Class 1 

DE (1,3), (2,3) 

IQ (1,3), (2,3) 

RO (1,3), (2,3) 

ED none 

Table 5-6. Coefficients for Transitions from Class 2* 

Class 1 Class 2 Class 3 

Constant Term 6.623 2.803 -9.426 

DE -.0464 -.04689 .09329 

IQ -.03988 .00017 .03971 

RO .03709 .01139 -.04848 

ED .008569 .1248 -.133369 

* Auxiliary Statistics: 
ratio, 53.63. 

percent correctly predicted. 65; likelihood 
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Table 5-7. T-statistics for Class 2 

Class 1 Class 2 

Constant Term 1.6A0 .8470 

DE - .7870 .941 

IQ -2.03 .011 

RO .947 ,390 

ED .078 1.51 

Table 5-8. Natural Pairs for Class 2 

DE (1,3), (2,3) 

IQ (1,2), (1,3) 

RO (1,3), (2,3) 

ED none 



Table 5-9. Coefficients for Transitions from Class 3* 
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Class 1 Class 2 Class 3 

Constant Term 8.907 .1353 -9.042 

DE -.08319 .02887 .05432 

IQ .01476 -.01223 -.00253 

RO -.1094 .0937 .0157 

ED -.4144 .1625 .2519 

" Auxiliary Statistics: 
ratio, 76.48. 

percent correctly predicted. 71; likelihood 

Table 5-10. T-statistics for Class 3 

Class 1 Class 2 

Constant Term 1.63 .058 

DE -1.76 .776 

IQ .027 .019 

RO -1.52 2.12 

ED -1.90 1.23 



Table 5-11. Natural Pairs for Class 3 

82 

DE (1,2), (1,3) 

IQ none 

RO none 

ED (1,2), (1,3) 
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Transitions from Class 1 to Class 1 

Rotter score is the most significant variable, and forms 

natural pairs with classes 2 and 3. IQ has its normal marginal signif

icance; education does not appear significant but multi-colinearity 

could be disguising its effect, as usual. The discouraging thing is 

that ED is not included in any natural pairs. Desired education is not 

significant. 

Transitions from Class 1 to Class 2 

IQ has the largest T-statistic, and forms a natural pair with 

class 3. The other independent variables are of marginal significance. 

Note once again that education is not included in any natural pairs. 

Transitions from Class 1 to Class 3 

This transition is rare. Only four percent of the whole sample 

moved from class 1 to class 3. The maximum likelihood procedure re

sponds by assigning a large negative coefficient to the constant term 

so that the probability of this transition is put near zero. All the 

independent variables except ED have class 3 included in natural pairs. 

Transitions from Class 2 to Class 1 

IQ seems to be the strongest predictor, and forms natural pairs 

for classes 2 and 3. Increased IQ makes transitions from class 2 to 

class 1 less probable. (The usual warning about multi-collinearity 

still applies, of course.) Education has a notably low T-statistic. 
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Transitions from Class 2 to Class 2 

Here, IQ becomes insignificant and education has a reasonable 

T-statistic. The class pair (1,2) can be counted as natural. If ed

ucation rises then the probability of moving from class 2 to class 2 

increases relative to the probability of moving from class 2 to class 1. 

Transitions from Class 2 to Class 3 

This transition is common, and the lack of T-statistics is 

disappointing. Extrapolating from the other results, it appears that 

ED is the most significant variable with an absolute T-statistic close 

to two. Surprisingly, ED has a negative coefficient. 

Transitions from Class 3 to Class 1 

DE and ED have moderate-sized coefficients that form natural 

pairs with class 2. The coefficient for the Rotter score does not have 

the expected positive sign. RO is not in any natural pairs. IQ is not 

significant. 

Transitions from Class 3 to Class 2 

Rotter score has the largest T-statistic, ED is the second 

most significant variable. IQ is insignificant, and is included in no 

natural pairs for transitions from class 3. 

Transitions from Class 3 to Class 3 

ED has a large positive coefficient, and the coefficients of 

IQ and RO are less than for the last transition. Apparently ED is the 
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most significant variable. Increased education seems to have a 

positive effect on the probability of remaining in class 3. 

Summary of the Multi-Logit Model 

Education does not dominate in this study. No independent 

variable is really dominant. Different variables are the most signif

icant for different transitions. The benefits expected from the pat

tern of independent variables (see Table 5-2) do not materialize. In 

particular, education does not always have the expected sign pattern. 

Results from OLSQ Model 

Tables 5-12 through 5-17 show the results from the OLSQ model. 

Once again, the T-statistics reported are not applicable in the usual 

way to test for significance of the estimated probabilities. 

Transitions from Class 1 

2 
The R 's for transitions from class 1 are substantially larger 

2 
than the corrected R 's after the deletion of height, age, and the 

weight/height index. There are still independent variables that do not 

contribute much. The pattern for class 1 is that one or two indepen

dent variables make modest contributions, and the others are insignif

icant . 

It is worth noting that the data for transitions from class 1 

to class 3 are scanty. Only eight individuals actually made this 

transition. Table 5-13 shows natural pairs for transitions from class 

1. Every Independent variable has the maximum possible number of 
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Table 5-12. Transitions from Class 1 

Coefficient T-statistic 

To Class 1^ 

Constant 2.342 .722 

DE -,0299 -.566 

IQ -.004 .244 

RO .082 1.02 

ED -.198 -1.01 

To Class 2^ 

Constant -1.06 -.28 

DE -.014 -.237 

IQ -.026 -1.26 

RO -.0053 1 o
 

ED .328 1.42 

To Class 3^^ 

Constant -.028 -.03 

DE .003 .269 

IQ .0047 1.06 

RO -.029 -1.49 

ED .015 .308 

® = .51 Corrected R^ = .117 

^ R^ = .426 Corrected R^ = .03 

R^ = .486 Corrected R^ = .076 



Table 5-13. Natural Pairs for Transitions from Class 1 
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Variable Class Pairs 

DE (1,3), (2,3) 

IQ (1,3), (2,3) 

RO (1,2), (1,3) 

ED (1,2), (1,3) 
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Table 5-lA. Transitions from Class 2 

Coefficient T-statistic 

To Class 1" 

Constant 

DE 

IQ 

RO 

ED 

To Class 2^ 

Constant 

DE 

IQ 

RO 

ED 

To Class 3^ 

Constant 

DE 

IQ 

RO 

ED 

.181 

-.17 

-.0115 

.147 

.023 

1 .62  

.1348 

-.005 

-.113 

.013 

- .806 

.035 

.016 

-.033 

-.037 

.167 

-3.17 

-.887 

5.48 

.315 

1.05 

1.75 

- . 28  

-2.96 

.124 

-1.00 

.888 

1.73 

-1.69 

-.665 

^ r2 = .779 

^ R^ = .447 

^ R^ = .479 

Corrected R = .716 

Corrected R = .290 

Corrected R = .330 
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Table 5-15. Natural Pairs for Transitions from Class 2 

Variable Class Pairs 

DE (1,2), (1,3) 

IQ (1,3), (2,3) 

RO (1,3), (2,3) 

ED none 
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Table 5-16. Transitions from Class 3 

Coefficient T-statistic 

To Class 1^ 

Constant .038 .099 

DE -.0267 -3,36 

IQ .0051 1.52 

RO -.0008 .074 

ED -.010 -.511 

To Class 2^ 

Constant -3.02 -3.87 

DE .002 .138 

IQ .0026 .382 

RO .049 2.23 

ED .130 3.25 

To Class 3^^ 

Constant 3.985 5.27 

DE .024 1.59 

IQ -.0078 -1.18 

RO -.048 -2.26 

ED -.12 -3.10 

^ = .771 Corrected R^ = .588 

^ R^ = .859 Corrected R^ = .747 

R^ = .869 Corrected R^ = .763 



Table 5-17. Natural Pairs for Transitions from Class 3 
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Variable Class Pairs 

DE (1,2), (1,3) 

IQ none 

RO (2,3) 

ED (1,3) 
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natural pairs. This is consistent with the general pattern of 

independent variables mentioned before. 

Transitions from Class 2 

2 
The R 's for transitions from class 2 are surprisingly large, 

2 
and the decrease in passing to corrected R 's is less than for transi

tions from class 1. Rotter score makes a significant contribution in 

every class, and is included in two natural pairs. Using broader 

classes definitely seems to increase the significance of Rotter score. 

IQ makes a significant contribution only for transitions to class 3, 

the class in which DE has its lowest significance. The results for 

education are poor. ED has very little significance, and is not in

cluded in any natural pairs. All the other variables are included in 

as many natural pairs as possible (see Table 5-15). 

Transitions from Class 3 

2 
The R 's for transitions from class 3 are higher than expected. 

ED is important for transitions to classes 2 and 3, but has the wrong 

sign pattern for these classes. One explanation for this is that in 

the period 1973 to 1975 there was an aberrant tendency for education to 

have an adverse effect on income. The Rotter test is significant for 

classes 2 and 3, and classes 3 and 1 form a natural pair. The effects 

of IQ are small and the coefficients form no natural pairs. 

Bookmaking Test 

2 
As before, R 's and T-statistics are not reliable guides. A 

bookmaking test is an important source of additional information. 



Tables 5-18 through 5-21 show the results for three groups of fifty 

individuals. These groups were in the respective income classes in 

1973. The results are better than the corresponding results in Chap

ter A—at least in the following sense. Total winnings for all the 

three groups of one hundred in Chapter 4 (see Table 4-11) are 114.95; 

146.61; and 67.59. Hence the total for all 1500 bets is 329.15 for an 

average winning per bet of .219. The corresponding figure computed 

from Tables 5-19 through 5-21 is .334. Another comparison is the fre

quency of degenerate betting. Recall from Chapter 4 that the OLSQ 

model there, bets on class 1 consistently. This is undesirable since 

no use is made of the data. No such complete degeneracy occurs in 

Table 5-19 through 5-21. The closest approximation is the betting on 

transitions from class 3 to class 1. The OLSQ model bets against this 

move forty-nine times out of fifty. Such betting is not unreasonable 

since this transition is so infrequent. Apparently then, the results 

for transition probabilities for broader classes are stronger than the 

results for long run probabilities in a finer classification of income-

at least for the OLSQ model. This is roughly consistent with maze 

model A from Chapter 2. In that model, no distinction is made among 

incomes inside a given class. If, in two time periods, an individual 

winds up in two different maze positions in the same income class then 

the model makes no distinction between the incomes he receives. With 

this idea in mind, it appears too optimistic to expect strong correla

tions between income and individual characteristics. Variation of in

come within classes is still random. 



Table 5-18. Odds for Bookmaking Test 
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Class 1 

Class 2 

Class 3 

Odds Against 

2.83 to 1 

1.25 to 1 

2.47 to 1 

Table 5-19. Bookmaking Test for Class 1 

Transition to 

Numbers of Class 1 Class 2 Class 3 

Wins Taking Odds 16 7 2 

Losses Taking Odds 16 9 8 

Wins Giving Odds 10 21 36 

Losses Giving Odds 8 13 4 

Winnings 16.65 4.56 23.56 

Total Winnings: 44.16 
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Table 5-20. Bookmaking Test for Class 2 

Numbers of Class 1 

Transition to 

Class 2 Class 3 

Wins Taking Odds 7 14 4 

Losses Taking Odds 24 12 7 

Wins Giving Odds 16 8 33 

Losses Giving Odds 3 16 6 

Winnings 3.32 -6.51 21.05 

Total Winnings: 17. 86 

Table 5-21. Bookmaking Test for Class 3 

Number of Class 1 

Transition to 

Class 2 Class 3 

Wins Taking Odds 0 1 31 

Losses Taking Odds 1 15 9 

Wins Giving Odds A5 29 1 

Losses Giving Odds 4 5 9 

Winnings 32.67 8.97 46.38 

Total Winnings: 88. 03 
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Unfortunately, the observed mobility among income classes does 

not support the multi-period versions of maze model A and distance 

model A. Individuals are expected to remain in their original classes. 

The following modifications of these models seem worth considering. 

1. Abandon the stress on permanent characteristics. Adopt a 

time dependent structure instead. 

2. Let the income class scheme vary over time. For instance, 

in distance model A, replace w with w(t)—a reward scheme that varies 

with time. 

The Zero DE Group 

Sixty individuals with zero DE's reported incomes for 1973 and 

1975. Nineteen were in class 1 in 1973, twenty-five were in class 2, 

and sixteen fell in class 3. The changes in their income class were 

regressed on IQ, RO, and ED with the results shown in Table 5-22. The 

dependent variable is income class in 1975 minus income class in 1973. 

Heteroscedasticity is a problem. Consider transitions from class 1, 

for instance. Most of these are either zero or one, a situation which 

leads to heteroscedasticity. Note that this does not bias the esti

mated coefficients. 

The results are not as strong as the corresponding ones in 

2 
Chapter A, but a similar pattern appears. The R 's are lower than the 

ones for the f's in the transition probability experiment. IQ and the 

constant tern—zero DE—account for most of the contribution in the 

lowest two classes. Education has an insignificant negative coefficient 
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Table 5-22. Results for Zero DE Group 

Coefficient T-statistic Mean 

0 
From Class 1 

DE = Constant 

00 1 -.637 

IQ .014 1.51 101.6 

RO .001 .076 21.57 

ED -.029 -.416 13.15 

From Class 2 

DE = Constant -1.77 -1.37 

IQ .021 1.13 99 

RO -.018 -.636 21.44 

ED .0057 .046 12.2 

From Class 3*^ 

DE = Constant -3.62 -1.60 

IQ .0064 .368 104.1 

RO -.006 -.134 21.06 

ED .168 1.75 13.93 

^ = .14 Corrected R^ = -.033 

^ R^ = .106 Corrected R^ = -.022 

R^ = .314 Corrected R^ = .143 



in class 1, and an insignificant positive coefficient in class 2. 

Glass 3 breaks the pattern. The ED coefficnet is positive, and has a 

larger T-statistic than the DE coefficient. It appears from this ex

periment that education is a significant positive factor for zero DE 

individuals in the highest income class. On the other hand, individ

uals with zero DE's who began in classes 1 and 2 are not significantly 

helped by education. In fact, to the extent education affects transi

tions from class 1, its effect is negative. It is, of course, going 

too far to say that these results refute the claim of Griliches (1976) 

that extra education can be relied upon to overcome handicaps in other 

areas. Heteroscedasticity is a problem, and the sample sizes are very 

small. (The variation in ED is as much as for the whole sample 

through—from nine years to eighteen years.) It ̂  fair to suspect 

that zero DE individuals consistute an aberrant group. It may be that 

they have a hostile attitude which makes them less susceptible to the 

helpful effects of education. 



CHAPTER 6 

SUMMARY AND CONCLUSIONS 

Eigen-stochastic theories have advantages over conventional 

stochastic theories of income (Champernowne 1953 and Mandelbrot 1960). 

Conventional stochastic theories are mechanical. They analyze income 

movements solely in terms of income class and time period. Various 

authors have commented on these shortcomings (Mincer 1970, Shorrocks 

1976, and Brown 1976). Eigen-stochastic theories characterize individ

ual income probabilisticially and base these characterizations on con

sideration of human behavior. The researcher's task is to build 

stochastic mathematical models from the concept of an individual's 

struggle for income. In the Eigen-stochastic approach, probability is 

not equated with chance. Instead, the probability that an individual's 

income falls in a certain class is systematically related to the char

acteristics of that individual. Some elementary Eigen-stochastic the

ories are presented in Chapter 2. Their economic motivation represents 

an improvement over the mechanical emphasis of conventional stochastic 

models. Furthermore, the theories presented in Chapter 2 give only a 

hint of the interesting systems capable of being constructed. Some 

possibilities for further study are: 

1. A multi-nomial maze model in which an individual's maze 

position can decline. 

99 
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2. A maze or distance model with a reward classification 

scheme that depends on income class, maze position, or external fac

tors such as occupation. 

3. A model with individual characteristics that depend on 

the individual's history. 

In general, Eigen-stochastic models are more complex than con

ventional stochastic models and deterministic models. Note that dis

tance model A, for example, involves dual random variables. 

Deterministic models—the human capital theory, for instance—relate 

income directly to other variables. There are no probability distribu

tions, and no complicated schemes for constructing one random variable 

from another. 

This extra complexity is also present in empirical work. Esti

mation of probabilities may require more data than conventional 

estimation requires. This problem is illustrated in the OLSQ study 

reported in Chapter 5. The number of income classes had to be reduced 

from five to three to yield sufficient data. There are other problems 

for statistical work, in particular: 

2 
1. T-statistics and R 's may not be applicable in the usual 

way. The OLSQ model illustrates this. Raw estimates are transformed 

into probabilities in a way that makes conventional techniques inappro

priate. 

2. The standard practice of asking if the coefficients have the 

expected signs is not always appropriate. The effect of a change in an 



independent variable depends on all coefficients. This is illustrated 

in both the OLSQ model and the multi-nomial logit model. 

3. Heteroscedasticity is a problem in some applications. The 

experiment with the zero DE group in Chapter 5 illustrates this. (It 

should be noted that heteroscedasticity stems from the use of classes 

as the dependent variable. Probabilistic theorizing is not the princi

pal source of the problem.) 

These deficiencies can be partly overcome by using the multi

nomial logit model. This model avoids heteroscedasticity and yields 

estimators that are testable by T-statistics (McFadden 1975). Other 

properties of the model remain to be discovered. For Instance, it is 

not clear whether the sample's likelihood function is larger for the 

estimates obtained from the multi-logit model or for the estimates ob

tained from the OLSQ model. It would be interesting to develop a cat

alogue of methods for the estimation of stochastic parameters, and to 

devise techniques for comparing these methods. 

Empirical Conclusions 

1. Education is the most significant independent variable. 

This finding is consistent with earlier studies (Griliches and Mason 

1972 and Griliches 1976). The significance of education may be ex

plained by the capacity view or by the indicative view as discvissed in 

Chapter 3. 

2. Height and weight/height index are not significant. It 

would be interesting to try other physical characteristics. 
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3. The results for Rotter score are spotty. Its coefficients 

have the wrong sign pattern sometimes. The studies here do not dupli

cate the success of Rotter score in Andrisani (1977). This may be due 

to the fact that Andrisani (1977) uses hourly earnings, not total in

come . 

4. The variation in age in this NLS cohort is not sufficient 

for definite empirical results. 

5. IQ is of minor significance as expected from Griliches and 

Mason (1972) and Griliches (1976). The youth of the NLS cohort makes 

its impossible to test the claim in Lillard (1977) that IQ is signif

icant for men over thirty-five. 

6. The zero DE group is interesting. Recall from Chapters 4 

and 5 that members of this group have lower than average incomes, and 

that mitigating factors—particularly increased education—have much 

less helpful effect than in the sample as a whole. 

7. The OLSQ transition probability study in Chapter 5 yields 

better results than the OLSQ long run probability study in Chapter 4. 

This can be seen in the bookmaking tests. The coefficients from Chap

ter 5 win more money per bet. Also, the OLSQ model from Chapter 4 

degenerates in class 1. The model bets on this class every time and 

makes no use of the data. The model in Chapter 5 does not degenerate 

in this way. The likely explanation for the superior results in Chap

ter 5 is that broader classes were used in the OLSQ transition probabil

ity experiment. 
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Possibilities for Future Empirical Study 

1. It would be interesting to experiment with a variety of 

income class structures. With sufficient data, income classes could 

be based on combinations of goods available to the income recipients. 

2. It would be useful to study an older cohort. A long term 

average income could be used in place of income for a single year as 

in Chapter 4. 

3. Controlling for occupation is an interesting possibility. 

It may be that IQ, say, is more significant for individuals of the same 

occupation than for a sample drawn from various occupation categories. 

Bright lawyers or businessmen may have an advantage over their compet

itors. This advantage may not be apparent in the sample generally 

since even dull lawyers may have higher incomes than bright dish

washers. 

4. It would be interesting to try a measure of preference for 

leisure. This variable may be significant in the lower income classes. 

5. It would be interesting to develop a psychological test 

directed at the problem of predicting income. Such a test may or may 

not turn out to be as significant as education. Note that a person's 

education is indicative of his behavior over an extended period. Tests 

are completed in a short time; they do not reflect this typical behav

ior. 

6. It would be interesting to estimate the coefficients by 

other techniques and compare the various results. As mentioned before, 

the fact that the multi-nomial logit system yields efficient estimators 
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that are testable by T-statistics does not guarantee that the multi-

logit system is superior in other respects. In particular, it may not 

yield the largest likelihood function. 

7. The studies here emphasize psychological variables. IQ 

and Rotter score are included in all the empirical work. The results 

obtained could be compared with the results from models based on soci

ological characteristics—Duncan index, religion, parents' occupation, 

etc. 

Conclusion 

The Eigen-stochastic approach has potential for the study of 

income. The realization of this potential requires development at 

every level. Mathematical models, estimation techniques, psycholog

ical testing, and sources of data must be developed if the Eigen-

stochastic approach is to reach its full capacity. 
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