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ABSTRACT 

This dissertation consists of three essays in apphed microeconomics. The first 

essay investigates the effects of generic entry on post-patent price competition in the 

prescription drug market using NDC Health data on 18 oral solids that lost their 

patent sometime between February 1998 and 2002. I am able to characterize the 

impact of endogenous generic entry on branded and generic prices, conditional on 

payment type (i.e., cash. Medicaid, third party). Based on the findings in this 

paper, the overall, long-term impacts of the 1984 Drug Price Competition and Patent 

Term Restoration Act (Waxman-Hatch Act) are yet to be determined. 

The second essay develops a theoretical model of earnings where human capital is 

the central explanatory variable. The analysis and estimation strategy stems from 

the Mincerian simple schooling model. Human capital investments (i.e., schooling) 

are incorporated into a model based on individual wealth maximization. We utilize 

the conventional economic models of supply and demand to derive an optimal level 

of schooling function. Using the NLSY79, we stratify our sample into one-year work 

experience intervals for 1985-1989 to identify the "overtaking" cohort (i.e., the years 

of work experience at which an individual's observed earnings approximately equal 

what they would have been based on schoohng and abihty alone). We employ the 

AFQT score as an ability proxy and consider its possible endogeneity for several 

estimation strategies. 

The third essay attempts to address the bias inherent in the use of potential, 

as opposed to actual, work experience measures in human capital models. While 

such a proxy is often deemed reasonable for males, problems still exist—specifically, 

unemployment spells manifesting themselves as active job searches or withdrawal 

from the labor market. Presumably, such activities have different effects on one's work 

experience. Potential work experience measures also abstract away from employment 
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status, over-time work, moonlighting, and multiple-job holding. We employ actual 

work experience data from the NLSY79 and the PSID and extend our findings to a 

data set in which actual measures of work experience are not available—specifically, 

the IPUMS, with the creation of predicted work experience measures. 
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Chapter 1 

DISSERTATION INTRODUCTION 

This dissertation consists of three essays in apphed microeconomics. The first essay 

is in the area of apphed 10, specifically health/pharmaceutical economics, while the 

latter two span topics in labor economics. The first chapter investigates the effects of 

generic entry on post-patent price competition in the prescription drug market using 

data on 18 oral solids that lost their patent sometime between February 1998 and 

February 2002. This paper employs a new, updated, and improved unbalanced panel 

at one-month intervals to study such phenomenon. The dependent variable used 

in the two-way FE estimations is the real price per branded (generic) prescription. 

With this new data set, I am able to characterize the impact of generic entry on 

branded and generic prices, conditional on payment type (i.e., cash. Medicaid, third 

party). On average, I find an "effective patent life" of 8.4 years and 2.6 generics 

entering the market in the first month of competition. The endogeneity of generic 

entry is tested and confirmed for all branded price regressions and for a select few 

generic price regressions. Accounting for such details with the use of 2SLS, I find 

generic entry being associated with increases in the real branded prices (ranging from 

$1.78 to $3.45 or 2.2 percent to 3.7 percent) and decreases in the real generic price 

(ranging from $1.87 to $6.60 or 2.7 percent to 9.3 percent). Based on the findings in 

this paper, the overall, long-term impacts of the 1984 Drug Price Competition and 

Patent Term Restoration Act (Waxman-Hatch Act) are yet to be determined. 

The second essay develops a theoretical model of earnings where human capital is 

the central explanatory variable. The analysis and estimation strategy stems from 

the Mincerian (1974) simple schooling model. We incorporate human capital invest

ments (i.e., schooling) into a model based on individual wealth maximization. From 
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this model we can derive and utihze the conventional economic models of supply and 

demand. We used data collected from the National Longitudinal Survey of Youth 

1979 to stratify our sample into one-year work experience intervals for the years 1985-

1989 to identify the "overtaking" cohort (i.e., the years of work experience at which an 

individual's observed earnings approximately equal what they would have been based 

on his schooling and ability alone). We find that the "overtaking" year of work experi

ence occurs for individuals who have 13 full-time equivalent years of work experience, 

which is associated with an average 9.7 percent rate of return to the average optimal 

11.4 years of schoohng. Ultimately, we estimate an earnings transformation (produc

tion) function, a derived internal rate of return (demand) function, and a discounting 

rate of interest (supply) function to derive a reduced-form optimal level of schooling 

function for this "overtaking" cohort. Our estimation strategy employs the AFQT 

score as an ability proxy and also considers the possible endogenous nature of this 

variable (which we ultimately reject). This paper explores several estimation strate

gies including OLS, 2SLS, and Nonlinear Seemingly Unrelated Regressions/Nonhnear 

OLS. 

The third essay attempts to address the bias inherent in the use of potential, as 

opposed to actual, work experience measures in human capital models. A multitude 

of data sets are useful for various purposes, most however do not contain direct 

measures of one's actual work experience. Potential work experience, as measured 

by the time elapsed since leaving school is often employed instead. The use of such 

a proxy has become standard practice in labor economics. The problematic nature 

of such a proxy is well-known for females, but many assume that it is a reasonable 

measure of male work histories. There are however, still a few problems that exist— 

specifically, spells of unemployment that either manifest themselves in the form of 

active job searches while unemployed or withdrawal from the labor market. It would 

be unwise to assume that such different activities affect one's work experience in the 

same fashion. Furthermore, potential work experience measures abstract away from 
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employment status (full- or part-time), over-time work, moonlighting, and multiple-

job holding. This essay employs data collected from the NLSY79 and the PSID 

to address the bias that results from the use of such error-ridden work experience 

measures. The classical errors-in-variables framework is violated here because the 

measurement error does not have a mean of zero and is found to be correlated with 

actual measures of work experience. We investigate the extent to which this bias 

is systematically related to other variables and extend our findings to a data set in 

which actual measures of work experience are not available—specifically the IPUMS, 

with the creation of predicted work experience measures. Overall, the potential 

work experience measures tend to overstate the effects of schooling and understate 

the rates of return to labor market experience. Employing a predicted, as opposed 

to potential, measure of work experience leads to shght increases in the significance 

of the coefHcients and overall, better fits of the model. The mean absolute percent 

differences reveal a substantial reduction in the bias on the experience coefficients 

when our predicted measures are used for the female subset. 
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Chapter 2 

GENERIC ENTRY AND PRICE COMPETITION IN THE 
PRESCRIPTION DRUG MARKET—18 YEARS AFTER THE 

WAXMAN-HATCH ACT 

2.1 Introduction 

Health care, particularly the rising costs associated with it, is a topic that has 

received a great deal of attention (and criticism) from several different venues. One 

particular area that has received considerable attention is the price divergence that 

exists between branded and generic pharmaceuticals. In fact, The Wall Street Jour

nal recently ran a series of articles entitled, "Drug Prices—Why They Keep Soaring." 

This paper investigates similar phenomena. More specifically though, it looks at how 

generic entry affects price competition in the prescription drug market for select oral 

solids that were subjected to initial generic entry sometime between February 1998 

and February 2002. As a point of departure, this paper employs estimation strate

gies similar to those found in Frank and Salkever [28] but uses a new, updated, and 

improved data set with a higher frequency of observation to test the hypothesis that 

branded firms raise their price in response to generic entry. This paper makes use 

of payment type information (i.e., cash, Medicaid, third party) to explore issues of 

price discrimination and price elasticities and it provides the foundation for empirical 

tests of the market segmentation model which has been advocated in the literature 

to explain the apparent paradox between rising branded prices and generic entry. 

This paper is also intended to shed light on the long-term implications of the 

1984 Drug Price Competition and Patent Term Restoration Act (Waxman-Hatch 

Act). The Waxman-Hatch Act had two objectives; it was intended to simultaneously 

increase patent terms for newly patented drugs and to lower barriers to entry for 
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generic producers (after the branded patent expired). The consensus reached by most 

studies on this piece of legislation was that it was successful in encouraging generic 

entry and that it did help to restore some of the branded drug's "effective patent 

life^" that had been lost due to increased FDA regulatory review. As with good 

intentions, there were a few unintended consequences as well. In July of 2002, the 

FTC recommended legislative changes be made to the Waxman-Hatch Act specifically 

addressing two areas of potential abuse^ The New York Times subsequently ran 

an article addressing this matter and President Bush recently approved one such 

provision. 

This paper proceeds in the following manner: Section 2.2 provides the background 

and literature review. Section 2.3 provides the conceptual framework. Section 2.4 

discusses the data used in the analysis. Section 2.5 presents the results and Section 

2.6 discusses them. Finally, Section 2.7 concludes. A Bibliography, Appendix, and 

supporting Tables and Figures are provided at the paper's end. 

2.2 Background and Literature Review 

The pharmaceutical industry is an institutionally and structurally rich environment 

with a unique and fascinating legislative history. The following paragraphs briefly 

discuss some of the key historical events. 

drug's "effective patent life" is the time between FDA marketing approval and patent expi
ration (or initial generic entry). 

^The legislative changes (being) sought by the FTC in regards to the 1984 Waxman-Hatch Act 
address two such provisions that may be delaying generic entry in the pharmaceutical market. The 
first is the 30-month stay provision that allows a branded drug to be granted an additional 30 
months of exclusive marketing if a lawsuit is filed claiming that a generic has infringed upon its 
patent. According to The New York Times, there have been eight such instances. This past fall, 
President Bush approved a rule that grants only one automatic 30-month stay per drug, per generic 
entrant. The second provision that the FTC is hoping to amend is the 180-day marketing exclusivity. 
Under this provision the first generic manufacturer that submits an ANDA (Abbreviated New Drug 
Application) for a specific drug has the right to sell that drug exclusively for 180 days after it 
first enters the market. In certain instances, the branded and generic manufacturers have entered 
agreements where the branded firm buys this additional six months of exclusive marketing rights 
from the generic manufacturer which prevents future generics from entering the market. There have 
been apparently 20 such cases from 1992 to 2002. 
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2.2.1 Legislative History 

1906 marked the official beginnings of federal drug regulation. In this year Congress 

passed the Pure Food and Drug Act. The 1938 Food, Drug, and Cosmetic Act created 

the FDA (Food and Drug Administration)—the federal agency responsible for testing 

a drug's safety before it was sold between states. In 1962, the Kefauver-Harris 

Amendments were made to the Food, Drug, and Cosmetic Act. These Amendments 

increased and expanded the scope of the FDA's regulatory power as firms were now 

required to not only demonstrate a drug's safety but its efficacy as well, oftentimes a 

very time- and resource-intensive process. 

While the 1962 Amendments helped ease concerns over drug safety, they were 

also associated with some unintended side effects. These were primarily due to 

the time lags associated with the costly duplicative chemical testing that was effec

tively destroying a drug's patent life. Such matters were finally addressed in 1984 

when Congress passed the Drug Price Competition and Patent Term Restoration 

Act (Waxman-Hatch Act). The Waxman-Hatch Act was intended to simultaneously 

lower barriers to entry for generics and to help restore the lost patent life for banded 

drugs. In Senator Hatch's words, "The public receives the best of both worlds— 

cheaper drugs today and better drugs tomorrow." (Grabowski and Vernon, [34], pp. 

110) 

Title I of the 1984 Act concerned the Abbreviated New Drug Application (ANDA) 

procedure. Generic producers were now required to only demonstrate the bioequiva-

lency® of their drugs, hence no costly repeat testing was needed. Title II of the 1984 

Act extended a drug's "effective patent life" by a maximum of five years. The poten

tial extension can be formally calculated by summing the NDA (New Drug Approval) 

review time and half of the IND (Investigational New Drug) clinical testing time. 

^Drugs are deemed bioequivalent when they have equal bioavailability. Bioavailability refers to 
the amount and speed in which a drug's active ingredient(s) enter the blood stream and get to the 
site of therapeutic action. 
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The maximum allowable total period of effective patent protection is 14 years'^. The 

full benefits of Title II were confined to drugs in discovery or clinical testing phases 

as of September 24, 1984. Those INDs in testing on that date were eligible for only 

a two-year patent extension®. 

As was the case with the 1962 Amendments, the 1984 Act also had some unin

tended consequences. First, consumers were often forced to pay more for prescription 

drugs for longer periods of time due to patent infringement cases®. Second, delays in 

generic entry occurred due to branded buyouts of the generic 180-day marketing ex

clusivity granted to the first ANDA. Lastly, the manufacturers of the seven "pipeline" 

drugs (i.e., the drugs engaged in chnical testing on September 24, 1984) were peti

tioning for a three-year extension of their patent terms due to the significant delays 

they faced in their FDA regulatory review process. 

By the end of the 1980s all states had repealed their Anti-Substitution Laws. 

This movement began in 1970 and culminated in 1989^". Originally pharmacists 

were prohibited from substituting a cheaper generic version for a branded prescrip

tion. States now have two types of substitution laws—permissive and mandatory. 

^As it currently stands, the 1994 Uruguay Round Agreements extended patent protection to 20 
years from the date in which the application is filed. Prior to this, patent protection was 17 years 
from the issue date. 

®There are several other provisions provided for in the 1984 Waxman-Hatch Act. First, NCEs 
(New Chemical Entities) are granted five years of "data exclusivity." As was previously noted, the 
Waxman-Hatch Act required only that generic manufacturers exhibit bioequivalence to a branded 
drug. Data exclusivity however, prevents a generic manufacturer from using the branded drug's 
data for five years after the FDA has approved the branded drug for marketing. The generic 
manufacturer can however conduct its own clinical tests if it hopes to seek approval. This is often 
prohibitively expensive and thus the data exclusivity often serves as an effective barrier to entry. A 
second provision granted by the 1984 Act is a three-year period of data exclusivity, often synonymous 
with marketing exclusivity, for new uses of existing drugs. These can include new formulations, 
new combinations, or new indications. The two other provisions provided for in the 1984 Act are 
the 30-month stay rule and the 180-day exclusive marketing which were previously discussed in the 
paper's introduction. 

®Please see Pear's [51] New York Times article entitled, "Patent Law Change Urged to Speed 
Generic Drugs," and Gottlieb's [32], Wall Street Journal article, "Patent Mistakes." 

^Hellerstein [41] addresses this movement using data collected from the 1989 National Ambulatory 
Medical Care Survey. She finds that the states' repeal of their Anti-Substitution laws greatly helped 
generic entry. 



18 

Pharmacists in states with "permissive substitution laws" can substitute therapeu

tically equivalent drugs for the prescribed drug. Therapeutic equivalence refers to 

the situation when two chemical entities are equally effective in treating a particular 

disease. Pharmacists in states with "mandatory substitution laws" must substitute a 

therapeutically equivalent (cheaper generic) drug for the prescribed (branded) drug®, 

unless the physician notes otherwise. 

2.2.2 Supporting Research 

The rich legislative history of the pharmaceutical industry provides ample oppor

tunity for research. Much of the work done on this industry reflects the current day 

political debates and agendas. The early research arose primarily from the issues 

raised by the Kefauver Committee, of the late 1950s and early 1960s, and the resulting 

1962 legislation. Comanor [19] provides an exhaustive survey of this work. Overall, 

he finds that most researchers blamed the 1962 Kefauver-Harris Amendments for the 

decline in new product introductions® and the decrease in "effective patent life^''" for 

branded drugs. 

While most studies of the pharmaceutical industry mention the 1984 Waxman-

Hatch Act, two studies in particular focus their attention exclusively on it. Grabowski 

and Vernon [34] consider the decade following this Act. Using data collected from 

IMS America on 22 branded drugs first exposed to generic competition between 1989 

to 1993, they find that Title I did encourage entry and Title II did provide positive 

®The FDA contends that "there is no substantial evidence of significant differences, either in 
bioavailability or general quality (in terms of purity, potency, or other methods of quality con
trol) between brand-name and unbranded products, or between products made by large and small 
manufacturers." (Hurwitz and Caves, [42], pp. 304) 

® Comanor notes that some of the decline in new product introductions happened prior to 1962 
and much of it was heavily concentrated in tranquilizers, primarily due to the thalidomide tragedy. 

^"Comanor [19] cites an average "effective patent life" of 15.7 years in 1962. This figure declined 
to 13.1 years by the decade's end. Grabowski and Vernon [34] note an average "effective patent 
life" of 12.4 and 10 years in the early and latter parts of the 1970s, respectively. The all-time low 
of 8.1 years occurred in the early 1980s. 
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stimulus for pharmaceutical drug innovation. This increased generic entry was helped 

along by other demand-side factors, particularly the growth of managed health care 

agencies. Grabowski and Vernon state that as of 1989, the average "effective patent 

life" for a drug had fallen to 9 years while in 1992 it had risen to about 12 years, 

with an average patent extension of 2.3 years. Generic prices tended to decrease 

at regular intervals as did the average ratio of generic to branded prices, both most 

likely due to the influx of the lower-priced generic drugs. Generic producers were 

also successful in eroding some of the branded producer's market share. For drugs 

losing their patent between 1989 and 1991, the average generic market share was 13 

percent in the first month of entry. Two years later, the generics controlled nearly 

59 percent of the market^^. 

The second study specifically addressing the 1984 Act is Cook's Congressional 

Budgetary Office (CBO) report [20]. In this report she looks at how increased 

generic competition has affected drug prices and returns to innovation. Cook finds 

that the 1984 Act did make generic entry cheaper and easier and hence, we see an 

overall increase in the number of branded drugs being exposed to generic competition 

following patent expiration. In fact, the 1984 Act shortened the average time between 

patent expiration and initial generic entry from more than three years to less than 

three months. This increased and more rapid generic entry results in overall cheaper 

prices and increased generic market shares. 

Suh et al. [56] continue to address the implications of the 1984 legislation. Using 

data collected from IMS America, they study a panel of 35 chemical entities whose 

patents expired between 1984 and 1987. Using various price indices, they find evi

dence of a branded-generic price divergence. This branded-generic price divergence 

is a common theme to much of the work done on the pharmaceutical industry. While 

^^Suh et al. [56] note that the date of patent expiration may be somewhat irrelevant or unimpor
tant because a branded drug's market share has already been eroded by the introduction of new, 
superior (branded) drugs. 
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it is reasonable to expect that a branded drug's price would be higher than those of 

its generic competitors, branded firms are often able to maintain, or in some instances 

even to raise, their prices when confronted with generic entry into their market (after 

their patent expired). Prank and Salkever [28] find that on average, five generics en

ter the market for a particular drug in the first year of competition. This entry slows 

over the next year but profitable markets/therapeutic classes continue to attract the 

most entrants. Generic entry tends to manifest itself in the form of increased branded 

prices. For 18 major orally-administered drugs that lost their patents between 1983 

and 1987, Grabowski and Vernon [33] find branded prices increasing on average by 

about 7 percent one year after entry and by 11 percent two years after entry. The con

ventional economic reasoning that an increase in the number of suppliers is associated 

with a decreased equilibrium price seems to apply only to the generic market. Price 

competition seems to be somewhat isolated to the generic market where it tends to 

be rather severe. Generic prices tend to decrease, oftentimes towards their marginal 

cost, as generic entry continues. 

Several researchers have cited a segmented-market as a possible explanation to 

the apparent paradox between generic entry and increased branded prices. In the 

segmented model there are two market segments—the price-sensitive group and the 

price-insensitive, or brand loyal, group. As generics enter the market, they take 

the price-sensitive group away from the branded producers. Since the only remain

ing branded customers are relatively price-insensitive, the branded firm can continue 

to raise its price all the while increasing its revenue in that particular submarket. 

Grabowski and Vernon [33] make mention of the first-mover advantage. "[U]nder 

conditions like those found in pharmaceuticals, first movers have natural product dif

ferentiation advantages that permit them to charge high prices and retain substantial 

market shares." (Grabowski and Vernon, [33], pp. 332) 
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2.3 Conceptual Framework 

The conceptual framework for this paper stems from the work done by Frank and 

Salkever [27]. The market segmentation model they developed has served as the 

theoretical foundation for most of the economic work done on post-patent price com

petition in the pharmaceutical industry. In this 1992 paper they develop a theoretical 

model to examine the effect of generic entry on branded prices. They view the de

mand for branded pharmaceuticals to be composed of a price-insensitive/brand-loyal 

segment and a cross-price sensitive segment, hence the market segmentation. The 

generic price only affects the demand from the cross-price sensitive market. Profit-

maximizing firms compete in a one-period, Nash non-cooperative game (i.e., von 

Stackelberg model). Consistent with the von Stackelberg model, the generic firms 

take the branded price as given. The equilibrium generic price can thus be charac

terized as a function of the branded price and the number of generic producers. The 

branded price can increase with generic entry as long as entry makes the residual 

demand curve steeper (i.e., less elastic). 

In Frank and Salkever's model, the branded manufacturer behaves as a von Stack

elberg price leader meaning that it is a dominant firm that sets its prices by taking 

account of how its competitors will react. The generic firms behave as the followers 

and take the branded price as given along with the behavior of their rival generic 

competitors. Thus, the equilibrium branded price can be expressed as. 

where represents the (equilibrium) branded price and NUMGEN is the number 

of generic entrants. The equilibrium generic price can be expressed as. 

Pb =  Pb iNUMGEN) ,  (2.1) 

Pg =  Pg{NUMGEN,Pb)  (2.2) 

where Pg is the (equilibrium) generic price. 
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I have an unbalanced panel of 18 branded drugs that lost their patent sometime 

between February 1998 and February 2002. The units of observation are the branded 

(generic) drugs at one-month intervals. This data frequency is higher than what has 

been previously used in the literature. The first period considered is the month and 

year in which the first generic entered the market and the most recent observation 

corresponds to February 2002. Hence, the unbalancedness of the panel. 

Ultimately a two-way fixed-effects (FE) stratification method is employed to ana

lyze the data. The stratification is done according to drug compound and time (i.e., 

month and year). The justification for this procedure is found in Section 2.5 and in 

Appendix A.l. Thus, the stochastic approximation to the equilibrium branded price 

function as defined in (2.1) is, 

^bit = ai + at + XiNUMGENn + 4- (2-3) 

where i  denotes the drug, t  denotes the time, X  —  ( b )  is a set of explanatory variables, 

and Sb is an error term. The other branded explanatory variables, Xb, I consider 

including are the percentage share of the total branded prescription wholesale dollars 

that were ultimately paid for in cash {CASHDOLb) and those that were finally 

covered by Medicaid {MEDDOLb). The stochastic approximation to the generic 

equilibrium price from equation (2.2) is, 

P,, = <5, + <5, + 0 ,NUMGENu + 02^. + , (2-4) 

where Cg is an error term. Xg is again a set of other possible explanatory variables for 

the generics, which will include the respective share of the total generic prescription 

dollars that were again ultimately paid for in cash {CASHDOLg) and the respective 

share that were covered by Medicaid {MEDDOLg). I assume the error terms, £(, and 

£g, are independent and identically distributed as normals. If generic entry actually 

manifests itself in increased branded prices, I would expect Ai to be positive. If 

price competition is confined solely to the generic market, I would expect Oi to be 

negative. 
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2.4 Data 

Identifying drugs that lost their patent in recent years was a more arduous process 

than I had originally imaged. One can search the FDA's Electronic Orange Book 

to find the FDA approval date and any currently unexpired patents and exclusivity. 

What is missing from this database is information on patents that have already ex-

pired^^. One can however use the database to indirectly determine which drugs have 

been exposed most recently to generic competition. The problem still remains as to 

which drugs to search given that there are a seemingly infinite number contained in 

the Electronic Orange Book. 

The best source I found for uncovering such information are the annual tables 

published by Med Ad News [52]. Med Ad News is a monthly magazine for industry-

types. Each May, they publish a table that contains information on drugs that are 

expected to lose their patents or generics that are expected to see big sales in the 

upcoming years. Oftentimes the tables are organized according by year and by the 

top sellers within each^^. 

Having collected a list of drugs from these tables I cross-referenced them with 

information contained in the Electronic Orange Book. I took the FDA's generic 

approval date to approximate the date of branded patent expiration. If (any strength 

of) the generic drug was approved sometime after January 1998 (the earliest month 

and year in which the NDC Pharmaceutical Audit Suite has information) I kept this 

drug as a potential candidate^''. 

^^There are typically several patents filed on each drug's behalf and it is unclear as to which is 
the most binding one. Thus, my searches on the Patent and Trade Office's website according to 
proprietary name and applicant proved to be fruitless. 

^^It should be noted that many of the drugs contained within these tables are the "big-sellers" and 
may not be inclusive of all drugs that will be subject to patent expiration. Thus, one benefit of this 
is that I am not having to concern myself with a minimum threshold for sales like Grabowski and 
Vernon [34] did and worry that the drug market is not big enough or profitable enough to warrant 

generic entry. I do however have to worry that my study may be biased by this fact. 
^''Within my final drug set, there are two drugs which have experienced generic entry for one or 

more of the available strengths. Please see Appendix A.3 for more details. 
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The Electronic Orange Book contains information on a drug's strength, dosage 

form, and route of administration. Like ail of the other researchers, I ehminated 

injectables and infusibles. This is due to the fact that these drugs are not typically 

sold to drugstores in large quantities because they are primarily used in hospitals. I 

also eliminated any drugs that became OTC (over-the-counter) versions and hence 

no longer required a prescription. I also eliminated any drugs that were combination 

products or antibiotics. Frank and Salkever [28] warn that the licensing agreements 

for antibiotics are inherently complex and the FDA's Electronic Orange Book notes 

that Title I of the 1984 Amendments does not apply to antibiotics and such drugs 

will not have patents hsted. Twenty drugs satisfied such criterion. 

Next, to ensure that the generic drug was actually a substitute for the branded 

version I referenced the "TE Codes" in the Electronic Orange Book. Therapeutic 

Equivalence (i.e., "TE") Evaluations are available for approved multisource prescrip

tion drug products^®. The 1984 Act required that manufacturers seeking approval of 

a generic drug product demonstrate bioequivalency to a branded version. Bioequiva-

lence deems that a drug is therapeutically equivalent. The FDA defines bioequivalent 

drugs as "pharmaceutical equivalent^® or pharmaceutical alternative^^ products that 

display comparable bioavailability when studied under similar experimental condi

tions" and therapeutic equivalence if the drugs "can be expected to have the same 

clinical effect and safety profile when administered to patients under the conditions 

specified in the labelling." (FDA, [25], pp. 3) Therapeutic equivalence applies only 

"Approved" refers to the fact that these drugs products have been approved on both the basis of 
safety and efRcacy by the FDA under the 1938 Food, Drug, and Cosmetic Act and the 1962 Kefauver-
Harris Amendments. A multisource prescription drug product just refers to a branded prescription 
drug that has generic competitors available according to the appropriate strength, dosage form, 
and route of administration. Single-source drugs do not have TE codes meaning that there are no 
generics available. 

16 "Qj-ug products are considered pharmaceutical equivalents if they contain the same active in-
grcdiciit(s), are of the same dosage form, route of administration and are identical in strength or 
concentration." (FDA, [25], pp. 3) 

'^''"Drug products are considered pharmaceutical alternatives if they contain the same therapeutic 
moiety, but are different salts, esters, or complexes of that moiety, or are different dosage forms or 
strengths." (FDA, [25], pp. 3) 
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to drugs containing the same active ingredient, not necessarily treating the same con

dition. Additionally, it should be noted that therapeutic equivalent products may 

differ in characteristics such as shape, release mechanism, packaging, colors, flavors, 

expiration date, etc. Bioavailability refers to "the rate and extent to which the active 

ingredient or moiety is absorbed from a drug product and becomes available at the 

site of action." (FDA, [25], pp. 3) 

Multisource drugs fall into two categorizations for TE codes. They are indicated 

by the first letter. If the first letter is an A it means that the FDA considers that drug 

to be "therapeutically equivalent to other pharmaceutically equivalent products." If 

the first letter of a drug's TE code is a B the FDA does not consider these drugs to 

be "therapeutically equivalent to other pharmaceutically equivalent products." So, 

based on the TE coding I determined if a branded drug did in fact actually have a 

generic substitute available. If the first letter was an A it did, if it was a B, or if 

there was no TE Code, it did not. 

NDC Health provided the data for this paper. The information collected by 

NDC Health is similar to that of IMS America—the source of most of the data 

mentioned in the literature review. NDC Health's NDC Pharmaceutical Audit Suite 

collects data on over 35,000 retail outlets in the United States Their literature boasts 

that it is the largest sample currently used in the industry. This database provides 

information on retail and mail-order prescriptions for the last four years at one-month 

intervals. The data dates back to January 1998 and the most current month and 

year I have information on is February 2002. Also contained within this database 

is the manufacturer, total prescription count and total wholesale prescription dollars 

based on three payment types—cash. Medicaid, and third party. 

Since most of the drugs I am considering are available in multiple strengths (along 

with varying dosage forms), I had to ensure that I was dealing with a constant unit 

of observation when making my comparisons across a particular branded and generic 

product. I chose to work with the most "popular" strength based on the number 
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of branded prescriptions filled from January 1998 through February 2002, based on 

the NDC Pharmaceutical Audit Suite reports. If the most "popular" strength cor

responded to one in which generic entry occurred before January 1998, I just chose 

the one with the next largest number of prescriptions filled^®. 

One drawback of the NDC Pharmaceutical Audit Suite data is that it does not 

indicate the dosage form along with the strength for each drug. This was problematic 

for several of the drugs because I did not want to aggregate across various dosage 

forms. Appendix A.3 provides a detailed account of such aggregation issues, if they 

did in fact exist, and other such relevant information for each drug. In the end I 

decided that the most prudent decision would be to confine my attention to the oral 

solids prescription drug market. I lost two drug pairs by doing so, thus leaving me 

with 18 drug pairs to studyThe oral solid categorization includes drugs that are 

available as (extended release) tablets and capsules. While the distinction between 

a capsule and a tablet may be important for TE coding purposes, no other option 

is really possible given the data provided. There is however a benefit achieved 

in studying just the oral solids market alone because much of the competition is 

solely between generics, however many, and (typically) a single branded drug^''. The 

commonality of dosage form across the drugs in this study does provide another 

control in the analysis that follows. 

The variables obtained for each of the 18 drug pairs from the NDC Pharmaceutical 

Audit Suite are as follows: (1) the manufacturer^^ (2) the product; (3) the month 

This was the case for only one drug (i.e., Lodine). I should also note that Procardia and Adalat 
had previously expired strengths, but these did not correspond to the most "popular" strength. 

^®One of my drug pairs actually consists of two branded drugs (i.e., Procardia XL and Adalat CC). 
I was forced to aggregate these two separate brands due to the fact that I could not decipher from 
the data against which branded drug the generic was actually competing. Appendix A.3 details 
this further. 

^°This aggregation problem is actually compounded when one looks beyond the oral solids market 
and considers dosage forms such as transdermal patches, topical gels, and creams. 

^^The NDC Pharmaceutical Audit Suite reports the company name under the heading of "manu
facturer." It is not entirely clear to me if this actually refers to the manufacturer or the distributor 
of the particular drug. The discrepancy arises when comparing the NDC Pharmaceutical Audit 
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and year; (4) the payment type; (5) the strength; (6) the total prescription count; 

and (7) the total prescription dollars. The payment types include cash, Medicaid, 

and third party categorizations. Since the total prescription dollars are wholesale 

measures, I deflate them with the PPI (Producer Price Index) for Pharmaceutical 

Preparations for each month as published by the BLS (Bureau of Labor Statistics). 

I use January 1998 as the base month and year. 

Thus, in the end I have an unbalanced panel of 18 drug pairs. I have the variables 

discussed above disaggregated at the monthly level for January 1998 through February 

2002. As was mentioned before, my criteria for selecting the drugs were that they 

experienced generic entry sometime after January 1998. So, for several of the drugs 

I have multiple months of post-patent competition and for others I only have a few 

months. And vice versa for the patent-protected period. The analysis that follows 

looks only at the period of post-patent competition but I do use the prior patent-

protected months in some of the descriptive statistics. Tables, and Figures. 

Table 2.1 lists the 18 drug pairs, the strength, and the dosage form chosen for the 

study. The therapeutic market and therapeutic class for each drug pair was obtained 

using the 1999 Nursing Drug Handbook. Half of the drugs are from the cardiovas

cular market while five others treat diseases/conditions inflicting the central nervous 

system. There is one drug pair from each of the immunomodulation, gastrointestinal, 

antineoplastic, and hormonal therapeutic markets as well. This therapeutic market 

make-up may partly stem from the focus on oral sohds. Finer divisions of each ther

apeutic market are indicated by the therapeutic class. The FDA approval date is 

indicated along with the "effective patent life," based on the first incidence of generic 

entry. Ten of the drugs were first approved in the 1980s and the remaining eight in 

Suite manufacturers to those listed as the applicants in the FDA Electronic Orange Book. Hence, 
if the term "manufacturer" is used in the paper it is probably referring to what should be thought 
of as the "distributor." In actuality, one company could manufacture a drug that several other 
companies distribute. I use the number of distributors in calculating the number of generic entrants 
and think that this is most appropriate as well. 
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the 1990s. The average length of patent protection is 100.2 months, and ranges from 

22 to 237 months^^. Table 2.1 also lists the months of competition between February 

1998 and February 2002 so that the reader can get a sense of the unbalancedness in 

the panel. The maximum^^ number of generic entrants is listed along with the total 

prescription count and total prescription dollars in the month prior to entry. The 

last two measures will help the reader gauge the relative size and profitability of each 

drug market. 

The dependent variable used in the analysis that follows is the price per prescrip

tion. Frank and Salkever [28] employ the average revenue per extended unit of the 

branded and generic drug. I unfortunately do not have price data at the pill level, 

and am forced to use the total prescription dollars and total prescription count in 

constructing a similar price measure. The total prescription dollars is subject to a 

slight degree of measurement error because prescriptions do not always contain the 

same number of pills. Such detailed information is unfortunately not contained in the 

NDC Pharmaceutical Audit Suite database. All of the drugs contained in my data 

set can be used to treat chronic conditions^'', so I would not expect large fluctuations 

in the number of pills per individual prescription each month. Furthermore, the 

variation in the number of pills per prescription occurs not just for branded drugs, 

but for the generic versions as well. So, to obtain the price per prescription I just 

divide the total prescription dollars by the total prescription count for each month. 

In terms of the econometrics, measurement error in the dependent variable is typi

cally not a problem because it continues to produce unbiased and consistent estimates 

of the parameters when the error terms (i.e., the standard error term and the mea-

^^For the three situations in which I had to aggregate across dosage forms or drugs, I chose to 
work with the longest period of patent protection. The initial generic entry that did occur for these 
drugs was probably in response to the dosage form or the drug that lost its patent the earliest. 

chose to use the maximum number of generic entrants (as opposed to the last number observed 
in February 2002) because there are a couple of situations in which a particular generic distributor 
is not represented for a particular month, meaning that none of their drugs were sold (or reported). 

^^The following drugs can be used to treat chronic or acute conditions: Daypro (Oxaprozin), 
Lodine and Lodine XL (Etodolac), Pepcid (Famotidine), and Relafen (Nabumetone). 
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surement error) and the regressors are uncorrelated. The B? is just smaller because 

the variance has more noise. Normally, measurement error in the regressors leads to 

biased and inconsistent estimates because of the correlation between the regressors 

and the error term. Traditionally, such situations are fixed by instrumentation, if 

they are in fact known. In this paper, I assume that the measurement error varies 

across, but not within, each drug for the aforementioned reasons. Thus, this drug-

specific measurement error gets picked up in the fixed-effects (i.e., the unique constant 

term Ofj {6i)) for each drug. These drug-specific effects get swept away when I employ 

a FE estimation strategy^^. Hence, in this situation both types of measurement error 

(i.e., those manifesting themselves in the left- and right-hand sides of the equation) 

are not problematic. 

In the analysis that follows, I actually employ alternative price measures by ex

ploiting the data. The NDC Pharmaceutical Audit Suite database provides not only 

the total prescription dollars and counts, but it further disaggregates it according to 

payment type. Thus, I am able to construct the average wholesale price per branded 

(generic) prescription based on cash. Medicaid, and third party payments. 

The independent variables contained in the price regressions contain the number 

of generic entrants. To obtain this variable I sum the number of manufacturers^® 

listed by NDC Pharmaceutical Audit Suite each month. As was mentioned above, 

the other explanatory variables include the percentage share of the total prescription 

dollars that were paid for in cash {CASHDOLb^g) and those that were covered by 

^®The same would apply for any time-specific measurement errors as well because I employ a 
two-way stratification. 

^®It should be noted that NDC Pharmaceutical Audit Suite lists two other names for manufacturers 
that are not really separate generic entrants. The first of these is "Repacker." Repacker just refers 
to instances in which the retail pharmacy receives pills in bulk form that they package themselves 
to sell. Since I cannot decipher from the data whose pills these actually are, I just aggregate their 
count and do not treat this observation as a separate entrant. The second manufacturer is listed 
as "Unit-Dose." This categorization is actually just referring to the per-pill packaging that a retail 
pharmacy does. Oftentimes when one receives their prescription, the pills are not contained in a 
bottle but are individually sealed on a foil sheet instead. These observations are treated in the same 
way as the "Repacker" ones are. 
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Medicaid {MEDDOLb^g), per respective branded and generic drug. 

2.5 Estimation and Results 

As mentioned before, I have an unbalanced panel of 18 oral solid prescription 

drugs that lost their patent (i.e., experienced initial generic entry) sometime between 

February 1998 and February 2002. Table 2.2 provides the descriptive statistics for 

each variable used in the analysis, along with other important ones as well. The mean, 

standard deviation, maximum value, minimum value, and number of cases are given 

for the overall sample. The average "effective patent life" of the drugs is 100.2 months, 

or 8.4 years. I have on average 13 months of post-patent observations. The average 

number of generic entrants is 4.7, achieving a maximum of 14 for one particular 

drug. The vast size of the markets for each of these drugs is evident from the total 

prescription count and total prescription dollars per month. During this period of 

competition, the branded drugs accounted for 43.2 percent of the prescriptions filled 

and 47.2 percent of the dollars spent on these prescriptions. This latter fact is 

primarily due to the higher prices associated with the branded drugs. On average, a 

prescription for a branded drug cost $89.69 and $70.25 for a generic. The price based 

on the cash paying segment is smallest and that based on third party payers is largest 

for both branded and generic versions. The post-patent cash, Medicaid, and third 

party branded (generic) prescription prices are $73.74 ($57.48), $87.13 ($70.72), and 

$92.72 ($72.32), respectively. For the branded prices, these all represent increases 

relative to the patent protected period. The average branded price rose by $0.64 

after initial generic entry occurred. 

Prior to patent expiration, 16.9 percent of the prescriptions filled were for individ

uals paying out-of-pocket. 10.8 percent were for those on Medicaid and the remaining 

72.3 percent came from individuals with some type of third party coverage. In the 

post-patent period, 15.1 (15.6) percent of the branded (generic) prescriptions were 
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paid for in cash, while 7.4 (9.1) percent were for Medicaid patients, and 77.5 (75.4) 

percent of the branded (generic) prescriptions were covered by a third party. 

The graphs contained in Figures 2.1-2.5 relate various phenomena to months since 

initial generic entry^^. Pricing information is contained in Figures 2.1 and 2.2. Figure 

2.1 displays the average generic to branded price ratio^®. The declining ratio is evident 

and consistent with other researchers' findings. Figure 2.2 graphs the average real 

branded and generic prices separately, for Hytrin and Terazosin hydrochloride. For 

Figures 2.2-2.4, the bolder of the lines corresponds to the branded version. I have 

normalized both the prices by the branded price in the initial month of generic entry. 

A rising branded price, a falling generic price, and a growing branded-generic price 

divergence are apparent from this graph. Similar pictures emerge when one considers 

the other drug pairs in the sample^®. 

Figure 2.3 displays the percentage of the prescription market captured by the 

branded and generic producers. One month prior to patent loss, the generics control 

nearly 30 percent of the prescription drug market. The continuing decay of the 

branded market by the generic producers is evident from this graph. One year after 

patent expiration, the generics control nearly 60 percent of the market^". 

Figure 2.4 graphs the total prescription market prior to and after initial generic 

entry. Based on the drugs in the sample, overall declines in the number of prescrip

tions being filled is evident. I would venture to say that this is most likely due to 

^''Similar graphs can be constructed based on the number of generic entrants, as opposed to 
months since initial generic entry. Overall, the patterns that emerge from such graphs are similar 
to those presented in the paper only there is more noise in them because such figures are averaged 
across the number of generic entrants (over time and across drugs). 

^®The figures presented in Figures 2.1 and 2.3-2.5 are based on sample averages. Due to the 
unbalanced nature of the panel, the tail ends of the graphs are somewhat less reliable as they are 
based on fewer observations. 

29while all drugs in the sample exhibit increasing branded prices, there is an initial drop-off in 
the first couple months of competition for Eulexin, Kerlone, and Procardia XL and Adalat CC. The 
branded price growth is much steadier for Cordarone and Neoral. 

^"The only two exceptions to this market share pattern are for Neoral and Kerlone. Both of these 
branded drugs are able to maintain most of their market share. This may be due to the fact that 
both of these drugs have only experienced competition from one generic producer (thus far). 
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the introduction of new, superior drugs that tend to take away some of the incum

bents' market share. The shght increase in the total number of prescriptions filled 

in the first few months of competition seems reasonable as more individuals enter the 

market for a drug once cheaper alternatives/substitutes are available. 

Finally, Figure 2.5 graphs generic entry^^ as a function of months since patent 

expiration. On average, 2.6 generics enter in the first month of competition. One 

year after patent loss, there are an average of five generics in the market. Looking at 

such a graph for each individual drug pair, the number of generic entrants resembles 

more of a "step-wise" function. 

2.5.1 Price Regressions 

The econometric estimation of equations (2.3) and (2.4) makes use of panel meth

ods by employing two-way stratification procedures for all the equations. I follow 

Frank and Salkever's [28] lead by using "time and compound specific fixed-effects to 

control for unobserved secular trends...and time invariant (compound specific) unob-

servables." (Frank and Salkever, [28], pp. 82)^^ 

Real Branded Price Regressions The first set of regressions concern the effects of 

generic entry on the real branded price. I employ four separate measures of the 

real branded price—namely, the average and those based on the various payment 

types (i.e., cash. Medicaid, and third party). The two-way FE results are found in 

Table 2.3^^. Columns 1 and 2 correspond to the regressions that utilize the real 

should be noted that Figure 2.5 includes the four generic drugs (corresponding to five manu
facturers) that were granted six months of exclusive marketing rights. Omitting these observations, 
just increases the average figures slightly. This difference was not significant enough to warrant a 
separate figure. 

^^It should be noted that I did estimate (2.3) by pooled OLS, two-way fixed-effects (FE), and 
two-way random-effects (RE) before continuing with two-way FE as Frank and Salkever [28] do. As 
it turns out, all of the hypothesis tests supported the use of a two-way FE estimation strategy. The 
details of these econometric tests can be found in Appendix A.l. 

®^F-tests confirm the joint significance of the stratification dummies. 
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average branded price as the dependent variable. Column 1 corresponds to the most 

parsimonious specification where the only regressor (besides the constant term and 

the fixed effects) is NUMGEN. Generic entry has a positive and significant effect 

on the real average branded price. Based on the estimated coefficient, an additional 

generic entrant will increase the average real branded price by about $1.66. This 

corresponds to a 1.9 percent increase in the price, based on the sample average. In 

absolute terms, this result is similar to but a bit larger than the effect Frank and 

Salkever [28] estimate^^. 

Column 2 corresponds to the specification which includes the percentage of branded 

prescription dollars based on cash payments [CASHDOLt) and those of Medicaid 

payments {MEDDOLb), relative to third party payments. Both of these variables 

exert a negative and significant influence on the real average branded price. Based 

on the elasticity, calculated at the sample mean, a 10 percent increase in cash (Medi

caid) payments relative to third party payments will decrease the real average branded 

price by 2.6 (0.25) percent. When I include these other two regressors, the effect of 

generic entry on the real average branded price is slightly smaller. Now, an additional 

generic entrant is associated with a $1.49 increase in the real average branded price 

(corresponding to a 1.7 percent increase in the price at the sample mean). 

As was mentioned before, the price regressions can be taken a bit further and is

sues of price discrimination can be explored due to the disaggregation of the payment 

type information contained in the NDC Pharmaceutical Audit Suite. I performed 

three separate price regressions based on the payment type information. Thus, the 

dependent variables became the real price per branded prescription based on cash, 

Frank and Salkever [28] erroneously conclude, based on the estimated coefficient on NUMGEN,  
that a new generic entrant is associated with a 0.7 percent rise in the branded price. Like myself, 
Frank and Salkever use a linear functional form to explain branded prices but instead employ an 
elasticity formulation that would be associated with a semi-log functional form. Correcting for their 
oversight, an additional generic entrant would be associated with a $0,007 increase in the average 
revenue per branded extended unit. This corresponds to a 2.4 percent increase in the price at the 
sample mean. 
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Medicaid, and third party payments. In constructing such variables I divided the 

total prescription dollars based on a particular payment type by the total number of 

prescriptions filled according to that payment type. Table 2.3, Columns 3-5 corre

spond to these specifications. The only regressor employed in these branded price 

reg res s ions  based  on  payment  type  i s  t he  number  o f  gene r i c  en t r an t s .  CASHDOLh 

and MEDDOLf, are omitted because of the spurious correlation that exists between 

these variables and the price variables. The method of analysis continues to be two-

way FE based on the continued rejection of all other panel data method alternatives. 

The number of generic entrants continues to exert a positive and significant in

fluence on the real branded prices. An additional generic entrant has nearly the 

same (positive) effect on the real branded price based on Medicaid and third party 

payments ($1.73 and $1.78 increases, respectively). Generic entry has the smallest 

impact on branded cash prices. An additional generic entrant will cause the cash 

price to rise by $0.88. 

The second set of regressions run relaxes the assumption of exogenous generic 

entry. Two-Stage-Least Squares (2SLS) is employed to deal with the possible endo-

geneity between the number of generic entrants, and the error term, £;,. Frank and 

Salkever [28], like Caves et al. [18], instrument the number of generic entrants with 

the years since patent expiration. I employ a method similar to Frank and Salkever 

[28] in testing for possible endogenous generic entry. For my first-stage regression, 

I too regress the number of generic entrants on the months since patent expiration^® 

{POSTPAT) but I also employ a dummy variable that indicates whether or not 

the initial generic entrant(s)®® was (were) granted six months of exclusive generic 

marketing rights (EXCLSIX)^"^. There are such drugs for which this was the case. 

use "patent expiration" and "initial generic entry" somewhat synonymously in this paper. 
Again, I do not have the exact date of patent expiration but I use the latter measure to proxy for 
it. 

Apparently two manufacturers of the generic for Prozac (i.e., Fluoxetine) were granted exclusive 
marketing rights for six months. 

EXCLSIX  refers to the 180-day marketing exclusivity right as outlined in the 1984 Waxman-
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E X C LS IX  was assigned a value of "1" for the six months in which these four branded 

drugs faced competition from only one generic, as mandated by law. For all other 

months and all other drugs, the variable takes on a value of "0." 

EXCLSIX  is clearly an exogenously determined instrument while POST PAT 

relies on the following identifying assumption: ^''[NUMGEN] is influenced by the 

passage of time [(i.e., POST PAT)] but there is no systematic time trend in the 

demand for a drug." (Frank and Salkever, [28], pp. 82) I, like Frank and Salkever 

[28], will state that this is a rather strong assumption about the information that is 

accounted for by POSTPAT and thus, the 2SLS estimates should be interpreted with 

a degree of caution. I will however note that the declining prescription market evident 

in Figure 2.4 does support this particular assumption as does evidence provided by 

Frank and Salkever [28]. While Figure 4 does hint at a time trend, it is negative, 

and thus seems to favor the effects of generic entry, as opposed to time, on branded 

prices. 

After having completed the first-stage entry regressions, the results to which are 

found in Appendix A.4, I performed a two-way FE 2SLS estimation procedure. I 

tested and confirmed the endogeneity of NUMGEN, across all regressions, using a 

Hausman test. The details of this test can be found in Appendix A.2. The two-way 

FE 2SLS results are found in Table 2.3, Columns 5-10. All of the coefficients lose some 

degree of significance and that on MEDDOLb becomes insignificant at the 10 percent 

l eve l  fo r  t he  rea l  ave rage  b randed  p r i ce  r eg res s ion .  The  magn i tude  o f  N U MG EN 

increases uniformly. For the real average branded price regressions. Columns 5 and 

6, an additional generic entrant increases the price by $3.26 and $1.84, respectively. 

The effects of generic entry on the real branded cash and Medicaid prices are similar 

($1.78 and $2.22 increases, respectively). Generic entry has the largest effect on the 

third party price—an additional generic entrant increases this price by $3.45^®. 

Hatch Act. 
^®The two-way FE 2SLS results are rather robust to the exclusion of EXCLSIX  as an instrument 



36 

Real Generic Price Regressions The next set of regressions concern the generic 

price equation from (2.4). As with the real branded price equations, four separate 

measures of the real generic price are used (i.e., the average and those based on the 

three payment types) as are two different functional forms. The first functional 

form utilizes NUMGEN and the real average branded price as regressors, but the 

second specification includes the percentage of generic prescription dollars accounted 

for by cash payments {CASHDOLg) and Medicaid payments {MEDDOLg), relative 

to third party payments as well. For the price regressions based on payment type, I 

continue to use NUMGEN as a regressor but employ each of the individual branded 

prices (instead of the overall real average branded price) which allows cross-price 

effects to be present. 

Table 2.4 provides these results. Overall, these regressions yield high B? val

ues, but even more important are the large adjusted values. While most of the 

regressors are insignificant (at the 10 percent level) the large adjusted R^ suggests 

that the fixed effects are picking up most of the variation in the real generic prices. 

The coefficient on NUMGEN is positive and insignificant for all the specifications. 

When I employ CASHDOLg and MEDDOLg in the real average generic price re

gression, their estimated coefficients are both positive and significant. The estimated 

elasticities calculated at the sample means, imply that a 10 percent increase in either 

of these variables would be associated with nearly the same effect on the real average 

generic price (0.55 and 0.53 percent increase, respectively). In regards to the generic 

price regressions based on payment type, only one of the cross-price effects gains sig

nificance for each specification. The coefficient on the real branded Medicaid price is 

significant in the real generic cash price regression (at the 10 percent level). The real 

branded cash price is significant in both generic price regressions based on Medicaid 

for NUMGEN in the first-stage regression. Omitting EXCLSIX  as an instrument, does yield 
smaller and slightly less significant estimates on NUMGEN in the branded price regressions. The 
opposite result does not hold however, thus the inclusion of POSTPAT as in instrument seems 
necessary. 
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and those of cash payments. A 10 percent increase in the real branded cash price wiU 

increase real generic Medicaid prices by 19 percent and will decrease real third party 

generic prices by 5.9 percent. Similarly, a 10 percent increase in the real Medicaid 

branded price will exert a 4.8 percent upward pressure on the real generic cash price. 

The coefficient on the third party branded price is insignificant.®® 

As in the branded price equations, I again relax the assumption of exogenous 

generic entry. The two-way FE 2SLS estimates are found in Table 2.4, Columns 

6-10. Using a Hausman test, I again test for the endogeneity of generic entry^". 

Generic entry is an endogenous process for two of the specifications—specifically, that 

where I regress the real average generic price on NUMGEN and the real average 

branded price (at the 10 percent level) and that corresponding to the real generic 

price based on Medicaid payments. Thus, when I correct for the correlation between 

NUMGEN and Eg with 2SLS, I get the expected negative and significant effects of 

generic entry on the generic price per prescription. I find that an additional generic 

entrant will decrease the average real generic price by $1.87 (2.7 percent). This same 

event generates a $6.60 (9.4 percent) decrease in the generic price based on Medicaid 

payments. 

Most of the studies done on the pharmaceutical industry find rather severe price 

competition manifesting itself exclusively in the generic drug market. Thus, my pri

ors would suggest that the estimated coefficient on NUMGEN in the real generic 

price equations would be negative (and significant). As is evident from Table 2.4, 

the performance of NUMGEN in the two-way FE regressions is rather weak. Thus, 

I considered an alternative specification of this variable. It seemed reasonable to as

sume that the most relevant matter for the generics was whether there was one or more 

®®Due to the overall insignificant performance of the real branded price variables, I conducted 
another set of regressions where I omit such measures. Doing so does not drastically, if at all, change 
the magnitudes or significance levels associated with NUMGEN in any of the specifications. 

employed this to test the endogeneity of the real branded price in the these regressions as well. 
For both specifications I conclude that the real branded price is in fact exogenously determined. 
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generic manufacturer in the market. Thus, I defined a new variable, D V N U M G E N ,  

that takes on a value of "1" if the number of generic entrants is greater than one and 

"0" otherwise. 

This alternative construction of N U M G E N  is actually more consistent with the 

framework of Bertrand pricing competition. The Bertrand model is often employed 

to explain the short-run pricing dynamics of an oligopolistic market. In this model 

the firms are typically assumed to produce identical goods (i.e., they are not differ

entiated and hence are perfect substitutes for one another). The number of firms 

essentially becomes irrelevant as the firms compete and ultimately price their goods 

at their marginal cost of production. (Tirole [57]) The assumptions and predictions 

underlying and emerging from the Bertrand model are consistent with the treatment 

of the generic drugs in this study—I aggregate the pill count across all generic com

petitors and consider only the average price charged by these manufacturers. 

Table 2.5, Columns 1-5, present these results. The only regressor that really 

changes sign, magnitude, or significance is DVNUMGEN-iYie rest of the regressors 

are somewhat unaffected by this modified definition of generic entry. For all the 

functional forms, the estimated coefficient on DVNUMGEN is now negative. It 

is significant for both versions utilizing the real average generic price and the real 

Medicaid price as well. The effects of generic entry on the real generic price are more 

pronounced than was previously the case (when NU MGEN was employed). These 

generic entrants will decrease the real average generic price anywhere from $7.26 to 

SB.14 and will force the Medicaid price down by $16.51. 

2.6 Discussion 

This paper investigates generic entry and post-patent price competition in the pre

scription drug market for 18 oral solids that experienced initial generic entry sometime 

between February 1998 and February 2002. I utilized two-way FE estimations strate
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gies throughout to estimate this unbalanced panel of data that corresponds to the 

month of initial generic entry through February 2002—the last month and year in 

which I have data. The data was obtained from the NDC Retail Pharmaceutical 

Audit Suite. 

In regards to the somewhat long-term impacts of the 1984 Waxman-Hatch Act, 

I find that these drugs experienced on average 100.2 months (or 8.4 years) of patent 

protection. This "effective patent life" is actually smaller than the figures quoted 

in Section 2.2 and is more consistent with the figures quoted for the early 1980s, 

before the Waxman-Hatch Act was passed. Perhaps Title II of this Act is not as 

effective as was originally the case''^ I do however find somewhat dechning generic to 

branded price ratios which is consistent with the other aims of the Act, specifically the 

encouragement of generic entry which should help to keep prescription drug prices 

lower. This dechning price ratio is probably mostly due to the influx of cheaper 

generics to the market. On average, I find 2.6 generics entering the market in the 

first month of patent-expiration. Like Frank and Salkever [28], I find about 5 generics 

in the market one year after patent expiration. 

Along with Grabowski and Vernon [34], I too find that the generic manufacturers 

are very successful in eroding the branded market share. One month after initial 

generic entry, the generic manufacturers have captured over 30 percent of the mar

ket. This figure nearly doubles in the following year. One year after patent loss, 

generics control over 60 percent of the market and their share continues to grow with 

subsequent months of competition. 

Like the other researchers mentioned in Section 2.2, I find evidence of a branded-

generic price divergence. On average, the branded prescriptions, in real terms, cost 

$89.69, while the generics cost $70.25. There are also hints of price discrimination 

as the prices associated with third party payments are highest for both drug types. 

The variation in the number of pills per prescription might vary across payer types 

this point, I do not have information on any patent extensions that were granted. 
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and could be contributing to this finding as well. Unfortunately there is no way to 

gauge this because, as was previously noted, the NDC Pharmaceutical Audit Suite 

does not contain such detailed information. The graph in Figure 2.2 depicts an 

overall increase in the real branded price (of Hytrin), relative to the months since 

patent expiration. The branded price does tend to increase with the first months of 

competition, relative to what it was during the patent-protected period. The real 

generic price tends to decrease (slightly) with subsequent months of competition and 

continued generic entry. 

The econometric results from Table 2.3 lead us to believe that generic entry is an 

endogenous process to the all the real branded prices—the average and those based 

on the different payment types (i.e., cash. Medicaid, and third party). Again, the 

2SLS estimates are all subject to the assumption placed on POST PAT. Based on 

the two-way FE 2SLS estimates found in Columns 6 and 7, I find that an additional 

generic entrant is associated with anywhere from a $1.84 to a $3.26 increase in the 

average real branded prescription price, depending on the regressors used. The effects 

of generic entry on the real branded price based on cash and Medicaid payments are 

very similar (increases of $1.78 and $2.22, respectively). Generic entry has the 

largest overall impact on the real branded third party price. An additional entrant 

is associated with a $3.45 increase in this price. The sensitivity of the real branded 

price to generic entry is similar to that uncovered in Frank and Salkever [28]. Their 

2SLS estimates indicate that find that an additional generic entrant exerts a positive 

influence on the real branded price. 

The first set of real generic price regressions are contained in Table 2.4. Ac

counting for the endogeneity of generic entry with the use of 2SLS reverses the sign 

on NUMGEN and makes it significant—as would be expected. The redefinition of 

generic entry leads to the expected negative and significant effects of generic entry on 

generic prices (anywhere from a $3.63 decline to a $16.51 decline, depending on the 

specification used). The results from Table 2.5 support the robust price competition 
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that is somewhat contained in the generic market. 

While one can be satisfied with the relatively strong performance of the model 

(in terms of significance and consistency with past studies) there are a couple notes 

of caution that should be stated. The monthly data used, which spans a four-year 

time frame, provides a very narrow look into these 18 drug markets. The results 

provided in this paper are probably indicative of what is initially taking place in 

these 18 markets—the rather short-term impacts of generic entry. If it were possible 

to incorporate more, recent observations into the data I could probably get a more 

realistic depiction of these markets. The longer-term impacts of generic entry and 

time would become more evident. For a fair amount of the drugs, there are only 

a few months of post-patent observations. What has happened in these markets 

thus far, while indicative of what will probably happen, is not the complete nor final 

picture. Generic entry tends to continue over a long-time horizon and the effects on 

real prices and market shares continue to occur. 

Another word of caution when interpreting the data found in this paper is that the 

drugs I have studied, while spanning several therapeutic classes, are only oral solids. 

As was previously noted, the drugs studied here may correspond to the larger, more 

profitable markets where generic entry is more likely to occur and to a greater extent. 

At this point, I cannot be sure that I have accounted for all the drugs that lost their 

patent over this four-year time interval. This study is merely meant to be indicative 

of what is happening for the relatively large, oral solid markets. 

The figures contained in the NDC Pharmaceutical Audit Suite data are based 

on retail and mail-order prescriptions. The inherent differences between these two 

markets may be important for several reasons (e.g., self-selection), but unfortunately I 

do not have such information. It should also be noted that I do not have information 

on rebates or discounts that are often offered or negotiated between pharmaceutical 

manufacturers (or insurers) and the pharmacies. The use of formularies is also noted 

but not controlled for seeing that the data span a nationally representative sample. 
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2.7 Conclusions 

An under lying/common theme of most of the research and poHtical interest/debates 

surrounding the pharmaceutical industry is the branded-generic price divergence. An 

empirical fact that arises from much of the literature is the maintenance of, or even 

increases in, the branded price due to generic entry. The conventional economic 

reasoning that an increase in the number of suppliers is associated with a decreased 

equilibrium price seems to apply only to the generic market. (All hope for economic 

theory is not lost however seeing that the generics are often successful in eroding much 

of the branded market share). Generic prices tend to decrease with increased generic 

entry. Thus, the post-patent price competition in the prescription drug market seems 

to occur exclusively in the generic market. 

This paper employs a panel of 18 oral solid drugs that experienced initial generic 

entry sometime between February 1998 and February 2002. The data was provided 

by NDC Health's NDC Pharmaceutical Audit Suite. As a point of departure, this 

paper employs estimation strategies similar to those found in Prank and Salkever 

[28]. Several patterns and points emerge from the econometric estimations that were 

performed. Generic entry is associated with increases in the real branded prices 

per prescription (ranging from $1.78 to $3.45, depending on the specification used). 

I find the real branded price based on third party payments to be the highest but 

also the most responsive to generic entry. For all of the branded price regressions, 

generic entry is found to be an endogenous process. When this is the case for the 

generic price regressions, generic entry is associated with the expected negative and 

significant effects on real generic prices per prescription ($1.87 and $6.60 decreases). 

Redefining generic entry in a way that is more consistent with the assumptions of 

the Bertrand pricing model leads to negative and significant effects of entry on real 

generic prices for all specifications used. This is continued evidence of the previously 

documented severe price competition in the generic market alone. The real generic 



43 

prices do not seem to be very affected by the real branded prices however. 

Finally, a couple of points can be made in regards to the more long-term effects of 

the 1984 Waxman-Hatch Act. Most of the econometric estimates found here parallel 

those in Prank and Salkever [28]. Thus, the somewhat short-run impacts of this Act 

seemed to be indicative of what would be occurring now, 19 years later. Title I 

was intended to lower barriers to entry for new drugs. The aims of this goal, seem 

to have been met. I find an average of 4.7 generics in this market for the entire 

period in which we have data. Branded drugs face competition from an average 

of 2.6 generics in the first month of post-patent competition and this figure nearly 

doubles over the course of the following year. Title II of this Act was intended to 

increase the patent terms for drugs that had been lessened to the increased FDA 

regulatory review. The average length of patent protection for the drugs in Frank 

and Salkever [28] is 13.8 years. I however, find an average "effective patent life" of 

8.4 years. This finding is more consistent with the figures that emerged in the early 

1980s before the Waxman-Hatch Act was passed. Senator Hatch touted this Act as 

being the best of both worlds—cheaper drugs today and better drugs tomorrow. It 

does seem to be the case that we are seeing a great deal of generic entry into these 

(profitable) markets and the average generic price is always smaller than the average 

branded price. The generic to branded price ratio decfines as more generics enter 

the market in subsequent months of competition. In regards to the incentives for 

continued research, the results are not clear. While the declining "effective patent 

life" would seem to decrease R&D incentives, the higher real branded prices may be 

providing enough profit to finance such endeavors. Hence, the impacts are somewhat 

ambiguous as I do not have data on AND As and the like. This however is an avenue 

that I intend to explore in the future. 

Frank and Salkever [28] conclude that their results are consistent with market-

segmentation notions. Generic entry forces the real generic prices down while the 

real branded prices are maintained, or even increased is evidence of the differing 
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price-sensitivities across consumers. They say that simple market models are not 

illustrative enough for the complex dynamics of the pharmaceutical industry. They 

say that more disaggregated data can be used to help achieve such ends. This study 

employed such data for one-month intervals to study the more recent effects of generic 

entry on prescription drug prices. 
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28.967 339 
22.726 561 
26.972 339 
82.158 561 
87.207 339 

1331650 339 
CO 

95.817 339 u 
41.861 339 
33.333 339 

CO 100-000 339 CO 

100 339 *-2 
100 339 

100-000 339 
96.333 339 CO 
97.850 339 

a; _> 95 469 339 a; _> $237,708,000.00 900 

a; _> 
$237,708,000.00 561 '-+J 
$213,550,000 00 339 

100.000 339 

o 
CO 

34.065 561 o 
CO 

25.680 339 o 
CO 

20.998 561 CD 
24.890 
84,557 

339 
561 Q 

89.783 339 
$144,750,000.00 339 CN 94.337 339 CN 

49.135 
69-702 

339 
339 

CN 
100 000 339 a 

J 
$220,092,000 00 

1 000 
1 559 

339 
339 
339 

a 
J 

$294 53 561 < 
$289.65 339 
S218 61 561 
$204 eo 339 
$275 90 561 
$268 67 339 
$312.35 561 
$305 37 339 
$240 22 339 
$203 52 337 
$425.20 337 
$24743 339 

12 339 
2002 339 

Minimum 
23 
-47 
• 

0 
t1308 
8697 
11308 
3609 
4 183 
5070 
3985 
4 350 
2.305 
46 411 
62 207 

1 
0 
13 
0 

54 167 
3 667 
2 150 
4 531 
0 
0 

0 000 
$i11.283-00 
$411,283.00 
$526,027 00 

5663 
3 718 
4 630 
4.159 
1 823 

5C.574 
64 383 
$213 61 
0 001 
0000 
0 000 
3C298 

$676,732 00 
0.000 
0648 
S27 30 
529 54 
&2B91 526 02 
527 50 
526.24 
527,04 
529.93 
52B 32 
512.74 
S22.46 
526.25 

1998 



Estimation Strategy: 
Dependent Variable: 

two-way FE 
Real Pb Real Pb Real cash Pb Real Medicaid Pb Real third party Pb 

11} {2} 12} (41 {5} 
1.657 1.490 0.882 1.733 1.775 

(8.351)*" {8.299)"" (6.203)"* (7.257)"* (8.079)"* 
[0.0865] [0.0778] (0.0560] [0.0931] [0.0896] 

CASHDOLb -1.781 _ _ _ 
(-8.085)*" 

[-0.258] 

MEDDOLb — -0.309 _ _ _ 
(-2.203)** 
[-0.0249] 

ONE 81.934 108.063 69.614 79.013 84.409 
(86.539)"* (32.466)*" (102.607)*" (69.356)"* (80.510)*** 

R2 0.997 0.997 0.997 0.995 0.996 
adjR2 0.996 0.997 0.996 0.993 0.995 
nobs. 339 339 339 339 339 

(t-values) 
"*=significant at the 1 % level for a 2 tailed t-test 
**=signiftcant at tfie 5% level for a 2 tailed t-test 
*=significant at the 10% level for a 2 tailed t-test 
[elasticrtres at the sample means] 

note: drug compound and year and month dummies included 

Source of data: NDC Pharmaceutical Audit Suite and FDA Electronic Orange Book 

two-way FE 2SLS (first-stage regression corresponds to Appendix A.4) 
Real Pb Real Pb Real cash Pb 1 Real Medicaid Pb Real third party Pb 

m 0} m 19} LLQJ 
3.260 1.836 1.783 2.216 3.449 

(6.523)*" (3.369)*" (5.082)*" (3.599)"* (6.237)"* 
[0.170] [0.0958] [0.113] [0.119] [0.174] 

-1.573 _ _ 
(-5.873)*" 

[-0.228] 

-0.211 _ 
(-1.302) 
[-0.0170] 

74.432 103.037 65.397 76.752 76.574 
(31.710)*" (18.365)"* (39.684)*" (26.543)*" (29.482)*" 

0.996 0.997 0.997 0.994 0.996 
0.995 0.996 0.996 0.992 0.995 
339 339 339 339 339 



Estimation Strategy: two-way FE two-way FE 2SLS {first-s 3 regression corresponds to Appendix A.4) 
Dependent Variable: 

NUMGEN 

Real Pg 

m 
0.574 

(1.245) 
[0.0384] 

Real Pg 

121 
0.606 

(1.323) 
[0.0405] 

Real cash Pg 

m 
0.462 

(0.941) 
[0,0296] 

Real Medicaid Pg 

HJ 
0.700 

(0.532) 
[0.0465] 

Real third party Pg 

15) 
0.438 

(0.927) 
[0,0285] 

Real Pg 

m 
-1.870 

(-1.752)* 
[-0.125] 

Real Pg 

-1.429 
(-1.315) 
[-0.0956] 

Real cash Pg 

-1.082 
(-0.946) 
[-0.0885] 

Real Medicaid Pg 

ISl 
-6.596 

(-2.185)" 
[-0.439] 

Real third party Pg 
no> 

0.223 
(0.204) 
[0.0145] 

DVNUMGEN - - - - - ~ ~ 
_ 

~ -

Real Pb -7.646E-02 
(-0.611) 
[-0.0976] 

-0.148 
(-1.177) 
[-0.189] 

- - - 7,047E-02 
(0.588) 
[0,0900] 

-8.444E-03 
(-0.0689) 
[-0.0108] 

- - ~ 

Real Cash Pb — 
— -0.173 

(-0.632) 
[-0.221] 

1.795 
(2.479)** 
[1.865] 

-0.581 
(-2.293)** 
[-0.592] 

— — -0.112 
(-0.401) 
[-0.143] 

2.075 
(2.852)*" 

[2.156] 

-0.581 
(-2,204)" 
[-0.593] 

Real Medicaid Pb — — 0.320 
(1.894)* 
[0.483] 

0,203 
(0,449) 
[0.249] 

0,202 
(1.239) 
[0.243] 

— — 0.318 
(1.879)* 
[0.480] 

0.110 
(0.245) 
[0,135] 

0.223 
(1.367) 
[0.269] 

Real Third Party Pb — — -0.227 
(-1.572) 
[-0.365] 

-0.571 
(-1.476) 
[-0.746] 

-0,062 
(-0.443) 
[-0.0792] 

— — -0.157 
(-1.085) 
[-0.253] 

-0.294 
(-0.763) 
[-0.384] 

•3,679E-02 
(-0.263) 
[-0.0472] 

CASHDOLg — 0.288 
(2.047)" 
[0,0551] 

— 
— — 

— 0.223 
(1.547) 
[0.0427] 

— 
— ~ 

MEDDOLg — 0.403 
(3.005)*" 
[0.0530] 

— — — — 0.389 
(2.882)*" 
[0.0511] 

— 
— — 

ONE 74,423 
(7.126)"* 

73.105 
(7.094)*" 

61,236 
(4.320)*" 

-29.546 
(-0,785) 

101.259 
(7.537)'" 

72,685 
(7.222)*" 

71.109 
(7.107)" 

57.709 
(4.211)"* 

-33,421 
(-0.925) 

98.102 
(7.534)*" 

R2 
adj R2 
nobs. 

0.978 
0.972 
339 

0.978 
0.973 
339 

0.955 
0.944 
337 

0.859 
0,824 
337 

0.979 
0.974 
339 

0.978 
0.972 
339 

0.978 
0.973 
339 

0.955 
0,944 
337 

0.861 
0.825 
337 

0.955 
0.944 
339 

t-values are in parentheses 
*'*=significant at the 1% level for a 2 tailed t-test 
••^significant at the 5% level for a 2 tailed t-test 
'=significant at the 10% level for a 2 tailed t-test 

CO 
.2 
0) 
bO <D 

Pi 
0) 

CLh 

0^ 
a 
o 
13 0) 

Ci  

vJ CQ 

note: drug compound and year and month dummies included 

Source of data; NDC Pharmaceutical Audit Suite and the FDA Electronic Orange Book 
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Estimation Strategy: 
Dependent Variable: 

DVNUMGEN 

Real Pg 

0] 
-8.135 

(-3.976)"* 
[-0.0803] 

Real Pg 

m. 
-7.261 

(-3.529)*** 
[-0.0716] 

two-way FE 
Real cash Pg Real Medicaid Pg 

m m 
-3.625 -16.508 
(1.475) (-2.544)** 

[-0.0344] [-0.163] 

Real third party Pg 

-3.718 
(-1.579) 
[-0.0356] 

Real Pb -0.022 
(-0.199) 
[-0.0277] 

-0.074 
(-0.670) 
[-0.0943] 

Real Cash Pb -0.172 
(-0.630) 
[-0.220] 

1.719 
(2.400)** 
[1.786] 

-0.590 
(-2.278)** 
[-0.601] 

Real Medicaid Pb — 0.252 
(1.421) 
[0.380] 

-0.158 
(-0.337) 
[-0.194] 

0.132 
(0.773) 
[0.159] 

Real Third Party Pb — -0.125 
(-0.848) 
[-0.200] 

-0.201 
(-0.514) 
[-0.262] 

0.042 
(0.2956) 
[0.0537] 

CASHDOLg 0.208 
(-1.499) 
[0.0397] 

— — — 

MEDDOLg 0.336 
(2.525)" 
[0.0442] 

— — — 

ONE 77.839 
(7.828)*** 

76.016 
(7.669)*** 

62.281 
(4.448)*'* 

-12.102 
(-0.326) 

102.996 
{7.729)*" 

R2 
adj R2 
nobs. 

0.979 
0.974 
339 

0.979 
0.974 
339 

0.955 
0.944 
337 

0.862 
0.828 
337 

0.979 
0.974 
339 

t-values are in parentheses 
***=significant at the 1 % level for a 2 tailed t-test 
**=significant at the 5% level for a 2 tailed t-test 
*=significant at the 10% level for a 2 tailed t-test 

Source of data: NDC Pharmaceutical Audit Suite and the FDA Electronic Orange Book 

TABLE 2.5. Real Generic Price Regressions 
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Chapter 3 

A HUMAN CAPITAL MODEL OF THE EFFECTS OF 
ABILITIES AND FAMILY BACKGROUND ON OPTIMAL 

SCHOOLING LEVELS^ 

3.1 Introduction 

Becker's 1962 paper defines human capital investments to be any "activities that 

influence future real income through the imbedding of resources in people." (Becker, 

[7], pp. 9) Human capital investments are of wide ranging interest because they can 

be used to explain income disparities across people, over space, and over time. Labor 

earnings are typically people's primary source of income. Human capital investments 

include schooling, on-the-job-training (OJT), routine medical exams, healthy diets, 

etc.—in other words, anything that can help increase worker productivity. Schooling 

is a unique type of investment in that it affects not only current day consumption but 

also future earnings potential as well. Individuals choose to invest in schooling until 

their marginal rate of return equals their discounting rate of interest. More practically 

speaking, they operate in such a way so as to maximize their expected (discounted) 

future earnings stream. Social and intellectual interest in income disparities, primar

ily stemming from differing schooling levels, has generated an enormous amount of 

attention across disciplines. There is a vast literature supporting/reflecting such an 

interest. 

This paper specifies and estimates a human capital model that is based on indi

vidual wealth maximization. We use an earnings-schooling relationship to calculate 

individual marginal rates of return to schooling and discounting rates of interest. 

Prom these we can identify and estimate supply and demand functions for schooling-

^This is joint work with Ronald L. Oaxaca and Galen Burghardt 
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investment. We ultimately arrive at an optimal level of schooling equation that 

accounts for permanent family income levels, family size, and abilities. We consider 

two different proxies for ability, but ultimately confine our attention to just one. We 

consider the possible endogeneity of this variable as well. Our estimation strategy 

involves disaggregating our sample into one-year work experience intervals for 1985-

1989. We then estimate a log wage equation to identify the work experience cohort 

that minimizes the estimated residual standard error and three other model selec

tion criteria, namely the Akaike information criterion, the Schwarz criterion, and the 

Amemiya's prediction criterion. Once we have identified this group we proceed with 

the rest of our estimation. We employ the following estimation strategies in this 

paper: OLS, Nonlinear Seemingly Unrelated Regressions/Nonlinear OLS, and 2SLS. 

This paper is organized as follows: Section 3.2 provides the background and lit

erature review. Section 3.3 discusses the conceptual framework that underlies the 

analysis. Section 3.4 discusses the data used in the analysis. Section 3.5 presents the 

results and Section 3.6 discusses them and provides alternative estimation strategies. 

Finally, Section 3.7 concludes. A Bibliography, Appendix, and supporting Tables 

and Figures are provided at the paper's end. 

3.2 Background and Literature Review 

A tremendous amount of the economics literature has been devoted to studying 

human capital investments and the economic rates of return, particularly to education. 

Researchers have exploited the models and theories developed by Mincer [48] and 

Becker [7] in their attempts at getting purer, more accurate, and more sophisticated 

estimates of rates of return. Various econometric strategies have been developed and 

utilized to account for the potential measurement error, omitted variables bias, and 

selection bias of the traditional log wage model. 

Becker [7] is one of the seminal works done on human capital investments. Becker 
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provides the justification for an age-earnings profile that is both steep and concave. 

Its shape stems from the fact that such human capital investments lower observed 

earnings at young ages because any such costs are deducted from an individual's 

wage. However, observed earnings rise in later years because the returns to such 

investments are then added on to an individual's wage. Several years later Willis 

and Rosen [58] pubhshed a paper where they attempt to estimate lifetime earnings 

conditional on actual school choices (i.e., high school or college) that were purged 

of any selection bias. They estimate a structural probit for data collected from 

the NBER-Thorndike-Hagen survey of 1968 (i.e., male WWII veterans). Willis and 

Rosen do find that there is positive selection bias in observed earnings and estimate 

rates of return to be about 9 percent. 

Some of the more recent studies on human capital investments and the associated 

rates of return to school have delved deeper into such econometric issues and also 

presented modifications to the standard Mincerian approach of explaining earnings. 

In 1983, Behrman and Birdsall [9] extend the simple log wage model to incorporate 

not only school quantity but quality as well, as proxied by the years of schooling 

completed by a pupil's teacher. They argue that the omission of quality biases 

the traditional OLS estimates upwards. Behrman and Birdsall's analysis uses data 

collected from the 1970 Brazilian Census. Card and Krueger [17] use an approach 

similar to Behrman and Birdsall in estimating the effects of school quality on rates 

of return to education. They proxy for school quality with various measures (e.g., 

pupil/teacher ratio, average teacher term length, relative teacher pay) found in the 

Biennial Survey of Education. Using the 1980 Census, Card and Krueger estimate 

earnings functions for white men born between 1920 and 1949. They find that men 

educated in states with higher quality schools, better-educated teachers, and a higher 

fraction of female teachers have higher rates of return to each additional year of 

schooling. 

Another modification to the log earnings function comes from the work done by 
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Altonji and Dunn [1] in 1996. They incorporate parental education levels into their 

model by interacting them with their children's education levels. Using a fixed-effects 

estimation strategy on data collected from the NLSY66 and PSID68, they find mixed 

evidence on the role of parental education in the human capital function. Ashenfelter 

and Zimmerman [5] continue to investigate the effects of family background on the 

economic rates of return to education. Using data collected from the NLSY66, they 

gather information on father-son and sibling (i.e., brother-brother) pairings. They 

incorporate a family-specific fixed-effect into the standard Mincerian log earnings 

function and ultimately arrive at a correlated random effects model. Ultimately, 

Ashenfelter and Zimmerman use a seemingly unrelated regressions approach and find 

an upwards bias in the estimated rates of return from omitted variables. This bias 

is offset by a downward bias due to measurement error in self-reported schooling 

levels. Hence, controlling for omitted variables and measurement error yields results 

comparable to the conventional rates of return obtained from OLS. 

Family background again comes to the forefront in Lang and Ruud's [45] work. 

The approach taken by Lang and Ruud is similar to ours but differs on several im

portant points. Like us, Lang and Ruud employ data collected from the NLSY 

(the 1966 wave instead) but they use potential, rather than actual, work experience. 

They consider single, rather restrictive measures of socioeconomic status (i.e., the 

Duncan Index) and ability (i.e., IQ). Furthermore, their wage regressions employ an 

individual's hourly wage as the dependent variable which glosses over the well-known 

fact that individuals who have a higher hourly wage tend to work more because of 

their high opportunity costs to leisure. In spite of the paper's shortcomings, they 

do find that their measures of individual discount rates, implicit in the education in

vestment decision, do not vary with socioeconomic background. Family background 

does however help to explain differences in individual levels of education, primarily 

due to variation in their attainment speeds. 

Ability measures have always received much attention in the human capital liter
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ature. Such unobservables have often posed problems for researchers. Researchers 

have most often proxied ability measures with IQ scores, or other such similar tests. 

However, in 1994, Ashenfelter and Krueger [3] compile a unique data set consisting 

of twins (mostly identical) to address such issues. Using an instrumental variables 

technique, they do find significant evidence of measurement error that biases the rates 

of return downwards. When they adjust for such measurement error they find rates 

of return between 12 and 16 percent, much higher than the conventional estimates. 

Moreover, they conclude that any unobserved ability (i.e., omitted variables) does 

not bias the rates of return upwards. 

Several of these different econometric estimation strategies are surveyed and sum

marized in Card [15]. The studies he cites either use a fixed-effects or instrumental 

variables method in accounting for the causal effect of schooling in the labor market. 

All but one of these studies find that the OLS estimates of rates of return are biased 

downwards (by about 10 to 30 percent). While many of these studies can be criti

cized for their identification strategy, imprecision, strict underlying assumptions, and 

unique samples, their similar findings do warrant careful rethinking. 

3.3 Conceptual Framework 

Throughout this paper we will treat the schooling decision as an investment activity 

and focus solely on it. First, we posit the existence of an earnings transformation 

function^and define it as follows, 

Y = F{S,A). (3.1) 

^Burghardt and Oaxaca [14] state that, "As Rosen (1973) points out, the transformation function 
is derived from a production function of knowledge whose arguments are schooUng and abihty. The 
units of knowledge (human capital) are multiplied by a constant market rental rate on human capital 
to yield earnings. The production function itself is derived from a learning function that governs 
the rate at which knowledge can be produced from prior schooling and ability." (Burghardt and 
Oaxaca, [14], pp. 3) 

®Lazear [46] frames his discussion of education in the context of a production function. 
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This function relates an individual's annual earnings, Y, to his/her years of schooling, 

S, and to his/her natural ability, A. For our earnings function to exhibit the conven

tional positive, but diminishing marginal returns to schoohng and positive returns to 

ability, we need the following inequalities to be satisfied, 

Fs ,  F a> 0 and Fss  <  0. (3.2) 

We might also expect more able people to reap greater rewards (i.e., in the form of 

their resulting wage structure) to increased schooling levels and vice versa as well^. 

Thus, 

FSA = FAS > 0. (3.3) 

In the analysis that follows it is more convenient to think of our earnings trans

formation function in its log form, 

InY = \nF{S,A). (3.4) 

Now, it is much easier to interpret and derive the marginal rate of return to schooling. 

Let us define the marginal rate of return to schooling, r, as follows, 

(3,5) 

In order for the marginal rate of return to schooling to increase with ability (and 

hence for the demand for schooling to increase with ability) we need the following 

inequality to be maintained^, 

FFsa > FAFS- (3.6) 

Next, we will assume that all relevant costs are just foregone earnings and that an 

individual seeks to maximize the present value, of his/her lifetime earnings over an 

"^For a general, perhaps dated, discussion of the effects of schooling and ability (and their inter
action) on log earnings, see Hause [38]. 

®The proof of this inequality is found in Appendix B.l. 
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infinite horizon® subject to the constraint imposed by (3.1). Formally speaking, we 

can mathematically represent an individual's maximization problem as, 

poo 
MaxV = / Ye~^*dt suhiect to Y = F{S, A), (3.7) 

^  J s  

where V is the present value of lifetime earnings, z is a fixed discounting rate of 

interest, and t is the index of integration. 

We can then simplify the present value of lifetime earnings and take the log of the 

resulting expression to obtain, 

lnF = lny-i5-lni. (3.8) 

Taking derivatives with respect to S, we arrive at the following first order condition, 

r = i. (3.9) 

Hence, the optimal level of schooling for an individual occurs at the point where 

his/her marginal rate of return to schooling exactly equals his/her discounting rate 

of interest. 

We can now put the above analysis into a conventional supply and demand frame

work. We obtain an individual's demand for investment in schooling by taking the 

derivative of the log transformation function as defined in (3.4) with respect to school

ing^. Hence, the demand for schooling can be expressed as, 

r^r{S,A), (3.10) 

or equivalently as, 

S'^ = S'^{i,A), 

®This infinite horizon is imposed for mathematical simplicity. An infinite horizon model has 
been used by numerous other researchers as well. See Lang and Ruud [45]. 

'''For a given individual, his/her ability level is assumed to be fixed. 



60 

where S'^ is the level of schooling demanded at each discounting rate of interest for 

an individual with a given ability level A®. Thus, we allow the demand for schooling 

to be the marginal rate of return to schooling. 

We can derive an individual's supply function for school investment from the 

present value function as defined in (3.8). Simple manipulation of this expression 

yields, 

Iny = ln(iy)+i5. (3.11) 

Differentiating this expression with respect to S yields an individual's supply curve. 

This establishes the relationship between the supply of schooling and the discounting 

rate of interest. It should be noted that an individual's discounting rate of interest, 

i, is uniquely fixed and does not vary with the level of schooling. However, since 

i can also be interpreted as the marginal opportunity cost of an additional year of 

school, it is reasonable to assume that i can vary across individuals. For example, 

we would probably expect the discounting rate of interest to be higher for children 

from poorer families than that for children from wealthier families. The same could 

be said of children from larger families as compared to children from smaller families. 

Hence, we can define i as a function of an individual's family characteristics, 

(3.12) 

where X denotes a vector of family background variables. In our analysis these 

include family size and permanent family income levels. 

Combining (3.9), (3.10), and (3.12) we can simply define the optimal level of 

schooling as, 

S* = f{X,A). (3.13) 

®The derivation of this equivalent expression is most clearly seen when we consider the stochastic 
estimation to equation (3.4) (i.e., equation (3.15)). Taking the derivative of InY with respect to 
S yields the marginal rate of return. Rearranging this expression and solving for S yields a level 
of schooling that is a function of r and A. Imposing the equilibrium condition, r = i, makes the 
demand for  school  a  func t ion  of  i  and  A.  
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We can graphically illustrate this optimal level of schooling using both a supply and 

demand framework and a framework relating the log earnings functions®. This can 

be seen in Figure 2.1. The top graph relates the log earnings transformation function 

to the log earnings present value functions as defined in (3.11). The log earnings 

transformation function is a concave curve reflecting the positive, but diminishing 

marginal returns to schooling. The log earnings present value functions are a series 

of straight lines relating InY and S at a given discounting rate of interest, i. The 

optimal level of schooling, S*, occurs at the point of tangency between these two 

curves—the point at which discounted lifetime earnings are maximized. The bottom 

graph tells the same story, just from a different viewpoint. This framework relates 

the downward sloping demand function, as defined in (3.10), to the infinitely elastic 

supply curve, as defined in (3.12). The intersection point between these two curves 

corresponds to the point where the discounting rate of interest exactly equals the 

marginal rate of return to schoohng (i.e., the equilibrium as defined in (3.9)). This 

in turn establishes again, the optimal level of schooling, S*. These two frameworks 

graphically establish the solution to the maximization problem as defined in (3.7). 

We can now consider the situation in which ability levels and discounting rates 

of interest are allowed to vary across individuals. Figure 2.2 depicts this situation. 

Again in the top framework we see individuals' optimal schooling levels being estab

lished by the point of tangency between their log earnings transformation functions 

and their log earnings present value functions. The bottom framework achieves the 

same results, by utilizing the individual-specific supply and demand intersections in

stead. Hence, fitting a line through the set of tangency points in the top graph 

® Becker and Chiswick [8] give a very general discussion of how human capital investment can be 
nested in the context of a supply and demand curve analysis. 
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parallels the development of Mincer's simple schooling model^° which is, 

INYJ = /3O + (^ISJ + UJ, (3.14) 

for individual j .  

Next, we will discuss the empirical specification that underlies the econometric 

analysis. The stochastic approximation^^ to the transformation function as defined 

in (3.4) is, 

Inlj = /3o + 0iSj + P2-^jSj + P^Sj + uij, (3.15) 

where j  denotes the individual and is an error term. To maintain the relation

ship as defined in (3.4), we would expect the following signs on the coefficients: 

/?i, /?2 > 0 and Ps < 0. (3.16) 

The schooling-investment demand function is obtained by differentiating (3.15) 

with respect to S. Thus, obtaining, 

Tj = /?1 + (^2^3 + (3-17) 

where Vj = . We specify the schooling-investment supply function to be a linear 

function of various family background variables. Consider the following specification, 

ij = (3.18) 

where Sfj is the schooling level of an individual's father, Smj is the schooling level 

of an individual's mother, Nj is the family size, and ^2/^ is an error term. In 

the above construct, we have proxied permanent family income with the schooling 

^°Burghardt and Oaxaca [14] address the identification of this model. Since the model is not 
identified, /3i, has no economic meaning. However, its interpretation as an average rate of return 
to schooling is maintained throughout the analysis. 

^^See Heckman and Polachek [40] for a discussion of the appropriateness of this functional form, 
assume uij ~ iidN{0, erf). The Bera and Jarque (1981, 1982) test supports this assumption. 

The details of this test can be found in Appendix B.2. 
^^We assume U2j ~ iidA^(0, crl)-
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levels of an individual's parents^''. So as to not lose observations, and to maintain 

a constant sample size across regressions^®, we imposed an education level of zero 

years for any respondent's parent whose education level was reported as a missing 

value. We then constructed dummies indicating whether or not we imposed such a 

value. Hence, DVSf takes on a value of "1" if we replaced a missing value for the 

respondent's father's education level with a zero. Similar reasoning applies for the 

dummy variable on a respondent's mother's schooling level, DVSm^^. 

The above construct allows for a nice interpretation of the coefficients. di and 

02 capture the pure wealth effects of family income on an individual's discounting 

rate of interest. Hence, we would expect these two parameters to have negative 

signs because an individual's discounting rate of interest (or alternatively, his/her 

marginal opportunity cost of an additional year of schooling ) decreases with his/her 

family wealth (i.e., the individual is more patient and can postpone earnings for more 

schooling). 6^ however, captures the effect of family wealth on potential financial 

aid. Since financial aid offices base their decisions purely on family wealth, not on 

individual parental contributions, we sum these two variables together and expect 

their common parameter, 9^, to have a positive sign. Hence, children from richer 

families have less of a chance of receiving financial aid which in turn increases their 

discounting rate of interest. We can decompose the effects of family size on an 

individual's marginal opportunity cost of an additional year of schooling into two 

separate effects. The Oq parameter captures the pure income effect of family size. 

We would expect individuals from larger families to have increased opportunity costs 

^"^We considered several other proxies of permanent family income, namely the Duncan Socioeco
nomic Index and variations of the parental schooling levels—the average level, the maximum level, 
and the head of the household's level. We abandoned such alternatives because we either lost too 
many observations or because we feared the bias that would result from a subjective judgement of 
the importance of parental schooling. 

^®The importance of maintaining a constant sample size across (3.15), (3.19), and (3.22) will 

become evident in the NLSUR estimations that follow. 
^®0f the 230 observations, only 26 (22) respondents did not report their father's (mother's) school

ing level. 
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to additional schooling, hence 9e should be positive. However, the larger a family, the 

more widely the (financial) resources are spread and hence the greater the opportunity 

for financial aid assistance. Thus, we would expect 6y to be negative. 

Since the individual coefficients are not identified in the above specification, we 

collect terms and arrive at the following functional form, 

ij = cto + cxiSfj + 0L2Smj + Oi^DVSfj + Oi^DV S„ij + oi^Nj + (3.19) 

where, 

^1 + ^3 = Q^ii (3.20) 

02 + ^3 = Q!2, 

and 

+ - Q!5, 

Hence, the above specification identifies the relative parental contributions on wealth 

effects, aside from the financial aid effects^''. We can determine which of the efTects 

are larger by noting the sign of the estimated coefficient. 

The reduced-form optimal level of schooling equation is obtained by substituting 

(3.17) and (3.19) into the individual-specific equilibrium condition, 

Tj  =  i j .  (3.21) 

When we do this and solve for S*, we obtain, 

'S'j = 7o + liSfj + 72'5'mj + JaDV Sfj + 74-DV Smj + 75-^i + 76^j + (3.22) 

'^''Specifically, this is because Qi — 02 = 0i — 02-
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where 

Oi l  

~ 2/?3' 

0,2 

as 

tts 
75 

76 

U3j 

and 

2/33' 

2/?3' 
^2j 
2/?3' 

^2  t7| 
' 4/3|' 

The signs on the coefficients estabhsh the net effect of the direct and indirect (i.e., 

through financial aid awards) wealth effects on schooling. The only coefficient that 

we could sign at this point would be that of ability, ft is reasonable to expect that 

more able people would reap greater rewards from increased schooling levels. Thus, 

we expect je to be positive. 

Due to the fact that an individual's discounting rate of interest and marginal rate 

of return to schooling are not observable, we must estimate them in order to identify 

the supply and demand functions. Hence, in estimating the marginal rate of return 

to schooling, we use the estimated parameters obtained from the OLS estimation of 

(3.15). This then establishes an estimated marginal rate of return to schooling, rj, 

for each individual. We then impose the equilibrium condition as defined in (3.21) 

to get an estimated discounting rate of interest, ij. In other words, fj — ij. We 

use these estimated marginal rates of return and discounting rates of interest as the 
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dependent variables in the demand of and supply for schooling investment functions, 

respectively. 

The estimation strategy used here follows a procedure Mincer [48] used when es

timating the simple schooling model of equation (3.14). In this work he seeks to 

"gain understanding of the observed distribution and structures of earnings from in

formation on the distribution of accumulated net investments in human capital among 

workers." (Mincer, [48], pp. 2) He considers a theoretical model of earnings where 

human capital is the central explanatory variable. Mincer argues that experience, 

more than age, explains earnings differentials due to education. He argues that the 

correlation between log earnings and education is strongest in the first decade of work 

experience. Mincer introduces the notion of an "overtaking" year in which an in

dividual's observed earnings are most reflective of his/her investment in school (and 

innate ability). At this particular point in time the distortion from post-schooling in

vestments (i.e., OJT) is minimized and the return on an individual's prior investment 

(i.e., schooling) equals the cost of the current investment (i.e., OJT). An individual's 

earnings at this "overtaking" year provide the best test of the simple schooling model. 

This "overtaking" year is usually 8 years after an individual has left school when an 

individual has between 7 and 9 "years" of work experience. 

3.3.1 Goodness of Fit Measures 

In our attempts to identify the "overtaking" year of work experience, we considered 

five separate "goodness of fit" measures for the model as described in (3.15)'^®. The 

most typical and singular way of gauging the "goodness of fit" of a regression is the 

use of the measure. The B? measures the proportion of the total variance in 

the dependent variable that is explained by the model (linearly). Thus, we seek 

^®A11 of these "goodness of fit" measures are based on the fact that we have a reasonably large 
sample (i.e., greater than 100 observations). This however, is not really much of a concern for the 
earlier cohorts. 
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to maximize the R^. This measure has been criticized for its obvious fault—it can 

be inflated just by including more regressors. Theil (1961) purported the use of an 
2 

adjusted R^ measure, R , that corrects for the degrees of freedom. We chose not to 

include the adjusted R^ measure because the number of regressors in (3.15) does not 

vary. 
2 

It is the belief of some that even the R does not impose a harsh enough penalty for 

the loss in degrees of freedom. Hence, the next three measures we consider attempt 

to correct this problem. All three of these selection criterion seek to minimize the 

mean-squared error (MSE) of prediction (as opposed to the residual standard error), 

(3.24) 

where Inl/ is the future value of InY and InYf is the predicted future value. 

The first of these selection criteria is Amemiya's (1980) prediction criteria (PC). 

We seek to minimize the following, 

where SSE denotes the total sum of squared errors, k is the number of regressors 

(inclusive of the constant term), N refers to the sample size, and aj is the error 

variance of ^i. 

Another more general selection criterion is the use of Akaike's (1973, 1974) infor

mation criterion (AIC). It seeks to minimize, 

.  ̂  „ , SSE 2 2A: , .  
A I C ^ \ n - ^  +  - ^  I n a ,  +  (3.26) 

The third selection criterion was developed by Schwarz (1978). The Schwarz criterion 

seeks to minimize, 

,  SSE A: In A'' 2 ^ In/ x 
SC = ln— + —^lnai + —. (3.27) 
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It should be noted that the three criterion discussed above are typically nested 

in discussions of regressor selection^®. Typically researchers are testing different 

models using the same data set. We however, are testing a common model using 

different samples of our data to determine which work experience cohort best suits 

its predictions. 

The last "goodness of fit" measure we consider is simply the estimated standard 

error of the regression. We seek to minimize the estimated residual variance, 

28) 
- {N^y  

(or alternatively its square root which is the estimated residual standard error). The 

estimated residual variance helps to explain all the variance in the model that has 

not been explained by the regressors. Thus, the smaller it is the more explanatory 

power we can attribute to our model. 

3.4 Data 

The data used in this paper is from the National Longitudinal Survey of Youth 

1979 (NLSY79). The NLSY79 consists of 12,686 young men and women, living in 

the U.S., who were between the ages of 14 and 22 years when the first survey was 

conducted in 1979^°. In 1998, the most recent wave of the survey, 8,399 civilian and 

military respondents were interviewed from the 9,964 eligible persons, hence yielding 

an overall retention rate of 84.3 percent. 

The demographic variables for each respondent were collected from the 1979 in

terview. We restricted our attention to only white males. The resulting sample size 

is 4,393 persons. From this 1979 interview we were able to get several measures of 

a respondent's family background/income level. These measures include the respon

dent's family size and the highest grade completed by a respondent's mother and 

^®For nice discussions of these selection criterion see Greene [35], Kennedy [44], Maddala [47], and 
Judge et al. [43]. 

^"There is oversampling of the poor and people in the military. 
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father. The NLSY79 provides three different measures used to gauge a respondent's 

ability. The first of these, which we chose not to use because of the small number 

of respondents, is the total Intelligence Quotient (IQ) score. The second of these 

is the Knowledge of the World of Work (KWW). The third is the Armed Forces 

Qualification Test (AFQT). 

The educational attainment and enrollment status was available for each survey 

year. We have measures indicating both the highest grade completed and the current 

enrollment status. When conducting the econometric analysis, we do not include any 

respondent who is currently enrolled in school for that year because such individuals 

have not fully realized the gains to school in terms of their resulting wage structure 

yet. We also omit anyone who attended school after 1989 to ensure that the wages 

we observe are truly reflective of finaP^ schooling choices^^. 

The income variables were collected from the main NLSY79 files as well. The 

dependent variable in the log earnings regression is the log of a respondent's total 

income from wages and salary in the respective year. Using the Consumer Price 

Index (CPI) for all urban consumers, as published by the BLS (Bureau of Labor 

Statistics), we deflated the income figures and express them in terms of 1985 dollars. 

In our analysis, we consider only people who earned at least $500 in nominal terms 

for a given year. 

The variables used in the construction of the experience measures were collected 

from the supplementary NLSY79 work history file. Since each respondent is assigned 

a unique identification code, we were able to merge the two data sets. Due to this 

detailed collection of work experience variables, we do not have to use less accurate, 

^^The term "final schooling" is used somewhat loosely here because we can only observe individual 
schooling choices/enrollment through 1998, the most recent wave of the NLSY79 survey that we have. 

^^Including such individuals yields estimates of (3.15), (3.19), and (3.22) that are marginally more 
significant. By focusing on those individuals who have finished their educational investment through 
1998, we only lose nine observations for the 13-year work experience cohort. The earlier cohorts 
considered, the more observations lost. The figures in Table 3.4 do however support the choice of 
the 13-year work experience cohort as the "overtaking" cohort. 
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potential work experience measures. A respondent's work experience for a given year 

is calculated by summing the hours worked in that year and all prior years (since 1979) 

and then dividing through by 2080.^^ Taking account of the fact that many of our 

respondents were older than 18 years (the usual age that one graduates from high 

school in the U.S.) and had potentially been working for several years prior to the 

first survey in 1979, we constructed a variable to measure their experience prior to 

1979. This variable is calculated as follows, 

Experience prior to 1979 = (3.29) 

(Ageigrg — Schoolingmg — 6) * {Work Experienceigrg/2080). 

Hence, this gives us a measure of "full-time equivalent" (FTE) work experience^'^. 

Following Mincer's lead, we stratified our sample into one-year FTE work ex

perience intervals for the years 1985-1989^®. Ultimately this procedure controls for 

experience without making it explicit in any of the equations. (3.15) is then estimated 

separately for each work experience cohort. Running each regression separately al

lows for full interaction effects of work experience on each coefficient. The earnings 

have explicitly assumed a 40-hour work-week for 52 weeks of the year. 
^^It should be noted that most often these "years" of work-experience do not coincide with calendar 

years. 
chose to confine our attention to the years 1985-1989 for several reasons. First, as previously 

stated, Mincer argues that the correlation between log earnings and education is strongest in the 
first decade of work experience. The NLSY79 began in 1979 and the latest year we chose to look at 
was 10 years later, in 1989. Second, Mincer finds that the "overtaking" year occurs eight years after 
an individual has left school and has acquired seven to nine "years" of work experience. In the first 
year of the survey, our respondents are between 14 and 22 years old. Roughly, half are under 18 
years and it is reasonable to assume still enrolled in school. Using 1985 as a lower bound allows our 
youngest respondents to probably have acquired at least four years of work experience. We also do 
not, at this point, consider earlier years, like 1980 for instance, because the closer to the first survey 
year the cruder our approximations are of the respondents' true work experience. This is due to 
the fact that we had to estimate their work experience prior to 1979. Going as late into the survey 
as 1989 probably biases us towards finding a later "overtaking" year if anything. Furthermore, as a 
rough rule of thumb one can estimate the rate of return to education as the inverse of the overtaking 
cohort. Roughly speaking, in 1985, six calendar years have passed since the first survey year and 
we would calculate a 16.7 percent rate of return to schooling. This figure seems a bit high, but for 
1989 we would get a 9.1 percent rate of return which seems more reasonable and is similar to rates 
previously found by other researchers. 
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data in the model as defined by (3.15), (3.17), (3.19), and (3.22) reflects not only 

ability and schooling-investment decisions but post-schooling investments (e.g., work 

experience, on-the-job training) as well. Thus, ignoring the potential correlation be

tween schooling and work experience in cross-sections would bias the OLS estimates. 

By stratifying our sample into work experience cohorts we purge the model of any 

post-schooling investment decisions. Thus, there exists an "overtaking" year in which 

an individual's earnings are most reflective of his natural ability and schooling levels 

alone. We reasonably assume that this "overtaking" year varies across individuals, 

even within a given work experience cohort. Thus, we stratify our sample into one-

year work experience intervals for 1985-1989 so we can best identify the group whose 

earnings are "free" of OJT effects. 

3.5 Estimation and Results 

As mentioned above, our statistical estimation concerns white males who earned 

at least $500, in nominal terms, for a given survey year and who were not currently 

enrolled in school for a given survey year, or anytime after 1989. Table 3.1 provides 

the descriptive statistics for each variable used in the analysis. The mean, standard 

deviation, maximum value, minimum value, and the number of cases are given for 

the overall sample. On average, our respondents are about 18 years old and seem to 

have the equivalent of a high school education while their parent (s) appear to have 

completed through their junior year of high school. On average, the respondents 

come from households with three other members. The ability measures indicate 

average intelligence levels. From these tables we can observe an upward trend in 

schooling levels, years of experience^®, and earnings over time. 

^®At first glance the maximum values for the years of work experience may look quite peculiar. 
However, due to the construction of this variable it is quite possible for people to work the equivalent 
of several years within a given calendar year. This is the case for multiple-job holders and over-time 
workers. The maximum hours reported for any calendar year between 1979 and 1989 is 4992 (which 
corresponds to 57 percent of total annual hours and 2.4 FTE years). The reporting of such large 
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Table 3.2 provides the frequency distributions for the work experience cohorts in 

1985-1989. As would be expected, the cohort encompassing the largest percentage 

of respondents increases each year. However, as we move further in time we see a 

greater dispersion of respondents into each of the cohorts. In 1985, 14.7 percent of 

the sample had the modal experience that was about 2 years and in 1989, 9.3 percent 

of the sample had the modal experience of 7 years. 

3.5.1 Sample Stratification 

As was previously mentioned, we chose to stratify our sample into one-year full-time 

equivalent intervals of work experience for 1985-1989. Table 3.3 lists the number of 

people in each respective cohort and the corresponding percentage they comprise of 

the entire sample. The information contained in Table(s) 3.3 (and 3.4) correspond 

to cohorts in which the sample size was reasonable, i.e., above 100. The procedure 

for constructing the FTE work experience intervals worked as follows: For example, 

in constructing the one-year work experience cohort, we included individuals who 

reported having between one (inclusive) and two (not inclusive) years of work experi

ence at any time between 1985 and 1989. Obviously, in using such a decision rule we 

encountered the possibility of individuals who reported say, 1.2 years of work experi

ence in 1985 and 1.9 years of work experience in 1986. To ensure that an individual 

entered a work experience cohort only once, we manually identified those individuals 

who were double-, or even triple-counted. For these individuals, we chose to use the 

most recent year in which their work experience fell within the desired range (again 

values is relatively infrequent and the corresponding work-experience cohorts are rarely, if at all, used 
in the following analysis. The work experience frequency distributions in Table 3.2 support this 
latter claim. When one considers alternative work experience measures, such as hours worked per 
week, one encounters individuals who reported all possible hours. It is rarely the case however, that 
people report working the maximum weekly hours for more than a few weeks at a time. Individuals 
reporting such may include firefighters or physicians who are "on-call" but not necessarily actively 
or physically working. We did consider eliminating anyone who indicated working more than 16 
hours a day but opted not to do so because we did not want to impose any artificial limitations. 
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subject to the constraint that their earnings were $500 or above and that they were 

not enrolled in school for that particular year or any year after 1989). Once this year 

was identified, we chose their corresponding education and income levels. 

We performed similar procedures for all other relevant work experience cohorts 

and estimated the log earnings function, (3.15), separately for each cohort. Table 

3.4 lists the selection criterion (AIC, SC, PC, CTi, and B?) for each regression done 

utihzing AFQT as the ability proxy. We get much stronger results, in terms of the 

appropriate signs and significance levels, on our regressors when using the AFQT 

score, as opposed to the KWW score. Hence, we have omitted the results from the 

regressions utilizing the KWW score as an ability proxy and only use the AFQT score 

in the estimations that follow^^. 

3.5.2 13-Year Work Experience Cohort 

As can be seen from Table 3.4 the minimum values on the AIC, SC, PC, and 

estimated residual standard error are achieved for the 13-year work experience cohort. 

The criterion reaches a maximum for the 14-year cohort. We however chose to 

work with the former work experience cohort because it provides for a bigger sample 

and the regression yields coefficients that are of the appropriate sign and are all 

significant at the 10 percent level (the schooling and interaction term are significant 

at the five percent level as well). The estimated coefficients on the 14-year cohort 

are of the appropriate sign, but the only significant term (at the 10 percent level) is 

the schoohng-ability interaction term. Thus, we can conclude that the "overtaking" 

j^ear occurs for individuals with 13 FTE years of work experience. 

As was previously noted the AIC, SC, and PC criterion are typically nested in 

discussions of regressor selection. We however employ such criterion to determine 

which cohort (of varying sample sizes) best fits our proposed log earnings functional 

^''For an earlier discussion of the use of AFQT in the log earnings function, and the unique role 
that it plays, see Griliches and Mason [37]. 
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form (where the number of regressors is fixed). Thus, the differing degrees of free

dom across our regressions are due to variations in the sample size as opposed to the 

number of explanatory variables. Holding other things constant (i.e., a^), the AIC, 

SC, and PC criterion would favor larger samples. Thus, the use of such criterion 

would bias our results towards finding earlier work experience cohorts as the "over

taking" year(s). Due to the fact however that we determine the "overtaking" cohort 

to correspond to individuals with 13 FTE years of work experience, we feel satisfied 

in our unconventional use of these "goodness of fit" criterion. 

Table 3.5 lists the descriptive statistics for the 13-year work experience cohort. 

The average age of our respondents is about 28.7 years (at any point between 1985 

and 1989). The average annual income, in real terms, is about $19,000, and $25,000, 

in nominal terms. The respondents have completed through their junior year of high 

school and have been out for about 11.4 years. The average experience level is 13.5 

years, so we can conclude that many of these individuals are either working over-time 

or are multiple-job holders. 1989 was the most recent year in which 49.1 percent of 

these individuals had between 13 (inclusive) and 14 (not inclusive) FTE years of work 

experience. Similarly, it was 1988, 1987, 1986, and 1985 for 27.8, 0.4, 15.2, and 7.4 

percent of the sample, respectively. As reported by the NLSY79, the parents have 

completed through their sophomore year of high school. However, when we adjust 

our figures for missing values, as was previously described, the average parental level 

of schooling falls by about one year. The average family size is 3.7 persons. 

3.5.3 Overall 

From this point onward, we will base the rest of our estimation on the "overtaking" 

cohort, i.e., the 13-year work experience cohort. Table 3.6 Column 2, lists the OLS 

results of (3.15) for this cohort. The strong performance of this cohort is evident 

from the Table. As theory predicts, the schooling and schooling-ability interacted 
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variables are positive while the schooling squared term is negative. The results are 

all significant at the five percent level. 

Table 3.6, Column 1, lists the results from the simple schoohng model (3.14). We 

can compare the coefficient on the schooling variable in this model to the estimated 

marginal rate of return to schooling evaluated at the sample mean which is 9.7 percent. 

As expected, the rate of return, as estimated from the simple schoohng model, is 

greater than that which is calculated directly from (3.15). The simple schoohng 

model predicts a rate of return of 15.3 percent. 

The results from the schooling-investment demand function are presented in Table 

3.6, Column 3. The coefficients on the demand function are taken directly from 

(3.15)'s coefficients. As expected, the coefficient on ability is positive and that on 

schooling is negative. 

3.6 Discussion of Estimation Strategies 

There are a few estimation strategies we consider in this paper. 

3.6.1 Unrestricted/OLS 

Reduced-Form Optimal Level of Schooling The first few estimation strategies are 

based on the assumption that Aj is exogenous, i.e., uncorrelated with uij and u^j (and 

hence U2j), and that Sj is also uncorrelated with uij. Our first estimation strategy 

involves the direct estimation of the schoohng-investment supply function (3.19) by 

OLS. Since our estimation procedure constrains the model to be in equilibrium, 

the marginal rates of return we calculated from (3.15) are directly imposed as the 

left-hand side variables for (3.19) (i.e., the discounting rates of interest). Table 3.6, 

Column 4, lists these results. The negative sign associated with the permanent family 

income proxies, the parental education levels, imply that children from wealthier 

families (as indicated by higher educated parents) have lower discounting rates of 
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interest. Referring back to the conceptual framework, the negative sign on these 

coefEcients implies that the pure wealth effects of increased parental schooling levels 

outweigh the indirect effects that family wealth has on the likelihood of receiving 

financial aid. Furthermore, we see that the dummy variables on parental schooling 

levels are negative, but only significant for the father. Thus, the marginal opportunity 

cost of an additional year of schooling is lower for those whose father's education level 

is missing. The coefficient estimate on family size is also negative but insignificant. 

Again, referring back to the empirical section of the paper, this implies that the pure 

wealth effects of family size completely offset the indirect wealth effects on financial 

aid. 

Now, once we have the estimated coefficients from (3.15) and (3.19) we can use 

them to derive the parameters in (3.22). Thus, 

OLQ — i3l ^ ^ 012 ^ ^ ^4 ^ Qfs , , 

. _ -^2 

2/33 ' 

and 
cr? 

CTs = 
"'^3 4/?| 

Table 3.6, Column 7, lists these results. The standard errors, hence the t-statistics, 

have been computed using the Delta Method^®. The optimal level of schooling 

is higher for more able individuals from wealthier families. The optimal level of 

schooling based on these coefficients for this work experience cohort is 11.4 years. 

Derived Supply Equation Our second estimation strategy involves the direct esti

mation of the log earnings equation (3.15) and the optimal level of schooling equation 

(3.22) (i.e., the two equations in which we observe the dependent variable) by OLS 

is assumed that Cov{ f f ,  a )  =  Cov{ f5 ,  7) = 0. 
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and then uses the results to get consistent estimates of the coefficients on the supply 

equation (3.19). Hence, 

"0 = 2/337O + Pii &i = 2/3371, 0.2 = 2/3372, as = 2/3373, 0:4 — 2/3374, (3.31) 

as = 2/3375, 

and 

;52';2 0^2 ~ 4/53(73. 

Table 3.6, Column 6, lists the OLS results for (3.22). The signs and magnitudes 

on the coefficients are similar to those derived above based on the OLS estimates of 

a and /3^®. The magnitudes of the parental schooling levels, the parental schooling 

dummies, and the family size variables are a little smaller while the AFQT variable 

is a bit larger. All of the variables, except for the mother's schooling dummy and 

the family size, are significant at the five percent level. 

Table 3.6, Column 5, lists the derived results of (3.19). Again, we utilize the 

Delta Method to calculate the standard errors of the estimates. The signs on the 

coefficients are identical to those based on the OLS estimates, but the magnitudes 

differ somewhat. 

3.6.2 Restricted/NLSUR 

NLSUR Another estimation strategy involves the following recursive, constrained 

system of equations, 

IN^J = /3O + PISJ + F52AJSJ + PSSJ + UIJ (3.32) 

Sj = 70 + 7l'S'/j + 72'S'mj + ^sDVfj + ^iDVmj + + 76^j + 

subject to 
_ ~/32 

2/33 • 

^®Note that the OLS estimates and the derived estimates are similar but not identical. This is 
because our system is overidentified. 
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We used a Nonlinear Seemingly Unrelated Regression (NLSUR) strategy^® to estimate 

this restricted recursive system. The equations were stacked with the OLS estimates 

providing the starting values for the iterative estimation strategy. We imposed 

two alternative variance-covariance matrices, S, that allowed us to test the following 

hypothesis, 

Ho :Ti is diagonal; ifi : S is not diagonal. (3.33) 

Thus, under the null hypothesis there is no correlation between the two errors, uy 

and usj, and hence each equation could just be estimated separately by Nonlinear 

OLS (NLOLS). We obtained the estimated residual variances and covariances from 

the separate OLS estimates of (3.15) and (3.22). 

We were able to test the null hypothesis using the following Breusch Pagan test 

which is just a Lagrange multipher (LM) test, 

M 

LM = Xm(M-I) (3.34) 
m<j j= l  

where M represent the number of equations in the system and is the simple squared 

correlation between the residuals, Ui and U3. The LM test is based on the restricted 

model where E has non-zero off-diagonal entries. For our two-equation system, the 

test statistic reduces to, 

2 

(3.35) 
2 

Our test-statistic is equal to .227 which is less than the critical Xi'^^ value of 3.84. 

Hence, we can accept the null hypothesis and conclude that these is no covariance 

between the error terms and each equation could have been estimated separately 

by non-linear OLS (NLOLS) producing consistent but biased results with no loss in 

efficiency. 

^°This estimation strategy requires the sample sizes to be equal across the regressions. This 
helps justify our imposition of zero values for missing parental education levels and the subsequent 
indicator variable construction. 

LM = 215 
<713 
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Next, we turn to testing the restriction. The hypothesis we test is, 

(3.36) 

We were able to test the null hypothesis using a likelihood-ratio test. We maintained 

the imposition of a diagonal variance/covariance matrix throughout. We calculated 

a test statistic of .357 which is again less than the critical value of 3.84. Thus, 

we can accept the null hypothesis and conclude that this system of equations is in 

fact constrained. 

Table 3.6, Columns 8-11, provide the restricted NLSUR results for (3.15), (3.17), 

(3.19), and (3.22). All of the estimates from (3.15), with the exception of the school

ing and ability interaction term, increase in significance. This rise in significance 

is due to the fact that the estimation of this set of equations by NLSUR imposes 

cross-equation restrictions that tighten up our standard errors and make our esti

mates more precise. Overall, the coefficient estimates increase in magnitude. The 

imposed estimates on (3.17) maintain appropriate signs and reflect the increased sig

nificance levels. The coefficient estimates from (3.19) maintain the same signs as 

those from the unrestricted OLS but vary somewhat in magnitude. The t-statistics 

are a bit peculiar here as we lose some significance on all the coefficients. Perhaps 

the somewhat odd results obtained here stem from the fact that (3.19) is not directly 

part of the constrained system of equations^^. Lastly, the estimates from (3.22) are 

nearly identical to those obtained from unrestricted OLS. 

3.6.3 A Last Thought 

Endogenous Ability? Measures of ability pose continuing problems for researchers, 

labor econo'mists in particular. The importance of incorporating such a measure is 

also considered estimating a three-equation system (i.e., equations (3.15), (3.19), and (3.22)) 
by NLSUR. This strategy was inoperable due to the fact that the variance/covariance matrix is 
singular. 

^^Kelejian's 1971 article outlines an estimation procedure for structural equations that are linear in 
parameters but whose regressors are nonlinear functions of endogenous and predetermined variables. 
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well documented in the literature, however choosing an appropriate measure to proxy 

such abilities poses a persistent challenge. "First, even our cognitive abilities as 

adults are heavily influenced by the social environment that we experienced during 

childhood, making it hard to discern any influence of preexisting genetic differences. 

Second, tests of cognitive ability (hke IQ tests) tend to measure cultural learning 

and not pure innate intelligence, whatever that is." (Diamond, [22], pp. 20) Some 

researchers have devised clever ways of overcoming such problems^^ but most are left 

using various potentially error-ridden proxies in their analysis. 

We are fortunate that the NLSY79 does provide some measures of ability—the 

question however remains as to what type of ability is actually being measured. It 

is reasonable to question just how well the and AFQT scores used in this 

paper proxy for "true, innate" ability. Both of these tests were administered in the 

teenage or early adult years of our respondents' lives and are also quite particular as 

to what they are testing. The AFQT score comes from the ASVAB test, which was 

administered in 1980, and used by the Armed Forces to assess a respondent's measure 

of trainability. Accounting for these and other facts (to be discussed below), we 

propose instrumentation for AFQT in the optimal level of schooling equation (3.22). 

We try the following set of instruments which help to identify the simultaneous system 

of equations: the inverse of a respondent's age in 1980 (the year in which the test was 

administered), the respondent's family size and a set of occupational dummies for the 

adult present in a respondent's home when he was 14 years old. Using the inverse 

At first glance some might think that the endogenous nature of the schooling variable, S j ,  in (3.22) 
could warrant a closer look at its role in our original log wage equation (3.15). For us to employ 
Kelejian's nonlinear 2SLS (N2SLS) strategy we would need Sj to be correlated with uij. Due to 
the fact that ui and U3 are uncorrelated (see arguments given in Section 3.6.2), we have a recursive, 
not simultaneous, system of equations and hence OLS is fine. 

^^See Ashenfelter and Krueger [3] and Card [15]. 
^•^Lazear [46] attempts to purge the use of the KWW in his NLSY66 study by instrumenting for it 

with the following variables: schooling, schooling squared, parental education levels, a race dummy, 
and the median income for the father. In an earlier version of this paper, we similarly attempted 
to "purge" our ability measures of any outside influences. We did not pursue this avenue due to the 
poor results obtained using such a method. 
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of the respondent's age in 1980 allows ability to be concave with respect to his age. 

Thus, we are expecting ability to increase, but at a decreasing rate, as a person ages 

given their family background characteristics. The positive relationship between a 

child's ability and his/her family's resources (financial and time equivalents) is well-

known across disciphnes. 

The occupational dummies were constructed based on the respondent's answers 

to the questions the NLSY79 posed in regard to with whom he lived when he was 

14 years old. If there was an adult male present in the household, we used this 

individual's occupation. If there was no adult male present, but an adult female 

was present, we used her occupation. Individuals with other arrangements, those 

who lived by themselves, and those with no adults present were coded as missing 

values. We constructed a set of 12 occupational dummies based on the 1970 Census 

of the Population's Occupational Classification System. Regressing AFQT on these 

instruments yielded significant results for the most part (the exceptions are for a few 

of the occupational dummies). As expected, the inverse age and family size yielded 

negative effects and the occupational dummies were all positive. 

When we instrumented for AFQT in (3.22) we got pretty poor results. All of the 

variables, with the exception of the constant term and AFQT, became insignificant. 

Due to the poor performance of the 2SLS estimation method, we decided to test the 

endogeneity of ability (i.e., the potential correlation that exists between AFQT and 

U3) in (3.22) by performing a Hausman test. We test the following hypothesis, 

Hq : plim = 0; ifi : plim ^ (3.37) 

Thus, under the null hypothesis OLS and 2SLS produce consistent estimates of 7 

but OLS is asymptotically efficient. Thus, we have no simultaneity because ability 

is exogenous. Under the alternative hypothesis, OLS is not consistent but 2SLS is. 

Here, ability is in fact endogenous to this system of equations. The Hausman test 
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consists of the following regression and tests for the significance of 77, 

S* = j0 + 'yiSfj+j2Smj+l3DVSfj+^4DVSmj + j5^j + l6^j+l7^j^ + (3-38) 

Based on the results for this regression, we can reject the null hypothesis because 77 

is insignificant at the five (and 10) percent level. Thus, we conclude that our ability 

proxy, AFQT, is in fact uncorrelated with U3 and hence exogenous to the system. 

Given that estimation Section 3.6.2 concluded that we did in fact have a con

strained system of equations (with no covariance existing between ui and u^) we 

attempted to conduct a similar test using the NLSUR estimation. We employ a test 

parallel to the above Hausman test in aforementioned context would lead to testing 

the significance of 77 in the following constrained system, 

Inij = /3o + l^iSj + P2-^jSj + PsSj + Uij (3.39) 

S* = 7o + JlSf j  +  ̂ 2Smj + l iDVSfj  + 'JiDVSmj + 75-^j  + 76^j  + 

subject to 
_ -/?2 

2/?3 • 

As before, the estimated coefficient on is insignificant at the five (and 10) percent 

level. Thus, we conclude that ability remains exogenous even in the context of the 

constrained system of equations. 

3.6.4 Overall 

In this paper we stratify our sample into one-year FTE work experience intervals 

for 1985-1989 and estimate our log earnings equation separately for each cohort. We 

identify the "overtaking" cohort to be those individuals who had 13 FTE years of work 

experience anytime between 1985 and 1989. Mincer [48] found that the best period 

to measure the effects of education on earnings is about 8 years after an individual 

leaves/completes school. At that point the distortion from post-schooling investment 
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is minimized and the return on prior investments (i.e., schooling) equals the costs 

of current investment (i.e., OJT). Furthermore, Mincer argues that schooling best 

explains the earnings of individuals with 7 to 9 years of work experience. While our 

results seem to over-shoot his findings, we would argue that it is most probably due 

to the way in which work experience is measured and the five-year interval at which 

we chose to look (which probably biases us towards finding a later work experience 

cohort). Mincer was forced to use a crude approximation to measure experience 

where he said it was the difference between a person's age and the years of schooling 

he had completed. As we define it, a "year" of work experience may or may not 

(which is more likely) correspond to an actual calendar year. This is due to the 

full-time equivalent status that we impose in our construction of the work experience 

intervals and because we know that there are many individuals who moon-light, work 

over time, or who only work part-time. 

Moreover, the estimated rates of return to schooling for our "overtaking" cohort 

seemed reasonable and consistent with past findings at 9.7 percent. The coefficient 

on schooling in the simple schoohng model of (3.14) tended to overstate the returns 

due to the fact that this equation does not include any other controls. Mincer shows 

how one can get a rough estimate of an individual's rate of return to education just 

by inverting the "overtaking" year. In the present study this rule of thumb implies 

a rate of return of 7.7 percent. 

The estimation strategies discussed above lead us to believe that we have a con

strained system of equations whose error term in the log earnings function is normally 

distributed^^ and not correlated with the error term in the optimal level of schooling 

equation. Moreover, it is reasonable to think that ability exogenously enters our 

system of equations and is uncorrected with ui (obviously) and u^. Thus, the re

sults found in Table 3.6, Columns 8-11, are most applicable. Overall, our models 

^®Departures from normality were tested using the Bera and Jarque (1981, 1982) test. See 
Appendix B.2 for details. 
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perform very well as the estimated coefficients are of the theoretically predicted sign 

and most gain significance at the 10 percent level (or even at the five percent level 

in most cases). The only variables that perform insignificantly throughout are the 

mother's education dummy and family size. The latter could be due to its poor def

inition as is discussed in Appendix B.3. Lastly, the average estimated optimal level 

of schooling based on the sample means and using the OLS and NLSUR estimates is 

11.4 years. These figures do not differ too much from the actual average schooling 

levels as reported by the NLSY79. 

3.7 Conclusions 

This paper develops a theoretical model of earnings where human capital is the 

central explanatory variable. The analysis and estimation strategy stems from the 

Mincerian [48] simple schooling model. We incorporate human capital investment 

(i.e., schooling) into a model based on individual wealth maximization while implicitly 

controlling for work experience. From this model we can derive and utilize the 

conventional economic models of supply and demand. 

Using data collected from the NLSY79 we stratify our sample into one-year FTE 

work experience intervals for 1985-1989 and estimate a log earnings model that in

corporates both schooling and ability for each cohort. Originally we considered two 

separate proxies of ability, namely the KWW and AFQT scores, but resign to using 

the latter. We test for the endogeneity of AFQT and conclude that it is exogenous. 

Based on this and the "goodness of fit" measures (and somewhat on the model's per

formance) we are able to identify the "overtaking" year of FTE work experience from 

the estimation of (3.15). At this level of work experience, an individual's earnings 

most closely correspond to his natural abilities and schooling investments. The 13-

year FTE work experience cohort satisfies such criterion. We calculate the average 

estimated marginal rate of return to schooling to be 9.7 percent and an optimal level 
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of schooling of 11.4 years. In the end we estimated a constrained system of equations 

with uncorrelated error-terms and are satisfied with the overall performance of each 

equation. 



86 

InY 

InY = ln{iv*) + is 

pi/- = ln[r(s, ? v ) )  

InY* 

ln(iV,) 

0 S* 

FIGURE 3.1. The Optimal Level of Schooling 
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FIGURE 3.2. The Optimal Levels of Schooling 
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OVERALL SAMPLE 

Mean Std,Dev, Minimum Maximum 

AGE 1979 17.948 2.336 14 22 

AGE 1980 18.906 2.320 15 23 

NOMINAL EARNINGS 1985 12717,900 10721.200 0 100001 

NOMINAL EARNINGS 1986 15394.900 12535.400 0 100001 

NOMINAL EARNINGS 1987 17553.200 13584.000 0 100001 

NOMINAL EARNINGS 1988 20892.900 32787.400 0 566028 

NOMINAL EARNINGS 1989 21992,500 18249.700 0 173852 

SCHOOLING 1985 12.525 2.354 3 20 

SCHOOLING 1986 12,636 2.455 3 20 

SCHOOLING 1987 12,747 2.510 3 20 

SCHOOLING 1988 12.812 2.594 3 20 

SCHOOLING 1989 12,848 2.621 3 20 

KWW 6.208 2.125 0 9 

AFQT 48,856 29.385 1 99 

EXPERIENCE 1985 4.073 3,071 0 23.9832 

EXPERIENCE 1986 4,748 3.350 0 25.3942 

EXPERIENCE 1987 5,443 3.638 0 25.3942 

EXPERIENCE 1988 6,162 3.941 0 27.5909 

EXPERIENCE 1989 6.908 4.256 0 29.9909 

MOTHER'S SCHOOLING* 11,186 3.152 0 20 

FATHER'S SCHOOLING* 11.396 3.944 0 20 

FAMILY SIZE 1979 3,992 2.162 1 15 

*=as reported by the respondent in the NLSY79 survey 

Source of data: NLSY79 
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TABLE 3.2. Work Experience Cohorts Frequency Distribution: by Year 



Years of Work Experience 1985-1989 Frequency % of Entire Sample 
0 221 5.03% 

1 507 11.54% 

2 763 17.37% 

3 1039 23.65% 
4 1208 27.50% 

5 1272 28.96% 
6 1243 28.30% 

7 1107 25.20% 

8 971 22.10% 

9 833 18.96% 

10 614 13.98% 

11 446 10.15% 

12 359 8.17% 

13 230 5.24% 

14 162 3.69% 

note: sample is based on those individuals who additionally have wages> 

$500 and are not currently enrolled in school or anytinne after 1989 

Source of data: NLSY79 

TABLE 3.3. Work Experience Cohorts Frequency Distribution: 1985-1989 



ABILITY MEASURE: AFQT 

Work Exoerience Cohort nobs. AlC SC PC std.error R^2 

0 206 0.267 0.332 1.307 1.132 0.046 

1 483 -0,476 -0.442 0.621 0.785 0.174 

2 728 -0.670 -0.644 0.512 0.713 0.193 

3 997 -0.899 -0.879 0.407 0.637 0.228 

4 1157 -0.963 -0.946 0.382 0.617 0.199 

5 1221 -1.048 -1.032 0.351 0.591 0.183 

6 1186 -1.051 -1.033 0.350 0.590 0.161 

7 1060 -1.211 -1.192 0.298 0.545 0.175 

8 916 -1.240 -1.219 0.290 0.537 0.200 

9 786 -1.123 -1.099 0.325 0.569 0.184 

10 584 -1.201 -1.171 0.301 0.547 0.212 

11 422 -1.107 -1.069 0.330 0.572 0.136 

12 342 -0.474 -0.430 0.622 0.784 0.083 

13 215 -1.461 -1.398 0.232 0.477 0.299 

14 149 -1.317 -1.236 0.268 0.511 0.353 

AIC=Akaike Information Criterion 

SC=Scliwarz Criterion 

PC=Amemiya's Prediction Criterion 

BOLDED FIGURES CORRESPOND TO THE MINIMUM AlC, SC, PC, AND STD. ERROR. 

BOLDED FIGURES CORRESPOND TO THE LARGEST R^a. 

note: samples are based on those individuals who additionally have wages >$500 and are not 

currently enrolled in school or anytime after 1989 

Source of data: NLSY79 

TABLE 3.4. Log Earnings Function; Selection Criterion 
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COHORT: 13YRS 

Mean Std.Dev. Minimum Maximum NumCases % 
AGE 28,652 1.783 23 32 230 100,000% 

AGE IN 1980 20.691 1.425 16 23 230 100,000% 

NOMINAL EARNINGS 25355.100 17159.600 1000 173852 230 100.000% 

LOG REAL EARNINGS 9.869 0.603 6,908 11,924 230 100.000% 

SCHOOLING 11.258 2.138 3 16 229 99.565% 

AFOT 44.852 27.738 1 99 216 93,913% 

EXPERIENCE 13.471 0.296 13 13,9981 230 100,000% 

YEARS OUT OF SCHOOL 11.384 2.271 5 20 229 99,565% 

MOTHER'S SCHOOLING* 10.529 2.950 2 18 208 90.435% 

FATHER'S SCHOOLING* 10.108 3.834 0 20 204 68.696% 

MOTHER'S SCHOOLING** 9.522 4.183 0 18 230 100.000% 

FATHER'S SCHOOLING** 8.965 4.829 0 20 230 100.000% 

MOTHER'S SCHOOLING DUMMY 0.096 0.295 0 1 230 100.000% 

FATHER'S SCHOOLING DUMMY 0.113 0.317 0 1 230 100,000% 

FAMILY SIZE 1979 3.696 1.856 1 10 230 100.000% 

ESTIMATED r=l 0.095 0.033 0,007 0,216 215 93.478% 

ESTIMATED OPTIMAL SCHOOLING 11.377 1.362 7,985 14,116 216 93.913% 

1989 IS MOST RECENT YEAR ... ... ... ... 113 49.130% 

1988 IS MOST RECENT YEAR ... ... ... ... 64 27.826% 

1987 IS MOST RECENT YEAR ... ... ... ... 1 0.435% 

1986 IS MOST RECENT YEAR ... ... ... ... 35 15.217% 

1985 IS MOST RECENT YEAR ... ... ... ... 17 7.391% 

RECENT YEAR 1987.961 1.333 85 89 230 100.000% 

SINGLE COUNTS ... ... ... ... 225 97.826% 

DOUBLE COUNTS ... — — — 5 2.174% 

note: sample is based on those individuals who additionally have wages >$500 and are not currently 

enrolled in school or anytime after 1989 

*=as reported by the respondent in the NLSY79 survey 

**=if a value was missing for these variables we Imposed a value of zero 

Source of data: NLSY79 

TABLE 3.5. Descriptive Statistics for the 13-Year Work Experience Cohort 
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MODEL/ESTIMATION STRAGEGY; UNRESTRICTED/OLS 
COHORT; 13YRS 13YRS 13YRS 13YRS 13YRS 13 YRS 

EQ. 14 15 17 19 19 22 
DEP. VARIAB.; In(eamings) In(eamings) estmated r estimated 1 estimated 1 years of school corr 

m £31 111 (51 161 
CONSTANT 8.153 7.619 0.290 0.151 0.153 7.317 

(45.311)** (14.426)" (2.965)** (14.764)" (4,023)" (13.449)" 

SCHOOLING 0-153 0^ -1.871E-02 _ _ _ 
(9.722)- (2.965)** (-2.056)-* 

AFQT'SCHOOLING _ 4.008E-04 _ _ _ 
(3241)** 

AFQT _ 4.008E-04 _ _ 3.089E-02 
(3.241)" (6.738)** 

SCHOOLING''2 _ •9.356E-03 _ _ _ _ 
(-2.056)** 

FATHER'S SCHOOLING _ .2.442E-03 -1.975E-03 0.106 
(-3.717)" (-2.064)" (2-862)" 

MOTHER'S SCHOOLING _ _ _ -3.092E-03 -2-7S7E-C3 0.147 
(-3-494)" (-1.919)* (3.088)** 

FATHER'S SCHOOLING DUMMY _ _ _ -2 851E-02 -2499E-02 1.335 
(-3.062)** (-1.856)* (2.659)** 

MOTHER'S SCHOOLING DUMMY _ _ -1.089E-02 -9.796E-03 0.523 
(-.945) (-0.878) (.855) 

FAMILY SIZE _ _ _ -3.89SE-05 -5.542E-04 2.962E-02 
(•0.0354) (-0.0338) (0.495) 

R''2 0.294 0.299 0.235 _ 0.446 

adj R''2 0291 0.289 — 0-216 0.281 0.430 
resid. S.E. 0.507 0.477 — 2-912E-02 2.506E-02 1.544 
nobs. 229 215 215 215 215 215 
Estimated at sample mean r=i — — 0-097 0.097 — 

Estimated at sample mean optimal years of schooling — ~ — — — 11.377 

t-values ar 
" = significant at the 5% level for a 2 tailed t-test 
* = significant a( the 10% level for a 2 tailed t-test 

note; 
sample is based on those individuals who additionally have wages >$500 and are not currently enrolled in school or anytime after 1! 
(5)= derived form 
(7)=denved reduced form 

Source of data; NLSY79 

RESTRICTED/NLSUR 
13 YRS 13 YRS 13 YRS 13 YRS 13 YRS 

22 15 17 19 22 
years of school completed In(eamings) estimated r esSrnated 1 years of schooJ completed 

111 i§l m (101 mi 
7.353 7.898 0-236 0.134 7.324 

(2.406)" (35.786)" (6.049)" (8.086)" (14.652)" 

_ 0-236 •1.395E-02 _ 
(6-049)" (-2.927)" 

4.229E-04 _ _ _ 
(3.119)" 

2-14E-02 _ 4.229E-04 _ 3.089E-02 
(2.659)" (3 119)" (6.004)" 

-6.977E-03 _ _ _ 
(-2.927)** 

0-115 _ _ -1.494E-03 0.107 
(1,455) (-1.995)* (2.840)" 

0.159 _ _ •2.071 E-03 0.148 
(1.580) (-2.161)" (3.882)" 

1.385 _ -1.879E-02 1.347 
(1.496) (-2.010)" (2.904)" 

0.693 _ _ -7.354E-03 0.527 
(0.772) (-.872) (.944) 

9-533E-03 _ _ -3.897E-04 2.793E-02 
(0.504) (-.481) (0.472) 

- 0.297 - 0.446 

1.562 _ _ _ _ 
215 215 215 215 215 
— — — 0.095 — 

11.377 ~ — 11.400 



94 

Chapter 4 

MEASUREMENT ERROR IN WORK EXPERIENCE 
MEASURES^ 

4.1 Introduction 

This paper attempts to address the bias inherent in the use of potential, as op

posed to actual, work experience measures in human capital models. The correlation 

between prior work experience and one's wage structure is well-known. At a mini

mum, traditional (Mincerian) log wage equations employ one's completed schooling, 

ability (if available), prior work experience, and its square. The latter two variables 

capture the concave relationship that exists between labor market experience and 

its pecuniary rewards in the labor market. Researchers employ a number of data 

sets in analyzing various topics in labor economics. Many of these data sets do not 

contain actual work histories. The National Longitudinal Survey of Youth and the 

Panel Study of Income Dynamics are two exceptions and are thus preferable in many 

instances. Because of their relatively small size and unrepresentativeness such data 

sets are not always desirable^. Thus, one is often forced to proxy for actual work 

experience. Potential work experience is typically measured as the time elapsed since 

leaving school. Such a measure assumes that individuals have had continuous work 

histories and abstracts away from employment status (full- or part-time), over-time 

work, moon-lighting, and multiple-job holding. Most researchers seem content with 

using such a measure for males as it does not seem unreasonable to assume that they 

have been in the labor force continuously since leaving school. The use of potential 

work experience for females is viewed less favorably, yet no attractive alternatives are 

^This is joint work with Ronald L. Oaxaca 
^See Moulton [49]. 
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readily apparent. In many instances, researchers confine their attention solely to 

males in order to avoid the many lapses in labor force participation that occur more 

often for females as they experience various life-cycle changes^. When the focus on 

males arises from expediency, there may be no reason to exclude females from the 

analysis. Many researchers have undertaken great efforts to avoid the exclusion of 

females from the analysis''. The increased and more prominent role of females in the 

labor force warrants, if not necessitates, their inclusion^. While use of the Mincer 

proxy for experience has become standard practice, we argue that the use of such a 

measure for males may still be problematic. Male workers, like their female counter

parts, experience employment lapses. Such lapses take two different forms—namely, 

an active job search while unemployed or a withdrawal from the labor market. It 

is unreasonable to assume that one's labor market experience is affected in the same 

way by these two different forms of employment lapses. 

This paper employs data collected from the 1979 National Longitudinal Sample 

of Youth (NLSY79) and the Panel Study of Income Dynamics (PSID) to address 

measurement error in work experience. Specifically, we address the bias that results 

from the use of potential, as opposed to actual, measures of work experience in tradi

tional (Mincerian) log earnings equations. The errors-in-variables framework that is 

usually assumed to be classical is violated here because the measurement error does 

not have a mean of zero and it is found to be correlated with actual measures of work 

experience. We investigate the extent to which this bias is systematically related 

to other variables and extend our findings to a data set in which actual measures 

of work experience are not available—specifically, the 1990 wave of the Integrated 

Public Use Microdata Sample (IPUMS) with the creation of predicted work experi

ence measures. Overall, the potential work experience measures tend to overstate 

^Corcoran [21] notes the very discontinuous work careers of women using the 1976 survey from 
the PSID. 

''See Filer [26], Blank [12], Garvey and Reimers [30], and Corcoran [21]. 
®See Fullerton and Byrne [29] for evidence of the increased worklife for females during the 1970s. 
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the effects of schooHng and understate the rates of return to labor market experi

ence. Employing a predicted, as opposed to potential, measure of work experience 

leads to slight increases in the significance of the coefficients and overall better fits of 

the model. The mean absolute percent differences reveal a substantial reduction in 

the bias on the experience coefficients when our predicted measures are used for the 

female subset. 

The paper proceeds in the following fashion: Section 4.2 provides the background 

and literature review. Section 4.3 discusses the conceptual framework that underlies 

the analysis. Section 4.4 discusses the data used in the analysis. Section 4.5 presents 

the results and Section 4.6 discusses them. Finally, Section 4.7 concludes. The 

Bibliography, supporting Tables, and Appendices are provided at the paper's end. 

4.2 Literature Review 

Measurement error is a problem commonly faced in applied work. For practical 

purposes, measurement error in the endogenous variable is not really much of a con

cern because this source of error is typically assumed to be uncorrelated with the 

regressors. The of the regression is smaller however, because of the additional 

noise contained in the random error term. On the other hand, measurement error 

in regressors does pose serious problems because it leads to biased and inconsistent 

OLS estimators. When faced with such a problem, most researchers assume that 

it is classical, in the sense that the true regressors and their measurement error are 

uncorrelated, the random disturbance term and the measurement errors are uncorre

lated asymptotically, the measurement errors are normally distributed, and that the 

measurement errors are uncorrelated among themselves. Researchers aware of such 

problems attempt to correct them with the use of Instrumental Variables. The stan

dard assumptions placed on the measurement error typically rise out of convenience 

and are not usually supported by empirical evidence. Black et al. [11] make a nice 
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case for the nonclassical measurement error and its imphcations. They note that if 

the true variable is bounded, the correlation between the true variable and the mea

surement error is negative. Asymptotically, the estimates lie somewhere between the 

OLS and IV estimates. The lower-bound established through OLS can be improved 

when two noisy reports exist for the true variable. Black et al. apply their findings 

to an empirical study of employer and employee reports of health insurance coverage 

and wages®. 

Several researchers have addressed the validity of the assumptions imposed by 

classical measurement error by investigating the reliability of survey data. Duncan 

and Hill [24] and Rodgers et al. [53] are such examples. Both of these papers use 

administrative records from a large manufacturing firm to verify the responses of its 

workers in regards to matters such as their earnings, unemployment spells, fringe 

benefits, hours worked, and average hourly earnings. Rodgers et al. investigate 

the correlation that exists between the worker's report and the firm's records for the 

weekly earnings, the hours worked per week, and the hourly wage rates. While 

they do find a fair amount of error in the workers' reports of such measures, many 

of these errors come from the normal distribution—which is usually assumed to be 

the case anyway. Duncan and Hill find some degree of measurement error in all 

questions asked which varies in severity according to the item being recalled and the 

length of recall. They caution against the traditional use of hourly earnings as a 

left-hand side variable in log earnings regressions if it is constructed by dividing the 

annual earnings by the annual hours worked because measurement error in either of 

these latter two measures can be exacerbated when using them to construct another 

variable. Thus, the standard assumptions of classical measurement error are found 

to be violated in both of these works. This is primarily due to the correlation that 

exists between measurement errors and the true variables. These studies indicate 

the need for a careful examination of the responses to survey data to ensure that 

®Black et al.'s findings have implications for the twins-based hterature as well. 
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correlations are not present that would violate the traditional assumptions imposed 

by classical measurement error. 

Barron et al. [6] compare various measures of on-the-job training (OJT) from a 

new data source (the 1993 W.E. Upjohn Institute for Employment Research's study) 

that matches firms with its workers. Barron et al. run a series of regressions in

vestigating whether or not the estimates are biased towards zero due to classical 

measurement error. They find a fair amount of measurement error in the various 

measures of OJT that may have underestimated the effect of training on wages and 

productivity growth by a factor of three. Larger effects of OJT are obtained when 

they instrument a worker's training report with that of the firm's record. 

Measurement error in other variables contained in traditional (Mincerian) log 

earnings regressions, specifically that of schooling, has received considerable attention 

in the twins-based hterature. Work in this area originally stemmed from the desire 

to eliminate the bias inherent in log earnings regressions, namely that accruing to the 

coefficient on schooling, due to omitted/unobservable factors (e.g., ability). The first-

known study to control for such, using sibling data, was Gorseline's 1932 dissertation. 

(Gorseline, [31]) Griliches [36] does a nice job of surveying and critiquing the literature 

that emerged over the next several decades addressing the bias inherent in OLS 

estimations that suffered from omitted variables (e.g., ability, family effects) bias. 

Griliches makes mention of the complications and ambiguities that arise when the 

model not only suffers from omitted variables bias, but measurement error as well. 

He warns that measurement error in schooling can be exacerbated in first-differenced 

equations. 

In 1994 Ashenfelter and Krueger [3] published an innovative twins-based study 

that has become, according to Card's article in the Handbook of Labor Economics, 

the "gold standard" by which other estimates aught to be compared and evaluated 

against. (Card, [16]; Bound and Solon, [13]). Ashenfelter and Krueger collected 

data on monozygotic/identical twins from the 1991 16th Annual Twins Days Festival 
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in Twinsburg, Ohio. They were able to address measurement error in self-reported 

schooling through the creative and resourceful use of both the self- and twin-reported 

education level. While the rather large estimated rates of return to schooling seem to 

be an anomaly of the 1991 survey^, Ashenfelter and Krueger conclude that omitted 

variables bias does not bias the rates of return upwards, as was commonly thought 

and later reproven, while measurement error in schooling biases the rates downwards. 

Several researchers have extended and built upon the foundational work of Ashen

felter and Krueger. Ashenfelter and Rouse [4] extended the data set to include two 

other years of the Twins Festival and continued with the discussion of measurement 

error in schooling. While assumed to be uncorrelated with the true level of school

ing, the measurement errors are thought to be correlated with one another, and 

were dealt with through instrumentation. Unlike Ashenfelter and Krueger, Ashen

felter and Rouse find that OLS biases the rates of return upwards. Ashenfelter and 

Rouse conclude that differences in observed schooling levels of twins result from ei

ther random deviations from the optimal level or measurement error. They find 

that measurement error represents 6 percent of total variance in schooling and 26 

percent of the within-family variance in schooling. Rouse [54] adds one more year to 

the analysis and finds evidence of an important individual-specific component to the 

(classical) measurement error in schooling causing inconsistencies that can be fixed 

via instrumentation (specifically using twin I's report of the schooling differential as 

an instrument for twin 2's report of the same difference). 

In 1999, Neumark [50] makes another attempt to explain Ashenfelter and Krueger's 

exceptionally high within-in rates of return obtained using instrumentation that cor

rects for the attenuation bias due to measurement error. Following Griliches' [36] 

lead, he concludes that the OLS rates of return to schooling may be the most accu-

'''Follow-up studies utilizing later waves of the Twins Festival find lower, more reasonable, and 
expected estimates of the rates of return to schooling. Ashenfelter and Rouse [4] find rates of return 
around 9 percent using the 1991, 1992, and 1993 waves of the festival while Rouse [54] finds a rate 
of 10 percent when she additionally considers the 1995 wave. 
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rate if the with-in twin abihty bias is large enough to offset the measurement error 

bias in schooling. Using a new sample of twins from the Minnesota Twins Registry, 

Behrman and Rosenzweig [10] find however that there is upward ability bias that is 

statistically significant in OLS estimates, net of measurement error. Behrman and 

Rosenzweig criticize the first-difference technique because such a method exacerbates 

the bias towards zero when measurement error exists. They note that this is be

cause differencing does not eliminate the measurement error in this variable, but it 

does however rid the common schooling component. Thus, "the impact of measure

ment error relative to the difference in schooling is much larger than the impact of 

measurement error relative to the schooling of an individual." (Behrman and Rosen

zweig, [10], pp. 159) Since siblings/twins education levels are positively correlated, 

the measurement error is exacerbated in differenced estimates relative to standard, 

individual estimates where this correlation is zero. Differencing only eliminates the 

common family endowments to ability, and not the individual-specific endowments. 

Several others researchers have abstracted away from the measurement error in 

schooling that seems to be symptomatic of twins-based literature and have focused 

on the other explanatory variable in the traditional (Mincerian) log wage equation— 

specifically, that of work experience. The issue has been probed, mainly for females, 

in hopes of addressing the bias that accrues to the OLS estimates when potential 

work experience measures are employed instead of the actual amounts. Garvey 

and Reimers [30] investigate this issue for females from the 1968-1973 waves of the 

NLSY. They argue that the use of the traditional age minus education minus six 

measure is biased because people do not always complete one grade per year (either 

due to acceleration or retention) and that one accrues non-work time during one's 

life. Such problems are even more pronounced when one considers various other 

demographic groups. Accordingly, Garvey and Reimers use predicted measures of 

work experience when actual measures are not available or observed. The predicted 

measures are based on a multitude of variables, and their interactions, and include 
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race, age, compulsory schooling laws, years since marriage, marital termination, oldest 

child's age, number of children (specifically two or more), health status, region of 

residence, and nativity. Garvey and Reimers impose a full-time-equivalent (FTE) 

measure of work experience (specifically, they assume a 40-hour work-week for 50 

weeks of the year) in their OLS and Tobit estimations. While the Tobit estimations 

are preferable because they account for the minimum threshold of zero, the OLS 

estimates do not differ much. Garvey and Reimers conclude that the predicted 

work experience measure is desirable, but "[t]his, of course, can only be done if data 

sets with sufficient detail on work histories exist." (Garvey and Reimers, [30], pp. 

123) Moulton [49] uses Garvey and Reimers' functional form, with a few necessary 

alternative variable definitions, in predicting work experience for an impressively large 

data set that was constructed by matching Social Security records with cross-sectional 

demographic and economic data from the March 1978 CPS. Moulton concludes 

that the experience measures obtained by summing the previous quarters of work 

experience, are almost as reliable as those that come from the NLSY. 

Filer [26] strengthens Garvey and Reimers' claim that predicted work experience 

measures perform better and are more accurate than potential work experience. The 

standard proxy typically overstates a female's actual work experience because females 

take time out of the labor force for household/familial responsibilities. This implies 

that work experience makes a smaller contribution to the earnings of females (unless 

of course the time out of the labor force/at home produces labor-market human capi

tal). Filer employs occupation-specific predicted work experience equations that are 

constructed using information in the NLSY66. Filer's argument is that work experi

ence at any age will be different for women in different occupations. Included in such 

occupation-specific equations are controls for predicted time out of the labor force, 

educational attainment, current attendance status, English language ability/mastery, 

race, noncitizenship status, employment type (self or government), and any disability 

that limits one's time available to work. The predicted measures are extended to the 
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1980 Census Public Use Microdata Tapes. While the results obtained using the two 

different experience proxies differ, the ones stemming from the use of the predicted 

measures are preferable. 

4.3 Conceptual Framework 

As one might gather from the previous discussion, much of the literature on mea

surement error in human capital models has focused on the schooling variable. In a 

footnote, Behrman and Rosenzweig [10] note that "[m]any studies also include work 

experience and/or job tenure, as we do in our empirical estimates. But the problems 

in estimating the effects of experience and tenure are exactly parallel to those for es

timating the effects of schooling. So, to keep the discussion as simple as possible, we 

here include only schooling among the observed variables.... In our estimates we allow 

experience to be correlated with ability but we do not deal with potential measure

ment errors in experience due to lack of instruments. None of the cited prior twins 

studies allow for measurement error in variables other than schooling." (Behrman and 

Rosenzweig, [10], pp. 161) The optimal level of school is determined by equating the 

marginal benefits with the marginal costs in Ashenfelter and Rouse's [4] twins study. 

The authors make the following statement in one of their footnotes: "In principle, 

we may also assume that the marginal benefit of schooling depends on the level of 

schooling attained. This would not alter the linear form of equation...describing the 

optimal level of schooling. It would, however, lead to intractable estimating equa

tions for earnings because of the problems associated with estimation of a quadratic 

equation in a variable (schooHng) measured with error." (Ashenfelter and Rouse, [4], 

pp. 255) While our study does not consider the ability bias, which is so central to 

the twins studies, it does address measurement error in a variable that enters the 

equation of interest not only in a linear fashion, but in a quadratic one as well. The 

above references lend support to the importance of this for human capital models. 
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The discussion of measurement error will be framed in the simplest of models—a 

traditional (Mincerian) log earnings equation®'^. Suppose one seeks to estimate the 

following model, 

K 

^ = /^o + l^iSi  + (32X* + aiHi  + £i ,  i  = 1,N , (4.1) 
i=l 

where Y is the natural log of earnings/wage/income from wages and salary, S is the 

school ing level ,  X* is  t rue,  actual  work experience,  H is  a  set  of  K other  var iables ,  e 

is a random error term, i indexes the individual, and N represents the sample size. 

The matrix equivalent of (4.1) is, 

Y = W*^ + £, (4.2) 

where Y and s  are {N x 1) vectors, W* is the {N -x K + 4)  observation matrix, and 

7 is the [K + 4x1) coefficient vector. Taking the probability limit of the OLS 

estimators yields, 

p/im7 = 7 + (4.3) 

Thus, the OLS estimator is consistent only if plim{N~^W* e) = Tiwe = 0, which 

is to say that the regressors, specifically schooling^" and experience, are exogenous 

with respect  to  the log wage equat ion.  Now suppose that  t rue work experience,  X*,  

is unobserved. One instead observes X, which can be thought of as potential work 

experience. Couching this in the traditional errors-in-variables model generates, 

= X* + V, ,  (4.4) 

where Vi is the measurement error. At this point we will assume non-classical mea

surement error in the sense that Vi may be correlated with X* and that the mean of 

®Bound and Solon [13] present a nice discussion of classical measurement error in schooling for 
the log earnings functional form. 

®For more rigorous theoretical treatments of errors-in-variables models see Y. Amemiya [2] and 
Hausman et al. [39]. 

"^"Many in the literature have noted the endogenous nature of schooling. See Bound and Solon 
[13] and Black et al. [11]. 
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Vi may not be, and most probably is not, zero . The mean of fj could be negative if 

the potential work experience measure overstates the actual work experience, which 

is likely the case for many females. If however, the potential work experience mea

sure understates one's actual work experience, which is possible for those individuals 

who moon-light, work overtime, or are multiple-job holders, E{vi) is likely to be posi

tive. As is traditionally the case, we will however assume that there is no correlation 

between Vi and Si. Section 4.5 outlines and conducts tests of the aforementioned 

assumptions. Substituting (4.4) into (4.1) yields, 

K 

Yi^Po + PiSi + I32X, + + J] aiHi + e*, (4.5) 
i=l 

where e* is, 

s* = Si- P2Vi - 2f3iXiVi -t- Pzvl. (4.6) 

Again, rewriting (4.5) in matrix form, 

Y ^ W ^  +  £ \  ( 4 . 7 )  

where W is the [N yi  K + A) new observation matrix and e* is the new [N x 1) error 

vector. The error vector e* may be expressed as, 

e* = e -  vI32 -  2[X Q v] (3^ + [v Q v] /?3, (4.8) 

where X Q v and v Qv are Hadamard products (element by element multiplication 

b e t w e e n  X  a n d  v  a n d  b e t w e e n  v  a n d  f ) ^ ^ .  

The OLS estimates of the parameters, 7,  are, 

7 = {W'Wy^W'Y = 7 + {W'W)-^W'e\  (4.9) 

The probability limit of this estimator is, 

plini^ — 7 + ~ ~ 2I][yjyIjvK,A'©ti/?3 + ^ww^w,vQvP3t (4-10) 

the present cas,e X  Q v  =  [ d ( X ) ]  v  and v Q v  =  [d(?;)] O v ,  where d { X )  and d { v )  are { N  x N )  
diagonal matrices formed by arraying the elements of vectors X and v along the principal diagonal. 
See Ding and Engle [23] and Styan [55] for more details. 
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Now, with measurement error, the inconsistency of 7 consists of four terms—the first 

term being nearly identical to that in (4.3). 

Consider now instead, a more context-appropriate version of the measurement 

error. Namely, the multiplicative measurement error model, 

Xi = X:e^\ (4.11) 

where we will refer to e"' as the measurement error and Vi as the log measurement 

error which is equal to In for positive values of X* and Xi. This framework is 

more suitable when a variable (i.e., work experience) is bounded from below by zero 

than that of the traditional error-in-variables model which assumes an additive error 

term. Taking the log of (4.11) yields, 

lnXi=-lnX* + Vi.  

Substituting (4.11) into (4.1) produces, 

K 

^ = 1^0 + (^iSi + ^2X16 + fS^Xfe OLiHi + £j. (4-12) 
i=l 

We return to the empirical specification (4.5) that underlies the econometric anal

ysis, with continued reference to both additive and multiplicative measurement error. 

The set of control variables, H, in (4.5) will include completed schooling, marital 

status^^, industry dummies^^, regional dummies, city size dummies for the PSID and 

the IPUMS, and SMS A (Standard Metropolitan Statistical Area) dummies for the 

NLSY79 and the IPUMS. 

^^This variable is omitted in the regressions for the female household heads, as an insignificant 
amount of the female household heads from the PSID report being married (with spouse present). 
This is specifically for 0.7 percent of the cases. While 18.8 percent of the IPUMS female household 
heads are married, including such a control variable in the log earnings regression did not alter the 
results significantly, if at all, and the coefficient associated with this variable was always insignificant. 

^^It should be noted that the industrial (and occupational) codes are from the 1970 Census, as 
utilized by both the PSID and the NLSY79. The IPUMS has gone to great lengths in constructing 
comparable measures. The coding scheme used is for the 1950 Census and we did our best to match 
up the relevant industries (and occupations). 
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4.4 Data 

The data used in this paper originate from three sources: the National Longitudinal 

Survey of Youth 1979 (NLSY79), the Panel Study of Income Dynamics (PSID), and 

the Integrated Public Use Microdata Series (IPUMS). The NLSY79 consists of 12,686 

young men and women, living in the U.S., who were between the ages of 14 and 22 

years when the first wave of the survey was conducted in 1979^^. The PSID is a 

longitudinal study that began in 1968. There were 4,800 families involved in the 1968 

sample and there are more than 7,000 represented in 2001. The PSID was designed 

to be representative^® of the American population and consists of individuals and the 

family units in which they reside. The largest amount and most detailed information 

is collected for the head of the household and for this reason, amongst others, we 

have chosen to restrict our sample to such individuals who are additionally between 

the ages of 18 and 65 in 1990. The IPUMS is a collection of 25 cross-section samples 

spanning the 1850-1990 U.S. Census years. To ensure comparability of the results 

from the NLSY79 and the PSID with the IPUMS, we chose to confine our attention to 

the 1990 Census year. We further divided the IPUMS into two separate groupings, 

which we will refer to as IPUMS25-33 and IPUMS-HEADS. The former consists 

of individuals between the ages of 25 and 33 in 1990, which matches the NLSY79's 

construction. Like the PSID, the IPUMS-HEADS refers to heads of household who 

are between the ages of 18 and 65 in 1990. At this point, we are abstracting away 

from racial issues and thus focused on a sample of white individuals. Demographic 

variables such as race and sex are available from the 1979 wave of the NLSY79 and 

the 1990 survey of the PSID and the IPUMS. 

Earnings information, educational attainment, marital status, and occupational 

and regional dummies come from the information reported in the 1990 interview. 

^^There is oversampling of the poor and people in the mihtary. 
^®The core sample has shrunk over the years due to funding constraints and a Latino sample was 

added for the 1990-1995 samples to more closely parallel the changing demography of the U.S. 
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The earnings information corresponds to the "(total) income from wages and salary" 

for the NLSY79 and the IPUMS and the "head's income from wages and salary" for 

the PSID. The schooling variable corresponds to the highest grade completed as of 

1990. The maximum number of years allowable in the PSID is 17 years (i.e., some 

post-graduate work). The IPUMS does not record the actual years of education 

completed for individuals whose schooling falls between first and fourth grade and 

between fifth and eighth grade. We imposed a value of "4" and "8," respectively, 

for such ranges. If the IPUMS classified an individual as having "some college, no 

degree," we assigned a value of "13" and for those with an associate's degree, whether 

it is an occupational or academic program, we imposed a value of "14" for the years 

of schooling completed. We assigned "16," "18," and "20" years of schooling for 

those with a bachelor's, master's, and professional or doctorate degree, respectively. 

Individuals were classified as "married" if they indicated never being married, wid

owed, divorced, annulled, or separated. For all three data sets, the 12 industry 

dummies correspond to the 1970 Census of the Population's Industry Classification 

System. The left-out reference dummy corresponds to public administration. The 

four regional dummies represent those individuals living in the Northeastern, North 

Central, Western, and Southern regions of the U.S. in 1990. The omitted region is 

that of the Western United States. The city size dummy, employed in the PSID 

and the IPUMS-HEADS regressions, corresponds to 100,000-499,999 people hving in 

the largest city in an individual's SMSA/county of residence^®. The four SMS A 

dummies, used for the NLSY79 and the IPUMS25-33 data, refer to "not hving in 

a SMSA," "living in a SMSA that is not a central city," "living in a SMSA where 

the central city is unknown,"and "living in a SMSA with central city known." The 

omitted reference group is "not living in a SMSA." 

^®Further divisions are possible for the PSID but not for the IPUMS. Consequently, the omitted 
dummy variable of reference for the IPUMS is a city in which the population is above 500,000 while 
it is cities below 100,000 and above 500,000 people for the PSID. 
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The actual work experience measures correspond to the "years^''" of full-time 

equivalent (FTE) work experience accumulated as of the 1990 interview^®. The 

analysis considers only those who report some positive value of work experience as of 

1990. Two such variables, obtained from the supplementary work history files, are 

used in constructing such measures for the NLSY79. The first of these refers to the 

"hours worked on all jobs" each week for a given calendar year. The weekly hours 

for each year are aggregated and the resulting annual hours are summed for the years 

corresponding to 1977 through 1989. We divide this amount by 2080^®'^" to obtain a 

measure of FTE work experience. The second measure refers to the "hours worked 

in the past calendar year." We use a similar method in obtaining the FTE version 

of this particular definition of actual work experience. 

Similarly, the PSID provides two sources in which one can obtain hours worked^^ 

The first of these is from the family files which lists information on the "head's annual 

hours working for money" in 1967-1982 and the "head's total annual work hours" for 

^''Note that a FTE "year" of work experience most often does not coincide with a calendar year. 
^®Thus, the figures refer to the work experience obtained through 1989. 
^®We have explicitly assumed a 40-hour work-week for 52 weeks of the year. We could have 

alternatively normalized the annual hours by a factor of 2000 which corresponds to 50, 40-hour 
work-weeks. Doing so would not change the R^s of our regressions but would however rescale the 
coefficient estimates. Rescaling the annual work hours by a factor of 2000 would make the difference 
between the actual and potential work experience measures smaller, but not by a substantial amount. 
Rescaling the annual work hours for the NLSY79 females at the sample mean, would yield an estimate 
of 7.704 (6.469) FTE years when one uses the hours worked per week (hours worked in past calendar 
year) in the construction. The percent difference between this and the figure listed in Table 4.3 is 
just 3.8 percent. 

^°There is only one week of work reported for 1977. For the 1978, 1984, and 1989 calendar years, 
the NLSY79 reports hours worked for 53 weeks of the year. So, in constructing the FTE years we 
normalize these hours by dividing through by 2120 instead of 2080. 

^^Both the NLSY79 and the PSID provide alternative measures of work experience that have 
been utilized in the literature. Specifically, the NLSY79 work history files contains a question 
eliciting the number of weeks worked per year. The PSID poses a question regarding the number of 
years a respondent has worked (full-time) since the age of 18 years. While both of these measures 
are obviously better than proxied work experience (i.e., potential measures) they contain a fair 
amount of measurement error and do not take account of employment status (full-time or part-
time), over-time work, moonlighting, and multiple-job holding. Blank [12] finds that while being 
simultaneously determined, the hours worked per week decision is independent of the weeks worked 
per year decision. Thus, while it may seem that the two measures are similar, they are in fact not 
proxies for one another. 
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1983-1989. The second of these is from the individual files and measures the hours 

worked for a given calendar year. Again, we summed the annual hours worked and 

divided through by 2080. Doing so produced figures that were unrealistically low; the 

average FTE work experience was around 11 years for individuals who were between 

the ages of 18 and 65^^! Consequently, we redefined the actual work experience 

measures for the PSID in the following manner^^: First, we referenced the information 

contained in response to the question asking how many years an individual worked 

since the age of 18^^. While the mean value of this variable is reasonable, this 

question elicited some unrealistic responses. For instance, there were several cases 

in which an individual reported having worked 98 years! Since this was obviously 

impossible, due to the fact that the oldest respondent considered was 65 years old, we 

identified such individuals and assigned them the maximum allowable calendar years 

of work experience possible since the age of 18. Next, we summed the number of 

years in which annual hours were reported. If, 

# of years in which annual hours are reported > (4-13) 

max. allowable calendar years of work experience since the age of 18, 

then the work experience measure used was simply the cumulative hours reported 

divided by 2080. If however the above inequality did not hold, then we constructed 

^^Part of the difficulty in using the PSID data is that the coding scheme does not allow one to 
distinguish between valid skips (i.e., missing information) and zero values. An individual is assigned 
a value of "0," in response to the questions inquiring about annual hours of work, if they worked 
zero hours in that particular year or if the question was inappropriate. 

Admittedly, the reconstruction of the "actual" work experience measures is subject to some 
degree of measurement error. We however argue that that which is accrued is warranted, if not 
justified, by the data which yielded such ridiculously low estimates of actual work experience. It 
should be noted, that when we employed the figures as reported by the PSID respondents, we did 
obtain reasonable estimates of (4.5). 

^^We interpreted "since" the age of 18 to be inclusive of work experience obtained during the 
eighteenth year. 
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the work experience measure as, 

/ {cumulative hours reported)/2080 \ 

of years in which annual hours are reported J 

(max. allowable calendar years of work experience since the age of 18), 

which simply amounts to assigning the average annual work hours to those years 

in which such information was missing, plus the annual work hours as reported in 

the PSID. Doing so yielded much more reasonable estimates of an individual's work 

history as of 1990. It should be noted that for both the NLSY79 and the PSID, 

the hours worked may include overtime and those from jobs other than the "main" 

one. Hence, it is quite possible for an individual to have worked say, 1.8 PTE "years" 

in a given calendar year^®. This again lends support for the assumption that the 

measurement error does not have a zero mean. In this case, the measurement error 

would be negative if it was additive and less than 1 if was multiplicative. 

The potential work experience measure is calculated as follows, 

Potential Work Experience = Ag'Ciggo EducationiggQ — 6, (4.15) 

which is pretty much standard in the literature. Again, it should be noted that the 

following analysis considers only those individuals who have positive values associated 

with their potential work. 

one is concerned about the maximum values for the years of work experience, one should 
be mindful of the ways in which such measures were constructed. Since we included multiple-job 
holders and moonlighters, it is quite possible for one to have worked the equivalent of several years 
within a given calendar year. The maximum hours reported for any calendar year between 1979 
and 1989 in the NLSY79 is 4992 (which corresponds to 57 percent of total annual hours and 2.4 
FTE years). When one considers the alternative work experience measure, i.e., hours worked per 
week, one encounters individuals who reported all possible hours. It is rarely the case however, that 
people report working the maximum weekly hours for more than a few weeks at a time. Individuals 
reporting such may include firefighters or physicians who are "on-call" but not necessarily actively 
or physically working. Similarly for the PSID, the maximum annual hours reported is 5840. This 
corresponds to 2.8 FTE years of actual work experience. We did consider eliminating anyone who 
indicated working more than 16 hours a day but opted not to do so because we did not want to impose 
any artificial limitations into the data and these extreme-value reports are relatively infrequent. 
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4.5 Estimation and Results 

As mentioned, the statistical estimation concerns white males and females who 

have accrued any work experience as of the 1990 survey. The NLSY79 and the 

IPUMS25-33 corresponds to individuals ages 25-33 in 1990 while the PSID and the 

IPUMS-HEADS considers household heads who are between the ages of 18 and 65 in 

1990. Tables 4.1-4.4 provide the descriptive statistics for each variable used in the 

analysis for the three data sets mentioned above. The mean, standard deviation, and 

the number of cases are provided. To ensure comparability across the regressions, 

we restrict the sample size to be constant for each data set. Well over half of the 

respondents are married in 1990, with the exception being for the female household 

heads. Only .7 percent of the PSID females report being married whereas 18.8 percent 

report being so for the IPUMS. Most of the respondents indicate having completed 

about 13 years of schooling. On average, the males report an annual income that 

is about $10,000 more than their female counterparts. The respondents from the 

NLSY79 and the IPUMS25-33 tend to earn a bit less than the heads of household 

from the PSID and the IPUMS. The NLSY79 and IPUMS25-33 females report the 

smallest annual income levels of $15,814.90 and $15,678.10, respectively. The male 

heads of household from the IPUMS-HEADS report the highest level of $32,447.40. 

The men, on average, have more (actual) work experience accumulated as of 1990 

than the females. This is especially the case for the PSID. The male household 

heads from the PSID indicate about 18 years of actual FTE work experience while 

the figures for their female counterparts reveal about 12.7 FTE years. There is only 

about a one year difference in the figures compiled for the NLSY79 males and females. 

The two alternative definitions of actual work experience used in the NLSY79 reveal 

figures that differ by one year as well. The males report an average of 9.1 FTE years 

when the hours worked per week are used in the construction while the females report 

7.3 FTE years. The NLSY79 males (females) have about 7.7 (6.2) FTE years of work 
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experience when the hours worked in the past calendar year are used instead. For 

these restricted samples, the positive means of the measurement errors indicate that 

the potential work experience measures overstate time actually spent working. The 

average discrepancy is about 1-2 years for the males. The figure calculated for the 

NLSY79 males, 9.7 years, is nearly identical to that calculated from the hours worked 

per week, 9.1 years. As expected, there is however a larger difference between the 

potential and actual work experience measures for the females. The problem is least 

severe for the NLSY79 females. These females could have potentially worked 9.5 FTE 

years, but they indicate only having worked between 6.2 and 7.3 years (depending on 

the measure used). The most dramatic difference between the two figures is for the 

PSID female household heads. There is an 8 year discrepancy between the potential 

measures (20.7 FTE years) and the actual work experience measures (12.7 and 12.8 

FTE years). 

In regard to industry segregation, the smallest concentration seems to be in mining 

(and entertainment and recreational services for the males). The males are most 

heavily concentrated in the manufacturing industry. The largest number of females 

in the NLSY and the PSID work in the professional and related services industry. The 

wholesale and retail trade industry houses most of the IPUMS females. AU three 

data sets are quite similar when one references the regional location of its respondents. 

Nearly a third of the respondents call the Southern region home while the division 

across the other regions is nearly identical. For the NLSY79 and the IPUMS25-33, 

most individuals report living in a SMSA where the central city is unknown. The 

least amount of respondents live in a SMSA's central city. Around a third of the 

PSID respondents hve in a city where there are between 100,000 and 499,000 people. 

22.9 (17.0) percent of the females (males) live in a city whose population is above 

500,000. Similar figures constructed for the IPUMS-HEADS indicate much smaller 

percentages. 20.2 and 11.3 percent of the males and females, respectively, live in a city 

whose population exceeds 500,000. 6.8 (9.2) percent of the IPUMS males (females) 
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live in a city where the population is between 100,000 and 499,999 persons. 

Tables 4.5-4.8 provide the OLS estimates of (4.5) utilizing the various definitions 

of actual work experience, potential work experience, and the predicted measures. 

The predicted work experience measures are constructed as follows: First, we run a 

regression of the measurement error, which is just the difference between the potential 

work exper ience  and the  actual  work exper ience ,  on  a  se t  of  control  var iables ,  Z.  

If one instead assumed a multiplicative measurement error, one would obtain the 

measurement error by differencing the logs of the potential work experience and the 

actual work experience (for the cases in which such measures are positive). In both 

instances doing so produces, 

(4.16) 

where Z includes measures of an individual's age, completed schooling, marital status, 

and occupation. The number of children^® is also included for the females. This 

regression is run for the data sets in which actual work experience measures are 

available, namely the NLSY79 and the PSID. Doing so yields the following, 

V,  = Zf i  (4.17) 

where Q — {Z 'Z)~^Z'v ,  which is both unbiased and consistent if we impose the 

standard assumptions on u. Specifically, 

E{ui) = 0, (4.18) 

Ui i s  independent  o f  a l l  regressors  { including X*) ,  and 

Ui ~ N{0,al). 

Thus, Vi ~ N{ ZiO, al). 

^®This variable refers to the number of children borne to a woman or the number of live births. 
Additionally, note the distinction between this variable and the number of dependents (which is not 
used). 
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From this first stage, one obtains Vi, which is needed for the data set(s) in which 

actual work experience measures are not available (e.g., IPUMS). Thus, one can 

construct an estimate of actual work experience, when it is not available, from the 

following relationship, for the case in which the measurement error is additive, 

X * ^ X i - V i ,  ( 4 . 1 9 )  

and 

= (4.20) 

for the case in which the measurement error is multiplicative. Vi is the predicted 

measurement error using the regression coefficients obtained from the NLSY79 and the 

PSID. We will refer to X* as the predicted work experience measure^^. Referencing 

Tables 4.1-4.4 again, one can see that the predicted measures indicate about one year 

less of FTE work experience than the actual figures imply for the NLSY79 and the 

PSID. There is about a 1 to 2 year difference between the predicted figures and the 

potential estimates for the IPUMS, where the former is the smaller of the two. 

Before discussing the estimates of (4.5) utihzing the various measures of work 

experience, we would like to digress a bit and consider some of the theoretical impli

cations of the aforementioned estimation strategy. For now, our discussion will focus 

^'^Further simplification of the matrix equivalent of (4.19) yields, 

F* = [ In - z{z'z)~^z']x + ziz'zy^z'x* 

= X - zd + zs, 

where /at is an { N  x N )  identity matrix, C  =  ( Z  Z ) ~ ^ Z  X ,  and 6  =  ( Z  Z ) ^ ^ Z  X * .  
An alternative estimation procedure that one may consider would consist of first running a re

g r e s s i o n  o f  t h e  a c t u a l  w o r k  e x p e r i e n c e ,  X * ,  o n  a  s e t  o f  c o n t r o l  v a r i a b l e s ,  Z ,  

T* = ZS. 

Thus, in comparing these two alternative methods for constructing X * ,  one sees that they do not 
produce th^same estimates. The second method differs from the first in that it omits two terms, 
X and —ZC. For this reason we will use the first method discussed. 
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on a simplified version of (4.1), 

Fi = X;/? + e„ (4.21) 

which is in written in deviation form. We will again assume that X* is unobserved. 

The observed experience, Xi, will be the errors-in-variable model where the mea

surement error is additive. Our construction of X* yields an unbiased predictor of 

EiX*)  = E{Xi  -  Vi)  (4.22) 

= E{X* + ZiO + Ui-  Zi9)  

=  X *  +  E { u i )  +  Z i E { e  -  e )  

= x i  

X* can be rewritten as, 

^ * ^ X *  +  M z u ,  ( 4 . 2 3 )  

in vector notation where Mz = [ I N — Z { Z ' Z ) ^ ^ Z ' ] ,  is an {N x  N)  symmetric, idem-

potent matrix. Please see Appendix C.l. Thus, X* ~ N{0,a'^Mz)- While our 

predicted work experience measure is an unbiased predictor (for any sample), the 

conventional notions of convergence do not apply here because as N ^ oo, X* and 

X* just get larger because they are both {N x 1) vectors. 

Returning back to our estimation strategy where we impose X* for X* in esti

mating the matrix version of (4.21), yields 

(3 = = {T*X*)-^T*X*(3 + {x*'x*)-^^*'s. (4.24) 

Taking the plim of (4.24) we arrive at, 

plim$ = {T,x*x* + (4.25) 

Please see Appendix C.2. If one however chose to estimate (4.21) using X instead, 

one would alternatively arrive at 

p = {X'xy^X'Y = ix 'x) - 'x 'x*p -f- {x 'xy^x 'e .  (4.26) 
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Taking the plim of this yields, 

plimf3 = (Sx»x* + '^x-zS + 0 ^zx* + & ^zz^ + <^1) ^ ^zx*)P- (4.27) 

Please see Appendix C.3 for details.^® 

Thus, in both cases we have an inconsistent estimator that causes a downward 

bias. In the first case, the asymptotic bias is just the ratio of to {'Ex*x*+o'l) while 

it is the ratio of {T,x 'zO + 9'T,zzO + (^1) to {Ex 'x* + ^ x*z0 + O ''^zx ' + G ''^zzO + (^1) for 

the latter case. Please see Appendix C.4. Both of these asymptotic biases could be 

estimated empirically. While the latter looks worse, both in terms of inconsistency 

and bias, it is not entirely clear that that is the case. This is an avenue that we hope 

to explore in upcoming drafts of the paper. 

Revisiting the case of multiplicative measurement error, one notices that X* is a 

biased predictor of X* in finite samples. Specifically, 

where is an (A'' x 1) vector whose element is cr^ and whose remaining elements 

are zeros. The expectation is obtained by noting that ZiO and Ui are distributed as 

E{X*) = E{X,e-^^) (4.28) 

normals, and thus is distributed as a log-normal. This suggests the use of 

another predictor, X*, which will offset the bias. Let, 

(4.29) 

^®This all assumes C o v ( X * , u )  =  C o v { X * , £ )  =  C o v { Z , e )  =  C o v { u , £ )  =  0. 
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Then, 

_ j^(^^*^Zie+u^-Zie-\[z[Var(d)Zi+al+2Zi{z' Z)-^Z' ii]-^ (4.30) 

Making this operational, 

i[Z^Var(e)Zi+S^^] (4.31) 

however produces a biased predictor of X*.  As was previously stated however, 

the implications of the measurement error constructs (in predicting work experience) 

along with the functional form of (4.21) are areas that we will continue to investigate. 

Now returning back to our empirical agenda, we can compare the results of (4.5) 

done utilizing the various measure of work experience—the actual, predicted, and 

potential measures. The predicted work experience measures, constructed using both 

the additive and multiplicative cases of measurement error, behave very similarly in 

the regressions. Due to this, and coupled with the fact that the multiplicative form 

seems more appropriate, we will only report the predicted estimates obtained under 

the assumption of multiplicative measurement error. As was previously mentioned, 

we chose to restrict our sample to be a constant size across the data sets to ensure 

comparability of the results obtained when one employs the alternative definitions 

and measures of work experience. 

Table 4.5 refers to the estimates obtained for the white males, ages 25-33—hence 

those from the NLSY79 and the IPUMS25-33. Table 4.6 contains the white, male 

household heads from the PSID and the IPUMS-HEADS. Tables 4.7 and 4.8 contain 

similar information for the white females. Attention is first focused on the white 

males, ages 25-33, contained in Table 4.5. Columns 1 and 2 correspond to the 

log wage regression which utilizes actual work experience for the NLSY79. The OLS 

estimates in Column 1 use the hours worked per week in constructing the actual work 
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experience measure and Column 2 uses the hours worked in the past calendar year. 

For the most part, the estimated coefficients are quite similar in terms of magnitude, 

sign, and significance. We know that in the Mincerian simple/naive schooling model 

the coefficient on schooling is not identified^®. If one does not interpret/identify the 

coefficient on schooling to be the internal rate or return to schooling, but instead 

deems it simply as a descriptive coefficient of schooling on earnings/income, holding 

other things constant, then both Columns 1 and 2 yield estimates of 10 percent, which 

are quite reasonable and in line with other estimates in the literature. To ensure 

comparability, the rate of return to experience, which is the partial derivative of (4.5) 

with respect to experience, is evaluated at 10 years of work experience for all data 

sets and groups. For the NLSY79 white males, these rates are 8.5 and 6.2 percent, 

respectively. Columns 3 and 4 provides the results of (4.5) using the predicted 

work experience measures, as constructed from the two alternative definitions of work 

experience. Such measures again yield similar estimates. The estimated coefficient 

on schooling implies about a 10.2-10.5 percent effect. The estimated coefficients 

on work experience are smaller than those previously obtained in Columns 1 and 

2. They predict rates of return to experience of 7.3 and 6.8 percent, respectively 

for Columns 3 and 4. Column 5 displays the estimates obtained when one uses the 

crude approximation to work experience. Proxying for one's actual work experience 

with the time elapsed since leaving school inflates the coefficient on schooling (14.2 

percent) while producing an estimate of the rate of return to experience (3.7 percent) 

which is fairly understated. 

Shifting one's attention to Columns 6-8, one finds the results of (4.5) when similar 

methods are apphed to white males, between the ages of 25 and 33, from the IPUMS. 

Columns 6 and 7 correspond to the equations utilizing the predicted work experience 

^®This is partly due to the fact that such a functional form is not concave in education, does not 
account for ability, amongst other controls, and is not based on an optimization model. Please see 
the second essay of this dissertation for a more rigorous discussion of this matter. 
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measures as constructed from the NLSY79 and Column 8 uses the potential expe

rience. All three cases yield smaller effects of schooling (9.8 to 13.4 percent) and 

of work experience (2.9 to 6.2 percent) on wages. Overall for Table 4.5, the signs 

on predicted and potential experience are positive, as expected, for both data sets 

but the estimated coefficient on this variable gains significance in one case only (see 

Column 4). While the sign on experience square vacillates, this variable never gains 

significance. The latter finding could be due to the fact that there is not enough vari

ation in this variable because of the youthfulness and hmited age range of this cohort. 

While smaller than those for the regressions utihzing the actual work experience mea

sures, the (adjusted) B? measures are quite similar for the both the predicted and 

potential work experience cases. The superiority of the actual work experience in the 

log earnings regression for the NLSY79 is evident. There is obviously no reason to 

proxy or predict work experience when actual measures are provided for in the data 

set. 

Table 4.6 contains similar information for the white, male, household heads, be

tween the ages of 18 and 65. Columns 1-5 correspond to the PSID data set and 

Columns 6-8 utilize the IPUMS-HEADS. For all work experience measures and for 

both data sets, the estimated coefficient on schooling implies a 10-11 percent increase 

in one's annual labor income. The estimated rates of return to 10 years of work 

experience are much smaller than those obtained for the NLSY79 and the IPUMS25-

33 white males. These rates range anywhere from 2.9 percent to 3.6 percent. For 

the PSID, the predicted work experience measures tend to slightly overestimate the 

estimated rates of return to actual work experience. The rates obtained when one 

utilizes a potential work experience measure are not very different from the others. 

Overall, the estimates in Table 4.6 are quite strong—the schooling and experience 

variables perform significantly and are of the appropriate sign in all instances. The 

estimated coefficients on experience and its square are slightly more significant when 

one utilizes the predicted, as opposed to potential, work experience measures. The 
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overall fit of the model is better for the PSID data than for the IPUMS-HEADS data, 

as implied by the (adjusted) but does not vacillate much between the various 

work experience measures. 

Table 4.7 contains the estimates of (4.5) for the white females, ages 25-33. Using 

the hours worked per week, as opposed to the hours worked in the past calendar 

year, in constructing the actual work experience measure for the NLSY79 generates 

smaller effects of schooling and larger rates of return to experience on earnings. The 

estimated coefEcients on schooling imply a 10.8 and 11.3 percent effect while the rates 

of return to experience are 7.5 and 3.2 percent, respectively. Utilizing the predicted 

work experience measures understates the effects of schooling for the NLSY79. When 

using the hours worked each week in constructing the predicted work experience 

measure, the rate of return to experience is understated by 6.8 percentage points. 

When one instead uses the annual hours worked in the past calendar in predicting 

prior work experience, the rate of return to 10 years experience is negative, implying 

that these females have surpassed the point at which their earnings are maximized and 

are now in the downward sloping part of the concave log earning function. For both 

the NLSY79 and the IPUMS25-33 the estimates that utihze the predicted experience 

measures are superior to those employing the potential measure—the overall fit of the 

model is better and the experience and experience squared terms are significant and 

of the appropriate sign. Proxying work experience with time elapsed since leaving 

school inflates the coefficient on schooling for both data sets. 

Finally, Table 4.8 presents the estimates based on the white, female, household 

heads, from the PSID and the IPUMS-HEADS, who are again between the ages of 

18 and 65. The actual and predicted measures for the PSID predict schooling-effects 

around 10 percent. This effect is overstated by about 2 percentage points when one 

instead employs the potential work experience measure. While both the predicted 

and potential experience measures understate the rates of return to experience, the 

understatement is larger when using the potential experience. The estimated rates 
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of return to actual experience are around 7.5 percent, those based on the predicted 

measures range from 5.4 to 6 percent, and the potential measure indicates a 3.9 

percent effect. The fit of the model is improved when one employs the predicted 

measures instead of the potential ones. Similar patterns emerge for the IPUMS-

HEADS. 

One can asses the extent of the bias correction by referencing the absolute and 

mean absolute percent differences for the estimated coefficients on the various mea

sures of work experience and its square. These figures can be found in Table 4.9 

for the white males and in Table 4.10 for the white females. The absolute percent 

difference between the coefficient on the predicted (potential) and actual measures of 

work experience is, 
predicted (potential) ^ actual 

(4.32) 
C actual 
P2 

while the absolute percent difference between the coefficient on the square of the 

predicted (potential) and actual measures is, 

^ predicted (potential) ^ actual 

P3 - P3 

actual (4.33) 

The mean absolute percent difference is just the average of (4.32) and (4.33)®°. Col

umn 1 of Table 4.9 corresponds to the difference between the coefficient on the pre

dicted and actual work experience measures, both based on the hours worked per 

week, for white males from the NLSY79. The absolute percent difference on the fin-

ear experience term's coefficient implies that the predicted coefficient is 82.9 percent 

off from the actual work experience coefficient. Similarly for the quadratic term, the 

predicted coefficient is 117.9 percent off from the actual coefficient. On average, there 

is a 100.4 percent discrepancy between the predicted and actual coefficients, based 

on the mean absolute percent difference. What is really of interest however, is the 

discrepancy in the coefficients that arises from the use of predicted measures versus 

"By averaging the two terms we have explicitly assigned them equal weight. 
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potential measures (relative to the actual work experience measure). Comparing 

Columns 1 and 2 one sees that the average discrepancy is larger when one employs 

our predicted work experience measure (based on the hours worked per week) instead 

of the potential measure. One can apply similar interpretations to the remaining 

figures for the NLSY79 and the PSID contained in Table 9 and conclude that for 

white males, the potential work experience measures perform better, in terms of bias 

reduction on the coefficients, than do our measures of predicted work experience. 

The only exception to this, for the white males, is when the hours worked in the 

past calendar year are used in the construction of predicted work experience. In this 

case, the average bias is larger for the potential work experience measure. When one 

considers the figures for the white females contained in Table 10, one notices quite 

clearly that the coefficients on our predicted measures are less biased than those on 

the potential measures. This serves as continued evidence for the need to employ 

proxies better than time elapsed since leaving school for female work histories when 

such information is lacking. 

In regards to the other control variables in (4.5), the marital status dummy is 

always significant and positive for the males while being negative and significant for 

the NLSY79 and the IPUMS25-33 females. Such a control was not entered in the 

female household head regression due to the small percent of married females in the 

PSID and the overall insignificant performance of it when it was in fact employed. A 

large share of the industry dummy variables perform significantly across functional 

forms and data sets. The Northeastern regional dummy is always associated with a 

positive and significant effect on wages while living in the Southern (and the North 

Central) region of the U.S. has the opposite effect. The regional dummies perform 

more significantly in the regressions performed for the males. While the city size 

dummy is not significant for the NLSY79 and the IPUMS25-33 regressions, the SMSA 

dummies are (for the most part) for the PSID and the IPUMS-HEADS regressions. 

Their estimated coefficients are always positive as well. 
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4.5.1 Testing the Classical Measurement Error Assumptions 

After having evaluated the performance of the various work experience measures, 

we will now shift our attention to testing two of the three classical measurement error 

assumptions. 

E{v) = 0 The first hypothesis we test is, 

Ho : E{v) = 0; Hi : E{v) f 0. (4.34) 

Testing the above hypothesis is akin to asking whether or not the average poten

tial experience is (significantly) different from the average actual experience. The 

following test is used, 

(4.35) 
( J v / v N  

N N 

E '"i  ̂ E 
where v = and • For both definitions of actual work experience 

in the NLSY79 and the PSID data sets, one can reject the null hypothesis because 

the test-statistic is greater than the critical value of 1.96^^. Hence, the measurement 

error is non-classical in the sense that its mean is not zero. One can refer back to the 

descriptive statistics contained in Tables 4.1-4.4 to see the corresponding means of the 

measurement error for the two data sets and experience measures for the restricted 

sample. The means of the measurement errors, on average, are positive indicating 

that the potential work experience measures overstates the true accumulated experi

ence. 

E { X * V i )  = 0 For the case in which the measurement error is additive, the second 

hypothesis we test is. 

Ho : E{X:vi) = 0-, H,: E{X;vi) + 0, 

®^The p-values are all 0. 

(4.36) 
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which amounts to testing whether or not there is covariance between the actual work 

experience and the measurement error. Testing the above hypothesis corresponds 

to running a regression of the measurement error on the actual work experience and 

determining whether or not the coefficient on X* is significant. Specifically, this is 

because  t he  e s t ima ted  coe f f i c i en t  on  X* i s  j u s t  t he  covar i ance  be tween  X*,  and  v  

divided by the variance of X*. Due to the fact that the latter cannot be zero, a 

significant estimated coefficient is rendered only when Cov(X*,Vi) ^ 0. Similarly, if 

one assumes a multiplicative measurement error, one just tests for covariance between 

In X* and Vi. 

Performing the aforementioned regression in all cases yields significant estimates 

of the coefficient on the (log) of X*. Thus, one can reject the null hypothesis and 

conclude that covariance does in fact exist between the measurement error and the 

(log) actual work experience measure. 

4.6 Discussion 

Measurement error has been discussed in various contexts in many studies of labor 

economics. That in self-reporteji schooling has received considerable attention in 

the siblings- and twins-based literature. Several researchers have made considerable 

efforts in investigating the problem for work experience measures. Many of these 

researchers have studied how potential work experience measures tend to overstate 

actual work histories for females in particular, due to life-cycle changes and non-

continuous employment spells. This paper attempts to address the issue in a broader 

sense by not confining the analysis to women, where the problems of measurement 

error are well-known and broadly accepted, but by expanding the discussion to include 

males who also experience lapses of employment. Such lapses manifest themselves 

in two forms—either an active job search or a withdrawal from the labor market. 

The issue is analyzed with the use of three separate data sources—the NLSY79, the 
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PSID, and the IPUMS. The first two data sets contain actual work histories which 

are used in the construction of the actual work experience measures. A PTE status 

is imposed on the definition of actual work experience and consequently cases can be 

made for instances in which potential work experience measures actually understate 

true work histories due to over-time work, moonlighting, and multiple-job holding. 

We do however find that on average, the potential measures overstate actual work 

histories. The NLSY79 and the PSID allow one to construct predicted measures of 

work experience that can be applied to data sets in which individual histories do not 

exist (i.e., IPUMS). 

A series of log earnings regressions were run utilizing the various measures of 

work experience—the actual, predicted, and potential (as proxied by time elapsed 

since leaving schooling). The estimates contained in Tables 4.5-4.8 support the 

claim that the use of potential work experience in such human capital models tends 

to overstate the effects schooling and understate the rates of return to labor market 

experience. The effects of schooling on earnings tend to be about 10 percent across 

the various samples, data sets, and definitions. In regards to the rates of return to 

10 years of labor market experience, the 25-33 year old males had the highest rates 

and their female counterparts had the lowest. For the 25-33 year olds, the rates of 

return are larger for the males but the reverse is true for the household heads, ages 

18-65. The use of potential work experience in these human capital models tends 

to understate these rates. Thus, it seems to be the case that measurement error 

in experience not only biases its coefficient but also that of schooling as well. The 

mean absolute percent differences reveal a substantial reduction in the bias on the 

experience coefficients when our predicted measures are used for the female subset. 

As expected, the (adjusted) is largest when one employs actual work experience 

in the log earnings regression. The fit of the model is slightly improved when one 

utilizes the predicted, as opposed to potential, work experience measure. There is 

a pronounced improvement for the NLSY79 and the PSID (and the IPUMS25-33) 
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females. As expected, the schoohng and experience variables are significant and 

positive while the quadratic experience term is negative. The exception to this is for 

the males and females, ages 25-33. The predicted and potential measures perform 

quite poorly for the males in the sense that the coefficients on this variable and its 

square are rarely significant and not always of the expected sign. The potential 

experience measure and its square never gain significance for the females, ages 25-33. 

The lack of significance could be partly due to the lack of variation in potential work 

experience for these young people and further strengthens the need for improved work 

experience proxies (especially for females). 

For the male PSID and IPUMS-HEADS, the estimates stemming from the pre

dicted and potential work experience measures are somewhat similar and the bias is 

a bit worse when our predicted measures are used. Perhaps the more continuous 

nature of the male work-cycle does not necessitate better constructs than potential 

work experience in human capital models. That being said, it is however true that 

the experience variables are slightly more significant when predicted, as opposed to 

potential, measures are used, and the rates of return to experience are not as under

stated. The latter holds true for the female PSID and IPUMS-HEADS as well. 

Measurement error is typically treated in the classical sense—specifically, it is 

assumed that the measurement error has a mean of zero and is uncorrected with 

the true variable and the random error. Such assumptions usually arise out of 

convenience and are not always supported by the data. Due to the aforementioned 

reasons, our priors suggest that the first assumption is violated and this is in fact 

shown to be the case when an appropriate test is conducted. The second assumption 

that covariance does not exist between the measurement error and the true regressor 

is also rejected. Thus, one can conclude that the measurement error plaguing the 

work experience variable in human capital models is not classical. Furthermore, 

the assumption of a multiplicative measurement error construct seems to be more 

appropriate than the conventional additive one. 
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This paper has served as a first attempt to address an issue that is very important, 

but often overlooked, in labor economics. The empirical results lend support for 

this notion and improvements will continue to be made to the functional forms and 

econometric analyses. Pending tractability, the theoretical implications of a quadratic 

term that is measured with error in a log earnings regression will be pursued in 

future research. The nonclassical, multiplicative measurement error construct will 

continued to be explored as well. We hope to extend the analysis to include other 

racial and demographic groups. The estimations performed here have been conducted 

in such a manner to ensure comparability across the data sets. Ideally, we would like 

uncover an estimation strategy that can be liberally applied to other data sets which 

lack very detailed, and precise information but perhaps offer larger samples that are 

more representative of the population. Another avenue for further research is the 

investigation of nonlinear instrumental variables to correct for measurement error in 

potential experience. 

4.7 Conclusion 

This paper employed data from the NLSY79, the PSID, and the IPUMS in inves

tigating the bias inherent in human capital models that utilize potential, as opposed 

to actual, work experience measures. The first two data sets allow one to construct 

actual measures of prior work history which are then used to construct predicted 

measures which can be applied to data sets that lack such information (i.e., IPUMS). 

For the most part, the use of potential work experience measures in log regressions 

tends to overstate the efi^ect of schooling on wages and understate the rates of return 

to labor market experience. Employing a multiplicative measurement error strategy 

and predicting one's actual work experience leads to slight improvements in the signif

icance of the estimates and the overall fit of the model. The mean absolute percent 

differences reveal a substantial reduction in the bias on the experience coefficients 
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when our predicted measures are used for the female subset. 

This paper does not find support for the assumptions that are typically imposed 

in discussions of (classical) measurement error. A test is conducted and confirms a 

non-zero mean for the measurement error. On average, the mean of the measure

ment error is positive indicating that the potential work experience measures overstate 

one's actual work experience. For many females, the potential work experience, as 

proxied by the time elapsed since leaving school, overstates the actual work experi

ence. Inflated work histories can also be obtained for individuals that experience 

spells of unemployment or any phenomenon that takes them out of the labor market. 

While the measurement error has a positive mean on average, cases do exist where 

the reverse is true. The potential work experience can understate actual work history 

when one neglects to consider factors such as over-time, moonlighting, and multiple-

job holding; all of which are important and relevant. Lastly, a test is conducted that 

confirms correlation between the measurement error and the true work experience 

measure. While we assume no covariance between the measurement error and the 

random error in the log earnings equation, we conclude that the measurement error in 

potential work experience measures is nonclassical and the multiplicative framework 

seems most appropriate. 

Thus, nonclassical measurement error in work experience measures seems to be a 

serious problem plaguing human capital models. Neglecting such matters or imposing 

assumptions that are not empirically supported can generate biased (and inconsistent) 

estimates for traditional log earnings regressions. Discussions of wage differentials 

are always at the forefront of labor economics research. The discontinuous nature 

of female work patterns in particular, coupled with unemployment spells that affect 

both genders, and different labor market experiences (e.g., full-time or part-time 

status, incidence of moonhghting, etc.) provide evidence that demands proxies better 

than potential work experience when actual work histories are lacking. This paper 

has provided one such application using information contained in the NLSY79, the 
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PSID, and the IPUMS. Possible extensions to this work that have been suggested 

by Corcoran [21] and include explanations of the wage gap that exists between males 

and females due to different amounts, patterns, and quality of work experience. 
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data source: NLSY79 IPUMS25-33 
nobs. 3037 3256 

Mean Std.Dev. Mean Std.Dev. 

MARRIED 0.569 0.495 0.612 0.487 

SCHOOLING 12.916 2.612 13.098 2.585 
TOTAL ANNUAL INCOME FROM WAGES AND SALARY 24256.500 17632.000 24331.500 17470.200 
(1) ACTUAL WORK EXPERIENCE* 9.129 3.236 
(2) ACTUAL WORK EXPERIENCE* 7.696 3.101 ~ 

(3) PREDICTED WORK EXPERIENCE* 8.221 2.229 8.484 2.362 
(4) PREDICTED WORK EXPERIENCE* 6.800 2.032 7.104 2.206 
POTENTIAL WORK EXPERIENCE* 9.712 3.280 9.961 3.479 
INDUSTRY 1 (AGRICULTURE, FORESTRY, FISHING) 0.037 0.189 0.037 0.188 
INDUSTRY 2 (MINING) 0.014 0.115 0.013 0.113 
INDUSTRY 3 (CONSTRUCTION) 0.132 0.338 0.125 0,331 
INDUSTRY 4 (MANUFACTURING) 0.251 0.433 0.228 0.419 
INDUSTRY 5 (TRANSPORTATION, COMMUNICATIONS. OTHER PUBLIC UTILITIES) 0.085 0.279 0.079 0.270 
INDUSTRY 6 (WHOLESALE AND RETAIL TRADE) 0.183 0.387 0.195 0.396 
INDUSTRY 7 (FINANCE, INSURANCE. REAL ESTATE) 0.044 0.206 0.046 0.209 
INDUSTRY 8 (BUSINESS, REPAIR SERVICES) 0.078 0.269 0.063 0.243 
INDUSTRY 9 (PERSONAL SERVICES) 0.018 0.135 0.016 0.125 
INDUSTRY 10 (ENTERTAINMENT, RECREATION SERVICES) 0.014 0.115 0.020 0.139 
INDUSTRY 11 (PROFESSIONAL. RELATED SERVICES) 0.090 0.286 0.093 0.291 
INDUSTRY 12 (PUBLIC ADMINISTRATION) 0.044 0.205 0.086 0.280 
NORTHEAST REGION 0.186 0.389 0.217 0.412 
NORTH CENTRAL REGION 0.273 0.445 0.234 0.424 
SOUTHERN REGION 0.326 0.469 0.310 0.462 
WESTERN REGION 0.215 0.411 0.223 0.417 
NOT IN SMSA 0.231 0.421 0.231 0.422 
SMSA, NOT CENTRAL CITY 0.322 0.467 0.318 0.466 
SMSA, CENTRAL CITY UNKNOWN 0.283 0.450 0.271 0.444 
SMSA, CENTRAL CITY 0.107 0.309 0.146 0.353 
(5) LOG MEASUREMENT ERROR 0.070 0.484 — 

(6) MULTIPLICATIVE MEASUREMENT ERROR 1.252 1.350 ... ... 

(7) LOG MEASUREMENT ERROR 0.273 0.554 — 

(8) MULTIPLICATIVE MEASUREMENT ERROR 1.800 7.469 ... ... 

*=sample includes only those individuals with positive values reported for such variables. 

(1) ACTUAL WORK EXPERIENCE is constructed from hours worked per week 
(2) ACTUAL WORK EXPERIENCE is constructed from hours worked in past calendar year 
(3) PREDICTED WORK EXPERIENCE is based on hours worked per week 
(4) PREDICTED WORK EXPERIENCE is based on hours worked in past calendar year 
(5)=ln[P0TENTIAL WORK EXPERIENCE] - ln(ACTUAL WORK EXPERIENCE (from the hours worked per week)] 
(6) based on hours worked per week 
(7^n[P0TENTlAL WORK EXPERIENCE] - InlACTUAL WORK EXPERIENCE (from the hours worked in the past calendar year)] 
(8) based on hours worked in the past calendar year 

Source of data: 1990 survey of the NLSY79 and the IPUMS 

TABLE 4.1. Descriptive Statistics for White Males; Ages 25-33 
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data source: PSID IPUMS-HEADS 
nobs. 3438 9126 

Mean Std.Dev. Mean Std.Dev. 

MARRIED 0.804 0.397 0.809 0.393 
SCHOOLING 12.775 2.991 13.277 2.864 
TOTAL ANNUAL INCOME FROM WAGES AND SALARY 29702.300 29400.200 32447.400 26345.700 

(1) ACTUAL WORK EXPERIENCE* 17.935 11.484 

(2) ACTUAL WORK EXPERIENCE* 18.007 11.315 

(3) PREDICTED WORK EXPERIENCE* 16.909 9.367 19.300 10.227 
(4) PREDICTED WORK EXPERIENCE* 16.940 9.071 19.249 9.861 

POTENTIAL WORK EXPERIENCE* 19.652 11.372 21.557 11.746 
INDUSTRY 1 (AGRICULTURE. FORESTRY, FISHING) 0.029 0.167 0.031 0.173 
INDUSTRY 2 (MINING) 0.010 0.100 0.016 0.126 

INDUSTRY 3 (CONSTRUCTION) 0.095 0.294 0.105 0.307 

INDUSTRY 4 (MANUFACTURING) 0.251 0.434 0.249 0.432 
INDUSTRY 5 (TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) 0.095 0.294 0.090 0.286 
INDUSTRY 6 (WHOLESALE AND RETAIL TRADE) 0.163 0.369 0.167 0.373 

INDUSTRY 7 (FINANCE. INSURANCE, REAL ESTATE) 0.041 0.198 0.048 0.214 
INDUSTRY 8 (BUSINESS, REPAIR SERVICES) 0.058 0.233 0.055 0.228 
INDUSTRY 9 (PERSONAL SERVICES) 0.016 0.124 0.014 0.116 
INDUSTRY 10 (ENTERTAINMENT, RECREATION SERVICES) 0.009 0.095 0.016 0.126 
INDUSTRY 11 (PROFESSIONAL, RELATED SERVICES) 0.104 0.305 0.120 0.325 
INDUSTRY 12 (PUBLIC ADMINISTRATION) 0.070 0.255 0.090 0.286 
NORTHEAST REGION 0.181 0.385 0.206 0.404 
NORTH CENTRAL REGION 0.225 0.418 0.253 0.435 
SOUTHERN REGION 0.368 0.482 0,320 0.466 
WESTERN REGION 0.226 0.418 0.202 0.401 
CITY SIZE (500,000 OR MORE) 0.170 0.376 0.068 0,251 
CITY SIZE (100.000-499,999) 0.309 0.462 0.074 0.262 
CITY SIZE (50.000-99,999) 0.105 0.307 — ~ 

CITY SIZE (25,000-49.000) 0.129 0.335 — 

CITY SIZE (10,000-24.999) 0.135 0.342 — 

CITY SIZE (UNDER 10,000) 0.149 0.356 — 

(5) LOG MEASUREMENT ERROR 0.138 0.509 ~ 

(6) MULTIPLICATIVE MEASUREMENT ERROR 1.603 5.503 — — 

(7) LOG MEASUREMENT ERROR 0.123 0.500 
(8) MULTIPLICATIVE MEASUREMENT ERROR 1.566 5.179 ~ — 

*=sample includes only those individuals with positive values reported for such variables. 

(1) ACTUAL WORK EXPERIENCE is constructed from total annual work hours as contained in the family files 
(2) ACTUAL WORK EXPERIENCE is constructed from annual work hours as contained in the individual files 
(3) PREDICTED WORK EXPERIENCE is based on total annual work hours as contained In the family files 
(4) PREDICTED WORK EXPERIENCE is based on annual work hours as contained In the Individual files 
(5)=ln[P0TENTIAL WORK EXPERIENCE] - ln[ACTUAL WORK EXPERIENCE (from the family files)] 
(6) based on total annual work hours as contained In the family files 
(7)=ln[P0TENTIAL WORK EXPERIENCE) - in[ACTUAL WORK EXPERIENCE (from the Individual files)] 
(8) based on annual work hours as contained in the individual files 

Source of data: 1990 survey of the PSID and the IPUMS 

TABLE 4.2. Descriptive Statistics for White Males: Heads of Household 
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data source; NLSY79 IPUMS25-33 
nobs. 2725 2865 

Mean Std.Dev. Mean Std.Dev. 

MARRIED 0.610 0.488 0.633 0.482 

SCHOOLING 13.264 2.310 13.368 2.367 
TOTAL ANNUAL INCOME FROM WAGES AND SALARY 15814.900 12495.100 15678.100 11245.500 

(1) ACTUAL WORK EXPERIENCE* 7.312 2.936 

(2) ACTUAL WORK EXPERIENCE* 6.220 2.797 
(3) PREDICTED WORK EXPERIENCE* 6.497 2.185 6.786 2.253 

(4) PREDICTED WORK EXPERIENCE' 5.403 1.926 5.665 2.027 

POTENTIAL WORK EXPERIENCE* 9.468 3.143 9.632 3.491 
INDUSTRY 1 (AGRICULTURE, FORESTRY. FISHING) 0.010 0.099 0.015 0.122 

INDUSTRY 2 (MINING) 0.003 0.054 0.002 0.049 

INDUSTRY 3 (CONSTRUCTION) 0.016 0.125 0.015 0.122 
INDUSTRY 4 (MANUFACTURING) 0.152 0.359 0.156 0.363 
INDUSTRY 5 (TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) 0.044 0.206 0.035 0.184 
INDUSTRY 6 (WHOLESALE AND RETAIL TRADE) 0.205 0.404 0.222 0.416 
INDUSTRY 7 (FINANCE, INSURANCE, REAL ESTATE) 0.091 0.288 0.096 0.295 
INDUSTRY 8 (BUSINESS. REPAIR SERVICES) 0.061 0.239 0.054 0.226 
INDUSTRY 9 (PERSONAL SERVICES) 0.059 0.237 0.035 0.184 
INDUSTRY 10 (ENTERTAINMENT. RECREATION SERVICES) 0.011 0.104 0.020 0.140 
INDUSTRY 11 (PROFESSIONAL. RELATED SERVICES) 0.295 0.456 0.302 0.459 

INDUSTRY 12 (PUBLIC ADMINISTRATION) 0.034 0.183 0.047 0.213 
NORTHEAST REGION 0.183 0.387 0.225 0.418 
NORTH CENTRAL REGION 0.260 0.439 0.240 0.427 
SOUTHERN REGION 0.351 0.477 0.300 0.458 
WESTERN REGION 0.207 0.405 0.215 0.411 

NOT IN SMSA 0.225 0.418 0.233 0.423 
SMSA, NOT CENTRAL CITY 0.320 0.467 0.322 0.467 
SMSA. CENTRAL CITY UNKNOWN 0.311 0.463 0.267 0.442 
SMSA. CENTRAL CITY 0.084 0.277 0.148 0.356 
(5) LOG MEASUREMENT ERROR 0.309 0.669 ... ... 

(6) MULTIPLICATIVE MEASUREMENT ERROR 2.006 5.772 
(7) LOG MEASUREMENT ERROR 0.512 0.769 ... ~ 

(8) MULTIPLICATIVE MEASUREMENT ERROR 4.627 81.683 

*=sample includes only those individuals with positive values reported for such variables. 

(1) ACTUAL WORK EXPERIENCE Is constructed from hours worked per week 
(2) ACTUAL WORK EXPERIENCE is constructed from hours worked in past calendar year 
(3) PREDICTED WORK EXPERIENCE is based on hours worked per week 
(4) PREDICTED WORK EXPERIENCE is based on hours worked in past calendar year 
(5)=ln[P0TENTIAL WORK EXPERIENCE] - ln[ACTUAL WORK EXPERIENCE (from the hours worked per week)] 
(6) based on hours worked per week 
(7)=ln[P0TENTIAL WORK EXPERIENCE] - ln[ACTUAL WORK EXPERIENCE (from the hours worked in the past calendar year)] 
(8) based on hours worked in the past calendar year 

Source of data: 1990 survey of the NLSY79 and the IPUMS 

TABLE 4.3. Descriptive Statistics for White Females: Ages 25-33 
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data source; PSID IPUMS-HEADS 
nobs. 669 2646 

Mean Std.Dev. Mean Std.Dev. 

MARRIED 0.007 0.086 0.188 0.391 

SCHOOLING 12.553 2.983 13.351 2.626 
TOTAL ANNUAL INCOME FROM WAGES AND SALARY 17633.400 13235.100 19560.300 16061.300 
(1) ACTUAL WORK EXPERIENCE' 12.701 9.199 
(2) ACTUAL WORK EXPERIENCE* 12.815 8.808 
(3) PREDICTED WORK EXPERIENCE' 11.107 7.608 13.088 7.944 
(4) PREDICTED WORK EXPERIENCE' 11.211 6.822 13.038 6.846 
POTENTIAL WORK EXPERIENCE' 20.722 13.094 20.859 12.497 
INDUSTRY 1 (AGRICULTURE, FORESTRY, FISHING) 0.010 0.102 0.012 0.111 
INDUSTRY 2 (MINING) 0.003 0.055 0.002 0.048 
INDUSTRY 3 (CONSTRUCTION) 0.006 0.077 0.016 0.125 
INDUSTRY 4 (MANUFACTURING) 0.160 0.367 0.150 0.357 
INDUSTRY 5 (TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) 0.036 0.186 0.040 0.196 
INDUSTRY 6 (WHOLESALE AND RETAIL TRADE) 0.163 0.370 0.204 0.403 
INDUSTRY? (FINANCE, INSURANCE, REAL ESTATE) 0.069 0.253 0.085 0.280 
INDUSTRY 8 (BUSINESS, REPAIR SERVICES) 0.028 0.166 0.049 0.216 
INDUSTRY 9 (PERSONAL SERVICES) 0.072 0.258 0.041 0.198 
INDUSTRY 10 (ENTERTAINMENT, RECREATION SERVICES) 0.009 0.094 0.022 0.148 
INDUSTRY 11 (PROFESSIONAL. RELATED SERVICES) 0.296 0.457 0.306 0.461 
INDUSTRY 12 (PUBLIC ADMINISTRATION) 0.055 0.229 0.071 0.258 
NORTHEAST REGION 0.208 0.406 0.223 0.416 
NORTH CENTRAL REGION 0.191 0.394 0.226 0.418 
SOUTHERN REGION 0.369 0.483 0.306 0.461 
WESTERN REGION 0.232 0.422 0.230 0.421 
CITY SIZE (500,000 OR MORE) 0.229 0.420 0.113 0.316 
CITY SIZE (100,000-499,999) 0.347 0.476 0.092 0.289 
CITY SIZE (50.000-99.999) 0.096 0.294 
CITY SIZE (25.000-49,000) 0.126 0.332 
CITY SIZE (10,000-24,999) 0.099 0.298 — 

CITY SIZE (UNDER 10,000) 0.099 0.298 ... 

(5) LOG MEASUREMENT ERROR 0.581 0.891 
(6) MULTIPLICATIVE MEASUREMENT ERROR 4.203 17.948 
(7) LOG MEASUREMENT ERROR 0.528 0.831 ... 

(8) MULTIPLICATIVE MEASUREMENT ERROR 3.731 17.273 

*=sample includes only those individuals with positive values reported for such variables. 

(1) ACTUAL WORK EXPERIENCE Is constructed from total annual work hours as contained in the family files 
(2) ACTUAL WORK EXPERIENCE is constructed from annual work hours as contained in the individual files 
(3) PREDICTED WORK EXPERIENCE is based on total annual work hours as contained in the family files 
(4) PREDICTED WORK EXPERIENCE is based on annual work hours as contained in the individual files 
(5)=ln[P0TENTIAL WORK EXPERIENCE] - InlACTUAL WORK EXPERIENCE (from the family files)] 
(6) based on total annual work hours as contained in the family files 
{7)=ln[P0TENTIAL WORK EXPERIENCE] - InlACTUAL WORK EXPERIENCE (from the individual files)] 
(8) based on annual work hours as contained in the individual files 

Source of data: 1990 survey of the PSID and the IPUMS 

TABLE 4.4. Descriptive Statistics for White Females: Heads of Household 
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DATASOURCE; NLSY79 IPUMS 
SURVEY YEAR; 1990 1990 
DEP. VARIAB. ln(to(al incom< 9 from wages and salary) tn(wage and salary ii ncome) 

m O) (2) {4) {g} 
CONSTANT 6.614 7.018 7 783 7 664 7.175 6.135 7 994 7 562 

(60 676)*" (66 036)'" (45.416)'" (47.632)'" {40.611)"' (50 938)'" (55B17)*" (51.142)'" 

SCHOOLING 0.114 0.114 0 102 0 105 0.142 9.8e0E.02 0 102 0 134 
(22 873)'** (22.161)"* (17.8S6)— (18.583)*" (18.525)"' (18 310)"' (19.002)"* (19 027)"" 

ACTUAL WORK EXPERIENCE 0 252 0 200 _ 
(17.605)'" (13.991)"' 

(ACTUAL WORK EXPERIENCE)'^2 -8.345E-03 -6.901 E-03 ~ _ 
(-11.303)'" (•7 982)"' 

PREDICTED WORK EXPERIENCE 4.317E-02 8 347E-02 5 081 E-03 4.189E-02 
(1 261) (2 267)" (.166) (1 316) 

(PREDICTED WORK EXPERIENCE)'^2 _ 1 492E-03 •7 660E.04 2 840E-03 e,524E-04 _ 
(693) (• 290) (1 552) (386) 

POTENTIAL WORK EXPERIENCE 4.632E-02 2 777E^02 
(2.560)" (32 558)"* 

(POTENTIAL WORK EXPERIENCE)*2 _ •4 e06E-04 6 5S6E^05 
(-.552) (0955) 

MARRIED 0 20S 0 231 0.256 0.251 0.343 0.235 0 234 0.302 
(8.354)"' (9 024)"* (8 854)'" (8 649)"* (12.632)'" (8 398)'" (8 301)'" (11 392)'" 

INDUSTRY DUMMY 1 -0.207 •0.172 -0 243 •0.223 •0,121 -0.454 -0 427 -0.389 
(AGRICULTURE, FORESTRY, FISHING) (-2 S7S)*'* (•2.084)" (•2.716)"' (•2 509)" (-1.359) (-5 770)*** (.5.442)"' (-4 929)"* 

INDUSTRY DUMMY 2 0.346 0 3B2 0 281 0.292 0 408 0.213 0 229 0.277 
(MINING) (3 056)'** (3 261)"' (2 220)" (2 316)" (3 219)"' (1.801)' (1 943)* (2 334)" 

INDUSTRY DUMMY 3 0.146 0.185 0 134 0.147 0.270 -0,154 •0 134 •7.783E^)2 
(CONSTRUCTION) (2 369)** (2.935)"' (1.933)* (2-125)" (3.973)"" (2,703)'" (-2 372)" (-1 384) 

INDUSTRY DUMMY 4 0 163 0 201 0.175 0.185 0 266 5 204E.02 6.948E-02 0-114 
(MANUFACTURING) (2 903)*" (3.472)— (2 747)*" (2.928)"' (4 582)*" (1.106) (1 365) (2.249)" 

INDUSTRY DUMMY 5 0 121 0 169 0 157 0 172 0-279 9 779E^02 0 119 0 170 
(TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) (1.646)* (2 514)" (2 141)" (2 358)**' (3 861)*" -1 567 (1.920)* (2 746)"' 

INDUSTRY DUMMY 6 •8 243E-02 •3 642E-02 •6 633E^02 •5 076E^02 5 464E-02 •0.103 -7 893E-02 -3 116E-02 
(WHOLESALE AND RETAIL TRADE) (•1 417) (-610) (-1 021) (-.785) (849) (-1 987)" (.1.528) (- 603) 

INDUSTRY DUMMY? 0 202 0 229 0 187 0.200 0 294 7 679E-02 0 101 0 144 
(FINANCE, INSURANCE, REAL ESTATE) (2.660)'" (2 934)'" (2 222)" (2 387)" (3.494)'" (1.055) (1 388) (1,974)-* 

INDUSTRY DUMMY 8 -2.442E-02 6 e05E-03 •1.167E-02 •3 360E^03 g464E-02 •0 168 •0 149 •0 118 
(BUSINESS, REPAIR SERVICES) (-.369) (100) (••158) (-.0547) (1.290) (-2 547)" (-2 270)" (.1 783)* 

INDUSTRY DUMMY 9 •0.166 -0 151 •0 154 -0 ISO -0118 •0,228 -0 209 -0211 
(PERSONAL SERVICES) (.1,642) (-1455) (-1.387) (•1 345) (-1 053) (•2,113)" (-1 934)' (-1 938)' 

INDUSTRY DUMMY 10 •0.131 -0 100 -0.159 •0.157 •0.107 -0 152 -0 134 •0 104 
(ENTERTAINMENT. RECREATION SERVICES) (•1.154) (-855) (-1.269) (.1 254) (.,845) (-1.538) (•1 356) (.1 053) 

INDUSTRY DUMMY 11 .5.905E^02 -3 092E-02 •7ei6E^02 •7 56BE-02 -3 755E-02 •0.246 .0 233 -0 239 
(PROFESSIONAL, RELATED SERVICES) (•911) (-.464) (•1 090) (•1 057) (-.520) (-4 150)"' {.3.924)'" (-3 9B1)"* 

NORTHEASTERN REGIONAL DUMMY 0.112 0123 0.136 0137 0.133 8.003E02 8 047E-02 0.083 
(2.958)*" (3151)'" (3.264)'" (3 283)*** (3.142)- (2 152)" (2.163)" (2 209)" 

NORTH CENTRAL REGIONAL DUMMY •6 891E-02 -6,057E-02 -6.225E-02 •e.178E-02 -6 773E.02 •2 4S6E-02 •2 33SE-02 -2 266E-02 
(-1.716)* (-1 714)* (.1.649) (.1,637) (-1 776)* (• 659) (- 626) (- 603) 

SOUTHERN REGIONAL DUMMY •8.275E^02 -7.262E-02 •6 695E.02 •0 066 •6 284E-02 •6 9eiE^02 •8.850E^02 -6 648E-02 
(•2.506)** (-2.139)" (•1.844)' (.1 611)' (•1.712) (•2611)-" (-2.571)" (-2495)" 

SMSADUMMY 1 0155 0 165 0.191 0.188 0.192 0 223 0 223 0 226 
(SMSA. NOT CENTRAL CITY) (5 071)'" (5.245)'** (5 688)"* (5.592)*" (5.649)'*' (6 53B)"* (6 551)'" (6 577)*" 

SMSADUMMY 2 0.122 0128 0 132 0.132 0130 7 458E-02 7,411E-02 7 416E-02 
(SMSA, CENTRAL CITY UNKNOWN) (3 B05)"' (3 881)*" (3 732)*" (3 746)*" (3.640)'" (2.150)" (2.135)" (2 123)" 

SMSADUMMY 9 5.906E-02 6.035E-02 1.772E-02 1.768E-02 1.343E-02 5.682E^02 5.726E-02 4.682E^02 
(SMSA, CENTRAL CITY) (1 366) (1 357) (,373) (.372) (.260) (1.344) (1 354) (1 096) 

R"2 0.370 0 334 0.238 0.236 0 222 0,237 0.236 0 226 
adj R'2 0 366 0 329 0.233 0 233 0217 0 232 0 231 0 221 
nobs. 3037 3037 3037 3037 3037 3256 3256 3256 
rate of return to experience at 10 years 8.532E-02 6 163E-<)2 7,300E-02 6.eiSEK)2 3 671E-02 6 189E-02 5 894E-02 2.909E^02 

t-vakies are in parentheses 
'"^significant at the 1 % level for a two-tailed t-test 
"ssignificant at the S% level for a two-tailed t-test 
'^significant at the 10% level for a two-tailed t-test 

(1 )»ACTUAL WOFW EXPERIENCE is constructed from hours vrorked per week 
(2)°ACTUAL WORK EXPERIENCE is constructed from hours worked in past calendar year 
(3)'PREDICTE0 WORK EXPERIENCE is based on hours worlted per weelt assuming muKiplicative measurement error 
(4)sPREDICTE0 WORK EXPERIENCE is based on hours worlted in past calendar year assuming multipllcalive measurement error 
(5)=P0TENTIAL WORK EXPERIENCE'age-schoolmg-S 
(6}=PRE0ICTED WORK EXPERIENCE is based on hours worked per week assuming multiplicative measurement error 
(7)»PREDICTED WORK EXPERIEfJCE is t>ased on hours worked in past calendar year assuming multiplicative measurement error 
(8)=POTENTIA(. WORK EXPERIENCE=age-scnooling-6 

Source of data: 1990 survey of the NLSY79 and the IPUUS 

TABLE 4.5. Log Earnings Regressions for White Males : Ages 25-33 
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IPUMS-HEAOS 

DEP VARIAB 

CONSTANT 7 848 
(103.359)"* 

ln(income from wages and salary) 
121 (3) (4) 

7 823 7.735 7.711 
(102.903)"* (91,243)*" (90 065)*" 

7.748 
(89 834)*" 

ln(wage and salary income) 
£61 (7) (8) 

7942 7921 8017 
(129.145)"' (127.577)*" (130.176)"* 

SCHOOLING 0.103 
(23 356)'" 

0 103 
(23 557)*" 

0 105 
(23.413)'" 

0.105 
(23.495)"' 

0 105 
(21 707)"' 

0112 
(36 599)'" 

0 112 
(36 645)*" 

0 107 
(33 440)"* 

ACTUAL WORK EXPERIENCE 3 887E-02 
(14.389)"* 

4.035E-02 
(14.834)*" 

- - - - — 

(ACTUAL WORK EXPERIENCE)^2 -4.855E-04 
(-9 599)"-

-5.004E-04 
(-9.882)*" 

- - " - - — 

PREDICTED WORK EXPERIENCE 5 731 E-02 
(11.793)"* 

5 987E-02 
(11.809)**' 

5.931 £-02 
(19886)*" 

6 181E-02 
(19 669)'*' 

-

(PREDICTED WORK EXPERIENCEr2 - - -1,140E.03 
(-9.844)*** 

.1.207E-03 
(-9 798)*** 

-1 178E-03 
(-17 486)"' 

-1.248E-03 
(-17 194)*** 

POTENTIAL WORK EXPERIENCE - - 4 714E-02 
(11.230)"* 

- 5 064E-02 
(18.655)*" 

(POTENTIAL WORK EXPERIENCE^Z " - - - •8 118E-04 
(-9.451)*" 

- •9 007E-04 
(-16.380)*** 

MARRIED 0 223 
(7 025)"' 

0217 
(6 853)*" 

0 229 
(6.999)"* 

0 224 
(6.831)"* 

0 248 
(7620)"* 

0 161 
(7.802)'** 

0158 
(7.670)*" 

0168 
(8149)"' 

INDUSTRY DUMMY 1 
(AGRICULTURE, FORESTRY, FISHING) 

•0 196 
(-2 471)" 

-0 206 
(-2 572)'" 

-0.155 
(-1 892)* 

-0 155 
(-1.893)' 

-0 189 
(-2 310)" 

•0 312 
(-5.953)*" 

•0.312 
(-5.940)*'* 

-0 326 
(-6212)"' 

INDUSTRY DUMMY 2 
(MINING) 

0 542 
(4.284)*" 

0 528 
(4 190)"* 

0.548 
(4 265)'** 

0.545 
(4 239)*" 

0 552 
(4.280)'" 

0.125 
(1 861)* 

0 122 
(1,806)* 

0.120 
(-1 569) 

INDUSTRY DUMMY 3 
(CONSTRUCTION) 

0.290 
(5 515)*** 

0 291 
(5 531)*" 

0.255 
(4.787)"* 

0 251 
(4 708)*" 

0 246 
(4 571)*" 

-5 002E-02 
(-1 382) 

-5 325E-02 
(-1,471) 

-0 057 
(-1.569) 

INDUSTRY DUMMY 4 
(MANUFACTURING) 

0412 
(9 784)"' 

0.410 
(9 750)"* 

0413 
(9.653)*" 

0409 
(9 572)*" 

0.411 
(9 548)*" 

0 113 
(3 645)"* 

0,110 
(3,563)"* 

0117 
(3.707)*** 

INDUSTRY DUMMY 5 
(TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) 

0.432 
(8 266)"* 

0 429 
(8.226)"' 

0 430 
(8.093)*** 

0.427 
(8 032)'" 

0 436 
(8,169)*" 

0.169 
(4 531)*'* 

0167 
(4.466)*" 

0,155 
(4 244)"* 

INDUSTRY DUMMY 6 
{WHOLESALE AND RETAIL TRADE) 

0.187 
(4 112)"' 

0.183 
(4.034)*" 

0.195 
(4 206)"* 

0.192 
(4.133)'** 

0.198 
(4 249)"* 

-4.555E-02 
(-1 391) 

-0 048 
(-1,474) 

•0 100 
(-3 086)*" 

INDUSTRY DUMMY 7 
(FINANCE, INSURANCE, REAL ESTATE) 

0 263 
{3.764)*" 

0 261 
(3,755)"* 

0.254 
(3.576)*** 

0 251 
(3 533)"* 

0.277 
(3 896)*" 

0 123 
(2.742)*** 

0 120 
(2.682)"* 

0126 
(2 800)*'* 

INDUSTRY DUMMY 8 
(BUSINESS, REPAIR SERVICES) 

0.270 
(4.402)*" 

0 269 
(4 395)"* 

0.281 
(4,500)*** 

0 278 
(4 463)"' 

0 281 
(4.491)*" 

-6 109E-02 
(-1 430) 

-6 305E-02 
(-1.476) 

-0.086 
(-1.982)" 

INDUSTRY DUMMY 9 
(PERSONAL SERVICES) 

-1 978E-02 
(-191) 

-2 320E-02 
(.225) 

-5 605E-02 
(-,533) 

-5.777E-02 
{• 549) 

-3 908E-02 
(- 370) 

-0 304 
(-4 210)*" 

-0.306 
(-4 234)*" 

•0 301 
(4.151)"' 

INDUSTRY DUMMY 10 
(ENTERTAINMENT, RECREATION SERVICES) 

0.118 
(887) 

0118 
(.886) 

8 671 E-02 
(639) 

8 379E-02 
(618) 

0106 
(.778) 

-0197 
(-2.921)*" 

-0 199 
(-2 955)*" 

-0 189 
(•2 788)*" 

INDUSTRY DUMMY 11 
(PROFESSIONAL, RELATED SERVICES) 

0.200 
(3 840)'" 

0.199 
(3 824)"' 

0,188 
(3 544)*" 

0.185 
(3.485)"' 

0 198 
(3 726)*" 

-0 258 
(-7 283)*" 

-0 261 
(•7,350)"* 

-0 241 
(-6 769>*** 

NORTHEASTERN REGIONAL DUMMY 7.452E-02 
(1 894)* 

7 330E-02 
(1.867)* 

9,192E-02 
(2 298)" 

9.164E-02 
(2 292)** 

9 912E-02 
(2.468)*' 

0 100 
(4 115)*" 

0 101 
(4 135)*** 

0 109 
(4.452)'*' 

NORTH CENTRAL REGIONAL DUMMY -9 105E-02 
(-2 453)" 

-9.531 E-02 
(-2.572)*' 

-7,397E-02 
(•1 960)** 

•7 332E-02 
(-1 944)* 

•7.101E-02 
(-1 877)' 

•6 006E-02 
(-2 578>** 

-5 9346-02 
(-2 547)" 

-5 557E-02 
(-2.378)"* 

SOUTHERN REGIONAL DUMMY •0 165 
(-5,021)*" 

-0.166 
(-5.063)*" 

^3,146 
(-4 383)*'* 

•0145 
(-4.356)*" 

•0.140 
(-4.183)"* 

-5 640E-02 
(-2 575)'* 

-5 578E-02 
(-2 546)" 

-5 271 E-02 
(-2 399)** 

CITY SIZE DUMMY 
(100,000-499,999 PEOPLE) 

3 96SE-02 
(1.464) 

4 217E-02 
(1 561) 

4,839E-02 
(1 758)' 

4 890E-02 
(1.778)* 

5 633E-02 
(2 040)*' 

•2 102E-02 
(- 689) 

-2 009E-02 
(-.658) 

-1.555E-02 
(• 508) 

R''2 
adj. R''2 

rale of retum lo experience at 10 years 

0 273 
0.269 
3438 

2 916E-02 

0 276 
0 272 
3438 

3 034E-02 

0,249 
0 245 
3438 

3.451 E-02 

0 250 
0 246 
3438 

3 573E-02 

0 245 
0.241 
3438 

3.091E-02 

0,201 
0 200 
9126 

3 575E-02 

0.201 
0 200 
9126 

3.685E-02 

0 197 
0 196 
9126 

3 262E^02 

(•values are in parentheses 
'"=significanl at the 1% level for a (wo-lailed l-lest (2.576) 
"=slgnlficant at (he 5% level for a two-tailed t-test (1 96) 
'^significant at the 10% level (or a tvro-tailed t-lest (1.645) 

(1)=ACTUAL WORK EXPERIENCE is constructed from total annual work hours as contained in the family files 
(2)=ACTUAL WORK EXPERIENCE is constructed from annual work hours as contained in the individual files 
(3)=PREDICTE0 WORK EXPERIENCE is based on total annual work hours as contained in the family files assuming multiplicative measurement error 
(4)-PREDICTE0 WORK 0(PERIENCE is based on annual work hours as conlained in Ihe individual files assuming multiplicative measurement error 
(5)=P0TENTIAL WORK EXPERIENCE=age-schooling-6 
(6)=PREDICTED WORK EXPERIENCE Is based on total annual work hours as contained in the family files assuming multiplicative measurement error 
(7)=PREDICTED WORK EXPERIENCE Is based on annual work hours as conlained in the Individual files assuming multiplicative measurement error 
(8)=P0TENTIAL WORK EXPERIENCE=age-8Chooling-6 

Source of data' 1990 survey of the PSID and the IPUMS 

TABLE 4.6. Log Earnings Regressions for White Males: Heads of Household 
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DATA SOURCE: NLSY79 IPUMS2S-33 
SURVEY YEAR. 1990 1990 
DEP.VARIAB. ln(total in( »me from wages and salary) ln(wage and salary income) 

m 121 (4) IS) m m i&l 
CONSTANT 6 074 6.364 6.569 6 630 6 980 7 696 7-733 7 747 

(43,497)— (45 388)"- (37 029)-" (38,300)*" (27.605)"* (42 969)'" (44.821)'" (34.361)"' 

SCHOOLING 0108 0113 6 556E-02 8 662E-02 0.149 7.98eE-02 8 194E-02 0 139 
(14.063)"' (14,317)"- (8 852)"- (8.940)*" (12.976)'" (8 410)"' (8 646)"' (12 636)*" 

ACTUAL WORK EXPERIENCE 0.334 0 306 _ 
(14 345)'" (12 861)'" 

(ACTUAL WORK EXPERtENCEj-'Z .1.297E-02 •1.369E-02 
(-8 195)"' (-7 375)"* 

PREDICTED WORK EXPERIENCE 0 377 0.423 0 165 0.186 
(10,064)*" (10.184)'" (4 643)*** (4 927)*" 

(PREDICTED WORK EXPERlENCe)*2 •1.B46E-02 -2.461E-02 -5.322E-03 -7 390E-03 
(7 245)"' (-7 503)"* (-2 357)** (-2.661)*" 

POTENTIAL WORK EXPERIENCE 1.487E-02 -1 e53E-02 
(.560) (-954) 

(POTENTIAL WORK EXPERIENCE)'*2 -4 218E-04 1 S28E-03 
(-.332) (-1 660)-

MARRIED -0 130 -0144 •0166 •0168 -0114 -0,176 •01B9 -0.135 
(-3.696)"' (-»164>"* (-4 575)"' (-5 053)*" (-3.012)— (-4.664)*-* (-4 956)"* (-3 535)"* 

INDUSTRY DUMMY 1 3.300E-02 4 644E-02 -0.240 -0.163 •0100 •0 525 •0511 -0 608 
(AGRICULTURE, FORESTRY, FISHING) (188) (.256) (•1.243) (- 645) (- 502) (-3.136)"* (•3 044)'" (-3 575)-

INDUSTRY DUMMY 2 6.617E-02 4.327E-02 •0 115 -8.278E-02 -3 180E-02 -0,331 -0.321 -0 315 
(MINING) (264) (.138) (• 345) (- 248) (•.0922) (• 895) (• 864) (-842) 

INDUSTRY DUMMY 3 0.389 0 373 5.261E-02 9 617E-02 0.253 3 20SE-02 3 969E-02 3.0896-02 
(CONSTRUCTION) (2 665)'" (2 476)" (.328) (611) (1.529) (192) (236) (183) 

INDUSTRY DUMMY 4 0.366 0 394 0 209 0 258 Q.424 •0 133 •0 125 •0 121 
(MANUFACTURING) (4.504)"' (4 679)"' (2.294)" (2 850)*" (4 577)"* (.1 412) (•1 329) (-1 269) 

INDUSTRY DUMMY 5 0 400 0.429 0 200 0 242 0.451 -0 230 •0 224 -0 201 
(TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) (3 857)"' (4 002)'" (1 736)- (2 099)" (3 833)*" (.1 841)* (-1 791)- (•1 587) 

INDUSTRY DUMMY 6 2.713E-02 3 061E-02 -0 181 -0.137 5.715E-03 •0 651 •0.645 •0 668 
(WHOLESALE AND RETAIL TRADE) (345) (376) (-2 067)" (-1 569) (0640) (-7.195)*" (-7 122)"- (-7 294)*" 

INDUSTRY DUMMY 7 0.30S 0 342 0.161 0 225 0.442 -0 104 -9 6786-02 •6 981E^02 
(FINANCE. INSURANCE, REAL ESTATE) (3.468)'" (3 770)'" (1.636)* (2 299)'* (4 437)*" (•1 045) (- 969) (• 888) 

INDUSTRY DUMMY 8 0213 0.206 -2 428E-02 1 622E-02 0 144 -0 407 -0 404 -0 425 
(BUSINESS, REPAIR SERVICES) (2.233)" (2 112)" (-.230) (154) (t 333) (-3.630)"* (-3 594)"* (•3 737)'" 

INDUSTRY DUMMY 9 -0.364 -0 394 -0.478 -0.472 -0 562 •0 894 -0 696 -0.972 
(PERSONAL SERVICES) (-3.982)"' (•3 955)'" (-4.521)"' (.4 446)'" (-5.148)*** (-7 056)"* (•7 098)*** (-7 604)'" 

INDUSTRY DUMMY 10 -0 439 •0 455 -0 625 •0.583 •0 449 -0 574 •0.570 -0 611 
(ENTERTAINMENT, RECREATION SERVICES) (-2-615)" (-2 626)" (-3.360)"' (-3.152)"' (-2 354)** (-3 616)"* (•3 786)"* (-4 013)"* 

INDUSTRY DUMMY 11 0 162 0.185 -2 511E-02 1 210E-02 0.136 -0.417 •0418 •0.467 
(PROFESSIONAL, RELATED SERVICES) (2.382)" (2 347)" (-296) (143) (1.574) (.4.734)'" (-1 745)'" (.6.241>*" 

NORTHEASTERN REGIONAL DUMMY 4 551E-02 4 644E-02 9.623E-02 9.729E-02 3.116 7 745E-02 7 e79E-02 9.661E^02 
(.868) (657) (1.674)' (1.689)* {1.967)* (1 452) (1.476) (1 789)* 

NORTH CENTRAL REGIONAL DUMMY -0 117 -0.121 -9 162E-02 -9 137E-02 •0.100 -1 166E-02 -1.14SE.02 -4 8eiE-03 
(-2.465)" (-2,474)" (-1 756)* (-1.747)* (-1 849)' (• 220) (•215) (•.0907) 

SOUTHERN REGIONAL DUMMY -4 242E-02 -3.177E-02 2 938E-04 1 147E-03 1 231E-02 -4 517E-02 -4 S37E-02 -i.017E-02 
(-.945) (. 666) (-.00598) (0233) (-242) (• 903) (• 906) (-793) 

SMSA DUMMY 1 0.145 0162 018O 0 162 0213 0 247 0 249 0 274 
(SMSA, NOT CENTRAL CITY) (3.478)"' (3.766)'" (3 934)"* (3.951)"' (4.493)*" (5.072)*" (5.107)— (5 545)— 

SMSADUMMY 2 0.145 0161 0.192 0-193 0 222 0 227 0 226 0 243 
(SMSA, CENTRAL CITY UNKNOWN) (3 408)"' (3.656)"- (4,098)"" (4.113)- (4 592)'" (4 569)*" (4 596)*** (4.833)'** 

SMSA DUMMY 3 0 376 0.397 0 371 0 376 Q431 0 241 0 242 0.249 
(SMSA, CENTRAL CITY) (5 859)"' (5.996)"- (5 264)"' (5.318)'" (5932)"* (3.990)'" (4 005)— (4.065)*" 

R"2 0.375 0 334 0 247 0.244 0.196 0 195 0 194 0.173 
adj R'2 0 370 0 329 0.242 0 238 0 190 0 189 0.186 0.167 

2725 2725 2725 2725 2725 2865 2665 2865 
rate of return to experience at 10 years 7.491E-02 3 193E-02 7 679E-03 -6.e85E-02 6.434E-03 5.860E-02 3e61E-02 1 203E-02 

t-values are in parentheses 
'"^significant at the 1 % ievei for a two-tailed t-test (2.576) 
"=s>gnificant at the S% level for a two-tailed t-test (1.93) 
'sslgntficant at the 10% level for a two-tailed t-lest (1 645) 

(1 )=ACTUAL WORK EXPERIENCE Is constructed from hours worked per week 
(2)=ACTUAL WORK EXPERIENCE is constructed from hours worked in past calendar year 
(3)°PREDICTE0 WORK EXPERIENCE IS based on hours worked per week assuming multiplicadve measurement error 
(4)sPREDICTED WORK EXPERIENCE Is based on hours worked in past calendar year assuming mulliplicalive measurement error 
(5)=P0TENTIAL WORK EXPERIENCe=age-8chooling.6 
(6)'PREDICTED WORK EXPERIENCE is based on hours worked per week assuming multiplicative measurement error 
(7)-PREDICTED WORK EXPERIENCE IS based on hours worked m past calendar year assuming multiplicative measurement error 
(B)=POTENTIAL WORK EXPERIENCE»age-schoolins-6 

Source of data 1990 survey of We NLSY79 and the IPUMS 

TABLE 4.7. Log Earnings Regressions for White Females: Ages 25-33 
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DATA SOURCE; 
SURVEY YEAR-
DEP. VARIAB. 

SCHOOLING 

ln(income from wages and salary) 
12) H) 

6 940 
m 

6.561 6.525 7 057 
(36 434)"* (35.789)"* (35 

ACTUAL WORK EXPERIENCE 

0 105 0.108 
(9.155)*" (9.348)*" 

0.131 0.123 
(12,305)*'* (11 882)*** 

(34.500)"* (28 658)"' 

9 614E-02 
(7.483)*" 

9.724E-02 
(7 583)*" 

0 124 
(8 804)*'* 

IPUMS-HEADS 

ln(wage and salary income) 

(58.215)*" (55 298)' 

18) 
7 642 

' (52.953)"' 

0 119 0 119 0 122 
(16 133)'" (16 199)"* (15689)"' 

(ACTUAL WORK EXPERIENCE)'^2 

PREDICTED WORK EXPERIENCE 

(PREDICTED WORK EXPERieNCE)^2 

POTENTIAL WORK EXPERIENCE 

(POTENTIAL WORK EXPERIENCE)*2 

-2 7e5E-03 •2 421E-03 
(-9 142)*" (-8.421)*" 

9.146E-02 
(7.636)"* 

.1.874E-03 
(-5.204)*" 

0 112 
(7 617)*" 

-2 583E-03 
(-5.167)"* 

5 847E-02 
(5.066)"* 

-9 907E-04 
(-1 721)*" 

6.001E-02 7,422e-02 
(9 229)"' (8 981)"' 

-1.360E-03 -1 857E-03 
(-7.606)*" (•7.205)*** 

5 092E-02 
(9492)*" 

-9 843E-04 
(-8.896)'*' 

INDUSTRY DUMMY 1 0.137 0.118 -2 446E-a2 -6.639E-02 0 137 -0 558 -0 555 -0 531 
(AGRICULTURE, FORESTRY, FISHING) (.430) ( 368) (- 0707) (••193) (386) (-3 280)*" (-3 264)*" (-3.114)'" 

INDUSTRY DUMMY 2 1 117 0.952 1045 0.991 1.066 -0.112 -0 100 -2.672E-02 
(MINING) (1 951)' (1.653) {i.eao)* (1 601) (1 670)* (- 300) (-.267) (- 0715) 

INDUSTRY DUMMY 3 1 251 1 202 1.191 1.130 1 354 -0 134 -0.139 -0 132 
(CONSTRUCTION) (3 044)*" (2.909)*" (2.667)"* (2.543)** (2 956)*" (- 876) (- 909) (-,862) 

INDUSTRY DUMMY4 0 801 0,779 0.692 0 660 0871 -3.073E-02 -3 758E-02 -1 807E-02 
(MANUFACTURING) (7 148)*** (6,904)*** (5.608)*** (5 350)*" (6 988)"* (-.383) (- 468) (- 200) 

INDUSTRY DUMMY 5 0.847 0 854 0 885 0 848 1.078 5.319E-02 5 114E-02 7 983E-02 
(TRANSPORTATION, COMMUNICATIONS, OTHER PUBLIC UTILITIES) (4.614)"* (4 628)"* (4 418)"* (4 244)"* (5 297)"* (487) (468) (731) 

INDUSTRY DUMMY 6 0.338 0.348 0.206 0.174 0 343 -0 380 -0 379 -0 393 
(WHOLESALE AND RETAIL TRADE) (3.039)*** (3 102)*** (1 692)* (1 435)* (2.752)"* (-4 949)"* (-4 945)*'* (-5 121)*" 

INDUSTRY DUMMY 7 0.877 0 851 0 869 0 825 1.025 -1 286E-02 -1 431E-02 -S.616E-03 
(FINANCE, INSURANCE, REAL ESTATE) (6 067)"* (5 845)*** (5.510)*" (5 242)'" (6.365)*" (-.145) (-.161) (.0632) 

INDUSTRY DUMMY 8 0.733 0 692 0 603 0 580 0.742 -0 291 -0 287 -0,278 
(BUSINESS, REPAIR SERVICES) (3.629)*" (3 406)*" (2 746)'*' (2 655)*'* (3 294)*" (-2 835)*" (-2 800)'*' (-2 710)**' 

INDUSTRY DUMMY 9 1.925E-02 2 406E-02 -0 110 -0.129 -6 771E-02 -0 657 -0 652 -0.715 
(PERSONAL SERVICES) (-136) (.169) (-713) (-.839) (-429) (-5 976)*" (-5 933)"* (-6 517)"' 

INDUSTRY DUMMY 10 0 475 0 506 0.358 0.346 0418 -0 210 •0211 -0 193 
(ENTERTAINMENT, RECREATION SERVICES) (1.398) (1 482) (971) (943) (1 104) (-1 566) (-1 571) (-1 439) 

INDUSTRY DUMMY 11 0.636 0 640 0 561 0 536 0 726 -0 276 -0 275 -0 269 
(PROFESSIONAL, RELATED SERVICES) (6 274)"* (6 274)*** (5 000)*" (4.788)*" (6 450)"* (-3 788)*'* (-3 766)*" (-3 679)"* 

NORTHEASTERN REGIONAL DUMMY 0.181 0.181 0138 0 135 0.128 5.106E-02 4.936E-02 7 468E-02 
(1.913)* (1.896)* (1.338) (1 322) (1 215) (984) (952) (1 436) 

NORTH CENTRAL REGIONAL DUMMY S613E-03 -8 733E-03 -2.423E-02 -2.600E-02 -3 849E-02 -7 243E-02 -7 433E-02 -5 913E-02 
(0581) (- 0898) (-•231) (- 249) (- 357) (-1.403) (-1 440) (-1.143) 

SOUTHERN REGIONAL DUMMY -7 915E-03 -2.005E-04 2.207E-02 1.44ie-02 3.750E-02 -5 473E-02 -5 340E-02 -3 722E-02 
(- 0949) (- 00239) (.243) (.160) (404) (-1.148) (-1 121) (-.780) 

CITY SIZE DUMMY -1.005E-02 -1.282E-02 1.002E-02 1 550E-02 4 066E-02 8 235E-02 8 242E-02 9 154E-02 
(100,000-499,999 PEOPLE) (-.149) (-.189) (.137) (.213) (.544) (1 342) (1.344) (1 491) 

R'^2 0.460 0 454 0.362 0.369 0 331 0.185 0 186 0 184 
adj. R'^2 0 445 0 439 0 345 0 352 0312 0 180 0 181 0 179 
nobs 669 669 669 669 669 2646 2646 2646 
rate of return to expenence at 10 years 7 610E-02 7.480E-02 5 399E-02 6 001E-02 3.866E-02 3.281 E-02 3 709E-02 3 123E-02 

t-values are in parentheses 
•"=significanl at the 1% level for a two-tailed t-test (2 576) 
"•significant at the 5% level for a two-tailed t-test (1.96) 
'ssignlficani at the 10%levelfor a two-tailed t-test (1.645) 

(1 )-ACTUAL WORK EXPERIENCE is constructed from total annual worK hours as contained in the family files 
(2)=ACTUAL WORK EXPERIENCE is constructed from annual work hours as contained In the individual files 
(3)=PREDICTED WORK EXPERIENCE is based on total annual woric hours as contained in the family files assuming multiplicative measurement error 
(4)»PREDICTED WORK EXPERIENCE is based on annual work hours as contained in (ha individual files assuming multiplicative measurement error 
(S>=POTENTIAL WORK EXPERIENCE=age-8chooling-6 
(6)=PREDICTED WORK EXPERIENCE is based on total annual work hours as contained in the family files assuming multiplicative measurement error 
(7)=PREDICTE0 WORK EXPERIENCE is based on annual work hours as contained in the Individual files assuming multiplicative measurement error 
(8)=POT£NTIAL WORK EXPERIENCE»age-8choollng-6 

Source of data' 1990 survey of the PSIDand the IPUMS 

TABLE 4.8. Log Earnings Regressions for White Females; Heads of Household 
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TABLE 4.9. Absolute % Differences and Mean Absolute % Differences for Estimated 
Coefficients on Experience and Experience^ Measures for White Males 
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Appendix A 

CORRESPONDING TO CHAPTER 2 

A.l Hypotheses Tests 

In estimating (2.3) I tried three different strategies used for panel methods, namely, 

by pooled OLS, two-way fixed-effects (FE), and two-way random-effects (RE). I 

performed a series of hypotheses tests to see which method best suited the data. 

The first hypothesis I tested was, 

H o  : All the a^'s are identical and all the Ot's are identical ;  H i  :  ~  H q ,  (A.l) 

where i = 1,..., n, and indexes the drug identification number and t = 1, ...50, and is a 

time counter from January 1998 to February 2002. Thus, under the null hypothesis, 

the drug-specific effects are identical (i.e., there is only one constant term) as are the 

time-invariant ones and the model could just be estimated by pooled OLS. I tested 

the above null hypothesis by using a F-test. In all instances the test-statistic was 

larger than the critical F ®® value. This leads to an overwhelming rejection of the 

null hypothesis in favor of the alternative. 

The second hypothesis I tested was, 

H o  :  a l . ^  =  a t ;  H i  :  ' H Q ,  (A.2) 

Thus, under the null hypothesis the error terms of (2.3) are homoskedastic and the 

model could be estimated by pooled OLS. It should be noted that even if we reject 

Ho in favor of Hi, OLS still provides consistent estimates albeit inefficient because 

it did not account for the fact that the error terms are correlated over time within 

each cross-sectional unit. I was able to test the above hypothesis using a lagrange 

multiplier (LM) test based on the restricted (i.e., pooled OLS) model. Again, the 
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calculated test statistic was larger than the critical Xi'^^ value of 3.84. Again, this 

is an overwhelming rejection of the null hypothesis in favor of the alternative. 

Finally, since pooled OLS could be rejected in favor of both two-way FE and two-

way RE, I performed a Hausman test to see which model (i.e., two-way FE or two-way 

RE) was better for the data. The Hausman test tested the following hypothesis. 

H a  :  E{eb \ N U M G E N ,  X) = 0; //j : ~ H q .  { A . 3 )  

Thus, under the null hypothesis, the error term in equation (2.3) is unrelated to the 

regressors and two-way RE should be used. If Hq is correct, then both two-way RE 

and two-way FE provide consistent estimates. However, the two-way FE estimates 

are inefficient because the model does not take account of the autocorrelation within 

each cross-sectional unit. If instead Hi is correct, then the two-way FE estimates 

are consistent and the two-way RE estimates are not. Thus, we can see why many 

researchers favor two-way FE because of its continued consistency. The worst two-

way FE can be is inefficient, while two-way RE can be inconsistent. The calculated 

test statistics were always larger than the critical values. Thus, I rejected the 

null hypothesis in favor of the alternative (i.e., two-way FE). 

Similar tests and results apply for (2.4). 

A.2 Hausman Test 

Another Hausman test was used to test the endogeneity of generic entry (i.e., the 

potential correlation that exists between NUMGEN and £b) in (2.3). This test tests 

the following hypothesis, 

H q  : pHm f e  2S l s \ ^  ^ Q; ifi : " H ^ ,  (A.4) 

where are the coefficient estimates originally obtained for two-way FE and 

^ t w o - w a y  F E  2 S L S  coefficient estimates from the two-way FE 2SLS. Under H q  
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two-way FE and two-way FE 2SLS produce consistent estimates of (3 but two-way FE 

is asymptotically efficient. Thus, there is no simultaneity bias because NUMGEN 

is in fact exogenous. However, under Hi two-way FE is not consistent but two-way 

FE 2SLS is. To perform the above Hausman test I ran the following regression and 

tested for the significance of /?2, 

IV 
Pb,, =ai + at + XiNUMGENu + \2NUMGENi^ + (A.5) 

-—-where NUMGEN is the first-stage instrumental variables (IV)estimate of NUMGEN. 

If NUMGEN is significant, then generic entry is an endogenous event and two-way 

FE 2SLS is appropriate. Such instances have been noted in Section 2.5. 

Again, similar tests and results apply for (2.4). 

A.3 Drug Technical Appendix 

1. Neoral (Cyclosporine)—The lOOmg strength had the most prescriptions from 

January 1998 through February 2002. I was however not able to distinguish if this 

corresponded to the lOOmg capsule or the lOOmg/ml oral solution due to the way the 

NDC Pharmaceutical Audit Suite strengths are coded. Thus, I relegated myself to 

using the 25mg capsule which had the second highest prescription count. 

2. Hytrin (Terazosin hydrochloride)—I aggregated the 5mg capsules and tablets. 

Both are AB rated. The first generic entrant was granted six months of exclusive 

marketing. 

3. Mevacor (Lovastatin)—No such problems were encountered. 

4. Cardura (Doxazosin mesylate)—No such problems were encountered. 

5. Buspar (Buspirone hydrochloride)—I aggregated the 15mg capsules and tablets. 

The capsules have no TE code, and hence no generic competitors. However, to keep 

Buspar in the study I was forced to aggregate the expired tablets and the unexpired 

capsules due to the fact that the dosage form is not known in the NDC Pharmaceutical 

Audit Suite data. 
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6. Daypro (Oxaprozin)—No such problems were encountered. 

7. Lodine and Lodine XL (Etodolac)—I aggregated the 500mg tablets and ex

tended release tablets because the dosage form could not be determined for the gener

ics. The dosage form for the branded drug Lodine is evident however from the 

name-Lodine is the tablet and Lodine XL is the extended release tablet. 

8. Betapace (Sotalol hydrochloride and Sorine)—Sorine is a branded generic, 

and hence treated as such (i.e., as a generic). I did not aggregate across the 80mg 

Betapace and Betapace AF because Betapace AF is not TE coded, and hence has no 

generic competitors. 

9. Kerlone (Betaxolol hydrochloride)—No such problems were encountered. 

10. Vasotec (Enalapril maleate)—No such problems were encountered. 

11. Pepcid (Famotidine)—I did not aggregate the 20mg Pepcid and Pepcid RPD. 

Pepcid RPD has no TE code, and hence has not been subjected to generic entry. 

12. Procardia XL and Adalat CC (Nifedipine)—I aggregated the 30mg Procardia 

XL and the 30mg Adalat CC because I could not decipher with which branded drug 

each generic was competing. Adalat CC is TE coded ABl and Procardia XL is TE 

coded AB2. I called Teva to see which brand their Nifedipine competes with and 

a representative informed me that the company produces a version for each branded 

drug. Due to the fact that I have at least one generic that competes with both 

brands, I was forced to aggregate across the brands. 

13. Zebeta (Bisoprolol fumarate)—No such problems were encountered. 

14. Prozac (Fluoxetine)—I assumed that the 20mg version of Prozac was coded 

correctly and that it was actually the 20mg capsule and not the 20mg/5ml solution. 

Fluoxetine had both strengths coded in the NDC Pharmaceutical Audit Suite data. 

The first generic entrant was granted six months of exclusive marketing. 

15. Eulexin (Flutamide)—No such problems were encountered. 

16. Rocaltrol (Calcitriol)—No such problems were encountered 

17. Relafen (Nabumetone)—No such problems encountered. The first generic 
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entrant was granted six months of exclusive marketing. 

18. Cordarone (Admiodarone hydrochloride and Pacerone)—Pacerone is a branded 

generic and hence treated as a generic. The first generic entrant was granted six 

months of exclusive marketing. 

A.4 First-Stage Generic Entry Regression 
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Estimation Strategy: two-way FE 

Dependent Variable: NUMGEN 

(li 
Coeff. 

POSTPAT 0.092 

(2,814)*" 
[0.257] 

EXCLSIX -0.993 
(-2.861)*** 

ONE 3.548 

(8.203)*** 

Predicted Accuracy 
R2 0.941 
adj R2 0.927 
nobs. 339 

t-values are In parentheses 
**'=significant at the 1% level for a 2 tailed t-test 
**=significant at the 5% level for a 2 tailed t-test 
*=significant at the 10% level for a 2 tailed t-test 

note: drug compound and year and month 
dummies included 

Source of data: NDC Pharmaceutical Audit Suite 
and the FDA Electronic Orange Bool< 

TABLE A.l. First-Stage Generic Entry Regression 
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Appendix B 

CORRESPONDING TO CHAPTER 3 

B.l Proof of FF s a  >  FaF s  

dlnF{S, A) Fs 

as ~ T 
^ dr FF s a  -  F sFa  

dA ~ F2 

FFs a  >  FaFs -

> 0 

B.2 Bera and Jarque Test 

The Bera and Jarque (1981, 1982) test tests for departures from normahty. The 

hypothesis we test is. 

Hq-. Ui^ N{0,a\)] Hi : Ui N{Q,al). (B.l) 

This test is based on the fact that a normally distributed error would be symmetric 

(i.e., its third moment or its skewness equals zero) and mesokurtic (i.e., its fourth 

moment or its kurtosis equals three). The standard measure of a distribution's 

symmetry is its skewness coefficient, 

E{ul) 

and the kurtosis is, 

= 

bo = 

(a2)3/2' 

Eiut) 
(a 2 \ 2  

The test statistic is based on a Wald test 

W = N h (62 — 3)2 

6 24 xl 

(B.2) 

(B.3) 

(B.4) 
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Performing this test on the residuals that result from (3.15), we get a test statistic 

of .176 which is less than the critical value of 3.84. We can accept the null 

hypothesis and conclude that our errors are normally distributed^ 

B.3 NLSY79 Technical Appendix 

1. The interviewer established the respondent's sex and race. An interviewer 

only asked a respondent for his/her sex if it was not obvious by mere observation. 

Furthermore, the "white" classification was established via the interviewer remarks. 

The three choices available for race are white, black, and other. When the main data 

files were merged with files from the work history supplements, it was done according 

to the sex/race classifications as designated in the main files by the interviewer. 

2. The family size is inclusive of the respondent and reflects his 1979 answers. 

Ideally we would have liked to use the respondent's family size when he was 14 years 

old (this is how the Duncan Indices are established). However, due to the fact that 

a large percentage of our respondents were between 18 and 22 years in the first year 

of the survey, it is reasonable to expect that many of them lived on their own and 

no longer took account of their family members when answering this question. We 

tried to construct a better measure by using information on a respondent's number 

of siblings in 1979 and with whom he resided (i.e., parental units) when he was 14 

years old. The data provided by the NLSY79 for the number of siblings seems pretty 

unreasonable as it ranges from zero to 16. Most of the respondents report between 

zero and five siblings, but there is a large number who report between six and eleven 

siblings. Thus, when we calculate a respondent's family size based on these measures 

we get an average of 5.8 people, which is highly unlikely. We are left using the 1979 

figures as reported by NLSY79 and concede that an average family size of 4.0 seems 

^Greene [35] warns that a failure to reject normality does not necessarily confirm it. He states 
that the Bera and Jarque test merely tests the symmetry and kurtosis of the underlying error 
distribution. 
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a bit high as well. 

3. There are several other IQ scores available, but the Otis-Lennon Mental Ability 

Test was chosen because it had the most respondents. 

4. The Knowledge of the World of Work (KWW) test was administered in 1979 

and asks the respondents to pick which of three statements best describes a particular 

job's duties. An overall score is calculated by assigning a value of "1" to a correct 

response and summing these for the nine questions. 

5. The Department of Defense conducted the Armed Forces Qualifications Test 

(AFQT) in 1980 to get a measure of trainability. The AFQT score is a composite 

scored derived from select sections of the Armed Services Vocational Aptitude Battery 

(ASVAB) test. The AFQT80 was calculated by summing the raw scores from the 

arithmetic reasoning, word knowledge, paragraph comprehension, and one half the 

numerical operations scores. The NLSY79 User's Guide notes that the norms for the 

AFQT are based on people who are at least 17 years old. Hence, those individuals 

born in 1963 or 1964 were not used in this construction. They warn that while scores 

have been constructed for these younger respondents, they have not been adjusted 

to reflect their ages. But, the relative rankings of ability are maintained for all 

respondents, regardless of their birth year. 

6. The enrollment status as of May 1 for a given survey year was used because it 

had the most observations available. 

7. The NLSY79 reports these income variables for the past year. Hence, when 

conducting the wage regressions for 1985 we use the total income from wages and 

salary in the past year as reported in 1986. 

8. The construction of the prior work experience inherently assumes that people's 

work experience in 1978 was similar to that measured in 1979. 

9. There were two people in our sample who were 16 years old in 1979 and 

reported 12 years of schooling completed. There were five others who were 17 years 

old in 1979 and again reported having finished 12 years of school. All seven people 
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reported positive hours worked in 1979. Since our method of calculating prior work 

experience would yield negative numbers for these individuals, we imposed a zero 

value instead. This may underestimate these individuals prior work experience but 

since this was so rare, we did not believe any serious bias would result. 

10. For all the variables, except the hours worked, we left non-responses as missing 

values. Observations with missing values were omitted from the analysis. However, 

when considering the hours worked for a given year, we imputed a zero value for 

anyone who did not respond to the question for whatever reason. The justification 

for this is two-fold. First, we did not want a cumulative effect of missing observations. 

So for example, if a respondent did not know how many hours he worked in 1980 but 

did work 1,000 hours in 1981, we still wanted to consider him in our 1981 regressions. 

Imposing a missing value for his 1980 hours worked would have eliminated him from 

any future year analyses. Second, it seemed reasonable to assign a value of zero 

rather than a missing value because the potential existed for the inapplicability of 

this question for the respondent. This could be due to a person being unemployed 

but actively searching for employment, entirely out of the labor force, in school, etc. 

Thus any potential bias from this would be in the downward direction. 

11. It was suggested that we randomly select samples of 157 observations from 

each work experience cohort and re-run (3.15) to get more comparable measures of 

the "goodness of fit" criterion. Initially this sounded like a reasonable idea. Since 

the 14-year work experience cohort corresponded to the smallest sample size (i.e., 157 

observations), we would just randomly resample from each of the previous cohorts and 

see if the "overtaking" cohort did in fact change. However, upon greater reflection 

we realized that the actual implementation of such an idea would involve an almost 

prohibitively large number of regressions to run. Consider for example, how many 

unique samples of 157 individuals would come from say the five-year work experience 

cohort of 1356 respondents! Moreover, it would be erroneous to use just one sample 

of 157 respondents from each work experience cohort to see if the "overtaking" cohort 
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changed based on the new selection criterion. 

12. The occupational dummies used as instruments for AFQT include the follow

ing: 1) professional, technical, and kindred workers; 2) managers and administrators, 

except farm; 3) sales workers; 4) clerical and unskilled workers; 5) craftsmen and 

kindred workers; 6) operatives, except transport; 7) transport equipment operatives; 

8) laborers, except farm; 9) farmers and farm managers; 10) farm laborers and farm 

foremen; 11) service workers, excluding private household; and 12) private household 

workers. 
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Appendix C 

CORRESPONDING TO CHAPTER 4 

= {X* + v) - z e  

=  x *  +  z e  + u- z{z'z)-^z'v 

= x* + ze + u- z{z'z)-^z'{ze + u) 

= x* + ze + u-ze + z{z'z)~^z'u 

= X* + u- z{z'zy^z'u 

= X* + [IN - z{z'z)-^z'\u 

= X* + Mzu. 

C.l Proof 

X* = {X- v) (C.l) 

C.2 Proof 

X* = X* + Mzu, 

X*T* = X*'X* + X*'MZU + uMzX* + U 'MZU,  

X* X* = X*'X*+ uMzX*, 

(C.2) 

(C.3) 

(C.4) 

and 
/ 

X* £ = X*'€ + e'z'e + ue - v Z{Z'Z)'^'Z'e. (C.5) 
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{plimN-^X* X*) = {plimN-^X*'X*) + {plimN-^X*'Mzu)+ (C.6) 

{plimN~^u'MzX*) + {plimN~^u Mzu) 

= '^X'X* + 0 + 0 + lim [A^"V^(iV - Kz)], 
iV—>00 

= ̂X'X' + 

where Kz refers to the number of variables in Z. 

{plimN-^T* X*) = {plimN-^X*'X*) + {pUmN-^u MzX*) (C.7) 

= ^X'X* + 0 

= S 
X ' X " -

{plimN ^X* e) = {plimN ^X*'e) + d'{plimN ^Z's) + {plimN ^u'e) (C.8) 

— {plimN~^v Z){plimN~^Z Z)"^ {plimN~^Z'e) 

= O + 0'(O) + O-E,ZE2^'(O) 

= 0. 

Thus, 

pliml3 — {plimN~^X* X*){plimN''^X* X*)P+ (C.9) 

{plimN~^X* X*){plimN''^X* s) 

— (^X'X* + ^^X*X*P + (EjsfX* + 0"D~HO) 

= (X'X*x* + crt^'^'^X'X'P-

C.3 Proof 

X X* = X* X*+ e'z X*+ ux\ (c.io) 

x'x = + x*'ze + x*'u + e'z'x* + uX* + e'z'ze + e'z'u+ (c.ii) 

u ze + u u, 
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X'e = X*'£ + e'z'e + ue. (C.12) 

(plimN-^X'X*) = {plimN-^X*' X*) + 9'{plimN-^Z'X*)+ (C.13) 

{plimN~^u X*) 

— ^X'X' + G Tizx' + 0 

= '^X'X* + 0 '^ZX'-

{plimN-^X'X) = {plimN-^X*'X*) + {plimN'^X*' Z)e+ (C.14) 

{plimN X*' u) + O' {plimN Z' X*)+ 

{plimN~^u X*) + d' {plimNZ'Z)9+ 

O' {plimNZ'u) + {plimN~^u Z)0+ 

{plimN~^u u) 

= Sx-x- + ̂ X'Z^ + 0 + 0 Szx* +0 + 0 E2Z0+ 

0 (0) + (0)0 + 

= ^x*x* + ^x*z9 + 0 ^zx' + 0 S22'0 + a^. 

{plimN~^X'e) — {plimN~^X*'e) + O'{plimNZ'e) + {plimN~^u e) (C.15) 

= O + 0'(O) + O 

= 0. 
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Thus, 

plim^ = {plimN-^X' X)-^{plimN-^X' X*)I3+ (C.16) 

(plimN^^ X' X)~^ {plimN~^ X' e) 

= + ̂ x*zO + & ^zx' + G + (7^)"^ 

(Sx'X" + 0 'Szx')P+ 

C^X'X* + ̂ x'zG + G T,zx* + 0 ^zzG + c''u)~^(0) 

= (Sx'jss:* + TiX'zd + 6 Y^zx* + 6 ^zzO + <^u)~^ 

(SX*X* + d '^ZX')P-

C.4 Proof 

plim0-P) = [(Sx-x- + crl)~^T,x'X'/3] - P (C.17) 

= (Sx-X* + cr^) ~ + <7^)]/? 

= -(Sjsf.jf + 

plim{P — p) = {'^x*x* + '^x*zG + 0 "^zx* + 0 ^zzG + (C.18) 

(Sx'x- + d '^zx*)P — P 

= (£jt*x» + ̂ x*zd + 9 Szx* + 0 T,zz6 + 

+ 0 ^zx-) — (J^x'x- + ̂ X'zG + 0 + 0 '^zzQ + <7^)]/? 

= + ̂ x*z9 + 9 Yjzx* + 9 Tizz0 + 

{e'j:zx' + 0'i:zz0 + al)p. 
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