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ABSTRACT

This review of data problems in econometrics has been prepared for

the Handbook of Econometries (Vol. 3, Chap. 25, forthcoming). It starts

with a review of the ambivalent relationship between data and econometri-
cians, emphasizing the largely second-hand nature of economic data and the
consequences that flow from the distance between econometricians as users
of data and its producers. Section II describes the major types of eco-
nomic data while Section III reviews some of the problems that arise
in trying to use such data to estimate model parameters and to test eco-
nomic theories. Section IV reviews the classical errors in variables model
and its applicability to micro-data, especially panel data. Section V
discusses missing data models and methods and illustrates them with an
empirical example. Section VI focuses on the problem of estimating models
in the absence of a full histéry, suggests a possible range of solutions,
and provides again an empirical example: using a short panel to investigate
the weights to be used in constructing a correct "capital" measure. The
chapter closes (Section VII) with some final remarks on the existential
problem of econometrics: life with imperfect data and inadequate theories,.

Zvi Griliches

National Bureau of

Economic Research

1050 Massachusetts Ave.
Cambridge, MA. 02138



Zvi Griliches Handbook of Econometrics

Volume III, Chapter 25
Revised July 1984

DATA PROBLEMS IN ECONOMETRICS

Table of Contents

I. Introduction: Data and Econometricians -- The Uneasy Alliance

ITI. Economic Data: An Overview

III. Data and Their Discontents

IV. Random Measurement Errors and The Classic EVM

V. Missing Observations and Incomplete Data

VI. Missing Variables and Incomplete Models
VII. Final Remarks

References

Tables

12

19

35

51

70

75

86



Handbook of Econometrics
Volume III, Chapter 25

Revised July 1984

DATA PROBLEMS IN ECONOMETRICS*

Zvi Griliches

I. Introduction Data and Econometricians -- The Uneasy Alliance

Then the officers of the children of Israel came and cried
unto Pharaoh, saying, Wherefore dealest thou thus with
thy servants?

There is no straw given unto thy servants, and they say
to us, Make brick: and behold thy servants are beaten;
but the fault is in thine own people.

But he said, Ye are idle, ye are idle: Therefore ye say,
Let us go and do sacrifice to the Lord.

Go therefore now, and work; for there shall no straw be

given you, yet shall ye deliver the tale of bricks.

Exodus 5, 15-18

Econometricians have an ambivalent attitude towards economic data.
At one level, the "data" are the world that we want to explain, the basic
facts that economists purport to elucidate. At the other level, they are
the source of all our trouble. Their imperfection makes our job difficult
and often impossible. Many a question remains unresolved because of
"multicollinearity" or other sins of the data. We tend to forget that
these imperfections are what gives us our legitimacy in the first palce.
If the data were perfect, collected from well designed randomized experi-

ments, there would be hardly room for a separate field of econometrics.

*I am indebted to the National Science Foundation (SOC78-04279 and PRA81-08635)
for their support of my work on this range of topics, to John Bound, Bronwyn
Hall, J.A. Hausman, and Ariel Pakes for research collaboration and many discus-
sions, and to E. Berndt, F.M. Fisher, R.M. Hauser, M. Intriligator, S. Kuznets,
J. Medoff, and R. Vernon for comments on an earlier draft.



Given that it is the "badness' of the data that provides us with our living,
perhaps it is not all that surprising that we have shown little interest in
improving it, in getting involved in the grubby task of designing and collec-
ting original data sets of our own. Most of our work is on "found" data,
data that have been collected by somebody else, often for quite different
purposes.

Economic data collection started primarily as a byproduct of other
governmental activities: tax and customs collections. Early on, interest
" was expressed in prices and levels of production of major commodities.
Besides tax records, population counts, and price surveys, the earliest
large scale data collection efforts were various Censuses, family expenditure
surveys, and farm cost and production surveys. By the middle 1940s the
overall economic data pattern was set: governments were collecting various
quantity and price series on a continuous basis, with the primary purpose
of producing aggregate level indicators such as price indexes and
national income accounts series, supplemented by periodic surveys of popula-
tion numbers and production and expenditure patterns to be used primarily in
updating the various aggregate series. Little microdata was published or
accessible, except in some specific sub-areas, such as agricultural economics.

A pattern was aiso set in the way fhe data were collected and by
whom they were analyzed.1 With a few notable exceptions, such as France
and Norway, and until quite recently, econometricians were not to be found
inside the various statistical agencies, and especially not in the sections

that were responsible for data collection. Thus, there grew up a separation

1'See Kuznets (1971) and Morgenstern (1950) for earlier expressions of similar
opinions. Morgenstern's Cassandra like voice is still very much worth listening
to on this range of topics. -



of roles and responsibility. "They" collect the data and '"they" are respon-
sible for all of their imperfections. "We" try to do the best with what we
get, to find the grain of relevant information in all the chaff. Because of
this, we lead a somewhat remote existence from the underlying facts we are
trying to explain. We did not observe them directly; we did not design the
measurement instruments; and, often we know little about what is really going
on (e.g., when we estimate a production function for the cement industry from
Census data without ever having been inside a cement plant). In this we
differ quite a bit from other sciences (including observational ones rather
than experimental) such as archeology, astrophysics, biology, or even psychology
where the "facts" tend to be recorded by the professionals themselves, or by
others who have been trained by and are supervised by those who will be doing
the final data analysis. Economic data tend to be éollected (or often more
correctly "reported") by firms and persons who are not professional observers
and who do not have any stake in the correctness and precision of the obser-
vations they report. While economists have increased their use of surveys
in recent years and even designed and commissioned a few special purpose ones
of their own, in general, the data collection and thus the responsibility for
the quality of the collected material is still largely delegated to census
bureaus, survey research centers, and similar institutitions, and is divorced
from the direct supervision and responsibility of the analyzing team.

It is only relatively recently, with the initiation of the negative
income tax experiments and various longitudinal surveys intended to follow
up the effects of different governmental programs, that econometric pro-
- fessionals had actually become involved in the primary data collection process.

Once attempted, the job turned out to be much more difficult that was thought



originally, and taught us some humility.2 Even with relatively large budgets,
it was not easy to figure out how to ask the right question and to collect
relevant answers. In part this is because the world is much more complicated
than even some of our more elaborate models allow for, and partly because
economists tend to formulate their theories in non-testable terms, using
variables for which it is very hard to find empirical counterparts. For
example, even with a large budget, it is difficult to think of the right series
of questions, answers to which would yield an unequivocal number for the level
of "human capital" or»"permanent income" of an individual. Thinking about
such "alibi-removing" questions should make us a bit more humble, restrain
our continuing attacks on the various official data producing agencies, and
push us towards formulating theories with more regérd to what is oﬁservable
and what kind of data may be available.

Even allowing for such reservations there has been much progress over
the years as a result of the enormous increase in the quantity of data available
to us, in our ability to manipulate them, and in our understanding of their limita-
tions. Especially noteworthy have been the development of various longitudinal
microdata sets (such as the Michigan PSID tapes, the Ohio State NLS surveys,
the Wisconsin high school class follow-up study, and others)? the computer-
ization of the more standard data bases and their more easy accessibility at
the micro, individual response level (I have in mind here such developments
as the Public Use Samples from the U.S. Population Census and the Current
Population Surveys).4 Unfortunately, much more progress has been made with

labor force and income type data, where the samples are large, than in the

2, See Hausman and Wise (1983).
3. See Borus (1982) for a recent survey of longitudinal data sets.

4, This survey is, perforce, centered on U.S. data and experience, which is
what I am most familar with. The overall developments, however, have followed
similar patterns in most other countries.



availability of firm and other market transaction data. We are still in

our infancy as far as our ability to interrogate and get reasonable answers
about firm behavior is concerned. Most of the available microdata at the
firm level are based on legally required responses to questioné from various
regulatory agencies who do not have our interests exactly in mind.

We do have, however, now a number of extensive longitudinal micro-
data sets which have opened a host of new possibilities for analysis and
also raised a whole range of new issues and concerns. After a decade or
more of studies that try to use such data, the results have been somewhat
disappointing. We, as econometricians, have learned a great deal from these
efforts and developed whole new subfields of expertise, such as sample
selection bias and panel data analysis. We know much more about these kinds
of data and their limitations but it is not clear that we know much more or
more precisely about the roots and modes of economic behavior that under-
lie them.

The encounters between econometricians and data are frustrating and
ultimately unsatisfactory both because econometricians want too much from
the data and hence tend to be disappointed by the answers and because the
data are incomplete and imperfect. 1In part it is our fault, the appetite
grows with eating. As we get larger‘saﬁples, we keep adding variables and
expanding our models, until on the margin, we are back with the same in-
significance levels.

There are at least three interrelated and overlapping causes of our
difficulties: (1) the theory (model) is incomplete or incorrect; (2) the
units are wrong, either at too high a level of aggregation or with no way of

allowing for the heterogeneity of responses; and, (3) the data are inaccurate on



their own terms, incorrect relative to what they purport to measure. The
average applied study has to struggle with all three possibilities.

At the macro level and even in the usual industry level study, it is
common to assume away the underlying heterogeneity of the individual actors
and analyze the data within the framework of thé "representative'" firm or
"average" individual, ignoring the aggregation difficulties associated with
such concepts. In analyzing microdata, it is much more difficult to evade
this issue and hence much attention is paid to various individual "effects"
‘and "heterogeneity" issues. This is wherein the promise of longitudinal
data lies —- their ability to control and allow for additive individual
effects. On the other hand, as is the case in most other aspects of economics,
there is no such thing as a free lunch: going down to the individual level
exacerbates both some of the left out variables problems and the importance
of errors in measurement. Variables such as age, land quality, or the occupa-
tional structure of an enterprise, are much less variable in the aggregate.
Ignqring them at the micro level can be quite costly, however. Similarly,
measurement errors which tend to cancel out when averaged over thousands or
even millions of respondents, loom much larger when the individual is the

unit of analysis.

It is possible, of course, to take ah alternative view: that there are
no data problems only model problems in econometrics (see Hendry, 1983). For
any set of data there is the "right" model. Much of econometrics is devoted to
procedures which try to assess whether a particular model is "right" in this
sense and to criteria for deciding when a particular model fits and is "correct
enough" (see Chapter 5 and the literature cited in Hendry). Theorists'and model

builders often proceed, however, on the assumption that ideal data will



be available and define variables which are unlikely to be observable, at
least not in their pure form. Nor do they specify in adequate detail the
connection between the actual numbers and their theoretical counterparts.
Hence, when a contradition arises it is then possible to argue "so much worse
for the facts." 1In practice one cannot expect theories to be specified to

the last detail nor the data to be perfect or of the same quality in different
contexts. Thus any serious data analysis has to consider at least two data
generation components: the economic behavior model describing the stimulus-
response behavior of the economic actors and the measurement model, describing
how and when this behavior was recorded and summarized. While it is usual

to focus our attention on the former, a complete analysis must consider them
both.‘

In this chapter, I discuss a number of issués which arise in the
encounter between the econometrician and egonomic data. Since they permeate
much of econometrics, there will be quite a bit of overlap with some of the
other chapters in the Handbook. The emphasis here, however, will be more
on the problems that are posed by the various aspects of economic data than
on the specific technological solutions to them.

After a brief review of the major classes of economic data and the
problems that are associated with using and interpreting them, I shall focus
on issues that are associated with using erroneous or partially missing

data, discuss several empirical examples, and close with a few final remarks.



II. Economic Data: An Overview
Data: fr. Latin, plural of datum -- given.

Observation: fr. Latin observare -- to guard, watch.

It is possible to classify economic data along several different
dimensions: (a) Substantive: Prices, Quantities, Commodity Statistics,
Population Statistics, Banking Statistics, etc. (b) Objective versus
Subjective: Prices .versus expectations about them, actual wages versus
self reported opinions about well being; (c) Type and periodicity: Time
series versus cross-sections; monthly, quarterly, or énnual; (d) Level of
aggregation: Individuals, families, or firns(microj, and districts, states,
industries, sectors, or whole countries (macro); (e) Level of fabrication:
primary, secondary, or tertiary; (f) Quality: Extent, reliability and

validity.

As noted earlier, the bulk of economic data is collected and produced
by various governmental bodies, often as a by-product of their other activi-
ties. Roughly speaking, there are two major types of economic data: aggre-
gate time series on prices and quantities at the commodity, industry, or
country level, and periodic surveys with much more individual detail. 1In
recent years, as various data bases becamé computerized, ecopomic analysts
have gained access to the underlying microdata, especially where the govern-—
mental reports are based on periodic survey results. This has led to a
great flowering of econometric work on various microdata sets including
longitudinal panels.

The level of aggregation dimension and the micro-macro dichotomy are

are not exactly the same. In fact, much of the "micro" data is already



aggregated. The typical U.S. firm is often an amalgam of several enterprisés
and some of the larger ones may exceed in size some of the smaller countries
or states. Similarly, consumer surveys often report family expenditure or
income data which have been aggregated over a number of individual family
members. Annual income and total consumption numbers are also the result

of aggregation over more detailed time periods, such as months or weeks, and
over a more detailed commodity and sources of income classification. The
issues that arise from the mismatch between the level of aggregation at
which the theoretical model is defined and expected to be valid and the level
of aggregation of the available data have not really received the attention
they deserve (see Chapters 20 and 30 for more discussion and some specific
examples).

The level of fabrication dimension refers to the '"closeness" of the
data to the actual phenomenon being measured. Even though they may be sub-
ject to various biases and errors, one may still think of reports of hours
worked during last week by a particular individual in a survey or the closing
price of a specific common stock on the New York Stock Exchange on December 31
as primary observations. These are the basic units of information about the
behavior of economic actors and the information available to them (though in-
dividuals are also affected by the macro information that they receive). They
are the units in which most of our microtheories are denominated. Most of our
data are not of this sort, however. They have usually already undergone several
levels of processing or fabrication. For example, the official estimate of
total corn production in the State of Iowa in a particular year is not the
result of direct measurement but the outcome of a rather complicated process

of blending sample information on physical yields, reports on grain
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shipments to and from elevators, benchmark census data from previous years,
and a variety of informal Bayés—like smoothing procedures to yield the final
official "estimate" for the state as a whole. The final results, in this
case, are probably quite satisfactory for the uses they are put to, but the
procedure for creating them is rarely described in full detail and is un-
likely to be replicable. This is even more true at the aggregated level
of national income accounts and other similar data bases, where the link
between the original primary observations and the final aggregate numbers
is quite tenuous and often mysterious.

I do not want to imply that the aggregate numbers are in some sense
worse than the primary ones. Often they are better. Errors may be reduced
by aggregation and the informal and formal smoothing procedures may be based
on correct prior information and result in a more reliable final result.
What needs to be remembered is that the final published results can be affected
by the properties of the data generating mechanism, by the procedures used to
collect and process the data. For example, some of the time series properties
of the major published economic series may be the consequence of the smoothing
techniques used in their construction rather than a reflection of the under-
lying economic reality. (This was brought forceable home to me many years ago while
collecting unpublished data on the diffusion of hybrid corn at the USDA when I
came across a circularinstructiﬁg the state agricultural statisticians: "When in
doubt -- use a growth curve.) Some series may fluctuate because of fluctuations
in the data generating institutions themselves. For example, the total number
of patents granted by the U.S. Patent Office in a particular year depends

rather strongly on the total number of patent examiners available to do the
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job. For budgetary and other reasons, their number has gone through several
cycles, inducing concomitant cycles in the actual number of patents granted.
This last example brings up the point that while particular numbers may be
indeed correct as far as they go, they do not really mean what we though they
did.

Such considerations lead one to consider the rather amorphous notion 6f
data "quality." Ultimately, quality cannot be defined independently of the
intended use for the particular data set. In practice, however, data are
used for multiple purposes and thus it makes some sense to indicate some
general notions of data quality. Earlier I listed extent, reliability, and
validity as the three major dimensions along which one may just the quality
of different data sets. Extent is a synonym for richness: How many variables
are present, what interesting questions had been asked, howmanyyears and how
many firms or individuals were covered? Reliability is actually a technical
term in psychometrics, reflecting the notion of replicability and measuring
the relative amount of random measurement error in the data by the correlation
coefficient between replicated or related measurements of the same phenomenon.
Note that a measurement may be highly reliable in the sense that it is a
very good measure of whatever it measures, but still be the wrong measure
for our particular purposes.

This brings us to the notion of validity which can be subdivided in
turn into representativeness and relevance. I shall come back to the issue
of how representative is a body of data when we discuss issues of missing
and incomplete data. It will suffice to note here that it contains the
technical notion of coverage: did all units in the relevant universe have
the same (or alternatively, different but known and adjusted for) probability

of being selected into the sample that underlies this particular data set?
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Coverage and relevance are related concepts which shade over into issues

that arise from the use of "proxy" variables in econometrics. The validity
and relevance questions related less to the issue of whether a particular
measure is a good (unbiased) estimate of the associated population parameter
and more to whether it actually corresponds to the conceptual variable of
interest. Thus one may have a good measure of current prices which are still
a rather poor indicator of the currently expected future price and relatively
extensive and well measured IQ test scores which may still be a poor measure

of the kind of "ability" that is rewarded in the labor market.

IIT. Data and Their Discontents.

My father would never eat "cutlets'" (minced meat patties)
in the o0l1d country. He would not eat them in restaurants
because he didn't know what they were made of and he wouldn't

eat them at home because he did.

AN OLD FAMILY STORY

I will be able to touch only a few of the many serious practical and
conceptual problems that arise when one tries to use the various economic
data sets. Many of these issues have been discussed at length in the national
income and growth measurement literature but are not usually brought up in
standard econometrics courses or included in their curriculum. Among the
many official and semi-official data base reviews one should mention especially
the Creamer GNP Improvement report (U.S. Department of Commerce, 1979), the
Rees committee report on productivity measurement (National Académy of Sciences,

1979), the Stigler committee (National Bureau of Economic Research, 1961)
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and the Ruggles (Council on Wage and Price Stability, 1977) reports on price
statistics, The Gordon (President's Committee to Appraise Employment Statis-
tics, 1962), and the Levitan (National Committee on Employment and Unemployment
Statistics, 1979) committee reports on the measurement of employment and un-
employment, and the many continuous and illuminating discussions reported inthe
proceedings volumes of the Conference on Research in Income and Wealth,
especially in volumes 19, 20, 22, 25, 34, 38, 45, 47, and 48 (National Bureau
of Economic Research, 1957 ... 1983). All these references deal almost ex-
clusively with U.S. data, where the debates and reviews have been more exten-
sive and public, but are also relevant for similar data elsewhere.

At the national income accounts level there are serious definitional
problems about the borders of economic activity (e.g., home production and
the investment value of children) and the distinction between final and inter-
mediate consumption activity (e.g., what fraction of education and health
expenditures can be thought of as final rather than intermediate ''goods" or
"bads?"). There are also difficult measurement problems associated with the
existence of the underground economy and poor coverage of some of the major
service sectors. The major serious problem ffom the econometric point of
view probably occurs in the measurement of "real'output, GNP or industry
output in "constant prices," and the associated growth measures. Since most
of the output measures are derived by dividing ("deflating'") current value
totals by some price index, the quality of these measures is intimately con-
nected to the quality of the available price data. Because of this, it is
impossible to treat errors of measurement at the aggregate level as being
independent across price and "quantity" measures.

The available price data, even when they are a good indicator of what
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they purport to measure, may still be inadequate for the task of deflation.

For productivity comparisons and for production function estimation the observed
prices are supposed to reflect the relevant marginal costs and revenues in a,

at least temvorary, competitive equilibrium.” But this 1s unlikely to be the
case in sectors where output or prices are controlled, regulated, subsidized,
and sold under various multi-part tariffs. Because the price data are

usually based on the pricing of a few selected items in particular markets,

they may not correspond well to the average realized price for the industry

as a whole during a particular time period, both because "easily priced"

items may not be representative of the average price movements in the industry
as a whole and because of the fact that many transactions are made with a lag,
based on long term contracts. There are also problems associated with getting
accurate transactions prices (Kruskal and Telser, 1960 and Stigler and Kindahl,
1970), but the major difficulty arises from getting comparable prices over tire,
from the continued change in the available set of commodities, the "quality
change" problem.

"Quality change" is actﬁally a special version of the more general
comparability problem, the possilility that similarly named items are not really
similar, either across time or individuals. In many cases the source of
similarly sounding items is quite different: Employment data may be collected
from plants (establishments), companies, or households; In each case the
answer to the same question may have a different meaning. Unemployment data
may be reported by a teenager directly or by his mother, whose views about it
may both differ and be wrong. The wording of the question defining unemployment
may have changed over time and so should also the interpretation of the reported
statistic. The contextin which a question is asked, its position within a

series of questions on a survey, and the willingness to answer some of the
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questions may all be changing over time making it difficult to maintain
the assumption that the reported numbers in fact relate to the same under-
lying phenomenon over time or across individuals and cultures.

The common notion of quality change relates to the fact that many com-
modities are changing over time and that often it is impossible to construct
appropriate pricing comparisons because the same varieties are not available
at different times and in different places. Conceptually one might be able
to get around this problem by assuming that the many different varieties of
a commodity differ only along a smaller number of relevant dimensions (charac-
terisitics, specifications), estimate the price-characteristics relationship
econometrically and use the resulting estimates to impute a price to the missing

model or variety in the relevant comparison period. This approach, pioneered
by Waugh (1928) and Court (1936) and revived by Griliches (1961) has become
known as the '"hedonic" approach to price measurement. The data requirements
for the application of this type of an approach are quite severe and there are
very few official price indexes which incorporate it into their comnstruction
procedures. Actually,it has been used much more widely in labor economics

and in the analyses of real estate values than in the construction of price
deflator indexes. See Griliches (1971), Gordon (1983), Rosen (1974) and
Triplett (1975) for expositions, discussions, and examples of this kind of

an approach to price measurement.

While the emergence of this approach has sensitized both the producers
and the}consumers of price data to this problem and contributed to significant
improvements in data collection and processing procedures over time, it is fair
to note that much still remains to be done. In the U.S. GNP deflation pro-

cedures, the price of computers has been kept constant since the early 1960s,

for lack of an agreement of what to do about it, resulting in a significant
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underestimate in the growth of real GNP during the last two decades. Similarly,
for lack of a more appropriate price index, aircraft purchases have been de-
flated by an equally weighted index of gasoline engine, metal door, and
telephone prices.5 One could go on adding to this gallery of horror stories
but the main point to be made here is not that a particular price index is
biased in one or another direction. Rather, the point is that one cannot

take a particular published price index series and interpret it as measuring
adequately the underlying notion of a price change for a well specified,
unchanging, commodity or service being transacted under identical conditions
and terms in different time periods. The particular time series may indeed

be quite a good measure of it, or at least better than the available alterna-
tives, but each case requires a serious examination whether the actual pro-
cedures used to generate the series do lead to a variable that is close enough
to the concept envisioned by the model to be estimated or by the theory under
test. If not, one needs to append to the model an equation connecting the
available measured variable to the desired but not actually observed correct

version of this wvariable.

The issues discussed above affect also the construction and use of
various "capital" measures in production function studies and productivity
growth analyses. Besides the usual aggregation issues connected with the
"existence" of an unambigous capital concept (see Diewert 1980 and Fisher 1969
on fhis) the available measures suffer from potential quality change problems,
since they are usually based on some cumulated function of past investment
expenditures deflated by some combination of available price indexes. 1In

addition, they are also based on rather arbitrary assumptions about the

For a recent review and reconstruction of the price indexes for durable pro-
ducer goods see Gordon's (1983) forthcoming monograph.
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pattern of survival of machines over time and the time pattern of deteriora-
tion in the flow of their services. The available information on the reason-
ableness of such assumptions is very sparse, ancient, and flimsy. In some
contexts 1t is possible to estimate the appropriate patterns from the data
rather than impose them a priori. We shall explore an example of this kind
of an approach below.

Similar issues arise also in the measurement of labor inputs and
associated variables: hours of work, unemployment, and wage rates; both at
the macro and micro levels. At the macro level the questions revolve about
the appropriate weighting to be given to different types of labor: young-old,
male-female, black-white, educated vs. uneducated, and so forth. The direct
answer here as elsewhere is that they should be weighted by their appropriate
marginal prices but whether the observed prices actually reflect correctly
the underlying differences in their respective marginal productivities is
one of the more hotly debated topics in labor economics. (See Griliches 1970
on the education distinction and Medoff and Abraham 1980 on the age distinc-
tion). Connected to this is also the difficultyof getting relevant labor
prices. Most of the usual data sources report or are based on data on average
annual, weekly, or hourly earnings which do not represent adequately either
the marginal cost of a particular lébor hour to the employer or the marginal
return to a worker from the additional hour of work. Both are affected by
the existence of overtime premia, fringe benefits, training costs, and trans-
portation costs. Only recently has an employment cost index been developed
in the United States. (See Triplett 1983 on this range of issues.) From
an individual workers point of view the existence of non-proportional tax

schedules introduces another source of discrepancy between the observed wage
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rates and the unobserved marginal after tax net returns from working (see
Hausman, 1982,for a more detailed discussion).

While the conceptual discrepancy between the desired concepts and the
available measures dominates at the macro level the more mundéne topics of
errors of measurement and missing and incomplete data come to the fore at
the micro, individual survey level. This topic is the subject of the next

section.
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IV. Random measurement errors and the classic EVM.
To disavow an error is to invent retroactively.
Goethe

While many of the macro series may be also subject to errors, the
errors in them rarely fit into the framework of the classical érrors—in—
variables model (EVM) as it has been developed in econometrics (see Chapter
23 for a detailed exposition). They are more likely to be systematic énd
correlated over time.6 Micro data are subject to at least three types of

' and fit this framework much better:

discrepancies, "errors,'

(a) Transcription, transmission, or recording error, where a correct
response is recorded incorrectly either because of clerical error (number
transposition, skipping a line or a column) or because the observer misunder-
stood or misheard the original response.

(b) Response or sampling error, where the correct underlying value
could be ascertained by a more extensive sampling, but the actual observed
value is not equal to the desired underlying population parameter. For
example, an IQ test is based on a sample of responses to a selected number of
questions. In principle, the mean of a large number of tests over a wide
range of questions would converge to some mean level of "ability" associated
with the range of subjects being tested. Similarly, the simple permanent
income hypothesis would assert that reported income in any particular year
is a random draw from a potential population of such incomes whose mean. is
"permanent income." This is the case where the observed variable is a direct
but fallible indicator of the underlying relevant "unobservable," "latent"

"factor" or variable (see Chapter 23 and Griliches, 1974, for more discussion

of such concepts).

6 .

~Yor an "error analysis" of national income account data based on the discrep-
ancies between preliminary and "final" estimates see Cole (1969), Young (1974),
and Haitovsky (1972). For an earlier more detailed evaluation based on subjec-
tive estimates of the differential quality of the various "ingredients" (series)
of such accounts see Kuznets (1954, chapter 12).
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(c) When one is lacking a direct measure of the desired concept and a

"proxy" variable is used instead. For example, consider a model which re-

quires a measure of permanent income and a sample which has no income measures

at all but does have data on the estimated market value of the family residence.
This housing value may be related to the underlying permanent income concept,

but not clearly so. First, it may not be in the same units, second it may

be affected by other variables also, such as house prices and family size,

and third there may be 'random" discrepancies related to unmeasured locational
factors and events that occurred at purchase time. While these kinds of "indicator"
variables do not fit strictly into the classical EVM framework, their variances,

for example, need not exceed the variance of the true "unobservable,'" they
can be fitted into this framework and treated with the same methods.

There are two classes of cases which do not really fit this framework:
Occasionally one encounters large trénscription and recording errors. Also,
sometimes the data may be contaminated by a small number of cases arising from
a very different behavioral model and/or stochastic process. Sometimes, these
can be caught and dealt with by relatively simple data editing procedures.

If this kind of problem is suspected, it is best to turn to the use of some
version of the "robust estimation" methods discussed in Chapter 11 . “Here
we will be dealing with the more common general errors~in-measurement problem,

one that is likely to affect a large fraction of our observations.

The other case that does not fit our framework is where the true concept,

the unobservable is distributed randomly relative to the measure we have. For
example, it is clear that the "number of years of school completed" (S) is an

erronecus measure of true "education” (E), but it is more likely that the
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discrepancy between the two concepts is independent of S rather than E. I.e.,
the "error" of ignoring differences in the quality of schooling may be independent
of the measured years of schooling but is clearly a component of the true measure

of E. Similarly, if we use the forecast of some model, based on past data, to

predict the expectations of economic actors, we clearly commit an error, but
this error is independent of the forecast level (if this forecast is optimal
and the actors have had access to the same information). This type of
"error" does not induce a bias in the estimated coefficients and can be in-
corporated into the standard disturbance framework (See Berkson 1950).

The standard EVM assumes the existence of a true relationship

y= o+ Bz + e,

(4.1)
the absence of direct observations on z, and the availability of a
fallible measure of it
X =2z + ¢ (4.2)

where € 1is a purely random i.i.d. measurement error, with E¢ = 0, and
no correlation with either 2z or y. This is quite a restrictive set of
assumptions, especially the assumption of the errors not being correlated
with anything else in the model including their own past values. But it
turns out to be very useful in many contexts and not too far off for a
variety of micro data sets. I wili discuss the evidence for the existence
of such errors further on, when we turn to consider briefly various proposed
solutions to the estimation problem in such models, but the required assumptions
are not' more difficult than those made inthe standard linear regression model
which requires that the "disturbance" e, the model discrepancy, be uncor-
related with all the included explanatory variables.

It may be worthwhile, at this point, to summarize the main conclusions

fxom the EVM for the standard OLS estimates in contexts where one has ignored
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the presence of such errors. Estimating

y=a + bx + u (4.3)

where the true model is the one given above yields - BA

as the assymptotic bias of the OLS g, where A =0 2/ox2 is a‘measure

of the relative amount of measurement error in the observed x series. The
basic conclusion is that the OLS slope estimate is biased towards zero, while the
constant term is biased away from zero. Since, in this model one can treat y and
x symmetrically, it can be shown (Schultz 1938, Frisch 1934, Klepper and Leamer

1983) that in the "other regression,'" the regression of x on y, the slope

coefficient is also biased towards zero, implying a "bracketing' theorem
. < .
plim byx B < 1/plim bxy (4.4)

These results generalize also to the multivariate case. In the case of two
independent variables (xl and xz), where only one(xl) is subject to error,

the coefficient of the other variable (the one not subject to errors of
measurement) is also biased (unless the two variables are uncorrelated). That

is, if the true model is

v =0+ Blzl + 82x2 +e (4.5)
xl = z1 + €
then
, _ - _ _A2
pllm(byxl.x2 _ 81) Bl A (1-p%) (4.6)

where o) is the correlation between the two observed variables X and

and if we scale the variables so that o 2 _ o] 2 . 1, then

X
2° )
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plim(b - B.)

Y, X 2 P lel(l - 02) 4.7)
1l

- p [bias Bl]

That is, the bias in the coefficient of the erroneous variable is "transmitted"

to the other coefficients, with an opposite sign (provided, as is often the

case, that p > 0), (see Griliches and Ringstad, 1971, Appendix C, and Fisher

1980 for the derivation of this and related formulae).
If more than one independent variable is subject to error, the formulae

become more complicated, but the basic pattern persists. If both =z and

1
= = L
z, are unobserved and xl zy + gl, x2 22 + 22’ where the e's are
independent (of each other) errors of measurement, and we have normalized
the variables so that o 2 _ o} 2 . 1, then
X b4
1 2
plim(b_. ., - B,) = - B A /(1-p2) + B, A, o/ (1-02) (4.8)
yl-2 1 171 2 72 .
lel B2)‘2
--2S0- 0
1-p "1

with a similar symmetric formula for plim b Thus, in the multi-

y2:1 °
variate case, the bias is increased by the factor l/(1—p2), the reduction
in the independent variance of the true signal due to its intercorrelation
with the other variable(s), and attenuated by the fact that the particular

variable compensates somewhat for the downward bias in the other coefficients

caused by the errors in the other variables. Overall, there is still a bias

towards zero. For example, in this case the sum of the estimated coefficients

" is always biased towards zero:
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pLm(byy , + by 1) = (B+8)I=[BA) + B, 2,1/ (1+0) (4.9)
It {5 a declining function of p , for p > 0, which is reasonable it we
remember that P 1is defined as the intercorrelation between the observed
x's. The higher it is, the smaller must be the role of independent measurement
errors in these variables.

The impact of errors in variables on the estimated coefficients can

be magnified by some transformations. For example, consider a quadratic

equation in the unobserved true =z:

2
y= a+ Bz + vz + e (4.10)
with the observed

x =2z + &,
substituted instead.

If both 2z and € are normally distributed, it can be shown (Griliches and

Ringstad, 1970) that

B(1-2) (4.11)

plim b

while

plim ¢ Y(l—)\)2

where ﬁ and ¢ are the estimated OLS coéfficients in the y = a + bx +cx2 + u
equation. That is, higher order terms of the equation are even more affected
by errors in measurement than lower order ones.

The impact of errors in the levels of the variables may be reduced
by aggregation and aggravated by differencing. For example, in the simple

model y=0+Bz+ e, x =2z + g, the asymptotic bias in the OLS byx
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is equal to - BA, while the bias of the first differenced estimator

[yt - Veq T b(xt—xt_l) + vt] is equal to - BA/(1-p) where p now stands
for the first order serial correlation of the x's, and can be much higher than
in levels (for p > 0 and not too small). Similarly, computing

"within" estimates in panel data, or differencing across brothers or twins

in micro data, can result in the elimination of much of the relevant variance
in the observed x's, and a great magnification of the noise to signal ratio

in such variables. (See Griliches, 1979, for additional exposition and
examples.)

In some cases, errors in different variables cannot be assumed to be
independent of each other. To the extent that the form of the dependence is
known, one can derive similar formulae for these more complicated cases. The
simplest and commonest example occurs when a variable is divided by another ‘er-
roneous variable. For example, 'wage rates' are often computed as the ratio of
payroll to total man hours. To the extent that hours are measured with a
multiplicative error, so will be also the resulting wage rates (but with opposite
sign). In such contexts, the biases of (say) the estimated wage coefficient in
a log-linear labor demand function will be towards -1 rather than zero.

The story is similar, though the algebra gets a bit more complicated,
if the z's arecategoricalor‘zero-one variables. In this case the errors arise
from misclassification and the variance of the erroneously observed x need
not be higher than the variance of the true 2z. Bias formulae for such cases
are presented in Aigner (1973) and Freeman (1984).

How does one deal with errors of measurement? As is well known, the
standard EVM is not identified without the introduction of additional information,
either in the form of additional data (replication and/or instrumental variables)

or additional assumptions.
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Procedures for estimation with known A's are outlined in Chapter 23.
Occasionally we have access to "replicated" data, when the same question is
asked on different occasions or from different observers, allowing us to
estimate the variance of the "true' variable from the covariance between the
different measures of the same concept. This type of an approach has been
used in economics by Bowles (1972) and Borus and Nestel (1973) in adjusting
estimates of parental background by comparing the reports of different family
members about the same concept, and by Freeman (1984) on a union membership
variable, based on a comparison of worker and employer reports.

Combined with a modelling approach it has been pursued vigorously.

and successfully in sociology in the works of Bielby, Hauser, and Featherman
(1977), Massagli and Hauser (1983), and Mare and Mason (1980). While there are
difficulties with assumiﬁg a similar error variance @n different occasions or for
different observers, sgch assumptions can be relaxed within the framework of a
larger model. This is indeed the most promising approach, one that brings in
additional independent evidence about the actual magnitude of such errors.

Almost all other approaches can be thought of as finding a reasonable
set of instrumental variables for the problem, varidles that are likely to be
correlated with the true underlying =z, but not with either the measurement
error € or the equation error (disturbance) e. One of the earlier and
simpler applications of this approach was made by Griliches and Mason (1972)
in estimating an earnings functionand worrying about errors in their ability

measure (AFQT test scores). In a '"true" equation of the form

y=0a+RBs+ ya+ dx +e (4.12)

where y = log wages, s = schooling, a = ability, and x = other variables,

they substituted an observed test score t for the unobserved ability variable
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and assumed that it was measured with random error: t = a + &. They used
then a set of background variables (parental status, regions of origin) as
instrumental variables, the crucial assumption being that these background
variables did not belong in this equation on their own accord. Chamberlain
and Griiiches (1975 and 1977) used "purged" information from the siblings
of the respondents as instruments to identify their models (see also
Chamberlain, 1971).

Varous "grouping" methods of estimation, which use city averages
(Friedman, 1957), industry averages (Pakes 1983), or size class averages
(Griliches and Ringstad 1971), to "cancel out" the errors, can be all inter-
preted as using the classification framework.as a set of instrumental dummy
variables which are assumed to be correlated with differences in the underlying
true values and uncorrelated with the random measurement errors or the
transitory fluctuatioms.

The more complete MIMIC type models (Multiple indicators - multiple
causes models, see Hauser and Goldberger, 1971) are basically full information
versions of the instrumental variables approaches, with an attempt to gain
efficiency by specifying the complete system in greater detail and estimating
jointly. In the Griliches-Mason example, such a model would consist of the

following set of equations:

a= x&l + g

a+¢e (4.13)

T
[

s = x&z + Yla +v

«
{

= Bs + Y,2 + @

Qhouping methods that do not use an "outside" grouping criterion but are
based on grouping on x alone (or using its ranks as instruments) are not
in general consistent and need not reduce the EV induced bias. (See
Pakes (1982)). |
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" factor, and the "unique"

where a 1is an unobserved "ability
disturbances g, e, v, and € are assumed all to be mutually uncorrelated.
With enough distinct x's and 61 # 62 , this model is estimable either by

instrumental variable methods or maximum likelihood methods. The maximum

likelihood ve¥sions are equivalent to estimating the associated reduced form

system:
t = xél + g+ €
s = x(8,+Y,8) + g+ v (4.14)
y = x[6, + (v;B+y,)8;1 + (y;B + v,)g + Bv + e

imposing the non-linear parameter restrictions across the equations and
retrieving additional information about them from the variance-covariance
matrix of the residuals, given the no-correlation assumption about the E€'s,
g's, v's, and e's. It is possible, for example, to retrieve an estimate of

B + YZ/Yl from the variance-covariance matrix and pool it with the estimates
derived from the reduced form slope coefficients. In larger, more over-
identified models, there are more/binding restrictions connecting the variance-
covariance matrix of the residuals with the slope parameter estimates. Cham-
berlain and Griliches (1975) used an expanded version of this type of model
with sibling data, assuming that the unobserved ability variable has a variance-
components structure. Aasness (1983) uses a similar framework and consumer
expenditures survey data to estimate Engel functions and the undb served dié—

tribution of total consumption.

All of these methods rely on two key assumptions: (1) The original
model y = & + Rz + e is correct for all dimensions of the data. I.e., the
B parameter is stable and (2) The unobserved errors are uncorrelated in some well

specified known dimension,” In cross—sectional data it is common to assume that
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the =z's (the "true" values) and the ¢'s (the measurement errors) are based

on mutually independent draws from a particular population. It is not possible
to maintain this assumption when one moves to time series data or to panel

data (which are a cross-section of time series), at least as far as the z's
are concerned. Identification must hinge then on known differences in the
covariance generating functions of the z's and the €'s. The simplest case
is when the €'s can be taken as whiéev(i.e., uncorrelated over time) while
the 2z's are not. Lagged x's then can be used as valid instruments to
identify B. For example, the "contrast" estimator suggested by Karnai and
Weisman (1974) which combines the differentially biased level (plim b = B-BA)

and first difference estimators (plim b, = B-BA/(1-p)) to derive consistent

A
estimators for B8 and A, can be shown, for stationary x and y, to be
equivalent (asymptotically) to the use of lagged x's as instruments.

While it may be difficult to maintain the hypothesis that errors of
measurement are entirely white, there are many different interesting cases
which still allow the identification of B. Such is the case if the errors
can be thought of as a combination of a "permanent" error or misperception of
or by individuals and a random independent over time error component. The
first part can be encompassed in the usual "correlated" or "fixed" effects
framework with the "within" measurement errors being white after all. Iden-
tification can be had then from constrasting the consequences of differencing
over differing lengths of time. Different ways of differencing all sweep out

the individual effects (real or errors) and leave us with the following kinds

of bias formulae:
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. - 2,2
plim b,, = B(1 - ZOV/SlA)

(4.15)

2, 2
on = B =20 /85,

n

plim b

2 . , . .
where Ov is the variance of the independent over time component of the

e's, 1A denotes the transformation Xy"Xy while 2A indicates differ-

. 2
ences taken two periods apart: and so forth, and the s 's are the

X3—X1

respective variances of such differences in x. (4.15) can be solved to

yield:
. 2
A Wopm Wi 2 (B byp)sy, (4.16)
S2A” S1A 26

where ij is the covariance of j period differences in y and =x.
This in turn, can be shown to be equivalent to using past and future x's
as instruments for the first differences.8

More generally, if one were willing to assume that the true z's are
non-stationary, which is not unreasonable for many evolving economic series,
but the measurement errors, the e's, are stationary, then it is possible to
use panel data to identify the parameters of interest even when the measure-
ment errors are correlated over time.9 Consider, for example, the simplest ’
case of T = 2. The p:obability limit of the variance~covariance matrix

between y and x if given by:

8See Griliches and Hausman, 1984, for details, generalizations, and an
empirical example.

91 am indebted to A. Pakes for this point.
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X1 %2
2
Y1 Bs lez
2
Yy 8821 Bsz
4.17)
2 2 2
xl sl +0 s12 + po
2 2
x2 321 + po s2 + 0
where now s stands for the variances and covariances of the true z's,

th
02 is the variance of the e€'s, and p is their first order correlation
coefficient. It is obvious that if the z's are non-stationary then
(cov yi¥X, - cov yzxz)/(var x, = var xz) and (cov Y%, — cov yle)/
(cov xlx2

this approach can be extended to accomodate additional error correlations

- cov xle) yield consistent estimates of B. 1In longer panels

and the superimposition of "correlated effects" by using its first differences
analogue.

Even if the z's were stationary, it is always possible to handle the
correlated errors case provided the correlation is known. This rarely is
the case, but occasionally a problem can be put into this framework. For
example, capital measures are often subject to measurement error but these
errors cannot be taken as uncorrelated over time, since they_are cumulated
over time bylthe construction of such measures. But if one were willing to
assume that the errors occur randomly in the measurement of investment and
they are uncorrelated over time, and the weighting scheme (the depreciation
rate) used in the construction of the capital stock measure is known, then

the correlation between the errors in the stock levels is also known.
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For example, if one is interested in estimating the rate of return to

some capital concept, where the true equation is

*

= -+ .

ﬂt a+ th et (4.18)
*

T 1is a measure of profits and K 1is defined as a geometrically weighted

*
average of past true investments It :
% * *
K =1I + AK =1 +>\It + 27X + e (4.19)
* *
but we do not observe It or Kt only
x
1 = I +e¢ (4.20)

. i
where et is an i.i.d. error of measurement and the observed Kt = IA It-l
is constructed from the erroneous I series, then if A is taken as known,
which is dmplicit in most studies that use such capital measures, instead

of runningversions of (4.18) involving Kt and dealing with correlated

measurement errors we can estimate

T, - Aﬂt-l = a(1-1) + rIt + u, - Aut—l -re, (4.21)

which is now in standard EVM form, and use lagged values of I as instruments.
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Hausman and Watson (1983) use a similar approach to estimate the seasonality

v

in the unemployment series by taking advantage of the

known correlation in the measurement errors introduced by the particular
structure of the sample design in their data,
One needs to reiterate, that in these kinds of models (as is also

true for the rest of econometrics) the consistency of the final estimates
depends both on the correctness of the assumed economic model and the
correctness of the assumptions about the error structureJI)We tend to focus
here on the latter, but the former is probably more important. For example,
in Friedman's (1957 classical permanent income. consumption function model,
the estimated elasticity of consumption with respect to income is a direct
estimate of one minus the error ratio. (the ratio of the variance of transitory
income to the variance of measured income). But this conclusion is condi-
tional on having assumed that the true elasticity of consumption with respect
to permanent income is unity. If that is wrong, the first conclusion dogs not
follow. Similarly in the profit-capital stock example above, we can do
something because we have assumed that the true depreciation is both known and

geometric. All our conclusions about the amount of error in the investment

series are conditional on the correctness of these assumptions.

10The usual assumption of normality of such measurement and response errors

may not be tenable in many actual situations. See Ferber (1966) and Hamil-

ton (1981) for empirical evidence on this point.
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V. Missing Observations and Incomplete Data

This could but have happened once,
And we missed it, lost it forever.
Browning

Relative to our desires data can be and usually are incomplete in many
different ways. Statisticians tend to distinguish between three types of
"missingness'": undercoverage, unit non-response, and item non-response :(NAS,
1983). Undercoverage relates to sample design and the possibility that a
certain fraction of the relevant population was excluded from the sample by
design or accident. Unit non-response relates to the refusal of a unit
or individual to respond to a questionnaire or interview or the inability
of the interviewers to find it. Item non-response is the term associated
with the more standard notion of missing data: questions unanswered, items
not filled in, in a context of a larger survey or data collection effort.
This term is usually applied to the situation where the responses are missing
for only some fraction of the sample. If an item is missing entirely, then
we are in the more familiar omitted variables case to which I shall return
in the next section.

In this section I will concentrate on the case of partially missing
data for some of the variables of interest. This problem has a long history
in statistics and somewhat more limited history in économetrics. In

statistics, most of the discussion has dealt with the randomly missing, or

in newer terminology, ignorable case (See Rubin 1976, and Little 1982) where,

roughly speaking, the desired parameters can be estimated consistently from
the complete data subsets and "missing data' methods focus on using the rest
of the available data to improve the efficiency of such estimates.

The major problem in econometrics is not just missing data but the
possiblity (or more accurately, probability) that they are missing for a

variety of self-selection reasons. Such "behavioral missing"” implies not
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only a loss cf efficiency but also tﬁe possibility of serious bias in the
estimated coefficients of models that do not take this into account. The
recent revival of interest in econometrics in limited dependent variables
models, sample--selection, and sample self-selection problems has
provided both the théory and computational techniques for attacking this
problem. Since this range of topics is taken up in Chapter 28, I will
only allude to some of these issues as we go along. It is worth noting,
however, that this area has been pioneered by econometricians
(especially Amemiya and Heckman) with statisticians only recently beginning
to follow in their footsteps (e.g., Little 1983).

The main emphasis here will be on the no-self-selection ignorable case.
It is of some interest, because these kinds of methods are widely used,
and because it deals with the question of how one combines scraps of evidence
and what one can learn from them. Consider a simple example where the  trume
equation of interest is

y=Bx+ yz+e (5.1)

where e 1is a random term satisfying the usual OLS assumptions and the
constant has been supressed for notational ease. B and Y could be vectors
and x and 2z could be matrices, but I will think of them at first as
scalars and vectors respectively. TFor some fraction A [nz/(n1+n2)] of
our sample we are missing observations (responses) on x. Let us rearrange
the data and call the complete sample A and the incomplete sample B. Assume
that it is possible to describe the data generation mechanism by the following

model

(o9
1]

1 if g(x, z, m; 6) + € > 0
(5.2)

[= N
]

0 if g(x, z, m; B8) + € < O
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where d = 1 dimplies that the observation is in set A, it is complete;
d = 0 implies that x 4is missing, m 1is another variable(s) determining
the response or sampling mechanism, 6 is a set of parameters, and € is
a random variable, distributed independently of x, z, and m. The incomplete
data problem is ignorable if (a) € (and m) are distributed independently of
e and (b) there is no connection or restrictions between the parameters ©
and B and Yy . If these conditions hold than one can estimate B and
Yy from the complete data subset A and ignore B. Even if 6 and B and
Y are connected, if €& and e are independent, f and Y can be estimated
consistently in A but now some information is lost by ignoring the data
generation process. (See Rubin 1976 and Little 1982 for more rigorous ver-
sions of such statements.)

Note that this notionrof ignorability of the data generation mechanism

is more general than the simpler notion of randomly missing x's. It does

not require that the missing x's be similar to the observed ones. Given
the assumptions of the model (a constant £ irrespective of the level of x),

' as long as the conditional expecta-

the x's can be missing "non-randomly,'
tion of y given x does not‘depend on which x's are missing. For example,
there is nothing especially wrong if all "high" x's are missing, provided e
and x are independent over the whole range of the data.

Even though with these assumptions B and Y can be estimated consis-
tently in the A subsample there is still some more information about them
in sample B. The following questions arise then: (1) How much additiomal
information is there in sample B and about which parameters? (2) How

should the missing values of X be estimated (if at all)? What other infor-

mation can be used to improve these estimates?

T
This section borrows heavily from Griliches, Hall and Hausman (1978).
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Options include using only z, using z and y, or using z and m, where
m 1is an additional variable, related to x but not appearing itself in the
y equation.

To discuss this, it is helpful to specify an "auxiliary" equation for

x= Sz+¢m+v (5.3)
where E(v)=0 and E(ve)=0. Note that as far as this equation is concerned, the
missing data problem is one of missing the dependent variable for sub-sample
B. If the probability of being present in the sample were related to the
size of v, we would be in the non-ignorable case as far as the estimation
of & and ¢ are concerned. Assume this is not the case and let us .con-
sider at first only the simplest case of ¢ = 0, with no additional m
variables present.

One way of rewriting the model is then

Y, = Bxa + Yz, + e,

x = 86z + v (5.4)
a a a

Yy = (8+'y§)zb +e + Bvb

How one estimates B, Y, and 6 depends on what one is willing to assume about

the world that generated such data. There are two kinds of assumptions

possible: The first is a "regression' approach, which assumes -

that the parameters which are constant across different subsamples are the

slope coefficients B , Y , and & but does not impose the restriction
2

that ov and oéz are the same across all the various subsamples.

There can be heteroscedasticity across samples as long as it is independent
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from the parameters of interest. The second approach, the maximum likeli-
hood approach, would assume that conditional on z , y and x are dis-

tributed normally and the missing data are a random sample from such a

distribution. This implies that O© 2 . Oz and 62 = 0 2 .
e e v v
a b a b
The first approach starts by recognizing that under the general

assumptions of the model Sample A yields consistent estimates of B , Yy ,

and & with variance covariance matrix Za . Then a "first order" procedure,
i.e., one that estimates missing x's by =z alone and does not iterate,

is equivalent to the following: Estimate éa’ Qa’ 8a from sample

A, rewrite the y equation as

x e
a a'a . a
- / \ /
Y Basazb/ “ % + BV/

«
f
0>

<

where £ 1involves terms which are due to the discrepancy between the esti-
mated é and 8 and their true population values. Then just estimate Y
from this "completed" sample by OLS.

It is clear that this procedure results in no gain in the efficiency
of B , since éa is based solely on sample A. It is also clear that the

resulting estimate of Yy could be improved somewhat using GLS instead of

12
OLS.
How much of a gain is there in estimating Y this way? Let the

size of sample A be Nl and of B be NZ. The maximum (unattainable)

l%ee Gourieroux and Monfort (1981).
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gain in efficiency would be proportional to (N1 + Nz)/N1 (when 03 = 0).
Ignoring the contribution of ¢'s, which is unimportant in large samples,

the asymptotic variance of Yy from the sample as a whole would be

var(y_, ) = INo® + N, (0% +B2oD) 1/ ) + n,) %0
and (5.6)
~ Var ?a+b 8203
Eff(ya+b) = Tfa_ﬁ'?:)— = (1 -MDA+ 2 2 )
where 02 = 02 ; and A = NZ/(N1+ Nz). Hence efficiency will be

improved as long as 8203 / o2 <1/(1-A), i.e., the unpredictable part of
x (unpredictable from z) is not too important relative to o , the overall
noise level in the vy ”equation.13

Let us look now at a few illustrative calculations. In the work
to be discussed below, y will be the logarithm of the wage rate x :is IQ,
and z isschooling. IQ scores are missing for about one-third of the sample,
hence A = 1/3. But the "importance" of IQ in explaining wage rates is
relatively small. Its independent contribution (6203) is small relative

to the large unexplained variance in y. Typical numbers are B = .005,

o, = 12, and o = .4, implying

° _ 1 .0036, _
Eff(yatb) =2/3 [1+ 3 16 ] = .672,

13
Thus, remark 2 of Gourieroux and Monfort (1981) p. 583 is in error.. The

first order method is not always more efficient.
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which is about equal to the 2/3's one would have gotten ignoring the terms
in the brackets. Is this a big gain in efficiency? First, the efficiency
(squared) metric may be wrong. A more relevant question is by how much can
the standard error of 7Yy be reduced by incorporating sample B into the
analysis. By about 18 percent (Y .672 = .82) for these numbers. Is this
much? That depends how large the standard error of Yy was to start out
with. In Griliches, Hall and Hausman (1978) a sample consistiﬁg of

about 1,500 individuals with complete information yielded an estimate of Y, = .0641
with a standard error of .0052. Processing another 700 plus observations
could reduce this standard error to .0043, an impressive but 'rather point-
less exercise, since nothing of substance depends on knowing ¥  within
.001.

If IQ (or some other missing variable) were more important, the gain
would be even smaller. For example, if the independent contribution of
X to y were on the order of 02 , then with one-third missing,
Eff(Ya+b) ~ 8/9 , and the standard deviation of y would be reduced by only
5.7 percent. There would be no gain at all, if the missing variable was one
and a half times as important as the disturbance [or more generally if

22,2
B o,

/o” > 1/(1-M)].

The efficiéncy of such estimates can be improved a bit more by allow-
ing for the implied heteroscedesticity in these estimates and by iterating further
across the samples. This is seen most clearly by noting that sample B yields an
estimate of ® = B8 + y§ with an estimated standard error O . This
information can be blended optimally with the sample A estimates of B , Y ,

6, and I  wusing non-linear techniques. and maximum likelihood is one way of

doing this.
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If additional variables which could be used to predict x but which
do not appear on their own accord in the y- equation were available, then
there is also a possibility to improve the efficiency of the estimated B
and not just of Yy . Again, unless theée variables are very good predictors
of x and uﬁless the amount of complete data available is relatively small,
the gains in efficiency from such methods are unlikely to be impressive.
(See Griliches, Hall and Hausman 1978, and Haitovsky, 1968, for some.
illustrative calculations.)

The maximum likelihood approaches differ from the '"first-order" ones
by using also the dependent variable vy, to "predict" the missing x's,
and by imposing restrictions on equality of the relevant variances across
the samples. The latter assumption is not usually made or required by the
first order methods, but follows from the underlying likelihood assumption
that conditional on 2z, X and y are jointly normally (or some other known
distribution) distributed, and that the missing values are missing at random.
In the simple case where only one variable is missing (or several variables
are missing at exactly the same places), the joint likelihood connecting

y and x to 2z, which is based on the two equations

Bx + vz + e

<
]

(5.7)
x=06z + v

with Ee = 02, Ev2 = nz, Eev = 0 can be rewritten in terms of the marginal

distribution function of y given 2z, and the conditional distribution function

of x given y and 2z, with the corresponding equations:

y= cz+u
(5.8)

X dy + fz + w
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2
and Eu2 =g", Ew2 = hz, Ewu = 0. Given the normality assumption, this

is just another way of rewriting the same model, with the new parameters

related to the old ones by

2

Y + BS g=8n2+02

c
(5.9

Bn2/(8%n%4+0?)  f=6-cd  hZ = nie?/g?

[P
1

In this simple case the likelihood factors and one can estimate ¢ and

g2 from the complete sample; d, f, and h2 from the incomplete sample and

solve back uniquely for the original parameters B, 7Y, &, 02, and nz.

In this way all of the information available in the data is used and com-

putation is simple, since the two regressions (y on 2z in the whole sample

and x on y and 2z in the complete data portioﬁ) can be computed separately.

Note, that while x is implicitly "estimated" for the missing portion, no

actual "predicted" values of x are either computed or used in this framework.l4
Table 1 illustrates the results of such computations when estimating

a wage equation for a sample of young women from the National Longitudinal

Survey, 30 percent of which were missing IQ data. The first row of the

table gives estimates computed solely from the complete data subsample.

The second one uses the schooling variable to estimate the missing IQ

values in the incomplete portion of the data and then re-computes the

OLS estimates. The third row uses GLS, reweighting the incomplete por-

tion of the data to allow for the increased imprecision due to the estima-

tion of the missing IQ values. The last row reports the maximum likelihood

14
Marini et al (1980) describe such computations in the context of more than

one set of variables missing in a nested pattern.
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estimates. All the estimates are very close‘to each other. Pooling the samples anA
"estimating' the missing IQ values increases the efficiency of the estimated
schooling coefficient by 29 percent. Going to maximum likelihood adds another
percentage point. While these gains are impressive, substantively not much

more is learned from expanding the sample except that no special sample
selectivity problem is caused by ignoring the missing data subset. The

x; test for pooling yields the insignificant value of .8. That the samples

are roughly similar, can be also seen from computing the biased schooling
coefficient (ignoring IQ) in both matrices: It is equal to .057 (.10) in

the complete data subset and .054 in the incomplete one.

The maximum likelihood computations get more complicated when the
likelihood does not factor as neatly as it does in the simple "nested"
missing case. This happens in at least two important common cases:

(1) If the model is overidentified then there are binding constraints between
the L(ylz, 61) and -L(x[y, z, 62) pieces of the overall likelihood
function. For example, if we have an extra exogeneous variable which can
help predict x but does not appear on its own in the "structural" ¥y
equaﬁion, than there is a constraiﬁing relationship between the 81 and 92
parameters and maximum likelihood estimation will require iterating between
the two. This is also the case for multi-equation systems where, say,

x 1s itself structurally endogeneous because it 1s measured with error.

(2) 1If the pattern of "missingness" is not nested, if observations on some
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variables are missing in a number of different patterns which cannot be
arranged in a set of nested blocks, then one cannot factor the likelihood func-

tion conveniently and one must approach the problem of estimating it directly.

There are two related computational approaches to this problem:
The first is the EM algorithm (Dempster et al, 1977). This is a general
approach to maximum likelihood estimation where the problem is divided into
an iterative two-step procedure. In the E-step (estimation), the missing
values are estimated on the basis of the current parameter values of the
model (in this case starting with all the available variances and covariances)
and an M-step (maximization) in which maximum likelihood estimates of the
model parameters are computed using the "completéd" data set from the pre-
vious step. The new parameters are then used to solve again for the missing
values which are then used in turn to reestimate the model, and this
process is continued until convergence is achieved. While this procedure
is easy to program, its convergence can be slow, and there are no easily
available standard error estimates for the final results (though Beale and
Little, 1975, indicate how they might be derived).

An alternative approach, which may be more attractive to model oriented
econometricians and sociologists, given the assumption of ignorability
of the process by which the data are missing, is to
focus directly on pooling the available information from different portions
of the sample which under the assumptions of the model are independent of
each other. That 1s, the data are summarized by their relevant variance-~
covariance matrices (and means, if they are constrained by the model) and the
model is expressed in terms of constraints on the elements of such matrices.

What is done next is to "fit" the model to the observed matrices. This
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approach is based on the idea that for multivariate normal distributed random
variables the observed moment matrix is a sufficient statistic. Many models
can be written in the form ZI(6), where I 1is the true population covariance
matrix associated with the assumed multivariate normal distribution and 6

is a vector of parameters of interest. Denote the observed cov#riance

matrix as S. Maximizing the likelihood function of the data with respect

to the model parameters comes down to maximizing

o L(Z|S,0) = k -2 {tn [2®)| + er £(6) Ls} (5.10)

with respect to 6 . If 6 is exactly identified, the estimates are unique
and can be solved directly from the definitiom of I and the assumption that
S 1is a consistent estimator of it. If 6 1is overidentified, then the
maximum likelihood procedure '"fits" the model ZX(B) to the data S as best
as possible. If the observed variables are multivariate normal this estimator
is the Full Information Maximum Likelihood estimator for this mod$1. Even if
the data are not multivariate normal but follow some other distribution with
E(S]G) = L(0), This is a pseudo- or quasi-maximum likelihood estimator
yielding a consistent a . The correctness of the computed standard errors
will depend, however, on the validity of the normality assumption. Robust
standard errors for this model can be computed using the approach of White.
There is no conceptual difficulty in generalizing this to a multiple

sample situation where the resulting Zj(ej) may depend on somewhat different

parameters. As long as these matrices can be taken as arising independently,

15See Van Praag, 1983.
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their respective contributions to the likelihood functién can be added up.
and as long as the ej's have parameters in common, there is a return from
estimating them jointly. Thisvcan be done either utilizing the multiple
samples feature of LISREL-V (see Allison, 1981 and Joreskog and Sorbom, 1981)
or by extending the MOMENTS program (Hall, 1979) to the connected-multiple
matrices case. The estimation procedure combines these different matrices
and their associated pieces of the likelihood function, and then iterates
across them until a maximum if found. (See Bound, Griliches and Hall, 1984
for more exposition and examples.)

I will outline this type of approach in a somewhat more complex, multi—
equation context: the estimation of earnings functions from sibling data
while allowing for an unobserved ability measure and errors of measurement

in the variable of interest —- schooling. (See Griliches 1974 and 1979 for an

exposition of such models.) The simplest version of such a model can be written

as follows:

t=a+te (f+g) + e

1 1
s =8a+ h+ e, = S(f+g) + (ﬁ+v) + e, (5.11)
y = Ba + A(s—ez) + ey = m(f+g) + y(wiv) + eq
where t is a reported IQ-type test score, s 1is the recorded years of

school completed, and y = ln wage rate, is the logarithm of the wage rate

on the current or last job, a = (f+g) is an unobserved "ability" factor
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tunity factor (above and beyond
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h = (w-}-'v)

it), with w, "wealth," as its family component.

uncorrelated and untransmitted measurement errors.

and ™= B + Y6.

Var a = a2

T = Var f/a2,

where T and

to total variance in the a

2
9 0
2
0 %,
0 0

Var h=h

p = Var w/h2

el

That 1is

In addition, it is convenient to define

and h factors respectively.

is the individual oppor-
a and hence assumed to be orthogonal to

s are all random,

(5.12)

p are the ratios of the variance of the family components

Given these assumptions, the expected values of the variance-covariance

matrix of all the obsexved variables across both members of a sib-pair is

given by
1 % ¥ 2 ) 72
ty a2+0 Gaz ﬂaz Ta TGa2 TTa
Sl 62a2+h2+Q§ 6ﬂa2+yh2 162a2+ph2 Téﬂaz+th
2.2
y1 n2a2+y2h2+02 TW232+DY h

(5.13)
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where only the 12 distinct terms of the overall 6 x 6 matrix are shown,

since the others are derivable by symmetry and by the assumption that all

the relevant variances (conditional on a set of exogeneous variables) are

the same across sibs. With 10 unknown parameters this model would be under-

identified without sibling data. This typé of model was estimated by Bound,

Griliches and Hall (1984) using sibling data from the National Longitudinal

Surveys of Young Men and Young Women.16 They had to face, however, a very

serious missing data problem since much of the data, especially test scores,

were missing for one or both of the siblings. Data were complete for only

164 brother pairs and 151 sister pairs but additional information subject

to various patterns of "missingness' was available for 315 more male and

306 female sibling pairs and 2852 and 3398 unrelated male and female res-—

pondents respectively. Their final estimateé were based on pooling the

information from 15 different matrices for each sex

and were used to test the hypothesis that the unobserved factors are the

same for both males and females in the sense that thelr loadings (coefficients)

are - similar in the male and‘female versions of the model and that the

implied correlation between the male and female family components of these

factors was close to unity. The latter test utilized the cross-sex cross=-sib

covariances arising from the brother-sister pairs (N = 774) in these panels.
Such pooling of data reduced the estimated standard errors of the major

coefficients of interest by about 20 to 40 percent without changing the results

significantly from those found solely in the "complete data" portions of their

sample. Their major substantive conclusion was that taking out the mean

16.
The cited paper uses a more detailed 4 equation model based on an additional

"early" wage rate.



~50-

differences in wages between young males and females, one could not detect
significant differences in the impact of the unobservahles or in their
patterns between the male and female portions of thelr samples. As far as
the IQ-Schooling part of the model 1s concerned, families and the market
appeared to be treating brothers and sisters identically.

A class of similar problems occurs in the time series context:

"construction" of quarterly

missing data at some regular time intervals, the
data from annual data and data on related time series, and other "inter-
polation" type issues. Most of these can be tackled using adaptations of
the methods described above, excépt for the fact that there is usually more
information available on the missing values and it makes sense to adapt
these methods to the structure of the specific problem. A major reference

in this area is Chow and Lin (1971). More recent references are Harvey and

Pierse (1982) and Palm and Nijman (1982).
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VI. Missing Variables and Incomplete Models.
"Ask not what you can do to the data

but rather what the data can do for you."

Every econometric study is incomnlete., The stated model usually
lists only the "major" variables of interest and even then it is unlikely to
have good measures for all of the variables on the already foreshortened
list. There are several ways in which econometricians have tried to cope
with these facts of 1life: (1) Assume that the left-out components are
random, minor, and independent of all the included exogeneous variables.
This throws the problem into the "disturbance" and leaves it there, except
for possible considerations of heteroscedasticity, variance-components, and
similar adjustments, which impinge only on the efficiency of the usual
estimates and not on their consistency. In many contexts it is difficult,
however, to maintain the fiction that the left-out~variables are unrelated
to the included ones. One is pushed than into either, (2), a specification
sensitivity analysis where the &irection and magnitude of possible biases
are explored using prior information, scraps of evidence, and the standard
left-out-variable bias formulae (Griliches 1957 and Chapter 5)
or (3) ome tries to transform the data so as to minimize the impact of such
biases.

In this section, I will concentrate on this third way of coping which
has used the increasingly available panel data set to try to get around some

of these problems. Consider, then, the standard panel data set-up:
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= o+ B(i,t) X0 + yv(i,t) 2, + e e

Vit (6.1)

where Yie and x;, are the observed dependent and "independent" variables

respectively, B is the set of parameters of interest, zit represents
various possible misspecifications of the model in the form of

left out variables, and eit are the usual random shocks assumed to be well
behaved and independently distributed (at this level of generality almost
all possible deviations from this can be accommodated by redefining the z's).
Two basic assumptions are made very early on in this type of model. The
first one, that the relationship is linear, is already implicit in the way

I have written (6.1). The second one is that the major parameters of interest,

the B's, are both .stable over time and constant across individuals. TI.e.,

B(i,t) = B. (6.2

Both of these assumptions are in principle testable, but are rarely ques-
tioned in practice. Unless there is some kind of stability in B, unless
there is some interest in its central moments, it is not clear why one would
engage in estimation at all. Since the longitudinal dimension of such data
is usually quite short (2 - 10 years), it makes little sense to allow B to
change over time, unless one has a reasonably clear idea and a parsimonious
parameterization of how they change over time. (The fact that the B's are
just coefficients of a first order linear approximation to a more complicated

functional relationship and hence should change as the level of x's changes
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can be allowed for by expanding the list of x's to contain high order
terms).
The assumption that Bi = B , that all individual response are

alike (up to the additive terms, the z, which can differ across indivi-
duals), is one of the more bothersome ones. If longer time series were
available, it would be possible to estimate separate Bi's for each individual
or firm. But that is not the world we find ourselves in at the moment. Right
now there are basically three outs from this corner: (1) Assume that all dif-

ferences in the Bi's are random and uncorrelated with everything else. Then

we are in the random coefficients world (Chapter 21) and excent for the issues of

heteroscedasticity the problem goes away; (2) Specify a model for the dif-

ferences in 8. , making them depend on additional observed variables,

i
either own individual ones or higher-order macro ones (cf. Mundlak 1980).
This results in defining a number of additional "interaction" variables
within the x set. Unless there is strong prior information on how they
differ, this introduces a whole additional dimension to the "specification
search" (in Leamer's term) and is not very promising; (3) Ignore it, which
is what T shall proceed to do for the moment, focusing instead on the
heterogeneity which is implicit in the potential existence of the zi's ’

the ignored or unavailable variables in the model.

Even if (6.1) is simplified to

Yie = o + 8xit + Ytzit + eit £6.3)

B is not identified from the data in the absence of direct
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observations on z . Somehow, assumptions have to be made about the

source of the z's and their distributional properties, before i; is possible
to derive consistent estimators’of B. There are (at least) three categories
of assumptions that can be made about such z's which lead to different esti-
mation approaches in this context:

(a) The z's are random and independent of x's. This is the easy but not

too likely case. The =z's can be collapsed then into the ei's with only the
'heteroseedasticity issue remaining for the "random effects" model to solve.

(b) The z's are correlated with the x's but are constant over time and have

also constant effects on the y's. I.e.,

vz, =24 (6.4)

where we have normalized Y = 1. This is the standard "fixed" or "correlated"
effects model (see Maddala 1971, and Mundlak 1978) which has been extensively
analyzed in the recent literature. This is the case for which the panel
structure of the data provides a perfect solution. Letting each individual
have its own mean level and expressing all the data as deviations from own

means eliminates the z's and leads to the use of "Vithin" estimators:’

T V. =BGk mxy ) tey -ey, (6.5)

|

- 1 .
where i, T Z Yij¢ » etc., and yields consistent estimates of R .
: t=1



I have only two cautionary comments on this topic: As is true in

many other contexts, and as was noted earlier, solving one problem may

aggravate another, If there are two reasons for the Zieo e.g., both
"fixed"effects and errors in variables, then
z, = o, - Be, ' (6.6)

where ai is the fixed individual effect and €t is the random uncorre-
lated over time error of measurement in X e In this type of model oy
causes an upward bias in the estimated B from pooled samples while

€. results in a negative one. Going "within" not only eliminates 0Oy but
also increases the second type of bias through the reduction of the signal
to noise ratio. This is seen easiest in the simplest panel model where

T = 2 and within is equivalent to first differencing. Undifferenced, an

OLS estimate of B would yield

plim(BT - 8)=ba,x - BAT (6.7)
i

where ba is the auxiliary regression coefficient in the projection of
i
. 2 ]
the ai's on the x's, while AT== Oelci is the error variance ratio in =x.

Going "within", on the other hand would eliminate the first term and leave

us with

plim (B, -B) = -BA_ = =B A /(1-p) " (6.8)
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where P 1is the first order serial correlation coefficient of the x's.
A plausible example might have B=1, b =,2, A, =.1, and
aix T

BT =1+ .2~ .1=1.1. Now, as might not be unreasonable, if p = .67,

then Xw = .3 and Bw = ,7, which is more biased than was the case with

the original BT.

This is not an idle comment. Much of the recent work on production
function estimation using panel data (e.g., see Griliches-Mairesse, 1984)
starts out worrying about fixed effects and simultaneity bias, goes within,
and winds up with rather unsatisfactory results (implausible low coefficients).
Similarly, the rather dramatic reductions in the schooling coefficient in
earnings equations achieved by analyzing "within'" family data for MZ twinms,
is also quite likely the result of originally rather minor errors of measure-

ment in the schooling variable (see Griliches 1979 for more detail).

The other comment has to do with the unavailability of the "within"

solution if the equation is intrinsically non-linear since, for example, the
X , X -

mean of e” + € is not equal to e + € . This creates problems for models
in which the dependent variables are outcomes of various non-linear probability
processes. In special cases, it is possible to get around this problem by
conditioning arguments. Chamberlain (1980) discusses the logit case while
Hausman, Hall and G;iliches (1984) show how conditioning on the sum of outcomes

over the period as a whole converts a Poisson problem into a conditional

multinomial logit problem and allows an equivalent"within" unit analysis.
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(c) Non-constant effects. The general case here is one of a left out
variable(s) and nothing much can be done about it unless more explicit
assumptions are made a ut how the unseen variables behave and/or what their
effects are. Solutions are available for special cases, cases that make
restrictive enough assumptions on the Y(t)zit terms and their correlations

with the included x wvariables (see Hausman and Taylor, 1981).

For example, it is not too difficult to work out the relevant

algebra for

v(t)zg, =¥, "2y (6.9)

or

v(t)zy, = - Bey, ‘ (6.10)

where Ei is an i.i.d measurement error in x . The first version, equation
6.9) is one of a "fixed" common effect with a changing influence over time.
Such models have been considered by Stewart (1983) in the estimation of
earnings function, by Pakes and Griliches (1984) for the estimation of
geometric lag structures in panel data where the unseen truncation remainders
decay exponentially over time, and by Anderson and Hsiao (1982) in the con-
text of the estimation of dynamic equations with unobserved initial conditions.
The second model, equation (6.10), is the.pure EVM in the panel data context
and was discussed in Section IV. It is estimable by using lagged x's as

instruments, provided the "true" x's are correlated over time, or by grouping

methods if independent (of the errors) information is available which allows
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one to group the data into groups which differ in the underlying "true"
x's (Pakes, 1983). Identification may become problematic when the EVM is
superimposed on the stagdard fixed effects model. Estimation is still pos-
sible, in principle, by first differencing to get rid of the di's ; the
fixed effects, and then using past and future x's as instruments. (See
Griliches and Hausman, 1984.)

Some of these issues can be illustrated by considering the problem

of trying to estimate the form of a lag structure from a relatively short

panel.17 Let us define a flexible distributed lag equation

(6.11)

' veee +
+ Boxi, +Bixy g T ByXyen €it

?
=a + ] e T
T=0

where the constancy of the B8's is imposed across individuals and across time.

The empirical problem is how does one estimate, say, 9 B's if one only has

17'The following discussion borrows heavily from Pakes and Griliches (1984).
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four to five years history on the y's and x's. 1In general this is impos-
sible. If the length of the lag structure exceeds the available data, than
the data cannot be informative about the unseen tail of the lag distribution
without the imposition of stronger a priori restrictions. There are at
least two ways of doing this: (a) We can assume something strong about the
B's. For example, that they decline geometrically after a few free terms,
that BT+1 = XBT . This leads us back to the geometric lag case which we
know more or less how to handle.l8 (b) We can assume something about the un-
seen x's, that they were constant in the past (in which case we are

back to the fixed effects with changing coefficient case), or that they
follow some simple low order autoregressive process (in which case their
influence on the included x's dies out after a few terms).

Before proceeding along these lines, it is useful to recall the notion
qf the II-matrix , introdﬁéed.in Chapter 22, which summarizes all the (linear) in-
formation contained in the standard time series - cross section panel model.
This approach, due to Chamberlain (1982), starts with the set of uncon-
strained multivariate regressions, relating each yearbk Yie to all of the
available x's, past, present, and future. Consider, for example, the
case where data on y are available for only three years (T = 3) and on x's

for four. Then the II matrix consists of the coefficients in the following

set of regressions:

T, X

Y11 = Tyg¥3p t Tio¥og t 1%

11 Y "10%01 t Vas

Ya1 = Ta3*3y ¥ Top%2s * T21%1s * T20%01 t Vau (6.12)

Y34 = T33¥34 t T3oXgy + TayXyq + TapXgq + Vay

18, .
i %ee Anderspn and Hsiao (1982) and Bhargava and Sargan (1983).
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where we have ignored constants to simplify matters. Now all that we know
from our sample abqut the relationship of the y's to the x's 1is summarized
in these 7's (or equivalently in the overall correlation matrix between all
the y's and the x's), and any model that we shall want to fit willlimpose

19
a set of constraints on it.

A series of increasingly complex possible worlds can be written as:

2 Yir = Bp¥ie ¥ Br¥iear T e (6.13)
b. Yie = Bo¥ie ¥ ByXgep t Oy ey

= + 8. (x + Ax + sz + ...) + e
c- Yie = Bo¥ie 1V %ie-1 7 M tie-2 it-3 it

= + B.( + Ax + Azx + ...) +o, + e,
d. Yie T BOxit 1'¥5e-1 T M *ie-2 it-3 i it

+ e

= + . e ,

e. Yie = Bo¥ie ¥ Br¥ie-1 ¥ Bo¥ieo2 t Ba¥ie-3 ¥ BiXiy it
Xip = PXyp1 €4y

- . ceee + .

£ Yie = Bo¥ie * Bi¥ie-1 ¥ Bo¥ieo2 ¥ BaXpe 3 ByXgeogreo ooy toegy

- +
T L T T T

going from the simple one lag, no fixed effects case (a) to the arbitrary lag
Structure with the one factor correlated effects structure (f). For each of

these cases we can derive the expected value of I . It is obvious that (a) implies

19
There may be, of course, additional useful information in the separate corre-

lation matrices between all of the y's and all of the x's respectively.
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(a) = 0 0 BG Bl
0 B B O

1 /I

"By By O 0

For the b case, fixed effects with no lags, we need to define the wide
sense least squares projection (E*) of the unseen effects (04) on all

the available x's

E*(ai|x01...x3) = Sx.5 + Oyx;, + Glxil + 85%40 (6.14)

Then
() = 63 62 51+BO 60+61 '
8, 6,484 §,+8, 8o ;
L S T o,

To write down the I matrix for ¢, the geometric lag case, we rewrite
(6.11) as

Vi1 = 80xli + leOi + zy + e,

= B x.. + B.x

0%23 + By¥yg * ByAxgy + Az 4 e

21 (6.15)

2 2
Y31 = Bo¥3g 4 ByXpy * BiAxyy + Bplxp, + A7z, 4 ey

and (6.14) as
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E*(zilx) =m'x (6.16)

which gives us the 1 matrix corresponding to the geometric tail case

M) = m, m, ml+30 m0+31
s .
m, Xm2+80 Aml+81 X(m0+81)
3
L2 2 2 2
\\A m3+80 A m2+81 A m1+181 A (mo+81)

This imposes a set of non-linear constraints on the II matrix, but
is estimable with standard non-linear multivariate regression software (in
SAS or TSP). 1In this case we have seven unknown parameters to estimate
(4 m's, 2 B's, and A ) from the 12 unconstrained II coefficients.zo'

Adding fixed effects on top of this, as in d, adds another four

coefficients to be estimated and strains identification to its limit. This
‘may be feasible with longer T but the data are unlikely to distinguish

well between fixed effects and slowly changing initial effects, especially

in short panels.

20,
An alternative approach would take advantage of the geometric nature

of the lag structure, and use lagged values of the dependent variable to solve
out the unobserved zi's. Using the lagged dependent variables formulation
would introduce both an errors-in-variables problem (since yt—l proxies

for z subject to the et_1 error) and a potential simultaneity problem

due to their correlation with the ai-s (even if the a's are not correlated

with the x's). Instruments are available, however, in the form of past y's

and future x's and such a system is estimable along the lines outlined by

Bhargava and Sargan (1983).
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Perhaps a more interesting version is represented by (e), where we
are unwilling to assume an explicit form for the lag distribution since
that bappens to be exattly the question we wish to investigate, but are willing
instead to assume something restrictive about the behavior of the Xs in the
unseen past; specifically that they follow an autoregressive process of low

order. In the example sketched out, we never see X_1s X, and X_3s and

hence cannot identify 84 (or even 83) but may be able to learn something
about BO’ Bl, and 82. If the x's follow a first order autoregressive
process, than it can be shown (see Pakes and Griliches, 1984) that in the

projection of X_, on all the observed x's

* =p'x = Q- . . .
E_(x_Tlx3, Xps Xp5 xo) g'x =0 X5 + 0 X, + 0 X4 + 8T Xy (6.17)

only the last coefficient is non-zero, since the partial correlation of x_T
with all the subsequent x's is zero, given its correlation with X» If
the x's had followed a higher order autoregression, say third order, then
the last three coefficients would be non-zero. In the first order case the
Il matrix is

_ \
td A\
Y

By + B8y * Bygy * 8433\3
0 80 Bl 82 + 8381 + Bégz )

’\Bo By By Byt B /

where now only BO’ Bl and 82 are identified from the data. Estimation
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proceeds by leaving the last column of II to be free and constraining the
rest of it to yield the parameters of interest.21 If we had assumed that
the x's are AR(2), we would be able to identify only the first two B's,
and would have to leave the last two columns of I free.

The last case to be considered, represents a mixture of fixed
effects and truncated lag distributions. The algebra is somewhat tedious
(see Pakes and Griliches, 1984) and leads basically to a mixture of
the (c) and (e) case, where the fixed effects have changing coefficients
over time, since their relationship to the correlated truncation remainder

is changing over time:

— -
I () = 63 62 61-4-80 Hlo

m)34 m,8,+8 m, 6,481 Iy

my85+8y my6,+8) m,8,+8, Iy, |

where I have normalized m, = 1. The first three B's should be identified
in this model but in practice it may be rather hard to distinguish between
all these parameters, unless T is significantly larger than 3, the

underlying samples are large, and the x's gre not too collinear.

21

This is not fully efficient. If we really believe that the x's follow a low
order Markov process with stable coefficients over time (which is not necessary
for the above), then the equations for =x can be appended to this model and the

g's would be estimated jointly, constraining this column of II also.
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Following Chamberlain, the basic procedure in this type of model is
first to estimate the unconstrained version of the I matrix, derive its
correct variance-covariance matrix allowing for the heteroscedasticity in-
troduced by our having thrust those parts of the oy and z; which are
uncorrelated with the x's into the random term (using the formulae in
Chamberlain 1982, or White 1980), and then impose and test the constraints
implied by the specific version deemed relevant. |

Note that it is quite likely (in the context of longer T) that the
test will reject all the constraints at conventional significance levels.

This indicates that the underlying hypothesis of stability over time

of the relevant coefficient may not really hold. Nevertheless, one may
still use this framework to compare among several more constrained versions
of the model to see whether the data indicate, for example, that "if you
believe in a distributed lag model with fixed coefficients, then two terms
are better than one."

Some of these ideas are illustrated in the following empirical example
which considers the ubiquitous question of "capital." What is the appropri-
ate way to define it and measure it? This is, of course, an old and much
discussed question to which the theoretical answer is that in gemeral it cannot
be done in a satisfactory fashion (Fisher, 1969) and that in practice it
depends very much on the purpose at hand (Griliches, 1963). There is no
intention of reopening the whole debate here (see the various papers collected
in Usher 1980 for a review of the recent state of this topic); the focus is rather
on the much narrower question of what is the appropriate functional form for
the depreciation or deterioration function used in the construction of

conventional capital stock measures. Almost all of the data used empirically
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are constructed on the basis of conventional "length of life" assumptions
developed for accounting and tax purposes and based on very little direct
evidence on the pattern of capital services over time. These accounting
estimates are then taken to imply rather sharp declines in the service

flows of capital over time using either the straight line or double de-
clining balance depreciation formulae. Whatever independent evidence

there is on this topic comes largely from used assets markets and is heavily
contaminated by the effects of obsolescence due to technical improvements

in newer assets.

Pakés -and.Griliches (1984) provide some direct empirical evidence on
the question. 1In particular they asked: What is the time pattern of the
contribution of past investments to current profitability? What is the
shape of the '"deterioration of services with age function" (rather than the
"decline in present value" patterns)? All versions of capital stock measures

can be thought of as weighted sums of past investments:

K =12 v I (6.18)

with v differing according to the depreciation schemes used. Since
‘investments are made to yield profits and assuming that ex ante the expected
rate of return comes close to being equalized across different investments

and firms, one- -would expect that

)t e ’ (6.19)

I.= pK_ +e_=p (Z wT It_T ¢

t t t

where e, is the ex post discrepancy between expected and actual profits

assumed to be uncorrelated with the ex ante optimally chosen 1I's. Given a
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serieé on Ht and It’ in principle one could estimate all the w
parameters except for the problem that one rarely has a long enough series
to estimate them individually, expecially in the presence of rather high
multi-collinearity in the 1I's. Pakes and Griliches used panel data on
U.S. firms to get around this problem, which greatly increases the avail-
able degrees of freedom. But even then, the available panel data are
rather short in the time dimension (at least relatively to the expected
length of life of manufacturing capital) and hence some of the methods

described above have to be used.

They used data on the gross profits of 258 U.S. manufacturi#g
firms for the nine years 1964-72 and their gross investment (deflated) for
11 years 1961-71. Profits were deflated by an overall index of the average
gross rate of return (1972 = 100) taken from Feldstein and Summers (1977)
and all the observations were weighted inversely to the sum of investment
over the whole 1961-71 period to adjust roughly for the great heteroscedas-
ticity in this sample. Model (6.13f) of the previous section was used. That
is, they tried to estimate as many unconstrained w terms as possible
asking whether these coefficients in fact decline as rapidly as is
assumed by the standard depreciation formulae. To identify the model, it
was assumed that in the unobserved past the I's followed an autoregressive
process. Preliminary calculations indicated that it was adequate to assume
a third order autoregression for I. Since they had also an accounting
measure of capital stock as of the beginning of 1961, it could be used as
an additional indicator of the unseen past I's. The possibility that more

profitable firms may also invest more was allowed for by including individual
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firm effects in the model and allowing them to be correlated with the 1I's
and the initial K 1level. The resulting set of multivariate regressions
with non-linear constraints on coefficients and a free covariance matrix

was estimated using the LISREL~V program of Joreskog and Sorbom (1981).

Before their results are examined a major reservation should be noted
about this model and the approach used. It assumes a fixed and common lag
structure (deterioration function) across both different time periods and
different firms which is far from being realistic. This does not differ,
however, from the common use of accounting or constructed capital measures
to compute and compare ''rates of return" across projects, firﬁs, or industries.
The way "capital" measures are commonly used in industrial organization,
production function, finance, and other studies implicitly assumes that

there is a stable relationship between earnings (gross or net) and past

investments; that firms or industries differ only by a factor of propor-
tionality in the yield on these investments, with the time shape of these
yields being the same across firms and implicit in the assumed depreciation
formula. The intent of the Pakes-Griliches study was to question only the
basic shape of this formula rather than try to unravel the whole tangle at once.
Their main results are presented in Table 2 and can be summarized quickly.
There is no evidence that the contribution of past investments to current
profits declines rapidly as is implied by the usual straight line or declining
balance depreciation formula. If anything, they rise during the first three
years! Introducing the 1961 stock as an additional indicator improves
the estimates of the later w's and indicates no noticeable ‘decline
in the contibution of past investments during theilr first seven years.

Compared against a single traditional capital stock measure (column 3), this



-69-

model does a significantly better job of explaining the variance of profits
across firms and time. But it does not come close to doing as well as the
estimates that correspond to the free Il matrix, implying that such lag
structures may not be stable across time and/or firms. Nevertheless, it is
clear that the usual depreciation schemes which assume that the contribution
of past investments declines rapidly and immediately with age are quite
wrong. If anything, there may be an "appreciation'" in the early years as

22
investments are completed, shaken down, and adjusted to.

22

‘For a methodologically related study see Hall, Griliches and Hausman (1983)

which tried to figure out whether there is a significant "tail" to the patents
as a function of past R&D expenditures lag structure.



VII. Final Remarks
The dogs bark but the caravan keeps moving.

A Russian proverb

Over 30 years ago Morgenstern (1950) -asked whether economic
. data were accurate enough for the purposes that economists
and econometricians were using them for. He raised serious doubts about
the quality of many economic series and implicitly about the basis for the
whole econometrics enterprise. Years have passed and there has been very
little coherent response to his criticisms.

There are basically four responses to his criticism
and each has some merit: (1) The data are not that bad. (2) The data are
lousy but it does not matter. (3) The data are bad but we have learned
how to live with them and adjust for their foibles. (4) That is all there is.
It is the only game in town and we have to make the best of it.

There clearly has been great progress both in the quality and quantity
of the available economic
data. In the U.S. much of the agricultural statistical data cbllection has
shifted from judgment surveys to probability based survey sampling. The
commodity coverage in the various official price indexes has been greatly
expanded and much more attention is being paid to quality change and other
comparability issues. Decades of criticisms and scrutiny of official
statistics have borne some fruit. Also, some of the aggregate statistics
have now much more extensive micro-data underpinnings. It is now routine,

in the U.S., to collect large periodic labor force activity and related
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topics surveys and release the basic micro-data for detailed analysis with
relatively short lags. But both the improvements in and the expansion of
our data bases have not really disposed of the questions raised by Morgen-—
stern. As new data appear, as new data collection methods are developed,
the question of accuracy persists. While quality of some of the '"central
data has improved, it is easy to replicate some of Morgenstern's horror
stories even today. For example, in 1982 the U.S. trade deficit with Canada
was either $12.8 or $7.9 billion depending on whether this number came from
U.S. or Canadian publications. It is also clear that the national income

statistics for some of the LDC's are more political than economic documents

n

J

(Vernon, 1983).2

Morgenstern did not distinguish adequately between levels and rates
of change. Many large discrepancies represent definitional differences and
studies that are mostly interested in the movements in such series may be
able to evade much of this problem. The tradition in econometrics of
allowing for "constants" in most relationships and not over-interpreting
them, allows implicitly for permanent "errors" in the levels of the various
series. It is also the case that in much of economic analysis one ié after
relatively crude first order effects and these may be rather insensitive
even to significant inaccuracies in the data. While this may be an adequate
response with respect to much of the standard especially macro — economic
analysis, it seems inadequate when we contemplate some of the more recent
elaborate non-linear multirequational models being estimated at the fronmtier
of the subject. They are much more likely to be sensitive to errors and

inconsistencies in the data.

2

gee also Prakash (1974) for a collection of confidence shattering comparisons
of measures of industrial growth and trade for various developing countries
based on different sources.
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In the recent decade there has been a revival of interest in "error"
models in econometrics, though the progress in sociology on this topic
seems more impressive. Recent studies using micro-data from labor force
surveys, negative-tax experiments and similar data sources exhibit . much more
sensitivity to measurement error and sample selectivity problems. Even
in the macro area there has been some progress (see de Leeuw and McKelvey,
1983) and the "rational expectations'" wave has made researchers more aware
of the'discrepancy between observed data and the underlying forces that
are presumably affecting behavior. All of this has yet to make a major
dent on econometric textbooks and econometric teaching but there are signs
that change is coming. 24 It is more visible in the areas of discrete wvariable
analysis and sample selectivity issues, (e.g., note the publication of the
Maddala (1983) and Manski-McFadden (1981) monographs) than in the errors of
measurement area per se, but the increased attention that is devoted to data

provenance in these contexts is likely to spill over into a more general data

"aware" attitude.

2%heil (1978) devotes five pages out of 425 to this range of problems. Chow
(1983) devotes only six pages out of 400 to this topic directly, but does
return to it implicitly in the discussion of rational expectations models.
Dhrymes (1974) does not mention it explicitly at all, though some of it is
implicit in his discussion of factor analysis. Dhryvmes (1978):doés devote about
25 pages out of 500 to this topic. Maddala (1977) and Malinvaud (1980)
devote separate chapters to the EVM, though in both cases these chapters
represent a detour from the rest of the book. The most extensive textbook
treatment of the EVM and related topics appears in a chapter in Judge et

al (1980). The only book that has some explicit-discussion of economic data
is Intriligator (1978). Except for the Sampie selection literature there is
rarely any discussion of the processes that generate economic data and the

resultant implications for econometric practice.
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One of the reasons why Morgenstern's accusations were brushed off was
that they came from "outside" and did not seem sensitive to the real diffi-
culties of data collection and data generation. In most contexts the data
are imperfect not by design but because that is all there is. Empirical
economists have over generations adopted the attitude that having bad data
is better than having no data at all, that their task is to learn as much as
is possible about how the world works from the unquestionably lousy data at
hand. While it is useful to alert users to their various imperfections and
pitfalls, the available economic statistics are our main window on economic
behavior. In spite of the scratches and the persistent fogging, we can not
stop peering through it and trying to understand what is happening to us and
to our environment, nor should we. The problematic quality of economic data
presents a continuing challenge to econometricians. It should not cause us
to despair, but we should not forget it either.

In this somewhat disjointed survey, I discussed first some of the long
standing problems that arise in the encounter between the practicing econo-
metrician and the data available to him. I then turned to the consideration
of three data related topics in econometrics: errors of measurement, missing
observations and incomplete data sets, and missing variables. The last topic
overlapped somewhat with the chapter on panel analysis (Chapter 22 ), since
longitudinal data provide us with one way of controlling for missing but
relatively constant information on individuals and firms. It is difficult
to shake off the impression that here also, the progress of econometric
theory and computing ability is outracing the increased availability of data
and our understanding and ability to model economic behavior in increasing
detail. While we tend to look at the newly available data as adding degrees

of freedom grist to our computer mills, the increased detail often raises
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more questions than it answers. Particularly striking is the great variety
of responses and differences in behavior across firms and individuals.
Specifying additional distributions of unseen parameters rarely adds sub-
stance to the analysis. What is needed is a better understanding of the
behavior of individuals, better theories and more and different variables.
Unfortunately, standard economic theory deals with "representative" indivi-
duals and "big" questions and does not provide much help in explaining the
production or hiring behavior of a particular plant at a particular time,
at least mot with the help of the available variables. Given that our
theories, while couched in micro-language, are not truly micro-oriented,
perhaps we should not be asking such questions. Then what are we doing with
micro-data? We should be using the newly available data sets to help us
find out what is actually going on in the economy and in the sectors that
we are analyzing without trying to force our puny models on them.25 The real
challenge is to try to stay open, to learn from the data, but also, at the
same time, not drown in the individual detail. We have to keep looking for

the forest among all these trees.

25
An important issue not discussed in this chapter is the testing of models

which 1s a way of staying open and allowing the data to reject our stories
about them. There is a wide range of possible tests that models can and should
be subjected to. See, e.g., Chapters 5, 13, 14, 15, 18, 19, and 33 and Hausman
(1978) and Hendry (1983).
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Table 1: Earnings Equations for NLS Sisters: Various Missing Data

Estimators
Estimation Y Dependent ‘T Dependent 02 2
Method s T S n
32§a°2aggﬁglete 0434 .00433 3,211 .1217 152.58
N = 366 (.0109) (.00148) (.398)
Total Sample:
N = 520
OLS with pre-
dicted IQ in N L0423 . 00433 1186
missing portion” (.00916) (.00148)
GLS with pre- .0432 . 00433
dicted IQ * (.00915) (.00148)
Maximum Likeli- .0427 .00421 3.205 1177 152.48
hood (.00912) (.00144) (.346)

¥ = log of wage rate, S = years of schooling completed, T = IQ type test score.
*The standard errors are computed using the Gourieroux-Monfort (1982) formulae.
All variable have been conditioned on age, region, race, and year dummy vari-

ables. The conditional moment matrices are:

Complete Data (N=366) . Incomplete (154)
LW .13488 .12388
IQ 1.2936 187.71 ——— —
SC .19749 11.0703 3.4476 23472 - 4.3408

Data Source: The National Longitudinal Survey of Young Women (See Center for
Human Resource Research, 1979). .

#
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Table 2

The Relationship of Profits to Past Investment Expenditures for U.S5. Manufacturing Firms:
Parameter Estimates Allowing for Heterogeneity*

) g . g Comparison 3 Years 3 Years
Parameter Without k--2 With k—2 Model Invgstment Investment
(Standard (System 10) + ki,t—h + ki,t-h
Error)

(1) (2) 3 (4) (3)
W 0.067 0.068 0.073 0.057
1 (0. 028) (0.027) (0.022) (0.021)
v 0.115 0.112 0.104 0.077
2 (0.033) (0.039 (0.022) (0.022)
v 0.224 0.222 0.1k41 0.120
3 (0.0k41) (0.0L0) (©.02%  (0.024)
v | 0.172 0.208
(0.0L6) ©.0L6)
v \ 0.072 0.198
> (0.0L9) 0.050)
v 0.09 0.277
6 (0.062) (0.057)
v -0.122 0.202
7 (0.09k) (0.076)
WB —00259 00087
(0.133) (0.103)
Coefficient
of:
n 0.0
kit (5:812
n 0.10
ki, bk (8:3%%
k8 0.0L5
1ye-b (0.006)
(Trace {)/253.6% 1.18 2.04 1.35 1.37
1. ~

) = Estimated covariance matrix of the disturbances from the system of profit
equations (across years).

For the free 1 matrix: trace ﬁ = 253.6
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Table 2 (continued)

*The dependent variable is gross operating income deflated by the implicit
GNP deflator and an index of the overall rate of return in manufacturing
(1972 = 1.0). The wT refer to the coefficients of gross investment ex-
penditures in period 't - T deflated by the implicit GNP producer durable
investment deflator. k?t and k%t are deflated Compustat measures of
net and gross capital at the beginning of the year. kgz refers to unde-
flated gross capital in 1961 as reported by Compustat. All variables are
divided by the square root of the firm's mean investment expenditures over
the 1961-71 period. Dummy variables for the nine time periods are included

in all equations. N = 258 and T = 9.

The overall fit, measured by 1 - (trace ﬁ)/1208.4, 1208.4 =

&2
yt °’

-t 1]

where Sit is the sample variance in Ve, is .72 for the model in Column 2

as against .79 for the free 1 matrix.

From: Pakes and Griliches 1984.





