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Abstract

"This article reviews recent developments in the econometrics of early child-
hood human capital and investments. We start with a discussion about the
lack of cardinality in test scores, the reasons it matters for empirical research
on human capital, and the approaches researchers have used to address this
problem. Next, we discuss how the literature has accounted for the errors in
human capital measurements and investments. Then, we focus on the esti-
mation of production functions of human capital. We present two different
specifications of the production function and discuss when to use one versus
the other. We describe how researchers have addressed cardinality, measure-
ment errors, and endogeneity of inputs to estimate the technology of skill
formation. Finally, we take stock of the work to date, and we identify oppor-
tunities for new research directions in this field.
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1. INTRODUCTION

The recent literature in economics pays considerable attention to the human capital formation
taking place before children start school. In the last two decades, we have seen remarkable de-
velopments in theoretical and empirical work whose goal is to understand the role early human
capital formation plays in the subsequent evolution of human capital and the determination of so-
cioeconomic outcomes in adulthood (see summaries of the literature in, e.g., Heckman & Mosso
2014, Almond et al. 2018).

One branch of this literature has tried to understand the constraints families face when in-
vesting in children’s human capital, such as credit constraints (e.g., Caucutt & Lochner 2020) or
informational constraints (e.g., Cunha et al. 2013, Boneva & Rauh 2018, Attanasio et al. 2019).
Additionally, a growing literature has started to apply developments in behavioral economics to
understand the sources of inequality in investments and human capital development in early child-
hood (e.g., Kalil 2014).

Researchers have also evaluated several human capital formation programs, such as interven-
tions that target children directly by improving the quality of nonparental care (e.g., the Perry
Preschool Program; see Heckman & Karapacula 2019a,b) or indirectly through home-based par-
enting programs [e.g., the Jamaica Psychosocial Stimulation and Nutritional Supplementation
Program, as evaluated by Attanasio et al. (2014), Gertler et al. (2014)]. There is also a vibrant
area of research on the impacts of public policies such as cash transfers (e.g., Aizer et al. 2016) or
the Women, Infant, and Children’s Program (e.g., Chorniy et al. 2020). Finally, the literature in
this field has investigated how the environment children experience in early childhood affects the
formation of human capital at a later stage of the life cycle (e.g., Currie 2013, Aizer et al. 2018).

The interest in this topic has encouraged the development of new econometric tools that ad-
dress two critical empirical challenges. First, early childhood measures of human capital and in-
vestments typically do not have a cardinal scale for economic outcomes—that is, the difference
between any two values is not itself meaningful. At best, as far as economic outcomes are con-
cerned, these measures are ordinal. This point holds for both cognitive (e.g., the Bayley Scale of
Infant Development; see Bayley 1969) and socioemotional (e.g., the Child Behavior Checklist; see
Achenbach & Rescorla 2001) measures. Noncardinality implies that standard statistical methods
may not lead to valid inference—and order-preserving transformations of the human capital mea-
sures could reverse highly cited findings in this (and other) literature. The lack of robustness is
worrisome, given the critical role cardinal analyses using these measures have played in guiding
both academic research and public policy.

In this paper, we discuss two methods researchers can use to address the lack of cardinality in
measures of human capital. The first method simply consists in using ordinal methods where pos-
sible. The second method, called anchoring, uses the relationship between observed measures of
human capital and cardinal outcomes (e.g., earnings) to rescale the measures to cardinal units. We
consider each method’s advantages and disadvantages, and we discuss when to use one or the other.

Second, measures of human capital and investments have errors. Researchers use such measures
as dependent variables (to evaluate the impacts of interventions in early childhood), independent
variables (to study the impact of early childhood on outcomes), or simultaneously as both de-
pendent and independent variables (to estimate the production functions of human capital). The
ubiquity of measurement error in early childhood data requires methods that account for such
errors, or inference may not be valid.

This review summarizes the application of theoretical research on the econometrics of mea-
surement error to early childhood human capital and investment data. Our goal is not to have a
complete treatment of the econometrics of measurement error (for a summary of that literature,
see Schennach 2016). Instead, we focus our attention on methods that explore information from
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multiple measures of the same latent variable and discuss how to map such methods to factor
models—the workhorses of empirical studies of early childhood human capital.

Next, we shift our attention to the estimation of human capital production functions. We first
describe two different specifications of the technology of skill formation. One specification follows
work by Ben-Porath (1967), and the other specification relates to research by Cunha & Heckman
(2007). We discuss when to use one model versus the other; our presentation attempts to clarify
that these two models are not designed to explain the same phenomena but rather are suited to
capturing different features of human development. Then, we summarize findings showing how
anchoring, measurement error, and the correlation between observed inputs and unobserved error
terms affect estimates of the parameters of human capital production functions.

In the last part of the review, we describe new research directions in this field. In terms of
methodology, we describe how the literature has refined the identification arguments about human
capital production functions. We summarize critical evidence emerging from studies that measure
human capital at later stages of the life cycle, which suggests that errors are nonclassical and biased.
If the same features hold for early human capital measures, researchers will need to adapt existing
methodologies or to develop new ones to address such forms of measurement error.

Recent data collection innovations have focused on using investment and skills measures that
are better suited for understanding development in early childhood. First, there is an increasing
focus on measuring skills that undergo sensitive periods of development in early childhood. Simi-
larly, research has started to move away from gross measures of investments [e.g., investment data
from time-use surveys, consumer expenditure surveys, or scales such as the Home Observation
for the Measurement of the Environment (HOME) Inventory] toward measures that capture the
intensity and quality of interactions between children and their adults, regardless of the context
(e.g., at home or daycare).

Second, we need to assess human capital development using measures that have a cardinal scale
according to the analyst’s (economic) objective. The construction and use of cardinal scales will
allow researchers to use innovations in the econometrics of measurement error without adapting
them to ordinal methods or having to anchor standard, noncardinal measures to adult outcomes.

The review consists of four sections beyond the Introduction and Conclusion. In Section 2,
we discuss ordinal versus cardinal scales of measurement and describe two methodologies that
address the fact that existing measures of human capital do not have a cardinal scale. In Section 3,
we summarize the theoretical literature applying the econometrics of measurement error to re-
search questions in the economics of early childhood human capital. In Section 4, we discuss the
specification and estimation of production functions of human capital. In Section 5, we provide
our assessment of where more research is needed, with illustrations of ongoing work.

2. CARDINALITY
2.1. Scales of Measurement

Social scientists use psychometric scales widely. Indeed, such scales are central to most empirical
work in diverse areas studying human capital. In child development, we use psychometric scales
to measure cognitive and noncognitive skills. In education, we employ such scales to track
achievement gaps/trends, measure school and teacher quality, and assess policy changes’ causal
impacts. Their frequent availability in both survey and administrative data, as well as the value for
human flourishing of the skills they measure, motivates the use and exploration of these scales.
However, the literature pays little attention to the fact that these scales are ordinal, which affects
their proper use.
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Stevens (1946) classifies numerical variables into four groups in terms of their scale: nominal,
ordinal, interval, and ratio.! We review this classification first, as it clarifies much of the following
discussion.

m Nominal variables are qualitative, with the numerical values used only as names. For exam-
ple, the fact that zip code 80012 is twice as large as zip code 40006 is of no consequence.

m Ordinal variables allow researchers to rank observations, but differences need not corre-
spond in magnitude to differences in the underlying characteristic of interest. Percentiles
are ordinal variables: While we can rank individuals at the 75th, 50th, and 25th percentiles
of the income distribution, we cannot conclude that the gap between the 75th and 50th
percentiles equals the gap between the 50th and 25th percentiles.

m Interval (or cardinal) variables are those whose attributes we can represent with numbers
in such a way that the numerical differences between points on the scale represent equal
differences in said attributes. Dates have an interval scale: The number of days between
December 1 and December 15 is always the same regardless of the year. However, interval
scales have arbitrary zero points—e.g., year zero varies across calendars and cultures. Thus,
whereas differences are meaningful for interval scales, ratios are not.

m Ratio variables are cardinal variables with a clear definition of zero. For example, weightis a
ratio scale with zero naturally defined as the absence of mass. We can thus meaningfully say
that one barbell weighs twice as much as another regardless of whether we measure them in
pounds or kilograms.

This classification depends on the scale and its relationship to the object of study. For human
capital, a nominal scale would consist of numerical values (0 and 1) attached to categories such
as “no college” and “college,” and which group is labeled “1” is arbitrary. An ordinal scale would
be the percentile rank in a test score distribution, whereas an interval (cardinal) scale would be
educational attainment. Finally, labor income is a measure of human capital that has a ratio scale.

2.2. Psychometric Scales Are Not Cardinal

Empirical analyses using psychometric scores typically apply statistical methods, such as mean
differences, regression, and factor analysis, that implicitly assume the scores have an interval (car-
dinal) scale. In this section, we argue that the interval scale assumption—i.e., that a given change
in scores has a fixed interpretation everywhere—is unlikely to hold in economic applications.?

Stated plainly, it is clear that cardinality is a strong assumption. More importantly, though, its
plausibility depends on the context in which the scale is used. Recall that an interval scale is one
in which equal differences in the scale correspond to equal differences in the measured attribute.
Thus, as the object of measurement changes, the cardinality (or not) of the scale changes as well.
The fundamental problem, then, is that economists rarely use psychometric data in their intended
contexts. Because these scales were not designed to be cardinal measures of economic concepts
like human capital, there is no particular reason to expect that they will work as such.?

I'The classification of measurement scales is an active area of research with alternative schemes, including
those by Mosteller & Turkey (1977) and Chrisman (1998).

>The discussion here focuses on a single psychometric scale with a single population of test takers. How-
ever, cardinality is also a concern for research designs using multiple scales or populations of test takers. The
widespread practice of combining scores across settings by converting them to standard deviation (SD) units
may generate additional cardinality violations. For example, a 1 SD increase in math for a young child might
have a very different meaning than a 1 SD increase in math for a teenager.

3Stevens (1946) argues that the scales used in psychology are ordinal even in their intended contexts. Lord
(1975) shows for item response theory that there exist infinitely many cardinally distinct achievement scales
that fit any item-response data equally well.
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As an example, consider a test assessing mastery of a twelfth-grade curriculum consisting of
10 topics. Suppose that the test has 10 equally weighted items, each of which covers one topic of
the curriculum. This test has an interval scale for a twelfth-grade teacher because each additional
score increment corresponds to the same amount of the curriculum mastered.

By contrast, an economist might instead be interested in the kinds of achievement that con-
tribute to college completion. The test may no longer be cardinal with this different objective:
Changes in some parts of the score distribution may correspond to larger or smaller changes in
the likelihood of completing college. Thus, the economist may want to emphasize the regions
of the score distribution where the students at the margin of completing college are likely to be
found.

The relationship between cardinality and linearity is worth examining in some depth, as it
highlights a key disagreement between our approach and the one generally taken in economics.
Consider the following simple economic model of attaining a college degree. Normalize the utility
of not attaining a degree to zero: U;y = 0. Suppose that the utility of attaining a degree is U;; =
o + w1h; + €, where b; is the individual’s human capital and ¢; is a preference shock. Then, 7 will
attain a college degree (D; = 1) if and only if U;; > Uj. If ¢; follows a logistic distribution, we
obtain

err(,+7r1b,-

This model predicts a linear relationship between the log of odds ratio and human capital, that
is,
Pr (D, = 1| /?,)
N = 1%
Pr(D; =0|h;)
Suppose we decide to measure human capital using twelfth-grade test scores, which we assume
are cardinal. We can then directly test whether Equation 2 holds in the data. If we reject linear-
ity, what should we conclude? There are two possible answers: (#) Our model is misspecified, or
(&) the test scores, our putative measure of human capital, are not cardinal.

:7T()+7T1}]1’. 2.

Model misspecification is, of course, a possibility. The usual approach to avoid misspecification
bias is to rely on nonparametric methods—i.e., one would allow test scores to have a nonlinear
relationship with the log odds ratio. We suspect that this is the dominant response in economics.

A second, neglected possibility is that, in this context, the test scores are not cardinal measures
of human capital. If the scores are not cardinal, then fixed score differences will not correspond
to fixed differences in human capital. Thus, we would not expect a linear relationship between
scores and the log odds ratio even if the model is correctly specified. As a more extreme example,
suppose that b; represents the quality of #’s neighborhood but the model is unchanged otherwise.
Now suppose we measure b; using zip codes, and we fail to reject 7; = 0. Of course, this analysis is
absurd: The numbers comprising zip codes contain no information about neighborhood quality,
so the estimated relationship is not informative about the model.

How can one adjudicate between these two possibilities—misspecification and noncardinality?
One approach that flips the problem on its head is to define the scale as that which makes the
relationship between scores and some observable fit a known parametric form. Item response
theory (IRT) is an example of such an approach. Itis also the approach taken by anchoring methods
that relate scores to economic outcomes (see Section 2.5).

Empirically, test scores are frequently related to economic observables nonlinearly, suggest-
ing that they may not be cardinal in economic applications. Figure 1 illustrates this point by
plotting the empirical relationship between math achievement and subsequent high school and
college completion. The probability of completing high school increases rapidly for math score
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Figure 1

School completion conditional on math achievement. The figure shows the local linear polynomial
estimated relationships between high school and college completion and the math component score of the
Armed Forces Qualifying Test for National Longitudinal Survey of Youth 1979 respondents aged 15-17,
standardized by age. Data from Nielsen (2015b).

increases between —2 and 0 standard deviations (SD), consistent with the fact that relatively low-
performing students are marginal for high school completion. By contrast, the probability of com-
pleting college is fairly constant for these scores but increases rapidly for scores between 0 and 2
SD, consistent with the idea that the marginal students for college completion are from average
to above-average in achievement.*

The implicit assumption of cardinality shows up in many other contexts as well. Cross-national
studies of growth and output often treat indices of corruption or institutional quality cardinally;
prominent examples include the studies by Mauro (1995), Hall & Jones (1999), La Porta et al.
(1999), and Acemoglu et al. (2001), among many others. Similarly, self-reported well-being mea-
sures (i.e., happiness) are commonly treated cardinally, despite ample evidence that doing so is not
warranted, as argued by Bond & Lang (2019). In medical research, the efficacy of treatments is
often measured not on the primary outcome, such as death, but rather on “surrogate endpoints”—
intermediate outcomes that are easier to observe (Aronson 2005).

2.3. The Noncardinality of Standard Scales Matters

The argument that psychometric scales are not cardinal is not new.’ Nonetheless, its importance is
still underappreciated in empirical work, where the cardinality assumption is rarely made explicit,
much less defended. Stevens (1946, p. 679) exemplifies the attitude toward the use of psychomet-
ric scales even among those who recognize the risks of assuming cardinality, arguing that “for this
‘illegal’ statisticizing there can be invoked a kind of pragmatic sanction: In numerous instances,

*Heckman et al. (2006) find similar results for cognitive and noncognitive factors estimated from the same
data.

SReaders are referred to Stevens (1946), Lord (1975), Cawley et al. (1999), Blanton & Jaccard (2006), Cunha
& Heckman (2008), Cunha et al. (2010), Lang (2010), Bond & Lang (2013, 2018), and Jacob & Rothstein
(2016), among many others.
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it leads to fruitful results.” Unfortunately, this is not right: Misapplying cardinal methods gener-
ates unknown and perhaps substantial bias, whereby even the sign of the object of interest is not
identified except in special cases.

This concern is not just merely theoretical: Recent literature in economics documents the
fragility of many standard results to order-preserving transformations of psychometric scales
(Bond & Lang 2013, 2018; Nielsen 2015a; Schroder & Yitzhaki 2017). Important empirical ques-
tions, such as whether the black-white achievement gap in the United States has decreased over
time, hinge on the particular cardinalization chosen for achievement. The robustness of standard
estimates to changes in scale turns out to be data and application specific: Some results can be
overturned with even mild rescaling, whereas other seemingly similar results are difficult or im-
possible to overturn.

2.4. Ordinal Methods

The most straightforward response to the noncardinality of psychometric scales is to adopt ordinal
methods that do not require cardinal data. Where applicable, these methods provide more credible
and robust estimates, as they do not rely on possibly questionable cardinality assumptions. Many
methods—such as ordinal regression, extensions of Cohen’s 4, and ordinal decomposition—have
been proposed and used in economics and education research (e.g., Ho 2009, Ho & Reardon 2012,
Ho & Quinn 2020).

One simple ordinal approach builds on the idea that if group 4’ score distribution first-order
dominates group 5%, then E,[w(s)] > E;[w(s)] for any order-preserving transformation w. First-
order dominance allows one to identify the sign of an achievement difference regardless of the
scale’s cardinality. In one application demonstrating the power of this approach, Nielsen (2015b)
shows that, between 1980 and 1997, the reading achievement gap between high- and low-income
youth declined for any cardinalization of achievement. In particular, applying the method for
testing first-order dominance developed by Barrett & Donald (2003), the paper shows that low-
income achievement improved unambiguously in the sense that the 1997 score distribution first-
order dominates the 1980 score distribution. Conversely, high-income achievement unambigu-
ously declined in the same sense.®

Analysts can apply ordinal methods to settings other than academic achievement gaps. For
instance, other scales of human capital, investment, and noncognitive skills, such as the Home
Observation for the Measurement of the Environment (HOME) Inventory, the Rosenberg Self-
Esteem Scale, and Rotter’s Locus of Control Scale, could be treated ordinally in descriptive and
causal analysis. An open question is how far one can take ordinal methods. For example, researchers
commonly estimate school and teacher quality using value-added regression models that treat test
scores cardinally. Could ordinal versions of value added be implemented?

Though attractive, ordinal methods are not a panacea. By effectively using less information in
the scores, ordinal methods may give indeterminate answers in settings where cardinal methods
would be unequivocal. More importantly, ordinal methods cannot give any sense of the importance
of the skill differences identified. One score distribution might first-order dominate another, but
the economic importance of the difference could be trivial. In this sense, the desire in research to
identify important quantities stands in tension with the use of ordinal statistics.

®This application requires test scores that are ordinally comparable across cohorts, so s; > s; implies that 7 has
greater achievement than j regardless of their cohort. Nielsen (2015b) uses scores specifically constructed to
have this property, but this assumption will be untestable for many cross-cohort analyses.
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2.5. Anchoring

An alternative solution to the noncardinality of standard scales is to estimate relationships between
the observed scores and a cardinal anchor outcome to construct a new cardinal scale. Formally,
define the anchored achievement of individual 7 as

4; = E[Yilsi], 3.

where Y; is some cardinal outcome (e.g., earnings) and s; is the noncardinal measure.” As Y'is cardi-
nal by assumption, the anchored scale will be cardinal as well. Thus, researchers can meaningfully
apply standard statistical techniques to the anchored values. In the child development literature,
this approach has been widely applied in cases where s; is an estimated latent factor measuring
skills (see Heckman et al. 2006, Cunha & Heckman 2008, Cunha et al. 2010, among others). In
education economics, anchoring has been applied to given scale scores (see Cawley et al. 1999,
Bond & Lang 2018, among others).

Figure 1 illustrates the basic idea. The estimates of school completion conditional on math
scores comprise anchored scales: Each fixed increment corresponds to the same increment in ex-
pected school completion. The notable differences between the high school and college anchored
scales clarify the possibility that the same cardinal analysis applied to scales anchored to differ-
ent outcomes might yield different answers. Although this dependence on the anchor might seem
odd to researchers accustomed to using a single psychometric scale in many different settings, it
is entirely natural. Cardinality is context dependent, so a scale adapted to one application might
yield different answers compared to a scale adapted to another.

Anchoring can also guide the rescaling of psychometric data in cases in which explicitly esti-
mating anchored scales is not feasible. For example, the relationship between achievement and
college completion for many different achievement measures looks roughly like the one shown in
Figure 1. Rescaling using this general shape might thus be preferable to the cardinal use of given
scales even when true anchoring is infeasible.

The usefulness and conceptual appeal of anchoring are apparent. Nonetheless, the approach
has some downsides. One practical difficulty is that anchoring requires data linking the test scores
to a cardinal outcome. Although anchoring to contemporaneous outcomes is possible, longer-
run measures such as school completion and earnings will generally be more relevant anchors
in economic applications. However, few data sources allow one to link scores to such outcomes.
Moreover, anchoring to longer-run outcomes by necessity introduces substantial lags between the
assessment date and the completed analysis. Waiting years for an answer is not feasible, particularly
for policy-relevant questions.

The anchor relationship defined by s; = E[};[s;] must be estimated, introducing a number of
complications. First, researchers must take a stand on how to model this relationship. Cunha et al.
(2010) relate the latent factors linearly to schooling completed by age 19, although they discuss
identification in nonlinear settings. By contrast, Cawley et al. (1999) explicitly search for evidence
of nonlinearity. Second, the anchor model’s estimation creates an additional, quantitatively im-
portant layer of measurement error, through both sampling variation and model misspecification.
This measurement error is often handled via factor methods in child development, as done by
Heckman et al. (2006).

Bond & Lang (2018), by contrast, pursue an instrumental variable approach to handle mea-
surement error in the anchored relationships. We give here a quick overview of their method,

"In principle, one could anchor on conditional quantiles or other functions of ¥. However, the vast majority
of applications anchor to the mean.
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as it nicely illustrates the key steps needed to carry out an anchoring analysis. They estimate the
anchored score for student 7 with test score s;, in year (or grade) ¢ fully nonparametrically as the
average outcome Y among all students with the same observed score. We have

Ajp = NL Yy 4.
T JSje=sia
where N, is the number of students scoring the same as i in period ¢. The anchored scores esti-
mated via Equation 4 are noisy; let R, denote their reliability. Estimating this reliability is crucial
for many empirical applications. For example, any difference in group means will be biased toward
zero by exactly this factor in the case that both the true anchored scale and the measurement error
are jointly normal, an assumption Bond & Lang (2018) maintain.
To estimate R,, Bond & Lang (2018) note that because Y; is a noisy measure of A4,,, the ordinary
least squares (OLS) estimate of y, in the regression

Ai,t =K + VtYi + si,t 5.
will be an attenuated estimate of R,. To solve this attenuation problem, they instrument using the
leave-one-out anchored score from the prior year, obtaining

A=W =D Y Ay 6.
JFESj 1 1=8i1
The leave-one-out construction is so that ¥; does enter into its own instrument.

This example demonstrates that measurement error in anchoring is a broader concept than is
traditionally conceived within psychometrics. For instance, anchoring cannot measure transitory
(but real) shifts in skills: Gains that fade out will appear as measurement error.

A weakness of current anchoring methods is that they are not causal. An improvement of As
may not cause an improvement of AY(s) but rather might reflect the uneven influence of unob-
servables. This concern is related to the classic problem of cultural bias in testing. As an extreme
example, a test of yachting knowledge could well have a steep anchored relationship with lifetime
earnings. However, this relationship would presumably reflect almost solely confounders, such
as family income, rather than any causal effect of yachting knowledge on earnings. It is possible
to mitigate this concern in empirical settings by conditioning on relevant student characteristics
such as race, gender, and family income when estimating the anchor model. One can also check
that the anchor model is similar across different demographic subgroups, a finding that would
suggest that the relationship reflects returns to skill more than the effects of confounders. These
approaches are crude and not well explored, however. The development of data and methods to
allow for causal anchoring analyses would contribute to this literature.

Because the estimated anchor relationships are not structural, they will not generally be in-
variant to policy. For instance, Figure 1 suggests a policy designed to improve the achievement
of students in the 0-2 SD range might be particularly effective at increasing college completion.
However, implementing such a program successfully on a national scale could affect the anchoring
function’s shape. Alternatively, such a policy might induce so-called teaching to the test, thereby
increasing scores without increasing college readiness and flattening the anchoring relationship.

Anchored scales, or indeed any purportedly cardinal scale, might fall short of the cardinal ideal.
The estimation of the anchoring function, for instance, introduces both measurement error and
specification error as possible sources of noncardinality. Therefore, researchers should assess the
robustness of their conclusions to alternative cardinalizations, for example, by reporting results
for as many different anchors as are relevant and feasible. Additionally, researchers can assess ro-
bustness by entertaining in a controlled way progressively more extreme rescalings and observing
the worst-case consequences for the estimates of interest (e.g., Nielsen 2015a).
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3. MEASUREMENT ERROR

The estimation of human capital production functions requires measures of both human capital
and investments. These measures typically suffer from measurement error. If researchers do not
account for such errors, the estimates will have a bias, which, in turn, will generate invalid infer-
ences regarding the process of skill formation. Fortunately, the literature has developed economet-
ric methods to leverage multiple measures or other auxiliary data to avoid measurement error bias.
The application of these methods requires a deep understanding of the nature of the measurement
error.

In this section, we will focus primarily on measurement error in measures of human capital.
Measurement error in test scores, and in other measures of human capital, is a problem that has
been extensively studied by psychologists. Psychologists use reliability and validity statistics to
quantify various sources of measurement error (see, e.g., Thorndike 1951). For example, one con-
structs a test’s split-test reliability by dividing the test into parallel parts and measuring the cor-
relation between scores on the separate parts. The test-retest reliability accounts for additional
measurement error sources by comparing scores on parallel tests taken in different environments.
For instruments that rely on human assessment, inter-rater reliability measures the agreement
between different raters assessing the same behavior or responses. Standard statistics for measur-
ing validity are based on the correlation between the instrument and a more established measure
or correlation with relevant economic, educational, or behavioral outcomes. These various statis-
tics are used to form criteria for designing better tests. This design process reduces but does not
eliminate measurement error in test scores.

There are many sources of test-score measurement error. One source is item-specific idiosyn-
crasies due to factors such as the wording of the question. Split-test reliability statistics, such as
Cronbach’s alpha, are meant to assess the degree of this type of measurement error. The test-taking
environment and incentives can also influence test scores. These measurement error sources could
be measured by a well-designed test-retest reliability study, though in practice, this is difficult and
rare. Even more problematically, individual personality traits can affect the extent to which the
test-taking environment impacts the test scores (Almlund et al. 2011). Another source of measure-
ment error is that knowledge of a particular content area may be related to, or require, knowledge
of an ancillary content area. For example, a test of mathematical reasoning may also be influenced
by reading comprehension.

Economists have long been concerned with errors in economic measures and have developed
many econometric methods for addressing the bias such errors can induce.® In a standard lin-
ear regression model, classical measurement error in a regressor induces attenuation bias in the
coefficient estimates, while classical measurement error in the dependent variable does not. The
bias can be in either direction in linear models with multiple error-ridden regressors or nonlinear
models with a single error-ridden regressor. There are two traditional approaches to avoiding this
bias: using external estimates of the signal-to-noise ratio of the measurement to calculate a bias
correction, or using a second measurement as an instrumental variable.

Many studies on the econometric analysis of early childhood skill formation have explicitly in-
corporated measurement error models, finding that accounting for measurement error is essential.
Todd & Wolpin (2003) showed that the implicit assumptions about the nature of measurement
error in the models commonly used at the time were very restrictive. Cunha & Heckman (2008),

8For classical treatments, readers are referred to, e.g., Aigner et al. (1984) and Wansbeek & Meijer (2001).
Chen et al. (2011) and Schennach (2016) provide surveys of modern nonlinear models.
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building on previous work by Joreskog & Goldberger (1975) and Hansen et al. (2004), among oth-
ers, estimated a model of skill formation in childhood that explicitly accounts for measurement
error in test scores. They found that estimates that do not account for measurement error imply
much smaller self-productivity and cross-productivity of skills and smaller investment productiv-
ity effects. They found that failing to account for measurement error even produced the opposite
sign for the investment effect. Cunha et al. (2010) estimate a nonlinear model of skill formation
and find that not accounting for measurement error produces estimates of the various produc-
tivity effects that are in some cases stronger and in other cases weaker, with no apparent pattern.
Agostinelli & Wiswall (2016), who also estimate a nonlinear model, find that not accounting for
measurement error significantly affects the estimated policy effect of income transfers in different
directions for different model specifications.

3.1. Item Response Theory

Most cognitive ability tests, most commonly used measures of noncognitive traits, and many
parental investment scales consist of a series of questions, or items, with categorical responses.
Suppose each item j on a test is perfectly discriminating, meaning that individual 7 answers it cor-
rectly if and only if the underlying trait or ability, §;, is above some threshold level, ¢. If there are
many such items on the test, and the thresholds associated with each item vary enough, then we
can identify a narrow interval that §; must lie in, but we cannot pinpoint the location of §; within
this interval. Moreover, items are generally not perfectly discriminating, so that, due to idiosyn-
cratic factors such as the wording of a question or a lapse in memory, the individual’s response to
the item is not a deterministic function of §;. This stochasticity prevents us from even being able
to narrow 6; down to a restricted interval with certainty.

Researchers use IRT to model this intra-test measurement error. In a typical IRT model, it is
assumed that the item responses 7z;; are mutually independent conditional on 6; and that 7z; equals
l(gj(é,-) > n;j), where g; is a deterministic function and 5;; is an idiosyncratic error term (see, e.g.,
Sijtsma & Junker 2006, van der Linden & Hambleton 2013). Under the conditional independence

assumption and with a parametric form for g; and a distributional assumption on 7, we can view

i
this as a standard statistical problem of estimating the parameter 6; based on a sample of size J, the
total number of items. However, even if we know the function gj, these IRT scores will be subject
to sampling error. As the model is nonlinear, and it is estimated via maximum likelihood or similar
methods, the IRT scores are biased estimates of 8, but they are consistent as J — oo.

In most cases, the function g; is not known and instead must be estimated as well. This problem
is related to the discussion of the lack of cardinality in psychometric scales in Section 2. When g;
is not known, IRT models must impose location and scale restrictions to produce estimates of 6.
For example, if gj(éi) =u;+p jéi, then the §; cannot be estimated without additional restrictions,
because multiplying any set of estimates by 2 and dividing the ; estimates by 2 produces equally
valid estimates of the model.’

To resolve this problem, we can assume that y1;» = 0 and g+ = 1 for one specified item j*. This
normalization is a cardinalization, but it may not be the desired one. Therefore, we view the IRT
score as 7; = m(6;) + 1;, where §; is the latent construct under a preferred cardinalization, () is
an unknown monotonic function, and 7; is the sampling error induced by intra-test measurement
error. We can also view the percent-correct score (sometimes called the raw score) in this way

“There is not a unique maximum likelihood estimate because the model is not identified.
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(Williams 2019).1° In both cases, the magnitude of the measurement error is decreasing in the
number of items, so that if J is large we have that 72; & m(6;).

Thus, in the rest of this section, we ignore the intra-test measurement error. However, intra-test
measurement error is not always negligible. Junker et al. (2012), Lockwood & McCaftrey (2014),
Schofield (2014), and Williams (2019) have proposed methods for addressing this measurement
error. In many cases, it is safe to allow the error term in the factor models below to include intra-
test measurement error.

3.2. Factor Models

The latent construct §; represents the skill or trait the test measures, along with any other factors
that influence responses to a significant proportion of items on the test. It represents a latent
variable, conditional on which of the test items are independent of each other. If, for example, the
test-taking conditions vary across test takers and these conditions affect performance on the test,
then 6; should be viewed as a composite of both the measured skill and these test-taking factors.
Only item-specific measurement error should be considered negligible when the number of items
is large.

In contrast, let 8, represent the vector of latent variables of interest. For example, suppose we
wish to estimate the model

Y, = [3,1X1'+ [3’29;+u,-. 7.
Assuming separability, we have
é,' = b(G,) + €;.

Suppose the number of items is large so that we can ignore the intra-test measurement error and
write 72; = m(0;). If we assume that the functions 7(-) and 4(-) are both linear, then we have

m; = yo + V10, + €.

To see the problem caused by the measurement error, €;, suppose that X; and 6; are scalar, that
both are uncorrelated with #; and ¢;, and that #; and ¢; are uncorrelated. Then, if we use 7z; in place
of 6; to estimate Equation 7, the bias in the OLS estimator is

=D =p?)—o!

BZ 1_p2+o__1

’

where p is the correlation between X; and 6, and o is the signal-to-noise ratio, 0 = Var(6;)/Var(e,).

If we impose the scale restriction y; = 1, then this is the familiar attenuation bias, —f3, m.

Note that the bias of the OLS estimator of B, will also be a function of 6(1 — p?); in the y; =1
cpe i CovX) 1

case, this bias is 3, V) Tre=77)"

If we have external estimates of o and y, then we can use them to resolve the measurement

error bias in the above regression. To see this, consider again the case where y; = 1. If X; and 6,

are uncorrelated, or if X; is not included in the regression model, then an unbiased estimate for
f3, can be obtained by replacing 7z; with H%m,- in the regression. More generally, the bias in

the OLS estimator arises because Var(mz;) = Var(9;) + Var(e;) # Var(0;). So an unbiased estimate

10The same is true for transformations (e. g., the percentile transformation) of the IRT score or the percent-
correct score.
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can be constructed by replacing Var(m;) with Var(6;) = 1+%Var(mi) in the OLS formula. If an
external estimate of o is not available, additional measurements of §; will generally be required.!!

Suppose then that a total of K > 1 measures are available. The latent construct underlying each
measure will generally be different. For example, test-taking conditions may vary across tests.
Thus, for each £ = 1,..., K, suppose the kth measure contains a sufficient number of items so
that we can write mz;, = 72;(9;), where G = h(0;) + €;. Suppose that, for each test, the mapping
between 6y and m(-) and the mapping between 0, and ; are both linear. Then, we obtain the
standard linear factor model

My = Yor + Y10 +eipk=1,...,K,

where the components of the vector 6; are known as the factors and the coefficient vectors, v, 4,
are the factor loadings. This system of equations can also be written in matrix form as

ml-=l"0+F19,-—|—e,-.

Here we have defined 6; as the latent variable, or variables, of interest. But this interpretation
should be evaluated in relation to the assumptions made about the sources of measurement error,
as we discuss below. In the remainder of this section, we will primarily focus our attention on this
linear factor model, though nonlinear measurement systems have been considered by Cunha et al.
(2010), among others.

3.2.1. Factor scores. When multiple measures are available, they can be used to construct factor
scores. If 'y and I'; were known, then we could construct an unbiased estimate

6, = FI(mi —Ty)=6;+ FIGi,

where I'l = (D)W T,)~'T} W for any nonsingular matrix ¥. Choosing W = A~!, where A is the
variance-covariance matrix of the vector €, minimizes the variance of the error term, FI €;. Replac-
ing [y, ', and A with first-stage estimates, we can construct a feasible version of this minimum-
variance estimate of the factors. This is known as the Bartlett factor score.

The use of these factor scores as regressors in regression analysis will result in measurement
error bias for the same reasons described above. While the Bartlett factor score minimizes this bias
by minimizing Var(I'[ €;), the remaining measurement error bias may not be negligible unless the
number of measures is very large relative to the dimension of 6;.

The so-called regression factor scores, or Thurstone factor scores, avoid this bias in a particular
case. In the general case, however, these factor scores still lead to bias. One solution to this prob-
lem would be to correct the resulting bias, as described above for the general case of measurement
error. Heckman et al. (2013) apply this bias correction method, known in the psychometrics liter-
ature as Croon’s method (Croon 2002). Another solution is to model both the outcome equation
and the measurement model jointly.

3.2.2. Identification of the factor model. Construction of the factor scores requires estimates
of the parameters y,; and v, ;. The Bartlett factor scores also require an estimate of the error
covariance matrix, A. In some cases, external estimates of these parameters may be available,
but typically they will need to be estimated in the first stage using the same sample of observed
measures. In this section, we discuss the necessary conditions to identify and estimate these

UTf additional restrictions are placed on the error terms, an unbiased estimator based on higher-order mo-
ments exists and additional measurements are not needed. This was first established by Reiersol (1950).
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parameters. We first describe some standard approaches before addressing some issues that the
recent literature on early childhood development has raised.

Suppose, as is typically assumed, that € is uncorrelated with 6; for all %, and that €; and € are
uncorrelated for all # # #. The first of these assumptions means that the common factors, 6;, do
not correlate with other variables that affect the measures. The second means that the error terms
in a particular measure do not correlate with the error terms in other measures. We will consider
relaxing these assumptions later in this section.

First, we can show, as an example, that if 6; is a scalar, then three measurements are sufficient
for identification under conventional assumptions.!> We start by normalizing yo = 0and y; ; =
1. In this sense, the location and the scale of the factor 6; are tied to the location and scale of the
measure 7z, ;. From these restrictions, we can identify the mean of the factor because we have that
E(m; 1) = E9,). To identify factor loadings and the variance of the factor, consider the following
system of covariance moments:

Cov(m;1,m;)) = y1,04,
COV(mi,l , mz‘,s) = )’1,3092,

2
COV(mi,z, mi,3) = VY12Y1305 -

Note that the following ratios identify the loadings and the variance of the latent factor In 4; ,:

COV(mi,Z y M3 )

Vi =
Cov(mj,m;3) ’

Cov(mj,,m;3)

V3=~
COV(mi,l , mi,z) ’

ol = Cov(m1,m;3)Cov(m,m;))
)=

Cov(m;,,m;3)

We can then use the variances of observed measures to identify the variances of measurement
error because we have

Var(m; ) = yﬁkaez + afk. 8.

Lastly, we can identify the remaining y  for each k from the equation E(mz; ;) = y o, + y1,:E(6)).

Moving beyond the one-factor case, the classical treatment of the identification problem, which
relies on the orthogonality assumptions discussed above, is due to Anderson & Rubin (1956).
Under these orthogonality restrictions, we have that

Var(mi) = qu)ri + A,

where A = Var(e,) is a diagonal matrix. Anderson & Rubin (1956) assume that ® = I, where
L is the dimension of 6; and I, is the L x L identity matrix. This means that the factors are
mutually uncorrelated and that the variance of each factor is normalized to equal 1. However,
even with this restriction, for any matrix R such that RR' = I;, we can define [ =MNRand Ty l:i =
I'1T'}. Anderson & Rubin (1956) discuss various additional restrictions to overcome this limitation.
Among these, the most commonly used in the economics literature is the restriction requiring I'y
to be a lower triangular matrix.

12Bonhomme & Robin (2009) use higher-order moments to reduce this requirement.
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In addition to the restrictions above, Anderson & Rubin (1956) assume that I'; satisfies a row
deletion property. The row deletion property assumed is that if any row is removed, then the
remaining rows can be rearranged into two different matrices of rank L, which implies the re-
quirement that K> 2L + 1. Under these assumptions, we can identify all of the parameters of the
factor model.

If 'y satisfies the row deletion property and @ is positive definite, then Var(s;) can be de-
composed into the variation due to the common factors, I'y®I'}, and the variation due to the
idiosyncratic components, A. The additional restrictions requiring ® to be equal to I and I'y to
be lower triangular then uniquely identify I’y from I'y ®I';. However, alternative sets of restrictions
are sometimes preferable. For example, the assumption that factors are mutually uncorrelated is
undesirable in many applications. A common alternative is to assume that the first L rows of I'y
form a diagonal matrix.

Another alternative is to link restrictions across different measurement systems. Estimating the
production function of human capital requires multiple human capital measures at different ages.
Thus, in Section 4, we use a different measurement system for each age. One can use restrictions
across these systems to obtain identification. For example, Agostinelli & Wiswall (2016) suggest
leveraging age invariance of the factor-loading matrix. They assume that ® = I}, only at the earliest
age. At subsequent ages, L rows of the factor-loading matrix are equal to the corresponding rows
in earlier ages.!

Orthogonality assumptions are often overly restrictive in situations commonly faced in the
econometrics of early childhood development. For example, suppose that several of the K measures
of human capital are parental assessments of child development at a particular age. Parents may
be imperfect, biased assessors, and their bias will influence all such measures.

Williams (2020) provides a framework for understanding when identification is achievable if
A is not diagonal but still contains some zeros. One way to illustrate identification is by viewing
one set of measures as proxies for 6; and the remaining measures, or some of them, as instrumental
variables. Take a set L of the total K test scores,

mfl) =Ty +T11:0;+ €,(-1).

Assuming that I’y ; is invertible, solve for 6; and plug the resulting expression into the equation
for any of the remaining K — L test scores; we obtain

_ 1 1
m;, = Yo + Vl,kl“l,ll (m,( ) — Lo — ef, )) + €k

~ — 1 ~
= Yo+ Vl,kr‘l,]lm,(- )+ €iks

- _ - ) e 1
where we have 7, = yox — yl,krl,}ro,l and &, = € — ylykl“l’}ef» ). Since mf )

é; 1, OLS estimation of this equation will be biased. However, if there are L test scores among the

is correlated with

remaining K — L — 1 test scores, then they can be used as instrumental variables to identify )/1,kF1_}
subject to the usual exogeneity and rank conditions for instrumental variables. If we further impose
the normalization that I'y ; = I, then y ; is identified.

3.3. Dedicated Measurements

Often in empirical settings with multiple measures on multiple latent factors, researchers have
some a priori knowledge of which factors affect which measures. Measurement # is said to load on

13 Although L is equal to 1 in their paper, one can extend the argument to the general case.
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factor £ if y1,1,¢ # 0. The most common type of restriction used is one wherein some measure-
ments load only on a single factor. We refer to these systems as dedicated measures.

When enough dedicated measures are available, they can be used to estimate factor loadings
and to construct scores for each latent factor separately. The availability of dedicated measures
lends credibility to the analysis because the method is robust. For example, suppose we have access
to three math tests and three reading tests in addition to a measure (perhaps another assessment)
that requires both verbal and mathematical ability. We can then estimate a math score and a read-
ing score with the respective dedicated measures only, discarding the combined measure. While
this method is both robust and interpretable, it sacrifices statistical efficiency.

Economic relationships, or any other source of a priori information, can impose additional
restrictions on a factor model’s structure, thus aiding in identification. For example, suppose that
we observe four test scores over two different periods (two in each period). Let 6;; denote latent
ability in the first period, and let 6, denote latent ability in the second period. We assume that
test scores only load on the contemporaneous latent ability. We can write the system of equations
as

miy1 = Y01 + y1,101 + €1,
mipy = Y02 + v1,201 + €,
m;z = Y3 + v130n + €5,
mig = Yo4 + V1,40 + €is.

Standard results do not help in showing the identification of the parameters of this model. If we
take the scores from the two periods separately, we only have two measurements. If we take the
four scores together, we still have four measurements on two factors, whereas the standard re-
sult requires at least five measurements. This model is identified with standard normalizations
provided that Cov(6;1,6,2) # 0. The intuition is that the measurements from period 1 provide ad-
ditional variation in 6, and vice versa. Williams (2020) shows more generally how overidentifying
zero restrictions or reduced rank restrictions can be used to identify the factor model.

4. ESTIMATION OF PRODUCTION FUNCTIONS

The identification and estimation of human capital production functions are active research areas
in the econometrics of early childhood development. These functions link the output, human
capital at the beginning of the next period (e.g., year or developmental stage), to observed inputs,
current-period human capital and investments, and unobserved error terms. We start this section
by discussing two different specifications of the technology of skill formation, and we summarize
the evidence that justifies each of these parameterizations. Then, we describe how research to date
has addressed three challenges to estimating such production functions: the lack of cardinality of
test scores, the presence of error in the measurement of human capital and investments, and the
correlation between observed inputs and unobserved error terms.

4.1. The Specifications of the Production Function of Human Capital

In economics, the typical approach is to assume that human capital is a scalar, and that, at each
point in their lives, individuals invest in increasing their stock of human capital. The canonical
law of motion of human capital in Ben-Porath’s (1967) model represents such a process. Let b; ,
and «; , denote, respectively, child 7’s stock of human capital and investment at period ¢, and let n; ,
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denote unobserved error terms. The Ben-Porath law of motion of human capital is
higy1 = (1 =8)bis + f(biy,Xiry 0iy). 9.

According to Equation 9, child 7 starts period ¢ with a given stock of human capital, 4, ,. The
production function fthen describes how investments, current human capital, and unobservables
combine to increase the next-period human capital stock, with the current stock also depreciating
by & each period. Such models are typically presented in value-added form, in which the produc-
tion process’s output is given by the change in the human capital stock between # and ¢ + 1 (for
other variants of the value-added specification, see Todd & Wolpin 2007). Researchers in labor
economics (e.g., Heckman et al. 1998, Polachek et al. 2016), macroeconomics (e.g., Lucas 1988),
and the economics of education (e.g., Rothstein 2010, Chetty et al. 2014), among other fields,
explore both linear and nonlinear variants of the Ben-Porath model.

In all of these applications, the assumption is that the form of human capital modeled reflects
the accumulation of knowledge, facts, or skills that individuals can acquire throughout their lives.
Cattell (1963) classifies this form of human capital as crystallized intelligence. As an example,
Cunha & Wolpin (2020) adopt the parameterization in Equation 9 to study the impact and mech-
anisms of the JumpStart Program, a parenting program implemented by the Alief Independent
School District (ISD) in Houston, Texas. The program’ goal is enabling parents to help their
children learn skills that, according to the Alief ISD, will prepare them for the district’s pre-K
curriculum. The program trains parents to teach their children the names of colors and to rec-
ognize letters, numbers, and shapes, all of which are elements of Cattell’s concept of crystallized
intelligence.

However, there are elements of human capital whose acquisition is not synonymous with in-
creasing stocks of a particular skill over time, because their development takes place within a
specific window of opportunity. Besides, the investments in such skills may spill over into the
formation of other skills that individuals acquire in later stages of the life cycle. One illustrative
example is the capacity to recognize sounds in a language (phonetic discrimination). When chil-
dren are born, they can recognize phonetic contrasts that exist in many languages (e.g., Eimas
& Miller 1992). When they are 6 months old, infants start to tune their capacity to discriminate
phonetic distinctions common in their native language (Werker et al. 1981, Kuhl et al. 1992).

Research has shown that an exogenous manipulation of the language environment, combined
with social interaction, influences this tuning process in young children. Kuhl et al. (2003) ran-
domly selected American-born children to either a control group or one of three intervention
groups. Researchers exposed the children in the three intervention groups to a 1-hour dose of
Mandarin per week for 12 weeks. The groups differed in the means of exposure. In the first group,
the children socially interacted with a native speaker of Mandarin. Thus, they not only got expo-
sure to Mandarin but did so with multiple opportunities for joint attention. In the second group,
the social interaction was removed, and the children watched a video of the same speaker talk-
ing about the same content as in the first group. In the third group, the children heard only the
recorded audio of the same content, again with no interaction. The results showed that, at age
12 months, the children in the first group maintained their capacity to recognize frequently used
sounds in Mandarin, and their ability to do so was comparable to typical same-aged children living
in Taiwan. By contrast, the children in the control group and in the other two treatment groups
(video and audio only) did not maintain the capacity to recognize sounds.

Like adults, 1-year-old infants cannot discriminate sounds that are uncommon in their native
language. While it might seem that such tuning is a disadvantage, this is not the case. First, if the
capacity to recognize sounds consumes brain resources (e.g., memory), maintaining the capacity
to recognize uncommon phonetic contrasts in the native language would be wasteful. Second,
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the tuning process allows the brain to reallocate unused resources to acquire other language skills
(Kuhl 2004, Werker & Tees 2005). Indeed, sound recognition is an essential input in the formation
of expressive language skills (see Aslin 2014). Therefore, investments in the development of a
tuned phonetic recognition system influence more complex language skills in later stages of the
life cycle.

The finding by Kuhl et al. (2003) that only the children in the social interaction group were
able to maintain the capacity to recognize typical Mandarin phonemes suggests the importance of
joint attention as a form of investment in developing certain language skills.'* A literature overview
by de Villiers & de Villiers (2014) forms the basis of a conjecture that language interventions
that promote joint attention are likely to influence, in a later stage, the development of theory of
mind (Tomasello 1995, Carpenter et al. 1998, Tomasello et al. 2005)." This example illustrates
concretely that investments in the formation of skills in one dimension of human capital can spill
over into the formation of skills in a different dimension of human capital.

In sum, certain elements of human capital have two characteristics not shared by the types
of skills, such as crystallized intelligence, that are captured by Equation 9. First, they are subject
to critical or sensitive periods of development. Second, the investments in such skills formed in
developmental stage 7 spill over into (i.e., they complement or substitute the investments in) the
development of skills produced in developmental stage 7 + t. For these elements of human capital,
researchers turn to Cunha & Heckman’s (2007) model of skill formation, whose specification is

bi,t+1 :g(xi,taxi,f—la” ~yxi,1ani,t)- 10.

There are several noteworthy applications of these concepts. For example, researchers inter-
ested in the accumulation of human capital that takes place in utero investigate how these in-
vestments affect later health development (e.g., see the discussion of the evidence on this topic in
Almond et al. 2018). Other researchers are interested in understanding if fostering secure attach-
ment between parents and children influences later health and socioemotional development (as in
the Nurse-Family Partnership program; Olds 2002). Developmental psychologists investigate if
early investments in language development affect school performance on reading comprehension
skills (e.g., Hart & Risley 1995, Gilkerson et al. 2018). Economists estimate the causal impact of
executive functions developed in early childhood on adult outcomes (e.g., Heckman & Karapacula
2019a,b).

Under certain conditions described in their article, Cunha & Heckman (2007) show that it is
possible to represent Equation 10 in a recursive fashion as

bi,p+1 =h (bi,t,xi,n ni,t)' 11.

The recursive formulation eliminates a relevant aspect of Cunha & Heckman’s (2007) approach.
Significantly, under recursivity, the skill produced in the last period is a sufficient statistic for the
development of the skill undergoing sensitive periods of development in the current period. This
property may rule out long-lasting processes of human development.

The advantage of the recursive representation is that it is empirically tractable. It is rarely the
case that researchers can observe the entire history of investments. Under recursivity, one can
represent the technology of skill formation as a function only of the skill produced in the previous

4Joint attention is the ability to focus on the same thing (object, person, event) with another person. There-
fore, there are three parties involved in joint attention: the child, the object of focus, and another person.

B Theory of mind is a social-cognitive skill that reflects the capacity to think about one’s and others’ mental
states (desires, emotions, knowledge, and beliefs) and to recognize that others’ mental states may be different
from one’s own.
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period and current investments. Because of its tractability, the recursive representation dominates
empirical work.

4.2. Three Challenges in the Estimation of Production Functions

In this subsection we discuss how the literature on the estimation of production functions of hu-
man capital has addressed the lack of cardinality of test scores, the errors in the measures of human
capital and investments, and the correlation between observed and unobserved inputs.

4.2.1. Anchoring. The most pressing challenge in estimating human capital production func-
tions relates to the fact that researchers need to work with measures of human capital and in-
vestments that are cardinal. A production function describes how the inputs (5, , units of current-
period human capital and «; , units of current-period investments) combine to produce the output
(hi,¢ + 1 units of next-period human capital). This combination involves adding or multiplying these
inputs, operations that we can only perform if the variables are cardinal.

The typical solution to the lack of cardinality in standard skill measures in empirical applica-
tions is to anchor test scores to adult outcomes that do have a cardinal scale (e.g., Cunha et al.
2010). There is very little research to date testing the sensitivity of the resulting production func-
tion estimates to different anchoring outcomes. Cunha et al. (2010) use two different outcomes as
anchors. One outcome relates to educational attainment, and the other relates to involvement with
the criminal justice system. They report that the implied optimal early-to-late ratio of investments
depends on the anchoring outcome because the two anchors have different relationships with the
various skills in their analysis. Consistent with the arguments in Section 2, their findings suggest
that the goal of the analysis should guide the choice of the anchoring outcome. For example, if
researchers wish to assess the impact of different human capital investment strategies on labor
income inequality, labor earnings should serve as anchors for this type of analysis. If the goal is to
evaluate how adolescents’ investments affect college enrollment, then the probability of enrolling
should serve as the anchor.

4.2.2. Measurement error. Second, researchers need to address the fact that our measures of
human capital and investments in early childhood suffer from measurement error. In economics,
we measure investments in human capital by the value of goods and the opportunity cost of time
that families use to increase a child’s human capital. As a result, economists have tended to use
measures of investments collected from a time-use survey (e.g., Del Boca et al. 2014), or compos-
ite scales that reflect a combination of goods and time, such as the HOME Inventory (e.g., Cunha
et al. 2010), or both, either separately or combined (e.g., Attanasio et al. 2014, 2019). In contrast,
developmental psychologists measure investments by the quality of parent-child interactions spe-
cific to the child’s age and to the dimension of human capital under study (e.g., Roggman et al.
2013, Gilkerson et al. 2018). Measures of investments culled from time-use surveys and environ-
ment scales such as the HOME Inventory will have errors in capturing such forms of interaction.

Measuring human capital in early childhood is at least as challenging as measuring investments.
There are two approaches to assessing child development. First, one can assess development di-
rectly, through the interaction between a trained assessor and the focus child. This type of assess-
ment is the norm in many gold standard instruments, such as the Bayley Scales of Infant Develop-
ment (Bayley 1969). Second, other instruments use parental reports [e.g., the Caregiver Reported
Early Childhood Development (CREDI); McCoy et al. 2018]. Measurement error arises in both
approaches because of the difficulty of assessing many elements of human capital given that chil-
dren have limited language capacity [e.g., de Villiers & de Villiers (2014) discuss how children’s
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language skills could affect the measurement of theory of mind skills]. Therefore, developmen-
tal instruments may leave out many critical dimensions of early childhood human capital simply
because we do not know how to extract information from children whose communication skills
are limited, not because these dimensions are not relevant. Additionally, parent-report scales may
have notable reporting errors (Bennetts et al. 2016, Moens et al. 2018).

In estimating human capital production functions, researchers address measurement error
by casting the estimation problem in terms of dynamic factor models (e.g., Cunha et al. 2010,
Agostinelli & Wiswall 2016, Attanasio et al. 2020). Currently, there are four estimators of such
models. Attanasio et al. (2019) use an adaptation of factor score regression to estimate the pa-
rameters of the technology of skill formation proposed by Heckman et al. (2010). Agostinelli &
Wiswall (2016) explore the generalized method of moments (GMM). Cunha et al. (2010) use non-
linear filtering methods to address missing data for measures of human capital and investments
in the Children and Young Adults cohort of the National Longitudinal Survey of Youth 1979
(NLSY79-C/YA). Attanasio et al. (2020) propose a three-step simulation algorithm. In the first
step, they estimate moments of observed measures. In the second step, they match the moments
of the observed measures to the moments imposed by the factor structure. In the third step, they
simulate the factors and recover the production function parameters.

The four estimators described above share common assumptions—dedicated measurement
systems, measurement errors, and endogenous investments—but differ in the assumptions they
make on the error terms. The factor score and GMM approaches do not require assumptions
about the distribution of the error terms. The filtering (both linear or nonlinear) and simulation
approaches impose flexible parametric assumptions on the data (e.g., the density function is ap-
proximated by a mixture of normal density functions). Regardless of the estimation methodology,
this research shows that not accounting for measurement errors has a nonnegligible impact on
the production function estimates or the simulation of counterfactual policies.

4.2.3. Correlation between observed inputs and unobserved terms. Apart from cardinal-
ity and measurement error, researchers interested in estimating early childhood human capital
production functions have to deal with the fact that observed inputs likely correlate with unob-
served inputs. This challenge is similar to the one economists face in the estimation of produc-
tion functions in other subdisciplines such as industrial organization (e.g., Olley & Pakes 1996).
Current-period investments are likely to be endogenous, because they correlate with current-
period unobserved error terms. This form of endogeneity is not the product of, but rather stands
in addition to, measurement error. The endogeneity of investments would still exist even if we
measured investments without error, and we would still have to address measurement error in
investments even if we were able to allocate investments randomly across children.

The literature typically makes use of instrumental variables to derive consistent estimates of
the parameters of human capital production functions. For example, Cunha et al. (2010) use inno-
vations in income, Attanasio et al. (2020) explore variation in prices, and Attanasio etal. (2019) rely
on variation in investments induced by random allocation to a parenting program. The validity
of each of these instruments depends on the nature of the unobserved error terms. For exam-
ple, suppose the unobserved terms capture omitted inputs. In that case, it is unlikely that any of
these variables satisfies the condition to be an exclusion restriction, because inputs could react to
changes in income, changes in prices, or assignment to the control or the treatment parenting
program.

If the unobserved error terms capture omitted inputs that families can only change at signif-
icant cost (e.g., moving to a different neighborhood), then changes in the prices of investment
goods or random assignment to the control group or the treatment parenting education group
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could satisfy the necessary exclusion restrictions. Whether income innovations would satisfy such
conditions depends on whether they capture innovations in permanent or transitory income. If
the innovations are in permanent income, families could adjust the levels of these semifixed inputs
in response to permanent income changes, thereby invalidating the instrument.

Additionally, the use of income or prices as a source of exogenous variation may not be valid
if the goods and services are low-quality measures of the investments in children’s human capital.
For example, if our goal is to measure investments in early language development, then we should
attempt to measure the frequency of joint attention events. The number of such events in a given
month may or may not correlate with the number of books the family purchases in that period.
If not, then income or prices would not serve as an instrument for actual investment (number of
joint attention events), even though they likely predict the number of books in the home.

Human capital production functions differ from other types of production functions because
the lags of the dependent variable are inputs. Other forms of endogeneity will arise in these types
of models if unobserved error terms exhibit serial correlation. The research to date has paid little
attention to the fact that current-period human capital possibly correlates with unobserved er-
ror terms that have serial dependence. In theory, it is possible to design identification strategies
that address such forms of endogeneity. In practice, existing data may not have all of the informa-
tion that such methodologies require. Longitudinal studies such as the NLSY79-C/YA, the Child
Development Supplement (CDS) of the Panel Study of Income Dynamics (PSID), or the Early
Childhood Longitudinal Study Birth Cohort (ECLS-B) follow children and families for long pe-
riods. However, they may lack variables that satisfy the conditions for exclusion restriction. Data
from experimental studies may have more viable candidates for instrumental variables but may
follow children only for a few years. Therefore, new study protocols that produce high-quality
exclusion restrictions in multiple periods would be necessary to shed light on the serial correla-
tion of unobserved error terms in the production of human capital.

5. NEW RESEARCH DIRECTIONS

As our review makes clear, there has been significant progress in the development of the econo-
metric tools economists use to understand human capital formation in early childhood. In this
section, we identify some new directions for research in this field.

The majority of the empirical work in human development economics has recognized the im-
portance of accounting for errors in human capital and investment measures. Therefore, the factor
model has become this literature’s workhorse, especially when the objective is to estimate a hu-
man capital production function. In this sense, there is active research on refining the identification
conditions established by Cunha et al. (2010). For example, Agostinelli & Wiswall (2016) show
how identification conditions can be relaxed when researchers are willing to impose additional
restrictions on the shape of the production functions and have access to age-invariant measures
of human capital. In a similar vein, Embrey (2019) relaxes the CES specification used by Cunha
et al. (2010) and shows how more flexible representations of the production function significantly
improve model fit.

The typical approach in the empirical literature is to assume that the measurement error is
unbiased (i.e., that the errors have a mean of zero conditional on observable characteristics of the
child). However, recent research has uncovered evidence that the errors may be biased, with the
bias varying with the demographic characteristics of the study participants. For example, Segal
(2012) showed that performance in a coding speed test varied according to incentive schemes.
Notably, the individuals whose performance changed as a function of the incentive schemes tended
to have low scores on a conscientiousness test. In early childhood, Charness et al. (2019) influenced
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a child’s performance on a task that measured theory of mind by asking the child to think about
an interaction with another child. Among children growing up in low-income households, this
form of intervention substantially raised the performance of older children (i.e., enrolled in grade
1 or above) on the theory of mind task. We need to adapt these types of study protocols to other
measures of child development. By doing so, we can build a body of evidence on the patterns of
bias in measurement errors, thus providing direction for the development and application of new
methods that can account for biased measurement error (e.g., Hu & Schennach 2008, Hoderlein
& Winter 2010).

In economics, we commonly categorize human capital into broad constructs such as cognitive
and noncognitive skills. This type of classification makes sense because different types of skills
have diverse impacts on socioeconomic outcomes (see, e.g., Heckman et al. 2006). Our discussion
of human capital formation offers, however, another distinction, between skills that individuals
accumulate over time and are not subject to sensitive periods of development (with crystallized
intelligence as one example) and skills that undergo sensitive periods of development that may
occur in diverse stages of the life cycle (i.e., either in early childhood or adolescence). This alter-
native categorization matters for the specification of the human capital production function, and
we need to develop research protocols so that our measures correspond to such constructs. For
example, new research that links behavioral economics to human capital formation has started
to investigate how strategic thinking evolves from early childhood to adulthood (e.g., Brocas &
Carrilo 2018, 2020).

Concomitantly, we need to refine our measures of investments to be able to capture objective
and detailed information about both the quality and the quantity of adult-child interactions, as
research suggests that social interaction is essential for early human capital formation (e.g., Kuhl
et al. 2003). For example, for early language development, joint attention and speech recasting
are vital components of the interaction. Both of these components involve conversational turns
between the child and an adult person. Cunha & Nihtianova (2020) show that the number of
conversational turns a child experiences around age 1 year predicts significantly language devel-
opment at age 2 years. Updating our investment measures matters not only for the estimation of
the human capital production functions but also for the design of new interventions (e.g., Suskind
etal. 2015, Cunha et al. 2020).

A better understanding of the processes driving human capital formation allows for new and
better insights for public policy design. For example, there is no evidence of sensitive periods of
development for crystallized skills. Therefore, early interventions that target these skills’ forma-
tion will not necessarily lead to long-term impacts, because the control group could eventually
catch up with the intervention group. However, if the intervention focuses on skills that undergo
sensitive periods of development and targets children at risk of not developing such skills, then,
theoretically, children in the control group may never catch up with the children in the interven-
tion group.

As we incorporate new human capital measures into economic studies of early childhood de-
velopment, new methods should ensure that these measures have cardinal scales. We envision a
two-step approach. In the first step, one fixes the outcome of interest (e.g., later-life earnings).
Different objectives/outcomes necessitate the construction of different scales. As discussed pre-
viously, cardinality is context dependent, and so must be the construction of cardinal scales. In
the second step, one recreates the same process used in the current design of psychometric scales
but with a different measurement objective. In some circumstances, one could take advantage of
existing items and repurpose them to the new (economic) context, a method developed by Nielsen
(2019). In this approach, one retains (or weighs more heavily) the items strongly associated with
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the outcome of interest and discards (or weighs less) those items that do not correlate with the
outcome.

6. CONCLUSION

This review presented some vibrant developments in the econometrics of early childhood human
capital formation. We showed how this research tackles the lack of cardinality in human capital
measures and the ubiquity of measurement error in early childhood data, and we suggested guid-
ance about how to choose between specifications of human capital production functions. Also,
we showed how anchoring, measurement error, and the correlation between observed inputs and
unobserved error terms affect estimates of the parameters of human capital production functions.

We suggested several directions for future research. In short, we called for refinements of the
identification arguments for human capital production functions, and we summarized evidence
pointing to the fact that measurement errors in such settings may not be classical.

We also presented new developments in the production of cardinal measures of human capital
that closely link with the types of skills that undergo sensitive periods of development in early
childhood. We further highlighted the need for new investment measures that better reflect the
types of adult-child interactions that influence the development of such skills.

Improvements in methodology and in the measuring of human capital and investments will
lead to a more complete understanding of skill development in early childhood. Better methods
and data should yield new theoretical and empirical insights about which forms of constraints
prevent families from investing in their children’s human capital. Such progress will foster the
design of new interventions, which, in turn, will inform new directions for public policy.
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