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ESTIMATING THE TECHNOLOGY OF CHILDREN'S SKILL FORMATION 

Presenter Notes
演示文稿备注
1. The concept of "age invariant" measurement is analyzed.
Compare the skills development with the growth of children's age, and imply the limitation of how the measurement is related during the development.
These assumptions do not apply to all measurements, but at least some skill measurements are done by psychometrics and child development researchers.
We show that if this type of measures are available, more general skills formation techniques can be determined; Not available, you can consider alternative restrictions.
There is a trade-off between the limitation of measurement model and skill technology (if the limitation of one is reduced, the limitation of the other will be increased)

2. Provide some guidance for empirical researchers.
Age-standardized measures (Z-score, popular techniques for transforming and describing skill distribution) cannot guarantee the comparability needed to identify potential skills and technologies.
Age-invariant measurements require assumptions about the relationship between unobserved skills and observed measurements.
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Understand the determinants of 
children's skill formation

Strong correlation between measuring human 
capital and children's future life outcome

The wide dispersion of measured 
human capital in children 

The existing children's skills can't be 
measured perfectly (hindered)

Identify the potential process of skill 
development

Pre:黄涛
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Understanding the determinants of children's skill formation: (For a recent review, see Heckman and Moso, 2014).
However, in the process of evaluating the formation of skills, we are faced with the experience challenge of children's growth, which is hindered by our existing imperfect measurement of children's skills. Although such problems exist in many empirical research fields, there are many different methods to measure children's skills, each of which can be positioned and scaled at will, and provide information about children's potential skills in different periods.
In the case of these measurement problems, it is particularly challenging to identify the potential process of skill development, but it is still essential. Therefore, by simplifying certain assumptions and ignoring the measurement problems, the empirical conclusions may be biased.
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This paper makes two contributions.

• Use estimation framework 
• Experience-based skill measurement limitations
• the specific parameter categories of the model are considered 

in the analysis.

An alternative 
scheme has 

been developed.

• There was an interaction between children's skill growth at 
that time and parents' investment ability.

• It can estimate the heterogeneity of parents' investment 
returns and the complementarity between early and late 
investments at different stages of children's development.

A skill formation 
model is 

estimated.

Pre:黄涛
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Our special starting point is the logarithmic linear measurement model estimated by Cunha et al. (2010) and other recent papers (such as Attanasio et al., 2020). As far as we know, there are only a few exceptions in the current literature. See the research examples of Del Boca et al. (2014a) and Williams(2019) on allowing discrete measurement, and the examples of Bond and Lang (2013, 2018) on nonlinear transformation of test scores. Cunha et al. (2021) provided the latest summary of this study.
An alternative scheme is developed: using the estimation framework of Cunha and Heckman (2007, 2008) and Cunha et al. (2010), and based on the limitation of skill measurement by experience, general skill technology can be identified.
This identification analysis considers the specific parameter categories of the model, but the model categories considered include almost all the models we estimate.
A skill formation model is estimated: the interaction between children's skill growth at that time and parents' investment ability is considered, which enables us to estimate the heterogeneity of parents' investment returns at different stages of children's development and the complementarity between early and late investments.
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contribution:

1. The concept of "age invariant" measurement is analyzed
 Compare the skills development of growing children 
 Implies limitations on how measurements are related during development.
 These assumptions do not apply to all measurements
 Indicate: if this type of measures are available, more classes can be determined to form technology; Not 
available, consider alternative restrictions
 There is a trade-off between the measurement model and the limitations of skill and technology

2. Provide some guidance for empirical researchers 
 Age-standardized measurement (Z-score) cannot guarantee the comparability needed to identify 
potential skills and technologies , Age-invariant measurements require assumptions about the relationship 
between unobserved skills and observed measurements

Pre:黄涛
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1. The concept of "age invariant" measurement is analyzed.
Compare the skills development with the growth of children's age, and imply the limitation of how the measurement is related during the development.
These assumptions do not apply to all measurements, but at least some skill measurements are done by psychometrics and child development researchers.
We show that if this type of measures are available, more general skills formation techniques can be determined; Not available, you can consider alternative restrictions.
There is a trade-off between the limitation of measurement model and skill technology (if the limitation of one is reduced, the limitation of the other will be increased)

2. Provide some guidance for empirical researchers.
Age-standardized measures (Z-score, popular techniques for transforming and describing skill distribution) cannot guarantee the comparability needed to identify potential skills and technologies.
Age-invariant measurements require assumptions about the relationship between unobserved skills and observed measurements.
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Using data from the US National Longitudinal Survey of Youth (NLSY)：

This paper studies the development of cognitive skills of children aged 5-14, and designs a skill 

development model considering the complementarity between parents' investment and children's skills.

The influencing factors of children's skills: parents' investment, 

mothers' skills, family income, Hicks neutral dynamics in total factor 

productivity and free scale income.

Following Cunha et al. (2010), our empirical framework treats not only 

the child’s cognitive skills as measured with error, but investment and 

maternal skills as well.

parental 
investment 

children’s 
skills

Pre:黄涛
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美国全国青年纵向调查(NLSY)：This paper studies the development of cognitive skills of children aged 5-14, and designs a skill development model considering the complementarity between parents' investment and children's skills.
Parents' investment, mothers' skills and family income all have influences on children's skills. Hicks' neutral dynamics and free-scale returns in total factor productivity also have an unobservable impact on the investment process and skill production.

According to the research of Cunha et al. (2010), our empirical framework regards not only children's cognitive skills as errors, but also investment and maternal skills as errors.
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a multiple step instrumental variable estimator.
The measured values in NLSY children's cognitive achievement data set (PIAT score) indicate the development and 

change of children's skills.

Finding:
 The best target of intervention measures is vulnerable children
 The impact on low-income families is greater

When comparing the above estimation with the estimation using the model that ignores the measurement error, the 
former has less policy effect, which shows that the method we adopt is quantitatively important for answering key 
policy questions.

Next——
Three parts: empirical model, identification analysis and estimation procedure using simplified model.
The rest: empirical results, comparison with existing estimates, and policy counterfactual results.

Pre:黄涛
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Multi-step tool variable estimation, our estimator-relatively simple and easy to handle; The parameter distribution assumption of the edge distribution of potential variables and measurement errors is also robust; As is usually imposed in previous empirical literature. Together, we evaluate the skills formation technology, the process of parents' investment in their children, and the distribution of adult education completion and income. We also allow the parameters of production technology and investment process to change freely as children grow older.
The measured values in NLSY children's cognitive achievement data set (PIAT score) indicate the development and change of children's skills.
It is assumed that the age range we consider (5-14 years old) does not change with age. Our estimation of high TFP and early increasing returns to scale shows that investment is particularly effective in the early development period. Contrary to the existing estimation of positive and static complementarity of skills, we find that the marginal productivity of early investment is much higher for children with low existing skills, which shows that the best target of intervention measures is vulnerable children.
Our estimation of the dynamic process of investment and skill development enables us to estimate the heterogeneous therapeutic effect of some simple policy interventions.
We find that the transfer of income to families aged 5-6 will greatly improve children's skills and complete their studies, which will have a greater impact on low-income families.
When we compare these estimates with those using models that ignore measurement errors, the policy effect of our estimates is much smaller, which shows that the methods we adopt are quantitatively important for answering key policy questions.
The next three parts introduce our empirical model, identification and analysis using simplified model, and estimation procedure, including the discussion of data source and measurement. The rest part introduces our empirical results, comparison with existing estimates, and the results of policy counterfactual.



2  Stylized Model
 Skill Production Technology

• θi,t: skill stock

• Ii,t:  flow investment

• ηi,θ,t : production shock

• ht(·): production technology can vary as children age

• ft(θt, It) 
• location: the total factor productivity (TFP) term lnAt

• scale: the return to scale parameter ψt

• E.g. a constant return to scale Cobb-Douglas function, a more general CES function, or 

various “trans-log” functions

Pre:曹诗韵 and乔纪



2  Stylized Model
 Policy-Relevant Effects of Interest

• The features of the technology of skill development inform the optimal timing of policy 

interventions – the optimal investment portfolio across early and late childhood and the optimal 

targeting of policy – to which children should scarce resources be allocated to.

• The productivity of investments at various child ages

• How does heterogeneity in children’s skills affect the productivity of new investments in 

children?

• How do investments in children persist over time and affect adult outcomes?

 Do early investments have a high return because they increase the productivity of later investments 

(dynamic complementarities) or do early investments “fade-out” over time?

• Goal: using childhood interventions to affect eventual adult outcomes

Pre:曹诗韵 and乔纪



2  Stylized Model
 Complementarities and Heterogeneity in Skill Production

• The previous empirical work (Cunha and Heckman, 2008 ; Cunha et al., 2010)
• parametric specifications for the ft function assuming CES forms
• the marginal return to parental investments is assumed to be (weakly) positive with respect to 

the current stock of skills

• the heterogeneous marginal products: the marginal product of parental investments is larger for 
higher skilled children

• The empirical model

• γ3,t: a free parameter that characterizes the heterogeneity in the returns to parental investments

 positive value: higher productivity for highly skilled children

 negative value: higher productivity for skill disadvantaged children

Pre:曹诗韵 and乔纪



3  Measurement and Identification
 Measurement Model

• Children’s skills are measured by multiple measures, which can have some relationship to the 
unobserved latent skill stock θt.

• For each period t, we have Mt measures for latent skills ln θt.

• µt,m: the location of the measures 
• λt,m: the scale of the measures
• ϵt,m: the measurement error, E(ϵt,m) = 0

• Assumptions 
• Measurement errors are independent of latent skills.
• Investment and independent of each other at each period t and  investments are observed.

Pre:曹诗韵 and乔纪



3  Measurement and Identification
 Under-Identification Problem

• Identify the distribution of initial latent skills  (t = 0)
• normalization in the initial period and at least 3 measures of skills in this period

• Cannot separately identify the location and scale of the measures in periods after the initial one 
from the scale and location of the production technology.

• Cannot infer changes in the productivity of investments as children age from changes in the 
marginal product of mean measures.

• Without further restrictions, we cannot simply use changes in the sensitivity of measures to 
investment to infer “sensitive” or “critical” periods.

Pre:曹诗韵 and乔纪



3  Measurement and Identification
 Under-Identification Problem

• The technology (2) has a free location and scale: ln At parameter (TFP in levels) and the ψt
parameter (returns to scale in levels).

• The technology location and scale parameters (At, ψt) are not separately identified from the next 
period measurement location and scale parameters (µt+1,m, λt+1,m).

Pre:曹诗韵 and乔纪



3  Measurement and Identification
 Age-Invariance

• Definition of age-invariant measures 

• Two children with the same level of latent skill would on average perform equally well, 
independently of their age.

• Age-invariance is a kind of factor model restriction.
• The only relevant variable for the measure is the level of latent skill possessed by the child, not 

the child’s age directly.
• The measurement parameters for a specific age-invariant measure m are constant over the two 

age periods(µt,m = µt+1,m and λt,m = λt+1,m).
• Whether a given pair of measures is age-invariant depends on the measures available, and must be 

evaluated on a case-by-case basis.
• Certain test score measures developed specifically to track development as children age are 

age-invariant. Examples of these types of measures for the cognitive skill domain include the 
Peabody Individual Achievement Test (PIAT) and the Woodcock-Johnson tests.

• In the empirical application, we use the PIAT measures and discuss in more detail why we 
believe these measures are age-invariant.

Pre:曹诗韵 and乔纪



3  Measurement and Identification
 Cobb-Douglas Example

• Skills developed in period 1 is specified as

• γ0 ∈ (0, 1)
• ln A0 and ψ0 represent the location and scale of the production
• Assume that the initial period (t = 0) measurement parameters {µ0,m, λ0,m}m are already identified.
• “error-contaminated” measures

• The next period measure is a function of latent skills as follows

Pre:曹诗韵 and乔纪



3  Measurement and Identification
 Cobb-Douglas Example

• Under-identification problem: 5 unknown primitive parameters (ln A0, ψ0, γ0, µ0,m, λ1,m) and only 3 
identified reduced form parameters (βs)

• Assume that the measures Z0,m, Z1,m constitute a pair of age-invariant measures (Definition 1). 
• This implies the measurement restriction µ0,m = µ1,m = µm and λ0,m = λ1,m = λm.

• Given the identification of the initial period measurement parameters µ0,m, λ0,m

Pre:曹诗韵 and乔纪



1.Multidimensional Initial Conditions

for counterfactual exercises ——estimate the initial relationship between latent skills and family income

where

2.Parental Investments

:investment shock, iid～ for all t; independent of latent skills and income

(lnYt) follows an AR(1) process:

4 .Estimation
4.1 Functional Forms

Pre:杨雅欣 and曹韵诗



3.Skill Technolog——translog form

4 Adult Outcome

Independent of 

production shock independent of 

adult outcomes:years of schooling measured at age 23 and log earnings at age 29.

Pre:杨雅欣 and曹韵诗



5.Measurement

for all t,m

for all t,m

for all m

for all m

Errors are independent of each other contemporaneously,independent of each other over-

time,independent of latent variables, and independent of production and investment shocks

Pre:杨雅欣 and曹韵诗



4.2 Estimation Algorith

——advantage/disadvantage of the sequential algorithm

• estimator does not require the simulation of thefull model;
• a joint estimation approach is by breaking the estimator into steps, which makes the 

identification assumptions as transparent as possible;
• loss of efficiency

Pre:杨雅欣 and曹韵诗



Step 0 (Estimate Initial Conditions and Initial Measurement Parameters)

——Estimate  the  measurement  parameters  at  the  initial  period  (age  5-6)

——Initial measurement intercepts

——Form the following “residual” measure

Pre:杨雅欣 and曹韵诗



Step 1 (Estimate Investment Function Parameters)

Re-arranging：

Pre:杨雅欣 and曹韵诗



Step 1 (Estimate Investment Function Parameters)

Estimation of (11) by OLS would yield inconsistent estimates of theβj,0,mcoeffi-cients because the measures 
are correlated with their measurement errors (includedin the residual termπI,0,m)

Use instrumental variable estimator：

Obtain consistent estimators for theβj,t,m coefficients：

Pre:杨雅欣 and曹韵诗



Step 2 (Compute Measurement Parameters for Latent Investment):

The intercept and factor loading for the investment measure are given by：

“residual” measures for investment in periodt= 0:

and

Where

Pre:杨雅欣 and曹韵诗



Step 3 (Estimate Skill Production Technology)

Substituting the residual measures into the production technology (3), we have：

where the new error term πθ,0,m is:
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Step 3 (Estimate Skill Production Technology)

The rest of the reduced-form parameters (δs) map into the structural parameters and measurement parameters 
in the following way:

Estimation  of  (12)  using  OLS  would  lead  toan inconsistent estimator.

With IV：[Zθ,0,m′,ZI,0,m′,Zθ,0,m′,ZI,0,m′],we can then recover the structural parameters:
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Step 4 (Estimate Variance of Investment and Production Function Shocks):

Use the covariance between  the  residual  term  (πI,0,m)  in  (11),  and  an  alternative  residual  measure  of
investment

To compute the residual measure ZI,0,m：

Pre:杨雅欣 and曹韵诗



Remaining Steps :

Estimate equations for both years of education at age 23 and logearnings at age 29. With IV method：

Standard Errors :

• To account for the sources of estimation uncertainty among different steps andthe  
sample  design  of  the  data ==》Bootstrap  algorithm

• To account for the intra-family correlation ==》Block bootstrap algorithm

Pre:杨雅欣 and曹韵诗



4.3 Data
• Source: National Longitudinal Survey of Youth 1979 (NLSY79)
• Match female with their children from Children and Young Adults surveys from 1986 to 2012
• Observations of age 5-6 through adulthood, 11,509 children
• Multiple measures

• children’s skills
• Peabody Individual Achievement Test (PIAT) : Mathematics (age-invariant) , Reading and 

Recognition
• Peabody Picture Vocabulary Test (PPVT)

• mother’s skills
• mother’s cognitive skills: Armed Services Vocational Aptitude Battery (ASVAB)
• mother’s non-cognitive skills: Rotter and Rosenberg indexes

• parental investments
• family income
• children’s highest grade completed at age 23 or older
• children’s earnings at age 29

Pre:王祎
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5. Results

• Parameter Estimates
• Estimated Child Development Path
• Policy Experiments
• Quantifying the Importance of Measurement Error
• Cost-Benefit Analysis

Pre:王祎



l n 𝐼𝐼𝑡𝑡 = 𝛼𝛼1,𝑡𝑡l n𝜃𝜃𝑡𝑡 + 𝛼𝛼2,𝑡𝑡l n𝜃𝜃𝑀𝑀𝑀𝑀 + 𝛼𝛼3,𝑡𝑡l n 𝜃𝜃𝑀𝑀𝑀𝑀 + 𝛼𝛼4,𝑡𝑡l n𝑌𝑌𝑡𝑡 + 𝜂𝜂𝐼𝐼,𝑡𝑡

*** *** ** **

***

*** *** *** ***

*** *** *** ***

1. Parameter Estimates Pre:王祎
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Column 1:
At ages 5-6, we find that investment is increasing in children’s skills, mother’s skills, and family income.
Non-cognitive skills of the mother estimated to have a substantially higher elasticity than cognitive skills.
1 percent increase in family income raises investment by 0.34%.
Estimated variance of the investment shock-- Parental investments remains unexplained by this model.
Over the development period:
The influence of the child’s prior skills on investments becomes smaller at later ages.
Mother’s non-cognitive skills become the dominant influence on investment.
income is still a significant and positive factor.



l n𝜃𝜃𝑡𝑡+1 = l n𝐴𝐴𝑡𝑡 + 𝛾𝛾1,𝑡𝑡l n𝜃𝜃𝑡𝑡 + 𝛾𝛾2,𝑡𝑡l n 𝐼𝐼𝑡𝑡 + 𝛾𝛾3,𝑡𝑡l n 𝐼𝐼𝑡𝑡 ⋅ l n𝜃𝜃𝑡𝑡 + 𝜂𝜂𝜃𝜃,𝑡𝑡

*** *** *** ***

*** ** *

†

𝜕𝜕l n𝜃𝜃1
𝜕𝜕𝜕 n 𝐼𝐼0

= 𝛾𝛾2,0 + 𝜸𝜸𝟑𝟑,𝟎𝟎l n𝜃𝜃0

Low skill High skill
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For age 5-6 skill production, a significant negative complementarity between the stock of a child’s skills and parental investments.
The elasticities of skill production with respect to investment are heterogeneous: interventions would have the largest effect on skill disadvantage children.



1. Parameter Estimates

𝑄𝑄 = 𝜇𝜇𝑄𝑄 + 𝛼𝛼𝑄𝑄l n𝜃𝜃𝑇𝑇 + 𝜂𝜂𝑄𝑄

1 unit↑ Increase of 0.15 years of completed education at age 23
0.041 increase in log earnings at age 29

Pre:王祎



2. Estimated Child Development Path

𝐸𝐸 l n𝜃𝜃𝑡𝑡

l n𝜃𝜃𝑡𝑡

Pre:王祎
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Children’s mean latent skills grow substantially over this development period, from age 5 to 14, with the most rapid growth at early ages and growth slowing somewhat in the later period.
The latent distribution of cognitive skills becomes more dispersed as children age.




3. Policy Experiments

• Analyze the effect of income transfers on childhood skill development and adult outcomes
• The transfer is $10,000 in family income at age t=a.

𝐸𝐸 l n𝜃𝜃𝑇𝑇′ (𝑎𝑎) − l n𝜃𝜃𝑇𝑇 : at age 13-14

16% ↑

3% ↑

𝐸𝐸 𝑆𝑆′(𝑎𝑎) − 𝑆𝑆 : months of completed schooling at age 23

0.3↑

0.05↑

Pre:王祎
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Level of skill at age 13-14 with an income transfer, and level of skill at age 13-14 at baseline (no income transfer).
A 10,000 transfer given at age 5-6 increases the average stock of age 13-14 skills by approximately 16 percent. Providing the same transfer later has a smaller average effect.
A 10,000 transfer given at age 5-6 would increase the number of average months of completed schooling by 0.3 months. Providing the same transfer at a later period.



3. Policy Experiments

• Estimate this heterogeneity in the policy treatment effects by child’s initial skills (Y0) and initial 
family income levels (θ0)

𝐸𝐸 𝑆𝑆′(𝑎𝑎) − 𝑆𝑆𝐸𝐸 𝑆𝑆′(𝑎𝑎) − 𝑆𝑆

Y0 θ0

ATE=0.3ATE=0.3

poor households rich households low initial skill high initial skill

Pre:王祎
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The large heterogeneous effects by family income stem from:
family income(Y) in producing child investments(I) 
positive correlation of income(Y) with maternal skills(θM) and the child’s initial skills(θ0) .
2. The importance of heterogeneity by initial skill is substantially smaller than by family income. 
3. Better to target the policy to low income households, or both.



4. Quantifying the Importance of Measurement Error

• Discuss how the estimates of the primitive production technology would differ if we ignore the 
measurement error issues

A substantial reduction in the 
estimated effect of an income 
transfer.
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5. Cost-Benefit Analysis

• Providing income transfers to families would produce positive gains in children’s skills, with 
larger effects for poorer households.

• Present a simple cost-benefit analysis that focuses on an income transfer policy to the poor 
families (10th percentile of Y0)

Pre:王祎
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The net benefit of the policy is positive for earlier ages and it declines throughout childhood.
The largest policy net benefit is when children are 5-6 years old, and it turns negative if the income transfer is implemented too late, when the child is 11-12 years old.
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 In this paper, a new recognition result is developed based on the measures of skill measurement 
restriction.

 Based on the recognition results, a robust sequential estimation algorithm is developed.
 This paper uses American data and a flexible skill development parameter model to estimate the skill 

production process, which allows the complementarity of free skill production between children's skill 
stock and parents' investment.

 Parameter estimation shows that: Investment is more effective in the early stage, especially for 
disadvantaged children.

 The research results show that: Income transfer has a positive return at an early age, especially for 
poorer families

 The research results show that: For children's skills, family income is a better "goal" than initial 
children's skills.

 Finally, we find that the policy impact of estimation is attenuated by the bias of measurement error, 
which proves that it is crucial to correct the estimation measurement error.
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These empirical assumptions are sufficient to identify general skills development techniques, including previously unrecognized features, total factor productivity and return on scale. Based on our recognition results, we developed a robust estimation using sequential estimation algorithm. Our estimator does not need to make strong assumptions about the marginal distribution or potential factors of measurement errors.
The results show that income transfer has a positive return at an early age, especially for poorer families, which is basically consistent with previous evidence that income has a positive impact on many children's outcomes (see Dahl and Lochner, 2012; Loken et al., 2012; Agostinelli and Sorrenti, 2018) use different identification sources.



Thanks


	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23
	幻灯片编号 24
	幻灯片编号 25
	幻灯片编号 26
	幻灯片编号 27
	4.3 Data
	幻灯片编号 29
	5. Results
	幻灯片编号 31
	幻灯片编号 32
	幻灯片编号 33
	幻灯片编号 34
	幻灯片编号 35
	幻灯片编号 36
	幻灯片编号 37
	幻灯片编号 38
	幻灯片编号 39
	幻灯片编号 40

