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This paper develops a framework to address issues of contamination in parent-
reported measures of child noncognitive skills. We estimate a dynamic model in
which child and parental skills evolve jointly and leverage information provided
by teachers and interviewers to deal with contamination of parent-reported mea-
sures. The model also allows us to examine the relative importance of mothers and
fathers in the evolution of child skills. Our findings reveal that ignoring contami-
nation significantly underestimates the role of maternal non-cognitive skills in the
evolution of child noncognitive skills. Additionally, we find evidence of stronger
feedback effects from child skills to mothers than fathers. Simulation exercises
demonstrate how contamination can distort evaluations of early childhood poli-
cies, underscoring the importance of robust measurement approaches.
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1. Introduction

Many studies have shown that human capital skills developed in early childhood are
strong predictors of later life outcomes such as educational attainment, earnings, and
health (Todd and Wolpin (2007), Cunha, Heckman, Lochner, and Masterov (2006), Mof-
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fitt, Arseneault, Belsky, and Caspi (2011), Conti, Heckman, and Pinto (2016)). As a conse-
quence, the success of publicly funded policies such as universal child care, Head Start
(for the US) or Sure Start (for the UK) are often measured according to their effects on
children’s skills. Recently, there has been a growing interest in the impact such policies
have on a particular aspect of child human capital, noncognitive skills (Deming (2009),
Baker and Milligan (2015)). Noncognitive skills aid in the development of cognitive skills
throughout early childhood and directly impact labor market outcomes (Cunha, Heck-
man, and Schennach (2010), ACFM+ (2020), Heckman, Stixrud, and Urzua (2006)). Yet,
how do we measure child noncognitive skills, such as emotional stability, motivation,
and self-regulation, when children are too young to understand complex questions and
provide accurate reports of their attitudes and behaviors?

To date, much of the analysis regarding child noncognitive skill formation relies on
surveys where parents assess the emotional and social behavior of their child.1 These
assessments are naturally subjective and can reflect not only the noncognitive skills of
the child but also the skills and traits of the parents, such as their well-being or men-
tal health. The trouble with relying on parent-reported measures of child skills is that
parental skills are a direct input in the production function of child skills, and estimating
their impact is challenging when child noncognitive skill measures are contaminated.
The problem becomes even more complex in a dynamic setting, where parental skills
are time varying and can evolve in response to child skill development.

In this paper, we estimate a dynamic model of child skill formation that accounts for
measurement contamination and the joint evolution of child and parent skills. Build-
ing on the framework of Cunha, Heckman, and Schennach (2010), we introduce three
main innovations. First, we allow parent-reported measures of child noncognitive skill
to be contaminated by parental skills. Second, we explicitly model the joint formation
and evolution of child and parent skills over time, capturing feedback effects between
them. Third, we distinguish between maternal and paternal contributions, enabling us
to assess the relative roles of mothers and fathers in shaping child development.

We use the model to address two key research questions. First, we ask how esti-
mates of child skill dynamics differ when measurement contamination is ignored. We
show that standard models that do not address this issue misrepresent the persistence
and drivers of noncognitive skill development. Second, we examine the consequences
of relying on contaminated measures in reduced-form policy evaluations. Even when
treatment is exogenous and appropriate causal methods are applied, estimates of the
effects of policies like universal child care on child noncognitive skills can be biased if
contaminated measures are used as outcomes. Our findings highlight the importance of
accounting for contamination when employing structural and reduced-form models to
study early childhood skill development.

1This is true for the US, where the most commonly used data for this type of analysis is the National Lon-
gitudinal Mother–Child Supplement (Deming (2009), Cunha, Heckman, and Schennach (2010)), as well as
the UK, where researchers (Del Bono, Francesconi, Kelly, and Sacker (2016), Hernández-Alava and Popli
(2017)) have mainly relied on the Millennium Cohort Study (University College London, UCL Social Re-
search Institute, Centre for Longitudinal Studies (2024)).
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Quantitative Economics 17 (2026) Child noncognitive skill measures 137

We use data from the Millennium Cohort Study (MCS), a large prospective study of
infants born between 2000 and 2002 in the United Kingdom. Successive interviews took
place every few years and include cognitive and noncognitive assessments of child de-
velopment. The data offers important features that we leverage to identify the effects
of interest. Specifically, the noncognitive skills of the child are evaluated by parents at
every wave, but also by interviewers or teachers such that we have measures from dif-
ferent evaluators at every age of the child. An additional attractive feature of the MCS is
the availability of parental skills, and specifically parental mental health at each wave.2

Finally, data on child noncognitive skills is usually provided by mothers, but for a small
proportion of the sample fathers report on child skills, which offers the opportunity to
examine the role of fathers in child skill formation.

We begin with descriptive analysis highlighting the subjective nature of child
noncognitive skill measures. We compare the correlation between mother-reported
child noncognitive skills and maternal noncognitive skills with the correlation between
teacher (or interviewer)-reported child noncognitive skills and maternal noncognitive
skills. We show that maternal noncognitive skill measures are highly correlated with
child noncognitive skill measures only when using child noncognitive skill measures
reported by the mother. Additionally, low non-cognitive skill mothers evaluate their chil-
dren more negatively relative to teachers than high noncognitive skill mothers. When
the father is the main survey respondent, it is the father’s noncognitive skill measures
that best predict child noncognitive skills. These patterns suggest that the identity and
attributes of the child’s evaluator can impact measures of child noncognitive skills.

To fully address issues of contamination and account more generally for the impor-
tance of parental skills in child skill formation, we formulate a joint model of child and
parent skills production in a dynamic setting. A key innovation is to relax the assumption
that there is no contemporaneous correlation in child skill measures other than through
child skills. In particular, we allow parent, teacher, and interviewer-reported measures
of child noncognitive skills to be contaminated. This contamination can be viewed as a
component of skill measurement error that is potentially correlated across noncognitive
skill measures and, in the case of parents, with the measures of other skills. Our model
is identified under the assumption that contamination in the child noncognitive skill
measures reported by different evaluators are independent of each other. We provide
supportive evidence for this assumption and investigate the consequences of plausible
violations.

We estimate our model using a two-step approach similar to Agostinelli and Wiswall
(2025), ACFM+ (2020), and Attanasio, Meghir, and Nix (2020). The results show that a
1 standard deviation increase in maternal noncognitive skills when the child is age 3
improves noncognitive skills at age 11 by a statistically significant 0.1 standard devia-
tions. Paternal noncognitive skills do not have a significant impact on child skills de-
velopment, but paternal cognitive skills have a statistically significant positive effect on
child cognitive and noncognitive skills development. Our model also captures the joint
evolution of parent and child skills, allowing for bidirectional influences. In contrast to

2Parental mental health conditions may affect the reporting of children’s mental health status and other
child noncognitive skills (NWNS+ (2000), Sawyer, Streiner, and Baghurst (1998)). Here, we think of parental
mental health as a specific type of parental noncognitive skill relevant to the development of the child.
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138 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

previous studies, we allow parental noncognitive skills to evolve in response to child de-
velopment. We find that a one standard deviation increase in a child’s noncognitive skill
at age 3 leads to a 0.12 standard deviation increase in maternal noncognitive skill when
the child is age 11. The effect on paternal skills is also positive but approximately half as
large.3

To address our first research question—how ignoring measurement contamination
biases estimates of child skill dynamics—we compare our results to those from a con-
ventional model that uses only parent-reported measures of child noncognitive skill and
assumes the measures are uncontaminated. In the parent-only model, the estimated ef-
fect of maternal noncognitive skill on child non-cognitive skill is substantially smaller
and not statistically significant. Also, the self-productivity of child noncognitive skills
is significantly larger. These patterns arise because the contaminated parent-reported
measures of child non-cognitive skill absorb variation attributable to maternal traits, bi-
asing the estimated effects of maternal noncognitive skills and the self-productivity of
child-noncognitive skills.

To address our second research question—how contamination can bias reduced-
form estimates of early childhood policies—we use our model to simulate latent skills
and observed measures consistent with a universal child care intervention (Haeck, Lebi-
han, Lefebvre, and Merrigan (2022), Yamaguchi, Asai, and Kambayashi (2018), Baker,
Gruber, and Milligan (2008)). In a first simulation, we assume that universal child care
only leads to a one standard deviation increase in maternal noncognitive skill at base-
line. We find that measured child noncognitive skill rises by up to 0.15 standard devi-
ations in the initial period, an effect that arises entirely from contamination, as child
skills are not directly affected by the policy. Over time, the increase in maternal skills
influences child development, but even after 8 years, roughly half of the observed in-
crease in child noncognitive skill measures is due to contamination rather than true skill
gains. In a second exercise, we simulate a policy that directly increases both maternal
and child noncognitive skills by 0.2 standard deviations, consistent with estimates from
Baker, Gruber, and Milligan (2008), who find that expanded access to free child care in
Quebec affected both outcomes (negatively). Even in this case, we find that up to one-
quarter of the observed increase in measured child noncognitive skill can be attributed
to contamination.

Our paper is the first to propose a methodology to tackle systematic error in mea-
sures of child noncognitive skills in a dynamic model of skills formation. The existing
literature in economics has largely ignored this issue (Cunha, Heckman, and Schennach
(2010), ACFM+ (2020)). One explanation for this are data constraints, since dealing with
the contamination of parent-reported measures of child noncognitive skills requires the
availability of measures from multiple evaluators. While this type of data is frequently
collected and analyzed in the psychological and psychometric literature on child de-
velopment and is increasingly preferred to “single-informant” data (KMAE+ (2003), DL-
RAWT+ (2015), Martel, Markon, and Smith (2017)), it is less readily available in large and

3Using data from Pakistan, SBBM+ (2024) estimate a reduced-form model in which maternal mental
health measured 12 months (36 months) since the birth of the child is a function of the child socioemo-
tional and physical skills at 6 months (12 months), but do not find significant impacts. It is possible that the
interaction between child and maternal skills manifests more clearly when children are older.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 139

representative surveys. One notable exception is the work conducted by Johnston, Prop-
per, Pudney, and Shields (2014), who use the 2004 Survey of Mental Health of Children
and Young People in Britain to examine the effects of child mental health on education.
The survey provides measures of child mental health reported by parents, teachers, and
the children themselves, who are all assumed to be biased informants. The setting is
static and identification relies on diagnostic assessments from a panel of psychiatric ex-
perts, who are assumed to be unaffected by systematic bias.4

The idea of relying on multiple evaluators or multiple measurement methods to
purge measures of contamination instead has a long history in the broader psychomet-
ric and applied statistics fields (Campbell and Fiske (1959), Joreskog (1971)). Using mul-
tiple evaluators can reduce what is known as common source bias, which might arise
from rater-specific effects or self-report bias (Podsakoff, MacKenzie, Lee, and Podsakoff
(2003)). Our main contribution to this literature is to allow for the bias to be a function
of the evaluator’s latent traits.

Our study also adds to a well-established literature that explores the impacts of ma-
ternal mental health on childrens’ outcomes. A substantial part of this literature inves-
tigates the effects of maternal stress in pregnancy or during the post-natal period on
child development using either natural experiments—which create exogenous variation
in maternal psychological well-being (Black, Devereux, and Salvanes (2016), Persson
and Rossin-Slater (2018))—or randomized control trials (Baranov, Bhalotra, Biroli, and
Maselko (2020)). By modeling the joint dynamics of child and parental skills, our setup
is closer to Ronda (2017), who focuses only on the effect of maternal mental health on
child cognitive skills, and ACFM+ (2020) who also consider effects on children’s non-
cognitive skills. None of these papers however addresses the problem of contamina-
tion of parental reports of child noncognitive skills measures on which we focus here,
nor discusses explicitly the impact of child skills on parental skills, a link that has been
emphasized mostly in the health literature (Kvist, Nielsen, and Simonsen (2013), Kuhn
and Carter (2006), Davis and Carter (2008), Choe, Olson, and Sameroff (2014), Hastings
(2002)).

2. Data

The data for our analysis are from the Millennium Cohort Study (MCS), a prospective
study of infants born between 2000 and 2002 and representative of the overall UK popu-
lation.5 The first wave of data collection took place when infants were around 9 months

4In a more recent study, Feng, Han, Heckman, and Kautz (2022) compare child, guardian, and teacher
reports of child noncognitive skills using data from a longitudinal survey of children in primary schools
in the Mianzhu region of China. They document that teacher reports are more predictive of later children
cognitive and behavioral outcomes in school. Although relevant and interesting, these results do not di-
rectly speak to concerns regarding contamination. A measure can be both more predictive and have sys-
tematic bias. Our framework allows for both channels, where measurement error can directly affect predic-
tive power and contamination can lead to systematic biases. Quantifying the role of contamination, unique
to our analysis, is essential for properly assessing the nature of policy counterfactuals like those presented
in Section 6.2.

5Infants born on eligible dates in eligible areas were selected from the Child Benefit Register, a universal
benefit in the UK at the time. The sampling design allowed for overrepresentation of areas with high levels
of childhood deprivation and high proportions of ethnic minorities (Plewis (2007)).
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140 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

old and includes 18,552 children. Interviews were conducted at ages 3, 5, 7, 11, 14, and
17. Our analysis uses data from the first 4 waves (up to age 11), that is, the last year of
primary school. We focus on this age range since this is when children are less able to
self-assess their socioemotional well-being and reliance on different evaluators is most
acute.

Sample selection The initial sample consists of singleton children and those with initial
interviews not conducted by proxy (19,048 children). We select families with two parents
(14,648 children) and exclude cases with missing data on gender, ethnicity, maternal age,
and basic family demographics (14,598 children). Only families who appear in at least
one wave from age 3 onward are included, as this is when cognitive outcomes are first
recorded, yielding a final sample of 12,530 children (see Table 1). Over time, observations
are dropped after parents separate or due to attrition, creating an unbalanced panel.
Dropout is more likely among male children, those with less educated parents, and those
from minority ethnic groups, though the regression results are robust to accounting for
these factors.6

Table 1. Descriptive statistics.

All Families
t = 0 or t = 1

Two-Parent
Families

t = 0 or t = 1

Two-Parent
Families

t = 0 or t = 1

Two-Parent
Families

t = 1 or Later

Mean std. dev. Mean std. dev. Mean std. dev. Mean std. dev.
(1) (2) (3) (4)

% Male 0.51 0.51 0.51 0.51
% White 0.87 0.88 0.88 0.88
% Single mothers 0.15 0.00 0.00 0.00
% First born child 0.42 0.41 0.41 0.40
Child’s age 0.93 0.52 0.91 0.48 0.91 0.48 3.33 0.90
Number of siblings 0.90 1.02 0.91 1.00 0.91 1.00 1.22 0.99
Mother’s age at birth 28.89 5.84 29.83 5.35 29.84 5.35 30.05 5.23
Father’s age at birth 32.09 5.90 32.34 5.75 32.35 5.74 32.48 5.63
Mother’s years of schooling 12.06 1.79 12.28 1.82 12.28 1.82 12.35 1.83
Father’s years of schooling 12.13 1.90 12.18 1.91 12.18 1.91 12.22 1.91
England 0.82 0.83 0.83 0.83
Wales 0.05 0.05 0.05 0.05
Scotland 0.09 0.09 0.09 0.09
Northern Ireland 0.03 0.03 0.03 0.03

N 19,048 14,648 14,598 12,530

Note: UK Millennium Cohort Study. Sampling weights used throughout. Data on father’s schooling only available for fa-
thers in two-parent families. Column (1) is based on the whole sample of children who enter the study for the first time either
in t = 0 or t = 1 (these correspond to the first and second wave of the study, when children were 9 months and 3 years old,
respectively); column (2) restricts to the subsample of two-parent families; column (3) restricts further by eliminating observa-
tions with missing values on the demographics; column (4) shows our final estimation sample, which includes only two-parent
families observed from t = 1 onwards.

6In particular, the baseline regression results of Table 4 are very similar when we consider only children
that remain in the sample for the whole period.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 141

Table 2. Child cognitive measures.

t = 1
(Age 3)

t = 2
(Age 5)

t = 3
(Age 7)

t = 4
(Age 11)

Administered by interviewer
Bracken School Readiness ✓
BAS Naming Vocabulary ✓ ✓
BAS Picture Similarities ✓
BAS Patterns Comprehension ✓ ✓
BAS Word Reading ✓
NFER Progress in Maths ✓
BAS Verbal Similarities ✓
Cambridge Gambling Task: quality ✓
Spatial Working Memory Task: strategy ✓
Spatial Working Memory Task: total errors ✓

Assessed by teacher
FSP (Reading, writing, calculating, etc.) ✓
Subject assessment (English, Math, and Science) ✓ ✓

Note: UK Millennium Cohort Study.

Table 1 shows that there is very little difference in the gender and ethnic composition
of these samples, as well as their geographical distribution. The age of the child (in years)
at the first interview is also virtually identical. There is however a substantial difference
with respect to sociodemographic characteristics. Mothers are usually older and more
educated among the sample of two-parent families and in our final estimation sample.7

Child cognitive outcomes The cognitive skills of the child are measured using tests ad-
ministered by the interviewer as well as teacher assessments. In each wave, at least two
measures of child cognitive skills are available (see Table 2).

Some of the tests administered by the interviewer come from the British Ability
Scales or BAS (Elliott, Smith, and McCulloch (1996)). At age 3, we rely additionally on
the Bracken School Readiness Assessment (Bracken (2002)), which is considered a good
indicator of success in education. At age 7, we use a variant of the National Founda-
tion for Educational Research (NFER) Progress in Mathematics test. At age 11, we have
measures from the Cambridge Gambling Task (CGT) and the Spatial Working Memory
(SWM) task (RJOS+ (1998)).8

7Education is measured as years of schooling. This measure is obtained assuming: (i) all individuals with
no qualifications left school before the end of compulsory education (with either 8, 9, or 10 years of school-
ing depending on their date of birth), (ii) those with a certificate of secondary education left school at the
end of the compulsory schooling period (with either 9, 10, or 11 years of schooling depending on their date
of birth), (iii) those with O-levels or equivalent qualifications have 11 years of schooling, (iv) those with A-
levels or equivalent qualifications have 13 years of schooling, (v) those with a diploma in higher education
have 14 years of schooling, and those with a degree or higher level of education have 15 years of schooling.

8All measures collected by the interviewer were obtained using Computer Assisted Personal Interviewing
(CAPI) by interviewers who were specifically trained, but did not have a psychology background. Where
appropriate, our analysis uses age-adjusted ability scores, which reflect the raw score and the difficulty of
the items administered.
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Table 3. Child noncognitive measures.

t = 1
(Age 3)

t = 2
(Age 5)

t = 3
(Age 7)

t = 4
(Age 11)

Reported by the mother
SDQ (hyperactivity, conduct, emotional, peer) ✓ ✓ ✓ ✓
CSB (independence, emotional) ✓ ✓ ✓
CSB (cooperation) ✓

Reported by interviewer
Behavior score (extreme behavior, attention, cooperation) ✓

Reported by teacher
FSP (dispositions, social, emotional) ✓
SDQ (hyperactivity, conduct, emotional, peer) ✓ ✓

Note: UK Millennium Cohort Study.

Our measures of child cognitive skills also include teacher assessments. The Early
Years Foundation Stage Profile (FSP), reported by the teacher at the end of reception (age
5), describes the child’s stage of development in the following areas: (i) personal, social,
and emotional development; (ii) communication, language, and literacy; (iii) problem
solving, reasoning, and numeracy; (iv) knowledge and understanding of the world; (v)
physical development; (vi) creative development. We sum up all scales in all areas, ex-
cluding (i) and (v), to construct a measure of cognitive skills. At age 7 and 11, we use the
teacher’s evaluations across English, Math, and Science.

Child noncognitive outcomes The noncognitive skills of the child are obtained from
parents, interviewers, and teachers; in each wave, at least three teacher and/or inter-
viewer measures are available (see Table 3).

Across all waves the main respondent (usually the mother) is asked to complete
the Strengths and Difficulties Questionnaire (SDQ). The SDQ is a behavioral question-
naire designed to measure psychological adjustment in children aged 3 to 16 (Good-
man (1997)), and identifies five domains: (i) hyperactivity, (ii) conduct problems, (iii)
emotional symptoms, (iv) peer problems, and (v) pro-social behavior. We add the scores
across the first four components to obtain a measure of child noncognitive skills.9 An-
other measure is derived from the parents’ answers to the Child Social Behavior Ques-
tionnaire (CSB), which captures the child’s ability to perform tasks independently, to
concentrate, and to control his/her emotional responses (MHQS+ (2004)). A set of ques-
tions to measure child cooperative behavior was added at age 7.

At age 3, the interviewer was asked whether the child had been fidgety, focused, dis-
ruptive, etc., during the assessment and the interview. Two questions captured extreme

9We exclude the pro-social measure since it was conceived as a separate measure representing strengths
or resources (see Goodman (1997) and Goodman, Lamping, and Ploubidis (2010)). Our descriptive patterns
and model results are not sensitive to including the pro-social subscore as an additional measure of child
noncognitive skill.
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behavior (i.e., child is dangerous, child is disruptive), others were combined using prin-
cipal component analysis to obtain a measure of “focus and attention,” and of “coop-
erative behavior.” Teacher assessments consist of the component of the FPS (see above)
which measures personal, social, and emotional development (age 5), and the SDQ (ages
7 and 11).

Maternal and paternal noncognitive measures The MCS provides measures of the
mental health of the respondent and his/her partner at each interview. Specifically, the
main respondent and the partner were asked to provide answers to questions from a
shortened version of the Kessler questionnaire, used to diagnose mental illness (KBCE+
(2003)). A higher score on these items indicates the presence of psychological distress or
depression. We also use the answer to a question on life satisfaction, scaled from 1–10 (1
being “completely dissatisfied” and 10 being “completely satisfied”).

Maternal and paternal cognitive measures Respondents report their own and their
partner’s academic qualification, which we transform into years of schooling (see foot-
note 9). In the first wave of the survey, respondents are also asked about any difficulties
they or their partner have reading books, filling forms, or performing everyday math.
However, these binary measures are relatively uninformative since approximately 95%
of respondents and partners indicate no problems with these activities. As a result, we
rely primarily on years of schooling to measure parental cognitive skill.

3. Preliminary evidence of distortions and impacts

In this section, we provide descriptive evidence of the presence of contamination in
child noncognitive skill measures. We begin by examining raw differences in maternal
and teacher evaluations of child noncognitive skills where the measurement tools are
identical. At ages 7 and 11, both mothers and teachers evaluate child noncognitive skills
using the SDQ. As a reminder, we use four components of the SDQ covering emotional
symptoms, behavioral conduct, hyperactivity, and peer problems. There are five ques-
tions in each component for a total possible score of 10, where we scale responses such
that higher numbers are associated with higher noncognitive skills. In Section 1 of the
Supplemental Appendix (Del Bono, Kinsler, and Pavan (2026)), we present the questions
and scoring for each SDQ component. The Supplemental Appendix will be referred to
throughout the paper as SA.

Figure 1 illustrates the distributions of the differences between maternal and teacher
measures in four domains of the SDQ. The maximum and minimum differences are 10
and −10, but most differences range between 5 and −5. More importantly, the distribu-
tions appear to be skewed slightly to the left, indicating that mothers are evaluating chil-
dren more negatively on average. Additionally, the differences in maternal and teacher
measures are strongly positively correlated across the components of the SDQ (aver-
age correlation is 0.25), suggesting systematic differences for the same child. While we
cannot determine which respondent, mother, or teacher is closer to the truth, we can
certainly conclude that the assessments differ.10

10For each SDQ subcomponent, a formal Kolmogorov–Smirnov test rejects that the maternal and teacher
distributions are equal. SA Table 1 shows the joint density of maternal and teacher SDQ scores.
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144 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

Figure 1. Differences between maternal and teacher SDQ measures. Notes: UK Millennium
Cohort Study. Each panel plots the density of maternal SDQ responses minus teacher SDQ re-
sponses when children are ages 7 and 11. SDQ scores range from 0 to 10, with higher numbers
indicating more positive behaviors. The sample includes only those children where mothers and
teachers provide the four SDQ measures.

A level difference between maternal and teacher measures of child non-cognitive
skill can easily be accommodated in standard dynamic latent factor models of skill de-
velopment. However, if the measures of child noncognitive skills are affected by the
skills or traits of the evaluator, key assumptions of the standard model may be violated.
Figure 2 provides suggestive evidence that maternal noncognitive skills influence how
mothers report about their child’s non-cognitive skills. The figure plots the differences
between maternal and teacher SDQ measures separately for low and high noncognitive
skill mothers, where we proxy for maternal skill using raw Kessler scores.11 The distribu-
tions reveal that low noncognitive skill mothers, or mothers with raw Kessler scores less
than or equal to 5 (see PSMS+ (2012a)), evaluate their children more negatively relative
to teachers than high noncognitive skill mothers across all subcomponents of the SDQ.

While Figure 2 suggests that responder traits can influence responses about child
noncognitive skills, it is difficult to ascertain whether the observed differences are jointly
significant. Additionally, to construct this figure we utilize only a subset of the available
child noncognitive skill measures at specific ages. In the following paragraphs, we take
a more systematic approach for documenting the links between child noncognitive skill
measures and responder traits using additional measures and survey waves.

We first extract the principal factor for child and parental skills in the ages 3, 5, 7,
and 11 waves using the measures discussed in the data section. These skill proxies are

11SA Section 2 presents the questions and scoring for the Kessler survey administered to parents.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 145

Figure 2. Differences between maternal and teacher SDQ measures by maternal skill. Notes:
UK Millennium Cohort Study. Each panel plots the density of maternal SDQ responses minus
teacher SDQ responses when children are ages 7 and 11 separately by maternal Kessler scores.
Low noncognitive skill mothers have moderate to severe symptoms on the Kessler scale. SDQ
scores range from 0 to 10, with higher numbers indicating more positive behaviors. The sample
includes only those children where mothers and teachers provide the four SDQ measures.

noisy versions of the true underlying skills and are functions of different skill measures
in different years. Additionally, if even one of the underlying skill measures is missing,
the skill proxy will also be missing. The dynamic model we introduce in the next sec-
tion will handle these concerns. Here, we simply provide additional suggestive evidence
of contamination in child noncognitive skill measures that drive our modeling choices
later on.

There are four types of individuals who report on a child’s noncognitive skills: moth-
ers, fathers, interviewers, and teachers. An interviewer assesses the child at the end of
the age 3 survey, while a teacher assesses the child in all subsequent periods. In every
wave, either the mother or father evaluates the child’s noncognitive skills. To illustrate
that the identity of the survey respondent can influence the assessment of the child, we
create separate child noncognitive skill proxies for each type of respondent. We then
explore how these evaluator-specific noncognitive skill proxies relate to child cognitive
skills and parental cognitive and non-cognitive skills. The basic idea is that if each type
of respondent provides dedicated measures of the child’s true noncognitive skills, the
resulting skill proxies should project similarly on the other skill proxies.

Table 4 provides evidence that the identity of the evaluator can impact child noncog-
nitive skill measures. The table reports estimates from the following regression model:

NonCog r
it = α0 + α1Cog it + α2MotherCog i + α3MotherNonCog it + α4Xit + uit
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146 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

Table 4. Evidence of distortions in child noncognitive skill measures.

Child Noncognitive Skillt

Mother Reported Teacher/Interv. Reported

(1) (2) (3) (4)

Child Cognitive Skillt 0.206 0.191 0.291 0.270
(0.007) (0.007) (0.007) (0.007)

Mother Cognitive Skillt 0.117 0.095 0.021 0.019
(0.007) (0.008) (0.006) (0.007)

Mother Noncognitive Skillt 0.299 0.291 0.071 0.068
(0.007) (0.007) (0.007) (0.007)

Missing Indicators Y Y Y Y
Demographics N Y N Y
N 33,905 33,905 26,818 26,818
R2 0.182 0.208 0.110 0.138

Note: UK Millennium Cohort Study, data from t = 1 to t = 4 (child ages 3, 5, 7, and 11). Estimates are obtained by OLS.
Variables representing child skills and parental skills are transformed by principal component analysis into factors with mean
0 and standard deviation 1. Demographic variables include: gender of the child, ethnicity, age of the child (in months) and its
square, maternal age (in years) and its square, number of siblings, weekly family income, and region of birth. Standard errors
are clustered at the individual level.

where t = 1, � � � , 4 (corresponding to ages 3, 5, 7, and 11) and r corresponds to the
person reporting the child’s noncognitive skill proxies, either the mother or the inter-
viewer/teacher. The key controls are the principal factors for child cognitive skill (Cog ),
maternal cognitive skill (MotherCog ), and maternal noncognitive skill
(MotherNonCog ).12 In the first two columns, we report the coefficients that result when
we use the child noncognitive skill proxy generated using the mother’s responses as the
dependent variable. In the third and fourth columns, we use the child noncognitive skill
proxy generated from the teacher/interviewer responses as the dependent variable.13

Child noncognitive skills should be strongly correlated with the child cognitive skills
and maternal skills since they are all interrelated. However, the key result in Table 4 is the
difference in the conditional correlations across the skill measures according to the type
of evaluator. When we utilize the mother’s measures of child noncognitive skill, there is
a strong relationship between child noncognitive skills and mother noncognitive skills.
When we utilize the teacher/interviewer’s measures of child noncognitive skills, the co-
efficient on the mother noncognitive skills declines by approximately 80%.14 Addition-

12When constructing the child cognitive skill proxy we do not include teachers’ evaluations of the child
cognitive abilities since we are concerned they may also be contaminated. In the full statistical model, we
employ these measures and account for potential contamination directly.

13We assess whether the results are sensitive to demographic controls (X) by including the gender of the
child, ethnicity, age of the child (in months) and its square, maternal age (in years) and its square, number of
siblings, weekly family income and region of birth in the second and fourth columns. Although the principal
factors are age specific (meaning mean zero by wave), we control directly for age since within the same
cohort children may differ in their age by several months.

14All skill proxies are standardized to have a mean of zero and a standard deviation equal to one.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 147

ally, the coefficient on the child cognitive skill increases substantially when we use the
teacher/interviewer-generated child noncognitive skill.15,16

While we view the differential impact of maternal noncognitive skills presented in
Table 4 as evidence of contamination, an alternative explanation is that parents, teach-
ers, and interviewers are reporting about different underlying latent skills. This concern
is especially acute since the maternal, teacher, and interviewer factors for child noncog-
nitive skill are based on different underlying skill measures. To investigate further, we
project the raw SDQ measures that are common between parents and teachers onto
child cognitive, maternal cognitive, and maternal noncognitive principal factors. If the
evidence for contamination in Table 4 arises primarily because informants are report-
ing about different underlying skills, we would expect them to moderate significantly
when we use overlapping measures. The results, presented in Table 5, indicate that the
distortions do not moderate and exist across various aspects of child noncognitive skill.
The maternal noncognitive factor projects much more strongly on all maternal-reported

Table 5. Evidence of distortions using only SDQ measures.

SDQ Measures

Emotional Conduct Hyperactivity Peers

Mother
(1)

Teacher
(2)

Mother
(3)

Teacher
(4)

Mother
(5)

Teacher
(6)

Mother
(7)

Teacher
(8)

Child Cognitive Skillt 0.191 0.228 0.175 0.147 0.512 0.695 0.147 0.184
(0.016) (0.021) (0.013) (0.014) (0.021) (0.027) (0.014) (0.019)

Mother Cognitive Skillt 0.049 0.035 0.080 0.012 0.143 0.072 0.065 −0.011
(0.017) (0.020) (0.013) (0.013) (0.024) (0.028) (0.015) (0.019)

Mother Noncognitive Skillt 0.454 0.141 0.318 0.106 0.493 0.169 0.314 0.115
(0.018) (0.021) (0.014) (0.015) (0.023) (0.028) (0.015) (0.019)

Missing Indicators Y Y Y Y Y Y Y Y
Demographics Y Y Y Y Y Y Y Y
N 15,077 9703 15,086 9702 15,052 9702 15,074 9702
R2 0.106 0.037 0.116 0.064 0.165 0.195 0.110 0.034

Note: UK Millennium Cohort Study, data from t = 3 and t = 4 (child ages 7 and 11). Estimates are obtained using linear
regressions. The dependent variables are raw SDQ scores in a particular domain as reported by mothers and teachers. Demo-
graphic controls as in footnote to Table 4. Standard errors are clustered at the individual level.

15We conducted a formal test of equality of the coefficients in columns (1) and (3) (as well as (2) and (4))
reestimating the model on the sample of observations for which both mother and teacher assessments are
available. The results on this sample are virtually identical to those shown in Table 4 and the null hypothesis
that the coefficients are the same is rejected in all cases.

16We explore whether contamination is mainly driven by mothers with low levels of noncognitive skills.
In order to do so, we split the sample into above and below average maternal noncognitive skill groups, or
exclude mothers with moderate or severe cases of depression according to their Kessler score (see PSMS+
(2012b)). In all cases, the coefficient associated with maternal noncognitive skill is large relative to the corre-
sponding coefficient when teacher-reported measures of child noncognitive skill are used as the dependent
variable. We also investigate whether the contamination varies with the number of siblings and the num-
ber of years of schooling of the mother. In all cases, we find that the contamination patterns are extremely
similar to the results in Table 4.
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148 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

Table 6. Teachers versus interviewers.

t = 1 t > 1

Nt reported by:
Mother

(1)
Interviewer

(2)
Mother

(3)
Teacher

(4)

Child Cognitive Skillt 0.188 0.309 0.194 0.264
(0.011) (0.011) (0.008) (0.008)

Mother Cognitive Skillt 0.132 −0.018 0.078 0.036
(0.010) (0.010) (0.008) (0.008)

Mother Noncognitive Skillt 0.268 0.021 0.299 0.091
(0.011) (0.010) (0.008) (0.008)

Missing Indicators Y Y Y Y
Demographics Y Y Y Y
N 9391 9343 24,514 17,475
R2 0.218 0.130 0.207 0.158

Note: UK Millennium Cohort Study, data from t = 1 (child age 3) in column 1, and for t = 2 to t = 4 (child ages 5, 7, and 11).
Estimates are obtained using linear regressions. Variables representing child skills and parental skills are transformed by prin-
cipal component analysis into factors with mean 0 and standard deviation 1. Demographic controls as in footnote to Table 4.
Standard errors are clustered at the individual level.

child SDQ measures as compared with teacher-reported child SDQ measures.17 In Ta-
ble 6, we further show that interviewer and teacher assessments of child noncognitive
skill correlate similarly with other child and parental skills. Moreover, both interviewer
and teacher assessments differ significantly from maternal assessments. Overall, the re-
sults in Tables 5 and 6 indicate that contamination is relevant for many possible dimen-
sions of children noncognitive skills.

In Table 7, we push the contamination idea one step further by looking at cases
where the father is the main survey respondent and reports on the child non-cognitive
skills. Although these are only a few cases and the sample is not representative of the to-
tal population, the exercise is useful for illustrative purposes. The first column of Table 7
uses the mother-reported measure of child skills as the dependent variable, but here
we add paternal cognitive and noncognitive skills to the regression. Similar to the re-
sults from Table 4, we find that maternal non-cognitive skills are highly correlated with
child noncognitive skills. Paternal skills are also correlated, but the strength of this re-
lationship is weaker. The second column reports results from a similar regression but
uses the teacher-reported measures of child noncognitive skills as the dependent vari-
able instead. As before, we see that the correlation between maternal skills and child
noncognitive skills is reduced, indeed now maternal and paternal skills are similarly re-
lated to child noncognitive skills. The third column uses the father-reported measures
of child noncognitive skills. The striking result here is that father noncognitive skills now

17We conducted a formal test of equality of the coefficients across the mother- and teacher-reported
SDQ measures, reestimating the models on the sample of observations for which both mother and teacher
assessments are available. The results on this sample are virtually identical to those shown in Table 5 and
the null hypothesis that the coefficients are the same is rejected in all cases.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 149

Table 7. Additional evidence of distortions in child noncognitive skill measures.

Child Noncognitive Skillt

Mother Reported
(1)

Teacher Reported
(2)

Father Reported
(3)

Child Cognitive Skill 0.186 0.267 0.152
(0.007) (0.007) (0.046)

Mother Cognitive Skill 0.080 0.013 0.033
(0.009) (0.007) (0.057)

Mother Noncognitive Skill 0.281 0.058 0.155
(0.007) (0.007) (0.053)

Father Cognitive Skill 0.034 0.011 0.068
(0.009) (0.007) (0.051)

Father Noncognitive Skill 0.044 0.040 0.225
(0.007) (0.007) (0.046)

Missing Indicators Y Y Y
Demographics Y Y Y
N 33,905 26,818 443
R2 0.2117 0.140 0.304

Note: UK Millennium Cohort Study, data from t = 1 to t = 4 (child ages 3, 5, 7, and 11). Estimates are obtained by OLS. See
footnote to Table 4 for the definition of variables. Standard errors are clustered at the individual level.

appear to be strongly correlated to child noncognitive skills.18 The differences between

the mother and father noncognitive skills coefficients across columns one and three are

statistically significant, despite the fact that we have a small number of observations

where the father is the primary respondent.

The finding that the noncognitive skills of the reporting parent are always strongly

related to the noncognitive skills of the child suggests that parental measures of child

noncognitive skills may be influenced by parental skills or parental characteristics and,

therefore, contaminated. This contamination means that parent-reported measures are

correlated within a period and across time. Of course, teacher-reported measures of

child noncognitive skills might also be influenced by teacher skills or characteristics,

introducing a correlation across all teacher-reported measures within the same period.

Ignoring systematic measurement error in parent and teacher reports is likely to bias es-

timates of skills production. In the next section, we develop a framework for estimating

skills production that addresses these contamination issues under specific assumptions.

18One potential concern would be that when the father is the main respondent, this is a signal that the fa-
ther plays a more prominent role in the household. This could result in a stronger link between the noncog-
nitive skill of the child and that of the father. However, we examined the link between child noncognitive
skill and parental noncognitive skill for the same children in column (3) of Table 7 when the mother is the
main respondent (in a different wave of the study). We found that the pattern in column one reemerges,
that is, it is the mother’s noncognitive skills that are most strongly related to the child noncognitive skills.
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4. The model

4.1 Setup

To analyze in detail the dynamics of child skill development and parental emotional
well-being, we follow a procedure similar to Cunha et al. (2010). In our model, a child
and her parents are followed for T periods. Each child is characterized by cognitive and
noncognitive skills, which are unobserved (to the econometrician). Parents are charac-
terized by observed cognitive skills and unobserved noncognitive skills.19 The skills of
the child in household i are denoted by (Cit , Nit ), where C indicates cognitive skill and
N indicates noncognitive skill. The cognitive and noncognitive skills of the parents in
household i are given by (CP

i , NP
it ), where P ∈ {M , F } for maternal and paternal skills,

respectively. All (child and parental) noncognitive skills are assumed to evolve over time.
Child cognitive skills also change over time, while parental cognitive skills are assumed
to be constant.

At t = 1, the first period in our model (corresponding to the interview conducted
when the child was 3 years old), six skills are drawn from a joint density. We represent
the initial skill draw for household i according to

Si1 ∼ F1, (1)

where Si1 = (Ci1, Ni1, CM
i , NM

i1 , CF
i , NF

i1 ) is a six-dimensional vector. Child and parental
skills evolve over time according to

Sit+1 = ft(Sit ) + vit+1 and vit+1 ∼ Ft+1, (2)

with the restriction that CP
it+1 = CP

it = CP
i1. Since parental cognitive skills are time-

invariant, ft is essentially a four-dimensional function that represents the law of motion
or production function of future child skills and parent noncognitive skills.20

The function ft can be flexibly specified to allow for the self-productivity of skills,
and dynamic complementarities or substitutability across skills types. In other words,
maternal and paternal skills have an impact on child skills that can be an increasing
or decreasing function of past child skills. As is standard in this literature, child cogni-
tive skills can foster noncognitive skills and vice versa. Maternal and paternal noncog-
nitive skills are allowed to evolve over time as a function of all other skills, including
their child’s cognitive and noncognitive skills. The four elements of the shock, vit+1, can
be correlated with each other. While we define ft and Ft to be general functions, in the
estimation section we discuss the parametric assumptions we employ to estimate the
model.

The above framework does not explicitly include observed household characteristics
in the production of skill. This is because we purge our skill measures of demographic

19The model can be generalized to the case of unobserved parental cognitive skills. However, since the
MCS contains only one informative measure of parental cognitive skills, we cannot treat the underlying
skills as unobserved and we need to impose the assumption that parental cognitive skills are observed.

20In our setting, the estimated effect of parental skills on future child skills captures both the direct effect
and any indirect effect working through parental investments.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 151

and household variables (see footnote 21 for additional detail) such that the unobserved
skill components discussed above are orthogonal to these characteristics. By doing this,
we are implicitly allowing demographics to affect the evolution of skill in a linearly sep-
arable fashion. An exception to this is the heterogeneity analysis we undertake in Sec-
tion 6.1.1 where we analyze how the evolution of the skills differs across socioeconomic
status and gender.

4.2 Skill measures

Child cognitive and noncognitive skills and parental noncognitive skills are not directly
observed, but multiple noisy measures of these skills are available. We assume that the
measurements are generated as follows:

MC
ijt = μC

jt + αC
jtCit + ϵCijt (3)

MNP

ijt = μNP

jt + αNP

jt NP
it + ϵN

P

ijt for P ∈ {M , F } (4)

where the above equations refer to measures of child cognitive skills and maternal and
paternal noncognitive skills.21 The errors, ϵ, are assumed to be independent across in-
dividuals, measures, and time periods, and the total number of measures j for each type
of skill can vary. Note that there is no measurement equation for parental cognitive skills
since we assume these skills are observed.

In the previous section, we presented suggestive evidence that parent-reported mea-
sures of child noncognitive skills are likely to be correlated with other key variables, such
as parental skills. It is also possible that parent-reported measures of child noncognitive
skills are correlated over time. Thus, the measurement equations for parent-reported
measures of child noncognitive skills can be written as

MN
Pijt = αN

P ,1jtNit + αN
P ,2jtC

P
i + αN

P ,3jtN
P
it + αN

P ,4jtθi + ϵNP ,ijt , (5)

where CP
i and NP

it are parental cognitive and noncognitive skills, and θi is a family-
specific factor that is time invariant.22 The latter produces a correlation across all

21We first residualize all MCS skill measures (including the child noncognitive skill measures discussed
below and parental cognitive skill measures) by regressing them on child age in months, gender, ethnicity,
an indicator for first born child, parent’s age at time of birth, and indicators for region and area of depri-
vation. We do this because child and parental characteristics may impact the measures directly. However,
these observable characteristics can also capture observable components of skill. In this case, our produc-
tion technology and measurement system is consistent with a model where observables affect skill accu-
mulation but in a linearly separable fashion from the unobserved skill components. The standard errors
presented later will reflect the fact that the residualized measures are estimates themselves. Note that if we
estimate a version of the model where we do not residualize the MCS skill measures, the impulse response
and policy counterfactuals are mostly unaffected.

22We assume that any contamination in the child noncognitive skill measures does not have a direct im-
pact on skill accumulation. However, if parents act on their perceptions of child noncognitive skills when
choosing investment, contamination will affect the evolution of skills. This is not a problem for contami-
nation driven by CP

i and NP
it , since parental skills are allowed to affect the evolution of skills as in equation

(2). θi does not enter the production function and as a result we ignore this potential link between con-
tamination and production. This is consistent with θi capturing a family factor that influences how parents
respond to survey questions about their children but does not affect their behavior.
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parent-reported child skills measures, which is fixed over time. This might arise if, con-
ditional on parental skills, some parents are more or less likely to classify certain child
behaviors as problematic.23 Note that only one parent reports on a child’s noncognitive
skill in a given survey wave.

In addition to a parent, other survey participants report on the child’s non-cognitive
skills. These are typically the child’s school teachers, although at t = 1 (age 3) this is the
interviewer since children are not yet in school. The presence of multiple evaluators is
key to identify contamination in parent-reported measures of child noncognitive skills,
as we will show. Notice, however, that identification does not rely on the assumption that
these additional measures are free of contamination. Indeed, we can allow for correlated
measurement error in the teacher-reported measures:

MN
T ,ijt = αN

T ,1jtNit + αN
T ,2jtTit + ϵNT ,ijt . (6)

Here, the random component Tit is assumed to be independent of all other variables,
and is independent across individuals and time periods but constant across contempo-
raneous measures for the same individual. The presence of Tit accounts for the idea that
some teachers are more or less likely to classify certain child behaviors as problematic
conditional on the child’s true noncognitive skills.

An important assumption in our model is that the random teacher effect is indepen-
dent of all other skills. One concern might be that a teacher’s evaluation of child noncog-
nitive skills is contaminated by child cognitive skills, since cognitive skills development
is a primary focus of schooling. This would mean that Tit is correlated with Cit . However,
Table 6 shows that the relationship between child cognitive and noncognitive skills are
very similar when we use teacher-reported or interviewer-reported measures of child
noncognitive skills. Interviewers are likely less focused on cognitive skills development,
suggesting that our assumption that Tit and Cit are uncorrelated is reasonable.

A second source of dependence could arise through the sorting of teachers and stu-
dents. Note that the random teacher effect in our setting captures a level shift in how
teachers evaluate noncognitive child skills. This is not obviously related to typical mea-
sures of teacher quality making it less likely that parents and teachers sort according to
this feature. Regardless, we look for evidence of sorting by examining whether the condi-
tional correlations between child cognitive skills, maternal skills, and teacher-reported
child noncognitive skills change as we include observed and unobserved teacher and
school characteristics. The basic idea is that we would expect these correlations to be
smaller within schools or teachers if households are strongly sorted into schools and
classroom. In Table 8, we display coefficients for a regression of teacher-reported child
noncognitive skills on child and maternal skills with and without school or teacher ef-
fects.24 The estimates, while statistically different, are economically of the same magni-
tude suggesting that sorting is likely not a primary concern.

23The error term ϵP ,ijt is assumed to be independent across individuals, measures, and time periods.
24Teacher identifiers are only available in wave 3 (child age 7), which is why the sample is smaller in the

final column.
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Table 8. Teacher and school controls.

Teacher-Reported Measures

Baseline
(1)

School FE
(2)

Teacher FE (Age 7 Only)
(3)

Child Cognitive Skillt 0.263 0.243 0.281
(0.009) (0.012) (0.043)

Mother Cognitive Skillt 0.036 0.048 0.021
(0.008) (0.013) (0.040)

Mother Noncognitive Skillt 0.090 0.075 0.101
(0.009) (0.011) (0.035)

Missing Indicators Y Y Y
Demographics Y Y Y
N 17,347 17,347 5536
R2 0.158 0.480 0.800

Note: UK Millennium Cohort Study, data from child ages 5, 7, and 11. Estimates are obtained using linear regressions.
Variables representing child skills and parental skills are transformed by principal component analysis into factors with mean
0 and standard deviation 1. Demographic controls as in footnote to Table 4. Standard errors are clustered at the individual level
in column 1, at the school-level in column 2, and at the teacher level in column 3.

A final source of dependence between Tit and other model components, including
Tit ′ for t ′ ≠ t, is through direct communication. Parents and teachers typically meet mul-
tiple times over the course of a school year. A low noncognitive skill mother may share
negative views about their child’s noncognitive skill with the teacher, thus influencing
the teacher’s evaluation directly. Similarly, teachers can share opinions of a student with
teachers in other grades. Such communication across survey respondents is likely to
induce a positive correlation between Tit and NM

it , for example, a violation of our iden-
tifying assumption. However, it is important to point out that this violation likely leads
us to understate the importance of measurement distortions. The correlation between
parent skills and teacher effects will be inappropriately attributed to variability in child
non-cognitive skill that will then project even more strongly on maternal skills in a dy-
namic model.

While we lack data to directly investigate the importance of this communication
channel, we analyze the robustness of our key findings to violations of our identifying
assumptions by imposing various levels of correlation between Tit and NM

it or Tit and
Tit ′ (among others) and reestimating the model and counterfactuals. As we discuss in
more detail in Section 6.2, the policy effect distortions tend to be larger when teacher
effects are positively correlated with maternal noncognitive skills, for example.

4.3 Identification

In this section, we briefly describe our approach to identification. A more formal treat-
ment is provided in SA Section 1. The components of the model that need to be identi-
fied include: the production function (ft ), the distribution of skill shocks (Ft ), and all the
parameters of the measurement equations. The key challenge is to pin down the joint
distribution of unobserved skills, Si. Because parental cognitive skills are observed, they

 17597331, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.3982/Q

E
2297 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [12/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



154 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

pose no threat to the identification of our model and for the sake of brevity are excluded
from the discussion. Once the joint density of Si is identified, we can identify the law of
motion of skills, or production function, as the expectation of one skill conditional on
past skills. Suppose for a moment that we know the joint density of all skills Si, then for
skill Yit+1 where Y ∈ {C, N , NM , NF } define

fYt+1(Yit ) ≡E(Yit+1|Sit ) (7)

where the mean of vit+1 is normalized to zero. We can then recover vYit+1 = Yit+1 −
E(Yit+1|Sit ) and identify Ft using the distribution of vYit+1.

Although it is clear that ft and Ft can be identified when the joint distribution of Si
is known, Si is unobservable. To identify the joint distribution of Si, we use the mea-
surement model described in the previous section. Following the approach of Cunha,
Heckman, and Schennach (2010), it is straightforward to show that the first and second
moments of all unobserved skills other than the child noncognitive skills can be iden-
tified by taking the appropriate covariances between measures. For example, after nor-
malizing the loading factor to one on the first measure of each skill, the following four
covariances,

Cov
(︁
MC

i1t , M
C
i1τ

)︁ = σC
t,τ for t ≠ τ (8)

Cov
(︁
MC

ijt , M
C
i1τ

)︁ = αC
jtσ

C
t,τ for t ≠ τ (9)

Cov
(︁
MC

ijt , M
C
i1t

)︁ = αC
jtσ

C
t (10)

Cov
(︁
MC

i1t , M
NP

i1τ

)︁ = σCNP

t,τ for P ∈ {M , F }, (11)

can be used to identify the covariance of child cognitive skills over time, the loading fac-
tor on child cognitive skills across measures, the variance of child cognitive skills each
period, and how child cognitive skills varies with parent noncognitive skills. Similar co-
variances can be used to identify the second moments related to parental noncognitive
skills.

Identifying the second moments related to child noncognitive skills is more chal-
lenging. All the measures related to child noncognitive skills have additional unobserv-
ables that are common across multiple measures. If we took a strategy similar to the one
above, we would not be able to isolate terms related only to Nit . For example, the covari-
ance between two teacher-reported measures in the same period will also contain the
variance of Tit . Additionally, the covariance between a teacher-reported measure and
parent-reported measure will contain not only the variance of child noncognitive skill,
but also how the child noncognitive skill covaries with parental skills.

Two assumptions are needed to identify the second moments related to the child’s
noncognitive skills: (1) contamination in the parent-reported measures is indepen-
dent of the contamination in the teacher-reported measures, and (2) contamination in
teacher-reported measures is independent over time. To see how the latter assumption
aids identification, consider the covariance between two teacher measures from differ-
ent periods:

Cov
(︁
MN

T ,i1t , M
N
T ,i1τ

)︁ = σN
t,τ for t ≠ τ
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Cov
(︁
MN

T ,ijt , M
N
T ,i1τ

)︁ = αN
T ,1jtσ

N
t,τ for t ≠ τ.

These two observable quantities identify the covariance of child noncognitive skills
across different time periods and the loading factor relative to the teacher measure. As-
sumption (1) allows us to pin down the variance of child non-cognitive skills each pe-
riod by taking the covariance between teacher and parent-reported measures of child
noncognitive skill. Additional details are provided in SA Section 1.

Once the first and second moments of Si have been identified, we show that the
joint distribution of Si is nonparametrically identified. This is necessary to allow skills
evolution to be nonlinear. The proof broadly follows Theorem 1 of Cunha, Heckman,
and Schennach (2010), though we modify it slightly to account for correlated errors in
the child non-cognitive measures.

5. Estimation and results

Following Attanasio, Meghir, and Nix (2020), ACFM+ (2020), and Agostinelli and Wiswall
(2025), estimation of the model proceeds in two steps. First, we flexibly estimate the joint
distribution of child and parental skills, along with all the parameters of the measure-
ment system. Second, we draw from the estimated skill distribution and estimate the
skill technology. SA Section 1 provides the details for the estimation procedure. While
we do not show all the estimates of the first stage, we can use those estimates to provide
insight into the size of the parental and teacher distortions present in the measures of
child noncognitive skill.

In Table 9, we present the estimated fraction of the variance for each measure that is
the result of the true underlying skill and distortion. These fractions do not add to one
since part of the variation in each measure is also the result of measurement error. The
first panel of the table presents the signal strength of the child cognitive skill measures
based upon standardized exams. By construction, there is no contamination in these
measures. In the first three periods, most of the measures are close to 50% signal, while
in the final period the measures are noisier. Overall, the signal component of our child
cognitive measures are lower than those reported in other studies (Cunha, Heckman,
and Schennach (2010), ACFM+ (2020)). Between t = 2 and t = 4, teachers also evaluate
the cognitive skill of the child. This is a subjective measure, which is also affected by the
teacher random effect. In the second panel of Table 9, we show that there is a nontriv-
ial amount of noise in these measures that will be correlated with the teacher-reported
measures of child noncognitive skill.

The third and fourth panels of the table show the degree of contamination in the
parent- and teacher-reported measures of child noncognitive skill. The share of the vari-
ance in these measures resulting from parent skill, parent random effects, or teacher
random effects are quite large. For example, when parents respond regarding the hyper-
activity of their child, the share of the variation stemming from distorting components
ranges from 12.4% to 18.6% across period. The share of contamination in the teacher re-
sponses are even larger. In general, parent-reported measures of child noncognitive skill
provide a better signal than teacher-reported measures. This is consistent with parents
observing their children over longer periods of time and in different social contexts.
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156 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

Table 9. Contamination in measurements.

t = 1 t = 2 t = 3 t = 4

Signal Cont. Signal Cont. Signal Cont. Signal Cont.

Child Cognitive—Test Based
Braken 58.1% -
BAS Naming Vocabulary 41.9% - 36.7% -
BAS picture similarity 21.5% -
BAS pattern compr. 32.5% - 33.4% -
BAS Word Recognition 52.1% -
NFER in Math 53.1% -
BAS verbal 25.7% -
GTC quality 6.9% -
CANTAB swm strat 12.4% -
CANTAB swm err 24.2% -

Child Cognitive—Teacher Reported
FSP 31.8% 24.9%
Teacher assessment 61.1% 5.7% 70.7% 3.8%

Child Noncognitive—Parent Reported
SDQ emotional 20.9% 5.9% 28.6% 8.2% 30.3% 8.4% 34.0% 6.4%
SDQ conduct 35.3% 9.9% 34.6% 12.8% 35.5% 13.8% 29.7% 10.3%
SDQ hyperactivity 33.3% 12.4% 38.1% 18.0% 40.4% 18.6% 41.1% 14.6%
SDQ peer 20.0% 5.6% 33.8% 8.3% 35.5% 7.9% 49.4% 4.8%
Q. Independence 6.5% 0.1% 18.0% 1.0% 26.9% 1.7%
Q. Emotional 36.4% 10.7% 40.1% 14.2% 40.7% 15.2%
Q. Cooperation 32.0% 6.8%

Child Noncognitive—Intverviewer/Teacher Reported
Focus 5.7% 94.1%
Cooperation 2.7% 37.9%
Extreme behavior 4.4% 11.5%
FSP, personal 8.9% 44.9%
FSP, social 8.5% 65.3%
FSP, emotional 9.3% 70.9%
SDQ emotional 6.9% 3.5% 15.6% 3.4%
SDQ conduct 7.8% 37.2% 12.7% 32.6%
SDQ hyperactivity 14.9% 53.6% 18.2% 42.1%
SDQ peer 11.8% 13.6% 17.7% 7.6%

Note: UK Millennium Cohort Study. Estimates are obtained using the model and estimation method outlined in Sections 4
and 5. Each entry in this table represents the fraction of the variance of a given measurement that is explained either by the
true skill (signal) or by the contamination. Consider, for example, a parent reported measure of the child noncognitive skills.
This measure can be written as

MN
Pijt = αNP ,1jtNit + αNP ,2jtC

P
i + αNP ,3jtN

P
it + αNP ,4jt θi + ϵNP ,ijt .

The signal corresponds to the fraction of the total variance that is explained by the variance of αNP ,1jtNit . The contamination

corresponds to the fraction of the variance that is explained by the variance of αNP ,2jtC
P
i + αNP ,3jtN

P
it + αNP ,4jt θi .

In a second step, we focus on estimating the skills production functions. The details
of the procedure are also presented in SA Section 1, and estimates of the skill transi-
tion functions are presented in SA Table 2. As we discuss in Del Bono, Kinsler, and Pa-
van (2022), the estimated parameters are affected by the normalizations we imposed
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for identification and therefore discussing those estimates is not very meaningful. How-
ever, in the Appendix we present the coefficient estimates themselves to highlight some
basic overarching patterns, like self-productivity and cross-productivity in skills. The es-
timates also show that the noncognitive skill of the child seems to have a statistically sig-
nificant impact on the evolution of the noncognitive skill of the parents, especially the
mother. Finally, there is evidence of nonlinearity in the skill transition functions, though
it appears rather small in magnitude. In fact, imposing linearity only mildly reduces the
fit of the estimated production functions.

In Del Bono, Kinsler, and Pavan (2022), we also show that some properly defined
treatment effects are identified without loss of generality. In the next subsection, follow-
ing those results, we provide a more intuitive interpretation of the estimates by exploring
how a shock to skills in one period impacts skills in a future period in terms of standard-
ized measures.

6. Assessing the impact of contamination

While estimates of the skill production and measurement equations are informative,
they do not fully reveal how contamination in child noncognitive skill measures can
distort our understanding of skill formation or the evaluation of interventions aimed
at improving child outcomes. In this section, we undertake two empirical exercises to
highlight the practical consequences of measurement contamination.

In the first exercise, we assess how accounting for contamination alters our under-
standing of parent–child skill dynamics. We compare treatment effects derived from
our dynamic latent factor model to those obtained from alternative specifications that
ignore contamination. These treatment effects capture how an exogenous increase in
child or parental skill at a given age affects the future trajectory of child and parental
skills.25 Our comparisons show that ignoring contamination leads to substantially bi-
ased inferences, particularly regarding the role of child noncognitive skills and the influ-
ence of parental traits.

In the second exercise, we turn to the evaluation of early childhood policies— such
as universal child care—and examine how contamination biases reduced-form esti-
mates of policy effects. Even under random assignment, if the policy also affects parental
skills, and if parent-reported child measures are contaminated by those same skills, the
observed effect on the child will conflate real skill gains with rater-driven distortions. We
use our model to quantify this bias and show that it accounts for a substantial share of
the observed effect.

6.1 Contamination in skill dynamics from latent factor models

The first exercise we pursue is to increment child and parental skills in various periods
and observe how final skills are affected. These treatment effects provide an intuitive

25Many other papers that employ dynamic latent factor models to study skill development examine sim-
ilar types of treatment effects to gain better insight into skill dynamics. Examples include Agostinelli and
Wiswall (2025), ACFM+ (2020), and Aucejo and James (2021).
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158 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

way to understand the relationships between skills across various periods of childhood.
To generate treatment effects, we first simulate child and parental skills in the initial pe-
riod. We then increase one type of skill, say child noncognitive skill, and simulate how
this and all other skills evolve using the estimated production function. We then com-
pare the treatment effects from our main specification with the treatment effects gener-
ated by three alternative models that neglect contamination issues.

The first alternative model is one where we ignore the availability of teacher-
reported, child noncognitive skill measures. Thus, we reestimate the entire model re-
lying only on parental measures of child noncognitive skills. In this model, we do not
include any measurement distortions in child noncognitive skill measures since it is not
possible to identify the related parameters when measures come from one type of eval-
uator only. Most research on child noncognitive skill development is estimated in such
a fashion since most datasets lack teacher interviews.

Even when teacher interviews are available, a naïve approach would be to simply
combine their assessments of the child with parental assessments and estimate a stan-
dard model. We investigate whether this approach yields different conclusions regard-
ing the production of skill. Finally, we estimate a model that relies only on teacher mea-
sures of child noncognitive skill. Similar to the parent-only model, we do not allow for
measurement distortions (teacher effects) in the child noncognitive measures since the
within-teacher covariances across measures are needed to identify the variance of child
noncognitive skill and the related factor loadings.

Tables 10 and 11 show how boosting child and parental skills at t = 1 (age 3) impacts
average child and parental skills at t = 4 (age 11) for our main, parent-only, parent-
teacher, and teacher-only models.26 All skill boosts are standardized to reflect a one
standard deviation increase, and the resulting impact is standardized according to the
relevant skill distribution in the final period.27 As an example, the first number in Ta-
ble 10 indicates that a one standard deviation increase in child cognitive skill at t = 1
leads to a 0.578 standard deviation increase in child cognitive skill at t = 4. This effect
includes not just a self-productivity effect, but all the cross-skill effects accumulating
over time.

There are a number of interesting findings in Table 10. Focusing first on our main
specification, we find that child cognitive skill and paternal cognitive skill have the
largest impact on average child cognitive skill at t = 4. For child non-cognitive skill at
t = 4, it is child noncognitive skill at t = 1 and maternal non-cognitive that have the
largest impact.

When we compare our main specification with the models that ignore contamina-
tion in child noncognitive skill measures, we would expect the parameters that govern

26We can also investigate the skill impacts at t = 2 and t = 3 after increasing skills at t = 1. Alternatively,
we can boost skills at ages t = 2 and examine the subsequent effects. We focus on the endpoints for illustra-
tion purposes.

27As noted earlier, Del Bono, Kinsler, and Pavan (2022) prove that treatment effects anchored to the stan-
dard deviation of child skill and based on a translog technology are identified regardless of the location and
scale normalizations. In this case, we have a linear production technology because we define the measures
as a function of skill. The model is equivalent to defining the measures to be a function of log skill and
imposing a translog production function.
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Table 10. Impulse response: child skills.

Main Specification
Only Parental

Measures
All Measures

(No Distortions)
Only Teacher

Measures

C4 N4 C4 N4 C4 N4 C4 N4

+1sd in C1 0.578 0.110 0.593 0.115 0.633 0.072 0.645 0.097
(0.018) (0.016) (0.017) (0.014) (0.019) (0.017) (0.021) (0.019)

+1sd in N1 0.088 0.465 0.074 0.533 0.009 0.488 0.030 0.009
(0.019) (0.021) (0.019) (0.014) (0.021) (0.015) (0.015) (0.002)

+1sd in CM
1 0.074 0.008 0.077 0.001 0.069 0.010 0.073 0.022

(0.016) (0.028) (0.016) (0.012) (0.016) (0.011) (0.017) (0.015)

+1sd in NM
1 0.005 0.102 −0.006 0.051 0.003 0.049 0.009 0.047

(0.018) (0.031) (0.019) (0.015) (0.020) (0.016) (0.018) (0.012)

+1sd in CF
1 0.116 0.044 0.110 0.050 0.099 0.059 0.104 0.031

(0.013) (0.012) (0.013) (0.011) (0.014) (0.010) (0.014) (0.016)

+1sd in NF
1 0.023 0.022 0.026 0.025 0.015 0.034 0.019 0.022

(0.016) (0.013) (0.016) (0.013) (0.018) (0.012) (0.016) (0.011)

Note: UK Millennium Cohort Study. Estimates are obtained using the model and estimation method outlined in Sections 4
and 5. In each row, we report the impact on children’s skills at age 11 when different skills are shocked by 1sd when the children
are 3 years old. The first two columns refer to our main specification. The second two columns present results for a model
that does not correct for the contamination and utilizes only parental reported children noncognitive measures. The third two
columns refer to a model that does not correct for contamination, but utilizes all available measures. The final two columns
refer to a model that does not correct for contamination and utilizes only teacher reported children noncognitive measures.
Standard errors are obtained bootstrapping 30 times the original data set at the individual level.

Table 11. Impulse response: parental skills.

Main Specification
Only Parental

Measures
All Measures

(No Distortions)
Only Teacher

Measures

NM
4 NF

4 NM
4 NF

4 NM
4 NF

4 NM
4 NF

4

+1sd in C1 0.002 0.022 0.013 0.023 −0.005 0.014 0.045 0.040
(0.011) (0.012) (0.011) (0.012) (0.012) (0.013) (0.014) (0.015)

+1sd in N1 0.123 0.056 0.116 0.061 0.115 0.065 −0.002 0.006
(0.012) (0.010) (0.013) (0.012) (0.013) (0.012) (0.005) (0.006)

+1sd in NM
1 0.309 0.077 0.286 0.072 0.291 0.074 0.325 0.076

(0.014) (0.012) (0.014) (0.012) (0.013) (0.013) (0.013) (0.013)

+1sd in NF
1 0.066 0.359 0.072 0.354 0.080 0.363 0.061 0.362

(0.014) (0.019) (0.013) (0.018) (0.014) (0.018) (0.013) (0.020)

Note: UK Millennium Cohort Study. Estimates are obtained using the model and estimation method outlined in Sections 4
and 5. In each row, we shock a different skill by 1sd when the child is 3 years old, and report the impact on parental skills when
the child is 11. The first two columns refer to our main specification. The second two columns present results for a model
that does not correct for the contamination and utilizes only parental reported children noncognitive measures. The third two
columns refer to a model that does not correct for contamination, but utilizes all available measures. The final two columns
refer to a model that does not correct for contamination and utilizes only teacher reported children noncognitive measures.
Standard errors are obtained bootstrapping 30 times the original data set at the individual level.
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160 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

noncognitive skill dynamics to be particularly affected since this is where contamina-
tion enters. This is precisely what we find. When only parental measures are employed,
the self-productivity of child noncognitive skill is about 15% larger than in our baseline
model, a difference that is statistically significant at a 5% level. Also, the estimated effect
of maternal noncognitive skills in fostering child noncognitive skills is 50% smaller than
in the model that adjusts for distortions. The associated p-value for the difference in the
coefficients is 0.06. These findings are not surprising in light of the fact that when only
parental measures are available, the mother’s skills—which are highly persistent—are
partially absorbed by the child noncognitive skills.

In the model that uses teacher and parent measures of child noncognitive skills (but
does not model contamination), the estimated cross-productivities of child skills are
35–90% lower than in our main specification and statistically different at a 5% level. This
alternative model does not allow for a separate teacher effect in the teacher-reported
measures of child noncognitive skill. Therefore, the teacher effect—which is period-
specific (or nonpersistent)—is absorbed into the child noncognitive skill, making it
less predictive of future cognitive skill and vice versa. This feature also appears in the
teacher-only model since there is also no teacher effect. More striking, however, is the
lack of self-productivity in noncognitive skill in the teacher-only model. This is again
due to the fairly weak correlation of teacher measures over time, likely driven by the
presence of independent rater effects.

Previous literature on child skill dynamics has emphasized own and cross-skill com-
plementarities and the influence of parental skill inputs. These exercises illustrate that
there are potentially large biases in these parameters when contamination in child
noncognitive skill measures is ignored. For example, Cunha, Heckman, and Schennach
(2010) estimate a dynamic model of child skills formation using only parent-reported
measures. They find that a child’s current noncognitive skill is the most important fac-
tor for developing future noncognitive skill, particularly for children aged 7 to 14—a
group that closely matches our sample. The noncognitive skill self-productivity param-
eter is nearly an order of magnitude larger than the parameters for child cognitive skills
and parental skills. A direct comparison with our findings is difficult since they use a
CES technology and do not report easily interpretable treatment effects. However, our
findings suggest that correcting for contamination in parent-reported measures of child
noncognitive skill effect would likely result in a smaller self-productivity effect and an
increase in the parameters associated with parental skills.

Table 11 focuses instead on the impact skill changes at t = 1 have on parental
noncognitive skills at t = 4. Comparing different models, with and without correction
for contamination, reveals few differences. This is because the parental measures are
not distorted and the self-productivity effects, which range between 0.286 and 0.359 and
are generally larger for fathers than mothers, tend to dominate.

Most interesting however is the fact that the noncognitive skill of the child influences
the future noncognitive skill of the mother. Specifically, in our main specification a one
standard deviation increase in child noncognitive skill at age 3 leads to a statistically
significant 0.123 standard deviation increase in maternal noncognitive skill when the
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Quantitative Economics 17 (2026) Child noncognitive skill measures 161

Table 12. Heterogeneity analysis: child skills.

Female Male Low Income High Income

C4 N4 C4 N4 C4 N4 C4 N4

+1sd in C1 0.575 0.144 0.587 0.098 0.606 0.136 0.562 0.083
(0.026) (0.021) (0.019) (0.027) (0.023) (0.020) (0.028) (0.024)

+1sd in N1 0.097 0.468 0.079 0.438 0.070 0.405 0.108 0.547
(0.023) (0.032) (0.022) (0.032) (0.020) (0.024) (0.023) (0.037)

+1sd in CM
1 0.073 0.009 0.080 0.042 0.053 0.013 0.092 −0.009

(0.023) (0.050) (0.016) (0.043) (0.018) (0.054) (0.018) (0.055)

+1sd in NM
1 −0.005 0.073 0.016 0.142 −0.015 0.126 0.018 0.054

(0.025) (0.051) (0.016) (0.032) (0.022) (0.033) (0.017) (0.054)

+1sd in CF
1 0.113 0.052 0.108 0.040 0.091 0.044 0.137 0.051

(0.023) (0.016) (0.019) (0.020) (0.022) (0.021) (0.018) (0.023)

+1sd in NF
1 0.037 0.018 0.009 0.021 0.011 0.007 0.041 0.040

(0.022) (0.016) (0.016) (0.016) (0.024) (0.023) (0.015) (0.014)

Note: UK Millennium Cohort Study. Estimates are obtained using the model and estimation method outlined in Sections 4
and 5. In each row, we report the impact on children’s skills at age 11 when different skills are shocked by 1sd when the children
are 3 years old. The models are estimated separately by gender and family income. Standard errors are obtained bootstrapping
30 times the original data set at the individual level.

child is 11.28 This effect is equally strong at different points in time. For example, a one
standard deviation boost in child non-cognitive skills at age 5 (age 7) improves maternal
noncognitive skills by 0.16 (0.11) standard deviations at age 11 (results not shown). The
effect on fathers is weaker, on the order of 0.056 of a standard deviation, and there are
no significant impacts of the child cognitive skills on future parental noncognitive skills.

6.1.1 Heterogeneous effects In our main specification, we assume that demographic
characteristics such as gender or family income influence the distribution of skills only
at the mean. This is equivalent to assuming that the skill transition equation does not
vary with these characteristics. We relax this assumption by re-estimating the model
separately for girls and boys, and for families below and above median annual family
income. Table 12 reports the impulse response functions by gender and level of income.
We focus on these aspects as the relationship between parental skills and child skills
might differ due to biological differences in aspects of child development, access to in-
formation, or exposure to economic shocks (Persson and Rossin-Slater (2018), Ahun,
Gapare, Gariépy, and Côté (2021)).

We see a few significant differences between girls and boys. Specifically, female
noncognitive skills at t = 4 are more responsive to changes in both cognitive and
noncognitive skills at t = 1 than it is the case for male noncognitive skills. By contrast,
the response of cognitive skills to changes in early cognitive or noncognitive endow-

28This result might be due to the fact that our measures of maternal noncognitive skills capture maternal
mental health, so it might not extend to other measures, such as locus of control or self-esteem, for example.
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162 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

ment is basically the same. Most interestingly, we see that an initial boost in maternal
noncognitive skills has a larger impact on boys than girls.

Looking at the difference in the impulse response functions by family income, we see
again some significant heterogeneity in the production technology. The own and cross-
productivity of child cognitive skills are larger for children from low-income families,
while the own and cross-productivity of child noncognitive skills are larger for children
from high-income families. Moreover, we see that parental cognitive skills have a larger
impact on children from high-income families, possibly capturing a complementarity
with higher parental investments that these families can afford, such as better quality
schools.

Looking at the measurement model, we see that contamination in parental mea-
sures of child noncognitive skills is generally larger for boys than girls (except for the SDQ
emotional measure), and somewhat smaller for high-income families. We also looked at
the impulse response functions for parental skills, but no statistically significant differ-
ences emerge in relation to gender or family income.29

6.2 Contamination in reduced-form policy evaluations

While Section 6.1 demonstrated how ignoring contamination distorts treatment effect
estimates derived from a dynamic model of skill formation, this section shows that con-
tamination also poses serious threats to design-based evaluations of child-focused poli-
cies. This is because any policy or intervention aimed at improving child skills can ei-
ther directly or indirectly influence parental skills. An evaluation that relies on parental
measures of child noncognitive skills can generate spurious impacts, no matter how ro-
bust the research design. For example, a number of papers estimate the impact univer-
sal child care programs have on child noncognitive skills and/or maternal noncognitive
skills.30 As our results illustrate, part of the estimated impact of universal child care on
child noncognitive skills could be due to the contamination driven by changes in mater-
nal skills.

The environment we have in mind is as follows. Imagine that to evaluate a child
care policy a researcher randomly assigns families to treatment and control groups. The
treated families send their children (age 3) to free child-care while in the control group
the mother stays home with the child. Mothers report on the noncognitive skill of their
child at the end of the age 3 year, and at the end of the experiment (age 5). In follow-up
surveys at ages 7 and 11, mothers are again asked to report on the child’s noncognitive
skills.

Using our model, we can quantify how contamination in parent-reported measures
of child noncognitive skills influences estimates of the short and long-run policy ef-
fects.31 We consider two scenarios. First, we consider a child care policy that shifts ma-

29Results not reported for space considerations.
30See Yamaguchi, Asai, and Kambayashi (2018), Haeck, Lebihan, Lefebvre, and Merrigan (2022), Baker,

Gruber, and Milligan (2008), and Datta Gupta and Simonsen (2010) among others.
31Our goal is not to externally validate our model by comparing predicted treatment effects to those in

the literature, but instead to demonstrate how using contaminated measures can bias treatment effect es-
timates. Because of this, it does not make sense to examine treatment effects generated by the parent-only,
teacher-only, and naive models since the noncognitive skill measures are uncontaminated by assumption.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 163

ternal noncognitive skills by one standard deviation in the first period, holding fixed the
initial level of all other child and parental skills. In the context of the above experiment,
this would mean that child care has no direct impact on the child, but instead influ-
ences maternal noncognitive skills during the period of daycare through, for example,
a labor supply response. However, the policy will have a real impact on child noncog-
nitive skills in all subsequent periods through the skills transition function (the indirect
effect). Importantly, the change in maternal noncognitive skills will also impact mea-
sures of child non-cognitive skills (the direct effect). Second, we consider a policy where
both maternal and child noncognitive skills increase in the first period by 20% of a stan-
dard deviation.32 This means that child care has a direct effect on both mother and child
skills when the child is age 3. We then ask how much of the measured increase in child
noncognitive skills across all ages is the result of contamination, that is, the direct effect
of a change in maternal noncognitive skills on measures of child noncognitive skills.

Figures 3 and 4 (corresponding to policy experiments 1 and 2) illustrate that con-
tamination in child noncognitive skills measures can pose a serious threat to policy
evaluations. Each panel in the figures represents a simulated SDQ measure of child

Figure 3. Policy evaluation with contamination: Change in maternal skills only. Notes: UK Mil-
lennium Cohort Study. Estimates are obtained using the model and estimation method outlined
in Sections 4 and 5. The blue bars indicate the increase in each SDQ measure in different periods
after we increase maternal noncognitive skills by 1sd at t = 1. The green bars indicate the same
impact after we have removed the contamination from those measures.

32While a large effect, it is similar in magnitude to estimates in Baker, Gruber, and Milligan (2008). Here,
the authors find that the introduction of universal child care subsidies in Quebec increased child care use
and maternal labor supply, with negative impacts on maternal well-being and child emotional and social
development.
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164 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

Figure 4. Policy evaluation with contamination: Change in maternal and child skills. Notes:
UK Millennium Cohort Study. Estimates are obtained using the model and estimation method
outlined in Sections 4 and 5. The blue bars indicate the increase in each SDQ measure in different
periods after we increase maternal noncognitive skills and children noncognitive skills by 0.2sd
at t = 1. The green bars indicate the same impact after we have removed the contamination from
those measures.

noncognitive skill, mimicking the exact measures we observe in the data. We focus on
the SDQ measures because these are among the most commonly used measures in the
literature.33 Variation along the x-axis of each panel reflects the different waves when
child noncognitive skill is measured. The blue bars represent the estimated effect of
the policy as measured by average treatment-control differences in maternal reported
child noncognitive skills. These differences include contamination arising from mater-
nal noncognitive skills. The green bars instead represent what the estimated effect of the
policy would be if researchers could net out the contamination from maternal noncog-
nitive skills.

For the policy experiment where only maternal skill is directly affected, the contam-
ination effects are large. Figure 3 illustrates that the effect on child SDQ measures in the
first period are on the order of 0.075 to 0.15 standard deviations. However, these effects
are entirely spurious. Any increase in maternal non-cognitive skill can only influence
child noncognitive skill in subsequent periods by construction. Thus, starting in period
2 there will be a real effect that works through the production technology. For example,
in period 2 the SDQ emotional measure increases by 0.147 standard deviations, but only
a third of the effect is real. In some cases, it is not only the magnitude, but the dynamic
patterns that are affected by contamination. For SDQ conduct, the evolution of the mea-

33In SA Tables 3 and 4, we present estimates for all child noncognitive skill measures.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 165

sure indicates that the policy effect fades out over time, but the real change is fairly con-
stant. Ultimately, the purpose of this first exercise is to show the extent to which policy
estimates can be biased as the result of contaminated child non-cognitive skill mea-
sures. According to our model, a standard deviation increase in maternal noncognitive
skills can translate into a 0.15 of a standard deviation spurious increase in child noncog-
nitive skills.

Figure 4 illustrates the impact of a policy in which both maternal and child noncog-
nitive skills increase by 0.2 of a standard deviation in the first period. This policy is mo-
tivated by the findings in Baker, Gruber, and Milligan (2008), who found similar sized
effects on maternal and child noncognitive skills.34 Looking again at SDQ emotional, we
see that in the first period the measure increases by approximately 0.12 standard devia-
tions.35 However, the green bar indicates that almost a quarter of this effect is the result
of contamination. Across all periods and measures, we find that the size of the distortion
ranges between 3% and 24%. More generally, the direction of the distortion will depend
on whether the policy under consideration affects mothers and children in the same di-
rection. If, for example, a universal child care policy negatively affects the noncognitive
skills of mothers, but positively affects those of the children, the distortion would lead
to an underestimate of the policy on child noncognitive skill.

6.2.1 Correlation between parent and teacher reports To generate the above policy ex-
periments, we estimated our model relying on the assumption that contamination in
teacher-reported measures of child noncognitive skills is independent of parent skills
and contamination in teacher measures in other periods. We can assess the robustness
of our model and counterfactuals to these assumptions by imposing correlations be-
tween teacher effects and parent skills or between teacher effects across time. As dis-
cussed in Section 4.2, direct communication between these survey respondents is likely
to lead to a positive correlation in teacher effects across time or between teacher effects
and parental skills. We separately impose pairwise correlations of 0.1 and 0.5 across var-
ious contamination sources and reestimate our model and policy effects.36 The results
of this exercise are displayed in Table 13.37

The first two columns in the top and bottom panels show the average increase in
SDQ measures and the proportion driven by contamination across periods when mater-
nal and child noncognitive skills are both boosted by 0.2 standard deviations in the first
period using our baseline model. The remaining columns illustrate the same counter-
factual, but allow for correlated contamination between maternal noncognitive skill and

34Baker, Gruber, and Milligan (2008) find that the policy had negative impacts on both mothers and
children. For illustrative purposes, we find it convenient to reverse the sign of the impacts.

35The increase is less than 0.2 due to measurement error, as the SDQ emotional is a noisy measure of
the child’s true underlying skill. Evaluating any policy, including those that do not directly affect maternal
noncognitive skill, will suffer from this measurement problem.

36Allowing for correlations across pairs of variables makes it easy to target the same level of relatedness.
37We could also model the effect of correlation in parent and teacher reports on the impulse response

estimates shown in Tables 10 and 11. However, we prefer to use treatment effect contamination as our
metric of interest since it combines both how the production function parameters change and how the
measurement parameters change.
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166 Del Bono, Kinsler, and Pavan Quantitative Economics 17 (2026)

Table 13. Policy effect contamination with correlated factors.

t

Baseline Corr(NM
it , Tit ) = 0.1 Corr(CM

it , Tit ) = 0.1 Corr(Tit , Tit′ ) = 0.1

Avg. SDQ %Contam. Avg. SDQ %Contam. Avg. SDQ %Contam. Avg. SDQ %Contam.

1 0.1273 18.4% 0.1277 18.7% 0.1300 17.4% 0.1276 18.3%
2 0.1054 14.8% 0.1061 20.0% 0.1074 14.1% 0.1060 14.4%
3 0.0959 14.0% 0.0967 18.4% 0.0979 13.6% 0.0960 13.9%
4 0.0811 13.3% 0.0819 18.0% 0.0828 12.7% 0.0810 13.0%

t

Baseline Corr(NM
it , Tit ) = 0.5 Corr(CM

it , Tit ) = 0.5 Corr(Tit , Tit′ ) = 0.5

Avg. SDQ %Contam. Avg. SDQ %Contam. Avg. SDQ %Contam. Avg. SDQ %Contam.

1 0.1273 18.4% 0.1284 19.4% 0.1290 17.7% 0.1272 17.9%
2 0.1054 14.8% 0.1068 22.7% 0.1072 13.7% 0.1058 13.7%
3 0.0959 14.0% 0.0949 22.2% 0.0979 13.4% 0.0955 13.7%
4 0.0811 13.3% 0.0796 26.9% 0.0828 12.0% 0.0806 11.5%

Note: UK Millennium Cohort Study. Estimates are obtained using the model and estimation method outlined in Sections 4
and 5. The Avg. SDQ columns indicate the average increase across SDQ measures in different periods after we increase maternal
and child noncognitive skills by 0.2 SD at t = 1. The %Contam. columns indicates the share of the increase that is the result of
contamination in the child noncognitive skill measures. The baseline results correspond to Figure 4. The remaining columns
result from estimates of the model that allow for correlations between maternal skills and teacher effects and teacher effects
across waves. See Sections 4.2 and 6.2 for further discussion.

teachers, maternal cognitive skill and teachers, and teachers over time.38 When teacher
assessments are directly influenced by maternal noncognitive skills, the distortionary
effects are larger than in our baseline model. This occurs since more of the covariance
between maternal and teacher measures is absorbed by contamination as opposed to
child noncognitive skill. As a result, maternal noncognitive skill explains more of the
variation in child noncognitive skill measures, leading to greater contamination in our
policy exercises. In other words, our model that assumes a zero correlation is likely un-
derstating the degree of contamination. When teacher effects are related to maternal
cognitive skill (columns 5 and 6) or to teacher effects in other periods (columns 7 and 8),
the estimated policy effects and degree of contamination are mostly unchanged. While
it is true that more of the variability in child noncognitive skill measures is driven by
contamination, our policy exercises are not explicitly targeting maternal cognitive skill
or teacher effects.

7. Conclusion

Researchers are forced to rely upon externally reported measures of child non-cognitive
skill when studying skill formation since small children are not capable of assessing
their own behaviors and emotional well-being. However, external evaluators bring their

38We also investigated correlations between teacher effects and child noncognitive skill and cognitive
skill, potentially arising from sorting. For noncognitive skill, contamination in the policy effects tend to
increase, while for cognitive skill the policy effects remain constant. Finally, we allowed for a correlation
between maternal noncognitive skill and the interviewer effect. Contamination plays a larger role in the
policy effect in the initial period, which tapers away in later periods.
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Quantitative Economics 17 (2026) Child noncognitive skill measures 167

own skills and traits to these evaluations, potentially contaminating measures of child
noncognitive skills. In this paper, we show that contamination in measures of child
noncognitive skills can substantially affect our basic understanding of child skill dynam-
ics. Additionally, when parental skills contaminate measures of child noncognitive skill,
it is difficult to evaluate the effect of policies, which affect both children and parents.

A key finding of the current paper is that having multiple evaluators is critical to mit-
igating contamination issues. There are a number of available, longitudinal datasets that
have this feature, including the 1970 British Cohort Study (BCS70), the Avon Longitudi-
nal Study of Parents and Children (ALSPAC), and the Longitudinal Study of Australian
Children, among others. Going forward, data collection efforts aiming to study child de-
velopment should include evaluations of the child beyond just those provided by par-
ents. Alternatively, surveys could collect more objective measures of child noncognitive
skills related to observed behaviors. Of course, many historical data sets lack multiple in-
formants, or only have multiple informants for a subset of observations within or across
waves. When only one informant is available, we suggest doing significant robustness
exercises around subjective measures, building in correlations that would otherwise be
ruled out. If multiple informants are available for a subset of the sample, imposing as-
sumptions on the nature of contamination across observations or time is likely to be a
fruitful approach.

Rather than rely on multiple informants to correct for measurement error in subjec-
tive measures of noncognitive skills, researchers can also employ incentivized experi-
ments or vignettes. As an example, FKPS+ (2021) use a series of incentivized experiments
to measure time preferences, risk preferences, and altruism for children ages 7–9. In-
centivized experiments allow researchers to construct non-cognitive skills directly from
revealed preferences in a well-defined and controlled context. Similar to experiments,
the use of anchoring vignettes can minimize measurement error by identifying hetero-
geneity in scale use. Coenen, Golsteyn, Stolp, and Tempelaar (2021) use this approach
to estimate the impact of personality traits on student performance in higher educa-
tion. In our setting, this tool would be helpful for correcting for heterogeneity in scale
use among teachers. Interest in the development of human capital is unlikely to wane
and developing new techniques to address measurement concerns is a fruitful area for
additional research.
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