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Abstract
Background

Group disparities in early child development arise due to inequities in early environments that are reflective of socio-economic status, geography, and other
factors. To track and address these disparities, valid and reliable child development tools are needed that can be implemented at-scale and across
populations. However, no population-based measures of child’s motor, cognitive, language, and social/emotional development appropriate for children from
birth to age five years have been validated in the United States to date. In response, we have designed the Kidsights Measurement Tool (KMT).

Methods

We evaluate the validity and reliability evidence of the KMT with reference to the Standards for Educational and Psychological Testing (APA, AERA, & NCME,
2014) from a sample of N= 3,413 initial parent reports residing in Nebraska, USA, as well as from a 12—24-month direct observation follow-up subsample of
N=70 children. Evidence came from the test content, evidence based on other variables, and the precision of scores.

Results

We find strong evidence supporting the KTM'’s validity and reliability (ryy'=.92) as a population-based tool. We find that scores from KMT's initial
administration strongly predict later scores from the Bayley Scales of Infant Development (r>.50) and the Woodcock Johnson's overall development score (r =
.70), both administered by trained professionals at least one year later. We also find that scores exhibit expected associations with known correlates of
children’s development, including the parent’s educational attainment, enroliment into governmental subsidies and services, parent’s anxiety and depressive
symptoms, and the child’s count of adverse childhood experiences.

Background

Early child development lays the groundwork for lifelong health and wellbeing. Supportive early environments that promote healthy child development are
associated with later adult health and well-being, including lower incidence of diseases, greater earnings, and lower risk of incarceration (Campbell et al., 2014;
Cohen et al., 2010; Reynolds et al., 2007; Walker et al., 2022). A substantial body of research outlines the biological (Feder et al., 2019; Gluckman et al., 2006)
and social mechanisms (Garner et al., 2021; Shonkoff et al., 2021) by which early development influences later health and wellbeing. These mechanisms
include exposure to excessive stress that impedes development of self-regulatory skills, contributes to chronic inflammation that in turn leads to lifelong poor
health, and interferes with cognitive development (Shonkoff et al., 2012). Moreover, the impacts of early stress are visible in group-level disparities in health,
learning, and wellbeing throughout the life course (Marmot et al., 2005). Because early child development has such significant implications for later
development, investments in early childhood development yield notable long-term returns (Heckman et al., 2006), in part because supporting healthy
development early in life is more cost-effective than mitigating the consequences of early stress and deprivation in adulthood.

Children’s development is strongly influenced by the social and economic context of their families and communities and, when these contexts are not
supportive, lead to persistent group-level disparities in child development outcomes. Population disparities in cognitive, language, and social/emotional
development outcomes in young children by socio-economic status, race/ethnicity, and geography have been extensively documented over several decades in
the United States (e.g., MacLeod, 1998; Shonkoff & Phillips, 2000), emerging in the first year of life and persisting over time (Halle et al., 2009; Burchinal et al.,
2011; Duncan et al., 2005). These disparities have been shown to be attributable to the differences in environmental supports, including access to quality
childcare, economic resources, and neighborhood and community supports (Burchinal, et al., 2011; Duncan et al., 2005).

Population-level tracking on child development: Too little, too late

Population tracking of early development, defined by collecting and using data that can produce valid estimates of population disparities (i.e., data collected
from representative samples of children birth to age five years from valid and reliable early childhood tools) is limited in scope in the United States. To date,
population tracking of group-level disparities for young children has relied on a small and narrow set of indicators, especially for children birth to age three.
Infant mortality, for example, is a common indicator of early inequity (e.g., Dodge, 2022), but infant mortality does not provide insight into young children’s
development after birth. Using early childhood tools administered after birth, a few studies have found that children from lower-income families, families with
less formal education, and/or families who represent diverse racial and ethnic backgrounds are up to half a year behind their more advantaged peers in
cognitive, language, and social/emotional development by the time formal schooling begins (Friedman-Krauss et al., 2020; Ghandour et al., 2021). Given the
substantive size of these disparities, more population-level data are needed on children’s developmental outcomes earlier in life.

Moreover, US state and federal agendas for population-level health and wellbeing include key indicators of early childhood development. Healthy People 2030,
for example, states an objective of increasing the national proportion of children who are developmentally on track and ready to start school (CDC, 2023). But
progress toward this objective is not currently reported, as the CDC has designated the Healthy People 2030 goal regarding children’s developmental status as
“presently lacking reliable baseline data” (CDC, 2023). The landscape of routinely collected population-based child development data for children birth to age
five years in the United States includes one measure. The National Survey of Children’s Health, administered by the Health Resources and Services
Administration using a representative sampling design, includes a National Outcomes Measure on preschool-aged children’s development to generate
population-level estimates, called Healthy and Ready to Learn (HRTL; Ghandour et al., 2019). The percentage of children who are HRTL is estimated based on
a set of 22 parent-report items to index child development across physical/motor, early learning skills, self-regulation, and social/emotional development for
children between three and six years (Ghandour et al., 2019). Results from national samples estimate that only 42% of children are HRTL in all developmental
domains. Significant disparities were found by—among other factors—the parent’'s mental health status, the quality of the home learning environment, and the

Page 2/21



child’s neighborhood (Ghandour et al., 2021). However, HRTL does not collect data of children's development for children under age three years, well after
disparities emerge. To summarize, despite the policy goals of collecting population data on infant and toddler wellbeing, data on young children’s
social/emotional, language, and cognitive development beginning at birth are largely absent from statewide data systems in the United States (Ryberg et al.,
2022).

Clearly, more data are needed to provide important insights into population-level disparities in child development in the first years of life. The lack of data is
especially problematic given the rapid pace of early development and the opportunity to support healthy development through cost-effective programs such
as home visiting and support for quality childcare (Shonkoff & Phillips, 2000; Jeong et al., 2021).

Status of population-based measurement

As noted previously, assessment of progress towards national and state goals requires data generated with population-based samples, or those that are
representative of the underlying population from valid and reliable early childhood tools. Reliable data on multiple aspects of child development is a critical
piece of informing effective policies and programs, and population-level data on children becomes increasingly important as the scale and scope of programs
expand (Yoshikawa et al., 2018; Ryberg et al., 2022). Results from population-based tools of child development are primarily intended to inform policy by
identifying groups of children in need of additional support, tracking progress towards national and state goals, and providing an estimate of the impacts of
large-scale, community or state-based early childhood programs (Ryberg et al., 2022), rather than identifying specific children in need of additional services. Of
course, indicators of child development can and should be viewed in the context of other information on children’s health, economic wellbeing, access to
childcare and other factors, which describe the contextual and environmental determinants of young children’'s development (Paschall et al., 2020), and when
taken together, create an overall picture of early disparities within the population of young children in a given geographic area. Moreover, ideally, population-
based tools of child development capture multiple domains of early development, including language, cognitive, motor, and social/emotional development, as
all domains contribute to lifelong health and wellbeing. In summary, population-level indicators of child development should generalize to the underlying
population, support valid inferences regarding young children’s development as early as disparities emerge, including demonstrating sensitivity to factors
associated with disparities in child development.

Measurement of population-level trends in child development requires measurement tools that are feasible to use at scale in that they are cost-manageable
and do not require undue resources and time to implement. Thus, the considerable cost of direct assessments of child development, such as the Bayley Scales
of Infant Development, preclude their use at a population level. Instead of reliance on direct assessments of children, parent-reported measures administered
using surveys can be used at scale to estimate group disparities in child development, particularly when administered through online surveys that facilitate
fast and easy data collection.

While only population-based measure of early child development is routinely used in the United States, HRTL, three measures have been designed to measure
child development for children under age five at the global population level: the Caregiver Reported Early Development Inventory for children up to age three
years (CREDI; McCoy et al., 2018), the Early Care and Development Index designed for children two to five years as part of UNICEF's global monitoring agenda
(ECDI2030; Halpin et al., 2023), and the Global Scale for Early Development for children birth to age three years (GSED; Cavallera et al., 2023). As results are
intended to inform policy, it is important to address the validity of population-based instruments of child development. The Standards for Educational and
Psychological Testing (henceforth, Standards; American Psychological Association [APA], American Educational Research Association [AERA], & National
Council of Measurement in Education [NCME], 2014) define multiple types of validity evidence: (1) evidence from test content, (2) evidence from relations with
other variables (including criterion variables and scores from concurrent instrument), (3) the sensitivity of conclusions to validity threats (e.g., measurement
invariance or item misfit), and (4) the precision of scores (i.e,, reliability). To our knowledge, few studies to date have comprehensively examined the
psychometric properties of child development measures intended for use at the population level, despite the importance of generating population-level
estimates of group disparities among young children. McCoy et al. (2018) reported acceptable psychometric properties and criterion validity of the CREDI
across high, middle and low-income countries. Ghandour et al. (2019) similarly reported acceptable psychometric properties and criterion validity for HRTL.
Validation evidence for the GSED and ECDI are still in development. However, two types of validity evidence — concurrent validity with observational measures
and predictive validity demonstrating associations between parent-report and observational measures over time — have not yet been frequently reported for
population-based measures of child development for children birth to age five years.

The purpose of the present study was to evaluate the validity evidence of a new parent-report measure of child development for children birth to age five living
in the United States called the Kidsights Measurement Tool (KMT). The KMT was developed to generate population-based estimates of children’s development
from birth through age five, to address the present gap in holistic indicators of child development with a measure that is feasible to scale. We hypothesized
that the KMT would show acceptable psychometric properties, based on the existing literature on population-based instruments to measure child
development. Using the Standards, we assessed the KMT's validity using a large sample from Nebraska, USA, including predictive validity with direct
assessment administered by trained observers 12—24 month later. We also assessed criterion validity with known correlates of children’s development,
including parent education, parent anxiety and depression, the family’s socio-economic status, and exposure to experiences that may be traumatic and/or
adverse to healthy development.

Methods
Participants

In total, the present study included initial (“Time 1”) responses from the parents of IV = 3,413 eligible children 0~71 months residing in Nebraska, USA.
Additionally, both parent report and observational data also came from a 12-24 month follow-up subsample (“Time 2") of N = 70 children who were 0—47
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months old at Time 1. At Time 1, 53.3% of children were male, 55.9% were identified as white, non-Hispanic, the mean age was 34.6 months. At Time 2, 42.9%
were male, 58.6% were identified as white, non-Hispanic, and the mean age was 37.8 months.

The complete set of inclusion and exclusion criteria for participant eligibility is diagramed in the study identification flowchart shown in Fig. 1. To be eligible
for the present study, participants must be parents of children aged birth to five years, residing in Nebraska. “Parents” were defined as adults who were
responsible for the child’s care at least 40 hours a week and identified themselves as biological, foster, or adoptive parents, or other relatives. At Time 1, 97.6%
of respondents reported that they were the biological, foster, or adoptive parent of the child; at Time 2 all respondents (100%) identified as the biological,
foster, or adoptive parent. Throughout this paper, we refer to respondents as “parents.” Because the present study focuses on the validation of the English
version of the KMT, we excluded all responses to the Spanish version. The Time 2 sample was identified from the respondents to the Time 1 survey based on
their willingness to be contacted again. All Time 2 sample participants completed the Time 1 survey before May 2021.

Studies have noted that financial incentives (like those we offered our participants) increase the likelihood of receiving fraudulent responses (c.f., Lawor et al,
2021). As part of a screening protocol, we excluded observations if (a) metadata information resulted in a “likely fraudulent” score from the r/P package
(Waggoner et al, 2019) and the IP Hub database (https://iphub.info/), (b) the caregiver failed to accurately confirm the child’s birthdate, and (c) whether scores
were above or below 5SD on the CREDI or ECDI (see below for a description of each). We refer to all initial administrations that met the eligibility criteria as the
Time 1 sample (N=3,413).

The duration between the initial administration at Time 1 and the follow-up at Time 2 averaged M = 16 months (range = 12-24). We excluded from analysis
any observations which did not meet basal requirements for the direct assessments administered at Time 2. We refer to eligible response at follow-up as the
Time 2 sample (N=70).

Procedures

Data for Time 1 responses were collected using an online survey in between October 2020 and February 2023. Participants were given the option to take the
survey in English or in Spanish. We offered parents a gift card (§20 to $40) to complete the survey. We recruited parents through healthcare providers,
childcare and parenting support programs, and social media posts. We gave parents a link to an online questionnaire including several questions on family
demographics and the child’s adverse childhood experiences (ACEs; described below), development, health, and home environment. Respondents could
complete the survey using their mobile phone, tablet, or computer and took between 20 to 30 minutes to complete.

Measures
Kidsights Measurement Tool

The Kidsights Measurement Tool was constructed by first forming a candidate item bank by adopting items from four previously validated instruments each
measuring normative aspects of children’s development (i.e., skills or behaviors that children acquire or exhibit as they age when undergoing healthy
development) between 0-5 years. These four instruments included (1) the Global Scale of Early Development Short Form (GSED-SF; McCray et al., 2023), (2)
the Caregiver Reported Early Development Instruments Long Form (CREDI-LF; McCoy et al. 2018), (3) the Early Childhood Development Index (ECDI2030;
Cappa et al., 2021), and (4) Healthy and Ready to Learn (HRTL; Ghandour, 2019). We included only items that measured normative aspects of children’s
development (i.e., skills or positive behaviors that are acquired or manifest as children age under healthy development), and we excluded items from these
instruments that measure constructs such as problem behaviors or other indicators of psychosocial difficulties.

This process resulted in a candidate item bank of 223 items with 79 items unique to the GSED-SF, 23 items unique to the CREDI-LF, 7 items unique to the
ECDI2030, and 49 items unique to the HRTL. Of the 223 items, 49 items were shared across one or more of the four contributing instruments (42 items were
common between GSED-SF and CREDI; 7 items were common between the GSED-SF, CREDI-LF, and ECDI2030).

The 223 candidate items measure motor, cognition, language, and/or social/emotional constructs according to the published literature and existing
documentation for the four instruments. Specifically, 71 items represented fine or gross motor development constructs (c.f., McCray, 2023; redacted, 2021; and
Cappa et al., 2021) or physical development (c.f., Ghandour, 2019). Additionally, 82 represented cognitive or language development (c.f., McCray, 2023;
redacted, 2021; and Cappa et al.,, 2021) or early learning skills (c.f., Ghandour, 2019). Lastly, 70 items measure social/emotional development (McCray, 2023;
redacted, 2021; Cappa et al., 2021; Ghandour, 2019) including normative aspects of children’s self-regulation (Ghandour, 2019).

The 223 candidate items were then screened for sufficient variability in responses, including at least a 90% endorsement probability at birth. This process led
to 19 items being removed from the candidate pool (see Supplemental Table 1). The result was a final set of 204 items spanning development from birth to
age 5 years.

Concurrent and Predictive Measures

We administered previously validated direction-observation measures at Time 2 and parent-reported instruments at both Time 1 and Time 2.

Direct-observation instruments. Two direct assessments were administered: (a) The Bayley Scales of Infant and Toddler Development, Fourth Edition (Bayley-
4; Bayley & Aylward, 2019) and (2) the Woodcock Johnson IV Early Cognitive and Academic Development (WJ IV ECAD; Schrank et al., 2018). The Bayley-4
and the WJ IV ECAD were only administered to follow-up subsample at Time 2 (N=70). The WJ IV ECAD was used for children from 43-60 months of age at
Time 2 (n = 33), and the Bayley-4 was used for children up to 42 months at Time 2 (n = 37).

Bayley-4. The Bayley-4 is validated to measure child development up to 42 months (e.g., Klein-Radukic, et al., 2023). The instrument is divided into items that
capture development in the cognitive, language, motor, social/emotional and adaptive behavior domains through direct administration of activities,
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observation of the child, and questions to the caregiver (Bayley & Aylward, 2019). Scores are provided at domain level and the subtest level.

For the Bayley-4 training, assessors were required to complete a 12-hour online training hosted by the measure publisher. After completing the training,
assessors submitted video recordings of administrations of the Bayley-4 or scheduled in-person observations with the research team’s Bayley-4 supervisor.
The measure supervisor has several years of experience administering the Bayley Scales of Infant Development and evaluated each assessor for correct
administration of item and scoring in order to certify each assessor as reliable on the Bayley-4.

WJ IV ECAD. The WJ IV ECAD is considered a measure of intellectual ability, academic skills and language, specifically oral expression for children 30 months
to 6 years old (Schrank et al., 2018). The results of the WJ IV ECAD administrations result in a General Intellectual Ability Score, an Expressive Language
Score, and scores by each test (LaForte et al., 2015). Although there are 10 tests in the WJ IV ECAD, only 7 of the tests were administered for the study. For this
study, only the Bayley-4 scales cognitive, language and motor scales were administered to children up to 42 months.

Assessors followed a similar training and reliability process for the WJ IV ECAD as for the Bayley-4. They reviewed the WJ IV ECAD kit materials and submitted
video of the administration of the WJ IV ECAD. The research team’s WJ-ECAD supervisor has experience administering the measure and reviewed the recording
for correct administration and scoring before certifying the assessors as reliable on the measure.

Caregiver-reported instruments. The candidate Kidsights item pool included all items from the GSED-SF, CREDI-LF, ECDI2030, and HRTL. As a result, in
administering the KMT, we effectively administered these four caregiver instruments concurrently. Scores from the GSED-SF are termed “D-scores” (Weber et
al.,, 2019) and calculated using the dscore (van Buuren, Eekhout, & Huizing, 2022) R package. The CREDI Long Form results in an overall score of child
development as well as subscale scores of motor, cognition, language and social/emotional development (Seiden et al, 2021; citation redacted). We
calculated CREDI scores using the credi R package (https://github.com/marcus-waldman/credi). ECDI2030 scores were calculated using UNICEF’s (2023)
provided R syntax file. HRTL scores were calculated by replicating the four-factor solution reported in Ghandour (2019) using the /avaan (Rosseel, 2012) R
package and extracting factor scores. The four factors include a physical/motor factor, an early learning factor, a social/emotional factor, and a self-
regulation factor.

Global Scales of Early Development Psychosocial Form. In addition to the KMT, we administered the Global Scales of Early Development (GSED-PF; citation
redacted). The GSED-PF is currently undergoing validation and measures manifestations of early psychosocial stresss. The GSED-PF includes an overall score
of children’s behaviors, as reflected through internalizing behaviors, externalizing behaviors, feeding problems, sleeping difficulties, and social competency
problems.

Family- and Caregiver-Level Criterion Measures

Socioeconomic Measures. Using questions taken from the National Survey of Children’s Health, we asked parents to report their enroliment in governmental
services and programs, educational attainment, and household income. Parents were asked to report if they were enrolled in 1) Medicaid; 2) Cash assistance
from a government welfare program; 3) Free or reduced-cost breakfasts or lunches at school; 4) Food Stamps or Supplemental Nutrition Assistance Program
(SNAP) benefits; 5) Benefits from the Woman, Infants, and Children (WIC) Program. For analysis, we created a single dummy variable (denoted GOVT)
indicating whether the caregiver was enrolled in any of the above governmental programs (1-Yes, 0-No).

In the 2020 survey, we asked parents to report their 2019 household income in United States Dollars (USD). Likewise, in the 2022 survey, we asked parents to
report their 2021 household income. To make household income on the same scale across years, we adjusted for inflation by converting to 1999 USD.

Parents could select from nine options in reporting their educational attainment: 1) 8th grade or less; 2) 9th-12th grade; 3) No diploma; 4) High School
Graduate or GED Completed 5) Completed a vocational, trade, or business school program 6) Some College Credit, but No Degree 7) Associate Degree (AA,
AS); 8) Bachelor's Degree (BA, BS, AB); 9) Master's Degree (MA, MS, MSW, MBA); 10) Doctorate (PhD, EdD) or Professional Degree (MD, DDS, DVM, JD). In the
present study, we collapsed this information into four categories including 1) no high school (HS) diploma; 2) HS diploma; 3) Some college or an Associate's
degree (i.e., AA/AS); 4) Bachelor's degree (i.e., BA/BS) or higher. We dummy coded caregiver educational attainment using parents with only high school
education as the reference group.

Anxiety and Depressive Symptoms. We administered the Patient Health Questionnaire 2-item (PHQ-2; Kroenke et al., 2003) and the Generalized Anxiety
Disorder 2-item (GAD-2; Lowe et al., 2008) to obtain caregiver self-reports of depressive and anxiety symptoms. Parents reported whether, over the last two
weeks, they (1) had little pleasure or interest in doing things (i.e., indicator 1 of PHQ-2) and (2) were feeling down, depressed, and hopeless (i.e., indicator 2 of
PHQ-2), (3) were feeling nervous, anxious, or on edge (i.e., indicator 1 of GAD-2), and (4) were not able to stop or control worrying (indicator 2 of GAD-2).
Parents responded using a four-point Likert scale (i.e., “0-Not at all”; “1-Several days”; “2-More than half the days”; “3-Nearly every day”). For analysis, we
created a depression and anxiety symptom total score by summing all four items.

Child-Level Criterion Measures.

Child-level criterion variables included information on the child’s sex (i.e., male or female), race, ethnicity, overall health status (as reported by the caregiver),
and exposure to adverse childhood experiences (ACEs; Felitti et al., 1998). We adopted the survey items from the NSCH (Ghandour et al., 2018) in collecting
this information.

Race and Ethnicity. Parents could select from up to 15 racial categories and one of five ethnicity categories. Racial category response options included: 1)
American Indian or Alaska Native; 2) Asian Indian; 3) Black or African American; 4) Chinese; 5) Filipino; 6) Guamanian or Chamorro; 7) Japanese; 8) Korean; 9)
Native Hawaiian; 10) other Asian; 11) other Pacific Islander; 12) Samoan; 13) Vietnamese; 14) White; or 15) Some other race. Ethnicity response options
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included 1) No, not of Hispanic, Latino, or Spanish origin; 2) Yes, Mexican, Mexican American, Chicano; 3) Yes, Puerto Rican; 4) Yes, Cuban; 5) Yes, another
Hispanic, Latino, or Spanish origin.

For analysis, we combined racial and ethnicity into four major categories. These included: 1) White, non-Hispanic, 2) Black or African American, non-Hispanic,
3) Other (including two or more races), non-Hispanic, and 4) Hispanic.

Child’s General Health. We asked parents to rate their child’s general health (“In general, how would you describe this child's health?”). Response options
included: 1) Poor, 2) Fair, 3) Good, 4) Very Good, or 5) Excellent. For analysis, we applied dummy coding to indicate whether the child was reported to be in
very good or excellent health (1-Yes, 0-No).

Adverse Childhood Experiences. We administered eight items measuring children’s ACEs all of which include “0-No” or “1-Yes” as response options: 1)
caregiver divorce or separation, 2) caregiver death, 3) a household member with a drug or alcohol problem, 4) caregiver diagnosed with a mental illness, 5)
exposure to violence in the community, 6) exposure to domestic violence, 7) parental incarceration, 8) racism. We determined the child’'s count ACEs by
summing the responses to the eight items.

Scaling and Scoring Procedures

Se fit the graded-response IRT model in (1)-(2) to the polytomous data.
Pr(Y; = k) = logit™ (a;(6, = 6.)), 0 <k <K, 1)

6; = Yo+ ¥1AGE; + ¥,AGE? + ¥, AGE? + y,AGEf + 1, 17;~N(0,1) (2)

where ¢ indexes a child (with a latent score [i.e., ability] of 6;), j indexes an item (with K; response options), and k indexes one of the responses options for
the item. Model parameters in (1)-(2) include v (the item discrimination value), ij (the difficulty value associated with response option & for item j5), and the
vector of latent regression coefficients . We fit the model using maximum marginal likelihood estimation (also referred to as full information maximum
likelihood). Maximum likelihood estimators are gold standard approaches to treating missing data (Schafer & Graham, 2002). All model fitting occurred using
the MIRT (Chalmers, 2012) package in R (R Core Team, 2022). We calculated Kidsights scores by summarizing the posterior distribution using the expected-a-
posteriori (EAP) point estimate.

Analytic Plan

We followed the Standards in collecting and analyzing validity evidence. Evidence came from analyzing (1) test content, (2) relations with other variables
(including criterion variables and scores from concurrent instrument), (3) the sensitivity of conclusions to threats from measurement non-invariance or item
misfit, and (4) score precision as indicated by errors of measurement (i.e., reliability).

Evidence Based on Test Content

Using the domain assignments provided by the originating instruments, we designated items into one of three domains: (1) Motor/physical development, (2)
Cognition or language development, or (3) Social/emotional development. To assess content coverage, we calculated the (average) domain composition of
the administered items within yearly age categories. Evidence based on test content was evaluated by two subject matter experts to ensure adequate
representation of items by developmental domain.

Evidence Based on Other Variables

In line with the Standards, we collected evidence that Kidsights scores correlate with other variables in the expected magnitude and direction. This includes: (a)
convergent validity evidence with scores from concurrent instruments that measure equivalent (or highly similar) constructs as those directly intended to be
measured by the KMT; (b) discriminant validity evidence with scores from concurrent measures measuring constructs not directly intended to be measured
using the KMT; and (c) association of Kidsights scores with exogenous criterion variables known to be predictive of child development.

Convergent Validity Evidence. Convergent validity evidence from calculating part correlations (i.e., correlations after adjusting for the child’s age) of Kidsights
score with (a) the Bayley-4 Cognition, Receptive and Expressive Communication, and Gross and Fine Motor domain and subtest level scores for children 42
months and younger; and (b) the WJ IV ECAD General Intellectual Ability- Early Development scores, Expressive Language cluster scores, as well as the Verbal
Analogies, Sentence Repetition, and Rapid Picture Naming test activities for children 43—60 months.

Convergent validity evidence from caregiver-reported instruments came from part correlations with: (a) D-scores, (b) CREDI scores (overall scores, as well as
motor, language, cognition, and social/emotional subscores), (c) ECDI2030 scores, and (d) motor/physical, early learning, and social/emotional factor scores
from the HRTL.

We are aware of no published ideal or minimum threshold for a correlation to establish convergent validity evidence. Because a correlation value of
approximately » =.70 represents 50% of the variance explained, we used this value as an ideal threshold and a correlation of » =.50 as a minimum threshold
(i.e., 25% of the variance explained).

Discriminant Validity Evidence. Discriminant validity evidence from part correlations (i.e., correlations after controlling for children’s age) with scores from
other instruments that reflect aspects of children’s behaviors which a not directly tied to normative aspects of children motor, cognitive, language, or
social/emotional development. This included scores from the HRTL self-regulation factor and psychosocial problem scores from the GSED-PF. Because these
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scores reflect constructs not intended to be directly measured by the KMT, evidence comes from correlations smaller in magnitude (i.e., |r|<.50) and in the
expected direction (i.e. negative part correlations with psychosocial problem scores, and positive correlations with self-regulation).

Predictive Validity Evidence. We assessed predictive validity evidence by studying part correlations of Kidsights scores at Time 1 with Bayley-4 and WJ-ECAD
scores obtained 12-24 months (M= 16 months) later at Time 2. We took positive and statistically significant correlations as evidence that Kidsights scores
predict future development and learning.

Criterion Associations. Following a model building procedure, we fit six multiple regression models (Models 1-6) of increasing complexity to evaluate criterion
associations with variables known to be predictive of early childhood development. We controlled for child’s age using a fourth-order polynomial so that the
regression equations took the general form

0; = ag + 1 AGE; + 0y AGE? + a3AGE? + 0y AGE} + 2,8 + €;,¢; N(0,02)# (1)
where 0; is the Kidsights score for the jth child and the criterion variables are elements in ;.

In Model 1, we included a dummy variable indicating the child’s sex as female (FEMALE; 0-Male; 1-Female) and tested whether females demonstrate higher
average scores. In Model 2, we augmented Model 1 with an indicator variable for whether or not the caregiver reported the child was in very good or excellent
overall health (HEALTHY; 0 - “Poor”, “Fair”, or “Good”; 1 — “Very Good” or “Excellent”). Building on Model 2, we specified Model 3 with three indicator variables
of the caregiver's education attainment; we chose attaining a high school diploma as the reference category resulting in three dummy variables indicating that
the caregiver had (a) not attained a high school diploma (NOHS; 0-No, 1-Yes), (b) attended college or attained an Associate's degree but had not earned a
Bachelor's degree (SOMECOLL; 0-No; 1-Yes), or (c) attained Bachelor's degree or higher (denoted BS; 0-No, 1-Yes). We expected that increased educational
attainment to be associated with higher average scores. In Model 4, we evaluated whether the caregiver's reported enrollment in governmental services (GOVT;
0 - Not enrolled; 1 — Enrolled in SNAP, WIC, FRPL, a cash assistance program, or a governmental healthcare program) were negatively associated with scores.
In Model 5, we included information on the caregiver's race and ethnicity by specifying indicator variable for whether the caregiver was white, non-Hispanic
(WHITE; 0-No, 1-Yes), Black, non-Hispanic (BLACK; 0-No, 1-Yes), or Hispanic (HISP; 0-No, 1-Yes); non-Hispanic parents identifying as two-or more races or who
identified in a racial category other than black or white served as the reference category. After adjusting for differences in child’s overall health, the caregiver's
educational attainment, and enrollment in governmental services, we do not expect to find that race and ethnicity predict scores. Lastly, we included factor
scores measuring the caregiver's depression and anxiety symptoms (DEPANX) and the child’s adverse experiences (ACEs) in Model 6.

Missingness was most present in the GAD/PHQ-2 items (Min = 14.9%; Max = 15.3%), the survey question inquiring on the child’s general health (14.5%), and
the child’s ACEs (with 0.50% not responding to at least one of the ACE questions). In response, we employed multiple imputation using the mice (van Buuren et
al.,, 2015) R package to deal with missingness on the criterion variables. For all models, we evaluated the evidence from criterion associations by pooling
results using Rubin’s rules, conducting pairwise t-tests, and interpreting the magnitude and substantive size of the coefficients. For models with multiple
coefficients to be tested (i.e., Models 3, 5, & 6), we conducted a simultaneous testing of the coefficients using a multiple imputation Ftest procedure (see, e.g.,
van Buuren, 2018)

Sensitivity Analysis of Possible Threats to Valid Inferences

We conducted sensitivity tests to assess whether measurement non-invariance or item misfit may threaten valid inferences of population differences in
children’s overall development.

Measurement Non-Invariance. We conducted a sensitivity check to assess whether measurement non-invariance resulting from differential item functioning
(DIF) threatens inferences about between-group differences in scores. We highlight here only the essential details of our procedure and refer the reader to the
supplemental materials for technical details.

We first screened each item for DIF (uniform and non-uniform) across race, ethnicity, household income, caregiver's educational attainment, and enrollment in
governmental services. For items exhibiting statistically significant DIF, we created a sequence of items ordered from smallest- to largest- p-value. Iteratively
we removed the item in the sequence, refit the 2PL model in (1) and (2), extracted new EAP scores, refit Model 6. We recorded whether there was evidence that
the coefficients differenced in significance or substantive size compared to the estimates where no items are removed.

In other words, given the KMT is a population measure, the presence of DIF is only concerning if it leads to different conclusions about group differences. It is
well established in IRT literature that the presence of DIF is not sufficient to conclude that inferences are invalid (see, e.g., Chalmers, 2014).

ltem Misfit. In addition to measurement non-invariance, we assessed whether item misfit resulting from a poorly fitting assumed item response function
threatens valid inference about population differences. We proceeded in this evaluation in three phases. First, using the guidelines provided by Maydeu-
Olivares (2014), we identified poorly fitting items as those with root mean square error (RMSEA) statistics greater than .08. For each of the identified items, we
specified an item response model that employs a third-order monotonic polynomial to relax the traditional linearity assumption. We then compared scores
from the model with monotonic polynomials specified for misfitting items to the original model in (1) and (2). Controlling for children’s age, we considered part
correlations less than .95 as evidence that conclusions risk being sensitive to item misfit.

Reliability and Errors of Measurement

We assessed the precision of scores in two ways. First, we calculate the marginal reliability statistic (r y ') proposed by Thissen and Wainer using the
standard errors for the EAP estimates. Although the 7y x is a valid measure of reliability, as a marginal statistic it overestimates the reliability when a child’s
score is only to be compared to scores from their peers. To evaluate the precision of scores at conditional on a child’s age, we fit a generalized additive model
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for location scale and shape (GAMLSS; Rigby & Stasinopoulos, 2005) to estimate age-conditional variances in EAP scores. Using the within age variance of
EAP scores and the conditional standard error of measurement (CSEM), we then calculated the expected conditional reliability value (TXX’\AGE) foreach
child,
—~_ 2
CSEM,

Tyx! =1- — 2
XX'|AGE; Vér{éEAP\AGEi} 7# ( )

where éEAP is the EAP score. We evaluated the average TXX'|AGE; values calculated in the previous step, in addition to evaluating the expected reliability
Txx'|AGE, at each age. We used r x x| gg, = -80 as a cutoff for the minimal reliability at each age. Such a reliability value may be below traditional
guidelines for individual assessments (i.e., when the conclusions are drawn regarding individuals). However, population measures like the KMT are intended to
produce statistics that aggregate across individual scores, thereby washing out measurement error across individual score.

Results

Table 1 reports the demographics of our Time 1 and Time 2 samples to those for the US population using nationally representative data from the NSCH
provided by the Child and Adolescent Health and Measurement Initiative (2022).
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Table 1

Sample demographics and family characteristics.

Sex

Female

Male

Age

0-11 mo.

12-23 mo.

24-35 mo.

36—47 mo.

48-59 mo.

60-71 mo.
Race/Ethnicity
White, non-Hispanic
Black, non-Hispanic
Other/Two or more, non-Hisp.
Hispanic

Adverse Experiences
No ACEs

1 ACE

2+ACEs

Overall Health
Excellent

Very good

Good

Fair or poor

Educational Attainment
Less than HS Diploma
HS Diploma

Some College or AA/AS
BA/BS+

Household Income?

Program Enrollment

Food stamp or SNAP
Governmental healthcare
wic

Cash Assistance Program
Free and reduced price lunch
Anxiety and Depress. Sxs

(0-Not at all, 5-Everyday)

Time 1 Sample

N=3,413

Child Characteristics (at Time 1)

1595
1818

554
567
645
639
616
392

1911
326
429
747

2504
474
436

1446
1074
327
70

%

46.7
533

16.2
16.6
18.9
18.7
18.1
11.5

55.9
9.6

12.6
21.9

733
13.9
12.8

49.6
36.8
11.2
2.4

Time 2 Sample

N=70

40
30

17
21
22
10

41

15

57
12

21
9
2
0

%

571
429

243
30

31.4
14.3

58.6
8.6

11.4
21.4

81.4
171
1.5

65.6
28.1
6.3
0.0

US Population’

N=36.61 (x10)

5.75
6.02

1.85
1.94
1.99
2.02
2.04
1.94

6.11
1.40
1.42
2.85

22.4
6.57
4.92

24.0
8.91
3.04
0.56

Caregiver/Household Characteristics (at Time 1)

153
558
1192
1510
3411

653
1582
929
193
843
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45
16.3
34.9
442
$68,700

19.1
46.4
27.2
5.7

247

11
49
70

11
21
16

13

0.0

11.8
16.2
72.0
$75,900

16.2
30.9
23.5
1.5

19.1

4.60
5.76
10.20
15.80
35.02

35.41
33.24
35.32
35.32
20.35

°

48.9
51.1

15.7
16.5
16.9
171
17.3
16.5

51.9
11.9
12.1
242

66.1
19.4
14.5

65.7
244
0.1

<0.1

12.7
15.9
28.0
435
$69,700

20.3
19.0
20.2
20.2
203




Time 1 Sample Time 2 Sample US Population’
Feeling nervous, anxious, or on edge 2909 M=.75 36 M=.61
Feeling down, depressed not being able to stop or control worrying hopeless 2899 M=.47 36 M=.22
Not being able to stop or control worrying 2910 M=.60 36 M= .31
little interest or pleasure in doing things 2911 M=.50 36 M= .25

Time 1 Sample (N =3,413)

At Time 1, parents with male children (53.3% vs. 51.1% nationally) were slightly more likely to respond than parents with female children. Compared to
national estimates, parents in our sample were more likely to report their child had an ACE count equal to zero (73.3% vs. 66.1% nationally), but these parents
also were less likely to report that their child was in excellent overall health (49.6% vs. 65.7% nationally). Our sample was slightly more likely to identify as
White, non-Hispanic (55.9% vs. 51.9% nationally), and slightly less likely to identify as Black, non-Hispanic (9.6% vs. 11.9% nationally) or Hispanic (21.9% vs.
24.2% nationally). Parents in our sample were also slightly more likely to have attained a BA/BS (44.2% vs. 43.5% nationally), and less likely to report having
not attained a high school diploma or GED (4.5% vs. 12.7% nationally). The median income in our sample was $68,700 (in 2022 USD), which effectively
matches the national estimate of $69,700. Compared to national estimates, our sample was more likely to be enrolled in (1) a government healthcare program
(46.4% vs. 19.0% nationally), (2) WIC (27.2% VS. 20.2% nationally), or (3) free and reduced-price lunch (24.7% vs. 20.3% nationally). However, parents in our
sample were less likely to report enrollment in a cash assistance program (5.7% vs. 20.2% nationally) or receive food stamps/SNAP (19.1% vs. 20.3%
nationally).

Time 2 Sample (N =70)

We obtained follow-up data from more female children than male children at Time 2 (57.1% vs. 48.9% nationally). This sample also tended to be from families
with higher levels of income ($75,900 vs. $69,700 nationally), higher levels of educational attainment as indicated by attainment of a BA/BS degree (72.0% vs.
43.5% nationally), fewer number of ACEs (No ACEs: 81.4% vs. 66.1% nationally; T ACE: 17.1% vs. 19.4%; 2 + ACEs: 1.5% vs. 14.5% nationally). However, Time 2
parents reported similar levels of children in either excellent (65.6% vs. 65.7% nationally) or good (28.1% vs. 24.4% nationally) overall health compared to the
U.S. population.

Evidence Based on Test Content

The proportion of items categorized as motor or physical development, cognition or language development, and social/emotional development is presented in
Fig. 1 below. Motor and physical development represented most items (55%) assigned in the first year of life, but these items represent only 19% of
administered items for children aged 2 years and older. In contrast, items identified as measuring cognitive or language development represent less than a
quarter (24%) of items assigned to newborns, but these items represent a majority beginning at age 3 (Max = 57%). The percentage of items reflecting
social/emotional development varies between 22% (for newborns) and 31% (for two-year-olds).

Evidence Based on Other Variables
Convergent Validity Evidence

Part correlations of Kidsights scores with Bayley-4 and the WJ-ECAD scores administered concurrently (i.e., each administered at Time 2) are presented in
Tables 2 & 3, respectively. With the Bayley-4, correlation coefficients were greater or equal to than the minimally acceptable threshold or r = .50 (see Table 2).
Kidsights scores at Time 2 were correlated with Bayley-4 Expressive Communication scores (r =.63, p <.001) and correlated with Baley-4 Fine Motor scores (r
=.50, p<.001). For the WJ IV ECAD, the correlation between the Kidsights scores at Time 2 and the WJ IV ECAD scores for General Intellectual Ability- Early
Development scores, Sentence Repetition scores, Expressive Language, Verbal Analogies, and Rapid Picture Naming test activities all met the minimally
acceptable threshold (see Table 3; min: r= .54, p <.001, max: r= .66, p <.001). However, the part correlation between Kidsights scores at Time 2 with the WJ IV
ECAD Picture Vocabulary scores (r = .46, p <.01; r= .48, p<.001) were below the minimally acceptable threshold. Kidsights scores were not significantly
correlated with Memory for Names, Sound Blending and Visual Closure scores from the WJ IV ECAD.
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Table 2
Part correlations with scores from Bayley-4 administered at Time 2 (n = 37).

1. Time 1 Kidsights
2. Time 2 Kidsights

3. GIA - Early Development

4. Expressive Language

5. Memory for Names

6. Sound Blending

7. Picture Vocabulary

8. Verbal Analogies

9. Visual Closure

10. Sentence Repetition

11. Rapid Picture Naming

Notes: ***p<.001, **p< .01

M @ ® @ ®) ©)
1. Time 1 Kidsights 1.00
2. Time 2 Kidsights .66***  1.00
(10)
3. Cognition T4%xx - 59%*  1.00
(.07) (.12)
4. Receptive Communication B4%*kx - Berkx  g5k** 1,00
(.09) (11) (.01)
5. Expressive Communication ~ .77%%*  63***  g2%%x  gQx** 100
(.06) (.10) (.02) (.02)
6. Fine Motor 3%k BO¥*R - Q4kxk QQFkx  gO*** 1,00
(08)  (13)  (01)  (02) (02
7. Gross Motor J5¥xk B7Fkx G7Fkx JQkkk G3xkk GT7xH
(.07) (12) (.03) (.05) (.04) (.03)
Note: *** p <.0017
Table 3
Part correlations with scores from WJ IV ECAD administered at Time 2 (n = 33).
O @ ® ©) ® ©®
1.00
.86%** 1.00
(04)
B6***  T(QFr* 1.00
(.09) (.08)
5OFkE - po*R* 92%xk 1.00
(17) (.09) (.02)
.28 24 .34% .30 1.00
(:23) (22) (.15) (.16)
.37 22 .38** 7 -.02 1.00
(21)  (21) (14) (.16) (18)
A6** ABHR* 7 5% 87*xx .20 .08 1.00
(.16) (.14) (.04) (.01) (.16) (.17)
R TV L 87xxx .68xx* -.01 .30 57xxx 1.00
(.13) (.12) (.05) (.08) (17) (.16) (.10)
-.08 .03 .24 .21 .28 -.15 .27 .06
(:33) (:32) (:22) (:23) (-20) (.19) (-21) (-21)
b1xx 70 92k 97 xx% .32 19 7 3%x% 67%** 14
(1) (08) (02) (.00) (1) (17) (02 (.08) (23)
S4FFx - f3RRx 82¥xk .68*** .29 .25 Q2xxx .60*** .05 75%**
(14)  (11) (.05) (.08) (16) (17) (11) (10) (22) (.06)
*p<.05

(10
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Table 4 provides convergent validity with scores derived from previously validated caregiver measures. Kidsights scores were highly correlated with D-scores (
r =.93,p <.001) and CREDI-LF Overall scores (r = .89, p <.001). Correlation coefficients were also greater than the ideal threshold value (i.e., > .70) for all
CREDI subscores (min: r= .05, p <.001, max: r=.82, p<.001 ), ECDI2030 scores (r =.75, p <.001), and NOM early learning factor scores (r=.77, p<.001).
Correlation coefficients were found to be greater than the minimally acceptable threshold value of r= .50 for HRTL physical development factor scores (r = .62,
p <.001). Only the correlation with HRTL social/emotional factor scores (r =.39, p <.001) were found to below the minimum threshold value we set.

Table 4
Part correlations with CREDI and HRTL instruments administered at Time 1 (N = 3,413).

m @ @ @ ® © @ ® ©® (10) (1) @

1. Kidsights 1.00

2. D-scores [93kr 1.00
(07)
CREDI 3. Overall Kl hid 91k 1.00
(01) (01)
4. Motor 8F*x 8G*H* g7k 1.00

(01 (01 (01
5. Cognition  .86%* Wk gk 91w 100
(01) (01) (01) (01)
6. Language  .85%* g7k Qgukx  Jgee  g7ee 100
(01) (01) (01) (01) (01)
7. Soc/Emot. .82%k  gl®x  g7wxt  ghkkk  Q7akx  gOwx 1,00
(01) (01) (01) (01) (01) (01)
8. ECDI2030  .75%*  70%*  77%e  g7eee  J7Re Jeeee gk 100

(.01) (.02) (.02) (.02) (.02) (.02) (.02)
HRTL 9. Physical .62%x* .52k A ExE* A9k A4k A3rrk N ABrx 1.00
(.02) (.03) (.05) (.05) (.04) (.03) (.04) (.02)
10.  Early TTHRRx B3Frx 62%*x .56*** .62%x* .5k .5gx* 5ox** A3rrk 1.00
Learning
(.01) (.02) (.03) (.03) (.03) (.02) (.03) (.02) (.02)

11.  Soc./Emot.  .39%** J7kx* A 2xKK .3g%k* .39k 34rrk .38xk* .30%x** 16%r* VA K 1.00

(02) (03) (04) (.04) (04) (04) (04) (03) (03) (.03)

12, SelfReg.  .38%*  33kkx  3gekk 33wk Z7kkk  J4ekk 35wkt pfkkx  Jgeek 7wt Zeee
(02) (03) (04) (04) (04) (03) (04) (03) (03) (03) (02)

13. GSED PF = 20%F% = AT7FR = 4R = BRI BRFRk — eRRR = 8% Rk - ERERR - %Kk = T4RER - 43Rk -
(.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.C

Notes: ***p <.001, **p<.01, *p<.05

Discriminant Validity Evidence

As can be seen in Table 4, part correlations of Kidsights scores with HRTL self-regulation scores (r=.38, p <.001) and GSED-PF psychosocial problems scores
(r=-.20, p<.001) provide supportive evidence of discriminant validity. The magnitude of each correlation was less than the magnitudes of the correlations
used as evidence of convergent validity evidence. These correlations were also below the maximum threshold value (|r| < .50) and in the expected directions
(i.e., a positive correlation with HRTL self-regulation scores and a negative correlation with GSED-PF psychosocial problem scores).

Predictive Validity Evidence

Correlations with Kidsights scores at Time 1 and Bayley-4 or WJ IV ECAD scores obtained 12-18 months later at Time 2 provide predictive validity evidence
(see Tables 2 & 3). Kidsights scores at Time 1 were found to predict all Bayley-4 scores at Time 2; each correlation coefficient was positive, significant, and
substantively large (see Table 2; min: r=.64, p <.001; max: r=.77, p <.001). Similarly, Kidsights scores at Time 2 predicted WJ IV ECAD (see Table 3) GIA Early
Development scores (r=.70, p <.001), Sentence Repetition scores (r=.70, p=.04), Expressive Language scores (r=.66, p <.001), Verbal Analogies scores (r
=.54, p<.001), and Picture Vocabulary scores (r=.48, p <.001). However, we failed to find that Kidsights scores at Time 1 predicted WJ IV Memory for Names
scores, Sound Blending scores, or Visual Closure scores.
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Criterion Associations

We find favorable evidence that the associations of between Kidsights scores and criterion variables are consistent with those expected from theory. Table 5
presents the coefficient estimates for Models 1-6. Females (Model 1) and children reported in very good or excellent health (Model 2) exhibit higher average
scores than their peers (Model 1: FEMALE: Est. = .149, SE = 0.035; p <.001, ES =.155; Model 2: HEALTHY 2: Est. = 0.501, SE=0.052, p<.001, ES = 0.522).
Simultaneous testing (Model 3 vs. Model 2: F=12.397,d f, = 3, d f, = 3387.414) and pairwise tests indicate that children from parents with at college
attainment exhibit high average scores than those who only possess a high school diploma (Model 3: SOMECOLL: Est. = 0.147, SE = 0.049; p =.003, ES =
.153; BS: Est. = 0.182, SE = 0.051; p<.001, ES = 0.190), but no significant differences were found between parents who had not attained a high school
diploma versus those who had a high school diploma (p = .575). Enroliment in governmental services (e.g., SNAP, WIC, etc.) was associated with lower
average scores, even after controlling for caregiver's educational attainment (Model 4: GOVT: Est. = -0.122, SE = 0.04, p = .001, ES = -0.127). As expected, after
controlling for caregiver's educational attainment and enrollment in governmental programs and services, we simultaneous testing indicated between-group
differences in average scores race and ethnicity (Model 5 vs. Model 4, F=3.101,d f, = 3, df, = 3379.131, p=.026), but pairwise t-tests were each not
significant (Model 5: BLACK: p = .442; HISP: p =.068; WHITE: p = .880). Lastly, caregiver depression and anxiety symptoms and the child’'s adverse experience
were also negatively associated with scores (Model 6 vs. Model 5: F=10.459, df, = 2, df., = 2323.525, p <.001; Model 6: DEPANX: Est. =-0.059, SE = 0.017, p
<.001, ES = -0.069, ACEs: Est. = -0.038, SE = 0.018, p = 0.038; ES =-0.040).
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Table 5
Validity evidence from criterion associations at Time 1 (N = 3,413).

M1 M2 M3 M4 M5 M6

Female 0.149%*  0.161**  0.161***  0.166***  0.167***  0.209***
(0.035) (0.035) (0.034) (0.034) (0.034) (0.036)
[0.155] [0.168] [0.168] [0.173] [0.174] [0.217]
Child in Very Good or Excellent Overall Health 0.501***  0.487***  0.462***  (0.457*%*  0.437***
(0.052) (0.052) (0.053) (0.053) (0.053)
[0.522] [0.507] [0.480] [0.476] [0.449]
No High School Diploma -0.049 -0.046 -0.041 -0.054
(0.086) (0.086) (0.086) (0.086)
[-0.051] [-0.048] [-0.043] [-0.056]
Some College or Associate's Degree 0.170%**  0.147** 0.137** 0.152**
(0.048) (0.048) (0.049) (0.049)
[0.177] [0.153] [0.143] [0.158]

Bachelor's Degree or Higher 0.250***  0.182***  0.169** 0.182***
(0.047) (0.051) (0.052) (0.052)
[0.261] [0.190] [0.176] [0.189]

Government Program or Services -0.122*%*  -0.111**  -0.073

(0.038)  (0.039)  (0.040)
[-0.127] [-0.116] [-0.075]
Black 0.054 0.061
(0.070) (0.070)
[0.056] [0.063]
Hispanic -0.104 -0.098
(0.057)  (0.057)
[-0.108] [-0.102]
White 0.008 0.004
(0.052)  (0.052)
[0.008] [0.004]
Caregiver Depression and Anxiety Symptoms -0.059***
(0.017)
[-0.069]
Child's ACEs -0.038*
(0.018)
[-0.040]
Notes: ***p <.001, **p <.01, *p <.05.

Sensitivity Analysis of Possible Threats to Valid Inference
Measurement Non-Invariance

In total, we found approximately one-third of all items in the Kidsights Measurement Tool item bank exhibited uniform or non-uniform DIF (see Supplemental

Table 2). As detailed in the supplementary materials, we failed to find that the presence of DIF threatens inferences about between-group differences in young
children’s development. Specifically, criterion associations retain their substantive size, direction, and significance even after removing all items exhibiting DIF
(see Supplemental Fig. 1).
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ltem Misfit

In total, we found that nearly one-fifth of items exhibited RMSEA values greater than .08, suggesting a poorly fitting item response model for a substantial
number of items (see Supplemental Table 2). As shown in the supplemental materials, scores remain correlated at 7 = .99 (see Supplemental Fig. 2) after
relaxing the linearity assumption by specifying a monotonic polynomial item response function. Thus, we do not find evidence that inferences are threatened
from item misfit.

Reliability and Errors of Measurement

Reliability and errors of measurement estimate provide supportive evidence that measurement error does not unduly threaten population-level inferences. As
expected, the marginal reliability was found to be very strong, 7 yx* = .99. Controlling for variation due to children’s age, we found an average conditional

reliability estimate of ;XX’\AGE= .92. Moreover, the expected conditional reliability was found to be greater than the minimum threshold value of .80 across
all ages (see Fig. 3).

[ The NSCH is a nationally representative household survey of the US population directed by the Maternal and Child Health Bureau (MCHB) of the U.S.
Department of Health and Human Services. The goal of the NSCH is to produce national and state level estimates of children’s health and well-being of
children and their families (MCHB, 2023). In generating U.S. population estimates for comparison to our sample, we pooled all household data with a child 0-5
years provided by the Child and Adolescent Health and Measurement Initiative (2022) collected between 2016-2020.

Discussion

Population-based measurement of early child development has the potential to generate new insight into the emergence of disparities in the earliest years of
life. Because tracking and addressing early disparities is a cornerstone of effective public health systems, such data are critical. However, documenting these
disparities requires feasible and reliable measurement tools that can be used across populations, and at present, governments have limited means to examine
trends in child development. Our study documents multiple types of validity for the KMT, demonstrating its feasibility for use as a population-level measure of
child development. We demonstrate content validity evidence of the KMT, as well as convergent and discriminant evidence from concurrently administered
instruments, predictive validity with direct-observation instruments, criterion validity with known correlates of children’s development, and sufficient reliability
for the purposes of drawing conclusions about groups of children. In sum, this study offers evidence that the Kidsights Measurement Tool meets the
psychometric requirements detailed by the APA Standards for its intended use as a population-based measurement tool appropriate for children birth to age 5
years. Below we outline our findings in greater depth.

First, we found that KMT test content demonstrates concordance with key domains of child development including cognitive, language, motor and
social/emotional development. Although the proportion of items representing different domains varies by age, overall, the balance of domains represents
relevant domains at each age, which was our goal. The process of selecting items was aided considerably by the reliance on existing scales of child
development including the CREDI, GSED, and HRTL, each of which was developed through careful identification of developmental milestones in early
childhood (e.g., McCoy et al, 2018; Cavallera et al., 2023; Ghandour et al., 2019).

Second, we found that Kidsights scores showed expected predictive and concurrent associations with scores from both direct observations and other parent-
report measures designed for use at the population level, the CREDI, HRTL and ECDI. Beginning with the sample of 70 children assessed at two time points, we
found evidence of predictive validity. Kidsights scores strongly predicted all Bayley-4 subscores observed 12-18 months later, meeting or exceeding the
minimum acceptable threshold for association. Kidsights scores were also related to several of the WJ IV ECAD scores obtained 12-18 months after
Kidsights scores were collected. We found similar evidence of convergent validity when the KMT was administered concurrently with the Bayley-4 and the WJ
IV ECAD, as well as associations with previously validated parent reported measures (i.e., GSED-SF, CREDI, and HRTL). While associations were largely
confirmed by our data, we did not find that all subscales of the WJ IV ECAD were associated with Kidsights scores from a concurrent administration of the
KMT. Specifically, the WJ IV ECAD subscales of memory for names, sound blending, and visual closure did not show concurrent associations with KMT
scores, while picture vocabulary, verbal analogies, sentence repetition and rapid picture naming did. While all of these subscales are intended to index general
intellectual ability (Shrank et al., 2018), it is not clear from our study why some were related to KMT and some were not, although some of the subscales were
very difficult for children in our sample so the lack of positive association may have been due to overall low scores. Future work with KMT and indices of
academic achievement, including following children later into the primary school years, may help clarify these findings. At the same time, the KMT is intended
to be a holistic measure of child development rather than indexing specific skills, and thus may show greater sensitivity to some aspects of later academic
achievement than others.

Third, Kidsights scores met acceptable standards of measurement invariance and score precision. We found scores to be sufficiently precise (i.e., reliability) to
support inferences of group mean differences. Through sensitivity analyses, we found no evidence that (a) assumption violations in modeling the internal
structure (i.e., item misfit), nor (b) measurement non-invariance indicated by DIF threatened inferences about population mean differences.

Fourth, in assessing criterion validity, we found negative associations between caregiver enroliment into governmental services and programs, caregiver
depressive and anxiety symptoms, and the child’s count of ACEs. Children whose parents reported enrollment in government services (indicating household
economic stress), greater depressive and anxious symptomology, and more ACEs had lower KMT scores, all of which is consistent with existing research on
threats to early child development (Petterson et al., 2001; Treat, et al., 2020).

Our results also identify areas for further inquiry. We found smaller concurrent associations between KMT scores and HRTL subscales focused on
social/emotional and self-regulatory development than with the HRTL early learning and physical development subscales. While the Kidsights Measurement
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Tool contains indicators of social/emotional development, the majority of items are focused on cognitive, language and physical development. Further, HRTL
social/emotional and self-regulatory subscales include indicators of problem behaviors as well as normative development, whereas the Kidsights
Measurement Tool was focused exclusively on indexing social/emotional and regulatory competence. Going forward, we will continue to test Kidsights
Measurement Tool's sensitivity to early social and emotional development, including through the development of a new scale focused specifically on
manifestations of early psychosocial stress (author redacted, under review).

Conclusions

Taken together, results suggest that Kidsights is a reliable and valid approach to measurement of holistic child development at the population level for
children birth to age 5. Identifying and tracking early disparities has significance for ensuring lifelong health and wellbeing, particularly for populations of
young children who are vulnerable to high levels of stress due to the quality of their environments. The KMT tool opens the door to more extensive population-
level monitoring of young children’s development beginning in the earliest years of life, when addressing disparities is most cost effective. While we
acknowledge that representative sampling is needed to ensure accurate population-level monitoring, our tool represents a critical step forward in generating
evidence of early disparities.
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Flowchart of study selection based on inclusion and exclusion criteria
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Figure 2

Kidsights Measurement Tool domain representation by child’s age.
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Figure 3

Correspondents of person locations (i.e,, scores) versus item locations/difficulties (N = 3,413).
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Figure 4

Average reliability of scores at child’s age (N = 3,413).
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