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Abstract 

Despite the ubiquity of variation in child development within individuals, across groups, and 

across tasks, timescales, and contexts, dominant methods in developmental science and 

education research still favor group averages, short snapshots of time, and single environments. 

The Learning Variability Network Exchange (LEVANTE) is a framework designed to enable 

coordinated data collection by research teams worldwide, with the goal of measuring variability 

in children’s learning and development. The LEVANTE measure set aims to capture variability 

in learning outcomes (literacy and numeracy) as well as in core cognitive and social constructs. 

LEVANTE will yield a large, open access longitudinal dataset for long-term research use, both 

creating a multidisciplinary research network and facilitating the science of learning variability.  
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Introduction 

This article introduces the Learning Variability Network Exchange (LEVANTE), a 

framework for developmental data collection and sharing with the aim of understanding the 

nature of developmental variability alongside its counterpart, developmental consistency. Our 

goal is to gather a large, rich, multi-context dataset with global scope that measures 

developmental change over time in children aged 2–12 years. Initiated by the Jacobs Foundation, 

LEVANTE is organized around a partnership between the Foundation, the data coordinating 

center (which develops the technical framework), an independent steering committee, and a 

network of global sites involved in data collection. Unlike classic cohort studies, LEVANTE 

provides a flexible framework in which funded sites as well as other researchers can measure 

variability in learning and development using consistent, state-of-the art tools for data collection 

and data management.  

LEVANTE includes assessments of language and literacy; numeracy and math; social 

and emotional cognition; executive function; and spatial cognition and reasoning in children ages 

2–12 years. These aspects of individual children will be examined in light of contextual 

constructs at the level of the self, the home and family, the school, and the community.  The 

youngest children will be able to complete a subset of the direct assessments, allowing for 

continuity of measurement; the oldest will already be well along their academic trajectory, 

allowing measurement of learning variability. This developmental range also encompasses both 

the preschool period and the transition to formal education, allowing connections between 

constructs measured worldwide in early childhood and those studied in school-aged children. 

The overall goal of LEVANTE is to provide the research community with open tools and data so 

as to advance global research on variability and broaden participation in research. In the 
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remainder of the introduction, we describe the theoretical rationale for LEVANTE and then 

discuss the idea of a federated cohort study in more detail. 

Theoretical motivation 

Variability – defined as the dispersion of measurements around some central tendency – 

is a common denominator in the study of learning and development. Individual children’s 

abilities vary with age, but also vary across different tasks and even within the same task at 

multiple timescales (Kulke et al. 2018; Nussenbaum et al., 2022; te Brinke et al., 2023). Within 

classrooms, children of similar biological age show varied skills (Carstensen et al., 2019; Hughes 

& Devine, 2015; Mabbott & Bisanz, 2003; Nelson, 1981; Smiley & Dweck, 1994). Yet currently 

dominant methods tend to favor group averages, short snapshots of time, and single 

environments. When variability is acknowledged, researchers disagree about its origins, how to 

address it, and when to embrace vs. when to reduce it (Ellis et al., 2022; Frankenhuis, Young, & 

Ellis, 2020; Frankenhuis & Nettle, 2019; Kievit et al., 2013). Similarly, there is a lack of data 

and scientific evidence on the interplay among different dimensions of variability – for example, 

about the relation between day-to-day variation in cognition and developmental change over the 

course of several years.  

Studying variability could facilitate our understanding of why variation might be 

especially prevalent in specific groups or contextual circumstances (Jacobs Foundation, 2023). 

Identifying the sources of variability is essential not only for mapping the limits of empirical 

findings but also to generate a comprehensive theory of children’s development. That is, if the 

relation between an environmental experience and a child’s learning is reliably modified by 

environmental context, our theories of how experience shapes development will be enriched. For 

example, Lansford and colleagues (2005) found that parental harsh discipline of a child predicted 

4 



LEARNING VARIABILITY 

 

growth in that child’s externalizing behavior problems, but the strength of the relation was 

diminished under cultural circumstances in which harsh discipline was more normative, 

suggesting that the culturally-informed meaning of the parental behavior influences the effects of 

the behavior. In sum, variability – and its opposite, consistency – can provide important clues to 

mechanisms of learning and development and how they operate across contexts (Frank et al., 

2021).  

Additionally, researchers might consider investigating individual variability to promote 

more effective customized learning interventions. For example, if students with reading 

difficulties show different latent profiles of language and cognitive skills (Kulesz et al. 2024), 

researchers and educators could potentially improve reading outcomes more effectively by 

providing customized interventions based on these profiles (Connor et al., 2007). If research 

fully embraced learning variability, the resulting knowledge could enable policy makers, 

designers, and educators to make decisions that more effectively serve a greater variety of 

children.  

Finally, there is a significant gap in developmental psychology research involving 

children outside of Western convenience sample contexts (Henrich et al., 2010; Kidd & Garcia, 

2022; Nielsen et al., 2017; Singh et al., 2023; Nag et al., 2024). If global samples are not 

included in research, it is impossible to quantify variability across cultures and contexts. This 

gap has important consequences both practically and theoretically. Practically, targeting 

interventions to new populations is risky without understanding how contexts vary (Bryan et al., 

2021). And theoretically, claims about the universal ingredients of development are impossible 

without measurements of variation across the global population (Frank et al., 2021). Thus, 
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diversifying developmental psychology to better understand individual and contextual variation 

is thus both a major challenge and a significant need.  

A federated cohort study 

Studying variability and diversity requires large datasets. Post-hoc data harmonization 

(e.g., gathering and coordinating data from multiple groups post-data collection) can yield 

valuable resources, but this process is labor-intensive and relies on the existence of pre-existing 

datasets with the desired characteristics (Frank et al., 2017; Zettersten et al., 2023; Gilmore et al., 

2016). For research questions that require multiple measures, large-scale cohort studies are often 

the only option; yet new innovations in measurement can lead to the need for new datasets to be 

created.  

Cohort studies have been a critical part of the history of developmental research (e.g., 

Roche, 1992). They offer special insight into variability by providing measures of change over 

time. But such studies are immense undertakings, spanning over many years and requiring 

extensive investments of time and money. For example, the Adolescent Brain and Cognitive 

Development study (ABCD) is projected to run for more than 15 years and to cost many 

hundreds of millions of dollars. In the ABCD protocol, a group of US sites pursues coordinated 

data collection following a cohort of adolescents longitudinally (Volkow et al., 2018). While 

ABCD is among the most comprehensive, many other such cohort studies both within and 

outside of the US – such as the Environmental Risk Longitudinal Twin Study (Fisher et al., 

2015), Fragile Families and Child Wellbeing Study (Waldfogel et al., 2010), Texas Twin Project 

(Harden et al., 2013), and Twins' Early Development Study (Oliver & Plomin, 2007) – provide 

important resources for developmental scientists. However, datasets that provide deep 
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characterization of children’s minds, brains, and genes are typically limited to one geographic 

area or country (e.g., Golding et al., 2001). 

Coordinated data collection of the type exemplified by cohort studies provides important 

scientific opportunities, but also carries a number of costs. First, each site participating in a 

cohort study must recruit and collect data according to the study protocol, with no opportunity to 

harmonize the data collection with ongoing efforts (e.g., existing local cohorts). Second, there is 

typically at best limited opportunity for sites to add measures in order to address site-specific 

questions. Third, this substantial resource investment typically requires that each site have 

specific capacities and characteristics, often limiting opportunities for global participation (cf. 

Lansford & Bornstein, 2011). Here, in contrast, we explore a more flexible, federated approach 

to the longitudinal cohort study, in which a harmonized dataset emerges from coordinated, 

distributed data collection across a set of sites pursuing their own research goals using a common 

platform.  

While traditional cohort studies either focus on a single site or else mandate identical, 

coordinated data collection across sites, LEVANTE data collection will be distributed across 

sites via calls for proposals that allow participating researchers to integrate core measures into 

new or existing study designs. These core measures are designed from the ground up to provide 

an openly accessible, internationalized set of tasks and surveys created with psychometric best 

practices in mind. LEVANTE will result in an interrelated set of longitudinal studies that use the 

same core measure set and similar sampling plans to explore developmental variability within 

and across diverse populations. The product will be a high-value dataset that enhances our 

understanding of variability in human development across diverse contexts. 
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LEVANTE embraces the principles of open science as a fundamental design feature 

(Klein et al., 2018; Frank et al., 2024). All measures designed for LEVANTE will be open and 

permissively licensed, allowing their adoption and reuse throughout the developmental research 

community at no cost to users. To accelerate collaborative investigation of the main dataset, we 

aim to release data on the core study measures soon after they are collected, rather than waiting 

for individual sites to terminate data collection. The dataset will be designed to preserve privacy 

through extensive de-identification, allowing free and permissive sharing of the resulting data. 

The overall goal is to create a set of research products – data, code, tasks, and materials – that 

together accelerate progress in the developmental and learning sciences.  

The current manuscript 

The aim of the current manuscript is to describe the design of the LEVANTE framework. 

We begin by presenting our general plans for data collection and our measures. We then describe 

the scientific aims of the project and broader considerations around ethics, privacy, and data use. 

We end by considering LEVANTE in the context of our pilot data collection in three 

geographically, culturally, and linguistically diverse sites – Ontario, Canada; Bogota, Colombia; 

and Leipzig, Germany – and by outlining potential benefits of the LEVANTE approach for 

researchers, teams, and the field as a whole. 

The LEVANTE Framework 

The key feature of LEVANTE is the federated data collection model, in which 

participating sites collect data from their local population using a shared set of measures. 

LEVANTE projects are expected to be diverse, involving the collection of LEVANTE measures 

in new samples, the addition of LEVANTE measures to ongoing or planned studies, or the 

supplementation of LEVANTE data collection with other measure types.  

8 



LEARNING VARIABILITY 

 

We anticipate enrolling a series of cohorts, with start dates for data collection ranging 

from 2025 to 2030. A major goal of LEVANTE site selection is to recruit sites that sample from 

communities that are traditionally under-represented in research. To facilitate longitudinal data 

analysis and analysis of within-person variability, sites will be required to collect data at a 

minimum of three timepoints per child.  

The first research wave of the program will focus on enrolling children ages 5 - 10 in a 

small set of target languages including English, Spanish, and German as well as others as 

determined based on the availability of measures and the key learning questions outlined in the 

Jacobs Foundation Research Agenda (Jacobs Foundation, 2023). This decision reflects the 

relative maturity of measures designed for older children (see below). The second research wave 

will focus on extension of the LEVANTE framework to early childhood (enrollments at 2 - 4 

years). Subsequent research waves will focus on extension of the LEVANTE framework to 

broader geographic, cultural, and linguistic contexts. Additional focus areas for future waves 

may include measurement of educational context; inclusion of neuroscience measures; or dense, 

within-person measurement for modeling and predictive validity. 

Each LEVANTE site will recruit participants via one of two standard paths: school-based 

recruitment – where families in the same school are recruited – or family-based recruitment 

– where families are recruited individually (e.g., via online advertising, a community-based 

setting, or other recruitment method). Younger children will require adults (parents, teachers, or 

research staff) to oversee testing on a one-to-one basis. In contrast, older children may be able to 

navigate administration of the measures on a computer or tablet platform in a group setting (for 

example in a classroom). In all cases, children and caregivers will contribute data; in cases of 
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school-based recruitment, we will additionally ask sites to administer questionnaires to teachers 

to better characterize children’s classroom learning environments.  

For each of three annual assessments, we anticipate a total assessment burden for the core 

measures of approximately one hour for children aged 5 - 12 years (sometimes broken into 

multiple sessions). Caregiver questionnaires will take no more than one hour, and teacher 

questionnaires will take no more than 30 minutes. This relatively low assessment burden will 

allow the integration of LEVANTE assessments with other measures and with ongoing or 

planned research.  

Sites will make use of a shared technical infrastructure (Figure 1). Each site will access a 

dashboard allowing them to administer questionnaires and direct assessments in a web browser 

or on a tablet. Data will be transferred from this administration platform to the LEVANTE data 

repository via a data validation interface and disseminated in combination with de-identified 

demographic data. Sites will have immediate access to the data they collect, but all data collected 

on the LEVANTE core measures will be released publicly on a twice-yearly schedule following 

a six month embargo period, allowing quick access to data. 
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Figure 1. Data flows from partner sites to the data coordinating center and LEVANTE data 

repository. 

 

Measurement and Sampling 

Measure selection 

The LEVANTE core assessment battery is designed to provide holistic measurement of 

learning and development for children ages 2 – 12 years. Figure 2 shows a map of the broad 

construct areas that we aim to assess. However, there are fewer well-validated measures for the 

youngest children; thus LEVANTE will begin with children ages 5 –12 and engage in iterative 

piloting of measures for children ages 2 – 4. The current manuscript reports only on measures for 

older children. We used the following set of principles to guide measure selection for 

11 



LEARNING VARIABILITY 

 

LEVANTE. While few measures fulfill all criteria, the balance of these factors was imperative to 

the decision process. We selected measures based on the following desiderata: 

●​ Short. Given the pressure to assess multiple constructs in a short timeframe, measures 

needed to be brief.  

●​ Reliable. Since measurement of variability is the key goal, we prioritized measures with 

demonstrated high test-retest reliability and/or internal consistency as demonstrated in the 

literature. 

●​ Valid. Given that we aim to generate evidence that could have translational impact on 

different education sectors, we selected measures with evidence of strong construct, 

predictive, and external validity. 

●​ Cross-culturally appropriate. Since measuring children’s variability across contexts is a 

key goal, we sought measures with demonstrated use in a wide range of cultures and 

contexts, including low- and middle-income countries (LMIC).  

●​ Broad age range. Since measuring within-children’s variability and developmental 

growth across contexts are goals for LEVANTE, we looked for measures that could be 

used across our full age range. 

●​ Normed. Since measuring children's variability across ages, groups, and contexts is a key 

goal for LEVANTE, we prioritized pre-existing measures with norms across our age 

range of interest. 

●​ Accessible and non-commercial. Because we intend the LEVANTE measures to be 

freely available, we only considered including measures that could be used without 

incurring a licensing cost. 

12 



LEARNING VARIABILITY 

 

Our overriding impulse in measure selection for LEVANTE was pragmatism: with a 

short timeline and a very limited budget of time for each wave of assessment, we needed to be 

aggressive in selecting a relatively small number of constructs, a small number of measures 

associated with each construct, and a limited number of items for each construct. The measure 

selection process entailed an extensive examination of the literature, conversations with experts 

in the field (i.e., individual faculty members as well as a faculty advisory group with expertise in 

diverse areas of child development and education), and a cost-benefit analysis considering 

factors that included length of assessment, reliability and validity across contexts, and 

developmental applicability.   

Child assessments 

Our core constructs and subconstructs for direct assessment (Table 1) were selected based 

on an interest in examining learning outcomes and their precursors in early childhood, combined 

with the goal of creating a holistic assessment of individual children. The direct assessments we 

selected for LEVANTE have been instantiated with many different sets of parameters without 

consensus as to a single standard implementation. Even in the case of well-known measures, 

length constraints made using some tasks infeasible without modification. Thus, for many of 

these, we created what is essentially a new instrument, albeit one derived from the previous 

literature and in some cases making use of previously published stimuli. 

From the perspective of learning outcomes, we identified language/literacy and 

numeracy/mathematics as key outcome domains in which we could track continuity between 

early childhood and later educational outcomes (Marchman & Fernald, 2008; Schneider et al., 

2018). To these constructs, we added reasoning, executive function, spatial cognition, and social 

cognition as key domains of interest for both cognitive development and education. Measures of 
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reasoning – for example, matrix reasoning tasks – are highly correlated with educational 

outcomes (Downey et al., 2014; Green et al., 2017; Pind et al., 2003) and provide a widely used 

tool for the reliable characterization of individual variation in cognition. Executive function and 

self regulation have similarly been linked to educational and life success (e.g., Ahmed et al., 

2019; Moffitt et al., 2011). Spatial reasoning is linked to STEM outcomes (Atit et al., 2022; Tian 

et al., 2023). Finally, social cognition is an important area of interest in early childhood, 

especially with respect to cross-cultural (e.g., Callaghan et al., 2011) and socioeconomic 

variation (Fendinger et al., 2023). To assess key attitudes, we also ask children a small number of 

questions about their well-being, peer relationships, and their feelings about schooling. In sum, 

our direct assessment constructs include: language & literacy, numeracy & mathematics, 

reasoning, executive function, social cognition, and spatial cognition.  
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Figure 2. Visualization of child, home, school, and community constructs to be measured by 

LEVANTE data collection efforts. 

Construct Subconstruct Task Name Task Description Citation 

Language & 
Literacy 

Vocabulary ROAR-Vocab 
Match a word to a picture 

Yeatman et al., 
2021 

 Phonological 
Awareness 

ROAR-PA Select the word that starts 
with the same letter as the 
target word 

Yeatman et al., 
2021 

 Word 
Recognition 

ROAR-WR Identify words and non-words 
(i.e., lexical decision task) 

Yeatman et al., 
2021 

 Sentence 
Reading 

ROAR-SRE Identify whether sentences 
are true or false 

Yeatman et al., 
2021 

 Grammar TROG Match a phrase to a picture Bishop (1983) 

Number & 
Math 

Formal Math Early Grade 
Mathematics 
Assessment 
(EGMA) 

Answer addition and 
subtraction questions Platas et al., 2016 

 Early Numeracy Number Line 
Estimation 

Place a given number on a 
line from 0-10 or 0-100 

Schneider et al., 
2018 
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Reasoning Pattern 
Recognition 

Matrix Reasoning Select pattern that completes 
3x3 matrix Raven, 2000 

Executive 
Function 

Working 
Memory 

Dot Matrix Tap a sequence of dots in a 
prescribed order 

Arce & McMullen, 
2021 

 Response 
Inhibition 

Hearts and Flowers Select right or left key based 
on given rule 

Camerota et al., 
2020 

 Set Shifting Same Different 
Selection 

Match picture to another 
picture 

Obradović et al., 
2025 

Social 
Cognition 

Social Cognition Theory of Mind 
Battery 

Listen to a short vignette and 
answer questions about the 
vignette 

Sotomayor-Enrique
z et al., 2024 

 Hostile 
Attribution Bias 

Hostile Attribution 
Bias Subscale of the 
Social Information 
Processing–Attributi
on Bias 
Questionnaire 

Answer questions about 
ambiguous social situations Dodge et al., 2015 

Spatial 
Cognition 

Mental Rotation Mental Rotation 
Task 

Match silhouette to rotated 
picture 

Shepard and 
Metzler, 1971 

Table 1. List of child direct assessment constructs and measures. 

 

Caregiver reports  

Primary caregivers can provide a wealth of information about their children and the 

broader contexts of influence on their children’s development (Table 2). All caregivers will 

provide a set of basic demographic variables including indicators of community membership and 

socioeconomic status (Singh et al., 2024). In addition to demographics, we survey constructs 

relevant to primary caregivers’  involvement and the child’s environment, specifically from the 

primary caregiver’s view of the child (Bourdon et al., 2005; Goodman, 1997; 2001; Janitza et al., 

2020; Murphey, 1992) and the primary caregiver’s view of the child’s home and school 

environments (Davis-Kean, 2005; Lansford et al., 2023; Matheny et al., 1995; Okagaki et al., 

1998; Seefeldt et al., 1998). Questions about the home environment will similarly probe 
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variables relating to educational achievement, including both aspects of the caregivers’ parenting 

style (Dornbusch et al., 1987; Essau et al., 2006; Frick et al., 1999; Shelton et al., 1996; Zimet et 

al., 1990) as well as broader features of the home environment including food security (Call et 

al., 2024; Heflin et al., 2022), structure (Garrett-Peters et al., 2016; Matheny et al., 1995; 

Micalizzi et al., 2019), and literacy/numeracy practices (Lansford et al., 2023; Manolitsis et al., 

2013; Napoli & Purpura, 2018).  

Questions about the child focus on key variables relating to educational attainment, such 

as their health and well-being (Cardenas et al, 2022; Essex et al., 2002; Koita et al., 2018; Ye et 

al., 2023), their socioemotional development (Hammer et al., 2018; Pettit et al., 1991) and their 

executive function and self-regulation (Ahmed et al., 2019; Bourdon et al., 2005; Moffitt et al., 

2011). These reports from caregivers will add new information about the child in addition 

to providing a complementary picture to overlapping direct child assessment tasks such as social 

cognition and executive function. 

 

Target Construct Subconstruct Source Citation 

Caregiver 
Child Health/ 
Well-Being 

General 
Demographics  ManyBabies Demographics Singh et al., 2024 

  General Health National Survey of Children's Health NSCH, 2022 

  Cognition/Learning National Survey of Children's Health NSCH, 2022 

  
Sleep 
Problems/Health 

Patient Reported Outcomes Measurement 
Information System (PROMIS) Forrest et al., 2018 

  Sex/Gender 
Adapted from “Measuring Sex, Gender and 
Sexual Orientation" Report 

National Academies 
of Sciences, 
Engineering, and 
Medicine, 2022 

  Puberty Youth Pubertal Development Scale Peterson et al., 1988 

  Adverse Events 
Pediatric ACEs and Related Life Events 
Screener (PEARLS) Aces Aware, 2024 

  Technology Use Developed by LEVANTE researchers  
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  Executive Function 
Developed by the Global Executive 
Function Initiative  

 Social Emotional 
Emotion 
Problems/Regulation Social Competence Scale CPPRG, 1995 

  Peer Relationships National Survey of Children's Health NSCH, 2022 

  Conduct/Behavior 

Child Behavior Questionnaire, Social 
Competence Scale, Jukes Social 
Emotional Competencies 

CPPRG, 1995; 
Jukes et al., 2021 

  

Prosocial 
Behavior/Communic
ation 

Child Behavior Questionnaire, Social 
Competence Scale, Jukes Social 
Emotional Competencies 

CPPRG, 1995; 
Jukes et al., 2021 

  Curiosity Jukes Social Emotional Competencies Jukes et al., 2021 

  Academic Interest National Survey of Children's Health NSCH, 2022 

 
Home 
Environment Early Learning 

Trends in International Mathematics and 
Science Study Early Learning Survey TIMSS, 2018 

  
Community 
Environment National Survey of Children's Health NSCH, 2022 

  Community Safety National Survey of Children's Health NSCH, 2022 

  Food Security USDA Food Security Module Short Form Bickel et al., 2000 

  
Learning Materials/ 
Opportunities 

Home Observation for Measurement of the 
Environment (HOME-21) Lansford et al., 2023 

  
Family 
Companionship 

Home Observation for Measurement of the 
Environment (HOME-21) Lansford et al., 2023 

  
Encouragement of 
Maturity 

Home Observation for Measurement of the 
Environment (HOME-21) Lansford et al., 2023 

  Structure Chaos, Order, and Hubbub Scale (CHAOS) Matheny et al., 1995 

 Parenting Discipline Multiple Indicator Cluster Survey UNICEF, 2024 

  Stress National Survey of Children's Health NSCH, 2022 

  Warmth 

Rohner Parental 
Acceptance-Rejection/Control 
Questionnaire Rohner, 2005 

  Control 

Rohner Parental 
Acceptance-Rejection/Control 
Questionnaire Rohner, 2005 

  Social Support 
Multidimensional Scale of Perceived Social 
Support (MSPSS) Zimet et al., 1988 

 
Caregiver 
Well-Being Anxiety Patient Health Questionnaire-4 Kroenke et al., 2009 

  Depression Patient Health Questionnaire-4 Kroenke et al., 2009 

  Discrimination Everyday Discrimination Scale Williams et al., 1997 

  Life Changes Recent Life Changes Questionnaire 
Holmes & Rahe, 
1967 
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  Social Status 
MacArthur Scale of Subjective Social 
Status - Adult Version Adler et al., 2000 

Teacher 
Teacher 
Demographics Background Comprehensive Teacher Survey ECLS-K, 2000 

 Classroom Characteristics 
Comprehensive Teacher Survey, ECLS 
Teacher Questionnaire ECLS-K, 2000 

  Instruction ECLS Teacher Questionnaire ECLS-K, 2000 

 School Climate Teacher Belonging ECLS Teacher Questionnaire ECLS-K, 2000 

  
Teacher and Student 
Safety ECLS Teacher Questionnaire ECLS-K, 2000 

 Pedagogy Feelings about Job Teacher Beliefs and Experiences Scale Colaner, 2016 

  
Beliefs about 
Teaching Teacher Beliefs and Experiences Scale 

Maslach & Jackson, 
1981 

  Ideas about Children Teacher Beliefs and Experiences Scale 
Tschannen-Moran & 
Woolfolk Hoy, 2001 

 Family/Students 
Connection and 
Communication ECLS Teacher Questionnaire ECLS-K, 2000 

Child Teacher 
Student-Teacher 
Relationship Child Interview 5-6 Ruzek et al., 2020 

 Peer Peer Relationships Early Childhood Longitudinal Study ECLS-K, 2004 

 School Climate Belonging Child Interview 5-6 Ruzek et al., 2020 

  Safety LEVANTE LEVANTE, 2024 

 Academics 
Academic 
Perception 

Early Childhood Longitudinal Study, Child 
Interview 5-6 ECLS-K, 2004 

  Growth Mindset Child Interview 5-6 Ruzek et al., 2020 

 

Table 2. List of parent report constructs and measures. 

 

Other measures 

LEVANTE aims to characterize the home environment of individual children as well as 

other meaningful contexts, including their school and geographic (neighborhood) environments. 

Each participating LEVANTE data collection site will provide meta-data about the specifics of 

their data collection site. These meta-data will be linked to collected data about the specifics of 

their data collection site. These details will include informing how sampling relates to the 
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broader population of the site location in terms of sociodemographic characteristics. Sites will 

also be asked to provide other meta-data for the population from which they are recruiting, 

including physical landscape, climate, community composition, salient cultural norms around 

parenting and childhood, typical structure of schooling, and prevalence of technology. 

Both school and neighborhood environments account for some of the variation in early 

childhood development (Minh et al., 2017). To measure environmental variables, individual 

contributing partners will use identifiable location data to derive a set of de-identified geographic 

features for each child’s primary household location (and in cases of school-based 

administration, school location). These will include two sub-constructs: neighborhood built 

environment measures and general environmental measures. For built environment measures, 

availability of variables may change by site location, but we anticipate access to population 

density (rural/urban classification), greenspace, poverty, local area inequality (GINI coefficient), 

and walkability score. For general environmental measures, we anticipate accessing average 

temperature, temperature at date of administration, heat index, daylight, night-time light 

pollution, noise pollution, and air pollution metrics (see e.g., Kühn & Gallinat, 2024). 

For sites that recruit families through schools, we will provide a short questionnaire for 

teachers that captures both classroom and broader school context, including constructs such as  

school/classroom climate, classroom composition, pedagogical attitudes, teacher satisfaction, 

administrative support, and school/classroom resources (Table 2). 

Measure adaptation 

We created the initial versions of the LEVANTE measures with substantial input from 

local researchers at each of the three pilot sites (see below). At time of writing we are engaged in 

iterative piloting and development of these tasks, in light of psychometric analyses of pilot data. 
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New sites will join the framework and bring with them new contexts and new languages. We do 

not expect that the LEVANTE measures will be appropriate for every context; outside of 

contexts in which formal schooling is common, it will likely be inappropriate to apply measures 

of the type we have created (Greenfield, 1997). Even in contexts where the LEVANTE measures 

are appropriate, some adaptation will be necessary. To take an obvious example, the grammar 

measure will need to be adjusted for each new language; other measures will also almost 

certainly need customization as well. To create customized, contextually-sensitive measures, 

new LEVANTE sites will be able to make modifications of the current measures with support 

from the Data Coordinating Center. They can then choose to either validate these new measure 

variants by collecting a separate validation sample or to use their new, unvalidated measure 

variants for the first wave of their main study and then adjust these measures for subsequent 

waves based on psychometric analyses of first wave data.  

Scientific Aims 

LEVANTE is designed to help researchers, educators, and policy-makers understand 

variability in child development and learning across individuals, groups, and contexts, thus 

improving future outcomes for diverse groups of children worldwide. A set of key scientific 

aims follow from this purpose. These initial aims will be pursued through analytic collaborations 

among the principals of LEVANTE (e.g., the data coordinating center, the steering committee, 

and the network of participating sites), but the set of opportunities afforded by the LEVANTE 

dataset is vast and the intention is that it will be reused by many groups to answer questions 

related to these general aims. 

Exploiting the longitudinal structure of the dataset, LEVANTE’s primary analytic 

approach is to measure growth over time within individuals and within sites, and to consider how 
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variation in growth is influenced by contextual factors. Based on the observational nature of the 

dataset, these initial aims are descriptive, rather than causal, but description of the structure of 

variation in learning and development itself has substantial value, especially when pursued on a 

global scale. Each of these analyses will be developed during the initial stages of the project. 

Because of the complexity of the modeling efforts, we assume that preregistration of analysis 

plans completely a priori will not be possible. Instead, we intend to develop analytic models 

using subsets of the data (including pilot data and initial longitudinal measures) and then 

preregister these models for application to the growing dataset in collaboration with interested 

researchers.  

Our first scientific goal is to estimate how children’s growth trajectories are influenced 

by variation in the overlapping contexts of their development (including their home, school, and 

neighborhood). For example, considering literacy, we can estimate the average trajectory for 

reading outcomes as well the influence of the home literacy environment on these outcomes 

(Rodriguez & Tamis-LeMonda, 2011; Schmitt et al., 2011). The size of this influence can in turn 

be compared across contexts. For example, we might find that the influence of the home 

environment is relatively larger in some contexts than others; or perhaps this relationship is 

consistent across contexts. Similar analyses can be conducted taking into account important 

sociodemographic moderators as well, for example indicators of socioeconomic status.  

Our second scientific goal is to explore the dimensional structure of development. We 

can examine the dimensionality of individual constructs, such as reading (Lervåg et al., 2009; 

Tomblin & Zhang, 2006) or math (Milburn et al., 2019). Moreover, since LEVANTE initiatives 

involve a large number of constructs, sequenced over time, on wide-ranging samples, the dataset 

will yield in-depth knowledge regarding how different constructs might develop and interact in 
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early childhood. For example, LEVANTE may help researchers investigate the relation between 

early emerging capacities (e.g., spatial cognition) and later emerging capacities (e.g., 

mathematical knowledge) in greater detail, across a wide range of contexts. 

The third scientific goal is to go beyond characterization of average development to 

describe the structure of developmental variation. For example, if we are modeling the relation 

between two traditional constructs, (e.g., whether different measures of language and reading 

relate to one another), we can also examine variation in this construct structure across sites, as 

well as how variation in the construct structure is related to particular site-level moderators. The 

dimensional structure of development has been a persistent theoretical question in cognitive 

development (Breit et al., 2020; Hartung et al., 2018; Juan-Espinosa et al., 2006): how does the 

space of variation change across the lifespan? We will examine the factor structure explaining 

individual variation in the LEVANTE data (e.g., how many factors are required to explain 

variation across tasks) and test whether these factors are consistent across contexts and age. 

Our fourth and final goal is measuring the impact of within-individual variability on 

learning outcomes. Recent work suggests an important role for within-individual variability in 

predicting individuals’ preparedness to learn (Schmiedek et al., 2020). Toward this goal, we aim 

to estimate within-individual variability both within and across tasks, which requires longitudinal 

data with multiple measurements from a single child. In addition, we will use longitudinal 

models to estimate adherence to or deviation from predicted developmental trajectories, and 

investigate the relation between this variability and various learning outcomes. The availability 

of longitudinal data also provides the opportunity to investigate temporal relationships (e.g., to 

better understand the nature of the relationship between change in children’s formal math and 

socio-emotional difficulties; Dobbs et al., 2006). 
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Given the design of LEVANTE, direct comparisons of outcomes between sites are not 

appropriate. Myriad differences in participant sampling and recruitment as well as in the 

particular circumstances in which measures are administered confound any inference about 

differences between sites. For example, while participants in one pilot site were recruited 

through their schools and tested on tablets in their classroom, participants in another site 

volunteered to participate through an online database and were tested on a heterogeneous mix of 

computers and tablets in their homes. Further, the research literature generally does not find 

evidence for metric or scalar invariance for child learning measures across countries and cultures 

(Asil & Brown, 2015). However, configural invariance is found much more commonly, 

suggesting that comparison of associations across countries and sites will be possible. Thus, 

LEVANTE is not designed to allow statements of the type “[site/country/culture] X scored 

higher than Y on measure M” and such statements should not be made on the basis of 

LEVANTE data. Instead, the utility of the data will be in performing parallel analyses across 

sites and comparing derived parameters from these sites, allowing for statements of the type 

“[sites/countries/cultures] X and Y both showed a positive relation between variables A and B 

although the strength of the relationship varied as a function of environmental context Z.” 

Ethics, Privacy, and Data Use 

Rapid sharing of longitudinal data from children poses a number of potential risks. How 

should these risks be managed? The range of data use policies for “open” repositories in the 

developmental field is quite large, ranging from almost complete openness to relatively 

restrictive data use agreements. For example, CHILDES, the leading repository in the field of 

child language, makes data openly available for download with only minimal restrictions (a 

creative commons CC-BY-NC-SA license – which allows attributed, non-commercial 
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redistribution of the dataset; MacWhinney, 2000); in contrast, the Adolescent Brain and 

Cognitive Development (ABCD) study requires an institutional agreement for data access, 

limiting reuse to academic investigators who can go through the – sometimes lengthy – process 

of finding an institutional signer who is willing to approve an agreement (Volkow et al., 2018).  

More restrictive data sharing policies can mitigate privacy and legal risks effectively, but 

they come at a significant cost. The requirement of a signed institutional agreement is onerous 

even within the US academic framework, where it can take weeks or months to identify a 

university official who has the authority and time to sign a data use certification, and even more 

difficult in the international context. Within this landscape, the goal of the LEVANTE policies is 

to establish a coherent yet efficient framework for dataset creation that mitigates these risks. 

Here we enumerate a set of principles that guide our decision-making. 

Efficiency of data access broadens global access and increases reproducibility. A 

primary guiding principle for LEVANTE is that the more efficiently we make data available, the 

more we will accelerate discovery with respect to our scientific aims. Unless they mitigate 

specific known risks, barriers to data access undermine the project’s goal to provide measures 

and data that deepen our understanding of learning variability. Further, the more efficiently 

accessible LEVANTE data are, the more we mitigate scientific risks around research 

reproducibility. For example, if a particular LEVANTE data release is cited in a paper making a 

controversial claim, then the accessibility of this release to independent analysts will play a key 

part in allowing verification and investigation of that claim. Thus, openness can mitigate risks as 

well as creating them.  

Independence of individual sites increases compliance and flexibility for global partners. 

In many consortium studies, all partners are required to follow a single ethics review process. In 

25 



LEARNING VARIABILITY 

 

the global context, however, this kind of uniformity would be impossible for some research 

teams and would create substantial barriers for others. Recognizing these obstacles, global 

consortia such as ManyBabies have instead used a federated system in which individual 

contributors must document their own ethics review process and ensure that their work is 

compliant with local regulatory frameworks (Frank et al., 2017). We adopt this federated 

framework in LEVANTE so as to allow for ethical data collection and sharing while minimizing 

the cost of centralization.  

De-identification of centralized data storage mitigates legal/regulatory risks. Sharing of 

identifiable participant data is complex from a regulatory perspective and requires substantial 

oversight. In contrast, sharing of fully de-identified data poses far fewer obstacles for 

contributors. Thus, the core LEVANTE dataset (composed of data collected on the LEVANTE 

measures) will be completely de-identified during all parts of the data collection and data sharing 

process, including an analysis of statistical reidentification risk and data blurring as necessary to 

mitigate this risk. This full de-identification policy mitigates privacy risk because only local 

investigators will ever have access to key identifying information (e.g., participant names, 

birthdates, etc.). It also ensures that data transfer is not governed under the prevailing legal 

frameworks (e.g., HIPAA and GDPR), meaning that research partners should be able to share 

data without creating specific research reliance agreements, which would create substantial 

legal/bureaucratic overhead.  

Transparency mitigates scientific and reputational risks. For any scientific effort to share 

data, there is always the risk that claims made from that dataset will contradict the beliefs of the 

data creators. Cross-national datasets present specific risks in this regard in that they afford 

analysis of differences between nations and between demographic groups. Some of these 
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analyses may be valid, whereas others may be undermined by differences in sampling, 

recruitment, or administration across groups. Both our scientific publications and the data 

repository itself will prominently describe our position on the (in-)validity of group level 

analyses.  

Preregistration mitigates professional risks from data sharing. Since participating sites 

will be sharing data from core measures on an accelerated scale, the risk exists that analyses of 

some or all of a particular partner’s dataset will be conducted by independent analysts (or other 

LEVANTE team members) prior to that partner’s own analysis (i.e., the partner will be 

“scooped”). (Note that if site partners collected additional data beyond the core measures, they 

will not be required to deposit additional measure data until one year after the end of their 

LEVANTE grant, providing additional publication opportunities for data they collect beyond the 

core measure set.) For sites to protect their publication opportunities and to preserve the integrity 

of scientific data analyses, we encourage them to adopt the following practices. First, for key 

research questions, partners should consider submitting registered reports on their key questions 

prior to data collection if possible, or at least prior to data analysis. Registered reports are now 

accepted by many leading developmental psychology journals (e.g., Roisman et al., 2023). 

Second, we suggest that partners preregister their key hypotheses. Finally, we suggest that 

partners who are concerned about precedence risks integrate their hypotheses around key 

measures with analyses of other variables not included in the core LEVANTE measure set. Not 

only will this group of practices mitigate “scooping” risks, they will also decrease the chance of 

inflated effect estimates due to post-hoc data exploration and selective publication.  

 LEVANTE will encourage appropriate citation practices. We will encourage LEVANTE 

sites to write a short paper describing their data collection and initial results in order to provide a 
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target for citations of uses of their dataset. Furthermore, sites will provide a list of ongoing 

projects and analyses using their data, with links to registered reports or other preregistrations if 

available, and a contact address. Dataset users will be encouraged to review this list and reach 

out prior to working on pre-planned analyses. These steps will also decrease scooping risks for 

external data users, who may not know if a site partner is already in process of publishing an 

analysis that the external data user hopes to complete. 

Governance 

LEVANTE has a governance structure that encompasses the Jacobs Foundation and its 

leadership, an external steering committee, and a Data Coordinating Center. The Jacobs 

Foundation is committed to supporting research on learning variability in children between the 

ages of 2 and 12 in high-, middle- and low-income countries, through grantmaking and other 

research programming. With advisory input from the steering committee and external reviewers, 

the Jacobs Foundation selects and funds the research sites involved in LEVANTE. 

The LEVANTE Steering Committee is a group of developmental scientists who are 

leaders in their respective fields, including individuals from a range of disciplines, 

regions/cultural backgrounds, and genders. Their main responsibility is to provide oversight over 

the overall LEVANTE framework, and to monitor its progress. Furthermore, their duties include 

strategizing, designing, and implementing the program, supervising measure selection and the 

sampling plan, specifying scientific criteria to assess applications, as well as approving proposed 

priorities for research partner proposals. The Steering Committee is appointed by the Jacobs 

Foundation and members serve three year terms; members are excluded from consideration of 

grant awards. 

28 



LEARNING VARIABILITY 

 

The Data Coordinating Center (DCC) at Stanford University is charged with the creation, 

implementation, and maintenance of the measurement and data storage frameworks developed 

for LEVANTE. The DCC develops the measures included in LEVANTE. It further manages the 

design, building, and execution of the infrastructure for LEVANTE data collection, storage, and 

access. 

Pilot Studies and Future Samples 

Developing a set of reliable, valid, and efficient measures requires extensive piloting. We 

identified pilot sites in Ontario, Canada; Leipzig, Germany; and Bogota, Colombia to collect 

cross-sectional data on the full set of LEVANTE measures. These sites were selected through a 

combination of the Jacobs Foundation's programmatic objectives, the desire to pilot remote, 

lab-based, and school based administration, and pre-existing research partnerships to facilitate a 

quick start to data collection. Thus, the three pilot sites represent the three initial languages for 

the LEVANTE measures (i.e., English, German, and Spanish), a mix of recruitment strategies 

(i.e., school-based and in-person for Canada and Colombia, family-based and online for 

Germany), and a mix of high-income (i.e., Canada and Germany) and low/middle-income (i.e., 

Colombia) countries. Each site is collecting data from at least 300 families, stratified across ages 

5 - 12. These pilot data are already being used for assessments of measure reliability and validity. 
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Figure 3. Timeline of anticipated LEVANTE requests for proposals (RFPs) and grant durations. 

 

Building upon the pilot data, there will be a series of calls for proposals, with the first call 

already published in 2024 and new calls publicized on http://levante-network.org (see Figure 3 

for timeline). Within each call for proposals, we anticipate funding approximately 4-8 proposals, 

leading to an expected total of 20 – 30 culturally, geographically, and linguistically diverse 

research groups. Review of proposals will prioritize proposed samples that are diverse, 

representative, from populations that tend to be under-represented in child development research, 

and relatively large. LEVANTE aims to collect data from a broad set of cultural and linguistic 

contexts; thus, maximizing the diversity of cultures and languages in the sites is a major factor in 

site selection. Moreover, representativeness of the sample within the particular context of 

recruitment (e.g., representativeness of a particular local or national community) is preferred. 

Finally, larger samples add greater value to the dataset and will be preferred. 
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Benefits 

Below, we list some potential benefits of participating in LEVANTE, at the level of 

individual researchers and the field of developmental psychology as a whole. 

Benefits for individual researchers 

The benefits of working on the LEVANTE framework may not be obvious for individual 

independent researchers. For example, researchers, especially those early in their career, may be 

evaluated on and vulnerable to metrics that focus primarily on first- and last-author publications. 

However, we believe that the benefits of participating in large-scale, cross-cultural, longitudinal 

research outweighs these challenges. 

Collaborative projects allow individual researchers to gain experience with ‘best 

practices’ policies generated by a large community of global researchers. These policies will 

include recommendations on cross-sectional and longitudinal experimental design, data analysis, 

and use of collaborative open-science tools. These opportunities to both recommend and learn 

from best practices policies within a network of global researchers can create additional 

resources for researchers who may not have the same access in their local institutions. 

Large-scale, longitudinal projects yield a vast amount of data. In addition to preregistered 

analyses that researchers may plan prior to data collection, there are substantial opportunities for 

the generation of additional research questions and consequent data analyses. Thus, participation 

in LEVANTE will provide additional publication opportunities from a single dataset. 

Finally, LEVANTE’s large-scale, cross-cultural effort will provide researchers around the 

world with the opportunity to form an international, collaborative intellectual community. 

Consequently, LEVANTE will provide substantial opportunities for networking, mentorship, and 

the exchange of research ideas, particularly for researchers from institutions that are currently 
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under-represented in developmental psychology. LEVANTE will provide opportunities for 

researchers to come together, not only through online exchanges (e.g., virtual meetings), but also 

through in-person opportunities (e.g., workshops focusing on data collection and analyses). 

Benefits for the field as a whole 

Psychologists sometimes use different stimuli to measure the same constructs. This 

practice can lead to difficulty in adjudicating between conflicting results, in other words, 

determining if conflicting results are caused by failures to replicate an effect or by differences in 

task and stimulus design. By using identical, or in some cases highly similar (e.g., varying in 

terms of language), measures across many different ages and contexts, LEVANTE will rule out 

much of the variability in task and stimulus design, and provide researchers with clearer insight 

into genuine variability in developmental processes (Cao et al., 2024).  

Furthermore, LEVANTE’s key goal of prioritizing global participation, both in terms of 

researchers and research populations, will help to broaden participation of underrepresented 

geographic, linguistic, cultural, ethnic, and income groups in child development research (e.g., 

Singh et al., 2023). LEVANTE will further the interdisciplinary field of inquiry into how 

children grow and develop – in psychology, education, and neuroscience – generating more 

knowledge about, and consequently helping to empower, the underrepresented communities 

involved in this research endeavor. By identifying contextual factors that can influence the 

implementation and scalability of global educational programs, the LEVANTE framework will 

provide valuable data to inform the creation of education programs that will generalize across 

global settings (Newbury et al., 2023). Thus, this unique global dataset may help researchers 

begin to shed light on existing structural inequalities in both the environments and learning 

outcomes, and may be a valuable step towards reducing these inequalities. Furthermore, 
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LEVANTE could generate empirical evidence to inform global education policies and goals, 

such as the United Nations’ Sustainable Development Goal of Quality Education (i.e., ensuring 

inclusive and equitable quality education and promoting lifelong learning opportunities for all; 

UNICEF, 2017). These policies may in turn help combat the deeper problems of learning delays 

(McGregor, 2020) and poor global learning outcomes (Azevedo et al., 2021; Engzell et al., 

2021). 

Conclusions 

LEVANTE is a framework for federated, longitudinal data collection. This framework 

will support an interrelated set of accelerated, longitudinal studies that use the same data 

collection platform, core measure set, and data management platform, creating a high-value open 

dataset for future reuse. We hope through this initiative to shed light on the nature of learning 

variability during a critical time in development, leading to both theoretical progress in our 

understanding of development and practical progress in our ability to intervene to improve 

children’s learning outcomes globally.  
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