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Abstract: The time has come for the learning sciences to expand design and research methods 

in order to understand access and participation to learning opportunities at a macro level. 

Advances in technology allow networked social systems (such as out-of-school providers) to 

crowdsource and combine the data they collect and interpret collectively through data 

representations. Learning sciences can leverage networked data as a way to stress test theories 

based on ethnographic research with individuals or small groups and offer learning science 

perspectives to how we understand and address power-related infrastructure and historic 

racism. In this paper, we share a process for designing technical systems, refining data models, 

visualizing learning landscapes, and working with decision makers to impact change using an 

investigation of the 2019 Chicago summer learning landscape as a case example. 
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Introduction 
The learning sciences practice of weaving design, cognition, and context together to investigate learning has 

birthed new ways of understanding how people learn and how environments influence what happens.  Research 

and design efforts most frequently use person-centered units of analysis, including what we describe as micro- 

(individual, family) and meso- (e.g., program, classroom, affinity group) levels. Studies have generated powerful 

frameworks and models of learning ecosystems with youth at the center. These egocentric models show how 

youth learn across places and time, illustrating how social networks and events are critical development and 

identity shapers and identifying potential barriers and sparks that can influence participation and persistence (e.g., 

Barron, 2006; Ito et al., 2013). These models have advanced understanding of how youth learn out of school, and 

the interconnected relationships between home, virtual spaces, school, and other learning environments. For over 

a decade, our own design-based research has been grounded in these egocentric learning frameworks, meaning 

we spent many years at the meso level of classroom and program design and study. But there are limitations to 

designs based on understandings that hinge on small-scale studies of specific programs or organizations or 

synthesis of individual ethnographies (Hect & Crowley, 2019). In the past few years, we have expanded our 

research beyond individual programs intended to bolster youth and family participation in computational making 

to consider inequities in STEAM opportunities across geographic landscapes at a macro level (e.g., cities and 

communities) (Pinkard, 2019). There is a lack of attention in the field to this level of study and design and as such, 

research to understand neighborhood or city patterns of informal learning are rare or non-existent. Addressing this 

vacuum is urgent in order for American communities to establish equitable learning systems informed by a shared 

awareness of the historic systematic racism embedded in the placement and practice of civic learning, leisure, and 

performance institutions (i.e., schools, parks, libraries, museums, community-based organizations). Current tools 

and organizational connections make this work possible (Akiva, Delale-O’Connor, & Pittman, 2020).   

In this paper, we illustrate how we are engaging in research and design at a macro level. We describe a 

process for operationalizing landscapes at a citywide level, a direct expansion of our earlier methodology to 

understand learning across formal and informal spaces at smaller scales. We ask questions about distribution of 

opportunities at a macro level to reveal issues of access related to: places (where are the locations where learning 

happens?), people (who designs and offers youth programming?), and opportunity (what programs and events are 

available for youth to participate in?). We also share how stakeholders have been engaged in data collection and 

interpretation to translate understanding macro-level data to actionable design intended to (re)allocate resources 

for more equitable distribution and youth participation.  

 

Building blocks from micro-level analysis 
We consider our earlier methods to be the building blocks for our current work. To understand interest and 

development over time for middle school students participating in a series of after school digital arts opportunities, 

individual learning timelines were developed that linked events across time (y-axis) and environment (x-axis) and 
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 social network connections (Barron, Gomez, Pinkard, & Martin, 2014). Researchers and practitioners used 

understandings about key events (such as interest-driven projects, parent collaboration, and showcase 

opportunities) and challenges (such as limited opportunities for advancement, competing interests, perceived 

identities or stereotypes, transportation, or costs) to design programs and opportunities to better serve youth 

learning trajectories, with special attention to equitable engagement. These types of micro-level representations 

of unique learners and their pathways over time and across places can help to conceptualize the importance and 

interconnectedness of key events in youth learning and development, and how they fit into different spatial 

(school, home, community, and online), social (parents, mentors, teachers, and peers), and temporal (grades, ages) 

dimensions. Representations can be shared with practitioners and youth and families, yielding new insights and 

ideas for design, but are often time consuming and crafted individually based on qualitative data. In the remainder 

of this paper, we reveal how we utilized these micro-level building blocks about where, who, and what is going 

on in the lives of young people that influenced their learning journeys over time to investigate similar questions 

at a larger scale, utilizing current powerful technologies and analytical strategies while staying grounded in 

person-focused understanding about learning and development. 

 

Methods 
Given the lack of methodology for citywide understanding of youth learning ecosystems, including opportunities 

and participation, the methods utilized in this work emerged from a collaborative data engineering design process, 

including the design and implementation of a sociotechnical data collection system, and corresponding processes 

of input, collection, and interpretation.  

 

Developing a platform for collaborative input about OST opportunities  
Agreement that out-of-school time (OST) learning is important is common but understanding what opportunities 

are available, accessible, and at the right level, especially in science, engineering, and computational disciplines, 

often remains a black box. This lack of visibility confronts multiple stakeholders, including youth, parents, 

organizations who offer programs, and city and community leaders who want to ensure equitable opportunities 

across the geographic areas they serve. In 2013 a multi-year collaboration was established between researchers, 

practitioners, and city leadership, with support from philanthropic funding, to address this issue. Our team 

developed a technical platform and invited OST providers to input their program information and key metadata 

as well as youth participation data. Providers can upload a batch of programs through a .csv file with required 

fields (common for larger agencies and organizations) or manually enter each program. Fields captured for each 

program have evolved over time, prioritized by those that are (a) important for families who want to participate, 

(b) feasible for practitioners to easily access and report, and (c) allowing inquiry in terms of access and equity, 

connected to our micro-level building blocks used to explore the individual-level learning events over time.  

The dataset shared in this paper included programs for youth (ages 0-18) available during the summer of 

2019, including 5,583 unique program records contributed by 166 Chicago youth-serving organizations. 

 

Constructing data models from theoretical models 
A first phase in the macro-level analysis is cleaning and transforming the provider-entered data into formats that 

are easy to manipulate and represent the networked connections (e.g., social groups, participation trajectories, 

content and activity relationships) and metrics that we have identified as important from our explorations of youth 

ecosystems and from related research. Examples include the number of locations that youth have access to that 

offer informal learning opportunities (related to youth connection with physical community spaces, each with 

cultural and place-based resources and facilities (e.g., Barron et al., 2014)), the number of organizations or 

agencies who offer those programs (related to connections with various types of organizational and adult 

mentorship, expertise, and human capital (e.g. Ching et al., 2015)), the breadth and depth of learning opportunities 

in different content areas (related to engagement and interest development and deepening (e.g., Ito, et al., 2013)), 

and proportions of opportunities with additional supports (related to participation equity (e.g., Pinkard, 2019)).  

Because ecosystems evolve over space and time, the information that we collect needs to be stored in a 

manner that represents our theoretical perspective, maintains longitudinal coherency, and is flexible enough to 

facilitate a variety of analytical approaches. To achieve this goal, we implemented a data warehousing initiative. 

In the field of computer science, data warehousing refers to the computing architecture used to store analytical 

data and the way to design data models to support analytical processes (e.g., dimensional modeling, data marts, 

data vaults). Going into the specifics of these technologies are beyond the scope of this paper, but we do want to 

identify the design approach we have taken to create an effective data warehousing initiative. Our collaborative 

design process as a team of researchers, designers, and data scientists is as follows: (1) articulate and synthesize 
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 theoretical goals by generating and documenting new and existing research questions, (2) information linking to 

develop metric naming protocols, information relationships, and the interpretation of metrics, (3) ideation & 

feedback as prototype data models (including relational diagrams and sample data worksheets) are presented for 

testing and feedback, (4) implementation of selected data models in the data warehouse (e.g. AWS Redshift), and 

(5) access allowing researchers to pull data into visualization tools to construct publicly shareable representations.

Connecting and visualizing data for stakeholder interpretation 

Our interpretive level for this work is the city of Chicago, while the analytical level is the community boundary. 

Chicago’s 77 community areas have clearly defined borders that do not overlap and that are recognized by the 

people who live within them (unlike other Chicago geographic regions, like neighborhoods, that are less defined 

and open to individual interpretation). Summaries of the platform data are tabulated by community area to reveal 

dimensions of the learning ecosystem. We consider these to be macro-level representations of the individual 

learning ecosystems of the youth in these geographic areas. ArcGIS is used to develop static maps and online apps 

that allow presentation and exploration with stakeholder groups during citywide meetings hosted by the mayor’s 

office and smaller community meetings organized by local community organizations (Erete et al., 2020). 

Importantly, these maps are automated and can draw from live data, allowing comparisons of different time 

periods. Maps are integrated with other data sources, such as city crime data and census data, as well as youth-

collected data from organizational partners classifying the types of providers surveying features of unique learning 

hubs (e.g., asset maps of makerspaces, instructional kitchens, recording studios, and places to hang out). 

Findings
In this section we show examples of the kinds of visualizations that help to reveal distribution of opportunities at 

a macro level, how this illustrates both richness and gaps in opportunities across Chicago communities, and how 

these visualizations can be utilized to promote deeper conversations about resources, design, and interpretation.  

Learning hubs and human capital 
Physical spaces where informal learning opportunities are offered are not necessarily the location where agencies 

or providers who offer those programs are located. For instance, the location of a science museum is different 

from the school location where that museum offers after school programs. This type of outreach programming is 

relatively common, but organizations infrequently have ways to look at the holistic distribution of where 

opportunities are offered in ways that can support understanding of learning landscapes and providing access to 

opportunities where they are needed. During the summer of 2019, our dataset revealed all but two of Chicago’s 

77 community areas included locations that offered programs. However, there was variability between 

communities. Communities with the highest abundance of locations were clustered around the vertical middle of 

the city (figure 1a). Stakeholders noted this was possibly due to the city’s public transportation system and driving 

infrastructure which make it notoriously difficult to move east to west and to cross the vertical midline, separating 

the north and south sides. Similar maps with comparative abundance of providers were created to engage 

stakeholders in conversations about the human capital related to OST within and flowing into community areas. 

Maps, importantly, encourage stakeholders to take not just a deficit perspective on historically marginalized 

communities, but an asset model that sees richness of opportunity and assets using these alternative indicators. 

Availability of opportunities  
Looking at program content areas can help reveal yet another measure of learning landscapes, yielding portraits 

of communities who may have valuable knowledge or depth of experiences in particular areas. It can also drive 

conversations about what is offered in reality compared to what is desired, including how it matches youth 

interests and community perceptions about what their youth need in informal learning spaces outside of school 

time. Figures 1b & 1c show counts of programs in two different content areas by community. While both are 

present in community areas distributed throughout the city, the concentration of distribution looks different.  

Coverage is related to historical infrastructure and intentional funding strategies, recognized by 

stakeholders who act as interpreters. One example is the equitable distribution of Chicago’s parks, and physical 

infrastructure stemming from community-driven legislation for regional parks commissions in the late 1800s. 

Today the distribution and abundance of sports is tightly connected to the system (in our data, park sites accounted 

for 97% of sports programming reaching 75 communities). Another example is the distribution of computational 

opportunities. Although depth of coding opportunities is significantly less than sports, the breadth of communities 

in which computational opportunities are offered is tied to library infrastructure and research-practice partnerships 

formed and funded in the past few years to create a community of practice around coding in libraries. In our data 

ICLS 2021 Proceedings 755 © ISLS



 

 sample, 45% of the programs classified as coding were located in public libraries, a significant change from earlier 

analysis when these opportunities were tied to universities clustered downtown (Pinkard et al., 2016). These 

visible infrastructure patterns and changes over time show how changes in policy and collaborative interventions 

directly impact learning landscapes and how successes and opportunities can be made visible to stakeholders. 

 

         
Figure 1. (a) Counts of unique learning hubs, and density of programs in the content areas of: (b) Sports and (c) 

coding and computational thinking (for all three maps, darker colors indicate higher counts) 

 
Discussion and invitation 
In this paper, we articulate the need for more approaches and frameworks to look at learning ecosystems at a 

macro level and share our collaborative multi-year effort to work at this scale. Our development of a citywide data 

system around OST opportunities and collaboration with stakeholders in the data collection (e.g., providers 

entering program data and metadata) and interpretation (through citywide and community meetings) is supporting 

conversations toward actionable design to (re)allocate resources for more equitable distribution and youth 

participation. Stakeholders can interpret patterns to consider where to offer (providers), invite (community 

leaders), study (researchers), or fund (city and philanthropic organizations) programming. We invite the 

community to utilize our platform, frameworks, and methods to support OST providers and decision-makers 

interested in reimaging their community’s opportunity landscape. We consider this to be an ideal time for the 

learning sciences to expand the scope of study to a macro level in support of building a more just society. 
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