


2 Proceedings of the Human Factors and Ergonomics Society Annual Meeting

Making and System Development Technical groups), there 

are also more direct connections to education and training 

areas (e.g., Education, Training, and Extended Reality techni-

cal groups) and human Centered evaluation areas (i.e., 

Usability and System Evaluation).

The panel will represent a broad-spectrum experience that 

spans practitioner and researcher in both organizations. 

HFES will be represented by two HFES members. Scotty 

Craig, current Education Technical Group Chair, and Rod 

Roscoe, former chair of the societal impact committee. Drs 

Craig and Roscoe are also associate directors of the Learning 

Engineering Institute at Arizona State University serving 

under Dr. Danielle McNamara, executive director. Dr. Craig 

will serve as the panel chair. Dr. Roscoe will serve as a panel-

ist and discuss diversity, equity, inclusion, and belonging 

(DEIB) within Learning engineering will provide connec-

tions to HFES affinity groups. The three panelists will be 

from ICICLE. Jim Goodell, Erin Czerwinski, and Jodi Lis 

will offer industry perspectives of Learning engineering and 

provide concrete examples of Learning engineering in prac-

tice. Jim Goodell will discuss the role of intelligence aug-

mentation and how that can impact workforce training and 

performance. Erin Czerwinski will discuss the role of data 

within learning design. Jodi Lis will provide examples of 

how learning engineering can be used to meet educational 

needs within low-resource environments.

Panel Chair

Scotty D. Craig, PhD Associate Professor of Human Systems 

Engineering at Arizona State University. I came to the learn-

ing engineering area as an academic researcher from the 

domain areas spanning the science of learning, assessment 

and evaluation, and design sciences. I also serve as the 

Director of the ASU Advanced Distributed Learning 

Partnership Lab where we work to apply those areas to 

improve learning ecosystems. I am currently one of the asso-

ciate directors of the Learning Engineering Institute at ASU 

helping to create educational and applied opportunities 

within learning engineering.

Panel Presentations

Learning Engineering for Intelligence 

Augmentation in the Flow of Work

Jim Goodell, Director of Innovation at QIP. I come to the 

learning engineering area as lead editor and co-author of 

Learning Engineering Toolkit and a learning technology 

expert. I also work with the US Chamber of Commerce 

Foundation on projects that support improved systems for 

talent development and competency-based hiring and 

advancement. I also serve as Chair of the IEEE Learning 

Technology Standards Committee and on steering several 

related steering committees including IEEE ICICLE.

“Learning engineering is a process and practice that 

applies the learning sciences using human-centered engi-

neering design methodologies and data-informed decision 

making to support learners and their development.” (IEEE 

ICICLE)

The definition of learning engineering was developed by 

multidisciplinary experts with an eye to the future. The prod-

ucts of learning engineering are broadly defined “to support 

learners and their development” rather than being con-

strained to the development of specific things like courses 

and technology platforms. This is important in 2023 because 

how and when people learn is changing.

The lines are blurring between working and learning, just 

as the lines are blurring between the work done by humans 

and work done by machines. AI agents are becoming our 

coworkers and learning is happening everywhere and all the 

time. While AI can outperform humans at many tasks, some 

tasks, like the game of chess (Huang, 2022), are best when 

done by humans with AI assistance. At a meta level this may 

also be true for the task of learning. As humans can learn with 

assistance from AI, machine learning may be most effective 

with humans in the loop. (Mosqueira-Rey, et al. 2022)

Learning engineering is a process that supports this new 

reality, where humans and machines work together to sup-

port learning and productivity. It is an approach that is 

grounded in the learning sciences and uses human-centered 

engineering design methodologies and data-informed deci-

sion making. Learning engineering is an iterative team-ori-

ented process in which teams use data to discover any 

opportunity for improvement (Goodell & Kolodner, 2023). 

Goals for each iteration of the learning engineering process 

are defined based on qualitative and quantitative analysis 

and team insights on possible changes in conditions or expe-

riences that might improve learning.

Increasingly as work becomes a collaboration between 

humans and AI agents, micro learning experiences that are 

tailored to the learner’s just-in-time needs will likely replace 

much of course-based learning as a more effective and effi-

cient alternative. This has implications for higher education 

and corporate learning and development contexts.

Individual instructors, instructional designers, instruc-

tional system designers and other sometimes solo practitio-

ners in siloed practices will need to retool their practice for a 

new model of collaboration. This approach, that is grounded 

in the learning sciences and uses human-centered engineer-

ing design methodologies and data-informed decision mak-

ing, will increasingly require sets of skills unlikely to be held 

by any one individual.

Learning engineering as a discipline is also iteratively 

improving itself through development of new tools, engi-

neering design patterns, and reusable components, including 

AI components. At a meta-meta level, we can envision the 

work of learning engineering as blurring lines between work 

and learning, and where AI agents will become coworkers on 

learning engineering teams.
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The Learning Engineering Approach: Data-

Generating Learning Design

Erin Czerwinski, Manager, Learning Engineering and 

Technology Enhanced Learning Product, The Simon 

Initiative, Carnegie Mellon University. I also serve on the 

steering committee of the IEEE ICICLE and authored sev-

eral chapters in The Learning Engineering Toolkit. I come to 

learning engineering as a practitioner and a leader, by both 

producing data-generated learning designs, and leading 

teams of professionals to use sound learning science method-

ologies, best practices, and overall product quality guidelines 

to deliver impactful online learning experiences.

Data, and learning analytics, is driving the future of edu-

cation. Learning engineering in practice produces learning 

experiences that generate data for the various feedback loops 

necessary for education: feedback to the learners to help 

them monitor their own progress and choose appropriate 

strategies, feedback to educators to know when students are 

struggling, and with which outcomes, feedback to learning 

designers to iterate on their designs toward student success, 

and feedback to the larger learning sciences community to 

drive new insights in teaching and learning. Learning 

Engineers employ many techniques and tools in their prac-

tice, including data-generating design to instrument learning 

experiences that will measure performance and progress of 

the stated learning outcomes. Without careful data collection 

and analysis, future advances in education such as personal-

ized learning, augmented/virtual reality, artificial intelli-

gence and machine-learning, universal transcripts, etc. are 

not possible.

Learning engineering draws on principles from the fields 

of psychology, neuroscience, education, engineering, and 

design to create interactive, engaging, and effective learning 

experiences. And like these other disciplines, LE aims to 

make the unobservable, observable, using scientific method-

like practices, measurement, data collection, and analysis. 

Learning Engineers use techniques such as cognitive task 

analysis, user-centered design, and item-response theory, as a 

few examples, to develop learning solutions that solve par-

ticular learning problems and then optimize for performance.

LEs help to articulate the outcomes in a student-centered 

and measurable manner. Because we cannot see learning occur-

ring in the brain itself, we must create cognitive models of what 

students need to learn, and then articulate those outcomes in a 

way that can be measured. Many times, outcomes come from 

standards or from an educator who remembers what and how 

they learned a similar concept. However, LEs know that experts 

cannot always articulate what and how they learned specific 

skills (Chi et al., 1981). Techniques like cognitive task analysis 

is one method that Learning Engineers employ to first create a 

model of learning. Cognitive tasks analysis can consist of care-

fully scripted interviews and think-aloud methods but can also 

be generated from analysis of data collected from instrumented 

systems. A cognitive model usually takes the form of stated 

outcomes, also known as learning objectives, skills, or knowl-

edge components (Nguyen et. al., 2019).

Learning designs then becomes a hypothesis to test. 

Cognitive models are used to select the aligned activities, 

assessments and content to measure mastery. Available data 

and analytics from the learning sciences informs decisions 

about the learning solution, including the selection of topics, 

the structure of lessons, and the methods used to present infor-

mation. Beyond aligning directly to the cognitive model, these 

data-generating designs are carefully selected and then instru-

mented to collect raw data from learner interactions. Raw data 

can be, for example, physical data collected from sensors, stu-

dent inputs into a computer system, responses on paper sur-

veys, or metadata collected about a particular experience. Raw 

data is then transformed by moving it through one or more 

pipelines for scrubbing, formatting, and quality reviews before 

it can be turned into analytics (Goodell & Kolodner 2023).

Analytics reveal patterns and trends gleaned from the raw 

data and used to power visualizations and dashboards. 

Learning analytics can be used in a number of ways. In real 

time (while students are working through a learning solution), 

these analytics can feed dashboards for the students them-

selves or to help instructors select just-in-time interventions. 

In the aggregate, they inform where and how to iteratively 

improve the learning design. And large datasets can be used 

by learning science researchers to gain new insights (or vali-

date assumptions).

learning engineering processes are used to measure learn-

ing interventions in a rigorous and scientific manner. By 

integrating learning engineering practices, such as instru-

mentation, data collection, analysis, and iterative improve-

ment into the design and development of learning products 

and systems, Learning Engineers can ensure that skills are 

acquired more effectively and efficiently, as well as validat-

ing the efficacy and contexts for new approaches to teaching 

and learning.

Learning Engineering Applications in Low-

Resource Environments

Jodi Lis is a Digital Education Strategist. I came to learning 

engineering as Co-Chair of the IEEE ICICLE and as co-

author of several chapters in the Learning Engineering 

Toolkit. I implement digital education interventions in 

Africa. I apply the learning engineering in low- and middle-

income countries (LMICs) as a process to develop holistic 

solutions for workforce development, pre-service and capac-

ity-building programs in health and education sectors to 

accelerate learning and performance outcomes at scale.

Introducing technology in education in low and lower-

middle income countries has always been challenging due 

to lack of access to electricity and internet, low digital lit-

eracy, relevant digital resources, skills to incorporate tech-

nology into teaching and learning, and understanding by the 
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administration and teachers of the value-add to using tech-

nology (Hamadeh et al., 2022). During the initial period of 

COVID-19, although similar issues came up in pockets of 

high-income countries, it is consistently more prevalent.

For years, ministries of education in these countries were 

told and therefore, assumed that putting any technology in 

classrooms will improve learning. As those involved in using 

educational technology well understand, it will not. COVID-

19 clearly demonstrated that having available laptops in 

schools is not an appropriate solution. The World Bank has 

published its efforts on technology and education (Robert 

et al., 2020) and as part of this made it clear that human con-

nections are necessary for technology to be a successful tool 

and resource in learning.

The Learning Engineering Toolkit describes how learning 

engineering is a team sport. It involves expertise from differ-

ent fields, including learning sciences, learning experience 

design, education professionals, measurement and evaluation, 

data science, software engineering, and subject-matter experts. 

Education professionals in low-resource environments include 

the teachers and administrators at the schools. Although it is 

widely understood that for an education technology interven-

tion to be successful the leader at the place of the intervention 

must be supportive and teachers properly trained, these les-

sons seem to be repeated over and over. In the referenced 

World Bank report (along with many other papers coming out 

since the start of COVID-19), an area of focus is to empower 

the teachers.

Yet the team also extends beyond the school. It involves 

the parents, caregivers and communities. The expression, “it 

takes a village,” is accurate. As part of the learning engineer-

ing practice, Engaging parents, caregivers and the community 

are key to successful implementation and critical to learning.

The challenge within the learning engineering process 

here is to identify innovative solutions to engage these groups 

in their children’s learning in environments with lack of 

access to consistent electricity, little to no access to the inter-

net, and low literacy levels in these groups. Solutions include 

SMS and audio messages that would encourage caregivers to 

start new, simple habits such as asking questions, listening 

and storytelling to engage in learning at home. Entire curricu-

lums with lessons and learning activities are developed and 

distributed via SMS, interactive voice response and WhatsApp 

on topics in formal and non-formal education.

Community volunteers are recruited to support children’s 

learning. Local community radio stations slotted into their 

broadcasting recorded lessons. Communities brought stu-

dents together to listen and work through the lesson togeth-

ers. To further engage people in the community with the 

schools, some became learning assistants at the schools and 

were provided support, tools and encouragement for them to 

become teachers themselves.

These are examples of how learning engineering is a team 

sport beyond the traditional team and types of solutions to 

the challenge of creating learning experiences to work in 

low-resource environments.

Equity-Centered Learning Engineering

Rod D. Roscoe, PhD, Associate Professor of Human Systems 

Engineering at Arizona State University. I came to the learn-

ing engineering area as a multidisciplinary scholar spanning 

learning science, cognitive science, design science, and com-

puter science. I am currently an associate director of the new 

Learning Engineering Institute at ASU, which aims to use 

evidence-based and data-driven strategies to advance educa-

tional practice, assessment, technology, and equity. I am also 

affiliate faculty with the Mary Lou Fulton Teachers College, 

Center for Gender Equity in Science and Technology 

(CGEST), Research on Inclusive STEM Education (RISE) 

Center), and the Center for Human, Automation, and Robot 

Teaming (CHART). I am active in equity-centered research 

and advocacy across multiple organizations.

The foundations of learning engineering are diverse and 

deep, spanning (at least) data science, design science, com-

puter science, and learning science (Goodell & Kolodner, 

2023). Learning engineering thus inherits powerful expertise 

(i.e., theories, methods, and practices) from these participat-

ing disciplines. However, learning engineering also risks 

inheriting their challenges and problematic histories regard-

ing diversity, equity, inclusion, and belonging (DEIB). At 

this moment of time—a period of self-determination, inno-

vation, and vision—this nascent field has an opportunity to 

embrace DEIB as core or even defining tenets.

Equity begins by celebrating the meaningful variability 

among people with respect to identity and experience and 

continues by acknowledging how such factors participate in 

inequity: differential access (e.g., to decision-making power, 

opportunities, and resources) and differential outcomes (e.g., 

meaningful education, employment, health, and housing). To 

be equitable means to establish policies, procedures, and 

actions that reduce inequities and eliminate barriers to equity. 

Note that being equitable is not the same as “equality” or 

“fairness” where everyone is “treated the same.” Being equi-

table also does not simply entail “fixing deficits” or “narrow-

ing gaps” such that different people are now indistinguishable 

from each other. Diverse identities and cultures are assets that 

should be empowered to thrive without constraining access or 

outcomes.

Various fields have contended with inequity in parallel 

ways. For example, scholars have called for greater attention 

to equity, justice, and sociopolitical issues in learning sci-

ences (Guttiérrez & Jurow, 2016; Sungupta-Irving & 

McKinney de Royston, 2020), data science (Green, 2021; 

Lewis & Stoyanovich, 2021), artificial intelligence in educa-

tion (Lewis & Stoyanovich, 2021; Roscoe et al., 2022), and 

human factors and ergonomics (Roscoe et al., 2019), just to 

name a few. Such calls have been driven by rising awareness 
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that inattention to DEIB results in potentially harmful out-

comes, such as algorithmic bias in educational systems 

(Baker & Hawn, 2021) and excluding people from (or push-

ing them out) of relevant fields altogether (Roscoe, 2022).

I will invite the audience to envision ways that DEIB 

can be integrated in learning engineering “from the ground 

up.” Integration might be ideological, conceptual, and 

methodological:

Ideological

•• understanding that learning engineering cannot be 

“apolitical” or “neutral” in society

•• commitment to equitable practices (e.g., how we 

work, network, and share work)

•• commitment to equitable outputs (e.g., findings, tech-

nologies, and recommendations)

Conceptual

•• defining knowledge, learning, and performance in 

terms of assets rather than deficits

•• understanding learners and communities as complex 

systems facing systemic issues

•• understanding differences beyond “demographic” cat-

egories (e.g., “race gaps”)

Methodological

•• innovating methods for intersectional data analysis 

(i.e., multiple identities)

•• accounting for both intercategorical and intracategori-

cal variance in analyses

•• mixed method approaches for studying “small n” 

learner populations

ORCID iDs
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