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ABSTRACT 

OpenStax Kinetic is an innovative research infrastructure that 

aims to transform education and learning research in the digital age. 

With its access to large sample sizes, authentic learning 

environments, experimental control, scalability, security and 

privacy protection, Kinetic provides an unparalleled opportunity 

for researchers to study the complex interactions between different 

factors in digital learning environments. This versatile platform 

utilizes Qualtrics and can support various research designs, 

including correlational, longitudinal, and interventional studies. 

Kinetic's unique privacy-by-design implementation via secure 

enclaves ensures that researchers can analyze fully-identified data 

without compromising data security and privacy as well as affords 

greater analytical reproducibility. The findings from Kinetic can 

inform educational interventions and strategies to enhance student 

success in digital learning environments. Kinetic has the potential 

to significantly advance education and learning research by 

improving pedagogies, practices, and policies in education and 

learning sciences. In this demo of Kinetic, researchers will be able 

to interact with the test instance of the Kinetic system online and 

view the learner experience. All researchers will be able to engage 

in the experience of creating a study, releasing a study, and 

interacting with our implementation of secure enclaves for data 

analysis. 
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1 Introduction 

Digital learning, including online learning, has become a key 

part of education, yet much remains unknown about how to 

facilitate student success in these learning environments. Prior 

learning science research has revealed that how an individual 

student learns and succeeds in particular learning environments 

(e.g., digital or in-classroom) depends on many diverse factors and 

their interactions [1], [2], yet the nature of these interactions and 

consequent impact remain underexplored. Among these factors, 

students’ individual difference factors have been studied 

extensively [3], [4]. Other important factors that impact student 

success include contextual factors such as instructional design [5]–

[7], learning strategies employed [8] and various affordances 

enabled by the rapid development of digital learning technologies 

[9]. Here we demonstrate OpenStax Kinetic, a research 

infrastructure integrated with the OpenStax platform, that creates 

an opportunity to investigate what works for whom and in which 

context [1] while simultaneously meeting seven key requirements 

for innovation in learning research. Kinetic provides education and 

learning researchers access to large sample sizes, multi-

dimensional data, authentic learning environments, experimental 

control, scalability, security and privacy-protection, integrated 

fairness, ethics, accountability, and transparency (FEAT), and 

scale, fostering their ability to operate most efficiently and most 

deeply investigate key issues of education and learning sciences. At 

the intersection of edtech, textbook publishing, and learning 

sciences research, OpenStax Kinetic is uniquely positioned to 

impact this line of investigation as one of the largest publishers of 

openly-licensed high-quality free textbooks in the world with a 

growing library of 60+ textbooks serving over 6.5 million learners 

annually since 2021. 

Researchers on Kinetic can deploy a wide range of learning 

research studies at scale by fully leveraging OpenStax’s large 

higher-ed adult learnerbase within the US in an authentic digital 

learning environment. Kinetic is intended to enable a rapid 

research-and-deployment cycle, creating a golden opportunity to 

significantly advance education and learning research by studying 

the complex interactions among different factors in digital learning 

environments, broaden the reach of learning science research 

findings through their integration into OpenStax products to benefit 
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millions of students, accommodate a rapid iteration and testing 

(“fast fail”) research and integration approach [10]. 

2 Research Capabilities of OpenStax Kinetic 

Kinetic utilizes Qualtrics, a tool commonly used in the 

education research space thereby lowering the barrier of entry for 

researchers. Built in an agile manner, later versions of Kinetic will 

be able to accommodate progressively more sophisticated tasks and 

study designs than those currently available (e.g., posthoc analyses, 

A/B/N tests, and Randomized Control Trials). Researchers are 

being recruited in small numbers as Kinetic undergoes 

development and will be released to education and learning 

researchers across the US over time. 

Launched in early 2022, Kinetic has since accrued responses 

from over 7,000 learners across 36 activities created by researchers 

from within OpenStax and the Department of Psychological 

Sciences at Rice University. These research activities range from 

self-report survey measures of learner characteristics that impact 

academic and learning outcomes, all the way to interventional 

research studies. These learner characteristics are available for all 

Kinetic researchers to use within their own research, to diagnose 

inequities in educational opportunities and outcomes [11], and 

generating insights into how to achieve equitable learner success 

that ultimately have the potential to be translated into improved 

pedagogies, practices, and policies. 

3 Privacy by Design on OpenStax Kinetic 

OpenStax has huge volumes of student data to share with 

researchers, but significant barriers exist. Most notably, it is 

technically difficult to export massive-scale data, and even small 

exports increase the risk of exposing sensitive student data. Typical 

data-sharing efforts address these issues by reducing the size of the 

shared data and/or passing it through some kind of de-identification 

process. These approaches attempt to strike an impossible balance 

between removing identifying information and leaving enough 

information with which to prove research hypotheses, perform 

interventions that work well for diverse students with different 

prior experiences, and validate that interventions are fair and 

equitable. Critical student and contextual factor relationships may 

be lost in data that is scrubbed prior to export. 

To address these barriers, a unique feature of Kinetic is its 

privacy-by-design implementation via secure enclaves. These 

enclaves enable researchers to use their preferred analytic toolkit 

starting with the R statistical suite of tools to analyze fully-

identified data without direct access to it and only return aggregate 

information. This approach to secure large-scale data analysis 

contrasts to opening the data to researchers [12].  The benefit of 

enclaves are that they mitigate any risk for data re-identification 

without compromising on the analytic value of the data by masking 

crucial student information. In the secure data enclave approach, 

researchers generally do not see real data. Instead, they see 

documentation on the data in the enclave, as well as training and 

test data with which to build and test their research software. 

Building on prior work with Massive Online Open Course 

(MOOC) Replication Framework (MORF) [13], the research 

software lives in containers for portability and flexibility, and 

members provide example containers that researchers can use as 

starting points. Containers are like little computers saved in a file 

that can be run on any other computer. Researchers pass their 

analysis code within containers to the enclave where Kinetic-

provided infrastructure runs the code with access to fully-identified 

data and passes back the knowledge it generates, avoiding the need 

for the researcher to ever see the fully-identified data. Moreover, 

an affordance of the enclaves is that they enable analytic 

reproducibility that can help address some of the reproducibility 

crisis [14] in learning and educational sciences. 

CONCLUSION 

OpenStax Kinetic is an ambitious new research infrastructure 

that has the potential to transform research by connecting 

researchers to large populations of diverse learners distributed 

across the United States. It has built in privacy by design that fosters 

secure ways to account for learner characteristics as well as 

diagnose and address issues of inequity in educational opportunities 

and outcomes. Additionally, its use of secure enclaves for data 

analysis effectively supports researchers in maintaining analytic 

reproducibility of research. 

 

 

Figure 1: OpenStax Kinetic is able to support the correlational, 

longitudinal, interventional, and combinations of these 

research designs with its current capabilities. The features are 

being incrementally expanded and iteratively refined. 

Anonymized `research_ids` connect individuals across 

different studies. 
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