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Opinion

Learning environments such as classrooms and online
systems for students with developmental or intellectual
disabilities are typically dynamic, multisensory, and make use
of top-down attention and working memory mechanisms to
promote sense making by the student. This is specifically true
when the student with intellectual disabilities is mainstreamed
into a general education classroom. The complex interactions
between the classroom, the student, and the content creates
serious difficulty in assessing a student’s understanding,
particularly for students who are non-verbal or have deficits
in communication. However, the last five years have ushered a
revolution in computational power, brain mapping, wearable
sensors use, large scale data collection, generative artificial
intelligence, and physiological signal processing techniques e.g.,
the 4th industrial revolution [1]. It is now possible to make use
of these powerful tools in the context of the special education
and general education classroom to understand students in
ways which have not been possible before. Drawing on these
theoretical and methodological advances, research using these
powerful tools in educational contexts and environments has
departed more and more from traditional, rigorous, and well-
understood paradigms in cognitive science and understandings
of cognition. The use of these tools in education to investigate
cognitive actions and their underlying neurological mechanisms
more holistically and directly in educational and classroom
environments is sorely needed [2]. However, current
investigations and research in cognitive science typically address
the role of one of the attributes using decontextualized tasks

in isolated environments such as a laboratory [3]. Of specific
interest is how to investigate the interactions of the student
within the complex social environment of the classroom in
students with extensive support needs in the general education
setting [4,5].

Closerinspection ofthe fieldsassociated with the examination
and assessment of cognitive and neurological state for students
with intellectual or developmental disabilities reveals that many
researchers discussing these topics are housed and credentialed
outside of colleges of education, special education departments
and not affiliated with educational programs. This separation
and isolation of the members of the special education community,
excludes exposure and training for a critical group who need
to take part in the conversation; the educators (teachers)
themselves. Even when included in the conversation, educators
that make use of neuroscience often overestimate warrants,
engage in the propagation of neuromyths, and are not sufficiently
familiar with the application of ideas arising from the fields of
neuroscience, machine learning, artificial intelligence, and big
data. These disciplinary ideas and associated applications are
simply not taught in colleges of education to preservice teachers
creating a very large theory to practice gap [6]. In essence, our
[educator’s] underlying understandings of how best to educate
children with intellectual disabilities from a cognitive and
neurological perspective do not always align with approaches
found in neuroscience and cognitive science where the use of
sensors, generative artificial intelligence, and other forms of
assessment are routinely integrated [7]. Considering the very
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different world views held by educators, neuroscientists, and
others in related fields, it is necessary to bring these disparate
groups together to develop and negotiate a framework that seeks
to translate neuroscience and related fields into meaningful
contexts within the special education classroom.

Even when teachers are presented with usable work that
readily translates from neuroscience and related fields, teachers
are not always able to integrate the work into classroom practice.
In many cases rather than adopt or adapt tools from these fields,
teachers still make use of written or verbal assessments to
understand students’ learning progress and adapt instruction
[8]. For example, teachers working with children with dyslexia;
to decrease dysfluency and deficits in phonological processing
through remediation still rely on outdated approaches which
have been show ineffective by neuroscience studies starting in
2003 [9,10]. This is unfortunately likely an artifact of educational
assessment, these forms of data collection used by teachers are
necessarily retrospective, do not occur in-the-moment during
task completion, and only represent the products of the learning
opportunity. This results in the educator in the classroom
missing a tremendous amount of real-time cognitive, affective,
and behavioral, in the moment, process data from which to make
decisions. The lack of immediacy of results and identification of
real-time fluctuation during the process of learning creates the
conditions for missing teachable moments and increases student
stress and frustration.

Owing to the advent of inexpensive and highly accurate
sensor technologies, generative artificial intelligence, and
neurotechnology’s, educators now have a new way to assess
every student’s learning status, cognitive states, and promote
adaption in a multi-modal and multi-dimensional way in real-
time [6, 11]. However, there is little in the way of field-based
knowledge in special education that would allow special
education researchers and educational researchers in general,
to make use of these tools. Understanding how a student
solves and processes tasks and problems in the classroom
environment is an important concern and an area of intense
discussion across the field of special education and beyond [12].
The lack of immediacy of feedback (i.e., real-time) in current
teaching practices results in losing the best teachable moments,
increasing student frustrations, and does not allow an educator
to identify lack of engagement with the content. Even when
educators are provided with current potentially “usable work”
from fields such as cognitive science, it is often not adopted by
teachers due to a lack of an educational frameworks, pedagogies,
and inexpensive sensor technologies for them to make sense of
these approaches. This suggests the need for new frameworks
that teachers and educational researchers can use to understand
and make use of process data in the classroom. Considering this
gap, educators such as Lamb, Choi, and Owens, have begun to
call for exploration and research to respond to this need for
a more integrated vision of learning and the need to leverage

novel sources of process data in real-time to understand student
successes and barriers to learning.

To accomplish leveraging novel sources of process data in
real-time, it is necessary to identify and develop frameworks
and tools such as generative artificial intelligence to illustrate
methods and practices for large-scale research and application
to create a fully adaptive student-centered classroom. Using
neurocognitive, psychophysiological, and other forms of process
data along with leveraging existing machine learning and big-
data frameworks, special educators and researchers will have
an increased understanding of how learning tasks, assessment,
and students interact to create cognitive (e.g., reasoning [13],
thinking [14], affective (e.g., motivation [15] engagement [16],
behaviors (e.g., practices [17] and strategies [18] outcomes in
the classroom.

Process data is often contrasted with product data which
provides an overall summative retrospective outcome related to
cognition, affect, or behavior. Product data is the principal form
of data collected in educational assessment and is the primary
data used to adapt instruction. The adaption often occurs days,
weeks, or months later due to the retrospective nature of product
data. In this light, process data can provide additional support,
context, and understanding to existing research by providing
a window into the millisecond-to-millisecond fluctuations in
cognition, affect, and behaviors used by the student as tasks are
completed. This will assistin closing the learning gap for students
with intellectual disabilities in the quickest way possible.

Process data from sensors and neurotechnology’s can be
available for use by educators within milliseconds as opposed
to minutes, hours, or days, as is the case for product data. This
form of data can also allow us a view into the black box which is
student cognition. Data from artificially intelligent systems can
tracks students’ learning progressions using sensor-based data
so that content adjustments and differentiation of instruction
can meet a student’s needs in real-time. Many granting agencies
as well as other private and public foundations have invested
multimillions of dollars in recent years to develop specific
approaches to make use of data from novel assessment tools to
facilitate students’ “knowledge-in-use learning” and to promote
adaptation of instruction and content in the classroom. However,
most of these assessments are performance-based constructed
response items that often prohibit timely feedback and by their
very nature are not continuous and are necessarily retrospective
innaturei.e., productdata [19]. In addition, even when classroom
activities are automated using machine learning, the artificial
intelligence is a best performing a rote activity such as grading
an essay and not synthesizing meaningful pathways for learning.
This is primarily due to the lack of integration of feasible sensor
technologies, research frameworks, and broad availability of
these powerful technologies in the classroom environment.
This alone has hindered special educators from understanding
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moment-to-moment needs of students in real-time thus missing
opportunities to garner important information to adjust
instruction and provide just-in-time learning opportunities
[20]. Another benefit of Al is it provides a means of support for
students with intellectual disabilities when supports may not
be available for a myriad of factors. To this end, neurocognitive
and other data forms are not necessarily accessible using
current practices and educational assessment approaches.
However, with the rise in the use of machine learning, generative
artificial intelligence, and the introduction of neurotechnology’s
such as non-invasive classroom ready neuroimaging devices,
opportunities to understand and make use process data and to
create a truly adaptive learning environment with just-in-time
supports in special education has arisen.

References

1. Skilton M, Hovsepian F, Skilton M, Hovsepian F (2018) The 4" Industrial
Revolution Impact. The 4th Industrial Revolution: Responding to the
Impact of Artificial Intelligence on Business, pp. 3-28.

2. Annetta LA, Lamb R, Stone M (2011) Assessing serious educational
games: The development of a scoring rubric. In Serious educational
game assessment. Brill, pp. 75-93.

3. Lamb R, Cavagnetto A, Akmal T (2016) Examination of the nonlinear
dynamic systems associated with science student cognition while
engaging in science information processing. International Journal of
Science and Mathematics Education 14: 187-205.

4. Lamb RL (2013) The application of cognitive diagnostic approaches
via neural network analysis of serious educational games. George
Mason University.

5. Lamb RL, Cavagnetto A, Adesope 0O, Yin L, French B, et al. (2014)
Artificially intelligent systems in education a tool for the future.
Educational and Learning Games 79.

6. Lamb R, Fortus D, Sadler T, Neumann K, Kavner A (2021) Exploration
of Teacher-Student Neural Coupling Occurring During the Teaching
and Learning of Science. Educational Innovations and Emerging
Technologies 1(1): 15-31.

7. Grigorenko EL, Compton DL, Fuchs LS, Wagner RK, Willcutt EG,
et al. (2020) Understanding, educating, and supporting children
with specific learning disabilities: 50 years of science and practice.
American Psychologist 75(1): 37.

This work is licensed under Creative
@ @ Commons Attribution 4.0 License
BY DOI: 10.19080/GJIDD.2023.11.555814

8. Gabrieli JD (2009) Dyslexia: a new synergy between education and
cognitive neuroscience. science 325(5938): 280-283.

9. Temple E, Deutsch GK, Poldrack RA, Miller SL, Tallal P, et al. (2003)
Neural deficits in children with dyslexia ameliorated by behavioral
remediation: evidence from functional MRI. Proceedings of the
National Academy of Sciences 100(5): 2860-2865.

10. Bice H, Tang H (2022) Teachers’ beliefs and practices of technology
integration at a school for students with dyslexia: A mixed methods
study. Education and Information Technologies 27(7): 10179-10205.

11.Lamb R (2022) Mathematics Cognitive Demand for Fifth Grade
Students: A Functional Near-Infrared Spectroscopy Study.

12. Darmaji D, Kurniawan D, Astalini A, Lumbantoruan A, Samosir S (2019)
Mobile learning in higher education for the industrial revolution 4.0:
Perception and response of physics practicum.

13. Tytler R, Prain V, Aranda G, Ferguson ], Gorur R (2020) Drawing to
reason and learn in science. Journal of Research in Science Teaching
57(2): 209-231.

14.Nguyen MH, La VP, Le TT, Vuong QH (2022) Introduction to Bayesian
Mindsponge Framework analytics: An innovative method for social
and psychological research. MethodsX 9: 101808.

15. Curry Jr KW, Spencer D, Pesout O, Pigford K (2020) Utility value
interventions in a college biology lab: The impact on motivation.
Journal of Research in Science Teaching 57(2): 232-252.

16. Mulvey KL, ] Mathews C, Knox ], Joy A, Cerda-Smith ] (2022) The role
of inclusion, discrimination, and belonging for adolescent Science,
Technology, Engineering and Math engagement in and out of school.
Journal of Research in Science Teaching 59(8): 1447-1464.

17.Busch KC, Kudumu M, Park S (2022) Pedagogical content knowledge for
informal science educators: Development of the ISE-PCK Framework.
Research in Science Education 53: 253-274.

18. Akuma FV, Callaghan R (2019) A systematic review characterizing
and clarifying intrinsic teaching challenges linked to inquiry-based
practical work. Journal of Research in Science Teaching 56(5): 619-
648.

19. Penuel WR, Farrell CC, Allen AR, Toyama Y, Coburn CE (2018) What
research district leaders find useful. Educational Policy 32(4): 540-
568.

20. Levine ME, Lu AT, Quach A, Chen BH, Assimes TL, et al. (2018) An
epigenetic biomarker of aging for lifespan and healthspan. Aging
(albany NY) 10(4): 573.

Your next submission with Juniper Publishers
will reach you the below assets
¢ Quality Editorial service
o Swift Peer Review
¢ Reprints availability
e E-prints Service
¢ Manuscript Podcast for convenient understanding
¢ Global attainment for your research
¢ Manuscript accessibility in different formats
( Pdf, E-pub, Full Text, Audio)

¢ Unceasing customer service

Track the below URL for one-step submission
https://juniperpublishers.com/online-submission.php

How to cite this article: Richard Lamb, lkseon Choi and Tasha Owens. Artificial Intelligence and Sensor Technologies the Future of Special Education
for Students with Intellectual and Developmental Disabilities. Glob J Intellect Dev Disabil. 2023; 11(3): 555814. DOI: 10.19080/GJIDD.2023.11.555814



http://dx.doi.org/10.19080/GJIDD.2023.11.555814
https://link.springer.com/chapter/10.1007/978-94-6091-329-7_5
https://link.springer.com/chapter/10.1007/978-94-6091-329-7_5
https://link.springer.com/chapter/10.1007/978-94-6091-329-7_5
https://europepmc.org/article/med/31081650
https://europepmc.org/article/med/31081650
https://europepmc.org/article/med/31081650
https://europepmc.org/article/med/31081650
https://www.science.org/doi/10.1126/science.1171999
https://www.science.org/doi/10.1126/science.1171999
https://pubmed.ncbi.nlm.nih.gov/12604786/
https://pubmed.ncbi.nlm.nih.gov/12604786/
https://pubmed.ncbi.nlm.nih.gov/12604786/
https://pubmed.ncbi.nlm.nih.gov/12604786/
https://link.springer.com/article/10.1007/s10639-022-11044-1
https://link.springer.com/article/10.1007/s10639-022-11044-1
https://link.springer.com/article/10.1007/s10639-022-11044-1
https://onlinelibrary.wiley.com/doi/10.1002/tea.21590
https://onlinelibrary.wiley.com/doi/10.1002/tea.21590
https://onlinelibrary.wiley.com/doi/10.1002/tea.21590
https://www.sciencedirect.com/science/article/pii/S2215016122001881
https://www.sciencedirect.com/science/article/pii/S2215016122001881
https://www.sciencedirect.com/science/article/pii/S2215016122001881
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21592
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21592
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21592
https://onlinelibrary.wiley.com/doi/full/10.1002/tea.21762
https://onlinelibrary.wiley.com/doi/full/10.1002/tea.21762
https://onlinelibrary.wiley.com/doi/full/10.1002/tea.21762
https://onlinelibrary.wiley.com/doi/full/10.1002/tea.21762
https://link.springer.com/article/10.1007/s11165-022-10055-9
https://link.springer.com/article/10.1007/s11165-022-10055-9
https://link.springer.com/article/10.1007/s11165-022-10055-9
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21516
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21516
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21516
https://onlinelibrary.wiley.com/doi/abs/10.1002/tea.21516
https://journals.sagepub.com/doi/10.1177/0895904816673580
https://journals.sagepub.com/doi/10.1177/0895904816673580
https://journals.sagepub.com/doi/10.1177/0895904816673580
https://pubmed.ncbi.nlm.nih.gov/29676998/
https://pubmed.ncbi.nlm.nih.gov/29676998/
https://pubmed.ncbi.nlm.nih.gov/29676998/
https://juniperpublishers.com/online-submission.php
http://dx.doi.org/10.19080/GJIDD.2023.11.555814

