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Artificial intelligence now sits at the center of both work and learning, challenging educators to strength-
en, not surrender, human cognition. This article links economic change, cognitive neuroscience, and
educational pedagogy to show how critical thinking becomes the decisive learning outcome in an Al age.
Drawing from research on memory, feedback, and reinforcement, the author outlines how knowledge is
built, not merely accessed. These principles are then applied in redesigning an undergraduate analytics
course using an Al platform to individualize student challenge and feedback. The result is a model for
teaching that uses Al to cultivate reasoning, adaptability, and ethical awareness.

Industrial organization and labor economics together
illuminate how technological progress reshapes both
work and cognition. The same forces that automate
production also risk automating thought, widening
gaps between technical proficiency and genuine
understanding. To confront that tension, this article
integrates economic theory’s macro-level view of labor
and institutional adjustments with micro-level insights
into cognitive neuroscience. The former explains why
critical thinking is now a survival skill in the labor market;
the latter explains how such thinking develops through
deliberate practice, memory reinforcement, and feed-
back loops. Bridging these disciplines, | examine my own
application of these principles in an undergraduate ana-
lytics course redesigned around an artificial intelligence
(Al) educational platform. There, the economic imper-
atives of re-skilling and the neuroscience of learning
converge, demonstrating how structured, feedback-rich
technology can cultivate the critical faculties essential
to a human-centered Al collaboration.

Capturing the public’'s attention, OpenAl launched
ChatGPT on November 30, 2022, and it has already
evolved to ChatGPT-4 and beyond. Strong competition
has since been fielded by Google, Baidu, Meta, and oth-
ers. Common commercial uses already extend beyond
large language models (LLMs) and large multimodal
models (LMMs), with image generators and video pro-
cessors, such as Midjourney and DALL-E, now beyond
their third iteration. This algorithmic world of Al is the
quintessential example of exponential change. Accord-
ing to Acemoglu and Johnson (2023), “A thousand years
of history and contemporary evidence make one thing
abundantly clear: there is nothing automatic about
new technologies bringing widespread prosperity”

(p. 13). Al/automation trends suggest greater reliance
on technology and automation relative to human labor,
further de-skilling of labor, and increasing inequality in
society (Wigger, 2024, 2025a). As Acemoglu and Johnson
(2023) argue in Power and Progress, technological change
often fails to deliver broad prosperity unless steered by
inclusive institutions:

Al will continue to struggle with context and
risk. And therein lies a clear role for humani-
ty, as Al still requires humans to describe and
recognize good ideas. (pp. 207-210)

This dehumanization of labor, combined with the
growing concentration of private capital, also suggests
a continued decline in the democratic coordination
of work (Acemoglu & Johnson, 2023). And the expo-
nential acceleration of technological change entails
new ethical dilemmas. When humans encounter novel
ethical dilemmas, they process them through their
moral frameworks, perhaps tempered by the institu-
tions involved. But an autonomous system cannot act
ethically, because itis merely obeying its architects and
managers. Sheffi (2023) states,

The pace of change raises questions about
any curriculum designed to only impart
specific facts. While shared knowledge binds
societies—and technical knowledge will be
required—it is the ability to continue to learn,
think critically, and collaborate effectively
that will be required in the technology-in-
fused future societies. (p. 288)

Navigating work and society increasingly requires
strong critical-thinking skills (Acemoglu & Johnson,
2023). This argument builds on earlier work outlining
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Al's dehumanizing tendencies and the ethical impera-
tive of cultivating critical reasoning as a counterbalance
(Wigger, 2025a). Yet our educational models have
tended to de-emphasize the foundational knowledge
training and practice that critical thinking requires. We
can leverage Al to provide students with individual de-
velopment plans (IDP), one-to-one coaching/tutoring,
immediate feedback, and cognitive challenges at the
optimal level.

Al's Disruption of Work, Knowledge,
and Learning

The proximate-ultimate distinction in social behavior
analysis is useful when considering potential Al impacts
on labor. Institutions must anticipate and adjust to
both proximate and ultimate challenges, risks, and op-
portunities introduced by Al. Proximally, organizations
must equip workers to engage Al ethically, minimizing
negative externalities. The lack of moral agency in
autonomous systems suggests that human ability to
contextualize is key to expedient decisions and ethical
judgments in novel proximate dilemmas. Regarding po-
tentially lethal autonomous systems, “who’s making the
decision that will one day affect billions of people on our
planet? And who's involved in that judgment process?”
are unanswered questions that should terrify us (Metz,
2021, p. 244). Ultimately, stakeholder leadership must
thoughtfully consider developing such technologies.
The design and construction of autonomous systems,
though capital intensive, scales readily, at a lower in-
cremental cost, and potentially to the benefit of society
(Wigger, 2024, 2025b).

As we increasingly embrace Al in our daily lives,
we must continue to question who has trained these
technologies and using what data were used. “Human
beings do not enter the world as competent moral
agents,” according to Wallach and Allen (2009), “genes,
development, and learning all contribute to the process
of becoming a decent human being” (p. 99). Turing
(1950) suggested that “instead of trying to produce a
program to simulate the adult mind, why not rather try
to produce one which simulates the child’s? If this were
then subjected to an appropriate course of education,
one would obtain the adult brain” (p. 456). Seventy years
later, we've surpassed Turing's suggestion that we train
child-like programs to arrive at adult brains; adversarial
machine learning networks now train themselves.

Humanity has a mere 200 years of photographic
historical record, 130 years of film, and 70 years of tele-
vision broadcasts. As Metz (2021) says, “Truthfulness,
particularly when it comes to political questions, is very
much in the eye of the beholder. .. many people would
say that the technologists who built it were biased, and
they would complain the data used to train it was biased
and they just wouldn't accept it” (p. 260). Even with so
brief an exposure to recorded media, many people
seem to have lost the innate ability to reason critically

and determine credibility or even to recognize the need
to develop these skills through education.

On their list of 12 skills deemed important to the
top 20 in-demand jobs, the U.S. Government Ac-
countability Office has included active learning, active
listening, complex problem solving, critical thinking,
and judgment/decision making (U.S. Government Ac-
countability Office, 2022). Harvard Business Review
and Accenture have identified five principles critical
for Al and human collaboration, including reimagining
business processes, embracing experimentation and
employee involvement, actively directing Al strategy,
responsibly collecting data, and redesigning work to in-
clude Al (Wilson & Daugherty, 2018). This human ability
to contextualize is key to expediting decision trees and
arriving at ethical judgments.

If society is to survive these challenges, we need to
revisit our educational strategies. We must engender
flexibility and adaptability in our students; now more
than ever, the only thing constant will be change (Wig-
ger, 2025b). We should recall from Charles Darwin that
it is usually not the strongest or smartest, but the most
responsive and adaptable, who thrives. Tomorrow’s
knowledge workforce will draw from three distinct
categories: youth, who will need foundational skills to
enter the workplace; existing workers, who will need
ongoing re/up-skilling, with an estimated 40% needing
just six months or less to contribute; and displaced
workers, who will need substantial re-training. These
three distinct categories of workers will require multiple
approaches to educate and train, including updated
degree programs, mid-length certifications, and on-de-
mand learning (World Economic Forum, 2020).

Saenz et al. (2020) identify four capabilities that are
critical for Al and human collaboration: interopera-
bility for exchanging information, control, decisions,
and feedback; authority balance, with clearly defined
sequences and priorities in decision-making processes
and rights; transparency in timely data on conditions
for decisions, rationale, outcomes, and reliability; and
mutual learning, with feedback loops to train Al and for
humans to learn and trust.

Pedagogical Implications of
Contemporary Neuroscience

Memory, Retrieval, and the Foundations of Learning

Meeting these societal and educational goals will
benefit by leveraging Benjamin Bloom’s combination
of one-on-one tutoring with mastery techniques. Both
Bloom’s philosophy and B. F. Skinner’s theories on
operant conditioning are largely aligned with modern
neuroscience, which shows that deliberate practice and
timely, targeted feedback strengthen neural pathways.
Bloom's taxonomy (Bloom, 1984) suggests a rigid hierar-
chy of cognitive skills, while, in reality, the brain operates
through highly interconnected systems. Advanced
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thinking, analysis, synthesis, and creativity emerge not
from isolated faculties but from richly woven networks
of knowledge and experience. Similarly, Bloom'’s division
of learning into cognitive, affective, and psychomotor
domains was, by his own admission, pedagogically
useful but somewhat arbitrary/artificial. Neuroscience
confirms that these dimensions are deeply intertwined.
Emotion and cognition work in tandem to shape atten-
tion, reasoning, and memory.

While Bloom'’s tutoring research highlighted the
extraordinary potential of personalized instruction,
achieving such results requires elusive alignment of
active retrieval, adaptive pacing, emotional engagement
and feedback loops that are challenging to implement
consistently, even in one-on-one settings. In a similar
foundational contribution, Skinner (1954) argued that
learning occurs through systematic reinforcement and
immediate feedback (operant conditioning). Skinner’s
theories remain impactful and relevant today as they
continue to inspire reinforcement learning techniques
in Al, where algorithms improve through reward-based
signals. Yet Skinner treated the mind as a “black box,”
focusing exclusively on observable behaviors while
dismissing internal cognitive processes as irrelevant.
Ironically, the very mechanisms Skinner disregarded
are now recognized by neuroscience as central to how
learning occurs and deep understanding develops
(Oakley et al., 2025).

Existing research highlights that overreliance on Al
during early learning stages can disrupt the natural
development of procedural fluency and intuitive exper-
tise. Effective collaboration between humans and Al,
instead, requires learners, first, to cultivate the robust
internal cognitive frameworks that empower them to
critically assess and effectively utilize Al-generated re-
sults. Habitually relying on external searches rather than
internalizing knowledge leads to superficial cognitive
frameworks, constraining deep comprehension and the
ability to transfer insights across contexts. Even amid
abundant external information, true understanding
remains fundamentally anchored in well-developed
internal knowledge structures. Deeply internalized
foundational knowledge is critical for synthesis and
creative thought. Excessive dependence on external
memory may produce accurate answers, but without
the cohesive understanding and fluid mastery that dis-
tinguishes genuine expertise. Cognitive neuroscience
underscores the necessity of actively training, rather
than merely informing, during learning. Continuously
outsourcing cognitive tasks risks cultivating only super-
ficial competence (Oakley et al., 2025).

Recent studies in learning and memory caution that
excessive dependence on external tools can impair the
formation of deeper understanding. Compounding this
challenge are certain pedagogical methods that are
commonly employed alongside technology, especially
heutagogical student-centered models where learners
are expected to uncover key insights independently.

Instructors frequently interpret these approaches as dis-
couraging formal guidance, corrections, and structured
explanations. But explicit instruction, characterized by
clear, structured explanations and deliberately scaf-
folded practice, remains indispensable when learners
confront challenging new concepts. Humans readily
acquire some skills, like language and facial recognition,
through natural interactions. But mastering critical
academic disciplines, including reading, mathematics,
and science, typically necessitates explicit instruction
and intentional practice (Sweller, 2008). Our cognitive
architecture isn't inherently equipped to effortlessly
assimilate these academic skills and concepts; instead,
it requires deliberate training and repeated practice to
solidify understanding. Excessively relying on exter-
nal cognitive aids disrupts this crucial internalization
process, ultimately resulting in superficial mental frame-
works that undermine the deeper thinking and creative
problem-solving capacities essential in complex tasks.

Knowledge versus skill is a false dichotomy, because
the critical-thinking skills we seek to develop are built
on a strong memory foundation. While embracing
intelligent technologies and the vast information they
provide, we must still actively cultivate our innate
capacities for memory and sustained attention. By
maintaining this critical balance, we avoid the false
choice between having quick, flexible cognitive abilities
and retaining deep, extensive knowledge: “In a world
where we can look up almost everything, the ironic truth
is that the knowledge we carry inside our heads is more
valuable than ever” (Oakley et al., 2025, p. 4).

Actively recalling information involves more than
mere access; it dynamically strengthens the underlying
neural connections by stimulating the complete neural
network associated with that memory. This active en-
gagement not only fortifies those memory connections
but also fosters integration with other concepts, far
surpassing passive rereading or superficial review as
an effective learning strategy (Wamsley, 2019). Through
repeated retrieval and consistent practice, informa-
tion that initially requires conscious effort gradually
becomes embedded, making it intuitive and effort-
lessly accessible. From there, these memories become
flexible, able to transfer knowledge across contexts
and recombine familiar facts in novel configurations.
This adaptability is the foundation for higher-order
reasoning and sophisticated problem solving. When
learners rely too heavily on technology aids, they risk
short-circuiting the essential process by which knowl-
edge becomes intuitive, never fully embedding the skills
and understanding needed for fluency.

Cognitive Load, Prediction Error, and Productive
Challenge

When humans encounter an unexpected situation,
we react biologically with surprise that something is
amiss. Perhaps you encounter a friend in an unexpect-
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ed setting or a technology device does not operate as
you expected. We call such dopamine- and norepi-
nephrine-triggering reactions cognitive disequilibrium
(Piaget, 1952). This lends support to Skinner’s emphasis
on reinforcement and timely feedback as core mech-
anisms in the learning process (Oakley et al., 2025).
Just as positive reinforcement can strengthen desired
behaviors, negative experiences also exert a powerful
influence, often teaching lasting lessons through a sin-
gle adverse event that conditions us to steer clear of
repeating the same mistake. Neuroscience recognizes
this sense of surprise at our experienced reality ver-
Sus our expectation as a prediction error. Our highly
effective error-detection systems rely on well-formed
internal expectations, which are cultivated through
memorization and repeated practice. A student who
mastered multiplication tables in childhood has built
a reliable mental framework that anticipates correct
answers with ease. When a wrong answer appears,
their brain instantly flags the inconsistency, triggering
a cognitive alert that not only prompts correction but
reinforces the learning process itself. Thus, internalized
knowledge forms the mental scaffolding our brains rely
on to swiftly detect and learn from errors.

Prediction errors serve a dual function, not only
guiding us in correcting mistakes, but also helping
focus our attention on what matters most in various
contexts, reinforcing the development of adaptable
mental frameworks. Each prediction error becomes a
catalyst for deeper cognitive growth (Bein & Niv, 2025).
And when excessive information is presented or is
too heavily offloaded to external aids, it overwhelms
working memory, disrupting a learner’s ability to form
meaningful associations and hindering the develop-
ment of durable mental frameworks (Cowan, 2014). This
common breakdown illustrates why externally stored
knowledge, when not internalized, often falls short in
our attempts to understand novel or complex situations
and solve challenging problems. Without an existing
framework to organize and simplify new information,
our brains must handle each new challenge from square
one, without the full benefit of our prior experiences.
But if we instead develop a robust framework through
memorization and practice, our brains will more readily
predict the world around us and be receptive to predic-
tion errors when they occur (Becker & Cabeza, 2024).

Neuroscience points to an optimal challenge thresh-
old for effective learning, suggesting that learning is
maximized when students perform at roughly 85%
accuracy during practice. Often referred to as the
“Eighty-Five Percent Rule,” this principle aligns closely
with Vygotsky's “zone of proximal development,” the
point where cognitive tasks are neither trivial nor over-
whelming but instead calibrated to promote steady
growth (Wilson et al., 2019). By maintaining this balance,
educators can foster the formation and reinforcement
of neural connections, building resilient cognitive frame-

works while avoiding the pitfalls of cognitive overload.

Technology, Cognitive Offloading, and the Risks of Al
Over-Reliance

Proximate and ultimate considerations converged in
education with the emergence of electronic calculators
in the 1970s. This was followed by personal computers
and the Internetin the 1980s and 1990s, which allowed
for unprecedented levels of cognitive offloading. As
a result, many educators began discouraging the
memorization of facts that could be easily retrieved or
computed externally, shifting the focus to “higher-or-
der” thinking skills. Such arguments often gain traction,
because research suggests that sustained, intentional
thinking can feel uncomfortable or undesirable for
many individuals (David et al., 2024). Unfortunately, this
trend reflects a recurring pattern in education. Meth-
ods perceived as more abstract or intellectual, such as
teaching “critical-thinking skills,” are often valued above
seemingly basic practices like memorization, regardless
of their actual cognitive underpinnings or effective-
ness. The move away from memorization was also
shaped by the ongoing status struggles of colleges of
education within the academic hierarchy. Often viewed
as less rigorous, lacking direct authority over subject
matter, post-secondary education sought to bolster
its legitimacy by adopting seemingly sophisticated
pedagogies. Progressive approaches that emphasized
student-centered learning and higher-order thinking,
rather than direct knowledge transmission, offered a
way of distancing the field from its vocational training
roots (Labaree, 2006).

This concern that critical thinking cannot function in
the absence of domain knowledge is not new. A wide
base of factual knowledge is what enables the effective
application of skills, countering the false dichotomy
between knowledge and skills. Without this background
knowledge, students lack the ability to evaluate sources
or even judge the plausibility of information. As E. D.
Hirsch noted, “de-emphasizing factual knowledge ac-
tually hinders children from learning” (Hirsch, 2000, p.
5). Novices don't know what they don’t know; without
stored knowledge, they lack the scaffolding to ask mean-
ingful questions or search for information effectively.
Further empirical research reinforces this point. In a
well-known study, children asked to look up unfamiliar
words often produced nonsensical sentences because
they misread definitions without the necessary vocab-
ulary context, while the process of looking up words
itself created cognitive overload (Miller & Gildea, 1987).
Teaching the words in a meaningful context would
have been far more effective. Thus, external resources
are useful only to those who already possess a strong
internal foundation of knowledge.

Unfortunately, these trends in education don't stop
there but extend into society at large. Population-wide
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IQ scores offer a compelling lens on how memory prac-
tices and broader cognitive habits influence intellectual
development. For much of the 20th century, 1Q scores
rose consistently, a pattern known as the Flynn Effect,
with major studies documenting gains of roughly three
points per decade (Pietschnig & Voracek, 2015; Trah-
an et al., 2014). These IQ improvements were widely
attributed to education, healthcare, nutrition, and
increased social supports. Yet beginning with cohorts
born after the mid-1970s, researchers identified a sur-
prising reversal, particularly in developed economies.
Studies revealed declines of up to seven points per
generation in Norway, with similar downward trends
showing in Britain, Denmark, France, and the Nether-
lands (Bratsberg & Rogeberg, 2018; Dutton et al., 2016;
Teasdale & Owen, 2008).

Meanwhile, developing nations continue to see IQ
gains as education and living standards improve. Per-
haps most striking is that the IQ drop even appears
within families, where younger siblings score lower than
their older siblings, discounting simple demographic
and/or genetic explanations. Researchers increasingly
suspect that shifts in educational practices, technology
use, and cognitive offloading may be driving this un-
expected downturn. This research linking early heavy
dependence on technology with weakened analytical
reasoning underscores the need to “exercise” our
cognitive “muscles” even as we leverage technological
aids (Barr et al., 2015). To reverse this societal decline
and build on past gains, we must renew emphasis on
memory training, recognizing that the way we cultivate
young minds shapes the collective intellectual capacity
of society.

Overdependence on external tools risks eroding
the internal mental frameworks that underpin deep
thinking. Healthy learning requires balance, leveraging
external aids as complements rather than substitutes
for the rich, internalized knowledge that forms the
foundation of genuine understanding (Fernando et
al., 2024). When thoughtfully integrated, technology
can enhance learning, offering rich feedback, varied
examples, and opportunities for exploration. Yet when
technology is used as a shortcut to bypass mental effort,
it risks stunting cognitive growth and fostering mental
complacency. Excessive reliance on external technology
can strip away the lasting impact of discovery, hinder the
development of fluid skills and intuition, and interrupt
the mental formation necessary for efficient/critical
thinking. If we continually offload too much mental
work, we will increasingly fail to recognize blind spots
in our own knowledge.

Toward a Neuroscience-Informed Al Pedagogy

Aside from the nuances of how we learn and how
we should teach, it's not a stretch to conceptualize
Al-assisted IDPs:

More than four decades ago, Isaac Asimov
noted the problem of our current system of
education: “Today, what people call learning
is forced on you. Everyone is forced to learn
the same thing on the same day at the same
speed in class. But everyone is different.
For some, class goes too fast, for some too
slow, for some in the wrong direction.” When
Asimov wrote these words, his proposal for
personalized teaching was purely aspiration-
al. (Acemoglu & Johnson, 2023, p. 328)

Today, thanks to Al, such individualized teaching is en-
tirely within our grasp.

While Al-driven educational tools hold much promise
for one-to-one tutoring, immediate feedback, and indi-
vidual development plans, emerging research highlights
anironic challenge. Because these systems are trained
on existing instructional content, they often replicate
the very pedagogical biases we now recognize as
problematic. Al lesson-planning tools frequently favor
minimally guided methods with few opportunities for
deliberate knowledge-building or practice, the same
approaches that neuroscience suggests undermine
the development of strong cognitive schemas (Chen et
al., 2025). This creates a troubling feedback loop where
Al models absorb constructivist-influenced materials
and, in turn, produce content that perpetuates such
methods, all while presenting them as current/relevant.
We need to critically assess not only how we deploy
educational technologies, but also the pedagogical
assumptions embedded within the tools themselves
(Oakley et al., 2025).

The power of Al-driven educational tools and early
empirical evidence on their use suggests they are worth
the effort. Al has the potential to enhance, rather than
erode, educational outcomes when thoughtfully im-
plemented. A 2024 study in Ghana demonstrated that
students using an Al-powered math tutor on WhatsApp
for just one hour per week achieved significant gains in
math performance compared to a control group (Henkel
etal., 2024). This Al tool emphasized scaffolded practice
and strategic hints rather than simply providing an-
swers, encouraging active problem solving rather than
passive consumption. Such evidence underscores that
technology, when aligned with improved neuroscientific
understanding of natural learning mechanisms, can
deepen understanding instead of hindering it. The goal
is not to reject technology or revert to rote drills, but to
use tools in ways that complement human cognition.
The “Eighty-Five Percent Rule” offers a guiding principle
of finding the challenge level that stretches students
without overwhelming them. Tools like calculators
and Al that bypass this foundation risk undermining
higher-level learning. Similarly, the well-intentioned
push for “desirable difficulty” (Wilson et al., 2019) has,
at times, overstepped, frustrating students and im-
peding the formation of coherent mental frameworks.
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Our ultimate aim should be deep learning by ensuring
that students actively engage their own memory and
reasoning, working within that optimal zone where
tasks are challenging but attainable. When designed
and implemented thoughtfully, Al tools can augment
resource-strained educators in doing just that.

Learners should be encouraged to attempt solutions
and wrestle with problems independently before seek-
ing assistance, keeping in mind the optimal success rate
of roughly 85%. Productive struggle activates the brain's
natural learning processes, yet excessive difficulty can
disrupt the formation of strong cognitive frameworks.
In practical terms, this calls for careful timing of instruc-
tional support; instructors should resist the urge to
provide immediate answers while also avoiding leaving
students adrift with tasks well beyond their current skill
level. By fostering persistence while ensuring frequent
moments of success, instructors help students build
both confidence and effective cognitive frameworks.
Technology should be deliberately integrated as a sup-
plement rather than a replacement for thinking. When
employing Al tutors or search tools, their use should
be structured to keep students cognitively engaged,
such as leveraging Al for hints or verification rather
than generating complete answers. Research indicates
that learning outcomes improve when Al operates
under guided conditions, such as posing questions or
prompting reflection, rather than functioning as a pas-
sive source for solutions (Oakley et al., 2025).

Early Pedagogical Application of Al

| have long been a proponent of student-led heu-
tagogical learning, seeking to activate latent curiosity
through my courses. But the rapid growth of Al use in
my students’ future workplaces, coupled with a notice-
able decline in their critical-thinking skills, has led me
to revisit the pedagogies | use and more intentionally
explore educational use of technology. In this article
I've provided evidence of both the enduring need for
critical-thinking skills and the neuroscience for how we
lay the foundation for those skills. In my course syllabi,
| frequently quote Seneca’s docendo discimus “By teach-
ing, we learn.” 1 do so to emphasize my logic in assigning
weekly student group presentations, where they teach
each other the week’s material, followed by active dis-
cussion. And at this interesting nexus of technology
and society, perhaps we as educators need to embrace
that philosophy ourselves, teaching the very things we
are still actively learning, in this case, including the re-
sponsible integration of Al into our daily lives and work.

To this end, I utilized an Al platform in spring 2025
for an undergrad elective course. We are in the midst
of an explosion in Al educational tools on top of an
already robust technology landscape. The particular
course | in question, DSOM 346: Service Sector Analytics,
had presented me with multiple challenges, including

exponential growth in enrollment, an analytic subject
in an online asynchronous modality, stale video lecture
content, my desire for greater differentiation between
my various courses, and the university requirement to
renew its five-year online quality certification. Figure 1
illustrates steady growth across semesters, with a no-
table increase in recent years to 50 students in spring
2025. This upward trend suggests growing student inter-
estin the subject of analytics, but it also may somewhat
validate the appeal of the innovative teaching methods
piloted in this course.

Given the plethora of tools available, rebuilding
an online course with alternate technologies could
be daunting. However, | opted to utilize new edutech
start-up Edvisor.ai for a holistic solution for content
creation of immersive/searchable text and weekly pod-
casts, coaching/tutoring, discussion moderation, and
grading/assessment. With minimal guidance from me,
followed by iterative feedback, Edvisor.ai generated fully
immersive readings on my subject matter and friendly,
dynamic podcasts to introduce each weekly module.
Students’ listening and reading were followed by Edvi-
sor.ai-generated quizzes, discussion forums, and case
studies for deeper individual reflection. Each of these
three assessments was layered with Al hints to main-
tain the desired 85% difficulty level, without disclosing
full answers, and each was graded immediately with
comments for timely, reinforcing feedback.

According to Edvisor.ai, of the students in their spring
2025 launch courses, 77% agree or strongly agree that
“Edvisor.ai improved my learning,” and 56% agree or
strongly agree that “My grades likely improved.” Ad-
ditionally, 49% of students rated “Instant feedback”
as their top valued feature, and 65% were willing to
refer Edvisor.ai to another professor. Interestingly,
only 33% of students claimed to use other Al tools,
mainly ChatGPT. Qualitative sentiments ranked high-
ly included “Ease of use/Ul"” (user interface), “Instant
feedback/auto-grader,” and “Learning improvement.”
Figure 2 highlights a consistent trend of strong uni-
versity student evaluations for DSOM 346, with scores
largely remaining in the upper 4.0 range on a 5-point
scale. However, the data suggests the need to monitor
pedagogical enhancements, including the integration
of Edvisor.ai, which, in the pilot offering, reduced per-
ceived instructional quality from the prior year. This
rating should not be allowed to trend down.

Figure 3 compares DSOM 346 students’ grades
against the relevant instructor’s average across all
courses. While grades for DSOM 346 generally align
with or slightly trail the broader average, the upward
trend toward the mid-90s highlights improved student
outcomes, likely tied to active engagement and targeted
feedback strategies.

Figure 4 tracks performance across four benchmark
exams, all consistently achieving high percentages
(mid-80s to 90s). The data indicates not only student
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Figure 1
10-Year Enrollment Trend
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mastery of course concepts but also the effectiveness
of structured practice and Al-supported scaffolding to
reinforce foundational skills. No persistent trends have
developed across the most recent four years of online
asynchronous modality or the transition from tradition-
al textbook and publisher’s platform to the new Edvisor.
ai model. Utilizing consistent benchmark exams in the

university's LMS independent of the Edvisor.ai platform,
has allowed me to calibrate pedagogical difficulty while
tracking student outcomes across changes in pedago-
gy, modality, LMS, and content. It ensures my students
are not penalized by my real-time pedagogical trials,
as | am able to adjust grades when benchmark exams
clearly show a student learning outcome has not been
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Figure 3
10-Year Student Outcomes
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taught as effectively as it was prior to any change. This
study has of course been fully vetted and approved by
my university's Institutional Review Board, with only
summary data retained, fully de-identified/anonymized.

Closing Thoughts

Following the successful outcome from my spring
2025 trial use of Edvisor.ai for an undergrad elective
course with 50 students, | have pursued the same plan
for a fall 2025 graduate elective course, which has now
also received university online quality certification.
The University of Missouri - Kansas City's Center for
Advancing Faculty Excellence is piloting an Edvisor.ai
course online asynchronously to tutor faculty in teach-
ing large enrollment courses. And for spring 2026, an
interdisciplinary teaching team is planning to use Edvi-
sor.ai for course content and deeper engagementin an
undergraduate elective course on Al, Entrepreneurship,
and History, in which we equip non-STEM students with
marketable skills.

The exponential acceleration of technological change
is a hallmark of industrial revolutions. Each occurrence
forces disruptive institutional adjustments, with increas-
ing capital intensity, de-skilling of existing labor, while
also providing expansive entrepreneurial opportunities
(Wigger, 2025a). Past revolutions pale in comparison
to today’s breakneck implementation, with Al able to
disrupt in mere months. Of particular concern is the
tendency for automation to displace the lowest-skilled
workers. While Al technologies have a great deal of
promise to improve the speed, accuracy, and efficiency
of decision-making processes, their application must
be done ethically, taking into account the ramifications
for society at large as well as the moral issues that
arise in their use. And therein lies a clear role for hu-
manity: Al requires humans to describe and recognize
good ideas. The human ability to contextualize is key
to navigating decision trees and efficiently arriving at
ethical judgments. Thus, we must equip workers with
critical-thinking skills to employ Al ethically, minimizing
negative externalities.

This article argues that work and society increasing-
ly require strong critical thinkers; that such cognitive
ability depends on a robust foundation of knowledge
built through memorization and practice; and that Al,
when thoughtfully implemented, can strengthen rath-
er than further displace human cognition. Ultimately,
Al-enabled education tools can provide individual de-
velopment plans for which educators frequently do not
have time, energy, or longitudinal access. Proximally,
individual Al tools or holistic platforms like Edvisor.
ai can facilitate courses designed to leverage the 85%
rule to deliver optimal challenge, provide one-to-one
coaching, and give timely feedback for immediate re-
inforcement, all of which collectively build the stronger
mental frameworks critical thinking requires.
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