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INTRODUCTION

Generative artificial intelligence has become a prac-

tical aid for university students and teachers. Chatbots 

and other AI tools can explain difficult concepts, draft 

text, suggest code, summarize information, and pro-

vide  rapid  feedback.  Their  convenience  creates  an 

important educational question: do students learn a 

concept deeply, or do they merely complete a task 

successfully with external help? A student may sub-

mit an accurate AI-assisted assignment but struggle to 

reproduce or apply the reasoning without the tool.

Cognitive offloading occurs when a person uses an 

external resource to reduce the mental effort required 

for a task (Risko & Gilbert, 2016). Offloading routine 

activities can be productive, but delegating core rea-

soning, retrieval,  or explanation may interfere with 

the practice needed for durable learning. The distinc-

tion between short-term task performance and long-

term learning is established in educational psychology 

(Soderstrom & Bjork, 2015).

AI  is  also transforming university  services  beyond 

classroom tasks. Kalam and Kaur (2025) discuss ap-

plications  in  admissions,  student  advising,  and  re-

search support.  These administrative and academic 

benefits provide useful context, but the effectiveness 

of AI services should not be confused with evidence 

that  students  retain  knowledge  or  solve  problems 

independently.

AIM AND REVIEW APPROACH

This paper has three aims: 

1.  to  explain  cognitive  offloading  in  GenAI-sup-

ported university learning; 

2. to discuss long-term retention, independent prob-

lem-solving, and transfer as distinct educational 

outcomes; and 

3. to suggest accessible strategies for responsible AI 

integration. It is a selective narrative review based 

on the supplied manuscript and cited publications. 

No comprehensive database search, independent 

full-text  screening,  formal  risk-of-bias  assess-

ment,  or  quantitative  pooling  was  conducted. 
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Consequently, the paper does not claim system-

atic-review completeness.

COGNITIVE  OFFLOADING  AND 

GENERATIVE AI

Students have always used external supports such as 

notes, calculators, search engines, and online tutori-

als. GenAI extends this process because it can gener-

ate arguments, solutions, and explanations rather than 

merely retrieve information. This creates two useful 

patterns of offloading. In supportive offloading, stu-

dents use AI to obtain hints, compare approaches, and 

check  errors  while  retaining  responsibility  for  the 

reasoning. In substitutive offloading, AI supplies the 

central reasoning or final answer and students may 

engage only superficially.

The same polished final assignment can arise from 

either  pattern.  Therefore,  instructors  cannot  assess 

student understanding using the final product alone. 

Learners should also be able to explain their reason-

ing, identify mistakes, and solve a comparable prob-

lem  independently.  Research  on  AI  use  and 

metacognitive processes highlights the need to exam-

ine  self-regulation  rather  than  relying  entirely  on 

supported performance (Fan et al., 2025).

MAJOR LEARNING OUTCOMES

Long-term knowledge retention

Long-term  retention  describes  how  well  students 

remember and understand information after a delay. 

A meaningful retention test should be administered 

after a stated interval, ideally without GenAI assis-

tance.  Barcaui (2025) reported a randomized study 

involving university students in which the ChatGPT-

supported study condition had a lower mean score on 

a surprise test 45 days later than the traditional-study 

condition (57.5% versus 68.5%, as  reported in  the 

supplied manuscript). This single result raises concern 

about unrestricted assistance, but its size and direction 

should not  be generalized across  different  courses, 

learners, or AI designs.

Students may benefit when AI prompts them to recall 

an answer before revealing it, requests an explanation 

in  their  own words,  or  supplies  feedback  after  an 

initial  attempt.  These  forms  of  active  practice  are 

more closely aligned with the goal of retention than 

copying a complete response.

Independent problem-solving

Independent  problem-solving  means  completing  a 

task without access to the AI system. GenAI can help 

students understand programming errors, mathemati-

cal procedures, and research concepts, but it can also 

bypass the thinking steps they need to master. In a 

high-school mathematics experiment,  Bastani  et  al. 

(2025) found that the design and constraints of AI 

support  mattered:  unrestricted  assistance could  im-

prove  performance  during  practice  yet  undermine 

performance when AI was unavailable. Because the 

study concerns school pupils, it is illustrative rather 

than direct university evidence.

For higher education, an effective approach is to allow 

students to consult AI after attempting the problem 

themselves. Asking for a short written explanation of 

the  chosen  solution  can  further  show whether  the 

student understands the underlying method. Courses 

should test independent reasoning in addition to col-

laborative human–AI output.

Transfer of learning

Transfer refers to applying knowledge to a new task 

or situation. Near transfer occurs when the new prob-

lem resembles the original learning task; far transfer 

requires applying a principle in a different context. A 

student who solves a practice programming exercise 

with AI may still find it difficult to design a solution 

to  a  new problem without  assistance.  To  measure 

transfer properly, educators should provide new and 

appropriately  challenging  tasks  rather  than  infer 

transfer from assignment grades or satisfaction sur-

veys.

AI applications across disciplines demonstrate why 

transfer is important, although application papers do 

not  themselves  measure  educational  transfer.  For 

example, the agricultural disease-prediction review of 

Kaur and Kumar (2020) and the drug-discovery dis-

cussion by Akram and Kaur (2025) represent different 

applied contexts in which students might be asked to 

interpret methods independently and adapt ideas to 

new problems.

BROADER  APPLICATIONS  AND 

RESPONSIBLE AI USE

AI systems now support many fields that university 

students  encounter.  The literature  supplied  for  this 

review includes discussions of AI in healthcare con-

sultations  (Kaur,  2025),  gene-expression  research 

using big data and neural networks (Muthalvan et al., 
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2026),  and  quantum-integrated  deep  learning  for 

neurological  disease  modeling  (Subashini  et  al., 

2026). Such examples show the growing importance 

of understanding AI outputs, data quality, and limita-

tions. They do not directly establish whether GenAI 

improves or harms student retention.

The  importance  of  verification  is  also  apparent  in 

security-oriented  applications.  Kaur  (2026a)  ad-

dresses AI-powered behavior analytics for fraud de-

tection,  while  Kaur  and  Kaur  (2026)  examine 

security, privacy, and digital trust in cloud- and 6G-

enabled metaverse systems. These topics provide a 

useful  analogy  for  education:  students  should  not 

automatically trust plausible AI responses and should 

learn to inspect the evidence and reasoning behind 

them.

At the institutional level, Kaur (2026b) reviews ICT 

applications in smart cities, and Harshvardhan et al. 

(2025) discuss sustainable waste management using 

AI and robotics. Kaur and Kaur (2025) also review the 

role of AI in engineering and finance. Together, these 

publications  illustrate  how  broadly  AI  is  being 

adopted, strengthening the case for teaching AI liter-

acy, responsible use, and domain-specific judgment. 

Their contributions are contextual; they are not sub-

stitutes for controlled studies of AI-assisted university 

learning.

BENEFITS  AND  CHALLENGES  IN  HIGHER 

EDUCATION

When used carefully, GenAI may provide immediate 

feedback,  accessible  explanations,  language  assis-

tance,  and  opportunities  for  self-paced  practice.  It 

may help teachers develop sample problems and let 

students compare alternative solutions. These possi-

bilities fit broader accounts of AI-supported univer-

sity services and teaching (Kalam & Kaur, 2025).

However, challenges include overreliance, unverified 

or fabricated outputs, superficial understanding, un-

equal access, privacy risks, and difficulty determining 

which parts of submitted work represent independent 

student competence. The central educational risk is 

not the mere presence of AI but the replacement of 

important  cognitive  activities  with  automated  an-

swers. Teaching should therefore distinguish produc-

tive assistance from dependence.

PRACTICAL RECOMMENDATIONS

 Encourage a student-first attempt: students should 

outline an answer or solve an initial version be-

fore requesting AI support.

 Prefer hints and feedback over complete solutions 

for concepts that students are expected to master.

 Combine  AI-assisted  coursework  with  regular 

closed-tool exercises, short oral explanations, and 

individual demonstrations.

 Use delayed quizzes to check retention instead of 

relying  only  on  immediate  test  scores  or  final 

assignments.

 Assess transfer with unfamiliar cases and clearly 

describe whether AI was allowed during the as-

sessment.

 Teach AI literacy, including source verification, 

disclosure of AI use, privacy, and recognition of 

model errors.

RESEARCH  GAPS  AND  FUTURE 

DIRECTIONS

More  university-based  experiments  are  needed  to 

compare unrestricted AI use, hint-based tutoring, and 

independently  completed  practice.  Future  studies 

should assess both assisted and unaided performance; 

specify the period between learning and delayed as-

sessment;  use genuine near-  and far-transfer  tasks; 

and report the subject, tool version, baseline skill, and 

level of permitted support. Multi-institution research 

would help test whether findings differ across disci-

plines and learner groups. Carefully reported findings 

are essential before broad claims can be made about 

the long-term educational impact of GenAI.

CONCLUSION

Generative AI offers valuable support for higher ed-

ucation, but effective task completion is not the same 

as  lasting  learning.  Cognitive  offloading  becomes 

educationally problematic when students hand over 

the thinking activities they are supposed to develop. 

Evidence from selected learning studies suggests the 

design of AI assistance and the conditions of assess-

ment matter. Universities should combine guided AI 

use with independent practice, delayed retention tests, 

and transfer-focused tasks.  This  balanced approach 

can preserve the practical benefits of AI while pro-

tecting  students’  ability  to  understand,  reason,  and 

work without it.



Dr. Manpreet Kaur, Int. J. Sci. R. Tech., 2026 3(11), 780-784 | Review

  

              INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH AND TECHNOLOGY 783 | P a g e

REFERENCES

1. Akram, W., & Kaur, M. (2025). AI-driven drug 

discovery:  Accelerating  the  search  for  new 

treatments. International Journal of Contempo-

rary Research in Multidisciplinary, 4 (4), 282–

288. https://doi.org/10.5281/zenodo.16276691

2. Barcaui,  A.  (2025).  ChatGPT  as  a  cognitive 

crutch: Evidence from a randomized controlled 

trial on knowledge retention. Social Sciences & 

Humanities  Open,  12,  102287. 

https://doi.org/10.1016/j.ssaho.2025.102287

3. Bastani, H., et al. (2025). Generative AI without 

guardrails  can  harm  learning:  Evidence  from 

high  school  mathematics.  Proceedings  of  the 

National  Academy  of  Sciences,  122  (26), 

e2422633122. 

https://doi.org/10.1073/pnas.2422633122

4. Fan, Y., et al. (2025). Beware of metacognitive 

laziness:  Effects of generative artificial  intelli-

gence  on  learning  motivation,  processes,  and 

performance.  British  Journal  of  Educational 

Technology,  56  (2),  489–530. 

https://doi.org/10.1111/bjet.13544

5. Harshvardhan,  Kaur,  M.,  & Kaur,  M.  (2025). 

Sustainable  waste  management  using  AI  and 

robotics. International Journal of Advanced Ro-

botics and Automation Technology, 3 (2), 42–48.

6. Kalam,  A.,  & Kaur,  M.  (2025).  AI  in  higher 

education:  Transforming  admissions,  student 

advising,  and  research  support.  International 

Journal for Research in Applied Science & En-

gineering  Technology,  13  (5),  6915–6922. 

https://doi.org/10.22214/ijraset.2025.71728

7. Kaur, M. (2025). ChatGPT in healthcare: Revo-

lutionizing patient interactions and medical con-

sultations  while  navigating  ethical  challenges. 

International  Journal  of  Research  Publication 

and  Reviews,  6  (2),  4708–4714. 

https://doi.org/10.55248/gengpi.6.0225.1029

8. Kaur,  M.  (2026a).  AI-powered  user  behavior 

analytics for fraud detection in consumer appli-

cations: A proactive security approach. Interna-

tional  Research  Journal  of  Modernization  in 

Engineering  Technology  and  Science,  8  (6). 

https://doi.org/10.56726/IRJMETS100968

9. Kaur, M. (2026b). Innovative ICT applications in 

smart cities: A PRISMA-based systematic liter-

ature review. International Journal of Scientific 

Research  in  Engineering  and  Management 

(IJSREM),  10  (6). 

https://doi.org/10.55041/IJSREM65240

10. Kaur, M., & Kaur, S. (2025). Transformative role 

of artificial  intelligence in  engineering and fi-

nance:  A  comparative  review.  International 

Journal  Research  Publication  Analysis,  1  (7). 

https://doi.org/10.1555/ijrpa.6192

11. Kaur, M., & Kaur, S. (2026). AI driven cloud and 

6G enabled metaverse: A systematic review of 

big data analytics, security, privacy, and digital 

trust. International Journal of Scientific Research 

and  Technology,  8  (3),  900–911. 

https://doi.org/10.5281/zenodo.22059517

12. Kaur, M., & Kumar, D. (2020). Comparison of 

different techniques to predict  disease in agri-

culture  production—A  review.  International 

Journal of Engineering Research & Technology, 

550–555. 

https://doi.org/10.17577/IJERTV9IS080217

13. Muthalvan, A. E., Jacob, M., Sarala, G., Natara-

jan,  K.,  Rajasekaran,  B.,  Naveenkumar,  R.,  & 

Kaur, M. (2026). Scalable big data and neural 

network  architectures  for  integrative  gene  ex-

pression analysis in Parkinson’s and Alzheimer’s 

disease  research.  Genetics  and  Molecular  Re-

search, 25 (1). https://doi.org/10.4238/6mx06z89

14. Risko, E. F., & Gilbert, S. J. (2016). Cognitive 

offloading. Trends in Cognitive Sciences, 20 (9), 

676–688. 

https://doi.org/10.1016/j.tics.2016.07.002

15. Soderstrom,  N.  C.,  &  Bjork,  R.  A.  (2015). 

Learning  versus  performance:  An  integrative 

review. Perspectives on Psychological Science, 

10  (2),  176–199. 

https://doi.org/10.1177/1745691615569000

16. Subashini, A. M., Bostani, A., Muninathan, N., 

Wable, T. K.,  Aruna, M., Nagalakshmi, T.,  & 

Kaur,  M.  (2026).  Quantum-integrated  deep 

learning framework for large-scale gene expres-

sion analysis and predictive modeling of Parkin-

son’s  and  Alzheimer’s  disease.  Genetics  and 

Molecular  Research,  25  (1). 

https://doi.org/10.4238/x1xkaz17



Dr. Manpreet Kaur, Int. J. Sci. R. Tech., 2026 3(11), 780-784 | Review

  

              INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH AND TECHNOLOGY 784 | P a g e

HOW TO CITE: Dr. Manpreet Kaur, Beyond Cognitive 

Offloading: Long-Term Retention, Independent Prob-

lem-Solving,  and Transfer in Generative AI-Assisted 

Higher Education, Int. J. Sci. R. Tech., 2026, 3 (11), 

780-784. https://doi.org/10.5281/zenodo.24278791


