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Abstract

This work discusses how autonomic computing may assist in optimizing mobile learning networks
in educational environments where resources are often limited. The emergence of mobile learning
has heightened the demand for scalable and cost-effective network management systems capable of
coping with hardware, bandwidth, and infrastructure resource limitations often seen in most
educational environments, especially in developing countries. Autonomic systems leverage
autonomic computing, which centers on self-management and self-adaptation as mechanisms to
respond to changing conditions and continuously optimize performance. This paper proposes a
framework for mobile learning networks driven by autonomic computing, where mobile learning
networks can change based on adapting conditions such as network load, device performance, and
network resource availability. The provision for autonomic computing in mobile environments
would include intelligent algorithms that will optimize resource allocation, improve the user
experience, and allow learning access without interruption to the learner because of limitations to
the underlying infrastructure. This paper discusses autonomous integration of machine learning,
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artificial intelligence-based decision-making, and cloud computing developments and applications
in an autonomic context, and their contribution to efficiencies and optimal scalability in mobile
learning environments. The review of case studies and examples where the aforementioned
technologies have been successfully implemented also recounts the challenges and benefits
encountered in resource-constrained education contexts. In conclusion, this research will contribute
to postulating a framework for optimizing mobile learning networks to provide broader access to
quality education, especially in resource-poor environments.

Keywords: Mobile Learning, Autonomic Computing, Resource-Constrained Environments,
Network Optimization, Self-Management, Machine Learning, Educational Technology, Dynamic
Resource Allocation, Scalable Mobile Networks, Al-Based Decision-Making.

1 Introduction

1.1 Introduction to Mobile Learning Networks

Mobile learning is coming into its own everywhere as an extension of formal learning. Mobile learning
networks allow learners to utilize resources from outside of their primary education. However, the
resource-constrained context they are operating under (i.e., no high bandwidth internet, no learning
resources or devices, poor or no network context) is a barrier for them. Effective maobile learning network
(Nayak & Rahman, 2024). Our answer is adaptive, self-managing networks in situations of limited
infrastructural context to promote equitable education in areas of under-resourced environments (Balaji
et al., 2022; Barbour, 2005).

1.2 Autonomic Computing in Network Management

According to IBM, autonomic computing defines systems autonomy primarily as self-management and
would include the ability to monitor network performance, adapt to changing conditions, and effect
change without human involvement (Bhangoo et al., 2005). This section is primarily introducing the
idea of autonomic computing to the optimization of Mobile learning networks by describing how the
technology can allocate network resources, application network usage, and user experience adjustments
in resource-limited conditions. The virtualization of tools in which autonomic computing as an approach
would allow one to automatically adjust system performance as network load and environmental
situation change.

Figure 1 outlines the overarching architecture of an autonomic computing scaffold operating
independent self-management within mobile learning environments (Syed-Abdul et al., 2011). By
persistently ingesting telemetry signals, the layer rebalances resource allocation, polishes data transfer
rates, and accelerates instructional content dispatch. Across the dispersed 10T nodes and learner devices,
performance signals are sampled without cessation (Kumar et al., 2025). The continual sensing allows
for quick adjustments so that content can be presented and learners can engage without interruption. As
the system adapts in real-time to conditions, it is personalized for individuals and is ever-changing within
a limited bandwidth, allowing every learner access to the same high-quality instruction. The data also
indicates that the autonomic computing serves the system's flexibility and recovery from interruptions
(Cifuentes et al., 2023).
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Figure 1: Optimizing mobile learning networks in resource-constrained educational environments
using autonomic computing

1.3 Research Objectives and Scope

The central focus of this research study is to investigate the effectiveness of autonomic computing over
mobile learning networks in situations of resource scarcity. The article's focus is on the ability of self-
managing systems to mitigate some of the limitations of devices and bandwidth, and to mitigate
constraints imposed by real-world environmental scenarios, such as congestion. The research will also
investigate other fields of technology, including machine learning and cloud computing, and potentially
research Al as an area of study, and how technology may help increase adaptability and personalization
in networks in mobile learning contexts (Ajuwon, 2003; Balmer et al., 2008).

Primary Aim of the Paper

The aim of the introduction is to highlight the challenges that mobile learning networks face in resource-
poor environments. It will then introduce autonomic computing as a perspective to help overcome these
challenges. It establishes that mobile learning can enhance educational access, but its effectiveness is
limited by factors such as inadequate connectivity, low bandwidth, and scarce resources. The
introduction emphasizes how autonomic computing can promote self-managing, adaptive networks that
dynamically allocate resources, optimize performance, and minimize human intervention, encouraging
equitable access to quality education in under-resourced contexts.

2 Literature Review

2.1 Challenges of Mobile Learning Networks

Though mobile learning has gained traction, there are significant challenges for resource-constrained
settings in providing equitable access to both technology and educational content. The limitations of
mobile learning systems and their intended design in resource-constrained settings are compounded by
the influence of limited bandwidth, insufficient device capability or computing power, and network
congestion. This topic has been researched, and while broken down into different forms of adaptive
networks that respond to various limitations, the challenge remains of how to implement and scale
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solutions that address the constrained nature of educational resources and off-the-shelf technologies in
the developing world.

2.2 Autonomic Computing to Optimize Mobile Learning

Autonomic computing has gained popularity because it can optimize the performance of the network in
an environment where manual configuration and intervention are infeasible. Studies suggest that
autonomic systems can self-manage the operation of the network by modifying the configuration settings
of the systems based on information in real-time, providing increased performance as a whole. The
nature of self-organization, including self-detection of failures and self-correction of corrective actions,
as a general prospect, makes autonomic computing possible for mobile learning networks, particularly
in relation to resource-constrained networks in the developing world.

2.3 Technological Frameworks for Enhancing Mobile Learning Networks

Game-changing technologies such as artificial intelligence (Al), machine learning, and cloud computing
facilitate mobile learning networks by allowing data to drive decision-making and to predict network
conditions (Bhattacharya & Deshmukh, 2021). Al algorithms can determine patterns of usage and
predict peak usage times in order to allocate network bandwidth. Cloud-powered services provide
infinite possibilities to enhance mobile learning, unless local resources limit the service. This
technological framework will also discuss the role of the Internet of Things (IoT) to create a context-
aware mobile learning system that can make adjustments to the learning experience with respect to an
environmental context (for example, student location, device state, and network load) and machine
learning may also allow dynamic fluctuations in the technology with the environment as a source of
learning data (Berle, 2008).

3 Maximizing Mobile Learning Networks with Autonomic Computing

3.1 Dynamic Resource Allocation

Autonomic computing systems rely on real-time information from both the user and the status of the
system to dynamically allocate resources that can include bandwidth, computing power, and storage.
Autonomic systems monitor traffic on the network and student activity across the mobile learning
environment to adjust system resources to ensure consistent quality of service (QoS). Autonomous
computing systems ensure that if the learning network is operating in a scarce resource environment, the
threshold or minimum level of critical learning resources is maintained and allocated appropriately to
ensure continuous access to mobile learning content (Brown, 2010).

3.2 Load Balancing and Adapting the Network

In order for mobile learning networks to accommodate fluctuating traffic, the load must be balanced
across all devices on the learning network to prevent traffic bottlenecks and minimize resource
constraints (Coulby et al., 2011). Autonomic systems include self-healing processes that will attempt to
automatically balance the load across devices, servers, and network connections available to the
students. Autonomic computing systems constantly utilize real-time data to meet required qualities of
service and respond to limitations created by network capacity. This section will address how autonomic
systems can maintain stable and predictable environments for learning despite fluctuations in student

200



Optimizing Mobile Learning Networks in Resource-Constrained Gularam Masharipova et al.
Educational Environments Using Autonomic Computing

activity/responses or the limitations in capacity of the devices themselves (Cole & Engestrom, 1993;
(Engestrom, 2014).

1) Resource-allocation Optimization (Autonomic Allocation)

N
quz U;(ry)
{ri} 4
i=1
Subjectto YN, 7i < Riptar

rp=2rimmvi=12..-N
2) Minimum-threshold Guarantee (Critical-resource Constraint)
mina;Reorar
ri=

The first equation describes resource-allocation optimization in autonomic computing that
dynamically distributes resources (such as bandwidth or storage) to N users or tasks. The objective of
the optimization is to maximize the total utility > Ui(ri), signifying user satisfaction or quality of service,
and total resources allocated must not exceed capacity Rtotal. In addition, resources must be allocated
to users such that each user receives at least a minimum of resources, rimin, which guarantees all users
can have a fair share of system resources and remain in service. The second equation formalizes the
minimum threshold guarantee where a finite fraction «i of total resources is allocated to each critical
learning stream.

The suggested algorithm, designed for enhancing mobile learning networks with autonomic
computing, seeks to provide fairness and optimal resource allocation while maintaining stability of the
system. This begins by monitoring network traffic, learner behavior, and, of course, quality of service
(QoS) in real-time. Subsequently, the remaining unallocated capacity is optimized in real-time by
allocating the residual resources to maximize overall utility and integrated learner experiences.

3.3 Quality of Service (QoS) Enhancement

Autonomic systems improve QoS metrics (i.e., latency, data transfer rates, and packet losses) while
delivering content by autonomously monitoring and adjusting them in real-time (Chandrasekhar &
Ghosh, 2001). Autonomic computing employs adaptive algorithms aimed at dynamically adjusting QoS
parameters to enhance the experience of users while considering the capabilities of the networks that are
providing the content.

Algorithm: Autonomic_MobileLearning_Network
Input: R_total, N, {r_min[i]}, {a[i]} for i=1..N

Output: Optimized resource allocation {r[i]} ensuring QoS
1. Initialize r[i] = O for all users in the i

2. While the system is active, do

3. Monitor traffic, user activity, and QoS metrics

4. Compute available resources: R_available = R_total
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5. /I Step A: Ensure minimum threshold allocation

6. Foreachuseri=1toNdo

7. 1[i] = max(r_min[i], a[i] * R_total)

8. R_available = R_available - r[i]

9. End For

10. // Step B: Optimize remaining resource allocation
11. While R _available > 0 do

12.  Select user j with the highest marginal utility U'(r[j])
13.  Allocate one unit resource: r[j] =r[j] + 1

14. R _available = R_available - 1

15. End While

16. // Step C: Load balancing and QoS adjustment
17. If congestion_detected () then

18. Rebalance resources across users/devices

19. Apply self-healing (reroute traffic)

20. EndIf
21. Adjust QoS parameters (latency, throughput, packet loss)
22. End While

The system continues to monitor congestion and performs self-healing by load balancing and traffic
rerouting. Ultimately, it modifies Quality of Service (QoS) parameters such as latency and throughput
to create an uninterrupted learning experience.

4 Challenges in Resource-Constrained Environments

4.1 Limited Infrastructure and Network Congestion

An inherent challenge in resource-constrained experiences is the inability to develop a strong
infrastructure to support mobile learning networks (Giacomini et al., 2000). Poor network coverage,
bandwidth, or device capabilities impede users' ability to have consistent access to learning resources.
Network congestion, during peak usage, deteriorates the learning experience with increased delays in
content delivery. Autonomic computing can help this challenge by optimizing resources utilized and
balancing the load on the network as a whole for a better network experience in adverse situations (Eraut,
2000).

4.2 Device Limitations and Scalability

Many resource-constrained settings have limited access to high-performance devices that can
accommodate modern mobile learning applications. Therefore, limited scenarios where low-
functionality devices are utilized, limited memory or processor were constraints in the use of mobile
learning systems in this and other initial experiences. Autonomic computing provides more scalability
by accounting for which network resources are allocated to which device networks, allowing for lower
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reliance on high-performance devices to facilitate the complete educational experience (Katikireddi,
2004).

4.3 Costs of Infrastructure and Implementation Barriers

The financial cost of enhancing the infrastructure and implementing autonomic computing systems in
education can be a substantial barrier, especially in lower-income areas. The infrastructural technology,
preparing educators, and new pieces of hardware contribute to the adoption challenges. We will share
some of the efforts to lessen these barriers, such as the use of cloud computing for less local hardware
and low-cost sensors for adaptive learning (AlGhamdi, 2009).

5 Applications

5.1 Case Study 1: Rural Educational Network Optimization

A straightforward effort in a rural educational network illustrates how autonomic computing can
transform mobile learning in areas with sporadic connectivity. When traditional infrastructures proved
too costly or unreliable, self-managing network nodes using autonomic principles became the backbone
of the solution. The system continuously monitored link quality, user behaviour, and lesson-content size,
then reallocated bandwidth and cached material on the fly (Traxler & Vosloo, 2014). Students in
scattered villages, some with only intermittent 3 G coverage, could download interactive science
simulations or submit assignments with a single tap, without the lag that had previously frustrated
attempts to share rich content (Xue, 2022). The automation handled surges, such as during exam review
weeks, by temporarily prioritizing instructional videos over firmware updates, thus preserving limited
capacity. Teacher intervention became unnecessary in routine tweaks, allowing educators to focus on
pedagogy while the network itself sought the best technical trade-off. The outcome has been those rural
students, once slowed by poor connectivity and scarce educational materials, can now interact with top-
tier learning content on the same terms as their peers in cities with well-stocked schools. Using live data
fed directly from the network, the autonomic systems adjusted data routes on the fly, enabling students
to watch videos, snag files, and hop into interactive lessons with zero lag (Zalat et al., 2021). This flexible
network management actively leveled the playing field, so learners from low-income and rural areas
could access the same opportunities as those from affluent urban neighborhoods. The experience
demonstrates how autonomic computing can narrow the digital divide, delivering fair educational access
even where resources are tight (Simmon, 2018).

Figure 2 here juxtaposes key performance indicators from the Rural Education Network alongside
the Urban School Deployment, both utilizing autonomic computing. The Urban School deployment
outperforms in every metric: student engagement, measurable gains in learning, equitable content
distribution, and strong network resiliency due to its solid infrastructure and library of resources (Ng
Foo Seong & Ho, 2012).
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Figure 2: Comparison of key metrics in rural education network and urban school deployment using
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Figure 3: The effects of installing an autonomic network on rural learning environments

Figure 3 shows evidence of effect on rural learning environments from the installation of an
autonomic or self-configuring network, showing a significant impact on many of the student experience
metrics we measured. Within those metrics, we saw more than 90% of students considered using the
broadband when the network capacity was somewhere between 3 Mbps and 10 Mbps, to greater than 10
Mbps, coinciding with population scale increases in download success rates in the same percentages,
which plays a vital role in assisting in richer experiences of in-school learning with interactive content.
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Latency decreased first and quickly from nearly 450 ms to about 100 ms, which decreases the delays
between inputs and outputs associated with processing simultaneous streams of accessing web-based
materials, in real-time, during class, while observing benefits within the class for example, teacher
intervention time which dropped from near 30% to less than 10%, which provided opportunities for the
teacher to keep teleprompted focus on pedagogy and teaching process instead of handling any technical
troubleshooting. We also used data analytics to calculate a more than 70% cache hit rate from less than
20% cache hit rates. In his summary we describe already, all the metrics identified the influence of new
autonomic systems for reliable connectivity and efficient use of devices/resources and in the moment.

Throughput (T)

= Total data transmitted

Transmission time
e Unit: Mbps
e Shows how much Data is Successfully Delivered Per Second

That's the definition of throughput: it is the data delivered, divided by time. In mobile learning
networks, higher throughput ensures that students can access and download learning materials, videos,
and interactive simulations without "spinning™ or delays. Throughput is directly related to resource
allocation in educational systems; higher throughput leads to smoother delivery of educational materials
and experiences.

1. Download Success Rate (DSR)

DSR (%) =Number of Successful Downloadsxloo

Total download ATtempts

Reliability measure of network performance.

The download success rate refers to the percentage of user download efforts that have successfully
completed without error. It is calculated as the number of successful downloads divided by the total
number of download efforts, times 100 to get a percentage. In mobile learning, it is ideal for the DSR to
be high because it means that students are receiving the requested content consistently, whether in poor
resource environments or during poor network conditions. The download success rate indicates the
reliability and robustness of the autonomic computing framework supporting continuous learning.

5.2 Case Study 2: Urban School Deployments

The second case study focuses on a mid-sized urban school with a patchwork of aging infrastructure and
limited budgets. It chose autonomic computing to expand its mobile learning offerings. A marginally
wider Wi-Fi footprint and sporadic fibre links framed the effort. By embedding autonomic functions,
the school turned legacy wiring into a responsive layer, allowing student-centred pathways to flourish.
At the time, Wi-Fi and mobile were merging, Al agents and context-aware traffic modelling dynamically
adjusted frequency bands and packet prioritization, establishing a seamless loop between content
circulation and congestion turmoil. Students had continuous access via a district-wide, cloud repository
through used smartphones, shared tablets, and an increasingly limited number of student laptops. During
problems, the autonomic kernel detected problematic locations and adjusted airtime automatically, while
again providing enhanced protection to simulations and video labs during peak time. Teachers were able
to monitor live heat maps and adjust timings on quizzes, labs, and breakout group work depending on
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how many and which students were engaged. This kind of feedback-informed choreography adds to a
sense of ownership, as students proceeded through content mastery, which is what lit up the dashboard,
not the bell, and the adjacent adaptive network tightened settings on the students' devices to support the
educational intention with anything that could broadcast on the bandwidth.

Table 1: Key components and descriptions of autonomic computing in mobile learning networks

Component Description
Self-management and adaptation The system dynamically adjusts based on real-time data to
optimize network performance.
Resource allocation and optimization | Mobile learning systems allocate resources such as bandwidth
and processing power automatically.
Network performance monitoring Continuous monitoring of network conditions ensures minimal
interruptions and downtime.

Content delivery optimization Adaptive content delivery is personalized to match students'
needs and device capabilities.
Equitable access to education Ensures that all students, regardless of infrastructure, have

access to educational content.

Table 1 presents a summarized overview of essential autonomic computing capabilities as integrated
within mobile learning networks, indicating each capability's respective input into essential educational
resilience while optimizing instructional materials in real time. A fluid self-optimizing process, fair
distribution of computation capacity indiscriminately among resources, and continuous oversight of
service performance create a teaching and learning environment that autonomously exceeds its
capabilities while providing immediate value for teachers and learners alike. The architecture's
capabilities will automatically address any spikes in latency, compute resource receptivity, or learner
preferences. The teaching and learning environment, through the persistent configuration of the
redistribution of capacity, will ensure learners keep their customized material active and in step with
their rate of learning, regardless of network conditions. However, the vision in this sense is vastly bolder
than the previously indicated autonomy capacity: to make great education a global right; that the best
learning is available, in context and distance, to every learner in all content they engage with. Thus, this
vision serves to fortify the global scale and resilience of mobile learning networks.

6 Discussion

6.1 Implications for Mobile Learning Networks

Integrating autonomic computing into mobile learning networks might ultimately alter the pathways
through which educational services are afforded to remote communities experiencing incomplete fixed
infrastructure. An autonomic system senses, tunes, and recovers with all the variations in enrolment,
diverse devices, and sudden spikes in bandwidth. Distributed sensors, within an autonomic network, and
intelligent analytics, sift through the influx of data in real-time to maintain seamless tuning of the whole
system. With this distributed, real-time awareness of the entire network, pedagogical resources can be
redirected quickly, delivering the specific learning content at the precise moment when each student
indicates that they are ready. The learning environment is continuously re-configuring from every
interaction and choice, directing each learner into the next most impactful ‘task' as soon as they signal
that they are ready. Schools that implement mobile learning thus gain from autonomic computing’s
capacity to fine-tune bandwidth, computational power, load balancing, and data storage automatically,
without human delay. Outdated devices and tight budgets often constrain the learning space, and these
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self-managing frameworks operate within those limits, maximizing the available resources of every
classroom. As a result, every megabit, every processing cycle, and every byte is purposefully directed
to elevate student learning. When performance dips, the platforms detect the change and automatically
initiate corrective measures, guiding operations back to optimal efficiency without sacrificing the quality
that sustained learning relies on, even in the leanest resource situations.

6.2 Future Directions and Areas for Research

The current progress leads to recommendations to take on more autonomic computing refinement in
mobile learning contexts, especially since the weight, heating of microprocessors, and battery life are
more or less fixed constraints. Our primary strategic goal must be the seamless integration of units of
self-optimizing subsystems through the full range of learning sites, from single-room schools in off-grid
villages through multiple classrooms or classrooms in higher education that exist on a floor block, and
the Kkilojoules available for the performance of learning. Concurrently, enduring research projects need
to be started to study and track the effects of autonomic computing on performance and efficiency in
mobile learning networks and on learners' learning trajectories over a significant time frame. Future
research needs to track engagement, retention, and performance of learning across the full education
cycle, showing how adaptive support facilitates the learning journeys of students enrolled in their
courses and progressing to completing their degree. In parallel, an analysis of the actual logs of
interactions or data generated from systems will reveal regularities of participation, collaborative
practices, and individual learning profiles. This information will offer insights for both iterative work
and adaptive feature tuning or individualized learning pathways. But more than these short-term
implications, the next phase will focus on how next-generation networks, particularly 5G and edge
computing, will fundamentally influence learning ecologies in mobile environments. The
implementation of 5G rapidly multiplies column bandwidth, and even richer, interactive learning will
become increasingly affordance-based. Edge computing will add immediacy to the learning by removing
latency by doing computing closer to the data source. For example, when 5G networks are coupled with
machine learning predictive analytics enhancements in the area of autonomics, a new scaffolding
structure in the educational applied design architecture will remove anticipated bottlenecks to either
network capacity or learner engagement and provide a better opportunity to recalibrate pedagogy.
Ultimately, loosely-coupled, interdependent processes of 5G networks and autonomic management
systems in the next generation mobile and ubiquitous learning will constitute the architecture moving
forward. Thus, our applications, wherever in the networks, will be able to wirelessly reach out from their
initial instantiation and appropriately decide whether to evolve their learning for an educational
experience or root down in the execution and continue to function using only available energy and
bandwidth.

7 Conclusion

Investigations of adaptive resource allocation algorithms are still important since mobile learners are
always in different network contexts. The next studies should continue to complement these algorithm
comparisons with actual traces of learners' movements and application use, including edge-computing
nodes for real-time measurements of the latencies and bandwidths constrained when movement happens
in real contexts. Improving the user models is also a priority. Longitudinal studies that are based on
device sensor readings with large-sampled continuous records of student success demonstrate the ways
student learning behaviours change. The profiles constructed that are unpacked and learned with rich
context to the learner establish adaptive, goal-driven environments to provide instructional content at

207



Optimizing Mobile Learning Networks in Resource-Constrained Gularam Masharipova et al.
Educational Environments Using Autonomic Computing

times and levels filtered/stratified to the learner's current context and potential future needs. However,
it is still a challenge to align the various autonomic software layers on the many mobile students' devices.
Researchers are conducting experimental testbeds across interface and browser combinations, which
connect smartphones, tablets, and wearables from numerous manufacturers for data sharing through
common management APIs. These regulated contexts give teams the ability to pick up on potential
incompatibilities when they arise and to evaluate successful engagement with each resource. Oversight
needs to occur developmentally in relation to classroom-based autonomic systems, then the assurances
for privacy, equitable access, and sustainability of adaptive technologies will be integrated into life
academic. Creating collaborative governance preserves control with the learners while still enabling
pedagogical benefits similar to those of self-structuring systems. As systems develop further down this
path, credibility, inclusion, and ethical dimensions of conscious mobile learning ecosystems will be
strengthened. Future comprehensive large-scale studies that relate histories of growth curves and
features of autonomic compositions will be able to reveal the magnitude of effort over the long term
created by the autonomy of the autonomic system. The orderly instantiation of agile edge nodes further
along the autonomic substrate provides one additional exponential benefit: bringing the calculation
closer to the learner decreases the latency between perception and action, accelerating the adaptive loop
and making the unfolding situatedness more nuanced to support engagement.

References

[1]  Ajuwon, G.A. Computer and internet use by first year clinical and nursing students in a Nigerian
teaching hospital. BMC Med Inform Decis Mak 3, 10 (2003). https://doi.org/10.1186/1472-
6947-3-10

[2] AlGhamdi, K. M. (2009). Professional use of the internet among Saudi Arabian dermatologists:
a cross-sectional survey. BMC dermatology, 9(1), 10. https://doi.org/10.1186/1471-5945-9-10

[3] Balaji, R., Logesh, V., Thinakaran, P., & Menaka, S. R. (2022). E-Learning
Platform. International Academic Journal of Innovative Research, 9(2), 11-17.
https://doi.org/10.9756/1AJIR/VII2/IAJIR0911

[4] Balmer, D. F., Serwint, J. R., Ruzek, S. B., & Giardino, A. P. (2008). Understanding paediatric
resident— continuity preceptor relationships through the lens of apprenticeship learning. Medical
education, 42(9), 923-929. https://doi.org/10.1111/j.1365-2923.2008.03121.X

[5] Barbour, R. S. (2005). Making sense of focus groups. Medical education, 39(7).
https://doi.org/10.1111/j.1365-2929.2005.02200.x

[6] Berle, I. (2008). Clinical photography and patient rights: the need for orthopraxy. Journal of
medical ethics, 34(2), 89-92. https://doi.org/10.1136/jme.2007.021314

[71 Bhangoo, P., Maconochie, I. K., Batrick, N., & Henry, E. (2005). Clinicians taking pictures—a
survey of current practice in emergency departments and proposed recommendations of best
practice. Emergency medicine journal, 22(11), 761-765.
https://doi.org/10.1136/em;.2004.016972

[8] Bhattacharya, M., & Deshmukh, A. (2021). A Smart Grid-oriented Energy Optimization System
Using Renewable Energy Sources and Machine Learning. International Academic Journal of
Science and Engineering, 8(2), 26-30.

[91 Brown, J. (2010). Transferring clinical communication skills from the classroom to the clinical
environment: perceptions of a group of medical students in the United Kingdom. Academic
Medicine, 85(6), 1052-1059. https://doi.org/10.1097/ACM.0b013e3181dbf76f

[10] Chandrasekhar, C. P., & Ghosh, J. (2001). Information and communication technologies and
health in low-income countries: the potential and the constraints. Bulletin of the world Health
Organization, 79, 850-855.

208



Optimizing Mobile Learning Networks in Resource-Constrained Gularam Masharipova et al.
Educational Environments Using Autonomic Computing

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Cifuentes, L. J. C., Lira, L. A. N., Hernandez, Y. C. U., Luy-Montejo, C. A., Apaza, Y. C. L.,
Flores, J. E. A., and Osores, J. J. V. (2023). Influence of SAS Software on the Learning of
Statistics at the University Level. Journal of Internet Services and Information Security, 13(3),
178-190. https://doi.org/10.58346/J1S1S.2023.13.011

Cole, M., & Engestrom, Y. (1993). A cultural-historical approach to distributed
cognition. Distributed cognitions: Psychological and educational considerations, 1-46.
Coulby, C., Hennessey, S., Davies, N., & Fuller, R. (2011). The use of mobile technology for
work-based assessment: the student experience. British Journal of Educational
Technology, 42(2), 251-265. https://doi.org/10.1111/j.1467-8535.2009.01022.x

Engestrom, Y. (2014). Learning by expanding: An activity-theoretical approach to
developmental research. Cambridge University Press.
https://doi.org/10.1017/CB09781139814744

Eraut, M. (2000). Non-formal learning and tacit knowledge in professional work. British journal
of educational psychology, 70(1), 113-136. https://doi.org/10.1348/000709900158001
Giacomini, M. K., Cook, D. J., & Evidence-Based Medicine Working Group. (2000). Users'
guides to the medical literature: XXIII. Qualitative research in health care A. Are the results of
the study valid? Jama, 284(3), 357-362. https://doi.org/10.1001/jama.284.3.357

Katikireddi, S. V. (2004). HINARI: bridging the global information divide. Bmj, 328(7449),
1190-1193. https://doi.org/10.1136/bm;j.328.7449.1190

Kumar, R. M., Velmurugan, J. S., & kumar, M. S. (2025). Knowledge and Online Learning
through Skill Growth among Higher Education Students. Indian Journal of Information Sources
and Services, 15(2), 420-426. https://doi.org/10.51983/ijiss-2025.1J1SS.15.2.51

Nayak, A., & Rahman, F. (2024). A Deep Learning-based Intelligent Automatic Detection and
Classification of Fish Species in Marine Environment. Natural and Engineering Sciences, 9(3),
144-153. https://doi.org/10.28978/nesciences.1606623

Ng Foo Seong, D., & Ho, J. M. (2012). How leadership for an ICT reform is distributed within
a school. International Journal of Educational Management, 26(6), 529-549.
https://doi.org/10.1108/09513541211251370

Simmon, E. (2018). Evaluation of cloud computing services based on NIST SP 800-145. NIST
Special Publication, 500(322), 500-322. https://doi.org/10.6028/NIST.SP.500-322
Syed-Abdul, S., Lin, C. W., Scholl, J., Fernandez-Luque, L., Jian, W. S., Hsu, M. H., ... & Li,
Y. C. (2011). Facebook use leads to health-care reform in Taiwan. The Lancet, 377(9783), 2083-
2084.

Traxler, J., & Vosloo, S. (2014). Introduction: The prospects for mobile
learning. Prospects, 44(1), 13-28. https://doi.org/10.1007/s11125-014-9296-z

Xue, S. (2022). A conceptual model for integrating affordances of mobile technologies into task-
based language teaching. Interactive Learning Environments, 30(6), 1131-1144.
https://doi.org/10.1080/10494820.2019.1711132

Zalat, M. M., Hamed, M. S., & Bolbol, S. A. (2021). The experiences, challenges, and
acceptance of e-learning as a tool for teaching during the COVID-19 pandemic among
university medical staff. PloS one, 16(3), e0248758.
https://doi.org/10.1371/journal.pone.0248758

Authors Biography

Gularam Masharipova is a Professor at Alfraganus University, Uzbekistan. Her

@ expertise in education and pedagogy supports the study of mobile learning in resource-

limited contexts. She focuses on integrating technology-driven teaching methods that ensure

‘ ‘ accessibility and efficiency in challenging educational environments.

209



Optimizing Mobile Learning Networks in Resource-Constrained Gularam Masharipova et al.
Educational Environments Using Autonomic Computing

i)

L §

v

sin
an
2

Gulhayo Buriyeva is a Senior Teacher at Tashkent State University of Law, Uzbekistan.
She brings insights into how digital tools and mobile networks can be applied to improve
learning outcomes. Her contributions emphasize practical strategies for supporting students
in resource-constrained settings.

Mahliyo Xaydarova is an Associate Professor in the Department of Primary Education
Methodology at Termez University of Economics and Service, Uzbekistan. She specializes
in primary education and pedagogy, contributing knowledge on applying autonomic
computing to create flexible, adaptive learning networks that meet students’ needs.

Nayira lbragimova is affiliated with the Tashkent University of Information
Technologies named after Muhammad al-Khwarizmi, Uzbekistan. Her expertise in IT and
digital systems enhances the technical dimension of the research. She contributes to
developing efficient mobile network solutions that can function effectively in limited-
resource educational environments.

Bahodir Kandov is an Associate Professor at Chirchik State Pedagogical University,
Uzbekistan. His research interests lie in educational methods and technology integration. He
provides valuable input on using autonomic computing to optimize mobile learning and
support sustainable teaching practices.

Zulfiya Qarshiyeva is an Associate Professor in the Department of Preschool, Primary
Education, and Sports at Kattakurgan State Pedagogical Institute, Uzbekistan. She focuses
on early education pedagogy and highlights how mobile learning networks can support
younger learners, particularly in under-resourced areas.

Nigora Rakhimova is an Associate Professor at the University of Economics and
Pedagogy, Karshi, Uzbekistan. Her work centers on innovative teaching approaches and
digital learning systems. She contributes to adapting mobile technologies to enhance
personalized and inclusive education.

Oybek Kasimov is affiliated with the National Institute of Fine Arts and Design named
after Kamoliddin Behzod, Uzbekistan. His academic background in fine arts education
contributes a creative perspective to mobile learning integration. He emphasizes how digital
tools can support diverse fields, including arts education, even under resource constraints.

210



