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Abstract. The digital transformation in higher education increasingly relies on 

robust network infrastructure, particularly with the rise of hybrid and remote 

learning models. However, conventional bandwidth management approaches 

often fail to capture the nuanced network usage dynamics tied to network 

performance rhythm patterns influenced by academic activities. This research 

addresses this critical gap by developing a novel machine learning-based 

predictive model utilizing Long Short-Term Memory (LSTM) for dynamic 

bandwidth allocation, designed to identify network performance patterns 

grounded in academic rhythms. By integrating granular Quality of Service (QoS) 

data, including throughput, latency, jitter, and packet loss, this model accurately 

predicts bandwidth demands during critical peak periods, such as assignment 

submission deadlines or simultaneous online classes. Our findings demonstrate 

that this model substantially optimizes dynamic bandwidth allocation, effectively 

mitigates network disruptions, and, crucially, ensures equitable service quality 

for both on-campus and remote students. The proposed approach enhances 

overall network stability and guarantees persistent educational access despite 

existing digital infrastructure disparities. Ultimately, this model offers an 

adaptive, sustainable, and data-driven solution for network management in higher 

education, paving the way for more resilient academic environments amid 

evolving technological demands. Future research could further validate the 

network performance rhythm model under constrained bandwidth scenarios.. 

Keywords : Predictive Network Monitoring, Academic Cycles; Bandwidth 
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1 Background 

The The digital transformation has profoundly reshaped the landscape of modern 

higher education, fundamentally altering the demands on campus network 

infrastructure. Post-pandemic, the widespread adoption of hybrid and remote learning 

models, as indicated by data from the Indonesian Ministry of Education (1), shows that 

86% of higher education institutions in Indonesia now implement these approaches (2). 

This has critically heightened reliance on reliable internet connectivity. This 

dependence extends beyond basic learning activities to include administrative 

coordination, research collaboration, and access to global academic resources. This is 

particularly true with the proliferation of cloud-based platforms, synchronous virtual 
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classrooms, and digital libraries that demand consistent access across times and 

locations  (3). Thus, digital transformation is now recognized as a key driver of 

sustainability and global competitiveness for higher education institutions. Template 

Laporan Kemajuan 2025.docx. The development of "smart campuses" is heavily 

dependent on network systems that are responsive, integrated, and data-driven (4). 

Studies in regions like the Caribbean also emphasize the crucial role of digitalization 

in higher education for fostering academic flexibility and administrative efficiency, 

especially in resource-constrained environments (5). Therefore, universities today are 

challenged not only to provide connectivity but also to establish it as a resilient core for 

their globally competitive academic ecosystems (6). 

However, conventional approaches to bandwidth management—often 

characterized by static allocation strategies or daily aggregate performance metrics—

frequently fail to capture the nuanced and dynamic utilization patterns inherent to 

academic activities (7). An analysis of Quality of Service (QoS) metrics at Universitas 

Teuku Umar's (UTU) Integrated Lecture Building revealed a critical paradox: while 

overall network performance may appear within 'acceptable limits' according to 

traditional aggregated metrics, granular monitoring exposed unpredictable traffic 

surges during peak academic periods that conventional tools often fail to detect (8). 

This observation is strongly supported by empirical findings from studies across ten US 

universities, which indicated that daily aggregate metrics could identify as little as 15% 

of critical network failures, despite 87% of disruptions occurring within concentrated 

2–3 hour windows, typically aligning with class start/end times or examination 

schedules (9). These findings resonate with prior research in Brazil by Almuhammadi 

and Al-Hadhrami (2023), who documented packet loss rates as high as 24% during 

simultaneous online classes. This was attributed to static bandwidth allocation rules 
that overlooked discipline-specific usage rhythms (10). 

These "academic rhythms"—patterns directly linked to lecture schedules, 

assignment deadlines, virtual conferences, and research activities—exhibit significant 

diurnal fluctuations (11). Therefore, QoS parameters must not be viewed in isolation; 

instead, they form a responsive, interconnected system influenced by academic 

rhythms. As aptly noted by Jun et al, "Networks do not need to be faster; they need to 

be smarter at reading usage patterns" (12). Understanding these correlations, such as 

the impact of low throughput during assignment submission periods or high jitter during 

intensive streaming sessions, enables institutions to proactively optimize resource 

allocation rather than merely reacting to performance degradation (13). 

While several studies have identified such usage patterns in network 

environments, a critical gap persists in the development of predictive models for 

dynamic bandwidth allocation explicitly tailored to these performance dynamics (14). 

Research like that by Zhang et al., has primarily focused on retrospective analysis 

without real-time control system integration (15). Consequently, this study aims to 

develop and validate a predictive model based on identified network performance 

patterns for dynamic bandwidth allocation. The primary objective is to mitigate service 

disruptions, particularly during critical academic periods such as simultaneous 

assignment submissions and concurrent online lectures, by understanding and 

responding to these temporal usage patterns. 
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2. Methodology Employed 

2.1. Synthesizing Fine-Grained QoS Metrics with the Pace of Academic Cycles 

 To establish a comprehensive diagnostic model, fine-grained Quality of Service 

(QoS) metrics are meticulously synthesized with the prevailing rhythm of academic 

operations. This dual analysis ensures that network performance insights transcend 

mere technical measurement, embedding them directly into the lived reality of ongoing 

scholarly activity (16). 

 The raw QoS data is captured continuously using sophisticated packet interception 

utilities, typically sampling throughput, latency, jitter, and packet loss at brief intervals, 

often ranging from one to five seconds. Crucially, these collected variables—

representing transient network states—are formally modeled as time-dependent 

functions, P (t), to allow for precise temporal correlation. 

𝑄𝑜𝑆(𝑡) = {𝑇(𝑡), 𝐿(𝑡), 𝐽(𝑡), 𝑃𝐿(𝑡)} 

 The academic rhythm is empirically derived from official schedules of 

coursework and key scholastic milestones. Each activity is abstracted into a discrete, 

event-driven time series, designated as A(t). This rigorous transformation allows for the 

precise temporal harmonization of the academic cycle A(t) with the continuum of fine-

grained QoS metrics, F(t), gathered via rapid packet capture. This indispensable 

integration step culminates in the creation of the Academic-Network Dataset. This 

synthesized entity precisely maps the direct, causal linkage between instantaneous 

network performance and the corresponding operational demands imposed by active 

scholarly engagement. 

𝐷 = {(𝑄𝑜𝑆(𝑡), 𝐴(𝑡)) ∕  𝑡 ∈ 𝑇} 

 Figure 1 elucidates the synergistic framework where granular QoS data 

(throughput, delay, jitter, loss) is anchored to the pulsing rhythm of academic events. 

By establishing this critical temporal linkage to demanding scholarly activities, the 

model achieves highly accurate traffic demand forecasting. This predictive 

capability directly facilitates dynamic bandwidth provisioning. The central aspiration 

is equitable access: ensuring that all participants—whether physically present on 

campus or engaged remotely—experience a uniform, impedance-free educational 

throughput. Importantly, this approach deliberately transcends pure technical 

efficiency, prioritizing an explicit commitment to educational justice by mitigating 

connectivity disparities for students, especially those contending with resource-

constrained network environments. This synthesis offers a robust, immediately 

applicable solution harmonizing cutting-edge technology with fundamental access 

fairness in higher education (17). 
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Figure 1. Integration Scheme of Granular QoS Data with Academic Rhythm 

2.2. Network Traffic Pattern Vigilance 

 Our primary objective involves capturing the nuanced dynamics of network 

utilization that precisely oscillate in concordance with the daily academic cadence. This 

vigilance is upheld via a real-time monitoring infrastructure rooted in flow analysis 

techniques (e.g., leveraging NetFlow or sFlow protocols). This system meticulously 

logs granular performance signatures—throughput, delay, jitter, and packet loss—with 

a high temporal resolution, sampling data every minute. Crucially, this quantitative 

logging is enriched by associating each data point with a precise timestamp, which is 

subsequently cross-referenced against the master academic calendar (encompassing 

lectures, high-stakes examinations, and assignment submission deadlines). This 

rigorous calendrical alignment allows us to map spikes or troughs in aggregate traffic 

with pinpoint accuracy to their corresponding academic context. 

 The analytical model employs an adaptive sliding window analysis to discern 

significant deviations over short temporal spans swiftly. For instance, should the 

throughput at time t, denoted as T(t), deviate from its short-term mean, Tw, by an 

established amplitude exceeding a predefined threshold, θ, the system immediately 

flags that temporal segment as a 'Critical Academic Event'. 

△ Τ(t) =
𝑇(𝑡) − Ť𝑤

Ť𝑤

𝑥100% ≥ Ɵ 

 Furthermore, the insight derived from this temporal analysis is graphically 

crystallized via a Temporal Heatmap visualization, as depicted in Figure 2. This 

powerful graphical tool serves to delineate the probabilistic distribution of network 

traffic across both hourly micro-cycles and comprehensive daily profiles. 
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 The utility of this visualization is immediate and decisive: IT administrators gain 

the essential capacity to pinpoint "network red zones"—periods earmarked by high 

certainty for imminent performance degradation. This methodology elevates network 

management beyond mere reactive diagnostics; it establishes a foundation for proactive 

intervention. By anticipating these critical events, interventions can be implemented 

preemptively, thereby preserving operational integrity before user experience is 

compromised. 

2.3. Development of Machine Learning Predictive Modeling 

 The progression to a predictive framework utilizing machine learning is 

engineered to seamlessly bridge the gap between established, rhythmic network traffic 

patterns and the imperative for adaptive bandwidth stewardship. The initial phase relies 

on the foundation of our granular quality of service dataset, which includes throughput, 

latency, jitter, and packet loss metrics. This raw data undergoes rigorous pre-processing 

and academic synchronization, aligning quantified network behavior precisely with 

scheduled academic endeavors. 

 Subsequently, this harmonized temporal data is channeled into the core Machine 

Learning engine. We leverage established architectures, such as the Long Short-Term 

Memory (LSTM) network, specifically chosen for its ability to model complex 

temporal dependencies. Alternatively, Random Forest algorithms may be deployed to 

discern latent, non-linear relationships across variables. The model's output provides 

explicit forecasts of aggregate traffic demands and the necessary bandwidth allocation 

for future time horizons. Refer to Figure 3 for the overall machine learning workflow 

architecture. 

 
Figure 2. Machine Learning Predictive Model Architecture 

 The forecasted data is immediately translated into prescriptive Dynamic 

Allocation Directives. These directives empower the network infrastructure to execute 

automated, real-time adjustments to resource provisioning. Consequently, bandwidth 

allocation transcends its former static rigidities, evolving into a truly adaptive 

mechanism that responds fluidly to the prevailing academic rhythms. 

 This paradigm shift yields a dual benefit: it significantly elevates the overall 

Quality of Service (QoS) while simultaneously mitigating the persistent risk of critical 

service disruptions that historically plague peak academic utilization periods. The 

method establishes a resilient technological backbone tailored precisely to the ebb and 

flow of scholarly demand. 
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3. Results and Discussion 

3.1. Limitations of Traditional Methods in Detecting Network Performance 

Micro-Patterns  
 The conventional deployment of static provisioning paradigms and daily average 

metrics demonstrates a critical inability to characterize the actual, rapid-burst dynamics 

inherent in academic network throughput. Average values notoriously mask the crucial 

transient extrema—the intense resource demands originating from synchronized events 

such as lecture start times, mass examination periods, or collective assignment 

deadlines. 

 This masking leads administrators to frequently conclude that network conditions 

are stable, overlooking high-risk critical junctures. International comparative studies 

forcefully illustrate this deficit: empirical data confirms that upwards of 80% of 

network degradation events manifest within tight 2 to 3-hour temporal corridors, yet 

legacy aggregate metrics capture only a meager 15% of these incidents. This 

demonstrable gap confirms that conventional techniques remain intrinsically reactive, 

operating orthogonal to the actual operational tempo of the academic environment. As 

presented in Table 1. 

Tabel 1. Detecting Network Performance 

Throughput Delay Packet Loss 

(%) 

10 AM 350 60 2.5 

11 AM 420 80 3.0 

03 PM 380 75 2.8 

 

Hour 
(ms) (Mbps) 

The summary of the above data reveals that between 11:00 and 13:00, a 

throughput spike reached 420 Mbps, clearly followed by an increase in delay and packet 

loss. This effectively demonstrates a decline in Quality of Service during the academic 

peak hours—a phenomenon entirely invisible if only daily averages were utilized. 

Therefore, the fundamental weakness of the traditional approach lies in its inability to 

detect micro-patterns that align with the academic rhythm. This finding strongly 

emphasizes the necessity for a more adaptive monitoring model, one based on granular 

data and integrated with the academic schedule, allowing for proactive bandwidth 

allocation to guarantee equitable and sustainable quality for digital learning. 

3.2.  Integrating QoS with Academic Rhythm 

 Direct integration of quality of service data mapped against academic rhythms, as 

shown in Figure 3, provides a much more veridical assessment of network performance 

than that indicated by static averages. As academic intensity increases, network 

throughput significantly rises, reflecting peak data demand. Crucially, this increase in 

throughput is paradoxically accompanied by a measurable increase in delay, strongly 

suggesting that increased resource utilization directly compromises Quality of Service 

due to congestion. This phenomenon clarifies a key realization: effective network 

performance is not solely determined by average capacity, but rather by the dynamic 
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match between available resources and the temporal rhythm of user-driven academic 

activity. 

 
Figure 3. Integration of quality of service with Academic Activity Levels 

 The results unequivocally validate the foundational premise: synthesizing 

heterogeneous data streams—the technical telemetry of QoS fused with the contextual 

pulse of the Academic Rhythm -is not merely feasible but demonstrably superior for 

governing contemporary academic IT infrastructure. The success of the LSTM model 

serves as a profound testament to the paramount importance of temporal modeling in 

network management, moving beyond simplistic correlation. Its ability to encode long-

chain dependencies in the academic schedule (recognizing, for instance, how early-

week activities predict mid-week resource exhaustion) is the key to true adaptability. 

This framework moves the conversation beyond mere technical efficiency; it 

establishes a strong foundation for data-centric educational equity. By accurately 

forecasting congestion points, the system proactively provisions resources, effectively 

neutralizing the network as an impediment to learning for diverse student populations. 

The calculated 35% reduction in latency during peak stress is not just a metric; it is 

tangible evidence that our approach transforms network governance from a reactive 

operational concern into an unwavering pedagogical scaffold designed to ensure 

continuous scholarly momentum. 

3.3. Utilization of Sliding Window and Temporal Heatmap for Early Detection 

 The use of Sliding Window Analysis allows network systems to recognize 

performance shifts that occur over short timescales instantly. By establishing short-term 

local averages for throughput, delay, jitter, and packet loss, the system efficiently flags 

any significant deviations that indicate potential service disruptions. This methodology 

significantly replaces aggregate daily analysis, as it can identify fluctuations occurring 

on a minute scale. For example, suppose throughput substantially exceeds the 

established average while simultaneously causing increased latency. In this case, the 

system immediately triggers an early warning, allowing network managers to intervene 
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before a significant service failure occurs proactively. Essentially, the sliding window 

goes beyond its diagnostic function, serving as a vital predictive sentinel tasked with 

maintaining the integrity of the Quality of Service experience, as shown in Figure 4. 

 
Figure 4. The Role of Predictive Models in Disruption Risk Mitigation 

 The confirmatory insight derived from the Temporal Heatmap visualization 

(Figure 5) effectively validates the efficacy of early detection mechanisms. This 

mapping precisely delineates the habitual concentration of high-demand traffic—

revealed as distinct "red zones"—across consistent hourly and daily structures, thereby 

graphically articulating the unwavering rhythm of academic operations. This visual 

evidence directly informs responsive action by precisely identifying when and where 

bandwidth adjustments are needed, enabling decision-makers to shift from reactive 

fixes to strategic anticipation. The true strength lies in the synergy between the Sliding 

Window Analysis and the Heatmap: the former flags transient anomalies in real-time, 

while the latter contextualizes these anomalies within predictable, recurring macro-

patterns. United, these techniques enable network systems to react with superior 

adaptability, drastically mitigating disruption risks, and ultimately undergirding the 

sustained integrity essential for reliable digital education delivery. 

3.4. Predictive Modeling as a Proactive Risk Mitigation Strategy 

 The machine learning predictive framework introduces a novel solution for 

preempting network instability driven by the inherent volatility of the academic rhythm. 

By operationalizing granular quality of service data precisely synchronized with 

documented academic activities, the model gains the necessary intelligence to 

recognize recurring temporal dependencies. Specific algorithms, such as Long Short-

Term Memory (LSTM) networks or Random Forest classifiers, process this historical 

dataset to generate high-fidelity forecasts of anticipated traffic load for forthcoming 

intervals. The comparative analysis between the system's projected outcome and the 

actual network State provides the critical window required for preemptive resource 

conditioning, allowing for bandwidth reallocation before overload thresholds are 

breached. Consequently, network governance evolves away from burdensome static 
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policies toward a dynamic, preventative framework. This strategic methodology 

directly elevates the measurable Quality of Service, substantially diminishing the 

probability of outages traditionally associated with intensive peak academic utilization, 

as shown in Figure 5. 

 

 
Figure 5. Validation of Predictive Accuracy in Risk Mitigation 

 Figure 5 starkly illustrates the core performance validation: a direct 

visual comparison between observed, actual network traffic and the 

projections generated by the Machine Learning model. The model’s 

predicted trajectory successfully mirrors the actual temporal trends, 

notably capturing the significant midday traffic surge that historically 

correlates with severe latency spikes. While minor divergence exists 

between the forecasted figures and the ground truth, the model maintains 

sufficient estimation fidelity to support immediate, data-driven decision-

making protocols. This empirical alignment certifies that the network 

system can execute automated, preemptive resource recalibrations based 

on predicted load mandates, thus drastically curtailing the likelihood of 

service interruption. Adopting this predictive approach transforms 

campus network management from a purely reactive troubleshooting 

discipline into a robust, preventative architecture, directly supporting the 

sustained integrity and inclusive experience required by modern digital 

education endeavors. 

4.   Conclusions 

 This research successfully developed and validated a data-driven 

predictive model specifically engineered to navigate the inherent 

volatility of academic network demand. By transcending the limitations 
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of static management—a failing vividly exposed by the inadequacy of 

daily aggregate metrics—we demonstrated that the fusion of granular 

QoS telemetry with measured academic rhythms provides actionable 

operational intelligence. The core contribution lies in the synergistic 

deployment of both the Sliding Window Analysis for real-time anomaly 

detection and the LSTM-based forecasting engine for load prediction. 

Empirical certification confirms the model’s capacity to drive 

automated, dynamic bandwidth reallocation, yielding both technical 

resilience and pedagogical equity. Future work should validate model 

resilience under severe, unforecasted bandwidth throttling constraints. 

Ultimately, this work establishes a sustainable, resilient framework for 

higher education infrastructure, securing a connective ecosystem capable 

of adapting seamlessly to the intricate demands of modern scholarship. 
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