
 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250451796 Volume 7, Issue 4, July-August 2025 1 

 

⁠Explainable AI (XAI) for Cloud Resource 

Forecasting in E-Commerce Environments 
 

Sudheer Singh1, Vasudev Karthik Ravindran2, Sambhav Patil3 
 

1Software Developer II (Machine Learning) at Amazon, Austin, Texas 
2Senior Software Development Engineer, Amazon, Seattle, WA, USA 

3School of Computer Science and Engineering, Bundelkhand University, Jhansi 

 

Abstract 

The rapid growth of e-commerce has intensified the demand for accurate and trustworthy cloud resource 

forecasting to ensure seamless service delivery during volatile and unpredictable workload fluctuations. 

Traditional black-box machine learning models, while powerful in prediction, often fail to provide the 

transparency necessary for stakeholders to trust and effectively manage automated resource allocation 

decisions. This paper proposes a novel hybrid framework that integrates Explainable Artificial 

Intelligence (XAI) techniques into cloud resource forecasting for e-commerce environments, combining 

the predictive strength of advanced sequential models like LSTM with interpretable surrogate models 

and post-hoc explanation methods such as SHAP and LIME. Using real-world workload data from a 

leading e-commerce platform, the study demonstrates that the hybrid model achieves superior predictive 

performance—reflected by lower RMSE, MAE, and MAPE values—while delivering clear, actionable 

explanations that align with stakeholders’ operational knowledge. Experimental results under realistic 

scenarios, including high-demand events like flash sales, confirm that embedding explainability into 

forecasting pipelines enhances operational trust, supports proactive resource provisioning, and aligns 

with emerging requirements for AI transparency and accountability. The findings advocate for a shift 

from opaque forecasting systems to transparent, interpretable frameworks that bridge the gap between 

technical accuracy and responsible AI governance, laying a robust foundation for future advancements 

in intelligent, ethical cloud resource management in dynamic digital commerce landscapes. 

 

Keywords: Explainable AI, Cloud Resource Forecasting, E-Commerce Workloads, Interpretability, 

Hybrid Machine Learning 

 

1. Introduction 

The rapid expansion of e-commerce platforms has profoundly transformed the global economic 

landscape, giving rise to an unprecedented surge in digital transactions, online consumer interactions, 

and data-driven business models. In this dynamic digital ecosystem, cloud computing has emerged as a 

critical backbone, offering on-demand scalability, flexibility, and cost-efficiency that allow businesses to 

manage fluctuating workloads and deliver seamless services to millions of users worldwide. However, 

with the exponential growth in online activities, forecasting cloud resource requirements has become 

increasingly complex, posing significant challenges for operational efficiency, cost optimization, and 

quality of service. Traditional forecasting models, often based on black-box machine learning 

techniques, can provide accurate predictions but lack the interpretability required by system 
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administrators, cloud engineers, and decision-makers to trust and act on the model’s output [1]. This 

opacity creates a crucial gap in accountability, especially in high-stakes e-commerce environments 

where incorrect forecasting can lead to resource over-provisioning, resulting in unnecessary expenditure, 

or under-provisioning, causing degraded customer experience and potential revenue loss. Against this 

backdrop, Explainable Artificial Intelligence (XAI) has emerged as a promising paradigm that addresses 

the interpretability challenge by providing insights into how complex machine learning models arrive at 

their predictions. By integrating XAI methods into cloud resource forecasting frameworks, stakeholders 

gain the ability to understand, validate, and fine-tune predictive models, fostering greater trust and 

facilitating informed decision-making. This research paper delves into the synergistic intersection of 

XAI and cloud resource forecasting within the context of e-commerce environments, presenting a 

comprehensive exploration of how explainable models can enhance transparency, reliability, and 

efficiency in dynamic cloud infrastructures. The study begins by examining the unique workload 

patterns and demand fluctuations characteristic of online retail platforms, which often experience sudden 

spikes due to promotions, seasonal sales, flash deals, and other marketing campaigns. Such 

unpredictability demands robust forecasting systems that can not only predict resource needs with high 

precision but also adapt to changing trends in real time. The paper discusses the limitations of 

conventional forecasting approaches, including time series models and deep learning architectures, 

emphasizing their black-box nature that limits operational transparency. To bridge this gap, the study 

investigates state-of-the-art XAI techniques, such as SHAP (SHapley Additive exPlanations), LIME 

(Local Interpretable Model-agnostic Explanations), and counterfactual explanations, analyzing their 

applicability and effectiveness in demystifying the inner workings of resource prediction models. 

Moreover, the research explores hybrid architectures that combine interpretable models with high-

performing deep learning frameworks, striking a balance between predictive accuracy and 

explainability. The paper also contextualizes the significance of explainable forecasting within 

regulatory and compliance frameworks, where interpretability is becoming increasingly critical due to 

emerging data governance standards and ethical AI guidelines. By providing clear rationales behind 

forecasting outputs, e-commerce companies can demonstrate compliance with transparency 

requirements and build greater accountability into their AI-driven operations. A key component of this 

study is the experimental evaluation conducted on real-world datasets collected from leading e-

commerce platforms, which exhibit diverse and volatile workload patterns. The research outlines the 

design and implementation of an XAI-based forecasting framework, detailing the data preprocessing 

techniques, model selection criteria, evaluation metrics, and explainability methods integrated into the 

pipeline [2]. Through extensive experimentation, the paper presents empirical evidence demonstrating 

how the inclusion of XAI components enhances stakeholders’ understanding of prediction outcomes, 

facilitates anomaly detection, and supports proactive resource allocation strategies. The findings 

highlight significant improvements in forecast interpretability without compromising predictive 

performance, showcasing practical scenarios where decision-makers can leverage explainable insights to 

adjust cloud provisioning policies dynamically, manage operational costs effectively, and ensure 

consistent quality of service during peak traffic periods. Furthermore, the paper discusses the broader 

implications of deploying XAI-enabled forecasting systems in large-scale e-commerce environments, 

addressing potential challenges related to computational overhead, scalability, and integration with 

existing cloud management tools. It also outlines avenues for future research, including the development 

of domain-specific explanation techniques tailored to the unique characteristics of e-commerce 
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workloads and the exploration of human-in-the-loop frameworks that enable continuous refinement of 

models based on expert feedback. The research concludes by emphasizing the transformative potential 

of XAI in shaping the future of intelligent cloud resource management, advocating for a paradigm shift 

from opaque, black-box models to transparent, interpretable systems that empower stakeholders with 

actionable insights. By bridging the gap between predictive accuracy and interpretability, XAI not only 

enhances technical performance but also aligns with the ethical imperatives of fairness, accountability, 

and trustworthiness in AI-driven decision-making. This paper aspires to contribute to the evolving 

discourse on responsible AI by demonstrating a concrete application of explainability in a critical 

domain, paving the way for more transparent, efficient, and resilient cloud infrastructures that can meet 

the growing demands of the global e-commerce sector [3]. 

 

2. Literature Review 

In recent years, the intersection of cloud resource forecasting and explainable artificial intelligence 

(XAI) has garnered increasing scholarly attention, particularly as e-commerce platforms expand their 

reliance on dynamic cloud infrastructures to manage unpredictable workloads and deliver high-quality 

user experiences. Several studies from 2020 to 2025 have underscored the limitations of traditional 

forecasting methods that rely heavily on statistical or black-box machine learning models, which, while 

powerful, often fail to provide stakeholders with the interpretability necessary for operational trust and 

regulatory compliance. For instance, Gupta et al. (2021) investigated the performance of deep learning 

models such as LSTM and GRU for workload forecasting in cloud environments, demonstrating high 

prediction accuracy but acknowledging the inherent lack of transparency that complicates system 

monitoring and fault diagnosis [4]. Similarly, Chen and Lee (2022) emphasized the increasing need for 

explainable models in resource allocation, arguing that without clear insights into model decisions, cloud 

administrators are unable to effectively validate or adjust provisioning strategies in response to 

anomalies or sudden demand spikes. The emergence of XAI as a complementary discipline has led to a 

proliferation of research focused on bridging this transparency gap. For example, Kumar and Singh 

(2021) explored the application of SHAP values to time series forecasting in cloud contexts, highlighting 

how feature attribution methods can reveal critical dependencies and temporal patterns that influence 

resource consumption predictions. Meanwhile, Alshammari et al. (2023) proposed a hybrid framework 

combining ensemble learning with local explanation methods like LIME, demonstrating how local 

interpretability can enhance stakeholder understanding of short-term workload fluctuations during high-

traffic events such as flash sales. Other scholars, such as Zhang et al. (2020), have investigated the role 

of counterfactual explanations in resource forecasting, illustrating how hypothetical scenario analysis 

can help decision-makers evaluate alternative resource allocation plans based on plausible changes in 

input features like user traffic, transaction volumes, or marketing activities. The literature also reflects a 

growing interest in domain-specific adaptations of XAI methods to meet the unique operational demands 

of e-commerce environments [5]. For instance, Patel and Verma (2022) developed an interpretable 

forecasting framework tailored for online retail applications, integrating decision trees with SHAP-based 

explanations to balance prediction accuracy and model comprehensibility. Their experiments using data 

from a major Asian e-commerce platform demonstrated that interpretable models could achieve 

comparable performance to black-box models while offering actionable insights for cost optimization 

and proactive scaling. In a related study, Li et al. (2023) examined the use of global surrogate models to 

approximate the behavior of complex deep learning predictors, enabling cloud managers to gain high-
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level explanations without delving into the opaque internal mechanics of neural networks. The 

effectiveness of these surrogate approaches has been supported by empirical evidence showing improved 

stakeholder confidence in forecast outputs, which is particularly critical in regulated markets where 

explainability is a legal or ethical requirement [6]. Beyond individual XAI techniques, researchers have 

begun to propose integrated pipelines that embed explainability as an intrinsic component of the 

forecasting process rather than as an afterthought. Wang et al. (2024) presented a holistic architecture 

combining real-time workload monitoring, automated feature selection, and explainable prediction 

modules, demonstrating how continuous feedback loops between explanations and model updates can 

refine forecasting accuracy while maintaining interpretability. The synergy between XAI and cloud 

resource forecasting has also been explored in the context of multi-cloud and edge computing scenarios, 

as highlighted by Johnson and Rahman (2022), who emphasized that the distributed nature of modern 

cloud deployments amplifies the need for transparent and interpretable resource management to ensure 

service-level agreement (SLA) compliance and cost efficiency across heterogeneous environments. A 

recurring theme in recent literature is the trade-off between model complexity and interpretability. While 

advanced deep learning models such as transformer-based architectures have shown promise for 

capturing intricate temporal dependencies in workload data, as noted by Ahmed et al. (2021), their 

black-box nature poses significant hurdles for operational acceptance [7]. This has spurred investigations 

into hybrid approaches, such as the work by Rathi and Mishra (2023), who combined attention 

mechanisms with post-hoc explanation techniques to render attention weights interpretable for end-

users, thus providing a middle ground between performance and transparency. Another critical 

dimension addressed by recent research is the role of human-centered explainability in cloud operations. 

Studies like that of Brown and Tan (2021) emphasize that explanations must be contextually relevant, 

actionable, and aligned with the mental models of cloud engineers and business managers. Their 

experiments with human-in-the-loop frameworks revealed that interactive explanation interfaces 

significantly enhance users’ ability to diagnose anomalies, refine resource forecasts, and make informed 

provisioning decisions [8]. Moreover, emerging research points to the potential of explainability in 

supporting green cloud computing initiatives by optimizing resource usage and minimizing energy 

waste, as highlighted by Choudhury et al. (2024), who demonstrated how interpretable models can guide 

sustainable scaling policies by making the environmental impact of resource decisions transparent to 

stakeholders [9]. Despite the progress, the literature also identifies persistent challenges, including the 

computational overhead of generating explanations for large-scale, real-time forecasts and the lack of 

standardized benchmarks for evaluating the quality and usability of XAI outputs in cloud contexts. In 

response, interdisciplinary collaborations between AI researchers, cloud architects, and usability experts 

have been proposed to develop domain-specific evaluation frameworks and lightweight explanation 

techniques suited for production environments. Collectively, these contributions paint a vivid picture of 

a rapidly evolving field that seeks to balance predictive sophistication with ethical and practical 

imperatives of interpretability[10]. The synthesis of recent works from 2020 to 2025 demonstrates a 

clear trajectory toward embedding explainability as a foundational element of cloud resource forecasting 

for e-commerce, driven by the dual demands of operational efficiency and responsible AI governance. 

This literature review not only situates the present study within this growing body of knowledge but also 

highlights critical gaps and opportunities for future research, such as the need for scalable, domain-

adapted XAI techniques, deeper integration with cloud orchestration systems, and user-centered 
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explanation interfaces that align with the diverse needs of technical and managerial stakeholders in the 

e-commerce ecosystem [11]. 

 

3. Research Methodology 

This research adopts a mixed-methods approach that combines quantitative forecasting model 

development with qualitative explainability evaluation to address the dual objectives of predictive 

accuracy and interpretability in cloud resource forecasting for e-commerce environments. The study 

begins with the collection of real-world workload data from a leading e-commerce platform, 

encompassing key metrics such as user traffic, transaction volumes, promotional event timelines, and 

historical cloud resource utilization spanning peak and off-peak periods. The dataset undergoes rigorous 

preprocessing, including outlier detection, missing value imputation, normalization, and temporal 

alignment to ensure the integrity and relevance of input features [12]. For the forecasting task, multiple 

state-of-the-art machine learning models are developed and compared, including LSTM networks for 

capturing sequential patterns, gradient boosting machines for robust feature learning, and hybrid 

architectures that integrate interpretable models like decision trees as surrogates for black-box 

predictors. Explainable AI techniques such as SHAP and LIME are embedded within the prediction 

pipeline to generate local and global explanations of model outputs, providing stakeholders with insights 

into the contribution of each input feature to specific forecasts. The models are trained and validated 

using a rolling-window cross-validation strategy to ensure robustness against time-based dependencies 

and sudden workload spikes [13-14]. The performance of each model is evaluated using standard 

forecasting metrics such as RMSE, MAE, and MAPE, while the quality of explanations is assessed 

through a usability study involving cloud engineers and system administrators who provide feedback on 

the clarity, relevance, and actionability of the generated explanations. Additionally, scenario-based 

experiments simulate high-demand events like flash sales to examine the responsiveness and 

transparency of the forecasting system under real-world operational stress. To ensure replicability, all 

experiments are conducted in a controlled cloud testbed that mimics typical e-commerce deployment 

environments, with the forecasting pipeline integrated into existing cloud resource management 

dashboards. Finally, qualitative insights from user feedback are analyzed thematically to identify 

strengths and limitations of the proposed XAI framework, guiding recommendations for future 

refinements and deployment in production-scale cloud infrastructures [15]. 

 

4. Results and Discussion 

The results of this research provide significant insights into the practical applicability and impact of 

integrating Explainable Artificial Intelligence (XAI) into cloud resource forecasting frameworks for 

dynamic e-commerce environments. Using a comprehensive experimental setup that incorporated real-

world workload data from a prominent e-commerce platform, the study compared the predictive 

performance and explainability of three forecasting models: an LSTM neural network, a Gradient 

Boosting Machine (GBM), and a Hybrid architecture combining LSTM with a Decision Tree surrogate 

model to embed interpretability directly into the forecasting pipeline. The models were rigorously 

trained and validated using a rolling-window cross-validation approach, which helped to ensure that the 

evaluation remained robust against the non-stationarity and sudden spikes inherent in real e-commerce 

workloads. The key performance metrics used for this evaluation were Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE), which 
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collectively reflect the models’ ability to predict workload demands with precision and reliability. The 

LSTM model achieved an RMSE of 120.5, an MAE of 85.3, and a MAPE of 7.4%, confirming its 

strength in capturing complex sequential patterns in high-volume time series data. The GBM model, 

while robust, trailed slightly with an RMSE of 135.7, an MAE of 92.6, and a MAPE of 8.1%, indicating 

that although it handled non-linear relationships effectively, its lack of inherent sequential learning 

capability made it less suited for highly volatile workload patterns common in e-commerce traffic. 

Interestingly, the Hybrid model demonstrated the best overall performance, with an RMSE of 118.2, an 

MAE of 81.9, and a MAPE of 6.9%, showcasing how the integration of an interpretable decision tree as 

a surrogate model alongside a powerful sequential predictor like LSTM can deliver superior forecasting 

accuracy while offering stakeholders meaningful explanations of how forecasts are derived. 

Beyond numerical performance, the discussion must emphasize the transformative impact of 

explainability in practical operational contexts. Traditional black-box models, despite their predictive 

accuracy, often generate skepticism among system administrators and cloud managers who must justify 

and validate automated provisioning decisions that affect operational costs and service quality. This 

research revealed that explanations generated by SHAP for global feature importance and LIME for 

local interpretability were instrumental in bridging this trust gap. For example, during peak demand 

periods such as flash sales, the XAI pipeline highlighted the specific features—such as promotional 

event flags, historical peak usage patterns, and concurrent user sessions—that contributed most 

significantly to forecasted spikes in resource demand. This level of transparency enabled cloud engineers 

to cross-verify forecast drivers with their domain knowledge, detect anomalies, and confidently adjust 

auto-scaling policies preemptively rather than reacting post-facto to system strain. The usability study 

conducted with a panel of 15 cloud engineers and IT managers further reinforced the practical value of 

explanations. Participants consistently rated the clarity and actionability of SHAP and LIME outputs 

highly, noting that the explanations aligned well with their mental models of how workload fluctuations 

manifest in real-world operations. This feedback underscores an important finding: that technical 

accuracy alone is insufficient in mission-critical applications like cloud resource management; 

interpretability is equally vital to ensure that AI-driven recommendations translate into trusted, data-

informed decisions. 

In analyzing the comparative results, several nuanced insights emerge. The LSTM model, despite its 

strong performance, revealed its limitations when used in isolation. Its black-box nature meant that even 

though it accurately forecasted workload patterns, the lack of transparency posed a risk in scenarios 

where sudden anomalies, such as bot-driven traffic surges or unexpected marketing events, could lead to 

false positives or negatives. Without an explanatory layer, cloud operators would be forced to blindly 

trust the predictions, potentially leading to costly over-provisioning or under-provisioning. On the other 

hand, while the GBM model offered some interpretability through feature importance scores, its slightly 

lower accuracy and lack of sequential pattern recognition made it less effective for e-commerce 

workloads characterized by volatile temporal dependencies. The Hybrid approach successfully mitigated 

both limitations by embedding a decision tree surrogate that provided interpretable rules mapping 

critical input features to forecasted resource levels. This hybrid design not only improved forecast 

robustness but also allowed domain experts to perform what-if analyses, testing how hypothetical 

changes in traffic or promotional strategies might affect future resource requirements. 

Another important aspect of the results is the framework’s responsiveness under simulated high-traffic 

scenarios designed to mimic real operational stress. For instance, during a simulated Black Friday sale 
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scenario, the Hybrid model maintained its predictive stability, correctly capturing sharp upticks in 

demand and generating explanations that pinpointed the promotional flags and historical peak indicators 

as primary drivers. In contrast, the standalone LSTM occasionally produced wider prediction intervals, 

requiring manual oversight to interpret the source of spikes. This demonstrated that while LSTM’s deep 

learning architecture is adept at pattern recognition, its outputs become operationally useful only when 

paired with an explanation mechanism that contextualizes results for human decision-makers. Moreover, 

the system’s real-time integration into a cloud testbed revealed minimal computational overhead from 

embedding XAI modules, thanks to efficient implementation of SHAP and LIME with batch 

explanations for rolling forecasts. This supports the scalability of the approach for deployment in 

production-scale cloud management pipelines, an important consideration given the vast data volumes 

and tight latency requirements typical of global e-commerce operations. 

The qualitative analysis of stakeholder feedback revealed valuable patterns that enrich the discussion. 

Participants highlighted that local explanations were particularly useful for day-to-day anomaly 

diagnosis, enabling them to trace unexpected forecast deviations back to specific feature anomalies, such 

as sudden spikes in abandoned carts or surges in referral traffic from marketing campaigns. Global 

explanations, on the other hand, provided strategic value for longer-term capacity planning, revealing 

seasonal trends and persistent feature importance hierarchies that informed budgeting and infrastructure 

investment decisions. Some participants suggested that visual explanations, such as feature contribution 

plots and counterfactual scenario trees, would further enhance usability by making complex 

relationships intuitively accessible to non-technical business managers. This aligns with current trends in 

explainability research, which increasingly emphasize the human-centered design of explanation 

interfaces to bridge the cognitive gap between technical AI outputs and practical business decision-

making. 

Despite the promising results, the research acknowledges several challenges and limitations that warrant 

further exploration. First, while the Hybrid model successfully balances interpretability and predictive 

performance, it introduces added complexity in model management, requiring careful synchronization 

between the primary predictor and its surrogate explainer to ensure consistency and reliability. Second, 

generating explanations for large-scale, real-time forecasts can introduce latency, which, although 

minimal in this study’s testbed, may require further optimization for ultra-low-latency scenarios like 

high-frequency trading or mission-critical IoT applications. Third, the current framework primarily 

focuses on post-hoc explanation techniques; there remains untapped potential in developing inherently 

interpretable forecasting architectures that natively embed explainability into their decision logic without 

relying on separate surrogate models. This points to an exciting future research direction exploring 

transparent neural network designs or hybrid neuro-symbolic models that combine the depth of deep 

learning with the clarity of symbolic reasoning. 

Another discussion point relates to the broader implications of XAI for regulatory compliance and 

ethical AI governance in cloud computing. With evolving global standards such as the EU AI Act and 

increasing scrutiny around automated decision-making, explainability is no longer merely a technical 

enhancement but a compliance necessity. The results demonstrate that integrating XAI into cloud 

forecasting frameworks can empower e-commerce companies to meet emerging transparency 

requirements, produce auditable decision trails, and mitigate the risk of unintended bias or hidden model 

behavior that could otherwise erode user trust. By making AI decisions transparent and accountable, 
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companies can demonstrate due diligence in managing critical infrastructure and ensure that resource 

allocation aligns with principles of fairness, efficiency, and sustainability. 

The practical relevance of this work extends beyond e-commerce, offering valuable lessons for other 

domains where cloud resource forecasting is mission-critical, such as online education platforms, media 

streaming services, and financial trading systems. The demonstrated synergy between predictive 

accuracy and interpretability serves as a blueprint for deploying responsible AI in dynamic digital 

ecosystems characterized by high volatility and high stakes. By showing that XAI can be embedded 

without sacrificing performance, the research counters the long-held notion that there must always be a 

trade-off between accuracy and explainability, suggesting instead that thoughtful hybrid designs can 

achieve both goals in tandem. 

In conclusion, the results and discussion of this study affirm the transformative potential of Explainable 

AI in advancing the state of cloud resource forecasting for modern e-commerce environments. The 

empirical evidence demonstrates that explainability not only builds operational trust but also enhances 

the practical utility of forecasts, empowering stakeholders to make proactive, data-driven decisions that 

optimize costs, maintain service quality, and ensure compliance with emerging governance standards. 

The insights gained from this research advocate for a shift from opaque black-box models to transparent, 

user-centered forecasting systems that align with the growing societal and regulatory demands for 

trustworthy AI. By bridging the gap between technical performance and interpretability, this work lays a 

solid foundation for future advancements in responsible, intelligent cloud management, underscoring the 

importance of continuous innovation at the intersection of AI, explainability, and dynamic resource 

orchestration in the ever-evolving landscape of global digital commerce. 

 

 
Figure 1: Performance Comparison 

 

5. Conclusion 

This research concludes that integrating Explainable Artificial Intelligence into cloud resource 

forecasting represents a significant advancement for managing the dynamic and unpredictable workloads 

characteristic of modern e-commerce environments. By demonstrating that a hybrid forecasting 

framework combining high-performing sequential models with interpretable surrogate models can 

deliver both superior predictive accuracy and actionable transparency, this study bridges a critical gap 

between black-box efficiency and operational trustworthiness. The findings underscore that explanations 

generated through techniques like SHAP and LIME not only demystify complex model outputs but also 

empower system administrators and decision-makers to validate, adjust, and optimize cloud provisioning 

strategies with confidence, thereby reducing the risk of over- or under-provisioning that can impact both 
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operational costs and user satisfaction. Moreover, the research highlights the broader implications of 

explainability in meeting emerging regulatory and ethical standards, positioning XAI as an essential 

component of responsible AI deployment in cloud computing. While acknowledging the challenges 

related to computational overhead and model complexity, the study points to promising pathways for 

future research, including inherently interpretable architectures, human-centered explanation interfaces, 

and integration with adaptive cloud orchestration systems. Ultimately, this work lays a strong foundation 

for embedding explainability as a standard practice in intelligent cloud management, ensuring that AI-

driven resource forecasting systems are not only accurate and efficient but also transparent, accountable, 

and aligned with the evolving demands of trust and governance in the digital economy. 
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