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ABSTRACT

Distributed computing environments are used for a variety of applications such as cloud computing, the edge,
the Internet of Things (IoT), industrial automation, healthcare, and intelligent transportation. Conventional
prediction-based decision systems are, however, not reliable enough due to the uncertainties created by dynamic
workloads, heterogeneity of resources, and changing network and resource contention. A predictive modeling
framework is presented in this paper, which enables prediction with uncertainty, involves temporal feature
engineering, telemetry gathering, probabilistic prediction, uncertainty estimation, risk-sensitive optimization,
and adaptive feedback. The framework predicts workload demand, usage of resources, response time, service-
level objective violation using hybrid machine-learning models. Uncertainty in prediction is measured using
calibrated prediction intervals, by varying degrees of disagreement in an ensemble, and by quantile estimation.
These estimates are used in making resource allocation, workload scheduling, service migration and task
placement decisions with operational constraints. A fall-back mechanism provides conservative action in the
presence of uncertainty above certain thresholds, with the confidence level to determine the appropriate action.
Forecasting accuracy, interval coverage, decision latency, resource utilization, operational cost, and service-
level compliance are among the impacts the proposed evaluation takes into account. Reproducible experiments
are required to test the effectiveness, scalability and reliability of the framework in evolving distributed
computing scenarios.
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1. INTRODUCTION

1.1. Background

Distributed computing is the essential paradigm of providing scalable, reliable and
responsive computational services in cloud data centers, edge servers, virtual machines,
containerized micro services and resource-constrained devices. These infrastructures power various
applications such as industrial automation, autonomous transportation, online transaction
processing, distributed artificial intelligence and real-time analytics, among others, all of which
demand efficient distribution of computing power, memory, bandwidth, storage and energy
resources. But the erratic nature of the workloads, network traffic congestions, resource conflicts, and
the variability in the execution time of the tasks are posing major problems in maintaining
performance and service reliability. Many traditional resource-management techniques relying on
fixed thresholds, historical averages and deterministic predictions are poorly adapted to emergent
operating conditions. Predictive modeling can also help to predict the load and resource usage,
allowing for proactive scheduling and resource allocation. However, in the absence of uncertainty
estimates, predictions can result in wrong decisions in the event that actual system behavior gets out
of line with the predicted behavior. Hence, incorporating probabilistic forecasting and uncertainty
quantification into a distributed decision-support system is crucial for achieving operational
reliability, resource efficiency, and responsiveness in response to dynamic workloads.

1.2. Research Challenges in Uncertainty-Aware Decision-Making

One of the main issues of the research in distributed computing environments is the effective
incorporation of predictive uncertainty in real-time operational decision making on heterogeneous
and dynamically changing distributed infrastructure. In conventional predictive control systems, the
workload demand, resource utilization, and service response time are predicted as deterministic
point estimates that are then utilized by scheduling, scaling and task-placement mechanisms. While
these strategies can help to manage resources efficiently under some operational conditions, they
become unreliable under conditions of unexpected workload changes, increased network congestion,
resource contention, or new operating conditions that are not considered. Without the uncertainty
information, decision mechanisms are unable to differentiate between the most reliable predictions
and forecasts containing a large degree of uncertainty. This can lead to resource overload, violations
of service level objectives, slow responses and inefficient use of infrastructure if the decision is
inappropriate.

One of the important challenges is how to develop practical and computationally tractable
operational policies that would reflect predictive uncertainty. If the decisions are too conservative, it
can result in unneeded infrastructure provisioning, workload migration or task redistribution, which
can cost more and cause more communication overhead. However, when uncertainty is not
adequately considered, then distributed applications may suffer performance problems and service
interruptions. Hence, the design of an efficient decision-support system is a balance between
operational risk, resources available, the time required for response and infrastructure costs, with
application-specific constraints. Moreover, uncertainty estimation methods such as ensemble,
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probabilistic forecasting, quantile regression and Bayesian methods come with various
computational needs that must be taken into account when deploying predictive models in scenarios
with latency constraints. Another research challenge is the reliability of the models under varying
operating conditions. Distributed systems will always have to deal with changes in workload,
changing application behaviour, hardware heterogeneity, and network characteristics, which affects
the accuracy and calibration of the models that were trained earlier. Therefore, there is a need for
continuous monitoring and adaptive model updating, coupled with feedback-driven decision
refinement, to ensure reliable performance. The research problem therefore includes three related
goals: accurate probabilistic forecasts, shifting the uncertainty estimates into a resource management
problem that is sensitive to risk, and computational efficiency under changing conditions. There is a
need for a framework that considers predictive accuracy alongside uncertainty calibration, decision
latency, service level compliance, resource consumption and operational cost, to address these
objectives. This can provide a more solid basis for trustworthy, flexible and efficient decision support
in distributed computing systems.

2. LITERATURE SURVEY

2.1. Predictive Resource Management in Distributed Systems

The field of resource management in distributed computing is concerned with workload
scheduling, load balancing, capacity planning, and meeting service level agreements in a distributed
computing environment with varying hardware architectures. The traditional methods, such as
queueing models, statistical forecasting, threshold-based policies, and heuristic algorithms, have low
computational complexity and are simple to implement. They are effective under static conditions,
but under dynamic conditions, variations in workloads and dependencies between CPU utilization,
memory usage, network traffic and response latency reduce their effectiveness. To address these
limitations, predictive autoscaling and proactive resource allocation can be used to forecast the future
demand. But the accuracy of the prediction needs to be taken into account when making operational
decisions.

2.2. Machine Learning for Workload Forecasting

The machine-learning methods enable the use of system observations from the past to forecast
the workload and discover the relationship between it and certain other factors that are not linear.
Long short term memory (LSTM) networks are used to recognize the sequential patterns; tree based
algorithms are used to model interactions between engineered features; and Transformer based
architectures are used to learn dependencies over long windows of observation. These properties can
be combined in a hybrid forecasting model to enhance the forecasting quality while also considering
the computational complexity and inference latency. However, the complexity of the model does not
mean that it will always be accurate, especially when the workload distribution changes, and
uncertainty estimation and efficiency are important considerations.
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2.3. Uncertainty Quantification and Predictive Reliability

Uncertainty quantification aims to assess the confidence placed in the predictive models by
estimating the uncertainty and limitations in their predictions. In the case of the model, aleatoric
uncertainty is the variability in the system, while epistemic uncertainty is the lack of knowledge in
the model. There are various approaches to estimating uncertainty in predictions and building
prediction intervals, such as Bayesian inference, quantile regression, deep ensembles and conformal
prediction. But, because of the temporal dependence, changing workloads, calibration errors, and
computational overhead, the uncertainty estimates should be carefully considered to be informative
and useful for real-time decision making.

2.4. Research Gap and Motivation

The existing work gives important bases for uncertainty quantification, machine learning
based workload forecast, and predictive resource management. In many cases, however, the accuracy
of forecasting, calibration of uncertainty, quality of resource allocation and overhead of runtime are
measured separately, which doesn't give an adequate understanding of how they contribute to the
overall operational benefit. Also, uncertainties are often not explicitly considered in scheduling,
autoscaling, migration and placement decisions during dynamic operations. Thus, this research
stimulates the development of an integrated framework to link probabilistic forecasting, risk-
sensitive optimization, adaptive resource management, and feedback-driven model update to
enhance the reliability of decision making and the efficiency of operations in distributed computing
systems.

3. METHODOLOGY

3.1. System Architecture and Operational Model

The Uncertainty-Aware Predictive Modeling Framework (UAPMF) aims to be a modular,
adaptive decision support framework to enhance resource management and operational reliability in
distributed computing environments. The general framework is based on the idea of having a single
control mechanism, combining the use of telemetry acquisition, temporal feature engineering,
predictive inference, uncertainty estimation, risk-sensitive optimization and feedback-driven
execution. It takes a distributed system, consisting of a set of computing nodes
\ (\mathcal{N}=\{n_1,n_2,\1dots,n_N\}\), and a set of computational tasks
\ (\mathcal{T}=\{t_1,t_2,\1dots,t_M\}\). The nodes have specific CPU, memory, network bandwidth
and energy capacities while each task has a certain amount of CPU requirements, communication
requirements, time limits for execution and service priorities. The telemetry acquisition layer is
responsible for capturing the measurements and events and storing them with a timestamp, such as
CPU utilization, memory usage, network utilization, queue occupancy, response time, workload
arrival rate, and energy consumption. These observations are then timestamp synchronized, missing
values are filled in, noise is removed and the time series are aggregated. Feature engineering -
generates rolling statistics, lagged variables, workload growth rates, periodicity indicators, and cross-
resource dependencies to model temporal interactions and patterns between system variables. A
weighted moving average using an exponential weight can be used to give more weight to recent
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observations and preserve earlier observations. The predictive layer then computes future demands
on the workload, usage of the resources, and response time for the services over a specified
prediction horizon, using quantile regression, disagreement among ensembles, or calibrated
prediction intervals, to produce mean and uncertainty values to be displayed. The results of these
outputs go to the decision layer, which compares various approaches to task placement, scheduling,
auto-scaling, migration, and admission control based on their expected operational costs, resource
limits, latency requirements, and uncertainty-sensitive risk penalties. Selected actions are then passed
to the execution layer where they are executed using the underlying orchestration platform. Then, the
actual outcomes of the system are contrasted with the predicted outcomes, to evaluate the accuracy of
the forecasts, and the quality of the calibration and the effectiveness of the decision. This feedback
enables adaptation of the model and refinement of the policy as the workload characteristics and
infrastructure conditions are changing. Data is partitioned chronologically and the parameters of the
preprocessing are solely optimized with the training data for reliable evaluation. In general, the
proposed architecture brings together probabilistic forecasting and practical resource management
decisions and also considers the reliability of the predictions, as well as computational efficiency,
operational cost, and compliance with service levels in a dynamic distributed workload.

3.2. Probabilistic Prediction and Uncertainty Estimation

Probabilistic Prediction and
Uncertainty Estimation '
A4
@ | A e
oy ~u
Model Ememble-Rased 5 mma:
Formuistion Im-h Uncertainty Shift

Fig 1 - Probabilistic Prediction and Uncertainty Estimation

3.2.1. Predictive Model Formulation

The predictive modeling part uses historical telemetry observations over a specific window to
make predictions of the workload demand and system performance over a number of prediction
horizons. Methods such as LSTM networks, temporal attention mechanisms and tree-based
regression models may be used to model the relationship and sequential dependencies between
resource indicators.Sequential relationship and nonlinearity among resource indicators can be
modeled using methods such as LSTM networks, temporal attention mechanisms and tree-based
regression models. The model estimates conditional predictive distributions or quantiles, rather than
just point predictions, which represent possible future outcomes. This approach as a probabilistic
formulation allows the decision-support system to take into account the normal requirements for
resources as well as the potential for an unusually high demand.
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3.2.2. Predictive Intervals

Predictive intervals are the intervals that contain the future workload/performance
observations with a given nominal coverage level. The lower and upper bounds give information on
possible variations in future outcomes, and the width of the interval gives information on the spread
of the prediction. Narrow intervals typically mean that predictions are more precise, while wider
intervals mean less certainty. Nevertheless, the width of intervals needs to be considered together
with empirical coverage and calibration to assess the extent to which the predicted uncertainty
actually reflects the behavior of the system.

3.2.3. Ensemble-Based Uncertainty

Ensemble-based uncertainty estimation is a method that utilizes predictions of several
independently trained models to assess the consensus of the models for the future state of the system.
The ensemble mean gives an average prediction with the variance between the individual model
predictions giving a measure of the disagreement between the models. If there is more disagreement,
workload patterns may have been different, there may be less training information, or differences in
learned temporal relationships. Ensemble variance is a helpful indicator of uncertainty, but it needs
to be combined with calibration techniques or other estimates of uncertainty to obtain full predictive
reliability.

3.2.4. Calibration and Distribution Shift

The uncertainty subsystem is used to compare the performance of the predicted uncertainty
intervals by using validation data obtained at different times to see if the intended coverage is
attained. The tools for continuous monitoring of prediction errors and interval coverages can be used
to detect possible loss of reliability if the workload characteristics or infrastructure conditions vary.
The framework can call for recalibration, update predictive models, or use conservative resource-
management policies when strong distribution shifts are identified. The mechanisms ensure that
decisions are reliable without overloading, over provisioning and breaching service level objectives
in dynamic operating conditions.

3.3. Risk-Sensitive Decision Optimization

The proposed Uncertainty-Aware Predictive Modeling Framework (UAPMF) consists of risk-
sensitive decision optimization which translates probabilistic forecasts and predictive uncertainty
estimates into viable operational decisions in heterogeneous distributed computing environments.
The decision engine compares the actions taken by the candidates such as scheduling tasks, allocation
of the resources, migration of the workload, autoscaling, admission control, etc., taking into account
the computational demand, node capacity, network bandwidth, energy consumption, service
response time, and application-specific deadlines. Task allocation is modeled as binary decision
variables, where each variable is either assigned to one computing node or not, subject to CPU and
memory capacity constraints and further task-dependent constraints—such as geographical
limitations, data locality and task dependencies. The framework develops a combined optimization
function to balance conflicting operational goals, such as the expected end-to-end latency, operating
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cost of the infrastructure, energy consumption, risk of violating the service-level objective and
predictive uncertainty. The weighting coefficients are nonnegative values assigned to these
objectives, based on the application requirements and operational priorities. The feasible action space
is then used to minimize the composite objective, while honouring resource and service constraints,
leading to the optimal action. Probabilistic constraints can also include a probability that a deadline is
met of being above a certain threshold, for deadline sensitive applications. The proposed approach
explicitly introduces the reliability of the predicted system states into a consideration of potential
actions, which differs from the conventional deterministic controllers. A confidence-aware selection
mechanism classifies the reliability of the prediction by means of calibrated prediction intervals,
disagreement of the ensemble, or a combination of uncertainty scores. When it comes to high
confidence, the controller can choose from proactive actions that will be cost effective with the
prediction of the demand. With moderate uncertainty, it can make conservative adjustments to these
resources and keep extra capacity, if possible. If uncertainty is too high, the system may trigger pre-
defined fall back policies, reduce and/or restrict aggressive scaling and/or migration policies, and
gather more observations about a system before making high-impact decisions. The thresholds and
the confidence categories are set based on the validation results, infrastructure features, and
application-specific risk tolerances. The resulting optimization process is designed to achieve an
optimal balance between performance, efficiency of the resources used, and the safety of operation,
while not relying on perfect accuracy of predictive estimates. It needs to be tested experimentally
with latency, deadline violation, resource usage, energy usage, cost and decision making overhead in
a stable workload and under fluctuating operating conditions.

4. RESULT AND DISCUSSION

4.1. Evaluation Design and Performance Metrics

The proposed Uncertainty-Aware Predictive Modeling Framework (UAPMF) is going to be
evaluated to understand if predictive uncertainty can be used to enhance performance, resource
utilization and service reliability in distributed computing systems during operation. As there are no
benchmark outputs, no execution traces or experimental measurements to report, this section
presents a reproducible experimental methodology but no results are presented. A representative test
environment can be a distributed cluster, typically consisting of multiple worker nodes from different
nodes, different workload classes, and a centralized or distributed orchestration controller, all
contained in a containerized distribution. The scenarios of the workload should cover stable
workload, workload fluctuations, workload growth, traffic bursts, distribution change etc. to test the
framework under different workload conditions. It is important to compare four configurations:
reactive with fixed resource thresholds, point-prediction with deterministic forecasts, uncertainty-
insensitive predictive controller which does not consider uncertainty in its decision policy, and the
proposed UAPMF that combines probabilistic forecasting, calibration monitoring, risk-sensitive
optimization, and uncertainty-aware fallback mechanisms. No matter which configuration is used, all
have similar hardware restrictions, resource limits, and workload traces, with hyperparameters
optimized by training on a set of data and testing on a separate set of data that is subsequently
collected. The measure of the accuracy of the predictions should be based on mean absolute error
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(MAE) and root mean squared error (RMSE) while the measure of the reliability of the uncertainty
should be based on prediction interval coverage probability (PICP) and mean prediction interval
width. PICP is the percentage of the values within the interval for an interval [L_t,U_t] and should be
compared with the nominal coverage level, e.g.,, 95%. In addition to the above, the operational
performance should be evaluated based on the 95th percentile and 99th percentile response latency,
service-level objective violation rate, CPU and memory usage, energy usage, infrastructure operating
cost and scheduling effectiveness. The execution latency of the controller should include the time
needed to process telemetry, extract features, make predictions, assess uncertainty, optimize, and
validate the controller policy to account for the entire decision making burden. To measure
uncertainty estimation, calibration and adaptive feedback, repeated experiments should be
performed under different workload scenarios.To measure variability, repeated experiments should
be conducted under different workload scenarios which should include ablation studies where the
contribution of uncertainty estimation, calibration and adaptive feedback can be isolated. Last but not
least, reporting of confidence intervals, experimental configurations and reproducible measurement
procedures will aid fair comparisons and allow for an evidence-based evaluation of the proposed
framework's practical effectiveness.

4.2, Percentage-Based Comparative Evaluation

The percentage-based comparative evaluation supplies a structured approach to evaluate the
proposed Uncertainty-Aware Predictive Modeling Framework (UAPMF) with respect to
conventional resource-management approaches. The comparison focuses on workload forecasting
error, service-level objective (SLO) violation rate, p95 response latency, resource utilization efficiency,
operational resource cost and decision-processing overhead. The percentage change is calculated
based on a well-defined baseline, and a decrease could signal a positive change with metrics like
forecasting error, latency, and cost, while an increase might be favorable for properly defined
measures of efficiency. The illustrative percentages shown in Table I are illustrative and do not imply
a scientific or experimental determination.

Table 1: Illustrative Relative Performance Reporting Template

Performance Indicator Illustrative Relative Change Desired Direction
Workload forecasting error 15% reduction Lower
SLO violation rate 20% reduction Lower
P95 response latency 12% reduction Lower
Resource utilization efficiency 8% improvement Higher
Operational resource cost 10% reduction Lower
Decision-processing overhead 5% increase Lower overhead preferred

4.2.1. Workload Forecasting Error

The difference between the predicted resource demand and the actual workload observation
is described by the workload forecasting error, which can be measured by various metrics, including
mean absolute error (MAE) and root mean squared error (RMSE). Decreasing forecasting error can
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assist the controller to predict resource needs more precisely and aid in scheduling in a proactive
manner. In a comparative evaluation all test traces and prediction horizons must be the same for all
configurations. For illustrative 15%, replace with experimentally measured results prior to
publication.

4.2.2. SLO Violation Rate

The SLO violation rate is the percentage of requests/tasks that do not meet the SLO
requirements, including specified response time or completion deadlines. A lower number of
violations means higher service reliability and better handling of the workload fluctuations.
Uncertainty-aware decision-making could also help minimize violations since it can allow the
conservative allocation of resources when demand is not highly predictable. The illustrative 20%
reduction needs to be validated by repeating experiments under similar workload conditions.

4.2.3. P95 Response Latency

The 95th percentile response latency indicates how long it takes for 95% of the requests to be
processed, which gives an idea of the performance of the slower requests. This is a critical metric for
latency sensitive distributed applications, where the average response time can mask for some time
the delayed response time of specific services. Increased speed-up could reflect better scheduling, less
resource contention, and better workload placement. The illustrative 12% reduction should be
checked via measured response-time distributions.

4.2.4. Resource Utilization Efficiency

Resource utilization efficiency, measures how efficiently the infrastructure resources, such as
CPU, memory, bandwidth, et al. are being used to process application workloads. An improvement
can mean reduced idle capacity and better distribution of workloads on the heterogeneous
computing nodes. This is not necessarily a good thing, however, as too much utilization can result in
longer queueing delays, an overload risk, and SLO violations. Thus, the utilization should be used in
conjunction with latency, throughput and saturation measurements of resources.

4.2.5. Operational Resource Cost

Operational resource cost is a cost of computing resources energy, workload migration and
other infrastructure provisioning. A reduction in this cost and a high level of service indicates that
decisions made about the use of resources are becoming more economically efficient. The proposed
framework is intended to strike a balance between cost reduction and applying safety margins for
uncertainty and/or performance needs depending on the application. The illustrative 10% reduction
should be based on a common cost model and on measured operational data.

4.2.6. Decision-Processing Overhead

Decision-processing overhead refers to the amount of time and resources needed to produce
and test operations actions. It should cover the processing of telemetry, feature extraction, predictive
inference, uncertainty measurement, optimization, and policy validation. While uncertainty
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estimation could be helpful to make the decisions more reliable, it may also add in the processing
overhead, which can impact the responsiveness in real-time. The illustrative 5% increase is a
theoretical trade-off to be considered in the context of increased SLO compliance, reduced latency,
and improved resource efficiency.

4.3. Discussion, Trade-Offs, and Ablation Analysis

The proposed Uncertainty-Aware Predictive Modeling Framework (UAPMF) provides a
systematic foundation to explore the uncertainty-reliability relationship in the context of operational
performance in a distributed computing domain. The possible potential of using uncertainty-aware
resource allocation to mitigate overload risks in the face of unexpected workload fluctuations is one
important factor to consider. The controller can use upper predictive quantiles or calibrated
prediction intervals in resource management decisions to anticipate changes in demand and offer
more resources in advance of performance degradation. But going too far conservative can lead to an
overprovision, energy consumption and cost of the infrastructure. So the uncertainty thresholds and
safety margins should be based on application-specific deadlines, service priorities, resources
available, and acceptable operational risk. The other is the calibration of uncertainty, which is the
ability to make predicted intervals cover the intended empirical coverage level. For instance, a
nominal prediction interval of 95% that covers more than 95% of observations most of the time can
result in poor resource-allocation decisions. For this reason, rolling-origin, chronological validation
and workload-shift experiments are required to understand and evaluate calibration stability under
the influence of temporal dependence and changing operating conditions. Conformal prediction
offers a valuable basis for the construction of prediction intervals but the coverage guarantees are
made under assumption which may not be satisfied for arbitrary distribution shifts. There is also an
additional trade-off, as the size of time windows and ensemble models can be very large and can take
a significant amount of computational power and memory. To meet the trade-off of reliability of
predictions and response time of the resource-constrained edge nodes, lightweight quantile
regression, selective ensemble evaluation and efficient inference mechanisms can be implemented. In
an ablation study, each of the components (uncertainty estimation, calibration monitoring, drift
detection, and confidence-aware fallback control) should be disabled one by one, while the other
experimental conditions are set the same. It is possible to see the impact that each of these
configurations has on the reliability of forecasting, SLO compliance, resource usage and operational
cost by comparing them. Experimental efforts should be continued to evaluate robustness in the face
of sudden workload surges, network degradation, heterogeneous node capacities, and predictions-
service failures. Observed differences should be quantifiable using repeated trials, statistical
comparisons and confidence intervals. Finally, the usefulness of the framework hinges on the extent
to which uncertainty-aware decisions can be shown to achieve system benefits without imposing
significant computational costs or resource usage. This must be proven through repeatable
experiments, and it must be proven to be better than conventional approaches - not assumed - and
not speculated about by percentages of performance.
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5. CONCLUSION

This paper proposed an uncertainty-aware predictive modeling approach for real-time
decision support in distributed computing environments to overcome the shortcoming of the
traditional resource-management approach which takes deterministic forecasting as the primary
method. The proposed framework combines distributed telemetry acquisition, temporal feature
engineering, probabilistic workload forecasting, uncertainty estimation, risk-sensitive optimization,
and feedback-driven adaptation, to ensure reliable operational decisions. The framework can be used
to include predictive intervals, quantile estimates, and ensemble disagreement in resource
management policies, allowing for decisions on scheduling, autoscaling, task placement, and
workload migration to consider potential prediction errors and varying system conditions. It features
a confidence-aware controller that can provide proactive optimization if predictions are accurate
enough and also have fallback strategies if the uncertainty is beyond defined operating limits. The
major research impact is the direct link between predictive uncertainty and the operational decision-
making process, not as a statistic for forecasting. This approach offers a flexible platform for cloud
computing, edge intelligence, containerized microservices, IoT infrastructure for industrial
applications and distributed analytics applications. However, there are practical considerations to
take into account such as the accuracy of the forecast, uncertainty calibration, the computational
burden, the limited resources, and the service level targets at the application level. This study does
not describe an experimentally proven production system, but it does provide a methodological
framework; therefore, the illustrative performance improvements described in the evaluation section
should not be taken as actual performance improvements. Future work should adopt the framework
in reproducible experimental settings and test it with available workload traces, explicit workload
generation experiments and with different computing configurations. Comparative experiments
should consider forecasting accuracy, prediction-interval coverage, tail latency, service-level objective
violations, energy consumption, resource utilization, and operational costs. Future research may
focus on the use of online calibration, distributionally robust optimization, federated learning, and
reinforcement learning with explicit safety constraints to further increase adaptability when the
workload changes. More transparency and reliability in industrial and safety-critical applications
could be achieved by the use of explainable decision policies and the supervision of the operators. In
conclusion, uncertainty-aware predictive modeling is a promising methodological path to build
resource-efficient, reliable and adaptive distributed computing systems. The benefits of its practical
application, scalability and robustness however, must be substantiated by means of thorough testing,
statistical validation and full evaluation, after a realistic operational test.
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