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ABSTRACT: The energy footprint of hyperscale cloud infrastructure has become a first-order engineering and
environmental concern, yet the machine-learning controllers that increasingly govern resource allocation remain
opaque, which discourages their adoption by operators who must justify every consolidation or migration decision.
This paper introduces Green Cloud Intelligence (GCI), an explainable framework that couples an optimised gradient-
boosted decision engine with a Shapley-value transparency layer and an energy-aware allocation policy, so that each
placement decision is both accurate and accountable. The framework ingests multivariate host telemetry, applies a
hybrid feature-selection stage that combines mutual information with SHAP-gain ranking, and trains a class-
balanced, hyperparameter-tuned XGBoost classifier that maps each host-hour to one of three operational decisions—
consolidate, maintain, or relieve. A physically grounded power and demand model is used to generate a reproducible
twelve-feature workload corpus of 12,000 host-hour records against which the framework and seven representative
baselines are evaluated. The proposed model attains 95.06% accuracy, a macro-F1 of 0.9387, and a macro one-vs-
rest ROC-AUC of 0.9947, outperforming logistic regression, decision tree, k-NN, SVM, random forest, and a
multilayer perceptron while retaining sub-millisecond inference. When its decisions are translated into a
consolidation policy, GCI realises a net data-centre energy reduction of 19.45%, capturing roughly 92% of an oracle
upper bound. SHAP attribution shows the decisions are driven by physically meaningful signals—processor
utilisation, virtual-machine density, and inlet temperature—rather than spurious correlations, and an ablation study
confirms that a compact eight-feature model preserves accuracy at reduced cost. The novelty lies in unifying
predictive accuracy, native transparency, and quantified energy accountability within a single deployable pipeline.
Future work will validate the framework on public production traces and integrate carbon-intensity forecasting for
temporally shifted scheduling.
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the physics: because an idle server still draws a
large fraction of its peak power, hosts that run at

1. Introduction

Cloud data centres have quietly become one of the low utilisation waste energy without delivering
largest discretionary consumers of electricity in proportional work, whereas hosts pushed to
the modern economy. Recent sector analyses saturation risk service-level violations. Between
place data-centre demand at several percent of these extremes lies a narrow band of efficient
national electricity use and project a steep rise as operation that a resource controller must
accelerated servers proliferate, which turns every continuously chase as demand shifts.

scheduling decision into an energy—and
ultimately a carbon—decision rather than a purely i 4
operational one [1], [26]. The economics reinforce approach for navigating this space. Workload

Machine learning has emerged as the dominant
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forecasters, reinforcement-learning consolidators,
and metaheuristic placement engines have all
demonstrated substantial gains over static
threshold policies [11], [4], [5], [6]. A recent
systematic review of sixty-three studies reports
average energy-efficiency improvements in the
neighbourhood of a third, with reinforcement
learning dominating the literature [1]. The
empirical case for learned allocation is, at this
point, difficult to dispute.

What remains contested is trust. The same review,
and a growing body of work on trustworthy Al,
observes that most learned controllers behave as
black boxes: they emit a placement decision
without an intelligible rationale [2], [9]. For an
operator accountable to customers and to
sustainability targets, an unexplained instruction
to evacuate and power down a rack is not
actionable; the cost of a wrong consolidation—
migration thrash, cold-start latency, SLA
penalties—is borne immediately and visibly.
Explainability is therefore not a cosmetic add-on
in this domain but a precondition for deployment.
The few works that have begun to apply
explainable Al to resource management, such as
SHAP-enhanced scheduling [3], confirm the
appetite for transparency but stop short of tying
explanations to a quantified energy outcome.

Motivation. We are motivated by a specific gap:
the field has predictive accuracy and, separately, it
has explanation techniques, but it rarely has both
wired into a single pipeline whose energy
consequences are measured rather than assumed.
An allocator that is accurate but opaque cannot be
trusted; one that is transparent but ignores the
power model is merely interpretable, not green.
Closing this gap requires treating accuracy,
transparency, and energy as joint objectives.

Contributions. This paper makes the following
contributions.

1. We formulate energy-efficient cloud
allocation as a three-way operational decision
problem—consolidate, maintain, relieve—
grounded in a server power model, rather than
as a pure forecasting task, so that the learned
output maps directly to an actuator.

2. We propose Green Cloud Intelligence, a
pipeline that unifies a class-balanced, tuned
gradient-boosting engine with a hybrid mutual-

information/SHAP feature selector and a
native Shapley transparency layer.

3. We introduce an energy-aware decision
policy that converts classifier outputs into
consolidation actions and quantifies the
resulting data-centre energy reduction against
an oracle upper bound.

4, We provide a fully reproducible,
physically grounded workload generator and
release the complete experimental protocol,
enabling independent verification.

5. We benchmark the framework against
seven baselines on identical data and, through
global and local SHAP analysis, demonstrate
that its decisions rest on physically meaningful
drivers.

Organisation. Section Il reviews related work and
Section 111 distils the open gaps. Section IV details
the framework, Section V presents the algorithm
and its complexity, and Section VI formalises the
mathematical model. Section VII describes the
experimental setup, Section VIII reports and
discusses results, Section IX gives the
comparative analysis, and Section X the ablation
study. Section XI discusses limitations and future
work, and Section XII concludes.

1. Related Work
11.1. Learned workload prediction

A large strand of research treats allocation as a
forecasting problem: predict near-future demand,
then provision to match. Recurrent architectures
have been the workhorse, from early LSTM-RNN
forecasters for data-centre load [15] to CNN-
LSTM hybrids for utilisation prediction [12] and
ensemble LSTM/GAN designs for multi-step
horizons [11]. Attention mechanisms and hybrid
recurrent models have pushed accuracy further,
particularly for the bursty, non-stationary traces
typical of production clouds [19], [18]. Deep
models tuned for industrial informatics [16] and
convolutional traffic forecasters [17] round out a
mature sub-field. These methods forecast well but
leave the allocation decision—and its energy
interpretation—to a downstream heuristic.

I1.2. Reinforcement learning and metaheuristic
placement

A second strand acts directly on placement.
Reinforcement-learning  consolidators  frame
virtual-machine (VM) placement as sequential
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decision-making:  Q-learning  with  firefly
optimisation and sensitivity classification [4],
multi-objective deep RL [22], clustering-
enhanced multi-reward RL [6], and hybrid RL-
metaheuristic schemes [5] all report meaningful
energy savings on simulated infrastructures.
Classical metaheuristics—simulated annealing
[23], and bio-inspired task managers [24]—
remain competitive. Federated deep Q-learning
has been used to jointly optimise placement,
energy, and SLA adherence [7]. These controllers
are powerful but notoriously opaque, and their
reward shaping rarely exposes why a particular
host was chosen.

I1.3. Autoscaling and carbon-aware scheduling

Predictive autoscaling
actuation for elastic, container-orchestrated
services [13], [10], [14], and comparative
evaluations of time-series predictors for this
purpose are now available [25], [21], [20]. A
parallel and rapidly growing line targets carbon

links forecasting to

rather than raw energy, shifting flexible work in
time or space to greener grid conditions [27], [28],
[29], [30] and operating data centres against real-
time carbon signals [26]. This work establishes
that temporal and spatial flexibility can cut
emissions substantially, and it motivates our
inclusion of a grid carbon-intensity signal as a
decision feature.

I1.4. Explainable AI

Finally, the explainability literature supplies the
transparency machinery.  Shapley additive
explanations provide a theoretically grounded,
model-agnostic attribution that is efficiently
computable for tree ensembles [31], and surveys
of trustworthy and explainable Al catalogue the
trade-offs between fidelity, stability, and human
interpretability [2], [9], [8]. Its application to
systems problems is nascent; SHAP-enhanced
VM scheduling [3] is among the first to bring
attribution into the allocation loop. Table 1
summarises representative studies.

TABLE 1. Representative recent work on learned cloud resource management and explainability.

Study (year) Ref | Method Strength Limitation / gap
Saxena & Singh | [18] | Ensemble neural | Robust multi-resource | No  decision  layer;
(2022) predictor forecasts opaque
Yazdanian (2021) | [11] | LSTM/GAN ensemble | Accurate multi-step | Forecast only; no
horizon energy policy
Aghast /| RLVMP | [4] | Q-learning + firefly Strong energy savings | Black-box reward;
(2023) simulator-bound
Caviglione (2021) | [22] | Multi-objective DRL Pareto placements No interpretability
Clustering-RL [6] | Multi-reward RL + k- | Scales to heterogeneity | Opaque, no
(2024) means explanations
FEDQWP (2023) |[7] |Federated deep Q- | Joint energy—SLA No transparency layer
learning
Pintye (2024) [10] | ML autoscaling Production-oriented Reactive; no attribution
SHERA (2025) [3] | RF+SHAP Brings  SHAP  to | Regression only; no
scheduling energy accounting
Radovanovic /| [26] | Carbon-aware operation | Emissions reduction No per-decision
carbon (2023) explanation
This work — | Tuned XGBoost + | Accuracy, Validated on simulated
SHAP + energy policy | transparency, energy | corpus
jointly
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III. Research Gaps

Reading across these strands, several gaps recur.
First, forecasting and actuation are usually
decoupled, so accurate predictions are handed to a
hand-tuned threshold that erodes their value.
Second, the highest-performing controllers—deep
RL and deep recurrent models—offer essentially
no rationale for their decisions, which impedes
operator trust. Third, explanations, where present,
are seldom connected to a physical energy model,
so interpretability and greenness advance
separately. Fourth, class imbalance is rarely
addressed even though the operationally critical
events (overload, consolidation opportunities) are
by nature rare. Fifth, feature selection is often ad
hoc, inflating model and inference cost on latency-
sensitive control paths. Sixth, many results are
reported without an oracle or upper-bound
reference, making it impossible to judge how
much of the achievable saving was actually
captured. Seventh, reproducibility suffers because
proprietary traces and unreleased simulators
dominate. Eighth, carbon-intensity signals, shown
to matter for emissions, are seldom treated as first-

class decision features. Green Cloud Intelligence
is designed specifically to address this cluster: it
fuses prediction with a decision policy, embeds
native explanations, ties them to a power model,
balances rare classes, selects features principally,
benchmarks against an oracle, and is fully
reproducible.

IV. Proposed Methodology
IV.1. Overview

Figure 1 depicts the framework. Host telemetry
flows through pre-processing, feature
engineering, and hybrid feature selection into an
optimised gradient-boosting engine. The engine’s
output feeds two parallel consumers: an energy-
aware decision policy that emits allocation
actions, and a SHAP transparency layer that emits
per-decision explanations. Both converge at a
deployment  surface  with  drift-triggered
retraining. The design principle is separation of
concerns: the learner predicts, the policy actuates,
and the explainer accounts, so that each can be
audited independently.

Green Cloud Intelligence (GCI) — System Architecture

Cloud Telemetry Data Feature Hybrid Feature Optimised
(CPU, MEM, /O, "~ Pre-processing L p Engineering L p Selection GCI-XGBoost
req-rate, temp, (clean, scale, (cyclical time, (MI + SHAP-gain (randomised
carbon index) encode, impute) interactions) ranking) search tuning)
Energy-Aware
Decision Policy grlf:lfpilt;‘;):‘l:y:lao!;i\li
(consolidate / maintain ex glanations
/ relieve) P

NN\

Allocation Actions
+ Migration plan

Evaluation
Acc /F1 /AUC +
energy, latency

\

[

Per-decision
Explanation Report

[

Dep|10y1nent - REST micro-service / orchestrator hook - drift-triggered retrai+ing

Figure 1. System architecture of the Green Cloud Intelligence framework. Telemetry is transformed and
reduced before an optimised GCI-XGBoost engine drives a parallel energy-aware policy and a SHAP
transparency layer.

I/0), density (co-resident VM  count),
environment (inlet temperature, grid carbon
index), and temporal context (hour of day,
workload archetype). Continuous features are
standardised to zero mean and unit variance; the
estimator statistics are fit on the training partition

IV.2. Input and pre-processing

Each observation is a host-hour record described
by twelve features spanning compute (processor
and memory utilisation, allocated vCPU and
memory), traffic (request rate, network and disk
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only to prevent leakage. Missing values, where
present, are median-imputed, and physically
impossible readings are clipped to sensor ranges.

IV.3. Feature engineering

Two engineered signals materially aid the learner.
The cyclic hour is decomposed into sine and
cosine components so that the boundary between
hour 23 and hour 0 is continuous. Interaction
structure is made explicit where the physics
demands it: consolidation feasibility is inherently
multiplicative—a host must be simultaneously
lightly loaded, thermally comfortable, and
evacuable—so the engineered representation
preserves these joint conditions that a purely
additive model would miss.

IV.4. Hybrid feature selection

To keep the control path lean we rank features by
averaging two complementary criteria: mutual
information, which captures marginal dependence
with the target, and SHAP-gain importance from
a probe model, which captures conditional
contribution within the ensemble. Averaging the
two rankings tempers the instability of either
alone. The resulting order (Section VIII) lets us
retain a compact eight-feature subset with
negligible accuracy loss.

IV.5. Model architecture and optimisation

The predictive core is a gradient-boosted decision
ensemble (XGBoost). Trees are natural fits for the
piecewise, interaction-heavy decision surface of
consolidation, and their additive structure admits
exact Shapley attribution in polynomial time [31],
which is what makes native transparency
affordable here. Rare but critical classes are
handled with balanced sample weighting rather
than resampling, preserving the empirical
marginal distribution. Hyperparameters are tuned
by randomised search under three-fold cross-
validation with a macro-F1 objective, deliberately
optimising the metric that rewards minority-class
competence rather than majority accuracy.

IV.6. Transparency layer and energy-aware
policy

Every prediction is accompanied by a Shapley
decomposition, aggregated globally to audit the
model and inspected locally to justify individual
actions. The decision policy interprets the three
classes physically: consolidate triggers evacuation
and a transition toward a low-power sleep state;
maintain leaves the host in its efficient band;
relieve triggers scale-out or inbound-migration
reduction to protect SLAs. The energy accounting
in Section VIII follows directly from these
actuator semantics. The end-to-end procedure is
summarised in the workflow of Figure 2.

Green Clouwud Tntelligence — vVMiodel Workflowsaw

Data collection
(monitoring agents — host-hour

records) I

L

Data cleaning
(outlier remaoval, missing-value imputation)

L 4

Normalisation
(z-score standardisation)

>

Feature engineering

k4

Crmutual informmation + SFIAP gain)

>

Modeael Lrainimng
(class-balanced, tuned GI-XGEBoost)

P —

L 4

Validation

I (cyclical encoding. interaction terms)
| (3-fold CV. early stopping)

Hybrid feature selection |

SHAP explanation generation

¥

h 4

| Prediciion & energyv-awanre policy |

-

| Deployment & continuous monitoring

Ii

Figure 2. End-to-end model workflow, from telemetry collection to deployment with drift-triggered

retraining.
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V. Proposed Algorithm and Complexity

Algorithm 1 states the training and inference procedure. Lines 1-4 standardise inputs and rank features; lines
5-6 select the compact subset and compute balanced weights; lines 7-8 tune and fit the ensemble; lines 9—
11 attach explanations and derive the policy; lines 12—15 perform explained inference at serving time.

Algorithm 1: Green Cloud Intelligence (GCI) training and inference
Require: Telemetry D = {(x 1, y i)}, feature budget k
Ensure: Model f, explainer o, policy

1: u, o « fit_scaler(D_train); X «— (X — p)/o

2: X « engineer(X) # cyclic time, interactions

3: 1 MI « rank(MI(X, y))

4:1r_SH « rank(SHAPgain(probe(X, y)))

5:S «top-k( %2 (r MI+1_SH))

6:w 1i—N/(C-N {y i}) # balanced weights

7: 0% «— argmax 0 CV-F1 macro(f 0; X S, vy, w)

8: f— fit(f 0% X S, y, w)

9: ¢ « TreeSHAP(f)

10: © «— EnergyPolicy(f, powermodel)

Inference for host x:

11: z « engineer((x — w)/c) S

12: § « argmax {(z); e« ¢(z)

13:a —n(y) # consolidate / maintain / relieve
14: return (3, a, )

Time complexity. Training an ensemble of T trees of depth d over N samples and k selected features costs
O(T d k NlogN) under histogram splitting. Randomised search over m configurations with v-fold cross-
validation multiplies this by mv. Mutual-information ranking is 0 (kNlogN) and the probe SHAP ranking is
O(TdN). Inference is O(Td) per host for prediction and 0(Td?) for the exact TreeSHAP explanation, both
independent of N, which is what keeps serving latency in the sub-millisecond regime measured in Section
VI1II. Space complexity is O(T . Zd) for the stored ensemble plus O (Nk) for the working matrix.

VI. Mathematical Model
VI.1. Notation

Table 2 lists the symbols. Let x € RP be a host feature vector, y € {0,1,2} the decision label, and u € [0,1]
processor utilisation.

TABLE 2. Notation.

Symbol Meaning
Xi, Vi feature vector and decision label of host i
N, C, p samples, classes (= 3), features (= 12)
u processor utilisation, u € [0,1]
P(u) server power draw (W)
Pigies Ppeaks Psieep  1dle / peak / sleep power
fo boosted ensemble with parameters 6
w; balanced sample weight
¢;(x) SHAP value of feature j at x
T energy-aware decision policy
T, d number and depth of trees
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VI.2. Power model

Server power is modelled with a convex utilisation response consistent with SPECpower measurements,
P(w) = Pige + (Ppeak - Pidle) (au+ (1 -a)u?), (D

with a = 0.7, Pigje = 140 W, Ppeqr = 285 W, and a sleep floor P, = 15 W. Because P(0)/Ppear =
0.49, a lightly loaded host is intrinsically inefficient, which is the physical basis for consolidation.

VL.3. Learning objective

The ensemble is the additive expansion

T
f@=)nh@,  her, @
t=1

fitted by minimising the regularised, class-weighted softmax objective

N T
L@ =) wi b foG)+ ) D), 3)
i=1 t=1

where £ is the multiclass cross-entropy

fe(x)
f(y,f(x))— z]l _C]logzeef x)’ (4)

2(h) = yTieqr +1/22 | w II* penalises leaf count and leaf weights, and the balanced weight w; =
N/ (C Nyi) upweights rare decisions. Tuning maximises cross-validated macro-F1,

1 2 Pr. Re,
0" = = argmax —

C Prc + Re,’ )

VIL.4. Explanation model

For a tree ensemble, the SHAP value of feature j is the Shapley value of the game whose payoff is the model
output, computed exactly in polynomial time [31],

ISt (IF| = |S] = D!

¢j(x) = 17!

TAQRHED )] ()

SEF\{j}
satisfying local accuracy f (x) = ¢ + X ¢; (x), so explanations are additive and faithful by construction.
VLS. Energy accounting
Applying policy  over a test window of M host-hours, the net energy saving is
AE = Z [ﬂ[yi = 0](P(u1) Psleep) YL * 0] P] (7)
i: m(P;)=cons.

where the first term credits correct consolidations and p (migration/SLA overhead, set to 55 W) debits
incorrect ones. The relative saving is AE/ }.; P (u;), reported in Section V111 against an oracle that substitutes
ground truth for predictions in (7).
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VII. Experimental Setup

VII.1. Environment

Experiments were run in Python 3 with scikit-learn 1.8, XGBoost 3.3, and SHAP 0.52 on a Linux host. All
randomness is seeded (42) and the workload generator, training, and evaluation scripts are released for exact

reproduction. Table 3 lists the configuration.

TABLE 3. Experimental configuration.

Item

Value

Language / core libs

Python 3, scikit-learn 1.8

Model / explainer

XGBoost 3.3, SHAP 0.52

Records / features / classes

12,000/12/3

Split (train/val/test)

8,400/ 1,800 / 1,800 (stratified)

Tuning randomised search, 30 iters, 3-fold CV
Objective macro-F1
Metrics Acc, P, R, F1, AUC, kx, MCC, energy

VII1.2. Dataset

Because public production traces vary in schema
and licensing, and to guarantee exact
reproducibility, we evaluate on a physically
grounded synthetic corpus generated from the
power model of (1) and a diurnal demand process
across web, batch, and inference archetypes.
Labels are derived from  multivariate
consolidation-feasibility and overload conditions
with additive ambiguity noise, yielding a realistic
imbalance of 27.6% consolidate, 64.5% maintain,
and 7.8% relieve. We stress that this is a controlled
testbed; validation on Google, Alibaba, and
Bitbrains traces is identified as immediate future
work.

VIL.3. Hyperparameters

The tuned configuration was T = 600 trees, depth
d = 7, learning rate 0.15, subsample 0.9, column-
sample 0.9, minimum child weight 2, A = 0.5, and
y = 0.3, achieving a cross-validated macro-F1 of

0.9493; the search took =101 s. Baselines used
standard, lightly tuned settings for a fair
comparison.

VIII. Results and Discussion
VIIIL.1. Overall performance

Table 4 reports test-set performance for all
models, and Figure 3 visualises the comparison.
The proposed GCI-XGBoost attains the highest
accuracy (95.06%), macro-F1 (0.9387), ROC-
AUC (0.9947), Cohen’s x (0.9025), and MCC
(0.9029). The margin over the strongest baseline,
random forest, is modest but consistent across
every metric, which is the expected signature of a
well-matched tabular learner rather than an
implausible leap. Notably, GCI-XGBoost pairs
this accuracy with a small model footprint (=1.6
MB versus random forest’s =20 MB) and an
order-of-magnitude faster inference than the
kernel SVM, both of which matter on a control
path.

TABLE 4. Test-set performance of the proposed framework against seven baselines (macro-averaged

P/R/F1).
Model Acc. Prec. Recall | F1 AUC |k MCC | Train | Infer
(s) (ms)
Logistic 0.9383 | 0.9366 | 0.9167 | 0.9263 | 0.9927 | 0.8754 | 0.8758 | 0.05 0.0002
Regression
Decision Tree 0.9222 | 0.9091 | 0.9017 | 0.9054 | 0.9131 | 0.8443 | 0.8443 | 0.08 0.0002
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Figure 3. Performance comparison across classifiers. The proposed model leads on accuracy, recall, F1,

and AUC.
VIII.2. Discrimination and error structure

The macro ROC curves in Figure 4 confirm strong
separability, with the proposed model’s area
essentially at the top of the pack. The confusion
matrix in Figure 5 shows where residual error
concentrates: the dominant confusions are
between adjacent operating regimes
(consolidate<~maintain and maintain<relieve),

which is benign because a borderline host
mislabelled between neighbouring bands incurs
little energy or SLA cost. Critically, there are no
direct consolidate<relieve  confusions—the
model never mistakes an idle host for an
overloaded one—so the dangerous failure mode is
absent. Per-class F1 is balanced at 0.935, 0.961,
and 0.920 despite the 8:1 imbalance, a direct
dividend of the balanced weighting (Figure 6).
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Macro-averaged ROC curves (one-vs-rest)
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VIIL.3. Convergence and transparency

Figure 7 shows smooth, non-divergent
convergence of training and validation log-loss,
indicating a well-regularised fit  without
overfitting. The transparency layer is where the
framework earns its name. Global SHAP
attribution (Figure 8) ranks processor utilisation

memory pressure contributing secondarily—an
ordering that matches the physics of (1) and of
consolidation feasibility. Because the drivers are
physically sensible rather than artefactual, an
operator can read a local explanation and see, for
a specific host, that (say) low utilisation combined
with few co-resident VMs and a cool inlet is what
justified a consolidation order. This is the

accountability that opaque RL controllers cannot
provide.

first by a wide margin, followed by VM density
and inlet temperature, with grid carbon index and

Convergence behaviour of the proposed model

—— Training log-loss
=== Validation log-loss

Multiclass log-loss
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Boosting iterations
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Figure 7. Training and validation log-loss versus boosting iterations.
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Figure 8. Global SHAP feature attribution. Decisions are dominated by physically meaningful drivers.
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VIIIL.4. Energy outcome

Translating predictions into consolidation actions
via (7), the framework yields a net data-centre
energy reduction of 19.45% over the no-action
baseline, compared with 18.15% for logistic
regression and 18.84% for random forest, against
an oracle ceiling of 21.18% (Figure 9). In other
words, GCI captures about 92% of the physically

consequence of its higher recall on the consolidate
class combined with few false consolidations. The
headline figure sits within, and toward the
conservative end of, the 3.7-71% range reported
across the surveyed literature [1], which we regard
as a point in its favour: the saving is real but not
exaggerated.

attainable saving on this workload—the practical
Energy savings from allocation policy

]
w

21.2%

—_ —_ =]
o w o
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Figure 9. Net data-centre energy reduction from the allocation policy; the proposed model approaches the
oracle bound.

VIIL.5. Multi-metric profile

Figure 10 summarises the trade-off space. The proposed model dominates the two representative baselines
across all six axes simultaneously, rather than trading one metric for another, which is the behaviour a
deployable controller requires.

Multi-metric profile —— Proposed

— RP

Figure 10. Multi-metric profile of the proposed model versus random forest and logistic regression.
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IX. Comparative Analysis

Table 4 already constitutes a head-to-head
comparison against seven state-of-the-art model
families on identical data, controlling for the
confound that plagues cross-paper comparisons
where datasets differ. Three observations stand
out. First, the linear baseline is surprisingly strong
on the dominant classes but collapses on recall,
exposing its inability to model the multiplicative
consolidation condition. Second, random forest is
the closest competitor but pays a ten-fold memory
and four-fold training-time premium for slightly
lower accuracy. Third, the kernel SVM matches
on AUC but is four times slower at inference,
disqualifying it from a tight control loop. Relative
to the broader literature (Table 1), the
distinguishing feature of GCI is not a single
record-breaking accuracy number but the joint
delivery of competitive accuracy, native per-

decision explanations, and a measured energy
outcome benchmarked against an oracle—a
combination none of the surveyed systems
provides[33].

X. Ablation Study
X.1. Feature-subset size

Figure 11 sweeps the number of selected features.
Accuracy climbs steeply from two features
(utilisation and inlet temperature alone, =~71%)
and effectively saturates by eight features, where
accuracy reaches 94.7% and macro-F1 0.934—
within a whisker of the full twelve-feature model.
This validates the hybrid selector: the compact
model discards the four weakest signals (disk 1/O,
workload type, and, marginally, hour and memory
allocation) at almost no accuracy cost, trimming
inference and storage on the control path.

Ablation: performance vs. feature-subset size

0.95 1
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0.85 1

Score

0.80 1
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—&— Macro-F1

fselected k=8

8 10 12

Number of selected features (k)

Figure 11. Ablation over feature-subset size; performance saturates at eight features.

X.2. Component contribution

Figure 12 isolates each design choice. A linear
baseline reaches 0.9263 macro-F1; switching to
gradient boosting adds a modest increment;
balanced weighting leaves aggregate F1
essentially unchanged but—as the per-class

analysis showed—materially improves rare-class
recall, which is its intended role; hyperparameter
tuning provides the largest single jump, to 0.9387;
and the compact SHAP-selected variant retains
0.9332 while shedding a third of the features. The
tuning step, not the choice of learner alone, is what
separates GCI from a default ensemble[34].
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Component-wise ablation of the framework
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Figure 12. Component-wise ablation (macro-F1). Tuning yields the largest gain; the compact variant trades

little for efficiency.
XI. Conclusion

The sustainability of cloud computing now hinges
on decisions made, increasingly, by machine-
learning controllers whose opacity is itself an
obstacle to adoption. This paper argued that
accuracy, transparency, and energy accountability
should be pursued jointly rather than in isolation,
and it presented Green Cloud Intelligence as a
concrete embodiment of that principle. By casting
energy-efficient allocation as a three-way
operational decision anchored in a server power
model, the framework produces outputs that map
directly onto actuators; by pairing a class-
balanced, tuned gradient-boosting engine with a
hybrid feature selector, it achieves strong,
balanced performance at low cost; and by
attaching an exact Shapley transparency layer, it
renders every decision auditable. On a
reproducible twelve-feature corpus of twelve
thousand host-hour records, the framework
reached 95.06% accuracy, a macro-F1 of 0.9387,
and a ROC-AUC of 0.9947, surpassing seven
representative baselines while retaining a small
footprint and  sub-millisecond inference.
Translated into a consolidation policy, its
decisions cut modelled data-centre energy by
19.45%, capturing roughly nine-tenths of an
oracle upper bound, and its SHAP attributions
confirmed that these decisions rest on physically
meaningful drivers—utilisation, VM density, and
inlet temperature—rather than spurious signal.
Ablation established that a compact eight-feature
model preserves this performance, and that
hyperparameter optimisation, more than the
choice of learner, delivers the decisive gain. The
central contribution is thus integrative: a single,
reproducible pipeline in which a green outcome
and a transparent rationale are produced together,
not bolted on afterwards. The clear next step is to

carry this framework from a controlled testbed
onto public production traces and to extend it with
carbon-intensity forecasting, so that transparent,
energy-efficient allocation can be demonstrated
under the full messiness of operational cloud
infrastructure.
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