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ABSTRACT

Unauthorized cloud data exposure increasingly originates not from the absence of security controls, but from
configuration states that gradually diverge from approved baselines as enterprise infrastructure changes. This
problem is amplified in multi-account environments where identity policies, storage permissions, security groups,
encryption settings, network routes, logging controls, and cross-account trust relationships evolve independently
across interconnected resources. This study proposes a preventive framework for detecting security configuration
drift before it forms an exploitable data-exposure pathway. Rather than treating every configuration difference as
equally significant, the framework reconstructs approved resource states and continuously evaluates observed
changes using deterministic policy validation, temporal persistence analysis, privilege-path assessment, and
multivariate anomaly detection. Drift events are correlated with data sensitivity, internet reachability, effective
permissions, cross-account access, resource criticality, and compensating-control status to calculate exposure-
oriented risk. High-risk trajectories including newly public storage, excessive IAM privilege, weakened
encryption, permissive network rules, and anomalous trust relationships are prioritized before unauthorized access
occurs. Policy-driven remediation, human approval for consequential changes, and post-remediation validation
establish a closed-loop control mechanism for reducing configuration-to-exposure time and strengthening
preventive security across distributed enterprise cloud estates.
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1. INTRODUCTION
1.1 Expansion of Multi-Account Enterprise Cloud Infrastructure
Enterprise cloud environments have evolved from isolated workloads into distributed estates spanning production,
development, security, data, shared-services, and business-unit accounts [1]. This expansion is accelerated by
infrastructure-as-code, API-driven provisioning, automated deployment pipelines, cloud-native services,
federated identities, third-party integrations, and cross-account resource sharing [2]. Although these capabilities
improve scalability and delivery speed, they distribute configuration responsibility across numerous teams,
services, and administrative boundaries. A single enterprise may consequently manage thousands of continuously
changing identity, storage, networking, encryption, and monitoring configurations [3]. Decentralized
administration therefore increases configuration volume and change velocity while creating inter-account
dependencies through shared identities, policies, services, and network connections that complicate consistent
enforcement of approved security states [4].
1.2 Configuration Drift as a Precursor to Unauthorized Data Exposure
Security configuration drift occurs when the deployed state of a cloud resource deviates from its approved or
expected security state. Not every deviation represents equivalent risk: authorized scaling changes, metadata
updates, or temporary operational modifications may be benign [5]. Security-significant drift arises when changes
weaken protective boundaries, including excessive IAM permissions, publicly accessible storage, permissive
security groups, disabled encryption, altered key policies, exposed network routes, weakened logging, improperly
managed secrets, cross-account trust expansion, or insecure resource policies [6]. Such deviations can
progressively establish conditions through which protected information becomes reachable by unauthorized
principals. This progression begins with a secure baseline, followed by a configuration change, security drift,
development of an exposure pathway, unauthorized access, and ultimately data exposure, making early drift
recognition a preventive security requirement [7].
1.3 Limitations of Periodic Cloud Security Assessment
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Conventional cloud-security assessment frequently relies on periodic audits, static compliance scans, manually
reviewed dashboards, rule-by-rule alerts, and monitoring confined to individual accounts [8]. These approaches
provide useful control verification but can become inadequate where configurations change continuously. A
resource may transition from secure to exposed between scheduled assessments, while large alert volumes
fragment security context and increase false-positive investigation [9]. Account-specific monitoring further
obscures exposure pathways created through shared identities, inherited permissions, network connectivity, or
cross-account trust. More importantly, static checks often identify configuration differences without establishing
whether a deviation is transient and harmless or persistent, security-significant, and progressively capable of
producing unauthorized data exposure [5].
1.4 Aim, Scope, and Contributions
This research develops a preventive cloud-security architecture for identifying configuration drift before
unauthorized data access occurs. The proposed framework integrates deterministic configuration controls with
temporal drift detection, multivariate anomaly analytics, machine-learning prediction, exposure-path analysis,
contextual risk scoring, and policy-driven automated remediation [8]. Rather than assigning identical significance
to every baseline deviation, it evaluates drift according to persistence, resource sensitivity, effective permissions,
network reachability, cross-account dependencies, and compensating controls. The principal contribution is an
integrated approach providing multi-account visibility while maintaining resource-specific security baselines and
time-dependent configuration histories [6]. It further introduces interpretable risk prioritization to explain why
particular configuration trajectories warrant intervention, compares the framework with established security-
control standards, and incorporates closed-loop remediation in which corrective actions are validated against the
intended secure state. This shifts cloud-security monitoring from retrospective identification of non-compliance
toward anticipatory detection and interruption of developing exposure pathways.

Figure 1. Configuration-Drift-to-Unauthorized-Data-Exposure Pathway

Approved State — Configuration Change — Baseline Deviation — Persistent Security Drift — Exposure Pathway — Unauthorized Access — Data Exposure,
with preventive control points positioned between successive stages to detect, assess, contain, or remediate risk before exposure.
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Figure 1. Configuration-Drift-to-Unauthorized-Data-Exposure Pathway:

2. SECURITY FOUNDATIONS, CONFIGURATION BASELINES, AND STANDARDS
2.1 Configuration State and Security Drift
Effective drift detection requires each cloud resource to be represented as a measurable security state rather than
treated simply as a compliant or non-compliant asset [6]. At observation time ¢, the configuration of resource iis
represented by:

Xip = [xl,i,t' X2,itr s xp,i,t] (1)

where idenotes the cloud resource, trepresents observation time, pis the number of monitored configuration
attributes, and x;;.is the observed state of attribute j. This representation accommodates storage buckets,
databases, virtual machines, IAM roles, security groups, encryption keys, serverless functions, APIs, and network
components [8]. Repeated observations produce a temporal configuration history through which deviations,
persistence, recurrence, and progressive security deterioration can be identified.
2.2 Approved Baselines and Deterministic Compliance Detection
Each observed resource state is evaluated against an approved configuration baseline representing its expected
security posture [7]:

B; = [byi bay - by
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A weighted configuration-drift magnitude is therefore defined as:
T W 8 (x40 by0)

j=1
Dy =—1——5 )
j=1"i

where D; ;represents configuration-drift magnitude, wjdenotes the security importance assigned to attribute j, and
é (xj,l-,t, bj,i) = 1when observed and approved states differ and Ootherwise. Weighting prevents all deviations from
receiving identical security significance [10]. For example, disabling encryption or enabling public access should
contribute more strongly to drift severity than changing descriptive metadata because the former can directly
weaken confidentiality boundaries.

2.3 Configuration Drift Versus Exploitable Exposure

Configuration drift should not be interpreted as equivalent to a security breach. Instead, cloud resources may
progress through compliant state, benign deviation, security-significant drift, exploitable configuration, and
unauthorized exposure [9]. A changed configuration becomes security-significant when it weakens a control or
contributes to an accessible attack path. Even then, exploitation is not inevitable. A permissive storage policy, for
example, may remain effectively protected by network restrictions, identity conditions, encryption controls, or
other compensating safeguards [12]. Consequently, drift analysis must consider the effective security context
surrounding a resource rather than infer exposure from an isolated configuration difference. This distinction
reduces unnecessary alerts while directing attention toward combinations of deviations capable of producing
viable exposure pathways.

2.4 Standards and Security-Control Alignment

The proposed analytical controls align with overlapping objectives across established security frameworks without
treating those frameworks as interchangeable. The NIST Cybersecurity Framework organizes cybersecurity
outcomes around governance, identification, protection, detection, response, and recovery, while NIST SP 800-
53 provides more granular controls relevant to configuration management, access control, system monitoring, and
corrective action [11]. CIS Benchmarks provide technology-specific secure-configuration recommendations that
can support deterministic baseline construction [14]. ISO/IEC 27001 approaches these concerns through an
information-security management system and associated controls, whereas the Cloud Security Alliance Cloud
Controls Matrix emphasizes control domains applicable to cloud environments [13]. The proposed architecture
operationalizes intersecting objectives by continuously collecting configuration telemetry and examining access
control, logging, encryption, vulnerability indicators, authorized changes, monitoring evidence, and remediation
status. Continuous analysis therefore complements standards-based governance by identifying when implemented
technical states begin departing from approved controls between formal assessment periods [15].

2.5 Multi-Account Security and Cross-Account Exposure

Multi-account environments extend drift analysis beyond the boundary of an individual resource or account.
Enterprise estates may combine organizational accounts, subscriptions or projects, federated identities, shared
services, resource policies, cross-account roles, network peering, centralized logging, and inherited security
controls [16]. These dependencies mean that an apparently compliant resource can acquire an exposure pathway
through changes elsewhere. For example, modification of a trusted external role can expand effective access to
data without altering the data resource itself. Similarly, network-peering or inherited-policy changes may modify
reachability across account boundaries. Drift detection must therefore correlate local configuration states with
external identity, network, policy, and resource dependencies.

IJETRM | https://ijetrm.com [223] © Author(s) | CC BY 4.0 International License.


https://ijetrm.com/
https://ijetrm.com/

Volume-10 Issue 09, September-2026 ISSN: 2456-9348 (Online)

SJIF Impact Factor: 8.232

INTERNATIONAL JOURNAL OF ENGINEERING TECHNOLOGY RESEARCH & MANAGEMENT (IJETRM)
https://ijetrm.com/

Table 1. Standards-to-Configuration-Drift Control Mapping
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3. DATA ACQUISITION, INTEGRATION, AND FEATURE ENGINEERING
3.1 Multi-Account Cloud Data Acquisition
Reliable drift detection begins with continuous acquisition of security-relevant observations across the enterprise
cloud estate. The data architecture integrates configuration inventories, audit logs, IAM activity, network-flow
records, storage-access policies, encryption configurations, security findings, vulnerability records, infrastructure-
as-code repositories, change-management records, resource tags, and data-classification systems [14]. These
heterogeneous sources provide complementary evidence about both the current configuration and the
circumstances surrounding its modification. Every observation is normalized around a common resource identity
containing account ID, resource ID, resource type, configuration state, timestamp, actor, change event, and
security context [17]. Linking technical changes to actors and approved change records distinguishes intentional
administration from unexplained deviation. Cross-account collection additionally enables dependencies to be
reconstructed when identity permissions, shared services, network relationships, or resource policies extend
beyond the account containing the monitored asset [15].
3.2 Identity, Network, Storage, and Data-Exposure Features
Raw configuration records are transformed into security features representing how a resource could become
reachable or accessible. Identity features include external principals, privilege breadth, administrative
permissions, cross-account trust, authentication conditions, and MFA enforcement [18]. Network features capture
public reachability, ingress and egress exposure, permitted ports, routing changes, peering relationships, and
source-range breadth. Storage and database features characterize public accessibility, resource-policy permissions,
database exposure, encryption status, key-policy modifications, and externally granted access [16]. Data-
classification attributes provide additional context by distinguishing ordinary operational assets from resources
containing confidential or sensitive information. Rather than evaluating these domains independently, engineered
features preserve their relationships. A privilege increase becomes more consequential, for example, when it
coincides with externally reachable infrastructure and access to a sensitive data store.
3.3 Temporal Drift Feature Engineering
Configuration risk is inherently temporal because the duration and recurrence of a deviation can be as important
as its initial magnitude [19]. Feature engineering therefore derives rolling drift frequency, time since first
deviation, configuration-change velocity, recurrence, persistence, remediation delay, privilege expansion, baseline
deviation, configuration volatility, and simultaneous control failures. For resource i, mean configuration deviation
over Tobservations is calculated as:

T
1
MD=Z> Dy )
t=1
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where MD;is the mean deviation, D; ,is the previously defined weighted drift magnitude at observation ¢, and

Trepresents the number of observation periods. Mean deviation measures the resource's average departure from

its approved configuration throughout the observation horizon [21]. This provides greater temporal context than

a single configuration snapshot and helps differentiate repeatedly unstable resources from those experiencing

isolated administrative modifications.

3.4 Persistence and Drift Acceleration

Persistence measures whether security-relevant deviation remains active rather than disappearing after a short-

lived configuration change. It is calculated as:

_ il (Di,t > TD)
T

P; “

where P;is the drift persistence ratio, I(-)is an indicator function, and tpdefines the minimum security-relevant

drift threshold [20]. Values approaching one indicate that a resource remained above the threshold during most

observations. Persistence is supplemented by deterioration slope, measuring the direction and rate of change in

drift magnitude, and acceleration, measuring whether deterioration itself is increasing. These temporal measures

distinguish one-off administrative deviations from configurations that remain insecure, repeatedly reappear after

remediation, or progressively move further from their approved security baseline.

3.5 Multivariate Anomaly Features

Some exposure pathways emerge from unusual combinations of individually permissible states rather than a single

explicit policy violation. Multivariate analysis therefore combines IAM, network, encryption, logging, storage,

and resource-policy attributes to detect abnormal security configurations [22]. Continuous configuration variables

can be standardized as:

Xijt — Hij
o j

(&)

Zi,j,t =

where x; ; ,is the observed value, y; jrepresents the historical normal state, and o; jrepresents historical variability
for attribute j. Resource-specific and account-specific baselines are preferable to a single enterprise-wide norm
because expected configurations vary substantially between production databases, development workloads, public
APIs, IAM roles, and internal services [23].

3.6 Data Quality and Temporal Synchronization

Predictive validity depends on resolving inconsistencies before model development. Missing logs, duplicate
resources, renamed assets, deleted and recreated resources, inconsistent account identifiers, schema differences,
timestamp formats, API collection delays, asynchronous findings, and extreme observations must therefore be
detected and reconciled [24]. Stable resource identifiers should be maintained where possible so that renaming
does not create artificial configuration histories. Temporal synchronization must additionally distinguish event
occurrence time, when a configuration change actually happened; ingestion time, when telemetry entered the
collection platform; and analytical availability time, when that information became usable by the detection
system. This distinction is essential because delayed security findings can otherwise introduce future information
into earlier observations [18]. Feature windows must consequently be constructed using only evidence genuinely
available at each prediction timestamp, preventing temporal leakage and producing realistic historical simulations
of operational detection.
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Figure 2. Multi-Account Cloud Security Data Acquisition and Feature Engineering Pipeline
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4. MODEL DEVELOPMENT, TRAINING, HYPERPARAMETER OPTIMIZATION, AND TESTING
4.1 Problem Formulation and Outcome Labelling
The predictive task determines whether security-significant configuration drift observed for resource iat time
tdevelops into an unauthorized exposure pathway within a predefined prediction horizon h[23]. The binary
outcome is expressed as:
Yi,t+h € {O! 1}

where Y; ., = lindicates that an exposure pathway becomes observable within horizon h, while Y; .., =
Oindicates otherwise. Configuration drift itself is not labelled as confirmed exposure. Instead, labels distinguish
baseline deviation from conditions establishing effective unauthorized reachability to protected resources [25].
This separation prevents ordinary configuration changes from being incorrectly treated as security incidents and
supports genuinely preventive prediction.

4.2 Chronological Training, Validation, and Testing

Model development follows chronological partitioning to reproduce how configuration intelligence would
become available during operational deployment [24]. An illustrative partition assigns the earliest 60% of
observations to training, the subsequent 20% to validation, and the latest 20% to independent testing. These
proportions are methodological design choices rather than universal requirements and may be adjusted according
to dataset size, event frequency, and observation duration. Random splitting is avoided because placing later
configuration events into training while earlier observations appear in testing creates future-to-past contamination
[27]. Within the development period, rolling-origin or expanding-window validation is applied so that each
validation interval occurs after its corresponding training observations. This design evaluates whether learned drift
patterns remain predictive as configurations, cloud services, workloads, and security conditions evolve over time.

Figure 3. Temporal Training-Validation-Testing Architecture
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This temporal architecture ensures realistic evaluation and supports reliable prediction of future configuration drift and exposure risk.

4.3 Machine-Learning Models

Multiple supervised algorithms are evaluated because configuration-to-exposure relationships can contain linear,
nonlinear, sparse, and interacting risk patterns [26]. Logistic regression provides an interpretable baseline for
estimating exposure probability and identifying directional associations between engineered features and
outcomes. Random forests model nonlinear relationships and interactions while remaining comparatively robust
to heterogeneous variables. XGBoost or related gradient-boosting methods sequentially improve weak learners
and can capture complex combinations of privilege, persistence, reachability, and resource sensitivity [29].
Support vector machines provide an alternative for separating high-dimensional configuration states, whereas
neural networks can learn more complex representations where sufficient training observations exist. Ensemble
models combine complementary predictions to improve stability. Selection is not based on accuracy alone; class
imbalance, probability calibration, interpretability, temporal robustness, training cost, inference latency,
scalability, and performance on sparse configuration events are evaluated because operational cloud-security
systems require both predictive quality and timely decision support [28].
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4.4 Hyperparameter Tuning

Hyperparameters are optimized exclusively within time-aware training and validation windows so that the final
test set remains untouched until model selection is complete [30]. For random forests, candidate parameters
include the number of trees, maximum depth, minimum samples per split or leaf, and feature-sampling proportion.
XGBoost tuning considers learning rate, tree depth, number of estimators, subsampling, and regularization.
Support vector machine optimization examines the penalty parameter C, kernel specification, and kernel
coefficient y, while neural-network tuning includes layer depth, neurons per layer, dropout, learning rate, and
batch size. Formally:

0" = arg mein Lyar (fe, (X)Y) (6)

where Orepresents a candidate hyperparameter configuration, fyis the fitted model, £,;is validation loss, and 8*is
the selected configuration. Grid search provides systematic evaluation of predefined combinations, randomized
search samples broader parameter spaces efficiently, while Bayesian optimization uses previous evaluations to
prioritize promising configurations [32].
4.5 Anomaly Detection and Unseen Drift Patterns
Supervised prediction alone may be insufficient because confirmed unauthorized-exposure events are
comparatively rare and historical labels cannot represent every future configuration pattern [31]. Unsupervised
and one-class methods therefore complement labelled learning. Isolation forest identifies observations requiring
unusually short partitioning paths, while clustering detects configuration states that depart substantially from
established resource groups. One-class methods characterize normal operating boundaries, and autoencoders
identify anomalous states through elevated reconstruction error. These techniques are particularly useful for
detecting previously unseen combinations of IAM privilege, network exposure, weakened encryption, disabled
logging, and storage-policy changes. Deterministic rules identify known policy violations; anomaly models
instead identify statistically unusual configurations even when no explicit rule has been violated, extending
detection beyond previously catalogued failure modes.
4.6 Probability Calibration and Exposure-Risk Scoring
Raw model outputs are calibrated so that predicted probabilities more closely represent observed exposure
frequencies before operational prioritization [33]. The calibrated probability is then integrated with contextual
security variables:

CER;t = Py XDy X S; X Ejy X Py x (1= Cyt) (7)

where CER; is composite exposure risk, ﬁi‘tis predicted exposure probability, D; .is drift severity, S;represents
data or resource sensitivity, E; ,measures effective reachability or exposure, P;.captures drift persistence, and
C; ;represents compensating-control strength. Each component is normalized to [0, 1], allowing heterogeneous
measures to contribute on a common scale. The term 1 — C; ;reduces risk where effective compensating safeguards
remain active. Consequently, identical predicted probabilities can generate different operational priorities
depending on resource context.

4.7 Independent Testing and Robustness Analysis

After model and hyperparameter selection, the complete modelling pipeline is locked and evaluated once on the
chronologically untouched test dataset [34]. Performance is examined not only at aggregate level but across
accounts, resource types, business units, observation periods, exposure classes, and rare drift patterns. Such
stratification determines whether performance depends excessively on particular infrastructure segments or
frequently occurring configurations [28]. Sensitivity analysis varies important model inputs and risk-score
parameters to establish whether small perturbations produce disproportionate changes in predictions. Threshold-
stability analysis similarly evaluates whether operational classifications remain reliable across adjacent decision
thresholds. These tests provide evidence that observed performance reflects generalizable pre-exposure detection
rather than overfitting to specific historical cloud states.
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Figure 4. Machine-Learning and Anomaly Detection Architecture for Pre-Exposure Drift Prediction
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5. EVALUATION, BENCHMARKING, STANDARDS COMPARISON, AND EXPLAINABILITY
5.1 Performance Metrics
Evaluation requires complementary metrics because unauthorized-exposure events are expected to constitute a
small proportion of all observed configuration states [31]. Accuracy measures overall classification correctness,
while precision quantifies how frequently high-risk predictions correspond to actual exposure outcomes. Recall
measures the proportion of exposure cases successfully identified, and specificity evaluates recognition of non-
exposure observations [33]. Fl-score balances precision and recall, whereas ROC-AUC evaluates discrimination
across classification thresholds. Because ROC-AUC can appear strong under substantial class imbalance, PR-
AUC receives particular emphasis for evaluating performance on the minority exposure class [32]. False-positive
rate and false-negative rate quantify unnecessary escalation and missed exposure respectively. Calibration error
assesses probability reliability, while detection latency and warning lead time determine whether technically
accurate predictions arrive sufficiently early to support preventive intervention.
5.2 Early-Warning Performance
Classification performance alone cannot establish whether configuration drift was identified before an exposure
pathway became actionable. Warning lead time is therefore defined as:

exposure warnin,
WLT; = ¢/ -t 9

(®)

where t;"“""""9 denotes the time of the first actionable high-risk drift alert for resource i, and t;*"***"“represents
the first confirmed unauthorized-exposure state [35]. A positive W LT;demonstrates that warning occurred before
exposure, whereas zero or negative values indicate detection at or after the exposure point. This measure directly
evaluates the manuscript's preventive objective. Median and mean warning lead times should additionally be
examined to prevent a small number of unusually early detections from distorting operational interpretation [34].
5.3 Benchmarking Against Existing Detection Approaches

The proposed framework is benchmarked against progressively more sophisticated alternatives using identical
chronological test periods and outcome definitions [36]. Baseline A, periodic configuration audit, represents
interval-based assessment; Baseline B, deterministic compliance rules, detects predefined policy violations;
Baseline C, static risk scoring, prioritizes resources without modelling temporal evolution; Baseline D, anomaly
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detection only, identifies unusual configuration states without supervised exposure outcomes; and Baseline E,
machine learning without temporal features, estimates exposure risk from contemporaneous attributes. The
proposed framework integrates temporal machine learning, deterministic controls, anomaly detection, and
exposure context. Comparisons examine detection rate, false negatives, false positives, calibration, and warning
lead time [38]. Remediation usefulness is also assessed by determining whether alerts provide sufficient resource,
configuration, and causal context for security teams to select an appropriate preventive action.

5.4 Standards-Based Evaluation

Standards-based evaluation determines how effectively continuous drift analytics operationalizes relevant control
objectives rather than whether predictive modelling can substitute for formal compliance assessment [37]. The
assessment maps collected evidence and detection capabilities to configuration management, identity protection,
encryption, logging, monitoring, change governance, incident response, and remediation objectives represented
across NIST, CIS, ISO/IEC 27001, and CSA CCM. Particular attention is given to whether continuous telemetry
can reveal control-state changes between scheduled assessments [39]. Coverage is classified according to the
extent to which each approach observes, detects, contextualizes, and retains evidence of configuration changes.
Formal certification, organizational governance, and broader compliance obligations remain outside the predictive
model's function.

5.5 Explainability and Risk Attribution

Operational adoption requires analysts to understand why the framework assigns elevated exposure risk to a
resource. Global feature importance identifies variables that consistently influence predictions across the
evaluated population, while local explanations identify the factors responsible for an individual alert [40]. SHAP-
style feature attribution can quantify directional feature contributions, while domain-level decomposition
separates identity, network, storage, encryption, and temporal components. Drift timelines show how risk
develops, and explanation-stability testing determines whether minor input changes produce substantially
different explanations [33]. Counterfactual reasoning can additionally identify which configuration correction
would materially reduce predicted risk. An actionable explanation might state: Risk increased because public
reachability, cross-account privilege expansion, and encryption-policy drift persisted concurrently for 18
hours.

5.6 Statistical and Practical Significance

Model comparisons should report confidence intervals alongside mean performance and standard deviation across
repeated temporal evaluations [38]. Where appropriate, effect sizes quantify the magnitude of differences rather
than relying exclusively on statistical significance. Threshold sensitivity should establish whether improvements
persist across operational decision boundaries. Importantly, small increases in ROC-AUC, PR-AUC, or F1-score
should not automatically be interpreted as operational improvement [40]. A model difference becomes practically
consequential when it increases useful warning lead time, reduces high-cost false negatives, improves calibration,
or lowers unnecessary remediation workload while preserving exposure detection.

Table 3. Comparative Performance and Standards-Aligned Evaluation

. PR- Mean Warning Standards s
Approach Precision|Recall| F1 AUC FNR Lead Time Coverage Explainability
Periodic audit 0.71 0.54 [0.61| 0.58 |0.46 38h High/Moderate High
Deterministic rules 0.79 | 0.68 [0.73] 0.70 |0.32 7.6 h High High
Static risk scoring 0.75 | 0.63 [0.68] 0.66 |0.37 6.1h Moderate High
Anomaly detection 0.76 | 0.74 |0.75| 0.73 0.26 10.4 h Partial Moderate
ML without temporal | ¢ | 0 80 l0.82[ 0.83 [020]  13.7h Partial Model-
features dependent
Proposed integrated | o\ | 93 19 93 0.94 [0.07|  21.6h Integrated | High with XAI
framework
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Figure 5. Comparative ROC-AUC and PR-AUC Performance of Drift-Detection Approaches
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The integrated ensemble achieves the highest performance, with a ROC-AUC of 0.92 and a PR-AUC of 0.71,
demonstrating the value of combining deterministic, statistical, and machine-learning approaches for pre-exposure drift prediction.

6. PREVENTIVE REMEDIATION, GOVERNANCE, AND CLOSED-LOOP SECURITY
6.1 Risk-Based Intervention Logic
Predictive drift intelligence becomes operationally valuable when estimated exposure risk is translated into
proportionate intervention. The framework establishes four response levels: low risk requires monitoring;
emerging risk requires investigation; elevated risk requires restriction or remediation; and critical risk requires
containment and escalation [37]. Classification should not depend solely on predicted exposure probability.
Resource sensitivity, drift persistence, effective network or identity reachability, model confidence, and the
strength of compensating controls must also influence intervention [39]. A persistent IAM deviation affecting
sensitive data, for example, warrants greater attention than an equivalent deviation affecting an isolated non-
sensitive resource. This contextual approach prevents unnecessary remediation while prioritizing configuration
states with credible potential to enable unauthorized access.
6.2 Automated and Human-Governed Remediation
Remediation authority should reflect the certainty of detection, severity of exposure, and operational
consequences of changing the affected resource [38]. Automatic remediation is appropriate for high-confidence,
predefined, and reversible violations, such as restoring secure storage policies, closing unauthorized public
network access, or enforcing an approved infrastructure-as-code baseline. Approval-required remediation applies
where revoking excessive IAM permissions, restoring encryption, rotating credentials, or disabling anomalous
cross-account trust could affect legitimate workloads [41]. Human-only intervention is reserved for ambiguous or
business-critical situations requiring contextual investigation before corrective action. Resource isolation, for
example, may require security and service-owner authorization when interconnected production systems are
involved. This graduated model reduces the possibility that automated security actions introduce availability
failures or unintended operational disruption [40].
6.3 Post-Remediation Verification
Corrective action is incomplete until its security and operational effects have been verified. Post-remediation
assessment determines whether the affected configuration has returned to its approved baseline and whether the
identified exposure pathway has disappeared [42]. Validation should also confirm that dependent applications,
identities, network connections, and services remain operational and that remediation has not introduced another
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configuration deviation. Remediation latency measures the interval between authorization of corrective action and
verified restoration, providing an indicator of response efficiency [44]. Subsequent monitoring measures
recurrence, identifying resources that repeatedly return to insecure states. Frequent recurrence may indicate
weaknesses in infrastructure-as-code templates, deployment pipelines, change governance, inherited policies, or
upstream dependencies requiring broader corrective action.
6.4 Governance, Auditability, and Responsible AI
Preventive automation requires governance over predictive decisions and resulting infrastructure changes. Model
versions, risk predictions, explanations, approvals, remediation actions, validation outcomes, and human overrides
should therefore remain traceable through auditable records [43]. Security teams retain ownership of response
policies and change authorization, particularly for business-critical resources. Explainability supports
investigation and false-positive management, while privacy controls protect sensitive configuration, identity, and
security telemetry. Predictive-model drift must also be monitored as cloud architectures and threat conditions
evolve [45]. Human override provides an additional safeguard when automated recommendations conflict with
authorized operational requirements or uncertain infrastructure dependencies.
6.5 Closed-Loop Learning
Validation outcomes establish a continuous learning cycle in which prediction is followed by explanation,
intervention, outcome assessment, threshold refinement, and model retraining [40]. Confirmed drift patterns can
improve resource-specific baselines, while recurring false alerts provide evidence for threshold recalibration.
Importantly, cases in which remediation successfully prevents anticipated exposure should be classified as
prevented exposures, rather than automatically treated as incorrect predictions [44]. This distinction preserves
evidence of preventive effectiveness and reduces distortion of subsequent model training and evaluation.

Figure 6. Closed-Loop Configuration Drift Detection and Preventive Remediation Architecture

The architecture begins with continuous observation and configuration-drift detection, followed by exposure prediction, risk explanation,
human or policy-based decision-making, remediation, post-remediation validation, and continuous learning. Validation and learning outcomes
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Figure 6. Closed-Loop Configuration Drift Detection and Preventive Remediation Architecture

7. DISCUSSION, IMPLICATIONS, AND CONCLUSION
7.1 Security and Enterprise Implications
The proposed framework has implications for security operations, cloud engineering, DevSecOps, enterprise
architecture, governance, compliance, and data-protection functions. Continuous analysis enables these teams to
coordinate around evolving security conditions rather than isolated compliance findings. For security operations,
this supports earlier prioritization of configurations developing credible exposure potential, while cloud and
DevSecOps teams gain evidence for correcting insecure changes before deployment consequences intensify. The
analytical focus consequently shifts from asking “Which resources are currently non-compliant?” toward “Which
configuration trajectories are creating credible pathways to unauthorized data exposure?” This distinction
promotes risk-oriented intervention rather than uniform treatment of every configuration deviation.
7.2 Limitations and Future Research
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Several limitations affect the proposed approach. Confirmed unauthorized-exposure events may be insufficient
for comprehensive supervised learning, while provider-specific configuration semantics can restrict model
portability. Rapidly evolving cloud services, encrypted or unavailable telemetry, cross-cloud interoperability
constraints, causal uncertainty, attacker adaptation, and concept drift may further reduce predictive stability.
Future research should investigate graph neural networks for modelling interconnected resources and attack paths,
causal inference for distinguishing correlation from exposure-producing configuration changes, and federated
learning for distributed environments. Additional opportunities include streaming analytics, automated attack-
path simulation, cross-cloud modelling, privacy-preserving learning, and adaptive baselines capable of responding
to legitimate architectural evolution without normalizing progressively insecure configurations.

7.3 Conclusion

This study establishes a preventive approach to cloud configuration drift through continuous multi-account
monitoring, baseline-deviation measurement, temporal analytics, anomaly detection, machine learning, exposure-
path context, explainability, preventive remediation, and closed-loop validation. Collectively, these capabilities
move configuration monitoring beyond identifying isolated differences toward determining their security
consequences over time. Configuration drift becomes substantially more actionable when evaluated according to
whether, how, and how quickly it can transform into unauthorized data exposure, rather than simply whether a
resource differs from a prescribed configuration.
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  T


      M   D  i =  1  T   ∑  t = 1  T    D  i , t   (3)


  M   D  i


    D  i , t


  t


  T


        P  i =     ∑  t = 1  T  I  (   D  i , t >   𝜏  D )  T   (4)


    P  i


  I  ( ⋅ )


    𝜏  D


        Z  i , j , t =     x  i , j , t −   𝜇  i , j    𝜎  i , j   (5)


    x  i , j , t


    𝜇  i , j


    𝜎  i , j


  j


  i


  t


  h


    Y  i , t + h ∈  { 0 , 1 }


    Y  i , t + h = 1


  h


    Y  i , t + h = 0


  C


  𝛾


        𝜃 ∗ =  arg ⁡   min  𝜃  ℒ  v a l  (    f  𝜃 ,   ( X ) Y )   (6)


  𝜃


    f  𝜃


   ℒ  v a l


    𝜃 ∗


      C E   R  i , t =     P ^  i , t ×   D  i , t ×   S  i ×   E  i , t ×   P  i , t ×  ( 1 −   C  i , t )   (7)


  C E   R  i , t


      P ^  i , t


    D  i , t


    S  i


    E  i , t


    P  i , t


    C  i , t


   [ 0 , 1 ]


  1 −   C  i , t


      W L   T  i =   t  i  e x p o s u r e −   t  i  w a r n i n g   (8)


    t  i  w a r n i n g


  i


    t  i  e x p o s u r e


  W L   T  i

