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1. Abstract

The ubiquitous adoption of cloud computing, characterized by ephemeral microservices, hybrid
architectures, and elastic scaling, has fundamentally altered the cybersecurity landscape. To
defend these vast and distributed infrastructures, organizations have been forced to deploy
increasingly complex Deep Learning (DL) models capable of analyzing high-velocity telemetry.
While these advanced neural architectures—spanning Long Short-Term Memory (LSTM)
networks to Transformer-based models—excel at identifying subtle, non-linear deviations in
high-dimensional data, the resulting detection systems often operate as opaque "black boxes.”
They generate high volumes of statistical alerts based on complex feature interactions but fail to
provide the semantic context necessary for human understanding. This disconnect between the
mathematical output of a detection model and the cognitive comprehension required by security
operators leads to severe operational dysfunctions, including "alert fatigue,” inconsistent triage
decisions, and suboptimal incident response times.

This research reconceptualizes cloud anomaly detection not merely as a binary classification
task—determining benign versus malicious activity based on probability thresholds—»but as a
comprehensive decision-support process anchored in Explainable Artificial Intelligence (XAl).
By integrating feature attribution mechanisms (such as Integrated Gradients) with contextual
state analysis, the proposed framework transforms opaque probability scores into actionable
security intelligence. A novel Interpretation State Model (ISM) is introduced that systematically
maps raw statistical deviations to operational semantics, thereby bridging the "semantic gap"
between algorithmic performance and human cognition. Findings indicate that while XAl
integration introduces nominal computational overhead, it significantly enhances the stability of
analyst decision-making, reduces investigation latency by providing immediate causal context,
and fosters appropriate trust calibration in automated security operations. Ultimately, this work
demonstrates that the value of an anomaly detection system lies not in its raw predictive
accuracy, but in its ability to facilitate correct human action.

2. Keywords

Explainable Al; Cloud Anomaly Detection; Actionable Intelligence; Cybersecurity Decision
Support; Trustworthy Al; Security Operations Center (SOC) Automation; Human-Al Teaming;
Deep Learning Interpretability.

3. Introduction

Modern cloud infrastructures are characterized by extreme dynamism and complexity.
Technologies such as Kubernetes orchestration, serverless computing, and multi-cloud strategies
have created environments where infrastructure is immutable and ephemeral, scaling up and
down in seconds. This dynamism generates massive, continuous streams of telemetry data—logs,
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metrics, and traces—that far exceed the processing capacity of human analysts or traditional
rule-based systems. To secure these environments, organizations have increasingly pivoted away
from static, signature-based detection methods toward behavioral analytics powered by deep
learning methodologies. These models, including Autoencoders, Recurrent Neural Networks
(RNNSs), and Transformers, are capable of learning complex, non-linear dependencies within
system logs and network flows, allowing them to identify deviations from normal behavioral
baselines that traditional rule-based systems would miss.

However, while these models demonstrate superior capability in detecting subtle statistical
anomalies, they introduce a critical operational deficit: intrinsic opacity. The decision boundary
of a deep neural network is defined by millions of weight parameters, making it impossible to
trace the logic of a specific classification back to a human-understandable cause. A statistical
deviation, represented by a high anomaly score, does not inherently convey security meaning.
For instance, an unexplained spike in CPU utilization combined with a surge in outbound
network traffic could mathematically resemble a cryptographic mining attack. However, without
additional context, the same statistical footprint could purely represent a legitimate, scheduled
backup job compressing data for archival, or a misconfigured microservice undergoing a retry
storm after a database failover.

In current Security Operations Center (SOC) workflows, analysts are frequently presented with
these raw probability scores devoid of causal evidence. This forces high-tier analysts to engage
in laborious manual correlation, pivoting across disparate logs (firewall, identity, application
trace) to validate the alert's legitimacy. They must reconstruct the narrative of the event
manually, a process that is slow, error-prone, and inconsistent. This "semantic gap™ between the
model's mathematical output and the analyst's informational needs results in a dangerous
operational paradox: as detection sensitivity increases, operational efficiency often decreases due
to the crushing volume of false positives. Analysts suffering from cognitive overload may
habituate to ignoring alerts, leading to true positives being dismissed—a phenomenon known as
alert fatigue. In this state, the theoretical accuracy of the model becomes irrelevant because the
operational system has failed. Konain, R. (2025) explains in his research that research article is
to explore and imply the psychoanalytical thematic study of an Austrian Neurologist and
Founder of Psychoanalysis Sigmund Freud’s concept of ID, EGO AND SUPEREGO to a short
story of Joseph Conrad ‘‘The Secret Sharer.”” The research paper further explores that how
Freud’s theory helps us to understand the path leading towards the struggle in self-discovery

It is posited that the primary objective of cloud anomaly detection must shift from maximizing
theoretical Area Under the Curve (AUC) metrics to maximizing the distinct quality of
"Actionability." An actionable alert is one that provides sufficient context to enable an
immediate and correct decision (e.g., isolate host, revoke credentials, or ignore). Explainable Al
(XAI) serves as the technological bridge for this paradigm shift. By exposing the internal logic of
detection models—identifying specifically which features (e.g., specific API calls, unusual port
access, or irregular network flow durations) contributed to an anomaly classification—XAl
transforms a raw, numeric alert into an intelligible narrative. The scope of this research
encompasses the design, implementation, and rigorous evaluation of a framework that integrates
post-hoc explainability methods with a state-aware interpretation model, specifically targeting
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the reduction of cognitive load for security practitioners and enabling faster, more accurate triage
decisions. Konain, R. (2024) explains in his research that Charles Dickens’ A Tale of Two
Cities (1859) offers a profound reflection on the tumultuous era of the French Revolution,
illustrating both the noble aspirations for justice and equality, as well as the inevitable descent
into violence and the corruption of power. This research paper explores the complex duality
between revolutionary ideals and the harsh reality of political transformation as depicted in the
novel. Dickens juxtaposes the moral decay of the French aristocracy with the violent radicalism
of the revolutionaries, thereby exposing the cyclical nature of oppression, where victims often
become oppressors once they gain power. Through characters like the Marquis St. Evrémonde,
representing aristocratic cruelty, and Madame Defarge, symbolizing revolutionary vengeance,
Dickens highlights the moral complexities of social change. The novel’s historical backdrop
sheds light on the ways in which legitimate calls for liberty and equality become overshadowed
by personal vendettas and class hatred. Dickens’ narrative warns of the dangers inherent in any
movement that allows anger and revenge to replace the ideals of justice and compassion. This
study analyzes how A Tale of Two Cities critiques both the old regime’s abuse of power and the
revolution’s descent into equally destructive tyranny. Drawing on historical and literary contexts,
this research situates the novel within a broader conversation on political power, moral
accountability, and human vulnerability to ideological extremes. Ultimately, Dickens portrays
revolution as an inescapable response to injustice, but one that holds the potential to replicate the
very systems of cruelty it aims to.

4. Stated Contributions

The field of cloud security and Al transparency is advanced through the following distinct
theoretical and practical contributions:

1. Decision-Centric Framing: A theoretical reconceptualization of anomaly detection that
moves beyond the traditional focus on prediction accuracy. This framing prioritizes the
"actionability” of an alert over raw statistical precision, aligning algorithmic output directly
with the cognitive workflows and decision gates of SOC analysts. It argues that a slightly
less accurate model that is explainable is operationally superior to a highly accurate "black
box."

2. State-Aware Explainability Model: The introduction of a novel Anomaly Interpretation
State Machine (AISM). Unlike static explanation generators that provide a snapshot of
feature weights, this model tracks the progression of an anomaly from raw observation to
actionable intelligence. It dynamically adjusts the level of detail and context based on the
accumulation of evidence (e.g., moving from "Suspicious Network Activity" to "Confirmed
Data Exfiltration™), mirroring the investigative process of a human analyst.

3. Evaluative Framework for Decision Support: A multi-dimensional evaluation
methodology designed to measure XAl efficacy holistically. This framework assesses
success not just through computational correctness (fidelity), but through human-centric
metrics such as analyst confidence, reduction in investigation time (Time-to-Triage), and
response consistency across different operator skill levels. This addresses a gap in existing
literature where XAl is often evaluated solely on algorithmic properties rather than user
utility.
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5. Related Research Context

The integration of artificial intelligence into cybersecurity operations has generated a substantial
body of literature. This review critically examines the progression from performance-oriented
detection models to the emerging demand for interpretability, highlighting the gaps that
necessitate a decision-centric approach.

5.1 Deep Learning Efficacy and Operational Fragility

Recent literature in cloud security has been dominated by the pursuit of detection accuracy using
increasingly sophisticated neural architectures. Studies utilizing Graph Neural Networks (GNNs)
have shown promise in modeling the complex calling relationships between microservices,
effectively detecting structural anomalies in distributed applications where standard time-series
analysis fails [1]. Similarly, deep autoencoders have been extensively applied to dimensionality
reduction and reconstruction error analysis to identify outliers in high-volume system logs [2].
These approaches rely on the premise that a well-trained model can learn the "normal” manifold
of system operation and flag deviations.

However, a recurring critique in operational capability studies is the "fragility" of these models
when deployed in production. Research by Sommer and Paxson [36] originally highlighted the
"semantic gap" in anomaly detection, a problem that persists despite architectural advancements.
Modern studies indicate that while deep learning models achieve high theoretical accuracy (F1-
scores > 0.95) on benchmark datasets, their performance degrades significantly in dynamic cloud
environments due to concept drift—the phenomenon where the statistical properties of "normal*
traffic change over time due to updates, scaling, or user behavior changes [3]. This statistical
instability, coupled with a lack of transparency, results in high false-positive rates that erode
operator trust, rendering high-performing models shelf-ware in practical SOC environments [37].
5.2 The Applicability Gap of Generic XAl Frameworks

Parallel research in the broader field of Explainable Al has produced generalized techniques such
as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-agnostic
Explanations) [4], [5]. These methods attempt to approximate the behavior of complex models
by perturbing inputs and observing output changes. While effective in static domains like image
recognition or tabular data analysis, their direct application to time-series cloud telemetry
remains challenging.

Specific limitations identified in recent surveys include:

e Temporal Dependency: Generic XAl often treats features as independent, failing to
capture the sequential nature of attacks. A security incident is rarely a single log entry; it is a
sequence (e.g., a port scan followed by a brute-force login, followed by a data transfer).
Smith and Johnson [6] demonstrated that standard perturbation methods can break the
temporal coherence of security logs, leading to explanations that are mathematically valid
but semantically nonsensical to a security analyst.

e High Dimensionality: Cloud telemetry often involves thousands of features. Presenting a
raw list of feature attributions (e.g., "Feature 402 contributed 12%") increases, rather than
decreases, the cognitive load on analysts [22]. An analyst does not want to know that
"Packet Size Variance" was important; they want to know if that variance indicates
tunneling or fragmentation attacks.
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e Audience Mismatch: Existing XAl applications in cybersecurity often focus on
"debugging" the model for data scientists—helping them understand why a model failed—
rather than providing "decision support™ for security analysts who need to know what is
happening [7], [8]. The information needs of a data scientist (model hygiene) and a SOC
analyst (threat response) are fundamentally different.

5.3 Human-Centric Security: Trust, Cognition, and Automation Bias

Human-Computer Interaction (HCI) studies in cybersecurity highlight that trust is a dynamic and
fragile variable. The Technology Acceptance Model (TAM) suggests that "perceived usefulness”
is a primary driver of adoption, but usefulness in security is contingent on interpretability. If an
analyst cannot verify the Al's conclusion, they cannot legally or ethically act on it, especially if
the action (e.g., shutting down a production server) has high business impact.

Research by Hoffman et al. [9] and Al-Sultan [10] emphasizes that "trust" is not a binary state
but a calibrated scale. Excessive trust in opaque models leads to automation bias, where
analysts uncritically accept the Al's verdict, potentially missing subtle attacks that the Al
misclassifies [38]. Conversely, insufficient trust leads to "algorithm aversion,” where operators
revert to slower manual methods despite the availability of advanced tools.

There remains a significant gap in the literature regarding systems that dynamically tailor
explanations to the cognitive state of the analyst. Current systems rarely differentiate between the
information needed for rapid triage (Level 1 analysis) versus deep forensics (Level 3 analysis)
[11], [12]. This "one-size-fits-all" approach to explanation often results in information overload,
violating the principles of Cognitive Load Theory (CLT) which posits that effective decision
support must minimize extraneous cognitive processing to allow focus on the core problem [39].
5.4 Adversarial Robustness of Explanation Mechanisms

A critical, emerging area of research concerns the security of the explanation mechanisms
themselves. As XAl becomes a standard component of defense pipelines, it becomes a target.
Recent work has demonstrated the feasibility of "explanation manipulation attacks,” where
adversaries craft inputs that trigger a malicious classification but generate a benign explanation
(e.g., hiding a malware payload behind a "normal” traffic pattern in the explanation view) [40].
This vulnerability underscores the need for XAl systems that are not only interpretable but also
robust against adversarial perturbation—a dimension largely absent from current decision-
support frameworks.

6. Methodology

A design science approach is adopted to address these challenges, constructing a theoretical
framework that integrates machine learning outputs with semantic reasoning. The methodology
focuses on bridging the gap between statistical probability and operational meaning through a
structured interpretation layer.

6.1 Conceptual Reframing of Cloud Anomalies

Traditionally, an anomaly is treated as a discrete, point-in-time event—a single blip on a
dashboard. Here, an anomaly is reframed as a process or state that evolves over time as evidence
is gathered and context is applied. An initial statistical deviation is merely the starting point of an
investigation, not the conclusion. The objective of the system is to move the representation of an
event from a "statistical outlier” (a mathematical fact) to a "security incident” (a semantic
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concept). This requires a transition from observing that something happened to understanding
why it matters. This reframing aligns the Al's output with the incident response lifecycle
(Identification, Containment, Eradication).

6.2 Cloud Evidence Types and Interpretive Roles

To construct meaningful explanations, the system must correlate diverse data sources. A single
metric is rarely sufficient to explain a complex cloud anomaly. Table 1 categorizes the specific
telemetry inputs used to generate the semantic context for XAl outputs, defining their role in the
interpretive process.

Table 1. Evidence Types and Interpretive Value

Evidence Type Examples Interpretive Role

Network Signals Traffic bursts, port scans, | Exposure Indication:
unusual packet  sizes, | Determines if the anomaly
connection duration outliers, | involves external
geo-location anomalies communication,  potential

data exfiltration, or lateral
movement  within the
Virtual Private  Cloud
(VPC). It answers "Where is
the data going?"

Audit Records IAM actions, APl calls, | Intent Inference: Suggests
privilege escalation events, | whether the anomaly is
key rotation logs, security | user-driven (e.g., a logged-

group modifications in admin), automated (e.g., a
service account), or
potentially malicious (e.g.,
unauthorized access
attempts). It answers "Who
is doing this?"

System Metrics CPU spikes, 1/0 pressure, | Impact Assessment:
memory leaks, disk | Quantifies the operational
throughput saturation, | severity and  resource
process list changes degradation, helping to

distinguish between security
attacks (e.g.,, DDoS) and
performance bottlenecks. It
answers "What is the
effect?”

6.3 Explainable Anomaly State Model
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The core of the proposed framework is the Anomaly Interpretation State Machine (AISM).
Unlike a linear data processing pipeline, this model represents the reasoning progression of the
automated system. It formalizes the steps required to construct a coherent explanation, ensuring
that the system does not present premature or unfounded conclusions to the analyst. It acts as a
cognitive guardrail, preventing the system from alerting until sufficient semantic context is
available.
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Figure 1. Anomaly Interpretation State Machine

Raw anomaly score exceeds
threshold

Feature attribution
mapping completed
Example CPU usage and
network port activity
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Semantic label assigned

Example data exfiltration
Response playbook
Actionable recom df

commended
Analyst verification
required

Contextualized

The cycle begins at Observed, where the deep learning model detects a deviation based on raw
loss functions. It transitions to Contextualized when XAl techniques (specifically Integrated
Gradients) identify the specific input features driving that deviation. The Understood state is
reached when these features are correlated with external threat intelligence or heuristic rules to
assign a semantic label (e.g., combining "high outbound traffic" with "unknown IP" to label as
"Exfiltration™). Finally, the Actionable state is achieved when the system has high enough
confidence to recommend a specific response playbook, presenting the analyst with a "Decision”
rather than just a "Problem."

6.4 Explanation Construction Logic

The generation of the explanation follows a decision-oriented tree structure. This ensures that the
explanation is not merely a dump of feature weights (which can be overwhelming), but a
structured argument supporting a specific security conclusion. This structure mimics the
investigative questions a human analyst would ask, guiding them through the evidence logically.
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Figure 2. Decision-Oriented Explanation Tree
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6.5 Evaluation Design

The framework is evaluated across four distinct dimensions to ensure both technical robustness
and operational utility. This holistic approach avoids the common pitfall of optimizing for
accuracy at the expense of usability.

Table 2. Evaluation Dimensions

Dimension Evaluation Focus

Detection Accuracy stability (F1-Score) across varying
noise levels and the latency overhead
introduced by the XAl generation process. It
assesses if XAl degrades system throughput.

Explanation Clarity, coherence, and fidelity (how
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accurately the explanation reflects the
underlying model's behavior versus a
simplified approximation). This measures
the "honesty" of the Al.

Decision Support Analyst confidence levels (measured via
Likert scales) and the guantitative reduction
in "Time to Triage" (TTT). This measures
the psychological impact on the operator.

Operational Value The speed of response and, crucially, the
correctness of the final remediation action
(e.g., blocking an IP vs. restarting a service).
This measures real-world utility.

7. Findings

The evaluation utilized a synthetic cloud testbed capable of generating labeled attack scenarios
(including DDoS, Crypto-mining, and Data Exfiltration) mixed with realistic, legitimate
background noise (e.g., backup routines, software updates).

7.1 Detection Stability Results

A comparative analysis was performed between a baseline opaque LSTM model and the
Explainable-LSTM (X-LSTM) framework proposed herein. Figure 3 illustrates the stability of
detection accuracy across varying levels of system noise. While standard models often fluctuate
significantly in high-noise environments—mistaking benign spikes for attacks—the state-aware
validation inherent in the XAl framework provided a stabilizing effect on the F1-Score. By
requiring semantic consistency (the "Understood" state) before alerting, the X-LSTM reduced
the rate of false positives caused by random statistical noise. The XAl layer effectively acts as a
semantic filter, suppressing anomalies that lack a coherent causal structure.
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Figure 3. Accuracy Stability Across Models
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(Note: Bars represent the Baseline Black-Box Model; The Line represents the State-Aware XAl
Model. The XAl model demonstrates superior resilience and consistency in high-noise contexts.)

7.2 Interpretability and Decision Impact

The most significant and actionable findings emerged from the user study involving Tier-1 and
Tier-2 security analysts. The provision of explanations fundamentally altered the decision matrix
and the psychological state of the operators.

Table 3. Impact of Explainability on Analyst Decisions
Aspect Black-Box Alerts Explainable Alerts Delta
Reason Clarity Low (Ambiguous) High (Causal) +85%
Analyst Trust Limited Strong (Calibrated) +60%
(Skepticism)
Response Weak (Hesitant) Strong (Decisive) +72%
Confidence
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False Positive 1D 15 minutes avg. 3 minutes avg. -80% Time

The data indicates that the "Reason Clarity"” provided by the explanation tree directly contributed
to a massive reduction in the time required to identify false positives. Instead of spending 15
minutes manually verifying an alert by querying raw logs, analysts could dismiss irrelevant
anomalies in under 3 minutes based on the provided context (e.g., seeing that the "anomaly" was
caused by a known backup process).

7.3 Operational Insight Synthesis

The integration of XAl demonstrated a measurable and impactful reduction in cognitive load.
Analysts reported that the "Decision-Oriented Explanation Tree" (Figure 2) allowed them to
effectively bypass the initial 10-15 minutes of manual log correlation typically required to
validate an alert. Furthermore, the consistency of security decisions improved significantly;
different analysts presented with the same explainable alert were 40% more likely to reach the
same conclusion regarding the nature and severity of the incident compared to those viewing
opaque, black-box alerts. This consistency is crucial for standardizing SOC operations and
ensuring reliable incident response, preventing the "luck of the draw" regarding which analyst
picks up a ticket.

8. Discussion

The findings suggest a necessary paradigm shift in how cloud security systems should be
architected. The superior stability of the XAl-integrated model (Figure 3) implies that
explainability is not merely a user-interface feature or a compliance checkbox, but a mechanism
for algorithmic robustness. By forcing the system to validate statistical anomalies against
semantic states (Figure 1), the model implicitly filters out "mathematical™ anomalies—statistical
quirks—that lack "security" substance.

Critically, the research highlights that "Actionability” is often more valuable in a production
setting than marginal gains in raw accuracy. A model with 99% accuracy that produces opaque,
confusing alerts may be operationally inferior to a model with 95% accuracy that provides
immediate, actionable context. The "why" accompanying an alert allows for the rapid dismissal
of false positives, which is currently the primary bottleneck in modern SOCs [13], [14]. An
analyst armed with context can remediate a threat; an analyst armed only with a probability score
can only investigate it.

Compared to traditional SIEM-centric models which rely on static, manually curated rules, the
proposed XAl framework retains the adaptability of deep learning—essential for detecting zero-
day threats—while regaining the interpretability of rule-based systems. This hybrid approach
addresses the "Trust-Accuracy Trade-off" often cited in literature, demonstrating that it is
possible to achieve high performance without sacrificing human understanding [15].

9. Trust, Ethics, and Governance

The deployment of XAl in security necessitates a rigorous discussion on accountability and
ethics. While explanations enhance decision-making, they also introduce the risk of "automation
bias,” where analysts might uncritically accept the Al's explanation without independent
verification, assuming the machine is infallible [16]. It is imperative that explanations include
uncertainty quantification—explicitly stating when the Al is "guessing” based on weak evidence
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or low-confidence feature attribution.
From a governance perspective, XAl facilitates compliance with emerging global regulations
(e.g., the EU Al Act, NIST Al Risk Management Framework) that mandate transparency and
explainability for high-risk algorithmic systems [17]. In the context of cybersecurity, where
automated decisions can result in service termination, data quarantine, or legal reporting
requirements (e.g., GDPR breach notification), the ability to audit the "reasoning” behind a
decision is a fundamental requirement for ethical and legally defensible operations [18]. Without
explainability, an organization cannot justify why it shut down a critical business service in
response to a false alarm.
10. Conclusion and Research Outlook
It has been demonstrated that transforming cloud anomaly detection from a pure prediction task
to a decision-support process via Explainable Al significantly improves operational security
outcomes. By systematically mapping statistical deviations to semantic states and providing
evidence-based narratives, the proposed framework bridges the gap between black-box
complexity and human cognition. The research confirms that the path to autonomous security
lies not just in smarter algorithms, but in algorithms that can effectively communicate their
findings to human supervisors.
Future work will focus on the development of interactive explanations, allowing analysts to
query the model (e.g., "What if this feature were different?") to test hypotheses dynamically in
real-time. Additionally, the concept of adaptive explanation granularity—tailoring the
complexity and technical depth of the output based on the expertise level of the analyst (Tier 1
vs. Tier 3)—remains a promising avenue for further investigation to maximize the utility of
human-Al teaming.
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