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ABSTRACT 

Service accounts (non-human credentials used to facilitate automation, system integrations, and 

machine-to-machine communication) play a vital role in today’s enterprise and cloud 

infrastructures. Given their often-elevated privileges and broad access scopes, these accounts have 

become high-value targets for cyber adversaries. However, conventional security monitoring tools 

frequently fall short in identifying misuse or lateral movement involving service accounts, largely 

due to their distinct and complex usage patterns. This paper presents a data-driven framework that 

leverages machine learning, big data analytics, and real-time anomaly detection to analyze multi-

source log data and uncover suspicious or malicious service account behavior. Emphasis is placed 

on hybrid environments that span cloud and on-premises systems. We also examine key operational 

challenges, including model drift, scarcity of labeled data, and regulatory compliance. The proposed 

approach offers actionable insights and outlines strategies for integrating intelligent service account 

monitoring into broader security operations and incident response workflows. 

1. Introduction 

Service accounts are foundational to modern IT ecosystems, enabling automated processes across diverse 

environments (from cloud-native applications and microservices to legacy systems in on-premises data centers). 

These non-human credentials support essential operations such as continuous integration, data replication, and 

automated backups. However, their elevated privileges and persistent access make them attractive targets for cyber 

attackers. Once compromised, service accounts can be exploited to move laterally or escalate privileges, often 

without triggering conventional security alerts. 

The growing complexity and scale of enterprise infrastructures have outpaced traditional monitoring approaches, 

which are often ill-equipped to detect subtle deviations in service account behavior. In response, data science and 

machine learning have emerged as powerful tools for analyzing vast streams of log data, uncovering patterns that 

would otherwise remain hidden. Among these, anomaly detection has proven particularly effective in flagging 

suspicious behavior, such as unexpected login attempts or anomalous API usage [1]. 

By integrating these advanced analytics techniques into security workflows, organizations can detect early 

indicators of compromise, improve incident response, and reduce the overall risk posed by the misuse of service 

accounts. 

1.1 Research Objectives 

1. Discuss the importance of service account security and the gaps in traditional monitoring. 

 

2. Examine how data science can transform raw log data into actionable insights on anomalous service 

account activity. 

 

3. Propose a high-level architecture for log collection, feature engineering, and anomaly detection in 

diverse cloud and enterprise environments. 
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4. Identify challenges regarding model adaptability, data governance, and operational integration. 

2. Service Account Vulnerabilities and Monitoring Gaps 

2.1 The Role of Service Accounts 

Service accounts are automated, non-interactive identities used to execute critical functions across modern IT 

environments. They are widely employed in: 

● Automation Scripts: Running scheduled tasks, backup operations, and CI/CD pipeline deployments. 

● Inter-System Communication: Establishing persistent connections between services, databases, 

message brokers, and APIs. 

● Infrastructure Management: Provisioning virtual machines, managing cloud storage, auto-scaling 

containers, and rotating credentials. 

Unlike human users, service accounts operate continuously, often with elevated privileges and minimal audit 

oversight. Their ubiquitous presence in cloud-native and hybrid infrastructures makes them difficult to track and 

protect. Because these accounts typically bypass interactive login interfaces, traditional monitoring tools designed 

for human behavior are often ineffective. 

2.2 Common Pitfalls 

Despite their critical role, service accounts are frequently misconfigured or poorly managed, leading to several 

recurring security challenges: 

1. Overprivileged Access: Service accounts are often granted more permissions than necessary, violating 

the principle of least privilege. This misconfiguration significantly amplifies the blast radius of a compromise. 

2. Weak Credential Hygiene: Hardcoded credentials in configuration files, infrequent key rotation, and 

shared usage among teams pose major security risks. Such practices make credentials vulnerable to leakage or 

theft during supply chain attacks or insider threats. 

3. Sparse and Disjointed Logging: Logging of service account activity is often fragmented across 

platforms (cloud logs, identity providers, application-level telemetry) making it difficult to achieve holistic 

visibility or perform forensic investigations. 

4. Unstable Behavioral Baselines: Unlike human users, service accounts may exhibit high variability due 

to automated workloads that scale dynamically. This unpredictability undermines the effectiveness of static 

threshold-based detection mechanisms [2]. 

These vulnerabilities, combined with the lack of centralized behavioral models, leave organizations exposed to a 

class of low-and-slow attacks that can persist undetected for extended periods. 

3. Data Science Foundations for Service Account Monitoring 

3.1 Log Data Ingestion 

Effective monitoring of service accounts begins with a robust and unified data ingestion strategy. Given the 

distributed nature of modern infrastructures (spanning multi-cloud, hybrid, and on-premises environments) data 

must be collected from a wide variety of heterogeneous sources. These include: 

● Cloud Provider Logs: Native telemetry sources (such as AWS CloudTrail, Azure Activity Log, and 

Google Cloud Audit Logs) provide essential information about resource usage, API invocations, and identity 

activity across cloud environments. 

● On-Premises Systems: Traditional logging systems (like syslog, Windows Event Logs, and custom 

application logs) continue to be vital in environments with legacy workloads and internal service orchestration. 
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● Access Management Systems: Identity providers and brokers such as Azure Active Directory (AD), 

and LDAP-based systems generate logs capturing authentication events, token issuance, and privilege escalations, 

critical for attributing actions to specific service accounts. 

● Network and Firewall Logs: Flow logs, DNS logs, and perimeter firewall logs help correlate service 

account behavior with underlying network activity. These logs are particularly useful in detecting lateral 

movement or exfiltration attempts through non-standard communication paths. 

To enable real-time analytics and contextual analysis, these disparate logs must be normalized and ingested into 

a centralized platform, such as a Security Information and Event Management (SIEM) system or a cloud-native 

data lake architecture. The quality and granularity of ingested data directly impact the accuracy of downstream 

detection models. Furthermore, metadata enrichment (such as tagging logs with asset inventory, geolocation, or 

account ownership) can significantly improve the interpretability of model outputs [3]. 

3.2 Feature Extraction 

Transforming raw log data into structured, analyzable features is a foundational step in applying data science to 

service account monitoring. Given the unstructured and high-velocity nature of logs, effective feature engineering 

is essential for detecting subtle deviations in behavior that may indicate misuse or compromise. 

Several categories of features have proven effective for anomaly detection in the context of service accounts: 

● Frequency-Based Metrics: Basic statistical features such as the number of login events, task executions, 

or API invocations over defined time windows (e.g., per hour, per day) provide initial signals of behavioral shifts. 

Sudden spikes or drops in activity levels can serve as early indicators of unauthorized automation or disruption [4]. 

● Resource Entropy: Measuring the diversity of resources accessed (such as unique databases, virtual 

machines, or storage buckets) can reveal anomalous expansion of access patterns. High entropy may suggest 

reconnaissance activity or lateral movement, particularly if new asset classes are involved [5]. 

● Temporal Signatures: Time-based behavioral patterns such as day-of-week or hour-of-day activity 

profiles help establish baselines for routine service account usage. Deviations from these patterns, such as off-

hours access or activity on non-working days, can indicate potential misuse or scripting errors [6]. 

● Sequence Modeling: The order and frequency of actions (such as API calls, system commands, or 

workflow steps) form sequential patterns that can be modeled using techniques like n-grams, hidden Markov 

models (HMMs), or recurrent neural networks (RNNs). Detection of suspicious sequences, including unexpected 

permutations or repetitions, may reveal automation abuse or stolen credentials in action [7]. 

These features not only support traditional anomaly detection algorithms (e.g., isolation forests, clustering) but 

also feed into more advanced behavioral analytics pipelines. The effectiveness of downstream models is tightly 

coupled to the relevance and quality of these extracted features. 

3.3 Modeling and Machine Learning 

Once log features have been engineered, the next step is to employ appropriate data science techniques to identify 

anomalies in service account behavior. Given the lack of labeled attack data and the dynamic nature of service 

accounts, unsupervised and semi-supervised learning techniques are often the most effective. These models can 

surface unusual behavior without requiring a priori knowledge of specific attack signatures. 

1. Unsupervised Learning 

Unsupervised models are commonly used when only benign data is available for training. These approaches aim 

to identify statistical outliers or dense clusters of anomalous behavior in the feature space: 

● Isolation Forest: This ensemble-based method isolates anomalies by recursively partitioning the data. It 

is particularly effective for detecting sparse, unusual usage patterns in high-dimensional log data [8]. 
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● DBSCAN and Local Outlier Factor (LOF): These density-based methods are used to identify data 

points that do not fit into well-formed clusters. They are well-suited for spotting rare service account activities 

that deviate from normative behavior patterns. 

 

2. Semi-Supervised Learning 

Semi-supervised approaches rely on training models exclusively on "normal" activity, flagging any significant 

deviation as potentially malicious: 

● One-Class Support Vector Machines (SVMs): These models learn the boundary of the normal feature 

space, making them useful for flagging novel or rare behaviors in production environments [9]. 

● Autoencoders: Neural networks trained to reconstruct normal log sequences can signal anomalies based 

on reconstruction error. This approach is particularly effective when subtle deviations occur in usage frequency 

or access paths [10]. 

3. Sequence-Based Models 

Because service accounts often follow deterministic workflows (e.g., launching a container, accessing a data store, 

triggering an API), modeling sequences of events can significantly enhance detection accuracy: 

● Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks can capture 

temporal dependencies and detect deviations in multi-step automated tasks. For example, missing steps or 

reordered actions may indicate automation hijacking [11]. 

● Transformer-Based Models: Leveraging self-attention mechanisms, transformers provide context-

aware sequence modeling that scales efficiently to long event streams. These models can detect nuanced anomalies 

in event order, frequency, or contextual embedding, outperforming traditional RNNs in complex environments. 

 

Selecting the appropriate modeling approach often depends on the available data volume, feature complexity, and 

operational constraints such as explainability, inference speed, and resource consumption. 

3.4 Alerting and Feedback 

Once anomalous service account behavior has been detected with a sufficient level of confidence, the next step 

involves translating model outputs into actionable security responses. This process is crucial for ensuring that 

detection results drive meaningful interventions in real-world environments. 

● Alert Generation and Enrichment: Anomalies are converted into alerts and routed to centralized 

platforms such as Security Information and Event Management (SIEM) systems or Security Orchestration, 

Automation, and Response (SOAR) tools. These alerts are enriched with contextual metadata, including service 

account ownership, asset sensitivity, known vulnerabilities, and external threat intelligence feeds. Enrichment 

helps triage alerts based on business impact and risk score, reducing analyst fatigue and prioritizing response 

workflows. 

● Automated Response Mechanisms: In high-confidence scenarios, automated mitigation actions can be 

triggered to contain threats rapidly. Common responses include disabling compromised service accounts, rotating 

credentials, enforcing multi-factor authentication (MFA), or isolating affected cloud instances. These actions can 

be orchestrated via playbooks within SOAR systems, ensuring consistent, low-latency interventions [12]. 

● Human-in-the-Loop Feedback Loops: Security analysts play a critical role in validating alerts by 

labeling them as true positives, false positives, or benign anomalies. This human feedback is fed back into the 

detection pipeline, allowing supervised and semi-supervised models to improve over time. Incorporating analyst 
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insights not only enhances precision but also enables model retraining on organization-specific usage patterns, 

supporting continuous adaptation to evolving environments and threats. 

Ultimately, effective alerting and feedback systems bridge the gap between detection and response, forming the 

operational backbone of intelligent, data-driven cybersecurity. 

4. Reference Architecture 

Implementing anomaly detection for service account activity at scale requires a cohesive and modular architecture. 

This section outlines a conceptual framework that integrates data science techniques into modern security 

operations workflows. 

 

Figure 1: Reference Architecture           Source: Owner’s Own Processing 

1. Data Collection and Source Integration 

The foundation of the architecture begins with the aggregation of logs from diverse environments. These include 

cloud service provider audit trails (e.g., AWS CloudTrail, Azure Activity Logs), containerized workloads, 

traditional on-premises servers, and identity provider. Unified log formatting is essential and can be achieved 

through agent-based or agentless collectors, depending on the infrastructure and compliance constraints. 

2. Stream Processing and Ingestion Pipeline 

Once collected, log data is ingested through scalable, fault-tolerant streaming platforms (such as Apache Kafka, 

Apache Flink, or Spark Streaming) [13]. During ingestion, logs are normalized and enriched (by mapping service 

accounts to organizational units, access policies, or role definitions). This preprocessing ensures consistency 

across diverse sources and prepares the data for efficient feature extraction. 

3. Feature Engineering and Model Inference 

Both batch and real-time processes are employed for feature engineering. Batch pipelines generate higher-order 

features such as time series patterns or entropy scores, while real-time components apply trained models to detect 

deviations in behavior. These models (deployed as lightweight microservices) score incoming events based on 
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statistical thresholds or probabilistic outputs [8]. Events that exceed predefined anomaly thresholds are flagged 

for further analysis. 

4. Alert Correlation and SIEM Integration 

Anomalous activities identified through model inference are routed to a central Security Information and Event 

Management (SIEM) platform. Here, correlation rules combine service account anomalies with other telemetry 

signals such as intrusion detection alerts, firewall logs, or endpoint threat detections [14]. This aggregation 

facilitates contextual triage by security analysts, enabling more accurate prioritization and investigation. 

5. Feedback Loop and Model Governance 

Detection models must evolve in tandem with changing usage patterns and threat landscapes. A structured 

feedback loop allows security analysts to flag false positives and missed detections. These insights feed into a 

governance process that guides model retraining at regular intervals (e.g., weekly or monthly). This retraining 

helps maintain model accuracy while mitigating issues related to concept drift, noise, or new types of service 

account behavior. 

5. Practical Considerations and Challenges 

5.1 Data Quality and Volume 

Service account monitoring depends on high-quality, high-volume log data, often aggregated from cloud and 

enterprise platforms. Managing this scale requires scalable storage systems (such as Amazon S3 or Hadoop 

Distributed File System (HDFS)) paired with ephemeral, cloud-native compute clusters to efficiently process large 

datasets. Ensuring standardized logging formats and synchronized timestamps is essential for effective correlation 

and anomaly detection across systems. 

5.2 Model Drift and Evolving Usage Patterns 

Service account behavior is inherently dynamic. Usage trends may shift due to new service deployments, 

infrastructure changes, or cyclical business activity. These changes can result in model drift, where detection 

algorithms become less accurate over time. Detecting drift involves monitoring statistical shifts in key indicators, 

such as login frequency or session duration. When deviations exceed thresholds, models must be tuned or retrained 

to reflect new behavioral baselines [15]. 

5.3 Adversarial Evasion 

Advanced threat actors often attempt to obscure malicious behavior by mimicking legitimate service account 

activity. This blending complicates anomaly detection and may result in false negatives. To address this, anomaly 

detection should be part of a broader defense-in-depth strategy, incorporating behavioral analytics, network 

segmentation, and privileged access management. These complementary controls increase the likelihood of 

detecting stealthy behavior while limiting lateral movement. 

5.4 Privacy and Regulatory Compliance 

Monitoring systems must account for the privacy implications of log data, which may include personally 

identifiable information (PII) or sensitive operational metadata. Regulatory frameworks such as GDPR and 

HIPAA impose strict requirements on data handling and retention. Employing pseudonymization and encryption 

helps protect sensitive information while preserving analytic functionality. Organizations should align practices 

with standards like those outlined by NIST to ensure lawful and ethical data use [16]. 

6. Future Directions 

6.1 Explainable Machine Learning for Anomaly Detection 

Security Operations Center (SOC) analysts often require clear justifications for why a service account is flagged 

as anomalous. Traditional black-box models can hinder trust and slow incident response. Integrating explainable 

machine learning (XAI) techniques into anomaly detection pipelines enables models to provide human-

interpretable outputs, thereby facilitating quicker triage and investigation [17]. 



Computer Fraud and Security  

ISSN (online): 1873-7056 

 

__________________________________________________________________________________________ 

1208 
Vol: 2025 | Iss: 02 | 2025 

 

6.2 Cross-Cloud Unified Detection Models 

As organizations increasingly operate across multiple cloud environments (such as AWS, Azure, GCP, and hybrid 

on-premises systems) the need for unified monitoring becomes critical. Detection models must generalize across 

diverse telemetry formats and security configurations. Transfer learning and domain adaptation techniques offer 

promising approaches to align detection logic across heterogeneous cloud platforms. 

6.3 Real-Time Adaptive Thresholding 

Static thresholds are often inadequate for detecting anomalies in dynamic environments. Variations due to 

business cycles, system updates, or traffic fluctuations can lead to false positives or missed alerts. Employing 

reinforcement learning or time-aware adaptive thresholding can enable models to adjust sensitivity in real time, 

maintaining accuracy without constant manual tuning. 

6.4 Graph-Based Behavioral Analysis 

Modeling service account interactions as graphs—where nodes represent entities and edges represent access or 

communication—offers a powerful paradigm for anomaly detection. Graph-based methods can uncover lateral 

movement, privilege escalation, or unusual cross-service relationships that may not be evident through traditional 

time-series analysis [18]. 

6.5 Federated Monitoring and Threat Intelligence Sharing 

Given the sensitivity of log data, many organizations are hesitant to share telemetry. However, federated learning 

and privacy-preserving data sharing mechanisms can enable secure collaboration. By sharing anonymized 

indicators of anomalous behavior with trusted partners or industry consortiums, institutions can enhance collective 

threat detection without exposing proprietary or sensitive information. 

7. Conclusion 

Service accounts are critical enablers of automation in cloud and enterprise environments, but their elevated 

privileges and variable usage patterns also make them attractive targets for malicious actors. Monitoring these 

accounts poses unique challenges, particularly in dynamic, multi-cloud infrastructures. Data science offers a 

compelling approach to address these complexities, transforming raw system logs into actionable intelligence 

through feature engineering, machine learning, and feedback-driven model refinement. 

By leveraging statistical and behavioral models, organizations can enhance their ability to detect anomalies 

indicative of misuse or compromise. However, achieving consistent visibility across hybrid environments requires 

more than just analytics. It necessitates standardized logging practices, scalable data processing architectures, and 

adaptive detection strategies capable of evolving alongside operational changes. 

Ultimately, the convergence of data science and cybersecurity holds significant promise. When effectively 

integrated, it empowers security teams to proactively detect and mitigate threats targeting service accounts 

(fortifying the broader digital ecosystem against increasingly sophisticated attacks). 
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