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Abstract 

The research proposes a statistical anomaly detection cloud architecture and automatic data quality 

validation with multi-tenant cloud resource utilization data. A model, based on utilization of XGBoost, is 

utilized to determine hidden overutilization of the resources with high accuracy and with appropriate 

support of precision-recall analysis and confusion-matrix analysis. Pre-model data quality checks are 

automated to ensure that there is an audit trail of reliability. SHAP-based explainability leads to better 

transparency and governance, which proves the efficiency of the framework at the scale of reliable cloud 

monitoring and data quality assurance. 
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I. INTRODUCTION 

Cloud-native frameworks are progressively 

dependent on troves of constantly streaming 

operational data in order to ensure reliability of 

the service, performance optimization, and cost 

efficiency. Dynamism and multiple tenancy 

characteristics of cloud environments make them 

vulnerable to the problems of data integrity and 

the misuse of resources that can go unnoticed 

through conventional monitoring strategies. 

Failure to have valid or accurate data can result 

in poor capacity planning and security 

weaknesses as well as service delivery 

deficiencies [1]. The research centers on the 

utilization of statistical anomaly detection and 

automated data quality validation as requisite 

processes of upholding credible data on cloud 

monitoring. The research analyzes normal 

resource consumption patterns and abnormal 

resource consumption patterns, as analyzed 

utilizing cloud resource usage. This contains 

CPU, disk I/O, memory, and network I/O usage 

statistics recorded through a shared multi-tenant 

environment. This dataset contains a variety of 

workload types and labelled anomalies, 

involving undetected consumptive scenarios 

involving illegal compute-intensive work. 

Outcomes are useful in enhancing real-time 

observability, governance, and reliability within 

contemporary cloud frameworks [2]. The 

research proves a cloud-native architecture to 

enhance the quality of data and anomaly 

awareness through the usage of statistical 

methods to recognize deviations from the 

expected behavior and incorporate automated 

rules of validation.  

Aims and Objectives 

Aim:  

The purpose of this research is to test statistical 

anomaly detection and automated data quality 

validation against the multi-tenant cloud 

resource usage data to improve governance, 

reliability, and observability of the cloud-native 

settings. 
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Objectives: 

 To evaluate cloud resource metrics to 

recognize normal and anomalous usage 

trends within a multi-tenant 

environment. 

 To implement statistical anomaly 

identification approaches for identifying 

concealed resource overuse through 

various workload types. 

 To develop automated data quality 

validation rules for assuring consistency, 

accuracy, and reliability of the cloud 

monitoring data. 

 To examine the usefulness of a cloud-

native framework in enhancing anomaly 

identification and data quality assurance. 

II. LITERATURE REVIEW 

 
Fig 1: Research Flow 

A. The Goal of the Review: 

The review aims at discussing the means to 

utilize statistical anomaly detection as well as 

automated data quality validation methods for 

multi-tenant cloud resource usage data to 

enhance governance, reliability, and 

effectiveness of real-time monitoring. 

B. Study of Previous Literature 

1. Trends of Cloud Resource Utilization in 

Multi-Tenant Environments 

Cloud computing systems are multi-tenant, 

signifying that several users and workloads 

utilize the basic infrastructure. This defines 

cloud resource utilization as having dynamic and 

heterogeneous trends depending on the nature of 

workloads, user behavior, and changes in 

demand over time. Established patterns are 

deviated; a sign of inefficiency, mal-

configurations, or hidden overuse of resources 

can be detected [3]. Measures like memory, 

CPU use, disk I/O, and network I/O are 

predictable based on trends while operating in 

normal conditions and are indicative of routine 

activities on the applications, such as database 

queries, web services, and media streaming.  

 
Fig 2: Multi Tenancy in cloud computing  

Anomalies tend to be highly difficult to notice in 

a multi-tenant environment, as normal 

workloads that are a result of high demand can 

obscure the abnormal behavior. Patterns of 

utilization at an individual user and aggregated 

tenant level can be vital in adequate monitoring 

and governance [4]. The adequate resource 

metric analysis allows identifying the routine 

use patterns, cyclicality, as well as the workload-

related signature. This understanding of the basis 
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can be utilized to assess the statistical anomaly 

detection approaches and automated data quality 

validation. This develops statistically strong 

baselines where abnormal resource consumption 

can be identified within the cloud-native 

monitoring rules. 

2. Statistical Approaches for Detecting 

Anomalies in Cloud Metrics 

The methods of statistical anomaly detection are 

vital in detecting abnormal behavior within the 

cloud resource monitoring data. CPU Usage, 

DiskI/O, MemoryUsage, and NetworkI/O are all 

continuously produced resource metrics as data 

within cloud-native systems. As a result, 

statistical approaches are highly appropriate in 

order to recognize an anomaly against an 

expected behavior. Normal operation limits have 

been set by approaches involving threshold-

based evaluation, calculation of Z scores, 

moving averages, and the utilization of 

“interquartile range (IQR)” [5]. The values of 

resources are more than statistically established 

limits, and the possible anomalies, like hidden 

utilization of resources, can be determined. 

 
Fig 3: Anomaly Detection within the Cloud 

Storage  

Strategies are specifically applicable where there 

is a workload diversity within a multi-tenant 

setting, where there is inherent variation in the 

utilization patterns. Statistical techniques are 

transparent and interpretable, as cloud operators 

know the reason that a data point is considered 

anomalous [6]. Moreover, they facilitate real-

time detection, which has a low level of 

computational overhead, and can be utilized 

within a scalable cloud-native framework. 

Anomaly detection utilizing statistical methods 

is perceived to enhance the accuracy of anomaly 

detection as well as improve the overall quality 

of the data when combined with automated 

validation mechanisms. 

3. Automated Data Quality Validation within 

Cloud Monitoring Systems  

This is significant to do automated validation of 

the data quality to be sure that cloud monitoring 

systems are reliable as well as trustworthy. 

Through cloud-native infrastructure, resource 

metrics in great volumes constantly accumulate, 

and the manual verification of the data is not 

feasible [7]. The automated validation 

mechanisms are utilized to perform predefined 

rules and statistical validations to evaluate the 

accuracy, completeness, consistency, and 

validity of the data on a real-time basis. In the 

case of cloud resource measurements, involving 

memory utilization, CPU utilization, disk I/O, 

and network I/O, validation rules can be utilized 

to detect the absence of values. Values are the 

out-of-range, time anomalies, and the labeling of 

workload resources. 

 
Fig 4: Automated Testing within the cloud 

environment 

Significant in multi-tenant settings, where noise 

or inaccurate data can occur within flawed 

anomaly detection or the wrong interpretation 

that there is overutilization of resources. 
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Ensuring early detection of data ingestion errors, 

as well as the early monitoring of faults before 

spreading into analytical models, is also aided 

by automated validation [8]. An enhanced and 

cost-effective statistical anomaly detection can 

be obtained by integrating data quality checks 

into pipelines of cloud-native monitoring. This 

ensures scalable, resilient, and governance-ready 

cloud data ecosystems. 

4. Cloud-Native Frameworks for Scalable 

Anomaly Detection and Governance 

Cloud-native architectures have the architectural 

support that is needed to obtain scalable 

anomaly detection and proper governance in 

contemporary cloud settings. Frameworks utilize 

distributed processing, containerization, and 

micro services to process high velocity 

monitoring data developed by multi-tenant cloud 

infrastructures [9]. The principles of cloud-

native, the system of anomaly detection, and 

data quality validation can be implemented as a 

modular network of scalable services able to 

work in close real-time. This allows consistent 

monitoring of resource measures, involving 

memory utilization, CPU utilization, disk I/O, 

and network I/O without impacting overall 

system performance. 

 
Fig 5: Multi-Dimensional Anomaly Detection  

Cloud-native frameworks assist in enforcing 

policies automatically, provide auditability and 

observability, keys that are needed to govern and 

comply. Through a statistical anomaly detector 

incorporated with frameworks, it is possible to 

capture both abnormal resource utilization and 

hidden patterns of overuse stringently through 

both tenants and workloads [10]. Moreover, 

cloud-native designs enable easy integration into 

monitoring, alerting, and orchestration tools to 

make it resilient and tolerant to faults. The 

cloud-native frameworks are vital in ensuring 

the integrity, transparency of the operation, and 

confidence in the cloud monitoring systems. 

Literature gap  

Literature discusses in detail cloud monitoring 

and anomaly detection strategies, but little has 

combined statistical anomaly detection and 

automated data quality validation in a cloud-

native, multi-tenant environment. The literature 

can be limited to a few studies covering 

concealed resource overuse using labelled time-

series data, and a gap is observed in unified, 

scalable frameworks that assure data 

governance, integrity, and real-time awareness 

of anomalies. 

III. METHODOLOGY 

Dataset Description 

 
Fig 6: Dataset Description  

The data set contains cloud resource records 

gathered within a multi-tenant setting, which are 

CPU utilization, memory utilization, disk I/O, 

and network I/O. The records are time-stamped 

and identified by a type of workload and user 

ID. The anomaly labels reveal the statistical 

anomaly detection as well as automated data 

quality validation in cloud-native systems 

through signaling normal behaviors and hidden 

resource over-utilization. 

Research Methods  

The research takes a quantitative as well as data-

intensive research perspective in order to 

investigate statistical anomaly identification and 
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automated data quality validation utilizing a 

cloud-native setting. The dataset utilized to run 

the analysis is a cloud resource usage data 

comprised of CPU usage measurements, 

memory consumption measurements, disk I/O 

measurements, and network I/O measurements 

obtained on a multi-tenant infrastructure. The 

first step taken is automated data quality checks 

that can assist in evaluating missing data values 

and duplicate entries, as well as maintain the 

reliability of data before modelling. 

Categorical variables involving the type of 

workload and user identifiers are coded, and 

machine learning analysis can be performed. 

Stratified sampling is then applied to the dataset 

to assess anomaly distribution, where training 

and test sessions are determined [11]. A highly 

trained XGBoost multicast model is utilized to 

identify abnormal resource utilization patterns in 

the system, where the weighted learning is 

applied in cases of imbalance within the classes. 

Detection effectiveness is determined by the 

utilization of precision, recall, F1-score, 

confusion matrix, as well as precision-recall 

curves to determine the overall performance of 

the model. SHAP is utilized to combine 

explainable AI techniques to comprehend the 

contribution of features, along with improving 

transparency [12]. The approach corresponds to 

a cloud-native analytical pipeline to be used in 

identifying anomalies on a large scale, 

controlling them, and ensuring automatic data 

quality assurance. 

 

 

 

 

 

 

 

 

 

IV. DATA ANALYSIS 

Data Preprocessing 

 
Fig 7: Checking the null values  

The figure shows that there are no missing 

values within the dataset of cloud resource usage 

values among all variables, involving the type of 

workload, resource metrics, and the label of 

anomalies. High data completeness is validated 

and allows automated data quality validation, 

which is essential in assuring strong statistical 

anomaly identification along with a correct 

model [13]. It works well within a cloud-native 

monitoring framework. 

 
Fig 8: Checking the duplicates 

This can be seen in this particular research that 

there are no duplicate records within the cloud 

resource usage database. Data consistency and 

integrity are maintained, which are necessary in 

automated data quality validation [14]. The 

result of statistical anomaly identification lacks 

the risk of bias through repeated observations 

within a cloud-native monitoring environment. 

df = data_cloud.copy() 

df['Timestamp'] = 

pn.to_datetime(df['Timestamp']) 

df = pn.get_dummies(df, 

columns=['Workload_Type', 'User_ID'], 

drop_first=True) 
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X = df.drop(columns=['Timestamp', 

'Anomaly_Label']) 

y = df['Anomaly_Label'] 

The mentioned figure shows the preprocessing 

stage of data processing, which consists of 

transforming timestamps as a form of temporal 

consistency, encoding categorical workload and 

user characteristics, and extracting features and 

labels of anomalies. The steps allow validating 

data quality automatically and preparing cloud 

resource metrics to identify statistical anomalies 

in a cloud-native analyst architecture. 

Anomaly Detection Model Using XGBoost 

Classifier Model 

model = XGBClassifier( 

    n_estimators=200, 

    max_depth=5, 

    learning_rate=0.05, 

    subsample=0.8, 

    colsample_bytree=0.8, 

    scale_pos_weight=(y_train.value_counts()[0] 

/ y_train.value_counts()[1]), 

    eval_metric='logloss', 

    random_state=42 

) 

model.fit(X_train, y_train) 

y_pred = model.predict(X_test) 

y_proba = model.predict_proba(X_test)[:, 1] 

The XGBoost classifier is utilized here to 

recognize the anomaly within a cloud-native 

framework. This model is set to process class 

imbalance with the assistance of weighted 

learning and is optimized by depth and learning 

rate pressure parameters. Training multi-tenant 

cloud resource measurements and producing 

class and anomaly probability allows a model 

[15]. This appropriately recognizes hidden 

resource overuse as well as promotes statistical 

anomaly identification, along with automated 

data quality assurance purposes. 

Explainability Using SHAP 

explainer = shap.TreeExplainer(model) 

shap_values = explainer.shap_values(X_test) 

shap.summary_plot(shap_values, X_test, 

plot_type="bar") 

shap.summary_plot(shap_values, X_test) 

SHAP is applied to explainable anomaly 

detection in a data quality system on a cloud-

native platform. SHAP can measure the 

influence of each cloud resource measure and a 

workload characteristic on providing anomalies 

to ensure identification of significant drivers 

involving the consumption of CPU and high-risk 

workloads [16]. This explainability is also 

significantly enhancing the principles of 

governance, auditability, and trust since 

automated decisions in anomaly detection are 

explainable and consistent with the prerequisites 

of data quality validation in multi-tenant cloud 

contexts. 

Evaluation and Model Performance 

print("Classification Report:\n") 

print(classification_report(y_test, y_pred, digits=4)) 

The classification report is applicable to 

discriminate the model of anomaly 

identification. This assesses precision, recalls, 

and the F1-score, which is significant in 

measuring the detection accuracy of unbalanced 

cloud data collections. These measures are 

significant to prove the correctness of statistical 

anomaly detection and to ensure the automated 

data validation of data quality within a cloud-

native monitoring and governance framework. 

V. RESULTS AND DISCUSSION 
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Fig 9: Anomaly Detection Visualization 

The figure assesses the visualization of the 

probability of anomalies projected by the 

XGBoost model in the cloud monitoring records. 

Normal instances cluster around zero 

probability, whereas anomalous instances have 

high probability above the decision threshold. 

The sharp delineation portrays that there is high 

model confidence in differentiating between the 

hidden overuse of the resource and normal 

behaviors. Minimal bordering cases assess 

realistic workload variation within the multi-

tenant cloud environment [17]. This assists in 

evaluating statistical anomaly identification as a 

real-time monitoring and governance tool of the 

cloud. 

 
Fig 10: Displaying the Precision–Recall 

Curve 

The accuracy of the precision is high during 

most recall values, which shows that the 

detection of abnormal cloud resource utilization 

is reliable. The extreme recall values decrease 

drastically, and this is the trade-off of trying to 

capture all the anomalies. This action is 

anticipated in unbalanced data and proves that 

the model fits best to anomaly detection, where 

precision and recall values are more informative 

than accuracy is in cloud-native data quality 

assurance settings. 

 

 
Fig 11: Confusion Matrix 

The confusion matrix features about 3285 

normal cases along with 313 anomalous cases, 

which have been rightfully classified with one 

false positive and one false negative. This very 

low false separation rate shows that there is 

adequate division between the normal and 

unknown cloud resource usage. Balanced 

detection behavior reveals the performance of 

the model being effective in detecting the hidden 

resource overutilization, as well as high 

reliability [18]. This is crucial to automated 

overall data quality validation along with real-

time cloud monitoring. 

 
Fig 12: SHAP Feature Importance  

This demonstrates the most adequate attributes 

that support the decision towards anomaly 
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detection. The leading indicators are CPU usage, 

crypto-mining workload, and memory usage. 

This is consistent with the typical cloud abuse 

trends, which feature heavy workloads of 

compute resources leading to uncharacterized 

usage. Ranking assesses that a model is learning 

indicative, real-world-relevant signals instead of 

the user identifiers [19]. This facilitates readable 

log controllers, considering other regimes and 

anomaly identification. 

 
Fig 13: SHAP Details 

The mentioned SHAP summary plot offers an 

adequate overview of feature values, assisting in 

predicting anomalies occurring in every 

observation. The high CPU load and crypto-

mining workloads, in a continuous nature, skew 

the predictions to anomaly disclosures, whereas 

the low values yield a normal category. 

Heterogeneity in interactions between features, 

as well as variability of SHAP values, influences 

the overall behavior of tenants and workloads 

[20]. This explainability makes the model 

unwarranted, and is a facilitator of automated 

data quality verification through giving feature-

level interpretable outcomes. 

 
Fig 14: Summary of the classification report  

Recall, precision, and F1-values of the two 

classes as reported by the classification report 

are greater than 0.996, and the accuracy is 

0.9994. The recall to anomalies is high, which 

proves the skills of the model to identify the 

misuse of resources, and the percentage of false 

alarms is low. These findings confirm the 

strength of the anomaly detection model and its 

adaptability to scalable, adequate data quality 

assurance and faithful data management tools, 

which can be customized and deployed on cloud 

solutions. 

Discussion:  

The outcomes illustrate that the suggested cloud-

native anomaly identification framework can be 

efficient in identifying hidden cases of resource 

overuse and ensure the data quality and 

dependability. The overall accuracy of the 

XGBoost model is 99.94%, and the recall, 

precision, and F1-value are higher than 0.996 in 

the normal and anomalous classes, signifying 

that it demonstrated strong results in 

performance despite the class imbalance. This 

reliability is further supported by the confusion 

matrix, which indicates that there is a single 

false positive and a single false negative out of 

3600 records, in confirmation of this reliability.  

The precision-recall plot demonstrates a high 

ability to separate the classes and assesses that 

anomalies are detected correctly in a multi-

tenant setup. SHAP explainability indicates that 

the computation of CPU usage and crypto-

mining workloads are the most prevalent in 

anomaly prediction, which assures the relevance 

of the domain and transparency of models [21]. 

Results validate previous evidence that 

automated data quality validation characteristics 
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implement statistical anomaly detection, 

versatile in promoting trust and governance, as 

well as real-time observability in cloud-native 

monitoring frameworks. 

Research Limitations: 

The research is based on one data set on labelled 

cloud resource utilization, which cannot be 

generalized to different cloud systems and real-

life working conditions. Presence of well-

defined anomalies that can be widely separated 

can make detection less challenging as 

compared to much more complicated, unmarked 

as an anomaly, or dynamic situations of resource 

abuse [22]. Additionally, an analysis is not 

performed regarding real-time deployment 

limitations involving streaming latency, peak 

load scalability, and compatibility with cloud 

infrastructures used in production. Statistical and 

supervised machine learning require quality 

labelled data, which is not present in real-time 

cloud monitoring frameworks [23]. This can 

affect the viability of a real-world 

implementation. 

VI. CONCLUSION AND FUTURE 

RESEARCH 

The research shows that statistical anomaly 

identification can be utilized in combination 

with automated data quality validation to offer a 

powerful cloud-native tool to recognize hidden 

overuse of resources. The presented XGBoost-

animated framework was diagnosed with an 

extremely dependable performance in detection 

and can be easily approached with the assistance 

of SHAP explainability. The accuracy, 

explainability, and governance-readiness of data 

assist in establishing the usefulness of scalable, 

explainable analytics in maximizing trust, 

observability, and reliability in operations with 

current multi-tenant cloud environments. 

Future Research: 

The future research can build on the study by 

assessing unsupervised and semi-supervised 

anomaly detection methods to deal with 

situations in which there are only a few or 

changing labels. Innovative possibilities include 

real-time streaming based on cloud-native 

technologies like serverless applications as well 

as Kubernetes [24]. Furthermore, adding 

adaptive thresholds, concept drift detection, and 

cross-cloud data can lead to better scalability, 

resilience, and generalization of automated data 

quality and anomaly identification frameworks. 

Federated learning strategies can be evaluated 

for preserving data privacy through tenants 

while offering collaborative anomaly 

identification [25]. Integration of cost-aware 

optimization can additionally assess anomaly 

identification outcomes. 
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