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Enterprise reporting platforms support organizational analysis through automated reports and analytical dashboards that
process operational and financial data. Despite their widespread use in business intelligence environments, limited research
examines the internal operational behavior of these platforms. Most studies address predictive analytics, enterprise data
management, or system monitoring rather than analytical diagnosis of reporting activities. This study proposes a diagnostic
analytics framework for evaluating performance within enterprise reporting systems. The framework examines report
generation logs, query execution records, and system interaction data to interpret reporting behavior and identify abnormal
execution patterns. The methodological process includes log data collection, preprocessing, feature extraction, and
statistical anomaly detection using report execution time metrics. Several diagnostic indicators support the analysis,
including query processing duration, concurrent user activity, data processing volume, and execution failure frequency.
Analytical results show that most reports operate within normal execution ranges, while a smaller group demonstrates
unusually long execution durations. These events correspond with high database workload and complex query operations.
The results indicate that operational log data provide meaningful insight into reporting platform performance. The proposed
framework offers a structured analytical approach for identifying reporting delays and evaluating system efficiency within
enterprise reporting environments.
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diagnostics; diagnostic analytics; enterprise reporting platforms.
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I. INTRODUCTION

Enterprise organizations rely on reporting
platforms to monitor operational activities, evaluate
business performance, and support managerial decisions.
These platforms operate within business intelligence (BI)
and management information systems (MIS), where data
from multiple operational sources are processed and
presented through reports and analytical dashboards.
Enterprise reporting environments collect information
from databases, transaction systems, and external data
sources. The resulting reports assist managers and
analysts in examining operational performance, financial
outcomes, and strategic indicators. As organizational
data volumes increase, reporting platforms remain a
central component of enterprise information systems
[16]. The growth of enterprise data has increased the
need for analytical systems capable of processing large

datasets. Big data analytics research demonstrates how
organizations analyze extensive datasets to generate
analytical insights and support decision processes [3].
Enterprise analytics platforms also process operational
and financial information through MIS environments.
Financial analytics systems built on MIS platforms have
been wused to analyze financial indicators and
organizational  performance data in  business
environments [2]. Studies on enterprise reporting
systems further show that structured query reporting
supports analytical evaluation of business data in large
organizations [8]. These developments indicate that
enterprise reporting infrastructures support analytical
data processing across multiple organizational functions.
Enterprise reporting systems operate within broader
enterprise infrastructures that include distributed
databases, cloud computing platforms, and enterprise
resource management systems. Data management
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frameworks support secure storage and processing of
enterprise information across digital systems. Research
on enterprise data management examines architectures
designed for reliable information processing in financial
and IT systems [5]. Federated learning approaches also
support collaborative analytics across multiple
institutions without transferring sensitive datasets
between organizations [1]. Blockchain-based MIS
architectures provide transparent information tracking
within digital supply chain systems and enterprise
applications [4]. These studies describe the data
infrastructures that support enterprise analytics and
reporting systems. Operational monitoring systems also
contribute to the functioning of enterprise information
environments. Monitoring frameworks observe system
activity and operational performance within enterprise
infrastructures. Research on automated system
administration has examined monitoring models for
large-scale data center environments [7]. Cloud-
integrated monitoring dashboards provide administrators
with  visual indicators of system workload,
computational resource use, and infrastructure activity
[13], [17]. Network security research also examines
incident response systems that detect irregular system
activity within enterprise networks [14]. Disaster
recovery architectures and high-availability frameworks
address system reliability in enterprise computing
environments [6]. These studies describe mechanisms
used to observe and manage enterprise system
operations. Despite the widespread use of enterprise
reporting platforms, analytical evaluation of reporting
system behavior receives limited attention in current
literature. Many studies address predictive analytics,
enterprise  data management, or infrastructure
monitoring. Fewer investigations examine reporting
system activity itself. In particular, the analysis of report
execution behavior, reporting logs, and query
performance patterns remains limited within enterprise
analytics research.

This study introduces a diagnostic analytics
framework designed for enterprise reporting platforms.
The framework examines report generation logs, query
execution records, and system interaction data to
evaluate reporting system behavior. Diagnostic
indicators derived from operational logs allow
identification of reporting delays, abnormal execution
patterns, and system inefficiencies. The objective of this
research is to present a structured analytical approach
that interprets reporting platform operational data and
provides diagnostic insight into enterprise reporting
system performance.

I1. Related Work
A. Enterprise Reporting and Business Intelligence
Systems
Enterprise  reporting  platforms  support
organizational decision processes through structured
reporting and analytical tools. Business intelligence
environments collect operational data and present results

through reports, dashboards, and analytical summaries.
Previous studies have examined the integration of
analytics within enterprise systems and its effect on
organizational analysis. A systematic review of
enterprise  analytics  examined how  reporting
infrastructures process data from multiple operational
sources to produce analytical outputs [16]. Research on
SQL-driven reporting environments also shows that
enterprise reporting tools support decision support
systems in large organizations through structured query
processing and reporting mechanisms [8]. In addition,
MIS-based financial analytics platforms have been
applied to analyze organizational financial information
and operational indicators in emerging economic
environments [2]. These studies illustrate the role of
enterprise reporting systems in information delivery;
however, most work concentrates on analytical reporting
functions rather than analytical evaluation of reporting
platform behavior.

B. Data Management and Enterprise Information
Systems

Enterprise reporting systems depend on reliable
data management frameworks and scalable information
infrastructures. Research in enterprise data management
has examined data storage architectures, distributed data
processing, and information system integration. Secure
data management frameworks have been proposed to
support enterprise data processing in financial and IT
systems, with emphasis on system scalability and data
integrity across organizational platforms [5]. Other
studies explore federated learning models that allow
multiple organizations to share analytical insights
without transferring raw datasets across institutional
boundaries [1]. Enterprise information systems also
incorporate blockchain-based MIS architectures to
maintain transparency and traceability within digital
supply chains [4]. These contributions highlight the role
of data infrastructure in enterprise analytics systems,
although analytical investigation of reporting system
operations remains limited in these studies.

C. Monitoring Frameworks and Operational
Analytics

Operational ~monitoring systems provide
mechanisms for observing system activity and
identifying performance irregularities within enterprise
infrastructures. Research has examined monitoring
frameworks designed for data centers, industrial systems,
and distributed computing environments. Automated
system administration models have been proposed to
support monitoring and management functions within
large-scale data center operations [7]. Monitoring
dashboards integrated with cloud and edge
infrastructures also provide visual indicators of system
workload, network activity, and computational resource
utilization [13]. Other research examines automated
incident response systems designed for corporate
network environments, where anomaly detection
techniques identify unusual system behavior and security
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threats [14]. Disaster recovery and high-availability
frameworks also contribute to enterprise system
reliability through redundancy mechanisms and
operational recovery strategies [6]. Although these
approaches monitor infrastructure  performance,
analytical examination of reporting system operations
remains a less explored research area.

D. Predictive and Data-Driven
Enterprise Systems

Data-driven analytics techniques have been
widely applied to evaluate system performance and
support analytical decision processes. Big data analytics
methods allow organizations to analyze large volumes of
structured and unstructured information across multiple
application domains [3]. Predictive analytics models
have also been used in enterprise systems to analyze
operational patterns and identify performance trends
within business processes [18]. Analytical platforms
such as production intelligence systems provide
organizations with operational performance indicators
derived from industrial data streams [12]. In cloud
environments, analytics dashboards present resource
utilization  information and system  workload
characteristics for infrastructure management [17].
Although these studies demonstrate the value of
analytical systems for monitoring and prediction, few
investigations examine diagnostic evaluation of
enterprise reporting platforms.

Analytics in

E. Research Gap

Existing literature contains extensive research
on enterprise analytics systems, data management
infrastructures, and operational monitoring frameworks.
However, limited research addresses analytical diagnosis
of operational issues within enterprise reporting

platforms. Many studies concentrate on predictive
analytics, system monitoring, or data management
frameworks, while fewer works examine reporting
platform activity data for analytical diagnosis. In
particular, the analysis of report generation logs, query
execution behavior, and reporting workflow interactions
remains underexplored. This study addresses this gap
through a diagnostic analytics framework that examines
reporting platform operational data to identify reporting
delays, data inconsistencies, and system inefficiencies.

III. METHODOLOGY
A. Research Framework

This study proposes a diagnostic analytics
framework designed to analyze operational behavior
within enterprise reporting platforms. Enterprise
reporting systems generate large volumes of activity data
including report generation logs, query execution
records, and system interaction information. These data
sources contain valuable insights about reporting
performance, execution delays, and system
inefficiencies. The methodology aims to transform these
operational logs into diagnostic information that can
reveal hidden performance issues in reporting
infrastructures. Instead of focusing only on failure
detection after problems occur, the framework analyzes
reporting activities to identify patterns that indicate
abnormal execution behavior and performance

degradation. The proposed framework consists of four
main stages: data collection, data preprocessing and
feature extraction, diagnostic analytics modeling, and
anomaly detection. These stages allow systematic
analysis of reporting system activity and enable
identification of root causes behind reporting delays and
inefficiencies.

Data Collection Interfaces

User Interaction Data

Log Extraction,

Report Generation Logs Query Execution Records

2

Analysis, Query Profiling

Query Performance Analysis

Interaction Pattern Analysis

«I

Anomaly Detection

]

Anomaly Recognition Trend Analysis Behavioral Metrics

Diagnostic Insights

Delay Detection Resource Bottleneck Analysis Query Anomaly Detection

Performance Evaluation

& Reporting

Figure 1: Diagnostic Analytics Framework for Enterprise Reporting Platforms
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The framework enables enterprise reporting
environments to function not only as information
delivery systems but also as diagnostic tools for
monitoring operational performance.

B. Data Collection and Sources

The proposed methodology relies on
operational data generated by enterprise reporting
platforms such as business intelligence dashboards and
automated reporting systems. These platforms maintain
detailed logs that record report execution activities and
database interactions. Three major categories of data are
collected for the analysis. Report generation logs record
report execution events, including report identifiers,
execution start time, completion time, report size, and

scheduling status. These logs provide information about
reporting workload and execution duration. Query
execution records contain information about database
queries triggered by reporting tools. These records
include query processing time, retrieved data volume,
and database response latency. Query data plays a critical
role in understanding delays that originate from backend
data processing. System interaction logs represent user
activity and system events related to reporting
workflows, including concurrent user access, dashboard
refresh frequency, and report scheduling patterns. These
datasets are integrated to form a comprehensive dataset
for diagnostic analysis. Table 1 summarizes the main
variables used in the study.

Table 1: Key Diagnostic Variables

Variable Description Data Source
Report Execution Time | Total duration required to generate a report Report logs
Query Processing Time | Time required for database query execution Query logs

Data Volume

Amount of data retrieved during report generation | Query records

Concurrent Users

Number of users accessing reports simultaneously | System logs

Execution Failure Rate | Frequency of report execution errors

Reporting logs

These variables represent important indicators
of reporting system performance and are used to compute
diagnostic metrics in the analytical stage.

C. Data Preprocessing and Feature Extraction

Before diagnostic analysis is performed, the
collected log data undergoes preprocessing to ensure
data consistency and analytical reliability. Log datasets
often contain redundant records, missing timestamps,
and inconsistent event formats. Therefore, preprocessing
is required to standardize the data. The preprocessing
stage includes log filtering, removal of incomplete
records, timestamp alignment, and normalization of
event formats. After cleaning the data, relevant analytical
features are extracted from the log records.

One of the most important indicators is the
report execution time, which represents the duration
required to generate a report. This metric is calculated as
the difference between the report start time and
completion time.

T =T —-T
exec end start

Where:

T represents the report execution duration,
exec

T represents the report initiation time, and
start

Trepresents the report completion time.
end

Another important metric is the average execution time
of reports across the observation period.

n
T=1%T
n i
i=1
Where:
Ti represents the execution time of report i, and nnn
represents the total number of executed reports.

These metrics provide quantitative indicators
for evaluating the operational performance of reporting
platforms.

D. Diagnostic Analytics and Anomaly Detection

After extracting diagnostic features from the log
data, diagnostic analytics techniques are applied to
identify abnormal reporting behavior. The analysis
focuses on identifying unusual execution patterns that
may indicate system inefficiencies, database bottlenecks,
or excessive reporting workloads. Statistical analysis is
used to evaluate variability in report execution time
across different reports and system conditions.
Significant deviations from average execution behavior
may indicate abnormal system conditions. To detect
anomalies in reporting execution patterns, a statistical
threshold-based detection model is applied. An
execution event is considered abnormal if its execution
time exceeds a defined threshold relative to the average
system performance.

l, T:>T+ko

A = .
(0, otherwise
Where:
A indicates whether report iii is an anomaly,

i
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T represents the average report execution time, Once anomalies are detected, the system
o represents the standard deviation of execution times, analyzes related variables such as query processing time,
and data volume, and concurrent user activity to determine
k is a sensitivity parameter controlling anomaly the potential root causes of the abnormal behavior.

detection strictness.

Data Collection

Report Logs Query Records [l User Interaction

Log Parsing & Profiling

Parsing & Extraction # Query Profiling | Pattern Analysis

Anomaly Detection

Anomaly Algoritims J§ Execution Analysis i Behavior Analysis

Diagnostic Evaluation

Delay Detection Resource Analysis Query Metrics

|ﬁ

|¢-

/

Insights & Reporting

Performance Assessment
& Reporting

Figure 2: Diagnostic Analytics Workflow

This workflow enables enterprise reporting Report execution duration was calculated using the
platforms to support continuous performance monitoring execution time metric:
and diagnostic evaluation. By integrating diagnostic Texec =Tend — Tstart
analytics into reporting environments, organizations can
identify reporting inefficiencies earlier and improve the Where:
reliability of enterprise reporting systems. T represents report execution duration,

exec

IV. DISCUSSION AND RESULTS T represents the report start time, and
A. Evaluation of Reporting Platform Performance start

The diagnostic analytics framework was T represents the report completion time.
applied to operational data collected from enterprise end
reporting platforms. The analysis examines report
execution behavior, database query activity, and system Execution time values were computed for all
workload conditions. These indicators provide insight reports in the dataset. The results show that most reports
into performance stability and operational efficiency complete within a stable time range. A smaller portion of
within reporting environments. Enterprise reporting reports require significantly longer processing time.
systems process scheduled and on-demand reports
throughout the day. Variations in report execution To evaluate overall reporting system performance, the
duration indicate potential performance issues within average execution duration was calculated as:
database queries, system resources, or data processing n
tasks. The analysis begins with measurement of T = 1 Z T
execution duration for each report. - i

i=1
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Where:

Ti represents the execution time of report i, and

n represents the total number of reports.

The results indicate moderate variation in report
execution time. A subset of reports shows noticeable
delays, which suggests the presence of abnormal
execution patterns within the reporting process.

B. Diagnostic Indicators of Reporting System
Behavior

Operational logs provide several diagnostic

indicators that describe system activity during report

generation. These indicators include report execution
time, query processing time, concurrent user activity, and
data processing volume. Each indicator contributes to a
detailed understanding of system behavior. Long report
execution times often correspond to high database
workload or complex query operations. System
workload also increases during peak reporting periods
when several users request reports at the same time.
Table 2 summarizes the diagnostic indicators observed
during the analysis.

Table 2: Diagnostic Indicators of Reporting System Performance

Diagnostic Metric Observed Pattern

Interpretation

Report Execution Time

Moderate variation across reports

Some reports require higher processing time

Query Processing Time

Higher during complex queries

Database workload affects report generation

Concurrent Users

Peaks during scheduled reporting periods | Higher user activity increases system load

Execution Failure Rate Low occurrence

Reporting platform remains operational

Data Processing Volume | Larger for analytical reports

Complex reports  increase database
workload

The results show a relationship between
execution duration and query processing time. Reports
that retrieve large datasets or apply complex aggregation
operations tend to require more processing time. High
concurrent user activity also increases system workload
during peak reporting hours.

C. Identification of Reporting Performance
Anomalies

Detection of abnormal report execution
behavior represents an important objective of the
diagnostic framework. Statistical analysis was used to
identify execution events that deviate from typical
system performance.

An anomaly occurs when report execution time
exceeds a defined threshold relative to average system

performance. The anomaly detection model uses the
following condition:

1, T.>T+ ke

0, otherwise

A —

Where:

A indicates the anomaly status of report i,

i

T represents the average report execution time,

o represents the standard deviation of execution time,
and

k represents the detection threshold parameter.

Reports that exceed the defined threshold are classified
as abnormal events. These reports require further
investigation to determine the source of the delay.

100

80
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40

Number of Reports

20

<1 1-3 3-5

Execution Time (seconds)
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Figure 3: Distribution of Report Execution Time
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The figure illustrates the distribution of report
execution times. Most reports appear within the normal
execution range. A smaller number of reports appear as
outliers with higher execution durations. These outliers
represent potential performance anomalies.

D. Diagnostic Interpretation of Reporting Delays
After anomaly detection, the analysis examines
system indicators associated with abnormal report
execution events. The objective is to identify operational
factors that contribute to reporting delays. The results
indicate that query complexity plays a significant role in
reporting performance. Reports that perform multi-table

joins or large aggregation operations require greater
database processing time. This condition increases
execution duration. System workload represents another
important factor. During peak reporting periods, several
reports may execute simultaneously. High system
demand increases database processing load and may lead
to temporary delays in report generation. The diagnostic
framework identifies these relationships through analysis
of execution logs and query records. The results show
that abnormal report execution events frequently
correspond to periods of high database workload or
complex query activity.

Report Generation Logs

Report Logs Query Execution Time

Log Parsing & Analysis

Query Execution Time Analysis

Query Execution Time Analysis

Excessive Execution Time?

Normal Report
Processing

Yes

h
Report Delay Indicator

Performance Evaluation
& Reporting

Figure 4: Diagnostic Workflow for Identifying Reporting Delays

The workflow illustrates how abnormal
execution events connect with underlying operational
indicators. The analysis supports identification of factors
associated with reporting delays.

E. Implications for Enterprise Reporting Systems
The results demonstrate that operational logs
generated within enterprise reporting platforms contain
valuable information about system performance.
Diagnostic analytics allows systematic examination of
this information. The framework transforms reporting
activity logs into analytical indicators that describe
execution behavior and system workload conditions.
Organizations gain the ability to observe reporting
system performance and identify abnormal patterns
within operational data. The analytical results show that
reporting inefficiencies often originate from database
query workload, large data retrieval operations, or high
concurrent user activity. Recognition of these factors
allows system administrators to evaluate reporting
infrastructure and improve operational stability.

Integration of diagnostic analytics within reporting
environments also supports continuous monitoring of
reporting activities. This approach enables early
detection of abnormal execution patterns and provides
useful information for system performance evaluation.

Limitation of the Study

Several limitations should be considered when
interpreting the results of this study. The analysis relies
on operational log data generated from enterprise
reporting platforms. Logging mechanisms differ across
systems, and some platforms record limited operational
information. Incomplete logs may affect diagnostic
accuracy. The anomaly detection model uses statistical
threshold methods based on execution time distribution.
This approach identifies abnormal values but may not
capture complex relationships among multiple system
variables. Advanced analytical models may improve
detection accuracy in large enterprise environments.
Another limitation relates to system diversity. Enterprise
reporting infrastructures vary in database architecture,

© 2026 | Published by Scholars Middle East Publishers, Dubai, United Arab Emirates 253



Shujath Baig Mirza et al; Saudi J Eng Technol, Apr, 2026; 11(4): 247-256

reporting  tools, and workload characteristics.
Application of the framework in other environments may
require adjustments to diagnostic indicators and data
preprocessing procedures.

V. CONCLUSION

This study presented a diagnostic analytics
framework for examining operational behavior within
enterprise reporting platforms. The framework uses
report generation logs, query execution records, and
system interaction data to evaluate reporting system
performance. Diagnostic indicators such as report
execution time, query processing duration, and system
workload describe operational patterns within reporting
infrastructures. Results indicate that variation in report
execution time often relates to database query
complexity, data processing volume, and concurrent user
activity. A statistical anomaly detection model identifies
abnormal report execution events and supports
examination of possible system conditions associated
with reporting delays. Operational logs from reporting
platforms therefore provide a useful source for
performance analysis and monitoring. Analytical
evaluation of these logs allows organizations to observe
reporting behavior, identify execution delays, and assess
operational efficiency within enterprise reporting
environments.

Future research may extend this framework
through the use of advanced analytical techniques for
anomaly detection and reporting performance
evaluation. Machine learning approaches may capture
complex execution patterns that simple statistical models
may not identify. Additional studies may also examine
real-time monitoring systems that process reporting logs
continuously and provide immediate performance alerts.
Application of the framework in different enterprise
environments would allow comparison across various
reporting architectures and system workloads. Further
investigation may also examine integration of diagnostic
analytics within business intelligence platforms so that
reporting systems support both information delivery and
operational monitoring.
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