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Abstract: Enterprise IT Service Management (ITSM) platform migrations present formidable challenges characterized by
data quality inconsistencies, prolonged manual reconciliation cycles, and substantial post-migration testing overhead.
Current migration approaches depend heavily on manual validation processes and reactive post-migration error
identification, resulting in extended downtime, operational disruptions, and significant revenue losses. To automate the data
validation process and enable the real-time anomaly detection process, this study introduces an adaptive framework that
makes use of Large Language Models (LLMSs). By examining the past successful migration patterns and domain-specific
transformation rules, the proposed system learns to predict error-prone field transformations, spot data inconsistencies
during execution, and provide LLM-powered contextual explanations for detected anomalies. By leveraging comprehensible
natural language explanations for anomalies, this framework addresses the crucial “black-box” issue, which is prevalent in
the automated validation process, enabling quicker root cause analysis and resolution. While adhering strictly to data
privacy regulations like the California Consumer Privacy Act (CCPA) and General Data Protection Regulation (GDPR),
the framework ensures data privacy through encrypted processing and differential privacy mechanisms. The suggested
framework in this research showed a 78% reduction in manual reconciliation effort, an 82% improvement in anomaly
detection accuracy, and an appreciable 65% acceleration in migration completion timelines through thorough evaluation
across multiple ITSM platforms, including ServiceNow, BMC Helix ITSM, and Jira Service Management.
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I INTRODUCTION difficulties for organizations in transferring their ITSM
infrastructure from older platforms, like BMC Remedy CA

» The Critical Challenge: Manual Data Migration in ITSM
Platforms
Migrating Enterprise IT Service Management (ITSM)
platforms is one of the most complex and risky tasks in
modern IT operations [1][2]. Data integrity, consistency, and
operational continuity exhibit previously unheard-of
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Service Desk Manager or Jira Service Management, to more
modern options like ServiceNow, BMC Helix ITSM, or
cloud-native platforms [3][4]. Manual reconciliation
workflows, post-migration testing cycles and labor-intensive
validation procedures are the mainstays of current industry
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practices for ITSM migrations, accounting for 30-50% of all
migration project budgets and timelines [5][6].

The fundamental problem is rooted in the diverse nature
of ITSM data structures, which accounts for the primary
cause of the issue. ITSM platforms have highly customized
field mappings, multi-dimensional relationships between
configuration items, deeply nested hierarchical structures,
and business rule-specific transformations that differ greatly
between organizations, in contrast to Enterprise Resource
Planning (ERP) systems, where data models show relative
standardization [7]. Organizations must reconcile these
discrepancies when moving from one ITSM platform to
another, using tedious manual field mapping, unique
transformation logic, and iterative error correction cycles,
which cause operational risks as well as delays [8][9].

Prolonged and manual ITSM migrations have an
adverse impact on the business operations in multi-
dimensional ways including: operational continuity
disruptions, which can demote the availability of IT services
by 15-25% during the migration windows, accounts for
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adverse revenue impact due to extended incident resolution
time, with manual validation delays increasing the mean time
to resolution (MTTR) by around 40-60% and also carries
compliance risk especially when sensitive customer or
healthcare data is involved in migration processes which may
result in regulatory infractions and reputational harm
[10][11][12].

» Quantifying the Business Impact of Current ITSM
Migration Approaches

The cost of manual data validation in ITSM migrations
has been documented by recent empirical studies. According
to a LinkedIn analysis, manual reconciliation procedures take
around 80 hours on average for every 10000 records. This
implies that the labor costs for large-scale migrations
involving millions of incident tickets, change requests, and
configuration items can exceed USD 500,000 [13].
Organizations report that 8-12% of migrated records have
post-migration defects, which are the errors that go
undetected by manual validation. These errors require
expensive remediation efforts and prolong the post-migration
stabilization period to 6-12 months [14].

Current ITSM Migration Crisis:

Industry Challenges and Associated Costs
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Fig 1 Quantitative Visualization of the Current ITSM Migration Crisis: Industry Challenges and Associated Costs

The quantitative landscape of ITSM migration failures
highlights persistent industry-wide issues that cut across
organizational size and technology platforms. 84% of
organizations encounter serious data quality challenges
throughout the migration activity [15], as evident in the data
visualization [Figure 1]. This statistical visualization
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underscores the systemic nature of the problem rather than
isolated failures. Budget overruns are responsible for
affecting 64% of the migration projects, whereas Timeline
overruns affect 61%, suggesting that the delays and cost
increases are now the new normal rather than exceptional
outcomes. The financial impact is equally concerning, where
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Operational downtime from migration failures costs the
business institutions about $14,000 per minute, summing up
to $840000 per hour of unplanned outage, while manual
validation costs spike at around $4,965 per terabyte of data
[16] [Figure 1]. Organizations report highlights alarming
risks in addition to the operational costs, where 25% report
data loss during migrations, 31% encounter sensitive data
exposure incidents, and the average cost incurred due to
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violations of compliance resulting from such data exposures
is estimated at around $4.45 million per incident. These
figures demonstrate that the scale and complexity of the
contemporary ITSM data migrations process cannot be
efficiently addressed by the manual validation techniques,
underscoring the critical need for methodical intelligent
automation [Figure 1] [17][18][19].

Data Quality Issues During ITSM Migration

= Date/Time Format Errors

= Categorical Mapping Issues

* Referential Integrity Violations
= Missing Values

= Duplicate Records

= Format Validation Failures

» Other Quality Issues

Fig 2 Statistical Vlsuallzatlon of Data Quality Issues During ITSM Migration

From a data quality perspective, organizations
experience significant ITSM migration data quality issues,
which are dominated by transformation-related defects rather
than rare edge cases, meaning prevention measures should
focus on standardization and semantic consistency early in
the pipeline. As per various published reports we could draw
some concerning areas where [Figure 2], Date/Time Format
Errors form the largest share occupying 28%, inferring that
inconsistent timestamp, time-zone format handling, and
parsing rules are the most frequent sources of corruption
which should be controlled through strict canonical date &
time format standardization and automated validation at
ingestion and transformation steps. Categorical Mapping
Issues occupies 22% of the issue distribution. In comparison,
Referential Integrity Violations covers 18%, together
demonstrating that “meaning” and “relationships” are the
next biggest failure points, further implying that poor value
mapping (e.g., status/priority enums) and broken links
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between incidents, users, groups, and configuration items
create widespread downstream reporting and workflow
failures if not reconciled systematically. Missing values an
Duplicates contributes to 16% and 10% respectively
highlighting persistent underlying process and governance
gaps (incomplete source capture and weak deduplication
rules), while the relatively small portions for Format
Validation Failures occupies 4% and 2% contribution of other
issues suggest that basic field-format checks alone are
insufficient, the bigger quality improvements should be
anticipated by strengthening temporal normalization, master
data mapping, and entity-relationship consistency controls
[20][21][22].

Hidden expenses that incur after migration also have a
significant financial impact. Customer satisfaction drops as
resolution times inflate, business continuity is jeopardized by
the inability to promptly resolve incidents because of
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incomplete or corrupted ticket histories, and IT staff
productivity is negatively impacted by time spent on manual
data verification rather than strategic tasks. According to
various research, companies using continuous manual
reconciliation techniques report labor cost reductions of 30—
40% when compared to post-migration batch reconciliation;
however, these improvements are insignificant when
compared to the potential efficiency gains from fully
automated validation frameworks [23][24][25].

» The Role of ITSM in Enterprise Operations

The operational backbone of enterprise IT delivery is
constituted by IT Service Management, which includes
incident management, change management, problem
management, configuration management, and knowledge
management functions in a business management setup.
ITSM has a direct impact on customer satisfaction and the
business continuity management system [26][27]. ITSM
platform modernization is a crucial strategic investment in
modern organizations, which are undertaking digital
transformation initiatives with the goals of enhancing service
delivery, facilitating advanced analytics, and nurturing
organizational agility [28].

However, there are significant organizational and
technical risks associated with ITSM platform migrations.
Data integrity challenges, integration complexity with
interconnected business systems, and compatibility issues
between legacy-platform and target-platform architectures
are the most common examples of the associated technical
risks [29][30]. Complex change management challenges with
user adoption and the need for knowledge transfer are also
attributed to organizational risks [31]. 30-45% of the ITSM
migrations experience impactful delays or demand significant
rework due to the convergence of these organizational and
technical factors [32][33].

» Emerging Technologies and ITSM Migration Landscape

Emerging technologies like Artificial Intelligence (Al)
and Machine Learning (ML) technologies have started to
transform enterprise IT operations, where the applications of
these technologies range from service desk automation to IT
infrastructure  monitoring  [34][35]. However, the
incorporation of Al and LLMs specifically to address the
challenges and risks associated with ITSM data migration
remains nascent. Where most of the existing solutions still
depend on manual validation processes and conventional
ETL (Extract, Transform, and Load) tools [36][37].

Recent developments in Large Language Models
(LLMs) have shown impressive abilities in comprehending
the context, explaining complicated phenomena, and
identifying subtle patterns in data that conventional machine
learning techniques might overlook [38][39]. In tasks
requiring semantic understanding, contextual reasoning, and
natural language generation, LLMs like GPT-4, LLaMA, and
Claude exhibit strong capabilities [40]. These capabilities
offer unprecedented opportunities for addressing the ITSM
migration challenges. LLMs can learn to understand ITSM-
specific data semantics and field transformations and can also
explain the detected anomalies in terms that are
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understandable to businesses. Furthermore, they have
exhibited the capability of modifying their detection logic
when they come across novel patterns in historical migration
data [41][42][43].

Concurrently, developments in interpretable machine
learning and explainable Al (XAl) have created
methodologies to deal with the “black-box” issue in
automated ITSM migration validation [44][45]. Researchers
have developed methods for producing human-interpretable
explanations of model decisions instead of treating anomaly
detection models as opaque decision-making systems
[46][47][48]. These methods include SHAP (SHapley
Additive exPlanations) values, LIME (Local Interpretable
Model-agnostic Explanations), and attention mechanisms
that highlight which data features drove specific predictions
[49][50][51].

» Research Objective and Innovation Positioning

This study aims to bridge a crucial gap at the
intersection of three domains: ITSM data migration
challenges, contextual explanation powered by LLMs, and
the scope of machine learning-driven automation. The main
objective of this research is to create an adaptive framework
that:

e Develops the capability to analyze and learns from
historical ITSM migration patterns, enabling the
framework to identify recurrent patterns and identify
which data-field mappings and transformations are most
likely to produce errors or inconsistencies when
transitioning across various ITSM platforms [52].

e Allows the framework to automatically identify unusual
patterns or potential anomalies in real time by
continuously monitoring the migration process and
comparing the live incoming data against the previously
learned behavioral baselines [53].

e Using LLM models to generate context-aware
explanations for any anomalies found, that help explain
why they happened, what aspects of the migration they
might impact, and direct human operators toward quicker,
more informed root-cause analysis and remedial action.
To enable the capacity to provide a human
comprehensible explanation, Large Language Models
(LLMs) become effective [54][55][56].

e Ensures compliance with established privacy and data
protection regulations (like 1SO 27001, GDPR, and
CCPA) by leveraging differential privacy strategies using
secure encryption techniques and enforcing minimal data-
retention policies throughout the migration and analysis
process [57][58][59][60].

The innovative differentiator of this research lies in the
idea of integration of predictive anomaly detection, which
identifies deviations from expected patterns, with the LLM-
powered contextual explanation, which demonstrates why
and how those deviations matter in the context of business
continuity.  Although anomaly detection has been
incorporated into various enterprise domains, the combined
approach of real-time detection with contextual LLM
explanation, which should specifically be tailored to ITSM-
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specific data structures and migration, has not been explored
in a significant way [61][62][63]. This research, with its main
objective, addresses this gap with a novel approach that
directly addresses the explainability gap in automated
migration validation.

» Current State and Limitations of Existing Solutions
Existing approaches to ITSM data migration validation
fall into several categories:

e Manual validation frameworks: By manually reviewing
and validating the field values and verifying business rule
compliance, domain experts examine the migrated
records against the source systems. Although this method
achieves decent accuracy, it takes up 25-35% of the entire
migration project timeline [64].

e Rule-based automation tools: To identify inconsistencies
during the migration process, conventional data quality
tools mainly rely on predefined validation rules, including
format checks, range validations, referential integrity
constraints, etc. However, these systems are found to be
frequently overlooking complex issues while also over-
flagging legitimate records, in certain situations, because
the tools could not exhibit efficiency in detecting subtle
contextual anomalies or adapt to organization-specific
patterns [65]. And because of the tools’ incapability to
understand the business context, a sizable fraction of
reported issues, about 10% — 15%, are found to be false
positives [66].

e Traditional machine learning approaches: Organizations
occasionally leverage standalone anomaly-detection
models like Autoencoders or Isolation Forests on specific
data attributes [67]. Although these models can draw
attention to statistical outliers, they typically cannot
explain the significance of these anomalies in the larger
context of ITSM migration and are inefficient in offering
much insight into the reasoning behind the results. Their
applicability for operational decision-making is therefore
still constrained [68][69].

e Modern AlOps platforms: Advanced monitoring
correlation and anomaly-detection capabilities across
infrastructure and application performance metrics are
offered by modern AIOps solutions such as Datadog,
Dynatrace, and New Relic [70]. Nevertheless, these
platforms’ direct applicability in this research context is
limited because they are primarily designed for operations
observability rather than for data consistency, validation,
or reasoning during ITSM migration processes [70].

None of these approaches adequately addresses the
combination of: learning from historical migration patterns,
real-time anomaly detection, contextual explanation of
detected issues, and privacy-preserving processing of
sensitive data during ITSM migrations [71][72].

1. LITERATURE REVIEW

» Data Quality in Enterprise ITSM Migrations
The studies conducted by Khatri et al., (2009) in their
foundational frameworks for understanding data quality
governance in enterprise environments and further by
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Ramasamy et al., (2020) established that the notion of data
quality encompasses around six essential dimensions:
completeness, consistency, timeliness, validity, and
uniqueness, in addition to basic accuracy metrics [73][74].
Thalheim et al., (2012). highlighted that due to the
complexity of ITSM data structures and the diversity of
source and target systems, data quality issues, including
inconsistent formats, semantic mismatches, and integrity
violations, are especially noticeable in the context of ITSM
migrations [75]. However, the difficulties of migrating multi-
tenant SaaS ITSM platforms, where data relationships,
custom fields, and business rule implementations differ
significantly across organizations, are not sufficiently
addressed by their framework, which was created before the
cloud era.

According to recent research by Naumann et al., (2000),
data quality issues in the migration process often stem from:
inconsistent data entry practices across various ITSM teams
and business units, inadequate data validation rules in legacy
systems that allowed accumulation of historical data quality
issues, incompatible data type definitions between source and
target systems and loss of semantic meaning during field
mapping [76].

Azeroual et al., (2021d) and Igbal et al., (2019) have
both conducted empirical studies in the field of data
migration. Both of their respective studies have highlighted
the frequency and significance of data quality problems in
large-scale enterprise migrations. For example, the
inadequate validation and verification processes during
migrations, particularly when complex transformations and
heterogeneous data sources are involved, have highlighted
the strong correlation between persistent inconsistencies and
integrity errors in the target system have been highlighted in
the studies. When compared to early detection and
intervention during the migration lifecycle, researchers have
found that late-stage issue discovery can considerably raise
remediation costs and extend project timelines [77][78].
These unresolved errors not only reduce operational
reliability but also increase the effort and resources required
for post-migration reconciliation and correction. According
to Igbal et al., (2019), rigorous validation frameworks and
systematic quality checks, therefore, should be stressed as
being essential in reducing residual error rates and the
resulting business disruption that follows inferior or
inefficiently governed migration activities [78].

> Approaches to Anomaly Detection

According to the research by Abedjan et al., (2016),
anomaly detection has advanced recently, particularly for
data pipeline and ETL contexts, and suggested methods for
constraint discovery-based automated error detection in data
pipelines [79]. Their research demonstrated that 70-85% of
anomalies could be identified by machine learning models
trained on historical data quality patterns without the need for
explicit constraint specification, greatly lowering the effort
required for manual rule definition.

Darban et al., (2024), in their published research, have
discussed that deep learning has significantly increased the
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accuracy of anomaly detection in time series data. With false-
negative rates (missed anomalies) of 8-12% on standard
benchmarks, autoencoders, a class of neural network
architecture that learns to compress and reconstruct data, have
shown excellent performance in identifying anomalous
patterns in operational data [80]. However, the inefficient
interpretability of conventional deep learning techniques
makes it challenging for human operators to understand why
particular data points were identified as abnormal, as
established in the study of Han et al., (2021) [81].

» Large Language Models in Enterprise Contexts

The development of Large Language Models have
fundamentally transformed Natural Language Processing
(NLP) and have also facilitated new possibilities for
contextual reasoning and explanation generation, as
discussed by Brown et al., (2020) [82]. The studies of Chen
et al., (2024), Liu et al. (2024), and Nascimento et al. (2024)
have demonstrated appreciable generalization abilities of
Large Language Models like GPT-3, GPT-4, LLaMA,
Claude, and other contemporary LLMs (e.g., Med-LLM) in
diversified domains such as financial analysis, healthcare,
and medical diagnosis reasoning and code generation
[83][84]1[85].

Recent researches conducted by Wu et al. (2025) and
Yang et al. (2025) studied the application of LLMs
specifically in anomaly detection tasks and developed ICAD-
LLM (In-Context Anomaly Detection with Large Language
Models), which makes use of LLMSs' in-context learning
capabilities to find anomalies in a range of data, including
time series, system logs, and tabular records [86]. Their
framework significantly reduced deployment costs and made
it easier to quickly adapt to new domains. It also showed
strong generalization to previously unseen tasks and achieved
competitive performance with task-specific anomaly
detection methods [87].

Furthermore, Cherkaoui et al., (2025) studied the
significance of prompt design and the interpretability of
LLM-generated explanations for time series anomaly
detection. They discovered that although LLMs are capable
of identifying anomalies, the state-of-the-art deep learning
and machine learning models continue to outperform them in
terms of raw detection accuracy, however LLMs are
particularly good at producing understandable explanations
for anomalies that are detected [88]. The value proposition of
incorporating LLMs into the suggested ITSM migration
validation framework is directly supported by this finding.
Although specialized anomaly detectors may be able to
identify issues more accurately, LLMs are able to explain
those issues in terms that facilitate quick resolution.

I11. METHODS AND METHODOLOGY
A. Data Collection and Characterization
» Data Acquisition Framework

We used two complementary data sources for this study
to establish and validate the proposed:
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e Primary Data Source: Data of historical ITSM migration
records data from 47 documented ITSM platform
migrations that were carried out between 2019 and 2025
were gathered for this study. These migration data
covered a range of platform combinations, including 18
instances of ServiceNow migrations, 12 instances of
BMC Helix ITSM migrations, 10 instances of Jira Service
Management migrations, and 7 instances of Zendesk
migrations. Each project had approximately 500,000 to
5,000,000 ITSM records, including knowledge base
articles, configuration items, incidents, change logs,
problems, and service requests.

For each migration project, the data collection process
extracted the following information:

v" Source system configuration: Field names, data types,
custom field definitions, and validation rules, which are
a part of the source system configuration, were
extracted.

v’ Target system configuration: Target field structure,
required fields, allowed value ranges, which are target
system configuration data extracted for this study.

v' Mapping specifications: Field-to-field transformation
rules specified during migration planning are known as
mapping specifications, which were extracted as a part
of the data collection and extraction process.

v' Execution logs: Documentation of all data
transformations used in the migration process, including
indicators of success and failure, was extracted in the
process to understand execution patterns

v" Post-migration validation results: Record counts, field
value inconsistencies, and data type errors were among
the differences found between the source and target
systems.

v" Timeline data: Dates and times of ITSM migration
execution, validation cycles, and error remediation
activities.

e Secondary Data Source: A stratified random sample of
8,500 migrated records from the 47 migration projects
was manually reviewed, using data science, to produce
labeled training data for supervised learning models. The
reviewed record was then annotated with the following
information for data quality issues: (a) If there are any
data quality issue (YES/NO); (b) Type of data quality
issue (missing data, incorrect format, referential integrity
violation, or semantic error); (c) The root cause of the
issue (source data quality problem, transformation logic
error, schema incompatibility); and (d) The severity of the
business impact (high, medium or low).

Fleiss” kappa coefficient [89] was used to assess inter-
rater reliability, and the result was 0.82, indicating significant
agreement among annotators for the classification of data
quality issues.
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» Sample Size and Dataset Composition

Geographical Stratification of The Sample Dataset

= North American
organizations

®= European Union
organizations

= Asia-Pacific organizations

Other Regions

Fig 3 Geographical Stratification of the Sample Dataset

47 million ITSM records from all migration projects Union organizations  (considering GDPR  governed
were included in the combined dataset, which was organization), 7% of the data comprised of Asia-Pacific
geographically distributed as follows: 62% data from North organizations and rest 3% of the data were acquired from
American organizations, 28% data acquired from European other regions (which are governed by CCPA) [Figure 3].

Domain Specific Stratification of The Sample Dataset

= Financial Services

= Technology Firms

g

22% » Healthcare Organizations
Other Industries
v
L%

Fig 4 Domain Specific Stratification of the Sample Dataset
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Apart from the geographical stratification, domain- occupying 28%, healthcare organizations with 22% of the
specific stratification comprised of financial services, which proportion, and 15% proportion from other industries [Figure
made up 35% of the dataset, followed by technology firms 4].

Stratification of Dataset By Record Type

® Incident records

= Change records
N ' Problem records
Configuration records

= Service requests

Fig 5 Stratification of Dataset by Record Type

The sample dataset, for this study, by record type is these types of discrepancies were present in more than
composed of: Incident records: 50%; Change records: 21%; two field combinations.
Problem records: 10%; Configuration records: 11%; Service e Accuracy Metrics: 2000 records were manually sampled,
requests: 8% [Figure 5]. and the results showed that 94.1% of field values matched
the expected values based on source data. However, three
B. Data Processing, Cleaning, and Normalization Pipeline categories accounted for the 5.9% error rate, which are:
(a) date/time format conversions accounted for 2.3%; (b)
» Data Quality Assessment and Profiling categorical field mappings contributed for 1.8%; and (c)
For this study, comprehensive data profiling was carried calculated fields requiring complex logic with 1.8%.
out before proceeding to model training in order to
understand the baseline characteristics of data quality. The » Data Cleaning and Normalization Process
profile analysis revealed the following: For the data cleaning process, eight sequential steps

were implemented for this research:
e Completeness Metrics: Source system records showed

94.2% field completeness on average, while custom fields e Step 1: Standardization of Temporal Data- Records with
exhibited only 67.3% completeness. Post-migration, field timestamps were normalized to 1SO 8601 format and the
completeness showed no inconsistency, validating that UTC time zone. The analytical findings revealed that
the transformation logic maintained patterns of data 12.3% of records had missing time zone information in
presence or absence. the source systems, which led to a misalignment of about
o Consistency Metrics: It was found that data inconsistency one hour. To preserve data integrity, these records were
was present in 8.7% of the migrated records (e.g., labeled with low confidence indicators rather than being
“Resolved” incident status got coupled with a non-zero imputed.
“remaining effort” field), indicating errors in the e Step 2: Categorical Field Standardization- ITSM systems
transformation logic. In 12 out of 47 migration projects, often employ different categorical values (e.g., “Open” vs

“In Progress” for the incident status). For every migration
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project, a documented mapping matrix was created that
detailed the categorical transformations used. Records
with unmapped categorical values accounting for 0.8% of
the dataset were marked for human review.

Step 3: Handling Missing Values- Analysis of missing
values revealed that missingness was related to structured
patterns associated with variations in business processes
rather than being random (Missing Completely at
Random or MCAR). For instance, 23% of records with
incident resolution times under an hour lacked resolution
note fields, indicating the need for alternative business
procedures for quick fixes. Missing values were preserved
using “not applicable” indicators instead of statistical
imputation.

Step 4: Duplicate Record Detection- Levenshtein distance
[90] on concatenated key fields (ID + timestamp +
requester) and fuzzy matching on description text
(threshold 0.85 similarity) were used to identify 2.1% of
records as likely duplicates. The detection method was
then validated by manual review, which revealed that
89.3% of the flagged duplicates were actual duplicates.
Step 5: Referential Integrity Validation- The migration
records were examined for violations of referential
integrity (e.g., incident referencing a non-existent user or
team). Referential integrity violations were found in 1.3%
portion of the records, mostly because of teams or users’
details being deleted after the incident was closed.

Step 6: Format Validation- The migration records were
verified against expected data type and format
specifications (such as IP address, phone number, and
email address formats). It surfaced format errors in 3.2%
of records, mostly in user contact information fields.
Step 7: Outlier Detection- When the records were pushed
through the lIsolation Forest anomaly detection process
[91], with a contamination parameter of 0.02, it isolated
2% of the records identifying as statistical outliers. The
manual review process identified 67% of the outliers that
were flagged as legitimate business variations (e.g.,
unusually long incident resolution times for complex
issues).

Step 8: Feature Engineering- Timestamp fields (hour of
day, day of week, month, season) were used to create
temporal features for adaptive and learning modeling.
Where categorical features were one-hot encoded, and
aggregation features were computed (e. g, “incident count
per user” derived from historical patterns). Furthermore,
three migration-specific features were engineered:
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transformations), and “Complexity score” (based on field
count and transformation rule complexity).

» Data Output Specification

Following the data cleaning process, the derived dataset

contained 44. 3 million valid records (5.7% being eliminated
during the cleaning process), 247 total features per record
(including engineered features), 35 features specific to the
ITSM domain, and temporal coverage from January 2019 to
December 2025.

C. Large Language Model Selection and Justification

> Criteria for LLM Model Selection

For this study, we considered five criteria for evaluating

and grading appropriate LLM models:

Contextual understanding capability: This criterion is to
evaluate the model’s capacity to accurately interpret
ITSM-specific terminology workflows and semantic
relationships, allowing it to reason about anomalies and
data in accordance with underlying business and service
management contexts.

Inference speed: In order to evaluate and understand that
anomaly detection and analysis can be carried out in
almost real-time during active data migration, without
causing delays that interfere with the migration process,
this parameter was taken into consideration when
evaluating the model’s effectiveness.

Cost efficiency: The purpose of this criterion is to assess
whether the model’s computational and operational
resources are cost-effective while considering the
widespread enterprise deployment, while maintaining
appreciable performance and dependability.
Explainability quality: This parameter was taken into
consideration in order to evaluate and assess the model’s
capability to generate clear, concise, and business-
interpretable explanations for anomalies that were
detected, allowing the stakeholders to comprehend the
importance and take the necessary corrective action.
Privacy compatibility: To ensure the data governance,
protection, and confidentiality requirements are upheld
throughout the model’s development, training,
deployment, and applications, it is imperative to evaluate
the models with this criterion. This evaluation helped us
to assess the models’ capability to process consumer or
sensitive data in compliance with established and

“Source platform compatibility score” (based on generalized data security, protection, privacy, and
documented platform differences), “Field transformation regulatory frameworks.
risk score” (based on historical error rates for specific
> Evaluated Models and Performance Comparison:
Table 1 Large Language Model Evaluation Results
Model Context Inference Cost per 1K Tokens Explainability Privacy Support
Window Latency P Rating y supp
GPT-4 128K tokens |  2-3 seconds $0.03-0.06 Excellent API-based (external
processing)
Claude3 | 200K tokens | 1-2 seconds $0.015-0.075 Excellent API-based (external
processing)
(Gpus)
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LLaMA 2 ~$0.01 .
(70B) 4K tokens 0.5-1 second (self- hosted) Good On-premise capable
Mistral 7B 32K tokens 0.2-0.5 seconds ~ $0.005 Moderate On-premise capable
(self- hosted)
Phi 3.5 Mini 128K tokens 0.1-0.2 seconds ~ $0.002 Moderate On-premise capable
(self- hosted)

> Selection of Model and Justification:

LLaMA 2 70B, with domain-specific fine-tuning, was

selected as the primary model based on the following
rationale derived from the above evaluation [Table 1]:

Optimal balance of capabilities: The 70B parameter
variant of LLaMA 2 avails strong contextual
understanding (Touvron et al.,, 2023) [92], which
maintains reasonable computational requirements for
enterprise deployment while being essential for ITSM
domain reasoning.

Self-hosting capability: With respect to deployment and
implementation flexibility, in contrast to API-based
models, LLaMA 2 70B was found to be capable of getting
implemented “on-premise” [Table 1], within the
organizational infrastructure. This also infers that the
model and implementation allow for compliance with
GDPR Article 44 restrictions on the transfer of personal
data, as well as data privacy protection and regulatory
compliance requirements [93].

Fine-tuning capacity: In terms of fine-tuning capacity,
LLaMA 2 70B variant exhibited support for Low Rank
Adaptation (or LoRA), which is a parameter-efficient
fine-tuning technique. Which enables customization for
ITSM-specific domain terminology and business logic
without requiring GPU resources at scale [95].

Inference efficiency (latency): The benchmarking process
of inference latency indicated the average inference
latency of the LLaMA 2 70B model was found to be
approximately 0.5 to 1 second per prompt, which
confirms the suitability of the model for real-time
anomaly explanation within ITSM-migration processing
pipelines.

Cost structure: Self-hosted deployment capability of
LLaMA 2 70B makes the enterprise-scale deployment
economically feasible, by enabling a marginal cost per
inference of $0. 001-0.002 (primarily computational).

. System Architecture and Integration Framework

End-to-End Workflow Architecture
The proposed system architecture comprises five

integrated components [Figure 6]:

IJISRT26JANG89

Data Extraction &
Feature Engineering

LLM-Powered

Explanation

Remediation
Recommendation

Process Execution
& Monitoring

Fig 6 End-to-End Five-Step Integrated Workflow of the
Proposed Architecture

Component 1: In the data extraction and feature
engineering stage of the workflow, the process extracts
records from source ITSM systems and computes features
described in Section 3.2.2. Scalable implementation using
Apache Spark processes 100,000+ records/second in
batches or mini-batches.

Component 2: During the anomaly detection phase, the
framework uses an ensemble of machine learning models
(supervised classifiers trained on labeled data in addition
to an Isolation Forest for unsupervised detection) to find
and identify suspicious records. It produces confidence
metrics and anomaly scores ranging from 0 to 1. Batch
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processing was found to have a processing latency of 50—
100 ms/record.

Component 3: LLM-powered explanation phase creates
prompts summarizing the following for records which are
marked as anomalous (score> 0.7): (a) the particular data
values that caused the anomaly flag, (b) the expected
values based on historical patterns, and (c) the field type
and context. Then it sends the prompts to the LLaMA 2
70B model. And as output, it produces a natural language
justification for the anomalous record along with
recommendations for corrective action.

Component 4: The LLM makes suggestions during the
remediation recommendation stage, such as requesting
more information, applying automatic correction (low
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risk, high confidence), or flagging for manual review
(high risk). The confidence scores are also tagged to the
recommendations to allow for tiered response protocols.
Component 5: The process execution and monitoring
phase uses REST APIs (Representational State Transfer
Application Programming Interfaces) to integrate with the
target ITSM platforms (like ServiceNow, BMC Helix,
Jira Service Management) to apply the corrections, update
records, or even halt the migration while it gets reviewed
by a human, when required. The complete audit (monitor)
logging system keeps track of all decisions, actions, and
corrections.

Hyperparameter Configuration

Table 2 Hyperparameter Configuration Details Along with the Rationale
Component Hyperparameter Value Rationale
Isolation Forest Contamination 0.03 3% baseline anomaly rate based on historical data analysis
Isolation Forest n_estimators 100 Balance between detection accuracy and computational cost
Isolation Forest max_samples 256 Fixed subsampling for consistent behavior
Supervised Classifier Model Type XGBoost Superior performance on tabular data with mixed feature types
XGBoost max_depth 6 Prevent overfitting while capturing complex patterns
XGBoost learning_rate 0.1 Conservative learning rate for stable training
Anomaly Threshold Score Threshold 0.7 Flags 2-3% of records, balancing precision/recall
LLM Inference Temperature 0.3 Low temperature produces deterministic explanations
LLM Inference max_tokens 200 Sufficient for detailed explanations without verbosity

The suggested architecture has been calibrated to

achieve a balanced trade-off between detection accuracy,
computational efficiency, and interpretability based on the
configured hyperparameters [Table 2]. To ensure realistic
anomaly sensitivity, the Isolation Forest was initiated with a
contamination rate of 0.03, which was in line with the

empirically observed baseline anomaly proportion

in

historical data. To minimize computational overhead and
maintain consistent isolation behavior, 100 estimators with a
fixed subsampling size of 256 were employed. XGBoost was

selected for

supervised classification because of its

outstanding performance on heterogeneous tabular data. And

to

capture non-linear patterns while minimizing overfitting

and ensuring stable merging, a maximum tree depth of 6 and

a

learning rate of 0.1 were employed. An anomaly score

threshold of 0.7 was used to maintain 2-3% of records as
anomalies in order to balance precision and recall. Finally,
the LLM-based inference module is set up with a low
temperature of 0.3 to generate deterministic, consistent
explanations, and a maximum token limit of 200 guarantees

that

explanations are sufficiently detailed without

unnecessary verbosity, supporting interpretability at the
business level.

>

AN NI NN
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System Configuration:
Minimum System Configuration for Training:

GPU: NVIDIA A100 (40GB memory) or equivalent
CPU: Intel Xeon or AMD EPYC (16+ cores)

Memory: 256GB RAM

Storage: 2TB SSD for model checkpoints and training
data

v

v

>

Network: 10Gbps connection for data ingestion.
Minimum System Configuration for Deployment:

GPU: NVIDIA A10 (24GB memory) or A100 (for high-
throughput deployments)

CPU: 8+ core processor for feature engineering

Memory: 64GB RAM

Storage: 500GB SSD for model weights and temporary
processing

Network: 1Gbps minimum for migration data processing

ITSM Platform Integration Specifications:
The framework was structured to facilitate integration

with major ITSM platforms through standardized API layers:

WWW.ijisrt.com

ServiceNow Integration: - For ServiceNow, REST API
[96] and MID (Management, Instrumentation and
Discovery) Server [97] were used for data access
enablement. Transform Maps were implemented for the
field-level data validation process. For automated
remediation workflows, ServiceNow Flow Designer was
integrated. Custom Scoped Applications were used to
process data within the ServiceNow environment.

BMC Helix ITSM Integration: - The BMC Helix Data
Management tool was used to connect to the BMC Helix
ITSM. Implemented validation rules in the Business
Rules Framework of BMC. Leveraged BMC’s native
anomaly detection capabilities for baseline detection.
Custom integrations via REST APl [96] and data
export/import mechanisms were implemented.

Jira Service Management (JSM) Integration: - For JSM,
utilized Jira Cloud REST API for ticket data access and
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updates, and integrated with Atlassian Intelligence
(Atlassian’s Al platform) [99][100] where applicable.

Custom webhook handlers were implemented for real- .
time validation triggers, and Jira automation rules were
leveraged for data validation.

E. Data Ingestion, Processing, and Model Deployment
Lifecycle

» Data Ingestion Pipeline
There are three stages to the data ingestion pipeline
process:

e Phase 1: Source System Extraction (T0)- In the phase of
source system extraction, it establishes an authenticated
APl and database connection to the source ITSM
platform. And uses offset/ pagination techniques to >
extract records in batches of 10,000. By computing
cryptographic checksums (SHA-256) for each batch, it
assures data integrity. Standard enterprise ITSM systems

https://doi.org/10.38124/ijisrt/26jan689

are estimated to have a throughput of 100,000 records/
min.

Phase 2: Data Quality Gating (T1)- In the data quality
gating phase, it conducts preliminary data quality checks
to confirm data type conformance, validates the JSON
schema compliance, and checks for required fields. The
records that fail the gating checks are handled separately
and put in isolation.

Phase 3: Feature Computation (T2)- In this phase, the
feature engineering transformations are applied. 247
features are calculated for each record; results are then
optimized for further machine learning processing and are
stored in columnar format (Parquet). Processing latency is
estimated to be 50-100 ms/record, contingent on the
complexity of the features.

Data Funnel and Processing Methodology

| Incoming Records 44 .3

43.1

(3%

85K

814K

million

million (97.3% pass rate)

million

1.29 million flagged

of records)

814K (2.3%)

729K (89.6%)

(10.40%)

Fig 7 Graphical Representation of Data Funnel and Processing Workflow
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The data funnel and data processing workflow are
illustrated in the above graphical process flowchart [Figure
7]. In this study, 44.3 million datasets of raw records were
ingested into the system from upstream sources at the start of
the process. The records then underwent validation and
quality checks (completeness, consistency, and integrity),
where approximately 97.3% of the incoming data met the
predefined quality thresholds and proceeded further, while
the remainder was discarded or quarantined. Relevant
analytical and contextual features were calculated for every
quality-approved record in order to facilitate downstream
anomaly detection; no volume reduction took place at this
stage, indicating complete feature generation for every valid
record. Advanced detection logic identified a tiny subset of
records with unusual or suspicious patterns during the
anomaly detection stage. Only about 3% of the processed
records were marked for additional examination at this stage,
indicating a significant funnel narrowing. || Confidence
scoring and thresholding separated the anomalies that were
first reported as having a high probability of being real
anomalies, which further decreased false positives. The Large
Language Model produced a human-readable contextual
explanation for each high-confidence anomaly, facilitating
interpretability and assisting with well-informed remediation
choices. At this point, full coverage is indicated by the record
count being constant. A high automation success rate was
demonstrated by the fact that most of the explained anomalies
were automatically fixed through predetermined remediation
actions. To ensure governance, accuracy, and risk control, a
residual subset of cases that the automated logic was unable
to definitively resolve was sent for human intervention.

» Model Training Process
The training process was carried out on a GPU cluster
for over 40-50 hours of wall-clock time in five stages:

e Stage 1. Data Preparation (4 hours) - The dataset was
divided into several splits: 70% for training (30.6M
records), 15% for validation (6.46M records), and 15%
for testing (6.46M records). SMOTE (Synthetic Minority
Over-sampling Technique) was used to address class
imbalance by oversampling anomalous classes from 3%
to 10%, in order to improve model learning.
StandardScaler was used to normalize the numerical
features. Target encoding was leveraged to encode
categorical features.

e Stage 2: Baseline Model Training (16 hours) — To create
an unsupervised baseline for anomaly detection, the
Isolation Forest model was trained for over 2 hours. A
supervised XGBoost classifier was then trained, which
took about 14 hours of time and used labeled data to
capture  more complex  decision  boundaries.
Hyperparameters for the XGBoost model were then tuned
using Bayesian optimization [98] which involved
evaluating 100 potential configurations. The Isolation
Forest classifier achieved an AUROC (Area Under the
Receiver Operating Characteristic curve) of 0.83 during
model validation, while the XGBoost classifier achieved
a higher AUROC of 0.89.

o Stage 3: Ensemble Integration (4 hours) — In this stage, a
stacking ensemble method was used to combine the
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predictions produced by the Isolation Forest and XGBoost
models. In order to efficiently learn how to balance and
reconcile the advantages of both base models, a logistic
regression model was trained as a meta-learner on the
validation set predictions. This process, which was
completed over a 4-hour duration, with an AUROC of
0.92 and an F1-score of 0.85, this ensemble approach
produced additional performance gains.

Stage 4: LLaMA 2 Fine-Tuning (20 hours) — This stage
involved fine-tuning the LLaMA 2 model. In order to
produce high-quality explanatory outputs, the LLaMA 2
model had to be fine-tuned over a 20-hour training cycle.
At first, 8,500 labelled anomaly instances with human-
written explanations were created as a specialized fine-
tuning dataset. Low-Rank Adaptation (LoRA) was used
to achieve parameter-efficient adaptation with a rank of
16 and a learning rate of 5 x 1072. To ensure effective
learning with controlled computational overhead, training
was carried out for three epochs on hardware equipped
with 40 GB of GPU memory. Only the LoRA adapter
parameters were updated, and the base model weights
were kept constant.

Stage 5: Integration Testing and Validation (6 hours) — In
this final stage, the integration testing and validation were
completed within a 6-hour window. To ensure smooth
interoperability across all components, the entire end-to-
end pipeline was assessed during this phase using a held-
out test dataset. Beyond predictive accuracy, the
performance was evaluated in terms of inference latency,
the coherence and quality of explanations produced, and
precision-recall trade-offs under practical operating
conditions. Simultaneously, the use of computational
resources was profiled to confirm the viability of
deployment and find possible areas for optimization.

Model Development and Deployment Process

Development Phase (Months 1-3): - The development
phase, which lasted one to three months, employed a
controlled iterative process with weekly evaluation cycles
to progressively improve model performance. To
ascertain which feature combinations yielded the best
predictive value, after and before (A/B) testing was
employed to systematically assess different feature
combinations. To meet operational risk and impact
considerations, decision thresholds were continuously
optimized in accordance with business objectives,
carefully balancing precision and recall.

Staging Phase (Month 4): - The solution was deployed on
a staging environment that closely resembled the
production ITSM infrastructure during the staging phase,
which was conducted during the 4™ month. To assess the
real-world behavior under operational conditions, the
system was tested on a controlled subset of ongoing
migrations comprising five to ten representative projects.
While prompt formulations were iteratively improved
based on systematic assessments of explanation clarity,
relevance, and overall quality, structured feedback was
collected from ITSM operations teams to evaluate
usability and reliability.
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e Production Phase (Month 5+): - Using a phased rollout
approach, the production phase began in the 5" month.
The ITSM platform used in this study was Jira Service
Management (JSM). Model performance metrics were
continuously monitored to ensure accuracy, stability, and
compliance with operational requirements. Concurrently,
a continuous feedback loop was established to capture
user input and actual outcomes, enabling frequent model
retraining and continuous performance improvement over
time.

V. RESULTS

A. System Performance Evaluation

» Anomaly Detection Accuracy

The effective performance of the proposed framework
in comparison to the baseline demonstrated its efficiency in
identifying anomalies in data quality:
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o Detection Accuracy Metrics: - The evaluation result
displays a precision of 0.89, indicating that 89% of the
anomalies identified by the system were confirmed by
human review to be real problems. The system was able
to identify 84% of the real data quality problems in the
dataset, as evidenced by the recall value of 0.84. These
results, which vyielded a robust Fl-score of 0.86,
confirmed a well-balanced trade-off between precision
and recall. The model's AUROC of 0.92 further proved its
strong discriminatory ability across a range of decision
thresholds.

Comparison of Various Validation Approaches Against
the Baselines:

Table 3 Comparative Table of Various Validation Approaches Against the Baselines

Approach Precision Recall F1-Score Manual Review Effort
Manual validation (baseline) 0.99 0.72 0.84 100% (baseline)
Traditional rule-based validation 0.76 0.68 0.72 78% of manual
Isolation Forest (unsupervised) 0.71 0.82 0.76 65% of manual
Supervised XGBoost classifier 0.87 0.83 0.85 48% of manual
Proposed ensemble (ML only) 0.89 0.84 0.86 42% of manual
Proposed framework (ML + LLM explanation) 0.89 0.84 0.86 22% of manual

The comparison table above demonstrates that when
LLM explanations were incorporated, the manual review
effort had drastically reduced from 100% to 22%. This
suggests that concise explanations greatly influence the
human operators trust in the system recommendations and
facilitate quicker decision-making.

B. Explanation Quality Assessment

A five-point Likert scale [104] was used to
systematically assess the explanations produced by the LLM,
by domain experts who are particularly ITSM practitioners.
The evaluation concentrated on four main aspects:
Completeness- which assessed whether the explanation
adequately captured and described the nature of the detected
anomaly; Accuracy- which assessed consistency between the
explanation and the underlying data issue; Actionability-
which assessed the degree to which specific and workable
remediation steps were recommended; and Clarity- which
measured whether the explanations were comprehensible to
non-technical stakeholders.

» Explanation Quality Results:

The evaluation results indicated that the LLM-generated
explanations were consistently of high quality across all
evaluated dimensions. With 86% of the responses rated as
“excellent” or “good”, Clarity received a mean score of 4.3
on a scale of 5, indicating strong comprehensibility for
stakeholders who are not technical. With 82% of respondents’
rating it as “excellent” or “good”, Actionability parameter
achieved an average score of 4.1 on a scale of 5,
demonstrating that the majority of explanations offered were
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useful and doable remediation advice. And with 88% of
respondents’ rating it as “excellent” or “good”, Accuracy
received the score of 4.0 on a scale of 5, indicating a strong
alignment between the explanations and the underlying data
issues. Finally, with 80% of assessments rated as “excellent”
or “good”, completeness achieved a mean score of 4.0 on a
scale of 5, indicating that the explanations generally covered
the identified anomalies adequately while leaving little room
for additional detail.

C. Business Impact Assessment Metrics

The impact assessments of the proposed approach
against the manual approach, concentrating on the business
metrics are discussed below:
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Fig 8 Comparison of Manual Approach V/S Proposed Approach in Terms of Impacting Business Parameters
o Time Efficiency: - While the manual migration validation e Cost Analysis: - The average baseline manual migration
process took 250 hours for 500K incident records, the validation cost is about $450,000 (750 hours x
proposed framework proved to be more efficient in terms $600/hour), but in the proposed system, the cost of
of time, where it took only 4 hours for 500K incident validation came down to $85,000, with a notable cost
records [Figure 8], which is mathematically 8ms per reduction of 81% [Figure 8].
record, including LLM explanation. Speeding up the e Stabilization (in months): Due to increased post-
process by 62.5x faster. migration problems and manual reworks, manual
e Post-Migration Quality or Defect Rate (in %): - In this validation showed a longer stabilization phase of about 9
study, it was found that 5.2% of the records using the months. In contrast, the suggested framework showed
manual validation approach had post-migration defects. stabilization within about 2 months [Figure 8] by
However, in the proposed system, it was 0.8% post- facilitating early detection and consistent validation. This
migration defect rate, which interprets a significant 11.7% shows quicker stabilization with operational readiness
of defect rate reduction [Figure 8]. and a ~77.8% reduction in stabilization time.
Cost Variance Between Manual Approach and Proposed
Approach
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Fig 9 Cost Variance Between Manual Approach and Proposed Approach
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To comprehend how the suggested framework affects
the business cost parameters, we can focus on the business
cost metrics as follows:

e Data Validation & Reconciliation: Since manual
validation during ITSM migration demands a lot of cost-
intensive human effort and iterative reconciliation cycles
[13], where the cost can reach up to approximately
$180,000 [Figure 9]. However, through intelligent
validation and automated consistency checks, the
proposed LLM-driven framework drastically reduces the
human effort, resulting in a significant cost reduction of
roughly 91.67%, and costing the organization roughly
$15,000 [Figure 9].

e Post-Migration Testing & Debugging: Repeated testing
and validation cycles and delayed defect detection lead to
higher manual post-migration validation costs [13][101],
where the cost to the organization is about $150,000
[Figure 9]. In contrast, by enabling the automated early
validation and quicker root-cause identification in the
process of migration, the suggested framework was found
to reduce the costs by about 80%, where the cost to the
organization is about $30,000 [Figure 9].

e Infrastructure & Tools: Manual approach increases the
infrastructure, tools, and maintenance costs to an average
of $50,000 [Figure 9], because they rely on fragmented
tools and custom scripts [101]. By combining the
validation logic and cutting the infrastructure overhead,
the LLM-based framework optimizes tooling and
infrastructure with the suggested method, reducing the
infrastructure and tooling costs by almost 50%, bringing
the cost down to about $25,000 [Figure 9].

e Knowledge Work & Consulting: For validation and
problem-solving, the manual migrations approach
primarily relies on domain experts and external
consultants [13][102], which incurs the business a cost of
about $60,000 [Figure 9]. In contrast, the suggested LLM-
driven validation approach embeds domain knowledge,
which reduces the extensive reliance on specialized
consulting resources, further reducing the cost by around
83.33%, bringing it to $10,000 [Figure 9] for the business.

e Risk Mitigation & Compliance: Manual validation leads
to higher compliance costs due to reactive controls and
audit rework [103], which sums up to around $10,000
[Figure 9] as a cost to the business. However, the
proposed approach proactively enforces validation rules
and traceability, lowering the compliance and risk-
management cost by almost 50% to $5000 [Figure 9].

The above discussion on the result of this research
reveals the efficiency of the proposed framework in terms of
cost to the company, where it significantly reduces the
expenditures incurred by the business organization with
respect to ITSM migration.
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D. Privacy and Compliance Validation

The proposed framework was evaluated against the
GDPR, CCPA, and ISO 27001 compliance standards for data
privacy, protection, and governance regulation. The
framework successfully achieved full compliance across all
the evaluated dimensions, and with comprehensive audit trail
generation and automated data breach detection, it also
complies with the data privacy and protection architectural
regulations.

V. CONCLUSION AND DISCUSSION

This research introduces a Large Language Model
(LLM)-driven adaptive machine learning-backed framework
that effectively tackles the crucial challenges of automated
data validation during enterprise ITSM platform migrations.
The framework showed significant improvements by
integrating LLM-powered contextual explanation with
predictive anomaly detection: 78% reduction of manual
reconciliation effort, 82% improvement in anomaly detection
accuracy, 11.7% improvement in post-migration data quality,
and 81% reduction in the cost to the business. The key
innovation of this research is the integration of machine
learning-based anomaly detection with an LLM-based
explanation framework. This has shown appreciable potential
to be transformative for enterprise adoption.

e Integration with Advanced Technologies: To enable
technological and business flexibility and scalability, this
study also explores the possibilities of integrating the
suggested framework with cutting-edge technologies.

e Cloud Computing and Elasticity: This study emphasizes
the use of cloud-native architectures to enable on-demand
scaling of computational and storage resources. which
will enable the framework to effectively handle changing
workload intensities and data volumes during ITSM
migrations while preventing performance degradation or
overprovisioning.

e Advanced Database Management Systems: This study
suggests integrating the framework with contemporary
data warehouse solutions and graph databases to enhance
the data processing efficiency and enable more effective
modeling of the complex relationships and dependencies
found in ITSM data.

e Reinforcement Learning for Remediation Optimization:
To increase the efficacy and efficiency of the anomaly
remediation techniques, this research proposes using
reinforcement learning agents to learn and optimize
remediation actions over time by incorporating
organizational priorities, past results, and the feedback
pipeline.

¢ Synthetic Data Generation: Additionally, this study also
suggests leveraging generative models to produce
synthetic yet realistic ITSM datasets. The structural and
statistical characteristics of the original dataset should be
retained in the synthetic dataset. This procedure makes it
possible to train and test models safely without giving the
training model exposure to private or sensitive data.
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