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Abstract 
Manual data governance and Master Data Management (MDM) approaches are no longer effective as enterprise data 
increasingly grows in volume and spreads across multiple cloud and hybrid environments. Data consistency, regulatory 
compliance and entity resolution are major challenges in modern organizations, especially when dealing with multiple 
cloud architectures. This study explores the adoption of an AI-based data governance paradigm purposefully designed for 
intelligent master data harmonization. The study adopts a highly scalable hybrid architecture, which combines machine 
learning algorithms for automated metadata discovery, probabilistic models for entity resolution, and large language 
models for semantic schema matching. The research compares operational performance with various cloud nodes and 
offers a detailed result analysis of two important parameters: entity resolution accuracy (precision, recall, and F1-score) 
and data harmonization latency with increasing transaction volumes. The empirical results show that the proposed 
framework based on artificial intelligence reaches an F1 score of 93.4% for entity resolution, which is higher than the 
results of the traditional deterministic rule-based systems. At the same time, it reduces latency for data cleansing in high-
volume multi-cloud deployments, performing complex deduplication pipelines in just a few seconds instead of hours or 
days, compared with legacy architectures. The results demonstrate how AI-driven MDM pipelines can shift from being a 
reactive approach for governance to a proactive, scalable, and independent ecosystem that delivers data integrity and 
robust regulatory compliance in complex enterprise environments. 
 
Keywords: Data Governance, Master Data Management, Artificial Intelligence, Multi-Cloud Architectures, Entity 
Resolution, Schema Matching, Machine Learning. 

 

Introduction 
From an organizational perspective, data has clearly become the most powerful and vital asset for strategic 
decisions, efficient operations, and competitive advantage in today's digital economy, across the whole 
enterprise ecosystem. Advanced enterprise applications, a connected sensor network, Internet of Things (IoT) 
devices and digital business processes have created an unprecedented amount, speed and variety of data 
(Motamarri, 2025)1. To support this vast and ever-expanding amount of data, organisations have turned to 
increasingly complex and multi-cloud infrastructures, using a mix of public, private and hybrid cloud solutions. 
The strides made by cloud computing in terms of scalability and flexibility of operations, are accompanied by 
serious challenges related to data fragmentation, data silos proliferating without proper management, and 
systematic degradation of enterprise-wide data quality (Sandra, 2025)3. To resolve these very challenges, 
Master Data Management (MDM) is the discipline that focuses on establishing a single source of truth for the 
most important assets in a business such as customers, products, suppliers, and financial records (Bharmal, 
2025)5. But most of the traditional MDM approaches are based on deterministic rules, manual metadata entry 
and manual quality checking, which are completely inadequate in the context of a large and complex multi-
cloud environment (Modalavalasa, 2024)6. 
The problem of traditional data governance becomes even more noticeable when a multinational company is 
forced to comply with strict and rapidly changing regulations. Data lineage tracking, data classification, and 
powerful and cryptographically secure access controls are required by regulations like the General Data 
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Protection Regulation (GDPR), the California Consumer Privacy Act (CCPA), and the Health Insurance 
Portability and Accountability Act (HIPAA). Such strict requirements are challenging to keep manually, 
especially when dealing with various, decentralized, cloud platforms (Modalavalasa, 2024)6. Moreover, 
geographical dispersion makes data residency a complex constraint, facilitating the integration of master 
records into central data repositories or data hubs.Additionally, the geographical scattering of data creates 
complicated data residency constraints, making it complicated to consolidate master records into central data 
hubs or repositories. Within this constrained environment, Artificial Intelligence (AI) has become a game-
changing technology, uniquely positioned to bring in scalable, continuous, and highly automated governance 
mechanisms, right into the MDM lifecycle. AI-driven data governance empowers enterprises to move beyond 
passive, manual compliance routines to active, intelligent data harmonization methods (Ghogare, 2024)8. 
Machine Learning algorithms become deeply embedded in data governance systems, helping to classify 
sensitive data with greater accuracy, identify structural anomalies in real-time streaming data quickly, and 
enforce compliance policies automatically, without manual intervention. Advanced probabilistic models and 
deep neural network architectures are actively used in AI-driven MDM systems to gain a clear understanding 
of the semantic context of disparate data points. This cognitive ability enables AI systems to deduce entities 
and match database schemas with precision and efficiency that is simply impossible to achieve by rigid, 
deterministic scripts (Motamarri, 2025)2. This automated solution is smart, meaning it takes a significant 
burden off the continuous operations of human data stewards, allowing companies to easily scale the size of 
their data management and harmonization solution as they grow their data. Accordingly, the key goal of this 
research is to fully assess the underlying architecture, implementation approaches and effectiveness of master 
data harmonization using AI in multi-cloud and heterogeneous environments. This paper aims to prove by 
empirical rigor that machine learning and artificial intelligence can not only increase entity resolution accuracy, 
but can also significantly decrease data processing latency, while clearly outlining an empirical blueprint for 
next-generation enterprise data governance. 
 

Literature Survey 
A shift from manual to automated and AI-driven data governance and Master Data Management (MDM) has 
been well documented in recent academic research and is widely being observed across the entire industry. 
Traditional MDM approaches that map, deduplicate and clean data based on fixed, rule-driven algorithms often 
cannot deal with the vast semantic heterogeneity found in the modern, distributed cloud architecture. Bharmal 
(2025) states that cloud-based MDM solutions are transforming enterprise data strategy by using agile 
microservices architectures and built-in machine learning algorithms to ensure high-quality data and efficiency 
in business operations. This constant technological shift is largely a result of the basic organizational need to 
break down disparate data silos and integrate accurate, complete and 360-degree perspectives of basic 
business entities. The mass move to multi-cloud, however, makes these consolidation efforts very complicated. 
Sandra (2025) points out that it is far more challenging to deploy MDM across multi-cloud, multi-region and 
multi-domain scenarios than it is in a classic monolithic approach, for several reasons – most notably the legal 
constraints surrounding data residency and cross-organizational privacy concerns (Sandra, 2025)3. This 
operational complexity calls for immediate development of federated cloud architectures, as well as intelligent 
reconciliation contracts that can securely maintain data integrity across the various geographical nodes (Paik 
et al., 2019)9. 
Much of the current academic work is devoted to the direct use of machine learning to the very specific 
technical problems associated with entity resolution and schema matching, the functional heart of all MDM 
deployments. The complex problem of Entity Resolution (ER), which is defined as the identification and linkage 
of a number of different database records representing the same real world entity, has been based on the 
probabilistic record linkage mathematical model developed by Fellegi and Sunter. This approach has been 
adapted and expanded in the modern era by introducing a comprehensive methodology for real-time global 
customer matching based on machine learning, termed as Motamarri 2025 (Motamarri, 2025)1. This 
methodology is an advanced approach that integrates a hybrid record linkage system based on careful 
deterministic blocking algorithms with state-of-the-art fuzzy matching techniques and ensembled supervised 
logistic regression classifiers (Motamarri, 2025)3. The sophisticated combination of these two approaches is 
an effective solution to the recurrent problems of traditional systems when faced with data entry 
inconsistencies, cultural differences in data naming, and the inherent ambiguity of global natural language. 
Likewise, schema matching, a technology for discovering deep semantic relationships between disparate 
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tabular data structures without relying on human intervention, has experienced significant innovation, 
especially with the advent of artificial intelligence (AI) (Gadekar, 2026)10. To improve alignment precision and 
enable models to learn from large training sets of schemas across highly varied schema structures, Raoui et al. 
(2024) presented SchemaLogix, an innovative machine learning technique that efficiently generates such large 
training sets on its own (Raoui et al., 2024)11. This method has consistently very high validation scores when 
compared to traditional pairwise comparison, which are more expensive to compute. 
Building on this breakthrough, there are exciting developments in schema harmonization that utilize deep 
learning architectures and the use of Large Language Models (LLMs) to fully automate semantic alignment of 
data sources that are extremely heterogeneous and undocumented. To automate schema evolution and 
continuous optimization in hybrid cloud-edge environments, Ekechi et al. (2025) proposed an architecture 
called Neuro-Schema Adaptation (NSA) which leverages deep neural networks and contextual LLMs (Ekechi et 
al., 2025)13. It is a smart framework that helps to reduce the conventional engineering problems of schema 
drift and cross-platform database compatibility. Additionally, the application of Graph Contrastive Learning 
(GCL) with instruction-tuned LLMs is investigated as a very promising approach to tackle semantic drift and 
significantly improve the structural topology analysis of different enterprise schemas (Yadav, 2026)14. These 
advanced, AI-powered schema matching capabilities drastically cut down on the high workload involved in 
data gap analysis and new platform onboarding, helping to quickly integrate legacy systems into the centralized 
data lake (Adepoju et al., 2024)15. Furthermore, the adoption of state-of-the-art Natural Language Processing 
(NLP) enables the ongoing continual improvement of semantic matching algorithms using zero-shot prompt 
optimization, thus eliminating the need for traditional, manually labelled training sets (Maderamitla, 2025)16. 
The impact of AI on data governance is not limited to entity resolution but also plays a crucial role in automated 
regulatory compliance and in ongoing data metadata management. Modalavalasa (2024) performed a detailed 
and comprehensive study on AI-enabled data governance, highlighting the critical need for the continuous 
monitoring of compliance, tracking data lineage, and discovering metadata in distributed cloud data platforms 
(Modalavalasa, 2024)6. The documented results are very convincing that intelligent systems can accurately 
determine the accuracy of metadata with over 75% accuracy and also save the verification time of complying 
with regulatory standards by more than 60% (Modalavalasa, 2024)17. In the context of new global regulations, 
like the EU AI Act, which categorizes financial AI systems as high-risk and legally obligates training data to be 
governed and explainability audits, this high degree of automation is absolutely necessary to comply with such 
laws (Singh et al., 2026)18. These empirical results were also further substantiated by Ghogare (2024) in 2024 
who successfully demonstrated that the use of AI-based data quality management methods brings 
transformative results (Ghogare, 2024)9. Implementing probabilistic cleaning methodologies and real-time 
streaming technologies on these AI platforms can deliver a high level of overall data accuracy of up to 85% and 
a 65% permanent reduction in manual steward intervention (Ghogare, 2024)8. Industry consensus is clear and 
undeniable; the sustainability of modern enterprise data architectures in the long run is entirely dependent on 
the speed at which a shift toward AI-native governance frameworks is made (Bangad et al., 2024)19. In order 
to effectively manage across heterogeneous cloud platforms (Narayanan & Singh)20, organizations need to be 
able to integrate intelligent metadata management, probabilistic entity resolution and autonomous compliance 
enforcement seamlessly. 

 
Research Methodology 
This study's extensive research methodology is painstakingly designed to assess the operational effectiveness 
and performance metrics of an AI-based data governance solution in a highly distributed, heterogeneous multi-
cloud environment. For this comprehensive empirical study, the enterprise data ecosystem leveraged includes 
structural infrastructural nodes deployed throughout Amazon Web Services (AWS), Google Cloud Platform 
(GCP) and Microsoft Azure, securely connected with a traditional legacy on premise data center. It is a very 
specific architecture configuration which was intentionally chosen to closely mimic the complex and highly 
fragmented multi-domain environments that are prevalent in the modern multinational organizations 
(Oladosu et al., 2024)21. The large data corpus used for the empirical evaluation includes about 4 million 
unique source identifiers, which are constantly generated from 14 different operational source systems across 
different domains, including, but not limited to, customer profiles in retail stores, highly sensitive financial 
transaction records, and records of global supply chains (Ike et al., 2024)22. The adopted AI framework 
consists of four operational phases: automated metadata discovery, intelligent semantic schema matching, 
multi-layered entity resolution and autonomous compliance enforcement, all of which were implemented to 
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create a strict and repeatable baseline for scientific evaluation. 
The first technical step of the methodology is automated metadata discovery and data profiling in real-time. 
Structured SQL databases and unstructured NoSQL data lakes are both targeted by intelligent algorithmic 
crawling agents that are persistently deployed across all participating cloud nodes to systematically ingest 
structural relational schemas, statistical field properties and contextual semantic metadata. The data 
framework aggressively uses embedded machine learning models to accurately infer the semantic type of the 
ingested information (Adapa, 2026)23, instead of relying on the outdated and subject to error manual data 
stewardship. The system automatically and continuously classifies the huge enterprise data assets using 
advanced term frequency-inverse document frequency (TF-IDF) vectorization together with K-Nearest 
Neighbors (KNN) classification algorithms. This automatic ingestion process dynamically builds a full 
enterprise data dictionary that includes every table, column, and data element and immediately detects the 
presence of Personally Identifiable Information (PII) and creates the basic origin-to-destination data lineage 
graph. Some of the continuous monitoring protocols used reinforce the architectural lineage tracking in a deep 
way, since they are trained to identify any structural schema drift or unusual ingestion patterns at the extreme 
edges of the network infrastructure. 
After the first metadata extraction is completed, the overall system automatically starts the intelligent semantic 
schema matching process to programmaticly map the tremendous structural diversity between the 14 different 
enterprise source systems. The deployed framework intentionally avoids the use of traditional and very rigid 
pairwise comparison methods, and instead uses a very sophisticated combination of Graph Contrastive 
Learning (GCL) and Large Language Model (LLM). The relational schemas that are delivered are first 
mathematically modeled as a complex directed acyclic graph to perfectly describe their deep hierarchical 
relationships and nested primary-foreign key links. The embedded GCL algorithm mathematically analyzes 
these complicated graphs and produces extremely high-dimensional topological embeddings to extract the 
strong candidate matches by underlying structural similarity. A second, very optimized, instruction tuned LLM 
is then deployed as a standalone validation agent that carries out deep semantic reasoning on the candidate 
matches produced by the graph layer. The LLM adapts to its context by interpreting nuances in the natural 
language of column titles and sample values in the raw data, and successfully handles highly ambiguous data, 
including various abbreviated corporate names as well as industry-specific data terminology without the need 
for large amounts of hand-labeled training data. 
The third, and unquestionably most important, part of the architecture is the multi-layered entity resolution 
engine, and its distinct design to quickly deduplicate and semantically harmonize the disorganized records into 
highly authoritative, golden master entities. The methodology is designed intentionally to take a cascading, 
multi-tiered algorithmic approach to ensure that the computation is as efficient as possible and to maintain the 
matching accuracy. First, the massive data set is divided in a deterministic manner into partitions using the 
index of highly reliable exact-match identifiers, which significantly decreases the needed cross-product 
mathematical search space (Mohapatra et al., 2023)9. The remaining pair of candidates in each separate block 
then pass through a probabilistic Fellegi-Sunter mathematical model. It is based on a model that employs 
sophisticated string distance metrics from the Jaro-Winkler family, using a large amount of real-world naming 
variation and international address format data to calculate initial statistical match/non-match probabilities. 
Last, if the record that comes in just below the probabilistic confidence threshold is truly ambiguous, it is 
automatically passed to a Supervised Siamese Neural Network that requires a significant amount of 
computation. This sophisticated deep learning system produces dense vector representations of each record, 
and runs the exact cosine similarity between each record, which can capture deep, complex semantic 
relationships and typographical anomalies that often defy standard probabilistic models. 
Finally, architectural considerations include real-time performance observability and the rigorous 
enforcement of organizational compliance policies without any involvement. The AI governance layer ensures 
data residency constraints are enforced in the data entity resolution process as data flows through the 
sovereign nodes of AWS, GCP, and Azure, while performing continuous and autonomous monitoring of the data 
harmonization pipelines (Shaik, 2025)24. The autonomous policy engine automatically intercepts, flags and 
remediates any data transfer that does not comply with pre-defined geographical compliance policies. The 
methodology is based on the analysis of two main parameters to assess the overall performance and viability 
of the system for proper quantification of the system. The first parameter is the Entity Resolution Accuracy 
Metric, which is carefully calculated using common statistical Precision, Recall and F1-score metrics for each 
of the underlying matching algorithms. The second critical parameter is the Data Cleansing and Harmonization 

http://www.svedbergopen.com/ijaiml


 
 
 
www.svedbergopen.com/ijaiml                       International Journal of Artificial Intelligence and Machine Learning 

 
 

Vol.6, No.13s, 2026                                                                                                                                                                             2356 

Latency, which is measured in seconds of actual data cleansing and harmonization time across the individual 
nodes of each cloud platform, as well as across the aggregated hybrid orchestration layer, and is evaluated 
across increasingly high and massive data sets ranging from 100,000 to in excess of 2.5 million operational 
records. 
 

Results and Discussion 
The comprehensive empirical testing of the AI-powered data governance framework delivers deep and 
statistically compelling understanding of the huge operational benefits of the complete implementation of 
machine learning within enterprise Master Data Management pipelines. The next analysis is logically organized 
around the two main parameters well defined in the research methodology of the previous chapter: the exact 
accuracy of the mathematical models of the entity resolution and the total processing time for data 
harmonization performed on the heterogeneous architecture of the cloud. The proven empirical benefits are 
both definitive and conclusive: a full self-contained, AI-powered, architectural approach to global enterprise 
data integration improves both the qualitative fidelity of the data and the raw computational efficiency. 
 
Parameter 1: Entity Resolution Accuracy Metrics 
Maintaining ongoing data integrity is absolutely crucial in any modern MDM system, and its ability to precisely 
identify and seamlessly integrate deeply divergent records of the same real-world entity is quite critical. A 
rigorous empirical evaluation was carried out to systematically compare four different technical 
methodologies: conventional Deterministic Rules, the standard Probabilistic Fellegi-Sunter model, an advanced 
Supervised Siamese Network and the comprehensive Proposed AI-Driven Framework (which intelligent 
cascades all three methodologies). The overall system accuracy is highly quantified based on standard 
statistical measures: Precision (percentage of identified matches that are actually correct), Recall (percentage 
of actual existing matches identified by the system), and the combined F1-Score (which is the harmonic mean 
of Precision and Recall). Table 1 below gives a detailed performance measurement in a comprehensive manner. 
 
Table 1: Comparative Evaluation of Entity Resolution Accuracy Metrics Across Matching Systems 

Matching 
Methodology 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

Operational Characteristics 

Deterministic Rules 92 45 60.4 
High exactness, severe inability to 

handle variations 
Probabilistic Fellegi-

Sunter 
87 62 72.4 

Better variation handling, susceptible 
to false positives 

Supervised Siamese 
Network 

89 76 82 
Deep semantic understanding, 

computationally intensive 
Proposed AI-Driven 

Framework 
95.8 91.2 93.4 

Cascaded hybrid approach, optimal 
balance of accuracy 

 
The aggregated information telling data clearly and unambiguously highlights the major, underlying flaws with 
using legacy Deterministic Rules alone. This is a simple solution that while delivering a relatively high Precision 
of 92.0% has a significantly low Recall of 45.0% – which is unacceptable. This huge statistical gap shows that 
strict rule-based systems miss more than 50% of the real duplicate data that exists in the database because of 
small typographical errors, different data entry formats in different regions around the world, and natural 
language ambiguities, and consequently they achieve an overall F1-Score of only 60.4%. The Probabilistic 
Fellegi-Sunter method is able to achieve an effective balance of the fuzzy string matching algorithms, improving 
the Recall metric to 62.0%, however, it suffers from a proportional reduction in baseline Precision, which falls 
to 87.0%. The Recall rate increases to 76.0% and the F1-Score is a high 82.0% with the introduction of the 
Supervised Siamese Network, which improves the systems ability to naturally recognize complex semantic 
patterns. 
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Figure 1. Comparison of Harmonization F1-Score Across Varying Degrees of Schema Heterogeneity in 
Multi-Cloud Environments. 
 
The truly unprecedented operational results, however, are obtained by the dynamic and intelligent routing of 
incoming records, performed by the Proposed AI-Driven Framework, as a result of exact mathematical 
confidence thresholds. The framework uses a lightweight deterministic logic for obvious and mathematically 
certain matches and an active anomaly reservation of the computationally intensive neural network to only the 
edge case anomalies, which results in a remarkable Precision of 95.8% and a huge Recall rate of 91.2%. The 
result is an outstanding industry-leading F1-Score of 93.4% and this smart orchestration. The above empirical 
findings have clearly supported the early theoretical hypotheses put forward in the recent literature 
(Motamarri, 2025)2. The results provide an active confirmation that deeply integrated hybrid machine learning 
architectures are absolutely critical to fulfil the strict accuracy requirements legally mandated by modern 
privacy laws (Modalavalasa, 2024)6. Because of the Recall rate, which is so high, the entire system provides for 
full enterprise-wide deduplication, and the Precision metric actively eliminates the disastrous and incorrect 
merging of completely different customer identities, which is a legally necessary component of a highly 
compliant system with regard to financial and healthcare data regulations around the world. 
 
Parameter 2: Data Cleansing and Harmonization Latency 
The second one of the highly critical evaluation parameters is the in-depth analysis of the raw computation 
efficiency and overall processing time (latency) needed for the data cleansing and harmonisation procedures 
performed throughout the distributed infrastructure. To enable real-time operational analytics and front-line 
customer engagement systems, enterprise master data needs to be processed, published and updated with not 
more than a tiny time lag. The evaluation was rigorous and the total execution time (in seconds) for extracting, 
deeply cleaning, mathematically matching and loading different escalating data volumes (100K, 500K, 1M and 
2.5M records) was precisely measured. This has been tested independently across AWS, GCP and Azure nodes 
and the overall cumulative time taken by the Hybrid/Multi-Cloud Orchestration layer to securely synchronise 
the resulting golden records across all geographic regions. The final conclusions can be summarised in Table 
2. 
 
Table 2: Performance Evaluation of Data Cleansing Latency Across Distributed Cloud Nodes 

Enterprise Data 
Volume 

AWS Node 
Latency (s) 

GCP Node 
Latency (s) 

Azure Node 
Latency (s) 

Hybrid 
Orchestration (s) 

100,000 Records 45 42 48 55 
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500,000 Records 185 172 198 220 
1,000,000 Records 340 315 365 410 
2,500,000 Records 810 760 875 960 

 
The detailed latency analysis shows a highly linear, highly predictable scaling curve for all three major public 
cloud platforms. It is notable, however, that the Google Cloud Platform (GCP) consistently outperforms the 
execution times during the evaluation, achieving a perfect result of 2.5 million records processed in 760 
seconds, whereas AWS was able to process the same number of records in 810 seconds and Azure in 875 
seconds. This marginal but stable difference is directly due to very specific differences in the underlying Tensor 
Processing Unit (TPU) hardware optimizations and I/O throughput configurations of the geographic regions 
where the evaluation nodes were deployed. Importantly, the highly optimized processing times are definitively 
confirming the architectural efficiency of the early deterministic blocking phase of the framework which 
successfully and aggressively partitioned the incoming data to completely avoid the absolute hallmark of legacy 
quadratic cross-product matching algorithms - the exponential computational explosion. 
The reported Hybrid Orchestration latency is the total time needed to ensure that the cross-region governance 
privacy policies are securely enforced, that the system resolves any entity conflicts that may exist between the 
two completely independent cloud nodes, and that the system securely publishes the single master data back 
to the core enterprise downstream systems. The hybrid orchestration layer needs just 960 seconds (or 16 
minutes) to successfully complete the whole end-to-end data harmonization cycle, at the most extreme 
evaluated scale of 2.5 million records. This integration introduces a certain operational delay of around 10-
20% when compared with isolated, single node executions, but it is definitely a legal and operational 
requirement. This specific computational burden ensures that complex data residency laws can be safely 
enforced in the programmatic way required, while simultaneously ensuring that information subject to the 
restrictions is not unlawfully sent or leaked between sovereign cloud boundaries during the intensive 
harmonization process. To cleanse, reconcile and publish a massively fragmented multi-million record data set 
across such highly heterogeneous architectures within a matter of 16 minutes is an amazing paradigm shift 
when compared with the typical legacy batch-processing MDM systems that often need to execute a massive 
record set overnight, resulting in significant operational delays. The empirical results clearly indicate that AI-
based governance is able to significantly enhance the quality of master data at a massive scale and at the same 
time consistently provides the extreme amount of computational power required by top modern, agile 
enterprises.

 
 
Figure 2. Processing Latency and Throughput Scaling Relative to Record Volume Across Heterogeneous 
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Cloud Architectures 
 

Conclusion 
The industry-wide shift from legacy, highly-centralized data management systems to massively-distributed, 
fundamentally-heterogeneous cloud architectures decisively calls for a complete paradigm shift with regard to 
the way organizations are approaching comprehensive data governance and Master Data Management. This 
comprehensive empirical study showed that traditional, deterministic methods are structurally and 
mathematically at a deficit in the face of the deep semantic complexities, volume and the strict compliance 
regulations that characterize enterprise data environments today. This large operational gap is effectively and 
fully closed by leveraging the proposed AI-driven data governance framework, which embeds intelligent 
metadata discovery, advanced hybrid schema matching and deep learning-based entity resolution into the data 
pipeline. The detailed empirical evaluation clearly shows that a cascaded multi-model algorithmic entity 
matching approach outperforms single model approaches in terms of F1-Score, achieving an outstanding 
industry-leading result of 93.4% which eliminates the longstanding trade-off between statistical accuracy and 
recall that has been a major obstacle in rigid rule-based approaches to entity matching. Moreover, the wide-
ranging latency assessment conducted on separate nodes across AWS, GCP, and Azure leaves no doubt that 
intelligent AI orchestration can effectively and efficiently balance massive data volumes of millions of records 
with low latency – even with highly complex, cross-regional data residency policies enforced. Finally, AI's 
interwoven nature in the core MDM lifecycle will fundamentally shift enterprise data governance from a 
reactive, very manual administration to a proactive, fully-automated force for enterprise intelligence 
generation. For future academic and industry research, it is important to optimize the vast amount of 
computing resources used by cryptographic zero-knowledge proofs in these AI systems, which will further 
significantly improve data privacy promises during complex, cross-cloud entity resolution processes. 
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