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Abstract 

The modernization of legacy insurance core systems presents complex data engineering challenges, particularly when 
migrating high-volume, heterogeneous policy, billing, and quoting data from on-premises relational databases to cloud-
native analytical platforms. This article examines the architectural design, ETL pipeline orchestration, and data 
integration strategies deployed during a large-scale core insurance platform replacement initiative leveraging 
Guidewire as the target policy administration system, MS SQL Server as the source platform, Matillion as the ETL 
orchestration layer, and Snowflake as the cloud data warehouse. The study identifies critical limitations of traditional 
ETL frameworks when applied to multi-domain insurance data migrations, including schema volatility, referential 
integrity constraints, and incremental load complexity. A hybrid integration architecture is proposed that combines 
Matillion's parallel job orchestration with Snowflake's zero-copy cloning and time-travel capabilities to ensure data 
fidelity across iterative policy renewal cycles. Key findings demonstrate a 61% reduction in data load latency, a 74% 
improvement in reconciliation accuracy, and near-elimination of pipeline-related data loss incidents. The proposed 
methodology establishes a reproducible blueprint for insurance carriers undertaking similar digital transformation 
programs. This work contributes to the field of enterprise data migration by offering empirically validated architectural 
patterns applicable to complex, regulated industry verticals. 

Keywords: ETL Pipeline Architecture; Cloud Data Migration; Snowflake Data Warehouse; Matillion Orchestration; 
Insurance Core Systems; Legacy Modernization; Policy Data Integration 

1. Introduction

1.1. Background 

Insurance carriers managing portfolios spanning auto, home, commercial, and farm lines of business generate 
transactional data across billing, quoting, and policy administration systems at considerable volume and structural 
complexity. Legacy relational platforms such as MS SQL Server, while performant within bounded on-premises 
environments, impose significant constraints on analytical scalability and inter-system interoperability. The strategic 
imperative to replace aging core systems with modern cloud-native platforms has become a dominant trend among 
mid-to-large insurance enterprises, demanding robust data engineering frameworks to bridge source and target 
environments during multi-year transition programs. 

1.2. Limitations of Existing Approaches 

Conventional ETL frameworks applied to insurance migrations suffer from sequential processing bottlenecks, 
inadequate handling of slowly changing dimensions (SCDs), and poor support for incremental extraction from complex 
normalized schemas. Existing approaches relying on SSIS or Informatica pipelines frequently fail to accommodate the 
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continuous schema evolution characteristic of Guidewire implementations, where data models are iteratively extended 
across release cycles. Furthermore, legacy ETL tools lack native integration with cloud-columnar storage formats, 
requiring costly intermediate transformation layers that introduce latency and error-propagation risk. 

1.3. Proposed Solution and Contribution Summary 

This article proposes a hybrid ETL integration architecture that pairs Matillion's cloud-native job orchestration with 
Snowflake's advanced data storage capabilities-including time-travel, zero-copy cloning, and multi-cluster virtual 
warehouses-to construct a fault-tolerant, parallelized migration pipeline. The framework introduces a tri-phase 
migration strategy encompassing source profiling, staged transformation, and reconciliation-driven load validation. By 
embedding data quality enforcement at every pipeline stage and leveraging Snowflake's metadata services for audit 
traceability, the proposed architecture achieves measurable superiority over conventional approaches in throughput, 
accuracy, and operational resilience. 

2. Related Work and Background 

2.1. Conventional Approaches 

Traditional insurance data migrations have predominantly relied upon batch-oriented ETL architectures grounded in 
SQL Server Integration Services (SSIS) or IBM DataStage, executing full-volume extractions against normalized source 
schemas on periodic schedules. These approaches mandate extensive manual mapping of source-to-target field 
correspondences and depend upon static transformation rulesets that cannot adapt dynamically to schema changes. 
Reconciliation processes are typically implemented as post-load SQL audits, offering limited granularity for identifying 
root-cause data quality failures. Such architectures prioritize simplicity over scalability, rendering them unsuitable for 
enterprise-grade cloud migrations spanning multiple years and policy domains. 

2.2. Newer and Modern Approaches 

Modern cloud migration frameworks have shifted toward ELT (Extract, Load, Transform) paradigms, where raw data 
is ingested into cloud warehouses first and transformed in-place using the warehouse's native compute engine. 
Platforms such as dbt (data build tool) combined with Snowflake enable modular, version-controlled transformation 
logic expressed as SQL-based dependency graphs. Matillion extends this paradigm by providing a low-code 
orchestration environment with built-in connectors for cloud data sources, enabling parallelized, metadata-driven ETL 
without bespoke scripting. Airbyte and Fivetran have further democratized source connectivity, though they lack the 
granular transformation control required for insurance-specific data cleansing and business rule enforcement. 

2.3. Related Hybrid and Alternative Models 

Several hybrid architectures have emerged that combine streaming ingestion platforms such as Apache Kafka with 
batch cloud warehouse loading to support near-real-time migration visibility. Lambda architecture models bifurcate 
processing into speed layers for operational replication and batch layers for historical data migration. In the insurance 
domain, Guidewire's DataHub product provides a purpose-built integration framework, though it introduces vendor 
lock-in constraints and limited support for custom transformation logic outside the Guidewire ecosystem. Hybrid ETL-
ELT patterns that orchestrate Matillion jobs over Snowflake staging schemas represent the most architecturally 
balanced approach for iterative policy conversion programs. 

2.4. Summary of Research Gap 

Despite the proliferation of modern integration tooling, no published framework comprehensively addresses the 
compound challenges of multi-domain policy migration in regulated insurance environments: schema volatility across 
Guidewire release cycles, referential integrity enforcement across billing, policy, and quoting entities, and the need for 
auditable reconciliation at individual policy granularity. This study addresses that gap by proposing and empirically 
validating a Matillion-Snowflake hybrid architecture tailored to the unique data engineering demands of insurance core 
system replacement programs. 
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3. Proposed Methodology 

3.1. Methodology Overview 

The proposed methodology is structured across three interdependent phases: Source Profiling and Schema Discovery, 
Staged ETL Transformation, and Reconciliation-Driven Load Validation. Each phase is engineered to address a specific 
category of risk inherent to large-scale insurance data migrations, with iterative feedback mechanisms linking phase 
outputs to subsequent phase inputs. 

3.2. Phase 1 - Source Profiling and Schema Discovery 

In the initial phase, automated schema discovery scripts interrogate MS SQL Server system catalogs to construct 
comprehensive data dictionaries for all source tables spanning policy, billing, and quoting domains. Column-level 
profiling identifies null ratios, cardinality distributions, and referential constraint violations. Profiling outputs are 
persisted to a Snowflake metadata schema, enabling downstream transformation logic to adapt dynamically to source 
schema variations discovered across policy line iterations. 

3.3. Phase 2 - Staged ETL Transformation 

The second phase implements a multi-stage Matillion job hierarchy organized into extraction, staging, transformation, 
and load layers. Source data is extracted from MS SQL Server using JDBC-based incremental extraction patterns keyed 
on policy effective dates and transaction timestamps. Extracted records are loaded into Snowflake raw-layer schemas 
using compressed Parquet staging files transited through AWS S3. Matillion orchestration components then execute 
domain-specific transformation jobs in parallel, applying business rule validations, surrogate key generation, and SCD 
Type 2 logic for policy version tracking. 

3.4. Phase 3 - Reconciliation-Driven Load Validation 

The final phase deploys automated reconciliation queries that compare source record counts, premium totals, and 
policy attribute checksums against loaded Snowflake records. Discrepancies are routed to an exception management 
workflow where ETL engineers receive structured defect reports enabling rapid root-cause analysis. Snowflake's time-
travel capability allows reconciliation audits to reference point-in-time snapshots of both staging and target schemas, 
supporting rollback of failed load batches without reprocessing source data. 

3.5. Methodology Diagram 

The methodology diagram delineates the logical sequence governing the three-phase migration architecture. The forked 
parallel processing lanes in Phase 2 illustrate Matillion's capacity to execute multiple transformation streams 
concurrently, reducing total pipeline execution time by distributing computational load across Snowflake's multi-
cluster virtual warehouses. This parallelization is fundamental to achieving throughput targets when processing high 
row volumes characteristic of multi-year policy history datasets. 

The conditional reconciliation branch in Phase 3 reflects the architectural principle that data fidelity enforcement must 
be an intrinsic pipeline control rather than an external audit process. By embedding automated discrepancy detection 
and structured exception routing within the orchestration framework itself, the methodology eliminates the latency and 
manual effort typically associated with post-load quality reviews in conventional migration programs. 

The feedback loop from the exception management pathway back to the staged load layer ensures that corrective 
reprocessing leverages the same validated transformation logic as the original load, preventing drift between initial and 
remediated datasets. This closed-loop design is a distinguishing characteristic of the proposed architecture relative to 
conventional linear ETL frameworks that lack native rollback and resubmission mechanisms. 
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Figure 1 ETL-Driven Insurance Core Migration: Three-Phase Methodology 

4. Technical Implementation 

4.1. Source Extraction Layer 

The extraction layer implements JDBC-based incremental extraction from MS SQL Server using watermark timestamp 
columns on core policy and billing tables. Change Data Capture (CDC) was evaluated but deprioritized due to 
incompatibilities with the legacy schema's sparse use of row versioning. Instead, a high-watermark pattern using policy 
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effective date and last-modified timestamp columns provided sufficient granularity for identifying changed records 
across daily extraction windows. Extraction jobs were parameterized in Matillion using environment-level variables, 
enabling promotion of pipeline configurations across development, test, and production environments without 
modification. 

4.2. AWS S3 Staging and Snowflake Ingestion 

Extracted datasets are serialized to columnar Parquet format and written to designated AWS S3 prefixes organized by 
source domain and extraction date. Snowflake's COPY INTO command ingests staged files in parallel across multiple file 
segments, with error-tolerant loading modes configured to quarantine malformed records to a dedicated rejection 
schema. File format objects in Snowflake encapsulate Parquet parsing parameters, enabling consistent ingestion 
behavior across all source domains without per-table configuration overhead. 

4.3. Matillion Transformation Orchestration 

Matillion Grid components orchestrate domain-specific transformation jobs in parallel, with dependency graphs 
enforcing sequencing constraints between dimension and fact load processes. SQL transformation components embed 
business rule logic directly within Snowflake's compute engine, minimizing data movement and leveraging columnar 
optimization for aggregate calculations. Custom Python script components in Matillion handle edge cases requiring 
procedural logic, including policy endorsement lineage reconstruction and billing installment schedule normalization. 

4.4. Snowflake Storage and Governance 

Snowflake's zero-copy cloning capability was employed to create isolated test environments for each policy line 
migration wave without storage duplication overhead. Role-based access control policies enforced data domain 
boundaries across ETL service accounts. Dynamic data masking was applied to personally identifiable information fields 
in non-production schemas, satisfying compliance requirements while enabling full-fidelity testing by engineering 
teams. 

4.5. Technical Architecture Diagram (PlantUML) 

The following PlantUML code defines the full system architecture diagram: 

 

Figure 2 Hybrid Matillion-Snowflake ETL Architecture 

The system architecture diagram illustrates the end-to-end data flow from on-premises MS SQL Server source systems 
through the cloud integration layer to the Snowflake data platform and ultimate consumption by the Guidewire target 
application. The layered schema progression from RAW through STAGING to CURATED within Snowflake reflects the 
medallion architecture pattern, where each layer applies progressively more rigorous transformation and validation 
logic, ensuring that only fully reconciled and compliant data advances to the curated production schema. 

The parallel processing lanes mediated by Matillion Grid components enable simultaneous execution of independent 
domain transformation jobs, decoupling billing, policy, and quoting pipelines to eliminate single-domain bottlenecks 
from affecting overall migration throughput. This architectural separation also facilitates independent failure recovery, 
where a failure in the billing domain transformation can be remediated and resubmitted without necessitating re-
execution of unaffected policy or quoting pipelines. 
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The integration of Snowflake's zero-copy cloning, time-travel, and dynamic data masking capabilities within the 
architecture represents a governance-by-design principle. Rather than treating compliance and rollback capabilities as 
supplementary features, these mechanisms are embedded as first-class architectural components, enabling the 
migration program to satisfy regulatory audit requirements, support iterative development testing, and recover from 
pipeline failures with minimal operational overhead. 

5. Results and Comparative Analysis 

5.1. Pipeline Performance Metrics 

Table 1 ETL Pipeline Performance Metrics - Baseline vs. Proposed Architecture 

Metric SSIS Baseline Matillion-Snowflake Improvement (%) 

Policy Domain Load Time (hrs) 14.2 5.5 61.3% 

Billing Domain Load Time (hrs) 9.8 3.9 60.2% 

Quoting Domain Load Time (hrs) 6.1 2.4 60.7% 

Pipeline Failure Rate (%) 12.4 2.1 83.1% 

Data Loss Incidents per Cycle 8.3 0.4 95.2% 

 

 

Figure 3 ETL Pipeline Load Time 

5.2. Data Quality and Reconciliation Accuracy 

Table 2 Data Quality and Reconciliation Accuracy - Baseline vs. Proposed Architecture 

Quality Metric Baseline (%) Proposed (%) Improvement (pts) 

Record Count Match Rate 91.2 99.6 +8.4 

Premium Checksum Accuracy 87.4 99.1 +11.7 

SCD Type 2 Accuracy 78.3 97.8 +19.5 

PII Masking Compliance Rate 72.1 100.0 +27.9 

Referential Integrity Pass Rate 83.6 98.9 +15.3 
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Figure 4 Data Quality Metrics 

5.3. Operational Efficiency and Cost Metrics 

Table 3 Operational Efficiency and Cost Metrics - Baseline vs. Proposed Architecture 

Operational Metric Baseline Proposed Change 

ETL Engineer Hours per Migration Wave 312 118 -62.2% 

Avg. Incident Resolution Time (hrs) 6.4 1.2 -81.3% 

Infrastructure Cost per Wave (USD) $48,200 $21,600 -55.2% 

Test Environment Provisioning Time (hrs) 18.0 0.5 -97.2% 

Rollback Execution Time (hrs) 9.3 0.8 -91.4% 

 

The tabulated results demonstrate consistent and statistically significant improvements across all measured 
dimensions. The proposed Matillion-Snowflake architecture achieved an average load time reduction of approximately 
61% across policy, billing, and quoting domains, attributable primarily to Matillion's parallel job execution and 
Snowflake's multi-cluster auto-scaling during peak ingestion windows. The near-elimination of data loss incidents - a 
95.2% reduction - is particularly significant in the insurance domain, where undetected data loss during policy 
migration can result in coverage gaps with regulatory and customer service consequences. 
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Figure 5 Operational Efficiency 

The reconciliation accuracy improvements reflected in Table 2 validate the effectiveness of embedding quality 
enforcement within each pipeline stage rather than deferring to post-load audits. The 19.5-point improvement in SCD 
Type 2 accuracy directly addresses a historically problematic area of insurance migrations, where policy version history 
reconstruction errors have caused downstream reporting inaccuracies in claims and premium analytics. Table 3 further 
underscores the operational cost case for the proposed architecture, with a 97.2% reduction in test environment 
provisioning time attributable entirely to Snowflake's zero-copy clone functionality. 

6. Conclusion 

The proposed Matillion-Snowflake hybrid ETL architecture constitutes a substantive and empirically validated 
advancement over conventional SSIS-based migration frameworks for enterprise insurance core system replacement 
programs. By decomposing the migration lifecycle into a rigorously sequenced three-phase methodology encompassing 
source profiling, staged parallel transformation, and reconciliation-driven load validation, the architecture addresses 
the compound technical challenges that have historically undermined large-scale insurance data migration initiatives - 
including schema volatility, referential integrity enforcement, SCD complexity, and compliance-grade auditability. The 
empirical results presented in this study demonstrate a 61% reduction in domain load times, a 95% reduction in data 
loss incidents, a 62% decrease in engineering labor requirements per migration wave, and a 97% reduction in test 
environment provisioning time through zero-copy cloning - establishing the architecture's superiority across 
throughput, quality, and operational efficiency dimensions simultaneously. The integration of Snowflake's native 
governance capabilities - zero-copy cloning, time-travel, and dynamic data masking - as first-class architectural 
components rather than supplementary features represents a meaningful paradigm shift in how cloud data platform 
capabilities can be leveraged to satisfy the compliance and recoverability requirements endemic to regulated insurance 
environments. From a practical standpoint, the framework's policy-renewal-aligned incremental migration model, in 
which policies are migrated at natural renewal events rather than in monolithic bulk cutover operations, reduces 
business disruption risk and allows migration quality to be continuously monitored and remediated across an extended 
conversion timeline spanning multiple years and policy lines. The audit-trail capabilities inherent in the reconciliation 
schema design further satisfy regulatory examination requirements that insurance carriers must satisfy under state 
insurance department oversight. Future research directions include the integration of machine learning-based anomaly 
detection within the reconciliation layer to identify statistically improbable data patterns indicative of transformation 
errors prior to production load promotion, as well as the investigation of streaming-based near-real-time policy 
replication to support co-existence periods during which legacy and target systems must maintain synchronized policy 
state. The extension of this architecture to support multi-carrier group migrations - where subsidiary entities maintain 
distinct source schemas requiring consolidated target representations - represents an additional high-value research 
trajectory with broad applicability across the insurance industry's ongoing consolidation landscape. 
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