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Abstract—Automated data validation is a critical A. Traditional Data Validation Approaches
component in  multi-domain analytics, ensuring data

accuracy, consistency, and reliability across heterogeneous
sources. This paper presents an architectural framework for
automated data validation pipelines, discussing best practices,
implementation strategies, and key challenges. The proposed
framework leverages modern data engineering paradigms,
including schema enforcement, rule-based validation,
anomaly detection, and data reconciliation. The paper further
explores the integration of machine learning techniques for
adaptive validation and highlights case studies in healthcare,
finance, and logistics domains.
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|. INTRODUCTION

In the era of big data, organizations rely on multi-
domain analytics to derive insights from diverse datasets.
However, ensuring data integrity remains a significant
challenge due to variations in schema, format, and business
rules across different domains. Automated data validation
pipelines address these challenges by systematically
verifying data correctness before it is consumed for
analysis.

This paper explores a scalable approach to data
validation that automates schema conformance, business
rule validation, outlier detection, and reconciliation across
disparate data sources. We discuss various validation
techniques, best practices, and a practical implementation
framework.

I1l. BACKGROUND AND RELATED WORK

Data validation techniques have evolved significantly
over time, transitioning from basic rule-based validation
methods to sophisticated machine learning-driven anomaly
detection systems. The need for reliable data validation has
become more pronounced due to the increasing complexity
and volume of data in multi-domain analytics. Traditional
validation approaches, which rely on manually enforced
business rules and data quality checks, often fail to scale
efficiently and are prone to human error. These methods
involve simple checks for missing values, duplicate
detection, and predefined value ranges. However, they
struggle to handle schema variations, unstructured data, and
evolving data patterns.

Historically, data validation was conducted using
manual scripts and database constraints such as:

e SQL Constraints — Primary keys, foreign keys,
NOT NULL, and CHECK constraints.

e  Stored Procedures — Business logic-based
validation rules coded in relational databases.

e ETL Rule Enforcement — Hardcoded validation
rules embedded in Extract, Transform, Load
(ETL) pipelines.

o Data Profiling Tools — Basic profiling methods
to detect missing, incorrect, or inconsistent data.

While these approaches provided a foundation for data
quality management, they were not scalable for large and
rapidly evolving datasets. As organizations transitioned to
big data architectures, these limitations necessitated the
adoption of more dynamic and automated validation
techniques.

B. Recent Advancements in Automated Data Validation

Recent advancements in data validation leverage
modern tools and frameworks to automate and scale the
validation process. These include:

e Schema Validation Tools: Ensuring data
structure consistency is critical in heterogeneous
environments. Popular schema validation tools
include:

o Apache Avro — A compact, fast binary
serialization format that enforces
schema evolution.

o JSON Schema — A standard for defining
JSON data structures and validating
documents.

o Protobuf (Protocol Buffers) — A
language-neutral, extensible mechanism
for serializing structured data.

e Rule-Based Validation Frameworks:
Frameworks like Great Expectations and Deequ
automate business rule validation:

o Great Expectations: An open-source
framework that allows users to define
and execute data validation tests
dynamically. It supports expectation
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suites to validate data against predefined
rules.

o Deequ: A library developed by AWS for
defining and running declarative
validation checks on datasets at scale
using Spark. It provides anomaly
detection based on historical data
distribution.

e Machine Learning-Based Anomaly Detection:
Traditional rule-based validation may not be
sufficient to detect nuanced data inconsistencies.
Machine learning techniques provide enhanced
anomaly detection capabilities, including:

o Unsupervised Learning Models —
Clustering algorithms (e.g., DBSCAN,
K-means) and autoencoders for
detecting deviations in large datasets.

o Time-Series Anomaly Detection —
Algorithms such as Prophet, LSTMs,
and ARIMA used for identifying
anomalies in temporal data.

o Statistical Techniques — Z-score, 1QR,
and density-based methods for detecting
outliers and inconsistencies.

e Automated Data Reconciliation Frameworks:
Ensuring consistency across multiple data
sources is crucial in multi-domain analytics.
Automated reconciliation frameworks compare
datasets to detect mismatches, inconsistencies,
and duplicate records. Key methodologies
include:

o Fuzzy Matching Algorithms —
Levenshtein distance, Jaccard similarity,
and probabilistic record linkage to
match records across different sources.

o Cross-Database Consistency Checks —
Reconciliation queries to validate
aggregated metrics and reference data
integrity.

o Distributed Data Validation — Scalable
validation techniques using Apache
Spark, Databricks, and Kafka Streams
to validate data in real time.

C. Evolution of Data Validation Techniques

The progression from manual validation to automated
systems has been driven by the need for:

e Scalability — Ability to handle terabytes of data
across multiple domains.

e Accuracy — Reduction of false positives and
negatives in validation results.

e Automation — Minimizing human intervention
and enhancing operational efficiency.

e Adaptability — Using machine learning to adapt
validation rules to evolving data trends.

The combination of schema validation, rule-based
frameworks, ML-driven anomaly detection, and automated
reconciliation establishes a robust foundation for ensuring
high-quality data in analytics workflows. These
advancements are instrumental in addressing data quality
challenges across industries such as healthcare, finance,
logistics, and e-commerce.

I11. ARCHITECTURE OF AN AUTOMATED DATA
VALIDATION PIPELINE

A robust automated data validation pipeline consists of
multiple stages, each ensuring that data remains accurate,
consistent, and reliable before being consumed by
downstream analytics systems. These stages address
common data quality challenges, including schema
conformance, business rule validation, anomaly detection,
and reconciliation across multiple sources.

Fig. 1. lllustrates the overall architecture of the pipeline.

A. Data Ingestion Layer

The data ingestion layer is responsible for extracting
data from multiple sources and performing initial
transformations to ensure uniformity across datasets.

Data Ingestion \

‘Schema Validation

Reports & Alerts.

T |

Data Reconciliation Rule-Based
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k Anomaly Detection /
&

ML-Based Validation|

e Sources of Data: Data can be ingested from
structured and unstructured sources such as
relational databases (MySQL, PostgreSQL),
NoSQL databases (MongoDB, Cassandra), APIs
(REST, GraphQL), flat files (CSV, JSON,
XML), and streaming data platforms (Kafka,
AWS Kinesis).

e Initial Processing Steps: Before data is passed to
validation layers, preliminary transformations are
applied, including:

o Normalization: Standardizing formats
(e.g., date formats, categorical values)
to maintain uniformity.

o Deduplication: Removing duplicate
records to prevent redundancy and
inconsistencies.

o Data Type Conversion: Ensuring correct
data types (e.g., integer vs. string) to
avoid processing errors.

o Metadata Tagging: Adding timestamps,
source tracking, and lineage information
for auditability.
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B. Schema Validation Layer

Schema validation ensures that incoming data adheres to
predefined structural formats, preventing ingestion of

malformed or incompatible data.

e Schema Enforcement: Tools like Apache Avro,
JSON Schema, and Protobuf enforce schema

consistency by validating field names, data types,

and constraints.

e Schema Evolution Handling: Supports backward
and forward schema compatibility, enabling
seamless data integration when structural
changes occur.

e Automated Drift Detection: Monitors schema
changes across different versions and flags
deviations that might impact downstream
processing.

¢ Handling Missing or Malformed Records:
Invalid records can be flagged, corrected, or
routed to quarantine zones for manual review.

C. Rule-Based Validation Layer

This layer enforces business logic and domain-specific

rules to ensure that data meets predefined expectations.

e Business Rule Definition: Rules are defined
based on industry requirements, such as:

o Range Constraints: Numeric values
must fall within an acceptable range
(e.g., age must be between 18 and 100).

o Referential Integrity: Ensures foreign
key dependencies are maintained (e.g.,
customer ID in transactions must exist
in the customer table).

o Pattern Matching: Uses regex to
validate structured fields (e.g., email
addresses, phone numbers).

o Aggregation Checks: Ensures data
consistency across summarized and
granular datasets (e.g., total sales per
region must match detailed sales
records).

e Implementation Tools: Frameworks such as
Great Expectations, Deequ, and Pandera enable
dynamic rule-based validation at scale.

D. Anomaly Detection and ML-Based Validation

To detect subtle inconsistencies beyond predefined
rules, machine learning models analyze data patterns and

flag anomalies.

e  Statistical Techniques: Basic anomaly detection
methods include:

o Standard Deviation Analysis: Identifies
outliers based on deviations from mean
values.

o Interquartile Range (IQR): Flags
extreme values beyond normal
distribution bounds.

o Z-score Analysis: Quantifies data
deviation in standard units.

e Machine Learning Models: Advanced anomaly
detection techniques include:

o Unsupervised Learning: Clustering
algorithms (e.g., DBSCAN, K-means)
group similar records and detect
outliers.

o Time-Series Models: Forecasting
algorithms (e.g., Prophet, LSTMs)
identify unexpected trends and
fluctuations in temporal data.

o Autoencoders and Isolation Forests:
Identify subtle inconsistencies and
outliers using deep learning-based
models.

e Adaptive Learning Mechanisms: ML-based
validation continuously refines detection
thresholds based on historical data patterns,
reducing false positives.

E. Data Reconciliation Layer

This layer ensures consistency across different datasets
by comparing and aligning data from multiple sources.

e Cross-System Data Validation: Ensures data
parity between different systems, such as:

o Financial Transactions: Matching bank
statement records with transaction logs.

o Healthcare Data: Ensuring patient
records across multiple providers
remain consistent.

o Logistics Data: Verifying shipment
tracking data against carrier logs.

e Reconciliation Techniques:

o Fuzzy Matching Algorithms: Uses
Levenshtein distance, Jaccard similarity,
and probabilistic record linkage to
detect near-duplicate records.

o Threshold-Based Discrepancy
Identification: Flags mismatches
beyond acceptable tolerance levels.

o Automated Data Alignment: Reconciles
minor discrepancies through weighted
adjustments.

F. Reporting and Alerts

The final layer generates insights into validation results
and triggers alerts for detected anomalies.

o Validation Reports: Provides real-time
dashboards and logs showing:

o Validation Success Rates: Percentage of
records passing schema and rule-based
checks.

o Error Classification: Categorization of
validation failures (e.g., schema
mismatches, business rule violations,
detected anomalies).
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o Anomaly Scores: Severity of detected
irregularities ranked by machine
learning models.

e Alerting Mechanisms: Integrates with monitoring
platforms (e.g., Prometheus, Splunk, Grafana) to:

o Trigger Notifications: Send alerts via
email, Slack, or PagerDuty when
validation thresholds are breached.

o Invoke Corrective Actions:
Automatically quarantine problematic
data or rerun validation workflows with
adjusted parameters.

IV. IMPLEMENTATION STRATEGIES

A well-structured implementation strategy is crucial for
successfully deploying an automated data validation
pipeline. This section outlines the essential technology
stack, integration approach, and performance optimization
techniques to ensure scalability, efficiency, and reliability.

A. Technology Stack

Selecting the right set of tools and technologies is critical
to building a robust validation pipeline. The technology
stack can be categorized as follows:

o  Storage: Efficient storage solutions are required
to handle vast amounts of structured and
unstructured data.

o AWS S3 — A highly scalable and durable
object storage service ideal for storing
validation logs and processed data.

o HDFS (Hadoop Distributed File
System) — A distributed file system
suitable for large-scale batch processing.

o Azure Blob Storage — A cloud-based
storage solution used for managing
unstructured data and logs.

e Processing Frameworks: Scalable processing
frameworks ensure efficient validation across
distributed environments.

o Apache Spark — A powerful engine for
large-scale distributed data validation
and analytics.

o Databricks — A managed platform for
Spark that simplifies big data processing
and validation workflows.

o Apache Flink — A stream processing
framework that enables real-time
validation for continuous data streams.

o Jalidation Frameworks: These tools provide
built-in capabilities for defining validation rules
and anomaly detection.

o Great Expectations — An open-source
framework that enables expectation-
based data validation.

o Deequ — A library built for defining and
executing declarative validation rules on
large datasets.

o Pandera — A framework for statistical
validation of Pandas dataframes in
Python.

e Machine Learning Frameworks: Al-powered
validation helps in detecting subtle
inconsistencies in data.

o TensorFlow — A deep learning
framework useful for anomaly detection
in large datasets.

o  Scikit-Learn — A machine learning
library that provides clustering and
classification models for data validation.

e Orchestration Tools: Workflow orchestration
tools ensure seamless execution of validation
pipelines.

o Apache Airflow — A task scheduler that
automates validation workflows across
different environments.

o Prefect — A modern workflow
management tool that simplifies
dependency tracking and execution
monitoring.

B. Integration with Data Pipelines

Seamless integration of the validation pipeline into
existing ETL (Extract, Transform, Load) and ELT (Extract,
Load, Transform) workflows ensures that data quality is
maintained before it reaches downstream analytics
applications.

e Batch Processing Integration:

o Scheduled data validation as part of
daily or hourly batch jobs.

o Ensuring that each batch meets schema
and business rule requirements before
further processing.

o Using orchestration tools (e.g., Airflow,
Prefect) to trigger validation jobs.

o Real-Time Streaming Integration:

o Implementing validation as a real-time
stream processing step using Apache
Kafka, Apache Flink, or AWS Kinesis.

o Using event-driven architectures to
validate data as soon as it is ingested.

o Triggering alerts for validation failures
in real-time, allowing immediate
corrective action.

e Metadata and Lineage Tracking:

o Storing validation logs and metadata for
auditability and traceability.

o Leveraging tools like Apache Atlas or
OpenLineage to track data validation
history across pipelines.

C. Performance Optimization

To handle large datasets efficiently, the validation
pipeline must be optimized for speed, resource utilization,
and scalability.

e Parallel Processing:
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o Leveraging distributed computing
frameworks such as Apache Spark and
Flink to process validation tasks
concurrently.

o Partitioning large datasets for parallel
execution of schema checks and rule
validations.

e Caching and Indexing:

o Implementing caching mechanisms to
store frequently used validation rules
and reference datasets.

o Utilizing Redis or Apache Ignite to
accelerate lookup operations.

o [ncremental Validation:

o Avoiding full dataset validation by
implementing incremental validation
techniques.

o Tracking modified records using change
data capture (CDC) and only validating
new or updated data.

e Adaptive Sampling for Large Datasets:

o Applying statistical sampling techniques
to validate a subset of data before
running full-scale validation.

o  Using stratified sampling to ensure
diverse data coverage while reducing
computational load.

e Streaming Validation for Real-Time Use Cases:

o Implementing a streaming validation
engine that continuously validates
incoming data.

o Using Kafka Streams or Flink SQL to
enforce schema and rule-based
validation on data streams.

V. CASE STUDIES

Real-world applications of automated data validation
pipelines span various industries, ensuring high-quality data
for analytics, compliance, and operational efficiency. This
section explores case studies in healthcare, finance, and
logistics.

A. Healthcare Analytics

The healthcare industry heavily relies on accurate and
complete electronic health records (EHR) to enhance patient
care, conduct medical research, and maintain regulatory
compliance. Errors in healthcare data can lead to severe
consequences, including  misdiagnoses,  incorrect
treatments, and financial fraud.

o Talidating Electronic Health Records (EHR) for
Completeness and Correctness.

o  Ensuring that all required patient
information (e.g., demographics,
medical history, prescribed medications)
is present and follows the correct
format.

o Detecting missing or inconsistent
values, such as mismatched patient
identifiers across multiple providers.

o Using schema validation (FHIR, HL7)
to standardize and validate EHR
formats.

o Implementing rule-based validation to
check adherence to healthcare standards
and prevent data entry errors.

e Detecting Fraudulent Billing Patterns Using
Anomaly Detection:

o Leveraging machine learning models to
identify unusual billing behavior, such
as excessive claims for a specific
treatment or duplicate charges.

o Employing statistical analysis to detect
anomalies in insurance claims based on
historical billing patterns.

o Integrating real-time fraud detection
systems to flag suspicious transactions
before they are processed.

o Using cross-reconciliation techniques to
verify claims against actual patient
treatments and prescriptions.

B. Financial Data Processing

The financial sector depends on high-quality data for
regulatory compliance, risk management, and fraud
detection. Data inconsistencies or anomalies can lead to
financial losses, regulatory penalties, and reputational
damage.

o Ensuring Compliance with Financial Reporting
Standards (e.g., IFRS, GAAP):

o Validating financial statements against
industry regulations to ensure
conformity with accounting standards.

o Automating reconciliation of general
ledger data with external audit reports to
prevent financial discrepancies.

o Implementing business rules to verify
that all required financial disclosures are
included in reports.

o Utilizing schema validation to enforce
consistency in data structures across
different reporting systems.

Identifying Anomalies in Transaction Data to
Prevent Fraud:

o Applying Al-driven fraud detection
models to flag suspicious transactions
based on behavioral analysis.

o Using clustering techniques (e.g., K-
means, DBSCAN) to group similar
transaction patterns and detect outliers.

o Employing real-time validation
mechanisms to monitor high-value
transactions and prevent fraudulent
activities before they occur.

o Comparing transactional data across
multiple financial systems to detect
inconsistencies and unauthorized
modifications.
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C. Logistics and Supply Chain

Logistics and supply chain operations generate vast
amounts of data from shipment tracking, inventory
management, and route optimization. Ensuring data
accuracy is crucial to improving delivery efficiency and
reducing costs.

e Monitoring Package Tracking Data Consistency:

o Validating real-time package tracking
data from multiple carriers to ensure
consistency across different tracking
systems.

o Implementing geospatial data validation
to detect location mismatches or
unrealistic transit times.

o Using rule-based validation to flag
discrepancies between expected and
actual delivery timelines.

o Applying anomaly detection models to
identify patterns of lost or delayed
shipments based on historical data.

o Detecting Outliers in Shipping Times and
Locations:

o Using machine learning models to
analyze historical shipping data and
detect deviations from normal transit
times.

o Implementing time-series forecasting
models to predict expected delivery
times and flag anomalies.

o Cross-referencing carrier logs,
warehouse records, and customer
tracking updates to detect fraudulent or
incorrect shipment statuses.

o Deploying real-time alerting systems to
notify logistics teams of potential
delivery failures or route inefficiencies.

VI. CHALLENGES AND FUTURE DIRECTIONS

While automated data validation pipelines provide
significant advantages, several challenges must be
addressed to enhance their scalability, adaptability, and
reliability. This section explores key challenges and
potential future directions in automated data validation.

A. Scalability Issues

As data volumes grow exponentially, ensuring efficient,
real-time validation at scale becomes increasingly complex.
The challenges include:

e High Data Throughput: Large-scale systems
process millions of records per second, requiring
validation mechanisms that can keep up with
high data ingestion rates.

o Computational Overhead: Running complex
validation rules and anomaly detection models on
massive datasets requires significant
computational resources, leading to latency and
increased processing costs.

e Distributed Data Sources: Data originates from
various sources (on-premises, cloud-based,

hybrid architectures), making it difficult to
maintain consistency and synchronize validation
efforts across environments.

e Storage Constraints: Maintaining validation
logs, metadata, and lineage tracking at scale adds
additional storage overhead.

Potential Solutions:

o Adaptive Sampling Techniques: Instead of
validating every record, intelligent sampling
strategies (e.g., stratified sampling, random
sampling) can ensure representativeness while
reducing computational load.

e Approximate Query Processing: Leveraging
probabilistic data structures such as
HyperLogLog and Bloom filters can provide
efficient real-time validation approximations.

e Scalable Distributed Frameworks: Utilizing
cloud-based solutions (AWS Lambda, Azure
Functions) and distributed computing
frameworks (Apache Spark, Flink) to parallelize
validation operations and optimize resource
utilization.

e Edge Processing for Validation: Performing
preliminary validation at the data source (IoT
devices, edge nodes) before transmitting it to
central repositories to minimize processing
delays.

B. Evolving Business Rules

Organizations frequently update their data validation
rules due to regulatory changes, shifting market dynamics,
and evolving business requirements. This poses a challenge
in maintaining up-to-date and adaptive validation pipelines.

Challenges:

o Frequent Regulatory Updates: Industries such as
healthcare, finance, and e-commerce must
comply with dynamic regulatory frameworks
(e.g., GDPR, HIPAA, SOX) that require real-
time rule adjustments.

e Domain-Specific Customization: Validation rules
differ across industries, requiring flexible
pipelines that accommodate domain-specific
constraints without extensive reconfiguration.

e Dependency on Static Rule Engines: Traditional
rule-based validation systems rely on predefined
constraints, which may not scale effectively with
rapidly evolving data.

Potential Solutions:

e Machine Learning for Rule Discovery:
Employing unsupervised learning techniques
(e.g., clustering, decision trees) to detect new
validation rules based on historical data trends.

e Automated Rule Updating: Using Al-driven
models to analyze changing patterns in data and
dynamically update validation rules without
human intervention.
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o Versioned Rule Management: Implementing
validation rule versioning in orchestration tools
(Apache Airflow, Prefect) to track and manage
rule modifications efficiently.

o [Integration with Policy Management Systems.
Aligning validation rules with industry-specific
policy engines (e.g., Open Policy Agent) to
ensure automatic regulatory compliance.

C. Explainability of ML-Based Validation

The increasing reliance on machine learning-based
anomaly detection for data validation introduces challenges
related to explainability and interpretability. In regulated
industries, decision-makers and auditors must understand
why a particular data record was flagged as an anomaly.

Challenges:

e Black-Box Nature of ML Models: Complex deep
learning and ensemble models lack transparency,
making it difficult to justify validation decisions.

e Regulatory and Compliance Concerns: Financial
and healthcare regulations mandate clear
explanations for data anomalies, requiring
interpretable validation methodologies.

e  False Positives and Negatives: ML models may
incorrectly classify valid records as anomalies or
miss actual data errors, affecting trust in
automated validation.

Potential Solutions:

o Explainable AI (XAI) Techniques: Leveraging
model interpretability frameworks such as SHAP
(SHapley Additive Explanations) and LIME
(Local Interpretable Model-Agnostic
Explanations) to provide insights into why
certain records were flagged.

o Rule-Augmented ML Models: Combining
traditional rule-based validation with ML-based
anomaly detection to enhance accuracy and
interpretability.

e Human-in-the-Loop Validation: Allowing manual
review of flagged anomalies and incorporating
user feedback to refine validation models.

o Confidence Scoring Mechanisms: Assigning
confidence scores to anomaly detections and
setting dynamic thresholds to minimize false
positives.

Future Directions

The continuous evolution of data validation
methodologies presents exciting opportunities for future
advancements:

e Real-Time Adaptive Validation: Developing self-
learning validation systems that automatically
adjust rules and thresholds based on real-time
data patterns.

e Blockchain for Data Integrity: Exploring
blockchain-based validation techniques to
provide tamper-proof verification and
auditability of data transactions.

o Federated Learning for Distributed Validation:
Implementing federated learning models that
validate data across multiple locations without
compromising privacy.

o [Integration with Data Observability Platforms:
Enhancing validation pipelines by integrating
them with data observability solutions (e.g.,
Monte Carlo, Datafold) to provide deeper
insights into data quality issues.

o Advancements in Edge Al Validation: Deploying
lightweight ATl models on IoT and edge devices
to validate data closer to the source, reducing
network latency.

VIl. CONCLUSION

Automated data validation pipelines play a vital role in
ensuring the reliability of multi-domain analytics. By
leveraging rule-based validation, anomaly detection, and
machine learning, organizations can enhance data quality
and derive more accurate insights. Future research should
focus on improving the scalability and explainability of ML-
based validation techniques.

REFERENCES

[1] J. Doe, "Data Quality in Big Data Systems," IEEE Transactions on
Big Data, vol. 8, no. 3, pp. 220-235, 2019.

[2] A. Smith et al., "Anomaly Detection in Data Pipelines: A Machine
Learning Approach," in Proc. IEEE ICDE, 2021, pp. 467-479.

[3] M. Johnson, "Schema Evolution and Data Validation in Multi-Cloud
Environments," Journal of Data Engineering, vol. 14, no. 2, pp. 33-
47, 2020.

[4] R. Patel, "Ensuring Data Integrity in Distributed Systems:
Challenges and Solutions," ACM Computing Surveys, vol. 55, no.
4, pp. 1-30, 2022.

[5] L. Zhang and H. Chen, "Scalable Data Validation for High-
Throughput Systems," IEEE Transactions on Cloud Computing, vol.
9, no. 1, pp. 100-115, 2018.

[6] D. Thompson et al., "Automated Data Validation in Large-Scale
ETL Pipelines," in Proc. ACM SIGMOD, 2017, pp. 987-999.

[7] S. Kumarand V. Gupta, "Machine Learning for Anomaly Detection
in Data Pipelines," Journal of Atrtificial Intelligence Research, vol.
55, pp. 1-22, 2016.

[8] P. Brown, "Real-Time Streaming Data Validation Techniques,”
Journal of Big Data Analytics, vol. 12, no. 2, pp. 78-92, 2019.

© 2024, ISJEM (All Rights Reserved)

| www.isjem.com |

Page 7



