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ABSTRACT 

In todays world data is growing really fast across many different platforms. This includes things 

like systems and APIs as well as cloud-based flat files. Because of this we need to create flexible 

data engineering frameworks. My research presents an implementation of an end-to-end data 

pipeline. This pipeline is specifically designed for the Healthcare Revenue Cycle Management 

domain. 

One big problem we are trying to solve is that old systems are not flexible or automated enough. 

They often make mistakes when handling amounts of sensitive financial and patient data. These 

old systems can also slow down. Create separate groups of data that make it hard to make good 

decisions. 

My solution uses a set of Microsoft Azure services. These services help move enterprise data from 

systems to a new cloud-based system. This is done in an seamless way. The main part of this 

architecture is Azure Data Factory, which is used to manage and move data. This creates an 

encrypted bridge for data to move so sensitive healthcare information is never exposed to the 

public internet. 

Data is stored in Azure Data Lake Storage Gen2, where it is managed in a way. This includes three 

layers: Bronze, Silver and Gold. For data transformation and quality assurance the system uses 

Azure Databricks with PySpark. This layer does jobs like removing duplicates handling missing 

values and standardizing formats. This ensures that the data is very accurate. 

Security and governance are very important. Azure Key Vault is used to manage credentials and 

Role-Based Access Control is used to make sure we follow healthcare rules. The results of this 

project show that it is more reliable and needs less manual work. By moving to this cloud-based 

system organizations can get rid of the limitations of systems. They can also create a foundation 

for advanced reporting, business intelligence and future machine learning projects. This project 

provides a plan for large-scale data engineering solutions in environments. 

The Healthcare Revenue Cycle Management domain will benefit from this research. The 

Microsoft Azure services used in this project are very important. The Azure Data Factory and 

Azure Databricks are components of this project. The results of this implementation are very 

promising. The Healthcare Revenue Cycle Management domain can use this project as a model, 

for their data engineering solutions. 

Keywords: Microsoft Azure, Data Engineering, Healthcare RCM, Medallion Architecture, Azure 

Data Factory, Cloud Migration, PySpark. 
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1. Introduction 

These days companies have a lot of data. It is coming from everywhere. Not their usual databases, 

but the internet, partners and many sources. Healthcare companies have a chance here but it is not 

simple. They handle lots of information, complex billing and old systems that do not always work 

well with new technology [4]. To make sense of all this and use it for decision-making they need 

systems that can process and manage the data. 

That is what this project is about: creating a data system for healthcare organizations. Sharing 

information between platforms is important especially when you need to keep sensitive data safe. 

We are using Microsoft Azure for this [1]. Tools like Azure Data Factory [2], Azure Databricks [3] 

and Azure Data Lake Storage. These tools help us move, process and store all that information in 

one place. 

We are organizing everything using the Medallion Architecture. It is like a three-step filter: Bronze, 

Silver and Gold. Data starts off raw and messy. As it moves through each layer it gets cleaner and 

more refined until it is ready for use [2], [3]. Security is very important. We have set up connections 

between systems and the new cloud setup so sensitive information stays protected [1]. 

Here is what we are doing: 

➢ Building a data system for healthcare companies [4]. 

➢ Using Microsoft Azure and its tools [1]. 

➢ Organizing everything, with the Medallion Architecture [2]. 

➢ Keeping data secure at every step [1]. 

Healthcare Revenue Cycle Management is lots of records, insurance claims and financial 

transactions [4]. The Medallion Architecture helps us keep it organized and usable. Azures security 

features make sure everything is secure [1]. That matters a lot in healthcare. 

The Microsoft Azure ecosystem gives us everything we need [1]. Azure Data Factory moves the 

data [2]. Azure Databricks processes. Cleans it [3]. Azure Data Lake Storage keeps it safe. All these 

pieces work together to handle the flood of information [5]. 

Honestly tying all this together is not easy. With the Medallion Architecture and the right tools it is 

possible. Managing healthcare revenue cycles may be tough. With a solid secure data system it 

works [4], [5]. 

1.1 Motivation 

We started doing this research because the old ways of handling data in healthcare are not working 

anymore. Many organizations are still doing things manually which takes a time and leads to 

mistakes. The amount of data is increasing quickly and these old systems are getting overwhelmed. 

This slows down reports and causes problems with daily work. 

Another big reason we are doing this research is to get rid of the systems that hold different kinds of 

data in healthcare. Clinical records, financial information and administrative data are often stored in 

systems that do not communicate with each other. This makes it very difficult to see the picture of 

where the money is coming from where it is going and to identify issues and make good decisions 

about insurance claims. It is also hard to predict cash flow. What we really need is one place for all 

this data, a Single Source of Truth that brings everything together. 

Moving to the cloud is also about making things more flexible and affordable. Running our servers 

is very expensive both at the beginning and over time. With Microsoft Azure we only pay for what 

we use so it is easy to increase or decrease our usage as needed. Azure Databricks allows us to 

process amounts of data in a way that old office computers cannot handle. 
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We should not forget that healthcare data is very sensitive. Protecting it is not a legal requirement it 

is the right thing to do. This project aims to show that cloud computing can actually be safer than 

setups when done correctly. We use monitoring encrypt all data from start to finish and keep secrets 

secure with Azure Key Vault. The goal of this healthcare data project is to set a standard, for 

handling data safely in healthcare financial management and we are using healthcare data to do it. 

1.2 Contribution 

This research brings a lot to the table for data engineering and cloud-native app design. The big 

thing here is a fully automated, scalable, and secure data migration framework built specifically for 

the unique headaches in Healthcare RCM. Instead of relying on generic pipelines, this solution 

actually tackles the tough security demands and tricky data structures you always find in medical 

finance systems. 

Key technical contributions include: 

1. Secure Hybrid Connectivity:- Setting up a Self-Hosted Integration Runtime (SHIR) gives 

organizations a secure way to move data from their private, on-premises SQL servers to 

Azure—no need to open up their internal networks to the public internet. It’s a solid example of 

how hybrid cloud setups actually work, not just in theory but in practice. 

2. The Medallion Framework Implementation is a project that shows how the Bronze-Silver-Gold 

architectural pattern works in life. This project is about taking data from one place and changing 

it into something. It starts with getting the data and ends with making it work well with Delta 

Lake. The Medallion Framework Implementation is good because it shows the steps to take to 

make sure the data is correct and can be trusted. The Medallion Framework Implementation is 

really, about keeping track of where the data comes from and making sure it is good. 

3. We used Azure Databricks and PySpark to write faster, smarter scripts for cleaning up data, 

removing duplicates, and making sure everything fits the right schema. These scripts don’t just 

handle the usual stuff— they also deal with late-arriving data and changes in the schema, so the 

pipeline stays solid even as things evolve. 

4. Bringing Azure Key Vault and Azure Monitor into the pipeline really raises the bar for how 

things run. This setup shows you can automate how connection strings and secrets get handled, 

which cuts down the chances of anyone leaking credentials. 

5. Save Money, Scale Fast: When you combine Azure Data Factory’s orchestration tools with 

Databricks’ auto- scaling clusters, you get a model that helps you build high-performance 

systems without blowing your cloud budget. You boost throughput, keep costs in check, and the 

whole thing just runs smoother. 

This piece lays out a clear path for anyone trying to modernize outdated healthcare systems. It’s 

basically a guide for data folks who want to make real improvements. The author breaks down the 

basics of data engineering and shows how they actually apply in the real world. That’s a big help for 

people in healthcare who want to use analytics and machine learning to make things work better. 

Honestly, if you’re working in healthcare, there’s a lot you can gain from this. 

2. Related work 

Data engineering in healthcare has really changed a lot. Not long ago hospitals and clinics used old 

databases to store patient information and handle billing [4]. These old systems were good. They 

could not keep up when digital health records and APIs became popular. At first teams used ways of 

moving data around which involved a lot of manual work and waiting. As the amount of data 

increased these old systems started to fail [4]. 

Things started to get better when cloud platforms like Microsoft Azure became available [1]. 

Suddenly healthcare organizations could handle the demands of analytics. The main problem was 
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not the technology. Keeping patient data safe and following the rules. That is where hybrid cloud 

setups and tools like the Self-Hosted Integration Runtime came in [1], [2]. They created a way to 

connect old on-premises SQL servers to the cloud so hospitals could keep using their old systems 

and also use the cloud for storage and processing [1]. 

Data orchestration has also changed. Of writing manual scripts teams now use automated services 

like Azure Data Factory [2]. This makes it easier to move data even if it comes from different 

sources. When you compare Azure Data Factory to tools you can see the benefits. It is more 

reliable, easier to use with data lakes and you can start data pipelines on a schedule or when certain 

events happen [2]. This has made it possible to do time financial forecasting in revenue cycle 

management [4]. 

The way data is stored has also changed. The Medallion Architecture is now the way to handle data 

quality [2]. It has layers. Bronze for raw data Silver for processing and transformation and Gold for 

clean and ready-to-use data. Platforms like Azure Databricks, which use Spark make data 

processing faster than the way of using SQL [3]. With PySpark engineers can clean up data quickly 

which helps keep healthcare claims accurate and reliable [3], [4]. 

Security is always a priority. Tools like Azure Key Vault and Role-Based Access Control are now 

necessary for any data pipeline [1]. Teams are now thinking about security from the start of adding 

it later. Recent projects and studies have shown that the benefits of using the cloud such as cost, 

speed and flexibility only work if you follow data governance and quality standards [1], [5]. 

So to sum it up the field of data engineering in healthcare is moving towards automated, secure and 

layered data systems. The old systems were good. Now they are not enough. The complexity of data 

demands the flexibility and power of the Azure ecosystem [1]. This research uses the practices, such 

as the Medallion design and Azures security features to build a data pipeline that actually works in 

the real world [2], [3]. The result is an secure solution that solves the biggest challenges, in 

healthcare [4], [5]. 

3. Research Methodology 

This project's methodology is based on cloud data engineering (modern) and will use the Microsoft 

Azure ecosystem to address the data fragmentation/scalability problems caused by the 

implementation limitations of "Healthcare Revenue Cycle Management" (RCM); It will take a 

structured lifecycle approach, using the analysis of legacy limitations through implementation of an 

advanced-SCALA tiered data lakehouse architecture. Thus, data will not only be moved from point 

A to B, but rather be systematically enhanced for high level business intelligence for use by RCM 

operations. 

3.1 Problem statement 

Out in the open now - many hospitals still run on old database machines stuck in backroom server 

racks, built long before cloud flows or instant updates existed. Because these systems sit offline, 

they buckle under loads of daily claim files piling up like unopened mail. Insurance details arrive 

fast; the older tech drags behind, unable to keep pace with fresh inputs from clinics and labs. When 

numbers flood in faster than processing speed, reports stall without warning. Financial clarity fades 

when delays stretch into hours, sometimes days. Instead of spotting trends early, teams chase 

problems already passed. Data waits too long to become useful, trapped in setups never made for 

today’s rhythm. Insight comes late, if at all, leaving decisions based on yesterday's snapshots. These 

outdated cores slow everything down - not by design, but by age. Real-time tracking slips out of 

reach, replaced by guesswork masked as planning. When hardware hits its limits, problems grow 

worse because old methods of moving data stay stuck in slow motion. Instead of smooth flows, 

many revenue cycle steps rely on people copying or partly automated shifts of info - each step 

opening doors for mistakes and messy datasets. Errors creep in when typing varies, plus checks at 

intake are too weak to catch bad entries early. Bad data spreads through offices like spills no one 

mopped up. Hospitals feel this as money lost: wrong ID formats or double files cause insurers to 
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bounce back bills, dragging out payments. Separate storage pockets make it harder; facts buried in 

isolated corners block any full picture of how patients’ accounts move. Without clear sight, spotting 

repeating leaks or improving filing tactics becomes guesswork. 

Keeping patient records safe has become harder under today's rules. Old servers inside hospital 

walls find it tough to protect health details when hackers keep getting smarter. Laws say private 

medical data must stay locked down, yet outdated setups rarely offer full encryption or tight user 

permissions. Some systems miss clear logs showing who accessed what, making leaks hard to trace. 

Instead of growing smoothly, expanding hardware means big spending most clinics can’t afford. 

Tougher attacks come faster than budgets grow. Now more than ever, a shift toward cloud- based 

automation in data handling feels unavoidable. This kind of setup has to link locked-down local 

systems with flexible cloud power - while quietly enforcing layers of checks so each piece of data 

stays correct, protected, and fit for deep analysis [1], [2], [4]. 

 
Fig 1. Architecture Diagram of Proposed Model 

3.1.1 Problem Definition and Feature Detection 

In the healthcare RCM domain, detecting "fake" or "corrupt" data is as critical as detecting 

deepfakes in video. This project identifies specific data characteristics that compromise the integrity 

of the revenue cycle. Just as facial landmarks are used to identify a subject, we use specific 

metadata points and transaction coordinates to detect anomalies in the data stream. 

3.1.2 Data Inconsistency and Fragmented Silos 

1. Data Inconsistency and Fragmented Silos 

As most legacy healthcare infrastructures involve either fragmented data silos or un-synced 

transactional records, the pipeline requires a higher level of complexity to avoid compromising on 

data accuracy. The consistency pattern of the financial records in the data stream is picked up in this 

step. Transaction coordinates (points 1–25 in the list of retrieved database schema landmarks) are 

derived from the source SQL tables and provided as input to the inconsistency detector. Detection 

of data fragmentation is performed by calculating the Data Relationship Ratio (DRR). It is possible 

to depict each patient’s journey individually using several distinct landmark locations. The record is 

signified by six (x, y) coordinates, beginning with the Transaction ID (p1) and progressing through 

Patient ID (p2), Provider ID (p3), Insurance Code (p4), Service Date (p5), and Bill Amount (p6). 

The DRR for a single record is determined using the following equation: 
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Here, ||p2-p6|| stands for how far apart the patient's ID is from the ending bill total, seen as a 

measure of logic. 

Only when records line up right does DRR hold its worth. If entries go missing or get stuck apart, 

DRR loses everything. Trouble shows more often once both clinical and financial DRR averages 

dip under a set level. That drop must last across several batches in a row to count. For this round, 

we counted ten straight batches. Each had to fall below point seven five. Not one above, not one 

skipped. 

Features like patient details, claims, and payment info get pulled using a tool that checks data 

consistency. Because today’s health systems generate such varied formats, setup patterns had to be 

gathered directly from the structure. Our findings show one person's charge timeline stays steady 

inside a live flow of connected records. Even when original platforms appeared unified, true unity 

never showed up across isolated sections. Most oddities in information - such as what we call 

Schema Warping - tend to cluster near financial transactions. Old ways of handling databases 

created uneven records. That means differences in how data looks from one batch to next can help 

shape how the system learns. 

Shape detection begins by pulling key points 1 through 25 from schema markers. Because these 

spots define structure, distances between claim entries - called d1 - are measured straight-line style. 

At the same time, patient data gets scanned; its span forms d2 using identical logic. Financial inputs 

enter next, drawn from markers labeled 26 to 

45. Once inside, internal transaction dots feed into a new step: here emerges d3, built from jumps 

across payment timing marks. Each measure grows from location pairs locked in system space. 

Sometimes the span of the billing period ($d4$) comes from measuring straight-line gaps between 

farthest transaction points. Once the Provider Shape module gets details (entries 46–60), it checks 

how much the provider bends the overall data layout. To find the bottom width of the provider, they 

measure a straight path (d5) across the start points of its dual ID lines. In much the same way, $d6$ 

helps spot where the peak transaction sits. So finally, sizes like claim spans (d1, d2), inside and 

outside deal markers (d3, d4), along with upper and lower revenue widths (d5, d6), showed up as 

key outline traits. 

3.1.3 Data Pre-processing 

Before analysis, we must increase the data's quality so that we can do so more effectively. Pre-

processing allows us to remove unwanted "noise" (orphaned records) and improve some aspects that 

are critical to the healthcare application we're working on. Depending on the source system, some of 

these aspects may be different. We need to establish a baseline schema for all records that are fed 

into our Azure algorithms since the schema of certain tables captured by on-premises servers and 

put into our algorithms might change. 

1. Filter the Data Region of Interest (ROI) 

Using automated scripts, Data Filtering can automatically identify valid records in the ingestion 

stream. A rectangular logical filter is then applied, focusing on either all of the records or the most 

recent updates. We select a set degree of confidence in data identification before implementing the 

ingestion algorithm. At high-volume scales, records can be recognized by the pipeline even when 

the volume has been scaled up or down. By "filtering" a dataset, we mean choosing and removing 

the area of interest (also known as the ROI) from the raw stream. An RCM application, for example, 

may need filtering the financial records out of a mixed clinical stream. When we filter a dataset, we 

are attempting to eliminate the records that are outside of our interest range. Selecting a Region of 

Interest, or ROI, is a frequent term for this step. PySpark data-frame slicing may be used to filter a 

dataset after it has been captured in the Bronze layer. 

2. Data Normalization (Resizing) 
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Normalization is the process of increasing or decreasing the scale of a numerical value without 

removing its context. In essence, normalizing a dataset means making the values larger or smaller to 

fit a standard scale. Because in certain cases, scale does play a role in analytical accuracy. In this 

case, we have resized (normalized) the financial values to a standard 2-decimal point resolution for 

consistency across all Gold layer aggregates. 

3.1.4 Data Integrity and Watermark Detection 

Most big RCM data sets drag behind in timing. So the flow leans on spotting watermarks to keep 

info current. This stage catches how transaction logs come in. Change markers from the system feed 

into finding those watermark spots - numbered between 70 and 85 among fetched meta entries. 

Flickering data - entries that pop in then vanish at sync - is caught by measuring Record Aspect 

Ratio (RAR). Six separate metadata points allow showing every chunk of data on its own. A 

sequence of six points (x, y) marks the batch, starting at the first capture (p1), then moving 

clockwise through each step (p2 to p6). One full set uses this formula to find its RAR value 

 

Picture how far apart p2 and p6 are - not space, but steps in moving data. Holding steady? Then 

RAR holds its line. But lose contact at the start, and RAR sinks flat. If both ends - source and 

destination - show RAR averages dipping under 0.4 across five straight checks, hiccups happen 

more often. That gap of five and that mark of 0.4 were picked here to keep everything tight and 

aligned. No leap, just measure after measure stacking up the same way. 

3.1.5 Schema Warping and Validation 

The schema landmark detector is used to extract record features including column name, data type, 

and precision coordinates. To capture the vast range of data forms produced by the various EHR 

(Electronic Health Record) systems prevalent in healthcare, features from the schema were 

extracted. A dataset’s structural shape in a real, validated video- like data stream is quite stable, 

according to our research. Regardless of how the data was modified to make it seem unified, this 

was never the case in un-optimized legacy systems. Additionally, the majority of data abnormalities, 

including "Schema Warping," occur around the billing and payment area. Because of deep-level 

database manipulation or manual entry, there are different record forms (e.g., mismatched currency 

formats or date strings). This is why we want to use the variations in the record characteristics' 

shapes across frames (time-steps) to train our pipeline classifier. The record shape detector uses 

primary key coordinates (points 86–110) derived from schema landmarks as input. Using an 

integrity detector, the schema shape detector calculates Euclidean distance ($d1$) among endpoints 

of the Patient IDs and Euclidean distance (d2) among endpoints of the Transaction IDs, 

respectively. The Value shape detector uses numerical coordinates (points 111–130) retrieved from 

the Gold layer landmarks. Using $d1$ among inner financial coordinates, the length of the payment 

cycle (d3) is calculated. Similar to this, the width of the claim cycle ($d4$) may be determined by 

computing Euclidean distance among outer claim coordinates. When the Provider Shape detector 

receives metadata (points 131–150), it uses that information to determine the provider's influence on 

the data shape. The Euclidean distance ($d5$) among the base of the provider’s two edges is used to 

calculate the provider's base width. A similar calculation is made using (d6) to determine the 

provider's highest transactional point. Consequently, the widths of the transactions (d1, d2), the 

inner and outer billing coordinates (d3, d4), and the top and base width of the revenue stream (d5, 

d6) were retrieved as form features to ensure the classification of valid records. 

1. Ingestion Layers (Convolutional Equivalent) 

Right at the start of a deep data flow come these first filters, shaping raw input or adding extra info 

tags along the way. Most custom settings users set - like access paths and tracking markers - live 
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right here. When building how data gets pulled in, what matters most? Thread count running 

together, plus how much data fits in the holding space. Pulling data with Copy2D pops up more 

than any other method. Inside each pull step, pairs of tables shift cell by cell, row matched to row, 

through a source-to-target link-up. A single Parquet file ends up holding all the data, just because. 

Sliding across a site - or really any SQL partition - the ingestion engine repeats the same move 

every time, turning rows of raw entries into reshaped blocks that fit the lake's layout. 

2. Transformation Layers (Pooling Equivalent) 

There are several different types of transformation layers; however, pooling (aggregation) layers 

serve a particular function like Max-Aggregation, which takes the largest financial value in the 

group area, or Average-Aggregation, which takes the average billing value in the region. In most 

cases, they are utilized to minimize the dataset's dimensions and provide summarized insights. 

3. Security Layers (Dropout Equivalent) 

In most cases, dropout is applied to the fully connected layers solely since these layers have the 

most parameters and are thus more prone to excessively co-adapt, leading to overfitting. 

Convolutional layers (for example, Conv2D) & pooling layers may both be employed before or 

after dropout (for example, MaxPooling2D). A basic heuristic says that dropout should only be 

applied after the pooling layers, however, this isn't always true. It is possible to apply dropout to 

every feature map cell or element. 

4. Aggregated Dense Layers (Fully Connected Equivalent) 

The dense layers, also known as FCLs, are incorporated prior to the final Business Intelligence (BI) 

output of the pipeline. Dense layers are used for the flattening of the results prior to reporting. 

Dense layers are analogous to the output layer of an MLP, where the high-dimensional transactional 

data is reduced to the final set of KPIs for the executive dashboard. 

3.1.6 Proposed Algorithm 

The proposed algorithm for the Healthcare Revenue Cycle Management (RCM) Data Pipeline is 

intended to automate the process of transforming raw legacy data into high-fidelity analytical assets. 

The phases of this algorithm are defined as follows: Ingestion, Validation/Cleansing, and 

Aggregation, so that the final output is devoid of any abnormalities. 

Algorithm 1: The Medallion Data Pipeline from Start to Finish 

Step 1: Find the Source. We need to identify the connection string and the important points in the 

on-premises SQL environment which're the source schema landmarks points 1 through 25. 

Step 2: Find the Watermark. We look at the control table to find the Max_Watermark_Value, which 

helps us figure out the "Region of Interest" of the batch of Medallion Data. 

Step 3: Get the Data Safely. We use the Self-Hosted Integration Runtime to copy the data. We do 

this by going through the source partitions taking out the 2D records and putting them into the 

Bronze Layer of the data lake which is part of the Medallion Data Pipeline. 

Step 4: Clean the Medallion Data. We take the Medallion Data from the Bronze Layer. Load it into 

an Azure Databricks Spark session and then we filter out the bad stuff, like duplicates, patient IDs 

that are missing and billing codes that do not match. 

Step 5: Make the Medallion Data Normal. We calculate the distance between the financial 

coordinates and if it is too big we make the Medallion Data follow the standard schema that the 

healthcare industry uses. 

Step 6: Transform the Medallion Data. We save the Medallion Data, in the Silver Layer using the 

Delta Lake protocol, which helps stop data corruption. 
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Step 7: Combine the Medallion Data Features. We combine the Medallion Data using Max-Pooling 

on the revenue and Average which is part of the Medallion Data Pipeline. 

4. Research Methodology 

The tool used for this study included Python itself and its associated libraries; specifically, PySpark 

and Pandas were utilized as well. For the purposes of testing, an initial ingestion amount of ten-

thousand rows per batch and a cluster configuration comprised of four-nodes were used to find a set 

maximum ingestion amount. Throughout the course of monitoring the design in this study, a total of 

40 distinct execution cycles were completed to determine if any changes were occurring. The 

trigger rate for extracting the delta changes between source SQL servers is set to 15- minute 

intervals. The trigger rate was established due to the high volume of data convergence encountered 

during the transformation from Bronze to Silver layers. In addition to the amount of data ingested 

into the system, there are other performance metrics being measured including ingested-data 

accuracy, lost-data record count (dropped), and throughput of the system. The percentage of all 

records that have been corrected in their respective categories is considered to be the ingested-data 

accuracy number. 

4.1 Data description 

The dataset made use of for the purposes of this research includes RCM Data that is representative 

of an extremely large data set with over 3.75 million records of all types that have to do with 

Revenue Cycle Management, while containing all of the most complex components of real-life 

hospital environments through the use of multitable relational structures which include everything 

from patient demographics to claims history to payment logs. 

The Data was divided into three distinct segments in order to validate the performance of the 

pipeline in the following ways: 

1. The Training Subset: 2,250,000 records (60%) were used for the development and enhancement 

of the transformation logic and schema mapping rules in Databricks. 

2. The Validation Subset: 750,000 records (20%) were utilized for the calibration of the Data 

Relationship Ratio (DRR) and Watermark thresholds. 

3. The Testing Subset: 750,000 records (20%) have been specifically designated for the final 

performance audit; checking for data quality and system throughput. 

In the totality of each of these three subsets, a consistent ratio of 70% of actual (clean) and 30% of 

fraudulent (anomalous/siloed) records was maintained, allowing our logic for identifying the 

schema warping phenomenon to be rigorously examined against a high volume of noise. 

 
Fig. 2. Azure Data Lake Storage (ADLS) 
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4.2 Experimental Setup and Environment 

An important element of every project is testing our ML method. A metric such as accuracy_score 

may provide satisfactory results when testing this model, however other metrics like 

logarithmic_loss or any other of its kind may yield bad results. The majority of the time, 

classification accuracy is utilized to evaluate the efficiency of the proposed model; nevertheless, this 

is not adequate to evaluate the proposed model. Various forms of assessment metrics have been 

discussed in this section. 

4.2.1 Environment Configuration and Hybrid Connectivity 

The researchers built their experimental setup by using hybrid cloud architecture which mimicked a 

real-world healthcare enterprise setting. The research used a local SQL Server 2019 instance to host 

its source data while Microsoft Azure served as the main processing and storage environment. We 

used a Self-Hosted Integration Runtime (SHIR) system which we installed on a Windows Server 

virtual machine to create a secure connection between the two systems. This runtime serves as the 

"neural gateway" for our data, allowing Azure Data Factory to initiate an outbound connection that 

bypasses the need for vulnerable inbound firewall ports. The research team established the system 

to extract raw data landmarks from protected internet access points which maintained complete data 

security during all 40 study execution cycles. 

 

 

Fig 3 :-Detailed Hybrid Infrastructure and Control Flow Diagram 

 

4.2.2 Processing Cluster and Spark Parameters 

The primary computational engine which performed data conversion used an Azure Databricks 

cluster which processed millions of RCM records through its distributed processing system. The 

cluster for this study used four Standard_DS3_v2 worker nodes which delivered an appropriate 

memory and CPU core combination. The PySpark engine used this configuration to divide the 

extensive healthcare data into separate "frames" which could be analyzed. We specifically tuned the 

Spark shuffle partitions to 200 to ensure that the "Schema Warping" and "DCR" calculations were 

performed across the distributed nodes without encountering memory bottlenecks. This high-

performance configuration was critical for achieving the rapid convergence of our data cleansing 

logic because it allowed multiple complex Euclidean distance calculations to run simultaneously 

across the entire testing subset. 

4.2.3 Dataset Partitioning and Integrity Metrics 

The proposed algorithm's assessment required the 3.75 million record dataset to be divided into 

specific parts which showed how information progressed through its various stages. The Bronze 
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layer functioned as our primary storage area which stored unprocessed data while the Silver and 

Gold layers operated as our testing andvalidation environments. We established a strict data 

distribution where 60 percent of the records were used to define the "normal" state of the revenue 

cycle, while the remaining 40 percent were used to test the pipeline's sensitivity to injected 

anomalies. The main measurement method for this quantitative study utilized Ingestion Accuracy 

which assesses how many records maintained their original logical landmarks after passing through 

transformation filters. The Watermark thresholds obtained optimization through our data monitoring 

system which tracked "loss" occurrences during system transitions whereas our data ingestion 

process protected all vital financial information from being lost. 

 
Fig. 4. Quantitative Distribution of Data Integrity Across Medallion Layers 

The Silver and Gold layers served as the main Validation and Testing environments which we 

needed for our testing purposes. The study implemented a quantitative partitioning ratio which 

allocated 60 percent of the complete dataset to its initial raw data processing stage while reserving 

20 percent for cleansing logic validation and another 20 percent to conduct final performance 

evaluations. The main measurement used for this research was Ingestion Accuracy which measured 

how well the system maintained its patient and claim location data throughout its movement 

between different system stages. The processing "loss" of records at each stage showed us how to 

identify the 30 percent injected anomaly rate which we used to establish watermark detection 

thresholds that guaranteed all processed health data met 100 percent of required standards. 

4.2.4 Performance Benchmarking and Evaluation Criteria 

The researchers created specific measurable standards which they used to evaluate the success of 

their Azure-based architecture design. We developed three key performance metrics to evaluate 

system performance: Ingestion Latency, Transformation Throughput and Schema Stability. 

Processing Latency measured the complete wall-clock duration needed for a data batch to move 

from the source SQL table through all network transfer and transformation stages to reach the final 

Gold layer aggregate. Throughput Speed measurement used the metric of records processed each 

second during the Spark execution window to deliver an exact assessment of the system's ability to 

expand its processing power. 
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Figure 5: Comparative Analysis of Processing Throughput and Latency Benchmarks 

We used the "Schema shape detector" logic to monitor table structures because we needed to 

evaluate structural integrity across all data stages. The process confirmed that all columns 

maintained their original structure while their data types remained unchanged during the conversion 

from raw Parquet files to optimized Delta tables. The metrics established the quantitative foundation 

for comparing the system with existing ETL systems because they provided direct proof of 

efficiency improvements delivered by the cloud-native framework. The system performance testing 

used 40 different execution cycles to analyze its behavior under changing load conditions which 

resulted in statistically valid and repeatable findings. 

4.3 Result Evaluation & Analysis 

The assessment of the suggested Azure Data Engineering pipeline was performed through multiple 

stress tests which were combined with direct comparisons to existing traditional legacy systems. 

This analysis focuses on measuring the advancements made to ingestion speed and data cleansing 

precision and system expansion capabilities. The results presented in this section achieve statistical 

reliability because they are based on average performance data which was collected from 40 

separate execution tests that processed 3.75 million healthcare records. 

4.3.1 Comparative Ingestion Velocity and Throughput 

The initial testing phase primary objective required measurement of system ingestion velocity 

which defined the rate of raw data landmark transfers from the on-premises SQL environment to the 

Azure Bronze layer. The performance data shows that Self-Hosted Integration Runtime (SHIR) and 

Azure Data Factory parallel copy activities produced throughput results that exceeded the 

performance of SSIS (SQL Server Integration Services) system by nonstandard amounts. 

 

The legacy system showed linear performance degradation to 1 million records but the proposed 

cloud-native pipeline maintained stable throughput at 85000 rows every second. The active running 

condition of the system maintains its current state because automated partitioning logic enables the 

ingestion engine to move through source data using multiple parallel streams which reduce network 

latency effects and source-system IOPS limitations. 
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Figure 6: Comparative Analysis of Ingestion Throughput: Legacy vs. Proposed Pipeline Table 1. 

Detailed Throughput Comparison and Efficiency Gains 

Record 

Volume 

Legacy System 

(Throughput) 

Proposed Pipeline 

(Throughput) 

Performance Gain 

(%) 

100,000 12,500 rows/sec 78,000 rows/sec 524% 

500,000 9,800 rows/sec 82,500 rows/sec 741% 

1,000,000 7,200 rows/sec 84,200 rows/sec 1,069% 

3,750,000 4,500 rows/sec 85,800 rows/sec 1,806% 
 

4.3.2 Cleansing Accuracy and Data Relationship Ratio (DRR) 

The results from our test show that the Silver layer transformation logic works effectively to 

produce successful results. The Data Relationship Ratio (DRR) which we presented in Section 3.1.1 

served as the primary classifier for identifying anomalous records. The testing process included a 

deliberate "noise" injection which added orphaned Claim IDs and mismatched currency formats to 

15% of the test records. 

The proposed algorithm demonstrated an exceptional ability to detect these structural landmarks. 

The Spark- based cleansing system reached a detection rate of 99.4% for data inconsistencies during 

its execution cycles. The automated pipeline used Euclidean distance calculations between patient 

and billing coordinates to isolate and rectify 112,500 anomalies within the 750,000-record test 

subset because traditional manual auditing fails to detect "Schema Warping" in high-volume 

streams. The system achieves a high level of precision which ensures that financial aggregates in the 

Gold layer remain intact without experiencing the typical fragmentation problems that affect 

traditional RCM systems. 
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Figure 7: Accuracy Convergence Graph over 40 Execution Cycles 

4.2.3 Scalability and Resource Utilization Efficiency 

The evaluation of resource elasticity serves as a crucial element for conducting result analysis. We 

used Azure Databricks auto-scaling features to track system response through the "Cluster Heat 

Map" during various data loading tests. Organizations that use conventional on-premises systems 

need to purchase hardware equipment that can handle their highest usage periods, which results in 

their systems experiencing substantial periods of unproductive time. 

The implemented pipeline system achieved resource optimization through its ability to adjust 

worker node capacity according to changes in "Region of Interest" (ROI) data volume. The system 

achieved a 25% decrease in operational costs through its automatic computing power reduction 

during times of minimal watermark activity, which compared to the expenses incurred by a fixed 

server system. The system design maintains its cost efficiency through elastic capabilities, which 

enable it to process enterprise-level healthcare data at required high throughput rates. 

 

Figure 8: Resource Allocation vs. Data Load Efficiency 

5. Conclusion and Future work 

The research presented in this paper developed and executed a high-performance Azure Data 

Engineering pipeline which handles the complex requirements of Healthcare Revenue Cycle 

Management (RCM) operations. We solved the main issues which the industry faced with data 
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fragmentation and slow old system processing by connecting data errors to technical "landmarks" 

and applying a three-level Medallion architectural framework. 

The empirical results demonstrate that the proposed cloud-native framework achieved a 16.2x 

improvement in ingestion velocity compared to traditional on-premises ETL systems which 

maintained a constant data processing rate of 85,800 rows per second. The combination of the Data 

Relationship Ratio (DRR) and Spark- based data cleansing method produced a final data accuracy 

rate of 99.4% which successfully detected and corrected more than 112,000 testing anomalies. The 

research results demonstrate that a distributed system which uses metadata to operate brings better 

financial reporting speed while decreasing the chance of insurance claim rejections which occur 

because of "Schema Warping" and incomplete records. 

While the current architecture provides a robust foundation for batch processing, future iterations of 

this research will focus on the integration of Real-Time Streaming using Azure Event Hubs and 

Spark Structured Streaming. This would allow for "Zero-Latency" watermark detection, enabling 

healthcare providers to react to billing discrepancies the moment they occur at the source. 

Additionally, we plan to explore the application of Generative AI (LLMs) within the Silver layer to 

automate the mapping of unstructured clinical notes into standardized ICD-10 codes, further 

bridging the gap between clinical care and financial recovery. 
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