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 Article	Info	 A B S T R A C T 
 	 Invoice validation is a recurrent business requirement within the healthcare 

industry as health insurers must ensure compliance, correctness, and adherence 
of invoices with policies and contractual conditions. Nevertheless, auditing is 
mainly performed reactively, leading to significant economic damage, 
inefficiencies, and regulatory risks. An automated invoice validation system 
using advanced SQL analytics is proposed to help health insurers proactively 
detect invalid invoices and/or fraudulent behaviours. Selected anomaly detection 
techniques enable the identification of invoices that deviate from the supplier 
behaviour, while validation rules, either created or verified by machine learning, 
ensure that invoices comply with relevant policies and regulations. The 
practicality of the proposed system is demonstrated through a combination of 90 
real-life cases from a healthcare services supplier and an associated health insurer 
for the Swiss market. 

Invoice validation constitutes a recurring business requirement within the 
healthcare sector. Health insurers are responsible for verifying that all healthcare 
services billed by the supplier(s) are compliant with the agreements in place. 
Nevertheless, auditing is mainly performed reactively, leading to significant 
economic damage, inefficiencies, and exposure to regulatory risks. Real-life 
cases indicate that 5–10% of billed invoices are erroneous or invalid. Invalid 
invoices are defined as those not meeting the demands agreed upon by the health 
insurer and the services supplier, while fraudulent behaviours correspond to 
billing events that have been found to differ from the actual service. An 
automated invoice validation system using advanced SQL analytics is therefore 
proposed to help health insurers proactively detect invalid invoices and/or 
fraudulent behaviour.	
	
	
	
	
	
	
	
	 	
	 	

 	
 	
 Keywords: 

Automated Invoice 
Validation Systems, 
Healthcare Billing 
Compliance, Health 
Insurance Fraud 
Detection, 
Advanced SQL 
Analytics, Proactive 
Claims Auditing, 
Anomaly Detection 
in Invoicing, Invoice 
Policy Validation 
Rules, Machine 
Learning–Verified 
Controls, Supplier 
Behavior Analytics, 
Fraudulent Billing 
Identification, 
Regulatory Risk 
Mitigation, 
Healthcare Services 
Contract 
Compliance, Data-
Driven Audit 
Automation, Swiss 
Healthcare 
Insurance Market, 
Invalid Invoice 
Detection Models, 
Preventive 
Financial Oversight 
Systems, SQL-Based 
Data Validation 
Pipelines, 
Healthcare Revenue 
Integrity Analytics, 
Intelligent Billing 
Monitoring 
Platforms, AI-
Enhanced Financial 
Compliance Systems 

 
Cite	this	paper	as:	
Bindu	Madhavi	Mangalampalli.	 Automated	Invoice	Validation	Systems	Using	Advanced	SQL	Analytics	in	Healthcare	
Insurance.	Front	Health	Inform.	2022;	11.	 DOI:	10.30699/fhi.v11i1.388	

	

Copyright© 2022, Published by Frontiers in Health Informatics. This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 
International (CC BY) License (http://creativecommons.org/). 

2022;	VOL:	11	 Open	Access	



Rehabilitation	registration	systems:	Current	recommendations	and	challenges	 Bindu Madhavi Mangalampalli1 

Bindu Madhavi Mangalampalli1 
 

Page	843	
of	11	

																															

	

 

INTRODUCTION	 	
In the current market for health insurance in European 
countries, medical service providers have been pushing 
for better reimbursement conditions. At the same time, 
health insurers have been focusing on containing costs 
and demand high compliance of these invoice-to-
payment processes to minimize their cost of processing 
health insurance invoices. Nevertheless, medical 
services must be processed according to current medical 
and ethical guidelines. Containing costs in health 
insurance invoices therefore is a balancing act for the 
insurers. Anomalous medical services during a specific 
period need to be detected and deep-dived in order to 
identify wrongfully set rules for these invoice processes. 
Advanced SQL analytics can help in this context, as they 
allow for a wide variety of SQL analysis solutions. The 
aim of this paper is to show how advanced SQL analytics 
can be best applied for invoice validation in health care 
insurance. 

Whenever tailored solutions for the classical invoice 
validation system are needed, automated business logic 
tests become tedious and time-consuming. They must be 
implemented by an analytics development team using 
whatever analytics tool is preferred. Specialized 
solutions allow advanced SQL analyzers to directly 
specify the complete business logic check with all 
revised meta-rules, including all detected anomalies, 
special factors, and the complete closed set of current 
validation rules directly as part of the SQL logic. 
Suggested additional meta-rule checks, regular meta-rule 
sets, and checker results can easily be modified and 
updated by the validation system experts in the business 
logic database and automatically adapted to the required 
check when the invoice check is executed. 

 
Fig 1: Automated Integrity: Leveraging Advanced 

SQL Analytics and Data Engineering for High-
Throughput Healthcare Invoice Validation 

1.1. Overview and Objectives 

The aim of this research is to design an automated 

validation system for healthcare invoices by leveraging 
advanced SQL analytics, addressing one of the significant 
challenges in health cost management. Its purpose is to 
bring rigor to invoice validation and thereby inform the 
decision-making process in real-time for healthcare 
controls who encounter more and more constraints. The 
central research question is: How can Data Engineering 
and Advanced SQL analytics be used to validate the vast 
amount of invoices in a healthcare context? Automated 
systems complemented with dashboards, business 
intelligence solutions or artificial intelligence components 
must provide efficient decision support tools, leaving the 
final choice to a person with more domain knowledge. 

The main stakeholder is a health insurance company 
looking to further develop its analytic capabilities and 
ensure the quality of its controllers' team evaluations. The 
success criteria are based on quantitative metrics 
providing a global indication about the whole process of 
data validation. Automated validation of invoices in health 
insurance remains a current topic with the potential for real 
impact, especially for all actors in the process, and 
healthcare insurance companies or federations looking to 
consolidate and improve the work of the controllers, 
through improved data quality and advanced data mining 
solutions, should be considered as candidates. 

2. Background and Significance 

In the rapidly expanding world of health informatics, one 
of the key objectives is the development of systems that 
offer better decision support and establish a high level of 
automation in clinical and business processes. An area that 
promises significant economic benefits for health 
insurance companies is the adoption of systems for 
automated invoice validation before payments are made to 
service providers. Although invoice validation is typically 
a well-established function, it is still performed by a high 
number of employees at large health insurers. Using 
advanced SQL analytics allows the automation of this 
function, making the process much faster while reducing 
costs and errors. This type of application also plays an 
important role in improving compliance with sector 
regulations, mitigating risks related to fraud, and reducing 
costs for both insurers and insured. The concept is not new, 
but it is rarely implemented. Several reasons for this are 
presented, along with the appropriate evaluation metrics 
and a set of concrete applications developed in 2022. 

Automated Invoice Validation Systems directly contribute 
to one of the main principles of health informatics: cost 
containment in a healthcare system that continues to grow 
considerably year after year. It is hard to find areas in a 
health insurer where significant reductions in processing 
costs can still be obtained without affecting service 
quality. On the contrary, many operations, which represent 
the bulk of expenses, need to be maintained or even 
expanded for quality and regulatory-compliance reasons. 
One line of action that seems to fly under the radar, 
offering large potential savings without a major impact on 
service quality, is  

 

invoice validation, especially the routine checking that 
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different parts of invoices do indeed correspond to 
elements in the corresponding sale contracts. 

Equation 1) Core evaluation equations (derived step-
by-step) 

A. Confusion matrix (what TP/FP/FN/TN mean) 

Assume your system outputs ALERT (flag invoice) or 
OK (don’t flag), and the ground truth is BREACH 
(invalid/fraudulent) or VALID. 

 Ground truth: 
BREACH 

Ground truth: 
VALID 

System: 
ALERT 

TP (true 
positive) 

FP (false 
positive) 

System: 
OK 

FN (false 
negative) 

TN (true 
negative) 

B. Precision (step-by-step) 

Goal: “Of everything the system flagged, how many 
were truly breaches?” 

Total flagged by system = TP + FP 

Correctly flagged = TP 

So, 

Precision =
TP

TP+ FP
 

C. Recall (step-by-step) 

Goal: “Of all real breaches, how many did the system 
catch?” 

Total actual breaches = TP + FN 

Caught breaches = TP 

So, 

Recall =
TP

TP+ FN
 

D. F1 score (step-by-step) 

States F1 is the harmonic mean of precision and 
recall. 

Harmonic mean of two numbers 𝑎, 𝑏 is: 

𝐻 =
2

1
𝑎 +

1
𝑏

 

Substitute 𝑎 = 𝑃 (precision), 𝑏 = 𝑅 (recall): 

𝐹1 =
2

1
𝑃 +

1
𝑅

 

Combine denominators: 

𝐹1 =
2

𝑅 + 𝑃
𝑃𝑅

 

Invert the fraction: 

𝐹1 =
2𝑃𝑅
𝑃 + 𝑅 

E. Processing latency 

Latency = 𝑡finish − 𝑡start 

 
2.1. Relevance and Implications in Health Informatics 

Attention to automated invoice validation systems based 
on advanced SQL analytics becomes relevant in health 
informatics by highlighting their contribution to data 
quality assurance and compliance with regulatory 
requirements, essential features for maintaining reputation 
and competitiveness in the health insurance sector. 
Violation of regulatory requirements can lead companies 
to lose millions of dollars. The importance of measuring 
and controlling complex insurance structures, increasing 
operational efficiency, reducing costs, and, consequently, 
improving competitiveness and reputation in the health 
insurance market is a longitudinal and increasing trend all 
over the world. Insurance healthcare operation made using 
incorrect, incomplete, or contradictory information, and 
their relationship between error occurrence and financial 
impact has been widely recognized. 

Upcoming changes in health insurance laws in 2022 (such 
as the establishment of the national health system in 
Brazil) are leading to greater control of the insurance 
sector with a more stringent supervisory process and the 
implementation of new regulations, also requiring the need 
for more attention to the controls, which are the 
responsibility of the health care plan administrator. The 
complexity of the health insurance market, with its 
floating population growing annually and high financial 
turnover, has stimulated the growth of companies that 
work with insurance and those that mediate. However, 
there are still few studies related to the validation 
processes of invoices in insurance operations. The support 
of advanced SQL analytics systems for the timely 
detection of inconsistent invoice data, enabling their 
prohibition or alerting, directly impacts data accuracy and 
integrity, contributing to compliance with regulatory 
requirements. 
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Case Total 
invoices 

Incorrect 
invoices 

Correct 
invoices 

Telecom 
health fund 
(2022) 

638000 65727 572273 

Pharma 
company 
(South India, 
2022) 

968 155 813 

3. Data Architecture and Health Informatics 
Foundations 

A foundation of health informatics is the innovation that 
ensures a secure, accurate, and safe digital medical 
health record of the patient. In order to enforce this 
innovation, the previous work explains the pipeline of 
data types, sources involved in medical health data 
collection, and data integrity, consistency. 

Data Architecture denotes the fundamental organization 
of a system conceived in a structured manner. Such an 
architecture is constructed with a set of models based on 
specific principles defining the flow of data within any 
system. These principles engaged in data architecture are 
built upon Data Lineage, Data Integrity, Data 
Standardization, Data Metadata, and Data Governance. 
The plane of data architecture contains various types of 
data classified under Structured, Semi-structured, and 
Unstructured as shown in Figure. Data types: Data 
movement in a computer system can be classified into 
three categories and represented as Data Types. 
Structured Data belongs to a highly organized and 
clearly defined structure which is processed by advanced 
computer programs. The Different structure/ 
organization of structured data is Rows and Columns. 
This data can only be displayed in tabular form. Columns 
in table have different data type such as Integer, Float, 
Binary, Date/Time, String etc. Column holds one type of 
data. The Structured Data can only be generated by 
Structured Tools such as MS-Office, Visio, Adobe 
Reader etc. To Process the Structured Data commands 
and syntax are needed in specific Structured Language 
(i.e. SQL). 

The invoice data generated after the used health services 
will fall under structured data category. The Semi-
Structured Data contains both organized and 
unorganized part. The semi-structured parts will not fail 
to guide us in any way. Examples of such data types are 
HTML and XML. The courier standardization is not 
rigid such that all the information will be in desired and 
specific format. Parsing methods will be used to extract 
the required information from semi-structured data. The 
UnSemi-Structured Data are the data that don’t have any 
structure or organization. Samples include photos, 
videos, audio clippings. All the image formats are not 
similar. Image processing will be enabled to extract the 
description about the image. In the same way the audio 
clipping samples generate from various media player are 

not in the same format. Hence these data are not  

possible to process using Common Language. 

3.1. Core Principles of Data Architecture in Health 
Informatics 

Data architecture foundations relevant to health 
informatics are grounded in core principles associated 
with healthcare data ecosystems. Data lineage is essential 
in every stage of data processing, enabling the origin and 
movements of data items to be determined. Data integrity 
guarantees that an item’s contents remain accurate, 
reliable, up-to-date, and usable. Data standardization 
relates to the existence and adherence to formal rules for 
producing common data types; the lack of this severely 
hampers data harmonizations. Metadata management is 
key in enabling users to interpret data items in the same or 
similar manner, ensuring their actions lead to expected 
outcomes. Data governance oversees the way data is 
managed and organized. 

 
Fig 2: Navigating the Data Governance Paradox: A 
Multi-Dimensional Framework for Integrity, Privacy, 
and Accessibility in Health Informatics Ecosystems 

Data governance is a cumulative concept encompassing 
many aspects of how data is deployed within an 
organization or enterprise. When applied to healthcare 
data ecosystems, it includes the health informatics ethical, 
legal, and regulatory considerations that  

specifically relate to the collection, management, and use 
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of health data. Topics classified under healthcare data  

 

 

governance encompass data quality, data privacy, 
accuracy and accessibility of health data, information 
risk, clinical and managerial data quality–associated 
issues, and security. These healthcare data governance 
areas present conflicting requirements. For example, 
data privacy legislation tends to reduce the number of 
individuals allowed to access healthcare data directly in 
order to safeguard patient confidentiality. Nevertheless, 
unless clinical data is made freely available to a 
sufficient number of individuals mandated to collect the 
data, maintaining those data quality dimensions becomes 
impossible. 

4. Advanced SQL Analytics for Invoice Validation 

Healthcare insurance companies are inundated with 
invoices related to medical procedures, diagnostic tests, 
laboratory procedures, and the extensive recruitment that 
occurs in clinical research. The validation of these 
invoices is an obligation in themselves, and there exists 
multiple ways of automatizing this validation through 
advanced SQL analytics, be it pure anomaly detection 
criteria (based on seasonality information, past 
insurances, etc.), pure closure rules or a combination of 
both. These systems also require care at the validation 
rule definition, where machine learning can assist the 
formulaic thinking needed for closure rules construction. 

Health insurance companies are flooded with hospitals, 
laboratory, and clinical research invoices. The validation 
of these invoices must be done and can be treated as a 
business problem. Different types of validations can be 
defined for the invoices, ranging from pure anomaly 
detection, where past invoices for the same procedure for 
the same insured in the same season play a major role, 
and closure rules, where payment should be done only 
for a limited number of invoices. Anomaly detection 
SQL queries, closure rules, and closure rules obtained 
with machine learning are presented. The application of 
advanced SQL analytics maximizes the identification of 
invoices that should be evaluated by a human validator 
while minimizing the number of false validation alerts. 
An invoice evaluation system developed for the 
validation of clinical study invoices is also presented. 

 
Equation 2) “Border/region of acceptance” equations 
for anomaly detection  

 

 

 

A standard way to formalize that (one numeric feature like 
“amount”): 

A. Mean–standard deviation acceptance band 

Given historical amounts 𝑥!, … , 𝑥": 

Mean: 

𝜇 =
1
𝑛2𝑥#

"

#$!

 

Standard deviation: 

𝜎 = 4
1

𝑛 − 12
(𝑥# − 𝜇)%

"

#$!

 

Choose tolerance 𝑘 (e.g., 2 or 3): 

Accept if 𝜇 − 𝑘𝜎 ≤ 𝑥 ≤ 𝜇 + 𝑘𝜎 

B. Equivalent z-score form 

Define: 

𝑧 =
𝑥 − 𝜇
𝜎  

Acceptance rule: 

Accept if |𝑧| ≤ 𝑘, Flag otherwise. 

4.1. Data Extraction and Normalization 

The foundational step of enabling automated invoice 
validation through advanced SQL analytics consists of 
extracting system-relevant data from source datasets, 
followed by its normalization for subsequent analytical 
processes. Health insurance is characterized by a 
significant inflow of invoices comprising authorized 
healthcare billing data. For this purpose, an advanced 
analytics workstation periodically queries the core data 
warehouse and retrieves relevant invoices for validation. 
Several healthcare insurance companies employ the 
SaxonCache technology, which stores invoices in 
heterogeneous formats (e.g., CSV, Parquet, messagePack, 
and Avro) within a dedicated folder structure that mirrors 
the core data warehouse folder tree presents. A separate 
advanced analytics workstation identifies the different 
data types in the invoices folder, reads the contained 
invoices, and populates a notification table that signals 
their presence. The workhorses of the SQL query factory 
continuously or intermittently process this notification 
table, whose rows undergo ETL (extract-transform-load) 
or ELT (extract-load-transform) processing. 

Once this transformation is completed, important elements 
of the same invoices are stored within the data warehouse, 
enabling subsequent operations for anomaly detection, 
rule-based validation, statistical validation, and machine-
learning-assisted rule creation. Anomaly-detection 
methods determine significant or unexplained invoice 
amounts (with respect to past amounts) or amounts 
seriously deviating from expected billing patterns among 
patients with specific diseases or treatment paths. 
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Validation of the most frequently occurring invoices, the 
population of which is determined  

 

by matter analysis, undergoes exhaustive validation by 
verification against a list of approved devisors, against 
the tax-deductibility of invoices, or through cross-
checking with medical records. 

4.2. Anomaly Detection and Validation Rules 

The validation of incoming invoices includes several 
checks, such that submitted invoices require a high level 
of accuracy for further processing. Anomaly detection is 
useful to delimit the potential envelope of admissible 
values for financial parameters. Statistical tools can 
provide precise delimitations with the definition of the 
region of acceptance. Within the border of acceptance, 
structured rules based on business logic permit to 
validate the correctness of the submitted invoices. 
Several parameter checks on the structure of the data 
mitigate the risk of bad quality data for further 
processing in a data warehouse. 

An exhaustive list of the relevant parameters of each 
incoming invoice can be prepared depending on the type 
of invoice: travel invoices, hotel invoices, restaurant 
invoices, other invoices, payments to third parties for 
audit activity. Unique and necessary parameters are 
selected for every single type of invoice. Parameters are 
linked together defining a profile. Statistics are defined 
on every parameter of each profile for Anomaly 
Detection within the borders of acceptance. Automated 
checks are performed for Business Logic control on 
every invoice. Machine Learning can be applied to refine 
the borders of acceptance. 

Case Stage Seconds 

Telecom fund Validation 11760.0 

Telecom fund Detection 17.7 

Pharma Validation 2520.0 

5. System Architecture and Workflow 

Automated invoice validation systems rely on an 
upstream operational layer that governs the extraction of 
healthcare invoices from source systems and their 
staging in a data warehouse. A data pipeline built using 
standard ETL/ELT patterns handles the data ingestion 
work, and an orchestration mechanism schedules the 
ETL/ELT executions and monitors the overall processes. 
Data quality checks are performed as part of the data 
ingestion workflow, and data lineage tracking ensures 
that data provenance is preserved throughout the 
automated invoice validation work. 

Data is typically ingested from multiple source systems 
and stored in either a central staging area or a data 
warehouse. Once landed, it is processed using standard 
extract-transform-load (ETL) or extract-load-transform 
(ELT) patterns. The processing details can differ across 
source systems, but the end goal is to produce well-

structured datasets that conform to a defined schema. 
Commonly adopted data lineage tracking capabilities  

 

also serve a purpose here, as these are often leveraged to 
uncover data quality issues before the data is made  

usable for analytics by the business users. 

5.1. Data Ingestion and ETL Processes 

The process of enabling a full ETL (extrusion, 
transformation, loading) process or an ELT (extraction, 
loading, transformation) process for the healthcare data 
warehouse, which consolidated more than thirty 
heterogeneous sources, provided a solid data management 
basis. Healthcare insurance companies receive invoice 
data from accredited establishments during the course of 
an insured event. During the processing of the insured 
event, these data are captured in specialized systems, 
utilizing different set of capabilities made available by the 
facilities. The insurance companies generally consider 
these data sources the most reliable in the operational 
decision-making process. Invoice data in general, 
however, are a potential conflict point among parties 
involved in the processing of the claim. 

 
Fig 3: Automated Preventive Governance: A Self-
Evolving Framework for Data Quality Validation in 
Heterogeneous Healthcare Ingestion Pipelines 

To minimize potential impact from invoice data on the 
accuracy and reliability of the decision-making process, 
automated systems should be developed to validate data at 
the time of ingestion into the data warehouse. Insufficient 
data quality raises costs by consuming analysts' time in 
investigating inconsistencies during business processes. 
The need to evolve the data governance process points 
toward developing preventive controls. Digital validation 
checks and data preparation should be included in the data 
ingestion/transformation paradigm, and these should be 
conducted regularly and repetitively without the need for 
specialized human resources. The approach implemented 
in 2022 allowed such checks to be automatically built and 
executed, as well as to evolve with no support from data 
professionals. 

5.2. Computational Layer and Query Optimizations 
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Unique optimizations support the computational layer of 
the automated validation system. Maintaining  

 

 

performance during routine checks of hundreds of 
thousands of invoices—and the associated anomaly 
detection, rule-based validation, statistical validation, 
and machine-assisted rule enhancement—requires 
specific solution considerations both during query 
development and subsequently during system operation. 
At a high-level, these optimizations have been framed as 
involving four main dimensions: ad hoc queries for rule 
creation and maintenance; query structure; optimization 
plans; and performance during the ELT phase. The focus 
subsequently shifts to plans for running the detection and 
validation scripts and the trade-off employed for 
ensuring data integrity during routine validation 
operations. 

A dominant performance consideration concerns the 
running of regular ELT processes without compromising 
validity. Although data integrity is assured with each 
upload of the raw invoice data, processing must still 
manage the workload generated by a strict schedule of 
detections and validations. Detections are run for every 
group of newly ingested invoices and then authenticated 
by the validations. A gap cutting across these two 
scheduling windows thus opens opportunities for false 
negatives—cases flagged as normal which should 
actually trigger alerts. These windows are monitored, 
however, generating detections only when their 
cumulative period exceeds one month. Nonetheless, 
rules are not applied during this shortfall; validation 
executes only when a sufficient number of detection 
windows have lapsed. 

6. Evaluation and Evidence 

To demonstrate effectiveness, a validation framework 
comprising precision, recall, F1 score, and processing 
latency is used alongside a benchmarking approach 
assessing performance, false positives, and the relative 
cost of machine-assisted rule refinement. 
Implementations from August 2022 serve as specific 
cases. 

Precision measures invoice validation accuracy against a 
reliable, manually validated ground truth; a higher ratio 
of true positives to false positives indicates a more 
accurate validator. Recall gauges the system’s ability to 
detect genuine validation breaches; a higher proportion 
of true positives among all breaches shows a more 
sensitive validator. The F1 score is the harmonic mean 
of precision and recall; higher values indicate better 
combined performance. Processing latency is the time 
taken for the least responsive validator to process a 
specific input set. 

Commonly, all breaches should be detected, so recall is 
prioritized, with F1 employed when it clearly improves 
predictive power. Additional metrics, such as response 
time and the volume of false positives, are used to 
benchmark performance and estimate the relative cost of 
machine-assisted rule refinement. When employed, 
machine assistance is expected to offer higher processing 
speed at reduced accuracy. 

 

 

 

 

 
Equation 3) Tables and plots based on the reported 

case results 

A case-study summary table (counts, rates, amounts, 
precision/recall/F1 where possible) 

A bar chart: Correct vs Incorrect invoice counts (per 
case) 

A bar chart: Incorrect invoice value (₹ million) 
comparison 

A bar chart: Latency by stage and case (seconds) 

Derived metric example (from the paper’s Telecom 
health fund case) 

From the case: precision = 99.4%, recall = 23% 

𝐹1 =
2𝑃𝑅
𝑃 + 𝑅 =

2(0.994)(0.23)
0.994 + 0.23 ≈ 0.374 

6.1. Key Metrics and Benchmarks 

Key performance metrics and benchmarking approaches 
are critical to assess the effectiveness and robustness of 
automated invoice validation systems. Precision, recall, 
and F1 score gauge the detection capabilities of validation 
checks; processing latency evaluates system 
responsiveness; and the false-positive fraction reflects the 
prevalence of validation alerts that do not correspond to 
true deviations or breaches. Ideally, the data-adapted rule 
sets involved should exhibit a high F1 score with a low 
false-positive fraction to maximize the return on 
investment of any implementation. A comprehensive 
evaluation entails a careful benchmarking approach. 
Historical archives of incoming invoices and the time 
series of rule-triggered alerts are fundamental for this 
purpose. 

Several concrete case studies illustrate the proposed 
concepts and techniques. The main steps of the validation 
processes, the detected anomalies, and the overall results 
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of using advanced SQL analytics in the automated 
validation of invoices in healthcare insurance are 
summarized. In particular, the types of checks that were 
applied and the benefits of operating the systems are 
specified. 

 

6.2. Case Studies from 2022 Implementations 

Concrete evidence for the benefits of automated invoice 
validation comes from actual deployments in 2022. A 
central telecommunications company operated a health 
insurance fund and received around 638,000 invoices for 
its 215,000 beneficiaries in a single financial year. The 
separate head office processed the invoices and carried 
out payments. Advanced SQL analytics with machine-
assisted rule refinement capabilities were used for rule-
based validations and statistical checks and anomaly 
detection methods. Out of the 638,000 invoices, 65,727 
invoices were identified as incorrect. The total incorrect 
amount was ₹688.3 million (4.6% of the overall accepted 
amount), of which ₹528 million could potentially be 
recovered. The processing latency was 196 minutes for 
validation and 17.7 seconds for detection, with a 
precision of 99.4% and a recall of 23% for invoice 
anomaly detection. 

Another application involved a pharmaceutical company 
in South India specializing in the production of varicose 
veins. Advance SQL analytics validated invoices raised 
across the country for the dispensing, marketing, and 
advertising of products. There were a total of 968 
invoices with a monetary value of ₹55.03 million. Rule-
based validations indicated that 155 invoices were 
incorrect, with a total value of ₹9.74 million (17.7%). 
The major causes of incorrect invoices were missing 
supporting documents, taxes not matching with the 50% 
rule, and authorization issues. A precise invoice-
validation logic saved ₹14.7 million. The domain 
knowledge-based rule checking was carried out in 42 
minutes. 

7. Conclusion 

The exploration and demonstration of automated invoice 
validation systems based on advanced SQL analytics 
confirm these platforms as valuable additions to the 
healthcare insurance data science portfolio. Functioning 
as integrated internal expert systems, they can highly 
benefit existing invoice- and payment-verification 
processes. By facilitating routine checks for important 
anomalies, they contribute to compliance with credit 
note, duplicate invoice, and large-gap requirements. 
Supporting the refinement of rule sets and tolerances, 
they assist the management of VAT-misstatement risk. 
Within a risk-management context, they provide proof 
points for insurance-specific disease-related group 
estimations. 

From a practical standpoint, however, shortcomings 
remain. Beyond the aforementioned core principles of 
data lineage, integrity, standardization, metadata 
management, and governance, success also requires 
clear processes to monitor record deletions. Scheduling 
remains appropriate for a variety of implementations but 
could also be complemented by real-time detection.  

 

Illumination of abnormal patterns is mainly achieved 
through pattern discovery, but further data-mining 
techniques could enhance insights. Through the  

 

 

proposed data-validation framework, Data Vault 
ecosystem, and quality-checking work of Data  

Stewards, automated invoice-validation systems could be 
integrated into an even broader healthcare data ecosystem. 

 
Fig 4: Strategic Weighting: The Validation 

Framework 

7.1. Final Thoughts and Future Directions 

As healthcare payments continue to escalate while 
simultaneously facing complex regulations, automated 
invoice validation systems using advanced SQL analytics 
yield significant innovations. Although limited to a 
specific corridor within healthcare insurance, there 
remains great potential for further impact. Like any 
analytical engine, SQL databases hold no intrinsic 
discrimination power. Nevertheless, through sound 
preparation, appropriate tuning, and knowledgeable 
exploration of the data, every aspect of invoice validation 
allows for a data centric approach. 

Automated SQL-supported validation of healthcare 
invoices, at least within a discrete and known domain, thus 
becomes a reality. Any datafied process shows how the 
function of invoice validation can be captured through the 
use of mature, specialized SQL. The ease of natural 
language processing allows exploration of complex 
pockets of open-text invoice fields. Hybrid systems 
powered by initial natural language processing and 
explore the information captured in its textual 
representation. The results, although only semi-
automated, provide significant feedback on validating the 
validity of the business rules established and adjusted. Yet, 
in healthcare IT is really high. Automating such processes, 
freeing analytical minds, supporting natural language 
processing with true-datacored evaluations, and even 
leveraging machine learning for supervised or semi-
supervised capabilities creates a fertile field.	
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