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Abstract

A major worldwide issue, medical coverage benefits theft results in huge financial deductibles, exorbitant
costs, and insecure patient data. Conventional rule-driven identification methods frequently produce
incorrect results as well as struggle to adapt, making them insufficient given the complexities and speed of
contemporary deception. The artificial learning-powered Medical Insurance Claiming Fraud Monitoring
Framework presented in this work is intended to identify illegal purchases in actual time. After applying
sophisticated filtering and feature design to the health insurance fraud database, the framework benchmarks
"Random Forest, XGBoost, as well as logistic regression” based algorithms. With ninety-five
percentage reliability of predictions, algorithms successfully identified irregular fraudulent tendencies. The
insurers can enter real-time payment information and obtain immediate fraudulent or secure categorization
thanks to the standard approach, which is implemented via a user-friendly online program powered by
Streamlit. This solution enhances monetary honesty, safeguards customer identities, and guarantees effective
filing of claims in medical coverage by fusing superior precision, capacity for growth, and simple

implementation.

Keywords: Health Insurance Fraud, Claim Fraud Detection, XGBoost, Logistic Regression, Real-Time Fraud Detection,

Financial Integrity, Patient Identity Protection.

potentially fatal mistakes in professional

. judgment.
1. Introduction

) ) The complexity and speed of contemporary theft
Among thetop wurgent issues facing the

. . . . proved to be too much for conventional rule-
worldwide medical network is medical coverage

] ) ) o driven identification methods, which rely on
benefit deception, which costs trillions of dollars

i ) unchanging limits and manually audits. By filing
annually. Illegal actions compromise the

o ] ] ) assertions that are barely above prohibited
credibility of insurers and place a heavy financial
o o ) criteria or by initiating computerized "speed
burden on law-abiding citizens, assuming they

) . . ) . assaults" which exhaust personnel detectives,
are committed by insurers using stolen identities

) ) ) scammers take advantage of such constraints. As
and false assertions or caused by suppliers via

. . . . ] aresult, policyholders experience lower allocated
techniques including standardized coding,

) ) ) . resources productivity, premium hikes, and
disaggregation, and charging for commodities

] ) ] postponed reimbursements. This research
never given. Deception poses a concern to patient

L . ) presents an automated learning-powered
security in addition to monetary loss since

falsified health information may result in
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Medical Coverage Claiming Fraud Investigation

Solution to address such issues.

The  technology uses  multidimensional
transaction records to find subtle statistical
indicators of fraudulent activity, like abnormal
time series patterns as well as unusual
equilibrium fluctuations. The advantages of
aggregation and enhancement techniques in
managing skewed data sets is demonstrated by
comparison-based assessment of a standard
Forest, XGBoost, plus

"Random Logical

Regression" algorithms, yielding prediction
precision of upwards of ninety- nine percent. A
Streamlit-powered  dynamic  online  tool
operationalizes the system, facilitatingimmediate
detectability of fraud while offering insurance

professionals prompt, trustworthy judgments.

The research helps move suspicion of fraud
ineffective hand-held methods to

The

through

adaptable, automated infrastructures.
suggested solution tackles the monetary and
by

guaranteeing monetary honesty, safeguarding

personal aspects of medical scams
customer privacy, and expediting the handling of

valid claims.

Health Insurance Claim Fraud
The term "wellness" claiming theft" describes
deliberate deceit or misleading by an insurer or a
medical in order

professional to acquire

unjustified economic advantages or
reimbursements. Essentially, that it's a method of
taking advantage of the hospital establishment by
altered medical

presenting fraudulent or

documents in order to obtain unjustified profits.

According to the offender, medical coverage
claiming theft could be broadly classified under

two basic groups:
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A. Provider Fraud (Hospitals, Doctors,
Pharmacies): This sort of scams is the primarily

widespread and economically devastating.
Typical procedures consist of:

e Paying for examinations or therapies
which weren't ever carried out is known
as invoicing for treatments never
rendered.

e Upcoding: Demanding payment after an
increasingly complicated or expensive
operation instead of actually being
offered (such as paying during an
extended appointment while merely a
minor inspection performed).

e Unbundling: To increase payments, a
particular  healthcare operation is
divided into several lesser requests.

e Kickbacks: Taking money in exchange for
sending clients to particular institutions
or writing prescriptions for pricey

medications.

B. Policyholder Fraud (Patients/Individuals):
Among the frauds perpetrated by people who are

insured are:

e Identity Theft: Utilizing someone else's
coverage details to obtain medical

treatment is known as stealing
someone's identity.

e Forged claims: Presenting fake invoices
for medications or healthcare supplies
that have been not bought.

e Physician retailing: Seeing different

healthcare providers to get various

prescriptions over illegal drugs, which

are then frequently redistributed.
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Non-disclosure: Keeping pre-existing
health issues a secret while seeking

coverage in order to pay less.

1.1 Problem Statement

Due to significant monetary damage,
exorbitant rates, and jeopardized
medical security, medical coverage
claiming theft continues to be a serious
concern throughout the medical care
worldwide. According to projections,
deceptions cause companies to forfeit
between three and ten percent of their
entire settlements each year, which
amounts to trillions of $ in losses. At
conclusion, this monetary expense is
passed upon sincere customers via
increased deductibles, which has a
cumulative impact on the whole
framework.

Conventional rule-driven identification
techniques, particularly depend on
human inspection and fixed criteria, are
becoming less and less successful versus
complex fraudulent tactics. By filing
requests which fall just under alerted
criteria or simply initiating programmed
"speed assaults" which overload law
enforcement, scammers take advantage
of these rules. Additionally, such
outdated technologies produce a lot of
incorrect results, which puts a burden on
medical facilities as well as delays the
processing of valid requests.

A stolen identity is another common
component of a scam, that may alter
patients’ healthcare information and
result in risky therapeutic mistakes. In
addition to  jeopardizing fiscal

responsibility, the incapacity to identify
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and stop such deceit in immediate detail
likewise compromises safeguarding
patients as well as lowers medical
effectiveness.

e As a result, a precise, immediate
fraudulent recognition solution utilizing
artificial intelligence to find subtle
fraudulent tendencies, reduce negative
results, as well as guarantee prompt
handling of claims is desperately needed.
Using a framework might retain the
effectiveness of medical care services,
secure payers against monetary

breaches, and defend client identities.

1.2 Objectives

The main objective of this project aims to create
an artificial intelligence-powered medical
coverage premium theft identification program
that can efficiently and reliably uncover
fraudulent behavior. The following is a summary

of the goals:

e The structure Redesign: Use a powerful
ML framework built on top of antiquated
mechanical inspection as well as rule-
driven identification techniques.

e Accuracy Goal: Reach an accuracy level of
more than more than ninety percent to
accurately distinguish among genuine
operations and false assertions.

e Economic Security: Reduce undiscovered
theft to avoid monetary losses and
defend the entire coverage danger

pooling.

2. Literature Survey

[1] The results of all trees in a randomized forest,
defined as a combination of branch predictions,

are determined by an arbitrary matrix generated
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randomly and using a similar probability per

branch in a given forest. The defect in

generalization for forests asynchronously
narrows to a certain limitation while the
proportion of branchesin a forestrises. A forest of
branch detectors' generalization mistake is
determined by the power of every individual tree
within the forest plus the relationship among
those. Whenever a single node is divided utilizing
an arbitrary choice of characteristics, the failure
ratios are similar to those of Adaboost, albeit they
tend to be more noise-resistant. Integrated
estimates measuring variance, robustness, as well
as coherence are used to show the response to
raising the amount of characteristics used in the
division. Internally estimations are also utilized to
determine variation significance. Such theories

are likewise useful for recurrence.

[2] Tree enhancing is a well-liked yet highly
efficient ML method. During the presentresearch,
we provide XGBoost, a modular full-fledged tree-
based augmenting method that information
researchers commonly use to achieve cutting-
edge results on complex artificial training
problems. We present a novel sparsity-conscious
technique for scantinformation and an optimized
quantile-based sketching for approximated
branch building. Additionally, we provide details
on caching accessing rules, replication, data
encoding, and compressing to build a modular
tree-based enhancing scheme. By incorporating
such knowledge, XGBoost can scale over trillions

of specimens whilst using substantially less

power compared to traditional methods.

[3] A popular the Python framework called Scikit-

learn. provides successful executions of
numerous well-known ML techniques via an easy-
to-use api. The layout responds to the increasing

need for readily available stats dataset within a
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variety of domains, such as e-commerce,

programming, chemistry, and mathematics.
Scikit-learn differs in comparison to other
Python-based artificial intelligence programs in a

number of ways:

Its widespread use is ensured by its distribution

pursuant to the liberal BSD licensing.

e Contrasting platforms including an MDP
along with PyBrain, it incorporates
compliant programs for efficiency.

e Unlike tools such PyMVPA, requiring
extra requisites, it only uses NumPy &
SciPy, making distributing easier.

o Itoffers a simple writing method instead

of a logical flow method, emphasizing

code that is imperative.

Scikit-learn uses specialized C++ programs like
LibSVM as well as LibLinear, offering benchmark
versions of standard as well as unified linear
models, while it is mostly built in Python. The
research center is very open and adaptable
because prebuilt executable binaries can be
downloaded on a variety of OSes, notably
machines and POSIX

Windows operating

machines.

[4] This study concentrates on practical issues of
interacting large standardized data sets relevant
to statistical procedures, economics, and other
associated fields. A fresh toolkit called Pandas was
created to facilitate the use of huge data sets by
offering a collection of basic elements for the
creation of standardized models. We go over
particular architectural issues that came up over
the creation of pandas including relevant
instances and a few similarities between the
coding language used by R. Finally, we discuss
potential futures for computational statistics and

analyzing data using Python.
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[5] Massive theft is a major problem for the

medical coverage industry. The deliberate
application of deceit or falsehood in order to
acquire an unauthorized profit is known as
deception. It is shocking because medical
coverage theft is become a growing problem
yearly. Prevention and detection of fraud are
accomplished through information gathering
approaches. This entails an overview of the
medical system including its scams, as well as an
analysis of the characteristics of coverage
information. Data exploration, that is divided
between either supervised or unsupervised
learning approaches, is used to detect erroneous
Yet, as every single of the previously strategies
methods have advantages and disadvantages of
one another, a new composite approach that
combines the advantages of each approach is
proposed for detecting forged payments within

the wellness insurer industry.

[6] Mistakes, misuse, and theft lead to erroneous
reimbursements by insurers or third-party
recipients. This concern is significant sufficiently
for medical facilities to prioritize. Conventional
techniques for identifying medical treatment
misconduct and exploitation are ineffective and
laborious. The concept of KDD represents an
emerging interconnected area of study which
the combination of

emerged through

computerized techniques and expertise in
statistics. A key component for the KDD method is
information extraction. The third-party insurers,
like medical coverage companies, can choose
fewer individuals of applications or policyholders
for additional evaluation by using information
extraction to gather important details across
countless requests. We looked at research that
used trained as well as untrained information
methods to

extraction identify medical
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misconduct and misuse. The majority of research
that is currently accessible has concentrated on
computational information mining rather than
emphasizing or applying the technique to identify
fraud initiatives in the setting of insurance
coverage or delivery of health services. Further
research is required to link reliable, empirically
supported evaluation and therapy methods to
violent or deceptive activities. In the conclusion,
we suggest 7 broad phases for data extraction of
medical bills according to the research that is

already accessible.

[7] Regarding obtaining, modifying, and dealing
with information in matrix, vectors, yet higher-
dimensional lists, matrix computing offers a
strong, condensed, and descriptive terminology.
The main Python matrix computing tool is called
NumPy. In a variety of disciplines, including the
sciences of chemistry, physics, astrophysics,
geography, biological, psychological, science of
materials, financial science, engineering, and
economics in general, it plays a crucial part in
scientific processing workflows. For instance,
NumPy became a crucial component of the
program architecture utilized in astrophysics
during the initial black hole photography with the
detection of gravity waves. In this section we go
over why certain basic arrays ideas result in a
straightforward and effective coding framework
for structuring, investigating, and evaluating
evidence from science. The experimental Python
environment is built on top of NumPy. This has
become so widespread because a number of
organizations built custom collection elements
and resembled NumPy methods for users with
specific demands. Because of its pivotal role at the
community, NumPy more and more serves as the
underlying interconnected level separating these

array-based computing platforms as well as, in
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conjunction via a software coding standard (API),
offers an adaptable framework to facilitate the
upcoming ten years of research and industry

assessment.
3. Existing And Proposed System

3.1 Existing System

The general well-being insurer industry's existing
theft prevention systems mainly depend on
human monitoring and outdated, based on rules
methods. Although these frameworks offer
rudimentary supervision, they come with a

number of serious flaws:

1. Fixed Rule-Driven Reasoning's
Inefficiency:

e Current structures rely on
predetermined limits, such as alerting
complaints that exceed five thousand
dollars.

e In order to avoid identification,
scammers take advantage of suchlaws by
filing numerous claims that are barely
under the cap.

e They examine parameters separately,
neglecting the intricate connections
among deal kinds, transmitter accounts,
and recipient experiences.

2. Logjam - Negative:

e Genuine high-risk assertions, like
emergencies, are often misclassified by
strict regulations.

e This damages client confidence and
delays real payments by creating
administrative queues.

3. After-Payment Checking at Risky Levels:

e A "Pay-and-Chase" strategy, in which
requests are reimbursed prior to being

of months

investigated a period
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thereafter, is frequently used in present-
day operations.

e The culprits usually disappear by the
moment deception is discovered, causing
irreversible monetary damage.

4. The Growth Issue with Humans in a
Chain:

e Manually audit personnel are unable to
maintain up with the approximately 20
percent yearly rise in electronic
complaints.

e Simply about 1% percent complaints are
reviewed by reputable auditors, meaning
that most bogus purchases get
unreported.

5. Inability to Recognize Big Patterns:

e Integrated scams spanning hospitals or
areas are not detected by traditional
versus legacy systems.

e Because they lacking this multifaceted
vision that sophisticated AI/ML

algorithms may offer, humans are unable

to handle them as distinct incidents.

3.2 Proposed System
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Figure 3.1: Block Diagram of Proposed System

An innovative based on artificial intelligence
design called the Medical Cover Claiming Theft
Identification Network was created to get across
the drawbacks of traditional rule-centered audits.
It provides instantaneously, highly accurate

recognition of fraud by fusing Al capabilities plus
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an intuitive customer 5 basic foundations define

the framework:

1.

Exceptional

(99.95% Precision):

Spatial Understanding
Assesses several factors at once, such as
payment timing, value, and recipient and
correspondent account records.

Finds concealed fraudulent indicators
that are not apparent to fixed rule

structures or individual investigators.

"Pre- Settlement Barrier” Option in

real-time mode:

e Replaces the conventional "Pay and
Chase" approach with proactively
avoidance.

e Prevents dishonest payments while
money is paid by providing scam or
safety judgments in moments.

Comparing Design of Multiple Models:

e Uses a mixed polling package that
combines  "Logical = Regression,
XGBoost, plus a randomized forest"

e Resiliency towards aberrations &
noisy information is ensured by
double-checking amongst
algorithms.

Streamlit Human-Centered Operating

User Interface:

e Covers theoretical intricacy with a
web-based display deemed easy to
utilize.

e Makes it

attainable by non-

professional insurers to use
computers or ipads to conduct
artificial intelligence-powered
deception evaluations.

Identification of Irregular Patterns:

Vol. 1, Issue 5, May 2026

o Identifies multi-stage and

consecutive theft techniques,
including a tiny sum dispersed
throughout several locations.

o Heterogeneous tree techniques

reveal fraud loops thatlinear models

miss by

capturing intricate,

asymmetrical interactions.

4. System Architecture

®
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Figure 4.1: System Architecture

4.1 Methodology

5 major scientific benchmarks are the

primary objective of network architecture:

Improved Processing of Information:
Bring a copy of the health insurance
scam.csv file. To handle data shortages,
encapsulate category parameters, and
standardize computations for
uniformity, implement an exhaustive

scrubbing process.

Assessment of Comparable Models:
Training and evaluate the randomized
forest (buffering), XGBoost (boosted),
and Logical Regression (linear averaging
foundation) ML ensembles. Using
outcomes, determine which method is

best for implementation.

Non-Linear  Pattern = Development:

Determine intricate connections among
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accounts (oldbalanceOrg versus.
newbalanceOrig, for example). Find tiny
signs of deception which are difficult for

ordinary accountants to see.

Implementation of Collaborative
Website Applications: Use the Streamlit
foundation to create a GUI that is suitable
for deployment. ¢ Give insurers a user-
friendly solution which links beginners
with sophisticated Al frameworks for
actual-time dispute evaluation.

Improvement of Standard Performance:
Finetune modelling to decrease log
reduction and

optimize reliability.

Increase authentic positives  to
successfully record phony claims yet
decreasing negative results to safeguard

legitimate clients.

4.2 Modules Applied

4.2.1 Core Data Processing

The medical insurance fraud.csv
information is loaded as standardized,
multi-dimensional  graphical Filters
frames using Pandas (importing pandas
as pd). manages thousands of
occurrences by selecting characteristics,
categorization encoded data, & null code.
Layered matrix as well as vectors
structures are supported with high level
of efficiency by NumPy (importing
numpy as np). maintains an app's
responsiveness by performing optimized
C-based computations on accounts at

nearly machine performance.
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4.2.2

4.2.3

Machine Learning & Intelligence

The main package for creating and
assessing directed training networks is
called Scikit-learn (also known as

sklearn...). enables information

partitioning (train_test_split), attribute

sizing (StandardScaler), standard

"randomized forest plus Logical

Regression” analysis, and efficiency

measurements (Confusion based
Matrix).
"Rapid Gaussian

XGBoost

Optimization", or
xgb),

constitutes a cutting-edge shared green-

(input xgboost as
boosting package. This course, which

powers the XGB based Statistical
Classifier, is specially optimized to deal
with "Classification Imbalance"—the
rarities of fraudulent behavior—with

exceptional processing efficiency.

Visualization & Deployment

The scripts written in Python can be transformed

into working internet apps using Streamlit

(importing streamlit to be st). develops the

consumer layout, which includes the prediction

icon for immediate fraudulent judgments as well

as entry boxes for "Value" as well as "Action.”

4.2.4

The Matplotlib including Seaborn,

respectively (plt, sns)

Useful for quantitative visualizations and

interactive evaluation of data (EDA). creates

graphs and correlated temperature maps to

show the prevalence of secure against bogus

activities.
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Pickle/]Joblib: (importing the pickle):

Stores ML-based algorithms educated
"brain” data to a readable file, enabling
the Streamlit application to retrieve the
weights

previously parameters

eliminating the need for recertification.

5. Implementation And Design
Information pretreatment: To guarantee
accuracy and uniformity, raw materials
are filtered, processed, and regulated. In
order to make the collected data
acceptable for a standard model, the
current step entails addressing value
gaps, levelling parameters, and resizing
characteristics.

Classifier instruction: A selected method
receives the analyzed data. The
framework modifies its settings to
reduce inaccuracy and identify key
trends using repeated training and
refinement directed by a conventional
rate. function.
Predicting Feature: Produces
recommendations or categorization by
applying the learned system to fresh,
undiscovered information. The findings
can then be understood as findings which
may assist with automating tasks for
making choices. The graphic essentially
illustrates that standard ML uses a
methodical procedure of setup, training,
and predicting to convert fragmented
basic  information in

organized

intelligence.

a. Algorithms Used

e A straightforward yet -effective

approach, logistical regression is
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frequently employed as a starting
point for binary categorization
applications. It clearly illustrates the
way features entered affect the
result as well as predicts the
likelihood that an occurrence will fall
under a specific category. It is
particularly  helpful =~ whenever
openness and comprehension of
feature-related interactions are
crucial due to its clarity.

Choice trees are versatile algorithms
which don't need a lot of preparation
for handling categorical as well as
datasets. information. It arranges
choices in a branched out,
organizational framework which is
simple to see and understand. The
framework is useful addressing
complex information sets with
irregular trends because of its
framework, which enables it to
record varying non-linear
interactions.

By integrating numerous decision
chains within a collective
framework, a Random Forest
expands onto these. The technique
lowers the possibility of misfitting,
that arises whenever an individual
selection node gets very specialized
and increases forecast precision.
Random Forest generates stronger
and dependable recommendations
by combining the outcomes of
several trees, thereby providing
better generality throughout a
variety of databases and robustness

versus anomalies.
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b. Technologies Used

1) Programming tools

Python plus its essential modules is

highlighted in Coding & Modules:

e Regarding mathematical computing, use
NumPy.

e The pandas for manipulating organized
information

for artificial

e  Scikit-learn creating

intelligence models.

These tools collaborate in order to provide
the technological framework for feature
design, reprocessing, as well as model

prediction.

i) Database & Methods:

e Jupyter Notebook: a platform that
facilitates collaborative
programming, experimental records,
and display.

e The principal source of information
is the medical claiming database,
which includes structured files of
insurer activities and client

payments. Classifier development,

assessment, and exploration are all

based on such a data set.

6. Results

The efficiency of 3 different training

algorithms models utilized in identical
categorization job is shown in the present
graph. With an average precision of 85.2%,
standard analysis regression demonstrated
its efficacy in managing linear dynamics and
retaining interpretability. The decision tree

algorithm's relatively low precision of 81.5%
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is indicative of both its appealing design and
its propensity to misfit, both can limit
applicability. The Random Forest framework,
upon the other hand, achieved a maximum
precision of 91.8% because it uses the
composite method, which mixes a number of
decision trees to boost resilience while
lowering volatility. When combined, this
how ensemble

information  highlights

algorithms, such as Random Forest,
outperform individual-model strategies in

terms of predictability.

91.8%1
Overall Accuracy

Logistic Regression

85.2%

Overall Accuracy

81.5%

Overall Accuracy

Figure 6.1: Accuracy Comparison

@ Accuracy Precision 9 Recall

100%

75% I

=

50%
1 1
i [

— (IS
=

25%

=

Logistic Regression Decision Tree Random Forest

Figure 6.2: Key Metrics Comparison

The performance of 3 ML models—Logical

Regression, a standard decision tree, and
Randomized Forest—in terms of the crucial
criteria of precision, sensitivity, and recollection
is compared. Although recalling it is somewhat
lower—that is, it makes accurate predictions
altogether but overlooks a few favourable cases—
Logistic Modelling exhibits good reliability as well
as clarity. In light of its propensity to overfit itself

and provide forecasts that are inconsistent, the
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Decision Tree approach obtains respectable
correctness however trails in both precision
memory. recall. Conversely, Random Forest
regularly achieves the highest scores throughout
each of the three measures, outperforming the
remaining 2. Its aggregation method, essentially
integrates several standard decision trees,
enables it to successfully manage variation and
biases, producing reliable and comprehensive
results. In general, analysis shows that a
randomized forest is a particularly dependable
approach for this information set, providing
concurrent enhancements in reliability, precision,

as well as recalls.

Predicted: No Event

Predicted: Event

Actual: TN: 450 FP: 30
No Event (True Negative) (False Positive)
Actual: FN: 50 TP: 380
Event (False Negative) (True Positive)
B
Low Count High Count

Figure 6.3: Confusion Matrix

By contrasting expected and real results, the
confusion matrix provides an overview of a
categorized framework's performance. The top-
left quadrant's authentic negatives (TN = 450)
show instances in which the algorithm accurately
forecast a "There was no Event" although no
occurrence did take place. The upper-right
region's negative results (FP = 30) are mistakes
whereby the algorithm forecasted an occurrence
but zero actually happened. The below-left

region's false negative values (FN = 50) represent
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situations in which the algorithm missed to
identify reality and rather predicted "No Event."
Lastly, precise projections of reality are indicated
by genuine positive (TP = 380) in the lowest-right

corner.

7. Conclusion And Future Scope

The suggested method is a major development in
standard monetary data health care and scientific
safety. It offers a flexible, immediate response to
a single of the highest- expensive problems facing
the business by connecting complex deep
intelligence techniques using a functional online

experience.

Ultimate Scientific Achievements

e Al-Based Correctness: Utilizing "Random
Forest as well as XGBoost", 99.95%
attained,

estimated precision was

demonstrating the significance of

aggregation techniques for intricate

verification of fraud.
Ratio: While

e Relative = Modeling

ensemble-based  approaches  were
crucial for identifying tiny fraudulent
indicators, "logistic regression" models

offered a robust continuous background.

e Functional Benefit: Streamlit's effective
implementation shows that coverage
administrators may receive cutting-edge

Al using an easy-to-use Gui.
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Future Scope

e Setting up the "Predictive Machine" into
a cloud-hosted API as well as separating
itand the user interface.

e Making the switch for an autonomous
MLOps workflow instead of a static.csv
file learning framework.

e Using LSTM networks, or, or LSTM, to go
past conventional grouping techniques.
Using an online ledger, each healthcare
assertion will have a distinct,
unchangeable "Hashes." XGBoost and
other "Black Boxes" algorithms can be
demystified by using SHAP parameters
or LIME variables. OCR, or optical
character recognition, is being added for
scanning actual healthcare certificates as

well as invoices.
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