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Abstract

Background: Effective Colorectal cancer (CRC) screening is a cornerstone of preventive healthcare. Existing electronic health
record (EHR) tools to facilitate reminders for CRC screening follow-up are inadequate to address clinician needs. With rising
patient volumes and a focus on quality, our health system had the objective to create a more efficient way to ensure accurate
documentation of CRC screening follow-up intervals from inbound colonoscopy reports. We developed an integrated end-to-end
workflow solution using machine learning (ML) and robotic process automation (RPA) to extract and update follow-up dates
from unstructured data.

Objective: To automate data extraction from external, free-text colonoscopy reports to identify and document recommended
follow-up dates for CRC screening in structured fields within the EHR.

Methods: As proof of concept, we outline the process development, validity, and implementation of an approach that integrates
available tools to automate data retrieval and entry within the EHR of a large academic health system. The health system uses
Epic Systems as its EHR platform. This proof-of-concept process study consisted of six stages: 1) identification of gaps in
documenting recommendations for follow-up CRC screening from external colonoscopy reports; 2) defining process objectives;
3) identification of technologies, 4) creation of process architecture; 5) process validation; and 6) health system-wide
implementation. Chart review was performed to validate process outcomes and estimate impact.

Results: We developed an automated process with three primary steps that leveraged ML and RPA to create a fully orchestrated
workflow to update the CRC screening recall date based on colonoscopy reports received from external sources. Process validity
was assessed with 690 scanned colonoscopy reports. From the organization-wide implementation go-live date until December
31st, 2024, the system has processed 16,563 external colonoscopy reports. Of these 35.3% (5841) had a follow-up date that met
the relevant threshold by the ML model and thus were identified as ready for RPA processing. This resulted in an estimated
increase in documentation accuracy of 27.2%.

Conclusions: The implementation of an automated workflow to extract and update CRC screening follow-up dates from external
colonoscopy reports is feasible and has the potential to improve accuracy in patient recall based on recommendations while
reducing clinician documentation burden. Expanding similar processes to other types of unstructured data could provide another
mechanism to solve for a lack of data integration and improve reporting for quality measures within the EHR. Automated
workflows leveraging ML and RPA offer practical solutions to overcome interoperability challenges and enhance the use of
unstructured data within healthcare systems.

(IMIR Preprints 05/03/2025:73504)
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ABSTRACT

Background: Effective Colorectal cancer (CRC) screening is a cornerstone of preventive healthcare.
Existing electronic health record (EHR) tools to facilitate reminders for CRC screening follow-up are
inadequate to address clinician needs. With rising patient volumes and a focus on quality, our health
system had the objective to create a more efficient way to ensure accurate documentation of CRC
screening follow-up intervals from inbound colonoscopy reports. We developed an integrated end-to-
end workflow solution using machine learning (ML) and robotic process automation (RPA) to extract

and update follow-up dates from unstructured data.

Objective: To automate data extraction from external, free-text colonoscopy reports to identify and

document recommended follow-up dates for CRC screening in structured fields within the EHR.

Materials and Methods: As proof of concept, we outline the process development, validity, and
implementation of an approach that integrates available tools to automate data retrieval and entry
within the EHR of a large academic health system. The health system uses Epic Systems as its EHR
platform. This proof-of-concept process study consisted of six stages: 1) identification of gaps in
documenting recommendations for follow-up CRC screening from external colonoscopy reports; 2)
defining process objectives; 3) identification of technologies; 4) creation of process architecture; 5)
process validation; and 6) health system-wide implementation. Chart review was performed to

validate process outcomes and estimate impact.

Results: We developed an automated process with three primary steps that leveraged ML and RPA to
create a fully orchestrated workflow to update the CRC screening recall date based on colonoscopy

reports received from external sources. Process validity was assessed with 690 scanned colonoscopy
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reports. From the organization-wide implementation go-live date until December 31st, 2024, the
system has processed 16,563 external colonoscopy reports. Of these 35.3% (5841) had a follow-up
date that met the relevant threshold by the ML model and thus were identified as ready for RPA

processing. This resulted in an estimated increase in documentation accuracy of 27.2%.

Discussion: The implementation of an automated workflow to extract and update CRC screening
follow-up dates from external colonoscopy reports is feasible and has the potential to improve
accuracy in patient recall based on recommendations while reducing clinician documentation burden.
Expanding similar processes to other types of unstructured data could provide another mechanism to
solve for a lack of data integration and improve reporting for quality measures within the EHR.
Automated workflows leveraging ML and RPA offer practical solutions to overcome interoperability

challenges and enhance the use of unstructured data within healthcare systems.

Keywords: colorectal cancer; RPA; automation; colonoscopy; machine learning; artificial

intelligence
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BACKGROUND AND SIGNIFICANCE

Colorectal cancer (CRC) is the second most common cause of cancer related death in the
United States [1] and has a growing incidence rate, particularly among younger individuals.[2]
Effective CRC screening is a cornerstone of preventive healthcare, significantly reducing both the
incidence and mortality rates associated with CRC.[3] To realize the full benefit of CRC screening,
accurate and timely recall of patients for follow-up screening is needed.

Despite the availability of electronic health record (EHR) tools to facilitate reminders for
CRC screening follow-up, these tools often fail to address clinician needs.[4, 5] The limited
interoperability of health information exchanges (HIE) between healthcare systems, and reliance on
unstructured data to convey recommendations for follow up, place a high documentation burden on
clinicians, leading to substantial missed opportunities for improved CRC follow-up screening and
surveillance.[6-8]

EHR tools are rarely responsive to patient-specific factors or colonoscopy and pathology
findings. Consequently, recalling a patient for more frequent follow-up screening requires a manual
update.[9] To enhance CRC screening follow-up accuracy, while minimizing documentation burden,
solutions that automate the retrieval and processing of colonoscopy results are needed. An automated
process for updating CRC screening follow-up based colonoscopy findings is likely to increase the
number of patients with a documented guideline-concordant CRC follow-up screening interval.[10]
[11]

As with nearly 80% of EHR data,[12] colonoscopy and pathology findings are frequently
documented within the EHR as free text.[13] Further complexity arises when colonoscopy results are
received as inbound medical records from external sources. These records, often received via fax,
mail, or email, require additional steps to document the relevant data into the her, posing a significant
administrative burden for documenting CRC screening due dates.[14]

Natural language processing (NLP) models have the potential to address barriers associated
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with leveraging unstructured data and accurately extract relevant data from free-text colonoscopy
and pathology reports.[15] However, NLP alone cannot address all workflow steps required to
convert text-based reports into structured fields in the EHR. It is essential to pair the model with
supplemental tools for data entry. A solution is needed that orchestrates multiple technologies to
address each step in the workflow necessary to update the appropriate CRC follow-up dates.

With rising patient volumes and a focus on quality, our health system needed a more efficient
way to ensure accurate documentation of CRC screening follow-up intervals from inbound
colonoscopy reports. To address this, we developed an integrated workflow using machine learning
(ML) and robotic process automation (RPA) to extract and update follow-up dates from unstructured

data.

OBJECTIVE
As proof of concept, we outline the process and validity of this approach, which integrates
available tools to automate data retrieval and entry within the EHR. This framework can be adapted

to other clinical information to improve reporting, data accuracy, and workflow efficiency.

MATERIALS AND METHODS

This proof-of-concept study was part of an institutional initiative to improve the accuracy of
documented CRC screening follow-up recommendations extracted from unstructured colonoscopy
reports from external organizations. The study developed an integrated workflow using existing
technologies to address this care gap and assessed its validity. This study consisted of six stages: 1)
identification of gaps in operationalizing recommendations for follow-up CRC screening from
external colonoscopy reports; 2) defining process objectives; 3) identification of available
technological tools; 4) creation of process architecture; 5) process validation and refinement; and 6)

health system-wide process implementation.

https://preprints.jmir.org/preprint/ 73504 [unpublished, non-peer-reviewed preprint]
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As an operational quality improvement project, the New York University Langone Health
(NYULH) Institutional Review Board (IRB) waived approval for the study procedures. A waiver of
HIPAA authorization was included to access patient medical records. All study procedures complied

with institutional ethical standards.

Study Setting and Participants

The NYULH system is a private, non-profit hospital system serving the greater New York
area and Florida with over 9 million patients. The NYULH system uses Epic Systems as its EHR
platform. For the process validation component of this study, EHR data were extracted for a series of
four sequential simple random samples of colonoscopy reports from adult patients aged 45-75 years

from external sources between August and September 2023.

Health Informatics Care Gap

Ensuring timely follow-up for CRC screening was identified as an important quality measure
for the health system. Accurately tracking patients due for CRC screening is facilitated by having the
next colonoscopy follow-up date documented discretely in the EHR’s Health Maintenance (HM)
activity.

Gaps in this process frequently occur when colonoscopy reports from external organizations
are scanned into the health system's EHR. Since these documents contain unstructured data, critical
information remains inaccessible unless manually transcribed into the EHR.[12, 13] If this
information is not updated manually, the HM follow-up screening interval defaults to ten years,
which may not be appropriate for many patients.[8] As a result, the HM activity often fails to reflect
the recommended follow-up intervals indicated in the colonoscopy report unless users manually
update it. Factors such as procedural findings, pathology results, and patient-specific risk factors may

necessitate more frequent surveillance. To ensure transparency and awareness for both patients and
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clinicians, as well as for accurate reporting, this information should be documented discretely in the
appropriate fields within the EHR.

Manually updating the HM follow-up intervals is time-consuming, often leading to
unchanged follow-up dates in the EHR and failing to reflect the appropriate recall time frame. This
documentation gap can result in missed or delayed surveillance, potentially impacting patient
outcomes. To address this challenge, an efficient and effective process is needed to extract and

process unstructured text from colonoscopy reports to automatically update HM follow-up intervals.

Defining the Process Objective

After identifying the care gap, the objective was to develop a process to automate updating
HM based on the external colonoscopy reports. We sought to leverage ML to identify follow-up
recommendations within the reports and RPA to automate the entry of recommended recall dates into
the HM activity.

It was also determined that the process must operate within the following constraints: 1) Use
existing technologies within the health system; 2) Not override any recommendations that have been
manually entered by a clinician; 3) ML engine identifies follow-up date above a technical
performance threshold of >70% confidence; and 4) No human intervention after the colonoscopy
report has been scanned into the EHR.

Although pathology results should ideally serve as the gold standard for assessing follow-up
intervals, due to limited availability, the recommendation listed within the colonoscopy report was

deemed a sufficiently accurate alternative.

Orchestrated Workflow Development
To develop the orchestrated workflow, the team first broke the process into concrete steps.

We then mapped out existing technological components within the health IT ecosystem needed for
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each action. The steps included: 1) Daily extraction of scanned external colonoscopy reports; 2) A
mechanism for an ML model to receive and analyze those reports to identify the next follow-up date;
and 3) An automated process that updates the HM activity when appropriate.

The team established care assumptions to guide when the process updates would take
precedence over existing HM follow-up frequencies. These assumptions included: 1) All updates
must be associated with a colonoscopy order; 2) The bot should only update HM if the scanned
report is more recent than the last documented colonoscopy; 3) The scanned report would not
override manual entry; 4) The bot should not update a follow-up date if the patient has an existing
earlier follow-up date; 5) If the ML engine’s determination of follow-up date is below the
performance threshold, the report should be queued for manual review; 5) If an outstanding
colonoscopy order exists and the procedure date is after the order date, the report should be scanned
to that order; 6) If there is a range of follow up dates (e.g., return in 3-5 years) the bot will use the
earlier date. Based on these assumptions, business exceptions within the decision rules were defined

to establish scenarios in which it would be inappropriate for the bot to update the HM.

Identified Technological Tools

Existing technologies were evaluated for their applicability to each workflow step, resulting
in a process comprising six key components, including: 1) An internally developed ML model; 2)
Fax management software; 3) A document management platform; 4) Input spreadsheets; 5) RPA; and

6) Epic’s HM activity.

Fax Management Software
RightFax is an enterprise fax server software that allows the organization to send and receive
faxes. It also transforms faxes for easier management and integration into other digital systems,

including the EHR.[16] RightFax was used to receive colonoscopy reports from external sources.

https://preprints.jmir.org/preprint/ 73504 [unpublished, non-peer-reviewed preprint]
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Machine Learning (ML)

ML techniques, including Optical Character Recognition (OCR) and NLP, enable systems to
“read” documents and extract relevant information.[17, 18] These algorithms can identify patterns,
structures, and key data within various document formats, automating the extraction process and
reducing the need for manual intervention. This capability is widely used in data entry, document
analysis, and information retrieval. A proprietary model was internally developed to identify the
follow-up dates for the next screening. This process required model training by a clinical subject

matter expert.

Robotic Process Automation (RPA)

UiPath RPA is a technology that uses software robots, or “bots,” to automate repetitive and
rule-based tasks typically performed by humans. These bots can mimic human actions such as data
entry, processing transactions, and managing records, thereby increasing efficiency and reducing
errors. Unlike artificial intelligence, RPA follows predefined workflows and does not learn or adapt
on its own.[19] In this case, the RPA tool “read” the output of the ML engine, updated the HM
activity date if applicable, and documented the actions taken. If any business exceptions existed, they
were similarly documented. Finally, the RPA sent a summary of the completed process to operational

leadership for review.

Document Management Platform

OnBase is an enterprise content management platform developed by Hyland Software. It
helps organizations manage documents in a unified system, acting as a digital filing cabinet with
advanced automation capabilities. OnBase supports document storage, quick retrieval, and task

automation, enhancing efficiency and compliance.[20] In this process, OnBase is used as the
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underlying application where the reports were scanned into the EHR. A specific directory was
created to process incoming colonoscopy reports so that they can be processed by the ML model.
Input Spreadsheet

The input spreadsheet was an excel document that was used as a working tool to list the
findings and follow up dates of the colonoscopy reports as identified by the ML model. Any findings
with low confidence were indicated as such. The RPA solution reviewed the spreadsheet, “read” the

follow up dates, and document what actions it took.

Health Maintenance (HM)

Epic's HM activity is an EHR feature designed to help providers manage and track preventive
care and chronic disease management for patients. It allows healthcare organizations to set up and
monitor recommended screenings, vaccinations, and follow-up care based on clinical guidelines,
patient demographics, and medical history. It serves as a designated location in the EHR to document
completed colonoscopies and the recommended follow-up date. However, it is not linked to clinical
notes and must be manually updated to reflect changes due to pathology findings or patient-specific

conditions.[6]

Validation

Prior to systemwide activation, outcome validation was performed via manual review of a
sample of colonoscopy reports and associated RPA actions in the EHR. Each colonoscopy report
reviewed by trained clinical analysts (DR & CM) for accuracy. Discrepancies were reviewed with
the physician informaticist lead (AS). The validation outcomes were divided into two phases: 1) ML
evaluation, determining whether a follow-up date was identified within the colonoscopy report and
ready for bot processing; and 2) RPA bot action documented in the EHR. Reports not ready for the

bot were categorized as a) correct, with no follow-up date specified; b) incorrect, having a follow-up

https://preprints.jmir.org/preprint/ 73504 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Stevenset d
date listed that was not picked up by the ML; or c) inaccurate follow-up date identified. Outcomes
for reports processed by the RPA update were categorized as: a) a correct HM update; b) correct
business exception assignment; or c¢) incorrect HM update. Four rounds of validation testing were
performed with a prospective sample of y reports manually reviewed until a saturation of automated

outcomes was observed.

Process Refinement
A protocol was established to modify and refine the ML algorithm and bot activities if error
patterns were identified during validation. After each round of validation testing, if an error was

addressable, the team adjusted either the ML model or RPA based on error source.

Governance Approval

Validation study findings were presented at leadership committee meetings to obtain
governance approval for system-wide implementation. Besides confirming the process's validity, the
approval process emphasized potential improvements in Health Maintenance follow-up date
accuracy compared to the current reliance on a default 10-year interval and limited manual updates

by clinicians.

Process implementation

After validation, refinement, and all necessary approvals, the process was implemented in the
live environment. This began with a period of careful monitoring of the process known as hypercare.
[21] The automated process was first implemented in the live environment as small batches, where
ten reports were run through the process and assessed for validity before proceeding to the next ten.
This procedure was performed until it was determined that the process performed appropriately in

the live environment. After the initial phase, the process was expanded to analyze all prospectively
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received external colonoscopy reports.

RESULTS

Our system established a streamlined, three-step process integrating preexisting technologies
to automate updates to the CRC screening follow-up date based on external colonoscopy results. The
process steps, the workflow, and technology resources used for each function are presented in Figure
1.

1. Document Identification and Routing: Scanned colonoscopy reports are identified and sent to
a designated work queue in the OnBase shared drive.

2. Machine Learning (ML) Processing: An ML model verifies that the document is a
colonoscopy report, then extracts key data, including patient ID, report date, and follow-up
recommendations. If data meets predefined accuracy thresholds, it is added to an input
spreadsheet and labeled "RPA ready." If below the threshold, the document is marked “RPA
not ready” and sent to a work queue for human validation.

3. Robotic Process Automation (RPA) Execution: The bot processes "RPA ready" entries by
accessing the patient’s EHR, comparing the extracted follow-up date with existing HM
follow-up frequency, and updating recall date if no business exceptions are detected. All

processed data, including business exceptions, are documented in the input spreadsheet.

Business Exceptions

Nine business exceptions were defined such that if any criteria were met, the bot would not
update HM. These criteria included: 1) The follow up date in the scanned document is longer than
existing HM follow-up frequency; 2) A patient has a HM frequency modifier that sets a patient-
specific screening frequency; 3) The next HM due date has been manually assigned after the scanned

procedure date. These exceptions ensure the bot never takes precedence over a provider-set screening
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frequency or patient-specific factors; 4) The report has a follow-up date over 10 years; 5) The input
spreadsheet cannot assess follow up date; 6) The procedure date linked to that document does not
match the scanned document date; 7) The patient does not have the colonoscopy screening topic
assigned in Epic due to age criteria; 8) The patient is not found; or 9) An order for the scanned
colonoscopy report is not found. This exception ensures that the HM updates are associated with an

appropriate colonoscopy order.

Validation Outcomes

Figure 2 presents the validation outcome findings. Process validity was assessed for 690
scanned colonoscopy reports. Of these, 425 (61.6%) were categorized by the ML algorithm as not
ready for the bot. Of those, 130 (30.6%) listed a follow-up date not detected by the ML algorithm
and 295 (69.4%) did not specify a follow-up date. Among the 265 reports identified as ready for the
bot, 188 (70.9%) HM were correctly updated, 74 (27.9%) were flagged with an update exception,
and 3 (1.1%) HM were incorrectly updated. The update automation process increased HM accuracy

by 27.2%.

Process Refinements

During validation, the three incorrectly updated HM were due to (1) the bot creating an update based
on an older report and (2) overriding a provider modification. These errors led to process refinement
by updating the RPA steps to validate clinical information. The ML error rate of 18.8% for missing
an available follow-up date was deemed acceptable, as refining the model to be more sensitive led to

extraction of incorrect dates, seen as a greater issue than missing a date.

System-wide Implementation

The solution was implemented system-wide on October 4", 2023. From go-live until
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December 31%, 2024, the system processed 16,563 external colonoscopy reports. Of these, 35.3%
(5841) had a follow-up date meeting the ML model threshold and thus identified as RPA Ready. Of
the RPA Ready documents, the HM topic was successfully updated in 4,512 patient records. Among
all processed reports, 72.8% (12,051) had business exceptions and were not updated; this included
22.8% (1,329) that were RPA Ready. Of the RPA Ready documents with business exceptions, 3.9%
(225) had a patient-specific follow-up date modifier, 3.2% (189) had a more recent procedure, 6.8%
(398) were manually updated by a provider, 8.3% (485) were outside standard screening age and did
not have a colonoscopy HM topic assigned, and 0.6% (32) had a discrepancy where the procedure

result date did not match the scanned document.

DISCUSSION

This proof-of-concept demonstrated the feasibility of using ML and RPA to develop an
automated process capable of extracting key clinical information from unstructured documents and
converting it into discrete, accessible data. The system improved the accuracy of CRC screening
follow-up dates while reducing the documentation burden on clinical staff. This pragmatic and
innovative solution represents one of the first end-to-end solutions to address the challenges of
processing faxed, text-based results by converting free text into structured data. This work provides a
template for healthcare systems to reduce documentation burden, improve follow-up date accuracy,
and address care gaps arising from a lack of system integration.

The process automates all workflow stages from the initial receipt of the free text report to
the entry of the follow-up date into the EHR. Traditionally, this information would be difficult to
locate within existing workflows, limiting its influence on patient recall processes. By structuring
and integrating this data, the system ensures timely follow-ups and supports downstream workflows
to recall patients within recommended timeframes, ultimately improving preventive care

management.
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Many important data elements are not updated in the her due to their time-consuming nature.
[22] This strategy reduces documentation burden while minimizing data-entry errors. As
demonstrated in the validation study, this process increased HM CRC screening date accuracy rate
by nearly 30%, contributing to important health system quality measures. This accuracy increase has
the potential for a substantial downstream impact on patient outcomes.

Beyond improving follow-up date accuracy, this workflow reduces the administrative burden
on clinical staff, ensuring timely and appropriate care. Transforming unstructured text into structured
data also has significant implications for quality reporting. By automating data extraction and
integration into the EHR, healthcare systems can more effectively track completed screenings and
tests, ensuring comprehensive reporting on quality measures, closing care gaps, and improving
population health management.

The use of automation, including RPA, has been previously proposed as a theoretical solution
to address limitations in the EHR and other elements of data-driven healthcare.[23-27] However,
prior literature has not presented a fully integrated end-to-end automated workflow. Prior research
has primarily focused on data automation in structured formats[27] such as healthcare claims[25, 26]
and the extraction and processing of EHR data for research.[27-32] A few studies present cases for
using ML and Al for other data types,[30, 32] but their full integration into health system operations
remains hypothetical. Our work builds upon previous research to demonstrate the feasibility and
validity of implementing a pragmatic, automated workflow within the EHR to address real-world
challenges. While we developed a proprietary model to extract follow-up dates from colonoscopy
reports, we anticipate advancements in generative Al will enable large language models to achieve
similar outcomes. These models can support this use case and be scaled for extracting other critical
clinical data from unstructured text, reducing documentation burden and enhancing automation in
healthcare systems.

This process framework can address inefficiencies from the lack of EHR interoperability or
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discordant information within various areas of the EHR. Our institution has adapted the described
process to automate the documentation of follow-up dates for internally performed colonoscopies
documented within ancillary systems and interfaced back as free text reports. Before a recent (2023)
institutional effort to code colonoscopy pathology findings,[11] all colonoscopy reports were stored
as unstructured text. Using a modified version of this automated process the institution has
retrospectively processed 80,864 internal reports from May 2020 to April 2023 updating 71.8%
(58,060) CRC screening HM follow-up dates. This successful application of ML combined with RPA
highlights their potential to address other high-burden, low-complexity tasks in the EHR and could
address deficiencies in structured EHR documentation. Scaling similar processes to other report
types with discrete values, such as cholesterol or Alc, may demonstrate an even greater success.

Incorporation ML into the workflow was critical to the automated process’ utility. Nearly
80% of EHR data,[12] including colonoscopy reports and pathology findings, are documented as free
text.[13] Therefore, the critical information within the reports remains inaccessible in the EHR unless
manually transcribed.[12, 13] Most proposed automations cannot use free-text data and rely on
discretely stored data, such as laboratory result values,[27] which is unavailable for many EHR data
sources unless data entry systems and clinician behaviors are modified. By documenting discrete
data without requiring behavior change or system structure modifications, these tools may make

automating a broader range of data capture more feasible.

Limitations

This study had several limitations. First, as this workflow integrates multiple disparate
technologies to create an automated process, it is susceptible to technical issues from changes to any
of the individual components. For example, system updates can change the user interface, causing
the bot to no longer recognize its inputs. To address this, the process requires consistent monitoring

and maintenance. Second, using colonoscopy reports rather than pathology results as the source for
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follow-up interval means some dates may require updating after pathology results are available.
However, as colonoscopy reports are more commonly transmitted from external sources, this
decision was pragmatic and provided a sufficiently accurate representation to process the greatest
number of results. Future iterations may consider incorporating logic based on the pathology results
if included along with the colonoscopy report. Finally, as more types of report formats are received,
regular refinement of the ML model is needed to increase the ability of the model to identify follow-
up dates. However, due to finite resources, the accuracy deemed sufficient for operational purposes,
and available backup manual processes, our model is not regularly refined. Moreover, regardless of
ML refinement, the process’s effectiveness was limited by the high rate of missing elements in the
received colonoscopy reports.[33, 34] This should be considered when building automated processes

intended to entirely replace manual supervision.

CONCLUSION

This study demonstrates the feasibility of developing a high-validity, automated process to
update CRC screening follow-up recommendations within the EHR using scanned colonoscopy
reports. By leveraging ML and RPA, we successfully extracted key clinical information from
unstructured documents and converted it into structured, actionable data. The success of this
approach highlights the potential for similar automation strategies in other high-volume, low-
complexity documentation tasks in healthcare, enhancing efficiency, reducing manual errors, and
improving patient outcomes. As Al advances, integrating more sophisticated large language models
may further refine and scale these efforts. Future work should evaluate the long-term impact,
scalability across different healthcare systems, and additional opportunities for automation to support

clinical workflows, quality reporting, and patient care.
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Figure 1. Automation process and technology tools used in each process step

Note: RPA-robotic process automation; HM-health maintenance

Figure 2. Process validation outcomes

Note: ML-machine learning; RPA-robotic process automation; HM-health maintenance
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Automation process and technology tools used in each process step.
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Process validation outcomes.
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