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Abstract: CARC and RARC are two of the core code sets used in healthcare claims adjudication. They explain why a
claim was paid, denied, or adjusted. Your search results confirm this across multiple authoritative sources. CARCs
explain the reason for a financial adjustment on a claim or service line. They tell you why the payer changed the
billed amount (denied, reduced, bundled, not covered, etc.). They appear on ERAs (Electronic Remittance Advice) and
EOBs. They are standardized across the industry and maintained by X12. Remittance Advice Remark Codes (RARCs)
are used to provide additional explanation for an adjustment already described by a Claim Adjustment Reason Code
(CARC) or to convey information about remittance processing. Each RARC identifies a specific message as shown in
the Remittance Advice Remark Code List. There are two types of RARCs, supplemental and informational. The
majority of the RARCs are supplemental; these are generally referred to as RARCs without further distinction.

Supplemental RARCs provide additional explanation for an adjustment already described by a CARC. The second

type of RARC is informational.
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1. Introduction

CARC (Claim Adjustment Reason Codes) and RARC
(Remittance Advice Remark Codes) are vital for HIPAA as
they standardize the communication of claim adjustments,
denials, and payment information from payers to providers,
facilitating efficient electronic processing and ensuring
alignment with HIPAA's Administrative Simplification
regulations for clear, uniform communication throughout the
U.S. healthcare system. They offer universal codes (CARCs
for reasons, RARCs for context) on remittance advice,
simplifying revenue cycles by assisting providers in
comprehending payment discrepancies, implementing
corrective measures, and minimizing confusion caused by
proprietary denial messages.

CARC and RARC codes play a vital role in the
healthcare revenue cycle. Without these standardized codes,
claim processing would become problematic as providers
would find it difficult to comprehend the reasons behind
claim denials or adjustments. There are numerous reasons
that highlight its significance. The main reason is that it
helps providers comprehend why a claim wasn’t handled as
expected, avoiding misunderstandings and delays in
payment.

Billing specialists can likewise implement corrective
measures and resubmit the claims correctly after interpreting
the adjustment reasons. CARC and RARC codes assist
providers in comprehending the reasons for denial, along
with the essential supporting documents that were absent in
the initial claim submission. Numerous billing software
systems utilize these codes to streamline claim monitoring
and produce reports on denial patterns. This assists providers
in pinpointing areas where the workflow and claim

submissions can be enhanced. Moreover, comprehending
these codes guarantees that healthcare providers comply with
payer regulations.

2. CARC/RARC Reporting

2.1. Challenges

Linking Claim Adjustment Reason Codes (CARC) to
internal denial codes and managing Recovery Audit
Contractor (RAC) audits are very tough for the healthcare
providers, mainly in terms of data consistency,
administrative workload, and different interpretations of
billing regulations. Difficulties in CARC Mapping To
accurately map CARCs onto a provider's internal systems for
denial management is challenging for the following reasons:

Code Specificity and Variation: There are multiple CARCs
and related Remittance Advice Remark Codes (RARCs)
which make it hard to interpret and categorize correctly.
Using a general CARC code (like CARC 299 for an
ineligible provider) instead of a specific one (such as CARC
147 for an expired contract) leads to not only insufficient
information but also difficulty in automated posting.

Payer Discrepancies: The payers might have different
CARC/RARC combinations for the same denial reasons or
may use non-standard codes which would make it even more
difficult for the providers to maintain consistent mapping
logic among all the payers.

Absence of Standardization: Despite HIPAA-compliant
coding mandates, there may be conflicts in advance between
providers and auditors/payers as to the specific guidelines
used to assess suitable payments which result in
inconsistencies in the use of codes.
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System and Reporting Constraints: The success of denial
mapping depends on the strength of a provider's internal
systems for workflow, reporting, and analytics, and the
provider's system may not be powerful enough to manage the
intricate CARC data.

Difficulties in RAC Audits RAC audits do face the
problem of being a unique challenge, as they are aimed at
uncovering the improper Medicare payments (overpayments
and underpayments alike):

High Volume and Tight Deadlines: Providers frequently find
themselves in a situation where they must handle a sudden
rise in medical record requests along with strict submission
deadlines which may result in documentation submission
delays or errors.

Documentation Errors: Mistakes in documents could lead to
denials and loss of revenue even in the case of necessary
treatments if the documentation is incomplete, missing, or
hard to read.

Aggressive Audit Stances and Incentives: In the past, RACs
worked on a contingency fee basis which led to them
becoming quite aggressive in their search for overpayments.
Although there is some supervision, the worry about the use
of aggressive techniques is still there. Burden on

Administrative Resources: The administrative time and
resources spent in responding to audits, collecting huge
amounts of documentation, and going through the long
multi-stage appeals process are so huge that they can even
take the focus away from patient care activities.

Cash Flow Disruption: A healthcare organization may face a
sudden, major cash flow disruption due to recoupments of
claims that are years old because of post-payment audits.

Lack of Clear Guidelines: One of the most difficult things to
deal with has been the persistent lack of a common
understanding between auditors and providers on the exact
payment and coverage standards which makes it hard to
avoid denials proactively.

Evolving Audit Topics: New RAC audit topics are being
continuously approved by CMS, which means that providers
must keep up with the new audit areas. Providers can check
the CMS website for the approved topics for preparation.

2.1.1. Review and Approval Console using Al
The Console built in AI will help

Search by edit code

View Al-generated CARC/RARC
Compare with existing mappings
Approve or override

Write back to a curated Snowflake table

2.1.2. Stremlit App structure
streamlit_app/
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— app-py

—— components/

—— carc_rarc_table.py
—— approval form.py
—— search_bar.py
—— utils/

—— snowflake conn.py
—— queries.py

2.1.3. Snowflake Connection Utilit
import streamlit as st
from snowflake.snowpark.context import get active_session

@st.cache_resource
def get session():
return get_active session()
2.1.4. SOL Queries
GET EDIT="""
SELECT
edit_code,
edit_description,
carc_code,
carc_description,
rarc_code,
rarc_description,
ai_result:carc_code::string AS ai_carc_code,
ai_result:carc_description::string AS ai_carc_description,
ai_result:rarc_code::string AS ai_rarc_code,
ai_result:rarc_description::string AS ai_rarc_description
FROM CARC RARC REVIEW
WHERE edit_code = ?

UPDATE_MAPPING ="""
UPDATE CARC_RARC REVIEW
SET
carc_code =7,
carc_description = ?,
rarc_code =7,
rarc_description = ?,
approved by =?,
approved_at = CURRENT TIMESTAMP()
WHERE edit_code = ?
2.1.5. Streamlit UI (Full App
import streamlit as st
from utils.snowflake conn import get session
from utils.queries import GET EDIT, UPDATE MAPPING
st.set page config(page title="CARC/RARC Review
Console", layout="wide")

session = get_session()
st.title("CARC/RARC Review Console")
st.caption("Al-assisted mapping review for claim edit

codes")

# Search bar
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edit code = st.text_input("Enter Edit Code",

placeholder="e.g., E1002")

if edit_code:
df
params=[edit _code]).to_pandas()

session.sql(GET_EDIT,

if df.empty:

st.warning("No record found for this edit code.")
else:

row = df.iloc[0]

st.subheader("Edit Code Details")
st.write(f"**Description: **

{row['EDIT_DESCRIPTION']}")

coll, col2 = st.columns(2)

with coll:

st.markdown("### Existing Mapping")

st.write({

"CARC": f'{row['CARC CODE']} -

{row['CARC_DESCRIPTION'}",

"RARC": f"{row RARC_CODE']} -
{row[RARC_DESCRIPTION']}"

)

with col2:

st.markdown("### Al Suggested Mapping")

st.write({

"CARC": f"{row['Al CARC CODE']} -
{row['Al CARC DESCRIPTION'}",

"RARC": f"{row['Al RARC_CODE']} -
{row['AL RARC_DESCRIPTION']}"

)

st.divider()

st.subheader("Approve or Override Mapping")

new_carc st.text_input("CARC Code",
value=row["Al CARC_CODE"])
new_carc_desc st.text_area("CARC  Description",

value=row["Al CARC DESCRIPTION"])

new_rarc st.text_input("RARC Code",
value=row["Al_RARC CODE"])
new_rarc_desc st.text_area("RARC  Description",

value=row["Al RARC DESCRIPTION"])

approver = st.text_input("Approver Name")

if st.button("Approve Mapping"):
session.sql(
UPDATE_MAPPING,

params=[

new_carc,

new_carc_desc,

new_rarc,

new_rarc_desc,
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approver,
edit_code

]
).collect()

st.success("Mapping approved and saved.")

2.1.6. How the Ul Work

User Flow
1. Enter an edit code
2. Ul fetches:

e Existing CARC/RARC
e Al-generated CARC/RARC
3. User compares side-by-side
4. User approves or overrides
5. Mapping is written back to Snowflake

2.1.7. Data Requirements
You need a table like:
CREATE TABLE CARC_RARC _REVIEW (
edit_code STRING,
edit description STRING,
carc_code STRING,
carc_description STRING,
rarc_code STRING,
rarc_description STRING,
ai_result OBJECT,
approved by STRING,
approved_at TIMESTAMP
)i
3. Usage of the Ul
This Ul provides the user:
A governed review workflow
A clean interface for SMEs
A feedback loop to improve Al mappings
A single source of truth for CARC/RARC logic
A Snowflake-native solution (no external hosting)

4. Conclusion

The usage of latest technologies will help health plans to
create better mapping for CARC/RARC thus help provide
more accurate data for audits. Providers will find it more
meaningful to use more streamlined approach rather than
existing options used to create the mapping.
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