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Abstract
One of the major challenges in automating health insurance
claims processing lies in the complexity involved in val-
idating an incoming claim’s medical diagnoses against its
policy Underwriting (UW) exclusions. Termed UW Exclu-
sion Detection, this process ensures claims are only paid out
if their diagnoses are not medically associated with condi-
tions excluded under the policy. Medical diagnoses in health
insurance claims are typically represented by the Interna-
tional Classification of Disease (ICD) codes, established by
the World Health Organization. For example, given a policy
that excludes “all respiratory illness”. A claim with the ICD
code J45 (Asthma) will be subject to rejection as J45 is a
respiratory-related diagnosis that falls within the scope of the
policy’s UW exclusion. The key challenge in automating this
process lies in the wide range of available ICD codes. The
ICD-10-CM coding scheme consists of over 40,000 codes,
which often results in scenarios where codes encountered
during inference are absent from the training data. These
unseen ICD codes limit the effectiveness of data-driven ap-
proaches, which depend on the training data to discern med-
ically relevant associations between UW exclusions and ICD
codes. This underscores the need to supplement data-driven
approaches with additional domain knowledge. We hypothe-
size that integrating implicit medical domain knowledge in-
herent in Large Language Models (LLMs) with explicit do-
main knowledge from medical ontologies, will enhance data-
driven approaches for UW Exclusion Detection. Thoroughly
validated on real-world health insurance claims data, our pro-
posed approach proved effective in accurately establishing
medically relevant associations between UW exclusions and
ICD codes.

Introduction
Traditionally, processing health insurance claims has been
a manual and time-consuming task. This process requires
assessors to meticulously review claim details like diag-
noses, medical procedures, incurred amount, and other rele-
vant information, against policy details and historical claim
records to ascertain their validity. Recognizing the need
to streamline this process, health insurance organizations
are increasingly adopting automated claims processing so-
lutions. These systems automatically process routinely ap-
proved claims, allowing assessors to focus their resources
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on more complex cases. In the context of automated health
insurance claims processing, Straight-Through Processing
(STP), refers to the automatic approval of valid claims with-
out manual intervention. A high STP rate minimizes the
need for human oversight, expediting both the processing
and reimbursement of claims. This ultimately enhances the
overall customer experience.

To achieve STP, a claim must undergo a series of crit-
ical checks, where Underwriting (UW) Exclusion is par-
ticularly crucial. This process identifies claims whose di-
agnoses are associated with medical conditions specified
in the policy’s UW exclusion. As these diagnoses are not
covered by the policy, they are directed to manual review
where a human assessor may potentially reject them. Medi-
cal diagnoses in health insurance claims are typically doc-
umented using the International Classification of Disease
(ICD) codes, developed by the World Health Organization
(WHO) (WHO 2004). The ICD-10-CM codes, recognized as
an industry standard, consists of over 40,000 unique codes,
updated bi-annually (CMS 2023). This facilitates the com-
prehensive categorization of medical diagnoses. UW exclu-
sions, denoted in free-text, specify medical conditions not
covered by the policy. For example, given a policy with the
UW exclusion “Exclude all eye-related diseases”, all sub-
sequent claims with eye-related disorders like H25 (Age-
related cataract) or H25 (Glaucoma) will be excluded. Table
1 illustrates how the relationship between UW exclusions
and ICD codes influences the claim status.

In recent years, data-driven machine learning (ML) ap-
proaches have been adopted by insurance organizations to
streamline claims processing and enhance fraud detection
capabilities (Jones and Sah 2023). However, conventional
data-driven ML algorithms often underperform in real-world
UW Exclusion Detection (Lui, Xiang, and Krishnaswamy
2024). The key challenges in automating UW Exclusion De-
tection utilizing data-driven ML approaches stem from:

• New and Unseen ICD Codes: The extensive range of
available ICD codes often results in scenarios where
codes encountered during inference are not present in
the training dataset. For instance, if the ICD code U07.1
(COVID-19) is not available during training but fre-
quently encountered during inference, data-driven ML
models may struggle to accurately establish relevant as-
sociations for such codes.
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UW Exclusion ICD Code Claim Status Reason
Exclude all eye-related
diseases.

H25 (Age-related cataract) Rejected H25 is an eye-related disease.

Exclude all eye-related
diseases.

H40 (Glaucoma) Rejected H40 is an eye-related disease.

Exclude all eye-related
diseases.

H81.0 (Meniere’s disease) Not Rejected H81.0 results from fluid build-up in
the inner ear chambers. It is not an
eye-related disease.

Table 1: Examples illustrating the relationship between UW Exclusions and ICD codes in the context of UW Exclusion Detec-
tion: a claim is rejected if the UW Exclusion is associated with the corresponding ICD code.

• Medical Synonyms and Abbreviations: Different de-
scriptions in free-text UW exclusions can represent sim-
ilar medical conditions. For example, UW exclusions
for ‘myocardial infarction’ and ‘heart attack’ are inter-
changeable and are both associated to ICD code I21.9.
If the training data lacks diverse synonyms and abbrevia-
tions alongside their corresponding ICD codes, ML mod-
els may struggle to accurately capture their equivalence.
This discrepancy may potentially result in underperfor-
mance during inference.

Additionally, linguistic challenges, such as negation terms
may further complicate the interpretation of UW exclusions.
For example, an UW exclusion that “Excludes all eye dis-
eases except cataract” should not result in the rejection of
claims with ICD codes like H26 (Other cataract). If the train-
ing datasets do not adequately capture these complexities,
ML models may struggle to accurately interpret these com-
plex associations.

These complexities limit conventional data-driven ap-
proaches from effectively learning the necessary associa-
tions between UW exclusions and ICD codes for UW Ex-
clusion Detection, resulting in their underperformance. This
underscores the critical need to supplement data-driven ap-
proaches with additional domain knowledge to effectively
establish medically relevant associations between UW ex-
clusions and ICD codes. In this work, we categorize domain
knowledge into two distinct categories:

1. Implicit Domain Knowledge: This refers to domain
knowledge embedded within models trained on compre-
hensive datasets. For instance, Large Language Models
(LLMs), trained on extensive datasets that include medi-
cal literature, offer a promising solution due to their abil-
ity to interpret medical terminologies in a zero-shot and
few-shot manner (Liu et al. 2023).

2. Explicit Domain Knowledge: This refers to verified
sources of knowledge that have been curated by domain
experts. For example, medical ontologies like the Disease
Ontology (DO) (Baron et al. 2023) provide a comprehen-
sive categorization of disease and their associations.

We hypothesize that supplementing data-driven ML ap-
proaches with implicit domain knowledge inherent in LLMs
and explicit domain knowledge from medical ontologies,
will facilitate more accurate inferences, that extend beyond
the scope of the training data. This addresses the limitations

faced by conventional data-driven approaches for UW Ex-
clusion Detection.

In this work, we present KOAAL (Knowledge aware
Ontology Alignment and Access with Language models),
a novel framework that aligns disjoint medical ontologies
into a unified reference ontology. KOAAL harnesses the do-
main knowledge encapsulated within the reference ontology
for UW Exclusion Detection. To achieve this, KOAAL inte-
grates the implicit domain knowledge embedded in LLMs,
explicit domain knowledge inherent in medical ontologies,
and user feedback from labeled health insurance claims data
into a unified and comprehensive reference ontology. During
inference, KOAAL leverages the domain knowledge encap-
sulated in the reference ontology. It extracts relevant medical
terms from the UW exclusion, and map these terms, along
with the ICD codes, to their corresponding nodes within the
reference ontology. This allows the association between UW
exclusions and ICD codes to be clearly established through
the structural properties of the reference ontology. In this
work, we demonstrate the efficacy and practical utility of
the KOAAL framework for UW Exclusion Detection, high-
lighting three major contributions:

1. Align Medical Ontologies with Domain Knowledge
from LLMs: We introduce a novel approach that trans-
forms implicit domain knowledge from LLMs into an ex-
plicit format. This facilitates the establishment of com-
plex inter- and intra-relationships between nodes across
distinct ontologies. By aligning multiple ontologies into
a unified and comprehensive reference ontology, our ap-
proach facilitates the establishment of complex associa-
tions between UW exclusions and ICD codes.

2. Integrate User Feedback via Edge Weights: We pro-
pose an approach that integrates feedback from claims
assessors, captured through labeled health insurance
claims data, into our reference ontology as edge weights.
This approach minimizes the need for frequent model re-
training and facilitates the fine-tuning of our reference
ontology based on client-specific requirements.

3. Utilize Language Models to Harness Domain Knowl-
edge from Reference Ontology: We introduce an ap-
proach that leverages language models, like LLMs and
SBioBERT (Lui, Xiang, and Krishnaswamy 2024), to
harness the domain knowledge stored in our reference
ontology for UW Exclusion Detection. First, an LLM is
utilized to extract valid medical terms from UW exclu-
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sions, addressing the challenges associated with medi-
cal synonyms, abbreviations and negation terms. Next, a
fine-tuned SBioBERT encoder is employed to map the
extracted terms to their corresponding nodes within the
reference ontology, based on their medical concepts. This
mapping facilitates the establishment of medically rele-
vant associations between UW exclusions and ICD codes
through interconnected paths within the reference ontol-
ogy. It enhances explainability by explicitly delineating
the relationships that link UW exclusions to ICD codes,
providing clear and traceable insights into their connec-
tions.

We conduct extensive experimental evaluations on two
real-world health insurance claims datasets to validate the
effectiveness of our proposed KOAAL framework. When
integrated into deployed automated health insurance claims
processing systems, KOAAL demonstrated enhanced capa-
bilities for UW Exclusion Detection. It effectively estab-
lishes complex associations between UW exclusions and
ICD codes that had been overlooked by previous implemen-
tations. This underscores the real-world efficacy and practi-
cal utility of the KOAAL framework.

The remainder of this paper is organized as follows: We
begin by providing an overview of prior approaches for
UW Exclusion Detection. Next, we introduce our proposed
KOAAL framework, which leverages the domain knowl-
edge from LLMs, medical ontologies, and feedback from
claim assessors for UW Exclusion Detection. Following
this, we experimentally validate KOAAL using real-world
health insurance claims data and discuss the practical impli-
cations of deploying our framework. Lastly, we conclude the
paper by summarizing our key findings and outlining poten-
tial directions for future research.

Related Work
This section reviews prior work that establishes medically
relevant associations between free-text medical documents
and ICD codes focusing on the application use case of
UW Exclusion Detection. The majority of existing research
that maps medical text to ICD codes treats this task as a
multi-label classification challenge. However, these studies
often restrict their analysis to the most frequently occur-
ring ICD codes (Mullenbach et al. 2018; Wang et al. 2020;
Pascual, Luck, and Wattenhofer 2021), neglecting the chal-
lenges posed by unseen ICD codes.

In recent years, the adoption of pre-trained language mod-
els (PLMs) have gained significant attention. When fine-
tuned, PLMs excel in assimilating domain-specific knowl-
edge. Notably, variants of BERT (Devlin et al. 2019) like
BioBERT (Lee et al. 2020) and BioClinicalBERT (Alsentzer
et al. 2019) that were fine-tuned on bio-medical datasets,
demonstrated improved performance in recognizing medi-
cal entities within electronic health records (EHRs). These
models outperformed the baseline BERT(Devlin et al. 2019)
model, trained on generic datasets from Wikipedia (Turchin,
Masharsky, and Zitnik 2023). While PLMs, when fine-tuned
on domain-specific datasets, excel in specialized applica-
tions, they often struggle with health insurance claims data,

which frequently includes unseen ICD codes (Lui, Xiang,
and Krishnaswamy 2024). The absence of these codes in the
training data impedes the model’s ability to establish rel-
evant associations, resulting in underperformance in tasks
such as UW Exclusion Detection.

LLMs like GPT 3.5 (OpenAI 2023), trained on broader
and more diversified datasets, can interpret a wide range of
medical terminologies. However, these models are suscep-
tible to model hallucination, where they may generate non-
existent medical codes (Ong et al. 2023; Zhou et al. 2023).
Such errors could inadvertently result in the approval of
unnecessary treatments (Pal, Umapathi, and Sankarasubbu
2023). Additionally, the specifics of the training datasets,
particularly regarding medical codes, remain undisclosed for
models like GPT-3.5 (OpenAI 2023) and LLaMA (Touvron
et al. 2023). This lack of transparency raises concerns about
the accuracy and relevance of the medical content these
models are trained on. Another major barrier in adopting
LLMs for real-world applications is the substantial cost and
computational resources required to fine-tune these models
with additional information (Zhou et al. 2023). Moreover,
fine-tuning an LLM post-training can lead to challenges like
catastrophic forgetting (Luo et al. 2023). This poses a signif-
icant challenge as medical knowledge continuously evolves,
necessitating frequent updates to maintain its accuracy and
relevance.

Medical ontologies, typically structured as Directed
Acyclic Graphs (DAGs), provide a verified and systematic
representation of medical terms, diagnoses, and their in-
terconnections. For example, medical ontologies such as
SNOMED CT (SNOMED International 2023), RxNorm
(Liu et al. 2005), and the Disease Ontology (DO) (Baron
et al. 2023) provide a comprehensive list of medical termi-
nologies, characterizing various medical diagnoses (Sahoo
et al. 2022; Kulmanov et al. 2020). Additionally, these on-
tologies facilitate the incorporation of domain knowledge
into ML models, enriching them with additional contextual
knowledge (Kulmanov et al. 2020). For instance, the Neural
Concept Recognizer (NCR) (Arbabi et al. 2019) introduces
an unsupervised Named Entity Recognition (NER) approach
that aligns medical terms in free-text documents with medi-
cal concepts from a reference ontology.

To address the challenges associated with unseen ICD
codes in UW Exclusion Detection, the KAMEL framework
(Lui, Xiang, and Krishnaswamy 2024), was introduced.
KAMEL comprises two key components: (i) an implicit do-
main knowledge inference component, which utilizes a sen-
tence encoder fine-tuned on health insurance claims data
to discern the similarity between UW exclusions and ICD
codes based on their textual descriptions; (ii) an explicit do-
main knowledge inference component, which leverages a
reference ontology to establish medically relevant connec-
tions between UW exclusions and ICD codes through their
interconnected paths. The responses from both components
are aggregated to obtained the final prediction. This work
also introduces the ICD Ontology (ICDO), which represents
all currently available ICD codes as a DAG. This structure
enables the KAMEL framework to make more accurate in-
ference on unseen ICD codes for UW Exclusion Detection.
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However, despite demonstrating significant improvements
in precision when evaluated against data-driven multi-label
classifiers, KAMEL exhibits low recall scores. This under-
performance stems from:

1. Overfitting Due to Limited Data: The limited number of
UW exclusion and ICD code pairs available during train-
ing limits the sentence encoder’s ability to generalize to
new data.

2. Limitations of Sentence Encoder for Medical Concept
Alignment: UW exclusions are segmented into key
phrases, which are mapped to medical concepts within
the ontology. However, as the sentence encoder is not
optimized for such mappings, it struggles to accurately
align medical terms with ontology nodes based on their
associated medical concepts.

3. Disjoint Sources of Explicit Domain Knowledge:
KAMEL utilizes the DO (Baron et al. 2023) and intro-
duces the ICDO as sources of explicit domain knowl-
edge. However, these ontologies are represented as sepa-
rate, unconnected entities. This impedes the framework’s
ability to accurately establish relevant associations when
nodes related to UW exclusions and ICD codes are dis-
tributed across these two disjoint ontologies.

In the subsequent section, we demonstrate how our pro-
posed approach, KOAAL, addresses these limitations by uti-
lizing the same reference ontologies, DO and ICDO, to es-
tablish more complex associations between UW exclusions
and ICD codes. This exemplifies its enhanced capabilities in
harnessing the domain knowledge encapsulated within these
ontologies for UW Exclusion Detection.

KOAAL Framework Overview
In this section, we present KOAAL, a domain-knowledge-
driven framework for UW Exclusion Detection. KOAAL
integrates implicit domain knowledge from LLMs, explicit
domain knowledge from medical ontologies, and feedback
from claim assessors into a comprehensive reference ontol-
ogy. To effectively harness the domain knowledge encap-
sulated within the reference ontology for UW Exclusion
Detection, KOAAL extracts relevant medical terms from
UW exclusions and map the extracted terms and ICD codes
from the health insurance claim to their corresponding nodes
within the reference ontology using a fine-tuned sentence
encoder and node attributes, respectively. By representing
UW exclusions and ICD codes as nodes within the refer-
ence ontology, KOAAL establishes their associations based
on the structural properties of the ontology.

The KOAAL framework addresses key limitations of ex-
isting ontology-based UW Exclusion Detection frameworks,
like KAMEL (Lui, Xiang, and Krishnaswamy 2024). Un-
like KAMEL, which primarily relies on the SBioBERT en-
coder to discern associations between UW exclusions and
ICD codes based on their textual description, KOAAL em-
ploys both the SBioBERT encoder and leverages the implicit
domain knowledge inherent in LLMs, like GPT-3.5, through
its advanced generative capabilities. To address the chal-
lenges that stem from disjoint medical ontologies, KOAAL

Figure 1: Given the base ontologies ICDO (Lui, Xiang, and
Krishnaswamy 2024) and DO (Baron et al. 2023), the ob-
jective is to establish medically relevant links within and be-
tween them.

leverages the medical domain knowledge inherent in LLMs
to effectively combine these separate ontologies into a uni-
fied, comprehensive reference ontology. This integration fa-
cilitates the establishment of medically relevant associations
that were previously unavailable.

To address the limitations of the sentence encoder for
medical concept alignment, KOAAL employs an incre-
mental fine-tuning strategy to train the encoder on diverse
medical concepts from various medical ontologies. Unlike
KAMEL, which trains the sentence encoder primarily on
UW exclusions and ICD code descriptions, KOAAL exposes
the encoder to a broader range of medical concepts. This en-
hances the model’s generalization capabilities, reducing the
risk of overfitting and the challenges associated with medi-
cal synonyms and abbreviations. Moreover, it improves the
framework’s ability to more accurately map medical terms
from UW exclusions to their corresponding nodes within
the reference ontology, based on their associated medical
concepts. Furthermore, our proposed approach of leveraging
LLMs to extract relevant medical terms from UW exclusions
addresses the challenges that stem from negation terms.

In the subsequent subsections, we outline the KOAAL
framework, which consists of three key steps: First, we con-
struct a comprehensive reference ontology by harnessing the
implicit domain knowledge inherent in LLMs to align dis-
joint medical ontologies. Next, we integrate feedback from
claim assessors as edge weights within the reference ontol-
ogy, refining the established linkages. Lastly, we utilize the
reference ontology to establish medically relevant associa-
tions between UW exclusions and ICD codes for UW Ex-
clusion Detection.

In this paper, we validate our approach using OpenAI’s
GPT-3.5-Turbo (OpenAI 2023), leveraging its ability to ef-
fectively harness relevant medical domain knowledge. Our
choice of utilizing this GPT-based model was influenced by
the ease of integration provided by the OpenAI API, which
facilitates the incorporation of LLMs without extensive in-
frastructure requirements. However, it is important to em-
phasize that our proposed methodology is model-agnostic
and not restricted to GPT-based models.

202



Algorithm 1: Aligning Medical Ontologies with LLMs
Input: DO (ODO), ICDO (OICD), SBioBERT, and cosine
similarity threshold t (Equation 2).
Output: Reference ontology (Oref ), fine-tuned SBioBERT.

1: Fine-tune SBioBERT on medical concepts cDO in ODO

where cDO ∈ nDO and nDO ∈ ODO using the
BatchAllTripletLoss.

2: Initialize Oref ← ODO ∪OICD.
3: Iterate over nodes nDO ∈ ODO and nICD ∈ OICD.
4: for each medical concept cDO ∈ nDO do
5: for each medical concept cICD ∈ nICD do
6: eDO = SBioBERT (cDO)
7: eICD = SBioBERT (cICD)
8: if Fsimilar(eDO, eICD, t) then
9: r = GPTRelation(cDO, cICD)

10: if r = parent-child then
11: Add edge between nDO and nICD.
12: else if r = child-parent then
13: Add edge between nICD and nDO.
14: else if r = equivalence then
15: Nodes nDO and nICD are merged.
16: else if r = no-relation then
17: No action taken
18: end if
19: end if
20: end for
21: end for
22: Further fine-tune SBioBERT on medical concepts cref

in Oref where cref ∈ nref and nref ∈ Oref using the
BatchAllTripletLoss.

23: return Oref , SBioBERT

Step 1: Align Medical Ontologies with LLMs
Medical ontologies like the DO (Baron et al. 2023) and the
ICDO (Lui, Xiang, and Krishnaswamy 2024) have proven to
be valuable sources of explicit domain knowledge for UW
Exclusion Detection (Lui, Xiang, and Krishnaswamy 2024).
However, their isolated structures impede the establishment
of medically relevant associations between them. While the
DO includes generic medical concepts that are well-aligned
with the medical terms present in UW exclusions, it encom-
passes only 2,427 unique ICD codes, representing a small
fraction of all available ICD codes. On the other hand, the
ICDO contains an exhaustive list of all currently available
ICD codes, but its descriptions often lack the layman terms
typically used in UW exclusions.

To overcome this limitation, we focus on developing a
more comprehensive reference ontology that establishes key
relationships both within and across medical ontologies like
DO and ICDO. For instance, as illustrated in Figure 1, med-
ical concepts between edge (a) are merged as both nodes
refer to lens-related diseases. On the other hand, edge (b)
establishes a directed connection from node DOID:83 to
ICDO:H28, indicating that ‘cataract’ is a parent concept to
‘cataract in diseases classified elsewhere’. Lastly, medical
concepts associated with edge (c) are merged as both nodes

ICDO:H26 and DOID:83 refer to the diagnosis ‘cataract’.
This updated ontology structure establishes a clear connec-
tion between the medical concept ‘eye disease’ and ICD
code H28 through the path: DOID:5614 → DOID:110 →
DOID:83 → ICDO:H28. Without aligning the DO and
ICDO, such connections would remain unestablished, high-
lighting the critical need to align these disjoint medical on-
tologies to establish complex medical associations.

To achieve this, we propose an approach that leverages
the implicit domain knowledge in LLMs to align medical
ontologies, as illustrated in Figure 2. First, we utilize the
SBioBERT sentence encoder, which adopts the SBERT ar-
chitecture (Reimers and Gurevych 2019) and is initialized
with BioBERT’s (Lee et al. 2020) pre-trained weights. This
encoder identifies semantically similar medical concepts
within DO and the ICDO. SBioBERT is initially fine-tuned
on medical concepts in the DO using the BatchAllTriplet-
Loss (Hermans, Beyer, and Leibe 2017), an extension of the
triplet loss function. This loss function considers all triplets
in the batch and aims to minimize the distance, d, between
the embeddings of an anchor, a, and a positive example, p,
while maximizing the distance between the embeddings of
the anchor, a, and a negative example, n, as defined in Equa-
tion 1. For instance, consider the triplet (‘Severe asthma at-
tack’, ‘Asthma with status asthmaticus’, ‘Cataract’). Both
‘Severe asthma attack’ (anchor) and ‘Asthma with status
asthmaticus’ (positive) are asthma-related conditions and
should have similar embeddings. On the other hand, ‘Severe
asthma attack’ (anchor) and ‘Cataract’ (negative) are unre-
lated medical concepts and their embeddings should be dis-
similar. Initially, SBioBERT model is fine-tuned on 37,424
medical concepts in the DO, enabling the encoder to estab-
lish medically relevant associations within the ontology.

L(a, p, n) =
∑

max(d(a, p)− d(a, n) + margin, 0) (1)

Next, medical concepts from DO and ICDO are processed
using the SBioBERT encoder to assess their semantic simi-
larity, as detailed in Equation 2. If the cosine similarity be-
tween these embeddings exceed the predefined threshold t,
these concepts are considered semantically similar and are
subsequently processed by GPT-Relation, a prompt-based
model designed to discern the directional relationships be-
tween medical concepts. The generated relationships are
categorized into one of the four types: (i) parent-child, (ii)
child-parent, (iii) equivalence, or (iv) no relation. Based on
the type of relationship identified, the framework may es-
tablish directed edges, merge nodes, or disregard the con-
nection if no valid relationship exists. This process facili-
tates the establishment of medically relevant inter- and intra-
relationships between nodes within the reference ontology.
Subsequently, the SBioBERT is further fine-tuned on the up-
dated reference ontology which consists of 94,989 medical
concepts. This approach is formally detailed in Algorithm 1.

Fsimilar(MA,MB , t) =
MA ·MB

∥MA∥∥MB∥
> t (2)

203



Figure 2: Align Medical Ontologies with LLMs: Nodes from disjoint medical ontologies are aligned based on medically rel-
evant associations. A sentence encoder is used to determine if their descriptions are semantically similar by evaluating their
cosine similarity. GPT-Relation is then employed to identify directed associations between these concepts. The relationships
established are then used to update the reference ontology.

Step 2: Integrate Feedback via Edge Weights
The approach detailed in the previous subsection establishes
inter- and intra-relationships between nodes from DO and

Algorithm 2: Integrate Feedback via Edge Weights
Input: Reference Ontology (Oref ), training data
(NUW , NICD, L) where:
NUW : Ontology nodes associated with the UW exclusion.
NICD: Ontology nodes associated with the ICD code.
L: Labels ‘1’ for rejected claims and ‘0’ otherwise.
α: Hyper-parameter that prevents edges with high centrality
from being penalized.
β: Default value of edge weights.
Output: Updated ontology Oref , augmented with edge
weights.

1: Let E denote the set of edges where (N,E) ∈ Oref

2: For each edge e ∈ E, initialize the edge weights ew =
β, epos = 0, eneg = 0.

3: for (nUW , nICD, l) ∈ (NDO, NICD, L) do
4: P ← getSimplePath(nUW , nICD)
5: lenpath ← ∥P∥
6: for i = 1 to lenpath − 1 do
7: if HasPath(P [i], P [i+ 1]) then
8: if l = 1 then
9: epos(P [i],P [i+1]) ← epos(P [i],P [i+1]) + 1

10: else
11: eneg(P [i],P [i+1]) ← eneg(P [i],P [i+1]) + 1
12: end if
13: end if
14: end for
15: end for
16: for (epos, eneg, ew) ∈ E do
17: score← epos

epos+eneg

18: if score ≤ α or score ≥ β then
19: ew ← score
20: end if
21: end for
22: return Oref

ICDO to construct a reference ontology. However, not all
connections may be relevant in the context of UW Exclu-
sion Detection. For example, consider the generated path:
diabetes→obesity→sleep apnea. Although diabetes is com-
monly associated with obesity, and obesity is a significant
risk factor for sleep apnea, an exclusion for diabetes should
not directly lead to the rejection of claims for sleep apnea.

To ensure the relevance of links within the reference on-
tology, we incorporate feedback from claim assessors, cap-
tured through labeled health insurance claims data, as edge
weights. This data includes medical terms from UW exclu-
sions, ICD codes, and their corresponding claim statuses
(labels). During the fine-tuning process, medical terms and
ICD codes are mapped to specific nodes within the ontology,
where their paths are generated. Next, the edge weights in
the reference ontology are initialized as β and subsequently
adjusted based on the frequency of positive and negative
labels associated with these paths. To maintain contextual
relevance, the threshold α moderates the impact of edges
with high centrality, particularly those with more negative
than positive associations. The incorporation of these edge
weights allows the ontology to be fine-tuned based on feed-
back from claim assessors. The specifics of this approach are
detailed in Algorithm 2.

Step 3: Establish Medically Relevant Associations
In this subsection, we outline our proposed approach to es-
tablish medically relevant associations between UW exclu-
sions and ICD codes for UW Exclusion Detection. As illus-
trated in Figure 3, KOAAL evaluates policy-specific UW ex-
clusions and ICD codes from incoming claims to determine
whether these claims should be rejected based on their as-
sociations. KOAAL maps both the UW exclusions and ICD
codes to corresponding nodes within the reference ontology
where their associations are delineated through their con-
nected paths.

To achieve this, we first utilize GPT-MER, a prompt-
based model designed to extract medical terms from free-
text UW exclusions with minimal examples. This approach
significantly reduces reliance on extensively annotated data,
offering an advantage over traditional supervised learning
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Figure 3: Establish Medically Relevant Associations: KOAAL validates the relationship between an input UW exclusion and
ICD code. In this example, the UW exclusion mapped to DOID:409 (liver disease) and the ICD code mapped to DOID:268
(liver angiosarcoma) are associated through DOID:3751 (liver cancer).

methodologies. Next, a post-processing step is implemented
to ensure that the medical terms generated by the model ex-
ists in the UW exclusion. This mitigates potential scenar-
ios where the model hallucinates and generates non-existent
medical terms. Subsequently, the extracted terms are en-
coded by the fine-tuned SBioBERT model (in step 1) and
mapped to their corresponding nodes within the reference
ontology. This mapping is achieved by computing the cosine
similarity between the embeddings of the extracted terms
and all medical concepts in the reference ontology, as de-
scribed in Equation 2. If the minimum edge weight, emin,
of a path between the mapped UW and ICD nodes is greater
than or equal to threshold β, the UW exclusion and ICD code
is considered to be associated and the claim is flagged for po-
tential rejection. Additionally, the generated paths delineate
the associations between UW exclusions and ICD codes, en-
hancing explainability by providing users with clear, inter-
pretable connections. This approach is formalized in Algo-
rithm 3.

Details of the prompt-based models employed in the
KOAAL framework and the specifics of the evaluation
datasets, discussed in the subsequent section, can be as-
sessed at https://github.com/luishengjie/koaal.

Experimental Validation of the KOAAL
Framework

In this section, we evaluate the effectiveness of the KOAAL
framework for UW Exclusion Detection using real-world
health insurance claims data. First, we conduct an abla-
tion study to validate the effectiveness of the individual
components within the KOAAL framework. Next, we com-
pare KOAAL against traditional multi-label classification
approaches, two GPT-prompt-based models: GPT-UW and
GPT-UW-Desc, and the KAMEL framework (Lui, Xiang,
and Krishnaswamy 2024).

In these experiments, we utilize the following hyper-
parameters within the KOAAL framework: (i) we initial-
ize the cosine similarity threshold t = 0.8, as outlined in
Equation 2. A higher cosine similarity ensures more pre-

Algorithm 3: Medical Entity Linkage (MEL)
Input: Reference ontology (Oref ), UW node (nUW ), ICD
node (nICD), and threshold β.
Output:
flagout: “yes” if a valid connection exists between nUW

and nICD, “no” otherwise.
pathout: connected path between nUW and nICD.

1: flagout ← no, pathout ← null
2: P ← getAllSimplePaths(nUW , nICD)
3: for path p ∈ P do
4: emin ← min{ew | ew ∈ p}
5: if emin ≥ β then
6: flagout ← yes
7: pathout ← p
8: end if
9: end for

10: return flagout, pathout

cise mapping of medical terms to relevant nodes within
the reference ontology. This threshold was selected to opti-
mize the accuracy and relevance of these mappings. (ii) The
hyper-parameters for generating the edge weights are set to
α = 0.1 and β = 0.5, as specified in Algorithm 2. The low
α threshold minimizes the penalization of high-centrality
edges with a slightly more negative than positive label ra-
tio. The β value of 0.5 was selected a balanced midpoint for
initializing the edge weights.

Evaluation Metrics
In our experiments, the F1 score is used as the primary
metric to assess the effectiveness of each approach, sup-
plemented by precision and recall scores. These metrics are
crucial for evaluating the system’s ability to accurately iden-
tify valid claims while minimizing false rejections, which is
critical for automating health insurance claims processing.
For instance, an approach with high precision but low recall
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Health
Insurance I

Health
Insurance II

MIMIC-IV-
ICD-10-N3

Total
Claims

76197 255706 32318

Train Data 36077 197101 22622
Test Data 40039 58312 9696

Table 2: Summary of the datasets used in the experiments.
For more detailed descriptions, refer to the KAMEL study
(Lui, Xiang, and Krishnaswamy 2024).

may inadvertently approve invalid claims, resulting in sig-
nificant financial loss. On the other hand, an approach with
high recall but low precision could result in many claims be-
ing incorrectly flagged for rejection. This increases process-
ing time as each claim would require manual verification by
claim assessors (Lui, Xiang, and Krishnaswamy 2024). To
provide a comprehensive overview of the system’s perfor-
mance, the overall accuracy is also measured.

Datasets
To facilitate a direct comparison with existing methodolo-
gies, we evaluate the KOAAL framework using three real-
world datasets previously employed in the KAMEL study
(Lui, Xiang, and Krishnaswamy 2024). These datasets in-
clude: Health Insurance I, Health Insurance II, and MIMIC-
IV-ICD-10-N3. Health Insurance I and II consists of actual
health insurance claims data while MIMIC-IV-ICD-10-N3
is a publicly available dataset curated specifically for simu-
lating UW Exclusion Detection. Each dataset includes free-
text UW exclusions, along with their corresponding ICD
codes, descriptions, and claim statuses (Lui, Xiang, and Kr-
ishnaswamy 2024). Table 2 includes a summary of the ex-
perimental datasets used.

Ablation Study
In this subsection, we conduct an ablation study to evalu-
ate the impact of individual components within the KOAAL
framework. The performance is assessed across four distinct
configurations of KOAAL where the details of the ontolo-
gies used in this experiment are presented in Table 3:

1. KOAALbasic: Operates with disjoint ontologies ODO

and OICD.
2. KOAALOA: Aligns ODO and OICD with implicit do-

main knowledge from GPT-relation (detailed in Algo-
rithm 1).

3. KOAAL: Implements the full KOAAL framework,
which includes aligning ODO and OICD with implicit
domain knowledge from GPT-relation (Algorithm 1) and
incorporating user feedback via edge weights (Algorithm
2).

4. KOAALSW: Employs the sliding window approach to
extract medical entities, as utilized by KAMEL (Lui,
Xiang, and Krishnaswamy 2024), replacing GPT-MER.
This approach segments the UW exclusions into key
phrases, which are validated against medical concepts

ODO OICD ODO∪
OICD

Oref

Nodes: 10,960 2,194 13,154 12,750
Edges: 15,155 2,172 17,327 17,953
Medical
Concepts:

37,424 57,266 94,690 94,989

ICD Codes: 2,427 45,530 45,530 45,530

Table 3: Overview of the ontologies used: (i) DO (ODO), (ii)
ICDO (OICD), (iii) Unaligned Reference Ontology (ODO∪
OICD), (iv) Aligned Reference Ontology (Oref ).

within the reference ontology. For example the UW ex-
clusion “exclude eye diseases” would be segmented into
key phrases: ‘exclude eye diseases’, ‘exclude eye’, ‘eye
diseases’, ‘exclude’, ‘eye’, and ‘diseases’.

The results of the ablation study are presented in Table 4
where progressive improvements in F1 score is observed as
components were incrementally integrated into the KOAAL
framework. These enhancements are primarily attributed
to improvements in recall, highlighting the effectiveness
of each component in establishing medically relevant as-
sociations between UW exclusions and ICD codes. The
performance improvement from KOAALbasic to KOAALOA
demonstrates the efficacy of our approach, which integrates
medical ontologies with implicit domain knowledge from
LLMs to establish complex, medically relevant associations
necessary for UW Exclusion Detection. Further improve-
ments in F1 score from KOAALOA to KOAAL underscore
the benefits of incorporating feedback from claim assessors,
ensuring that the connections between UW exclusions and
ICD codes are relevant.

To evaluate the effectiveness of our approach in extract-
ing relevant medical terms from UW exclusions, we com-
pare the performance of KOAAL and KOAALSW. Based on
the results obtained in Table 4, KOAAL consistently outper-
forms KOAALSW in precision across all three datasets. This
demonstrates the advantage of utilizing the implicit domain
knowledge inherent in LLMs to identify valid medical terms
in UW exclusions. Table 5 presents examples of the medical
terms extracted by KOAAL and KOAALSW. These findings
are aligned with our experimental results where the medical
terms extracted by KOAAL are more complete and contain
less noise. Additionally, KOAAL effectively handles nega-
tion term, enhancing its robustness. However, as KOAAL
post-processes the output from GPT-MER to verify that the
extracted medical terms exist in the input text, misspellings
in the generated responses prevent the extraction of rele-
vant medical terms. For example, given an UW exclusion
for ‘gynecological disorders’, if GPT-MER returns the med-
ical term as ‘gynaecological disorders’, the discrepancy in
spelling causes the medical term to be ignored by the sys-
tem for further processing. Such scenarios contribute to the
lower recall observed when evaluated on Health Insurance
II and the MIMIC-IV-ICD-10-N3 dataset.
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DATASET METRIC KOAALbasic KOAALOA KOAALSW KOAAL
Acc 87.59% 90.32% 88.51% 91.30%

HEALTH F1 40.92% 60.36% 52.71% 66.34%
INSURANCE
I

Prec 92.47% 91.33% 80.60% 90.34%

Rec 26.27% 45.07% 39.16% 52.42%
Acc 82.23% 88.15% 85.10% 89.23%

HEALTH F1 64.23% 71.19% 66.35% 74.80%
INSURANCE
II

Prec 82.78% 91.30% 76.54% 90.60%

Rec 52.47% 58.34% 85.55% 63.69%
Acc 63.24% 68.16% 84.60% 81.10%

MIMIC-IV- F1 67.95% 73.58% 89.60% 86.44%
ICD-10-N3 Prec 98.38% 97.59% 90.91% 93.67%

Rec 51.90% 59.05% 88.32% 80.25%

Table 4: This table compares the performance of different configurations of KOAAL, highlighting the impact of individual
components within the framework.

Approach UW Exclusion Extracted Terms
cysts / growths / lesions of the breasts, gallstones
and the biliary system, cysts/ growths/ lesions of
the liver.

uw-term:[‘biliary system’, ‘breasts’, ‘gallstones’,
‘liver’], excluded-term:[]

KOAAL breasts, fracture of the left foot and its sequelae,
disorders of the urinary system (including kid-
neys).

uw-term:[‘kidneys’, ‘disorders of the urinary
system’, ‘fracture of the left foot’, ‘breasts’],
excluded-term:[]

gynecological disorders excluding breasts. uw-term:[‘gynecological disorders’], excluded-
term:[‘breasts’]

cysts / growths / lesions of the breasts, gallstones
and the biliary system, cysts/ growths/ lesions of
the liver.

uw-term:[‘and the biliary’, ‘liver’]

KOAALSW breasts, fracture of the left foot and its sequelae,
disorders of the urinary system (including kid-
neys).

uw-term:[‘fracture of the’, ‘of the urinary’]

gynecological disorders excluding breasts. uw-term:[‘gynecological disorders’, ‘breasts’]

Table 5: Examples of medical terms extracted by KOAAL and KOAALSW , highlighting the differences in their accuracy and
relevance.

Benchmark Validation
In this subsection, we validate the effectiveness of our
proposed KOAAL framework against five benchmark ap-
proaches:

1. KAMEL: The original KAMEL approach introduced in
(Lui, Xiang, and Krishnaswamy 2024).

2. PLM-ICD: A multi-label classifier referenced in the
KAMEL study (Lui, Xiang, and Krishnaswamy 2024).

3. CAML: Another multi-label classifier referenced in the
KAMEL study (Lui, Xiang, and Krishnaswamy 2024).

4. GPT-UW: A prompt-based model, based on OpenAI’s
GPT-3.5-Turbo, designed to discern the relationship be-
tween UW exclusions and ICD codes.

5. GPT-UW-Desc: A prompt-based model, based on Ope-
nAI’s GPT-3.5-Turbo designed to discern the relationship
between UW exclusions and the textual descriptions of
ICD codes.

Table 6 presents the results of our benchmark validation,
where KOAAL consistently outperformed all baseline ap-
proaches across all evaluation datasets in terms of F1 score.
This demonstrates its effectiveness in establishing medi-
cally relevant associations between UW exclusions and ICD
codes. These improvements, primarily due to increased re-
call, underscore KOAAL’s ability to establish more com-
plex and medically relevant associations than the bench-
mark approaches. Notably, KOAAL addressed the limita-
tions of KAMEL (Lui, Xiang, and Krishnaswamy 2024), as
demonstrated by the improved recall and F1 score across
all datasets. This improvement underscores KOAAL’s en-
hanced capability to leverage the domain knowledge encap-
sulated within the same base ontologies, DO (Baron et al.
2023) and ICDO (Lui, Xiang, and Krishnaswamy 2024),
for UW Exclusion Detection. Although KOAAL exhibited
lower recall compared to PLM-ICD on the Health Insur-
ance I dataset, its significantly higher precision resulted in
an overall improvement in F1 score.

207



DATASET METRIC CAML* PLM-ICD* GPT-UW GPT-UW-
Desc

KAMEL* KOAAL

Acc 53.10% 41.05% 84.06% 89.98% 97.43% 91.30%
HEALTH F1 23.52% 25.93% 27.14% 59.96% 39.24% 66.34%
INSURANCE
I

Prec 16.04% 16.32% 53.70% 86.59% 93.61% 90.34%

Rec 44.10% 63.10% 18.16% 45.85% 24.82% 52.42%
Acc 54.15% 41.91% 85.12% 84.71% 85.34% 89.23%

HEALTH F1 36.10% 33.46% 62.26% 64.11% 64.23% 74.80%
INSURANCE
II

Prec 27.75% 23.48% 85.66% 77.93% 82.78% 90.60%

Rec 51.63% 58.24% 48.90% 54.46% 52.47% 63.69%
Acc 28.22% 28.81% 41.29% 67.74% 77.50% 81.10%

MIMIC-IV- F1 0.00% 12.25% 36.08% 72.90% 77.75% 86.44%
ICD-10-N3 Prec 0.00% 82.11% 98.77% 98.69 77.28% 93.67%

Rec 0.00% 6.21% 22.07% 57.80% 78.23% 80.25%

Table 6: Benchmark validation results. This table compares the performance of KOAAL with benchmarks approaches. Bench-
marks from the KAMEL study (Lui, Xiang, and Krishnaswamy 2024) are indicated with an asterisk.

Real-World Application of KOAAL
Key components of the KOAAL framework have been de-
ployed as part of an automated health claims processing sys-
tem, widely adopted across Singapore and the ASEAN re-
gion. These systems process approximately 1 million claims
annually, demonstrating the robustness and effectiveness of
our framework in high-volume environments. In produc-
tion environments, KOAAL has achieved a 10% − 20%
improvement in recall, while maintaining precision on par
with prior approaches. Furthermore, KOAAL’s ability to
incorporate user feedback through the adjustment of edge
weights streamlines the fine-tuning process. This signifi-
cantly reduces the turnaround time, effectively bridging the
gap between back-testing results and real-world deploy-
ment. Moreover, by integrating domain knowledge from var-
ious sources into a comprehensive reference ontology, the
relationship between UW exclusions and ICD codes can be
established based on their associated paths within the ontol-
ogy. For instance, given an UW exclusion that excludes “fits
and seizures” and the ICD code R56.8 (Other and unspeci-
fied convulsions), their relationship can be establish through
the connected path: seizures→convulsions→Other and un-
specified convulsions (R56.8). This enhances explainability
by providing justifiable, traceable, and verifiable reasons for
each prediction, allowing claim assessors to understand why
these claims are flagged for rejection.

Conclusion and Future Work
This work underscores the critical role of domain knowl-
edge in enhancing the decision-making processes for au-
tomated health insurance claims processing. We demon-
strated that combining the implicit domain knowledge in-
herent in LLMs, the explicit domain knowledge from medi-
cal ontologies, and feedback from claim assessors provides
a comprehensive and robust source of domain knowledge
for UW Exclusion Detection. Our proposed approach lever-
ages the domain knowledge within the reference ontology

to establish complex, medically relevant associations be-
tween UW exclusions and ICD codes that were that were
previously unattainable with existing methodologies. Fur-
thermore, KOAAL enhances explainability by clearly de-
lineating the associations between UW exclusions and ICD
codes through their connected paths within the reference on-
tology. Extensive experimental evaluations using two real-
world health insurance claims datasets validated the efficacy
of our approach in establishing medically relevant associ-
ations between UW exclusions and ICD codes. This work
paves the way for future research focused on harnessing do-
main knowledge inherent in medical ontologies and LLMs
to address real-world challenges in complex domains such
as health insurance.

Future work will focus on scaling the KOAAL framework
to include more complex ontologies, such as SNOMED CT
(SNOMED International 2023). This expansion seeks to en-
hance the framework’s utility by establishing more com-
prehensive medically relevant associations across medical
codes, diagnoses and surgical procedures.
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